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Power Posters - Index

PP-001  Liza Afzali-HashemiPP-001  Liza Afzali-Hashemi
Arterial spin labeling signal in the Sagittal Sinus as hemodynamic proxy parameter in patients with Arterial spin labeling signal in the Sagittal Sinus as hemodynamic proxy parameter in patients with 
sickle cell diseasesickle cell disease
Department of Radiology & Nuclear Medicine, Amsterdam UMC, Amsterdam, NLDepartment of Radiology & Nuclear Medicine, Amsterdam UMC, Amsterdam, NL

Higher sagittal sinus signal is present in the ASL images of patients with sickle cell disease (SCD). The purpose of this study Higher sagittal sinus signal is present in the ASL images of patients with sickle cell disease (SCD). The purpose of this study 
was to assess if the signal in the sagittal sinus is correlated with clinical parameters and if this is affected by the vasoactive was to assess if the signal in the sagittal sinus is correlated with clinical parameters and if this is affected by the vasoactive 
stimulus. The sagittalsinus signal was measured in patients with SCD and in healthy controls. Signal in sagittal sinus of the stimulus. The sagittalsinus signal was measured in patients with SCD and in healthy controls. Signal in sagittal sinus of the 
SCD patients wassignificantly correlated with clinical parameters including hemolysis markers. Our results show that sagittal SCD patients wassignificantly correlated with clinical parameters including hemolysis markers. Our results show that sagittal 
sinus signal can be used as a hemodynamic proxy parameter in patients with SCD.sinus signal can be used as a hemodynamic proxy parameter in patients with SCD.

PP-002  Niek HuttingaPP-002  Niek Huttinga
Real-time 3D respiratory motion estimation for MR-guided radiotherapy using low-rank MR-MOTUSReal-time 3D respiratory motion estimation for MR-guided radiotherapy using low-rank MR-MOTUS
Computational Imaging Group for MR Diagnostics and Therapy, University Medical Center Utrecht, Utrecht, NL; Computational Imaging Group for MR Diagnostics and Therapy, University Medical Center Utrecht, Utrecht, NL; 
Department of Radiology, University Medical Center Utrecht, Utrecht, NLDepartment of Radiology, University Medical Center Utrecht, Utrecht, NL

We  propose  low-rank  MR-MOTUS,  a framework  for  real-time  reconstructions  of  3D  respiratory  motion-fields  for  MR-We  propose  low-rank  MR-MOTUS,  a framework  for  real-time  reconstructions  of  3D  respiratory  motion-fields  for  MR-
guided  radiotherapy.  Low-rank  MR-MOTUS  factorizes  space-time motion-fields into static spatial components and dynamic guided  radiotherapy.  Low-rank  MR-MOTUS  factorizes  space-time motion-fields into static spatial components and dynamic 
temporal components. This allows to 1) exploit spatial and temporal correlations in motion, and 2) split the reconstruction temporal components. This allows to 1) exploit spatial and temporal correlations in motion, and 2) split the reconstruction 
into a large-scale off-line training phase, and a small-scale on-line inference phase. Results show that in the on-line inference into a large-scale off-line training phase, and a small-scale on-line inference phase. Results show that in the on-line inference 
phase 3D respiratory motion can be estimated in 130ms, from data acquired in 24ms. This yields a total latency of 154ms, phase 3D respiratory motion can be estimated in 130ms, from data acquired in 24ms. This yields a total latency of 154ms, 
and low-rank MR-MOTUS thereby paves the way for real-time MR-guided radiotherapy on the MR-linac.and low-rank MR-MOTUS thereby paves the way for real-time MR-guided radiotherapy on the MR-linac.

PP-003  Omer Faruk GulbanPP-003  Omer Faruk Gulban
7T in-vivo human T2* mapping at 350μm isotropic resolution using ME-GRE with flow artifact 7T in-vivo human T2* mapping at 350μm isotropic resolution using ME-GRE with flow artifact 
mitigation reveals cortical layers & vesselsmitigation reveals cortical layers & vessels
Cognitive Neuroscience Department, Maastricht University, Maastricht, NLCognitive Neuroscience Department, Maastricht University, Maastricht, NL

Spatial  misencoding  of  the  vascular signal  due  to  flow  is  an  imaging  artifact  that  presents  a  significant  challenge  for  Spatial  misencoding  of  the  vascular signal  due  to  flow  is  an  imaging  artifact  that  presents  a  significant  challenge  for  
in  vivo  MRI  at  high  resolutions (≤0.5mm). Here we propose a method for mitigating this artifact in multi-echo gradient in  vivo  MRI  at  high  resolutions (≤0.5mm). Here we propose a method for mitigating this artifact in multi-echo gradient 
recalled echo (ME-GRE) images at 350μm isotropic resolution by applying 90°  rotations  to  their  phase-encoding  direction.  recalled echo (ME-GRE) images at 350μm isotropic resolution by applying 90°  rotations  to  their  phase-encoding  direction.  
After  applying  our  method,  we  demonstrate  clearly  visible  stria  of  Gennari,  intracortical  veins,  and  pialvessels while  After  applying  our  method,  we  demonstrate  clearly  visible  stria  of  Gennari,  intracortical  veins,  and  pialvessels while  
mitigating  the flow  artifact.  In  addition,  we  report T2*estimates  of  several  human  brain  tissues  (artery,  vein,  gray/mitigating  the flow  artifact.  In  addition,  we  report T2*estimates  of  several  human  brain  tissues  (artery,  vein,  gray/
white  matter,  CSF)  in-vivo  which  are valuable for future hemodynamic signal modeling.white  matter,  CSF)  in-vivo  which  are valuable for future hemodynamic signal modeling.
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Power Posters - Index

PP-004  Pieter DeckersPP-004  Pieter Deckers
Multi-modal assesment of cerebrovascular reactivity by multiband BOLD and multidelay ASL in Multi-modal assesment of cerebrovascular reactivity by multiband BOLD and multidelay ASL in 
moyamoya patients using acetazolamidemoyamoya patients using acetazolamide
Neurosurgery, University medical center Utrecht, Utrecht, NLNeurosurgery, University medical center Utrecht, Utrecht, NL

Measuring  the  cerebral  blood  flow  and  cerebrovascular  reactivity  is vital in  the  preoperative  assessment  of  moyamoya  Measuring  the  cerebral  blood  flow  and  cerebrovascular  reactivity  is vital in  the  preoperative  assessment  of  moyamoya  
patients.  We  propose  a  combination  of  continuous  multiband  BOLD-MRI  and multidelay ASL-MRI with acetazolamide as patients.  We  propose  a  combination  of  continuous  multiband  BOLD-MRI  and multidelay ASL-MRI with acetazolamide as 
a comprehensive multi-modal alternative for the current commonly used PET-CT method. Eight female patients (age 8-41) a comprehensive multi-modal alternative for the current commonly used PET-CT method. Eight female patients (age 8-41) 
were  scanned at 3T with a ± 30  min scan protocol, which  is also suitable for patients scanned under general anesthesia. were  scanned at 3T with a ± 30  min scan protocol, which  is also suitable for patients scanned under general anesthesia. 
The obtained reactivity maps of the two sequences showed good agreement for severity and location of hemodynamic The obtained reactivity maps of the two sequences showed good agreement for severity and location of hemodynamic 
impairment. This accessible MRI method is directly suitable for routine clinical evaluation of moyamoya patients.impairment. This accessible MRI method is directly suitable for routine clinical evaluation of moyamoya patients.

PP-005  Luuk VoskuilenPP-005  Luuk Voskuilen
MRI of swallowing: a stack-of-stars approach to real-time volumetric imaging at 12 frames per MRI of swallowing: a stack-of-stars approach to real-time volumetric imaging at 12 frames per 
second at 3 Tsecond at 3 T
Department of Head and Neck Oncology and Surgery, Netherlands Cancer Institute, Antoni van Leeuwenhoek Hospital, Department of Head and Neck Oncology and Surgery, Netherlands Cancer Institute, Antoni van Leeuwenhoek Hospital, 
Amsterdam, NL; Amsterdam, NL; 
Department of Radiology and Nuclear Medicine, Amsterdam UMC, Amsterdam, NL;Department of Radiology and Nuclear Medicine, Amsterdam UMC, Amsterdam, NL;
Department of Oral and Maxillofacial Surgery, Academic Centre for Dentistry Amsterdam and Academic Medical Center, Department of Oral and Maxillofacial Surgery, Academic Centre for Dentistry Amsterdam and Academic Medical Center, 
University of Amsterdam and VU University Amsterdam, Amsterdam, NLUniversity of Amsterdam and VU University Amsterdam, Amsterdam, NL

Dysphagia  or  difficulty  in  swallowing  is  a  common  and  potentially  hazardous  complication  of  treatment  for  head-Dysphagia  or  difficulty  in  swallowing  is  a  common  and  potentially  hazardous  complication  of  treatment  for  head-
and-neck  cancer.  Real-time  MRI  of swallowing may become a radiation-free alternative to the current videofluoroscopic and-neck  cancer.  Real-time  MRI  of swallowing may become a radiation-free alternative to the current videofluoroscopic 
swallowing study. We showed that real-time volumetric MRI of swallowing is feasible using a stack-of-stars acquisition with swallowing study. We showed that real-time volumetric MRI of swallowing is feasible using a stack-of-stars acquisition with 
a compressed-sensing at 12 frames per second. An aligned stack-of-stars approach resulted in similar image quality to a a compressed-sensing at 12 frames per second. An aligned stack-of-stars approach resulted in similar image quality to a 
rotated stack-of-stars approach with a tiny golden angle. We could distinguish swallowing features such as bolus collection rotated stack-of-stars approach with a tiny golden angle. We could distinguish swallowing features such as bolus collection 
and laryngeal elevation and closure.and laryngeal elevation and closure.
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O-001 - Jasper SchoormansO-001 - Jasper Schoormans
Black-blood DCE-MRI and AIF-free pharmacokinetic modeling of the aorta wall in patients with an Black-blood DCE-MRI and AIF-free pharmacokinetic modeling of the aorta wall in patients with an 

abdominal aortic aneurysm,abdominal aortic aneurysm,
Department of Biomedical Engineering and Physics, Amsterdam University Medical Centers, Amsterdam, NLDepartment of Biomedical Engineering and Physics, Amsterdam University Medical Centers, Amsterdam, NL

O-002 - Hugo KlarenbergO-002 - Hugo Klarenberg
Association Between Physical Activity and Left Ventricular Diastolic Function and Morphology Association Between Physical Activity and Left Ventricular Diastolic Function and Morphology 

assessed by MRI in Obesityassessed by MRI in Obesity
Biomedical Engineering and Physics, Academic Medical Center, Amsterdam, NLBiomedical Engineering and Physics, Academic Medical Center, Amsterdam, NL

O-003 - Joe JuffermansO-003 - Joe Juffermans
Multicenter consistency assessment of valvular flow quantification with retrospective automated Multicenter consistency assessment of valvular flow quantification with retrospective automated 

valve tracking in 4D flow MRIvalve tracking in 4D flow MRI
Cardiovascular Imaging Group; C,J, Gorter Center for High Field MRI, Department of Radiology, Leiden University Medical Center, Leiden, NLCardiovascular Imaging Group; C,J, Gorter Center for High Field MRI, Department of Radiology, Leiden University Medical Center, Leiden, NL

O-004 - Merel van der ThielO-004 - Merel van der Thiel
Exploring the vascular and neurodegenerative origin of increased interstitial fluid diffusion in Exploring the vascular and neurodegenerative origin of increased interstitial fluid diffusion in 

intravoxel incoherent motionintravoxel incoherent motion
Department of Radiology and Nuclear Medicine, Maastricht University Medical Center, Maastricht, NL;Department of Radiology and Nuclear Medicine, Maastricht University Medical Center, Maastricht, NL;

Department of Psychiatry and Neuropsychology, Maastricht University, Maastricht, NL;Department of Psychiatry and Neuropsychology, Maastricht University, Maastricht, NL;

 School for Mental Health and Neuroscience, Alzheimer Center Limburg, Maastricht, NL School for Mental Health and Neuroscience, Alzheimer Center Limburg, Maastricht, NL

O-005 - Laura BentvelzenO-005 - Laura Bentvelzen
Deep learning-based sCTs with uncertainty estimation from heterogeneous paediatric brain MRIDeep learning-based sCTs with uncertainty estimation from heterogeneous paediatric brain MRI

Radiotherapy, University Medical Center Utrecht, Utrecht, NL;Radiotherapy, University Medical Center Utrecht, Utrecht, NL;

 Computational imaging group for MR diagnostic & therapy, University Medical Center Utrecht, Utrecht, NL; Computational imaging group for MR diagnostic & therapy, University Medical Center Utrecht, Utrecht, NL;

Biomedical Engineering, Technical University Eindhoven, Eindhoven, NLBiomedical Engineering, Technical University Eindhoven, Eindhoven, NL

Clinical: Heart and Mind - Index



5

O-006 - Suzanne L. FranklinO-006 - Suzanne Franklin
Multi-organ comparison of flow-based Arterial Spin Labeling techniques: brain and kidneyMulti-organ comparison of flow-based Arterial Spin Labeling techniques: brain and kidney 

perfusion imaging without transit time artefactsperfusion imaging without transit time artefacts
C,J, Gorter Center for High Field MRI, Department of Radiology, Leiden University Medical Center, Leiden, NL;C,J, Gorter Center for High Field MRI, Department of Radiology, Leiden University Medical Center, Leiden, NL;

Center for Image Sciences, University Medical Center Utrecht, Utrecht, NL;Center for Image Sciences, University Medical Center Utrecht, Utrecht, NL;

Leiden Institute for Brain and Cognition, Leiden University, Leiden, NLLeiden Institute for Brain and Cognition, Leiden University, Leiden, NL

O-007 - Mateusz FlorkowO-007 - Mateusz Florkow
Evaluating pediatric synthetic CT for abdominal photon and proton therapyEvaluating pediatric synthetic CT for abdominal photon and proton therapy

Image Sciences Institute, University Medical Center Utrecht, Utrecht, NLImage Sciences Institute, University Medical Center Utrecht, Utrecht, NL                  
    
  

O-008 - Maarten TerpstraO-008 - Maarten Terpstra
Real-time estimation of 2D deformation vector fields from highly undersampled, dynamic k-space Real-time estimation of 2D deformation vector fields from highly undersampled, dynamic k-space 

for MRI-guided radiotherapy using deep learningfor MRI-guided radiotherapy using deep learning
Department of Radiotherapy, Division of Imaging & Oncology, University Medical Center Utrecht, Utrecht, NL;Department of Radiotherapy, Division of Imaging & Oncology, University Medical Center Utrecht, Utrecht, NL;

Computational Imaging Group for MR diagnostics & therapy, Center for Image Sciences, UMC Utrecht, Utrecht, NLComputational Imaging Group for MR diagnostics & therapy, Center for Image Sciences, UMC Utrecht, Utrecht, NL

O-009 - Stefan Zijlema O-009 - Stefan Zijlema 
A radiolucent 32-channel high impedance coil receive array to accelerate 3D imaging on hybrid A radiolucent 32-channel high impedance coil receive array to accelerate 3D imaging on hybrid 

1,5 T MR-linac systems1,5 T MR-linac systems
Department of Radiotherapy, University Medical Center Utrecht, Utrecht, NLDepartment of Radiotherapy, University Medical Center Utrecht, Utrecht, NL

O-010 - Ivo MaatmanO-010 - Ivo Maatman
USPIO-Enhanced Imaging of Mediastinal Lymph Nodes in Esophageal Cancer with Sparse Radial USPIO-Enhanced Imaging of Mediastinal Lymph Nodes in Esophageal Cancer with Sparse Radial 

MRIMRI
Department of Radiology and Nuclear Medicine, Radboud University Medical Center, Nijmegen, NLDepartment of Radiology and Nuclear Medicine, Radboud University Medical Center, Nijmegen, NL

Abdomen - Index
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Neuro Melange - Index

O-011 - Luisa RaimondoO-011 - Luisa Raimondo
Functional line-scanning in humans with ultra-high spatiotemporal resolution: reconstruction Functional line-scanning in humans with ultra-high spatiotemporal resolution: reconstruction 

and BOLD sensitivity assessmentand BOLD sensitivity assessment
Spinoza Centre for Neuroimaging, Amsterdam, NLSpinoza Centre for Neuroimaging, Amsterdam, NL

O-012 - Samuel St-JeanO-012 - Samuel St-Jean
Harmonization of diffusion MRI datasets using automated feature extraction from multiple Harmonization of diffusion MRI datasets using automated feature extraction from multiple 

scannersscanners
Image Sciences Institute, University Medical Center Utrecht, Utrecht, NLImage Sciences Institute, University Medical Center Utrecht, Utrecht, NL

                          
      

O-013 - Milou StraathofO-013 - Milou Straathof
Deuterium Metabolic Imaging after experimental ischemic stroke - Mapping aerobic and Deuterium Metabolic Imaging after experimental ischemic stroke - Mapping aerobic and 

anaerobic glucose metabolism in vivoanaerobic glucose metabolism in vivo
Biomedical MR Imaging and Spectroscopy Group, Center for Image Sciences, University Medical Center Utrecht / Utrecht University, Utrecht, Biomedical MR Imaging and Spectroscopy Group, Center for Image Sciences, University Medical Center Utrecht / Utrecht University, Utrecht, 

NLNL

O-014 - Eva van GrinsvenO-014 - Eva van Grinsven
Investigating the Optimal Vasoactive Stimulus to Extract Dynamic Cerebrovascular Reactivity Investigating the Optimal Vasoactive Stimulus to Extract Dynamic Cerebrovascular Reactivity 

Information: Breath holding versus CO2 ChallengeInformation: Breath holding versus CO2 Challenge
Department of Neurology & Neurosurgery, University Medical Center Utrecht Brain Center, Utrecht University, Utrecht, NLDepartment of Neurology & Neurosurgery, University Medical Center Utrecht Brain Center, Utrecht University, Utrecht, NL

O-015 - Vincenzo AnaniaO-015 - Vincenzo Anania
Improved voxel-wise quantification of diffusion and kurtosis metrics in the presence of noise and Improved voxel-wise quantification of diffusion and kurtosis metrics in the presence of noise and 

intensity outliersintensity outliers
icometrix, Leuven, BE;icometrix, Leuven, BE;

imec-Visionlab, University of Antwerp, Antwerp, BEimec-Visionlab, University of Antwerp, Antwerp, BE
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O-016 - Louise OttoO-016 - Louise Otto
Quantitative MRI of skeletal muscle in a cross-sectional cohort of spinal muscular atrophy type 2 Quantitative MRI of skeletal muscle in a cross-sectional cohort of spinal muscular atrophy type 2 

and type 3and type 3
Department of Neurology, UMC Utrecht Brain Center, University Medical Center Utrecht, Utrecht University, NLDepartment of Neurology, UMC Utrecht Brain Center, University Medical Center Utrecht, Utrecht University, NL

O-017 - Laura SecondulfoO-017 - Laura Secondulfo
A method for quantification of changes in leg muscle fiber orientationA method for quantification of changes in leg muscle fiber orientation

Biomedical Engineering and Physics, UMC Amsterdam, AMC, Amsterdam, NLBiomedical Engineering and Physics, UMC Amsterdam, AMC, Amsterdam, NL

O-018 - Bas De VriesO-018 - Bas de Vries
Quantitative DCE-MRI perfusion in Hoffa’s fatpad signal abnormalities in patient with and withoutQuantitative DCE-MRI perfusion in Hoffa’s fatpad signal abnormalities in patient with and without 

knee osteoarthritisknee osteoarthritis
Department of Radiology & Nuclear Medicine, Erasmus MC University Medical Center, Rotterdam, NLDepartment of Radiology & Nuclear Medicine, Erasmus MC University Medical Center, Rotterdam, NL

O-019 - Rianne van der Heijden O-019 - Rianne van der Heijden 
Quantitative volume and dynamic contrast-enhanced MRI derived perfusion of the infrapatellar Quantitative volume and dynamic contrast-enhanced MRI derived perfusion of the infrapatellar 

fatpad in patellofemoral painfatpad in patellofemoral pain
Department of Radiology & Nuclear Medicine, Erasmus MC University Medical Center, Rotterdam, NLDepartment of Radiology & Nuclear Medicine, Erasmus MC University Medical Center, Rotterdam, NL

Clinical: Musculoskeletal - Index
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O-020 - Tine ArtsO-020 - Tine Arts
Velocity and pulsatility in small cerebral perforators of CADASIL patients compared to healthy Velocity and pulsatility in small cerebral perforators of CADASIL patients compared to healthy 

controlscontrols
Radiology Department, University Medical Centre Utrecht, Utrecht, NLRadiology Department, University Medical Centre Utrecht, Utrecht, NL

O-021 - Leonie PetitclercO-021 - Leonie Petitclerc
Introducing a Protocol for the Characterization and Validation of Perfusion Phantoms for Arterial Introducing a Protocol for the Characterization and Validation of Perfusion Phantoms for Arterial 

Spin LabelingSpin Labeling
Gorter Center for High Field MRI, Department of Radiology, Leiden University Medical Center, Leiden, NL;Gorter Center for High Field MRI, Department of Radiology, Leiden University Medical Center, Leiden, NL;

Leiden Institute for Brain and Cognition, Leiden, NLLeiden Institute for Brain and Cognition, Leiden, NL

                          
      

O-022 - Isa Mast O-022 - Isa Mast 
Dynamic arterial spin labeling MRI of cerebrovascular perfusion during exerciseDynamic arterial spin labeling MRI of cerebrovascular perfusion during exercise

Human Movement Sciences, Vrije Universiteit, Amsterdam, NL;Human Movement Sciences, Vrije Universiteit, Amsterdam, NL;

Radiology and Nuclear Medicine, Amsterdam University Medical Centers, University of Amsterdam, Amsterdam, NLRadiology and Nuclear Medicine, Amsterdam University Medical Centers, University of Amsterdam, Amsterdam, NL

O-023 - Quinten Beirinckx O-023 - Quinten Beirinckx 
Super-resolution strategies for single-PLD pseudo-continuous ASLSuper-resolution strategies for single-PLD pseudo-continuous ASL

imec - Vision Lab, Department of Physics, University of Antwerp, Antwerp, BEimec - Vision Lab, Department of Physics, University of Antwerp, Antwerp, BE

Perfusion - Index
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O-024 - Oscar van der HeideO-024 - Oscar van der Heide
Extension of MR-STAT to non-Cartesian and gradient-spoiled sequencesExtension of MR-STAT to non-Cartesian and gradient-spoiled sequences

Computational Imaging Group for MR Diagnostics and Therapy, Center for Image Sciences, UMC Utrecht, Utrecht, NL;Computational Imaging Group for MR Diagnostics and Therapy, Center for Image Sciences, UMC Utrecht, Utrecht, NL;

Department of Radiology, Division of Imaging and Oncology, University Medical Center Utrecht, Utrecht, NLDepartment of Radiology, Division of Imaging and Oncology, University Medical Center Utrecht, Utrecht, NL

O-025 - Tom Bruijnen O-025 - Tom Bruijnen 
Free-breathing 3D T2-weighted TSE using Cartesian acquisition with rewinded spiral profile Free-breathing 3D T2-weighted TSE using Cartesian acquisition with rewinded spiral profile 

ordering (rCASPR) for abdominal radiotherapyordering (rCASPR) for abdominal radiotherapy
Department of Radiotherapy, University Medical Center Utrecht, Utrecht, NL;Department of Radiotherapy, University Medical Center Utrecht, Utrecht, NL;

Computational Imaging Group for MR diagnostics & therapy, Center for Image Sciences, UMC Utrecht, Utrecht, NLComputational Imaging Group for MR diagnostics & therapy, Center for Image Sciences, UMC Utrecht, Utrecht, NL

O-026 - Kevin Keene O-026 - Kevin Keene 
T2 mapping in healthy and diseased muscle using optimized extended phase graph algorithms in T2 mapping in healthy and diseased muscle using optimized extended phase graph algorithms in 

four clinical cohortsfour clinical cohorts
Department of Radiology, C,J, Gorter center for high field MRI, Leiden University Medical Center, Leiden, NL;Department of Radiology, C,J, Gorter center for high field MRI, Leiden University Medical Center, Leiden, NL;

Department of Neurology, Leiden University Medical Center, Leiden, NLDepartment of Neurology, Leiden University Medical Center, Leiden, NL

O-027 - Yasmina Al KhalilO-027 - Yasmina Al Khalil
Improving the generalization capability of deep learning-based algorithms for ventricular cavity Improving the generalization capability of deep learning-based algorithms for ventricular cavity 

segmentation using simulated CMR imagessegmentation using simulated CMR images
Biomedical Engineering Department, Eindhoven University of Technology, Eindhoven, NLBiomedical Engineering Department, Eindhoven University of Technology, Eindhoven, NL

Reconstruction and Post-Processing - Index
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O-028 - Didi de GouwO-028 - Didi de Gouw
USPIO-enhanced MRI for pre-operative lymph node staging after neoadjuvant USPIO-enhanced MRI for pre-operative lymph node staging after neoadjuvant 

chemoradiotherapy in esophageal cancer: a single-centre feasibility studychemoradiotherapy in esophageal cancer: a single-centre feasibility study
Radboud University Medical Center, Department of Surgery, Nijmegen, NLRadboud University Medical Center, Department of Surgery, Nijmegen, NL

O-029 - Jeroen Blommaert O-029 - Jeroen Blommaert 
White matter development after prenatal chemotherapy exposure: a diffusion MRI fixel-based White matter development after prenatal chemotherapy exposure: a diffusion MRI fixel-based 

analysis,analysis,
Department of Oncology, KU Leuven, Leuven, BEDepartment of Oncology, KU Leuven, Leuven, BE

O-030 - Anke ChristenhuszO-030 - Anke Christenhusz
Assessing void artifacts in follow-up breast MRI scans after sentinel node biopsy using Assessing void artifacts in follow-up breast MRI scans after sentinel node biopsy using 

superparamagnetic tracersuperparamagnetic tracer
Techmed Centre, University of Twente, Enschede, NL;Techmed Centre, University of Twente, Enschede, NL;

Department of Surgery, Medisch Spectrum Twente, Enschede, NLDepartment of Surgery, Medisch Spectrum Twente, Enschede, NL

O-031 - Geke Litjens  O-031 - Geke Litjens  
USPIO-enhanced MRI for pre-operative lymph node staging in patients with pancreatic and USPIO-enhanced MRI for pre-operative lymph node staging in patients with pancreatic and 

periampullary carcinoma: a feasibility studyperiampullary carcinoma: a feasibility study
Department of Radiology and Nuclear Medicine, Radboud UMC, Nijmegen, NLDepartment of Radiology and Nuclear Medicine, Radboud UMC, Nijmegen, NL

Clinical: Oncology - Index
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O-032 - Carmen PS Blanken O-032 - Carmen PS Blanken 
Towards coronary flow reserve assessment with 4D flow MRITowards coronary flow reserve assessment with 4D flow MRI

Department of Radiology and Nuclear Medicine, Amsterdam UMC, Amsterdam, NLDepartment of Radiology and Nuclear Medicine, Amsterdam UMC, Amsterdam, NL

O-033 - Joao Tourais O-033 - Joao Tourais 
High-Resolution Free-Breathing Quantitative Myocardial Perfusion MRI Using Multi-Echo DixonHigh-Resolution Free-Breathing Quantitative Myocardial Perfusion MRI Using Multi-Echo Dixon

MR R&D - Clinical Science, Philips Healthcare, Best, NL;MR R&D - Clinical Science, Philips Healthcare, Best, NL;

Department of Biomedical Engineering, Eindhoven University of Technology, Eindhoven, NLDepartment of Biomedical Engineering, Eindhoven University of Technology, Eindhoven, NL

O-034 - Friso RijnbergO-034 - Friso Rijnberg
3D flow MRI achieves a ten-fold scan time reduction compared to 4D flow MRI without 3D flow MRI achieves a ten-fold scan time reduction compared to 4D flow MRI without 

compromising Fontan circulation evaluationcompromising Fontan circulation evaluation
Cardiothoracic surgery, Leiden University Medical Center, Leiden, NLCardiothoracic surgery, Leiden University Medical Center, Leiden, NL

O-035 - Alexander HJ StaalO-035 - Alexander Staal
Single resonance, disassembling 19F magnetic resonance imaging nanoparticles for clinicalSingle resonance, disassembling 19F magnetic resonance imaging nanoparticles for clinical 

applications with fast local and systemic clearanceapplications with fast local and systemic clearance
Tumor Immunology Lab, Radboud Institute for Molecular Life Sciences, Radboudumc, Nijmegen, NLTumor Immunology Lab, Radboud Institute for Molecular Life Sciences, Radboudumc, Nijmegen, NL

Cardiovascular - Index
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O-036 - Jacob-Jan Sloots O-036 - Jacob-Jan Sloots 
Strain Tensor Imaging (STI): Voxelwise assessment of cardiac-induced brain tissue strain at 7T MRIStrain Tensor Imaging (STI): Voxelwise assessment of cardiac-induced brain tissue strain at 7T MRI

Radiology, University Medical Center Utrecht, Utrecht, NLRadiology, University Medical Center Utrecht, Utrecht, NL

O-037 - Kyungmin NamO-037 - Kyungmin Nam
Enabling Fast Metabolic Mapping of the Brain at 7T using Lipid Crushing and an EPSI ReadoutEnabling Fast Metabolic Mapping of the Brain at 7T using Lipid Crushing and an EPSI Readout

Radiology, University Medical Center Utrecht, Utrecht, NLRadiology, University Medical Center Utrecht, Utrecht, NL

O-038 - Thomas RoosO-038 - Thomas Roos
4D-EPICS: Compressed Sensing EPI for highly accelerated fMRI at 7T4D-EPICS: Compressed Sensing EPI for highly accelerated fMRI at 7T

Spinoza Centre for Neuroimaging, Amsterdam, NL;Spinoza Centre for Neuroimaging, Amsterdam, NL;

Delft University of Technology, Delft, NLDelft University of Technology, Delft, NL

O-039 - ScannexusO-039 - Scannexus
Mapping the human spine: combining 9.4T MRI and 3T fMRI in the search for Onuf’s nucleusMapping the human spine: combining 9.4T MRI and 3T fMRI in the search for Onuf’s nucleus

Scannexus Ultra-High Field MRI Center, Maastricht, NLScannexus Ultra-High Field MRI Center, Maastricht, NL

Neuro High Field - Index
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Postdoc Highlight Posters - Index

PPD-001 - Lydiane HirschlerPPD-001 - Lydiane Hirschler
The driving force of glymphatics: influence of the cardiac cycle on CSF mobility in perivascular The driving force of glymphatics: influence of the cardiac cycle on CSF mobility in perivascular 

spaces in humans spaces in humans 
C,J, Gorter Center for high Field MRI, Department of Radiology, Leiden University Medical Center, Leiden, NLC,J, Gorter Center for high Field MRI, Department of Radiology, Leiden University Medical Center, Leiden, NL

PPD-002 - Chloe NajacPPD-002 - Chloe Najac
J-refocused semi-LASER spectroscopy at 7T: proof-of-concept and application in the human brain J-refocused semi-LASER spectroscopy at 7T: proof-of-concept and application in the human brain 

at 7T at 7T 
C,J, Gorter Centre for High Field MRI, Department of Radiology, Leiden University Medical Centre, Leiden, NLC,J, Gorter Centre for High Field MRI, Department of Radiology, Leiden University Medical Centre, Leiden, NL

    
  

PPD-003 - Roy AM HaastPPD-003 - Roy Haast
Disentangling hippocampal perfusion from the macrovasculature using ASL and TOF at 7TDisentangling hippocampal perfusion from the macrovasculature using ASL and TOF at 7T 

Robarts Research Institute, Western University, London, Ontario, CanadaRobarts Research Institute, Western University, London, Ontario, Canada

PPD-004 - Maik DerksenPPD-004 - Maik Derksen
High-resolution post-mortem MRI reveals progressive cerebromorphological changes in the High-resolution post-mortem MRI reveals progressive cerebromorphological changes in the 

APP23 mouse model of cerebral amyloid angiopathy APP23 mouse model of cerebral amyloid angiopathy 
Biomedical MR Imaging and Spectroscopy Group, Center of Image Sciences, University Medical Center Utrecht and Utrecht University, Biomedical MR Imaging and Spectroscopy Group, Center of Image Sciences, University Medical Center Utrecht and Utrecht University, 
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One important trend in molecular imaging is to combine several complementary techniques to exploit 
the advantages of each while overcoming their limitations. Among the numerous possibilities, the com-
bination of magnetic resonance imaging (MRI) and positron emission tomography (PET) appears very 
attractive because it allies the high resolution and tissue contrast of MRI to the exceptional sensitivity of 
PET imaging. If the development of preclinical PET/MR scanners is in itself a significant challenge, the 
design of multimodal probes also constitutes an essential step for exploiting MRI/PET fused technology.

Courtesy, Stéphane Roux, Institut UTINAM, UMR 6213 CNRS

Preclinical MRS*PET/MR for simultaneous imaging - From rodents to marmosets
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Synopsis: Higher sagittal sinus signal is present in the ASL images of patients with sickle cell disease (SCD). The purpose of this study was to assess if the signal 

in the sagittal sinus is correlated with clinical parameters and if this is affected by the vasoactive stimulus. The sagittal sinus signal was measured in patients with 

SCD and in healthy controls. Signal in sagittal sinus of the SCD patients was significantly correlated with clinical parameters including hemolysis markers. Our 

results show that sagittal sinus signal can be used as a hemodynamic proxy parameter in patients with SCD. 

 

Introduction: Sickle cell disease (SCD) is characterized by chronic hemolytic anemia resulting in elevated cerebral blood flow (CBF)1. In the recent years, several 

studies have measured whole-brain CBF non-invasively using arterial spin labelling (ASL) to gain more insight into the cerebral pathophysiology of patients with 

SCD 2–4. Visual assessment of the CBF images often shows brighter signal in the sagittal sinus (SaS) of SCD patients compared to the signal in brain tissue. The high 

signal in SaS indicates that labelled blood from the carotid arteries has already arrived to the venous side at the time of image acquisition, typically 1-2 seconds after 

labeling. Acknowledging this collection of venous label may not only help to improve the parenchymal CBF quantification, but may also provide a whole-brain 

indicator of arterio-venous label transit. The goal of this study is to explore whether the presence of label in the SaS is associated with clinical parameters, and how 

the SaS signal is affected by the vasodilatory stimulus acetazolamide (ACZ). 

 

Methods: Participants: In this study, 37 steady state SCD patients (mean age 32.4±11.0, 65% male) and 10 healthy controls (mean age 36.4±15.1, 60% male) were 

included. Prior to MRI, blood samples were drawn from an antecubital vein in all participants and analyzed using standard laboratory procedures. Imaging: Pseudo-

continuous arterial spin labelling (pCASL) was performed in all subjects at 3T MRI (Philips Healthcare, Best, The Netherlands) using a 32 receive head-coil. A 2D 

gradient-echo single-shot EPI pCASL sequence was used to acquire perfusion-weighted images with the following settings: FOV 240 x 240 mm, voxel size 3 x 3 x 

7 mm, 19 slices, TR/TE 4400/14 ms, with 2 background suppression pulses, post-labelling delay 1800-2558 ms, labelling duration 1800 ms, two sets of 35 control-

label pairs with a total scan duration of 5 min each. After 5 the first set, 16 mg/kg (max 1400 mg) acetazolamide was injected intravenously and the second set of 

post-ACZ scans were performed 10 minutes after injection to allow maximum vasodilatory response to be achieved. Analysis: Image processing was performed with 

ExploreASL5. Control-label ASL images were subtracted and converted to CBF images by applying the single compartment perfusion model6.  ASL images were 

visually assessed for the presence or absence of the bright signal in the sagittal sinus. SaS was manually segmented in two group-average images of all participants 

in standard space: one baseline average image and one after ACZ administration. The segmented images were resampled to the native ASL space of each 

participant (Figure 1). The relative change after ACZ administration was measured as follows: (ASL signalPostACZ - ASL signalPreACZ) / ASL signalPreACZ  *100%. 

Results were compared with the CBF values in gray matter of the participants. Univariate correlations were performed using Spearman’s correlation coefficient to 

find the association between ASL signal in SaS and clinical and demographic parameters. 

 

Results: Bright appearance of the SaS was visible in 35/37 patients and 1/10 control before and in all participants after ACZ administration (Figure 2). After semi-

automatic segmentation of SaS, the signal in SaS was significantly higher in patients compared to controls as shown in Figure 3A. The differences in signal between 

patients and controls were higher compared to gray matter CBF differences in these two groups (pre-ACZ ratio 2.6:1 and post-ACZ ratio 1.9:1) as showed in Figure 

3A and B. Baseline SaS signal in patients with SCD was significantly correlated with hemoglobin, hematocrit, LDH, bilirubin and ALAT levels (Table 1), whereas 

only hemoglobin, hematocrit and ALAT were significantly correlated with the relative signal difference after ACZ administration (Table 1). Interestingly, SaS baseline 

signal showed a stronger correlation with hemoglobin levels and hematocrit than baseline CBF in GM. 

 

Discussion: We measured a higher ASL signal in SaS of patients with SCD that correlated with several clinical parameters including hemolysis markers bilirubin 

and LDH. Future studies should investigate how this affects the CBF quantification in gray and white matter. Previous studies showed higher ASL signal in SaS in 

patients with intracranial arteriovenous shunting and cerebral venous thrombosis7,8. In patients with SCD, our results are perhaps less likely to be a vascular 

consequence and more likely to relate to functional shunting9. The SaS ASL parameter could be used in future research focusing on shunting as a cause of reduced 

oxygen extraction in patients with SCD. 
 

Conclusion: ASL signal in the SaS is associated with hemoglobin and hemolysis parameters that are related with the severity of sickle cell disease. Our results 

suggest that SaS label can be used as a proxy parameter of hemodynamic arterial-venous transit efficiency. 
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Table 1: Spearman’s correlations coefficients for SaS ASL signal and gray matter CBF values with 

 clinical and demographic parameter. 

 

Figure 1: An example of the semi-automatic method that is used for the 

segmentation of the SaS. A) Average sagittal image of all participants in standard 

MNI space in false colorscale. B) Manual segmentation of the SaS in image A. C) 
Segmented SaS resampled to the ASL space. D) Purple overlay of the SaS image 

on the perfusion weighted image of a representative patient in false colorscale. 

 

Figure 2: Average baseline axial CBF image of patients 
with SCD (A) and healthy controls (B). Mean axial CBF 

image after ACZ administration in patients (C) and healthy 

volunteers (D). 

 

Figure 3: Statistical differences 

between patients and controls. ASL 
signal was significantly higher in 

patients with SCD compared to 

controls. After ACZ administration, the 
signal was higher in both patients and 

controls, as revealed by the ANOVA 

test with Bonferroni correction. The 
differences in ASL signal between 

patients and controls were higher (1.9 

times before and 2.6 times after ACZ) 
in the SaS compared to grey matter 

CBF (B) . Signal in controls after ACZ 

were significantly correlated with both 
baseline controls and patients after ACZ 

administration (red and green stars). 

 



 

Synopsis: We propose low-rank MR-MOTUS, a framework for real-time reconstructions of 3D respiratory motion-fields for MR-guided radiotherapy. Low-rank MR-MOTUS factorizes space-time 
motion-fields into static spatial components and dynamic temporal components. This allows to 1) exploit spatial and temporal correlations in motion, and 2) split the reconstruction into a large-scale off-

line training phase, and a small-scale on-line inference phase. Results show that in the on-line inference phase 3D respiratory motion can be estimated in 130ms, from data acquired in 24ms. This yields a 

total latency of 154ms, and low-rank MR-MOTUS thereby paves the way for real-time MR-guided radiotherapy on the MR-linac. 

 

Introduction: The MR-linac[1], a combination of an MRI-scanner and linear accelerator, can enable real-time MR-guided radiotherapy (MRgRT) when given a continuous stream of high-quality and low-
latency tumor motion estimates[2]. Focusing on the latter, we previously introduced MR-MOTUS[3]: a k-space domain framework which provides high-quality motion-fields with high temporal resolution 

(>10Hz)[4]. However, MR-MOTUS has relatively long reconstruction times (~minutes) and is therefore unable to meet the low-latency requirement for real-time MRgRT.  

In this work we propose low-rank MR-MOTUS, which does meet the low-latency requirement. Low-rank MR-MOTUS factorizes space-time motion-fields into fixed spatial components and dynamic 

temporal components. This allows to 1) exploit spatial and temporal correlations in motion, and 2) split the reconstruction into a large-scale off-line training phase, and a small-scale on-line inference phase. 
In the on-line phase the temporal components are estimated with a latency of 155ms, thereby paving the way for real-time MRgRT on the MR-linac. See Fig. 1 for an illustration how MR-MOTUS can fit 

in the MR-linac pipeline. 

 

Theory  

MR-MOTUS: The MR-MOTUS forward model[3] explicitly relates dynamic motion-fields 𝐓𝑡 ∈ ℝ3𝑁  and a reference image 𝐪0 ∈ ℂ𝑁 to the dynamic k-space measurements 𝑠𝑡:  

                                                                      𝑠𝑡[𝐤] = F(𝐓𝑡|𝐪0)[𝐤] = ∫ 𝑞0(𝑟0)𝑒−𝑖2𝜋𝐤⋅𝐓𝑡(𝐫0)
 

Ω  

 

d𝐫0.                                              (1) 

Space-time motion-fields can be reconstructed from minimal k-space snapshots 𝑠𝑡 by solving the inverse problem while exploiting the correlations of motion in both space and time, with appropriate 

regularization ℛ : 

                                                                              min
𝐓

 
1

𝑀
 ∑  ‖𝐅(𝐓𝑡) − 𝐬𝑡‖2

2

𝑀

 𝑡=1

   + 𝜆 ℛ(𝐓).                                                         (2) 

However, the number of parameters and reconstruction time of (2) scale with the required number of dynamics M (~102). Consequently, the reconstruction times are in the order of minutes which limits the 

applicability to low-latency processes such as real-time MRgRT. 

 

Low-rank MR-MOTUS: We propose to factorize 𝐓𝑡 in spatial (𝚽) and temporal components (𝚿): 

                                                                                                   ∑ 𝚽𝑞(𝐫)𝛹𝑞(𝑡).                                                                                (3) 

𝑅

𝑞=1

 

Here 𝚽𝑞 denote the voxel-by-voxel principal direction and magnitude, and 𝛹𝑞 denote the temporal scaling (see Fig. 2a). Mathematically, (3) can be interpreted as the explicit constraint rank(𝐓) ≤ R which 

has appeared previously for image reconstruction[5]. The factorization naturally leads to two phases in the motion-field reconstruction: 1) an off-line training phase which solves Equation (2) with 

rank(𝐓) ≤ R, and 2) an on-line inference phase which reconstructs the time-dependent factor 𝚿𝑡 = [Ψ1(𝑡) , … , Ψq(𝑡)] 

 Offline training phase:       𝚽∗, 𝚿∗ =  argmin𝚽,𝚿   

1

𝑀train  

∑ ‖𝐅(𝚽, 𝚿t
𝑇) − 𝐬𝑡‖2

2  + 𝜆ℛ(𝚽, 𝚿 )

𝑀train  

𝑡=1

.                      (4)    

      Online inference phase:                             𝚿t = argminΨ   ‖𝐅(𝚽∗, 𝚿t
𝑇) − 𝐬𝑡‖2

2,                                 𝑡 > 𝑀.                              (5)           

In addition to the explicit low-rank constraint, (4) was regularized by enforcing orthonormal and orthogonal columns in 𝚽 and 𝚿, respectively. Here 𝚿𝑡 ∈ ℝ𝑅, where typically 𝑅 ≤ 3 suffices. Hence, (5) is 

very small-scale and can be solved in under 130ms for R=1. 

 

Methods 

Low-rank motion analysis on 2D data: Two-dimensional k-space data were acquired in a single volunteer using a continuous 2D sagittal golden-angle radial readout and a spoiled gradient echo sequence. 

The volunteer was instructed to start with 10 second breath-hold and then continue breathing. From the breath-hold data we reconstructed a reference image 𝒒0 and motion-fields were reconstructed off-line 

from all free-breathing data using 5 spokes/dynamic. The motion-field reconstructions were performed with different ranks (R=1,…,4) and compared with ground-truth images reconstructed with 25 

spokes/dynamic using compressed sensing[6]. 

 

Real-time 3D respiratory motion-field reconstructions: 3D respiratory motion-fields were reconstructed from prospectively undersampled non-Cartesian k-space data with a rank-1 motion model. Data 

was continuously acquired during breath-hold and free-breathing using a spoiled gradient echo with a 3D golden mean cone trajectory[7]. From ~30s breath-hold a reference image was reconstructed. First, 
the off-line large-scale problem (4) was solved using 96 dynamics and 40 cones/dynamic. Subsequently, the on-line small-scale problem (5) was solved in 130ms/dynamic, using a total of only 6 k-space 

points/dynamic extracted from 3 different cones. See Fig. 2b for a complete overview of the low-rank reconstructions. 

 

Results: The low-rank analysis for R=1,…,4 is shown in Fig. 3. All reconstructions show good correspondence to the ground-truth compressed sensing reconstruction and minimal differences can be 

observed between the different ranks. Fig. 4 shows 3D rank-1 respiratory motion-fields that were reconstructed in 130ms/dynamic in the on-line training phase, from data acquired in 24ms/dynamic. The 

temporal resolution was decreased for visualization purposes. 

 

Discussion & Conclusion: We have enhanced MR-MOTUS with an explicit low-rank representation to reconstruct time-dependent motion-fields. Results confirm the validity of the low-rank 

representation. Reconstructions in the on-line phase show promising results with reconstruction times of about 130ms/dynamic. The required data was acquired in just 24ms/dynamic, yielding a total 

reconstruction latency of 154ms. In practice we envision the following workflow. A reference image could be obtained with a respiratory-sorted 3D golden-mean-cone acquisition of 2-3 minutes. This same 
data can be used to train the low-rank model. Finally, motion-fields can be inferred from continuously acquired data during free-breathing with a latency of 154ms and a temporal resolution of 40Hz. Thus, 

low-rank MR-MOTUS can thereby open the window for real-time MRgRT on the MR-linac. 

 

References 

1. Raaymakers, B. et al. Integrating a 1.5T MRI scanner with a 6 MV accelerator: proof of concept. Physics in Medicine & Biology 54,12, 2009. 
2. Glitzner, M et al. MLC-tracking performance on the Elekta unity MRI-linac. Physics in Medicine & Biology, 2019. 
3. Huttinga, N.R.F. et al. MR-MOTUS: Model-based non-rigid motion estimation for MR-guided radiotherapy using a reference image and minimal k-space data. Physics in Medicine & Biology, 

2019 
4. Huttinga, N.R.F. et al. Prospective 3D+t non-rigid motion estimation at high frame-rate from highly undersampled k-space data: validation and preliminary in-vivo results, Proceedings 27th 

annual meeting ISMRM, Montréal, Canada, 2019. 
5. Ong, F. et al. Extreme MRI: Large-Scale Volumetric Dynamic Imaging from Continuous Non-Gated Acquisitions. arXiv preprint arXiv:1909.13482, 2019. 
6. Uecker, M. et al. Berkeley advanced reconstruction toolbox. Proc. Intl. Soc. Mag. Reson. Med. 2015, vol. 23, p. 2486. 
7. Johnson, K. M. et al. Hybrid radial-cones trajectory for accelerated MRI. Magnetic resonance in medicine 77, 3,1068–1081, 2017. 

 

 

 

Real-time 3D respiratory motion estimation for MR-guided radiotherapy using low-rank MR-MOTUS 

 

 

 

  

 

N.R.F. Huttinga1,2, T. Bruijnen1,2, C.A.T. van den Berg1,2, A. Sbrizzi1,2 
1Computational Imaging Group for MR Diagnostics and Therapy, Center for Image Sciences, University Medical Center Utrecht, Utrecht, The Netherlands 

2Department of Radiology, Division of Imaging and Oncology, University Medical Center Utrecht, Utrecht, The Netherlands 

 

Acknowledgments / Funding Information: This research is funded by the Netherlands Organisation for Scientific Research (NWO), domain Applied and Engineering Sciences, Grant number 15115.  

 

PP-002 Power Poster



 

Figure 1: Overview of the MRI-linac workflow cycle. Tumor motion must be estimated from highly 

undersampled k-space data, and the motion is used to adapt the radiation target. This feedback cycle is 

required to be low-latency to yield the most efficient treatments. The previously proposed MR-MOTUS 

framework estimates non-rigid 3D motion-fields from highly undersampled k-space data, but 
reconstruction times are in the order of minutes. In this work we propose low-rank MR-MOTUS that 

can perform motion-field reconstructions with low-latency, thereby fitting in the MR-linac workflow. 

 

Figure 2: a) Illustration of the low-rank motion model. Time-dependent motion-fields are 
factorized in static spatial components and dynamic temporal components. b) Overview of low-

rank reconstructions. First, a reference image is reconstructed from breath-hold data. Next, in the 

off-line training phase both spatial and temporal components of the motion model are 
reconstructed. Finally, in the on-line inference phase the trained spatial components are fixed and 

only temporal components are reconstructed.  

 

 

 

Figure 3: This is an animated figure (GIF) and should be viewed online at: https://surfdrive.surf.nl/files/index.php/s/nexU1wWvrCxc85M   

a) Rank-1 motion-field reconstructions compared with compressed sensing reconstructions. 2D golden angle radial data was acquired on a 1.5T Philips Ingenia 

(TR/TE/FA=4ms/1.8ms/20,FOV=40cmx40cm). Motion-fields were reconstructed with different ranks (1-4) using 5 spokes/dynamic. b) Reference image warped with the 

reconstructed motion-fields and compared with ground-truth compressed sensing reconstruction using 25 spokes/dynamic. Results show little difference between the ranks 1-4. 

 

Figure 4: This is an animated figure and should be viewed online at: https://surfdrive.surf.nl/files/index.php/s/nexU1wWvrCxc85M    

Real-time 3D respiratory motion-field reconstructions with rank 1. Data was acquired on a 1.5T Philips Ingenia (TR/TE/FA=8ms/1.8/20,FOV=40cmx40cmx60cm). First, 

a reference image was reconstructed from 30s breath-hold. Next, in the off-line training phase the spatial components were reconstructed from free-breathing data from 96 
dynamics with 40 cones/dynamic. Finally, in the on-line inference phase the temporal components were reconstructed in 130ms from only 6 k-space points extracted from 

three different cones. These three cones could be acquired in 24ms. 
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Synopsis: Spatial misencoding of the vascular signal due to flow is an imaging artifact that presents a significant challenge for in vivo MRI at high resolutions 

(≤0.5mm). Here we propose a method for mitigating this artifact in multi-echo gradient recalled echo (ME-GRE) images at 350μm isotropic resolution by applying 

90° rotations to their phase-encoding direction. After applying our method, we demonstrate clearly visible stria of Gennari, intracortical veins, and pial vessels 

while mitigating the flow artifact. In addition, we report T2
* estimates of several human brain tissues (artery, vein, gray/white matter, CSF) in-vivo which are 

valuable for future hemodynamic signal modeling. 

PURPOSE 

Spatial misencoding of the vascular signal due to flow is an imaging artifact presenting a significant challenge for in vivo MRI [1] at high resolutions(≤0.5mm). In 

this artifact, the signal of the owing spins appears to move away from their true location [2] which can lead to incorrect (quantitative) T2
* estimations. This flow 

artifact is especially problematic for high resolution in-vivo MR histology [3]. Although flow compensation is available [4], there is no method for multiple echoes 

(>2). Here we propose a ow artifact mitigation method for multi-echo gradient recalled echo (ME-GRE) images after applying 90° rotations in their phase-encoding 

direction. 

METHODS 

We acquired data from one volunteer (28, female) at 7 Tesla (Siemens) using a 32-channel head coil (NOVA Mediacal) and 3D ME-GRE with bipolar readout 

(350μm isotropic resolution; TR=30ms; TE1-6=[3.83, 8.20, 12.57, 16.94, 21.31, 25.68]ms; α=11°; elliptic k-space filling; 14min.). Figure 1 shows the coverage 

(201.6×201.6×36.4mm3). Two dielectric pads containing a 25% suspension of barium titanate in deuterated water were placed proximal to the temporal lobe to 

locally increase the transmit B1
+ field for improving its homogeneity [5]. Four ME-GRE images were acquired in one session. We changed the phase-encoding 

direction by 90° (R-L, A-P, L-R, P-A) in each acquisition. The 90°-changes were introduced in order to control the direction of the flow artifact [2] which appears 

as Spatial signal shift along the vector component of the flow direction on readout axis. Note that odd and even numbered echoes in each acquisition had opposite 

readout directions due to the bipolar readout. We also acquired a whole-brain T1 image using 3D MP2RAGE [6] (650μm isotropic resolution; 

TR/TE/TI1/TI2=5000/2.46/900/2750ms; α1/α2=5°/3°; FoV=208×208×156mm3). 

Our processing pipeline aimed at reducing three sources of artifacts while improving the signal-to-noise ratio (SNR): (i) head motion across acquisitions, (ii) spatial 

distortions due to readout direction changes across echoes,(iii) spatial misencoding of the vascular signal due to flow. 

The distortion introduced by bipolar readouts between odd- and even-numbered echoes [7] was corrected by registering odd and even echoes with the same readout 

polarity. Then, the images with the same phase-encoding axes (R-L & L-R [My] or A-P & P-A [My]) were motion corrected and averaged to increase SNR. 

Keeping the data with different phase encoding axes (Mx, My) separate was deliberate in order to avoid mixing different flow artifacts effects. 

To mitigate the flow artifacts we used compositing (piecing together a new image by using parts of multiple other images). Since the artifact induced by the 

misencoding of vascular flow is different  across images with 90° phase-encoding direction difference, it is possible to compose a new set of echoes by selecting the 

signal of each voxel from a set that is not affected by the artifact (a voxel affected by the artifact in Mx, will not be affected in My). For voxels that were not affected 

in either Mx or My, phase-encoding axis, the signal was averaged. 

Then, we estimated quantitative T2
* in representative arteries/veins, gray/white matter, and cerebrospinal fluid by fitting a mono-exponential decay. To highlight the 

confounding effect of the flow artifact on the T2
* estimation, we also report values for arteries and gray matter affected by the flow artifact before correction. 

RESULTS 

Figure2 (top row) shows the extent of the flow artifact visible around large arteries. Figure3 shows the evolution of the flow artifact across echoes in images 

acquired with 90° phase-encoding direction difference. Note again the different direction of vascular signal displacement across images with 90° phase-encoding 

direction difference. Figure3 also shows the effect of flow artifact mitigation by compositing. See that the flow artifact (i.e. the bright arterial signal moving across 

echoes) is mostly gone in all panels. Figure4 shows T2
* estimates for different tissues. The flow artifact changes the T2

* estimates around half an order of 

magnitude. However, this confound is compensated by our flow artifact mitigation procedure. Our pipeline allows clearly visible stria of Gennari, other intracortical 

layer/veins, and pial vessels (see Figure5). 

DISCUSSION 

Our results show that using compositing on ME-GRE data after applying 90° rotations in their phase-encoding direction is an effective and straightforward way of 

mitigating the spatial miscoding of the vascular signal due to flow [1, 2]. Our quantitative T2
* measurements show that arteries which are subject to the flow artifact 

appear to have a very rapid signal decay (as expected). Arteries which are less subject to the flow artifact (arteries with flow direction along the phase encoding 

axis) give more realistic estimates of arterial T2
*. Our measurements demonstrate that gray matter T2

* estimates can also be (locally) inflated by the misencoding 

due to flow. 

CONCLUSION 

Accounting for the spatial misencoding of the vascular signal due to flow [1, 2] is highly relevant for high resolution in vivo MRI because this artifact can prevent 

accurate gray matter T2
* estimates. By mitigating this artifact, we show more accurate quantitative T2

* estimates in gray matter, white matter, vessels, and 

cerebrospinal fluid. T2
* estimates of all these tissues that are less affected by partial voluming at 350μm isotropic resolution are essential for future hemodynamic 

signal modeling work [8, 9, 10]. 
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7T in-vivo human T2
* mapping at 350μm isotropic resolution using ME-GRE 
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Figure1. Left column shows the coverage of our multi-echo gradient recalled echo acquisition 

(3D ME-GRE, 350μm iso. resolution) relative to a whole-brain T1 image (MP2RAGE, 650μm 

iso. resolution). Transversal slices show all six echoes acquired at TE1-6=[3.83, 8.20, 12.57, 

16.94, 21.31, 25.68]ms. 

 

Figure2: Top row shows maximum intensity projection separately for acquisitions with different 

phase-encoding axis (watch animated version at https://youtu.be/jZ0vuXfX9Sc to see the effect 
of changing phase encoding direction by 90°). Second row shows that compositing mitigates the 

artifact in the min. composite image while enhances the artifact in max. composite image. Left 

image is useful for correct T2
* measurements in brain tissue, whereas the right image is useful 

for locating arteries. 

 

Figure3: The spatial misencoding of the vascular signal due to flow near the auditory cortex. 
Columns show different echo times (TE1-6=[3.83, 8.20, 12.57, 16.94, 21.31, 25.68]ms, 350μm 

iso). For each view, the first two rows show acquisitions with a different phase-encoding axis 

and thus a different flow artifact. The 3rd column shows the composite image which mitigates the 

artifact. See https://youtu.be/bFnvwbNabmw for the animated version of this figure. 

 

 

Figure4: T2
* estimates for different brain tissues in representative samples around the auditory 

cortex. Red outline highlights the effect of the flow artifact on the T2
* estimates. Tissues around 

the auditory cortex is selected to demonstrate the effects of the flow artifact because of their 

proximity to large arteries, more so than any other brain region within our coverage [see 

Figure1]. Note that T2
* estimates especially for gray matter can vary across brain regions. 

 

 

Figure5: Quantitative T1  (650μm iso.) & T2
* (350μm iso.) maps (see Methods) for visual & 

auditory areas. Dashed lines show white-gray matter border. Left panel highlights clearly visible 

stria of Gennari in T2
* image. Right panel highlights intracortical layers & veins together with 

pial vessels around the auditory cortex. Arteries are dark in T1 whereas both arteries & veins are 
dark in T2

*. Therefore (pial) arteries & veins can be separated. Intracortical veins (~350μm 

apparent diameter) appear like columns (see the right panel, bottom middle). 



 

SYNOPSIS:        

Measuring the cerebral blood flow and cerebrovascular reactivity is vital in the preoperative assessment of moyamoya patients. We propose a combination of continuous multiband BOLD-MRI and 
multidelay ASL-MRI with acetazolamide as a comprehensive multi-modal alternative for the current commonly used PET-CT method. Eight female patients (age 8-41) were scanned at 3T with a ±30 min 

scan protocol, which is also suitable for patients scanned under general anesthesia. The obtained reactivity maps of the two sequences showed good agreement for severity and location of hemodynamic 

impairment. This accessible MRI method is directly suitable for routine clinical evaluation of moyamoya patients.  

INTRODUCTION       

The assessment of cerebrovascular hemodynamics is essential in the preoperative diagnostics and evaluation of patients with moyamoya vasculopathy (MMV)1–3. Cerebral blood flow (CBF) and 
cerebrovascular reactivity (CVR) obtained with a H2

15O PET-CT combined with an acetazolamide (ACZ) vascular challenge are considered the gold standard2,4. However, this method has several 

drawbacks: (1) limited availability (2) ionizing radiation, (3) high costs and (4) added patient burden. Multi-modal hemodynamic assessment with BOLD and ASL-MRI can offer a widely available, 

minimally invasive and lower-cost alternative for obtaining CBF and CVR values5,6. Standard, single post label delay (PLD) ASL is sensitive to long arterial transit times (ATT) characteristic of MMV 
pathology7. This limitation can be reduced by employing multiple PLD times (multidelay; MD) to sensitize for perfusion in long ATT areas3. Whereas BOLD is unsuitable for assessment of baseline CBF, 

its relative measure is insensitive to long ATT providing extra information in addition to ASL8,9. The high signal contrast-to-noise ratio and temporal resolution of multiband BOLD imaging can capture 

dynamic signal changes to which ASL is insensitive. However, hemodynamic assessments using either modality have been shown to be comparable to the gold standard2,10–12. Still, no standardized clinical 
protocol has been established. Working towards this, we started with a minimally-invasive and pragmatic approach of combining BOLD and ASL with ACZ administration (figure1) along with standard 

clinical scans (MRA, DWI, FLAIR if indicated), to extract additional quantitative and qualitative information on CVR/CBF within one MRI slot. Our study was primarily aimed at confirming the 

practicality of this simple setup in a routine clinical environment. Second to this, we acquired insight on the dynamic stimulus effect of ACZ on the BOLD signal during and after injection. To the best of 

knowledge this has not been shown before in MMV.  

METHODS         

We reviewed all consecutive patients who used a new (preliminary) clinical protocol for cerebrovascular hemodynamic evaluation in MMV in our center, starting October 2018. All scans were performed 

on a 3T MRI system (Philips, Best, the Netherlands). Baseline CBF measurements were obtained using an efficient Look-Locker MD-ASL approach: 5 PLDs (1206-3480ms), pCASL, multi-slice EPI, label 

duration=2s, voxelsize=3.75x3.75x7mm3,16 slices, FOV=240x240x120mm3, TR/TE=6s/11ms, flip angle=25°, SENSE factor=2, 4 background suppression, 24 volumes, scantime=5min. The ACZ 
challenge consisted of 20mg/kg ACZ (max 1000mg), injected 1 minute after initialization of continuous multiband-BOLD scanning; multi-slice gradient-echo EPI, voxelsize=2.5mm isotropic, 48 slices, 

FOV=224x224x120mm3, TR/TE=1.1s/35ms, flip angle=65° SENSE factor=1.7, multiband factor=3, 825 volumes, scan time=15.5min. 12 minutes after injection the MD-ASL was repeated for comparison 

with the pre-ACZ scan and calculation of CVR. Scans were qualitatively assessed for image quality, and perfusion and CVR deficits for clinical guidance. BOLD data was motion-corrected (FSL 
(FMBRIB, Oxford, UK)) and spatial (5mm, 3D Gaussian kernel) and temporal smoothing was applied (LOESS filter, 6% regression window). Mean BOLD images were segmented and the average gray 

matter (GM) time-series was used as a regressor to evaluate voxel-wise correlation co-efficient. Positive correlations represented signal increases in response to ACZ (indicating positive CVR) while 

negative correlations suggested the presence of vascular steal. MD-ASL data were analyzed using the BASIL tool (FSL), which provides absolute CBF and estimated ATT maps. 

RESULTS        

8 patients were identified and retrospectively reviewed (table 1). Data from all patients proved useable for clinical evaluation. In all patients hemodynamic impairment was identified and the location and 

size of the deficit was similar between ASL and BOLD. In two subjects a recent PET (<2 months apart) was available, which provided similar qualitative results (see figure 2). See figure 3 for an example 

of all information from the protocol in one patient. The multiband-BOLD shows the dynamic ACZ effect: the CBF steadily increases for the healthy regions until a plateau is reached (with 2.5% BOLD-

increase in this example). For regions with impaired CVR <30s after injection of ACZ a transient decrease in CBF (vascular steal) is seen, which rapidly (around 160s after injection) plateaus.  

DISCUSSION         

This study shows that qualitative hemodynamic assessment on CBF and CVR using a multi-modal approach with BOLD and ASL in combination with ACZ is a robust method that provides valuable pre- 

and postoperative information in MMV. Using this multi-modal assessment a decision for revascularization surgery was made in 3 cases. The MD-ASL scan is less sensitive to long ATT, whereas with the 

use of the BOLD scan the effect of ACZ can be continuously monitored. The combined ASL and BOLD methods provide complementary information for an accurate hemodynamic assessment. The earlier 
plateau-phase for impaired region (figure 3) could be explained by the sigmoidal shape of the vascular response to the effects of ACZ13,14, as shown and explained in figure 4. Although it is readily 

affordable and simple to use, ACZ has its drawbacks, like the need of the injection itself and the required clinical observation. During this observation two patients experiences headaches in this study, 

necessitating prolonging of stay in one patient.  

CONCLUSION           

Multi-modal hemodynamic assessment using BOLD and ASL MRI offers a robust alternative to the PET-CT in MMV. MD-ASL gives baseline CBF and postACZ CBF information producing a CVR map 

similar to PET-CT. The BOLD offers complementary dynamic information on the induced ACZ hemodynamic changes. 
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Figure 3: Example of a dataset of a 41 y/o preoperative patient with unilateral MMV. A.) shows 
standard clinical scans, MRA and T2 Flair. The green arrow shows stenosis and formation of 

collaterals. The BOLD (B) shows the CBF change after ACZ injection, with impaired CVR left 

parieto-frontally, also seen on the ASL (C). There is steal visible (blue arrow) and arterial transit 
artifacts (red arrow). Using the BOLD it is possible to show these apparent high CBF regions are 

indeed artefacts and show low cerebrovascular reactivity. 

Figure 4: effect of stimulus on different vessels. A is the (schematic) resting point of healthy 
vessels and B the resting point of impaired vessels. The y-axis shows the dilatory capacity, the x-

axes the CO2. Acetazolamide (ACZ) raises the pCO2. With the same stimulus (red line) different 

responses are elicited from both vessels (green line). Although the impaired vessels may react 
slightly, the pressure difference after dilation will lead to redistribution of blood, causing 

vascular steal (as shown on the right). 

Figure 1: Outline of scan protocol 

Preliminary and pragmatic protocol for quick hemodynamic evaluation. Abbreviations: md-

ASL: multidelay arterial spin labeling MRI; BOLD: blood oxygen level dependent MRI. ACZ: 
acetazolamide. X-axis: time with different scan sequences. Y-axis: effect of ACZ on CBF.  

 

Figure 2: example of 2 patients  

Patient 1 is a 14 y/o girl with unilateral moyamoya for which she received a direct bypass. She had 

new complaints and the scans show a severe perfusion defect on the left, with some reactivity. 
Patient 2 is a 10 y/o girl who received a bilateral direct bypass. 1 year later the scans show improved 

CVR on both ASL and PET.  

 

Table 1: Baseline characteristics and scan characteristics. 

Abbreviations: MMD: moyamoya disease; MMS: moyamoya syndrome; BOLD: 
blood oxygen level dependent; ASL: arterial spin labeling. 

Baseline characteristics n=8 
 female 

 
8 100,0% 

age in years (median; range) 14,5 (8,5-41,8) 

adult 
 

1 12,5% 

diagnosis MMD  8 100,0% 

 
MMS 1 12,5% 

unilateral 
 

2 25,0% 

Prior infarction 
 

6 75,0% 

prior operation  no 4 50,0% 

 
direct 3 37,5% 

 
indirect 2 25,0% 

    scan properties 
  Indication for hemodynamic evaluation 
  

 
preoperative evaluation 2 25,0% 

 
new neurological symptoms 5 62,5% 

 
radiological asymptomatic worsening 1 12,5% 

narcosis required  3 37,5% 

BOLD scan completed 6 75,0% 

ASL scan completed  8 100,0% 

 



 

Synopsis: Dysphagia or difficulty in swallowing is a common and potentially hazardous complication of treatment for head-and-neck cancer. Real-time MRI of 

swallowing may become a radiation-free alternative to the current videofluoroscopic swallowing study. We showed that real-time volumetric MRI of swallowing is 

feasible using a stack-of-stars acquisition with a compressed-sensing at 12 frames per second. An aligned stack-of-stars approach resulted in similar image quality 

to a rotated stack-of-stars approach with a tiny golden angle. We could distinguish swallowing features such as bolus collection and laryngeal elevation and closure. 

 

Purpose: Dysphagia or difficulty in swallowing is a common and potentially hazardous complication of treatment for head-and-neck cancer1. The most commonly 

used method for evaluating swallowing is videofluoroscopic swallowing study (VFSS)2. Although the VFSS reliably detects aspiration, it has poor soft-tissue 

contrast, images from VFSS are only 2D projections, and it requires the use of ionising radiation. 

Real-time MRI of swallowing has been proposed as an alternative to VFSS3, but it is usually acquired only in a single slice. If aspiration occurs outside this imaged 

slice, it will be missed by such a 2D MRI sequence. Therefore, our aim is to image swallowing in real-time and in 3D, for which we evaluated two rotated stack-of-

stars (RSOS) approaches at 3 T. 

 

Methods: Acquisition strategies: For 2D real-time MRI at 3 T, the radial golden angle acquisition pattern is often used, as it allows arbitrary window length and 

position and ensures a uniform distribution of spokes for any number of spokes4. Extended to 3D, the aligned SOS (ASOS) is generally used, in which the kz-

direction is fully sampled in a Cartesian way5. In static imaging, the image quality has been shown to improve by rotating the individual stars in a SOS6. For real-

time imaging, we rotated the stars along the kz-direction by the same angle that is used to rotated the spokes in-plane (RSOS-ψ9). The angular increment should be 

continued by while incrementing though the phase-encoding directions and though time. 

As the angle increment in the radial golden angle acquisition is large (111.25°), eddy currents will distort the images. Similar to the golden angle, tiny golden angles 

allow for arbitrary window selection, while the spokes are distributed evenly7. To ensure an optimal distribution of spokes in the tiny-golden-angle rotated stack-of-

stars (RSOS-ψ9), we chose the tiny golden angle number equal to the number of samples in the kz-direction (ψ9). 

In order to compare the three sampling strategies (ASOS, RSOS-ψ1, and RSOS-ψ9), we determined the incoherence of the PSF after undersampling. This 

incoherence was quantified by dividing the central peak by the standard deviation of the side lobes. 

Healthy volunteers: Four healthy volunteers were included (1 female, mean age 28 years, range 26-29 years), from whom we obtained written informed consent. 

The three acquisition patterns (ASOS, RSOS-ψ1, and RSOS-ψ9) were implemented on a 3T Philips Ingenia scanner (Best, Netherlands). These acquisition patterns 

were acquired twice, once without motion and once during the swallowing of 20 mL of pineapple juice. The scan parameters shared between the three acquisitions 

were: 3D GRE; TR/TE = 3.0/1.26 ms; flip angle: 10°; readout samples: 256; FOV: 256x256x42 mm3 (APxFHxRL); voxel size 2x2x6 mm3 (APxFHxRL); slice 

oversampling: 2 slices. 

The images were reconstructed using MATLAB (R2019a, Mathworks, Natick, MA) and BART8. After radial phase shift correction9 and noise pre-whitening, we 

estimated sensitivity maps from low resolution images from all spokes using ESPIRIT10. We binned 6 spokes per slice in each frame and doubled the number of 

frames using a sliding window approach. The real-time images were reconstructed using compressed sensing with a locally-low rank constraint in plane 

(regularisation parameter λ=0.001) and total variation regularisation over time (λ=0.005). To quantify the differences between the fully-sampled and the 

compressed-sensing reconstruction, we calculated the normalised root-mean-squared errors (NRMSE) and the structural similarity indices (SSIM)11. These metrics 

were calculated between the middle frame of the real-time image and the fully sampled image. 

 

Results: The PSF simulations indicated that the incoherence was higher for both RSOS approaches than for the ASOS, regardless of the number of spokes per slice 

used (figure 1). For the images from motionless volunteers (figure 2), the images reconstructed using compressed sensing displayed blurring compared to the fully 

sampled images, which may have caused by the broader PSF or the regularisation in the compressed sensing reconstruction. Additionally, the image quality of 

RSOS-ψ1 determined visually and by the NRMSE and SSIM, was worse than that of SOS and RSOS-ψ9, for which the image quality was roughly equal. By 

visualising several swallowing phases, we show that 3D real-time MRI of swallowing at 12 frames per second is feasible (figure 3 and 4) and successful for all four 

volunteers (figure 5). 

 

Discussion: Real-time 3D MRI of swallowing was feasible at 12 frames per second. Several anatomical features of swallowing were clearly visibly such as bolus 

collection in the oral cavity and laryngeal elevation and closure. The improvement in PSF for RSOS compared to ASOS was not visible in vivo probably due to the 

stronger eddy currents for RSOS. However, image quality was partially restored by using a tiny golden angle (RSOS--ψ9). 

 

Conclusion: Real-time volumetric imaging of swallowing is feasible using a stack-of-stars acquisition with a compressed-sensing at 12 frames per second. An 

aligned stack-of-stars approach results in similar image quality to a rotated stack-of-stars approach with tiny golden angles. 

 

References: 

1. Szczesniak et al. Persistent dysphagia after head and neck radiotherapy. Clin Oncol. 2014;26(11):697-703. 

2. Murphy et Gilbert. Dysphagia in Head and Neck Cancer Patients Treated With Radiation. Semin Radiat Oncol. 2009;19(1):35-42. 

3. Olthoff et al. Evaluation of dysphagia by novel real-time magnetic resonance imaging. Neurology. 2016;87(2):2132-2138. 

4. Winkelmann et al. An optimal radial profile order based on the golden ratio for time-resolved MRI. IEEE Trans Med Imaging. 2007;26(1):68-76. 

5. Feng et al. Golden-angle radial sparse parallel MRI. Magn Reson Med. 2014;72(3):707-717. 

6. Zhou et al. Golden-ratio rotated stack-of-stars acquisition for improved volumetric MRI. Magn Reson Med. 2017;78(6):2290-2298. 

7. Wundrak et al. A small surrogate for the golden angle in time-resolved radial MRI based on generalized fibonacci sequences. IEEE. 2015;34(6):1262-1269. 

8. Uecker et al. Berkeley Advanced Reconstruction Toolbox. In: Proc Intl Soc Mag Reson Med. Toronto; 2015. 

9. Buonincontri et al. Trajectory correction for free-breathing radial cine MRI. Magn Reson Imaging. 2014;32(7):961-964. 

10. Uecker et al. ESPIRiT - An eigenvalue approach to autocalibrating parallel MRI: Where SENSE meets GRAPPA. Magn Reson Med. 2014;71(3):990-1001. 

11. Wang et al. Image Quality Assessment: Form Error Visibility to Structural Similarity. IEEE Trans image Process. 2004;13(4):600-612. 

 

MRI of swallowing: a stack-of-stars approach to 

real-time volumetric imaging at 12 frames per second at 3 T 

 

 

 

  

 

L.Voskuilen1,2,3, J. Schoormans4, G.J. Strijkers4, F. van der Heijden1,5, L.E. Smeele1,6, A.J. Nederveen2 
1Department of Head and Neck Oncology and Surgery, Netherlands Cancer Institute, Antoni van Leeuwenhoek Hospital, Amsterdam; 2Department of Radiology and Nuclear Medicine, 

Amsterdam UMC, UvA, Amsterdam; 3Department of Oral and Maxillofacial Surgery, Academic Centre for Dentistry Amsterdam and Academic Medical Center, UvA and VU, Amsterdam; 
4Biomedical Engineering and Physics, Amsterdam UMC, UvA, Amsterdam; 5Department of Robotics and Mechatronics, MIRA Institute, University of Twente, Enschede; 6Department of 

Oral and Maxillofacial Surgery, Amsterdam UMC, UvA, Amsterdam 

 

Acknowledgments / Funding Information: We would like to thank the Maurits and Anna de Kock Stichting for supporting the purchase of a flexible tongue receiver coil used in this study. 

 

PP-005 Power Poster



 

 

 

Figure 1: Point-spread function (PSF) simulations for three 3D radial stack-of-stars acquisition 
patterns, where a higher incoherence is better. For the two rotated stack-of-stars (RSOS) 

acquisition patterns, the incoherence is better than that of the aligned stack-of-stars (ASOS) 

acquisition (a). The difference between the continuous RSOS with the golden angle (RSOS-ψ1) 
and that with a tiny golden angle (RSOS-ψ9) is small. For 6 spokes per slice, the central slices of 

the PSFs for the three acquisition strategies are displayed (b). 

 

  

    

 

 

Figure 2: In vivo real-time 3D imaging using a compressed sensing reconstruction (second 

column) is compared to a fully sampled reconstruction (first column) without any (swallowing) 

motion. The compressed sensing reconstruction for RSOS-ψ1 displays in more radial streaking, 
also resulting a higher NRMSE and a lower SSIM. Although the PSF of the RSOS-ψ9 exhibits 

higher incoherence, the images does not show a higher image quality than the images of the 

ASOS. The NRMSE and SSIM are also equal.  

 

 

Figure 3: Overview of real-time 3D MRI of swallowing four frames (at equal distance in time) 
that represent four swallowing phases. The contrast agent (pineapple juice) is displayed as a 

hyperintense fluid in the oral phase (arrow in the first column). Laryngeal elevation and closure 

by the epiglottis can be appreciated in the pharyngeal phase (arrow in second column). In the 
oesophageal phase, the contrast agent is located in the oesophagus (arrow third column). Finally 

in rest, tongue relaxes and creates space between the palate and itself (arrow last column). 

 

Figure 5: For the four healthy volunteers, frames are displayed just before swallowing pineapple 
juice. The preferred position of the contrast agent (pineapple juice) differs between the 

volunteers: The first volunteer has the fluid in the cheeks, the second volunteer between the 

tongue and lips, and the last volunteer between the tongue and palate.

 



 

Introduction:   

Dynamic contrast-enhanced (DCE) magnetic resonance imaging (MRI) has been developed into a powerful tool for the quantification of 

microvascularization and permeability. When applied to vessel wall imaging, such as atherosclerotic plaques and abdominal aortic aneurysms (AAA), 

a black-blood sequence is preferred, since a very bright lumen signal can partly conceal perfusion regions or cause artefacts related to blood motion. 

A volumetric highly-accelerated vessel-wall black-blood DCE-MRI protocol was previously succesfully demonstrated [1]. 

In order to derive pharmacokinetic (PK) parameters one generally needs the arterial input function (AIF). The AIF can be measured in combination 

with black-blood DCE by interleaved bright/black blood sequences. However, these are time-inefficient and complicate signal behavior. Unfortunately, 

the absence of a patient-specific arterial input function (AIF) prevents most pharmacokinetic modeling approaches. Moreover, many AIF-free 

alternatives are not valid for highly vascularized regions.  

To overcome these issues, we propose the use of an AIF-free black-blood DCE method and PK modeling  employing the novel Constrained Extended 

Reference Region Model (CERRM) [2], which can model the plasma fraction. This model uses the concentration curve in a muscle reference region 

and uses this to solve a reformulation of the Toft’s model. Instead of absolute values, the resulting PK parameters are relative to those of the reference 

region. We have combined these methods and have included additional fit constraints to prevent unphysical solutions. To demonstrate the feasibility 

of our new approach, we performed DCE measurements in AAA patients. A scan-rescan study was performed to analyze the reproducibility of the 

sequence-analysis pipeline.  

Methods:  

All scans were performed with a 3T Philips Ingenia system. Four patients with an AAA underwent a DCE-protocol with injection of Gadolinium 

(Magnevist). A 3D golden-angle stack-of-stars TFE with iMSDE (improved motion-sensitized driven equilibrium) black-blood preparation was 

performed (Fig. 1). To assess reproducibility, a second scan was performed around one week after the first. 

Further scan parameter were: FA=11°; TE/TR = 3.5/7.4 ms; TFE-factor = 35 resolution=1/1/2 mm3; temporal resolution=11 s/frame; total scan-time=10 

minutes. A compressed sensing reconstruction [3] was used with a temporal total-variation constraint (lambda = 0.1). Reconstructions were performed 

on a workstation with 2 NVIDIA Tesla P100 GPUs.  

The AAA vessel walls and a muscle region were manually segmented (Fig. 2) in VesselMASS (Leiden University, the Netherlands). CERRM analysis 

was performed in Matlab (Mathworks, USA) and Python. Signal intensity curves were converted to concentration curves using the signal model 

described in [4]. Pre-contrast vessel-wall T1 and T2 values were fixed in the model. The voxel-wise ktrans, ref maps were divided into three parts in the 

foot-head direction, and 12 parts in the circular direction centered around the centroid of the segmentation (Fig. 2). The mean in these subdivided 

regions was compared one-to-one between scan and rescan. Subsequently, correlations and coefficient of variation (CoV) were calculated. 

PK-model:  

The original CERRM method [2] is a least-squares solution of Ax=b, where A contains the signal concentration and B is a matrix containing integrals 

of the muscle and signal-of-interest concentrations. x is a vector containing linear combinations of the PK parameters. However, the global solution to 

this problem may result in unphysical (negative) values for Ktrans. To prevent this, we introduce additional constraints to this model, and solve it by 

minimization of an l2 norm: 

min |𝐴𝑥 − 𝑏|2
2 𝑠. 𝑡. 𝑘𝑒𝑝,𝑟𝑟 > 0 . 

It can be shown that these constraint can be expressed by this relation between the elements of x: 

min |𝐴𝑥 − 𝑏|2
2 𝑠. 𝑡.  𝑥1

2 > 4𝑥2𝑥3. 

Similarly, in the second step of [2] we added additional constraints: 

min |𝐺𝑦 − 𝑏|2
2 𝑠. 𝑡.  𝑦1 > 𝑦2𝑦3. 

Results & discussion:  

Fig. 3A shows pre- and post-contrast DCE images of the AAA of one patient. Regions of lower and higher enhancement can be clearly identified. A 

voxelwise Ktrans,ref map of both the scan and rescan (Fig. 3B) shows good spatial correspondence of the high and the low enhancement regions.  

The constrained fit lowers the CoV from 66% to 49%, it also removes the bias (Fig. 4). Additionally, the constraint has removed unphysical values 

entirely (negative Ktrans, negative Ve, Vp). Also, the fit cost has substantially lowered, while the overall Ktrans,ref distribution is similar (Fig. 5).  

Nguyen [5] found a AAA scan-rescan CoV of 38% in a 2D bright-blood sequence with a Patlak fit. We found a CoV that is slightly worselower. We 

think this is due to mis-registration between scan and rescan which could be improved by elastric registration.  

Conclusion:  

We introduced 3D black-blood DCE MRI in combination with AIF-free modeling to facilitate the measurement of pharmacokinetic parameters in the 

aorta vessel wall of patients with an abdominal aortic aneurysm. Our method enables 3D assessment of microvascularization and permeability which 

could assist a clinical risk assessment of this condition.  

References:  

[1] J. Schoormans, K. Zheng, E. Stroes, G. Strijkers, A. Nederveen, and B. Coolen, “3D Black-Blood DCE-MRI Using Radial Stack-Of-Stars Acquisition and CS Reconstruction: Application in 

Carotid and Femoral Arteries,” in Proceedings of the Annual Meeting of the ISMRM, 2017. 

[2] Z. Ahmed and I. R. Levesque, “An extended reference region model for DCE-MRI that accounts for plasma volume,” NMR Biomed., vol. 31, no. 7, pp. 1–13, 2018. 

[3] L. Feng, L. Axel, H. Chandarana, K. T. Block, D. K. Sodickson, and R. Otazo, “XD-GRASP: Golden-angle radial MRI with reconstruction of extra motion-state dimensions using compressed 

sensing,” Magn. Reson. Med., vol. 75, no. 2, pp. 775–788, 2016. 

[4] H. Qi, F. Huang, Z. Zhou, P. Koken, N. Balu, B. Zhang, C. Yuan, and H. Chen, “Large coverage black-bright blood interleaved imaging sequence (LaBBI) for 3D dynamic contrast-enhanced MRI 

of vessel wall,” Magn. Reson. Med., vol. 79, no. 3, pp. 1334–1344, 2018. 

[5] V. L. Nguyen, M. E. Kooi, W. H. Backes, R. H. M. van Hoof, A. E. C. M. Saris, M. C. J. Wishaupt, F. A. M. V. I. Hellenthal, R. J. van der Geest, A. G. H. Kessels, G. W. H. Schurink, and T. 

Leiner, “Suitability of Pharmacokinetic Models for Dynamic Contrast-Enhanced MRI of Abdominal Aortic Aneurysm Vessel Wall: A Comparison,” PLoS One, vol. 8, no. 10, pp. 6–12, 2013. 

Black-blood DCE-MRI and AIF-free pharmacokinetic modeling of the aorta wall in patients with an 

abdominal aortic aneurysm. 

 

 

 

  

 

Jasper Schoormans1, Claudia Calcagno2, Reza Indrakusuma3, Hamid Jalalzadeh3, Ron Balm3, Stefan Smorenburg4, Gustav J 
Strijkers1, Aart J Nederveen5, and Bram F Coolen1 

1.Department of Biomedical Engineering and Physics, Amsterdam University Medical Centers, University of Amsterdam, Amsterdam, Netherlands; 2.The BioMedical Engineering and Imaging Institute, Icahn School 

of Medicine at Mount Sinai, New York, NY, United States;  3.Department of Surgery, Amsterdam University Medical Centers, University of Amsterdam, Amsterdam, Netherlands; 

4.Department of Vascular Surgery, Amsterdam University Medical Centers, University of Amsterdam, Amsterdam, Netherlands; 5.Department of Radiology and Nuclear Medicine, Amsterdam University Medical 

Centers, University of Amsterdam, Amsterdam, Netherlands 

 

O-001 Clinical: Heart and Mind



 

 

 
 

 

 

 

 

 

 
 

Figure 2. A. ROIs drawn in the AAA vessel wall and the 

reference region muscle. B.Scan-rescan comparison was 

done by converting the AAA border wall into segments. 

C.Concentration curves of segments and the mean in the 

muscle reference region. 

Figure 1 Black-blood vessel-wall DCE sequence. A. An 

iMSDE black-blood prepartion and a SPIR fat-saturation 

are followed by a TFE-train. B. To maintain good blood-

suppresion, the TFE shot is read-out center-first in the 

stack-direction. Subsequent TFE shots are rotated with 

golden-angle increments.  

 

Figure 5  A. Example AAA images, pre- and post-contrast. 

Good blood signal supression remains after contrast injection. 

B. Voxel-wise Ktrans,ref maps show very good and well-

reproducible localization of high- and low uptake regions.  

 

Figure 3 A. Mean fit error of  the CERRM model over all voxels with 

standard error given by the red error bars. B. Distribution of 

Ktrans,ref voxels in the unconstrained and constrained fits. While the 

overall distribution is similar, the unconstrained method does have 

more very high Ktrans,ref values than the constrained fit.  

 

Figure 4 Bland-Altman 

plots of the Ktrans,ref  of the 

original (unconstrained) 

and constrained CERRM 

methods.  

 



 

Synopsis: Synopsis: Heart failure with preserved ejection fraction is accompanied by diastolic dysfunction. Diastolic dysfunction is associated with metabolic 

dysregulations, particularly obesity.  Physical Activity might reduce this process improving diastolic function and left ventricular (LV) morphology. In this cross-

sectional Netherlands Epidemiology of Obesity study, individuals underwent cardiovascular MRI to asses diastolic function and LV Morphology. Physical Activity 

was determined via the SQUASH questionnaire. Multivariable linear regression was performed adjusting for metabolic covariates. Physical Activity was moderately 

associated to diastolic function and strongly to LV Morphology. Conclusively,  associations of diastolic function and LV morphology with Physical Activity can be 

determined accurately by MRI. 

INTRODUCTION: Heart failure with preserved ejection fraction (HFpEF) symptomatology is caused by molecular and structural changes in the myocardium, 

which in turn can be caused by a heterogeneous spectrum of underlying conditions (1). Metabolic dysregulation and a chronic low grade inflamed state are associated 

with increased diffuse fibrosis and cardiac hypertrophy resulting in a stiffer left ventricle (LV) causing diastolic dysfunction. It has been debated that central 

(abdominal - visceral) obesity but not general obesity play an important role in the onset and progression of diastolic dysfunction and HFpEF (2). Physical Activity 

seems to reduce visceral adiposity without change of total body fat (3). Hereby it may have cardio protective effects by reducing metabolic dysregulation promoting 

diastolic function (4).  Cardiac function is often assessed in large scale study’s by echocardiography which is less reliable than MRI (5). In this MRI based study, we 

therefore hypothesize that Physical Activity was associated with diastolic function and LV morphology, accurately assessed by MRI and may be confounded by 

effects of metabolic dysregulations particularly central obesity. 

METHODS: In this cross-sectional analysis of the prospective, population-based Netherlands Epidemiology of Obesity study, 917 middle-aged individuals (53% 

female, mean age (SD): 56 (6) years) were included after excluding missing data, history of cardiovascular disease and anti-inflammatory medication usage. 

Participants underwent cardiovascular MRI. For LV structure, the LV was imaged in short-axis orientation using electrocardiographically (ECG)-gated breath-hold 

balanced steady-state free precession (bSSFP), with imaging parameters: TR/TE 3.4/1.7 ms, FA 35º, slice thickness 10 mm, no slice gap, field of view (FOV) 400x400 

mm, matrix size 256x256 (Fig. 1A). To determine diastolic function, an ECG-gated gradient echo sequence with velocity encoding over the mitral valve was used, 

with imaging parameters: TR/TE 6.5/1 ms, FA 20°, slice thickness 8 mm, FOV 350x350 mm, matrix size 256x256, velocity-encoding gradient 150 cm/s, number of 

phases 40 (Fig. 1B). Physical Activity was determined via the Short Questionnaire to Assess Health-enhancing physical activity in Metabolic Equivalent of Task 

(MET) hours per week (h/w). Associations between measures of Physical Activity, divided in quartiles termed as inactive (IN), moderately inactive (MOD-in), 

moderately active (MOD-ac) and active (AC) and cardiac diastolic markers specified  as the ratio between LV transmitral early maximal filling velocity and late 

filling velocity (E/A ratio), LV mass (LVM), LV mass index (LVMi) and LV end-diastolic volume (LVEDV) where analysed using multivariable linear regression 

analyses. Covariates were selected on clinical relevance, which where sex and age. Dichotomized Metabolic Syndrome (MS) variables  where added specified as 

central obesity (waist women ≥ 88cm, men ≥ 102cm), hypertriglyceridemia (women/men ≥ 150 mg/dl), low HDL  (women < 40 mg/dl, men < 50 mg/dl), hypertension 

(women/men>130/85 mmHg) and disturbed glucose metabolism (women/men ≥ 100 mg/dl). Dichotomized low-grade systemic inflammation (women/men ≥ 2mg/L) 

was added as extra element since the MS may linger beyond that predicted by the official MS variables. Total body fat (TBF), measured via bioimpedance in 

percentages as a continues variable, was added to the model as a measure for general adiposity to adjust the association of central obesity. 

RESULTS: After adjusting for previous mentioned covariates, all Physical Activity categories (IN, MOD-in, MOD-ac and AC) were moderately associated with the 

E/A ratio after adjusting for previous mentioned covariates (P>0.05, R² = 0.292) – (Fig. 2, Fig. 3). All Physical Activity categories remained strongly associated after 

adjusting by covariates with LVM, LVmi and LVEDV: MOD-in +6.34g (P=0.002), +2.32g/m2 (P=0.015), +8.69ml (P=0.005), MOD-ac +8.06g (P=0.000), +3.62g/m2 

(P=0.000), +12.49ml (P=0.001) and AC +10.92g (P=0.000), +4.71g/m2 (P=0.000), +18.11ml (P=0.000) – (Fig. 2, Fig3). There were no significant statistical 

interactions between Physical Activity categories and MS variables. Physical Activity Median and interquartile range was 32 MET h/w (15.9 – 53.2). Accordingly, 

IN was ≤ 15.9 MET h/w, MOD-in was between > 15.9 and ≤ 32 MET/h, MOD-ac was between > 32 and ≤ 53.2 MET/h and AC was > 53.2 MET/h 

DISCUSSION: Physical Activity seems to be moderately associated with diastolic function, determined by a positive effect on the E/A ratio. MS variables might 

have an opposite effect on this association. In particular, hypertension, hypertriglyceridemia and central obesity, but not TBF, may play a role lowering the E/A ratio.  

Physical Activity seems to be strongly associated with LV morphology, determined by a positive effect on LVM, LVMi and LVEDV after adjusting by all covariates. 

TBF and central obesity among others have a similar, but smaller effect on this association. 

CONCLUSION: MRI based measurements of diastolic function and LV morphology can accurately establish possible associations with Physical Activity. 

Summary of Main Findings: Associations of Diastolic Function and Left Ventricular Morphology with Physical Activity can be determined accurately by MRI, 

carefully adjusted for metabolic covariates in large study’s like the cross-sectional prospective, population-based Netherlands Epidemiology of Obesity study. 
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Synopsis: Retrospective automated valve tracking of intra-cardiac 4D flow MRI allows semi-automated flow assessment over all four valves. Since 

consistency analysis so far has been limited to single-site studies, the aim of this study was to compare the inter-observer and inter-site variability of 

valvular flow quantification between multiple centers including different scanner vendors. Retrospectively, six centers quantified the valvular flow 

from 10 locally recruited subjects. These measurements were repeated by one central observer for all subjects. The outcomes of this study show that 

valvular flow quantification is clinically acceptable at multiple centers, despite differences in locally used MRI platforms and protocols. 

 

Purpose: The management of patients with valvular heart disease relies on consistent quantification of blood volumes over all four valves. Recent 

studies have shown that valvular flow assessment of all four valves can be achieved semi-automatically by retrospective automated valve tracking of 

intra-cardiac four-dimensional flow magnetic resonance imaging (4D flow MRI) [1, 2]. Consistency analysis of net forward volumes among the four 

valves has previously been used to assess the reliability of the forward flow assessment. However, to date such analysis has been limited to single-site 

studies. Therefore, the aim of this study was to compare the inter-observer and inter-site variability of valvular flow quantification between multiple 

centers including different scanner vendors. 

 

Method: Retrospectively, six centers each provided data from 10 subjects (consisting of patients, healthy volunteers, or a combination of both, but 

without intra- and extra-cardiac shunt flow) who underwent 4D flow MRI (see Table 1 for details). To evaluate inter-observer variability, the analysis 

was performed by site-specific observers who analyzed data recruited at their center, and one central observer who repeated the analysis of all subjects. 

 

For each of the four cardiac valves, valvular flow quantitation was conducted with CAAS MR Solutions v5.1 (Pie Medical Imaging, Maastricht, The 

Netherlands, Figure 1). The observers first initiated the semi-automated valve tracking by placing two annular points in two orthogonal cine views per 

valve. Secondly, the observers manually delineated the valve contours on the trans-valvular velocity maps. For each of the four valves, the software 

determined the net forward volume and regurgitation fraction. Furthermore, to determine the consistency in the net forward volume among the four 

valves, the net forward variation was calculated by dividing the standard deviation over the mean net forward volume among the four valves (≤10% is 

considered clinically acceptable [1]). To assess the inter-observer variability, Bland-Altman analysis [3], coefficient of variation (COV) and intraclass 

correlation coefficient (ICC) were calculated. The outcomes of these tests were used to compare the inter-site variability.  

 

Results: For all centers, the analysis showed a strong-to-excellent ICC with a low COV for net forward volume, see Table 2. Mean differences in net 

forward volume and regurgitation fraction were ≤1.6mL and ≤1.1%, except for two sites which had a higher differences (-10.2mL and -5.6mL; 2.1% 

and 5.0%). Furthermore, all observers had comparable net forward variation of ≤8.3%, except for two site-specific observers which had a slightly 

higher net forward variation (≤14.2% and ≤12.9%). Out of 120 cases, the site-specific and central observer had in 103 (85.8%) and 110 (91.7%) a net 

forward variation ≤10% respectively. The mean differences in net forward variation was ≤1.6%, except for three centers (7.0%, 4.1% and -5.2%).  

 

Of note, out of 240 valves the site specific observer scored 13 (5.4%) and 1 (0.4%) valves with a moderate (15% - 25%) and severe (>25%) regurgitation 

fraction respectively. The central observer scored 7 (2.9%) and 2 (0.8%) valves with a moderate and severe regurgitation fraction respectively. All 

other valves were scored with a none-to-mild regurgitation fraction below 15%. 

 

Discussion: The inter-observer and inter-site variability was comparable for all sites, despite differences in locally used MRI platforms and protocols. 

Furthermore, the net forward volume was consistent and clinically acceptable for most observers. Only small inter-observer differences in net forward 

volume and regurgitation fraction were found. Since for the majority of the valves none-to-mild regurgitation was present, the regurgitation correlation 

between both observers could not be studied. 

 

Conclusion: This multicenter study shows that valvular flow quantification with retrospective automated valve tracking of intra-cardiac 4D flow MRI 

is clinically acceptable at multiple centers, despite differences in locally used MRI platforms and protocols. 
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Table 1. Site characteristics. 

 

Figure 1. Schematic overview of the imaging analysis steps. Step 1: 

Automated valve tracking of the mitral valve in a four-chamber and two-

chamber cine views. Below the mitral valve displacement-time curve is 
presented. Step 2: Manual delineation of the valve contours on the trans-

valvular velocity maps. Below the transmitral flow-time curve is presented. 

 

Table 2. Inter-observer results. 

 



 

Synopsis: Spectral analysis using non-negative least squares in intravoxel incoherent motion enables estimation of an intermediate component in the diffusion spectrum between 

parenchymal diffusion and microvascular pseudodiffusion. However, the precise source of the intermediate component remains unknown. By studying the relation of the intermediate 

component with vascular (i.e. WMH volume) and neurodegenerative (i.e. hippocampal atrophy) biomarkers, the current study aimed to gain more knowledge about the interpretation 

of the intermediate peak in relation to cognitive status and its underlying pathology. The intermediate peak seems to be a promising imaging biomarker for microvascular and 

neurodegenerative pathology in Alzheimer’s disease and its prestages.  

 

Introduction: Intravoxel incoherent motion (IVIM) has the ability to separate parenchymal diffusion from microvascular pseudo-diffusion1. IVIM can quantify exactly two or three 

components when using bi- or tri-exponential models1,2, respectively. In contrast, the spectral analysis method using the non-negative least squares (NNLS) method lays no constraints 

on the number of estimated components3. Spectral analysis has been used to identify an intermediate peak between two classical components, which is argued to represent increased 

interstitial fluid within enlarged perivascular spaces (ePVS)3. Wong et al.3 showed that the amplitude of the intermediate peak relates to the number of ePVS and the volume of white 

matter hyperintensities (WMH). An increased amplitude of this peak has been suggested to be related to an impaired glymphatic system4, but the precise source of this diffusion signal 

still remains unknown. In addition, no studies have looked at the role of the intermediate component in memory clinic patients, who are expected to have an impaired glymphatic 

system. The current study aims to investigate the intermediate peak in a population of individuals from a memory clinic with a range of cognitive abilities and a variation in neurovascular 

and neurodegenerative pathology. By studying the relation of the intermediate diffusion component with vascular (i.e. WMH volume) and neurodegenerative (i.e. hippocampal atrophy) 

biomarkers, the current study aims to gain more knowledge about the interpretation of the intermediate peak in relation to cognitive status and its underlying pathology. 

 

Methods: Subjects: Eighty-five patients (17 Alzheimer’s disease (AD), 19 mild cognitive impairment (MCI) and 9 vascular cognitive impairment (VCI) patients) and 39 healthy 

controls were included in this study.   

MRI acquisition: All subjects underwent an MRI protocol (Philips 3.0 Tesla) with a 32-channel head coil, as previously described in more detail5. Diffusion MR images were acquired 

using single-shot spin-echo echo planar imaging (EPI) sequence in orthogonal 3 directions (TR/TE = 6800/84ms; matrix = 112x112x58; pixel size = 2.4mm, transverse slice thickness 

= 2.4mm), after cerebrospinal fluid suppression (TI = 2230ms). Fifteen diffusion sensitive b-values were employed (b = 0,5,7,10,15,20,30,40,50,60,100,200,400,700 and 1000 s/mm2). 

Image analysis: Trace images were calculated and corrected for head displacements, eddy current and EPI distortions (ExploreDTI version 4.8.4)6 and smoothed with a 3mm FWHM 

Gaussian kernel (FSL version 6.0.1)7. Freesurfer version 5.1.0 was implemented to automatically segment anatomical T1 images, with manual inspection8. WMH were identified, as 

previously described5,9. White matter (WM) was separated into WMH and normal appearing WM (NAWM). The following regions of interest (ROIs) were coregistered to native IVIM 

space via the T1 anatomical images (FLIRT, FSL)10: cortical gray matter (GM), subcortical GM, WMH and NAWM. WMH and hippocampal volume were corrected for total intracranial 

volume. ePVS were rated in the basal ganglia (BG) and centrum semiovale (CSO) as follows: 0=<10 ePVS, 1=10-20 ePVS, 2=>20 ePVS (see Figure 1). Spectral analysis using NNLS 

was conducted to analyze the IVIM data in a voxel-based manner3. The intermediate diffusion component was identified as 1.5<D<4.0*10-3 mm2/s, and the contribution of the 

intermediate component to the signal was determined by quantifying fint, while correcting for T1 and T2 relaxation effects3. The median value of the fraction and diffusivity values were 

extracted for each individual ROI. Spearman’s rho correlations adjusted for age and gender were computed between variables of interest (i.e. hippocampal atrophy, WMH volume, BG 

ePVS and CSO ePVS) and fint for each ROI (IBM SPSS statistics version 25). 

 

Results: Table 1 provides information on the demographics, vascular and neurodegenerative markers and fint for each ROI. An example of a diffusion spectrum in the GM of an AD 

patient including the parenchymal, intermediate and microvascular peak is displayed in Figure 2. Table 2 contains all significant Spearman’s rho correlations of fint with vascular and 

neurodegenerative markers, adjusted for age and sex. For example, a negative association can be observed between hippocampal volume and fint in the subcortical GM in the AD group, 

while this relationship was absent within the other clinical groups (see Figure 3). In contrast, a positive correlation can be found within the MCI group, where increased WMH volume 

is associated with a higher fint in subcortical GM (see Table 2). Additionally, significant correlations have been identified between CSO ePVS and fint in WMH in both controls and 

MCIs, between BG ePVS and WMH fint in MCI, and between BG ePVS and NAWM fint in AD. 

 

Discussion: In this explorative study, we found multiple associations between the IVIM intermediate volume fraction and WMH volume, hippocampal atrophy, and ePVS score in the 

BG and CSO in a sample of memory clinic patients and controls with various degrees of vascular and degenerative pathology. We thereby identify fint as a promising imaging biomarker 

for microvascular and neurodegenerative pathology in AD and its prestages. Additionally, the findings of this study suggest that both vascular and neurodegenerative processes are 

associated with variation in intermediate peak fraction in memory clinic patients and cognitively normal individuals. Future longitudinal life-span studies may be able to reveal the 

mechanistic temporal relation between changes in fint, vascular pathology, neurodegeneration and cognitive decline. 

 

Conclusion: fint is a promising imaging biomarker for microvascular and neurodegenerative pathology in AD and its prestages. 
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Figure 3. Scatterplot of hippocampal volume (% of total intracranial volume) and the intermediate peak 

fraction of the subcortical gray matter per clinical group. Least‐square linear regression lines are added 

for visualization. A negative Spearman’s rho correlation between hippocampal volume and the 
intermediate peak fraction (fint) can be observed in the Alzheimer’s disease (AD) group, while no 

significant correlations can be observed between these two variables within the control (CON), Mild 

cognitive impairment (MCI) and Vascular cognitive impairment (VCI) groups. 

Figure 2. Example of the diffusion spectrum of a gray matter voxel 

in a patient (74 years, female) with dementia of the Alzheimer’s 

disease type. 

Table 1. Demographical data and relevant study parameters of the included study groups. CON = 

controls, MCI = mild cognitive impairment, VCI = vascular cognitive impairment, AD = 

Alzheimer’s disease, GM = gray matter, WMH = white matter hyperintensities, NAWM = normal 

appearing white matter, sd = standard deviation. 

Figure 1. Examples of T2-weighted images used to score the 

perivascular spaces. The red box defines the borders of the zoomed in 

region displayed at the middle of the image, depicting the basal ganglia. 
A. Example image from a control subject (72 years, female), showing a 

low number of perivascular spaces the basal ganglia. B. Example image 

from a subject with vascular cognitive impairment (76 years, female), 

showing a high number of perivascular spaces in the basal ganglia. 

 

Table 2. Spearman’s rho partial correlations (rs) between the intermediate diffusion fractions (fint) and the variables of interest per clinical group. Only significant correlations (i.e., p < 0.05) are reported. No 
significant correlations were observed within the vascular cognitive impairment group, however, this could be due to the smaller sample size of this group (n = 9). CON = controls, MCI = Mild cognitive impairment, 

AD = Alzheimer’s disease, GM = gray matter, WMH = white matter hyperintensities, NAWM = normal appearing white matter. 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 



 

Synopsis: The feasibility of radiotherapy dose calculations for brain tumours from MRI acquired with a heterogeneous set of acquisition protocols on paediatric 

patients was investigated using a combination of networks trained on orthogonal planes to estimate the uncertainty of the generated sCT. 

 

Background & objectives: To enable accurate MR-only dose planning, synthetic-CTs (sCTs) need to be generated1,2. Recently, convolutional networks have been 

proposed as a general-purpose solution to image-to-image translation problems enabling MRI-based dose calculations3,4. 

sCTs used in current clinical practice are generated by fixed MRI protocols, which restricts developments on MRI protocols and cross-platform usage. To date, it is 

unclear how a network would perform with variable imaging protocols, and, additionally, how the quality of sCT can be verified in daily clinical practice. 

This work aims at assessing: (1) the feasibility of dose calculations from MRI acquired with a heterogeneous set of acquisition protocols; (2) investigating whether 

using different orthogonal planes to train a network to generate sCT can be beneficial; (3) proposing a combination of networks trained on multiple orthogonal 

planes to estimate the uncertainty of the generated sCT. 

 

Materials and methods: All paediatric patients (pts) undergoing radiotherapy for primary brain tumours between July 2015 and May 2019 were considered in this 

study. Patients underwent a planning CT in treatment position at the radiotherapy department (Brilliance Big Bore, Philips Healthcare, Ohio, USA), while the MRI 

could have been acquired in other departments or centres. Inclusion criterion was the presence of a 3D T1w spoiled gradient-recalled echo (SPGR) and a planning 

CT. All pts were included with imaging protocols varying among pts, as shown in Table1. 

A conditional generative adversarial network (cGAN)5 was used to learn paired mapping from MRI to CT. Train/validation/test sets were created maintaining the 

heterogeneity of pts’ demographic in the three sets. The validation set was used to aid hyperparameter optimisation and find at which epoch perform early-stopping, 

while the test set was used to evaluate the performance of the network. CT images were rigidly registered and resampled to the 3D T1w SPGR images(Figure1). 

Three cGANs were trained separately on 30 patients in the three orthogonal planes for 100 epochs (18-36 hrs on a GPU, NVIDIA). The networks were validated on 

10 pts performing early-stopping. Final models were trained for 30 epochs on 40 pts and tested on the remaining 12 pts producing three sCTs per patient. For each 

patient, mean (±1σ) of the three views were calculated for each voxel obtaining a combined sCT (CsCT) and an uncertainty map, respectively(Figure1). For the pts 

in the test set, the CsCT and sCTs obtained training in each orthogonal plane were evaluated in terms of mean absolute error (MAE) and dice coefficient of the 

bony structure (DiceBone) against the planning CT. Also, non-parametric Wilcoxon signed-rank tests were conducted. Dose recalculation of clinical plans was 

performed on 10 test pts on CsCT in the Monaco treatment planning system (Elekta AB, Sweden) on a 2 mm3 grid. Dose distributions were analysed through voxel-

based dose differences, dose-volume histograms (DVH), and γ-analysis. 

 

Results & discussion: In total, 52 patients age 2-18 years-old, male/female ratio 25/27, and affected by diffuse astrocytic& oligodendroglial (n=18), embryonal 

(n=8), germcell (n=6), sellar region (n=6), ependymal (n=5), or other rare tumours (n=9) have been included. Applying the trained cGANs to the three planes of a 

single patient (Figure1) required about 20 s. An MAE of 75±15HU (mean±1σ, range:43-85) was obtained in the intersection of the body contours between CT and 

CsCT (Figure2). When comparing the results to an adult population of pts affected by brain tumours, one can observe that MAE is on average slightly higher but 

comparable to work presented in the literature3,6,7. 

The CsCT performed significantly better (p<0.001) than sCTs from networks trained in every single plane: sagittal and coronal planes had the lowest MAE (84±18 

and 84±17, respectively), followed by transverse (89±19) plane. Significant differences were observed for MAE between the sCT trained on the transverse plane 

and the other two planes. Data unbalancing was observed in the number of slices used for training: 12056, 13328, 8573 images were used for training in the 

transverse, coronal, sagittal plane, respectively. This may contribute to the different performance among the models.  

Current investigations are verifying the consistency of the results depending on the patients’ age, sex, tumour type, tumour location, magnetic field strength, FOV 

and scan with/without gadolinium. So far, we noticed a lower CsCT image quality for young patients (<3 years-old) scanned with gadolinium. However, the dose 

accuracy was not hindered. 

A dose difference of -0.1± 0.4% was obtained on the D>50% of the prescribed dose and mean γ-2%,2mm pass rate of 99.2±1.5% (Table2), which can be considered 

as sufficiently accurate for clinical use. These results are in line with the previous works3,6,7.  

Uncertainty maps were qualitatively reviewed for each patient noticing high values at the body contours and air cavities. We are currently searching for quantitative 

metrics on this uncertainty map that could be used to assess the sCT quality in the absence of CT. 

To our knowledge, this is the first time that sCTs are generated using convolutional neural networks for a paediatric population.  

 

Conclusion: Accurate MRI-based dose calculation using a combination of three orthogonal planes for sCT generation is feasible for paediatric brain cancer 

patients, even when training on a heterogeneous dataset. By combining the different planes an uncertainty map was estimated, which enabled assessing the sCT 

quality. 
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Table 1.  MRI protocols of the 3D T1w spoiled gradient-recalled echo sequence used for 

sCT generation reporting the (min-max) of parameters values. 

Table 2.  Dose comparison between CsCT and CT calculated as mean (±1σ), range 

([min; max]) of relative dose difference (DD) and γ pass rate on several dose threshold 

levels. 

 

 

 
Figure 1.  Example of MRI @3T, CsCT, CT, uncertainty map and DVH for a paediatric patient of 17 years old affected by glioblastoma. This patient had MAE=45 

HU, DiceBone=0.87 for the combined sCT. 

 
Figure 2. Violin plots of mean absolute error (MAE) in the body contour of sCTs against CT.  The p-value <0.05 of the Wilcoxon signed-rank test are reported. 

 



 

Introduction 

Traditionally, arterial spin labeling (ASL) employs spatially-selective labeling to generate an endogenous tracer, with pseudo-continuous ASL (pCASL) being the 

recommended method for brain applications1. For kidney perfusion imaging, FAIR is still the most applied labeling method2. The main downside of these spatially-

selective labeling techniques is that labeled blood needs time to travel from the labeling location to the region-of-interest. Hence, perfusion values can be affected by 

transit-time effects1. Moreover, planning of the spatial labeling volume can be challenging and time-consuming in the abdomen. Flow-based ASL-techniques can 

overcome these issues, since they label also within the imaging region and do not require the planning of a labeling slab. The first flow-based ASL technique proposed 

was velocity-selective ASL (VSASL)3, quickly followed by acceleration-selective ASL (AccASL)4, multiple velocity-selective ASL5 (mm-VSASL, using two VS-

labeling modules), and velocity-selective inversion (VSI)6 ASL. 

In this study we compared these flow-based ASL methods, with pCASL in brain, and with both pCASL and FAIR in kidney. In brain, their ability to detect perfusion 

changes was compared by using a visual task. Because of the added challenge of respiratory motion in kidney imaging, scans were performed both during paced-

breathing and free-breathing. To the best of our knowledge, this is the first time that AccASL, mm-VSASL, and VSI are applied in kidney. 

 

Methods 

All data were acquired on 3T Philips scanners using a multi-slice EPI readout. For the brain data, five healthy volunteers were scanned (24-60 years) using a 32ch-

head coil. Technique-specific scan parameters were chosen based on previous research1,3,4,5,6 (Table 1). For the kidney data, six volunteers were scanned (23-30 years) 

using a 28-element phased-array receiver-coil. Scan parameters optimized for kidney were not available for all ASL techniques, so they were chosen based on previous 

research7,8,9 and preliminary experiments. 

In one scan session per organ, AccASL, VSASL, mm-VSASL, VSI, and pCASL -scans were acquired twice in random order. For the brain data they were first 

acquired while watching a cartoon and a second time with eyes closed. For the kidney data they were first acquired in paced breathing, and a second time in free-

breathing. T1 and M0 scans were acquired for normalization and segmentation. 

All scans were realigned and co-registered to T1, using SPM12  in brain, and a groupwise image registration method10 for the kidney. Furthermore, the brain data was 

transformed to MNI space and smoothed (kernel width=8x8x8mm). Perfusion-weighted signal (PWS =ΔM/M0×100%) maps were normalized by dividing with M0, 

and temporal SNR (𝑡𝑆𝑁𝑅 =  
𝑚𝑒𝑎𝑛(𝑆(𝑡)

σ(S(t))
) was calculated. Gray matter and kidney cortex voxels were segmented based on the T1-scan. Student’s t-tests were performed 

to compare tSNR between methods and voxel-wise differences in PWS between visual stimulation and rest. 

 

Results 

Brain: PWS maps and tSNR for all labeling methods in the brain are shown in Fig1; VSI showed a significantly higher tSNR compared with all other ASL techniques. 

Variation in tSNR over volunteers was comparable between VSI and pCASL, while VSASL and mm-VSASL showed a higher variability. Increased perfusion in the 

visual cortex during visual stimulation is most clearly present in VSI- and pCASL-images (Fig2). 

Kidney: One volunteer was excluded due to excessive through-slice movement. The PWS maps and tSNR in kidney, Fig3a, clearly showed higher PWS and tSNR 

for FAIR compared with the rest. However, a downside of FAIR, is that depending on the anatomy not the whole kidney could be covered (between 54-80% of the 

kidney) because inclusion of the aorta in the imaging must be avoided to allow labeling of aortic blood. The flow-based techniques, particularly VSASL, outperform 

pCASL, since they show a similar tSNR with less variability over the volunteers. Small differences were observed in tSNR between paced and free-breathing for 

VSASL and FAIR (Fig3b). VSI in the kidney had variable success, showing severe artefacts in some volunteers, which can likely be attributed to sub-optimal 

background suppression pulses due to B1-inhomogeneity (Fig4). Although this effect was most severe in VSI, because it uses three background suppression pulses 

instead of two, also the other ASL techniques were affected at the same locations.  

 

Discussion & conclusion 

Our results showed potential for VSI in the brain, both in terms of robustness of the signal and the ability to detect perfusion changes. For the kidney VSI with the 

current settings, it is less convincing, mainly due to B1-problems of the background suppression pulses, and possibly because of B-sensitivity of the labeling pulses. 

Increased tSNR in gray matter was found for VSI compared with the gold standard (pCASL), which is especially notable since Qin (2016)5 reported similar tSNR 

between pCASL and VSI. In kidney, the flow-based ASL methods are still outperformed by FAIR in terms of tSNR. However, flow-based techniques do not place 

constraints on planning, as FAIR does, making them more time-efficient and guaranteeing whole organ coverage. Improvements of the pCASL-sequence have been 

proposed to make it more robust to field inhomogeneities11,12, which should be investigated in future studies. In addition, it would be valuable to have a reliable 

functional test to assess perfusion-sensitivity in the kidney, similar to the visual task for brain perfusion. Breathing strategy only had a minor effect on the perfusion 

signal showing the potential to perform free-breathing kidney-ASL at 3T. 

 

Acknowledgements 

This work is part of the research programme Drag ‘n Drop ASL with project number 14951, which is (partly) financed by the Netherlands Organisation for Scientific 

Research (NWO). We thank MeVis Medical Solutions AG (Bremen, Germany) for providing MeVisLab medical image processing and visualization environment, 

which was used for image analysis.  

 

References 

1) Alsop DC, Magn Res Med, 2015;  2) Odudu A, Nephrol. Dial. Transplant, 2018; 3) Wong EC, Magn Res Med, 2006; 4) Schmid S, Magn Res Med,  2014; 5) Guo 

J, Magn Res Med, 2015; 6) Qin Q, Magn Res Med, 2016; 7) Bones IK, Magn Res Med, 2019; 8) Bones IK, Proceedings ISMRM Conference, 2019; 9) Harteveld 

AA, Proceedings ISMRM Conference, 2019; 10) Huizinga W, Medical Image Analysis, 2016; 11) Zhao L, Magn Res Med, 2017; 12) Greer J, Proceedings ISMRM 

Conference, 2019. 

 

 

 

 

 

 

Multi-organ comparison of flow-based Arterial Spin Labeling techniques: brain and kidney perfusion 

imaging without transit time artefacts 

 

 

 

  

 

S.L. Franklin1,2,3, I.K. Bones2, A.A. Harteveld2, L. Hirschler1, M. van Stralen2, A. de Boer2, H. Hoogduin2, M.J.P. van Osch1,3, S.Schmid1,3, C. 
Bos2. 

1C.J. Gorter Center for High Field MRI, Department of Radiology, Leiden University Medical Center, Leiden, The Netherlands; 2Center for Image Sciences, University Medical Centre 

Utrecht, Utrecht, The Netherlands; 3Leiden Institute for Brain and Cognition, Leiden University, Leiden, The Netherlands 

 

Acknowledgments / Funding Information: This work is part of the research programme Drag ‘n Drop ASL with project number 14951, which is (partly) financed by the Netherlands Organisation for 

Scientific Research (NWO). We thank MeVis Medical Solutions AG (Bremen, Germany) for providing MeVisLab medical image processing and visualization environment, which was used for image analysis. 

 

O-006                         Abdomen



 

 

Table 1. ASL scan parameters, used for brain and kidney. For the bottom (kidney) panel; settings 

that differ between the paced and free-breathing scans are indicated as [paced-breathing]/[free-

breathing]. For all scans hyperbolic secant pulses were used as background suppression pulses. 

Figure 1. a) Brain PWS-map of a representative volunteer. As expected, mm-VSASL and to a lesser 

extent VSASL and AccASL showed some T2- and/or diffusion-weighting2,3,4. b) Group-level tSNR 

in gray matter. 

Figure 2. Visual activation map of the brain averaged over all volunteers, showing the voxels which 

had a higher activation during visual stimulus compared to rest (eyes closed). Color indicates the 

significance level. 

Figure 3. a) Kidney PWS-maps of a representative volunteer in paced breathing.  b) Group-level 

tSNR in kidney cortex, during paced- (PB) and free-breathing (FB). FAIR has a statistically 
significant higher tSNR than all other ASL-methods indicated by the asterisk (p<0.05). FAIR 

and VSASL had a significantly lower tSNR during free-breathing compared with paced-

breathing, indicated by the diamond (p<0.05). However, for free-breathing 40% more repetitions 
can be acquired in the same scan time, which will partially compensate for the tSNR-loss in the 

final ASL-measurement. 

Figure 4. Data from an example volunteer with severe VSI-artefacts. a) B1-map including an overlay 

of the kidney contours, b) VSI image with background suppression and c) VSI image without 
background suppression (bgs). VSI-artefacts in b) are co-localized to areas with reduced B1-power in 

a). Performing VSI without background suppression in c) showed less artefacts, indicating that the 

VSI-artefacts are related to the sensitivity of the background suppression pulses to B1-inhomogeneity. 

These VSI images were acquired with 10 repetitions. 



 

Synopsis: Radiotherapy treatment planning is simplified in an MR-only workflow, in which synthetic CT (sCT) are generated from MR images. However, the use of sCT for abdominal tumor for photon 

and proton treatment planning has barely been validated. In this study, deep learning-based sCT images were evaluated for photon and proton dose re-calculations in 46 pediatric patients with abdominal 

tumors. Using a model combining diagnostic T1- and T2-weighted images, clinically satisfactory difference with respect to the planning CT dose distribution in the mean target dose was obtained, with 

0.1%±0.3% dose difference for photon plans and 0.0%±0.1% for proton plans. 

Introduction  

In a standard radiotherapy treatment planning workflow, MR images are acquired for the tumor delineation and CT scans for the dose calculation. Acquiring both modalities is a burden for the patient and 
introduces post-processing steps for image registration which may lead to increased margins during planning. Therefore, MR-only workflows have been developed in which synthetic CT (sCT) images are 

generated from the MR images. In the last few years, sCTs have been developed in the prostate1 and head and neck2 regions with recent developments in thoracic3 and whole-body scans4.  

In this study, we evaluated the use of sCTs images for photon and proton dose re-calculations in pediatric abdominal tumors. 

Methods 

Data collection The population consisted of 46 patients aged 2 to 7 years, and treated for abdominal tumors (Wilms’ tumor or neuroblastoma). Tumors were located close to the lungs (7/46), or to the kidneys 
(39/46). CT and MR images covering the entire abdomen were acquired in a head first-supine position as part of the conventional protocol. Less than 45 minutes separated both acquisitions. T1-weighted 

images were acquired in the axial plane with a 3D gradient echo at a resolution of 0.7x0.7x1.5mm3. T2-weighted images were acquired in the coronal plane with a 3D turbo spin-echo at a resolution of 

0.8x0.8x1.1mm3. CT scans were acquired with an in-plane resolution of 0.8x0.8mm2 and a slice spacing of 2 to 3 mm. 

Figure 1 illustrates variations that could be seen between the image types and the anatomy of the patients in the dataset. 

Preprocessing T1- and T2-weighted images were independently, non-rigidly registered to the CT using the Elastix toolbox5. The registration was a composition of a rigid Euler transform and of a third-order 
B-spline. The registration process optimized the mutual information and was regularized by a rigidity penalty6. MR images were also resampled to the CT resolution using a third-order B-spline interpolation.  

In addition, image intensities were normalized to [-1; 1]. 

Synthetic CT generation For sCT generation we used a deep learning model derived from a U-Net7. The generation was optimized by minimizing the absolute voxelwise difference between the CT and sCT 

with a Nadam optimizer. The learning rate was decreasing stepwise from 10-2 to 10-4.  

Three models were compared taking as inputs T1-weighted images, T2-weighted images or both. For each model, a 3-fold cross-validation was performed to reconstruct the entire dataset. 

Evaluation To evaluate each model, mean error (ME), mean absolute error (MAE) and Dice score coefficient (DSC) were used. Metrics were computed only in regions where CT, T1- and T2-weighted 

images were available.  

On the best model, the sCT dose calculation accuracy was verified for photon and proton plans. Treatment plans were first optimized on the planning CT scans and re-calculated on the sCTs.  Mean dose 

difference between CT and sCT were then computed for the target and selected organs-at-risk (liver, kidney and spleen).  

Results 

Table 1 shows the quantitative results obtained for each model. Variations between T1-models and T2-models were small and were mainly observed within bone structures. The model combining T1- and 

T2-weighted images performed best with a MAE of 58±12 HU. Improvement was observed in the reconstruction of both bone structures and air cavities with variations up to 18% in MAEBone, 15% in DSCBone 

and 6% in DSCAir.  

Figure 2 shows examples of sCTs generated by each model.  Registration quality differed between T1- and T2-weighted images impacting the quantitative results in Table 1. Interestingly, the combined 

model was able to generate reliable sCTs even in regions with registration errors between MR images and in regions without T1-weighted information (Figure 2 – Patient 5). 

Figure 3 shows photon and proton dose distributions re-calculated on the CT and sCT for two patients with the target located in proximity to the lungs or kidneys. Due to interscan difference, registration 

errors between MR and CT images and motion artifacts, larger dosimetric differences were seen for patients with the target located in proximity to the lungs.  

Average differences in the mean target dose (Dmean) of 0.1%±0.3% were calculated for photon plans and of 0.0%±0.1% for proton plans.  For the organs-at-risk, mean differences among all patients ranged 

between [-0.2%; 0.4%] for the photon and [-2.4%; 2.0%] for the proton plans. Detailed dose difference per organ are given in the boxplots in Figure 4. 

Discussion  

In this study, we evaluated the use of synthetic CT for dose re-calculations in photon and proton therapy for pediatric patients with abdominal tumors.  

Our results compare favorably to recent state-of-the-art work8 performed on a subset of this dataset, which obtained  Dmean differences of -0.5% (vs. 0.1%) for photon and 0.2% (vs 0.0%) for proton plans. 

Furthermore, results are clinically satisfactory for photon therapy but improvements are still needed for proton therapy, particularly in organs-at-risk. The remaining literature on synthetic CT generation in 

the abdomen has limited9 if any3,4 clinical output. 

Further work should include improvements on the registration between the MR images and between MR and CT to prevent contradictory information that might compromise the model and the dosimetric 

evaluation. 

Conclusion 

The use of synthetic CT is promising for photon and proton therapies involving pediatric abdominal tumors, even in a morphologically heterogeneous dataset. 
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Figure 1: Coronal, sagital and axial views of the CT and sCT obtained by each model for 

three patients. Overall, the combined model performed better even in regions with no 

information from the T1w image (P5). Note the structures in the lungs (P4 and P6), visible on 
the combined image but not in the T2w image, and the registration error in the spine between 

MR images (P5) that did not result in replicated structures in the combined model. 

Figure 3: Photon and proton dose maps for dose re-calculated on the CT and sCT for 

one patient with the target close to the kidneys (patient 6) and one patient with the 
target close to the lungs (patient 2). The target contour is represented in white. The 

prescribed dose was 21.6 Gy. The 95% prescribed dose isodose is shown in red. For 

comparison, difference between the CT, sCT and dose plans are given. 

Figure 4: Boxplots of the mean dose (Dmean) difference given to the 

selected organs-at-risk in photon (white) and proton (blue) plans. 

 

Table 1: Mean error (ME), mean absolute error (MAE), and Dice score 

coefficient (DSC) obtained for each of the three models. 

Figure 1: Samples of the dataset. Variations are observed between patients 

and within a patient between image types. Between patients, organ sizes 
differed because of age differences (lungs in P2 and P3).Variations were 

also observed in soft tissue contrast (liver in T2-weighted images of P1 and 

P3). In addition, between patients and within a patient, variations were 
observed in the field of view, which covered the abdomen, the head and/or 

the legs. 



 

Synopsis: MRI-guided radiotherapy (MRgRT) enables new ways to improve dose delivery to moving tumors and the organs-at-risk (e.g. in 

abdomen) by steering the radiation beam based on real-time MRI. While state-of-the-art techniques (e.g. compressed sensing) can provide the 

required acquisition speed, the corresponding reconstruction time is too long for real-time processing. In this work, we investigate the use of multiple 

deep neural networks for image reconstruction and subsequent motion estimation. We show that a single motion estimation network can estimate 

high-quality 2D deformation vector fields from aliased images, even for high undersampling factors up to R=25.  

 

Introduction 

MRI-guided radiotherapy (MRgRT) promises real-time treatment adaptation (i.e., beam steering) to improve the treatment of tumors that are 

subjected to respiratory or cardiac motion. To enable this, MR images must be acquired with high temporal resolution and processed with minimal 

latency to estimate deformation vector fields (DVFs) such that the radiation beam can always be focused on the moving tumor. This precludes 

computationally intensive reconstruction algorithms such as Compressed Sensing (CS) and non-Cartesian Parallel Imaging (PI). Deep Learning (DL) 

has the advantage over CS and PI that the computationally intensive 'training' phase can be performed off-line prior to treatment, while the forward 

‘inference’ operation can produce high-quality results in real-time[1]. A combined DL-based image reconstruction and motion estimation approach 

from highly undersampled k-space has therefore the potential to speed up DVF computation sufficiently to allow true real-time adaptive RT. 

In this work we assess the performance of DL-based image reconstruction and motion estimation on heavily undersampled 2D golden-angle (GA) 

radial acquisitions. The individual and combined performance of both methods are assessed based on total computation time and quality of the 

eventual motion estimation compared to a fully-sampled ground-truth estimate. These approaches are illustrated in Figure 1. 

Materials & Method  

Training Data: We used clinically acquired, magnitude-only data from 106 patients, which resulted in 162 2D sagittal cine sequences of the 

abdomen, acquired on a 1.5T MRI scanner (Ingenia, Philips, Best, the Netherlands) with a balanced steady-state free precession (bSSFP) sequence 

(TR/TE=2.8/1.4ms, FA=50o, resolution=1.42x1.42mm2, FOV=320x320mm2, slice thickness=7mm) yielding 26095 images with a temporal 

resolution between 500 and 570ms. The length of cine varies between 25 seconds and 2.5 minutes. For each cine sequence Optical Flow DVFs[2] (OF 

DVFs) were estimated w.r.t. a randomly-chosen ”fixed“ image from the same cine. During training, images were retrospectively undersampled using 

a GA radial trajectory using the PyNUFFT library[3]. Data were divided in a 75/25% train-test split on a patient-basis. 

Reconstruction: Conventional NUFFT reconstructions from the GA radial k-space data were made using PyNUFFT’s adjoint operator, without CS or 

PI. DL reconstructions were made by training dAUTOMAP[4] on the gridded, undersampled k-space (R=10, Adam optimizer, lr=10−3) minimizing 

the ℓ2-loss.  

Motion Estimation: We computed OF DVFs on NUFFT- and dAUTOMAP-reconstructed images. For DL-based motion estimation we trained a 

modified SPyNET[5] on NUFFT- and dAUTOMAP-reconstructions (R=10) using four pyramid levels (Adam optimizer, lr= 5−4) minimizing the ℓ2-

loss w.r.t. ground-truth OF DVFs. The training of SPyNET is explained in Figure 2.  

Evaluation: We evaluated the DVFs for multiple acceleration factors (R=10/16/20/25) according to three metrics: 

   1. Registration error - The error in millimeter of an estimated motion field w.r.t. the ground truth DVF within an ROI.  

   2. SSIM - The average SSIM[6] of the cine sequence after registration compared to the corresponding fixed image, indicating the quality of the       

motion field for registration.   

   3. Time - The time it takes to estimate the DVFs from k-space.   

Results & Discussion  

Figure 3 shows typical DVFs computed by the four evaluated methods at R=25. OF on NUFFT-reconstructions shows good agreement with the 

ground truth, but introduces false motion due to streaking artifacts. Computing OF on dAUTOMAP reconstructions performs poorly due to the 

introduction of pseudo-random intensity variations. Using SPyNET rather than OF shows a clear improvement in DVF quality w.r.t. the ground 

truth. These results are quantified in Figures 4 and 5. Figure 4 shows the displacement agreement of a motion method w.r.t. the ground-truth OF 

within a manually selected ROI for 25 patients in the test set. This is expressed by the Pearson correlation factor between the ground-truth and the 

motion method. Figure 5 presents the SSIM w.r.t. the fixed image after registration as a function of the undersampling factor. The results attest that 

the displacement agreement and SSIM increase significantly when using SPyNET rather than OF. They also show that using SPyNET on NUFFT-

reconstructed images results in the best motion estimation at high acceleration factor, meaning that dAUTOMAP has no value for motion estimation.  

At R=25, the MR acquisition will take ~45ms and both reconstruction without CS/PI and SPyNET take 15ms. With a total of 75ms, this method is 

fast enough for real-time MRgRT. These DL models are not significantly faster than well-optimized non-DL solutions, but increase in quality allows 

us to increase the undersampling factor which decreases acquisition time. The results also indicate that a general-purpose DL-based reconstruction 

approach such as dAUTOMAP obscures important motion information by favoring overly smoothed images with subtle intensity ramps; a known 

failure-case for OF. On the other hand, SPyNET learns to resolve streaking artifacts through its multi-resolution approach, yielding robust, high-

quality DVFs. 

Conclusion 

In this work we demonstrated that DL enables high-quality motion estimation from the MRI signal within 75ms at R=25 with a registration error of 

typically less than 1 voxel. These results could enable real-time tumor tracking on MR-Linac devices during MRgRT. While dAUTOMAP was 

unable to produce suitable images at R=25, SPyNET produces accurate DVFs on the undersampled reconstruction (without CS/PI). This suggests 

that the DVFs are easier to learn and therefore allow for higher undersampling factors. Future work includes extending this method to 3D and more 

rigorous validation by training the models for more undersampling factors and with prospectively undersampled acquisitions. 
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Figure 1 Model overview. An overview of our model comparison setup. We compute ground truth motion with Optical Flow from fully-sampled images (red). Our candidate 
models reconstruct images from undersampled acquisitions and estimate motion between the moving and fixed image (reconstructed with the same algorithm). Our candidate 

models are: NUFFT reconstruction and Optical Flow (purple), NUFFT reconstruction and DL-based motion estimation (blue), DL-based reconstruction with dAUTOMAP and 

Optical Flow (orange), DL-based reconstruction and DL-based motion estimation (green) 

Figure 2 SPyNET. An illustration of a four layer SPyNET model. A moving and fixed image are downsampled to form a 

multi-resolution image pyramid. The lowest resolution image pair serves as input for a CNN (blue layers have ReLU 
activation functions, green layer has no activation) to produce a first motion estimate. This result is upsampled and input for 

the next resolution level, together with the higher resolution images. The next CNN produces a motion refinement, which is 

added to the previous estimate for improvement. This is repeated until DVFs are obtained at the final resolution. 

 

Figure 3 Typical motion. Typical motion vectors at R=25. Notice the ground truth 

motion at R=1 and our four motion estimation methods with DL-based motion 
estimation in the rightmost column and DL-based image reconstruction in the 

bottom row. The combination NUFFT/SPyNET shows best correspondence with 

the ground truth motion field. 

Figure 4: Displacement error. Evaluation of four motion estimation combinations for R=10 and R=25, which shows 

the displacement between a motion estimation method versus the ground truth within an ROI for 25 patients. Points on 
the red line have zero error. The Pearson correlation depicted as r value shows goodness of fit. We can observe that 

using SPyNET generally improves performance but using dAUTOMAP worsens performance. For R=25, 

NUFFT/SPyNET (blue) shows the smallest error. 

 

Figure 5: Model performance. The average SSIM values for several motion 
estimation methods after registration compared to the fixed image. The figure shows 

that using SPyNET improves performance, especially for higher undersampling 

factors. Using a conventional image reconstruction improves motion estimation 
performance w.r.t. DL-based reconstruction. 

 



 

Synopsis: High impedance coils (HICs) offer major advantages for use during MRI-guided radiotherapy (MRIgRT), as they lack lumped elements that can 

attenuate radiation. Furthermore, their flexibility and low channel coupling simplify high-density array development and enable on-body placement. 

Here, we present a fully functional 32-channel HIC array, confirmed its radiation transparency (radiolucency) and compared the imaging performance with the 

current clinical (LIC-based) array.  

Dosimetrically, no clinically significant attenuation was caused by the array. Imaging-wise, the prototype showed higher SNR values and lower g-factors, thus 

allowing for faster imaging.  

In conclusion, our 32-channel array can accelerate all imaging for MRIgRT applications. 

  

Introduction: The 1.5 T Unity MR-linac (Elekta AB, Stockholm, Sweden) features an 8-channel clinical receive array that is placed at a distance of approximately 

2 to 5 cm from the patient. The limited channel count and distance to the patient reduce the parallel imaging (PI) performance and signal-to-noise ratio (SNR). 

Consequently, real-time motion monitoring of tumors and surrounding organs during radiotherapy treatments is currently limited to 2D planes or low-resolution 3D 

volumes.  

To overcome this limitation, Zijlema et al.1 described the feasibility and design of a 32-channel on-body receive array that uses high impedance coils (HICs) to 

obtain the desired flexibility and radiation transparency (radiolucency). Furthermore, HICs exhibit low channel coupling, thereby simplifying high density array 

development.1,2 

In this work, we manufactured a preclinical 32-channel prototype based on the aforementioned design and verified its radiolucency. Subsequently, we performed a 

safety analysis for in-vivo usage and assessed the (in-vivo) imaging performance in terms of SNR and PI performance, which was compared to the current clinical 

array. 

 

Methods:  

Construction: Based on the design of Zijlema et al.1, a 32-channel was constructed (Figure 1). Two 16-channel coil mats were created by sewing HICs (Alphawire 

9432, ⌀1.1 mm) on a thin plastic sheet. A 15 mm foam layer was placed between the coil mat and the patient to avoid high surface doses.1 A safety analysis of the 

full array was performed to ensure volunteer safety by identifying potential risks and implementing design mitigations.3 

Dosimetry: Dose changes at 10 cm depth were investigated by delivering a 10×10 cm2 beams (100 MU) from 90° on an Elekta Synergy linear accelerator with and 

without a coil element present (Figure 2a). The electronic portal imaging device (EPID) was used to acquire 100-frame signal averages (pixel size: 0.35×0.35 mm2) 

that covered the full beam delivery. This data was normalized2 and the attenuation map Aprototype was then calculated with:1,4 

𝐴𝑝𝑟𝑜𝑡𝑜𝑡𝑦𝑝𝑒 = (𝑆𝑝𝑟𝑜𝑡𝑜𝑡𝑦𝑝𝑒 − 𝑆𝑛𝑜 𝑝𝑟𝑜𝑡𝑜𝑡𝑦𝑝𝑒)/𝑆𝑛𝑜 𝑝𝑟𝑜𝑡𝑜𝑡𝑦𝑝𝑒. 

The single-beam attenuation properties of the anterior elements of the prototype and current clinical array were compared. Both posterior elements have a fixed 

position and can therefore be taken into account during treatment planning. These will therefore not lead to dose changes during treatments. 

Imaging: All imaging was performed on a 1.5 T Elekta Unity MR-linac. The performance of the 32-channel prototype was compared to the 8-channel clinical array 

(Figure 2b).  

First, SNR maps5 were generated from 3D phantom acquisitions with a dynamic noise scan (Figure 2c). Noise correlation matrices were generated by calculating 

the Pearson correlation coefficients from the noise-only pre-scan. Subsequently, g-factor maps were generated from cartesian-undersampled 3D acquisitions (Figure 

2c) to assess the acceleration performance. 

Finally, in-vivo data were acquired of volunteers. Highly-accelerated 3D cine MRI was performed (Figure 2c) to demonstrate the 3D anatomy tracking capabilities. 

 

Results 

Dosimetry: Figure 3 shows the attenuation maps. Values are similar for the prototype and Unity clinical array, except for locations directly under coil conductors. 

Below a single coil conductor and overlapping point the attenuation is, at most, 0.9±0.1% and ~1.6%, respectively. Dose changes during treatments will be even 

lower, as treatments consist of multiple beams from several angles, which will smear out slight underdosages.  

Imaging: The prototype setup shows lower coupling coefficients than the clinical array (Figure 4a). In Figure 4b, a clear SNR increase is visible at the surfaces, 

while the SNR is similar in the center. G-factor maps show significantly lower g-factors when the 32-channel prototype is used (Figure 4c). Accelerated dynamic 

3D imaging is shown in Figure 5. Reconstructed images of the 32-channel prototype are significantly better than those of the clinical array. Moreover, the temporal 

resolution is improved. 

 

Discussion: The 32-channel prototype array was successfully manufactured and was approved for in-vivo use in our institute after passing a safety analysis. 

Dosimetry showed that the prototype attenuated a single beam, at most, 0.9-1.6%. In clinical practice, underdosages will be even lower, as clinical multi-angle 

beam or volumetric arc treatments smear out the slight underdosage. Consequently, the attenuation of the anterior element is not found to be clinically significant 

and can thus be omitted during treatment planning. The posterior element has a fixed position and can be taken into account during treatment planning. Body 

contour deformations due to on-body placement are compensated for by online replanning on the MR-linac6 and are therefore not an issue. 

Imaging showed a clear improvement of the performance in comparison to the current clinical array of the MR-linac. The SNR at the surface and, most notably, PI 

performance improved, which allowed for faster imaging without concessions on the quality. Thereby, pre-beam imaging and intrafraction anatomy monitoring can 

be accelerated considerably. With the 32-channel array, 3D imaging with a second temporal resolution is now feasible and can provide high-quality motion 

estimates for treatment monitoring or adaptation, even with the relatively coarse resolution (5×5×5 mm3).7 

Additionally, the 32-channel prototype’s low-attenuating properties could possibly be beneficial in hybrid PET/MRI. 

 

Conclusions: Our 32-channel array that can be placed on the patient strongly improves the parallel imaging performance of the MR-linac for faster pre-beam 

imaging and high spatiotemporal monitoring of the 3D anatomy during treatments, while the array does not alter the delivered dose.  

A radiolucent 32-channel high impedance coil receive array to  

accelerate 3D imaging on hybrid 1.5 T MR-linac systems 
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Figure 1. (a) Coil setup in the MR-linac, where the radiation passes through 

the coil. (b) Radiolucent array design of the anterior and posterior element with 

matching and detuning electronics placed outside the irradiation window.1 (c) 

Detuning and matching circuitry. Several components are denoted. Other 

lumped elements are used for matching. (d) Internals of the 16-channel 

anterior element with four cable traps on each side to reduce cable coupling. 

(e) 16-channel posterior element. 

Figure 3. Attenuation maps of a single 10×10 cm2 beam of the anterior 

elements of the 32-channel prototype (left) and clinical array (right). 

Figure 5. Single dynamic of a highly accelerated 3D volunteer bSSFP cine 

imaging using the 32-channel array (top row, Rtotal = 5.9) and current clinical 

array (bottom row, Rtotal = 4.2). Note that the reconstruction quality as well as 

the temporal resolution of the prototype scan is higher. 

Figure 2. (a) The EPID dosimetry setup. A 10×10 beam is delivered from 90° with and 

without the prototype present. The phantom is 10 cm thick to find the dose change at 10 

cm depth. (b) Volunteer imaging setup with the anterior and posterior elements on top of 

and below the subject, respectively. Interface boxes are placed on the feet and head side 

of the couch. (c) Sequence parameters of the acquired MRI scans. 

Figure 4. (a) Noise correlation coefficient matrices of the clinical array (left) and the 

prototype array (right). (b) SNR maps. The prototype array outperforms the clinical array 

at the surfaces, while the SNR is similar in the center. (c) Transverse g-factor maps of 

acquisitions with R=5 in right-left (RL) direction and R=3 in anterior-posterior (AP) 

direction. The g-factors that are calculated in an ROI (white) are reduced from more 

than 2 (clinical) to around 1.5 (prototype). 



 

Synopsis: Clinical imaging techniques are unable to outline metastatic spread of esophageal cancer to nearby lymph nodes. This deficiency is predominantly due to 

significant motion in the upper abdomen. We radially acquired MRI data with a contrast agent of USPIO nanoparticles to image the lymph nodes of an esophageal 

cancer patient. After retrospective gating the data into motion phases we created images with a compressed sensing reconstruction. We also acquired traditional multi-

gradient echo sequences in breath-hold and apnea. The radially acquired, compressed sensing reconstructed and motion-gated images appear of similar diagnostic 

quality to those obtained with traditional modalities. 

 

Purpose: Esophageal cancer (EC) is in the top ten of most common causes of cancer related deaths in both men and women in the Western world.1  Current treatment 

of resectable esophageal cancer consists of a combination of radiotherapy, chemotherapy and surgery.  However, despite progress made in the last decades, the 5-

year survival rate is estimated at only 10%.2   One  important  reason  for  this  poor  outcome  is  the  lack  of  imaging  tools to  characterize  early  metastatic  spread  

to  the  surrounding lymph  nodes,  which  is  needed  to  guide  the  choice  for,  and  the  extent  of  surgery. Ultra-small superparamagnetic iron oxide (USPIO) 

nanoparticles are used as a novel MRI contrast agent to detect metastases in lymph nodes with T2*-weighted MRI3, but cardiac and respiratory motion in this specific 

area complicate high resolution distortion-free imaging.  We applied an undersampled golden angle radial stack-of stars MR sequence with three  gradient  echoes  

and  compressed sensing reconstruction  to  create  high resolution T2*-weighted images of a patient with esophageal cancer during continuous breathing, and assessed 

the feasibility of discriminating lymph nodes with and without USPIO uptake.  We compare the results with diagnostic images from traditional sequences in breath-

hold and apnea.  

 

Methods: Twenty-four hours after administration of USPIO nanoparticles (Ferumoxtran-10, SPL medical, Arnhem, the Netherlands), just prior to start of surgery, 

we  acquired  USPIO-enhanced  MR  data  covering  the  thorax  of  a  EC-patient  under general anesthesia at 3 Tesla  (Skyra, Siemens Healthineers, Erlangen).  Data 

acquisition and evaluation was in accordance with the local ethics committee and informed consent was obtained.  We acquired a transverse triple-echo gradient-echo 

(mGRE) golden angle radial stack-of-stars (RAVE) sequence. Respiration of the patient was induced by a pressure ventilator at a frequency of 20 cycles/min. Next 

to the RAVE sequence, also traditional 3D mGRE data was acquired, both in controlled breath-holds of 18 seconds as well as in prolonged apnea of 4 minutes. 

Sequence parameters for each of the different experiments are displayed in Table 1. Respiratory motion signals used for self-gating were estimated from the k-space 

centers of the acquired spokes before image reconstruction.4  To remove motion artifacts,  we  used  the  motion  signal’s  amplitude at  each  time  point  to  bin  the  

data  set  into eight equal bins that represent the different respiratory phases. The undersampled k-space was transformed to image space by a compressed sensing 

(CS) algorithm with a total variation minimization along the temporal dimension.4 For each sequence, the root-sum-of-squares signals of individual echoes were used 

to increase T2*-weighting and signal-to-noise ratio (SNR). A radiologist categorized the lymph nodes in the images resulting from the traditional sequences as either 

suspicious or non-suspicious for metastases. 

 

Results: All acquired 3D datasets were of diagnostic quality (Fig. 1). Lymph nodes with USPIO-uptake had lost MR signal intensity and were visible as small black 

spheres within lipid tissue (arrows in top row Fig. 1). Visible lymph nodes on water-excited, T2*weighted scans have taken up little or no nanoparticles, and are 

suspicious for having metastases (arrows in bottom row Fig. 1). The in-phase Dixon images are displayed for anatomical clarity. Black lymph nodes are clearly visible 

in the CS reconstruction of the RAVE sequence, without requiring breath-hold and with the highest in-plane spatial resolution. The suspicious node was identified 

by its brightness on the water-excited T2*-weighted mGRE sequences. This node also retained signal intensity on the radial scan, although without lipid suppression 

or water excitation and due to the shorter echo times, the contrast is less pronounced for the latter. Figure 2 illustrates the successful motion detection and gating of 

the data into eight different motion phases. The phases show only minor respiratory motion as performed by the mechanical ventilator.  

 

Discussion: Our acquisition and reconstruction strategy shows promise for assessing USPIO-uptake in para-esophageal lymph nodes, which is of aid in identifying 

nodal metastases. Acquisition is performed in a non-invasive manner and reconstruction is successful in the presence of regular respiratory motion. Both SNR and 

image resolution are increased as data can be acquired continuously and is independent on patient breath-hold. Adjusting the pulse sequence to include more gradient 

echoes (with longer TEs) will allow the creation of computed TE-images which may show stronger image contrast for suspicious nodes, but this may take additional 

sequence adjustments to maintain sufficient temporal resolution for motion mitigation. A greater contrast level can also be achieved by applying a water-selective 

excitation pulse in future experiments. 

 

Conclusion: We proposed a method for detecting USPIO uptake in lymph nodes of a patient with esophageal cancer. Our method does not depend on breath-hold or 

apnea but can instead be applied during free breathing, thereby greatly reducing the physical stress on the patient. Our results hold promise for an increase in spatial 

resolution and SNR over the standard clinical methods. 
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Table 1. Imaging parameters for the MR protocols. Only one of the mGRE sequences was acquired in apnea, the other three in controlled breath-hold (i.e., cessation of mechanical ventilation). 

 

 

 

 

Figure 1. Top (bottom) row shows the results for lymph nodes not suspicious (suspicious) for metastases. Left, mid-left, mid-right and right images of each row represent the T2* mGRE breath-hold, radial,  

T2* mGRE apnea and Dixon scans, respectively. Arrows in the in-phase Dixon images and the self-gated RAVE images in the top row indicate the locations of lymph nodes with USPIO-uptake. In the 

bottom row, the arrows in the T2*-weighted breath-hold and apnea images point at a suspicious node, retaining MRI signal intensity. Without lipid suppression, this node is difficult to distinguish within the 

lipid tissue on the reconstructed RAVE image, although it retains MR signal. 

 

 

 

Figure 2. Coronal view of the reconstruction of the patient’s dataset into eight respiratory motion phases. The dashed line indicates the vertical position of diaphragm in the first phase. Height of the diaphragm 

decreases monotonically from the first phase (frame 1) down to the last phase (frame 8). 



 

Synopsis: We present initial results of line-scanning fMRI in humans. The potential of this technique lies in the combination of both high spatial and 

temporal resolution while sacrificing spatial coverage outside the region of interest. We reached a 250 μm resolution along the line direction with a 

temporal resolution of 200 ms. Coil sensitivity profiles and the average tSNR per channel were used to optimize the line reconstructions. We obtained 

similar BOLD sensitivity compared to standard 2D GE-EPI BOLD and high spatial specificity for a visual task. Hence, we demonstrate the feasibility 

of ultra-high spatiotemporal resolution in humans using line-scanning. 

Introduction: Neurons with similar properties cluster together into sub-millimeter columnar and laminar structures, moreover neural activity occurs 

at millisecond resolution. Advances in fMRI approaches increase either spatial or temporal resolution but never both. Instead, line-scanning fMRI in 

rodents1 can achieve very high resolution across cortical depth (50 μm) and time (50 ms), by sacrificing volume coverage and resolution along the 

cortical surface. This high spatiotemporal resolution can also allow us to isolate microvessel responses and to characterize the distribution of blood 

flow and laminar fMRI profiles across cortical depth. Here, we present the first human line-scanning implementation and results. First, we will focus 

on the evaluation of the quality of the saturation pulses, followed by the description of optimal coil combination for the reconstruction and finally we 

will demonstrate the sensitivity of line-scanning fMRI in a comparison with standard 2D GE-EPI BOLD fMRI using a visual task. 

Methods: We scanned five healthy volunteers at 7T MRI (Philips) with a 32 channel receive head coil (Nova Medical). Line-scanning data acquisition 

used a modified 2D gradient-echo sequence: line resolution=250μm, TR/TE=200/13-22ms, 520 timepoints, flip angle=16°, array size=720, line 

thickness=2.5mm, in-plane line width=4mm, fat suppression using SPIR. Two saturation pulses (5 ms pulse duration) suppressed the signal outside 

the line of interest. We computed the outer volume suppression quality as the ratio signal along the line and outside the line. The phase-encoding in 

the direction perpendicular to the line was turned off2. The line was positioned along the right-left axis, crossing the visual cortex (Figure 1). We 

acquired functional data using a block design in 6 runs. Visual stimuli were 20 Hz flickering checkerboard, presented for 10 s on/off. Reconstruction 

was performed offline (MatLab, Gyrotools). We combined multi-channel coil data in four different ways: 1) sum-of-squares (SoS), 2) tSNR-weighted 

SoS, 3) coil sensitivity weighted SoS (csm), 4) tSNR and coil sensitivity weighted SoS (tSNR+csm). Resulting tSNR was used to select the best coil 

combination. Functional data were analyzed using a GLM approach and t-statistic values were computed to detect active voxels. We also compared 

line-scanning data to a standard 2D GE-EPI BOLD acquisition with: 1x1 mm2 in-plane spatial resolution, TR/TE=200/22 ms, 600 dynamics, flip 

angle=30°, FOV=176x176 mm2, SENSE factor 3, partial Fourier=0.8. Here, we averaged the 2D BOLD timeseries data in the region of interest 

coinciding with the line before computing t-statistics, resulting in an activation profile along the line. Following manual coregistration and averaging 

of line-scanning data every 4 voxels (in order to match the different spatial resolutions of the two acquisitions), we also calculated the correlation 

between the t-statistic values of line-scanning and 2D GE-EPI BOLD. 

Results: The achieved undesired signal suppression outside the relevant cortical area was (97±0.4)% (Figure 1). Figure 2 shows the tSNR for the four 

different coil combinations. The weighted combination of both tSNR and csm outperformed the other variants in terms of final tSNR. This coil 

combination was selected for subsequent line-scanning reconstructions. Line-scanning data averaged over 6 runs is shown in Figure 3a, for a 

representative subject. The average line signal intensity profile through the occipital lobe is shown in Figure 3b. Figure 4a shows the t-statistic values 

overlaid on the anatomical scan. Note the good spatial correspondence between the positive BOLD t-statistic values and the grey matter ribbon, 

indicated with white arrows. Figure 4b shows the time course of an example active voxel along with the GLM. Finally, in Figure 5 the comparison 

between the line-scanning (left column) and standard 2D GE-EPI BOLD (right column) shows a high similarity in BOLD sensitivity expressed by the 

t-statistic line profile. Good correlation (R=0.75±0.17) was found between the t-statistic values for the two acquisitions.  

Discussion & Conclusion: We report first line-scanning fMRI results in humans with very high spatiotemporal resolution and show similar BOLD 

sensitivity to standard 2D GE-EPI BOLD. Adequate outer volume suppression can be achieved with saturation pulses. A coil combination including 

coil sensitivity maps and tSNR/channel for the reconstruction furnishes a promising temporal stability, since the resulting tSNR values are comparable 

to sub-milllimeter 3D imaging and sufficient for BOLD signal detection3, relatively to voxel size. Note that for the current line-scanning data processing 

no temporal filtering was applied. Future experiments will examine physiological noise contributions and its removal. Moreover, further development 

will investigate improvements in signal suppression outside the line of interest (2D spatial excitation, spin-echo beam excitation using orthogonal 90-

180° pulses) and increased SNR using surface coil arrays4.  

Overall, the line-scanning fMRI technique seems very promising due to its potential in detecting evoked BOLD responses with sub-millimeter and 

sub-second resolution. Potential applications for line-scanning are microvessel function measurements in clinical research on cerebrovascular diseases 

but also fMRI at the mesoscopic scale such as cortical lamina5. 
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Figure 1. (a) Acquired slice and (b) outer volume suppression: placement of saturation slabs to suppress unwanted signal outside the line of interest, depicted by the gap (4mm) between the saturation slabs, 

in right/left direction across visual cortex. 97% suppression outside the region of interest was achieved. 

 
Figure2: tSNR for different coils combination: sum of squares (red curve, SOS) and weighted combinations using tSNR per single channel (green curve, tSNR per coil), synthetic coil sensitivity maps 

(evaluated from data acquired with the phase-encoding direction on and saturation pulses (csm)) and merged combination of the previous two methods (csm and tSNR).  

 
Figure3: (a) line-scanning data, average over 6 runs and (b) mean intensity signal over the line. 

  
Figure4: (Left column) t-value (plot in yellow and colormap on the bottom) superimposed on the anatomical scan for the acquired slice. The position of the line is indicated with a blue box. White arrows 
underline voxels with highest activity. (Right column) time course for an active voxel with the raw time-series in orange and the predicted responses in blue. 

 

Figure5: (Left column) t statistic for line-scanning acquisition and (Right column) t statistic for 2D GE-EPI BOLD for the mean signal over the same line of interest. 
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Introduction: Quantitative scalar measures of diffusion MRI datasets are subject to normal variability across subjects, but potentially abnormal values may yield 

essential information to support analysis of controls and patients cohorts. However, small changes in the measured signal due to differences in scanner hardware or 

reconstruction methods in parallel MRI1,2,3 may translate into small differences in diffusion metrics such as fractional anisotropy (FA) and mean diffusivity (MD)4. In 

the presence of disease, these small variations are entangled in the genuine biological variability between subjects. In this work, we propose a new harmonization 

algorithm based on adaptive dictionary learning to mitigate the unwanted variability caused by different scanner hardware while preserving the natural biological 

variability present in the data5. 

 

Methods: A dictionary is formed from local windows of spatial and angular patches extracted from the diffusion weighted images (DWI), exploiting self-similarity 

of different DWIs at the same spatial location and close on the sphere6,7. All extracted patches are stored as vectors Xn and a subset is randomly chosen to initialize 

the dictionary D. A sparse vector α can now be computed such that D is a good approximation to Xn ≈ Dαn and D can be subsequently updated to better approximate 

those vectors. At the next iteration, a new set of candidate vectors Xn is randomly drawn and D is updated to better approximate this new set of vectors. This iterative 

process can be written as 

 

 
 
with αn the sparse coefficients, D the dictionary where each column is constrained to unit l2-norm to prevent degenerated solutions and λi is an adaptive regularization 

parameter for iteration i which is automatically determined8 for each individual Xn. This is done with 3-fold cross-validation (CV) and minimizing the mean squared 

error or by minimizing the Akaike information criterion (AIC)9. Once the dictionary has been optimized with patches from all scanners, it should only contain features 

that are common to all datasets. Approximation with this optimal dictionary therefore discards scanner specific effects from the data as they are not contained in the 

dictionary itself as detailed in Figure 1. 

 

Datasets: We use the benchmark database from the CDMRI 2017 challenge10, which consists of ten training subjects and four test subjects acquired on three different 

scanners (GE with gradient strength of 40 mT/m, Prisma with 80 mT/m and Connectom with 300 mT/m). The database consists of 3 b = 0 s/mm2 images, 30 DWIs 

acquired at b = 1200 s/mm2 at a resolution of 2.4 mm isotropic and TE / TR = 98 ms / 7200 ms. Note that the GE datasets were acquired with a cardiac gated TR 

instead. Standard preprocessing includes motion correction, EPI distortions corrections, image registration and brain extraction for each subject across scanners10. To 

ensure that the scanner effects are properly removed without affecting genuine biological variability, the test datasets were altered in a small region (3000 voxels) 

with a simulated free water compartment to mimick edema according to 

 

 
 

with Sb altered the new signal in the voxel, Sb the original signal in the voxel at b-value b and S0 the signal in the b = 0 s/mm2 image, f is the fraction of the free water 

compartment11 (drawn randomly for every voxel from a uniform distribution U(0.7, 0.9)) and Dcsf = 3 × 10−3 mm2/s. As these altered datasets are not present in the 

training set, we can quantify if the induced effects are properly reconstructed. This was done by computing the MD, FA and rotationally invariant spherical harmonics 

(RISH) features of order 0 and of order 2 for each dataset as in the original challenge10. The effect size from a paired t-test was also computed to evaluate if the 

harmonization algorithm mistakenly removed genuine biological information. 

 

Results: Figure 2 shows the original harmonized data and its metrics (left) and the altered version of those datasets (right) for one subject. The addition of free water 

changes the metrics, but only slightly affect the DWIs themselves. Figure 3 shows the percentage difference between the non-harmonized and harmonized datasets 

with the AIC and CV based regularization. The CV regularization shows larger difference than the AIC regularization. Figure 4 shows the effect size between the test 

datasets and their altered version. Harmonization reduces the effect size in general when compared to the raw datasets. Figure 5 shows the 95% confidence interval 

between the altered and original datasets for the effect size. As most of the confidence intervals are overlapping, this shows that the harmonization procedure does 

not remove genuine anatomical variability in general. 

 

Discussion and Conclusion: We have shown how a mapping from multiple scanners towards a common space can be constructed automatically through dictionary 

learning using unpaired training datasets to reduce intra and inter scanner differences. This approach has the benefit of removing variability attributable to multiple 

scanners, instead of trying to force a source scanner to mimic variability which is solely attributable to a target scanner. Reconstruction of altered versions of the test 

datasets corrupted by a free water compartment preserved the induced differences, even if such data was not part of the training datasets, while removing variability 

attributable to scanner effects. The presented algorithm could help multicenter studies in pooling their unpaired datasets while removing scanner specific confounds 

before computing dMRI scalar metrics. 
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Figure 1: Schematic representation of the harmonization between scanners with adaptive dictionary learning. Local patches 

are extracted from angular and spatial neighborhood to compute their representation using a source dictionary. The 

harmonized reconstruction is obtained by computing new coefficients with the optimal dictionary learned from all scanners. 

Figure 2: Exemplar slice of subject ’H’ on the GE scanner as original (left half) and altered (right half) 

metrics. Each column shows (from left to right) a b = 0 s/mm2 image, a DWI at b = 1200 s/mm2, the FA, 

ADC, RISH 0 and RISH 2 metrics. The top row shows the raw data, the middle row shows the data 

harmonized using the AIC and the bottom row shows the harmonized data using the CV. The yellow box 

indicates the altered region with added free water 

 

Figure 3: Exemplar slice of subject ’H’ on the GE scanner as original (left 

half) and altered (right half) metrics in the same ordering as Figure 2. The top 

row (resp. the bottom row) shows the relative percentage difference between 

the harmonized data using the AIC (resp. the CV) and the raw data. 

Figure 4: Boxplots of the effect size for each metric with the mean value as the black 

dot. The raw data is shown in red (no harmonization), the data harmonized with the AIC 

in blue and finally the data harmonized with the CV in orange. The top row shows the 

effect size when both datasets are in their original version, the middle row when only 

one of the dataset is altered and the bottom row when both datasets are altered. The top 

and bottom row are only affected by scanner effects. 

Figure 5: Effect size for each metric between the original and altered datasets on the 

same scanner with a 95% confidence interval. The top row shows the effect size between 

the original and altered dataset on the GE scanner, the middle row for the Prisma scanner 

and the bottom row for the Connectom scanner. This effect size is only due to the 

alterations performed in the experiments and is free of any other source of variability, 

such as registration error or scanner effects. 

 



 

Synopsis:  Brain glucose metabolism is disrupted after ischemic stroke. It switches from aerobic to anaerobic glucose metabolism. However, it remains unknown 

how glucose metabolism changes after reperfusion. We implemented deuterium metabolic imaging (DMI) to spatially assess glucose metabolism in the rat brain at 

24 hours after transient cerebral ischemia. Healthy brain tissue was characterized by aerobic glucose metabolism, whereas voxels within and around the lesioned 

tissue showed reduced aerobic metabolism and increased anaerobic glucose metabolism despite successful reperfusion.  

 

Introduction: Ischemic stroke – caused by the occlusion of a major artery – accounts for more than 80% of all stroke types, and is one of the major causes of adult 

disabilities worldwide 1. The artery occlusion reduces blood flow to underlying brain tissue, disrupting glucose and oxygen delivery and hereby altering glucose 

metabolism in brain cells 2. Enough oxygen delivery is necessary for neurons to be able to perform aerobic glucose metabolism for energy production. During the 

first hours of ischemic stroke, the limited availability of oxygen forces cells to switch to anaerobic glucose metabolism resulting in lactate formation, associated pH 

decreases and eventually cell death 3,4. If blood flow is restored in time and the tissue reperfused, the restored glucose and oxygen delivery may rescue dying cells 

and limit infarct size 2. Whether aerobic glucose metabolism restores quickly and completely with reperfusion remains unclear, since some studies have shown lactate 

formation until at least 24 hours after stroke 5.  

Recently, a novel metabolic imaging method, called deuterium metabolic imaging (DMI), has been developed that enables whole-brain measurements of aerobic and 

anaerobic glucose metabolism in vivo 6. Therefore, the aim of this study was to assess the extent of aerobic and anaerobic glucose metabolism following post-stroke 

reperfusion, by mapping whole-brain glucose metabolism after experimental stroke with DMI.  

 

Methods: Ischemic stroke was induced in a Long Evans rat by 90 min unilateral occlusion of the middle cerebral artery, followed by reperfusion. DMI data was 

acquired at 24 hours after experimental stroke on a 9.4T horizontal bore Varian MR system. Deuterium-labelled glucose ([6, 6’-2H2]-glucose; Buchem BV) was 

dissolved in filtered demi-water at a concentration of 1 M, and infused through a catheter in the tail vein during scanning. We used a homebuilt 16×20 mm (x- and z-

direction respectively) surface coil for excitation and signal detection, tuned to the deuterium frequency of 61.4 MHz at 9.4T. DMI was performed under 1.5% 

isoflurane anaesthesia using a pulse-acquire sequence combined with 3D phase-encoding gradients. Signal excitation was achieved using a 90 degrees rectangular 

RF pulse of 100 µsec at 50 W. Steady-state DMI on the rat brain was acquired at a 3×3×3 mm3 = 27 l nominal spatial resolution in approximately 35 min (TR = 400 

ms; 8 averages), started at 60 minutes after the start of the deuterium-labelled glucose infusion. To detect the ischemic lesion, we acquired a diffusion-weighted scan 

with a 2D EPI sequence (TR/TE=5000/32.6 ms; b-value=1294 s/mm2; 2 shots; 8 averages; in-plane resolution 500×500 um, 15 slices of 1 mm) using a 1H-tuned 

volume coil (90mm diameter) for signal excitation and detection. In addition, we acquired a 3D gradient-echo EPI image (TR/TE=5/2.5 ms; flip angle 20 degrees; 6 

averages; matrix: 96×96×96) with the same field of view (33×33×33 mm) as the DMI scan to localize the spectra. DMI processing included 3Hz line-broadening, 4D 

Fourier transformation and spectral integration.  

 

Results: Ninety minutes of middle cerebral artery occlusion resulted in a unilateral ischemic lesion, mainly involving subcortical structures including the caudate 

putamen (Figure 1). Infused deuterium-labelled glucose was distributed across the ipsi- and contralateral rat brain at 24 hours after ischemic stroke (Figure 2A). 

Glucose metabolism in the unaffected contralateral hemisphere was essentially aerobic, as characterized by clear Glx (combined pool of glutamate and glutamine) 

formation and absence of lactate formation (Figure 2B). However, glucose metabolism in the ipsilateral hemisphere, in and around the ischemic lesion, was clearly 

disrupted at 24 hours after stroke. This was indicated by reduced Glx synthesis and strong lactate production (Figure 2C). Whole-brain mapping of the lactate 

concentration showed a clear hotspot in and around the lesion site (Figure 2D).  

 

Discussion: This study shows that DMI is a promising tool for in vivo whole-brain assessment of aerobic and anaerobic glucose metabolism after stroke, with potential 

for translation to the clinic. Deuterium-labelled glucose was delivered to all brain areas, indicative of successful post-stroke reperfusion. However, anaerobic glucose 

metabolism was not restored at 24 hours after stroke. The observed lactate formation may be a result of continued disrupted aerobic glucose metabolism in neurons 
5, but lactate may also be explained by the presence of activated microglia, in response to the stroke injury. These immune cells are present in and around the stroke 

lesion and switch to anaerobic metabolism when activated 7–9. Future studies may shed more light on the source of lactate formation in post-stroke reperfused tissue, 

and the role of altered glucose metabolism in functional outcome after stroke.  

 

Conclusion: Our proof-of-principle study demonstrates the feasibility and potential of DMI for whole-brain aerobic and anaerobic glucose metabolism mapping after 

experimental ischemic stroke. 

 

References 

1. Donkor, E. S. Stroke in the 21st Century: A Snapshot of the Burden, Epidemiology, and Quality of Life. Stroke Res. Treat. 2018, (2018). 

2. Sims, N. R. & Muyderman, H. Mitochondria, oxidative metabolism and cell death in stroke. Biochim. Biophys. Acta - Mol. Basis Dis. 1802, 80–91 (2010). 

3. Dijkhuizen, R. M., De Graaf, R. A., Garwood, M., Tulleken, K. A. F. & Nicolay, K. Spatial assessment of the dynamics of lactate formation i focal ischemic 

rat brain. J. Cereb. Blood Flow Metab. 19, 376–379 (1999). 

4. Folbergrová, J., Zhao, Q., Katsura, K. I. & Siesjö, B. K. N-tert-butyl-α-phenylnitrone improves recovery of brain energy state in rats following transient focal 

ischemia. Proc. Natl. Acad. Sci. U. S. A. 92, 5057–5061 (1995). 

5. van der Zijden, J. P., van Eijsden, P., de Graaf, R. A. & Dijkhuizen, R. M. 1H/13C MR spectroscopic imaging of regionally specific metabolic alterations 

after experimental stroke. Brain 131, 2209–2219 (2008). 

6. De Feyter, H. M. et al. Deuterium metabolic imaging (DMI) for MRI-based 3D mapping of metabolism in vivo. 4, eaat7314 (2018). 

7. Ghosh, S., Castillo, E., Frias, E. & Swanson, R. A. Bioenergetic regulation of microglia. Glia 66, 1200–1212 (2018). 

8. Patel, A. R., Ritzel, R., McCullough, L. D. & Liu, F. Microglia and ischemic stroke: A double-edged sword. Int. J. Physiol. Pathophysiol. Pharmacol. 5, 73–

90 (2013). 

9. Zhao, S. C. et al. Regulation of microglial activation in stroke. Acta Pharmacol. Sin. 38, 445–458 (2017). 
  

Deuterium Metabolic Imaging after experimental ischemic stroke – Mapping aerobic and anaerobic 

glucose metabolism in vivo 

 

 

 

  

 

Milou Straathof 1, Annette van der Toorn 1, Caroline L. Van Heijningen 1, Gerard M. van Vliet 1, Henk M. de Feyter 2, Willem M. Otte 1,3, Robin 
A. de Graaf 2,4 and Rick M. Dijkhuizen 1  

1 Biomedical MR Imaging and Spectroscopy Group, Center for Image Sciences, University Medical Center Utrecht / Utrecht University, Utrecht, the Netherlands. 
2 Department of Radiology and Biomedical Imaging, Magnetic Resonance Research Center, Yale University School of Medicine, New Haven, United States of America. 

3 Department of Pediatric Neurology, UMC Utrecht Brain Center, University Medical Center Utrecht / Utrecht University, Utrecht, the Netherlands. 
4 Department of Biomedical Engineering, Magnetic Resonance Research Center, Yale University, New Haven, United States of America. 

 

Acknowledgments / Funding Information: This research was supported by the Netherlands Organization for Scientific Research, ZonMw and the International 

Society for Magnetic Resonance in Medicine (ISMRM). 

 

O-013  Neuro Melange



 

 

 

 

 

 

 

 

 

 

Figure 1: Ischemic lesion after transient ischemic stroke in the rat brain. The ischemic lesion is visualized by the hyperintense region on the non-diffusion 

weighted image (b0 image; T2-weighted), shown in coronal (left) and axial (right) orientation. 

 

 

 

Figure 2: Glucose metabolism mapping with DMI after experimental transient ischemic stroke. [6, 6’-2H2]-glucose was delivered across the rat brain (axial 

view) (A). Unaffected tissue showed aerobic metabolism (Glx peak) (B), whereas voxels in/around the lesion showed reduced aerobic and increased anaerobic 

metabolism (lactate peak) (C). A hotspot of lactate formation was found in/around the lesion site (D). Blue represents low and red high metabolite concentration. Glc: 

glucose; Lac: lactate.  

 



 

Synopsis: This study compared multiple BOLD cerebrovascular reactivity (CVR)-metrics during breath holding (BH) versus a targeted CO2 challenge to determine 

the degree of similarity in extracting dynamic information about hemodynamic reserves. The preliminary data confirm previous research; CVR-maps were spatially 

comparable and correlated well between the two stimuli. That said, the data suggests reliable information regarding the flow dynamics is best provided by a 

controlled CO2 stimulus. Thus, even though BH may be easier to implement, it may also be limited in its ability to provide additional information regarding 

cerebrovascular health (beyond CVR), which could be of value when investigating patients.   

 

 

Abstract 

Purpose: Combining Blood Oxygenation Level Dependent (BOLD) MRI with an hypercapnic stimulus is becoming an increasingly popular method to assess 

cerebrovascular reactivity (CVR). CVR reflects the response of the brain vasculature to vasoactive stimuli and can be utilized as a regional indicator of healthy 

brain tissue versus tissue affected by vascular impairment.1 One of the simplest hypercapnic stimuli is breath holding (BH). BH does not require additional 

equipment and can facilitate robust and reproducible CVR measurements with only small intra-subject variation,2,3 making it an appealing technique for routine MR 

examinations. Nevertheless, with a controlled CO2 challenge, arterial CO2 can be precisely and rapidly increased, providing the opportunity to investigate dynamic 

CVR effects. This includes blood flow redistribution and temporal response characteristics. Although previous research has indicated a good correlation between 

BOLD signal changes during BH and a CO2 challenge,4 differences regarding these dynamic effects have not yet been investigated. Therefore, the aim of this study 

was to investigate if CVR-metrics as measured by a controlled CO2 challenge are comparable to those acquired during BH.  

 

Methods: Two healthy, male volunteers (ages 26 and 28) were scanned on a Philips 3T system using a multi-band GE-EPI sequence during the breathing protocol 

(Fig. 1) (Scan parameters: TR=1100ms, TE=35ms, flip angle 65°, EPI-factor 53, resolution=2x2x2.5mm3, 112X112X48 slices, 812 dynamics, multi-band 

factor=3). PetCO2 and PetO2 were recorded during the entire experiment using the RespirAct RA-MRTM MRI UNIT. A 3D T1-TFE sequence (isotropic 

resolution=1mm, TR=8ms, TE=3.21ms, flip angle=10°, EPI-factor=3, 240x240x180 slices) was acquired for structural assessment. Each individuals’ BOLD data 

was motion corrected and tissue segmentations were made based on the T1-image (FMRIB: FSL).5 The PetCO2 trace and BOLD time series were temporally 

aligned, by using the lag at the maximal correlation between the smoothed grey matter BOLD time series and the PetCO2 trace to shift the PetCO2 trace. Two types 

of CVR maps were calculated, the first expressed as %∆BOLD/∆mmHG PetCO2 and the second as regression coefficient between the BOLD time series and the 

PetCO2 trace. The voxel-wise response dynamics were extracted using two models; the Regressor Interpolation at Progressive Time Delays (RIPTiDe) and a 

general linear model (GLM) approach. RIPTiDE calculates the time lag at the maximal correlation between the PetCO2 and BOLD time series in each voxel,6,7 

while the GLM approach used the PetCO2 as predictor in a GLM and extracts the time lag at the maximal t-statistic. 

 

Results & Discussion: Visual inspection of CVR maps indicated similar spatial distribution for BH and CO2 inhalation paradigms (Fig. 2). Both hypercapnic 

stimuli produced the expected spatial pattern of highest CVR values in the cortical grey matter.8,9 Additionally the voxel-wise correlation between CVR values was 

significant (r=.70, p<.001, r=.77, p<.001, CVR expressed as %∆BOLDsignal/∆mmHG and regression coefficients respectively). Thus, CVR results were in line 

with previous research.4 For the first subject the RIPTiDe delay analysis provided visually similar results for BH and the CO2 challenge (Fig 3). Nevertheless, for 

all other delay maps the CO2 challenge more clearly showed the expected pattern of higher delays in white matter areas than BH. Conclusively, BH leads to more 

variability in time delay calculations, while the CO2 challenge provided consistent results. This difference could be caused by the time it takes for CO2 to build up 

within the body during BH in contrast to the strong, rapid increase caused by the CO2 challenge. Only fast reacting, or upstream vessels (i.e. in the grey matter 

areas) can immediately respond to the changes caused by the CO2 challenge. Rapid changes in peripheral resistance may cause blood flow redistribution away from 

areas that cannot respond as fast, which induces lagged responses in those areas. Since BH is a gradual stimulus this effect will be mitigated and vessels will have 

enough time to respond to the slow increase in CO2, and thus does not lead to response lags. The differences between BH and the CO2 cannot be explained by 

differences in stimulus strength, as the data indicates this was similar in both paradigms. Even though BH does not allow to target certain PetCO2 levels, our 

breathing protocol allowed for precisely reproducible BH stimuli. Due to the limited sample size, we are only able to draw preliminary conclusions. More subjects 

will be included to corroborate above results.  

 

Conclusion:  Our data show that BH may provide adequate CVR measurements, but is a less reliable stimulus compared to a controlled CO2 challenge for 

providing information regarding flow dynamics throughout the brain. As the timing of the response allows to distinguish voxels with reduced vasodilatory reserve 

from voxels with a slow, but otherwise normal response, this provides additional, valuable information regarding cerebrovascular health. Thus, depending on the 

type of hypercapnic stimulus used to measure CVR, different parameters regarding cerebrovascular health can reliably be extracted which should be taken into 

account both in future research as in clinical practice.  
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Figure 1. Schematic of Breathing protocol with measured PetCO2 values. A) Represents actual data from the first participant gathered during the experiment. * indicates the PetCO2 level based on first 
expiration after breath-holding. B) Visual overview of planned breathing protocol. Time to stop breathing was indicated by turning off the lights in the scanner room and participants used the scanner 

sounds (TR=1.1 sec) to hold their breath for approximately 30 seconds. The CO2 challenge was computer-controlled by the RespirAct. Rest periods indicate self-paced breathing. 

 

 

Figure 2. CVR maps for participant 1 (left) and participant 2 (right) during breath holding and during CO2 challenge expressed as %∆BOLD/∆mmHg (top panels) and as R-values (bottom panels) 

 

 

Figure 3. Time delay maps for participant 1 (left) and participant 2 (right) during breath holding and during the CO2 challenge based on the RIPTiDe analysis (top panels) or a GLM approach (bottom 
panels). 

 



 

Synopsis: This study focuses on the robust quantification of diffusion kurtosis MRI parameters in the presence of low SNR and intensity outliers that manifest 

either as signal losses or signal overshoots. Diffusion weighted signals were corrupted with noise and different types of outliers in a Monte Carlo simulation 

framework and the IRLLS method was used for the extraction of diffusion and kurtosis tensors. Incorporating physically meaningful constraints in the IRLLS-

based estimation method improves the parameter quantification at low SNRs. Additionally, a linear down-weighting of potential outliers is advised as an alternative 

to the outlier binary rejection. 

Purpose: In the era of quantitative MRI, the diffusion kurtosis imaging (DKI) model is promising for the extraction of additional metrics compared to the popular 

diffusion tensor imaging (DTI) model. However, the longer acquisition times make DKI data more prone to imaging artefacts than DTI data; in addition, DKI 

parameter estimation is more challenging due to the model complexity. The aim of this study is to provide useful guidelines for voxel-wise robust DKI model 

estimation. In more detail, the presence of poor signal-to-noise-ratio (SNR) and intensity outliers in the images is addressed by including physically plausible 

constraints1 into a linear outlier-robust framework, namely IRLLS2. Additionally, two different strategies for dealing with voxels classified as potential outliers are 

compared: a linear down-weighting approach, inspired by what was proposed in SOLID3, and the most commonly applied binary rejection2,4,5. 

Methods: A two-compartment white matter signal model6 was used to derive the DKI parameters that served as ground truth in simulation experiments. The 

resulting ground truth parameter vector was then used as input for the computation of a single-voxel DKI diffusion weighted (DW) signal with a diffusion protocol 

of 5 b0 images and 60 gradient directions per shell (b=1200 and 2500 s/mm2). Outliers that manifest as a random 50% decrease or increase in the signal intensity 

were simulated and Rician distributed DKI-DW data with different SNRs (defined on the b0 images) were generated. The diffusion and kurtosis tensors were 

extracted with different variations of the IRLLS algorithm and the parameter estimation performance was tested in a Monte Carlo simulation framework (104 noise 

realizations). 

Constraints were integrated in the IRLLS framework (Fig. 1a) to ensure the positive definiteness of the apparent diffusion coefficient (DAPP) and a lower and upper 

bound on the apparent excess kurtosis (KAPP). In a first experiment, the constrained framework was compared to the conventional IRLLS approach with 

unconstrained weighted-linear least squares (WLLS). The performance of the outlier detection step (sensitivity and specificity) and the mean squared error (MSE) 

of fractional anisotropy (FA) and mean kurtosis (MK) were evaluated. In a second experiment, the binary rejection of outliers and the linear down-weighting 

strategy (Fig. 1b) were assessed in terms of MSE of FA and MK for different outlier percentages introduced in the non-b0 shells. 

Results: As Fig. 2a shows, the use of constraints in the IRLLS iterative reweighting procedure slightly improves the specificity of the outlier detection step at the 

lower SNRs (from 10 up to 20). Fig. 2b highlights that the proposed upgraded framework leads to better estimates of diffusion and kurtosis metrics in terms of 

MSE. In particular, constraining KAPP is crucial in order to obtain reliable estimates of MK at low SNRs. Only for relatively high SNRs (>25), the difference 

between the MK MSE of the two approaches (conventional and constrained) becomes negligible. 

Fig. 3 suggests that applying a linear down-weighting function before performing the final model fit outperforms an outlier binary rejection. More specifically, the 

use of a linear down-weighting function is beneficial (up to 8.3% and 11.1% reduction in the MSE of FA and MK respectively) for higher outlier percentages in the 

data (from 5 to 20). 

Discussion: Since the correct estimation of diffusion and kurtosis metrics is hampered by noise and data outliers, several robust estimation frameworks have been 

proposed in the last decades. Among these techniques, IRLLS was selected as a starting point for the current study: the original version of the algorithm has been 

upgraded by incorporating constrained linear estimators and a linear down-weighting approach. 

The position of constraints is essential in the presence of data characterised by severely low SNRs. However, the use of constraints implies a significantly higher 

computational cost (10-15 minutes) compared to the conventional implementation (few seconds). The computational demand can be reduced by removing the 

constraints from the iterative loop and keeping them only for the final tensor extraction. Simulation results have indicated that this approach causes only a slight 

reduction of the outlier detection performance and hence hardly affects the estimation accuracy. 

The current work also reveals that a gradual down-weighting can be a better approach to deal with outliers than a strict binary rejection. In both cases, the user will 

need to make a choice and tune the decision threshold/-s based on the specific application. In the current study, the original decision threshold of 3 standard 

deviations was kept for the binary rejection case while, for the linear down-weighting, a lower bound of 2 and an upper bound of 3.5 were used, thus defining a 

range where to search for potential outliers. The goodness of the selected lower/upper bounds needs further validation in different scenarios (e.g. variable SNRs and 

variable outlier strengths). 

Conclusion: This simulation study highlights important practical aspects for the estimation of DKI-metrics from DW images degraded by noise and corrupted by 

both signal losses and overshoots. These aspects translate in ensuring that the estimated quantities are physically meaningful and in gradually down-weighting the 

outlier candidates in the final model fit. A validation of the proposed framework on real population datasets will be subject of future work. 
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Figure 1. (a) Flow chart of the constrained IRLLS framework. (b) Focus on different strategies for voxel-wise outlier detection. 

 

 

Figure 2. (a) Performance of the outlier detection step of the conventional and constrained IRLLS versions. (b) MSE of FA and MK as a function of SNR. Outliers (10%) were simulated as a random 50% 

decrease or increase in the signal intensity.  

 

 

Figure 3. MSE of FA and MK as a function of the outlier percentage. Outliers were simulated as a random 50% decrease or increase in the signal intensity and with a fixed SNR of 15 on the b0 images. 

 



 

Synopsis: qMRI of skeletal muscle has shown promising results in other neuromuscular diseases, but multi-parametric imaging has not been executed in Spinal Muscular Atrophy. 

We investigated a cohort of 31 patients and 20 controls with protocol consisting of DIXON, T2 mapping and DTI on a 3T MR scanner. All parameters differed significantly between 

patients and controls. DTI elucidates distinct properties of the muscle, suggesting atrophy by a lowered MD and increased FA. DTI shows correlation with muscle strength and motor 

function. This suggests the potential of diffusion tensor imaging of muscle in monitoring disease progression in SMA.   

Purpose: Hereditary proximal Spinal Muscular Atrophy (SMA) is caused by Survival Motor Neuron (SMN) protein deficiency due to homozygous loss of function of the SMN1 gene.1 

Treatment strategies have been developed to skew splicing of the remaining, paralogous SMN2 gene towards full length SMN protein, which is critical to alpha-motor neurons. In the 

absence of therapy, SMA exhibits a slowly progressive decline in muscle strength and motor function in later-onset patients.2 Outcome measures that can appreciate treatment effects 

of existing and future therapies are still warranted. Quantitative MRI (qMRI) of muscle has shown promising results in other neuromuscular disorders, such as Duchenne muscular 

dystrophy (DMD), limb girdle muscular dystrophies (LGMD), glycogen storage disorders, i.e. McArdle’s and Pompe’s disease.3–6 Data on various qMRI measures of skeletal muscle 

in a large cohort of SMA patients encompassing a broad range of disease severity and disease duration are still lacking. 

Methods: We included 20 control subjects and 31 patients with SMA type 2 (classification when highest acquired motor milestone was independent sitting) and type 3 (highest acquired 

motor milestone was walking independently, with symptom onset before 3 years – 3a or after – 3b), demographics are presented in figure 1. MR datasets of both legs were acquired on 

a 3T MR scanner (Philips Ingenia, Philips Medical Systems, the Netherlands) in supine position, with a 12-channel posterior and 16 channel anterior body coil. Images were acquired 

with a FOV of 15cm and aligned with the femur, starting 17,5cm from the femoral head or centered mid-femoral in case of severe contractures. The MR scanning protocol was ~10 

minutes and has shown reproducibility in a previous multicenter study7  and comprised: i. 4-point DIXON (TR/TE/ 210/2.6/3.36/4.12/4.88 ms; flip angle 10°; voxel size 1x1.5x1.5; no 

gap; 25 slices) ii. T2 mapping (17 echoes TR/TE/ΔTE 4598/17/7.6; flip angle 90/180°; voxel size 1x3x3; slice gap 6mm; 13 slices, no fat suppression) iii. SE-EPI (TR/TE 5000/57 ms; 

b-value 0 s/mm2; voxel size 1x3x3; no gap; 25 slices, 8 dynamics, SPAIR and SPIR fat suppression). All MR data were processed using QMRITools for Mathematica 

(mfroeling.github.io/QMRITools)8. The processing steps for each method are summarized in figure 2. Before processing all data was visually inspected for artefacts and data quality. 

Manual segmentation was done based on the DIXON out-phase and fat images with open-source software (ITK-SNAP9), and transferred to the T2 and DTI data with rigid and b-spline 

image registration (Elastix10). Muscles with volume smaller than 10 voxels (=67.5mm3) were omitted from analyses. Since the T2 and the DTI parameters have a bias with increasing 

fat contribution4,11, simulations were performed to estimate this effect (figure 4).4 Differences between patients and controls were assessed by means of an independent Student’s t-test 

with Welch’s correction. MR parameters were averaged across muscles per subject. Due to non-normality of the data, associations between clinical and imaging parameters were 

evaluated using Kendall’s tau correlation coefficient. Significance was set at p<0.05. 

Results: Two datasets were excluded because of image quality, resulting in 49 datasets for analysis.Mean fat fraction of all upper leg muscles was 7.6±1.5% in controls and 47.6±17.4% 

in patients (p<.001). Mean T2, averaged over all muscles was 27.3±1.5 in patients and 28.9±0.4 in controls (p<.001). MD is lowered in patients (1.13±.28) versus controls (1.47±.10, 

p<.001). FA is higher (.41±.09) in patients compared to controls (.24±.03, p<.001). The decrease of MD and increase of FA are greater than the predicted effect of an increase of partial 

volume effects of fat, as illustrated by the simulation experiments. Our data shows that T2 of fat infiltrated muscles follow the predicted T2 decrease due to fat partial volume effects. 

Overall, we observed that the estimated EPG fat fraction is different from estimated DIXON fat fraction. Fat fraction, FA and MD strongly correlate with muscle strength and motor 

function: fractional anisotropy is negatively associated with score on the Hammersmith Functional Motor Scale, Expanded and Medical Research Council sum score (τ =-.56 and -.59; 

both p<.001) whereas for fat fraction values are τ =-.50 and .58, respectively (both p<.001). 

Discussion: All qMRI measures differed significantly between patients and controls. FA and MD manifest stronger effects than can be accounted for the effect of fatty replacement 

partial volume effect. DTI findings indirectly indicate cell atrophy and act as a measure independently of fat fraction which is in accordance with known pathology. Lastly, DTI 

parameters show correlation with muscle strength and motor function. This suggests the potential of diffusion tensor imaging of muscle in monitoring disease progression and to study 

pathogenesis of muscle in SMA. From this ongoing study longitudinal data of one-year follow-up in a subset of 10 patients without treatment and 6 children on treatment will determine 

the potential of qMRI as a biomarker for disease progression or treatment effect. This data is currently being acquired and under analysis.  

 

Conclusion: qMRI measures of skeletal muscle in a cohort of patients with SMA varying in type, age and disease severity exhibit potential in monitoring disease progression.   
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Figure 1. Baseline demographics and characteristics. Clinical characteristics of study participants. 

  

Figure 2. Overview of the various steps involved the acquisition and processing pipeline. A) example data for a healthy volunteer and a SMA patient for all three qMRI methods. B) A summary of the 

processing steps and example parameters obtained for each of the qMRI methods. C) Overview of the muscle segmentation. 

 

Figure 3. Left: boxplots for qMRI parameters for the distinct muscle groups for healthy controls, SMA type 2 and type 3. Middle: qMRI parameters plotted against fat fraction; each data point represents a 

measurement of individual muscles of all subjects with SMA (grey) and control subjects (green). Right: datapoints reduced to an average using local regression and 95% CI (shaded area). Fat fraction is 

simulated from 0 to 100% fat with T2 of fat set at 180ms and T2 of water in fat at 20ms. For MD and FA, the water component of fat is assumed to have isotropic diffusion (FA=0) with an MD of 0.8 

mm2/s. 

        



 

Synopsis 

Hamstring injuries have high recurrence rates in elite athletes, highlighting the need for novel diagnostic methods for muscle injury and follow-up. Diffusion tensor imaging 

facilitates direct and indirect monitoring of the muscle condition and architecture. Fiber orientations and changes therein due to injury or training are considered a key parameter. 

However, the assessment of fiber orientations over the full volume of an individual muscle is still difficult. Therefore, we developed a method to generate reproducible quantitative 

fiber-angle color maps of the whole volume of leg muscles, which proved sensitive to changes due to muscle stretch and a training intervention. 

Introduction 

 In elite athletes, hamstring re-injuries have a high recurrence rate, which motivates the development of novel diagnostic methods for muscle injury and follow-up [1]. Diffusion 

tensor imaging provides parameters to assess both muscle condition and architecture such as muscle volume, fiber length and orientation which are important determinants of muscle 

function [2]. Fiber orientation has shown to change due to training, muscle injury [3] and in muscle diseases [4,5]. We developed a method to generate reproducible quantitative 

fascicle-angle color maps (FACM) of the whole leg muscles from DTI acquisitions, which proved sensitive to changes due to muscle stretch and a training intervention. 

Methods  

The repeatability of our approach was assessed in both the upper legs (exp.1) and in one lower leg in three foot positions (exp.2). The sensitivity to changes detection with this 

method was gauged in the lower leg at 3 different passive ankle angles (15˚ dorsiflexion, 0˚ neutral position, and 30˚ plantarflexion) using a costume device (exp.2) and in a clinical 

case in the upper leg before and after training intervention in basketball players (exp.3). The intervention consisted of Nordics exercises for a period of 12 weeks, 54 times per leg per 

week; the training regime was reached after 4 weeks.  

All three datasets consisted of 5 subjects and were acquired twice with a 3T Philips MRI, using a 16-channel anterior coil and the 10 table posterior coils. Subjects were positioned in 

feet-first supine position. The MRI protocols included a 3-point mDixon scan for anatomical reference and a DT-MRI protocol. The scanning parameters for the upper legs were: 

FFE: TR=8.0ms, TE/ΔTE=133/1.1ms, voxel size=1.5x1.5x3mm3; SE-EPI: TR=4630ms, TE=53ms voxel-size=3x3x6mm3 , diffusion b-value=450s/mm2; for the lower leg FFE: 

TR=7.7ms, TE/ΔTE=2.1/1.7ms, voxel-size=1x1x2.5mm3; SE-EPI: TR=11191ms, TE=51.63ms, voxel-size=3x3x5mm3, diffusion b-value = 400s/mm2 with SPAIR fat suppression.  

The DT-MRI data were analyzed with QMRITools for Mathematica 12 [6] which included noise suppression, registration to anatomical images,  tensor fitting  (iWLLS), eigenvalue 

and eigenvector calculations. FACM were calculated between the principal eigenvector in each voxel and the vector parallel to a chosen reference line which was defined in ITK-

SNAP based on anatomical data of tendons, muscle insertions, and bone orientations.  

In the repeatability experiment of the upper legs (exp.1), ROIs were defined manually in the anatomical image in the biceps femoris long head (BFlh) of the right and the left leg, 

while in the intervention experiment (exp.3), only the FACM of the left leg BFlh was measured. In both datasets of the upper legs (exp.1&3) the reference line was defined between 

the insertion points of the BFlh (Figure 1). In the lower leg (exp2), ROIs were the soleus (SOL) and the tibialis anterior (TA) and the reference line was described by a point on the 

tibia plate and the most distal and posterior point in the FOV of the diaphysis.  

The repeatability and the precision of the measurements were assessed using Bland-Altman analysis and the coefficient of variation (CV). Additionally, the distributions of the 

measurements and the FACM in proximal and medial small ROIs close to the intramuscular tendon were measured and compared. 

Results and Discussion 

FACM were obtained in the whole muscle body for 4 muscles of the upper and lower legs (exp.1-3) and changes therein were measured with passive foot stretch in the lower leg 

muscles (exp.2) and with training intervention in the upper legs in both the whole BFLh volume as well as in smaller ROIs (exp.3).  

The Bland-Altman analysis of average FACM showed good agreement for both exp.1&2 (Figures 1&2). In exp.1 the CV was 6.4, with limits of agreements (LoA) between -2.0° and 

0.4°. For exp.2 the LoA ranges were between -2.5° and 6.9° for the TA and between -2.4° and 3.0° for the SOL. These larger LoA ranges can be explained by the 3 degrees of 

freedom of the ankle. 

The changes in the mean value of FACM with passive foot stretch (Figure 2) agreed with literature [7] and, as expected, the overall change was minor in the SOL [8]. The 

repeatability results should be considered in light of the quality of the diffusion scan, the muscle anatomy and location, and fat composition. The most important factor seems to be a 

successful registration of the diffusion scan to the anatomical reference, which is highly dependent on scan quality and which affects the selection of the correct ROIs where the 

FACM are measured.  

The results of exp.3 show that our method can successfully be applied to measure changes in fibers orientation due to a training intervention. In fact, in individual subjects, changes in 

mean fascicles orientation between baseline and after training were above the LoA of exp.1 (range 1.0-6.0°). Fiber distributions of the BFlh for 2 cases out of 5 are shown in Figure 

3. Moreover, larger changes in the mean values were detectable in smaller ROIs defined close to the intramuscular tendon (Figure 4). 

Conclusion 

Our approach facilitates the generation of reproducible fiber-angle color maps of the muscles in the leg, for monitoring changes in training and recovery. Small changes with passive 

foot stretch and due to training intervention in the whole muscle volume and in smaller ROIs can be quantified.  
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Figure 1. Exp.1: (A) Fiber angle color maps (FACM) of left and right BFlh muscles overlaid on the anatomical image. The fiber-angle reference line was defined between both BFlh attachments. (B) Fiber-

angle distributions of left and right leg BFlh of the repeated measurements for a representative subject (C) Bland-Altman analysis of the mean BFlh fiber orientations of all subjects. 

 

Figure 2. Exp.2: (top) Fiber-angle distributions and FACM of Tibialis Anterior and Soleus muscles for the dorsal flexion, neutral, and plantar flexion foot positions. The dashed lines and numbers indicate 

the mean fiber-angle. (bottom) Bland-Altman plots for the mean fiber-angles of Tibialis Anterior and Soleus. The three foot positions are indicated with different colors. 

 

Figure 3: Exp.3: Fiber-angle distributions for the left Biceps Femoris of 2 subjects before and after a training intervention. For subject 1 (left) no changes in the fiber-angle distribution were visible, whereas 

for subject 2 (right) a clear change in the fiber-angles due to training was observed. 

 

Figure 4: Exp.3: (A) Proximal and medial ROIs in the Biceps Femoris muscle of a representative subject. (B) Fiber-angle distributions in proximal and medial ROIs before and after the training intervention. 

(C) Mean values and standard deviation of the distributions. 



 

Synopsis: Osteoarthritis (OA) has a tremendous societal burden, but the pathophysiology remains unknown. Infrapatellar fat pad (IPFP) T2-hyperintense regions 

are an important imaging feature of knee OA. Morphologically identically appearing T2-hyperintense infrapatellar fat pad regions demonstrate different perfusion 

in healthy subjects, subjects with patellofemoral pain and subjects with knee osteoarthritis, suggesting an inflammatory pathogenesis in osteoarthritis only. 

 

Purpose: Infrapatellar fat pad (IPFP) T2-hyperintense regions are an important imaging feature of knee osteoarthritis (OA) and are thought to represent 

inflammation.1 These regions are very common also in non-OA subjects, and may not always be linked to inflammation.2,3 The aim of this study was to evaluate 

quantitative blood perfusion parameters, as surrogate measure of inflammation, within T2-hyperintense regions in patients with OA, with patellofemoral pain (PFP) 

(supposed OA precursor), and control subjects. Our hypothesis was that T2-hyperintense IPFP regions demonstrate different DCE-MRI perfusion parameters in 

patients with OA, patients with PFP and healthy control subjects, with the highest degree of perfusion expected in patients with OA. 

 

Methods: Twenty-two patients with knee OA, 35 patients with PFP and 43 healthy controls were included and underwent MRI, comprising T2 and DCE-MRI 

sequences. Image registration was applied to correct for motion. T2-hyperintense IPFP regions were delineated and a reference region was drawn in adjacent IPFP 

tissue with normal signal intensity using Horos software (Horosproject.org, USA) (Figure 1). Quantitative perfusion parameters (Ktrans, Kep, Ve, Vp) were 

extracted by fitting the extended Tofts’ pharmacokinetic model where Ktrans reflects the volume transfer constant into the tissue compartment, Kep describes the 

rate constant back into the vascular component, Ve the extravascular extracellular space and Vp vascular fraction of the region.4 DCE-MRI perfusion parameters 

were compared between the regions within subjects in each subgroup.  

 

Results: T2-hyperintense IPFP regions were present in 16 of 22 (73%) OA patients, 13 of 35 (37%) PFP patients and 14 of 43 (33%) controls. DCE-MRI perfusion 

parameters were significantly different between regions with and without a T2-hyperintense signal in OA patients. These regions demonstrated higher Ktrans and 

Ve (0.039 min-1 and 0.157) compared to normal IFPF tissue (0.025 min-1 and 0.119) (Table 1). For PFP patients and controls no significant differences were found. 

Remarkably, all regions drawn in knee OA demonstrated higher perfusion parameters, including Vp, compared to the other groups. 

 

Discussion: Our results are not consistent with the current insight that PFP might be a precursor of OA. A possible explanation for the normal perfusion of IPFP T2 

hyperintense regions in PFP might be that tissue homeostasis is not yet disturbed in PFP compared to OA, and inflammatory cytokines are not yet released. Besides 

inflammation, other causative effects of a fluid signal should be kept in mind by the radiologist, such as edema due to mechanical friction/impingement, increased 

vascularity due to neo-angiogenesis, necrosis or cellular infiltration.5 A strength of the current study is the quantitative assessment of DCE-MRI perfusion values, 

which offers more robust parameters that directly represent the microvasculature physiology, in contrast to semi-quantitative analysis. Furthermore, the inclusion of 

different patient groups from two studies offered the possibility to determine the nature of T2-hyperintense IPFP regions across different disease entities.  

 

Conclusion: IPFP T2-hyperintense regions are associated with higher perfusion in knee OA patients in contrast to identically appearing regions in PFP patients and 

controls, pointing towards an inflammatory pathogenesis in OA only.  
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Figure 1. ROI and Ktrans map of patient with PFP (above) and patient with OA (below) 

Table 1: T2 and DCE-MRI perfusion parameters in the IPFP. p-values of the difference between T2-hyperintense region and tissue with normal signal intensity are 

reported. p-values < 0.05 are indicated with *. IQR = interquartile range. † Wilcoxon signed-rank test 

 

 

 T2 relaxation time (ms) Ktrans x 1000 (min-1) Kep x 1000 (min-1) Ve x 1000 (unit-less) Vp x 1000 (unit-less) 

 Median IQR p-value 

† 

Media

n 

IQR p-value 

† 

Media

n 

IQR p-value 

† 

Media

n 

IQR p-value 

† 

Media

n 

IQR p-value 

† 

OA patients 

T2-hyperintense 

region 
61.40 31.27 

<0.001* 

39.03 65.79 

0.017*  

197.5

7 

198.6

6 
0.079 

157.1

9 

259.4

5 
0.010* 

2.09 6.15 

0.363 
Normal signal 

intensity  
36.39 6.15 24.73 22.76 

163.4

9 

131.8

3 

119.1

8 

151.4

3 
1.03 5.98 

 

PFP patients 

T2-hyperintense 

region 
52.30 10.66 

0.001* 

11.07 13.49 

0.552 

173.4

1 

198.6

1 
0.552 

143.0

0 

128.3

7 
0.917 

0.22 0.52 

0.477 
Normal signal 

intensity 
33.85 4.62 13.61 10.09 

112.8

6 

181.9

6 

143.9

5 

125.3

3 
0.11 0.39 

 

Controls 

T2-hyperintense 

region 
53.67 15.49 

0.001* 

9.84 17.28 

0.363 

91.00 97.38 

0.778 

160.6

2 

255.0

9 
0.510 

0.13 0.70 

0.075 
Normal signal 

intensity 
32.71 4.74 14.36 23.02 

122.2

8 

117.5

9 

181.5

3 

116.1

2 
0.01 0.18 



 

Synopsis: Unravelling the pathophysiology of patellofemoral pain (PFP) is of utmost importance, given the fact that it is a possible precursor to osteoarthritis. The 

infrapatellar fatpad (IPFP) has been implied as possible source of pain, but its blood perfusion, as surrogate measure of inflammation, and volume do not seem to 

play a role in PFP. PFP patient’s knees with effusion showed a higher perfusion, indicating inflammation and/or neovascularisation, in contrast to controls. 

 

Purpose: PFP is a common knee condition and possible precursor of osteoarthritis.1 Inflammation or increased volume of the IPFP may have causative effects.2.3 

The aim of this study was to compare volume and quantitative dynamic contrast enhanced (DCE) MRI parameters, as surrogate measure of inflammation, of the 

IPFP in patients with PFP and healthy control subjects, and explore the relationship with IPFP edema and joint effusion. Hypothetically, a larger IPFP volume and 

higher blood perfusion values are expected in patients with PFP and in subjects with IPFP edema and joint effusion. 

 

Methods: PFP patients and matched healthy control subjects, aged 18-40 years, were included. Participants underwent MRI including non-fat saturated FSPGR and 

DCE-MRI. Image registration was applied to correct for motion. The IPFP was delineated on the FSPGR sequence using Horos software (Horosproject.org, USA) 

(Figure 1). The volume was calculated and quantitative perfusion parameters (Ktrans, Kep, Ve and Vp) were extracted by fitting the extended Tofts’ 

pharmacokinetic model.4 In short, Ktrans reflects the volume transfer constant into the tissue compartment, Kep describes the rate constant back into the vascular 

component, Ve the extravascular extracellular space and Vp vascular fraction of the region. Differences in volume and DCE-MRI parameters between patients and 

controls were tested by linear regression analyses adjusted for sex, BMI, age and sports participation. The same applied to IPFP edema and effusion. 

 

Results: 43 controls and 35 patients with PFP were included. Mean IPFP volume was 26.04 ml in controls and 27.52 ml in patients. Mean Ktrans was 25.62 min-1 

and Kep was 161.58 min-1 in controls and, respectively, 24.49 min-1 and 193.47 min-1 in patients. None of the differences in volume and perfusion parameters were 

significantly different between groups (Table 1). IPFPs with edema did not demonstrate significantly different parameters compared to IPFPs without edema. Knees 

with effusion showed a higher Ktrans, Kep and Vp. of the IPFP, indicating a larger vascular fraction and more blood inflow and outflow, without a significant increase 

in extravascular extracellular space, in patients with PFP. 

 

Discussion: The unexpected results found in this study might be explained by a still preserved tissue homeostasis in PFP without inflammatory response. A 

strength of this study is the inclusion of healthy control subjects next to a large number of patients with PFP and the quantitative DCE-MRI approach. An important 

point to notice is that small, yet significant differences could have been left undetected due to the large inter-subject variability. This high inter-subject variability is 

presumably due to normal tissue heterogeneity and in some degree to measurement variability. We do not think this would affect the main outcome as these factors 

influence both patients and control subjects and the variance was not statistically significantly different between groups. Moreover, the clinical relevance would be 

questionable given the small effect sizes. 

 

Conclusion: PFP patients do not demonstrate a significantly higher volume or blood perfusion of the IPFP compared to controls. Patients with effusion 

demonstrated higher IPFP perfusion possibly due to inflammation or neovascularisation, in contrast to control subjects. 
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Figure 1. Overlay of the Ktrans map of a PFP patient on the non-FS FSPGR sequence with the infrapatellar fat pad delineated (red line). 

 

Table 1. Mean, standard deviation and mean difference of the volume and the VOI mean for K trans, Kep, Ve and Vp in patients and controls. Perfusion parameters 

were multiplied by 1000. 

 Mean patients 

(N=35) 
Mean controls 

(N=44) 
Mean difference 

(95% CI) 

Adjusted 

p-value 

Volume    (ml) 27.52 (5.37) 

 

26.04 (4.18) 

 

1.48 (-0.66;3.62) 

 

0.12 

Ktrans     (min-1) 24.49 (25.66) 

 

25.62 (28.64) 

 

-1.12 (-13.47;11.21) 

 

0.98 

Kep             (min-1) 

 

193.47 (104.23) 

 

161.58 (78.58) 

 

31.88 (-9.07;72.84) 

 

0.48 

Ve 

 

149.67 (61.39) 

 

171.04 (64.51) 

 

-21.37 (-49.85;7.11) 

 

0.29 

Vp 

 

1.57 (5.81) 

 

0.46 (0.52) 

 

1.10 (-0.65;2.85) 

 

0.10 

 

 



 

Introduction 

CADASIL (cerebral autosomal dominant arteriopathy with subcortical infarcts and leukoencephalopathy) is the most common monogenetic variant of cerebral 

small vessel disease. In CADASIL, granular osmiophilic material (GOM) is deposited in small artery membranes, leading to smooth muscle cell degeneration and 

thickening of the vascular wall. This particularly affects cerebral perforators, resulting in mid-adult onset of ischemic stroke, cognitive decline progressing to 

dementia, subcortical infarcts and white matter lesions.1–5 Recent MRI developments enable detection of small perforating arteries, with quantitative measurements 

of blood flow velocity and pulsatility in the basal ganglia (BG) and centrum semi-ovale (CSO) using 2D phase contrast angiography (PCA) on 7 Tesla MRI.6,7 The 

main goal of this study is to investigate small perforator blood flow velocity and pulsatility in CADASIL patients, in comparison to matched healthy controls, to 

explore if small vessel disease in these patients can be detected in the vessels themselves. We study the perforators in the BG and normal appearing white matter 

(NAWM) and lesioned tissue of the CSO.  
 

Methods 
BG and CSO imaging data of 22 CADASIL patients (age 52±10) and 12 controls (age 47±13) were collected at the University Medical Center Utrecht (7 Tesla 

MRI data) and the Ludwig-Maximilians-University Munich (3 Tesla MRI data) from the Zoom@SVDs study, as part of the SVDs@target program (supported by 

European Union's Horizon 2020 programme grant agreement 666881). Using a 2D PCA acquisition on 7 Tesla MRI (Philips) with a 32-channel head coil (Nova 

Medical), small perforators were detected in the BG and CSO. Scans were acquired with a 0.3mm in-plane resolution and encoding velocity of 20 and 4 cm/s for 

the BG and CSO, respectively.6 The CSO white matter (WM) was segmented using a 3D T1-weighted image (SPM12). The BG was segmented manually. In the 

CSO, ghosting artefacts were automatically removed from the WM segmentation.8 BG perforators oriented non-perpendicular to the PCA imaging plane were 

excluded. Finally, for the CSO and BG, perforators closer together than six voxels (1.8mm) were excluded, since these are mostly located on larger, non-perforating 

arteries. Perforator outcome measures are the mean blood flow velocity during the cardiac cycle (Vmean) and the pulsatility index (PI=(Vmax-Vmin)/Vmean). Because 

the number of detected perforators (Ndetected) depends on the mask size, the perforator count is expressed as a density (number of perforators/cm2 mask, Ndensity). In 

addition, we compared perforator outcome measures in CADASIL patients between NAWM and white matter hyperintensities (WMH) in the CSO. These WMH 

were manually delineated on a 3 Tesla FLAIR image.  
  

Results and discussion 

One PC control scan was excluded due to scanner problems. One CSO control scan and one CSO patient scan were excluded due to motion artefacts, as were 

three BG control and two BG patient scans. One CSO control scan was excluded due to triggering problems.  

Vmean, PI and Ndensity in controls and CADASIL patients for the BG and NAWM of the CSO, are given in Table 1. Patients’ perforators showed a significantly 

lower Vmean and higher PI compared to controls in the BG and NAWM of the CSO. To note, the lower Vmean does not fully account for the higher PI values. In 

Figure 1, the mean velocity traces are normalized  by division by Vmean and shown of all perforators combined, of patients and controls in the BG and the NAWM 

of the CSO. The figure clearly shows a larger velocity span and thus a higher pulsatility in patients compared to controls. The higher PI in patients agrees with 

known CADASIL characteristics: in CADASIL the walls of small perforators are thickened and stiffened by GOM accumulation leading to stenosis.3 This results in 

a decrease in perforator diameter and compliance, which can lead to a higher pulsatility and lower flow.9 However, it remains arguable how this affects velocity, 

since the diameter change due to GOM accumulation in our population is unknown. Also, the vascular tree is complex and composed of arteries, veins and small 

perforators which are interconnected, but differently affected in CADASIL disease.4 Finally, a smaller vessel diameter leads to a larger Vmean underestimation which 

may partly explain the lower values in patients.10  

Ndensity in the BG and NAWM in the CSO is not significantly different between patients and controls. This indicates that although the perforators show altered 

hemodynamics, this does not lead to a significant change in the number of detected perforators. However, the density of perforators with velocities below the 

detection threshold may be different.  

Table 2 shows the comparison in CADASIL patients between NAWM and WMH in the CSO.  

Vmean, PI and Ndensity are not significantly different. This could indicate that perforator impairment in CADASIL patients is not merely or mainly present in the 

WMH, but has a widespread presence in the brain. 
 

Conclusion 

In CADASIL patients, the velocity in small perforating arteries in the CSO and BG is significantly lower and the pulsatility significantly higher compared to 

controls. In the CSO of patients, these differences are not limited to WMH but also present in NAWM. These results show that small vessel disease in CADASIL 

patients can now be detected non-invasively in the form of functional changes in the small vessels themselves.   
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Difference in cerebral perforator function between CADASIL patients and controls 

CSO 
Controls  
(Nsub=9;Ndetected=54)  

CADASIL 
(Nsub=21;Ndetected=37) 

P-value 

Vmean (cm/s) 0.62±0.08 0.56±0.10 0.03 

PI 0.40±0.11 0.58±0.21 0.02 

Ndensity (/cm2) 0.98±0.33 0.93±0.37 0.73 

BG Controls 
(Nsub=8;Ndetected=20) 

CADASIL  
(Nsub=20;Ndetected=20) 

P-value 

Vmean (cm/s) 4.03±0.79 2.94±0.58 <0.001 

PI 0.30±0.15 0.46±0.14 0.01 

Ndensity (/cm2) 0.38±0.08 0.40±0.12 0.73 
Table 1: Comparison between controls and CADASIL patients for Vmean, PI and Ndensity in the BG and in normal appearing white 
matter of the CSO. Results are average values±standard deviations of all subjects combined. CSO, centrum semi-ovale; BG, basal 
ganglia; Vmean, mean velocity over the cardiac cycle; PI, pulsatility index; Ndensity, number of detected perforators per cm2 of 
mask; Nsub, number of included subjects; Ndetected, mean number of detected perforators. Bold P-values are significant. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Difference in cerebral perforator function between NAWM and WMH in the CSO of patients 

CSO 
NAWM 
(Nsub=15;Ndetected=40) 

WMH   
(Nsub=15;Ndetected=17) 

P-value 

Vmean 0.55±0.12 0.54±0.10 0.96 

PI 0.59±0.22 0.69±0.26 0.26 

Ndensity 0.96±0.39 1.10±0.49 0.18 
Table 2: Comparison within CADASIL patients between normal appearing white matter (NAWM) and white matter 
hyperintensities (WMH) for Vmean, PI and Ndensity in the CSO. Results are average values±standard deviations of all subjects 
combined. CSO, centrum semi-ovale; BG, basal ganglia; Vmean, mean velocity over the cardiac cycle; PI, pulsatility index; Ndensity, 
number of detected perforators per cm2 of mask; Nsub, number of included subjects; Ndetected, mean number of detected 
perforators; 

  
Figure 1: Mean normalized (division by the mean) velocity traces of all detected perforators combined, interpolated to the 
maximum number of occurring cardiac phases. Traces of CADASIL patients and controls in the basal ganglia (BG) and normal 
appearing white matter (NAWM) of the centrum semi-ovale (CSO) are shown. Shaded regions indicate ±standard error of the 
mean. 



 

Synopsis:  

This study presents a protocol for the characterisation of a perfusion phantom for use in ASL in the brain. This consists in three experiments: acquisitions with a 

variable labeling flip angle to determine the behaviour of the labeling efficiency, a look-locker sequence to examine the time-dependent behaviour of the signal, and 

a series of acquisitions with different crusher settings. All three experiments confirmed the similarity between the phantom and the human subject, using the 

recommended parameters of use of the phantom and ASL sequences. Future experiments will include more subjects as well as an expansion of the protocol.   

Purpose: 

Arterial spin labeling (ASL) is becoming more commonly used in the clinic as a contrast-agent-free alternative for perfusion imaging, in particular in the brain. It has 

been proven useful in imaging a wide range of pathologies, from neurodegenerative diseases such as Alzheimer’s disease, to stroke and vascular malformations, to 

tumours.1 However, ASL sequences vary between vendors and centres, rendering comparisons of the results hazardous.2 This lack of uniformization across the ASL 

field may impede its wider acceptance by clinicians, as well as introduce additional uncertainty in the development of new sequences. The use of a standardized 

perfusion phantom, with known characteristics, would allow calibration of all ASL results and in turn direct comparisons between centres. In order for the ASL 

community to adopt such a phantom, it would need to adequately and reproducibly approximate the behaviour of the human brain. This study aims to define a 

complete protocol for the characterization and validation of a perfusion phantom used in brain ASL. 

Methods: 

All images were acquired on an Achieva dStream 3T scanner (Philips, Best, the Netherlands). This study made use of the Quantitative Arterial Spin Labeling Perfusion 

Reference (QASPER, beta testing version) phantom (Gold Standard Phantoms, London, UK). A healthy volunteer (female, 25 years old), who provided written 

informed consent, was also imaged for comparison with phantom results. The protocol currently includes three experiments: a series of acquisitions with variable 

labeling flip angle (FA), a look-locker (LL) sequence with several acquisitions following a single labeling block, and acquisitions with added crusher gradients applied 

in different directions. All of these were performed by modifying a basic pseudo-continuous ASL (pCASL) sequence, with the parameters given in Table 1. The 

variable FA experiment is meant to observe the relative labeling efficiency of the sequence under different labeling conditions, the LL sequence reveals the time-

dependent behaviour of the signal, and the crushed experiments probe the vascular properties. Data was analysed using MATLAB (Natick, MA, USA). Masking was 

performed on the phantom images by drawing a circle to remove the outer ring of signal (label leakage) and thresholding the resulting perfusion image. In the human 

brain, simple thresholding was applied to isolate the gray matter signal.  

Results: 

Figure 1 shows the results of the variable FA experiment in the phantom and human subject. At the recommended flow rate of 350 ml/min and PLD of 1800 ms (as 

indicated by the ASL white paper3), QASPER most closely approximates the labeling efficiency of the human brain. Indeed, the ASL signal is seen to increase with 

the FA of the labeling pulse before reaching a plateau around a FA of ~22°. In figure 2, the time-dependent behaviour of the signal is seen for both QASPER and the 

human subject. Again, the recommended flow rate leads to results which approximate the human brain most faithfully, with a similar rate of decrease of the signal 

through time. Finally, in figure 3, ASL signal maps in QASPER for two different PLD’s and four crusher gradient configurations (applied in one of the three imaging 

axes and a combination of all three). The signal is shown for the same perfusion slice as previous experiments (B and D) as well as the slice containing the radial 

tubes (A and C) which feed the perfusion section in a manner analogous to arteries in the brain. It can be seen that crushers remove the most signal in the tubes which 

are aligned with the gradient direction.  

Discussion: 

The current validation protocol allowed to confirm the similarities between the behaviour of the QASPER phantom at the recommended flow rate. Both the time-

dependent signal and the labeling efficiency exhibited a close correspondence. The pattern of signal in the radial tubes of QASPER in the “arterial phase” (PLD = 

500 ms) is consistent with the applied gradients, showing that similar velocity encodings can be used in the phantom and human brain. However, the measured 

absolute signal in the phantom was consistently lower than in the human subject. This may be due to the specific subject that was used, as perfusion is known to be 

higher in younger people and women. The addition of more subjects to the study may remove this perceived bias. This effect may also be corrected when proper 

cerebral blood flow quantification is performed. This protocol will be expanded in the future to include more experiments, such as a pulsed ASL sequence, a test of 

reproducibility, and an exploration of the effect of background suppression.  

Conclusion: 

The proposed validation protocol for perfusion phantoms used in ASL allowed a description of the labeling efficiency, time-dependence, and flow characteristics of 

the ASL signal in the QASPER phantom as well as comparison with a human subject. In fact, the results of the three experiments showed agreement between the 

human brain signal and the recommended flow parameters of the phantom.  
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Experiment Parameter QASPER Volunteer 

ALL Labeling Duration (ms) 1800 1800 

Look-
Locker 

TR/TE (ms) 4600/9.1 4600/8.8 

Matrix Size 128 x 128 x 5 80 x 80 x 11 

Resolution (mm3) 1.875 x 1.875 x 4.6 3 x 3 x 7 

# of averages 10 30 

Flow Rates (ml/min) 100, 200, 350 - 

PLD (ms) 100, 300, 500, … ,1900 100, 400, 700, … ,2200 

Variable  
Flip Angle 

 

TR/TE (ms) 3778/10 4000/9.9 

Matrix Size 128 x 128 x 5 80 x 80 x 11 

Resolution (mm3) 1.875 x 1.875 x 4.6 3 x 3 x 7 

# of averages 10 30 

Flow Rates (ml/min) 200, 350 - 

Flip Angles (°) 2.5, 5, 7.5, … ,30 3, 6, 9, … , 30 

Crusher 
Gradients 

TR/TE (ms) 4000/17 4200/19 

Matrix Size 128 x 128 x 5 80 x 80 x 11 

Resolution (mm3) 1.875 x 1.875 x 4.6 3 x 3 x 7 

# of averages 10 30 

Flow Rates (ml/min) 350 - 

PLD (ms) 500, 1800 1800 

Gradient Direction (Venc (cm/s)) M (5), P(5), S(5), All (5) All (5) 

Table 1. Sequence parameters for the three experiments of the protocol 

 

Figure 1. Results of the variable FA experiment. A and B show the perfusion maps in 

QASPER for post-labeling delays (PLD) of 500 and 1800 ms, respectively, at all FA’s. 
In C is the perfusion in the brain. D and E show the average and normalized signal, 

respectively, in the gray matter (red lines) and the phantom at the different flow rates 

with a PLD of 1800 ms.  

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Results of the LL experiment. A and B show the perfusion maps in QASPER 

for flow rates of 350 and 200 ml/min, respectively, at all PLD’s. In C is the perfusion 

in the brain. D and E show the average and normalized signal, respectively, in the gray 

matter (red lines) and the phantom at different flow rates.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 3. Results of the crusher gradients experiment. A and C are images of the ASL signal in the slice containing QASPER’s radial, vessel-like tubes 

which deliver the label to the perfusion region, shown in B and D. A and B are acquired with a PLD of 500 ms, and C and D with a PLD of 1800 ms. The 

different columns correspond to different configurations of the gradients.  



 

Synopsis: Pathophysiological changes in cerebrovascular reactivity can remain undetectable at rest, and may only become apparent during a cerebrovascular 

challenge. We evaluated the feasibility of dynamically measuring the cerebrovascular response to exercise using pseudo-continuous arterial spin labeling (pCASL) 

at 3 Tesla during a bicycle exercise-recovery stress test. We observed a transient increase in cerebrovascular blood flow (CBF) during exercise in four volunteers, 

demonstrating that pCASL-MRI can capture dynamic changes in CBF during physiological bicycle exercise. This approach may become an important quantitative 

tool to noninvasively investigate the cerebrovascular reactivity in health and disease. 

 

Purpose: A reduced cerebrovascular reactivity has been linked to cognitive decline found in aging and type 2 diabetes. Any hemodynamic changes can remain 

undetectable at rest, and may only become apparent during a cerebrovascular challenge. Spatial maps of the cerebrovascular reactivity upon hypercapnia or a 

pharmacological vasodilator challenge can be obtained with MRI, using pseudo-continuous arterial spin labeling (pCASL).1 However, such artificially-induced 

vasodilation does not reflect daily life physiology. Instead, aerobic exercise can be used as a physiological stress challenge. Here, we evaluated the feasibility of 

dynamically measuring the cerebrovascular response to exercise using pCASL-MRI at 3 Tesla during a bicycle exercise-recovery stress test.  

 

Methods:   

Exercise protocol - Four volunteers (2/2 male/female; age 23.5 ± 1.5 years; BMI 22.8 ± 1.3 kg/m2) were scanned during incremental exercise on an MR-compatible 

bicycle ergometer (Lode BV, Groningen, The Netherlands). The 15-minute exercise-recovery protocol (Figure 1a) consisted of 1) three minutes unloaded bicycling 

exercise, followed by 2) up to 8 minutes of loaded exercise with gradual increments of 20 (female) or 25 (male) W/min until exhaustion, 3) two minutes of cycling 

at 25 W for active recovery, and 4) two minutes of rest for passive recovery. The participants were guided to maintain a cycling rate of 60-70 RPM. To reduce motion, 

the participant’s head was fixated with small foam cushions.  

 

MR measurements - Imaging was performed on a 3 Tesla MR system (Ingenia; Philips, Best, The Netherlands) using a 32-channel transmit-receive head coil. 

Throughout the exercise session, the cerebrovascular blood flow (CBF) was measured dynamically using pCASL with a 2D EPI readout.2 Label duration and post-

label delay were 1800 ms, and two background suppressions were used. pCASL imaging parameters were: TR/TE 4550/16 ms, voxel size 2.75/2.75 mm, number of 

slices 16, slice thickness 5 mm. A total of 100 control/label pairs were acquired over 15 minutes. Post-processing was performed using the ExploreASL toolbox,3 

individually quantifying each control/label image pair.4 Motion correction was performed by registering consecutive images using statistical parametric mapping 

(SPM12; Functional Imaging Laboratory, UK) using rigid-body rotation and translation, before voxel-wise calculation of tissue perfusion. Control/label pairs were 

excluded using a similar method as described by Shirzadi et al.5 The ExploreASL implementation employs the median gray matter voxel-wise temporal SNR (tSNR) 

as the criterion for signal stability,6 regularized by an empirically-defined minimum tSNR improvement of 5%. Whole brain (WB) CBF [mL/100 g tissue/min] was 

calculated based on an anatomical T1-weighted reference scan. The CBF was then plotted against time, and a Gaussian filter (width 10 time points) was applied to 

smoothen the WB CBF time curve. 

 

Results: Data of a representative measurement are displayed in Figure 1. Individual control/label-quantified pCASL-MR images (Figure 1b) revealed an increase in 

CBF during exercise. This effect was also visible in the CBF measurements over time (Figure 1d), showing a pronounced increase in WB CBF at maximal exercise 

intensity and a subsequent decrease during recovery. Although the exercise-induced changes in WB CBF were rather heterogeneous across volunteers (Figure 2), we 

observed a transient increase in CBF during exercise in all participants. In Figure 1c, the displacement relative to the first frame is plotted over time during the 

different exercise stages. In two of the four participants, 25 and 10 control/label pairs were excluded due to excessive motion. Relative differences compared to 

baseline WB CBF (mean of 3 minutes unloaded cycling) are shown in Figure 3. An increase of at least 10% in WB CBF was observed in all participants after reaching 

60% of their achieved maximum power.  

 

Discussion: We performed pCASL measurements of the CBF during incremental exercise in four volunteers. Although some control/label pairs were affected by 

displacements of the head, particularly during high-intensity exercise, motion distortions generally appeared to be well-solved by motion correction through image 

registration. With observed WB CBF changes of >50% (Figure 3), we believe that these changes are indeed a physiological response to exercise, and not just resting-

state fluctuations in the ASL signal.7  Standardization of the exercise protocol, tailored to individual participant characteristics, as well as measurements in a larger 

cohort of volunteers are needed to establish reference values for pCASL-MRI of the cerebrovascular response to exercise. 

 

Conclusion: Our pilot experiments demonstrate that pCASL-MRI can detect dynamic changes in CBF during a bicycle exercise stress test inside a 3 Tesla MR 

system. This physiological stress test may become a valuable, quantitative tool for noninvasive investigations of the cerebrovascular reactivity in health and disease. 
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Figure 1. Example of dynamic whole brain CBF measurements during exercise. A) Different 

stages of the exercise protocol. B) Maps of the CBF, collected with pCASL-MRI at 0, 5, 10 and 

15 minutes (0W, 66W, 200W and recovery, respectively). C) Net displacement of the individual 

acquisitions, relative to the first frame. D) Whole brain CBF plotted against time. The shaded area 

indicates the exercise intensity (W).      

 

Figure 2. Dynamic CBF measurements of the four participants. The shaded area indicates the exercise 

intensity (W). 

 

 
Figure 3. Change in whole brain CBF relative to the baseline CBF 

(mean of 3 minutes unloaded cycling). Exercise intensity is 

expressed as a percentage of the achieved maximum power. 
The shaded area indicates post-exercise recovery.   

 



 

Synopsis: Super-resolution reconstruction (SRR) allows for 3D high-resolution image reconstruction from a set of low-resolution multi-slice images with different 

orientations. Arterial spin labeling (ASL) is an interesting albeit complicated candidate for SRR, as it relies on subtraction. SRR-ASL can be performed on low-

SNR subtracted or on low-contrast unsubtracted ASL data. Different ASL-SRR implementations were applied to single-PLD PCASL data and validated against 

traditional ASL-scans. Combining motion correction, super-resolution post-processing and pairwise subtraction of label-control pairs in a single framework yielded 

comparable CBF maps as with traditional HR-ASL. Furthermore, in certain slices, SRR-ASL appears to reconstruct the anatomical structure with higher fidelity. 

 

Introduction: Super-resolution reconstruction (SRR) aims at improving the trade-off between spatial resolution, SNR and scan time by using iterative 

reconstruction techniques on a set of 2D-multi-slice images with low through-plane resolution, where each of those images samples the underlying high-resolution 

(HR) object in a unique way, ultimately allowing an isotropic HR 3D-reconstruction1,2,3. An efficient sampling method is to rotate the slice-encoding direction 

around the phase-encoding direction over a wide range of angles (Figure 1). From such a set of low-resolution (LR) multi-slice MR-images, it has been shown that 

high-frequency information can be recovered with SRR post-processing, ultimately resulting in HR images or parameter maps4,5,6. 

Arterial spin labeling (ASL) is an interesting albeit complicated candidate for SRR. The requirement in SRR of acquiring multiple images fits naturally with ASL, 

as there is an inherent need for averaging7. Furthermore, compared to acquiring HR multi-slice data, acquisition of LR multi-slice images (i.e., fewer, thicker slices) 

is beneficial in terms of keeping the effectiveness and level of background suppression more constant over the volume and to limit the variation of the effective 

post-labeling delay. This could ultimately result in a significantly increased SNR, similarly as found for multiband ASL8. 

A major difference of an ASL-SRR implementation compared to other MRI modalities is the subtraction step in ASL. For symmetry reasons, for each rotation both 

a label and a control image have to be acquired. Moreover, it has to be decided to perform SRR either on the subtracted or on the unsubtracted data. In this study, 

different ASL-SRR implementations were applied to single-PLD pseudo-continuous ASL (PCASL) data and validated against traditional ASL-scans. 

 

Methods:  

Data acquisition 

Single-shot EPI multi-slice single-PLD PCASL data was acquired from a healthy volunteer (informed consent was obtained and study was approved according to 

local ethics guidelines). Both a set of LR-PCASL data, suitable for SRR, and a conventional, HR-PCASL dataset was acquired, serving as a reference for 

comparison. Acquisition settings are shown in Table 1. Furthermore, a HR proton density image was acquired for absolute quantification. 

Post-processing pipelines 

Three versions of combining the SRR step and the subtraction ASL step were implemented (Figure 2a-c). SRR postprocessing was performed as regularized 

nonlinear least squares estimation: 

(𝒙, �̂�) = argmin
𝒙,𝜽

{‖𝑨𝜽𝒇(𝒙) − 𝒚‖2
2 + 𝜆‖𝚫𝒙‖2

2}, 

with x and θ vectors representing the HR image and unintended motion parameters to be estimated9, respectively, y a vector representing the input LR data, Aθ the 

SRR sampling matrix relating the HR image to each of the differently acquired LR images and f(.) a model relating the HR perfusion-weighted image to label-

control image pairs (SRR-ASL-3), or the identity operator (SRR-ASL-1/2). The second term depicts Laplacian regularization, common for SRR4,5, controlled by a 

weighting factor λ. Regularization weighting was optimized for each pipeline while ensuring a fixed ratio between the data fidelity term and regularization term. In 

case of traditional ASL, conventional steps of image registration, pair-wise subtraction and subsequent averaging were followed (Figure 2d). Finally, HR CBF maps 

were quantified using the recommended PCASL quantification model6.  

 

Results and discussion: The reconstructed HR (3x3x3mm3) perfusion-weighted images using the three SRR ASL methods and the traditional ASL pipeline are 

shown in Figure 3 and the quantified HR CBF maps in Figure 4. 

When comparing the different SRR-ASL approaches, the model-based SRR-ASL-3 pipeline qualitatively outperforms the other two SRR pipelines (Fig. 3 and 4). 

In the case of SRR-ASL-1, SRR is performed on low-SNR difference images, potentially explaining the higher noise-level in the reconstructed HR perfusion-

weighted images. For SRR-ASL-2, the subtraction step is not taken into account in the two separate scalar SRRs, making it more vulnerable to registration errors. 

Moreover, regularization is performed on the unsubtracted images, which show less high-contrast details than perfusion-weighted images. Motion correction, super-

resolution post-processing and pairwise subtraction of label-control pairs are performed in one single optimization framework in SRR-ASL-3, making it less 

susceptible to error propagation while maintaining robustness because regularization is also performed on the final HR perfusion-weighted outcome image. 

When comparing SRR-ASL-3 to the traditional HR-ASL experiment, the benefit of acquiring LR data for SRR-ASL shows in terms of SNR. The HR SRR-ASL-3 

images show comparable signal intensities in all slices, while for traditional HR-ASL later acquired slices suffer from low SNR due to long effective PLDs and 

limited background suppression. For such slices (first two in Figure 3), SRR-ASL-3 appears to reconstruct the underlying anatomical structure with higher fidelity 

compared to traditional HR-ASL. 

In terms of absolute quantification, the CBF estimates resulting from the SRR-ASL pipelines are in the same range as those obtained from the traditional ASL 

experiment. However, there are some clear regional differences (Figure 4). This could potentially be caused by accumulation of information from different effective 

PLDs in each voxel stemming from the different slice orientations of the LR images, whereas the traditional HR-ASL has a different PLD for each slice. In future 

work, we will try to exploit the presence of multiple effective PLDs by incorporating the quantification step within the model-based SRR framework. 

 

Conclusion: The feasibility of super-resolution reconstruction of 2D-multi-slice single-PLD PCASL data was demonstrated in this work. The technique shows 

clear promise for whole-brain high-resolution multi-slice PCASL imaging, although comparison against 3D readout strategies is needed. 
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Figure 1: An SRR acquisition scheme based on rotation. The top and middle row show the 
coverage in k-space and image space, respectively. A lower through-plane resolution in image 

space translates to a smaller coverage of k-space in the slice-encoding direction. Each LR 

image samples the HR scene differently by incrementally rotating the slice- and frequency-
encoding direction around the phase-encoding direction. The resulting multi-slice images with 

low through-plane resolution are shown in the bottom row.  

 

Table 1: Acquisition parameters for the LR SRR data and the directly acquired HR data. 

*The slice orientation angle is defined as the angle the slice-encoding direction makes with 

the left-right axis in the coronal plane.  

Figure 2:  (a)-(c) Three different post-processing pipelines for  the combination of super-resolution 

reconstruction and ASL subtraction, labeled as SRR-ASL-1-3. In SRR-ASL-1 and -2, an HR 

version of a set of differently acquired LR images is reconstructed with SRR without an underlying 

model, which is referred to as scalar SRR. In SRR-ASL-3, subtraction of each LR label-control pair 

is encoded as a model function within the  SRR framework. (d) Conventional post-processing of 

HR-ASL data. 

 

Figure 3: HR (3x3x3mm3) perfusion-weighted transverse slices at different locations in the 

brain. The top three rows represent the reconstructions obtained from the three SRR 
pipelines described in Figure 2, respectively. The bottom row shows the averaged HR 

difference image obtained from traditional ASL data. In this bottom row, note that the jump 

in signal intensity from the second to the third slice is caused by the multiband acquisition; 
data acquisition for the second slice was performed with a much longer effective PLD and a 

much worse background suppression compared to the third slice. 

 

Figure 4: Transverse slices at different locations in the brain of the HR (3x3x3mm3) CBF maps, 

quantified from the HR perfusion-weighted images slices shown in Figure 3.  

 



 

Synopsis:  

MR-STAT is a framework for obtaining multi-parametric quantitative MR maps using data from single short scans. A single large-scale optimization problem is solved in which 

spatial localisation of signal and estimation of tissue parameters are performed simultaneously. In previous work, MR-STAT was presented using gradient-balanced sequences with 

linear, Cartesian readouts. To demonstrate the generic nature of the MR-STAT framework and to explore potentially more efficient acquisition schemes, we extend MR-STAT to 

non-Cartesian gradient trajectories as well as gradient-spoiled sequences. The first results shown in this work suggest that radial MR-STAT is better able to deal with undersampling 

compared to (state-of-the-art) low-rank ADMM MRF.  

Introduction:  

MR-STAT1 is a framework for obtaining multi-parametric quantitative MR maps using data from single short scans. Instead of using the FFT for spatial localisation of signal, 

followed by parameter estimation on a voxel-per-voxel basis, a single large-scale optimization problem is solved in which spatial localisation of signal and estimation of tissue 

parameters are performed simultaneously. In previous work,2 MR-STAT was presented using gradient-balanced (e.g. bSSFP/trueFISP) sequences with linear, Cartesian readouts. To 

demonstrate the generic nature of the MR-STAT framework and to explore potentially more efficient acquisition schemes, we extend MR-STAT to non-Cartesian gradient trajectories 

as well as gradient-spoiled (e.g. FISP) sequences. First results obtained with radial MR-STAT on simulated data, data from gel phantoms and in-vivo brain data from gradient-spoiled 

(e.g. FISP) sequences are presented. The results are also compared to (state-of-the-art low-rank ADMM) radial MRF reconstructions.3  

Theory:  

In MR-STAT, parameter maps are obtained by iteratively solving �̂� = 𝑎𝑟𝑔𝑚𝑖𝑛𝛼  ‖𝑑 − 𝑠(𝛼)‖2, where 𝑑 is the measured data, 𝑠 is a Bloch-equation based signal model and 𝛼 are the 

parameter maps concatenated into a single vector. The numerical solution to this large-scale nonlinear optimization problem is obtained with iterative algorithms that require the 

computation of partial derivatives of the signal with respect to the tissue parameters.  

In the present work the MR-STAT framework was extended to spoiled signal models by incorporating an EPG4 simulator in the forward model. Exact partial derivatives with respect 

to tissue parameters were computed using automatic differentiation (forward mode) of the EPG model. The model was also generalized to be able to compute signals and partial 

derivatives for non-Cartesian gradient encoding schemes. 

Methods:  

Data from a numerical brain phantom was simulated and data from gel phantoms (Eurospin) and an in-vivo brain was acquired on a 3T clinical MR system (Ingenia, Philips, Best, 

The Netherlands) using the vendors standard 13-channel receive head-coil. For the simulated data noise was added to the data such that 
‖𝑑𝑎𝑡𝑎‖

‖𝑛𝑜𝑖𝑠𝑒‖
= 100 . For all acquisitions, a 

transient-state gradient-spoiled (FISP) sequence was  employed with golden angle radial readouts and flip angles that varied smoothly per TR between 0 and 80 degrees. The 

sequence was preceded by an inversion pulse. In all cases the total scan time was approximately 10s. The flip angle trains and additional scan parameters are shown in Figure 1.  

For performing the large-scale nonlinear inversion in MR-STAT, the previously presented matrix-free method Gauss-Newton method was used.2 The MRSTAT reconstructions were 

implemented on a high-performance computing cluster in the Julia programming language.5  

For comparison purposes, the same data sets were also reconstructed using a state-of-the-art MRF reconstruction framework consisting of the low-rank ADMM iterative algorithm,3 

which shows superior performance compared to the originally proposed MRF reconstruction scheme.6 For these MRF reconstructions, dictionaries with 100 T1 values and 100 T2 

values in logarithmic steps between 0.1s-3s and 0.01s-0.5s, respectively, were generated and compressed to rank 5. The number of ADMM iterations and the ADMM penalty 

parameter were tuned to give the best results for each data set. Prior to the reconstructions the data was compressed to a single virtual coil using the SVD. No coil sensitivity 

information or regularization was utilized in the reconstructions.  

Results:  

In Figure 2 the reconstructed T1, T2 and PD maps and relative error maps for the numerical brain phantom are shown. Root mean square errors ("RSME") are also computed. It can 

be seen that for MR-STAT the RMSEs are lower with respect to MRF by approximately a factor two. The reconstruction time for MR-STAT was 2.5 hours using 32 CPUs.  

In Figure 3 we show T1, T2 and PD maps for the gel phantoms. Mean T1 and T2 values and standard deviations per tube are shown in Figure 4. The mean values show good 

agreement and the standard deviations for MR-STAT are lower by approximately a factor two compared to MRF. The reconstruction time for MR-STAT was 3 minutes using 32 

CPUs.  

In Figure 5 the T1, T2 and PD maps reconstructed from the in-vivo brain dataset are shown. We observe that the MR-STAT reconstructions suffer less from residual aliasing 

artefacts. The reconstruction time for MR-STAT was 45 minutes with 100 CPUs.  

Discussion:  

The generic nature of the MR-STAT framework has been demonstrated with the current extension to non-Cartesian and gradient-spoiled sequences. In the MR-STAT reconstructions 

no FFTs are applied. In particular, no gridding is performed for these radial reconstructions. Instead, the gradient encoding is explicitly modelled. Also, no pre-computed dictionary or 

low-rank assumptions are used in the MR-STAT reconstructions. This makes MR-STAT flexible with respect to changes in sequence parameters as well as the addition of more 

tissue parameters into the reconstruction problem. The main downside of MR-STAT is the long reconstruction times, especially compared to MRF which, with the currently used 2D 

dictionary, take in the order of minutes on a desktop computer.  

The first results shown in this work suggest that radial MR-STAT is better able to deal with undersampling compared to (state-of-the-art) low-rank ADMM MRF. A more thorough 

investigation of the differences in reconstruction results is the subject of further studies.  
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1 Flip angle trains and acquisition settings used for the numerical brain simulations, 

the gel phantom scan and the in-vivo brain scan. 

2 Bar plots in which mean T1 and T2 values per gel phantom as well as standard 

deviations are shown. Note that the MR-STAT reconstruction has lower standard 

deviations, especially for T2. 

3 T1, T2 and PD maps reconstructed from the same golden angle radial numerical brain 

dataset obtained with MR-STAT and low-rank ADMM MRF. Relative percentage error 

maps are shown in root mean squared errors (RMSE) are computed. We observe that the 

MR-STAT reconstructions result in lower RMSE values.  

4 T1, T2 and PD maps reconstructed from the same golden angle radial 

gel phantom dataset with MR-STAT and low-rank ADMM MRF. 

5 T1, T2 and PD maps reconstructed from the same golden angle radial in-vivo brain dataset with MR-STAT and low-rank ADMM MRF. 

We observe that the MR-STAT reconstructions show less residual aliasing artefacts compared to the MRF reconstructions. 



 

Synopsis: T2-weighted turbo spin-echo (TSE) sequences are used extensively for abdominal tumour contouring in MR-guided radiotherapy, but these sequences 

are generally not compatible with most respiratory-correlated 4D imaging methods. To overcome this limitation we propose a free-breathing T2-weighted TSE 

sequence based on a Cartesian acquisition with rewinded spiral profile ordering in combination with motion compensated image reconstruction. We show that high 

quality free-breathing T2-weighted TSE scans are feasible within acceptable scan duration (<5 min). These scans provide similar image contrast compared to the 

conventional linear sampled scans while simultaneously quantifying the respiratory motion. 

Introduction: The excellent soft tissue contrast of MRI is exploited in radiotherapy to facilitate tumour and organ visualisation with simultaneous respiratory 

motion quantification1. The quantified motion can be used to account for respiration during radiotherapy2 or to improve image reconstruction quality for accurate 

contouring. Abdominal tumors are often contoured, using 3D turbo spin-echo (TSE) images, but these sequences are generally incompatible with most respiratory-

correlated 4D imaging methods3. Due to this incompatibility, most protocols require two separate scans to both reconstruct a T2-weighted TSE and the 

corresponding respiratory motion4. However, the respiratory motion is not synchronized with the TSE acquisition and therefore cannot be used to improve the 

image reconstruction quality. To overcome this limitation we propose a free-breathing 3D T2-weighted TSE sequence based on a Cartesian acquisition with 

rewinded spiral profile ordering (rCASPR) in combination with motion compensated image reconstruction (MCIR)5. The key idea of the sequence is to enable 

free-breathing 3D TSE, while minimizing changes in image contrast compared to the conventional linear cartesian acquisition while simultaneously quantifying the 

respiratory motion. 

Theory:  

Cartesian acquisition with rewinded spiral profile ordering (rCASPR): 

CASPR acquires linear profiles along a spiral interleave on a cartesian grid6, where the number of profiles equals the TSE shot length (Figure-1A). These profiles 

are sampled from the center towards the periphery, which yields a much shorter effective echo time (Teff) compared to the conventional linear (LIN) profile ordered 

acquisition. We modified CASPR to consist of a rewinded (in-out) spiral trajectory (rCASPR) to yield comparable Teff as LIN, in which the feet-head projection 

line (ky,z = 0) is sampled every TSE shot. In addition, we sample ky,z, = 0 at the beginning and at the end of the TSE shot to increase the temporal resolution for 

self-navigation (Figure-2A).  

Respiratory-resolved deformation vector field reconstruction: 

The MCIR requires deformation vector fields (DVFs), which were approximated using a respiratory-correlated 4D image reconstruction7,8. The k-space data was 

sorted into 10 respiratory phases and reconstructed with parallel imaging (PI) and compressed sensing (PICS) using the BART toolbox9 : 

arg min x4D ||FSx4D−y||2+||TVx4D||1 

Here F is the Fourier operator, S the coil sensitivities and TV the spatiotemporal finite difference operator. To further reduce the sampling requirements, the images 

were reconstructed with reduced spatial resolution (4mm3), which is sufficient for accurate motion estimation10. The reconstructed x4D were jointly non-rigidly 

registered to the time-averaged position11 using nD + t B-splines and a groupwise optimization approach12. The joint registration reduces potential bias in the DVFs 

due to residual undersampling artefacts. The inverse deformation vector fields (DVF-1) were computed using an iterative inversion method13. For a schematic 

overview of the reconstruction algorithm see Figure-1B.  

Motion compensated image reconstruction (MCIR): 

The DVFs were incorporated in the final MCIR8 and optimization was performed using a  nonlinear conjugate gradient implementation in Matlab: 

arg min x ||FSUx−y||2+||TVx||1 

Here, U is the operator that warps the images to the exhale position using the DVFs and TV is the spatial finite difference operator.  

Imaging experiments: 

Comparison of image contrast - LIN vs rCASPR: 

To investigate the differences in image contrast and image quality between the rCASPR and LIN, 2 volunteer data-sets were acquired on a 1.5T (Ingenia MR-RT, 

Philips Healthcare, The Netherlands). Scan times of both sequences were matched to 248s. Other sequence parameters can be found in the caption of Figure-3. The 

images were qualitatively compared by inspection of the line profiles. 

Comparison of image quality - LIN vs MCIR rCASPR: 

To investigate the improvement in image quality of the proposed MCIR rCASPR two additional scans were acquired in two volunteers in the abdomen. Scan 1: 

LIN free breathing TSE; Scan 2: rCASPR TSE. In addition to the conventional reconstruction, scan 2 was reconstructed using soft-gated PICS (SG-PICS) for 

comparison14. Image quality was compared using the negative log of the gradient entropy (-log(GE)). Scan times of both sequences were matched to 286 s. and 

other sequence parameters can be found in the caption of Figure-4/5. The added value of the two additional projections was assessed using a confusing matrix, 

which visualizes differences in the respiratory phase sorting.  

Results: 

Figure-2 shows the improved temporal resolution of the self-navigation signal due to the additional sampling of the feet-head projection in the beginning and end of 

the TSE train. Note that the respiratory binning yielded different results when 1 or 3 k-space centers were used (Figure-2D). Figure-3 shows the comparison of 

image contrast between LIN and rCASPR acquisitions. The intensity profiles are in very good agreement between LIN and rCASPR. Figure-4 and Figure-5 show 

the improvement of MCIR rCASPR compared to free-breathing LIN, which shows sharper image features (also reflected in the gradient entropy measurements). 

Discussion & Conclusion: 

We demonstrated that free-breathing T2-weighted TSE sequences are feasible within acceptable scan times (<5 min) using MCIR rCASPR. Figure-4 and Figure-5 

show that rCASPR yield image quality improvements over free-breathing LIN acquisitions when using self navigated, motion corrected rCASPR. We anticipate 

that (r)CASPR readouts in combination with MCIR have the potential to enable free-breathing 3D TSE sequences that facilitate mid-position reconstruction, 

provide DVFs for motion margins and improve tumor contouring for abdominal radiotherapy treatment planning.  
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Figure 4: Comparison of image quality of the LIN and rCASPR acquistion, where the rCASPR 

is reconstructed with three different methods: 1) PICS; 2) PICS with soft-gating; 3) MCIR with 

DVFs estimated from low resolution 4D reconstructions. Numbers in the bottom right corner show 

the negative logarithmic of the local gradient entropy (-log(GE)), higher numbers indicate sharper 

features. Relevant sequence parameters: repetition time = 1s, echo time = 225 ms, echo train length 

= 114, field-of-view = 350mm3, resolution = 1.5mm3, bandwidth = 856 Hz/pixel and scan time = 

286 s. 

Figure 5: Comparison of image quality of the LIN and rCASPR acquistion, where the rCASPR is 

reconstructed with three different methods: 1) PICS; 2) PICS with soft-gating; 3) MCIR with DVFs 

estimated from low resolution 4D reconstructions. Relevant sequence parameters: repetition time = 1s, 

echo time = 239 ms, echo train length = 114, field-of-view = 300x178x400mm3, resolution = 

1.2x1.2x3.0mm3, bandwidth = 856 Hz/pixel and scan time = 248 s. 

 

  

Figure 1: A): CASPR samples phase encodes along one spiral interleaf for each TSE shot and subsequent spirals are rotated with the golden ratio (137 deg). CASPR samples the spiral out, while rCASPR 

samples the spiral in-out. B): Overview of the reconstruction algorithm. First, a pre-scan is acquired to estimate the coil sensitivity maps (CSM), which is used to pre-whiten and compress the k-space data. 

Second, low resolution 4D images are reconstructed and registered to obtain the DVF. Then in a final step, the motion compensated image is reconstructed using the DVFs. 

 
 

Figure 2: TSE self navigation acquisition. A) Three navigators (nav) are acquired per TSE shot 

to improve the temporal resolution of the self-navigation signal. The orange points indicate the 

extra points gained with rCASPR. B) The different navigators along the echo train are aligned 

using a scalar factor to compensate for T2 relaxation. C) Using 3 nav/shot instead of one improves 

the quality of the self-navigation signal. D) Confusion matrix counts the number of phase 

assignments using 1 or 3 nav/shot. For example, entry [1,1] shows how many times both methods 

assigned data to phase 1. 

Figure 3: Image contrast comparison of LIN, CASPR and rCASPR sampling schemes. Images 

show typical image contrast of a free-breathing TSE acquisition with minimal motion. Corresponding 

graphs show the line profiles through the indicated dashed lines. Note that image contrast between LIN 

and rCASPR is similar. Relevant sequence parameters: repetition time = 1s, echo time = 239ms, echo 

train length = 114, field-of-view = 300x176x400mm3, resolution = 1.2x1.2x3.0mm3, bandwidth = 855 

Hz/pixel and scan time = 248 s 



 

Introduction 

Quantitative MRI is showing increasing promise as a biomarker in the follow-up of disease progression in neuromuscular diseases (NMD).1 Transverse relaxometry maps from multi-

echo spin-echo (MSE) can be separated into different relaxation components for water (T2water) and fat (T2fat), where T2water has been proposed as a marker for disease activity.2 

Originally, bi-exponential3 or tri-exponential4,5 methods were introduced to separate water and fat signal contributions at successive echo times. Later, an extended phase graph 

(EPG)6 algorithm was introduced, which accounts for B1 and stimulated echoes.7 However, this model is not optimized for high fat fractions above 50%7 and the effect of 

inaccuracies in the T2fat calibration remain unexplored. In the present work, we aimed to improve the performance of EPG fitting methods over a large range of fat fractions, by 

including the slice selection flip angle profile, a chemical shift displacement correction and optimized calibration of T2fat. 

 

Methods 

An EPG signal model including a flip angle slice profile with chemical shift displacement was used to fit MSE signals with a dictionary method.7–9 Simulation experiments were used 

to study the influence of the flip angle slice profile with chemical shift (simulation 1) and the influence of the assumed T2fat (simulation 2). Next, in vivo data from four patient 

cohorts (92 patients and 56 healthy controls (HC) in total) were used to evaluate the performance of different T2fat calibration methods. The patient cohorts comprised data from: arm 

scans from 18 Duchenne muscular dystrophy (DMD) patients and 11 HC (cohort 1, TE/ΔTE/TR/echoes/resolution 8ms/8ms/17/3000ms/2x2x10mm3), leg scans from 22 DMD 

patients and 12 HC (cohort 2, TE/ΔTE/TR/echoes/resolution 8ms/8ms/17/3000ms/1.6x1.6x10mm3), leg scans from 23 Becker muscular dystrophy patients and 13 HC (cohort 3, 

TE/ΔTE/TR/echoes/resolution 8ms/8ms/17/3000ms/1.6x1.6x10mm3) and thigh scans from 29 spinal muscular atrophy patients and 20 HC (cohort 4, TE/ΔTE/TR/echoes/resolution 

7.6ms/7.6ms/17/4598ms/3x3x6mm3). All cohorts were scanned at 3T using multi-slice acquisition, and data from one ROI encompassing all muscles was evaluated. The T2fat was 

calibrated for each subject on subcutaneous fat using three different methods. Method A assumed one pure fat component, method B estimated T2fat using a two-component model 

with a fat fraction of 90%10, and method C, was the same as method B but additionally the T2 of the water component was fixed to 20ms, to stabilize fitting with low water signal. 

Trend lines in figures were drawn using LOWESS regression and T2water values between different calibration methods were compared using paired t-tests. 

 

Results 

Excluding the effect of flip angle slice profiles resulted in an overall underestimation of fat fractions and overestimation of T2water, with a median error of 10ms (Simulation 1A, 

figure 1). Not taking the chemical shift in the flip angle slice profile into account led to an overestimation of T2water of 4ms for a large simulated shift (Simulation 1B, figure 2). 

Furthermore, a wrongly calibrated T2fat strongly influenced the estimation of the  T2water (Simulation 2, figure 3). For the in vivo data, histograms of in vivo calibrated T2fat showed 

that a one-component model leads to a relatively low T2fat compared to the two-component methods (figure 4). When comparing this to fat fractions, the one-component calibration 

resulted in a decrease in T2water for all cohorts with increasing fat fractions (figure 5). With two-component calibration, the negative correlation between T2water and the fat fraction 

was reduced in cohort 1-3, and absent in cohort 4. Average T2water for HCs in each cohort was comparable between the one-component (27.4±1.0ms, 28.8±0.6ms, 28.7±1.1ms and 

28.5±0.7ms, for cohort 1 until 4 respectively) and the two-component calibration (27.5±1.0ms, 29.2±0.6ms, 29.2±1.0ms and 29.2±0.7ms, for cohort 1 until 4 respectively). For the 

patients, T2water in the one-component calibration (19.6±4.7ms, 25.5±4.9ms, 26.6±3.4ms and 20.6±4.2ms, for cohort 1 until 4 respectively) was lower (p<0.001, paired t-test) than the 

two-component calibration (24.0±2.2ms, 28.8±3.9ms, 27.7±3.0ms and 27.1±3.4ms, for cohort 1 until 4 respectively). 

 

Discussion 

Our simulations showed that not including flip angle profiles introduces an overestimation of the T2water of 10ms and an up to 20% underestimation of the fat fraction, which is in line 

with previous work in the brain.8,9 Ignoring slice profiles can result in wrongly estimated T2water values. Within the same study, this bias might not be an issue, however, when 

comparing between studies with different acquisition protocols this can result in wrong interpretation of the results. Since T2fat calibration can have a large influence on the estimation 

of T2water, it is important that the calibration is done accurately. Here we have shown that the calibrated T2fat cannot be translated between studies and between subjects. Assuming 

one general T2fat without specific calibration is therefore not recommended. We hypothesize that the T2fat differs between scanners and acquisition protocols due to J-coupling of fat 

protons that is sensitive to small deviations in B1 and fat composition.  

 

Conclusion 

We recommend using an EPG based model for fitting T2water from the MSE signal with calibration of the T2fat assuming two components. Moreover, we recommend including the 

slice flip angle profile in the model with correction for chemical shift displacements. In vivo data showed a gradual decline in T2water for increasing fat fractions, which has important 

implications for clinical studies, especially in a multi-center setting, using T2water as an outcome parameter. 
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Figure 1: Simulation 1A shows the relationship between the simulated FF and the 

fitted T2water for simulation with incorporation of the flip angle profile (T2water: median: 

30ms [26ms – 35ms], out of bounds: 1.5%) and fitted without incorporating the flip 

angle profile (top row) (T2water: median: 40ms [34ms – 57ms], out of bounds:30%). In 

the bottom row, the relation between the simulated fat fraction and fitted fat fraction is 

shown with and without flip angle profile.  

 

Figure 2: Simulation 1B shows the effect of simulating data with a large chemical 

shift and fitting with or without incorporating the chemical shift. The top row shows 

the relationship between the simulated FF and the fitted T2water with (T2water: median: 

30ms [26ms – 35ms], out of bounds: 1.5%) and without (T2water: median: 34ms 

[30ms – 53ms], out of bounds: 22%) incorporation of the chemical shift, and the 

bottom row shows the relationship between  the simulated FF and fitted FF. 

Figure 3: Simulation 2 shows the effect of fitting simulated data with different assumed 

T2fat values. The top row shows the T2water for assuming the correct T2fat (T2water: 

median: 30ms [23ms – 38ms], out of bounds: 4%, fig. A), an underestimation of T2fat 

(T2water: median: 26ms [14ms – 30ms], out of bounds: 26%, fig. B) and an 

overestimation of T2fat (T2water: median: 33ms [30ms – 51ms], out of bounds: 9%, fig 

C.). Fig. D, E and F show the relationship between the simulated FF and fitted FF. 

 

Figure 4: Outcome of the calibration of the T2fat on subcutaneous 

fat for the methods A, B and C. Method A with one component 

calibration leads to a lower T2fat (137ms, 132ms, 131ms, 144ms, for 

cohort 1-4 respectively) than method B with two component 

calibration (149ms, 141ms, 140ms, 158ms, for cohort 1-4 

respectively). The calibrated T2fat is comparable for method B 

without a fixed T2water and method C with a fixed T2water (150ms, 

142ms, 140ms, 159ms, for cohort 1-4 respectively).  

 

Figure 5: The association between the fat fraction and the T2 of the water component in vivo in 

four cohorts for the two calibration methods A and C. Healthy controls are depicted in green 

and patients in blue. 

 



 

Synopsis: The generalization capability of deep learning-based segmentation algorithms across different sites and vendors, as well as MRI data with high variance 

in contrast, is limited. This affects the usability of such automated segmentation algorithms in clinical settings. The lack of freely accessible medical datasets 

additionally limits the development of stable models. In this work, we explore the benefits of adding a simulated dataset, containing realistic contrast variance, into 

the training procedure of the neural network for one of the most clinically important segmentation tasks, the CMR ventricular cavity segmentation. 

 

Introduction: Cardiovascular magnetic resonance (CMR) imaging is often utilized for clinical evaluation of cardiac function, where an accurate segmentation of 

multiple cardiac tissues in both end diastolic (ED) and end systolic (ES) phases is one of the primary tasks1. Recent advances in medical image processing largely 

focus on achieving a fully automated segmentation, with deep learning-based methods showing promising results2, 3. However, such results are achievable only for 

a small range of applications, mainly defined by the type of training data used. MRI acquisition can have a substantial impact on tissue segmentation performance, 

as the abundance of various acquisition protocols and parameters results in a wide range of image appearances and influences image quality. Even state-of-the-art 

models show degraded accuracy when tested on data obtained from MR imaging sequences or scanners not matching that of the training data4, 5. A straightforward 

solution to this problem consists of training the algorithms with enough data to cover the overall range of variability. This poses a particular challenge in the 

medical domain, where data is limited and mostly confidential, while obtaining accurate ground truth annotations is costly6. To tackle this problem, we propose to 

incorporate simulated CMR images, obtained from a virtual population of realistic anatomical masks, into a training procedure of a 2D U-net with the aim of 

segmenting the heart ventricular cavity in short-axis cine CMR images. 

 

Methods: Short-axis cine MR images were obtained from six different sites, with highly heterogeneous contrasts (as seen in figure 1) due to differences in scanner 

vendors and models, as well as variable scanner parameters, as summarized in table 1. The segmentation ground truth is provided for both ED and ES phases, 

containing expert manual segmentations of right ventricular blood pool (RV), left ventricular blood pool (LV) and left ventricular myocardium (LVM). To account 

for this variance, we propose adding simulated CMR images to the training set, obtained using a human anatomical model for XCAT phantom, where several 

parameters were varied to provide a realistic variance in the heart’s LV function, orientation and position inside the torso. By modifying the sequence parameters to 

the real ones and scaling the simulated signal intensity, we match the simulated image contrast to their real counterpart. Samples of simulated images are available 

in figure 2.  

The experiments performed in this study are designed to evaluate whether the addition of simulated data into the training set improves the overall segmentation 

performance (table 2), as well as how it affects the generalization capability of neural networks to data coming from unseen sites (table 3). We adopt a 2D U-Net 

architecture to perform a multi-structure cardiac segmentation task, following the recommendations of the nnU-Net framework7, 8. We choose the 2D U-Net over a 

3D U-Net primarily due to the anisotropic nature of the multi-site data. Initially, all data is pre-processed by applying normalization to zero mean and unit standard 

deviation, as well as by resampling to a fixed voxel spacing of 1.5 mm x 1.5 mm x 1.5 mm.  Data augmentation is applied on the fly to increase the variety of the 

training set and avoid over-fitting, using elastic deformations, random scaling and random rotations.  

During training, a random batch of 32 2D short-axis slices was fed per each iteration into the network. To reduce over-fitting, we use a subset from the training data 

as a validation set. The network structure is similar to the one proposed in the original paper9, with the addition of the batch normalization and leaky ReLU 

activation functions, as well as dropout regularization (dropout rate of 0.4). We use the sum of cross-entropy and dice loss as a loss function, optimized using the 

Adam optimizer for stochastic gradient descent with an initial learning rate of 0.001 and a weight decay of 5 x 10-5. 

 

Results: Table 2 compares the performance of the networks trained with and without the inclusion of simulated data, where we systematically increase the number 

of simulated images in the training set. In all cases both the Dice score and intersection over union (IoU) score increase as more simulated data is included. Table 3 

shows the segmentation performance of the network on images from different sites. Since the majority of simulated data is designed to match the contrast variance 

in site F, the improvements in segmentation are most significant for that particular site. 

 

Discussion and Conclusion:  The results obtained in this study indicate a promising solution to address the lack of data availability and generalization capability of 

neural networks in medical imaging segmentation tasks, which affect the use of DL-based methods in clinical settings. This is achieved even without having highly 

realistic simulations, which we hypothesize is mainly due to the availability of highly accurate “ground-truth” and inclusion of high contrast variance. Future work 

involves understanding how much realism is needed for networks to achieve a clinically acceptable performance across larger varying datasets and tasks, such as in 

large multi-center studies. Moreover, the proposed method can serve as a better and more realistic data augmentation strategy compared to existing methods, as 

well as improve transfer learning and adaptation methods.  
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Table 1. General description of available datasets. 

 

 

Figure 1. Representative depiction of contrast differences due to variation in scan parameters and vendors between the datasets from sites A to E (a) and site F (b) at end diastolic 

phase. All data used in this study was obtained with the required approvals and patient consent. 

 

 

Figure 2. Sample slices from simulated images used in this study for introducing a wider variance in contrast, while providing an accurate ground truth.   

 

 

Table 2. Segmentation performance with and without the addition of simulated data in the training set. The network was trained for 200 epochs in all cases. All scores listed are the 

mean of Dice and IoU scores per each test case. 

 

 

Table 3. Segmentation performance with and without the addition of simulated data in the training set on unseen data. The test sets in both cases include the data which we used for 

simulated data generation and matching. The network was trained for 200 epochs with 30 simulated images added in all cases. All scores listed are the mean of Dice and IoU scores 

per each test case. 



 

 

Synopsis: 

Lymph node dissections during esophagectomy may be omitted or minimized in patients with esophageal cancer without or with limited lymph node metastases, 

thereby reducing associated morbidity. A promising technique to detect lymph node metastases is T2*-weighted MRI after the injection of ultrasmall 

superparamagnetic iron oxide nanoparticles (USPIO, ferumoxtran-10). The aim of this study is to evaluate the feasibility of USPIO-enhanced MRI in the detection 

of locoregional lymph node metastases in patients with esophageal cancer whom underwent nCRT, and to study the effect of nCRT on the evaluation of USPIO-

enhanced MRI. 

 

Background  

In 69% of patients suffering from operable esophageal cancer, no metastatic lymph nodes are found after neoadjuvant chemoradiotherapy (nCRT)1. Ideally, extensive 

lymph node dissections during esophagectomy should be omitted or minimized in these patients to reduce associated morbidity. T2*-weighted MRI with ultrasmall 

superparamagnetic iron oxide nanoparticles (USPIO, ferumoxtran-10) has been proven to be a valuable imaging technique to detect lymph node metastases2. Lymph 

nodes without nanoparticles retain MR signal intensity, an indication for abnormal nodal status and thus suspicion for malignancy. Normal lymph nodes accumulate 

nanoparticles, causing strong MR signal attenuation. Contrary to other diagnostic modalities, USPIO-enhanced MRI has an excellent spatial resolution to detect small 

lymph nodes, e.g. reaching short axis diameters <3 mm in prostate cancer3. For esophageal cancer, USPIO-enhanced MRI is more challenging due to the location of 

the lymph nodes close to the heart and lungs. The aim of this study is to assess the feasibility of USPIO-enhanced MRI in the detection of locoregional lymph node 

metastases in patients with esophageal cancer before, as well as after nCRT. 

 

Method 

The study is a prospective, single centre, feasibility study in patients undergoing minimally invasive esophagectomy with suspected lymph node metastases. USPIO-

nanoparticles (Ferumoxtran-10, 2.6 mg Fe/kg body weight) were intravenously infused 24 to 36 hours before MRI. All patients underwent a USPIO-enhanced MRI 

examination with multiple breathholds before nCRT (3T Magnetom PrismaFit, Siemens Healthcare, Erlangen, Germany). The MR sequences are described in figure 

1. After nCRT (~3 months), USPIO-enhanced MRI was repeated on the day of surgery with the patient under controlled prolonged apnea of four minutes in a 3T MR 

system (Magnetom Skyra, Siemens Healthcare) in a hybrid operation room. 3D T1-weighted Dixon and water-selective iron-sensitive multi gradient echo sequences 

were used to visualize suspicious esophageal lymph nodes (figure 2). T2*-weighted iron-sensitive scans enabled the visualization of the presence or absence of 

nanoparticles in the lymph nodes. The MRI images from both pre-nCRT and post-nCRT examinations were analyzed independently by two experienced radiologists 

using adapted diagnostic guidelines proposed by Anzai et al4 (figure 2). Lymph nodes with a full or partial high signal intensity were considered suspicious (score 1-

4) and lymph nodes with overall dark intensity or lymph nodes with fatty hilum were considered not suspicious for metastases (score 5-7). The inter-observer variation 

between radiologists was calculated with kappa statistics and was performed using R (version 3.2.1). 

 

Results 

15 patients were enrolled in the study and underwent a pre-nCRT USPIO-enhanced MRI examination. Five patients developed distant metastases after nCRT, and 

did not undergo surgery and a second USPIO-enhanced MRI scan. From 15 patients, a total of 435 lymph nodes were evaluated by the first radiologist with a mean 

short axis length of 5 mm (range 2-18) and 233 lymph nodes by the second radiologist with a mean short axis length of 6 mm (range2-25). 193 lymph nodes could 

be matched and were evaluated by both radiologists. The size of the lymph nodes compared to the USPIO scores is visualized in figure 3. 75% of the matched nodes 

received the same score by both radiologists, with corresponding kappa value for inter-observer agreement of 0.57 (P = 0.044). In 10 patients USPIO-enhanced MRI 

was made before and after nCRT. In these patients, 72 nodes were analyzed by both radiologists before and after nCRT. From these matched nodes, 5 (observer 1) 

and 3 (observer 2) out of 22 suspicious nodes before nCRT received a non-suspicious score after nCRT (figure 4). 66 (observer 1) and 67 (observer 2) out of the 72 

matched lymph nodes had the same USPIO score before and after nCRT.  

 

Discussion  

In this feasibility study, we showed that USPIO nanoparticles accumulate in regional lymph nodes of esophageal cancer before and after nCRT. In absence of previous 

experience of scoring USPIO-enhanced MRI in esophageal cancer, the high agreement between two independent radiologists is remarkable. Generally, lymph nodes 

shrink as a result of nCRT, but their appearance on USPIO-enhanced MRI remains the same in the majority of the lymph nodes. Suspicious nodes remain suspicious, 

which could either represent residual metastases in nodes after nCRT, or fibrotic tissue obstructing the accumulation of (macrophages loaded with) nanoparticles. 

Future correlation to pathology on a node-to-node level could resolve this and will be used to validate the nodal characterization of USPIO-enhanced MRI in 

esophageal cancer.  

 

Conclusion  

We performed USPIO-enhanced MRI before and after nCRT in patients with esophageal cancer. After nCRT, MRI with controlled mechanical ventilation was safe 

and feasible and USPIO uptake in regional lymph nodes was seen on T2*-weighted sequences in all patients. Radiological evaluation of lymph nodes on T2*-weighted 

MRI was done with high interobserver agreement. The technique might be of added value in the decision to start nCRT, in monitoring the response of nCRT, and in 

the surgical treatment plan. Correlation to pathology is needed to make a definitive assessment on the performance of USPIO-enhanced MRI for esophageal cancer.   
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FIGURES  

Figure 1. Imaging parameters for the MR protocols.  

 

Figure 2. Example of USPIO-enhanced MRI scans before nCRT and after nCRT in the axial (left) and coronal plane (right) of a patient with esophageal cancer one day after the administration of Ferumoxtran-10. The T1-weighted in-

phase Dixon images (a+c) are used to identify lymph nodes. In the water-selective iron sensitive T2* weighted MRI (b+d, root-mean-square addition of 5 gradient echoes) the signal of healthy lymph nodes disappears, whereas suspicious 

lymph nodes, in which the USPIO-particles do not accumulate, retain MRI signal. The blue circles point out one suspicious lymph node without USPIO contrast. 

 

Figure 3. Diagnostic guidelines to evaluate USPIO-enhanced MRI adapted from Anzai et al4. 

 

Figure 4. Size of the evaluated lymph nodes sorted by the USPIO score for both radiologists. 

 

Figure 5. Difference in USPIO score before and after nCRT evaluated by two radiologists. A horizontal line indicates the same result before and after nCRT.  

 



 

Synopsis: Currently, data are scarce on the long-term outcome of prenatal exposure to cancer treatment. In this preliminary analysis, we investigated white matter development in 9-year-old children who 
were prenatally exposed to chemotherapy, using multi-shell diffusion MRI and fixel-based analysis. We found indications of lower within-voxel (reflected by Fibre Density), macroscopic (reflected by 

Fibre Cross-section) and total (reflected by Fibre Density and Cross-section) intra-axonal volume of the splenium, isthmus and tapetal fibres of the corpus callosum in children with prenatal chemotherapy 

exposure compared to controls. This suggests prenatal chemotherapy exposure to potentially impact on white matter development. 

Purpose: The diagnosis of cancer during pregnancy poses difficult medical-ethical decisions, concerning both maternal and fetal health. While short-term outcomes after prenatal cancer treatment exposure 
are reassuring, long-term outcome data remain scarce1,2. In a recent event-related potentials study3, we demonstrated altered neural signaling after prenatal chemotherapy exposure in 9-year old children, 

affecting executive functioning. This further emphasizes the need for long-term follow-up of children born after maternal cancer. 

In this preliminary analysis, we investigate white matter development in 9-year old children who were prenatally exposed to chemotherapy, compared to healthy controls, using multi-shell diffusion MRI 

and fixel-based analysis. 

Methods: Children in the prenatal-exposed group were born to mothers that were diagnosed with cancer during pregnancy and treated with chemotherapy after the first trimester of pregnancy. Children in 
the control group, born to healthy mothers, were matched on group level with regard to age, prematurity and gender. Children having major prenatal or neonatal complications known to possibly cause 

neurological sequelae, except for prematurity or intra-uterine growth restriction, were excluded. All children underwent MRI scanning at the age of nine years old, between 2015-2019, using the same 

scanner (3T Philips Achieva, 32-channel phased-array head coil). 

Echo-planar, Diffusion weighted MR images were obtained using b-values of 0,700 and 2000, acquired with respectively 6,30 and 60 uniformly distributed gradient directions. All volumes were acquired 

with the following set-up: resolution=2.5x2.5x2.5mm, FOV=240x240x125mm, TR/TE/FA=7000ms/72ms/90°, Phase encoding=AP, halfscan=0.766, SENSE=2 and total acquisition time=12:01min. 

Additionally, one b0 image was acquired with reversed phase-encoding. 

Diffusion images were analyzed with MRtrix4 (v3.0) following the recommended fixel-based analysis pipeline5, which was adapted for this dataset (Error! Reference source not found.)6–8. Image quality 

was assessed by both visual inspection and quantitative reports generated using FSL’s automated quality control9.  

Differences in fixel-based parameters of fibre density (FD), fibre cross-section (FC, logarithmically scaled) and their combined metric of fibre density and cross-section (FDC) were assessed at each 
individual fixel using non-parametric connectivity-based fixel enhancement10 (CFE), using 2 million streamlines. Fixels traversed by less than 150 streamlines were excluded from the final analysis. Group 

differences and effects of prematurity were tested with two general linear models. The first model only included group and normalized (z-score) gestational age at birth (GA, defined in days) as factors. In 

the second model, normalized Intracranial volume (ICV) was added as a covariate. ICV was calculated by back-transforming the group mask to subject-space, as described by Pannek et al.11 Significance 

was inferred at p<.05, corrected for multiple comparisons using Bonferroni correction. 

Results: We included 22 prenatal-exposed children (11 boys, 13 born prematurely) and 39 healthy controls (20 boys, 21 born prematurely). Both groups did not significantly differ on GA, ICV or sex, as 

respectively tested using Mann-Whitney U-test or Fisher’s exact test. However, there was a small, though significant, difference in age between prenatal-exposed (median 9.24 years, range [9.01-9.94 

years]) and control children (median 9.50 years, range [8.95-9.98years]). 

FDC was significantly lower in the prenatal-exposed group, bilaterally in the splenium, isthmus and the bilateral occipital, parietal and left temporal tapetal fibres of the corpus callosum (CC) (Figure 1:b). 

A smaller subset of bilateral fixels in the isthmus showed significantly smaller FD in the prenatal-exposed group (Figure 1:a). GA was significantly positively correlated with FD in a small set of fibres 

within the right cortico-spinal tract (CST) (Figure 2:a). FC was negatively correlated with GA in the right side of the splenium and parietal tapetal fibres of the CC (Figure 2:b). All results remained 
significant when corrected for ICV, except for FD with GA, which was marginally significant (p=.0506). Additionally, when corrected for ICV, FC was significantly lower bilaterally in the splenium of the 

CC of prenatal-exposed children compared to controls. 

Discussion: To our knowledge, this study is the first study to investigate white matter development after prenatal chemotherapy exposure. The results of this study suggest that within-voxel (reflected by 

FD), macroscopic (reflected by FC) and total (reflected by FDC) intra-axonal volume of the splenium, isthmus and tapetal fibres of the CC to be lower in children who were prenatally exposed to 
chemotherapy, compared to controls. Previous research showed FD and FC in this region to be impacted in adult childhood cancer survivors treated with intravenous chemotherapy12. On the other hand, 

FD,FC and FDC were previously found to increase during prepubertal development13.  

GA positively correlated with FD in the right CST, while FC was found to negatively correlate with GA in the splenium of the CC. The decrease in FD corroborates earlier findings in literature on 

prematurity11, while the increase in FC is in line with literature on late-prematurity, where hypo- and hyper-connectivity is simultaneously observed14. 

Conclusion: To our knowledge, this is the first study to investigate white matter development after prenatal chemotherapy exposure. These preliminary results suggest that prenatal chemotherapy exposure 
has an impact on WM development, which might include decreased axonal diameter and/or a lower axon count. Future work will include expansion of this dataset as well as linking DWI-derived 

parameters to the clinical and psychological parameters. 
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Figure 1. Flow-chart of the analysis pipeline. This analysis was performed using MRtrix4 (v3.0) following the recommended fixel-based analysis pipeline5. Pre-processing was adapted for this dataset, 

which is detailed in the flow-chart. CFE, Connectivity-based Fixel Enhancement10. FOD, Fibre Orientation Distribution. SIFT, Spherical-deconvolution Informed Filtering of Tractograms. 

 

Figure 1: Significant differences in fixel-based parameters between children prenatally exposed to chemotherapy and controls. Regions with significant lower FD and FDC in the prenatal-exposed group are 

respectively shown in panels (a) and (b). Significance is assessed at p<.05, using connectivity-based fixel enhancement10 with family-wise-error correction. Results are visualized with 200000 streamlines 

(described earlier5) and coloured with conventional directional colour encoding. FD, Fibre Density. FDC, Fibre Density and Cross-section 

 

Figure 2: Significant differences in fixel-based parameters with GA. Panel A shows regions with significant positive correlation between FD and GA. Panel B shows regions with significant negative 
correlation between FC and GA. Significance is assessed at p<.05, using connectivity-based fixel enhancement10 with family-wise-error correction. Results are rendered with 200000 streamlines (as 

described earlier5) and coloured with conventional directional colour encoding. FD, Fibre Density. FC, Fibre Cross-section. GA, Gestational Age. 



 

Synopsis 

Sentinel lymph node biopsy using a magnetometer and a superparamagnetic iron oxide (SPIO) tracer is currently being introduced for breast cancer patients eligible for 

breast conserving surgery. However, the residual SPIOs potentially result in void artifacts in follow-up MRI examinations. This study assesses the influence of injection dose 

on the severity of the void artifacts in follow-up MRI by means of qualitative grading by radiologists.  

Purpose 

Sentinel lymph node (SLN) biopsy using a radioisotope tracer (99mTc-nanocolloid) alone, or combined with a blue dye, is the world-wide standard of care for axillary staging of early-

stage breast cancer patients. To avoid radiation-associated issues, a handheld magnetometer was developed for intraoperative SLN identification1. This magnetometer utilizes the 

magnetic signal produced by an interstitially administered superparamagnetic iron oxide (SPIO) tracer. However, after breast conserving surgery, residual SPIO tracer potentially results 

in void artifacts in follow-up MRI examinations2,3. This study investigates the influence of injection dose on the severity of void artifacts in follow-up MRI by means of qualitative 

grading. 

Methods 

All patients referred for breast cancer surgery with axillary lymph node staging received SLN biopsy (SLNB) using a radioactive tracer 99mTc and Patent Blue dye. In the period between 

May 2012 and March 2015, 76 patients were included in the SentiMAG multicentre trial4 and MagSNOLL trial5 in which additional superparamagnetic tracer (Sienna+®, Sysmex 

Europe, Hamburg, Germany) was injected into the breast. In the SentiMAG study the patients received a sub-areolar injection of 2mL of SPIO particles diluted in 3 ml saline (high 

dose group), while in the MagSNOLL study the patients were injected intra-tumorally with 0.1mL SPIO particles (low dose group). This 0.1mL was defined as the lowest dose that still 

enabled sentinel lymph node identification intraoperatively. All patients were scheduled for a SLNB with clinically and radiologically negative SLN. Pregnant women, patients with 

known intolerance or hypersensitivity to iron or dextran compounds, and patients with pacemakers or other implantable devices on the chest wall were excluded. Of the 76 patients 

invited for a follow-up MRI, 41 patients had a mastectomy, 5 were lost to follow-up due to death, and 11 patients refused to participate. Consequently, 19 patients were included in a 

follow-up breast MRI study: 13 participants in the high dose group and 6 in the low dose group. Data was acquired with a 1.5T MR system (Intera, Philips Medical Systems, Best, the 

Netherlands) using a dedicated breast coil. T1-weighted (T1w) turbo spin echo (TSE) MRI was acquired in the transverse and coronal plane, while T2*-weighted (T2*w) gradient echo 

(GRE) MRI was acquired only in the transverse plane. Table 1 summarizes the acquisition parameters. All MRI scans were analyzed using DynaCAD® workstation (Philips Healthcare, 

Best, the Netherlands). The analysis was with respect to susceptibility artifacts due to SPIO remnants by consensus of two radiologists with years of experience in breast imaging. On 

the transverse T1w and T2w MRI, grading of void artifacts was performed using a four-point scale. Grade 0 defines there is no artifact visible, grade 1 defines a minimal artifact with 

diagnostic evaluation possible, grade 2 defines moderate artifacts with impaired diagnostic evaluation, grade 3 defines severe artifacts in the image. 

Results 

The follow-up MRI after SLNB was acquired within four years in the high dose group (mean 2.9 years, range 2.5-3.4 years), and within one year in the low dose group (mean 0.6 years, 

range 0.5-0.7 years).  

Typical examples of the void artifacts of different grades can be seen in Figure 1. Especially in the case of the grade 3 artifact large signal gaps in the breast are present, severely 

hampering follow-up diagnosis. The results of the qualitative grading of all patients can be seen in Table 2. There is a distinct difference between both groups, with the low dose group 

having only grade 1 artifacts whereas in the high dose group all images at least had impaired diagnostic evaluation (minimal grade 2, mean grade 2.7). 

Discussion 

Subareolar administration of superparamagnetic tracer at a high dose (2 mL tracer in 3 mL saline) in patients undergoing breast conserving surgery resulted in more residual SPIO 

particles in the majority of patients, leading to a high grade of artifacts. This hinders the interpretation of follow-up MRI scans up to 3.6 years after the SLNB. Both injections were 

done in two separate sites (sub-areolar and intra-tumoral) making a full direct comparison impossible. However, the lowered dose clearly has an advantage in decreasing the void 

artifacts, and by this new insight it seems better to place the tracer within the tissue of the resection. 

Conclusion 

The void artifacts on follow-up MR imaging can be largely prevented by using a low dose (0.1 mL) intra-tumoral administration of SPIOs for SLN detection. This results in possible 

diagnostic evaluation of all follow-up scans in this group of patients. 
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Table 1. Imaging parameters of transversal (trans) and coronal (cor) MRI scans. 

 

 

 

Table 2.  Results of qualitative grading of void artifacts in both groups. 

 

 

 

 

Figure 1. Typical transversal MR scans of patients in both groups; the left column shows T1w scans and the right column shows T2*w scans. The first row (A,B) and the second row (C,D) both represent a 

patient in the high dose group, with grade 3 and grade 2 artifacts respectively. The third row (E,F) represents a patient in the low dose group with grade 1 artifacts. 

 

 

 

 



 

Synopsis: Detecting lymph node metastases is important but challenging in patients with pancreatic or periampullary carcinoma. USPIO-MRI is a promising tool to 

detect lymph node metastases. In 13 patients we detected on USPIO-MRI 86/307 suspect lymph nodes (28/78 regional and 58/229 distant). All patients with suspect 

regional lymph nodes had positive regional lymph nodes at histopathology. In evaluation of paraaortic lymph nodes discrimination between ganglions and lymph 

nodes showed to be important. Node-to-node analysis and follow-up of this study will give more accurate information on the value of USPIO-MRI for the detection 

of lymph node metastases in these patients.  

 

Background: Adenocarcinoma’s of the pancreas and periampullary region (distal bile duct, ampulla of Vater and duodenum) are cancers with a poor survival1. Good 

preoperative TNM staging is important to determine the appropriate therapy and prognosis. An important negative prognostic factor is the presence of para-aortic 

lymph node (LN) metastases which are regarded as distant metastases and precluding a curative resection. Determining LN status, however, is challenging. Ferrotran, 

(SPL Medical) an ultra-small superparamagnetic iron oxide (USPIO) particle, has proven to be a valuable contrast agent for detecting LN metastases of solid tumours, 

like prostate and breast cancer, using magnetic resonance imaging (MRI)2-5. The aim of this study is to validate USPIO-MRI to pathology in patients with pancreatic 

or periampullary cancer. 

 

Method: An interim analysis of a prospective ongoing single-centre feasibility study in patients (N=14) undergoing resection of pancreatic or periampullary 

adenocarcinoma. USPIO-nanoparticles (Ferrotran, 2.6mg Fe/kg body weight) are infused intravenously 24 to 36 hours prior to MRI (3T Magnetom PrismaFit, Siemens 

Healthcare). MRI protocols are summarized in figure 1. Before surgery the location of LNs on MRI is discussed with the surgeon. After resection, but before 

pathological examination an ex-vivo MRI of the fresh resection specimen is acquired on a 7T preclinical MRI scanner (Bruker Clinscan). Subsequently the specimen 

is routinely histopathologically examined. All MRI scans are evaluated by a radiologist blinded for the clinical outcome and results are discussed with a second, also 

blinded, radiologist. LNs are scored on T2-weighted 2D-Medic and T2star 3D-multigradient echo using a pre-defined 1-7 score proposed by Anzai et al6 (figure 2). 

LNs with scores 1-4 are considered suspect. LNs from histopathology are matched to LNs on USPIO-MRI using the ex-vivo MRI. Additionally, LNs are scored on 

the portal venous phase of routinely performed preoperative CT scan, based on expert opinion (combination of shape, size and internal structure). In this phase of the 

study the node-to-node analysis is not completed yet. In this first analysis all LNs are divided between regional and distant according to the tumour specific TNM 

classification7.  

 

Results: In all 14 patients USPIO-MRI was performed without any adverse events. One patient was excluded from analysis, due to unexpected perioperative peritoneal 

metastases. Of the 13 analysed patients, 6 patients had a cholangiocarcinoma, 3 a pancreatic, 3 an ampullary and 1 a duodenal adenocarcinoma.  

On MRI in total 307 LNs (78 regional; 229 distant) were detected, with a mean diameter of 5.3mm (range 2-22mm); 86 of these were suspect (28 regional; 58 distant). 

On CT in total 132 LNs (39 regional; 93 distant) were detected, with a mean diameter of 6.2mm (range 2-18mm); 57 of these were suspect (12 regional; 45 distant). 

In total 293 LNs were analysed histopathologically (260 regional; 33 distant); 38 of these were positive for malignancy (35 regional; 3 distant). The regional and 

distant lymph nodes (RLNs and DLNs) were separately assessed on a per-patient basis.  

RLNs: on MRI, 5 patients had suspicious RLNs with positive RLNs histopathologically, 4 patients had negative RLNs on MRI, but positive RLNs histopathologically 

and 4 patients had negative RLNs on MRI with negative RLNs histopathologically. On CT, 2 patients had suspicious RLNs with positive RLNs histopathologically, 

2 patients had suspicious RLNs on CT, but negative RLNs histopathologically, 7 patients had negative RLNs on CT but positive RLNs histopathologically and 2 

patients had negative RLNs with negative RLNs histopathologically (figure 3). Figure 4 is an example of a positive RLNs in a patient on USPIO-MRI, ex-vivo MRI 

and histopathology.  

DLN: In 6 patients DLNs suspicious on USPIO-MRI were resected: paraaortic in 5 patients and portacaval in 1 patient. In 1 patient (with paraaortic nodes) these LNs 

were positive on histopathology and in the other 5 patients LNs were negative.  

 

Discussion: The preliminary data of this ongoing study show that it is feasible and safe to perform USPIO-MRI in patients with pancreatic or periampullary 

adenocarcinoma. USPIO-MRI shows twice as much LNs as CT. Remarkably, most detected LNs on USPIO-MRI and CT were distant. These are not routinely 

resected. Therefore, histopathological confirmation is usually not possible.  

All patients with suspect RLNs on MRI, had positive LNs histopathologically. The positive RLNs, not detected on MRI were mostly located close to the tumour and 

therefore probably difficult to detect on MRI. However, these LNs are of less clinical importance because they are routinely resected. 

With regard to the distant LNs we retrospectively looked at the reason for suspect LNs on MRI with negative histopathology (N=5). The paraaortic LNs were probably 

ganglions misinterpreted for lymph nodes. This implies that USPIO-MRI in these patients has a learning curve with a need for more detailed knowledge of the 

anatomy of the lymphatic and ganglion system to distinguish suspicious LNs from ganglions. This is important to prevent unnecessary extended lymph node 

dissections and associated complications, like chylous leakage.  

 

Conclusion: Performing USPIO-enhanced MRI in patients with pancreatic and periampullary adenocarcinoma is feasible and safe. The preliminary results show that 

on patient basis it is possible to detect regional and distant LN metastases with USPIO-MRI. Further analysis of the data, including a node-to-node analysis and 

follow-up, will provide more insight in the value of USPIO-MRI in these patients.  
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Figure 1. Summary of imaging parameters for the MR protocols 

 

 

Figure 2. USPIO score adapted from Anzai et al6  

 

 

 

 

Figure 3. Results of the per-patient analysis of the regional lymph nodes (RLN) on USPIO-MRI and  

CT compared to histopathology.  

 

 

 

 

 

 

 

Figure 4. Pancreaticoduodenal LN metastasis (arrow) on USPIO-MRI, ex-
vivo MRI and histopathology. Pancreas (P), duodenum (D). A: USPIO-MRI, 

axial T1-vibe in-phase, for anatomic location of LN; B: USPIO-MRI, coronal 

T2-Medic and C: USPIO-MRI, axial T2* multigradient echo, calculated TE12 
show LN with high signal intensity (score 1); D: 3D ex-vivo MRI of resection 

specimen, water image, with white LN; E: macroscopy of fixated specimen; 

F: HE-staining of metastatic lesion (pink) in lymph node (purple), 

magnification 1x. 



 

Synopsis: Coronary flow reserve (CFR) is a clinical test that interrogates the function of the entire coronary vasculature, indicating the presence of coronary stenoses, 

microvascular disease or both in patients with ischemic heart disease. We used 15 times accelerated 4D flow MRI with compressed sensing reconstruction at an 

isotropic spatial resolution of 1.0 mm to measure diastolic flow in the left coronary artery of six healthy subjects. Mean diastolic flow was 1.15±0.18 ml/s with a 

mean scan-rescan difference of 0.06 ml/s. We conclude that 4D flow MRI-based diastolic flow quantification in the LCA is feasible and could enable non-invasive 

CFR measurement. 

 

Introduction: Ischemic heart disease (IHD) is a major cause of death in the Western world (1). Main underlying causes are coronary artery stenosis and microvascular 

dysfunction. For risk assessment of stenoses in the epicardial domain, current diagnostics rely on catheter-based coronary artery angiography (CAG) for visualization 

and fractional flow reserve (FFR) assessment to determine the pressure drop over the stenosis. However, neither CAG or FFR can detect microvascular dysfunction, 

as changes in microvascular resistance are not taken into account (2). Coronary flow reserve (CFR) is a clinical test that interrogates the function of the entire coronary 

vasculature by measuring the increase in coronary blood flow in maximal vasodilation compared to rest. An impaired CFR indicates the presence of stenoses, 

microvascular disease or both. Large-scale studies have shown that a CFR of <2.0 is an independent predictor of cardiac mortality and major adverse cardiac events 

(3–5). Coronary flow quantification using 4D flow MRI has never been reported, presumably because of the small size of the coronary arteries and cardiac motion, 

which necessitates high spatial and temporal resolutions, causing scans to be long. In the current study, we use an accelerated 4D flow MRI sequence with compressed 

sensing reconstruction (6,7) to enable high resolutions at reasonable scan times and investigate its feasibility and reproducibility for left coronary artery (LCA) flow 

quantification in healthy subjects at rest. 

 

Methods: Eight healthy subjects (6 female, aged 28±3y) underwent cardiac MRI at 3T (Philips Ingenia MRI-scanner). A diastolic mDixon angiogram was acquired 

at an isotropic spatial resolution of 1.5 mm, followed by two subsequent 4D flow MRI acquisitions covering the proximal part of the LCA in a 30-mm thick transversal 

slab with an isotropic spatial resolution of 1.0 mm, see Figure 1. 4D flow MRI was acquired using pseudo-spiral undersampling with an acceleration factor of 15 and 

three-directional VENC of 50 cm/s, using respiratory navigator gating with a 5-mm gating window and ECG-gating for retrospective binning into 24 cardiac phases 

(6,7). Reconstruction was performed offline using ReconFrame (Gyrotools, Zürich, Switzerland) and the Berkeley Advanced Reconstruction Toolbox (BART) (8). 

A sparsifying total variation transform in time was used with a regularization parameter r = 0.001 and 20 iteration steps. 

Data analysis was performed in GTflow V3.2.4 (Gyrotools). 4D flow MRI magnitude images were used to localize the LCA branching off from the aorta in a diastolic 

time frame and make a longitudinal cross-section, see Figure 2. The longitudinal view was used to place 5 equidistant measurement planes perpendicular to the LCA, 

approximately 1.5 mm apart. Next, the artery was visually identified in each plane and measurement contours were drawn which were then copied to all diastolic 

time frames and projected onto the corresponding velocity images. Velocity information was only taken into account for diastolic time frames and ignored for other 

time frames in which the LCA could not be identified because of motion-induced blurring. Also, additional contours were drawn in the myocardial tissue to measure 

cardiac motion, see Figure 2. Diastolic flow curves were calculated for each contour, as well as streamlines for visualization. Mean flow curves were made by 

averaging over all contours and all subjects. Scan-rescan reproducibility of mean diastolic flow values was evaluated by means of Bland-Altman analysis. Flow values 

are presented as mean ± SD. 

 

Results: Scan time was 11±2 minutes per 4D flow MRI scan with a gating efficiency of 57±11%. Two subjects were excluded because of blurring due to a high 

breathing frequency. Figure 3 shows a representative example of reconstructed streamlines in the LCA. Flow curves from this acquisition are presented in Figure 4 

(top). Ten out of 24 diastolic time frames could be examined. Averaged over all subjects, mean diastolic flow was 1.15±0.18 ml/s in the LCA and -0.08±0.17 ml/s in 

adjacent myocardial tissue, see Figure 4 (bottom). Figure 5 shows that Bland-Altman analysis revealed a mean scan-rescan difference of 0.06 ml/s in the LCA, with 

limits of agreement of -0.51 and 0.63 ml/s. Myocardial tissue measurements had a mean scan-rescan difference of 0.02 ml/s and limits of agreement of -0.35 and 0.39 

ml/s. 

 

Discussion: In this study, we investigated the feasibility and reproducibility of flow quantification in the LCA using an accelerated 4D flow MRI sequence. Our 

measurements were in accordance with flow values reported in literature (9,10). Systolic time frames were not taken into account, as cardiac motion corrupted the 

image quality such that the LCA could not be identified during these time frames. A possible solution is the use of a more motion-robust 4D flow MRI sequence, e.g. 

with non-Cartesian sampling. However, for CFR assessment diastolic flow values may be sufficient as coronary blood flow mainly occurs during diastole. Considering 

the small inter-contour and inter-subject variations in measured flow combined with an expected coronary flow increase during vasodilatation of 4-5 in healthy 

subjects and around 2 in patients, application of the current MRI protocol to measure CFR seems reasonable. Thus far, measurements were only performed in the 

LCA but future work will focus on the RCA as well. 

 

Conclusion: 4D flow MRI-based flow quantification in the LCA is feasible and reproducible and could enable non-invasive CFR measurement. 
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Figure 1: A representative 4D flow 
MRI dataset consisting of 

magnitude images (left) and 

velocity-encoding phase images 
(right, only displayed for right-left 

velocity direction) for a diastolic 

time frame. The arrows indicate 
the location of the left coronary 

artery. Velocity signal can be 

observed in the LCA. Some 
velocity aliasing is present in the 

left atrium, due to velocities higher 

than 50 cm/s. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Figure 3: Time-resolved streamline reconstruction of 4D flow MRI-derived velocities in the proximal part of the LCA 

during diastolic time frames. Streamlines initiate from five contours placed in the LCA. 

Figure 5: Bland-Altman plot of mean diastolic flow values measured in the LCA (blue) and adjacent myocardial 

tissue (ocher). Each data point represents a subject-specific measurement. 

Figure 4: Diastolic flow curves measured in the LCA (left) and myocardial tissue (right) in a single subject (top, 

same subject as in Figure 3) and averaged over all subjects (bottom), displayed for scan and rescan 4D flow MRI 
acquisitions. Single-subject flow curves are the result of averaging over all five measurement contours. All-subjects 

flow curves are the average over all six subject-specific (contour-averaged) flow curves. Inset shows mean 

myocardial motion over the full cardiac cycle. 

Figure 2: Analysis procedure for the placement of measurement contours in the 

LCA and myocardial tissue. a) Transversal 4D flow MRI magnitude image with a 

stack of five crosssectional planes placed perpendicular to the LCA, b) Placement 

of the stack on coronal 4D flow MRI view magnitude image, c) One of the 

resulting crosssectional views, d) Contouring of LCA and myocardial tissue. 



 

Synopsis: First-pass perfusion cardiac MR (FP-CMR) allows the detection of myocardial ischemia. Also, quantitative methods enable a reliable and operator-

independent assessment of myocardial perfusion. However, conventional FP-CMR has limited spatial resolution and is performed under breath-hold. Therefore, 

diagnostic accuracy is compromised by respiratory induced motion artifacts and false-positive defects due to dark-rim artifacts. We propose, a k-t accelerated dual-

saturation single-bolus FP-CMR multi-echo Dixon sequence to increase the spatial resolution, estimate respiratory motion from fat-only images and measure T2*-

related signal loss from the multi-echo images. Thus, perfusion quantification is improved by minimizing dark-rim artifacts, correcting for respiratory motion and 

T2*. 

Introduction: First-pass perfusion cardiac MR (FP-CMR) is a non-invasive approach to detect coronary artery disease. However, FP-CMR requires breath-hold 

acquisitions to reduce respiratory motion and can suffer from low spatial resolution, which can lead to dark-rim artifacts that mimic hypoperfusion1,2. Furthermore, 

pixel-wise quantification analysis can be compromised by these artifacts as well as the non-linearity between the measured signal and contrast agent concentration1-

4. Recently, an FP-CMR multi-echo Dixon (mDixon) sequence was proposed to address respiratory motion and T2*-related signal loss5. From the fat-only images, 

unaffected by the contrast bolus, respiratory motion is estimated and the diagnostic water images are corrected using image registration. Moreover, the multi-echo 

images are used for T2* correction of the arterial input function (AIF) to further improve perfusion quantification. However, this approach was limited to low-

resolution images, which can lead to dark-rim artifacts. In this work, we propose a k-t accelerated dual-saturation6 single-bolus FP-CMR mDixon approach, which 

combines dynamically variable Cartesian undersampling with a motion-corrected reconstruction with low-rank and sparse constraints7, to achieve high-resolution 

FP-CMR images. Moreover, a dual-saturation single-bolus acquisition strategy is used to acquire a low-resolution image with low T1-sensitivity for the AIF, followed 

by a high-resolution myocardial image. The proposed fat-water separation for motion-corrected spatio-temporally accelerated myocardial perfusion (FOSTERS) 

approach was tested in 4 patients with suspected cardiovascular disease.  

Methods: Acquisition: The schematic of the proposed FOSTERS framework is shown in Figure 1. Three patients were scanned during rest with 6-fold accelerated 

FOSTERS during the first-pass of bolus injection (0.075 mmol/Kg of Gadobutrol at 4mls/second followed by 25ml saline flush) on a 3T Philips Achieva scanner. A 

free-breathing ECG-triggered dual-saturation single-bolus turbo field echo with three echoes per excitation pulse sequence was used to acquire three short-axis slices 

(basal, mid and apical). The following parameters were used for patients 1-3: FOV = 320 x 300 mm2, in-plane resolution = 1.6 x 1.6 mm2, slice thickness = 10 mm, 

TR = 4.2 ms, TE1/TE2/TE3 = 1.3/2.3/3.2 ms, saturation delay = 100 ms, Flip Angle = 15°, shot length = 130.2 ms. Patient 1 was also scanned with a routine low-

resolution FP-CMR acquisition for comparison6 with the following imaging parameters: in-plane resolution = 2.6 × 2.6 × 10 mm3, FOV = 360 x 360 mm2, TR / TE 

= 2.1 / 1.08 ms, CS-SENSE = 3.2. Patient 4 was scanned using an 8-fold accelerated two-echo FOSTERS acquisition with FOV = 360 x 320 mm2 and TR/TE1/TE2 

= 3.2/1.3/2.2 ms, shot length = 80.0 ms. The total acquisition time for all the acquisitions was 60 seconds.  

Reconstruction and Analysis: The FOSTERS reconstruction framework was implemented inline using the scanner software. The main steps are: 1) mDixon 

compressed sensing (CS) reconstruction to generate water and fat images; 2) The fat-only images are used to estimate the frame-by-frame respiratory motion by 

registering every frame to the mean over all frames; 3) Translational motion correction performed directly in k-space by applying a linear phase shift to the multi-

echo images; 4) Translational motion-corrected diagnostic water images generated using a reconstruction with low-rank and sparsity constraints7. For each echo, the 

AIF was found using a region of interest drawn in the left ventricle and T2* was estimated by fitting the mean intensity for each echo to 𝑆(𝑡) = 𝑆0𝑒
−
𝑇𝐸

𝑇2∗, where 𝑆0 is 

the signal without T2* decay. Finally, FP-CMR images were automatically segmented using a deep learning-based method and myocardial blood flow (MBF) maps 

were generated using a Bayesian inference method8.  

Results: A comparison between fat- and water-only images obtained with CS and FOSTERS as well as the clinical FP-CMR images, for one patient (Patient 1) is 

shown in Figure 2. The FOSTERS framework minimizes the noise and produces high-quality FP-CMR images. Improved myocardial delineation across all the 

dynamic images was observed in all patients with FOSTERS. Figure 3 shows MBF maps for three patients using CS and FOSTERS. CS maps exhibit higher levels 

of noise resulting in less homogenous MBF values. For Patient 2, the high values of MBF can be explained by the presence of residual in-plane motion. The 16-

segment bullseye plots generated from CS and FOSTERS images are shown in Figure 4. The average MBF is within the expected range for rest perfusion scans for 

subjects without perfusion defects. Furthermore, the variability of MBF values over the segments were generally reduced with FOSTERS. Figure 5 shows the high-

resolution image generated with FOSTERS and the respective MBF map. For this patient, FOSTERS acquisitions were performed using an 8-fold acceleration and 

two-echo acquisition due to the high heart rate. Despite that, high-quality images and MBF maps could still be obtained. This preliminary result shows that FOSTERS 

can be accelerated further to allow higher spatial resolution, higher heart rate and/or shorter acquisition windows to minimize cardiac motion.  

Conclusion: High-resolution free-breathing quantitative myocardial perfusion MRI is enabled by combining a dual-saturation single-bolus FP-CMR mDixon 

sequence with k-t Cartesian undersampling, motion-correction, and low-rank plus sparse reconstruction. The proposed framework generates high-quality diagnostic 

water images with minimal dark rim artifact. Furthermore, the multi-echo images are used for T2* correction and hence, to improve myocardial blood flow 

quantification. 
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Figure 1. FOSTERS framework. a) A dual-saturation multi-echo Dixon (mDixon) sequence is 

used to acquire low-resolution AIF (short saturation delay) and high-resolution myocardial 

images. b) AIF echoes are used to estimate T2*. c) Then, water and fat images are obtained from 
k-t FOSTERS data using compressed sensing (CS) with spatial sparsity. Fat images are used to 

estimate respiratory motion. Then, motion is corrected directly in k-space and d) motion-corrected 

images are generated using CS with low-rank and sparsity constraints. Quantitative maps are 

automatically obtained. 

 

Figure 2. Fat- and water-only images for 4 representative frames (F) of Patient 1. The fat-only 

images (1st column) show no contamination by the contrast bolus and contain sufficient structural 

information to estimate the translational motion. FOSTERS water-only images (3rd column) 
present an improved depiction of the myocardium as well as a substantially lower level of artifacts, 

which are present in the compressed sensing (CS) water-only images (2nd column). For 

comparison the breath-hold low-resolution clinical FP-CMR (Clinical) is displayed (4th column). 

The yellow arrow indicates the presence of a dark-rim artefact. 

 

Figure 3. Myocardial blood flow (MBF) maps generated from images obtained with compressed 

sensing (CS) and FOSTERS for three patients. All patients presented normal myocardial 

perfusion. When compared against FOSTERS reconstruction, CS maps exhibit a higher level of 

noise resulting in less homogenous MBF values. For Patient 2, although FOSTERS still 

outperforms CS reconstruction, the high values of MBF can be explained by the presence of 

residual in-plane motion. 

 

Figure 4. 16-segment bullseye plots generated from images obtained with CS and FOSTERS for 

3 patients. The variability of MBF values over the segments was generally reduced with 

FOSTERS. Furthermore, the average MBF values are within the expected range for both methods 

for rest perfusion scans of subjects without perfusion defects.  

 

Figure 5. High-resolution FOSTERS FP-CMR clinical images. An 8-fold acceleration with two-echo acquisition was used to demonstrate the efficiency of the FOSTERS method in a clinical setup where 

shorter acquisition windows are needed - short cardiac cycle, arrhythmias – and cardiac motion needs to be minimized. 



 

Synopsis: Non ECG-gated 3D flow MRI provides equivalent results for most clinical parameters of interest in Fontan patients, including the right-

to-left pulmonary flow split and systemic-to-pulmonary collateral flow quantification, compared with parameters derived from conventional ECG-

gated 2D and 4D flow MRI. With 3D flow MRI, a ten-fold reduction in scan time was achieved with superior SNR and vessel sharpness. Therefore, 

3D flow MRI could be implemented in current Fontan MRI protocols for detailed evaluation of the Fontan circulation and potentially replace 2D and 

4D flow in these patients. 

Introduction: Time-resolved 3D phase-contrast (PC) MRI (4D flow MRI) has emerged as a technique for the quantification of important clinical 

parameters in Fontan patients (1). Clinical applicability, however, remains limited due to long acquisition times which can be in the order of 15-20 

minutes in respiratory compensated protocols. Since pulsatility along the cardiac cycle is small in the Fontan pathway, acquiring time-resolved flow 

may be unnecessary. We hypothesized that static (non ECG-gated) 3D PC-MRI (3D flow MRI), by acquiring a single, cardiac-cycle averaged 3D 

velocity field within a 3D volume, can provide equivalent clinical parameters compared to 2D and 4D flow MRI. 

Methods: 32 Fontan patients (17 men (53%), mean age 17.0 years (SD 5.4 years)) prospectively underwent three-directional velocity encoded 2D 

(reference method), 3D and 4D flow MRI of the Fontan pathway using a 3.0T scanner (Ingenia, Philips Healthcare, Best, the Netherlands). Positions 

of 2D flow MRI planes are shown in Figure 4A. Only the through-plane velocity component was used for flow quantification in this study. 3D and 

4D flow MRI acquisition details were identical except for the absence of ECG-gating. Acquisition details included: spatial resolution 2.4mm 

isotropic, temporal resolution 32.0ms, retrospective ECG-gating (4D flow) and respiratory-navigator gating with EPI factor 5 and SENSE factor 1.5. 

The 3D flow acquisition was repeated in consecutive order to asses scan-rescan reproducibility (n=10). Additionally, of the 4D flow acquisition a 

retrospective reconstruction into 1 time-averaged phase (3Drec flow) was made and flow measurements were compared with 4D flow MRI. Time-

averaged flow rates were quantified (CAAS MR Solutions v5.0-1, Pie Medical Imaging, Maastricht, the Netherlands) at corresponding positions of 

the 2D flow planes and at the pulmonary veins (PV) (3D, 4D and 3Drec flow only) from which multiple clinical parameters were derived (Tables 1-

2). Acquisition methods were considered equivalent for the primary endpoint, right to left pulmonary flow split (Table 1-2), if the upper limit of the 

mean absolute difference between methods was 5%. To assess image quality of 3D and 4D flow, signal-to-noise ratio (SNR) and vessel sharpness 

(line intensity profile) were quantified at the level of the Fontan conduit, and reported as a ratio. Bland-Altman plots and intraclass correlation (ICC) 

analysis were used to visualize and quantify the agreement between methods and to assess scan-rescan reproducibility.  

Results: 2D flow was incomplete in 2 patients. 4D flow was unsuccessful in one patient due to significant movement. 3D flow was successful in all 

patients. Total scan times of 4D and 3D flow were 15.9 (SD 2.7 minutes) and 1.6 (SD 7.8 seconds) minutes (including a typical navigator efficiency 

of 50%), respectively. Compared with 4D flow, 3D flow showed improved SNR (mean ratio 1.7 (SD 0.8), p<0.001) and vessel sharpness (mean ratio 

1.2 (SD 0.4), p=0.01). Nearly identical flow patterns were captured with 3D flow and 4D flow (Figure 4B). Compared with 2D flow, 3D flow 

showed good-excellent agreement with small mean differences for flow rates. When comparing 3D flow with 4D flow MRI, good-excellent 

agreement was shown for flow and all derived parameters (Table 1-2). Systematic differences were found between 2D and 3D flow for conduit and 

LPA flow, RPA flow split and lower to upper body flow split, however, within the equivalence range (upper limit of mean absolute differences for 

flow splits ≤3.8%, Table 1-2). When comparing 4D flow with 3D flow, systematic differences were found for multiple parameters (Table 1). Of 

interest, however, most of these differences were non-significant when comparing 4D flow with 3Drec flow, with excellent agreement between 

measurements. Scan-rescan reproducibility was good-excellent for all parameters (Table 3). 

Discussion: This study introduces 3D flow MRI for the evaluation of the Fontan pathway and compares measurements with time-resolved 2D and 

4D flow. Our study shows that time-averaged parameters of clinical interest can be acquired with 3D flow MRI within a ten-fold reduction in scan 

time and improved image quality.  

Some significant differences in flow rates were present between 3D and 4D flow but not between 4D and 3Drec flow, which may be explained by 

multiple reasons. Hemodynamic variability and differences in quality (e.g. patient movement) may have caused differences between 3D and 4D 

which are not present between 4D and 3Drec (2). Furthermore, 3Drec flow is constructed from more sampled data compared to 3D flow. In a previous 

study focused on portal venous flow, 3Drec flow slightly underestimated flow when constructed from <20% of 4D flow data (2). Acquired 3D flow 

consists of approximately 10% of 4D flow data (±10% of scan time) which may be an explanation for the lower flowrates. On the other hand, 3D and 

4D flow acquisitions (end-expiratory navigated acquisitions) are expected to measure lower flowrates in comparison with 2D flow (free-breathing), 

since flow in Fontan patients is augmented by inspiration (3, 4). 

Conclusions : 3D flow provides equivalent, time-averaged clinical information at a ten-fold reduction in scan time compared to 4D flow, with 

significant improvement in SNR and vessel sharpness. Since primarily time-averaged parameters are of clinical interest in Fontan patients, 3D flow 

MRI can potentially replace time-resolved 2D and 4D flow MRI and may allow for a more widespread clinical use. 
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Caption Table 1: 2D, 3D, 4D and 3Drec flow MRI measurements in 

the Fontan circulation. 

Values are reported as mean (SD). Abbreviations used: ml/s; milliliter 

per second, MRI; magnetic resonance imaging, IVC/SVC; 

inferior/superior vena cava, RPA/LPA; right/left pulmonary artery. 

RPA flow split: RPA flow/ LPA flow ×100%, PV; pulmonary veins, 

SPCF; systemic to pulmonary collateral flow (pulmonary vein – 

pulmonary artery flow). 

 

 

 

 

Caption Table 2: Results of comparisons between acquisition methods. 

Values are reported as mean (SD). Abbreviations used: ml/s; milliliter per second, MRI; magnetic resonance imaging, LoA; limits of agreement, 

IVC/SVC; inferior/superior vena cava, RPA/LPA; right/left pulmonary artery. PV; pulmonary veins, SPCF; systemic to pulmonary collateral flow 

(pulmonary vein – pulmonary artery flow). SEM; standard error of the mean 

 

Caption Table 3: 

Scan-rescan analysis of 3D flow MRI. 

Values are in ml/s unless otherwise specified. Values are 

reported as mean (SD). Abbreviations used: LoA; limits of 

agreement, IVC/SVC; inferior/superior vena cava, RPA/LPA; 

right/left pulmonary artery. PV; pulmonary veins, SPCF; 

systemic to pulmonary collateral flow (Pulmonary venous – 

pulmonary artery flow). SEM; standard error of the mean 

 

 

 

 

Caption Figure 4: 

Figure 4 shows a typical Fontan patient with an extracardiac conduit. (A) The positions of the 2D 

flow MRI planes are indicated in red. (B) Streamline visualization of 4D flow MRI data are 

shown for 1 representative phase in the cardiac cycle. (C-D) Streamline visualization of the 

single, time-averaged phase acquired with 3Drec flow MRI (C) and 3D flow MRI (D) are shown 

for the same patient. Note how nearly identical flow patterns are captured with 4D flow, 3D flow 

and 3Drec flow MRI (B-D). 

 



 

Synopsis: Perfluorocarbons (PFCs) have seen various biomedical uses over the past decades. 19F MRI attracts a lot of attention in cell tracking and 
inflammation imaging fields. Upsides are plentiful; background-free, integration with 1H MRI without interference and direct quantification to 
name a few. However, very long systemic and local half-lives (in excess of 200 days) are an issue for clinical approval and cell tracking. Here we 
show a PFCE containing imaging agent with a 15-fold faster clearance due to a unique multicore internal structure. We show that PFC clearance 
can be heavily influenced by using a self-disassembling nanoparticle. 

Introduction: Perfluorocarbons (PFCs) have seen various biomedical uses over the past decades. First as blood substitutes and currently as contrast agents for 
fluorine-19 Magnetic Resonance Imaging (19F MRI) 1,2. 19F MRI attracts a lot of attention in cell tracking and inflammation imaging fields. Upsides are plentiful, in 
vivo imaging is background-free due to absence of endogenous MRI visible fluorine. Moreover, 19F images can be combined with conventional 1H MRI for anatomic 
localization. Finally, the 19F signal can be quantified directly from the image 3; unlike conventional contrast agents, such as gadolinium (Gd) and super paramagnetic 
iron oxide (SPIO), that alter the existing proton signal. Despite, major challenges remain; e.g. in imaging agent stability and very long in vivo half-lives (over 200 
days), which hamper access to the clinical domain 4.  Here we solved these problems.  

Fluorine MR suffers from sensitivity issues that are tackled by using fully fluorinated molecules (perfluorocarbons), preferentially with chemically identical fluorine 
bond to give a single resonance in MR. However, these perfluorocarbons have clearance half-lives of over 200 days, leading to regulatory and safety concerns 
despite non-toxicity. Moreover, PFCs can stay in the region of interest after the process of interest has subsided and the labeled cells are removed from the region 
5. Thus, follow-up and assessment of temporal dynamics can be a problem with long-lingering imaging agents. Here we show multicore PFCE containing 
nanoparticles that are cleared faster by their unique structure. 

Methods: Four distinct perfluoro-15-crown-5-ether (PFCE)-containing imaging agents were synthesized using a miniemulsion technique. 1) Nanoparticles (NPs) and 
2) nanocapsules (NCs) consisting of poly(D, L-lactide-co-glyolide) (PLGA) polymer forming a multicore structured (NPs) or core-shell structured (NCs) formulation. 
3) Nanoemulsions (NEs) of 180 nm diameter and 4) small nanoemulsions (sNEs) of 90nm diameter, which are both egg-lecithin based and core-shell structured. 
Equivalent amounts of PFCE (20 mg NPs dissolved in 400 µl 0.9% NaCl and 3,3% PFCE nanoemulsions) were injected into the tail vein of wild type C57Bl/6 mice 
(n=47). Biological half-life was assessed by imaging at multiple timepoints spanning five weeks using an optimized 19F RARE sequence. Local clearance from 
inflammatory lesions was investigated using a myocardial ischemia-reperfusion model (n=3). Here, the LAD was ligated for 45 minutes, 40mg of NPs were injected 
3 hours after recovery from anesthesia and infarct fluorine content was followed over 6 days. To investigate the effect of the NP ultrastructure on degradation 
pattern, NPs and NCs were dissolved in phosphate buffered saline and agitated at 37 °C for 2 weeks to study in vitro degradation through hydrolysis.  

Results: Physicochemical characteristics of the PFCE-based imaging agents are displayed in Figure 1. In short NPs, NEs and NCs are around 180nm in diameter and 
differ in surface composition and internal structure as illustrated. MRI characteristics are shown in Figure 2; a linear relationship of fluorine concentration to MRI 
signal allows quantification based on a reference. Figure 3a shows representative sections of the liver for the NPs and NEs at various timepoints after injection. 
Systemic PFC content is best described by the PFC present in the liver, as the organ of major PFC deposition. 19F MRI organ signal intensity was expressed as a 
percentage of the highest signal over the follow-up period (Figure 2b). Only the NPs showed a significantly decreasing slope (p = 0.0001). Ultimately, a five-fold 
decrease of the liver signal was observed after four weeks. The clearance of NPs from the liver is best described by a 2-step exponential decay function (R2 = 0.84), 
consisting of a rapid early phase (t1/2 = 10 hours) and a slower late phase (t1/2 = 16 days). During the 5-week follow-up period the NEs are not significantly cleared, 
which aligns with previous studies. Nanocapsules, with a PLGA surface identical to NPs but a core-shell structure like NEs showed no clearance (Figure 3c). Indicating 
that the internal superstructure, not the surface, is responsible for the 15-fold faster clearance. The NPs are also cleared from regions of inflammation (Figure 3d). 
This finding is unique to these multi-core particles. Degradation experiments show a distinct degradation profile when compared to conventional PLGA particles. 
NPs degrade into smaller domains, averaging around 50 nm diameter, while retaining PFCE. We hypothesize that in vivo degradation of the NPs into smaller domains 
leaves the PFCE more exposed for clearance. 

Discussion/Conclusion: PFC-based 19F imaging agents are cleared by exhalation. Single resonance PFCs, such as PFCE and the commercially available 
perfluoropolyether are excreted slowly via this process, with half-lives of up to 250 days. Here we show a multi-core PLGA nanoparticle, containing PFCE with a 15-
fold shorter systemic and local half-life though a unique super structure. This solves regulatory issues related to long in vivo retention times. Additionally, locally 
fast clearing NPs can show cell egress from, or cell death in, a region of interest. 
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Figure 1: Physicochemical characterisation of the imaging agents used in this study. PFCE is displayed in 
red, PLGA chains are shown in black and egg-lecithin is displayed as black phospholipids. 

 

 
 
 

 
 
Figure 2: MRI characterisation showing NPs have favourable characteristics for 19F MRI. a Red 
hot scale as used in all 19F images. 19F MRI images of tubes containing various concentrations of 
NPs. bNP-concentration versus observed signal shows a highly linear relationship, perfect for 
direct quantification of imaging data. c 19F NMR spectrum of 10mg/ml NPs with an internal 
reference of TFA. The single resonance of the NPs is ideal for imaging with conventional 
imaging sequences. d Multi-spin echo and inversion-recovery experiment shows T2 and T1 of the 
NPs. 

 

 
 
 

 
 
 
Figure 3: Only NPs show local and systemic 
clearance. a representative 1H/19F MRI images showing rapid decrease 
of fluorine signal in the liver for NPs compared to NEs. b Quantified 
liver signal over time. Only the NPs show a significant decrease, only 
the NPs could be fitted with a two-phase exponential decay function 
(R2=0.84, T1/2 = 16 days). c NCs, with similar size and surface as NPs do 
not show a decrease of liver signal over time. d Local clearance of NPs 
from a mouse with ischemia-reperfusion myocardial infarction. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 4: The nanoparticle multi-core internal structure results in degradation into 
smaller domains which still retain PFCE. a Dynamic Light Scattering of NPs and 
NCs dissolved in Phosphate Buffered Saline (PBS) over time. Only NPs degrade 
into smaller domains. b 19F MRI of domains and fully degraded NPs showing NPs 
retain PFCE. c Atomic Force Microscopy confirming small domains after 
degradation of NPs in PBS. d Diagram depicting the difference in NP and NC 
degradation. 

 



 

Synopsis 

The heartbeat induces microvascular blood volume pulsations and subsequent tissue deformations in the brain. Although subtle (typically <1%), these deformations are highly relevant as they accelerate 

clearance of brain waste products. Moreover, they enable non-invasive assessment of mechanical tissue properties. We developed a sensitive MRI technique with full brain coverage for voxelwise 

quantification of the cardiac-induced brain tissue strain tensor with 3mm isotropic resolution, based on displacement encoding with stimulated echoes (DENSE). We visualize the strain tensor similar to 
diffusion tensor imaging. Strain tensor imaging opens a window on brain tissue mechanics and physiological blood volume dynamics in the brain.  

 

Introduction 

Brain tissue deformation is mainly induced by the cardiac cycle and is potentially a valuable source of information on the brain tissue’s mechanical properties1,2. Moreover, this deformation contributes to 

driving the waste clearance system3,4. The overall phenomenon of brain tissue motion is subtle, involving submillimeter displacements. Displacement encoding with stimulated echoes (DENSE)5 allows for 

acquisition of the motion field maps6,7, from which the tissue strain can be computed. However, even at 7T MRI, the current 3D strain measurements lack a factor 10 of SNR to perform a voxelwise 
analysis of the tissue strain7. In this work, we present a sensitive single-shot multi-slice acquisition approach of the DENSE sequence, that provides sufficient SNR to perform a voxelwise analysis of the 

tissue strain tensor with whole brain coverage. 

 

Method 

To obtain SNR-efficient whole brain DENSE acquisitions, we modified our previous developed cardiac triggered, single-shot sequence8 to be compatible with a multi-slice (MS) multi-band (MB)9 

acquisition approach. Odd and even numbered slices were acquired in two separate packages, one package at each cardiac interval (Figure 1). The slice acquisition order was permuted for every successive 

repeated scan and a time-shift was implemented so that each slice was acquired at 18 post-trigger delays covering the cardiac cycle.  

 

Written informed consent was obtained from all volunteers in accordance with the Ethical Review Board of our institution. Four healthy subjects (2 females, age 28±3 years) were included and scanned at 
7T (Philips Healthcare) using an 8-channel transmit and 32-channel receive head coil (Nova Medical). DENSE measurements (60 slices, resolution: 3x3x3mm3, SENSE: 2.5 AP, multi-band factor: 3) were 

repeated 80 times: 10 slice order permutations * 2 motion encoding strengths (75 μm/π, 100μm/π) * 2 time shifts after triggering (one time shift of 0ms; one time shift of 8 times slice-time-interval) * 2 

opposite encoding directions (to distinguish between motion induced phase and phase confounders). Acquisition of one DENSE series took 80*2 (2 is the number of slice packages) heartbeats (2:40min for 
60bpm heartrate). Physiological data was simultaneously recorded, using a vector cardiogram (VCG) for triggering and a respiration belt to trace abdominal breathing. For structural reference, DTI maps 

were acquired as well (1.5mm isotropic resolution, bmax=800s/mm2, 16 directions).  

 
Motion encoding was performed in three orthogonal directions with different acquisition orientations. For each acquisition orientation, in-plane motion encoded datasets were obtained, resulting in 6 

datasets per subject (see Table 1). Tissue deformation was obtained by computing the in-plane spatial derivatives. The data was fitted voxelwise to the physiological data in a linear model10, thereby 
isolating the confounders, respiration and interpolating to 8 heart phases distributed over the cardiac cycle (see Figure 2).  

 

Analysis 

Each of the 6 motion-encoded datasets for each subject provided 2 components to fill the displacement gradient tensor for each voxel (see Table 1).  
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where uRL,AP,FH are the measured displacements in Right-to-Left, Anterior-to-Posterior and Feet-to-Head, respectively. F is the gradient deformation tensor from which the Lagrangian strain tensor E can be 

computed as11 
 

 𝐄 =
1

2
(𝐅𝐓𝐅 − 𝐈) (2) 

 

with I the identity matrix. E is independent of rigid body motion or orientation. Similar to DTI analysis and visualization12, an eigenvalue decomposition was performed on E which resulted in three 
eigenvectors with associated eigenvalues. The eigenvector with the largest positive value is associated with the direction of largest expansion of the tissue (first principal strain), whereas the eigenvector 

with the largest negative value is associated with the direction of largest compression (third principal strain) (see Figure 3). 

 

Results and Discussion 

Fitting the data to the physiological information resulted in smooth displacement gradient maps over the complete brain. Combining the 3D volumes with different components of the displacement gradient 

tensor was done without registration and resulted in smooth Strain Tensor Imaging (STI) maps (Figure 4). Although the mathematics of STI and DTI are very similar, their physical interpretation differs 
substantially. DTI represents microstructural tissue organization, whereas STI describes mechanical strain induced in the tissue by heartbeat-related blood volume pulsations. STI yields both positive and 

negative eigenvalues, whereas DTI only has positive eigenvalues. We therefore showed both the positive principal strains (maximum expansion) and negative principal strains (maximum compression 

reflecting the Poisson effect), respectively. The STI maps showed similar trends for all subjects. The positive principal strain direction not only follows the known brain motion pattern (funnel shaped, 
pointing towards the foramen magnum13), but also largely follows the direction of the fiber bundles represented in the DTI maps. The corpus callosum fiber bundles (running from left to right, see middle 

slice), however, do not expand along their orientation but perpendicular to it. Future work needs to incorporate registration and EPI distortion correction, together with a more rigorous comparison between 

the diffusion and strain tensors throughout the brain. 
 

Conclusion 

Strain tensor imaging can be performed by using a single-shot multi-slice DENSE sequence. Together with high-sensitive motion encoding, this yields sufficient SNR in the displacement maps to compose 
the gradient displacement tensor from which the 3D strain tensor can be computed. First results in four subjects show similar maps of the strain tensor. This novel approach may serve as a physiological 

marker to study the brain tissue mechanics and physiological blood volume dynamics in the brain. 
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Figure 4. Transverse slices of 4 subjects visualizing the strain tensor at peak systole as explained in Figure 3. A DTI and T1 map are shown for reference. Three slices were selected manually located at 
the top, middle and inferior-brain. Although mathematically similar, STI and DTI substantially differ in physical interpretation. DTI represents the microstructural tissue organization, whereas STI 

describes the heartbeat-induced mechanical deformation of the tissue. 

Figure 1: Data acquisition scheme. The top row represents snapshot acquisition with motion 
encoding directly after the ECG trigger. The second shows motion encoding after the trigger 

with an additional time delay. For both acquisition schemes, the slices within each package are 

permuted in each subsequent repeated scan such that in the end each slice is acquired at 18 
different post-trigger delays, covering the complete cardiac interval. 

 

 

 

Figure 2: Time-series of displacement-encoded phase images were used to derive the components 
of the displacement gradient tensor by computing both in-plane spatial derivative along and 

perpendicular to the encoding direction, respectively. The figure shows an example for the spatial 

derivative along the FH encoded dataset. Together with the associated physiological data, these 
gradient maps were used in a linear model to isolate the components of cardiac and respiration 

displacement gradients. 

 

 

 

Table 1: Overview of the displacement gradient tensor components obtained from the different 

datasets to fill the full displacement gradient tensor ∇�⃑�  from which the gradient deformation 

tensor F is obtained (see Equation 1). The components on the diagonal are obtained twice in this 
scheme, at different acquisition orientations. These double components were averaged before 

further analysis. 

 

 

 

Figure 3: Strain tensor representation. The eigenvector of each voxel is represented using the 

RGB color scheme (red: RL direction, green: AP direction, blue: FH direction). The gray-scale 

maps on the bottom row show the sum of all positive (left) and negative (right) eigenvalues 
(principal strains), respectively. For the negative eigenvalues, the absolute value was taken, 

resulting in a map with only positive values. Eigenvectors are combined with the eigenvalues by 

using intensity mapping. 

 

 

 

Acq. Orientation Motion Enc. Direction Displacement gradient 

TRA AP ∂uAP / ∂AP 

  ∂uAP / ∂RL 

 RL ∂uRL / ∂RL 

  ∂uRL / ∂AP 

SAG FH ∂uFH / ∂FH 

  ∂uFH / ∂AP 

 AP ∂uAP / ∂AP 

  ∂uAP / ∂FH 

COR RL ∂uRL / ∂RL 

  ∂uRL / ∂FH 

 FH ∂uFH / ∂FH 

  ∂uFH / ∂RL 

 



 

Synopsis: Metabolic mapping at ultra-high field benefits from increased SNR and large chemical shift dispersion, enabling high spatial resolution and more 

resolved metabolite resonances. By exploiting increased SNR, MRSI acquisitions can be accelerated using echo-planar readout gradients (EPSI) or parallel imaging 

techniques. However, signal contamination from extra-cranial lipids can degrade the spectral quality and/or introduce fold-over artefacts. Therefore, suppression of 

extra-cranial lipids during acquisition is imperative for fast spectroscopic imaging. This work aimed to use a “crusher coil” to suppress extracranial lipid signals 

while acquiring metabolic information using a pulse-acquire acquisition with EPSI readout. 

 

Purpose: Metabolic mapping at ultra-high field benefits from the increased SNR and large chemical shift dispersion, enabling high spatial resolution and more 

resolved metabolite resonances. However, increasing spatial resolution comes at the cost of prohibitively long scan-times. Moreover, lipid signal contamination due 

to the far-reaching point-spread function associated with magnetic resonance spectroscopic imaging (MRSI) can cause unwanted artefacts that impede spectral 

quality. These effects can be amplified when using acceleration techniques such as SENSE 1,2 which can lead to fold-over artefacts 3. This is a critical problem 

considering the need to quantify metabolite distributions accurately. Lipid contamination can be avoided by using volume selection schemes such as semi-LASER 
4; however, at the cost of long TR due to specific absorption rate (SAR) limitations and limited spatial coverage. Another method for removing the lipid 

contamination is using L2 regularization 5 with short repetition times (i.e., TR<1000 ms) and very high spatial resolution (i.e., 128x128 matrix).6 Boer et al. 7 had 

shown that a crusher coil can effectively reduce lipid artefacts without any RF deposition in the brain. The sequence 8 enables the fast lipid suppression with high 

SNR per time unit using the crusher coil. To this end, this work aimed to present a pulse-acquire echo planar spectroscopic imaging (PA-EPSI) acquisition 9,10 

including the lipid suppression using an external crusher coil at 7T. 

Methods: Measurements were performed in a healthy volunteer using a 7T MR scanner (Achieva, Philips, Best, the Netherlands) with a quadrature transmit and a 

32 channel receiving head coil (Nova Medical, Wilmington, MA). Informed consent was obtained from the volunteer, and the local ethics committee approved the 

experiment.  

2D EPSI readout was acquired with the following parameters: FOV = 192x192 mm2, one 12x12 and the other 6x6 mm2 voxel sizes, slice thickness=12 mm, 

temporal samples=512, VAPOR water suppression, and acquisition bandwidth=128kHz. Additional parameters that differed between acquisition techniques are 

summarized (table 1). For each acquisition, a non-water suppressed reference was acquired using similar parameters with 1 average. For all measurements, B0 

shimming 11 was performed using up to 2nd order shim terms and an additional 3rd order shim amplifier was used to drive the crusher coil 7. 

A series of 3 measurements were performed to evaluate lipid signal leakage and suppression at the centre and periphery of the brain: 1) semi-LASER localization 4; 

2) pulse-acquire (PA) with EPSI readout and no lipid suppression; 3) pulse-acquire with EPSI readout including lipid suppression using the crusher coil in figure 1. 

To compare the semi-LASER and pulse acquire techniques, the TR and flip angle were kept constant for the low resolution acquisitions. To show the benefit of 

accelerated lipid suppressed MRSI, an additional measurement was performed at a higher spatial resolution using a shorter TR and optimized flip angle (for 

T1=1700: see table 1) 12 

During reconstruction, k-space lines of even EPSI echoes were reversed along the temporal dimension. A 2D phase correction was performed on both the water 

reference raw data and water suppressed raw data. Coil sensitivity maps were generated using the water reference raw data and subsequently used for channel 

combinations of water suppressed MRSI data. Further processing steps included the apodization function with a 2D hamming filter, spectral alignment, residual 

water removal, and eddy current correction. All data reconstruction steps were performed using in-house MATLAB scripts. 

Results and discussion: Example spectra from the 3 difference acquisition methods (semi-LASER EPSI with FOCI, PA-EPSI with and without crusher coil) are 

shown in figure 2.  As expected, the spectra acquired in the center of the brain (orange voxel, figure 2A) showed no or very little contamination from extra-cranial 

lipid signals when using the semi-LASER localization. For the EPSI acquisitions, the similar signal characteristics between 0.8 and 1.5 ppm suggest sensitivity to 

macromolecular contributions due to short TE rather than the extra-cranial lipid contamination. Moving away from the center of the brain, lipid signal 

contamination was evident for non-suppressed PA-EPSI in figure 2C. When looking at regions close to the skull, the lipid signal contamination overshadows 

metabolite signals in figure 2D. However, at these locations (blue voxel, figure 2A), lipid suppressed PA-EPSI provided good spectra while the semi-LASER 

acquisition did not provide enough spatial coverage to acquire spectra in the region. This observation is confirmed in the higher resolution of MRSI data shown in 

figure 3C and D. Even though the semi-LASER localization restricts the signal to the localization volume (VOI), some lipid contamination is present at the corner 

of the VOI when it is closely positioned to the skull. Furthermore, the semi-LASER is less sensitive to metabolites with short T2 because of the relative long TE 

and limits relatively long TR by the RF power deposition (i.e., SAR). Therefore the semi-LASER is not an SNR efficient approach at high field. The MR spectra 

from the lipid suppressed PA-EPSI measurement were of good quality compared to the MR spectra from the PA-EPSI measurement without crushing in figure 4.  

Conclusion: In this work, we successfully demonstrate the feasibility of accelerated MRSI acquisition while suppressing lipids using an external crusher coil. This 

work sets up the possibility to investigate optimal acquisition strategies for the fast whole-brain MRSI at 7T. 
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Figure 1. Schematic of crusher coil control and pulse sequence diagrams for PA-EPSI and semi-LASER EPSI acquisitions A: The trigger signal generated by the spectrometer initializes an external 
amplifier which drives the crusher coil. B: Pulse sequence diagram for the PA-EPSI acquisition: the duration of the suppression gradient (red) is 1.8 [ms]. C: The semi-LASER EPSI with FOCI shows the 

high number of required preparation pulses, leading to a long echo time, before starting EPSI readout compared to the PA-EPSI. 

 

 

Figure 2. Comparison of semi-LASER EPSI (blue), PA-EPSI with (red)/ without (green) crusher coil in the lower resolution A: Two anatomical images show a 2D brain image and the lipid-suppressed 

image acquired by a gradient echo sequence without the crusher coil (left) and with the crusher coil (right). Spectra from each acquisition of the centre voxel (orange square) and voxel outside of the VOI 

(blue square) are shown in B and D. C: Spectra from the middle region of the brain (red box). Note the suppressed lipids in the spectra of the two pink boxes when using PA-EPSI with the crusher coil. 

 

 

Figure 3. Comparison of semi-LASER EPSI (blue), PA-EPSI with (red)/without (green) crushing acquired A: Gradient echo anatomical images showing the effect of crushing (right). B: Comparison of 
spectra obtained using 3 different EPSI acquisition methods. All spectra were acquired leading to lower total scan time than the low resolution MRSI data. C: Spectra from the central brain region (cyan) 

demonstrate the effect of lipid suppression for the PA-EPSI sequence. D: Spectra shown from regions outside the semi-LASER localization box (yellow) in the semi-LASER EPSI with FOCI. 

 

 

Figure 4. Comparison of PA-EPSI with (red)/ without (green) crushing acquired at voxel size (6x6 mm2) A: Lipid map showing the effect of crushing (right), which shifted by 2 voxels based on the 
anatomical image in figure 3A. The dotted red line represents the region of interest (ROI). The white line shows the chemical shift region. B: Comparison of spectra acquired using 2 different EPSI 

acquisition methods at ROI. 

 

 

Table 1. MRSI sequence parameters  

 

 



 

Synopsis 

The proposed EPICS readout takes a traditional EPI readout and makes it suitable for Compressed Sensing. This novel readout keeps the EPI direction 

constant and employs pseudo-spiral under-sampling on a Cartesian grid in the other two (phase encoded) directions. EPICS delivers the flexibility offered 

by spiral sequences with the relative ease of Cartesian CS reconstruction. Multiple spiral types and patterns with flexible Te 's were compared. In-vivo brain 

image data shows good image quality at 7T. Future 4D-EPICS fMRI acquisitions will profit from regularized CS reconstructions. 

 

 

Introduction 

Echo-planar Imaging (EPI) is a very efficient and fast readout strategy and is therefore often used in functional and diffusion imaging. More recently Compressed Sensing (CS)1 has 

allowed acceleration of many scan types, but for Cartesian EPI the required pseudorandom sampling patterns are difficult to create. Spiral and radial EPI readouts are more suitable for 

CS, but are more difficult in practice due to gradient imperfections, that often require correction using field monitoring2. The here proposed Echo-Planar Imaging Compressed Sensing 

(EPICS) readout keeps the EPI direction constant and allows for spiral under-sampling on a Cartesian grid in the two phase encoding directions. Expected benefits of functional MRI 

using EPICS will consist of (a) increased SNR by more often sampling the centre k-space (b) increased flexibility in creating a time-series with varying temporal resolution/image 

quality and (c) the possibility to regularize in the sparse 4th dimension. 

 

Methods 

Five healthy volunteers were scanned on a Philips Achieva 7T system (Best, Netherlands) with Nova Medical 32Rx/8Tx coil (Wilmington, USA). All gave written consent. All scans 

were performed with a FOV of 202x202x176mm3, matrix=112x112x98 and 1.8mm3 voxel size and EPI direction head-feet. 

Three types of spirals have been compared: outside-in, inside-out and outside-in-out. All sampling patterns are constructed by placing the EPI readout positions on a Cartesian gridded 

180° spiral and repeating these pseudo-spiral EPI shots by rotating the ungridded spiral with a golden angle and randomly jittering the position of the sample points to improve the 

randomness of the distribution. An exemplar sampling pattern is depicted in figure [1]. The resulting pulse sequence diagram of an EPICS shot is depicted in figure [3]. 

The outside-in spiral has an EPI factor of 27, with T /T /α = 34ms/20ms/13°. The inside-out spiral also used an EPI factor of 27, with T /T /α = 34ms/0ms/13°. Since the arms of the 

outward spiral start in the center the effective echo-time is close to zero. The outside-in-out spiral is a combination of the outside-in and inside-out spirals in succession. The EPI factor 

is raised to 55 and this results in T /T /α = 52/20/13°. The drawback of this spiral is that the amount of T2* weighting of the acquired lines is not smooth near the sides of K-space, since 

the EPI readout alternately both begins and ends near the outside of K-space. 

As a reference for the EPICS data, an normal Cartesian 3D-EPI with the same duration was used. This reference scan uses SENSE 2.2x2.4, an EPI factor of 51 and T /T /α = 

50ms/20ms/13°. An entire volume is collected every 2 seconds. 

The raw data was acquired and pre-processed using the ReconFrame platform (Gyrotools, Zurich). The reconstruction pipeline uses the BART toolbox to both calculate the coil 

sensitivity maps and perform the reconstruction with L1-wavelet regularization in image space and total variation regularization in time. 

 

Results 

The three spirals resulted in similar sampling distributions. Even though all sampling positions were randomly jittered, there is still a slight spiral pattern visible. An exemplar 

distribution is depicted in figure [2]. 

Exemplar outside-in spiral and reference EPI volumes are depicted in figure [4]. The contrast and SNR are comparable between both acquisition types, but the spiral suffers in regions 

with higher B0 inhomogeneities. 

 

Discussion 

Since the centre of K-space is traversed in both directions consecutively in every EPICS shot, it is possible to correct for EPI phase delays and B0 fluctuations every Tr . The current 

processing pipeline has no support for this yet, but it will be implemented in future versions and is expected to further improve imaging results and especially in application to fMRI. 

All data is currently gridded to correct for the ramp sampling, but the phase encoding blips are not yet taken into account. As can be seen in figure [3], the blips are being played out 

during the sides of the acquisition and should thus be included in the future gridding process. 

Due to computation-resource limitations, it is currently not yet possible to reconstruct an entire functional run of a spiral acquisition and therefore no functional analysis is performed 

Unlike regular EPI, the pseudo-spirals used in EPICS provide a high degree of flexibility on choosing the amount of T2* weighting. The outside-in spiral is great for BOLD since it 

gives BOLD at an echo time of choice. In other (f)MRI techniques, the short Te produced by the inside-out spiral is desirable to maximise SNR and reduce T2* weighting, such as in 

ASL and VASO sequeces. An important aspect of the EPICS sequence is that since the center of K-space is acquired frequently and with the use of an Golden angle, it is possible to 

flexibly trade-off spatial resolution for temporal resolution. This can be for example used to obtain an HRF estimation and motion correction parameters.4 

 

Conclusion 

In conclusion, we have proposed 4D-EPICS as a versatile Cartesian echo-planar spiral hybrid that combines the flexibility offered by spiral sequences with the relative ease of 

Cartesian CS reconstruction. Next to the obvious application to BOLD fMRI, the ability to acquire at minimal Te further makes the sequence an attractive candidate for blood flow 

(CBF) and blood volume weighted (VASO) fMRI.  
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Figure 1: K-space sampling pattern of 10 outside-in spirals. 

Each arm is one EPI shot with an EPI factor of 27. The biggest step size in an encoding 

direction is limited to 5 steps. The rotation within one arm is 180° and arms are repeated 

with golden angles (137.5°). All sampling points, except the center are randomly 

jittered by a maximum of 3 encoding steps. The center is always sampled twice 

consecutively, to traverse K0 in both EPI directions. 

 

 

Figure 3: Pulse sequence diagram of outside-in spiral. 

The 27 EPI readout segments are shown on the frequency encoding axis. The 26 blips 

in between the readout segments and the traversal to the outside of K-space are shown 

on the two phase encoding axes. The gap in between acquisitions is only 0.12ms and 

therefore the readouts are both during the ramp of the readout gradient and also 

during the gradient of the blips as the blips are 0.32ms long. 

 

 

Figure 2: K-space sampling distribution from 60 seconds of 

outside-in spirals. 

During 60 seconds of scanning, 1765 EPI shots with a length of 27 can be collected (Tr 

= 34ms). The resulting 47655 sampling point coordinates are plotted here on their 

locations to show the resulting distribution. The variable density can clearly be seen by 

the higher amount of sampling points towards the center of K-space. Even though a 

very slight spiral pattern can be observed in the distribution, it is still very random. 

 

Figure 4: 8 slices of outside-in spiral volume (bottom) and reference 

SENSE volume (top). 

Both volumes are reconstructed from 2 seconds of samples. The SNR and contrast look 

similar between the two acquisitions types. The spiral scan suffers in regions where the 

B0 field is more inhomogenious, near the edges of the brain and in particular near the 

top of the brain. 



 

Synopsis 

Recently, flow of cerebrospinal fluid (CSF) has been shown to play an important role in the waste clearance of the brain, ushering in the concepts of glymphatics 

and intramural periarterial drainage. Despite the importance of brain waste removal, the exact clearance mechanisms such as its driving force are still poorly 

understood and remain highly controversial. In this study, we image how the cardiac cycle influences the CSF-mobility in perivascular spaces of the basal ganglia 

as well as in large CSF-filled spaces (ventricles and subarachnoid space around large arteries) of the human brain. 

Introduction 

Research into brain waste clearance and the concept of glymphatics has gained increasing attention and lead to different theories, with CSF-flow as a common 

denominator1,2. One of the theories proposes cardiac pulsations as main driving force of CSF-flow along the perivascular pathway3. Whereas CSF-flow in the 

ventricles and aqueduct is well studied, it is unknown whether cardiac pulsations also affect CSF-mobility in perivascular spaces , where clearance is supposed to 

take place. Animal experiments only observed pulsatile CSF in the subarachnoid liquid around large arteries3,4, limited on the one hand by the superficial 

penetration depth of microscopes and by the low MRI-resolution on the other. 

Recently, we non-invasively measured CSF-mobility along perivascular spaces in the human brain5. Here, we study the effect of the cardiac cycle on CSF-mobility 

in perivascular spaces of the basal ganglia as well as in large CSF-filled spaces (ventricles and subarachnoid space around large arteries) in humans. 

Methods 

Five healthy subjects were scanned at 7T (Achieva, Philips, The Netherlands) using a 32-channel receive coil. All provided written informed consent for this IRB-

approved study.  

MRI scans 

We introduced a 17x accelerated pseudo-random undersampling scheme into our original T2-prepared turbo spin echo (TSE) sequence5 using the PROUD software 

patch6. This enabled to reach full brain coverage, while maintaining parameters that enable the isolation of the CSF signal (0.45mm3, TSE factor=146, 

TE/TR=497/3486ms, acquisition time Tacq=5min30 per full-brain volume and gradient strength/direction). To study the influence of the cardiac cycle on the 

measured CSF signal, the heart rate was recorded using a peripheral pulse unit (PPU). 

Dataset 1: To optimize our protocol, we acquired two non-crushed and one crushed scan with velocity-encoding gradients of 5mm/s included in the T2-preparation 

in two subjects. These gradients were applied in the right-left direction in order to specifically evaluate the effect of the cardiac cycle on the left-right oriented 

subarachnoid CSF around the middle cerebral artery (MCA) (Tacq,total=17min).  

Dataset 2: In three subjects, one scan without and six scans with crushers (5mm/s) applied in different directions were acquired (Tacq,total=40min), allowing for 

fitting a full tensor model. 

Reconstruction and post-processing 

After acquisition, the k-space profiles were retrospectively binned in 6 cardiac phases. We evaluated two separate ways of binning the data for dataset 1:  

1- the cardiac phase during the T2-preparation preceding the TSE-shot was taken as reference and the signal in the subsequent TSE-shot was considered to be 

dependent on this specific cardiac phase (Figure 1a). 

2- the cardiac cycle of each separate k-space profile was measured, independently of the cardiac phase of the T2-preparation (Figure 1b).  

Image reconstruction was performed using BART7 with an L1-norm and optimized as described previously. All intra-subject images were registered using Elastix8. 

CSF-mobility was modelled by computing the mean eigenvalue of a rank-two positive definite tensor, analogous to Diffusion Tensor Imaging. Analysis focused on 

the larger fluid compartments in the ventricles and around the MCA as well as on the perivascular spaces of smaller arteries. To evaluate the effect of the cardiac 

cycle, the signal intensity was normalized voxel-wise to the mean intensity over the cardiac phases. 

Results  

The implemented compressed-sense readout enabled measurements of CSF-mobility in different brain regions of the entire human brain within reasonable scan 

time (Fig.2). When binning the data in different cardiac phases, the normalized CSF-signal varies with the cardiac cycle both in the crushed and the non-crushed 

data (Fig.3). Both binning strategies exhibit the same dependency with the cardiac cycle, yet with a consistent phase shift.  

The CSF-mobility is clearly dependent on the cardiac cycle in large CSF-filled spaces such as in the ventricles or in the subarachnoid liquid around the MCA 

(Fig.4a). Such pulsations are also observed in perivascular spaces in the basal ganglia (Fig.4b), but the observed pattern is different: whereas the larger CSF-filled 

spaces exhibit only a single peak in the cardiac cycle, the perivascular spaces present two peaks. Moreover, the delay of the CSF-mobility peak(s) within one 

cardiac cycle is highly spatially variable (Fig.5). 

Discussion 

Since CSF-mobility is encoded by varying the crusher gradients in the T2-preparation, the effect of the cardiac cycle on the CSF-mobility was expected to be 

mainly dependent on the heart phase during the T2-preparation. However, the TSE-shot following each T2-preparation lasts 982ms, during which additional heart 

beats occur (Fig.1). These also affect the CSF-signal, as observed in the (non)-crushed data (Fig.3). The observed phase shift between the two reconstructions is 

equal to half the TSE-shot duration, which is consistent with the time of acquisition of k0 (Fig.1). By normalizing the crushed data with respect to the non-crushed 

(as done when calculating CSF-mobility), such readout effects will cancel out. 

Our study shows that a pulsatile effect is present in human perivascular spaces of small arteries. Without such cardiac cycle dependent mobility fluctuations, the 

cardiac cycle would be excluded as a potential driving force. The observed dual peaks could potentially indicate mixing mechanisms instead of net flow, but our 

current setup is not suitable to differentiate between these two processes. 

In future studies, we will evaluate whether different velocity encoding values help enhance the sensitivity of the technique in perivascular spaces. 
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Figure 1: Schematic representation of two ways of binning in 6 
cardiac phases a) with reference to the T2-preparation preceding each 

TSE-shot, or b) with reference to the cardiac phase of each specific 

k-space profile. This scheme only represents 3 out of the 93 shots.  

 

Figure 2: CSF-mobility (mm2/s) in different regions of the 

brain (not binned per cardiac cycle). a) Around the middle 
cerebral artery; b) in paravascular spaces of penetrating arteries 

of the cortex; c) in perivascular spaces of the basal ganglia. 

 

 

 

Figure 3: Comparison of two repetitions of non-crushed scans 

(black) and one crushed scan (purple) acquired in one volunteer 
during the same scan session. Retrospective binning into cardiac  

phase was done with two different strategies (see Figure 1): a) 

with reference to the T2-preparation preceding each TSE-shot, 
and b) with reference to the cardiac phase of each specific k-

space profile. Each light-colored line represents the signal in one 

voxel; the average signal is shown by the thick lines. The region 
of interest was chosen in the subarachnoid space around the 

middle cerebral artery. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4: CSF-mobility variation in different regions 

of the brain: a) in large CSF-filled spaces, such as 
ventricles and subarachnoid liquid around the MCA, as 

well as in b) perivascular spaces of the basal ganglia. 

Each graph represents one region of interest (ROI); the 
colored lines represent the signal of each individual 

voxel within the ROI, and the thick white lines are the 

mean value over voxels. 

 

Figure 5: CSF-mobility variation as a function of 

the cardiac cycle in perivascular spaces (left) and 

in the subarachnoid liquid (right). 

 



 

 

Introduction  

Spin-echo sequences suffer from loss of signal due to J-modulation for coupled spins in metabolites of interest such as glutamate, lactate, glutamine and others. 

Although shorter TE values improve signal-to-noise ratios (SNR) and limits loss due to J-modulation, it also results in significant confounding contributions from 

macromolecules (MM). It was shown that an additional π/2 RF pulse between two π pulses in a double spin-echo sequence refocuses some of the dephasing caused 

by J-evolution1,2. This has been successfully implemented in the PRESS sequence, reducing much of the signal loss due to homonuclear J-coupling3-6. At ultrahigh 

field, poor localization accuracy due to large chemical shift displacement error (CSDE) in the PRESS sequence remains problematic7. Additionally, the increase in 

linewidth, typically about 10Hz and above, without concomitant increase in J-splitting results in a greater degree of signal loss due to anti-phase peaks cancellation. 

Here, we propose a J-refocused variant of the semi-LASER (sLASER) sequence, which provides both accurate localization and significant recovery of signal from 

J-coupled systems. The sequence (J-sLASER) was first validated using simulation followed by phantom acquisition at 7T. Finally, the sequence was compared to 

classical sLASER sequence in the human brain, illustrating significant improvement quantification of J-coupled metabolites using J-sLASER.  

 

Materials and methods 

J-sLASER sequence: The classical sLASER sequence was modified to incorporate a slice-selective π/2 RF pulse and concomitant slice selection and refocusing 

gradients at time of formation of the first echo (Figure 1). The phase of the added π/2 pulse was set to be orthogonal to the first π/2 pulse. Phase cycling was used to 

suppress unwanted signal due to potential out-of-volume excitation, pulse angle deviations or T1 relaxation in the first half of the sequence. All experiments were 

conducted on a Philips 7T whole body MRI scanner (Philips Healthcare, The Netherlands) equipped with a volume transmit/32-channel receive head coil (Nova 

Medical, USA). 

Simulation: Resonances of protons belonging to metabolites detectable in the human brain were simulated using Matlab programs based on the density matrix 

formalism and published chemical shifts and J-coupling values8. The simulation did not include T2 relaxation. Signal was integrated using Matlab and signal J-

modulations as a function of TE (up to 500ms) for both J-sLASER and classical sLASER sequences were investigated. 

Phantom validation: In vitro sequence validation was subsequently performed on a GE-MR spectroscopy “Braino” phantom using both sequences and a range of 

TE values from 44 to 164ms and with TR=4000ms, number of signal averaged (NSA)=8, bandwidth=3kHz, 2048 data points. Spectra were corrected for eddy 

currents using unsuppressed water spectra. Metabolite signal was quantified using Matlab and LCModel9. A basis-set for each TE value was created for both 

sequences. 

In vivo measurement: In vivo experiments were performed on 3 healthy volunteers. A 3D-T1W gradient-echo acquisition (TR/TE=5/2ms, resolution 1x1x1mm) 

was used for accurate planning of the experiments. An 8mL volume-of-interest was positioned in the posterior cingulate cortex (PCC, Figure 4). Metabolite and 

water spectra were acquired using both sLASER and J-sLASER sequence at TE=45 and 65ms (TR=5600ms/NSA=80/BW=3kH/np=1024). Spectra were corrected 

for eddy currents using an in-house Matlab routine and quantified using LCModel9. A basis-set including MM spectrum was created for both sequences and TE 

values.  

 

Results and Discussion  

Figure 2 shows results of spectral simulations for some of the J-coupled proton groups in brain metabolites for classic sLASER and J-sLASER sequences over a 

range of TE values. This illustrates the potential to improve detection of metabolites such as lactate, glutamate and glutamine at intermediate TE values.  

Figure 3 shows phantom results obtained with both sequences. It can be seen that the evolution of the J-modulation for glutamate and lactate follows the theoretical 

prediction in the simulation (Figure 2B). A slight decrease in the NAA singlet signal with J-sLASER is observed due to the generation of residual stimulated 

echoes caused by the additional π/2 pulse and the slice selection gradient. 

In vivo measurements were performed in the posterior cingulate cortex (PCC) of the human brain (n=3). Figure 4 shows representative spectra acquired with J-

sLASER and sLASER at TE=45ms. The dramatic effect of the J-refocusing is seen on all glutamate peaks, as well as on the lactate and glutamine. Finally, the 

CRLB values for three metabolites obtained with LCModel from data acquired with both sequences at two different TE values are reported in Figure 5. While the 

overall SNR was slightly lower due to loss of signal by the stimulated echo generated by the added π/2 pulse, the CRLB decreased for glutamate and glutamine at 

both TE values and for lactate at the shorter TE with the J-sLASER sequence.  

 

Conclusion  

We illustrated the potential of the J-sLASER sequence to improve detection of J-coupled resonances in the human brain at ultrahigh field. We found in vivo a 

strong improvement in glutamate detection. Further investigations are needed to improve SNR, for example by using a non-selective π/2 pulse and thus minimizing 

the stimulated echo generated by it, and aim to decrease TE below 45ms. The J-sLASER sequence offers benefits that may be used to improve the measurement of 

small changes in metabolites in functional MRS experiments10-11, as well as new perspective on spectral editing, by combining data from sLASER and J-sLASER 

in conditions that optimally maximize the differences for desired J-coupling systems.  

 

References [1] P. van Zijl et al. J. Magn. Res. 1990; [2] K. Takegoshi et al. J. Magn. Res. 1989; [3] Pan et al., MRM 1996; [4] Pan et al., MRM 2010; [5] 

Mulkern et al., MRM 1996; [6] Chen et al., NM in Biomed. 2013; [7] D.K. Deelchand et al., MRM 2017; [8] V. Govindaraju et al. , NMR in Biomed. 2000; [9] 

Provencher et al., MRM 1993; [10] Schaller et al., NeuroImage 2014; [11] Bednařík et al., J. Cereb. Blood Flow Metab. (2015) 
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Figure 1: The (A) sLASER and (B) 

J-sLASER sequences implemented 

and used in this study. Slice selection 

gradients are represented in orange 

and refocusing/spoiler gradients are 

shown in grey. The additional π/2 RF 

pulse and concomitant slice selection 

and refocusing gradients in J-

sLASER sequence are highlighted 

using the dotted rectangle.      

Figure 2: (A) Simulated spectra of lactate and glutamate resonances as a function of TE for sLASER and (B) J-sLASER 

sequences; (C) Glutamate, lactate, glutamine and myo-inositol signals over a range of TE values as measured with sLASER 

(grey dotted line) and J-sLASER (black solid line). This illustrates the strong potential of J-sLASER to improve detection of J-

coupled protons. The grey area is used to highlight the range of TE values investigated in phantom (Figure 3). 

Figure 3: (A) Representative in vitro spectra acquired with sLASER and (B) J-sLASER sequences and for different TEs are 

shown (44, 64, 84, 104, 124, 144, 164ms). Linewidth in phantom was below 2Hz, resulting to nice lactate detection even at 

TE=104ms using sLASER. In vivo due to broader linewidth such contribution would not be detectable. (C) Quantification of 

lactate, glutamate and NAA signals are reported for both sLASER (grey dotted line, diamond) and J-sLASER (black solid line, 

triangle) sequences.  

Figure 4 (left): In vivo spectra acquired in PCC region in one 

healthy volunteer with both sequences: sLASER (left) and J-

sLASER (right). The LCModel fits are shown below. Note 

the dramatic increase in glutamate peaks, also in 2.1 ppm and 

3.7 ppm. LCModel decomposition is shown for few 

metabolites included in the basis-set: tNAA (total N-acetyl-

aspartate), tCr (total creatine), tCho (total choline), glutamate 

(Glu), glutamine (Gln), lactate (Lac) and myo-inositol (Ins). 

Table 1: CRLB values (mean±s.d.) for three metabolites and 

for both sequences and both TE values based on the in vivo 

data. A Student t-test was used to compare sLASER and J-

sLASER showing significant decrease in CRLB for glutamate 

at TE=45ms. 



 

Synopsis: Arterial spin labeling (ASL) at 7T can be used to map cerebral blood flow (CBF) at a high spatial resolution. Previously, we have shown that different 

hippocampal subfields have differences in perfusion, owing to potential differences in their vascular density. However, hippocampal imaging at 7T remains 

challenging and requires optimizations of acquisition methods, as well as integration of novel analysis strategies. Here, we map high-resolution quantitative multi-

modal MRI data (T1, CBF, time-of-flight angiography) in the human hippocampus to disentangle perfusion and macrovasculature at 7T. 

 

Introduction: Arterial spin labeling (ASL) is the primary non-invasive MRI approach to measure baseline cerebral blood flow (CBF) in healthy subjects and 

patients. By combining novel acquisition methods, high-quality whole-brain, sub-millimeter (0.7 mm3) isotropic resolution CBF mapping using ASL has been 

demonstrated using 7T MRI[1] and shown to be useful for differentiation of the hippocampal subfields (hSFs) based on differences in perfusion and, therefore, in 

their vascular densities[2]. However, due to the small size and highly convoluted shape of the hippocampus, its CBF map and observed differences across hSFs are 

increasingly prone to biases induced by its surrounding macrovasculature[3]. Here, we aim to assess the magnitude of this potential macrovasculature-related bias in 

hippocampal perfusion by combining 1.5 mm2 ASL data with macrovasculature reconstruction, based on high resolution 0.47 mm2 time-of-flight (TOF) data. 

 

Methods: Acquisition – All data were acquired on a whole-body 7T Magnetom MRI scanner (Siemens Healthineers) with a 32-channel head-coil (Nova Medical) 

on two male subjects. For both subjects, a 1.5 mm3 2D EPI ASL sequence with a FAIR QUIPSSII labeling scheme was used to acquire perfusion weighted data[4] 

with TR/TE/TI1/TI2=2861/14/700/1800 ms, Nslices=32, base resolution=128, echo spacing=69 ms, PF=6/8, GRAPPA=3 (using FLEET [5] for reference lines [N=48] 

acquisition), Nvols=100 (tag-control interleaved), TA=4:49 min per run and at least five runs were acquired. For readout distortion correction and perfusion 

quantification, five volumes each of opposite phase-encoded data and with M0-weighting, i.e., with no magnetization preparation and TR increased to 20 s were 

acquired. 3D TOF angiography data were acquired using five slabs of 44 slices, TR/TE= 15/3.59 ms, base resolution=448, PF=6/8 , GRAPPA=3, Nreflines=24, and 

TA=5:50 min. In addition, MP2RAGE and Sa2RAGE data were obtained as in Haast et al. 2018[6], for anatomical reference, hippocampal segmentation and T1 

quantification. Dielectric pads (2.8:1 calcium titanate in deuterated water) were used to improve labelling efficiency and B1 in the medial temporal lobes. 

Analysis – To quantify CBF, the M0 and all ASL runs were motion-corrected using SPM12 followed by distortion-correction using FSL-TOPUP. All distortion-

corrected ASL runs were temporally concatenated and a perfusion-weighted volume was computed by averaging across the alternating tag-control difference 

images. A quantitative CBF map was then computed using the PASL model[7]. Data were coregistered and resampled onto the high-resolution anatomical space 

using ANTs (Figure 1)[8]. For hippocampal analyses, the hippocampus was manually segmented in ITK-SNAP[9] using upsampled (0.3 mm3) MP2RAGE data. The 

hippocampal macrovasculature was then reconstructed by filtering the TOF angiography data for vessel-like structures near the hippocampal boundaries using the 

workflow by Bernier et al. 2018 (see Figure 2A)[10]. Distance to the closest vessel and corresponding vessel diameter were calculated for each voxel within the 

hippocampus (Figure 2B and C). ANTs registration was used to align the angiography data to the MP2RAGE. Finally, for comparison across hSFs and 

visualization purposes, the T1, CBF and macrovasculature-based maps were unfolded and projected onto the hippocampus using an in-house developed coordinate 

system[11]. 

 

Results: Quantitative T1 maps (A), TOF maximum intensity projection in the sagittal direction (B) and CBF maps (C) are displayed in Figure 1. Only right 

hemispheres were included in subsequent analyses. Here, average T1 (Sa2RAGE corrected) within hippocampal gray matter (hGM), was estimated at 1840±255ms, 

and CBF at 24.91±14.27ml/100g/min. The internal carotid artery was identified together with its branches, as well as major hippocampal arteries, particularly the 

posterior cerebral artery running along the hippocampus towards the tail and the anterior choroidal artery on top of the hippocampus using the 3D reconstruction of 

the TOF data (Figure 2A). Here, the average diameter of the segmented vasculature ranged from 0.60 – 4.57 mm (Figure 2C), within a distance of 0.30 – 14.29 mm 

from the hGM (Figure 2B).  

Unfolding the data allows us to study variations (1) across subfields and (2) along the longitudinal direction in hGM T1 (msec), CBF (ml/100 g/min) and distance 

(mm) (Figure 3) in a unified coordinate system, allowing precise comparisons across subjects. While T1 (Figure 3A) and distance (Figure 3C) maps are comparable 

across subjects (rows), with the exception of the increased T1 in the middle section of the subiculum (Sub) in Subject 1, due to partial voluming with nearby CSF, 

CBF maps (Figure 3B) appear more variable. On average, as shown in Figure 4A, hGM T1 seems to be slightly higher in CA1, while perfusion tend to gradually 

increase towards the dentate gyrus (DG). Although both subjects seems to be characterized by a penetrating artery within near the head in CA1, smaller distances 

are observed towards the head, overall. Also, T1 (Figure 5A) tends to be higher, and CBF (Figure 5B) more variable for hippocampal GM voxels near the 

segmented vasculature. Finally, measured perfusion tSNR is relatively higher for voxels within the smaller vessels. 

 

Discussion: Current work used a novel approach, combining multi-subject and multi-parametric data into a common analysis space, to study the relation between 

hGM perfusion and T1, and its macrovasculature. Although validation across more subjects is necessary, the current subjects' hippocampal macrovasculature 

seemed relatively comparable based on their 3D segmentations and unfolded distance maps, and tends to increase T1 in voxels nearby. In contrast, perfusion 

patterns were more variable across subjects, potentially originating from the intrahippocampal arteries. As such, additional analyses, e.g., by mapping hGM TOF 

intensities, may be beneficial considering (1) the observed higher perfusion tSNR within the smaller arteries, and that (2) the intrahippocampal arteries (~0.09 

 mm)[3] remained resolvable given the spatial resolution of the current TOF data. 

 

References: [1] Ivanov et al. (2018) Proc. Intl. Soc. Mag. Reson. Med. 26 p. 2301. [2] Haast et al. (2019). Proc. Intl. Soc. Mag. Reson. Med. 27 p. 3131. [3] 

Spallazi et al. (2018) Neuroimage Clin. 21:101609. [4] Ivanov et al. (2017) Magn Reson Med. Jul;78(1):121-129. [5] Polimeni et al. (2016) Magn Reson Med. 

Feb;75(2):665-79. [6] Haast et al. (2018) Hum Brain Mapp. (6):2412-2425. [7] Alsop et al. (2015) Magn Reson Med. Jan;73(1):102-16. [8] Avants et al. (2011) 

Neuroimage. Feb 1;54(3):2033-44. [9] Yushkevich et al. (2006) Neuroimage. Jul 1;31(3):1116-28. [10] Bernier et al. (2018) Hum Brain Mapp. Dec;39(12):4962-

4975. [11] DeKraker et al. (2018) Neuroimage. Feb 15;167:408-418. 
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Figure 1. Sagittal cross-sections showing quantitative T1 (A, msec), TOF angiography (B, 

maximum intensity projection) and CBF (ml/100g/min) data for both subjects (rows). Inset figures 
in A show hippocampal T1, while the blue and red heat maps in B indicate the locations of the 

right and left hippocampus, respectively. White outlines in C indicates the position of the right 

hippocampus in the CBF maps. 

 

Figure 2. Reconstructions of arteries based on the TOF data. For each subject, we segmented the 

arteries (red) near the hippocampus (in blue) in 3D as shown in (A). These 3D segmentations were 
used to extract vessel diameters (B, mm), as well as the distance to the nearest artery (mm) within the 

hippocampal gray matter mask (C) 

 

Figure 3 – Subject-specific and averaged (bottom row) unfolded hippocampal T1 (A, 

mesc), CBF (B, ml/100 g/min) and distance (C, mm) maps. Hippocampal subfields 
(subiculum [Sub], CA1-3 and dentate gyrus [DG]) are delineated using white solid 

lines. Note that the high T1 values inside red box of subject 1 (top left figure) are due 

strong partial voluming effects of neighboring CSF. 

Figure 4. Average T1 (msec), CBF (ml/100g/min) and distances (mm) across hippocampal 
subfields (A), as well as a function of location along the longitudinal axis (i.e., anterior/head vs. 

posterior/tail, B). 

 

Figure 5. Voxel-wise scatter plot with distance (mm) on the x-axes and T1 (msec, A) and CBF 
(ml/100g/min, B) on the y-axes, as well as a bar plot (± S.D.) showing the perfusion tSNR for different 

vessel sizes (mm, C). Flat map in D shows the subjects’ average diameter (mm) of the closest vessel 

near the hippocampu 

 



 

Synopsis: Cerebral amyloid angiopathy (CAA) causes vascular degeneration and neuroinflammation. In order to gain more insight into the spatiotemporal 

development of microbleeds, plaques and alterations in brain morphology in CAA, we applied whole-brain ultrahigh-resolution MRI in post-mortem APP23 mouse 

brains. Anatomical MRI, T2* mapping, and diffusion kurtosis imaging revealed morphological changes in the hippocampus and thinning of white matter occurring 

before the formation of microbleeds. Lower diffusion fractional anisotropy may be indicative of white matter degeneration in ageing APP23 mice. High-resolution 

post-mortem MRI proves to be a powerful tool for investigating the development of CAA and related pathologies. 

 

Purpose: Alzheimer’s Disease (AD) is characterized by amyloid β (Aβ) depositions that trigger neuronal dysfunction and cell death. Amyloid precursor protein 

(APP) is cleaved into Aβ, which accumulates inside neuronal cells as well as extracellularly, where it aggregates into plaques. Plaques can be found in the brain 

parenchyma and in cerebral blood vessels, i.e. cerebral amyloid angiopathy (CAA), which causes vascular degeneration and neuroinflammation1,2. Despite 

increasing insights in the pathophysiology of AD, the spatiotemporal development of parenchymal and vascular pathology in AD and CAA remains incompletely 

characterized. Therefore, we applied whole-brain ultrahigh-resolution MRI to assess development of microbleeds and plaques as well as alterations in brain 

morphology in APP23 mice, a widely used mouse model of CAA, at different ages. 

 

Methods: Brains of male and female APP23 mice and wild-type (WT) controls were extracted at 3, 7, 12, 15, 18, 21, 24 or 27 months of age. Post-mortem 

ultrahigh-resolution MRI included anatomical MRI (balanced steady-state free precession (bSSFP) sequence with 4 phase cycling angles with 6 averages per phase 

cycle, repetition time (TR)/echo time (TE)=15.4/7.708 ms, flip angle=40°, field-of-view (FOV)=19.7x18x19.7 mm3, matrix size=262x240x263 voxels), and T2* 

mapping (3D multi-echo gradient echo acquisition. TR/TE1/TE2=100/3.2/4.2 ms, 22 echoes, flip angle=25°, 8 averages, FOV=19.7x18x19.7 mm3, matrix 

size=262x240x263 voxels), resulting in an isotropic spatial resolution of 75 µm. Diffusion kurtosis imaging (DKI) was performed with 3D eight-shot spin-echo EPI 

(TR/TE=500/33 ms, b=0,1000,2500,4000 s/mm2, 30 directions for each b-value) at an isotropic spatial resolution of 150 µm 

 

Results: Compared to WT control brains, APP23 brains appeared more granular-like on the anatomical bSSFP scans and T2* maps starting at ~15 months of age; 

focal hypointensities were detected in APP23 brains from an age of 15 months onwards (see figure 1). A lower degree of contrast in the hippocampus of APP23 

mice and smaller white matter volumes were already observed at 3 months of age. T2* maps revealed microbleeds in APP23 mice but not in WT brains, starting at 

~12 months of age (see figure 2). Fractional anisotropy (FA) and mean diffusivity (MD) maps calculated from DKI data showed lower FA of the total white matter 

in APP23 mouse brains at 24 and 27 months of age, and hippocampal MD differences between APP and WT brains. 

 

Discussion: Our data show that morphological changes in the hippocampus and thinning of white matter occur at a relatively early stage in APP23 mice, before the 

formation of microbleeds. Lower white matter FA in ageing APP23 mouse brains may be indicative for ongoing reduction of white matter integrity. Quantitative 

analysis of high-resolution MRI data may provide important further insights into the progression of factors that inform on the development of CAA and related 

pathologies such as AD. This could lead to identification of predictive imaging markers that may also be applied in clinical settings. 
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Figure 1. APP23 mouse brains show cortical microbleeds and altered hippocampal structure. The top two rows show axial anatomical images of APP23 mouse brains and WT mouse brains at 3, 7, 

15, 18 and 21 months of age, obtained with a bSSFP sequence. The bottom two rows show axial T2* maps of APP23 mouse brains and WT mouse brains at 3, 7, 15, 18 and 21 months of age. In both cases, 

less intensity in the hippocampal structures of the APP23 mouse brains compared to WT can be seen at all ages, suggestive of loss of pyramidal cell layers. From 15 months of age onwards, cortical 

microbleeds can be observed in the APP23 mouse brains. 

 

Figure 2. APP23 mouse brains show a progressive increase of cortical microbleeds, and an increasing higher total volume of microbleeds compared to WT mouse brains. Shown here are coronal 

mean T2* maps, overlaid by incidence maps of areas with significantly reduced T2* signal, of APP23 mouse brains and WT mouse brains at ages 6, 18 and 27 months. The red-yellow color map represents 

minimum-maximum incidence. The top two rows feature slices at the level of the frontal cortex, while the bottom two rows feature slices that include the caudate putamen. Compared to the WT mouse 

brains, the APP23 mouse brains show a progressive increase of cortical microbleeds with age, and an increasing higher total volume of microbleeds.   



 

SYNOPSIS: In order to quantify the hemodynamic contributions to the BOLD fMRI signal in humans, it is necessary to adopt a computational model that resembles 

the cortical vasculature and mimics hemodynamic changes triggered by neurovascular coupling. Moreover, simulation of the local magnetic disturbance induced by 

the geometry, hemodynamic changes, and the biophysical properties of the tissues can provide accurate insights on the physiological fingerprint of the BOLD fMRI 

signal. In this work, based on a realistic 3D computational approach of the human cortical vasculature, we simulate the biophysical effects produced by hemodynamic 

changes to compute a dynamic BOLD fMRI signal response. 

 

PURPOSE: Blood oxygenation level-dependent functional magnetic resonance imaging (BOLD fMRI) is a powerful noninvasive tool to study in-vivo brain function. 

However, the BOLD fMRI signal is only an indirect measurement of brain function that results from the hemodynamic fluctuations triggered by neurovascular 

coupling and the biophysical properties of the tissues1. In order to investigate the BOLD fMRI signal formation, computational modeling gives a comprehensive 

perspective on the relation between the brain’s vasculature and associated hemodynamics. Furthermore, computational approaches can provide fundamental insights 

on the complexity of the biophysical interactions at mesoscopic level2. Numerical simulations of the BOLD fMRI signal based on non-realistic representations of the 

vasculature3, such as spheres or cylinders, and on realistic 3D vascular models4,5, obtained from the parietal cortex of mice with two-photon microscopy, have so far 

only described some static properties of the BOLD signal dependent on specific parameters of blood and tissue in active/resting states. Here, using a realistic 3D 

computational model of the human vascular network, we have performed numerical simulations to investigate the effect of the biophysical interaction produced by 

realistic hemodynamic changes and the properties of the tissues and, therefore, the impact of these changes on the time-course of the BOLD fMRI signal. 

 

METHODS: We have developed an algorithm that produces a synthetic 3D vascular model (SVM) that statistically conforms to the properties of the human cortical 

vasculature6,7,8 (Figure1,left). Properties accounted in the network generation are vessel’s radius, vessel’s length, number of connections between vessels, and 

orientation with respect to the cortical surface. The SVM thus generates a vascular network where hemodynamic simulations can be performed9, and gives the 

possibility to study different hemodynamic conditions. Here, we assumed an arterial dilation that produces a differential change of blood pressure, blood flow and 

oxygenation level across the SVM network. In order to compute the local magnetic field distortion, each microvessel is mimicked as a straight finite cylinder. The 

local magnetic variation depends on vessel radius, orientation with respect to the main magnetic field and oxygen saturation computed from the SVM model. Then, 

for each differential hemodynamic response, it is possible to compute a differential local magnetic field variation. In addition, water molecules in thermal motion are 

simulated by a Monte Carlo approach (1 µm2/ms), which sense the local magnetic field variation. The BOLD fMRI signal is computed by a phase accumulation of a 

bulk of spins depicting diffusion sensing the local magnetic field. All spin dephases are integrated over the echo-time corresponding to the particular hemodynamic 

stage. Simulations were computed for 1E7 spins for gradient-echo (TE=27ms) and spin-echo (TE=48ms) at 7T with a time resolution of 500µs. 

 

RESULTS: In Figure 1, a representative SVM model is schemed. The three magnetic field maps represent the local magnetic field variation produced on the top, 

middle and bottom planes of the SVM model for an exemplary time point. It is possible to observe the magnetic distortions produced by the microvascular network 

in the middle plane (green colorscale). The top plane highlights the magnetic field distortion induced by the macrovascular compartment. Figure 2 shows the 

hemodynamic changes (blood pressure, blood flow and oxygen saturation level) that resulted from an arterial dilation on the SVM network. The main parameter that 

alters the local magnetic field is the oxygen saturation level of each vascular segment. Figure 3 shows the BOLD fMRI time-course computed for a gradient-echo and 

spin-echo pulse sequence. It is possible to observe qualitative differences on both the amplitude (~two times fold) and the width of the BOLD fMRI signal related to 

the global oxygen saturation change. 

  

DISCUSSION/CONCLUSION: We have simulated the evolution of the BOLD fMRI time course using a synthetic 3D model of the human cortical vasculature and 

a realistic hemodynamic response for an arterial dilation. Further, this model allows us to convert the oxygenation level changes into a spatial magnetic field variation. 

In addition, simulation of water diffusion sensing the differential local magnetic field gives insights to disentangle quantitative hemodynamic properties of the BOLD 

fMRI signal. Simulated BOLD signals show qualitative differences in the amplitude and width for a gradient-echo and spin-echo pulse sequence. This sort of 

simulation helps to understand the physiological fingerprint of the BOLD fMRI signal formation in humans. 
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Figure 1. Representative SVM used to compute the magnetic field maps and the BOLD signal (red: arteries, blue: veins, yellow: microvessels; the vascular 

architecture was adapted from the data acquired by [11]). Magnetic field maps are shown for three different locations inside the SVM model: top, middle and 

bottom planes parallel to the cortical surface. 

 

 

Figure 2. Hemodynamic response of the SVM network to a differential change in the arterial resistance (a). Four curves are plotted for different time stages of the 

arterial dilation: an increase in blood pressure (b), blood flow (c), and oxygenation saturation (d). The black arrow denotes a linear representation of the 

microvascular network between the artery and vein. 

 

 

Figure 3. Dynamic BOLD fMRI signal obtained for an arterial dilation (global oxygen saturation on the SVM model) for a gradient echo (TE=27ms) and a spin-

echo (TE = 45 ms) pulse sequence at 7T. 



 

Synopsis: Preeclampsia (PE) is a hypertensive disease that affects about 5-10% of the pregnancies. Women with a history of PE often report suffering from memory 

problems, attention-deficits, and show symptoms indicating a post-traumatic stress disorder. Here, the functional architecture of brain regions related to emotional 

and memory processing was investigated in a group of women having had normal pregnancies and a PE group by assessing functional connectivity at 7T. We found 

no significant differences in whole-brain connectivity between the two groups. However, within emotional and memory-related networks we found lower connectivity 

measures for the PE group.  

 

Purpose: Preeclampsia (PE) is the most occurring hypertensive disease during pregnancy and affects 5-10% of all pregnant women1,2. PE does not only have a direct 

association with fetal and maternal morbidity and mortality2, but it is also associated with a long term increased risk of developing cardiovascular- and cerebrovascular 

diseases3. About 25% of the women with a history of PE report impaired memory and attention-deficits and cognitive assessment measures show decrements in 

executive functions, such as processing speed, (working) memory and attention after PE; even years after the problematic pregnancy4,5. Moreover, women experience 

PE as very traumatic and the emotional symptoms and cognitive impairments after PE are similar to those related to a post-traumatic stress disorder (PTSD)4,5. Several 

brain imaging studies show that PTSD symptoms are associated with altered brain functioning6. It is unknown however, if these alterations are also present in PE. 

Hence, we investigate whether the functional organization of brain connectivity is also affected in a group of women with a history of PE compared to a group of 

women having had normal pregnancies. Specifically, we focus on functional connectivity, with the use of graph measures, within regions that have been associated 

with emotional and memory-related processing. 

 

Methods: 41 women with a history of PE (mean age (sd) 38±5.7 years) and 13 women who had normal pregnancies (control group: mean age (sd) 39±5.7 years) 

were scanned with a 7T MR system (Magnetom, Siemens Healthineers, Erlangen, Germany) and a 32-channel phased-array head coil. Whole-brain T1-weigthed 

images were obtained with a MP2RAGE sequence (0.7x0.7x0.7 mm3, TR/TE = 5000/2750 ms, TI1/TI2 = 900/2750 ms, α1/α2 = 5°/3°). Resting-state fMRI data were 

acquired with an EPI sequence (1.4x1.4x1.4 mm3, TR/TE = 2000/18.8 ms, 300 volumes and total duration = 10 min). All analyses were conducted using FSL, 

Freesurfer v6.0, MATLAB, SPM12, and the Brain Connectivity Toolbox. T1-weighted images were pre-processed as described by Haast and colleagues7 and (sub-) 

cortical segmentations were obtained using Freesurfer8. Pre-processing steps for the functional images included: brain extraction, motion correction, geometric 

distortion correction using phase-inverted EPIs, slice timing correction, temporal filtering (0.008 – 0.1 Hz), co-registration of functional and anatomical images and 

correction of BOLD signals for white matter and cerebrospinal fluid signals, and motion parameters. Whole-brain functional connectivity was calculated by computing 

the Pearson’s correlation between the pre-processed BOLD signals from regions across the entire brain. A group-averaged network (mean) for all the participants 

was calculated and thresholded with a sparsity of 0.80. This network served as a mask to define the whole-brain connectivity matrices for each participant such that 

similar networks were compared across all participants. To compare the global (whole-brain) functional networks between the groups, the following graph measures 

based on the full connectivity matrices were calculated for each group: node strength, path length, efficiency and clustering coefficient. Functional connectivity of 

emotional and memory-related networks specifically9, were based on the following regions-of-interest (ROIs): middle temporal cortex, prefrontal cortex, amygdala, 

hippocampus and parahippocampal gyrus (Figure 1). For each ROI within these networks the following local graph measures were defined per group: node strength, 

efficiency and clustering coefficient10. Statistical group comparisons of the global and local graph measures were performed using multivariate linear regression 

including a Bonferroni correction for multiple comparisons (SPSS), with age as covariate.  

 

Results: The results show no significant differences in global graph measures between patients with a history of PE and the group having had normal pregnancies 

(Table 1). However, the functional organization of emotional and memory-related networks are different between the two groups (F1,10 = 8.274 , P <0.001). Post-hoc 

analyses show that the amygdala and parahippocampal gyrus within these networks have lower efficiency’s and clustering coefficients for the PE group compared to 

the controls (amygdala > efficiency: mean (se) difference = 0.09 (0.03), t4 = 6.715, P = 0.01; clustering coefficient: mean (se) difference = 0.10 (0.04), t4 = 6.720, P 

= 0.01; parahippocampal gyrus > efficiency: mean (se) difference = 0.08 (0.03), t4 = 5.251, P = 0.02; clustering coefficient: mean (se) difference = 0.11 (0.03), t4 = 

5.252, P = 0.02; Table 2 & Figure 2).   

 

Discussion: The global functional networks of PE patients and healthy individuals did not show differences in connectivity; however group differences were found 

in the following emotional and memory-related brain regions: amygdala and parahippocampal gyrus. For both regions we found lower efficiency and clustering in 

functional connectivity within the networks of PE patients. The sample size for the healthy individuals was relatively small and we are currently including more 

participants for this group to increase our statistical power, hence the current results should be considered preliminary. Furthermore, we will validate our functional 

connectivity measures by correlating these with cognitive assessment and clinical PE-severity scores.  

 

Conclusion: This study shows that PE alters the functional architecture of brain regions that earlier have been associated with emotional- and memory-related 

disorders. Within these networks, women with a history of PE have lower connectivity measures for the amygdala and parahippocampal gyrus. In the future, it should 

be validated whether these differences in functional connectivity correlate with the cognitive and emotional distress that patients are experiencing in their daily lives.   
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Figure 1. A coronal (A), transversal (B) and sagittal (C) view of an example of the subject-specific segmented ROIs. The regions are shown on the anatomical template of the participant.  

 

 

Table 1. Global graph measures in the PE group and the control group. Values represent the mean ± standard error.  

  

 

Table 2. Local graph measures for each ROI for the PE and the control groups. Values represent the mean ± standard error. * Represent the ROIs that show significant group differences at Pcorr < 0.05 and 

the associated p-values are depicted in bold. 

 

 

Figure 2. Local graph measures for the ROIs that showed differences between the PE and the control groups. Values represent the mean ± standard error.  

 



 

Synopsis: In this study we explore the feasibility of using displacement fields to quantify whole muscle 3D strain patterns during submaximal voluntary contractions of the dorsiflexor muscles. Our results 

showed a consistent pattern, of large negative (shortening) and a large positive (lengthening) principal strains. Both the magnitude and pattern of strain agree with other studies performed during submaximal 

contractions which indicates the feasibility of this approach to quantify 3D strain. 

Introduction 
Neuromuscular diseases are characterized by a wide variety of pathophysiological changes in skeletal muscle, such as fat infiltration, inflammation and fibrosis as well as reduced muscle strength and 

function1,2 Our understanding of how these pathophysiological changes directly impair muscle function is incomplete. Spin Tagging and Phase Contrast (PC) imaging are most frequently used to quantify 
mechanical characteristics of skeletal muscle3,4. However, these techniques are usually performed in a single slice fashion and/or need repetition of movements to encode in multiple directions. As a result 

these techniques generally reflect only localized information of strain patterns during low force contractions. Consequently, there is need for fast and 3D mapping of strain during contractions with higher 

force levels. In this study we explore the feasibility of using displacement fields, estimated from 3D high resolution anatomical scans during rest and submaximal isometric contractions, to quantify whole 

muscle 3D strain patterns in the Tibialis Anterior (TA) muscle. 

Methods 
Seven healthy subjects (5 men; Age:25.1± 2.7yrs. Range: 23-31yrs.) participated in this study. All subjects underwent a familiarization session and a test session. During the familiarization session subjects 

performed three or more Maximum Voluntary Contractions (MVC) of the dorsiflexor muscles to determine their maximum force using a homebuilt isometric exercise device(ref). Then the subject practiced 
submaximal dorsiflexion contractions at 20% and 40% MVC. Isometric force was measured using a load cell and recorded with a custom LabVIEW program (National Instruments, Austin TX). On the 

testing day, subjects were placed in supine position with their right foot strapped in the exercise device in +10° plantarflexion position. MR Imaging was performed with a 3T MR system (Philips, Best, The 

Netherlands) using a 16-channel surface coil and 8-channel table top coils. The scan protocol consisted of three 3D high resolution mDixon scans (3D; 6 echoes; TR/TE/ΔTE 210/1.01/0.96ms; FOV 
192x192x308; slice thickness 3.5mm, 36 seconds), performed with the leg at rest, during 20% and 40% MVC isometric dorsiflexion contractions. After the scan at rest, the volunteers were instructed to match 

the target force, using real time visual force feedback and hold that position for the duration of the scan.  

Post-processing 
MR images were analysed using MATLAB (The Mathworks, Inc., Natick, MA). Registration of the water-only image obtained at rest to the images obtained during contraction was used to estimate the 

displacement field between MVC20% and MVC40% and the relaxed condition using 3D Demons5 (Figure 1). The 3D strain tensor was calculated based on the displacement field; diagonalized,  principal 
strains were computed as magnitude-sorted eigenvalues. The eigenvector was computed and used to calculate azimuth and elevation angles of the eigenvalues (Englund). Principal and linear strain values 

were computed for the deep and superficial compartment of the TA muscle, using manually drawn Regions-of-Interest. Additionally, these segmentations were divided into distal, middle and proximal 

segments, based on equal number of slices per segment. The force data acquired during each contraction were filtered with a 4 th-order, low-pass butterworth filter (cut-off frequency = 5.5 Hz) to remove the 
interfering signal from the scanner, after which the relative contraction intensity was calculated for the full duration of the contraction. Differences in strain between MVC conditions were assessed with a 

Mann-Whitney-U-test. Differences in strain between the different muscle segments (distal, middle, proximal) were assessed with a Friedman-test.  

Results 
The mean MVC force was 265.2±130N. The relative contraction intensity during 40% MVC condition was 35.7±0.6% and during the 20% MVC condition was 19.3±2.6 %. Linear strain values for deep and 

superficial compartment during both MVC conditions are shown in Figure 3. For the principal strains we found a large-magnitude negative value (En), a large-magnitude positive value (Ep) and an almost 

zero value in both compartments during both MVC conditions. (Figure 3) Principal and linear strains did not differ between the two MVC conditions. Higher Ep were found in the superficial compartment 
compared to the deep compartment of the TA muscle during both MVC conditions (20% Ep: p<0.001 40%; Ep: p<0.0001)(Figure 4) Comparison between the muscle segments showed higher Ep in the 

proximal segment of both compartments and higher En in the distal segment of the deep compartment during the MVC40% condition(Figure 5).  

Discussion 

In this study we explored the feasibility of quantifying 3D strain values using displacement fields. Our results showed a consistent pattern, of large negative (shortening) and a large positive  (lengthening) 

principal strains. Both the magnitude and pattern of strain pattern agree with other studies performed during submaximal contractions6,7. The variability in strain between muscle compartments and between 
muscle segments suggests complex and heterogenous strain patterns which agree with previous work in healthy skeletal muscle during in-vivo voluntary submaximal contractions7-10.This heterogeneity in 

strain within the muscle can be caused by architectural differences between compartments and segments, differences in motor-unit activation and neural control 11-12.Interestingly, we did not find differences 

in strain between the MVC conditions, which could be due the large variability between subjects or only small deformations beween the 20% and 40%MVC.  

Conclusion 

We show the feasibility of quantifying 3D whole muscle strain calculated from displacement fields during submaximal voluntary isometric contractions.  
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Figure 3. Average linear (first row) and principal strains (second row) during the 20% 
(white) and 40% (grey) MVC condition in the superficial (first column) and deep 

(second column) compartments of the Tibialis Anterior (TA) muscle. Error bars indicate 

the Standard error of the Mean (SEM). Significant differences are indicated with an 

asterisk (*) 

Figure 1. Representative axial water-only images in rest during 20%MVC and 40%MVC Conditions. Second 
row shows an fusion image of the unregistered relaxed and contraction images. The green and purple 

indicated the differences between the two images. Third row shows a fusion image of the registered relaxed 

and contraction images. Note the absence of purple and green in the registered fusion image, indicating 

excellent registration.  

 

Figure 2. Filtered force data and axial positive and 

negative strain maps for a representative subject during 

40%MVC condition. The dotted blue line in the force 
graph depicts the target force, the orange line depicts the 

muscle force signal and the grey signal is the interference 

of the MR signal. Principal strain is presented in 
percentage(%) for both the deep and the superficial 

compartment of the Tibialis Anterior muscle. 

Figure 5. Negative and positive 
principal strains for the distal, 

middle and proximal segment of the 

superficial (top row) and deep 
(bottom row) compartment of the 

TA muscle during 20% and 40% 

MVC conditions. Error bars indicate 
the Standard error of the Mean 

(SEM). Statistical significance is 

indicated with an asterisk (*). 

Figure 4. Principal strains for the 
deep and superficial compartment of 

the TA muscle during 20% and 40% 

MVC conditions. The negative 
principal strain was larger in the 

superficial compartment. The third 

principal strain did not differ 

between compartments. Error bars 

indicate the Standard error of the 

Mean (SEM). Statistical significance 

is indicated with an asterisk(*). 



 

Synopsis: Functional magnetic resonance spectroscopy can non-invasively measure changes in local concentrations of neurometabolites and has been used to 

demonstrate changes in lactate and glutamate levels in response to visual stimulation. Whether the neurometabolite response scales with the level of neuronal 

stimulation like the BOLD response, has not been extensively investigated. We here show that lactate, but not glutamate levels, change dependent on visual contrast 

levels (baseline, 10%, 100% contrast). Although we also demonstrate a significant contrast dependence in the BOLD response, we do not find a significant 

association between the lactate response and the BOLD response. 

 

Introduction 
Functional magnetic resonance spectroscopy (fMRS) is a method for non-invasively measuring the local concentration of metabolites in the human brain during 

functional paradigms. For example, neuronal lactate and glutamate levels in human cortex have been shown to increase in response to visual stimulation (1–3). 

However, whether the neurometabolite response scales with the intensity of visual stimulation and how this relates to the hemodynamic response has not been 

extensively investigated (4). To better understand this relationship, we measured the metabolite response to different contrast levels of a visual checkerboard 

stimulus during an interleaved fMRS and fMRI acquisition. We hypothesized a dependence of lactate and glutamate levels on the visual contrast for both the fMRS 

and functional magnetic resonance imaging (fMRI) data. 

 

Methods  

Eight healthy subjects were scanned on a 7T MR system (Achieva, Philips, Best, the Netherlands) with a dual-channel transmit coil and a 32-channel receive coil 

(Nova Medical, Wilmington, USA). Data were collected in accordance with the guidelines of the local ethics review board. Figure 1 shows the stimulation 

paradigm. The stimulus consisted of a full-field radial checkerboard flickering at 8Hz. The task consisted of two 4-minute stimulation blocks (STIM) at two 

different black/white contrasts: 10% and 100%. To prevent neural habituation in V1 to the prolonged stimulus (ref), each STIM block was subdivided into five sub-

blocks of 30s ON and a 20s OFF. During the REST and OFF period a grey screen was presented (with a central white fixation point). fMRS data were acquired 

using a sLASER sequence with FOCI refocusing pulses (5) and VAPOR water suppression (TR/TE=3600/36ms; band-width=3kHz; 1024 data-points; voxel-

size=14x31x14mm). fMRI data were acquired using a 3D-EPI sequence (TR/TE/FA=1400/30ms/10˚; voxel-size=1.875x1.875x1.875mm, matrix 

size=128x128x68). fMRS and fMRI were interleaved (6) with a combined dynamic scan time of 5s with a total of 226 dynamics (for spectroscopy, 2 unsuppressed 

water spectra and 224 water-suppressed metabolite spectra). We used dynamically alternating linear shims and a shared set of static second order terms (7). The 

voxel was placed in the primary visual cortex (V1), based on a short checkerboard localizer and identification of the calcarine sulcus on the T1-weighted image. The 

spectra were corrected for eddy currents as well as frequency and phase drifts. Subsequently, the second half of the STIM periods were summed and compared to 

second half of each REST period (2). The summed spectra per condition were quantified with LCmodel (8) utilizing a basis set of 19 simulated metabolites and a 

measured macromolecular baseline. The fMRI data were motion corrected, spatially smoothed (5mm kernel), high pass filtered (0.002Hz), registered to the 

anatomical MRI and fed into a first-level analysis using FSL Feat (9). Time courses and %BOLD signal change were extracted from the MRS voxel location 

(transformed into MNI space) and a z-map of the 100%>10% contrast was calculated in a second-level analysis. One-way analysis of variance (ANOVA) was used 

to compare differences between REST, 10% and 100% stimulation, and Pearson’s correlations were used to compare the fMRS and fMRI responses. 

  

Results 

The 100% contrast checkerboard induced a significantly larger hemodynamic response than the 10% contrast (Figure A-C, p<0.001), with both contrast levels 

showing significant widespread activation in visual cortex compared to baseline. For the fMRS, one subject was removed from the analyses due to poor quality 

spectra. Lactate levels significantly differed between the REST, 10% and 100% contrast (F(2,6)=6.2, p=0.01; post-hoc tests: 100%-vs-REST p=0.01, 10%-vs-REST 

p=0.18, 100%-vs-10% p=0.08) and followed a linear trend (p=0.004). Glutamate levels did not significantly differ between the three conditions (F(2,6)=3.5, 

p=0.09). SNR was significantly different between the REST (NSA=64) and the STIM (NSA=24) blocks (p<0.01), but SNR was not associated with lactate or 

glutamate levels. Linewidth obtained for all conditions with  linear predication singular value decomposition (LPSVD) did not differ between the three conditions 

(p>0.05), therefore no line broadening was applied. No correlation between the change in BOLD and the change in lactate (r=0.17; p=0.56) or glutamate (r=0.06; 

p=0.82) were found.  

 

Discussion & Conclusion 

We here demonstrate that, similarly to the BOLD response, changes in lactate are dependent on visual contrast level. Although one of the strengths of this study is 

the interleaved measurement of fMRS and fMRI, we did not find a significant correlation between them. This might be a consequence of the small sample size. 

Surprisingly, and opposed to a recent study investigating the effects of visual contrast on glutamate levels using MRS, we did not find evidence for a strong 

dependence of glutamate on contrast level (4). We averaged our MRS data over longer acquisition blocks (4 min) compared to the stimulus blocks in the previous 

study (1 min). Therefore, our future analyses will examine at what timescale these neurometabolite changes take place and whether we find evidence for 

fluctuations in our sub-minute alternations in ON and OFF during the STIM blocks. This might also shed more light on the origin of lactate and glutamate 

fluctuations, as it is still debated whether extrasynaptic changes in glutamate can be visualized.  
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Figure 2. fMRI results. A) The z-map of the 

100%>10% contrast (red/yellow) and a representative 

voxel (green) are overlaid on the MNI template. B) The 
mean BOLD signal of each individual’s MRS voxel 

was extracted and normalized to the mean of the first 

REST period. This graph shows the mean normalized 
timecourse across all subjects. The grey blocks denote 

the ON and OFF periods during the STIM blocks. C) 

Mean±SEM % BOLD signal change within the MRS 
voxel for the 10% and 100% visual contrast, which 

differed significantly from each other *p<0.05. 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Figure 1. fMRS/fMRI design. During this task participants were presented with 2 4-minute 

stimulus (STIM) blocks of flashing checkerboards, at 10% and 100% visual contrast 

respectively. STIM blocks were interleaved with REST blocks, in which a fixation dot was 
presented on a grey background. Each STIM block consisted of alternating 30s ON and 20s 

OFF periods. The first and last REST blocks were 2 minutes and the intermediate REST block 

lasted 6 minutes. Each dynamic scan of 5s consisted of a sLASER MRS sequence followed by 

a 3D-EPI BOLD sequence. NSA=number of signal averages per block. 

 

Figure 3. Representative spectrum A) Representative spectra of one 

participant, averaged for the 10% and 100% STIM and REST blocks, with 

the voxel overlaid on the anatomical scan inserted.  

 

Figure 4. fMRS results. Mean neurometabolite levels in institutional units (i.u.) are displayed of the mean for lactate, glutamate and 

creatine+phosphocreatine (Cr+PCr). In addition, the association between the group lactate change is plotted against the group %BOLD signal 

change. Error bars represent ±SEM. 

 



 

Synopsis: Monitoring protocol and sequence changes is of key importance for efficiently running a clinical imaging department. Since an MRI protocol 

contains hundreds of parameters, it is almost impossible to manage protocols from the scanner console, especially in a clinical situation where console time 

for the MR physicist is very limited. We present a python-based platform that performs all these duties and show 4 potential use cases: 1) compare 

parameters from sequences that share the same name 2) same purpose, different name 3) differences in naming of Regions/Exams/Programs 4) real-life 

example of decluttering a pediatric neuro protocol. 

Introduction 

Improving workflow and standardizing care are important factors in a clinical environment. Ideally, clinical MR protocols should be standardized over multiple 

scanners to provide the same diagnostic quality images. In real-life, a MR protocol tree is a dynamic thing; protocols are added, modified or discarded regularly, 

which may result in inconsistent protocols and decreasing quality. Monitoring these changes is of key importance for efficiently running a clinical imaging department. 

Since an MRI protocol contains hundreds of parameters, it is almost impossible to manage protocols from the scanner console, especially in a clinical situation where 

console time for the MR physicist is very limited. Although a number of vendors provide commercial solutions[1,2], these do not show all the parameters in a simple 

text view or lack the option of basic version control and diff operations. It is often needed to revert to an older version of a protocol, to see if a protocol has changed, 

or to check protocols from two different scanners. We present a Python-based platform that performs all these duties and show 4 potential use cases. 

Methods 

On Siemens systems, protocols are organized in a protocol tree, then in Regions, Exams, and Programs. A Program contains all the sequences. Any of these can be 

printed to a xml file. We have developed Python scripts that parse these xml files, using the Python function "etree" from "lxml", and creates a dictionary of sequences 

including a unique sequence ID and a full set of parameters. It can compare sequences within one scanner, compare xml files from two scanners or find the differences 

between two xml files, i.e. before and after modification of a scan protocol, using Python's "xmldiff". One line per sequence that contains all parameters is written to 

a Python Pandas dataframe and csv text file for further analysis. It also creates easy to read Excel files which can be used by the MR physicist or radiographer to 

modify parameters at the scanner console. The initial xml print from the scanner is monitored for changes with git. 

Results 

Figure 1 shows the scale of the problem. In this example from one clinical system, the xml file contained 120.4Mb of text data. There are 3870 sequences divided 

over 16 Regions. Per sequence, a maximum of 900 parameters are available. 

Use case 1 In this example we have compared the parameters of the sequences that have the same name. 65 duplicate sequences were found. In one example sequence, 

a coronal T2* TSE from the Head/Neck exam, there was a mismatch of 72 parameters, see figure 2. 

Use case 2 In this example we looked for sequences that have the same purpose, but differ in name. The CSV output of the Python script was loaded into Tad v0.9.0 

(https://www.tadviewer.com/) for easy display and filtering of the data. We can identify that there are multiple sequences for DWI or DTI of the brain (see figure 3), 

but that the resolution for these sequences is different. This may be on purpose, but has to be checked with radiologists and fixed on the scanner console (see case 4). 

Use case 3 In this case we have explored what the differences in Region, Exam, and Program names are at three different scanners. The Venn diagram in figure 4 

shows that there is a considerable difference in both the total number of Regions, Exams, and Programs, and that there is very small overlap between all three systems. 

This means that there is no uniform naming convention between the three systems, which should be addressed. 

Use case 4 Here we provide a real-life example for a pediatric neuro exam. All sequences within a Program should have a unique name, such that the combination of 

Region, Program and sequence is unique. As a first step we have standardized sequence naming, following the convention <contrast>_<sequence 

type>_<orientation>_<dimension>_<optional: intended use>. Using this convention we can establish unique sequence names, i.e. t2fs_qtse_tra_3mm_0-2y which 

stands for a quiet axial t2 fatsat with a slice thickness of 3mm, for use in pediatric patients < 2y of age. After this step, MR_compare_sequences.py was executed. 

Out of 84 sequences in the neuro Program, 35 were duplicates and 7 duplicate sequences contained different parameters that needed to be adjusted on the scanner 

console (see figure 4). This whole process can be done by a MR technologist or physicist in a few hours. 

Discussion and conclusion 

Using the developed tools, an efficient workflow is created to manage protocol trees, which saves valuable console time at the scanner. We have demonstrated that 

the tools can pinpoint differences in sequence parameters and present them in a readable format. These tools can also be used for standardization in multi-center 

studies to check if sequence parameters have changed after sequence import.Release versions of the Python scripts will be made available through 

www.github.com/GIfMI 
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Figure 1. Amount of sequences per Region on a single cl inical scanner. There are 

3870 unique sequences on the scanner, 2613 for clinical use.

Figure 2: Example Excel output of the developed script. It shows in one view the  

differences in parameters between two sequences that share the same name, and 

thus should be exact duplicates. The output can be used to decide which parameters 

need to be changed on the scanner console, or which sequence should be removed.

Figure 3: Example of sequences with the same purpose (DWI of the brain), but do not 

share the same name or voxel size. Based on such a summary it can easily be decided 

which sequence to keep and which ones to rename.

Figure 4: Venn diagrams showing the overlap in naming of Regions, 

Exams and Programs between 3 cl inical systems. It turns out that there 

is very little consistency in naming between the three systems. 

This should be addressed by devising a consistent naming scheme 

that is supported by both radiologists and the MR technologists.

Figure 5: Example of incorrect naming of seque nces: by examining the parameters, it was found 

that the the second sequence was named "starvibe" but uses a Cartesian trajectory.



 

Synopsis: Iron levels are affected in several neurodegenerative diseases and are often associated with disease progression or state. A useful indicator of iron 

homeostasis is ferritin-iron, which is quite difficult to differentially detect with MRI. Here we applied an off-resonance saturation method to quantify the 

ferritin-iron fraction in post-mortem tissue of patients with neurodegenerative diseases characterized by iron accumulation. The performance of the method 

is compared with R2* and QSM maps, which are routinely used to infer the total tissue iron concentration.  

Introduction: 

Brain iron accumulation is a common feature across many neurodegenerative diseases. However, the affected molecular iron form may vary per brain region and 

disease. Among the different forms in the brain, ferritin-iron is used as an indicator of iron homeostasis, and comprises almost 70% of the total iron. Given its 

superparamagnetic properties, ferritin-iron is a major contributor to R2* and quantitative susceptibility mapping (QSM) 1,2 techniques. These parameters correlate 

with total tissue iron, but suffer from confounding susceptibility effects, especially from myelin. 

Here, an off-resonance saturation (ORS) approach3 was employed to quantify the ferritin-iron increase in post-mortem tissue of patients affected by neurological 

diseases associated with brain iron increase. We assessed the ORS method against R2* and QSM maps in three different diseases, and in one case compared with 

histopathology. 

Methods:  

Three formalin-fixed tissue blocks obtained from patients with Huntington’s Disease (HD), Alzheimer’s disease (AD) and Aceruloplasminemia (ACP) were obtained 

from the Pathology department of the LUMC, the Netherlands Brain Bank, and the Erasmus Medical Centre, respectively. For each case, a disease-relevant area was 

chosen: basal ganglia for HD4 and ACP5, and temporal cortex for AD6. The tissue blocks were rehydrated in PBS for 24h, and scanned in a proton-free solution 

(Fomblin LC08, Solvay).  

MRI data were acquired on a 7T preclinical scanner (Bruker Biospin, Ettlingen, Germany) with a 3D multiple gradient echo sequence. The scan parameters were: 

resolution = 150 μm3 (isotropic); flip angle 25 degrees; 20 signal averages; TR=107 ms; and 8 echoes with TE1=5.2ms and ΔTE=4.3 ms; total scan duration was 

7:30h.  

Magnitude images were fitted with a single exponential decay to derive the transverse relaxation rate R2*; phase images were used to reconstruct the QSM maps 

(STI-Suite toolbox (v2))7,8. Absolute susceptibility values are reported here. 

ORS images were acquired with a 2D SSFP readout consisting of TE/TR=3/6ms; flip angle 10 degrees; resolution = 0.15x0.15x2 mm3. The saturation module 

consisted of multiple saturation sech-pulses, followed by a spoiler gradient. ORS images were acquired with different off-resonance saturation frequencies, in the 

250-700Hz range. Total scan duration was 6:30 h. 

Contrast maps were obtained by subtracting the mean intensity in a reference region chosen in the white matter from the ORS image. Contrast data were fitted to the 

analytical model adjusted from9 to obtain the ferritin iron concentrations, where the equatorial field was fixed to 0.7mT10. An offset was added to compensate for 

residual Magnetization Transfer effects. The HD case was also used for iron immunohistochemistry: modified Meguro staining for iron11, PLP staining for myelin 

and ferritin staining. 

Results:  

The results of the HD case are shown in Fig.1. R2*-values are mostly elevated in the putamen (P), some connecting fibers of the internal capsule (IC), and within a 

thin stripe of the atrophied caudate nucleus (CN). The susceptibility map looks heterogeneous, but with an overall positive susceptibility in P and CN, indicating a 

paramagnetic component. IC shows a characteristic striped appearance of alternating positive and negative susceptibility. The ferritin-iron increase is localized in P, 

CN, and part of the white matter. The histological staining is shown for comparison in Fig.2. We note that the ferritin-iron map reflects the histological staining for 

iron and ferritin (protein), while it does not reflect the myelinated tissue. We are currently performing histological staining on the other two cases to determine the 

degree of colocalization of iron and ferritin with the ferritin-iron map. 

The results of the AD case are shown in Fig.3. R2* values are elevated mainly in the middle cortical layers and in the white matter, due to the abundant presence of 

myelin fibers. The QSM map shows positive susceptibility predominately in the central cortical layers.  

Finally, the ACP case shows a striking increase of R2* values in P and CN. The QSM map is highly heterogeneous in both structures, while it is relatively even in the 

white matter (Fig.4). The ferritin-iron map shows the accumulation of ferritin-iron in some foci in the gray matter, and partially in some white matter regions. 

Discussion: 

The quantitative values of the ferritin-iron maps are in agreement with literature for the total iron-fraction in the tissue5,12,13. The ferritin-iron contrast seems to 

predominantly reflect QSM changes: however, in contrast to the latter, ferritin-iron maps are directly quantitative, without the need of further data rescaling; they are 

unaffected by myelin content; and they seem especially advantageous where paramagnetic and diamagnetic substances colocalize at a pixel-level, which makes QSM 

data interpretation difficult. It should be noted that the ORS method requires the (informed) choice of a reference region for the contrast calculation which should 

have iron levels as close to zero as possible. Calculated relaxation maps show elevated R2* values where either iron, myelin, or perivascular spaces are present. 

Conclusion:  

We showed that the ORS method has potential in reporting on the ferritin-iron concentration relative to a reference region. The method is not affected by the myelin 

component, and is complementary to the QSM maps. Future work will focus on histology of the other cases, and correcting for B1 inhomogeneities and noise-

sensitivity which will significantly reduce the acquisition time. 
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Figure 1 Different quantitative maps for the HD post-mortem case. The magnitude image is shown for anatomical reference. The white dashed rectangle is the reference for the ferritin-

iron mapping. The arrows point to similarities in the contrast of the different maps. 

 

 

Figure 2 Comparison between the ferritin-iron map and the histopathology on the HD case. The tissue slices used for the histopathology are taken from the same block. From the left: 

ferritin (protein), iron, and myelin staining. While myelin and iron distributions are complementary, areas of iron and ferritin overlap. The near-absence of iron staining in the white 

matter supports choosing the particular reference region for the ferritin-iron mapping.  

 

 

Figure 3 Quantitative maps on the AD post-mortem case. The magnitude image is shown for anatomical reference. The white dashed rectangle is the reference for the ferritin-iron 

mapping. The arrows point to similarities in the contrast of the different maps. The QSM map for this case is able to differentiate  the mainly-paramagnetic and mainly-diamagnetic 

tissue types with high accuracy. 

 

Figure 4 Different quantitative maps of the ACP post-mortem case. Annotations are as in previous figures.  



 

Synopsis: MR-hyperthermia hybrid systems are an ideal technological platform to monitor non-invasively the temperature and achieve dose-optimization in real-

time. Proton resonant frequency (PRF) shift is the most frequently used method for MR-thermometry. This method is sensitive to patient motion which poses issues 

that affect the MR-thermometry accuracy. In this pilot study, the agreement between MR reproducibility in volunteers and patients before and during hyperthermia 

treatment was carried. Temperature error maps were acquired by subtracting two repeat PRF scans, which were evaluated for baseline and during treatment. We 

found an overall prediction of MR-thermometry reproducibility in patients when using non-heating volunteer studies. 

 

Introduction: The increasing number of MR-hyperthermia hybrid systems1 reflects the growing interest to apply hyperthermia as a MR-guided treatment. During 

hyperthermia treatments, tissue temperature is locally elevated to 40-44 ℃  for 60-90 minutes with the objective to sensitize tumour cells for chemo- and/or 

radiotherapy with the ultimate goal to enhance clinical outcome2–4. Recently, our group showed a significant relation between the measured thermal dose and clinical 

outcome5, illustrating the clinical relevance to careful temperature monitoring and the need to optimize thermal dose. The combination of a magnetic resonance (MR)-

compatible applicator within an MR-system to monitor non-invasively the temperature change provides an ideal technological platform to achieve dose-optimization 

in real-time. Proton resonant frequency (PRF) shift is currently the most frequently used method for MR-thermometry6, and the dual-echo variant is usually used in 

long duration hyperthermia since it mitigates the impact of changes in the electric conductivity of tissue7,8 . Since the PRF shift method measures temperature changes 

using differential phase maps, it is sensitive to patient motion, e.g. bowel movements, traveling air bubbles, as well as scanner induced B0 drift. These confounders 

pose serious issues affecting accuracy. To enhance progress, novel MR thermometry approaches are often studied using non-heating experiments in volunteers, in 

which no temperature change is expected and deviations from 0 are allocated to confounding error sources like motion artefacts. By doing so, MR thermometry 

reproducibility can be studied in vivo without the need of patient studies. To establish the validity of this approach, we performed a pilot study into the agreement 

between MR reproducibility in volunteers and in patients before and during the hyperthermia treatment. 

 

Methods: A specific clinical MR protocol was developed and implemented in which always two PRF scans where performed directly after each other, i.e. both for 

the baseline scan and for the scans during treatment (taken every 15 minutes) that combined are input to calculate the PRF shift. The subtraction of the two repeat 

PRF scans led to 2D images of the error (“temperature error maps”). Three anonymized patient data was included (in total 18 temperature error maps) and the baseline 

procedure was performed twice in a similar fashion for 3 volunteers (in total 6 temperature error maps). Patients and volunteers were placed inside the BSD-2000-

3D-MR (Pyrexar Medical Corp., Salt Lake City, UT, USA) that was in turn placed into a 450w 1.5T MR scanner (GE Medical systems, Milwaukee, Wisconsin). The 

clinically-standard dual-echo gradient-echo (GRE) sequence was applied (TE=4.8ms and 19.1ms, TR = 620ms, Acquisition matrix = 128x128, flip angle = 40°, 

FoV=50x50cm2) taking 83 seconds for 1 scan covering 25 cm. A high resolution scan was used in post processing to delineate the fat-like references inside the 

applicator, which are used to compensate for B0 drift during measurements. Covariance thresholding was applied to mask the areas with a low signal-to-noise (Figure 

1B). The temperature error maps were evaluated for baseline (“volunteer baseline”, “patient baseline”) and during treatment (“patient treatment”). 

 

Results: Figure 1 presents the temperature error maps, from a volunteer, on top of the absolute value distribution from the PRF scan (Figure 1A), the covariance 

mask applied combined with the body contour mask (Figure 1B) and the final temperature error maps (Figure 1C) that form the input for the quantitative evaluation. 

When analysing all distributions, we found that the temperature error was by far the lowest in the dorsal region9, which is allocated to their stable position and the 

distance to moving organs and air.  

Figure 2 shows boxplot and histogram representations of all pixels of the masked temperature error maps for the three scenarios. The median of all the distributions 

is approximately zero, indicating that all measurements were taken in steady state. 

The standard deviation of the differences (σ) and mean temperature difference (µ) for all subjects and measurements combined (before / after covariance mask) were:  

- volunteers baseline:  "σ"  = 4.4ᵒC / 2.7ᵒC and µ = -0.3ᵒC / -0.2ᵒC;  

- patients baseline:  "σ"  = 4.5ᵒC / 2.4ᵒC and µ = +0.4ᵒC / +0.2ᵒC;  

- patients treatment:  "σ"  = 4.3ᵒC / 3.4ᵒC and µ = -0.1ᵒC / -0.2ᵒC 

 

Conclusions: In this study, we found an overall reasonable predictive value of the MR-thermometry reproducibility in patients when using non-heating volunteer 

studies. This study also indicates that the standard deviation of temperature variation after masking is substantial, but that regions can be discriminated where the 

errors are clinically acceptable. These results, and their statistical significance, highly warrant confirmation in a more comprehensive study involving more volunteers 

and patients. 
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Figure 1: (A) un-masked temperature error map on top of the intensity image of the PRF scan; (B) covariance mask; (C) masked temperature error map on 

top of the PRF scan intensity distribution. 

Figure 2: Boxplot and histogram of all the pixels of the masked temperature error maps after for the three scenarios. The x-axis represents the temperature 

variation (ᵒC) and the y-axis is the density probability. 



 

Introduction 

Magnetic Resonance Thermometry (MRT) is a powerful tool to map temperature non-invasively. It is used for temperature monitoring during thermal 

therapies like laser-induced interstitial thermotherapy (LITT), High Intensity Focused Ultrasound (HIFU) treatments, or radiofrequency (RF) ablation1. 

The temperature-dependence of the Proton Resonance Frequency Shift (PRFS) of hydrogen nuclei in water molecules has already shown its potential 

for MRT in aqueous tissues2. However, temperature measurements in fat are also desired for some applications, like HIFU ablation of bone metastases 

or breast tumors: in these cases, metastases can be close to subcutaneous fat or fat in the bone marrow and breast tumors are often embedded in fat. In 

fat PRFS fails, but a promising approach is T1-based thermometry3. T1 mapping is often performed using the Variable Flip Angle (VFA) method, 

which employs two 3D RF-spoiled gradient echo (SPGR) scans acquired at different flip angles (FA) 4. This method is too slow for monitoring of 

thermal therapies, but it can be sped up by switching to 2D mode5,6 In 2D, a correction for the nonuniform slice excitation is needed7,8. Since anatomical 

regions can contain both water and fat, fat MRT should be combined with water MRT. Here we propose an interleaved method with PRFS-based MRT 

for aqueous tissues and 2D simulation corrected VFA for fat MRT8. The technique was implemented and tested in phantom experiments with laser 

heating.  

Methods 

A 2D PRFS sequence was interleaved9 with two dynamics of a 2D VFA sequence with different flip angles. The PRFS sequence was a spoiled gradient 

echo (SPGR) sequence with a multishot EPI read-out, whereas the VFA sequence was a SPGR sequence with dual flip angles (the most important 

parameter settings are shown in table 1). Phase maps of the PRFS scan were used to calculate temperature maps in water and the magnitude images of 

the VFA sequence were used to calculate T1 maps in fat. To correct the 2D VFA T1 maps for the slice profile effect a lookup table of T1 values was 

generated for all flip angle combinations through Bloch simulation of the magnetization behavior, as described before8. Temperature maps in fat were 

derived from T1 maps, exploiting the known temperature dependence of the T1 of fat3 (Figure 1). PRFS temperature maps were corrected for B0 drift 

using the phase evolution in a non-heated region in water from the PRFS scans.  

All scans were performed on a clinical 1.5-T scanner (Philips Achieva, Best, The Netherlands), with heating induced using a fiberoptic LITT device 

(specifications: 1064 nm Nd:YAG laser (TT Yag-80; Trumpf Medizine Systeme, Umkirch, Germany) connected to a MICROFLEXX 30 LITT fiber. 

The phantom consisted of a 3-cm thick slice of pork back fat and a layer of a mixture of 2% agar gel, doped with 0.20 g/l CuSO4 to ensure proper laser 

light absorbance; the LITT fiber was positioned at the interface of the fat and the agar gel.  The phantom with the LITT fiber was placed inside an 8-

channel head coil (Figure 2). MR thermometry was performed during the whole experiment, which consisted of three parts: 120s before heating, 180s 

of LITT heating at 12W, and a cool-down period of 960 s.  

Temperature change maps were computed every time block of 6.2 s (duration of 2 VFA scans and 1 PRFS scans). T maps were constructed by 

overlaying the temperature maps from the agar-only and fat-only regions. For this purpose, water and fat masks were created by thresholding of signal 

intensities in a T1-weighted VFA scan.  

Results  

Heating of both the gel and the fat could be monitored (Figure 3). Figure 4 shows the average temperature increase over time for 2 ROIs of 4 voxels 

placed in proximity of but not including the fiber tip, both in agar and fat (see Figure 3a for ROI locations).  

Discussions and conclusions  

We have shown that interleaved 2D water-fat MR thermometry is feasible with VFA T1 and PRFS scans. The fat slice shows a minor increment in 

temperature with respect to the agar gel: this might be due to the fact that the absorption of light was higher in the gel, doped with copper(II) sulfate, 

than in fat. Moreover, it was observed that the temperature in fat at the end of the experiment deviates from the baseline. This might reflect irreversible 

changes in T1 of fat caused by heating.   

Although we have used laser heating in this study, the proposed approach can be used with other heating modalities, like MR-guided HIFU. The 

temporal resolution of the VFA method (0.75 s per dynamic) was compromised by the addition of dummy scans, necessary to ensure steady state 

signal for the VFA scans. Future works could concentrate on ways to accelerate the method, either applying parallel imaging or manipulating the 

magnetization in order to reach the steady state faster. Furthermore, partial volume effects have not been considered yet: a possible implementation 

could be to set a threshold of percentage volume of water or fat on the mixed voxels, to discriminate between the use of PRFS or VFA method.  
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Table 1 

  

 

Sequence 2D VFA PRFS 

Type SPGR SPGR -with EPI 

readout  (EPI factor 

11) 

TR 10 ms 37 ms 

TE 4.6 ms 19 ms 

FA 6°- 40° 12° 

Water fat shift 1.6 pixels 5.5 pixels 

Dynamic scan time 2.2 s 1.7 s 

Dummy scans 150 

FOV 160 x 160 mm2 

Voxel size 2 x 2 x 7 mm3 

Figure 2 

Experimental set-up: an agar-fat phantom with the LITT fiber was placed inside an 8-channel head 

coil. The imaging slice was chosen to match the LITT fiber location. 

 

Figure 3 

(left) Magnitude image of the phantom set-up showing the two ROIs close to the LITT fiber location, both in gel and in fat. 

(right)One combined temperature map at t= 302 s.; showing temperature in water and in fat. A spatial gap between agar and fat 

can be identified from the map, since mixed water-fat voxels were excluded. 

 

Figure 1 

Imaging protocol: VFA scans were interleaved with PRFS scans. The VFA sequence consists of 2 SPGR scan at 2 flip angles; 

temperature maps were estimated from 2D VFA T1 maps and from PRFS phase images. 

Figure 4 

Relative temperature versus time: measured in ROIs of 4 voxels in agar (red) and in 

fat (orange) (see Figure 3 for ROI positions). T maps are computed every 6.2 s. 



 

Synopsis: Multisequence carotid MRI is commonly used to quantify plaque composition, but it has some disadvantages, i.e. long scan time and image mis-

registration errors. Multi-contrast Atherosclerosis Characterization (MATCH) was developed to overcome these limitations. Eighteen patients with ≥2 mm carotid 

plaques underwent carotid multisequence and MATCH MRI. For the artery-based component detection, excellent agreement between MATCH and multisequence 

MRI was obtained for identification of LRNC, substantial for IPH and slight agreement for calcifications. No significant differences were shown in measurements 

of volume of LRNC, IPH, calcifications, percentage wall volume and normalized wall index. 

 

Introduction: Carotid plaques with a large lipid-rich necrotic core, intraplaque haemorrhage and a thin fibrous cap are associated with an increased stroke risk.1 

Multisequence magnetic resonance imaging (MRI) is commonly used for characterization of carotid atherosclerotic composition2, but it has some limitations,  

including long scan time and image mis-registration errors. Multi-contrast Atherosclerosis Characterization (MATCH) was developed to overcome these 

limitations.3 

 

Purpose: To compare MATCH with multisequence MRI for the characterization and quantification of carotid plaque components.  

 

Methods: Eighteen symptomatic patients with ≥ 2 mm plaque underwent carotid multisequence and MATCH MRI on a 3.0T hybrid integrated PET-MRI scanner 

(Biography mMR, Siemens, Erlangen, Germany) using a dedicated radiofrequency coil. The sequence parameters of MATCH were as follows: repetition time/echo 

time (TR/TE): 10.1/4.35 msec, field of view (FOV): 160x160 mm, matrix size: 256x256, acquired in-plane resolution: 0.63x0.63 mm², slice thickness: 2 mm, 

number of slices: 18, flip angles: 8°,5°,10°, bandwidth: 130 Hz/pixel. Multisequence MRI (black blood pre- and post-contrast T1w TSE, time of flight (TOF) and 

magnetization prepared rapid acquisition gradient echo (MP-RAGE);  acquired in-plane resolution: 0.6 x 0.6 mm²) was acquired according to recent expert 

consensus recommendations.2  One trained observer delineated the main plaque components (inner and outer vessel wall, intraplaque haemorrhage, lipid-rich 

necrotic core, and calcifications) on the multisequence and MATCH images. Image analysis of the MATCH images was performed independent of the 

multisequence images in a blinded way. Images quality was scored on a 5 point scale based on  signal-to-noise ratio and visibility of vessel wall and substructures 

(1, poor and 5, excellent).4  Artery-based agreement in the detection of individual components by the two protocols was determined using a Cohen’s kappa test. 

Kappa values from 0 to 0.2 indicated slight agreement, 0.21 to 0.4 fair agreement, 0.41 to 0.60 moderate agreement, 0.61 to 0.8 substantial agreement, and >0.8 

excellent agreement. The differences in outer wall volume, normalized wall index (NWI), and volume of plaque components between MATCH and the 

multisequence protocol were evaluated by Bland-Altman analysis and a paired t-test.  

 

Results: One total or nearly occluded artery was excluded. Thus, thirty-five carotid arteries were analysed. The mean quality scores of the MATCH images were 

lower than that of the multisequence images(p< 0.01). The scan time for MATCH and multisequence MRI was 4:44 and 10:84 minutes, respectively. Excellent 

agreement between the two protocols was obtained for identification of LRNC ( = 0.82), substantial for IPH (= 0.768) (Fig.1) and slight agreement for 

calcifications (= 0.389) (Table 1). No significant differences between MATCH and multisequence MRI were found in volume of LRNC (61.7193.6 mm³ versus 

47.8153.7 mm³; P=0.182), IPH (66.7±261.5 mm³ versus 26.95±102.56 mm³; P=0.334), calcifications (45.9±156.09 mm³ versus 11.77±14.51 mm³; P=0.202), 

percentage wall volume (PWV) (54.8±9.1% versus 56.9±7.7 %; P=0.134) and NWI (0.15±0.25 versus 0.21±0.22; P=0.169). There was a small but significant 

difference in total volume of vessel wall (1269.07±333.89 mm³ versus 1295.32±329.81 mm³; P=0.041) and total volume of fibrous tissue (1131.4±370.31 mm³ 

versus 1371.6±502.04 mm³; P=0.013).   

 

Discussion: MATCH provides three different contrast weightings using a single sequence with a short scan time and without mis-registration errors, which makes it 

easy to implement in clinical practice. 

 

Conclusion: We demonstrated excellent to substantial agreement between MATCH and multisequence MRI for the identification of LRNC and IPH. There was 

only slight agreement for scoring presence of calcifications. Our study showed no significant differences between MATCH and multisequence sequences in 

volumes of all plaque components, expect for fibrous tissue and total vessel volume. Although the MATCH images have as a lower mean image quality score, short 

scan time and perfect co-registration are major advantages of MATCH.  
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Figure 1. An example of a patient with carotid plaque in the left carotid artery. Four multisequence MRI weightings are manually co-registered and shown in the upper row, while the MATCH images are 
inherently registered and shown in the bottom row. IPH appears hyper-intense (white arrow) on hyper T1w MATCH and on MPRAGE images. Contours are shown on T2w MATCH and MPRAGE as 

follow: Green for outer vessel wall, red for lumen, yellow for lipid-rich necrotic core and blue for IPH. 
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 IPH - IPH +  LRNC - LRNC +  CA - CA + 

IPH - 29 0 LRNC - 29 1 CA - 9 3 

IPH + 1 4 LRNC + 0 5 CA + 8 15 

Total 31 4 Total 29 6 Total 17 18 

Table 1. Concordance between identification of intraplaque hemorrhage (IPH), lipid-rich necrotic core (LRNC), and calcifications (CA) on multisequence versus MATCH images. 

 

 

 

Figure 2. Bland-Altman plots of difference (mm³) between two protocols versus the mean value for total volume of vessel wall, total volume of LRNC including haemorrhage, total volume of calcifications, 

and total volume of fibrous tissue with mean bias (continuous lines) (and two times the standard deviation (SD). 



 

Synopsis: Accelerated acquisition by Echo Planar Imaging (EPI) is recognized to introduce systematic errors and image distortions in intra-cardiac 4D flow MRI, 

but no validation studies are currently available which quantify these errors. This study combined phantom validation with in vivo imaging to estimate these errors. 

When using EPI-acceleration factor 5 in 4D flow MRI, a 15% systematic error in measured volume flow rate is present in read-out direction. For intra-cardiac 4D 

flow MRI, these errors can be minimized to less than 4% by choosing Anterior-Posterior as the read-out direction, which is oblique to the main ventricular inflow 

direction. 

 

 

INTRODUCTION Intra-cardiac 4D flow MRI is associated with relatively long scan times. Acceleration by Echo Planar Imaging (EPI) (1) has been suggested for 

clinical use (2,3) but EPI is recognized to introduce systematic errors and image distortions. In EPI, a gradient with alternating positive and negative lobes is 

applied in read-out direction to accelerate k-space filling, but also yields additional phase accumulation after every odd echo (4,5), creating systematic errors in 

velocity encoding. Furthermore, flow displacement (6) and ghosting artifacts (4) can be substantially worse with EPI. No validation studies are currently available 

which evaluate the amount of error attributed to EPI. The aim of this study was to estimate the errors associated with EPI in intra-cardiac 4D flow MRI compared to 

non-EPI 4D flow MRI. 

METHODS Three 4D flow MRI experiments were performed: (i) Experiment1: Steady flow through a straight tube with 1cm diameter submerged in a tank filled 

with static water (Figure 1AB); (ii) Experiment2: Pulsatile flow in an MRI-compatible realistic left ventricle (LV) phantom mounted inside a pressurized tank 

(setup described in (7), Figure 1CD); (iii) Experiment3: In vivo flow in a healthy volunteer (Figure 1EF). 

A clinically used 4D flow MRI sequence with EPI acceleration factor 5 (i.e., reading out 5 k-lines per RF excitation) was used (4DEPI) on 3T MRI (Ingenia, Philips 

Healthcare) for all experiments, and repeated without EPI (4DFFE). General acquisition details: spatial resolution 3.0×3.0×3.0mm 3 reconstructed into 

1.9×1.9×1.9mm 3 , flip angle 7°, echo time/repetition time 4.6ms/8.7ms (4DEPI) and 2.1ms/3.4ms (4DFFE), temporal resolution 35ms (4DEPI) and 14ms 

(4DFFE), sensitivity encoding factor 2 in foldover direction, retrospective ECG gating with 30 phases reconstructed and free breathing without motion suppression. 

Acquisition volume was 360×360×105mm 3 . Scan duration in the volunteer was 6min26s for 4DEPI versus 24min18s for 4DFFE (at a heart rate of 58bpm). 

Experiment1: three-directional VENC 120 cm/s. A steady flow of water with T1-shortening gadolinium contrast of 52.5mL/s was applied. Physiology simulation 

was used for ECG gating. Orientation of acquisition volume was chosen with read-out direction perpendicular (4DEPI X , 4DEPI Y ) and parallel (4DEPI Z ) to the 

flow direction, as well as oblique to the flow direction (20° in all three directions) and repeated without EPI (4DFFE). Phase offset was corrected from static 

background (Figure 1B). Volume flow rates were measured and compared to the pump setting. 

Experiment2: three-directional VENC 150 cm/s. Pulsatile flow (sinusoidal-like waveform at 70 bpm with 50 mL/beat stroke volume) applied in a pressurized tank 

holding a silicone LV model filled with 60% glycerol/water solution created an LV inflow and outflow through bio-prosthetic mitral and aortic valves (Figure 1C, 

setup described in detail in (7)). Orientation of acquisition volume was chosen to resemble in vivo acquisition, i.e. non-angulated axial with anterior-posterior as 

read-out direction. Phase offset was corrected by voxel-wise velocity subtraction of repeated acquisitions with no flow (8). A cylindershaped measurement control 

volume (radius 1.7cm, length 5.0cm) as a region of interest containing 6559 measurement voxels was positioned inside the model below the mitral valve (Figure 

1D). Mean velocity inside the control volume and over 30 phases was determined and compared between 4DEPI and 4DFFE. 

Experiment3: Intra-cardiac 4D flow MRI acquisitions (both 4DEPI and 4DFFE) were performed in a 50-year old male volunteer, three-directional VENC 150 cm/s. 

Phase offset was corrected by voxel-wise velocity subtraction of repeated acquisitions of a phantom filled with static fluid (8). For analysis, a cylinder-shaped 

control volume (radius 1.3cm, length 2.0cm) containing 2269 (4DEPI) and 1633 (4DFFE) measurement voxels was positioned inside the LV below the mitral valve 

(Figure 1F). Mean velocity inside the control volume and over 30 phases was determined and compared between 4DEPI and 4DFFE. 

RESULTS The results of Experiment1 are presented in Table 1. A 14.6% underestimation in volume flow rate is present when read-out direction is parallel to the 

flow direction. 

The results of Experiment2 and Experiment3 are summarized in Table 2. Figure 2 shows mean velocity magnitude-time curves for 4DEPI and 4DFFE in the 

phantom and volunteer. Figure 3 shows velocity-time curves of each velocity component. 4DEPI and 4DFFE velocity profiles are very similar with small but 

significant differences in magnitude. In the LV phantom, 4DEPI showed a mean underestimation in voxel-wise velocity magnitude of 4% versus 4DFFE (p<0.001). 

In vivo, 4DEPI showed a mean overestimation of 8% (p<0.001). 

DISCUSSION The results showed a systematic underestimation of volume flow rate for 4DEPI of 15% when read-out direction was parallel to the flow direction. 

In vitro, systematic errors in both phase encode directions remained below 4%. For intra-cardiac 4D flow MRI, the EPI-induced error in mean flow velocity 

magnitude remained below 4% when read-out direction was chosen in Anterior-Posterior direction oblique to the main ventricular inflow direction. In vivo, 

misregistration and inter-scan variation limit direct comparison between 4DFFE and 4DEPI, but mean error remained below 10%, which may be considered 

clinically acceptable (9). 

CONCLUSION When using EPI-acceleration factor of 5 in 4D flow MRI, a 15% systematic error in measured flow volume rate is present for flow in the read-out 

direction. For intra-cardiac 4D flow MRI EPI-induced systematic errors can be minimized below 4% by choosing Anterior-Posterior read-out direction oblique to 

ventricular inflow direction.  
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Figure 1. Experiment1 (A,B): straight tube with steady flow (X-direction = Left-Right, Y-

direction = Anterior-Posterior, Z-direction = Feet-Head). B shows size and position of sampling 

contours (blue: through-plane velocity, red: background correction). Experiment2 (C,D): LV 
phantom (1) in pressurized tank, with in- and outflow through biological mitral (2) and aortic 

valves (3). D shows position of the control volume. Experiment3 (E,F): MRI in a healthy 

volunteer (LA: left atrium, LV: left ventricle, RA: right atrium, RV: right ventricle). F shows the 

control volume in the LV. 

Table 1. Relative differences in volume flow rate between pump setting (52.5 mL/s) and 
MRI-assessed volume flow rate for 4DEPI acquisitions with readout direction 

perpendicular (X,Y) and parallel (Z) to the flow direction, as well as 20° oblique to the 

flow direction and repeated without EPI (4DFFE). 

 

Table 2. Differences in mean flow velocity magnitude and voxel-wise velocity 

components between 4DFFE and 4DEPI acquisitions measured inside the control 

volume inside the LV phantom (Experiment2) and inside the LV of a healthy volunteer 
(Experiment3). Abbreviations and symbols: Vmagn magnitude of the velocity vector, VLR 

velocity component in Left-Right direction, VAP velocity component in Anterior-

Posterior direction, VFH velocity component in Feet-Head direction, SD standard 

deviation. 

 

Figure 2. Mean velocity magnitude in cm/s measured inside the control volume over one 
cycle in 4DFFE (red) and 4DEPI (blue) datasets of the LV phantom (left) and healthy 

volunteer (right). 

Figure 3. Mean velocity in cm/s measured in Left-Right (LR) (circles), Anterior-Posterior 

(AP) (triangles) and Feet-Head (FH) (squares) direction assessed inside the control 

volume over one cycle in 4DFFE (blue) and 4DEPI (red) datasets of the LV phantom 

(left) and healthy volunteer (right). 

 

Figure 2. Mean velocity magnitude in cm/s measured inside the control volume over one 

cycle in 4DFFE (red) and 4DEPI (blue) datasets of the LV phantom (left) and healthy 

volunteer (right). 



 

Synopsis: Imaging the intricate arrangement of small structures in the wrist benefits from the increased SNR at 7 Tesla which can be used for higher-resolution imaging. However, the increased resolution 

comes with increased scan times, decreasing patient comfort and increasing the risk of motion artifacts. In this work, we evaluated compressed-sensing (CS) acceleration of a 0.45mm isotropic resolution 

clinical wrist 7T MRI protocol in comparison to standard SENSE acceleration. It was shown that CS can produce comparable image quality in shorter scans, and improved structure visibility in equally long 

scans with 0.35mm isotropic resolution. 

 

 

Purpose: The human wrist is composed of an intricate arrangement of interdependent small structures. Among these are (intercarpal) ligaments, cartilage and the triangular fibrocartilage complex (TFCC).  

Reliable evaluation of these structures is difficult and can be of great importance for diagnosis and clinical decision making. Due to the complexity and small nature of these wrist structures, diagnostics 

may greatly benefit from higher-resolution imaging at 7 Tesla thanks to increased SNR. However, with increasing resolution the scan duration increases rapidly, decreasing patient comfort and increasing the 

risk of motion artifacts. Scan acceleration is therefore highly desired. In this work, we evaluated compressed sensing1 acceleration of a clinical wrist 7 Tesla MRI protocol in comparison to standard SENSE 

acceleration. 

 

 

Methods: All MRI scans were performed with a 7T Philips Achieva scanner (Philips, Best, The Netherlands) using a 1Tx/16Rx wrist coil (RAPID Biomedical GmbH, Rimpar, Germany). Two healthy 

volunteers were included in the study after giving written informed consent. A clinically relevant MRI protocol for diagnosing wrist injuries at all field strengths is a 3D proton density-weighted TSE with 

SPAIR fat suppression. For B0-shimming, 2nd order image-based shimming was performed. The optimized 7T 3D PD-weighted TSE protocol had isotropic spatial resolution of 0.45mm, two signal averages 
and was accelerated with SENSE-factors 2.2x2.0, giving a scan duration of 7:07 minutes (‘reference’). In addition to the reference, the scan protocol included two compressed sensing scans which were 

performed using the in-house developed PROUD software patch allowing sparse scan acquisitions2,3: one with equal resolution and additional acceleration with respect to the reference leading to a scan 

duration of 4:05 (43% additional scan time reduction, ‘CS1’), and one with equal scan duration and an increased resolution of 0.35mm isotropic (‘CS2’). The TSE factor was decreased in CS2 with respect 
to CS1 and reference to keep the TSE shot duration constant. The undersampling patterns used in these scans and additional scan parameters are shown in figure 1. 

Both undersampling patterns contain a 25x25 sized fully sampled center square which was used for reception coil sensitivity estimation4 using the Berkeley Advanced Reconstruction Toolbox (BART)5. All 

reconstructions were performed using the PICS algorithm from BART and MRecon (Gyrotools, Zurich, Switzerland) in MATLAB (R2016a, Natick, Massachusetts, The MathWorks Inc.). Regularization 
parameter optimization was performed heuristically. To assess image quality quantitatively, a radiologist was asked to perform blinded scoring of visibility of six wrist anatomies: bone & bone marrow, 

cartilage, TFCC, intercarpal ligaments, tendons and nerves. Additionally, images were scored on SNR and artifact absence. In scoring, a 0 to 3 Likert scale was utilized. 

 

 

Results: Figures 2a and 3a show one coronal and two sagittal magnitude image slices of all three scans for both volunteers. Overall quality, SNR and contrast are comparable between scans. 

In volunteer 2, the 0.35 mm isotropic scan showed inhomogeneous fat-saturation. Locally, the zoomed images in figures 2b and 3b show an improved visibility of cartilage and ligament delineation in CS2 
over CS1 and reference in volunteer 1, and in both CS1 and CS2 over reference in volunteer 2, especially around the lunate. TFCC visibility is comparable between all scans in volunteer 1, and improved in 

CS1 and CS2 over reference in volunteer 2. Figure 2 shows the radiologist scores, indicating comparable scores between reference and CS1 scans and an improved score for CS2. 

 

 

Discussion: The results show that compressed sensing could successfully be used to accelerate high-resolution 7T 3D PD-weighted wrist MRI. Comparable image quality was shown between the SENSE-

accelerated reference scan and the CS scans with the same spatial resolution (CS1), with 43% reduction in scan duration of the CS scan. Improved detail visibility was shown in a 0.35mm isotropic higher-
resolution CS scan over the reference scan with equal scan duration. However, reproducibility of the results remains to be shown in a larger cohort. Moreover, partially unsuccessful fat suppression can be 

targeted with optimized shimming techniques. This work shows the prospect of moving to even higher resolutions with shorter scan durations and thereby less motion artifacts using CS with higher 

undersampling. However, even at 7T, at a certain small voxel size SNR reduction will play a role. An approach to mitigate this issue is to perform more signal averages in the center of k-space than in the 

periphery. 

 

Conclusion: We were able to accelerate high-resolution 3D TSE PD-weighted MRI at 7T using compressed sensing, showing comparable image quality in less scan time and with slightly increased 

quality in higher-resolution CS scans with preserved scan time. 
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Figure 4. Radiologist Likert scores of the reference (blue), CS1 (red) and CS2 (yellow)                Figure 1. General scan parameters and scan parameters specific to the three different scans per- 
scans for both volunteers. Scores were given on the visibility of bone and bone marrow                formed. a) and b) show the k-space undersampling pattern for CS1 and CS2 respectively. Both 

(B&BM), cartilage (radiocarpal & intercarpal, Cart.), triangular fibrocartilage complex               patterns are variable density poisson disks, containing a fully sampled center square with size 

(TFCC), intercarpal ligaments (SL and LT ligament, IL), tendons (flexor and extensor                25x25 used for reception coil sensitivity estimation. As can be recognized, elliptical shuttering 
tendons, Tend.) and nerves (ulnar and median nerve, Nerv.), and on SNR and absence                was used. 

of artifacts (Art.). In volunteer 1, comparable results are shown between reference and  

CS2. In volunteer 2, improvement of CS2 over reference and CS1 is shown. 

 

 

 

 

 

 

 

 

 

 
 

 

 
 

 

 
 

 

 
 

Figure 2. Magnitude images of all three scans in volunteer 1. a) Complete FOV coronal 

slice centered at the TFCC and cartilage between radius and lunate, and two sagittal slices 
centered at the cartilage between radius and lunate and the TFCC respectively. b) Zoomed-

in version of the areas of the coronal and sagittal slices shown in a). Comparable cartilage 

visibility can be appreciated between reference and CS1, and improved visibility in CS2 
over reference and CS1. TFCC visibility is comparable between all scans. Yellow arrows: 

radiolunate ligament and cartilage. Red arrow: TFCC. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

Figure 3. Magnitude images of all three scans in volunteer 2. a) Complete FOV coronal 
slice centered at the TFCC and cartilage between radius and lunate, and two sagittal slices 

centered at the cartilage between radius and lunate and the TFCC respectively. b) Zoomed-

in version of the areas of the coronal and sagittal slices shown in a), focused on the 
cartilage around the lunate. Improved cartilage and TFCC visibility can be appreciated in 

CS1 and CS2 over reference. Yellow arrows: radiolunate ligament and cartilage. Red 

arrow: TFCC. 



 

Synopsis: T1-, T2- and PD maps were acquired simultaneously using the 2D multi-delay multi-echo sequence and the 3D-QALAS sequence, for 3T scanners of three different manufacturers. All scans 

were acquired without acceleration and repeated with an acceleration factor of 2, using GRAPPA, SENSE or compressed sensing, depending on the vendor. The values obtained from the maps estimated 

using synthetic MRI were compared to the reference values of the ISMRM-NIST phantom, and a linear fit was performed for each measurement. The results for T1- and T2- mapping show a linear curve 

close to the reference values, while PD follows a sigmoid curve. 

Introduction 

Quantitative MRI in the brain has recently become more feasible by the development of several new techniques, such as MR fingerprinting 1 and Synthetic MRI, which uses the multi-delay multi-echo 

(MDME) sequence 2,3. Both techniques are 2D acquisitions and thus have a low through-slice resolution, which might hinder tissue characterisation based on the quantitative data due to the partial volume 

effect. Recently, synthetic MRI using a modified 3D-QALAS sequence has been introduced as a 3D sequence capable of simultaneously acquiring T1-, T2- and PD-maps in the human brain 4,5. 

However, for quantitative MRI to be a reliable tool, the resulting maps should not depend on the acquisition sequence, parameters or scanner used. In this research, this was tested for the MDME and 3D-

QALAS sequence by scanning a phantom on scanners from different vendors and using different levels of parallel MRI or compressed sensing. 

Methods 

An ISMRM-NIST phantom 6 was scanned on 3T scanners of 3 different vendors (Philips Ingenia, Siemens Skyra and GE Discovery 750w) in our institution, and quantitative maps were acquired using the 

MDME and 3D-QALAS sequences, varying the settings as little as possible between vendors. The 3D-QALAS sequence was not available for one vendor. All scans used a 256x256 FoV, 1 mm² in-plane 

resolution. The MDME sequence and 3D-QALAS used a 6mm and 1mm slice thickness, respectively. The FoV encompassed the T1-, T2- and PD-arrays of the phantom. To assess the influence of the varying 

acceleration techniques, including compressed sensing, scans were acquired both without acceleration and with an acceleration factor of 2 using GRAPPA, SENSE or compressed sensing, depending on the 

vendor. The acquisition times were comparable for 2D and 3D scans: about 15min for R=1 and 7.5min for R=2. The phantom was placed in the scanner room at least 8 hours before each scan. The phantom 

temperature was measured just prior to scanning and had a range of 21.2 - 22.8 °C.  

The ISMRM-NIST phantom contains a T1 array, a T2 array and a PD array, each consisting of 14 spheres, with known calibrated values for the respective property. Quantitative T1, T2 and PD maps were 

created in each respective array using a prototype version of the SyMRI software (SyntheticMR, Linköping, Sweden). ROI’s of a 6mm radius were drawn within the spheres of the T1, T2 and PD arrays of 

the phantom using Matlab 2016b (Mathworks, Natick, MA, USA). For 3D-QALAS data, the ROI’s extended over 6 slices. In the T1 and T2 array, only the spheres with values relevant for neurological MRI 

were used, i.e. 200-1500ms for the T1 array and 30-300ms for the T2 array. The PD array was used completely. For each measurement, a linear fit through the average values of the ROI’s in the T1 and T2 

array were performed using Matlab 2016b. 

Results 

Figure 1 shows the measured values compared to the reference values for all properties, while figure 2 shows the differences between measurements and reference values. Table 1 shows results of the linear 

fit. 

Discussion 

For all vendors, it appears that the acceleration has a very limited effect, irrespective of the acceleration technique used, at least in this geometrically simple phantom.  

Figure 1a shows that all scanners are able to accurately estimate T1, while figure 2a allows for a more in-depth investigation of the residual estimation errors, showing an overestimation of T1 at the extreme 

points and a v-shaped curve for all measurements.  

T2 values, shown in figure 1b and 2b, are estimated well using the MDME sequence for vendors 1 and 2, but are less accurate at higher T2-values with the 3D-QALAS sequence, which slightly overestimates 

them. T2 is severely underestimated using the MDME sequence on vendor 1. A single point for the 3D-QALAS sequence with R=2 and vendor 1 deviates because of artefacts in the ROI. All series result in 

a very linear fit.  

While both MDME and QALAS measurements show a sigmoid shape for the PD estimation, as obtained before in 1.5T 7, MDME almost always overestimates PD, while 3D-QALAS underestimates PD for 
values <40 and overestimates for PD>60%. The steepest slope of the sigmoid appears in the central values for PD. Thus, the PD curve does not immediately reflect the PD, but is most sensitive in a range of 

50-80% PD, which is very well suited for differentiating different tissue types in the brain 8.  

This research only acquired a single measurement for each condition. As such, accuracy for each condition was tested, but precision was not. Precision after repositioning of the phantom was investigated by 

Fujita et al.7, where it was found that there is more variability for T1 and T2 at higher T1 and T2 values respectively, which should be taken into account in the results of this research. 

Conclusion 

Magnetic parameter mapping using the MDME and 3D-QALAS sequence is reproducible between vendors and acceleration has a limited effect, including compressed sensing. All results for T1 and T2 give 

excellent linear fits, except for the T2 estimation of a single vendor using the MDME sequence. PD estimation follows a sigmoid curve, comparable between the different acquisition methods. 
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Figure 1: Measured versus reference T1 (left), T2 (middle) and PD (right) values. Colour indicates vendor, shape indicates acceleration, filled vs hollow indicates 2D vs 3D respectively. The black line shows 

the reference values. 

 

 

Figure 2: difference between measured and reference T1 (left), T2 (middle) and PD (right) values. Colour indicates vendor, shape indicates acceleration, filled vs hollow indicates 2D vs 3D respectively.  

 

 

Table 1: The slopes and R² values for a linear fit of the T1 (left) and T2 (right) estimations. 

 

 

slope R² slope R²

3D, R=1, vendor1 1.0271 0.9944 1.3002 0.9904

3D, R=2, vendor1 1.0460 0.9872 1.6141 0.9524

3D, R=1, vendor2 1.1285 0.9921 1.3426 0.9917

3D, R=2, vendor2 1.1427 0.9936 1.3237 0.9912

2D, R=1, vendor1 1.0214 0.9964 0.3520 0.9438

2D, R=2, vendor1 1.0120 0.9985 0.3538 0.9618

2D, R=1, vendor2 1.0437 0.9988 1.2011 0.9911

2D, R=2, vendor2 1.0147 0.9990 1.1845 0.9936

2D, R=1, vendor3 1.0159 0.9827 0.9944 0.9982

2D, R=2, vendor3 1.0205 0.9825 1.0677 0.9967

T1 T2



 

 

Synopsis: Staging of eyelid tumors is performed using the TNM classification to determine the optimal treatment. This classification depends on tumor size, invasion of eyelid and orbital structures. These 
factors are impossible to evaluate using conventional ophthalmic imaging techniques. Using an optimized MRI-protocol, we found that tumor extension can be good assessed with MRI. This helps planning 

the best surgical approach and, therefore, has an impact on both patients’ short time morbidity and longtime outcome. 

 

Purpose: The eyelids are small and challenging structures to image with MRI due to the close proximity to air and because of being composed by very small structures. Tumors arising in the eyelids can 

have devasting effects on the physical appearance and they can also extend to involve the orbit, paranasal sinuses, and brain with associated morbidity and, rarely, mortality. Before treatment, the staging of 
these tumors is performed using the TNM classification1 of the eyelid carcinomas to determine the optimal treatment. This classification depends on tumor size and on whether there is invasion of eyelid 

structure, such as the tarsal plate and orbital septum, and of orbital structures. These factors are difficult, if not impossible, to evaluate using conventional ophthalmic imaging techniques, as they cannot image 

the inside of the tumor and therefore not determine which structures are involved. Our aim was therefore to develop and evaluate the optimal MRI-protocol to identify the normal anatomy of the eyelid on 

image, especially the tarsal plates and the orbital septa and apply this knowledge in tumor patients to improve the accuracy of the staging. 

 

Methods: MR-images of three patients with an eyelid tumor were evaluated and compared with the normal eyelid anatomy of 19 uveal melanoma (UM) patients. All MRI’s were performed at a 3T MRI 

(wide bore Ingenia/ 3T, Philips Healthcare, Best, The Netherlands), using the setup we developed to scan UM patients as described by Ferreira et al2. In short a 4.7cm surface receive coil (Philips Healthcare, 

Best, The Netherlands) was used, to maximize the receive sensitivity to the orbit. The eyelids of the patients with the eyelid tumor were covered with a wet gauze to reduce the susceptibility artifacts due to 

the tissue-air interface. The remaining susceptibility artifacts at the outer eyelid interface, which were not completely removed by the wet gauze, were corrected using localized volumetric shimming. For the 

complete analysis of the eyelid anatomy, both sagittal and axial sequences, perpendicular to the eyelid axis, need to be acquired. Based on the MRI protocol for the UM patients, an optimized protocol for 

eyelid tumours was developed. This protocol is described in table 1 based on the 2D multi-slice sequences as described by Ferreira et al2. These include T1-weighted (TE/TR:8/718ms) and T2-weighted 

before (TE/TR:90/1331ms) and fat-suppressed T1-weighted (8/764ms +SPIR) scans after contrast, all with an in plane resolution of at least 0.5x0.5 mm2. 

 

Results: In the group of uveal melanoma patients, with normal eyelid anatomy (figure 1), the superior tarsal plate was easier to identify on the axial plane,  the inferior tarsal plate  was best observed in the 

axial plane and both the superior and inferior orbital septa were better identified on the sagittal plane. The inferior orbital septum was the hardest structure to identify, frequently caused by a suboptimal image 

due to a plan not being perpendicular to the main axis of the eyelid or due to the presence of artefacts. In the eyelid tumor patients, in patient 1(figure 2) the MRI showed the tumor anteriorly invading the 
inferior tarsal plate and inferior septum, and there was also posterior, growth invading the orbit and reaching the region of insertion of the inferior rectus at the globe. Orbital invasion indicates a T-stage of 

T3a and led to the decision to perform an exenteration with eyelid skin preservation. Histology confirmed the invasion of the septum and intraorbital fat. In patient 2 (figure 3) tumor invasion of the medial 

inferior tarsal plate and medial palpebral ligament region invasion was suspected. Invasion of the tarsal plate indicates a T-stage of T2a. This information was used for surgical planning and local surgical 
treatment with medial tarsal plate excision was performed. In patient 3 (figure 4) the residual/recurrent tumor at the palpebral conjunctiva of the superior eyelid was not seen. Pathology showed that the tumor 

was confined to the conjunctiva. 

 

Conclusion: The T staging of eyelid tumors includes the evaluation of tarsal plate, orbital septum and bone invasion, all only possible to assess on image and not clinically. MRI evaluation of eyelid tumors, 

performed with an optimized protocol, will help to plan the best surgical approach and therefore will have an impact on both patients’ short time morbidity and longtime outcome. 
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Table 1. Proposed scan protocol                    

Preparatory scans Survey + 3D T2 

Anatomical 

imaging 

Axial T1 

Axial T2 

Sagittal T2 

Sagittal T1 

Functional 

imaging 

 

Sagittal DWI 

Axial DWI 

Pre-contrast 

reference 

Axial T2 SPIR 

Axial T1 SPIR 

Sagittal T1 SPIR 

Contrast enhanced 

imaging 

DCE 

Axial T1 SPIR Gd 

Sagittal T1 SPIR Gd 

 

 

Figure 1. A-D - Normal eyelid anatomy on the sagittal plane on MRI T1 (A) and T2 (B) and normal superior tarsal plate on the axial plane on MRI T1 (C) and 

T2 (D). blue arrow: superior and inferior orbital septi; yellow arrow: superior and inferior tarsal plates – meibomian glands; orange arrow: orbicularis oculi 

muscle; green dashed arrow: lateral palpebral ligament region; white astr ix: muscles 

 

 

Figure 2. A, B - Patient 1 with a squamous cell carcinoma (SCC) 

of the lower tarsal conjunctiva OS. Posterior invasion of the orbit 

reaching the region of globe insertion of the inferior rectus muscle 

is seen. Also anterior invasion of the orbital setum and tarsal plate 

are noticed. blue arrow: superior and inferior orbital septi; yellow 

arrow: superior and inferior tarsal plates – meibomian glands; 

orange arrow: orbicularis oculi muscle; white astr ix: muscles; blue 

dashed arrows: tumor 

 

 

  

 

 

 

 
Figure 3. A, B  - Patient 2 with a SCC of the skin of the medial inferior 

eyelid OD. Axial T2 (A) and enhanced T1 with SPIR (B) at the level 

of the inferior eyelid, showing the tumor involving the medial corner 

of the eye with dubious tarsal involvement. yellow arrow: inferior 

tarsal plates – meibomian glands; blue dashed arrows: tumor 

 

 

  

 

 

 

 

Figure 4. A, B - Patient 3 with a melanotic melanoma of the 

superior tarsal conjunctiva OS. The tumor was not possible to 

visualize on MRI. blue arrow: superior orbital septum; yellow 

arrow: superior tarsal plate – meibomian glands; orange arrow: 

orbicularis oculi muscle; white astr ix: muscles 

 

 

  

 

 

 

 



 

Synopsis: Model-based Super Resolution Reconstruction (SRR) methods have recently been applied in MR relaxometry to address the need for an improved trade-off between spatial resolution, precision, 
and acquisition time. In this work, an optimal experimental design framework is proposed to identify acquisition settings for T1-SRR that maximize the precision of the estimated T1. This optimization is 

required to exploit the full benefits provided by the SSR methods. The optimized settings were compared to a reference acquisition protocol by means of Monte Carlo simulations.  

 

INTRODUCTION 

T1 Super-Resolution Reconstruction (T1-SRR) method aims to reconstruct a high-resolution (HR) 3-D isotropic T1 parametric map from a set of multi-slice anisotropic inversion recovery turbo spin echo 

T1-weighted images with a low through-plane resolution acquired with different slice orientations around the phase-encoding axis. The optimal experimental design framework proposed in this work is based 
on the Cramér-Rao lower bound (CRLB) [2-4] and identifies acquisition settings for T1-SRR that maximize the T1 estimation precision. The optimized settings are compared to a reference acquisition 

protocol by means of Monte Carlo simulations. This study presents a step toward protocol standardization of quantitative SRR. 

 

METHODS 

CRLB and T1-SRR model: The cost function of the experiment design is based on the CRLB, which is a lower bound on the variance of unbiased estimators and which is given by the inverse of the Fisher 

Information Matrix (FIM). The FIM 𝑱 of the T1-SRR model, assuming Gaussian white noise with standard deviation 𝜎 is given by: 
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𝜕𝒓(𝑇𝐼𝑚)

𝜕𝑇1
) 

where  𝑻𝟏 ∈  ℝ𝑁𝑟 × 1, 𝝆 ∈  ℝ𝑁𝑟 × 1  , 𝒔𝑚 ∈  ℝ𝑁𝑠 × 1 and 𝒓(𝑇𝐼𝑚) ∈  ℝ𝑁𝑟 × 1
 are the T1 and proton density map to be estimated, the m-th low resolution (LR) magnitude 2D T1-weighted image and the 2D high-

resolution (HR) T1-weighted image (with inversion time 𝑇𝐼𝑚) defined as in [1], with 𝑁𝑟 and 𝑁𝑠 the number of voxels of the HR and LR 2D images, respectively, and M the number of acquired LR 2D T1-w 

images. The linear operator �̅�  describes blurring and down-sampling by averaging along the through-plane direction. The linear operator 𝑮(𝛼𝑚) describes the rotation of the acquisition plane over angle  𝛼𝑚 

for the m-th LR T1-w image, which was implemented as in [5]. 

Optimal Experimental Design Framework: A cost function based on the sum of the coefficients of variation of the T1 parameters derived from the CRLBs is minimized with regard to the acquisition 

settings 𝑸 = [𝑻𝑰, 𝜶]: 

�̂� = 𝑎𝑟𝑔 min
𝑸

∑ (𝐽−1)𝑖𝑖/𝑇1𝑖−𝑁𝑟

2

2𝑁𝑟

𝑖=𝑁𝑟+1

 

where 𝑸, �̂� ∈  ℝ2𝑀 × 1 and (𝐽−1)𝑖𝑖 represents the 𝑖-th diagonal element of the CRLB matrix 𝐽−1.

Proof-of-concept experiment: The translational symmetry of the 3D SRR problem along the phase encoding direction has been exploited to evaluate the T1-SSR framework in 2D, reducing computational

complexity and memory consumption. 𝜌, 𝑇1 ground truth maps of size 64 x 64 have been simulated from an anatomical model of a manually masked 2D brain sagittal slice [6,7] (Fig. 1). The framework was

used to improve the acquisition setup proposed by [1], based on M=14 LR images acquired with an anisotropy factor (AF) of 2.67.

Optimization strategy: To solve the optimization problem, first the value of the cost function was evaluated in 1000 random points 𝑸 in the domains [50, 3000] ms and [0, 180]° for TI and 𝛼, respectively.

Subsequently, a constrained iterative minimization method (‘interior-point’ algorithm) was started at the point with the lowest cost. The optimization was halted after 1000 cost function evaluations in order

to approach a minimum in a feasible computation time.

Monte Carlo simulation: A Maximum Likelihood Estimator (MLE) framework similarly to [1] was implemented where the regularization terms were set to zero. 50 noise realizations (𝜎 = 0.02, SNR=50)

were simulated for each acquisition setup. RMSE maps for the two setups were computed to compare the setups in terms of accuracy and precision.

 

RESULTS 

The rotation angles and TIs for the optimized and reference designs are reported in Table 1. The square root CRLB maps for the two setups and the RMSE maps computed from the Monte Carlo simulations 

are shown in Fig. 2 and Fig. 3, respectively. 

 

DISCUSSION 

In the optimized setup, contrary to the reference setup, the rotation angles and TIs are no longer uniformly/log-uniformly distributed. The optimized TIs appear clustered around distinct values, in line with 

the finding of Karlsen et al. [8] in the context of optimal design for T1 mapping without SSR.  

From the CRLB maps, we can observe that the increase in T1 estimation precision came at the cost of a reduced 𝜌 estimation precision, coherently with our minimization problem definition. The RMSE maps 

confirms the predictions of the CRLB map, showing a reduced error in particular in the T1 CSF quantification. It is worth to notice that, in this preliminary study, the optimization procedure was limited to a 

single brain slice. A future step will be to include prior information from a variety of brain anatomies in order to improve generalizability. 

 

CONCLUSION 

Quantitative SRR methods are a topic of interest for an increasing number of researchers for their promising but still uncovered potential. Studies aimed at method standardization are thus becoming a need. 

In this frame, a proof-of-concept statistical optimal experimental design framework was proposed and successfully applied to T1-SRR in a limited study case. Future studies will be addressed to the extension 

of the framework for more general applicability. 
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Table 1 

 

Table 1: Rotation angles and TI values for the reference and optimized acquisition setups, sorted 

by TI values: The reference set proposed by [1] consists of seven subsets, each simulated with a 
different slice orientation and each acquired with two TIs. The optimized setup is the final output 

of the optimal experimental design method. 

Figure 1 

 

Figure 1: Ground Truth Proton Density (𝜌) and T1 Maps. A sagittal brain slice simulated from 

an 11-compartments anatomical model of BrainWeb Database [6] using the typical ρ and T1 

values at 3T [7], manually masked. 

 

 

 

 

 

 

 

 

 

 

 

Figure 2 

 

Figure 2: Square root CRLB Maps for the reference and optimized acquisition setups. The 
square root CRLB maps were obtained by extracting the square roots of the diagonal elements of 

the CRLB matrix and mapping them to the original reference image size. The optimized setup 

shows a reduction of the T1-CRLB map values. which reflects an increase in the achievable 

precision of the estimated T1 map compared with the reference setup. 

 

Figure 3 

 

Figure 3: RMSE Maps from the Monte Carlo experiment. The rows show the RMSE computed 

for the reference setup, the optimized setup, and the ratio between the RMSE for the reference 

and optimized setup, respectively, for T1 (top row) and proton density (bottom row). 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

 

 

 

 

  

Feasibility of MR-guided intratumoral dose-painting with Holmium-166 microspheres in a brain tumor 

treatment model 
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Synopsis: Brain malignancies are a ctype of cancer with limited curative treatment options. We are developing a minimally invasive intratumoral treatment in which 

homium-166 microspheres (166Ho-MS) are injected directly into the tumor tissue under image guidance. As for this intratumoral treatment a homogeneous dose 

distribution is vital, we evaluated the feasibility of MR guided intratumoral dose-painting with 166Ho-MS in a brain tumor mimicking phantom. 

 

Purpose: Worldwide, 4 million people are diagnosed with brain cancer every year. Although there are various treatment options including neurosurgery, radiotherapy, 

and chemotherapy, treatment is rarely curative. A minimally invasive intratumoral treatment, in which radioactive particles are injected directly into the tumor, might 

improve the overall outcome. Intratumoral treatment with beta-emitting radionuclides incorporated in microspheres has shown to be a successful therapy due to the 

local tumor ablative effect of beta radiation with minimal side effects. In this regard, the beta-emitting nuclide holmium-166 (half-life 26.8 hours) is an ideal 

radionuclide due to its limited penetration tissue depth (mean 3.2 mm, max 9 mm) and emission of high-energy beta particles (mean 0.67 MeV, max 1.85 MeV). 

Holmium-166 also emits gamma rays (6.7%, 81 keV) which allow for SPECT imaging. Furthermore, Holmium-166 can be visualized by CT and MRI due to its high 

mass attenuation coefficient and paramagnetic properties1. The imaging opportunities together with the high energetic beta radiation offer many advantages such as 

the visualizing of the distribution of the microspheres immediately after injection and also for follow-up. To enable retention of the radionuclide in the tumor area 

and avoid possible leakage into healthy tissues, holmium-166 was incorporated in microspheres with an diameter in the range of 10-60 μm2. Initial results of such 

‘microbrachytherapy’ approach are promising.. However, due to the relatively shallow penetration of β-radiation in tissue, a homogeneous distribution (dose-painting) 

of microspheres in the vital tumor tissue is crucial for a lethal tumor treatment. The purpose of this study was to evaluate feasibility of intratumoral dose-painting 

with 166Ho-MS in a brain tumor mimicking phantom. 

 

Methods: A tissue phantom, resembling a brain with embedded tumor tissue, was developed that mimics the specific mechanical response of both tissues under load. 

Among others, the phantom was composed of Phytagel and Polyvinyl Alcohol. Several amounts of 166Ho-MS, suspended in an injection fluid, were injected at 

different positions in the phantom tumor using a dedicated steerable needle. The procedures were performed under fully MR guidance. 

 

Results: The developed brain phantom resulted in a model with MR imaging properties comparable to normal brain and tumor tissue. The administration of 166Ho-

MS resulted in a controlled near-real-time MR-guided injection with the dedicated steerable needle device. As a result of the MR imaging the 166Ho-MS distribution 

within the phantom could be observed during and after injection. The direct dosimetric feedback of this approach enabled the spatial deposition of 166Ho-MS in the 

target area, resulting in a dose distribution that covers the artificial tumor volume. 

 

Conclusion: It has been demonstrated that controlled MR-guided tumor dose-painting with 166Ho-MS in a phantom is feasible. 
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Synopsis: We want to identify the areas in which MRT can be improved from its standard and develop a reliable head&neck MRT protocol. We compared the 

current clinical DEGRE MRT sequence to ME-FGRE and IDEAL IQ in terms of their MRT performance in different fat percentages. During a phantom cooling-

down experiment covering 51.1-29.9°C, MRT measurements were taken and compared to thermistor temperature probes. We found that DEGRE has similar 

performances when shortening the TR (scan time). IDEAL IQ has the lowest accuracy (<0.5°C) over all temperatures investigated in water and 25% fat thus 

seeming to be the best choice for MRT. 

 

Purpose: MR thermometry (MRT) provides a non-invasive way to assess the temperature distribution during thermal therapies and provides the crucial input for 

both dosimetry and treatment optimization. Quality and accuracy of the thermometry is affected by patient motion, difficulty to measure temperature changes in fat 

and changes, such as field drift, B0 inhomogeneities and B1 bias. To optimally use our novel head and neck hyperthermia applicator, a clinically applicable 

consistent and reliable MR thermometry protocol for the head and neck region is needed. As a first step to move further towards reliable and robust MR 

thermometry, we compare different Multi-echo gradient echo sequences for PRFS MR thermometry on a 1.5T GE scanner (Signa MR450, GE Healthcare). 

 

Methods: The clinical MR sequence used during thermal treatments, DEGRE1 (double-echo gradient echo), was assessed for its MR thermometry performance 

with two different parameters sets presented in Table 1: one as currently used during treatments and the other, shortening the scan time (by reducing the TR from 

630ms to 200ms). This was then compared against ME-FGRE2 (multi-echo fast gradient echo) and IDEAL IQ3-5. This last sequence is a vendor-specific novel 

sequence (GE Healthcare), with intended purposes outside of MRT, in particular for measuring R2* of fatty liver providing intravoxel water-fat fraction. We 

performed a cooling-down experiment, covering a range of 51.1-29.9°C. The different protocols were tested in an in-house-developed phantom containing vials of 

different fat percentages (0, 25, 50, 75 and 100%) and their performance was compared to a ground truth temperature measured using EM-immune thermistor 

temperature probes (Figure 1). At the position of the tip of the catheters, an imaging slice was obtained. From this, the temperature changes were calculated in a 

ROI in each vial, using the linear relationship between the proton frequency shift with temperature6. All the post-processing was performed in MATLAB. The 

DEGRE results were calculated by subtracting the phase at each time point from the phase at the baseline measurement6. To the ME-FGRE and IDEAL IQ 

measurements a water+multipeak fat model was fitted to obtain water and fat maps as well as offresonance frequency as proposed by Salim et al7. Temperature 

change was obtained from the change in offresonance frequency after drift correction w.r.t. the reference time point. For all methods, B0 field drift correction was 

applied using Dixon fat correction8. By comparing these MRT measurements from the different ROIs to the temperature measured by the thermistor probes, 

accuracy, precision and bias of each sequence for the different fat percentages was established. 

 

Results&Discussion: Figure 2 shows for the DGRE (TR=630ms) sequence the estimated temperature maps during the cooling down experiment. Figure 3 shows 

the MRT changes measured in water as well as the ground truth temperature value from the temperature probes for the vial just filled with water. The averages of 

MRT accuracies in different fat percentages are summarized in Figure 4. In water, IDEAL IQ achieved by far the best performance with a high accuracy of less 

than 0.5°C of difference averaged over all temperatures measured. Also it was interesting to note was that DEGREs accuracy with the shortened TR was almost 

identical to the original, despite the big improvement in scan time. Looking at the accuracy at 25% fat vials big differences become evident. ME-FGRE shows a low 

accuracy of 11.53°C. However, the trend of IDEAL IQ superiority changes at 50% fat where IDEAL IQ only manages 8.70°C vs the other three with all between 

3.42°C and 3.91°C. The overall expected trend can be identified as when moving to higher fat percentages, all MRT methods are performing consistently worse in 

accuracy. The precision does not get affected by the content of the vials. All different methods underestimate the temperature with MRT. The only exception to this 

being the DEGRE sequences in water, with a slight positive bias of 0.93 and 1.10°C for the TR=630ms and TR=200ms respectively. Until 25% fat IDEAL IQ has 

the best overall bias, but at 100% it has the worst. Hence when investigating regions that are not very fatty, IDEAL IQ appears to be the best choice out of the 4. 

 

Conclusion: We found the performance of the IDEAL IQ sequence very promising in its application for MR Thermometry. It performed best among the 

investigated sequences in water as well as in regions with 25% fat. Since our efforts are focused on temperature mapping in the head and neck region without large 

volumes of fat, this seems the most suitable sequence to further progress our research towards the intended application. We consider that there is untapped potential 

in already available sequences for their application in MR temperature mapping. It becomes evident that there is a need for further research going towards a new 

and better standard of MR Thermometry in the clinic. 
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Figure 1. Schematic of the build of the phantom 

 

Figure 2. MRT temperature maps obtained with the DEGRE sequence of the phantom at different timepoints. Note that B0 drift correction was applied. 

 

Figure 3. Temperature change in the water vial measured with the MRT sequences as well as the ground truth thermistor probe measurement. The error bars result from the s.d. in the selected ROI of the 

temperature map. 

 

Figure 4. MRT accuracy for different fat percentages for different thermometry methods. An overall decrease in accuracy with increase in fat percentages can be observed. 

 

Table 1. Parameters used for the sequences run as well as their respective scan times 

 



 

Synopsis: Head and neck cancers have a high propensity to metastasize to the lymph nodes of the neck. Accurate knowledge of this regional nodal status is of great 

importance for therapy selection and prognosis. Ultrasmall superparamagnetic iron oxide (USPIO) particles  are a promising contrast agent that can be used to detect 

nodal metastases with MRI. This study aims to validate USPIO-MRI for the detection of nodal metastases in head and neck cancer patients with histopathology as 

the reference standard. The workflow and preliminary results in 5 patients are shown in this abstract. 

 

Purpose: The presence of lymph node metastases has a large impact on prognosis and treatment in head and neck cancer. Despite increased spatial resolution of 

current imaging methods, around 20% of patients with a clinically negative neck will have occult metastases1. Therefore, a large proportion of these patients receive 

elective treatment of the neck which is associated with substantial acute and late toxicity. If the detection of small lymph node metastases can be improved, elective 

neck treatment may be avoided in at least part of the patients resulting in less toxicity and improved quality of life. MRI combined with ultrasmall superparamagnetic 

iron oxide (USPIO) nanoparticles has proven to be of great value in detecting lymph node metastases in prostate cancer2,3. In this abstract, we demonstrate the study 

protocol and preliminary results of the USPIO-NECK study which evaluates the diagnostic accuracy of USPIO-MRI for the detection of lymph node metastases in 

head‐and‐neck squamous cell carcinoma (SCC) with histopathology of resected specimens as a gold standard. 

 

Methods: In this single centre prospective pilot study, 25 patients aged ≥18 years with cT0‐4N0‐3M0 SCC of the oral cavity, oropharynx, larynx, hypopharynx or 

unknown primary origin who are planned for a neck dissection will be included. Prior to surgery, a dose of 2.6 mg per kilogram bodyweight USPIO (Ferumoxtran-

10 aka Ferrotran®) was intravenously administered to all patients and 24-36 hours later an MRI examination was performed (3T Magnetom PrismaFit, Siemens 

Healthcare, Erlangen, Germany. The USPIO particles accumulate in healthy lymph nodes, suppressing MRI signal on a T2*-weighted multi-gradient echo 

ironsensitive sequence, whereas metastatic nodes retain MR signal intensity, visualizing lymph node metastases. After surgery and fixation in formalin, an ex-vivo 

MRI of the neck dissection specimen was acquired on a 7T preclinical MR system (7T, Bruker ClinScan). Both in-vivo and ex-vivo MR parameters are shown in 

table 1. Suspicious nodes on USPIO-MRI, i.e. nodes retaining MR signal intensity, were identified by two radiologists who also made a correlation to the ex-vivo 

MR images. These ex-vivo MR images were present at the dissection room and guided the pathologist to localize the suspicious node to enable a node-to-node 

correlation between MRI and histopathology. These nodes were enclosed separately and processed according to the head and neck sentinel node protocol (5 sections 

every 200 μm, hematoxylin and eosin staining and immunohistochemistry). Other non-suspicious nodes were enclosed per station level, enabling a level-to-level 

correlation.  The histopathologic results served as the reference standard to validate the USPIO-MR results. 

 

Results: To date, five patients have been included in the study, four with a primary tumour in the oral cavity and one in the oropharynx. Tumour stages varied between 

II-IVA and both patients with (based on ultrasound guided fine needle aspiration, computed tomography and/or MRI) a clinically positive neck (n = 2) as well as a 

clinically negative neck (n = 3) were included. On in-vivo MRI, a total of 9 suspicious nodes were identified and enclosed in individual histopathology slices. All 

suspicious nodes could be matched to ex-vivo MRI and histopathology based on their dimensions and their relation to anatomical landmarks (figure 1). 

Histopathologic analysis revealed 13 metastatic nodes of the 232 lymph nodes harvested in total. Ex-vivo MRI revealed 271 lymph nodes in total.  

 

Discussion: Our preliminary findings demonstrate that visualization of metastatic nodal disease by USPIO-MRI in head-and-neck cancer patients is feasible. 

Furthermore, the correlation between in-vivo USPIO-MRI and histopathology is possible when guided by ex-vivo MR-images, enabling node-to-node correlation for 

suspicious nodes. This extra step also warrants that a large proportion (86%) of the nodes found on ex-vivo MR are also found on pathology. The data shows that 

USPIO particles are distributed to the cervical lymph nodes after intravenous administration. The pattern of uptake can be altered as lymph nodes in this particular 

region are frequently susceptible to inflammatory changes caused by infections of the upper aerodigestive tract4. Moreover, lymph nodes are punctured during the 

routine diagnostic tract, potentially disturbing USPIO transport. The relevance of both issues will be further explored while the study progresses. 

 

Conclusion: The feasibility of performing USPIO-MRI in head and neck SCC patients is demonstrated by these preliminary findings. Due to the incorporation of the 

ex-vivo MRI, our workflow enables correlation between in-vivo MR-images and histopathological results on a nodal level which is essential for a future assessment 

of diagnostic accuracy. A larger patient number is required in order to draw more reliable conclusions on the diagnostic performance of USPIO-MRI on a patient 

level; our node-to-node correlation allows for analyses on nodal, or at least nodal station level. 
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3 Tesla in-vivo MRI 3D T1 VIBE DIXON 3D T2* MGRE 

Acquisition time (min) 4:53 11:50 

Repetition time (ms) 6.02 31 

Echo time (ms) 2.57, 3.8 2.46-27.06 (6 echoes) 

Flip angle (degrees) 10 10 

Resolution (mm3) 0.8 x 0.8 x 0.8 0.8 x 0.8 x 0.8 

7 Tesla ex-vivo MRI 3D Lipid excitation 3D Water excitation 

Acquisition time (min) 10:00 19:59 

Repetition time (ms) 15 30 

Echo time (ms) 3 3.02 

Flip angle (degrees) 10 14 

Resolution (mm3) 0.2 x 0.2 x 0.2 0.2 x 0.2 x 0.2 

Table 1: Parameters of in-vivo (3Tesla) and ex-vivo (7 Tesla) MR protocol. 

 

 

Figure 1: Example of the workflow. A node is localized on the  T1 vibe dixon MR image (A). The corresponding node was marked on the T2*-weighted MGRE (computed echo time 12 

ms) sequence (B). Due to an area of increased signal intensity this node is suspicious (yellow circle). This node was matched to the dissected specimen (C) and the ex vivo MR water 

image (D) which guided the pathologist to enclose this node separately. The red and blue lines indicate the border between neck level I-II and II-III, respectively. Histopathologic 

examination with H&E staining (E) and IHC (F) showed a metastasis. 



 

Synopsis: This study investigates the relation between B1
+ and signal amplitude of the MT- and APT pools in CEST MRI. We examined 19 breast cancer patients 

that underwent NAC treatment with CEST MRI at 7T. The data indicates evidence for an extra exchanging pool with strong B1 dependence, that is more abundant 

in tumor tissue compared to healthy tissue. By identifying the exchanging components in this pool, a new biomarker for tumor tissue could be found and used to 

understand changes in response to NAC early during treatment. 

 

Purpose: Nowadays neoadjuvant chemotherapy (NAC) is the preferred treatment for early-stage breast cancer. NAC is a systemic therapy whereby cytotoxic drugs 

are administered before surgery or radiation therapy, with the intention to reduce tumor size and make breast conserving surgery possible for patients who 

otherwise required mastectomy.1,2 However 30% of the patients do not respond to NAC3 and for these patients it would be beneficial to predict the pathological 

response early on in the course of treatment, to properly adjust the treatment for every patient individually. In this study, changes in metabolism of tumor tissue are 

investigated using amide proton transfer (APT) CEST MRI at an ultra-high field MR system (7T). The concentration of proteins and the intracellular exchange rate 

is increased in tumor tissue.4,5 Dula et al. showed that NAC may have an effect on these processes.6 APT CEST at high-field benefits from high signal to noise ratio 

(SNR) and increased chemical shift dispersion, making the technique reproducible with a high level of precision and improving the sensitivity of APT signals to 

therapeutic response.7 Moreover, at higher field strengths, the wavelength of the radio frequency pulse is reduced, resulting in transmit (B1
+) field inhomogeneities 

that can be used to study CEST contrast mechanism in detail. This study was performed to evaluate the effect of B1
+ on CEST MRI in breast cancer patients at an 

ultra-high-field MR system. 

 

Methods: CEST MRI was performed in 19 breast cancer patients treated with NAC before and after the first cycle of chemotherapy on a whole-body 7T MR 

scanner (Achieva, Philips Health Care, Cleveland, OH, USA) in prone position using a dual-quadrature double-tuned radiofrequency coil.8 A series of 20 sinc-

Gauss RF-saturation pulses (pulse duration: 100ms, inter pulse delay: 100ms, nominal B1
+ peak amplitude: 2µT) resulting in a 4s saturation train (50% duty cycle) 

followed by a gradient-echo readout.9 33 Frequency offsets were acquired resulting in a scan time of 4:55min. These offsets were not equally distributed over the 

frequencies; more offsets were obtained around the amide peak (3.5 ppm) and the water peak (0.0 ppm) for better fitting of these resonances. The frequency offsets 

associated with the nuclear Overhauser effect (NOE) were not included due to signal distortions by unsuppressed lipid resonances. CEST images were B0 corrected 

using the original CEST spectra as input for the WASSR method10 and quantified using a three-pool Lorentzian fit (water, APT and metabolic transfer (MT)) of the 

z-spectra in the tumor as well as in healthy tissue. The calculated APT and MT maps were obtained using the amplitude of the fits. Tumor tissue masks were 

obtained using a region growing algorithm on intensity difference images of the first and last acquisition of a dynamic contrast series (Figure 1). The correlation 

between B1
+ and CEST signal was investigated for the APT and MT exchange pools and compared between healthy and tumor tissue. Because the quality of the B1

+ 

maps acquired (AFI, TE=1.981ms, TR1=40ms, TR2=200ms, FA=30̊) is suboptimal in some regions where B1
+ is low, the template approach developed by Rijssel 

et al. was used.11 The simulated B1
+ distribution of the generic template12 was scaled to patient specific values using a linear least squares approach between the 

template and the measured B1
+ maps for both breasts separately. 

 

Results: Figure 2 shows the results of the three pool Lorentzian fitting of the Z-spectrum of one patient. Looking at the correlation between APT and B1
+, healthy 

tissue showed a positive correlation (R2=0.12747; Figure 3). However, in the tumor tissue a negative correlation between APT and B1
+ was observed (R2=0.50093). 

The MT signal showed a positive correlation with B1
+ in healthy tissue (R2=0.48253) and an even stronger positive correlation in tumor tissue (R2=0.70834; Figure 

4). These results indicate that an additional pool is present in the tumor tissue, which might cause overfitting of MT and under fitting of APT. 

 

Discussion: As can be seen in Figures 3 and 4 the B1
+ field has a certain effect on the data. An increase in absolute intrinsic signal is expected considering the 

relation of B1
+ with B1

-. The remaining effect could be explained by an additional exchange pool with strong B1
+ dependence, which results in imperfect fitting of 

MT and APT. Further research is needed to identify and quantify the exchanging metabolites in the “hidden pool” we found in our data. The stronger increase at 

higher B1+ points to a fast exchanging molecule at lower ppm. 

 

Conclusion: This study shows an indication for an exchange pool with strong B1
+ dependence, that is more abundant in tumor tissue compared to healthy tissue. By 

identifying the metabolites in this pool a new biomarker for tumor tissue could potentially be found and used to understand changes in response to NAC early 

during treatment.  
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Figure 1: An example of tumor segmentation using DCE images. (DCE acquisition contained 1 fat suppressed high resolution scan prior to contrast injection (0.1 mmol/kg gadobutrol), 12 high temporal 

resolution scans (TE/TR=1.6/4.8ms, FA=8°, FOV=160x350x160mm3, resolution=2.86x2.86x2.86mm3) and 5 fat suppressed high resolution scans (TE/TR=2.5/5.6ms, FA=8°, FOV=160x350x160mm3, 

resolution=0.7x0.7x0.7mm3)). A) First high resolution scan after contrast administration. B) Result of the segmented tumor mask on top of the pre-contrast image.  C)Intensity difference image. 

 

Figure 2: Results of the three pool Lorentzian fitting of the Z-spectrum averaged over the healthy tissue (A) and the tumor region (B) in one patient. CEST image acquisition included fat suppression with a 
short 1-2-1 spectral-spatial RF pulse to allow for a short TE of 1.4ms, a TR of 2.6ms and a flip angle of 1.2°. A coronal field of view (FOV) of 150×320×100mm3 (FH×RL×AP) with a true resolution of 

2.3×3.0×6.8mm3 was obtained in two shots with an interval of 4.48s and a fourfold acceleration in the right-left direction. 

 

Figure 3: Correlation between amide signal and actual B1 (obtained from B1 template registered to CEST image and scaled with measured B1 map) in healthy tissue (A) versus tumor tissue (B). 

 

Figure 4: Correlation between MT signal and actual B1(obtained from B1 template registered to CEST image and scaled with measured B1 map) in healthy tissue (A) versus tumor tissue (B). 



 

PURPOSE: Ischemic stroke leads to a rapid local immune response resulting in peripheral immune activation engaging both adaptive and innate arms of the immune 

system1. Lately, regulating post-ischemic inflammation has emerged as a promising therapeutic approach in acute ischemic stroke2. Understanding of the effect of 

inflammation on ischemic injury, however, is still in its infancy. Previously, it has been shown that hematopoietic organs, i.e. bone marrow3,4 and spleen5,6, activate 

as a consequence of ischemic stroke and produce pro-inflammatory immune cells, which are released in the circulation. While this initial response is believed to be 

beneficial for post-ischemic inflammation resolution, prolonged or exacerbated immune activation may lead to worsening in stroke outcome as has been shown in 

patients7,8. Currently, the response of the hematopoietic system to an acute cerebrovascular event, such as stroke, and its influence on disease pathophysiology is not 

well understood9. Therefore we aim to  elucidate the relation between bone marrow activation and stroke outcome, by pre- and post-contrast in vivo MR imaging of 

bone and brain in mice after ischemic stroke.   

 

METHODS: Ischemic stroke is induced by 60-min middle cerebral artery occlusion (tMCAO) in male C57BL/6 mice. Healthy animals serve as controls. Mice are 

imaged 24 hours after stroke (Fig. 1A) with a preclinical 9.4T MR system equipped with a 400 mT/m horizontal gradient coil (Agilent) and Millipede volume coil. 

Mice are anesthetized with isoflurane and physiologically monitored during image acquisition. A T2-weighted fast spin-echo multi-slice (FSEMS) sequence is used 

for ischemic lesion detection in the brain (TR = 2347 ms, TE = 56 ms, 20 slices, slice thickness 0.7 mm, flip angle 90°, field of view 25 x 25 mm2, acquisition 

matrix 256 x 256, 4 averages). This is followed by body imaging at four oblique slice positions to cover ipsi- and contralateral long bones (humerus/femur), torso 

including spleen, kidneys and vena cava/aorta and the brain. Pre-contrast T1-weighted 2D gradient echo images with variable flip angles are acquired followed by 

bolus injection of Gadovist (0.3 mmol/kg, Bayer) during which images are dynamically acquired for 30 minutes. After dynamic acquisition, variable flip angle scan 

is repeated. Imaging parameters are as follows: pre- and post-contrast flip angles 2°, 4°, 6°, 8°, 14°, 20°, 30°, 40°, 50°, 70°, 90°; dynamic postcontrast flip angle 

14°; TR = 25 ms; TE = 3 ms; 4 slices, slice thickness 0.5 mm – 1 mm, field of view 25 x 25 mm2, acquisition matrix 256 x 256, 2 averages).  
 

RESULTS AND DISCUSSION: Ischemic lesion is detected as hyperintense areas within the gray matter in T2-weighted images (Fig. 1B). Initial results show the 

feasibility of acquiring data from several organs of interest in a single imaging session (Fig. 1C). In addition, contrast enhancement is visually detected in the bone 

marrow and its vasculature in post-contrast images indicating our approach can be used in studying the bone marrow niche (Fig. 1D). Quantitative contrast-enhanced 

MR imaging allows for a multi-organ approach where systemic inflammation can be elucidated in whole-organ level and tracked longitudinally within the same 

animal. This technique can be adapted for measuring the therapeutic response of immunomodulatory therapies in cardio- and cerebrovascular disease and other 

conditions where hematopoietic activation plays a key role in disease pathology.  
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Figure 1. A) Experimental design. B) Example of T2-weighted brain lesion detection 24 hours after 60 min tMCAO in C57BL/6 mouse. C) Examples of images of oblique slices for contrast-enhanced T1-
weighted acquisitions showing the brain (i), torso (ii) and humerus (iii). D) Pre- and post-contrast images of femurs in male C57BL/6 mice with tMCAO or without stroke. Mice were injected with 0.3 

mmol/kg Gadovist (Bayer).  



 

Synopsis: aMRI holds great potential for assessing brain motion/strain using images acquired from readily-available sequences. However, registration is needed to extract 

displacements from the motion-amplified images, which may limit its accuracy. In this study we separately assessed the errors induced by registration limitations and by 

imperfections in the aMRI amplification. Displacements were extracted from aMRI and DENSE-amplified images using a common registration algorithm, which were then compared 

to a ground truth. Although significant differences were found between DENSE-amplified images and aMRI, the aMRI-derived displacements were comparable to the ground truth, 

strengthening the potential of aMRI for investigating brain motion in disease. 

 

Introduction  

Brain tissue exhibits cardiac-induced pulsatile motion which may be altered in diseases that affect intracranial pressure1, providing a potential means to better quantify and understand 

these diseases. Both DENSE2 and amplified MRI3,4 (aMRI) have the sensitivity to discern the subtle displacements that are associated with brain tissue motion. aMRI estimates 

displacements through a post-processing algorithm applied on conventional cine-images, which yields a great potential for assessing brain motion on clinically available scanners 

with readily available sequences. Furthermore, brain tissue strain is derivable from tissue displacement fields, which could provide insights into diseases that affect the (visco)elastic 

properties of brain tissue, or the cerebral small vessels which act as a conduit for cardiac-induced tissue strain. However, a registration algorithm is needed to extract displacements 

from the amplified motion images generated by aMRI, which may limit its accuracy. Moreover, accurate quantification of strain critically depends on good estimation of the 

amplification factor. In this study we aim to separately assess the errors induced both by registration limitations and by potential imperfections in the amplification of aMRI. This is 

done by comparing both DENSE-amplified images and aMRI-derived brain tissue displacements to a known ground truth.  

 

Methods 

Anterior-Posterior (AP) and Feet-Head (FH) 4D DENSE images were acquired and processed from 8 subjects as previously described5 to extract brain tissue displacements covering 

the entire cardiac cycle (0.93x0.93x1 mm3 interpolated resolution). A high-resolution T1-weighted image (resolution = 0.93x0.93x1 mm3) was also acquired for each subject. Ground 

truth displacements (GTD) were created by selecting a mid-sagittal slice of the T1 image (10-20 mm left/right from the interhemispheric fissure) and then spatially smoothing the AP 

and FH DENSE displacements associated with that mid-sagittal slice with a Gaussian filter (kernel=21x21 pixels, sigma=3.5). The mid-sagittal T1-weighted slice was then deformed 

by each cardiac phase of the GTD to create DENSE-animated images (Dani-MRI). Phase-based amplification4 was used to 10x amplify the Dani-MRI to create aMRI. As a reference, 

DENSE-amplified images (Damp-MRI) were similarly created by linearly scaling the GTD by a factor of 10 and then using the scaled GTD to deform the mid-sagittal T1 image. 

Cardiac-induced brain tissue displacements were extracted from the Damp-MRI and aMRI through registration with elastix6. Linear regression was then used to investigate the 

amplification factor (slope) and agreement (R2) between Damp-MRI derived displacements and the GTD, and also between aMRI-derived displacements and the GTD. Student’s T-

test was used to assess differences between the Damp-MRI and aMRI regressions. Note that mismatch between Damp-MRI and GTD selectively reflects errors from the registration, 

while aMRI vs. GTD reflects both registration errors and imperfections of the amplification algorithm used by aMRI. 

 

Results 

Figure 1 shows example displacement maps/curves for the GTD as well as Damp-MRI and aMRI-derived displacements. The group mean slopes (at peak displacement within brain 

tissue mask) of the Damp-MRI derived displacements versus the GTD were (mean std) 8.2 0.8 and 8.8 0.2 for the AP and FH displacements, respectively. The group mean slopes 

for the aMRI-derived displacements versus the GTD were 5.8 0.3 and 6.2 0.4 for AP and FH displacements, respectively. The aMRI slopes were significantly lower than the Damp-

MRI slopes for both AP (p<0.0005) and FH (p<0.0005) displacements. The spatial R2 agreement between the GTD, Damp-MRI and aMRI derived displacements is shown in figure 

2, whilst figure 3 shows the temporal stability over the cardiac cycle of the agreement and amplification factor. The agreement and amplification of the displacements are noticeably 

different, for both Damp-MRI and aMRI. The AP displacements was least well captured, which may partly be due to the generally lower amplitudes of AP motion compared to FH 

motion. 

 

Discussion 

We investigated the accuracy of Damp-MRI and aMRI-derived displacements in an ideal case without image artefacts, using a known amplification factor and known displacements. 

Both Damp-MRI and aMRI derived displacements showed generally good agreement to the GTD. The estimation of the amplification factor (slope) from Damp-MRI displacements 

was significantly more accurate than those from aMRI, suggesting the need for further calibration of the amplification parameters. Poorer agreement of derived displacements in the 

later phases of the cardiac cycle was found for both Damp-MRI and aMRI. As such, these are likely related to limitations of the registration algorithm and underscores the importance 

of the registration algorithm used to extract displacements, and the need for artefact-free images which could otherwise misguide the registration. Of note, accurate strain 

computations would be compounded by the different amplification factors found in this study for the AP and FH displacements. Future work is warranted to investigate the accuracy 

of brain tissue strain obtained from aMRI derived displacements, and to utilise these measurements to explore changes to brain tissue with disease. 

 

Conclusion 

aMRI-derived displacements are comparable to DENSE in the ideal case, strengthening the potential of aMRI as a means for investigating brain tissue displacements. However, there 

was limited success in extracting the amplification factor from the derived displacements, which is partly attributable to limitations of the required registration step, and partly to 

imperfections of the amplification algorithm itself. Future work is necessary to investigate to what extent these limitations hinder practical use of aMRI for studying brain motion in 

health and disease.   
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Figure 1. Example displacement maps and curves (mean displacement within brain tissue over cardiac cycle) derived from Damp-MRI (b) and aMRI (c) through registration. The ground truth 

displacement (a) is also shown (linearly scaled x10 to better fit within the range of the colour map). Maps are shown at the time of peak displacement, relative to triggering at peak-systole. Positive 

displacements indicate motion towards the posterior/head direction. The anatomical reference image is also shown. 

 

Figure 2. R2 maps showing agreement between Damp-MRI and aMRI derived displacements and 

the GTD, for both AP and FH displacements, at the time of peak displacement. The anatomical 

reference image is also shown. There are observably more areas of poor agreement in the R2 maps 
of aMRI compared to Damp-MRI, particularly for the R2 map of the AP displacement. This may be 

related to lower amplitude AP motion (relative to FH motion) which is ‘missed’ by the aMRI 

algorithm. 
 

Figure 3. Plots showing the mean slope and R2 found within the brain tissue for each 

acquired phase of the cardiac cycle. The bold red and blue lines represent the group mean 

value for AP and FH displacements, respectively, whilst the shaded regions reflect inter-
subject variability. Images were registered to the first acquired image, hence displacements 

at 0% or 100% of the cardiac cycle (reflecting peak-systole) are zero and therefore omitted 

from the plots. 



 

Synopsis: In this study, we propose an extension of the formalism of gradient echo based myelin water imaging by incorporating diffusion-weighted imaging data and an analytical white matter fibre 

model of signal evolution in a hollow cylinder. Voxel-wise analysis illustrated that the proposed model can significantly reduce the noise in the MWF estimation compared to the standard model, providing 

robust estimation even on high resolution data. 

 

Introduction: Multi-echo GRE myelin water imaging (MWI) infers white matter (WM) myelination by fitting the multi-echo signal to a 3-pool model1. This fitting is ill-conditioned because of the 

similar relaxation times and frequency shifts between the various compartments. Recent DWI development on WM microstructure modelling allows the estimation of not only fibre orientation but also the 

volume of intra-/extra-cellular water2,3. Integrating DWI with physics informed signal models has the potential to improve myelin water fraction (MWF) measurements. 

 

Theory: Standard GRE-MWF model considers 3 water pools in WM1, including myelin water (MW), intra-axonal water (IW) and extracellular water (EW): 

𝑆(𝑡) = [𝐴𝑀𝑊𝑒(−𝑅2,𝑀𝑊
∗ +𝑖𝜔𝑀𝑊)𝑡 + 𝐴𝐼𝑊𝑒(−𝑅2,𝐼𝑊

∗ +𝑖𝜔𝐼𝑊)𝑡 + 𝐴𝐸𝑊𝑒(−𝑅2,𝐸𝑊
∗ +𝑖𝜔𝐸𝑊)𝑡]𝑒𝑖(𝜔𝑏𝑡+𝜑) [𝐸𝑞. 1] 

Each pool has distinct signal intensity 𝐴, transverse relaxation rate 𝑅2
∗, and frequency shift 𝜔, while 𝜔𝑏 and 𝜑 represent the background field and phase offset. 

 

Hollow cylinder model (HCM) has been used to describe the frequency shifts of MW and IW introduced by the isotropic and anisotropic magnetic susceptibility of the myelin sheath (𝜒𝐼 and 𝜒𝐴)4. These are 

given by: 
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where 𝑐 = 1 4⁄ − 3𝑔2 ln(1/𝑔) (2(1 − 𝑔2))⁄ ; 𝜃 is the angle between the fibre and the 𝐵0 directions (can be derived from DWI); 𝑔 is the ratio between inner and outer axonal radii, but can be derived from 

𝑔 = √𝐴𝐼𝑊 (𝐴𝐼𝑊 + 𝐴𝑀𝑊 𝜌𝑀𝑊⁄ )⁄ , and 𝜌𝑀𝑊 is the relative myelin water density5. Therefore, the frequency shifts can be computed from the MWI model without fitting extra parameters when we assume the 

myelin sheath properties are constants throughout the brain (𝜒𝐼 = 𝜒𝐴 = −0.1 𝑝𝑝𝑚, 𝜌𝑀𝑊 = 0.43, 𝐸 = 0.02 𝑝𝑝𝑚)4,5. The same formalism predicts the decay of EW as the sum of the IW 𝑅2
∗ and an extra 

dephasing effect, 𝐷𝐸 , due to the inhomogeneous field4. 

 

Multi-compartment diffusion models such as NODDI2 and spherical mean technique (SMT)3 can estimate the volume fraction of intra-axonal water (𝑣𝑖𝑐). This information can be added to the MWI model 

as: 

𝑆(𝑡) = [𝐴𝑀𝑊𝑒(−𝑅2,𝑀𝑊
∗ +𝑖𝜔𝑀𝑊)𝑡 + 𝐴𝐼𝐸𝑊(𝑣𝑖𝑐𝑒(−𝑅2,𝐼𝑊

∗ +𝑖𝜔𝐼𝑊)𝑡 + (1 − 𝑣𝑖𝑐)𝑒(−𝑅2,𝐼𝑊
∗ +𝑖𝜔𝐸𝑊)𝑡𝑒−𝐷𝐸)]𝑒𝑖(𝜔𝑏𝑡+𝜑) [𝐸𝑞. 4] 

where 𝐴𝐼𝐸𝑊 = 𝐴𝐼𝑊 + 𝐴𝐸𝑊. 

 

Methods: Simulation Monte Carlo simulations were conducted to study the bias and precision of MWF estimation. 2000 simulations of a 3-pool WM signal4 (with the parameters described above) with 

added Gaussian noise were fitted with the standard and diffusion informed (DIMWI) models. The process was repeated while varying the fixed parameters (𝜒𝐼, 𝜒𝐴, 𝜌𝑀𝑊 and 𝑅2,𝐸𝑊
∗ ) in the HCM, assuming 

under (-30%) or over-estimation (+30%) of those quantities. 

 

In vivo Imaging All scans were conducted at 3T (Siemens, Erlangen, Germany). Six healthy subjects were scanned with the following protocol: 

1) 3D mGRE, TR/TE1/ΔTE/TE12=46/2.15/3.05/35.7ms, res=1.8mm isotropic, α=20° and TA=3.5mins. Repeated 7 times. 

2) 2D-MB EPI-DWI, MB=3, res=1.6mm isotropic, TR/TE=3350/71.20ms, 2-shell (b=0/1250/2500 s/mm2, 17/120/120 measurements), TA=15mins. 

Two subjects were scanned with the above protocol and a higher resolution GRE sequence: 

3) 3D mGRE, TR/TE1/ΔTE/TE12=46/2.15/3.03/35.48ms, res=1.4mm isotropic, α=20° and TA=4.5mins. 

 

DWI was processed with SMT4 and a ball-and-stick model6 (3 sticks per pixel were allowed) to compute the axonal volume fraction and fibre orientations. MWF maps were computed by fitting the 

standard (10 parameters) and DIMWI (6 parameters) models on either 1 or averaging of 7 measurements. 

 

Data Analysis Regions of interest (ROI) were drawn on the splenium of the corpus callosum (26 voxels) and corticospinal tract (30 voxels) of 1 subject. Voxel-wise fitting was performed with a magnitude 

model (standard model with only signal amplitudes and 𝑅2
∗s, 6 parameters), the standard and the DIMWI models. The mean and standard deviation of the fitting residual was subsequently derived. The 

robustness of the most relevant parameters (MWF and 𝑅2
∗s) of each model was evaluated on their group-averaged histograms within WM and grey matter (GM) masks. 

 

Results and Discussion: The Monte Carlo simulations showed when fibres are not parallel to 𝐵0, DIMWI reduced bias and improved precision despite the assumptions of the fixed parameters in 

HCM were invalid (Fig.1). The ROI analysis demonstrated that the fitting residual of all models is smaller than the standard deviation of the signal (Fig.2). This was the case even the compartmental 

frequencies were ignored, which is deviated from the HCM prediction, suggesting that MWI is susceptible to over-fitting. The MWF and the IW 𝑅2
∗ maps obtained with the standard model are significantly 

noisier than those of our proposed method. Fig.3 shows that even with averaging 7 GRE acquisitions, the standard model underperforms to one GRE acquisition as input to the DIMWI. Fig.4 shows that 

high-quality, high-resolution MWF map can be obtained with DIMWI model. The group-averaged histograms illustrate that the MWF estimation is robust in WM (Fig.5a). Despite the DIMWI having used 

3 fibre orientations from the ball-and-stick model which should account for quasi-random GM microstructure, the estimations of MWF (Fig.5b) and MW 𝑅2
∗ from the DIMWI (Fig.3c and Fig.5c) suggest 

that the biophysical model does not hold in GM. The IW 𝑅2
∗ of DIMWI has a narrower distribution (Fig.3d and Fig.5d), suggesting a more robust fitting, and higher values than the standard MWI (due to 

overfitting).  

 

Conclusion: Incorporating DWI into MWI improves MWF estimation in WM, allowing higher resolution MWF maps to be acquired in a shorter amount of time. DIMWI is an interesting add-on to 

diffusion-weighted imaging. A relatively short acquisition (3.5 minutes added to a 15-minute DWI scan) can provide information on myelin integrity that is not directly accessible using DWI. DIMWI will 

be combined with multi-compartment relaxometry7 to explore other myelination markers associated with longitudinal relaxation. 
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acquisition, together with the mean 

fitted signal from all models. Bottom 
plots show the mean and standard 

deviation (shaded regions) of the 

fitting residual. Residuals are 
significantly smaller than the 

measured noise which suggests over-

fitting. ▲ 

 

Figure 2: ROI analysis of the (a) splenium of the corpus callosum (perpendicular fibre) and (b) corticospinal tract 

(parallel fibre). Top plots show the mean magnitude signal over the ROI and its standard deviation (shaded region) 

over all voxels and 7 repetitions of the  

Figure 1: Box plot (median ± interquartile) of MWF bias and precision when the fixed parameters in HCM deviated from 

the assumptions. The precision of the MWF from both models is comparable in parallel fibre, while DIMWI improves the 
estimation precision significantly in perpendicular fibre. Generally, the median of MWF from the DIMWI model are close 

to the ground truth even when the fixed parameters do not match with the simulation values (blue and yellow).  ◄ 

Figure 3: (a) DWI and (b-d) MWI result from 1 subject. The MWF map 

from the standard model is noisier than the DIMWI model result despite the 
longer total acquisition time, though the accuracy of DIMWI MWF map is 

affected by the strong susceptibility field near the frontal sinus, from which 

the error was propagated to the MW R2*. The MW 𝑅2
∗ in GM is nosier with 

the DIMWI. Nonetheless, the quality of IW 𝑅2
∗ of DIMWI is superior to 

that of the standard MWI, suggesting the fitting of this parameter is more 

robust. ▼ 

Figure 4: MWF computed from 

1.8 mm isotropic (left) and 1.4 

mm isotropic (right) resolution 
datasets from 2 subjects. The 

resulting maps of the DIMWI 

model are significantly smoother 
in the white matter even in high-

resolution datasets (grey arrows). 

Note that DIMWI results are 
affected by the strong 

susceptibility field close to the 

frontal sinus (blue arrows). ► 

Figure 5: Group-averaged histograms 

of MWF in (a) WM and (b) GM 

masks. The DIMWI MWF spectrum 
has a clear peak in WM (see arrow) 

which is either not or just visible with 

1 and 7 averages using the standard 
model. (b) The MWF of DIMWI in 

GM is not as well defined as in WM. 

Group-averaged histograms of 𝑅2
∗ 

values of (c) MW and (d) IW. (c) MW 

𝑅2
∗ in WM is higher for the DIMWI 

model, while in GM the values spread 
over the allowed spectrum (possible 

mismatch between the HCM and tissue 

microstructure). (d) IW decay rate of 
DIMWI result is increased and 

narrower even with a single GRE 

measurement. ◄ 



 

Purpose:  The immune response has been shown to be a major factor in stroke pathobiology and outcome.1 Previous advancement in the field of molecular MRI with 

targeted contrast agents,2,3  have opened up opportunities for in vivo detection of inflammatory markers associated with neurological disorders.4 With the use of 

targeted micron-sized particles of iron oxide (MPIO), Gauberti et al. demonstrated the potential of MRI-based detection of upregulation of the endothelial cell adhesion 

molecules VCAM-1 and P-selectin after experimental stroke.5 The goal of our research is to identify which inflammatory marker, P-selectin or VCAM-1, is most 

optimal as an in vivo biomarker for neuroinflammation after transient middle cerebral artery occlusion (tMCAO) in mice, a widely established model for cerebral 

ischemia-reperfusion. For this, we used gradient echo MRI at 9.4 T to detect the cerebral accumulation of intravenously injected P-selectin- and VCAM-1-targeted 

MPIO.  

 

Methods: To evoke ischemic stroke C57BL6 mice were subjected to unilateral transient middle cerebral artery occlusion (tMCAO) for 60 minutes, followed by 

reperfusion for 24 hours. Healthy mice served as controls. Before MRI, a cannula was placed in the tail vein for injection of 150-200µL MPIO conjugated with 

polyclonal Goat anti-mouse antibodies for P-selectin or monoclonal rat anti-mouse antibodies or VCAM-1. Mice were imaged 24 hours after the induction of stroke 

on a preclinical 9.4T MR system equipped with a 400mT/m horizontal gradient coil (Agilent) and a 2-cm surface coil. Anesthesia was induced with 3.0-4.0% 

isoflurane and maintained at 1.5-2.0% isoflurane in O2 throughout the entire MRI procedure. To detect the ischemic lesion, T2-weighted fast spin echo in multislice 

mode (FSEMS) was performed with the following imaging parameters: 20 slices of 0.7 mm, field-of-view (FOV) 1.92  1.92 cm2, acquisition matrix 256  256, 

repetition time (TR) = 2500 ms, echo time (TE) = 56 ms, number of averages = 4. Before and after MPIO injection, 3D multi-gradient echo (MGE3D) imaging was 

executed with the following imaging parameters: FOV = 2.0  1.7 cm  1.44 cm3, 100 µm isotropic voxels, TR = 50.0 ms, TE = 8.6 ms, number of averages = 1, flip 

angle = 21°.  

 

Results and Discussion 

Figure 1 shows findings from our study. No cerebral contrast enhancement was observed after injection of P-selectin-targeted MPIO in healthy control mice. However, 

small but specific signal hypointensities were observed in the ipsilateral hemisphere of mice with a stroke lesion. On the other hand, injection of VCAM-1-targeted 

MPIO resulted in a relatively large amount of signal hypointensities in healthy control brain. This was also found in the brain of stroke mice. Yet, additional contrast 

enhancement was observed in and around the stroke lesion site.  

Our preliminary results show that P-selectin- and VCAM-1-targeted MPIO have different sensitivity and specificity for the detection of neuroinflammation after 

experimental stroke.  
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Figure 1. A) Left: Schematic illustration of a P-selectin-targeted MPIO binding to P-selectin (top) and a T2-weighted image displaying a unilateral stroke lesion in mouse brain (bottom). Right: Axial images 

from MGE3D scans of a control and stroke mouse pre- and post-injection of 150 µL P-selectin-targeted MPIO. B) Left: Schematic illustration of a VCAM-1-targeted MPIO binding to VCAM-1 (top) and a 

T2-weighted image displaying a unilateral stroke lesion in mouse brain (bottom). Right: Axial images from MGE3D scans of a control and stroke mouse pre- and post-injection of 200 uL VCAM-1-targeted 

MPIO. Blue arrows show the lesion location. Orange arrows show MPIO-induced signal hypointensity. 



 

Synopsis: Circumventricular organs (CVOs), located around the ventricles without blood-brain barrier, maintain homeostasis between the blood, cerebrospinal fluid, and brain. Secretory CVOs are involved 
in peptide release and sensory CVOs regulate signal transmission. These organs can be an entrance point for pathogens. For the first time, physiological properties of the CVOs were assessed in vivo with 

dynamic contrast-enhanced (DCE) MRI. 

Assessing pharmacokinetics (leakage rate; blood perfusion; uptake capacity/retention) with DCE MRI in 20 healthy males, demonstrated that only secretory CVOs had noticeable stronger hemodynamics 

and higher permeability than normal-appearing brain matter. 

 

Purpose: Circumventricular organs (CVOs) are small structures located around the third and fourth ventricles of the brain(1) (Figure 1). CVOs do not have a blood-brain barrier (BBB) and vessels branch into 
an extensive network of fenestrated capillaries with loosely connected astrocytic endfeet, so that substances from the blood can freely pass. CVOs are involved in maintaining homeostasis between the blood, 

cerebrospinal fluid and brain parenchyma(2). 

Secretory CVOs (neurohypophysis (NH); median eminence (ME); pineal gland (PG)) are important for hormone and peptide secretion. Sensory CVOs (subfornical organ (SFO); organum vasculosum of the 

lamina terminalis (OVLT); area postrema (AP)) can sample molecules from the blood and pass signals on to the major neuronal effector centers(3). CVOs are involved in regulation of arterial pressure and 
secretion of pro-inflammatory cytokines(4, 5), and could be an entrance point for pathogens(2). CVOs can thus be linked to neurodegenerative pathology, such as inflammation, and neurotoxic protein 

accumulation. A better understanding of CVO processes might help detecting abnormalities at early stages of neurodegeneration. 

The first step toward a better understanding is defining an imaging technique suitable to investigate CVOs. This feasibility study focused on implementing dynamic contrast-enhanced (DCE) MRI to assess 

CVO hemodynamics and permeability. Due to BBB absence, contrast agent concentration in the CVO brain tissue should rapidly increase after administration. We hypothesized that contrast uptake will be 

higher in CVOs compared to the normal-appearing white and gray matter. 

 

Methods: 61 healthy males who did not show evidence of pathological aging were selected for a Maastricht Aging Study (MAAS)(6) follow-up. We used imaging data of 20 male participants from this larger 

study. The anatomical scans consisted of T1-weighted fast gradient echo, T2-weighted FLAIR, turbo spin echo and gradient echo sequences acquired on a 3T MRI system (Achieva TX, Philips, Best, the 

Netherlands). The last sequence was a dual-time resolution DCE MRI, during which a short dynamic scan interval of 3.2 s was used during steep signal changes in initial contrast circulations, and a longer 

scan interval of 30.5 s was used for the leakage phase(7). During the short interval, a bolus injection (0.1 mmol/kg gadobutrol, Gadavist, Bayer AG, Leverkusen, Germany) was injected intravenously. T1-

mapping was performed prior to contrast administration. 

Voxels belonging to each CVO were manually selected and saved as regions of interest (ROI) (Figure 1). Measurements were conducted in each CVO separately, secretory CVOs combined, sensory CVOs 

combined, white matter and gray matter. Pharmacokinetic modeling was conducted by applying the extended Tofts model(8) on the mean tissue concentration curves (Figure 2) using a vascular input function 
obtained from the sagittal sinus superior, which resulted in three pharmacokinetic parameters: Ktrans: contrast leakage rate as permeability measurement; vp [-]: blood volume fraction perfusion measurement; 

and ve [-]: extracellular, extravascular space volume fraction as contrast uptake capacity/retention measurement(9). For each fit, a visual check was performed and the normalized root-mean-square error 

(NRMSE)(10) was calculated. To ensure the extended Tofts model was an accurate representation, only fits considered ‘good’ (NRMSE < 1.0) were included. 

 

Results: We were able to assess contrast enhancement using DCE MRI in the small CVOs (Figure 3). Secretory CVOs showed much stronger contrast enhancement than sensory. 

The secretory CVOs combined had significantly higher Ktrans, vp and ve values than the white and gray matter (all p < .001, Table 1). Post-hoc analyses for each secretory CVO separately demonstrated that 

the NH, ME and PG all had significantly higher values than the white matter (all p < .001). The NH had significantly higher values than the gray matter for Ktrans, vp and ve (all p < .001), and the PG had 

significantly higher values than the gray matter only for the vp and ve (all p  .021). 

The sensory CVOs combined did not differ significantly from the white matter for any of the parameters. Moreover, the sensory CVOs combined actually had significantly lower Ktrans, vp and ve values than 

the gray matter (all p  .001, Table 1). 

 

Discussion: We have introduced a novel method to assess hemodynamic and permeability properties of CVOs, implementing DCE MRI and pharmacokinetic modeling. Only secretory CVOs had higher 

permeability, stronger blood perfusion and contrast uptake capacity, and longer retention compared to normal-appearing brain matter. Blood flow in the sensory CVOs is slower relative to the rest of the 
brain, for the blood plasma to have better access to the receptors(2), and less contrast agent may reach the sensory CVOs. Moreover, sensory organs may suffer from partial volume effects due to their very 

small size which may further explain the weak contrast enhancement. 

The strong contrast enhancement of the secretory CVOs can be attributed to a combination of hyperpermeability, vascular lumen and contrast uptake capacity. CVOs may provide access to pathogens and 

form a starting point for an inflammatory response(2, 5). Therefore, assessing pharmacokinetic properties of CVOs and determining what characteristics potentially cause strong contrast enhancement, might 

eventually help blocking entrance of pathogens and possibly prevent neurodegeneration. 

 

Conclusion: CVOs can be physiologically characterized in vivo by means of DCE MRI. Only secretory CVOs have noticeable higher permeability and uptake capacity than white and gray matter for the 

gadolinium contrast agent. 
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Figures: 

 

Figure 1. Example of a mid-sagittal anatomical FLAIR image and the regions of interest of the secretory (blue) and sensory (red) CVOs. 

 

 

Figure 2: Example of mean contrast agent concentrations as a function of time obtained in a secretory (median eminence (ME) blue circles) and sensory (organum vasculosum of the lamina terminalis (OVLT) 

red crosses) CVO and gray matter (gray squares) with lines fitted through the data points using the extended Tofts model. 

 

Figure 3. Time course of the mean contrast agent concentration. A and B: In the combined secretory (solid blue) and combined sensory (solid red) CVOs and white (black dash-dot) and gray (gray dash-dot) 
matter since arrival to end of sequence (A) and up to one minute after arrival (B); C: In the secretory CVOs NH (solid), ME (dash-dot) and PG (dotted); and D: In the sensory CVOs SFO (solid), OVLT 

(dash-dot) and AP (dotted). Note the difference in time-axes between subpanel A and B, idem the concentration axes between panel C and D. 

 

Table 1. Median (25 - 75 percentiles) of the Ktrans, vp and ve 

ROI Ktrans 

[min-1] 

vp 

[-] 

ve 

[-] 

Secretory .22†‡ 

(.15 - .33) 

.10†‡ 

(.078 - .24) 

.27†‡ 

(.20 - .32) 

Sensory .025‡ 

(.008 - 0.032) 

.015‡ 

(.005 - .029) 

.022†‡ 

(.012 - .029) 

White matter .022 

(.010 - .032) 

.014 

(.008 - .018) 

.011 

(.006 - .019) 

Gray matter .086 

(.043 - .11) 

.046 

(.031 - .063) 

.085 

(.048 - .11) 

† significantly (p < .05) different from white matter, ‡ significantly (p < .05) different from gray matter. 



 

Synopsis: Variable delay multi-pulse chemical exchange saturation transfer (VDMP-CEST) is a novel method that has been shown to be promising for separating 

CEST effect from different CEST pools. In this study, we further investigated this method to evaluate CEST effects from metabolites and proteins in phantom and 

from in vivo human brain at 7T. Build-up times from the human brain are reported for the first time. CEST effects from slow and fast exchanging protons are 

distinguishable through VDMP build-up curves. However, the pronounced magnetization transfer effects in vivo should be further addressed to quantify CEST effect 

from separate pools.   

 

Purpose: Chemical exchange saturation transfer (CEST) allows to indirectly image proteins and metabolites that are present in low concentrations in tissue by 

employing a long radio frequency (RF) pulse train to selectively saturate exchangeable protons in these solutes1,2. In vivo CEST effect has been shown to relate to 

the solute concentration and the intracellular environment such as pH3,4. Especially, Amide Proton Transfer (APT) at 3.5 ppm and Nuclear Overhauser Effect (NOE) 

at -3.5 ppm have been shown to be useful to detect molecular changes in brain tumors and to relate to tumor grading3,4. The major challenge for CEST imaging is the 

overlapping effects from different solute pools as well as from magnetization transfer contrast (MTC). 

A recent study has shown the advantage of CEST editing to differentiate APT signals in phantoms and mouse models by exploiting the saturation build up while 

varying the RF pulse lengths and the imterpuls intervals5. The proposed technique, known as variable delay multi-pulse (VDMP) CEST, allows to indirectly image 

proton pools with different exchange rates. CEST editing in the human brain is part of ongoing research and yet to be established in feasible settings for clinical 

translation. Our study focused on investigating VDMP-CEST for amine, amide protons and NOE in phantom and in human brain at 7T.  

Methods: VDMP-CEST images were acquired from phantom and 4 healthy volunteers on a 7 Tesla Philips Achieva MR system. The phantom consisted of metabolite 

solutions titrated at pH 7.3 (100 mM Creatine, 100 mM Glutamate) to assess metabolite CEST, and egg white to assess APT and NOE effects. VDMP-CEST pulse 

sequence (Figure 1) consisted of a saturation module (16 sinc gauss pulses of 20 ms pulse width) followed by a 3D spoiled gradient echo acquisition. A frequency 

offset range of -1500Hz and 1500Hz was spanned with 29 frequencies at a step of 107 Hz. The acquisition parameters were the following: TR/TE: 5/1.89 ms, FA: 5, 

FOV: 200 x 200 x 21 mm, voxel size: 1.5 x 1.5 x 3 mm, EPI factor: 75, scan duration for the shortest mixing time: 01:32 min. A total of 11 mixing times (tm) (0, 5, 

10, 20, 40, 60, 80, 100, 120, 140 and 160ms) were acquired for two separate B1 amplitudes (1.1 and 3.4 µT).  

Results and Discussion: CEST images acquired at different frequencies from one of the healthy volunteers and the corresponding Z-spectra from a region of interest 

(ROI) chosen from the gray matter (GM) are shown in Figure 2.  Figure 3 shows the VDMP Z-spectra results for different tm from the egg white phantom and from 

the GM ROI for two B1 values. Both phantom and in vivo data suggest that a higher B1 allows a more pronounced detection of the NOE effect at -3.5ppm. A higher 

APT signal (3.5ppm) was observed from the egg white when using a higher B1. On the other hand, a very low APT signal was detected from the human brain similarly 

to a previous study6. The VDMP-CEST effect from glutamate phantom can only be distinguished when a high B1 or short mixing times are used. This is in line with 

the fast-exchanging nature of glutamate7. An increased MTC effect was observed when using a higher B1 amplitude (3.4 µT) even when a tm of 100 ms or longer was 

used. So far, only one study has investigated VDMP-CEST in in vivo human brain6. Differently from that study, we still observed a substantial MTC effect while 

using different mixing times. The build-up curves of the VDMP-CEST effect are shown in Figure 4. Different slopes and build-up trends were observed for APT, 

NOE and amides at 3.4 µT. The slopes correspond to T1 relaxation time whereas the build-up times relate to exchange rates4-6. The differences in build-up times were 

more pronounced in the egg white phantom compared to the human brain. The slow build-up time observed in NOE in egg white is consistent with a previous study6 

and relates to the slow-exchanging protons generating NOE effect.  Build-up times from the human brain are reported here for the first time. While a subtraction 

(VDMP difference) of signal from different mixing times could eliminate signal from slow exchanging molecules (NOE) in phantom, the highly pronounced MTC 

effect complicates the differentiation of CEST pools in vivo. Work in progress includes fitting VDMP build up curves to quantify metabolites with slow and fast 

exchanging components. Various mixing times could be exploited quantitatively to differentiate CEST effect from separate pools in vivo.  

Conclusion: In this study, we investigated the use of VDMP-CEST separately for amine, amine, and NOE pools in in vivo human brain for the first time. We have 

shown that the combination of mixing times and a higher saturation power allows to detect different trends from specific CEST pools. However eliminating the MTC 

effect still remains a challenge especially when pulses with higher B1 values are used. Future in vivo studies will focus on eliminating MTC effect and to separate fast 

and slow exchanging molecules.  

References: 1. Chen et al. MRM 2017 2. Wu et al. EJNMMI Physics 2016 3. Zaiss et al. MRM 2017 4. Zhou et al. Appl Magn Res 2012 5. Xu et al. MRM 2014 6. Xu et al. MRM 2016 

7. Khlebnikov et al. Scientific Reports 2019. 
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Figure 1. Pulse Sequence diagram for VDMP CEST sequence.  

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Images acquired using different frequency offsets during 

VDMP CEST preparation and the resulting Z-spectra from a small 

region of interest from gray matter.  

Figure 3. Mean Z-spectra from manually drawn ROIs from egg 

white (A,B) and gray matter (GM) (C,D). Z-spectra acquired with 

mixing times of 0 (blue), 40 (red), 80 (yellow), and 140 ms (purple) 

are shown separately for B1 values of 1.1 uT (A,C)  and 3.4 uT (B, 

D). 

Figure 4. Saturation build-up curves from creatine, glutamate, 

and egg white phantoms as a function of mixing time (A,B). 

CEST effects from creatine and glutamate are shown in filled 

and dashed lines respectively. NOE and APT effects from egg 

white are shown separately. Saturation build-up curves from a 

region of interest in gray matter (GM) (C,D). Amine (black), 

NOE (blue) and APT (purple) signals are shown separately for 

B1 values of 1.1 uT (A,C)  and 3.4 uT (B, D) 



 

Synopsis: <This is the template for the abstract submission of the ISMRM Benelux. Your text may start on this line. 

The SCGOB laboratory developed novel nanoparticles made of a very small iron oxide core (4 nm diameter), coated with polyethylene glycol (PEG) chains to increase the blood circulation time. PEG of 
three different lengths (molecular weight) were evaluated: 800, 2000 and 5000 Da. Other molecules can be linked to the VSION core, inbetween PEG chains. The ZW800-1 NIR fluorescent dye was added. 

Consequently, these VSION act first as MRI contrast agent, but should also be useful for fluorescent imaging (FLI) and photoacoustic imaging (MSOT). Each modality has its own strengths and disadvantages, 

regarding sensitivity, time resolution, spatial localization, etc…. The aim of the present work was first to evaluate the detectability of VSIONs by these 3 imaging modalities, and then to evaluate their 

biodistribution in vivo in healthy mice. 

VSIONs were detectable in vivo using the 3 imaging modalities, which provided us different kind of information. MRI allows for their liver detection at long term, while FLI and MSOT give more quantitative 

data and allow for visualization of their short and fast kinetic through the kidneys. Indeed, FLI and MSOT showed similar results; a strong and fast renal clearance by for the 3 types of VSIONs, within the 5 

first min post-i.v.. However, MSOT seems less sensitive than FLI, as it could not detect VSION in the liver, while FLI succeeded to detect VSION for 3-4 days post-i.v.. MRI depicted the liver accumulation 
of VSION and allowed to show clear differences in terms of in vivo behavior caused by the length of PEG chains. Indeed, the extent and rate of their liver capture were inversely proportional to the PEG size. 

Problems to detect VSION in the liver with optical methods could be related to the fact that the ZW800-1 dye is grafted at the VSION surface. Indeed, it may be quickly degraded or uncoupled from the NPs 

after liver (Kupffer) cell uptake. At the opposite, MRI detects the iron content of VSIONs, which are known to be stored for a while in these cells.  

Taken together, results from the 3 imaging modalities showed that a large amount of VSION is eliminated through the kidneys, with limited influence of PEG chain molecular weight. However, increasing 
this PEG size leads to a decrease in liver uptake of VSIONs and to an extension of their blood circulation time. Consequently, VSION-5000 seems more suitable for a use as long circulating imaging agent 

that could be useful for angioMRI, for example. 

 

 

 

  

Multimodal in vivo characterizations of novel pegylated and fluorescent VSIONs  
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Synopsis: Before Chemical Exchange Saturation Transfer (CEST) can be implemented into clinical practice, it is important to understand the reproducibility of 

CEST measurements. The goal of the current work is to measure within-session reproducibility of Amide proton transfer (APT) and Nuclear Overhauser 

Enhancement (NOE) CEST measurements in the brains of healthy volunteers at 3T. Two-pool Lorentzian fitting was performed to calculate Lorentzian Difference 

(LD) of these metrics of CEST. The qualitative and quantitative analysis showed high degree of within-session reproducibility LDamide and LDNOE. 

 

Introduction: Glioma is the most frequent and devastating of primary brain tumors. Tumor progression is invisible with conventional magnetic resonance imaging 

(MRI), which is based on structural T1- and T2-weighted images rather than on accurately mapping in vivo glioma biology. The physiological processes leading to 

tumor progression are invisible on images resulting from conventional MRI techniques, which are mostly aimed at measuring structural changes. Chemical 

Exchange Saturation Transfer (CEST) imaging is a novel MRI technique with great potential for measuring molecular biomarkers of cell proliferation and 

migration within gliomas, which may provide  early detection of tumor progression in low grade glioma. Amide-weighted CEST is the most widely used CEST 

imaging to date. The major known contributors to amide-weighted CEST are the proteins and peptides of the tissue1-2. Amide Proton Transfer (APT) and Nuclear 

Overhauser Enhancement (NOE) effect based on CEST imaging is commonly applied for detection of cancer and ischemic stroke in vivo at 3 T3-4. However, before 

CEST can be implemented into clinical practice, it is important to understand the reproducibility of CEST measurements. The goal of the current work is to 

measure reproducibility of APT and NOE CEST measurements in healthy volunteers.  

 

Method: A 3 Tesla MRI scanner equipped with a 32-channel head coil (General Electric, Chicago, USA) was used for this project. To assess with-session 

reproducibility we recruited two healthy volunteers. Each volunteer underwent the same CEST scan for 3 times in one session sessions to test the within-session 

reproducibility. Each session contained at minimum the following scans: Localizer, Asset, T1-weighted structural scan, 3 identical CEST scans (with B1 power of 1 

µT, 14 slices, resolution 1.7 × 1.7 × 3 mm3, frequency off-sets (∆ω): -100 to 100 ppm). The total scan duration of one session was approximately 20 minutes.  

Z-spectra were normalized by one image acquired without saturation, followed by voxel-wise B0 correction to compensate the field inhomogeneity. In each voxel, 

two-pool Lorentzian fitting was performed to fit the direction water saturation (DS) and magnetization transfer (MT) effect to the Z-spectra. Lorentzian Difference 

(LD) was selected as the metrics of CEST effect, 3.5 ppm = amide, -3.5 ppm is NOE. LD maps were computed by subtracting Z-spectra from fitted Lorentzian 

function. White matter (WM) and grey matter (GM) were selected as regions of interest (ROI). White and grey matter segmentation was done by the free online 

software FMRIB Software Library v6.0 based on the images acquired from T1-strucural scan.  

 

Results: As can be seen in Figure 1, there is minimal differences between the map of LDamide/LDNOE across different scans on one brain slice, while Figure 2-3 

quantitatively show minimal variation between mean LDamide/LDNOE from different scans. 

 

Conclusion: In this work we investigate the within session reproducibility of CEST evaluated by the variation of LD amide and NOE in white and grey matter. The 

qualitative and quantitative analysis show minimal differences of LDamide and LDNOE across different scans. Future work will include validation in more subjects, 

investigation of between-session and between-scanner reproducibility. 
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(B) 

Figure 3 Mean LDamide and LDNOE in white matter and grey matter across three repeated scans of the 

first volunteer. The error bar shows the variation of mean LD from different scans. 

Figure 1 Overview of LDamide and LDNOE maps calculated from different 

repeated scans on one brain slice of the first volunteer. 

 

Figure 2 Mean LD in white matter of the first volunteer (A) and the second volunteer (B) at 

different frequency calculated from different repeated scans. 



 

Synopsis: Quantitative MR fingerprinting is an upcoming method in MR imaging. Several studies have shown that this is able to quantify data while shortening 

scanning time. Mapping tools are able to compute T1 and T2 maps, resulting in outcomes comparable across participants and independent of scanner field strength 

and vendor. 

 

Purpose: Current breast MRI sequences protocols depend heavily on dynamic, contrast-enhanced T1w image protocols. Although relevant long-term negative side 

effects have not been demonstrated, many societies recommend the cautious use of Gd-based contrast agents in MRI exams. Especially in screening programs of 

women with high risk of developing breast cancer, the annual administration of these agents while many of these women never benefit from these injections, is 

debatable. Therefore, novel non-contrast enhanced imaging protocols are investigated in our institute, for example T1 and T2 mapping of breast tissue.  

 

Methods: In this study, 13 healthy volunteers (average age 45.6 years, range 25-66) underwent non-contrast-enhanced MR imaging of the breast, using T1 and T2 

mapping sequences in a 3T Magnetom Prisma Fit scanner. The original DICOM files were converted to intensity voxels using a custom-made mapping tool and 

Matlab, computing T1 and T2. An user interface was built, also in Matlab, to draw Regions of Interests (ROI’s) in the T1 and T2 weighted images (Figure 1). In 

both T1 and T2 images, 12 ROI’s were drawn per participant using the segmentation tool in Matlab; three per tissue type, in three different slices per breast (when 

possible). Similar slices were used for measurements in the contralateral breast and per tissue type. The mean voxel intensities within the drawn ROI’s were 

calculated per subgroup (laterality and tissue type) and are presented using descriptive statistics. 

 

Results: Using our mapping tool, mean T1 values were 1564.06 msec ± 466.88 and 545.98 msec ± 57.62, respectively, for glandular and adipose tissue. The mean 

T1 values for glandular tissue were significantly higher than for adipose tissue (p<.001). The mean T2 values of glandular tissue (88.43 msec ± 11.25) were 

significantly lower (p<.001) than for adipose tissue (111.57 msec ± 2.57). 

 

Discussion: T1 values observed for glandular tissue are comparable with those found by Rakow-Penner et al. (1445 msec ± 93), Edden et al. (1680 msec ± 180) and 

Chen et al. (1256 msec ± 171) 1–3. The glandular tissue values in T2 were slightly higher in this experiment than those found by the others (88.43 msec ± 11.25 

versus 54 msec ± 9, 71 msec ± 6 and 46 msec ±7). Similar to the those comparing glandular tissue with adipose tissue, significant difference was observed in the 

mean T1 values of both tissue types 1,2.  

Further research is required in demonstrating the feasibility of this mapping tool in a broader group of participants, especially in patients recently diagnosed with 

breast cancer. In future research, these mappings might be used in combination with machine learning and other non-contrast breast MRI sequences (such as T2w 

and DWI) to detect breast cancer.  

 

Conclusion: This pilot study demonstrated that we were able to calculate T1 and T2 values for both fatty and fibroglandular breast tissue. Further research should 

focus on reproducibility of these mappings in a large group of subjects, also including women diagnosed with breast cancer.  
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Figure 1. Representation of the segmentation tool in which several ROI’s were drawn in selected slices. In this example, ROI’s of glandular tissue in T1 images. The figure on the left is the T1 image with 

in red the overlay masking the drawn ROI, while the left image shows the T1 map with a white mask overlaying the ROI. The graphs below display the mean T1 value across the drawn ROI’s (left) and the 

mean value of the last drawn ROI (right). 

 

 

 

 

 



 

Synopsis: Becker muscular dystrophy (BMD) is associated with progressive muscle weakness and fatty replacement of muscle tissue. Diffusion tensor imaging (DTI) 

is sensitive to altered skeletal muscle architecture in health and disease, and may prove to be a useful tool for studying changes that occur in BMD. In this work, we 

apply multi-diffusion-time DTI in BMD patients and controls to probe muscle microstructure at different length scales. We show statistically significant differences 

between muscles of the lower leg in both BMD patients and controls. 

Purpose: In BMD, only partially functional dystrophin is present in skeletal muscle. This leads to progressive muscle weakness, fat replacement of muscle tissue, 

fibre size changes, increased membrane permeability, and fibrosis.[1] DTI is sensitive to altered skeletal muscle architecture and represents a promising method for 

the non-invasive study of BMD pathology. The increased membrane permeability and fibre size changes in BMD are expected to lead to changes in fractional 

anisotropy (FA) in DTI; however, spin-echo DTI methods cannot fully probe muscle fibre diameters due to their short diffusion times. Our goal was to compare the 

diffusion properties of the lower leg muscles between BMD patients and healthy controls by applying DTI at a range of diffusion times, exploring muscle fibre 

structure at different length scales. 

Methods: We scanned 13 BMD patients—mean [range] age=41 [20-59]yrs—and 9 healthy, male controls—mean [range] age=44 [23-65]yrs—on a 3T Ingenia MR 

system (Philips, Best, NL) with a 16-element anterior array and a 12-element posterior array for reception. Short-diffusion-time spin echo (SE)-DTI and long-

diffusion-time stimulated echo (STE)-DTI were applied in the lower leg, along with Dixon imaging, which was played using: TR=210ms; 3 echoes, with TE1=4.4ms 

and ∆TE=0.8ms; flip angle=8°; FOV=180mm×180mm; in-plane resolution=1mm×1mm; 23 slices, 10mm thickness, 5mm gap; and 2 signal averages. SE- and STE-

DTI EPI sequences were applied with: TR/TE=5,000/58ms; FOV=384mm×384mm; in-plane resolution=4mm×4mm; 9 slices, 6mm thickness, 3mm gap; b-values = 

0 and 400s/mm2; 12 diffusion directions; and a sensitivity-encoding factor=1.7. Comprehensive fat suppression was achieved with spectral attenuated inversion 

recovery, slice-select-gradient reversal, and Dixon olefinic fat suppression.[2] STE-DTI was applied with mixing times (TM) of 100 and 300ms, and diffusion timing 

parameters were: diffusion gradient duration, δ=12 ms and diffusion time, Δ=26.6 ms for SE-DTI; and δ=5 ms and Δ=130ms and 330ms for STE-DTI.  

Post-processing was performed using MATLAB 2019a. DTI data were denoised,[3] and registered to non-weighted data in elastix (version 4.9); data were then phase-

unwrapped,[4] and derived B0 maps were used for distortion correction; diffusion b-matrices were corrected for registration; and DTI parameters were calculated in 

Camino (UCL, UK). Signal-to-noise ratio (SNR) maps were determined using noise data acquired without RF excitation. 

ROIs were drawn on Dixon water images in MIPAV (v8) in the soleus (SOL), medial gastrocnemius (GAM), lateral gastrocnemius (GAL), tibialis anterior (TAN), 

peroneus longus (PER), and extensor digitorum longus (EDL) muscles. ROIs were transformed into the DTI image space using elastix, before being eroded by two 

voxels, and thresholded to SNR≥10. Mean and median DTI parameters were then calculated for each ROI. 

Statistical analyses were performed in R (v3.5). One- and two-way ANOVA tests were used to assess intra- and intergroup differences in median muscle ROI 

measures, respectively. A p-value less than 0.05 was considered statistically significant in all analyses. 

Results: In the whole cohort, mean ROI SNRs were 78.5 for SE-DTI data, 26.3 for STE-DTI, TM=100ms data, and 21.1 in STE-DTI, TM=300ms data. Two-way 

ANOVA showed no statistically significant differences in FA between BMD patients and healthy controls for SE-DTI, or STE-DTI at TM=100 or 300ms. There was, 

however, a significant difference in mean diffusivity (MD) between BMD patients and controls in SE-DTI data (mean=1.75, SD=0.15 vs mean=1.67, SD=0.1, 

respectively; p=0.004), which was reflected by significant differences in all eigenvalues (p<0.001 in L1, p=0.01 in L2, and p=0.04 in L3). Looking at between-muscle 

differences, one-way ANOVA showed that FA was significantly different between muscles in controls with all methods (p<0.001) and in BMD patients for STE-DTI 

sequences only (p<0.001 in both cases). MD was only significantly different between muscles in BMD patients, for STE-DTI with TM=100 ms (p=0.01). 

Discussion: Our study is the first to apply STE-DTI measures in BMD patients. Previous studies applied short-diffusion-time SE-DTI, and fat suppression was limited 

to conventional spectral methods. Fat leads to estimation bias in water diffusion parameters;[5] therefore, earlier results may be influenced by contributions from fat. 

The short diffusion times used in previous work also limit DTI’s capacity to probe muscle fibres, sensitising the sequence to intracellular furniture rather than 

membrane permeability. Our acquisitions at multiple diffusion times do not show differences in FA in BMD patients relating to increased permeability, perhaps due 

to intra- and inter-subject heterogeneity; this possibility could be explored further using a histogram-based analysis.[6] However, we do show clear intermuscular 

differences in DTI parameters both patients and controls, which indicates possible utility for exploring muscle involvement in BMD and ageing.    

Conclusion: Our DTI data show differences between muscles of the lower leg in both BMD patients and controls, indicating that DTI may be useful for studying the 

aetiology of inter-muscular differences associated with muscular dystrophies and ageing. 

References: 

[1] J.R. Anderson. “Muscular Dystrophy”. In: Atlas of Skeletal Muscle Pathology. Current Histopathology, 1985, volume 9. Springer, Dordrecht. 

[2] J. Burakiewicz, M. T. Hooijmans, A. G. Webb, et al. (2018). “Improved olefinic fat suppression in skeletal muscle DTI using a magnitude-based Dixon method,” 

Magn. Reson. Med. 2018; 79(1):152–159. 

[3] J.V. Manjón, P. Coupé, L. Concha, et al. “Diffusion weighted image denoising using overcomplete local PCA,” PLOS ONE, 2013;8:1–12. 

[4] F. Maier, D. Fuentes, J.S. Weinberg, J.D. Hazle, and R.J. Stafford (2019). “Robust phase unwrapping for MR temperature imaging using a magnitude-sorted list, 

multi-clustering algorithm,” Magn. Reson. Med. 2019; 73(4):1662–1668. 

[5] D. Cameron, M. Bouhrara, D.A. Reiter, et al. (2017). “The effect of noise and lipid signals on determination of Gaussian and non-Gaussian diffusion parameters 

in skeletal muscle,” NMR Biomed. 2017; 30(7):e3718. 

[6] U. Sinha, R. Csapo, V. Malis, Y. Xue, and S. Sinha, “Age-related differences in diffusion tensor indices and fiber architecture in the medial and lateral 

gastrocnemius,” J. Magn. Reson. Imaging 2015; 41(4):941–953. 

 

 

 

 

  

Multi-diffusion-time diffusion tensor imaging for skeletal muscle microstructure assessment in Becker 

muscular dystrophy 

 

 

 

  

 

D. Cameron1,2,  J. Burakiewicz1,  N.M. van de Velde3, C. Baligand1, T.T.J. Veeger1, M.T. Hooijmans4, J.J.G.M. Verschuuren3, E.H. Niks3, and 
H.E. Kan1,3,5 

1C.J. Gorter Centre for High Field MRI, Department of Radiology, Leiden University Medical Centre, Leiden, The Netherlands. 2Norwich Medical School, University of East Anglia, 

Norwich, United Kingdom. 3Department of Neurology, Leiden University Medical Centre, Leiden, The Netherlands. 4Biomedical Engineering and Physics, Amsterdam University Medical 

Centre, Amsterdam, The Netherlands. 5Duchenne Centre, The Netherlands. 

 

Acknowledgments / Funding Information: This work was funded by a Netherlands Organization for Health Research and Development (ZonMW) grant. 

 

P-022                Diffusion MRI



 

Figure 1. Boxplots of median fractional anisotropy in six muscles groups of the lower leg, facetted by diffusion tensor imaging method (spin echo, “SE”, DTI, and stimulated echo, “STE”, DTI at mixing 
times of 100 ms and 300 ms) and grouped by disease status (Becker muscular dystrophy or healthy control). Boxes show median values with lower and upper hinges corresponding to the first and third 

quartiles, respectively. Raw data are overlaid. Fractional anisotropy does not differ significantly between patients and controls, but it is significantly different between muscles, and it tends to increase with 

diffusion time for both groups. EDL = extensor digitorum longus, GAL = lateral gastrocnemius, GAM = medial gastrocnemius, PER = peroneus, SOL = soleus, TAN = tibialis anterior. 

 



 

Synopsis: Bipolar disorder (BD) is associated with subtle anatomical differences detected using MRI. However, clinical and methodological heterogeneity confound 

detection of microstructural alterations in small samples. Here we applied the potentially more sensitive technique of diffusion kurtosis imaging (DKI) to investigate 

white matter (WM) differences in BD using two methodological approaches: a WM voxel-based analysis (VBA) and a constrained-spherical deconvolution (CSD) 

tractography-based connectivity analysis. We found that BD was associated with differences in DKI but not DTI metrics in multiple brain regions, suggesting DKI 

provides useful quantitative biomarkers to investigate subtle WM microstructural differences in BD. 

 

Purpose: White matter (WM) microstructural alterations based primarily on diffusion tensor imaging (DTI) metrics have been reported in bipolar disorder (BD)1 

However clinical and methodological heterogeneity confound detection of microstructural alterations in small samples. Here we apply the potentially more sensitive 

technique of diffusion kurtosis imaging (DKI)2 to investigate WM differences in BD. 

 

Method: Multi-shell diffusion MRI (b=300s/mm2 x 8 directions, b=700s/mm2 x 30 directions, b=2000s/mm2 x 60 directions) and 3D structural MRI data were 

analysed in n=25 participants with BD (mean age =38.6 years, 18 females) and n=24 age and gender-matched controls (mean age =37.4 years, 16 females). Data 

pre-processing:  The dMRI data of each subject were processed with the ExploreDTI toolbox3 for MATLAB (R2018b). Subject motion, eddy current and 

susceptibility distortions were corrected with FSL, topup and eddy4. Quantitative metrics: The DKI model was applied to the dMRI data of each subject with a 

weighted-least squares approach while constraining the mean kurtosis (MK) estimates within physiologically plausible values (0MK3). Subsequently, voxel-wise 

maps of mean diffusivity (MD), fractional anisotropy (FA), axial diffusivity (AD), radial diffusivity (RD), MK, axial kurtosis (AK), radial kurtosis (RK) and kurtosis 

anisotropy (KA) were derived. VBA: We performed a VBA analysis of the DTI/DKI metrics to identify local differences in WM between patients and healthy 

controls. The FA map of each subject was registered with Elastix to the 1x1x1mm3 FSL FMRIB FA template using a combination of rigid, affine and b-spline 

transformations. Subsequently, voxel-wise t-tests were performed for each DTI/DKI metric testing the hypotheses controls > BD and BD > controls separately. 

Statistics were performed with FSL “randomise” using 5000 permutations and TFCE correction for multiple comparisons. Connectivity: CSD was used to fit the 

data at b = 0, 2000 s/mm2 with ExploreDTI using recursive calibration of the response function5 and spherical harmonics (order 8). Whole brain fibre deterministic 

tractography was performed using a step-size equal to half the voxel-size and angle threshold of 45 degrees. Subsequently, connectivity matrices were derived by 

using the Destrieux atlas to define the cortical regions of interest. For each subject, the mean values of the DTI/DKI metrics between two nodes were derived, then 

significant differences between healthy controls and patients were tested with the network-based statistics toolbox6 using a false-discovery-rate approach to correct 

for multiple comparisons.  

 

Results  

There were no differences in group mean age (t=.369, p=.714) or gender composition (2=.164, p=.762). VBA revealed that BD was associated with significantly 

lower MK than controls in multiple brain regions, including the corona radiata and posterior association bundles (Figure 1). Regional differences in connectivity 

based on lower mean MK and KA were detected in connections traversing the temporal and occipital lobes, and lower AK was detected in right cerebellar, thalamo-

subcortical pathways. There were no statistically significant group differences in DTI metrics. 

 

Discussion 

Our findings partially align with three previous studies demonstrating reduced MK in BD7,8,9. However, there was limited anatomical overlap between our VBA and 

a similar study by Ota et al7. Zhao et al found some evidence for microstructural differences in subcortical grey matter and cerebellum, mainly associated with unipolar 

depression 8,9, which is in agreement with our finding of lower AK based connectivity in cerebellar-subcortical pathways. The discrepancy between study findings 

could be explained by both clinical heterogeneity and differences in imaging methodology. Notably, we employed a rigorous dMRI processing pipeline and multiple 

comparisons correction strategy, which adds confidence to our findings. In contrast to some other dMRI studies of BD1, we did not detect any differences in DTI 

measures, suggesting DKI may be more sensitive to microstructural differences in BD in relatively small study samples.  

 

Conclusion 

Bipolar disorder is associated with differences in DKI metrics in multiple brain regions, which may reflect altered connectivity across cerebellar, subcortical and 

cortical substructures. The enhanced sensitivity of DKI over DTI to detect such differences confirms our hypothesis that DKI may yield useful quantitative biomarkers 

to investigate subtle microstructural differences in BD. 
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Figure 1. Voxel-wise binary map of regions where MK was significantly lower in individuals with bipolar disorder (n=25) compared to controls (n=24) following TFCE, FWE-corr p<.05, displayed on 

FMRIB58 FA template (a) multi-slice axial view, (b) sagittal view, (c) coronal view. A=anterior, P=posterior, R=right, L=left, TFCE=threshold-free cluster enhancement, FWE = family-wise error 



 

Objectives: The corticospinal tract (CST) and alternate corticofugal motor fibers (aMF) are important highways through which information is relayed from the motor 

cortex to the spinal cord, and subsequently the rest of the body. In patients with ischemic stroke, the extent of damage to the CST and aMF has been shown to be 

predictive for motor outcome1. However, how integrity of the CST and aMF depends on lesion size and location remains incompletely understood. Previously, we 

showed that transient middle cerebral artery occlusion (tMCAo) in rats, a model for subcortical and cortical stroke, induces both local and remote damage in the 

CST2. The aim of this study was to investigate whether tMCAO also induces remote damage in the aMF. To this aim, we compared measures of microstructural 

integrity in various regions-of-interest of the CST and aMF, based on high-resolution post-mortem diffusion tensor imaging (DTI) of the rat brain at 70 days post-

stroke.  

 

Methods: The intraluminal filament model was used to induce 90-minute MCAo in male Sprague Dawley rats2. Animals with stroke were divided in 2 groups based 

on lesion extent: subcortical + cortical lesion (StrokeLarge; n=8) and only subcortical lesion (StrokeMedium; n=4). The control group underwent sham surgery (n=10). 

All rats were euthanized 70 days post-stroke, and the brain tissue was fixed through transcardial perfusion with PBS followed by paraformaldehyde. High resolution 

post-mortem DTI (9.4T; 8-shot 3D EPI; b=3842s/mm2; 60 diffusion-weighted directions; voxel resolution = 150x148x150µm3) was performed on the rat brains3. To 

analyse post-mortem DTI data, a 3D-model of the Paxinos stereotaxic rat brain atlas was registered to the DTI images of individual rats. Regions-of-interest (ROIs) 

for analysis included (ipsilesional and contralesional): (1) pontine reticular nucleus (pRetN), (2) medial vestibular nucleus (mVeN), (3) red nucleus (RN), (3) a 

subregion of the internal capsule containing CST fibers (ICCST; identified by MR diffusion tractography) (Figure 1A). The mean fractional anisotropy (FA) was 

calculated in each ROI in both hemispheres, and statistically compared between hemispheres and groups with ANOVA and Bonferroni post-hoc testing. 

 

Results: We first analysed the overlap between the lesion and ROIs. In the StrokeMedium group, the ICCST had less than 5% overlap with the ischemic lesion, whereas 

the ICCST had complete overlap with the lesion in the StrokeLarge group. The RN, pRetN, and mVeN showed no overlap with the ischemic lesion in either group. 

Analysis of the mean FA values of the ROIs showed that FA was significantly reduced in the ipsilesional ICCST in the StrokeLarge group, compared to the contralesional 

hemisphere as well as compared to the control group (Figure 1B). In the StrokeLarge group, a subtle but significant reduction of FA was observed in the ipsilesional 

pRetN as compared to the contralesional side (Figure 1C). This was not found in the ipsilesional RN or mVeN. In the StrokeMedium group, no significant FA changes 

were found in any ROI.  

 

Discussion: High resolution post mortem DTI enabled detection of subtle FA changes in specific white matter pathways in post-stroke rat brain. The reduced FA in 

ipsilesional pRetN shows that white matter changes can occur in brain regions remote from the ischemic lesion after stroke.   

 

Conclusion: The present study shows that remote changes in white matter areas, characterized by FA reduction, develop after experimental stroke. The altered 

structural integrity of aMF may contribute to post-stroke motor dysfunction and could provide a target for recovery-promoting strategies.  
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Figure 1. (A) Coronal (top) and sagittal (bottom) FA maps with ipsi- (red) and contralesional (blue) ROIs. (B, C) FA (mean±SD) in ICCST and pRetN (** p<0.001). 

 

 



 

Synopsis: To address the issue of phase induced artifacts in multi-shot diffusion weighted imaging, we propose a model-based framework which enables the joint estimation of 

diffusion and phase parameters directly from the multi-shot k-q-space. In a simulation study, we show that using this framework, diffusion parameters can be estimated more 

accurately and precisely than with the conventional method (image reconstruction followed by voxel-wise model fitting) that ignores phase differences. 

Introduction: Multi-shot DWI holds a great potential for high resolution diffusion imaging as, compared to single-shot imaging, it is less sensitive to magnetic field inhomogeneities 

and induces less off-resonance distortions1. Unfortunately, multi-shot DWI often suffers from ghosting artifacts resulting from shot-to-shot phase differences caused by non-diffusive 

bulk motion2,3.  

To reduce phase related artifacts, several strategies have been proposed. A common approach is to estimate the phase map in a pre-processing step from a fast, low resolution 

navigator scan4 or the fully sampled central part of the k-space5,6. Alternatively, the phase map can be estimated retrospectively from the data by exploiting different properties of the 

data such as the Structured Low-Rank Property of multi-shot DW Data7 or smoothness of phase variation8. However, phase correction in multi-shot diffusion MRI still remains 

challenging, both in terms of the acquisition of a well-matched navigator image as well as in terms of robust estimation and correction of phase errors.   

In this work, we propose a framework that enables estimation of phase maps jointly with diffusion tensor parameters directly from q-k-space. Our framework avoids the conventional 

two-step-approach (reconstruction followed by parameter estimation) and follows a more direct parameter estimation approach in which the joint information of all the acquired 

points of different shots in q-k-space is exploited. As a proof of concept, we model the phase as a constant value for each shot with random shot to shot changes. 

Method: Adopting the DTI model, the noise free diffusion weighted image underlying the s-th shot of a multi-shot acquisition (with a diffusion weighting indexed by 𝑛 ∈ {1, … , 𝑁}) 

can be modeled as: 

𝒇𝑛,𝑠(𝒓) = 𝑺0(𝒓)𝑒𝑩𝑛�̅�(𝒓)𝑒𝑖𝜽𝑛,𝑠(𝒓)  (1) 

where 𝑟 represents the spatial coordinate vector, 𝑠 ∈ {1, … , 𝑁𝑠} denotes the shot index, 𝑆0 is the magnitude of the non-diffusion weighted image, �̅� =

{𝑫𝑥𝑥 , 𝑫𝑥𝑦 , 𝑫𝑥𝑧, 𝑫𝑦𝑦 , 𝑫𝑦𝑧 , 𝑫𝑧𝑧}𝑻 the vectorized diffusion tensor, 𝜽𝑛,𝑠 the image phase and  𝑩𝑛 = {−𝑏𝑛𝑔𝑥𝑛
2 , −2𝑏𝑛𝑔𝑥𝑛𝑔𝑦𝑛, −2𝑏𝑛𝑔𝑥𝑛𝑔𝑧𝑛, −𝑏𝑛𝑔𝑦𝑛

2 , −2𝑏𝑛𝑔𝑦𝑛𝑔𝑧𝑛 , −𝑏𝑛𝑔𝑧𝑛
2 }

 
contains the 

information of diffusion weighted data acquisition, with 𝑏𝑛 the diffusion weighting factor and   𝑔𝑥𝑛 , 𝑔𝑦𝑛  and 𝑔𝑧𝑛 the elements of the n-th normalized diffusion sensitizing gradient 

vector 𝒈𝑛 = (𝑔𝑥𝑛, 𝑔𝑦𝑛 , 𝑔𝑧𝑛)
𝑻
. In this work, the image phase is assumed to be constant across each shot, i.e., 𝜽𝑛,𝑠(𝒓) = 𝜃𝑛,𝑠, while randomly varying shot to shot.  

In our proposed Direct Diffusion and Phase parameter Estimation (DDPE-MS) framework, diffusion tensor and phase parameters are estimated directly from multi-shot k-q space 

data that can be modelled as: 

𝒅𝑛,𝑠(𝒌) = 𝑨𝑛,𝑠(𝒌)ℱ (𝒇𝑛,𝑠(𝒓)) + 𝒆 (𝒌)  (2) 

with 𝒅𝑛,𝑠(𝒌) the measured data of the s-th shot of n-th diffusion weighted image at k-space point 𝒌, ℱ the Fourier transform operator, 𝑨𝑛,𝑠(𝒌) ∈ {0,1} a binary matrix that describes 

the sampling pattern of each shot and 𝒆 (𝒌) a 2D complex valued matrix containing zero mean Gaussian noise. The least squares estimator of the diffusion tensor �̅�(𝒓) (in all voxels) 

and matrix of phase parameters 𝜽 (i.e., one parameter for each shot) is then given by:   

�̃�(𝒓), �̃� = arg min
�̅�,𝜽

(Σ𝑛 ||𝒅𝑛,𝑠(𝒌) − 𝑨𝑛,𝑠(𝒌)ℱ (𝒇𝑛,𝑠(𝒓))||
2

2

)  (3) 

 

   

Experiments: To quantify the performance of the proposed DDPE-MS estimator  (Eq. 3), multi-shot k-q-space data was generated using the models described by Eqs.1 and 2, 

assuming 6 b0 images and three shells of 60 images with b-values equal to 0.25, 1.15 and  2 𝑚𝑠 𝜇𝑚2⁄  (𝑁 = 186). For each diffusion weighting, the k-space was sampled in two 

shots (𝑁𝑠 = 2), covering the odd and even lines of the k-space, respectively. The images corresponding with each shot were generated with a constant image phase map, where the 

phase varied randomly from shot to shot to mimic phase jumps that are typically encountered in multi-shot imaging. All k-q-space data were then corrupted by additive complex 

valued zero mean Gaussian white noise. For statistical analysis, 20 datasets with different noise realizations were generated, and this for 4 values of the SNR, where the SNR was 

defined as the ratio of the average signal of the magnitude b0 image to the background noise standard deviation. The diffusion and phase parameters were then estimated from multi-

shot k-q-space data using Eq.3. 

To evaluate the accuracy and precision with which the proposed DDPE-MS method can estimate the diffusion tensor parameters from the multi-shot data in the presence of the phase 

jumps, estimates of the bias and standard deviation are computed for the Mean Diffusivity (MD) metric. These values are then compared with estimated bias and standard deviation 

values obtained following a more conventional approach in which image reconstruction (applying an inverse FT to the two-shot k-space data) is followed by voxel-wise fitting the 

DTI model to the reconstructed magnitude images (ISDE-MS).  

Results and discussion: The results show that the newly proposed method provides more accurate and precise estimates of MD than the voxel-wise two-step approach that ignores 

phase differences.  

Fig.1 shows the ground truth MD map. 

Fig.2 shows maps of the estimated absolute value of the bias and standard deviation of the MD estimates for both the DDPE-MS and ISDE-MS methods.  

Fig.3 shows box plots of the deviations of the MD estimates from the ground truth value for one arbitrarily selected voxel for different values of the SNR. 

Conclusion: In this work, we presented a proof-of-concept for simultaneous estimation of diffusion and phase map parameters directly from multi-shot k-q-space diffusion data. 

Future work will include an extension to under-sampling and multi-channel acquisition, as well as the incorporation of more accurate phase models9. 
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Figure 2. Maps of the estimated absolute value of the bias (top row) and standard deviation (bottom row) of MD estimator (SN 30) for a,b) DDPE-MS and c,d) ISDE-MS 

Figure 1.  Ground truth MD map based on a 16 × 16 diffusion tensor map simulation 

Figure 1. Deviations of the MD estimates from the ground truth value for one arbitrarily selected voxel 



 

Synopsis: We previously used pharmacological MRI (phMRI) to demonstrate that four months of methylphenidate treatment alters dopamine function after washout 

in medication-naïve children, but not adults, with ADHD. Here, we show in the same children at a 4-5 year follow-up, that the baseline phMRI response in the 

thalamus and anterior cingulate cortex predicts ADHD severity (hyperactivity scale). However, this association was not moderated by cumulative medication dose. 

Moreover, no association between phMRI response and symptom severity was found in adults. 
 

Introduction: Stimulants such as methylphenidate (MPH) are the main pharmacological treatment for children and adults with attention-deficit hyperactivity disorder 

(ADHD)1. Using pharmacological MRI, we previously demonstrated in a randomized clinical trial (RCT) that 4 months of treatment with MPH alters dopamine 

function 1 week after RCT end in children, but not adults with ADHD2. This age-dependent finding is in line with preclinical studies demonstrating long-term effects 

on the dopaminergic system when MPH treatment occurs during the sensitive period of ongoing brain development, but not when administered in adulthood3. 

However, in our RCT, changes in dopamine function did not correlate with short-term clinical outcome after 4 months of treatment.  

PhMRI is based on the principle that neurotransmitter-specific drug challenges evoke hemodynamic responses. Previous studies have validated this approach showing 

that phMRI can indeed detect relevant changes in the DA system in humans4,5. Here, we assess whether clinical outcome measures at a 4-5 year longitudinal follow-

up could be predicted by baseline dopamine function (as measured with pharmacological MRI (phMRI)) and whether this association was moderated by cumulative 

medication dose. 
 

Methods: Fifty medication-naïve boys and 49 men with ADHD (DSM-IV, all subtypes) were originally included in a 4-months RCT in which they were randomized 

to MPH or placebo treatment (1:1). After 4-5 years a naturalistic follow-up was conducted (figure 1, figure 2). We assessed the association between baseline phMRI 

response (in the striatum, thalamus and anterior cingulate cortex (ACC)), symptom severity and the moderating effect of cumulative stimulant dose (figure 3). 

Participants underwent two pseudo-continuous arterial spin labeling (pCASL) scans, one before and one 90 min after administration of 0.5 mg/kg MPH (with a 

maximum dose of 20 mg for children and 40 mg for adults)6. MRI data was acquired on a 3T Philips scanner (Philips Medical Systems, Best, The Netherlands) with 

an 8-channel receive only head-coil using a pCASL sequence with a 2D gradient-echo echo-planar imaging readout with the following parameters: TR/TE = 4000/14 

ms; post-label delay = 1525 ms; label duration = 1650 ms; FOV = 240 × 240 × 119 mm; 75 dynamics; voxel size 3 × 3 × 7 mm, no background suppression, scan 

time = 10 min. In addition, an anatomical 3D fast field echo (FFE) T1-weighted (T1w) scan was obtained with the following scan parameters: TR/TE = 9.8/4.6 ms; 

FOV = 256 x 256 x 120 mm ; voxel size = 0.875x0.875x1.2 mm.  

Data were processed using the Iris pipeline for cerebral blood flow (CBF) quantification and multi-atlas region segmentation7. To correct for patient motion, the time 

series were rigidly registered using a group-wise method that uses a similarity metric based on principal component analysis and outlier correction was performed8. 

All pairs of control and label images were subtracted and CBF was quantified using the single-compartment model9. For each participant, CBF maps were transformed 

to T1w space and regions of interest (ROIs) were defined using a multi-atlas approach10. For the striatum, thalamus and ACC ROIs, mean CBF values within grey 

matter were computed. The phMRI response was defined as the CBF change from pre to post MPH administration.  

ADHD symptom severity was assessed in children using the Disruptive Behavior Disorder Rating Scale (DBD-RS11) and in adults using the Adult ADHD Self-Report 

Scale (ADHD-RS12). We conducted a moderation analysis using linear models in R v.3.5.3. 
 

Results: For this ongoing follow-up, 28 children and 21 adults of the original sample were included. There was no difference in ADHD symptom severity between 

the children and adults that are currently included in the follow-up versus those who are not (children: attention: t(48)=-1.2, p=0.22; hyperactivity: t(48)=-1.0, p=0.22; 

adults: t(43)=0.01, p=0.99). Symptom severity improved from baseline to follow-up for both the children (attention: t(25)=11.8, p<0.001; hyperactivity: t(25)=10.5, 

p<0.001) and the adults (t(18)=3.9, p=0.001). Baseline phMRI responses in the thalamus and ACC of children with ADHD were associated with symptom severity 

(DBD-RS) for the hyperactivity subscale at follow-up (F(1,23)=0.22, p=0.02 and F(1,23)=5.33, p=0.03, respectively). This effect was not moderated by cumulative 

medication dose (all p>0.05). No associations with the attention subscale in children were found. Moreover, no associations between baseline phMRI response and 

ADHD symptom severity (ADHD-SR) in adults were found (all p<0.05) (figure 4). 
 

Conclusion: These preliminary data suggest that the phMRI response to methylphenidate could be used as a potential predictor of improvement of hyperactivity 

symptoms in ADHD, at least in medication naïve boys, and irrespective of the use of ADHD medication. Future studies, using larger sample sizes, should replicate 

this finding. 
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Figure 1. Patient characteristics. This table shows the patient characteristics of the patients that were already included in the follow-up. DBD-RS = Disruptive Behavior Disorder Rating Scale, ADHD-SR 

= Adult ADHD Self-Report Scale. 

 

Figure 2. Study timeline. Medication-naïve ADHD patients were included in a randomized clinical trial (RCT) for 16 weeks in which they were randomized to MPH or placebo treatment. They underwent 

phMRI and clinical assessments pre (BL) and post RCT. Four-to-five years after the post-treatment measurement (data not shown here), participants were asked for a follow-up measurement in which 

cumulative medication dose and clinical outcome were assessed. In between the RCT and the follow-up patients took ADHD medication as prescribed by their practitioners. 

 

Figure 3. Moderation Analysis. We assessed whether clinical outcome (ADHD severity in children (DBD-RS) and adults (ADHD-SR)) at a 4-5 year longitudinal follow-up was predicted by baseline 

dopamine function (as measured with phMRI in the striatum, thalamus and ACC) and whether the effect of phMRI response on clinical outcome was moderated by cumulative stimulant medication dose. 

 

Figure 4. Association phMRI response and clinical outcome. Change in CBF in the ACC (blue) and thalamus (red) was found to be associated with the hyperactivity subscale of the ADHD symptom 

severity in children, but not adults. No other association was found to be significant. No moderation effect of cumulative medication dose on ADHD symptom severity was found. 



 

 

Purpose: Children with cerebral palsy (CP) often have impaired balance control, resulting from brain damage or brain malformation acquired pre-, peri- or postnatally. Interventions focusing on improvement 

of balance control can have positive effects in children with CP1,2, but it is currently unknown whether this is accompanied by alterations in brain structure. Diffusion tensor imaging (DTI) can be used to 

evaluate neural white matter (WM) integrity, by means of fractional anisotropy (FA), and volume of specific WM regions or WM tracts. Therefore, the aim of this study was to explore whether anticipated 

improvement in balance control in CP, due to a 6-week balance intervention, was accompanied by changes in DTI-derived FA and volume WM measures. 

 

Methods: 11 children with CP (age:11.3±2.3 years) participated in this study. All children underwent a home-based X-Box One Kinect balance intervention, and practiced for 6 weeks, 5 days/week and 30 

minutes/session. Before and after the intervention, all children had an evaluation of balance control and an MRI acquisition.  

Balance control was evaluated clinically by maximal score at the Challenge Module (CM)3, during which performances on 20 advanced gross-motor tasks (e.g. waving through pylons, standing on one leg) 

were scored from 0-4 using ordinal scale (best of three trials).  

MRI at 3T (GE MR750) included 2D echo-planar imaging (EPI), with TE/TR=85/7200 ms, 2mm isotropic resolution, 5b0 and 30 volumes at b=1000 s/mm2, and reference images with reversed phase-encode 
blips. After pre-processing (‘topup’4, ‘eddy’5, FSL5.0.10), a diffusion tensor model was fitted voxel-wise using ‘dtifit’, and a spatially normalized, study-specific tensor group template was created using 

DTI-TK6,7 (fig. 1). Eight 3D WM ROIs for tensor-based segmentation analysis (fig. 2A) and six 3D seed and target ROIs for probabilistic tractography (fig. 2B) were manually delineated on the DTI-TK 

tensor group template and registered to subject DTI space using DTI-TK registration. For the eight WM ROIs, average FA and volume, normalized for skull size, were obtained as outcome measures of the 

segmentation analysis. The seed and target ROIs were used for probabilistic reconstruction of five tracts of interest: corticospinal tract (CST), dorsal-column medial lemniscus tract, posterior thalamic 

radiation, superior thalamic radiation and forceps major. After running ‘bedpostx’8,9, probabilistic tractography analysis was carried out using ‘probtrackx2’, using each ROI both as seed and target. For FA 

data extraction, streamlines were thresholded at >1% (robust range), voxels of seed and target ROIs were subtracted from the bundles of streamlines, weighted FA was calculated per bundle, and average FA 

was calculated from the seed-to-target, target-to-seed and left-right (when applicable) bundles of streamlines for each WM tract.  

For all variables, differences between baseline and follow-up were investigated using the dependent t-test (or Wilcoxon signed-rank test, when appropriate). Significance level was set at p<.05.  

 

Results: CM scores at follow-up (42.0±13.3 points) were significantly higher compared to baseline (38.5±13.1 points). Moreover, volume of the cerebral peduncle increased, whereas volumes of the retro-

lenticular limb of internal capsule and splenium of corpus callosum decreased (table 1A, fig. 3A-C). In addition, a reduction in FA of CST was observed at follow-up (table 1B, fig. 3D). No significant 

differences were observed in FA or volume of other WM regions or WM tracts. 

 

Discussion: The average increase in CM score of 3.5 points was considered clinically relevant10 and indicated that balance control of children with CP had improved after the intervention. DTI analysis 
revealed several significant changes in volumes of WM regions at follow-up. Changes in WM volumes, due to an intervention, may initially be unexpected, however, could be explained by the use of the 

DTI-TK registration algorithm. In our study, ROIs were delineated on the DTI-TK tensor group template and, instead of using scalars such as FA or T1 signal intensity for registration, the full diffusion tensor 
was used for registration to subject DTI space. This implies that changes within the diffusion tensor, for instance due to underlying structural WM reorganization, could induce changes not only in FA, but 

also in volume. For instance, an increase in volume of the cerebral peduncle could be explained by improved myelination of the CST. On the other hand, we also observed a lower FA of the CST at follow-

up. This was in contrast to our hypothesis, since a lower FA is generally interpreted as a lower WM density and lower WM integrity. The observation of a lower FA, however, could be explained by changes 
in crossing fibers. Indeed, at baseline, mean FA of the CST was higher (although not statistically significant) in CP than in age-matched typically developing (TD) children (0.64±0.02), studied only at 

baseline, and the direction of change of FA in the CST therefore is towards the TD children. Unfortunately, based on the current data we cannot be conclusive about the exact causes of the observed WM 

changes, however, the observed consistency in changes in DTI measures do indicate that at least some structural reorganization may have occurred.  

 

Conclusion: Our results indicate that structural neuroplastic changes in brain WM may occur due to a 6-week balance intervention in children with CP. These findings, however, should be confirmed and 

further elaborated on in future studies that include higher participant numbers. 
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Figure 1: Visualization of the DTI-TK group template on an axial slice. Left: tensor DTI-TK group template, right: FA DTI-TK group template. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: All ROIs are overlaid on the DTI-TK tensor group template. A) 8 WM ROIs. 1: body of corpus callosum (yellow), 2: posterior limb of internal capsule (blue), retro-lenticular limb of internal 

capsule (green), splenium of corpus callosum (red), 3: cerebral peduncle (blue), 4: cerebellar peduncles: superior (blue), middle (green), inferior (yellow). B) 6 seed and target ROIs. 1: precentral gyrus (red), 

postcentral gyrus (green), 2: corticospinal tract region at level of pons (red), medial meniscus (green), 3: thalamus (yellow), 4: occipital lobe (yellow). 

 

Table 1: Significant differences in DTI-derived measures between baseline and follow-up 

 
Values are presented as mean ± SD. Abbreviations: CRP: cerebral peduncle, RLIC: retro-lenticular limb of internal capsule, CC: corpus callosum, CST: corticospinal tract. 

 

 

Figure 3: Visualization of individual changes between baseline and follow-up. Data of each individual child is depicted by one constant colour. 

 



 

Synopsis: Neurosurgery planning is an important application of fiber tractography which requires the results to be consistent and accurate. Deterministic 

tractography methods are generally characterized by high specificity and limited sensitivity, whereas the opposite typically holds for probabilistic methods. Here, 

we propose a multi-level fiber tractography strategy that takes fiber branching into account and incorporates an anatomical prior to provide a balance between true 

and false positive reconstructions. We evaluated our approach on the MASSIVE dataset and compared its performance to the existing state of art.  

Purpose: Fiber tractography (FT) with diffusion MRI is a powerful tool for neurosurgery planning as it can reconstruct brain pathways in vivo and noninvasively1. 

However, it is challenging to obtain a reliable and consistent reconstruction of fiber trajectories2. In particular, probabilistic FT approaches tend to produce more 

false positive reconstructions than deterministic ones, while deterministic approaches typically produce more false negative pathways. Additionally, neither of the 

approaches addresses the notion of fiber bundles taking very sharp turns. Moreover, given the angular constraints and resolution that is too coarse for such purpose, 

branching pathways are quite likely to be pruned leading to an increased false negative rate3. We developed a novel way to reconstruct fiber bundles as multi-level 

structures, where each consecutive level is a set of pathways branching from the previous one. We investigate whether this strategy in combination with the prior 

knowledge of the location of seed and target regions of interest (ROI) can improve the sensitivity of the reconstructions, while maintaining properties of 

deterministic FT. 

Methods: The proposed strategy was implemented for tractography methods based on constrained spherical deconvolution4 (CSD). It iteratively complements the 

results with the new levels of branches (Figure 1). At each iteration CSD-based deterministic tractography is performed as the first step (with an angular-deviation 

threshold of 45° and a fiber orientation distribution (FOD) threshold of 0.1). Secondly, points along a pathway with unused crossing directions are used as new seed 

points, and the unprocessed FOD peaks as initial directions. This procedure runs either for a pre-defined number of iterations or until a convergence criterion is met. 

Finally, using prior anatomical knowledge of the tract topology, a terminal ROI is defined to select the pathways that are to remain.  The MASSIVE5 dataset was 

used with isotropic voxel resolution of 2.5mm. The acquisition consisted of 430 volumes at b = 0s/mm2, 250 volumes at b = 500 s/mm2, 500 volumes at 

1000s/mm2, 2000s/mm2 and 3000s/mm2 each, 600 volumes at 4000s/mm2. The data was corrected for signal drift, motion and Eddy current using ExploreDTI6. 

Target areas were selected from the cortical parcellation obtained with FreeSurfer7. Subsequently, the fiber orientation distributions were estimated with multi-shell 

CSD8.  To evaluate the performances of the proposed method, we reconstructed the corticospinal tract (CST) by selecting the precentral and paracentral gyri as 

target regions, while seeding below the internal capsule. Each seed voxel was subsampled evenly on 3x3 grid at single slice level. The results of the proposed 

procedure were compared to those obtained with CSD-based deterministic FT and probabilistic FT given identical tracking parameters and conditions. Probabilistic 

FT was performed with iFOD29. Pathway coherence was analyzed using TSNE10 as well as functional topology preservation for both algorithms. Generalizability 

of the method was tested on the cingulum bundle in comparison to deterministic CSD-based FT. For this case, the target region was chosen based on the WMQL-

like11 cingulum query, including only the regions containing endpoints of the bundle. The seed ROI for the cingulum was placed on the edge of Brodmann areas 23 

and 24. 

Results: Figure 2 compares the proposed approach to conventional CSD-based tractography for a left branch of the CST. As compared to CSD, our method 

provides a more extensive reconstruction of the CST, including branches that constitute more than a half of the well-known “fanning” of the tract into the motor 

cortex. The iFOD2 algorithm can also reconstruct the CST branches and provides tracts with a good coverage of the motor cortex (Figure 3). However, our 

approach allows reconstruction of pathways with higher coherence, as supported by the TSNE clustering shown in Figure 3. This aspect is also represented in better 

preservation of functional topology by the proposed approach, which is shown in Figure 4. Improved tractography results were also obtained for the case of 

cingulum delineation. Figure 5 compares the cingulum tracking results obtained with our method to those of deterministic fiber tractography from the same seed 

point regions. The bundle obtained with the proposed approach additionally captures pathways going to the superior lobes in the anterior and posterior parts, 

whereas deterministic FT reconstructs a more limited part of the bundle. 

Discussion: In this work, we have shown that the proposed approach is capable of reconstructing complex fiber bundles, such as the corticospinal tract and the 

cingulum, with improvement in false-negative rate while maintaining properties of deterministic tractography. The produced pathways are more coherent than those 

produced by probabilistic FT, which are characterized by higher tortuosity and an erratic nature. Consequently, our approach preserves functional topology better 

than iFOD2. The accuracy of our approach is dependent on the terminal region, which should be defined carefully. An adequate seeding area and a sufficient seed 

density are also important for an accurate reconstruction. Sparse seeding might lead to a deficit of the expected branching structures in complex cases. 

Conclusion: We developed a novel way to perform FT by reconstructing multi-level structures that integrates the orientations with a higher angular deviation and 

that incorporates prior knowledge of fiber tract anatomy. In doing so, we obtain a more complete representation of brain pathways. 
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Figure 1. Algorithm pipeline. The tracts produced by CSD tractography include points corresponding to multiple FOD peaks, which are ignored (left). Using these points as seeds with unused peaks as 

initial locations another iteration of CSD tracking is performed to obtain a new level of the result (middle). On the last stage only the tracts that enter a predefined target region remain (right).  

 

Figure 2. CSD-based deterministic streamline propagation approach is only capable of reconstructing a subset of CST pathways (left). On the other hand, the proposed procedure unleashes potential 

branching pathways that constitute more than a half of the CST “fan” (right), while starting tractography from the same seed region (green circle). In both cases only the pathways reaching the motor cortex 

are shown. 

 

Figure 3. Reconstruction of corticospinal bundle with the proposed approach and iFOD2 algorithm. Both results show a good coverage of the brain motor cortex (red surface). The pathways generated with 

our algorithm are more coherent: closely grouped together by TSNE clustering (where each point is a single pathway). The output of the probabilistic tracking is characterized by higher tortuosity: very 

sparse distribution of pathways in the embedding space. 

 

Figure 4. Pathways are color-coded according to the location of their endpoints in gray matter. In case functional topology is preserved, the order of colors is maintained in the internal capsule. Functional 

topology of the pathways produced by our approach is more consistent than that observed in the results of iFOD2 as extra deviation is not introduced during tract propagation. 

 

Figure 5. Comparison of cingulum reconstruction performed from the same seed region (blue circle). The proposed strategy results in an improved reconstruction of “fannings” in the anterior and posterior 

parts of the cingulum that are not captured by conventional CSD-based streamline tractography. 

 



 

Synopsis: DWI-studies show a large variation in experimental design and acquisition. Interpretation and comparison of these studies requires knowing the pitfalls 

and limitations of the technique. The variation in methodology between studies may strongly affect the DWI measures. This review analysed these variations in 

detail for breast DWI in the setting of identifying patients with a pCR after neoadjuvant systemic treatment. A multitude of factors were identified, regarding MRI-

parameters, post-processing, and clinical aspects potentially affecting the DWI measures. This makes comparing DWI studies currently challenging and delays 

implementation in clinical practice. Interdisciplinary discussion and consensus is required to solve these issues. 

 

Purpose: For some breast tumors, Neoadjuvant Systemic Treatment (NST) is used to shrink/downstage the tumor prior to surgery.1 Magnetic Resonance Imaging 

(MRI) is the modality of choice in breast cancer treatment evaluation. Imaging is often performed before, during and after this treatment period, using qualitative 

and quantitative Dynamic Contrast Enhanced (DCE) MRI assessment to observe the effect of therapy and identify patients with a pathological complete response 

(pCR). Besides DCE, other techniques are also studied for these applications, particularly Diffusion-Weighted Imaging (DWI). While DWI seems to be a single 

technique, a lot of variation can occur by using different MR-settings and post-processing approaches, since the optimal settings are largely unknown. Besides, 

breast cancer is not one disease, but is currently sub-classified into four molecular subtypes (luminal A, luminal B, HER2+ and triple negative) based on the 

Progesteron, Estrogen and HER 2 characteristics of the tumor2. These subtypes are not equally distributed over the studies. All these potential variations can 

influence DWI measures, like the Apparent Diffusion Coefficient (ADC). In this review a systematic analysis was performed to clarify the differences in 

methodology and outcomes, in order to improve the quality of breast DWI research.  

 

Methods: A search was performed in PubMed on 16th of January 2019. Subsequently, publications were selected for inclusion and exclusion by two independent 

observers using pre-defined criteria. All included studies were checked for bias using the QUADAS 2-tool3. MR-parameters, post-processing methods, DWI 

measures, and clinical aspects were extracted from these included publications. Regarding MR-parameters, aspects like B0-field and the MR-protocol (repetition 

time, echo time, b-values, voxel size etc.) were extracted. For the post-processing methods, the delineation of the Region of Interest (ROI) was analysed. 

Furthermore, DWI measures were noted in the forms of ADC, ∆ADC, ADC ratio etc. Moreover, for the clinical parameters a multitude of factors was extracted, 

like pCR definitions, treatment regimes, study population characteristics, breast cancer subtypes etc. Finally, the statistical performance outcome of DWI in these 

publications were summarised by extraction of the sensitivity, specificity and AUC ROC.  

 

Results: The search in PubMed yielded 32 publications. After selection, 15 publications were left over. The majority of studies were heterogeneous regarding the 

MR-parameters, ROI selection, study populations, treatment regime and pCR definitions. Some of the remarkable examples were the different b-values (flow-

sensitive/not flow-sensitive/noise sensitive) found for the ADC calculation in these studies. Furthermore, ADC values could be based on one tumor-appearing slice 

ROI or 3D (whole tumor)-ROIs. pCR definitions also varied and could include or exclude non-invasive residual tissue of “the tumor” (ductal carcinoma in situ: 

DCIS) in the pCR definition. In the majority of studies, results were not specified for the different molecular breast cancer subtypes. All these differences resulted 

in overlapping ADC values for the pCR and non-pCR groups. 

   

Discussion: In this review, large heterogeneity was found in the different parts of the methodology and study population of the included studies. ADC values can be 

influenced in different ways: technically by using for example different b-values, resulting in an over/or underestimation of the ADC, by including/excluding 

pseudo-diffusion or effects of the rician noise floor. It is reported that ADC values can vary in the different molecular4 and morphological5 breast cancer types, 

which was generally not taken into account. Because NST can have different working mechanisms (and result in parts with apoptosis, necrosis, inflammation etc., 

with potential different appearance on DWI and/or ADC maps.), the moment of the DWI-scan within the chemotherapeutic regimen should also be taken into 

account in the evaluation of the NST effect on the tumor. Moreover, tumor heterogeneity should be considered to choose a reliable ROI. Mean ADC might simplify 

this tumor heterogeneity, while it averages out the spatial distribution of the ADC values of the adjacent voxels within the ROI. Also, when considering a 

radiological complete response the inclusion or exclusion from DCIS might affect the DWI outcome results of the pCR and non-pCR group, which should be taken 

into account. 

 

Conclusion: Based on the included studies, the value of the ADC as indicator, for identifying breast cancer patients with a pCR treated by NST, is not yet clear, 

due to variation in multiple factors. This can delay clinical implementation. Interdisciplinary discussion and consensus is required to solve these issues. 
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Synopsis: The aim of this study was to compare a prototype simultaneous multi-slice single-shot echo planar imaging (SMS-ss-DWI-EPI) sequence with 

conventional readout-segmented echo-planar imaging (rs-DWI-EPI) for diffusion-weighted imaging of the breast at 3T magnetic resonance imaging (MRI). A 

reader study was conducted to evaluate image quality, lesion conspicuity and BI-RADS score. Our results show that although the image quality with the 

conventional rs-DWI-EPI is superior, malignant lesions have improved visibility with the SMS-ss-DWI-EPI sequence. 

 

Introduction: The addition of diffusion-weighted imaging (DWI) to contrast-enhanced breast MRI improves the classification of breast lesions, which leads in turn 

to an increased positive predictive value of biopsies. Consequently, DWI with evaluation of the corresponding apparent diffusion coefficient (ADC) is included in 

most state-of-the-art breast MRI protocols. The echo train of the readout-segmented echo-planar imaging-based DWI sequence (rs-DWI-EPI) was shortened to 

reduce distortion and improve the resulting image quality. However, this sequence results in a lower signal-to-noise ratio (SNR) than single-shot echo planar 

imaging (ss-EPI). In practice, detection of lesions on DWI is often problematic due to a relatively low lesion conspicuity. To improve the detectability of lesions 

and the speed of acquisition, a prototype DWI sequence, the simultaneous multi-slice single-shot DWI-EPI (SMS-ss-DWI-EPI), was developed. In this study, we 

compare this prototype sequence with rs-DWI-EPI at 3T, in terms of image quality (IQ), lesion conspicuity, and the presence of artifacts. 

 

Methods: From September 2017 to December 2018, 25 women with known breast cancer or suspicious breast lesions were included, after providing signed 

informed consent. Women were scanned with the conventional rs-DWI-EPI and the SMS-ss-DWI-EPI during the same clinical examination on a 3T MAGNETOM 

Skyra system (Siemens Healthcare, Erlangen, Germany) using a 16-channel bilateral breast coil. Parameters of the rs-DWI-EPI sequence were: TR: 5450 ms, TE: 

57 ms, FoV: 340 mm, voxel size: 1.2x1.2x5 mm , acquisition time: 4:23 min, b-values: 50, 850 s/mm , SPAIR fat suppression. Parameters of the SMS-ss-DWI-EPI 

sequence were: TR: 4000 ms, TE: 70 ms, FoV: 360 mm, voxel size: 0.9(i)x0.9(i)x4 mm, acquisition time: 2:45 min, b-values: 50, 400, 800 s/mm , SPAIR fat 

suppression. In addition, the clinical protocol included one pre- and five post-contrast regular T1-weighted Dixon acquisitions, ultrafast T1-weighted TWIST 

acquisitions during the inflow of contrast, and a T2 weighted Dixon acquisition. In total, 42 malignant (32 invasive ductal carcinomas, 4 invasive lobular 

carcinomas, 1 ductal carcinoma in situ and 5 other malignant lesions) and 12 benign lesions were detected on the contrast-enhanced series. Malignant lesions had a 

mean MRI size of 18.7 mm ± 15.1 mm (range: 3 – 92 mm) and benign lesions had a mean size of 5.9 mm ± 3.8 mm (range: 3 – 15 mm). Four dedicated breast 

radiologists (4 to 15 years of experience with breast MRI) independently scored both sequences for overall IQ (1: extremely poor to 9: excellent). All lesions were 

also independently evaluated for conspicuity (1: not visible, 2: visible if location is given, 3: visible). Statistical analysis was performed in SPSS using Generalized 

Linear Models and the Wilcoxon signed-rank test. 

 

Results: Overall IQ was significantly higher for the conventional rs-DWI-EPI (Mean ± SD: 5.5 ± 1.9) than for the SMS-ss-DWI-EPI (Mean ± SD: 4.2 ± 2.0) 

(p=0.002). Lesion conspicuity scores were significantly higher for SMS-ss-DWI-EPI (p=0.009). Benign lesions had similar conspicuity with both sequences while 

malignant lesions had significantly higher conspicuity with SMS-ss-DWI-EPI (p=0.041) (for example, see Figure 1).  

Infolding and ghosting artifacts were scored as disturbing or worse by 2 or more radiologists in 6 and 15 cases, for Resolve and SMS respectively. Distortion 

artifacts were scored as disturbing or worse in 4 and 17 cases, respectively. 

 

Discussion: Although the conventional rs-DWI-EPI sequence results in better IQ, in general ss-EPI results in a higher SNR, which may lead to better visibility of 

malignant lesions with SMS-ss-DWI-EPI. This might eventually improve the clinical value of DWI in addition to contrast enhanced breast MRI. Simultaneous 

Multi-Slice (SMS) ensures that slices are excited simultaneously with a multiband pulse, which leads to a reduced acquisition time. In our protocol, the combination 

of ss-EPI and SMS results in a higher spatial resolution while still having a shorter acquisition time than the conventional sequence. The higher achievable spatial 

resolution may be an important factor for the improved lesion visibility, and conspicuity of malignant lesions. This may make the SMS approach suitable for fast 

screening and diagnosis of breast cancer. Still, further development of the SMS-ss-DWI-EPI sequence is needed for improved IQ, decreased presence of artifacts 

and even better lesion conspicuity.  

 

Conclusion: Despite the perceived poorer image quality and the more disturbing presence of artifacts in the SMS-ss-DWI-EPI sequence, malignant lesions are 

better visualized using this sequence. When image quality and conspicuity are further improved, this technique might enable improved lesion detection on 

unenhanced diffusion weighted breast MRI. 
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Figure 1. (A) Contrast-enhanced T1-weighted MR image, (B) rs-DWI-EPI sequence, b-value: 850 s/mm2, (C) SMS-ss-DWI-EPI sequence, b-value: 800 s/mm2. Malignant lesion which was scored as not 

visible in the rs-DWI-EPI (B) and visible in the SMS-ss-DWI-EPI (C) 

 

 

 



 

Synopsis: Magnetic Resonance Elastography (MRE) is a technique that non-invasively measures tissue viscoelastic properties. This study aimed to 

show the feasibility and advantages of Compressed Sensing (CS) accelerated liver MRE in healthy volunteers. CS acquisitions were performed using 

acceleration factors of 4, 6 and 8 and compared to SENSE 2. Additionally, using an acceleration factor of 8, both single breath-hold acquisition and a 

scan with 8 wave-phase offsets were acquired. Accelerating liver MRE acquisition up to 8 times still allows an accurate estimation of the mean stiffness 

with an acceptable standard deviation compared to a standard clinical acquisition. 

Introduction: Magnetic Resonance Elastography (MRE) is a technique that non-invasively measures tissue viscoelastic properties1,2. The visco-elastic 

properties differ for healthy and diseased tissue, therefore MRE can give insight into multiple pathologies. The current main clinical implementations 

of MRE include liver MRE for quantifying stages of liver fibrosis. For MRE, data are acquired using a phase-locked sequence at an integer number 

(e.g. 4, 8) of phase-offsets during the application of an external low-frequency wave (e.g. 50 Hz), repeated for usually three motion encoding directions 

and a reference scan without motion-encoding. Hence, any given point in k-space needs to be sampled at least 16 (4 phaseoffsets × 4 encoding 

directions). Given these inherent constraints, abdominal applications such as liver MRE, are currently performed in consecutive breath-holds at 

relatively low spatial resolution (i.e. 4×4×4 mm3 voxel size) to keep imaging time per breath-hold feasible. Compressed sensing (CS) is a promising 

acceleration technique that uses incoherent undersampling in combination with a sparsifying transformation and a non-linear iterative optimization 

process to speed up the image process while maintaining a similar image quality3. This study aimed to show the feasibility and advantages of CS 

accelerated liver MRE in healthy volunteers. 

Method: Seven healthy volunteers were scanned on a 3T MRI scanner (Philips Ingenia; Philips Medical Systems, Best, The Netherlands) and using a 

gravitational transducer at 50 Hz to induce shear waves4. MRE acquisition was done with 4×4×4 mm3 in voxel size and a field-of-view of 320×320×36 

mm3 or 384x384x36 mm3 depending on the volunteer. As a reference, a GRE-MRE multislice acquisition5 was performed with 4 phase-offsets and 

SENSE acceleration factor 2 in four 19 second breath-holds. To accomplish the incoherent undersampling necessary for CS acceleration, a variable-

density Poisson disk 3D acquisition scheme was used to acquire each wave phase offset, which was repeated in each encoding-direction. An exemplary 

undersampling pattern is shown in Figure 2. Reconstruction was performed offline using ReconFrame (Gyrotools, Zurich, Switzerland) in MATLAB 

(The MathWorks Inc., Natick, MA, USA) together with the Berkeley Advanced Reconstruction Toolbox (BART)6 for CS reconstruction with a fast 

iterative shrinkage/threshold algorithm (FISTA)7. The 3D CS acquisitions were performed using the same FOV and acceleration factors of 4, 6 and 8. 

Additionally, using an acceleration factor of 8, both a single breath-hold acquisition and a scan with 8 wave-phase offsets were acquired, under the 

assumption that viscoelastic properties are better sampled when more data points are available. Due to the Ristretto acquisition scheme the acquisition 

of 8 wave phase offsets can be done in more wave periods, as opposed to the acquisition of 4 wave phase offsets, resulting in a comparable acquisition 

time. Each scan was performed twice for the same volunteer to test reproducibility. Full acquisition parameters are listed in Figure 1.  

Elastograms were calculated using the Finite Element Method (FEM) based on the displacement of the wave8,9 and the mean stiffness values were 

determined from all slices and by manually drawn regions-of-interest (ROIs). The reproducibility of the reference scans was analyzed by comparing 

the scan and re-scan for each volunteer in a Bland-Altman plot and looking at the coefficient of variation. We analyzed Bland-Altman plots of mean 

liver stiffness values for each CS acceleration factor compared to the reference SENSE scans for each volunteer, see Figure 2. Both scan and re-scan 

are compared to the scan and re-scan of the reference sense acquisition, resulting in a bias for each CS acceleration. 

Results: The elastograms of both the reference standard scan and an acceleration factor of 4, 6 and 8 with 8 wave-phase offsets using compressed 

sensing are shown in Figure 4 for a single volunteer. The reproducibility of the standard SENSE acquisition is shown in Figure 5 using a Bland-Altman 

plot, resulting in a bias of 0.04 kPa. The coefficient of variation for the standard acquisitions was 0.138. Furthermore, each acquisition with the CS 

acceleration has been compared to the standard acquisition and shown in Bland-Altman plots in Figure 6. The biasses were 0.02, -0.11, -0.01 and 0.11 

kPa for acceleration factors of 4, 6, 8, and 8 with 8 wave-phase offsets. The mean stiffness of the liver for each CS acceleration is given in Figure 5. 

Discussion: Accelerating liver MRE acquisitions up to 8 in single breath-hold still allows for an accurate estimation of the mean stiffness with an 

acceptable standard deviation compared to a standard clinical acquisition. The reduction in data points gained by applying CS acceleration can be used 

to reduce breath-hold duration and/or increase the number of sampled phase-offsets. Time gain could be traded for increased spatial resolution or a 

combination of the aforementioned. CS MRE is a promising method and could have impact on other applications of MRE in different organs. For 

abdominal applications, single breath-hold acquisition appears feasible, making clinical application much more attractive, if current results can be 

substantiated by a larger cohort. 

Conclusion: Compressed sensing is a promising method for accelerating MRE acquisitions, shown here for liver applications. Acceleration factors up 

to 8 can be used with accurate stiffness measurements in healthy volunteers. These acceleration factors can reduce breath-hold duration and make 

single breath-hold acquisition possible. 
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Figure 2. The reference sense scans were acquired in 2D multislice for each volunteer. All CS acquisitions are done in 3D with an 
undersampling pattern for each phase offset and repeated in each encoding direction. Acquisition matrices were based on the size of 

the volunteer to prevent phase artefacts, which influences breath-hold duration. 

 

 

 

Figure 1. The variable-density Poisson disk 3D acquisition 

scheme for a CS acquisition with an acceleration factor of 6 for 

each of the four wave phase offset. This scheme was repeated in 

each encoding-direction during acquisition. 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Elastograms for the liver are shown for one volunteer 

using different acceleration factors. Each elastogram is from a 

single centre slice. a) SENSE reference scan with an acceleration 
of 2 b) CS with an acceleration of 4 c) CS with an acceleration of 

6 and d) CS with an acceleration of 8 using 8 wave phase offsets 

 

 

  

Figure 4. The variation between the reference sense scans per volunteer. The 

mean stiffness for all volunteers was 2.17 kPa while the bias was 0.04 kPa and 

the coefficient of variation was 0.14. 

Figure 5. Each scan and re-scan of the CS acquisition are compared to both scan and re-scan of the reference sense 

acquisition for all volunteers. The mean stiffness was calculated for all included scans. a) An acceleration factor of 4 
was used resulting in a bias of 0.02 b) An acceleration factor of 6 was compared to the reference scan and a bias of -

0.11 was found c) Acquisition was done in single breath-hold resulting in a bias of -0.01 d) 8 Wave phase offsets were 

acquired using an acceleration factor of 8 and resulted in a bias of 0.11. 

 



 

Synopsis: For a substantial number of temporal lobe epilepsy (TLE) patients, the epileptogenic lesion cannot be visualized with structural MRIs. As epileptogenic 

lesions are often unilateral, assessing the lateralization of MRI abnormalities might provide clinically relevant information on the lesion location. Using 7T MRI, we 

aimed to investigate lateralization of the volumes and resting-state functional activity of the temporal lobe, hippocampus, and hippocampal subfields in controls and 

TLE patients. We demonstrated that volumetric measures and functional activity of the temporal lobe and hippocampus is highly symmetric in controls, whereas in 

TLE, substantial volumetric and functional lateralization for (sub)regions was found. 

 

Introduction: In 30% of the temporal lobe epilepsy (TLE) cases, a lesion related to the epilepsy cannot be visually detected with structural MRIs (i.e. MRI-

negative)1,2. This could be due to the insufficient spatial resolution of MRIs, but also because of the delicate morphological or physiological nature of the epileptogenic 

zone. Local morphological and physiological deviations can be identified by assessing left-right asymmetry. Our goal is to assess morphological and functional 

lateralization of the temporal lobe and hippocampal formation in healthy controls and MRI negative TLE patients. Hippocampal subfields are also included, as for 

many TLE patients the epileptic focus only resides in one or more of these subfields3–5. Morphological lateralization was characterized by volumetric asymmetry, 

while functional lateralization was characterized by asymmetry of the amplitude of spontaneous fluctuations using the fractional amplitude of low frequency 

fluctuations (fALFF).  

 

Methods: Subjects: Four 7T-MRI-negative TLE patients (3 males, aged 45.7 ± 6.1 years, location of seizure onset: 3 left, 1 right) and fourteen controls (8 males, 

aged 39.4 ± 3.6 years) were included.  

MRI acquisition: MRI was performed with a 7T MR-system (Magnetom, Siemens Healthineers, Erlangen, Germany) and a 32-channel phased-array head coil. T1-

weigthed images were obtained with a MP2RAGE sequence (0.9x0.9x0.9 mm3, TR/TE = 4500/2.39 ms, TI1/TI2 = 900/2750 ms, α1/α2 = 5°/3°). Furthermore, resting-

state-fMRI data were acquired with an EPI sequence (1.5x1.5x1.5 mm3, TR/TE = 1700/19.0 ms, 200 measurements and TA = 6 min). 

Image analysis: Prior to segmentation, T1-weighted images were preprocessed by performing bias field correction, skull stripping and gradient distortion correction6. 

Temporal lobe, hippocampus and hippocampal subfield segmentation was performed with Freesurfer (version 6.0)7, which also provided the volumes. Seven regions 

were selected in both hemispheres: the temporal lobe and hippocampal formation (whole hippocampus, subiculum, Cornu Ammonis 1 (CA1), CA2/3, CA4 and 

Dentate Gyrus (DG)). 

Preprocessing of functional images included brain extraction, motion correction, distortion correction, slice timing correction, deregression of white matter and 

cerebrospinal fluid signals and alignment of functional and structural images (FSL and SPM12 software). Functional time-series were Fourier transformed to the 

frequency domain and power spectra were calculated using Matlab. The fALFF was calculated as the ratio of the amplitude in the conventional frequency band (10 

– 100 mHz) to that of the full frequency range (0 – 294 mHz).  

Volumetric and functional lateralization indices in the control group, VLIN and FLIN respectively, were calculated by: 𝐿𝐼𝑁 =  
𝐿𝑒𝑓𝑡−𝑅𝑖𝑔ℎ𝑡

𝐿𝑒𝑓𝑡+𝑅𝑖𝑔ℎ𝑡
.  

Whereas the volumetric and functional lateralization indices (VLIE and FLIE) in the epilepsy group were defined as: 𝐿𝐼𝐸 =  
𝐼𝑝𝑠𝑖𝑙𝑎𝑡𝑒𝑟𝑎𝑙−𝐶𝑜𝑛𝑡𝑟𝑎𝑙𝑎𝑡𝑒𝑟𝑎𝑙

𝐼𝑝𝑠𝑖𝑙𝑎𝑡𝑒𝑟𝑎𝑙+𝐶𝑜𝑛𝑡𝑟𝑎𝑙𝑎𝑡𝑒𝑟𝑎𝑙
.  

Statistics: Using commercial statistics software (SPSS), Student’s t-tests were performed to identify if significant volumetric and functional asymmetry exists in the 

healthy participants. If p<0.05, lateralization was present. For individual TLE patients, values were compared with the 95% confidence interval (CI) of controls. When 

for individual patients the lateralization index was outside the 95% confidence interval of the value for healthy controls, this was considered indicative for 

lateralization. 

 

Results: Volumes: Freesurfer segmentation was successful in all subjects (figure 1). In healthy participants, a subtle left lateralization (< 4%) of the whole 

hippocampus and subiculum was found (p = 0.045, p = 0.01 respectively, table 1). For the hippocampus and subiculum of every single TLE patient, the volumetric 

lateralization was negative, indicative of larger contralateral volumes. The lateralization was mostly, but not exclusive, to the contralateral side for patients. 

Functional activity: In the healthy participants, an overall symmetric lateralization for the functional activity was observed (table 2). For every patient, the 

hippocampus showed a clear functional lateralization compared to the control subjects, while for other (sub)regions the results were less consistent. The side of the 

lateralization could, however, be contralateral of ipsilateral to the epileptic focus. 

 

Discussion: The results of the volumetric and functional activity lateralization assessment generally confirmed that the temporal lobe and hippocampal formation are 

highly symmetric in healthy controls. Especially the entire hippocampus seemed suitable to determine the lateralization of both volume and activity in TLE, where 

the subiculum seemed suitable for volumetric lateralization only. A clear relation between the side of volumetric lateralization and side of activity abnormality could 

not be identified. This suggests, that even though volumetric changes might fit to the side of the epileptic focus, they may not necessarily co-localize to functional 

activity abnormalities. Moreover, the epileptic focus of TLE patients could be located in the temporal lobe, but outside the hippocampus. In the future, we aim to 

investigate differences in lateralization within other (sub)regions of the temporal lobe for which a larger patient cohort is required. 

 

Conclusion: We demonstrated that generally the volumes and (resting-state) functional activity of the temporal lobe, hippocampus and hippocampal subfields are 

highly symmetric, i.e. not lateralized, in healthy subjects. However, for TLE patients clear volumetric and functional lateralization effects where observed, especially 

in the whole hippocampus, highlighting the potential for the application of detection of local abnormalities. Future work in a larger TLE patient cohort is necessary 

to assess the clinical merits of this method. 
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Figure 1: Representative example of the hippocampal and hippocampal subfield segmetentation. Underlaying is a MP2RAGE template of the same subject. The colour codes are: yellow = whole hippocampus, 

dark blue = subiculum, red = CA1, green = CA2/3, brown = CA4, light blue = DG. 

 

Table 1: The volumetric lateralization indices of the healthy participant group (left side of table) and TLE group (right side of table). For the control group, the median volumetric lateralization and 95 % CI 
are shown. Note: * Statistically significant difference from 0.  Moreover, the patient-specific volumetric lateralization values located outside the 95% CI of values of the control group, and thus differ from 

the lateralization indices of the healthy participants are shown in bold. 

 

 

Table 2: The functional activity lateralization indices of the healthy participant group (left side of table) and TLE group (right side of table). For the control group, the median functional lateralization and 95 

% CI are shown. The patient-specific functional lateralization values located outside the 95% CI of values of the control group, and thus differ from the lateralization indices of the healthy participants are 

shown in bold. 

 

 



 

Synopsis: Our objective was to determine whether spontaneous temporal BOLD fluctuations, in particular the spatiotemporal regional homogeneity (ReHo), may be 

useful for the detection of epileptic foci in children with negative structural MRI. We included 4 children with confirmed focal cortical dysplasia (FCD) though 

invisible on structural MRI and compared values of ReHo and positron emission tomography derived energy standardized uptake value (SUV) before surgery, between 

the lesion area (delineated according to the resected area) and the contralateral area. FCDs displayed higher ReHo and lower SUV values than the contralateral brain. 

ReHo maps can be an additional tool to assess structural MRI-negative focal epilepsy. 

 

Introduction: 

Childhood epilepsy is a frequent disease, seen in 0.5% of the general population1, and drug resistant in 30% of the cases2. When caused by a focal abnormality such as focal 

cortical dysplasia (FCD), surgical resection can be a curative treatment3. These malformations of cortical development are histopathologically characterized by a dyslamination 

of gray matter and/or ectopic neurons or cytomegalic neurons, and are often seen on MRI as morphologically abnormal sulci, with blurring of the gay matter - white matter 

junction and sometimes high FLAIR signal in the underlying white matter3. However, a FCD may be invisible even using high resolution structural MRI, prompting the use 

of multimodal functional imaging to detect and delineate these lesions3. FDG-PET is useful is this context, but it requires ionizing radiations and its results remain imperfect4. 

Resting-state functional MRI is a potentially relevant imaging technique in childhood epilepsy, as it may provide physiological, in addition to morphological, information. 

Among the metrics derived from BOLD times-series, Regional Homogeneity (ReHo) measures the similarity (i.e. local spatiotemporal homogeneity) of the time-series signal 

of a given voxel to those of its 26 nearest neighbors in a voxel-wise way, by using Kendall’s coefficient of concordance5. ReHo is thought to be coupled to local synchronization 

of spontaneous neural activity6, which we hypothesize may be higher in epileptogenic lesions, since these are characterized by rhythmic neuronal synchronization3. 

Spontaneous BOLD fluctuations characteristics, including ReHo, have previously been shown to be different in adult FCDs compared to healthy controls7,8.  

Our objective was to determine whether spontaneous BOLD fluctuations in terms of ReHo may be useful to detect FCDs in children having negative structural MRI. 

 

Methods: 

Patients: We included 4 children (range 6-13 years-old, 3 girls) with drug resistant focal epilepsy, likely related to a FCD, with normal structural MRI. After comprehensive 

evaluation including 3T high-resolution MRI, FDG-PET, video EEG and intracranial EEG, they had surgical resection of the epileptic focus, confirming the diagnosis of FCD 

and allowing a significant decrease of seizure frequency. 

Imaging: Before any surgery (resection or intracranial EEG), patients underwent structural as well as functional MRI at 3T (GE Healthcare, Milwaukee, Wisconsin, USA). 

T1-weighted, FLAIR and task free functional MRI were performed. The settings for functional MRI were: single-shot echo planar imaging sequence; TE/TR 31/2500ms; 2 x 

2 mm2 in plane resolution, 3 mm thick axial slices; 240 dynamics; and acquisition time 10 min. 

Image processing: The processing was performed using DPARSF (http://rfmri.org/DPARSF)9, which is based on SPM12 and the toolbox DPABI (http://rfmri.org/DPABI)10.  

After removal of the 10 first seconds, the functional images were slice-time and motion corrected and co-registered to the structural images. Any signal drifts were corrected 

by removing the very low frequency components (<0.01 Hz). To correct for physiological fluctuations, the time-series from the cerebrospinal fluid (CSF) and white matter 

were included as co-variates in the linear regression analysis. Kendall’s coefficient of concordance (KCC) was calculated to determine ReHo of the time-series of a given 

voxel with its surrounding voxels6,7.  

Regions of Interest: Preoperative and postoperative MRIs were spatially co-registered to delineate manually ROIs corresponding to the resected areas. Resected/remaining 

sulci were visually checked to correct for possible brain shift after surgery. Contralateral ROIs were manually delineated to include the corresponding sulci. These ROIs masks 

were then registered to the gray matter segmentation map and to the functional maps in order to extract the values of each of the two measures in only the gray matter part of 

the resected area. Gray matter was chosen because it provides most of the signal in BOLD and PET. 

Comparison: We compared the values of ReHo and SUV of the resected areas with contralateral ROIs using a lateralization index ([Resected ROI-Contralateral 

ROI]/Contralateral ROI). 

 

Results: 

Values were different in FCD resected area in comparison with contralateral area, ReHo being systematically higher (range +5% to +35%) and FDG-PET SUV being 

systematically lower (range -6 to -28%). Variations are detailed in Table 1. 

Visual assessment showed a good correlation between high ReHo value areas and low SUV areas in the surgically removed sulci (see figure 1). 

 

Discussion: 

ReHo values were higher in FCD areas, even when the lesion is invisible on structural images, and they were inversely correlated with PET values. This is in agreement with 

data obtained in adults with visible FCDs7,8. Furthermore, the use of surgically resected area as a gold standard, allowing a pathological and clinical validation, may undermine 

our results since the resected area may be larger than the FCD (alternatively, the lesion may be removed incompletely), diminishing the measured difference with the 

contralateral brain (see figure 2). This hypothesis is supported by the visual concordance of highest ReHo and lowest PET SUV areas within the ROIs. 

 

Conclusion: 

ReHo maps can be an additional tool to assess structural MRI-negative focal epilepsy in children, in order to improve our ability to detect and delineate FCD in combination 

with other functional techniques. Studies with more patients should be performed to confirm these results. 
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 ReHo in resected 

area (FCD) 

Mean +/- SD 

ReHo in 

contralateral gray 

matter 

Mean +/- SD 

ReHo 

 Lateralization 

index 

SUV in resected 

area (FCD) 

Mean +/- SD 

SUV in 

contralateral gray 

matter 

Mean +/- SD 

SUV 

Lateralization index 

Patient 1 0.14  +/-0.08 0.12  +/-0.08 + 16 % 3740  +/-2105 4430  +/-2528 - 16 % 

Patient 2 0.22  +/-0.08 0.16  +/-0.07 + 35 % 6608  +/-1904 9173  +/-3913 - 28 % 

Patient 3 0.23  +/-0.13 0.22  +/-0.12 + 5 % 8592  +/-4521 9172  +/-4599 - 6 % 

Patient 4 0.28  +/-0.14 0.24  +/-0.13 + 16 % N/A N/A N/A 

Table 1 Comparison of values of Regional Homogeneity (ReHo) and FDG-PET Standardized Uptake Value (SUV) between the focal cortical dysplasia resected area and the contralateral 

sulci. ReHo values are Kendall’s coefficients of concordance. SUV has no unit. Lateralization indexes are expressed as a percentage of variation: ([Resected ROI-Contralateral 

ROI]/Contralateral ROI). SD: Standard Deviation. N/A: Not available 

 

 

Figure 1: ReHo and SUV in regions of interest for patient 1.  

A: postoperative T1-weighted image. B: preoperative ReHo map of surgical ROI and contralateral ROI overlaid on preoperative T1-images. C: preoperative SUV map of surgical ROI 

and contralateral ROI overlaid on preoperative T1-images.  

ReHo and SUV values within the region planned to be resected indicate hyperactivity and hypometabolism compared to the other side, respectively. Arrows indicate interhemispheric 

difference area. 

 

Figure 2: Spatial relation between surgical ROI and lesion area. 

ReHo maps (A,C) and SUV maps (B,D) overlaid on T1 preoperative images, with area of surgery delineated using a white contours. Arrows indicates the FCD area. 

In patient 3 (A,B), the resected region is much larger than the FCD area. The FCD area is characterized by a higher ReHo and lower SUV than the whole ROI. 

In patient 2 (C,D), the resected region is smaller than the FCD area, to decrease surgical risk. Consequently, the resected region does not include the whole area of high ReHo and low 

SUV. 



 

Synopsis: Vagus nerve stimulation has been suggested to cause wide-spread changes in the hemodynamic response function in rats. Here, we demonstrate in humans that a non-invasive variant of vagus 

nerve stimulation is linked with neurovascular and global blood flow changes, and associated with increased salivary alpha-amylase, suggesting potential noradrenaline release. Our results provide support 

for the role of noradrenaline in modulating BOLD fMRI contrast via blood flow. 

Introduction: Vagus nerve stimulation (VNS) is a neuromodulation method that applies electrical current over the vagus nerve. VNS and its non-invasive variants have several purported clinical 

effects, ranging from amelioration of depression to memory enhancement [1, 2], however its mechanism is unclear. In rats, a widespread modulation of the hemodynamic response function during VNS has 

been shown [3], though no such effects have been examined in humans. VNS is thought to stimulate, amongst others, the locus coeruleus, a brainstem nucleus that increases noradrenaline release [4]. 

Noradrenaline is taken up by receptors of the sympathetic nerves lining the vasculature, causing vasoconstriction [5, 6]. The sympathetic system has been hypothesized to affect the BOLD signal by 

modulating blood flow [7], but this has not been shown in humans. In this study, we examined the vascular contributions to the fMRI signal during the application of a non-invasive VNS method 

(respiratory-gated auricular vagal afferent nerve stimulation; RAVANS [8-10] in humans. 

Methods: MRI scans (N=17 aged adults; median (IQR)=71.4 (65.3-74.8) years; 8 male) were performed using a 7T Siemens scanner with 32-channel Nova head coil. The experiment consisted of 6min 

of continuous fMRI during which RAVANS or Sham were continuously administered (randomized order, 2 sessions). Custom MR-compatible electrodes were placed in the cymba concha of the left ear. 

RAVANS was applied with 200μs long 5mA pulses at 8Hz (TENS-dental stimulator), gated for 1s during exhalation (Fig. 1). Sham consisted of stimulation only in the first and last 30s of the 6min period. 

T2*-weighted EPI (TR/TE=2000/17ms, SMS/MB=3x2, voxel-size=1.25mm isotropic, 50 slices) was recorded to evaluate BOLD fMRI signal during stimulation. Concurrently, photoplethysmography 

(PPG; left finger) was measured. Salivary samples, from which alpha-amylase (sAA; a noradrenaline proxy [11]) was derived, were acquired before, after and 12 min after RAVANS. The BOLD fMRI data 

were motion, distortion and ICA-FIX denoised. The PPG's envelope reflects pulsatile changes by measuring local blood volume change and oxyhemoglobin content: PPG amplitude drops have been linked 

to global BOLD oscillations [7, 12]. The peaks in the PPG signal were detected after bandpass filtering at [0, 2Hz]. The envelope of the PPG signal was extracted and equidistantly sampled to the PPG 

sampling rate (50Hz). The PPG envelope was used as a proxy of cerebral blood volume: a correlation analysis was run between PPG and BOLD, masked for vein regions extracted from [13]. A within-

participant GLM (RAVANS>Sham; matched for respiration phase) was fitted and a RAVANS group-average effect was calculated. The sAA values before and after the stimulation were compared with 

Wilcox-tests.  

Results: PPG showed an amplitude drop after stimulation events (~6-7sec), suggesting a stimulation-locked blood volume decrease in the finger. This can be observed in the Sham condition, where 

bursts of RAVANS induced an amplitude modulation over a period of ~30sec (Fig. 2A-C). Using the PPG envelope as a regressor showed a cluster of increased correlation during RAVANS between PPG 

and BOLD fMRI signal in large veins (Fig. 3A-B). Stimulation events induced a decreased response to the venous BOLD (Fig. 3C). A similar effect can be seen in the global BOLD signal (Fig. 4F). 

Increased sAA following stimulation was also detected, in agreement with a hypothesized increased release of noradrenaline (ZWilcox=87, p-value=0.03; Fig. 4C). The venous BOLD variability negatively 

correlated to sAA only during continuous RAVANS stimulation (RSpearman=-0.82, p-value=0.02, Fig. 4D). This was also noted for global BOLD variability (RSpearman=-0.93, p-value=0.002, Fig. 4F) 

Discussion: VNS can introduce widespread changes in the BOLD signal in rats [3]. Here, we demonstrate in humans that this may relate to neurovascular changes: RAVANS introduced blood-volume 

variations in humans that were detectable via PPG in the finger. This correlated to the venous BOLD signal and a simultaneous change in global BOLD signal. We suggest that this may relate to 

noradrenaline release: VNS induced increases in sAA. Interestingly, arousal-mediated blood volume decreases have been suggested to underlie resting-state fluctuations [7, 12]. Noradrenaline release from 

the locus coeruleus may support this effect: noradrenaline stimulates the cerebral arterial sympathetic neurons, inducing vasoconstriction, amongst other effects [6]. Here, we add evidence for this 

mechanism by demonstrating that increased sAA (noradrenaline proxy) correlates to venous and global BOLD signal variability. The observed venous and global BOLD signal decrease following 

stimulation may relate to a reduction in blood-oxygenation, due to upstream arterial constriction [7].  

Conclusion: To sum up, we suggest that noradrenaline release may affect the BOLD signal by modulating vasoconstriction. We confirm in humans that the underlying mechanisms of RAVANS include 

its influence on the noradrenergic system, leading to vascular and wide-spread BOLD signal changes. 
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Figure 1. RAVANS setup. The stimulation is gated by the respiration phase to maximize the stimulation effect [8, 10]. 

 

 

Figure 2. PPG response for RAVANS (yellow) and Sham (gray). A-B: Raw PPG signal for single participant. The PPG amplitude in RAVANS, both in the stimulation condition and the stimulation periods 
of the Sham condition showed amplitude drops. C, Group PPG peristimulus plot. A drop in PPG amplitude occurs 7.5 sec after RAVANS events. F, Group-wise power spectral density of respiration 

(dashed) and PPG amplitude (solid). The power of PPG envelope increases for RAVANS at 0.06 Hz. 

 

Figure 3. Increased BOLD correlation to PPG envelope during RAVANS. A, z-map for a single participant overlaid on a minimum-intensity-projection of the T2*-EPI to enhance vessel visualization 

(black). Note the overlap of the cluster to individual vessel anatomy. B, Group-level cluster overlaid on an atlas of major veins. C, Group-averaged BOLD vein signal following stimulation (at 0.0 s). A 

BOLD signal decrease is observed at 4sec followed by an increase. 

 

Figure 4. A-C. sAA per timepoint and condition. A significant increase was found after the stimulation specifically (C). D-G, sAA correlation to venous and global BOLD variability. D,F. RAVANS. A 
significant decrease of BOLD variance was found with increased sAA for both venous (D) and global (F) BOLD. E-G. Sham. No correlation was found. F. Peristimulus plot of global signal around 

RAVANS events (white matter and grey matter).  

 



 

Synopsis 

Cerebral hypoxia occurs in a plethora of brain diseases, including stroke and brain tumor. This work provides a step towards a 

rapid, non-invasive imaging protocol for clinically feasible cerebral oxygenation mapping. In this study we use an asymmetric 

spin echo (ASE)-based streamlined-qBOLD (sq-BOLD) technique to non-invasively monitor hemodynamic properties of the 

brain in two states (baseline and activation). Our results show that, despite the low signal-to-noise ratios likely due to 

macroscopic magnetic field gradients (MFGs), sq-BOLD has the potential to measure changes in oxygen extraction fraction in 

the activated area.  

 

Introduction 

Blood oxygenation level dependent (BOLD) contrast in fMRI opened up wide opportunities to study the hemodynamic properties of the brain and has 
received much consideration1. However, BOLD-signal changes in fMRI during functional activation are relative with respect to an unknown metabolic 
baseline; and quantifying metabolic properties during the resting as well as activation state in the brain needs more investigation2.  

 

In this study, we tested the sensitivity of sq-BOLD for task-related changes in tissue oxygenation in healthy, cortical gray matter tissue during 
different states of visual stimulation using  streamlined-qBOLD (sq-BOLD)3. This technique is based on measuring the reversible transverse 
relaxation rate (R2′), from which deoxygenated blood volume (DBV) and oxygen extraction fraction (OEF) maps can be derived. 

 

Methods 

Eight healthy volunteers (3 females and 5 males ; age 28±3 years old) were scanned at 3 Tesla (Discovery MR750, GE, Waukesha, USA). sq-BOLD 
data were acquired with: FOV=240mm2, 128x128 matrix, slice thickness 2mm and 1mm inter-slice gap, TR/TE=8s/74ms, BW=3906Hz/px, 
TIFLAIR=2000, ASE-sampling scheme = 0 and ᴛstart:∆ᴛ:ᴛfininsh = 16:4:60ms , total scan duration of 8.6 min. we collected two sets of data with and 
without visual stimulus (flashing checkerboard with a frequency of 8 Hz). T1-weighted images were acquired for each subject to segment the gray 
and white matter and CSF.  

 

Image processing and analysis 

We applied motion correction using MCFLIRT4 and EPI distortion correction using TOPUP5 for ASE dataset after registration to T1W space. Grey 
matter (GM) binary masks were produced using FAST6 segmentation of the T1W image, using a GM partial volume threshold of 0.7. A visual cortex 
ROI was selected from the “Juelich Histological Atlas”7, and registered to the T1W space for each subject. We used in-house Python programs to 
derive parameter maps of R2′, DBV and OEF from the sq-BOLD acquisition as previously detailed3. Median values of R2′, DBV and OEF were 
extracted for the visual cortex for each participant during baseline and stimulus.  

 

Results: 

Figure 1 and 2 show sq-BOLD parameters in two different states, where limited differences between baseline and stimulus are found. The median 
values of R2′ and DBV across these groups were greater in baseline state compare to visual stimulus state while OEF is higher during the stimulus. 
Note the inconsistent changes in R2′, DBV and OEF after visual stimulation for each individual subject (Figure 3).  

 

Discussion 

This study shows the feasibility of using sq-BOLD to measure R2’, DBV and OEF changes in vivo. The decrease in R2’ and DBV in the GM of visual 
cortex upon stimulation can be explained by the increase in oxyhemoglobin due to the overshoot in cerebral blood flow when neurons are activated 
[5]. Also, an increase in OEF during stimulation can be due to fact that in the activation state there is more demand for oxygen exchange compare to 
resting state in the activated region of the brain. However the small difference seen between activation and baseline in sq-BOLD derived maps, 
suggests that this stimulation is not strong enough to produce a considerable change between two states. Moreover, these measurements are more 
prone to motion artefacts and MFGs which cannot always sufficiently be corrected. 

 

Conclusion 

Streamlined-qBOLD has demonstrated promising results for imaging brain oxygenation in healthy volunteers. Future work includes reducing scan 
time in order to mitigate the subject motion issue, reducing signal loss due to MFGs, and application of this measurement in patients with brain 
tumors.   
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Figure1: Example image acquired in a healty volunteer using sq-BOLD for two states of baseline and activation. First image from left is ASE image for ᴛ=0. Next is 
T1-weighted image with visual cortex mask overlaid on it. The three other maps are: reversible transverse relaxation rate (R2’), deoxygenated blood volume (DBV) 
and oxygen extraction fraction (OEF) ,respectively, which derived from ASE dataset for each states.  

 

Figure2: Comparison of median oxygenation parameter values extracted from cortical grey matter of visual cortex in the brain. An slight decrease can be seen 

across the group for R2’ and DBV in activation compare to baseline states, while for OEF has increased in activation. The difference between the ROIs was not 
significant. 

 

Figure3: Scatter plots of median of R2’, DBV and OEF per subject in ROI comprised of GM voxels of visual cortex. As it has been shown the trend is the same for 

most subjects, however there are some who did not follow the trend.  

 

 

 



 

Synopsis: The habenula is proposed to negatively affect reward-related feeding and is therefore of interest for obesity-related research. Here, we 

assessed functional connectivity of the human habenula in obese and lean individuals using resting state fMRI data from the Human Connectome 

Project. Our preliminarily results using uncorrected p-values suggest that in obese subjects, regions involved in visual processing and object recognition 

show a higher functional connectivity with the habenula, whereas in lean subjects, regions involved in cognitive control and reward processing show 

higher functional connectivity. These findings can help design future feeding-related studies in animals using selective inhibition of these connections.   

Background: Obesity, driven by overconsumption of calorically dense, palatable foods is currently a major societal health problem. The habenula, 

which is part of the epithalamus, encodes a negative reward prediction error. As a result, unexpected rewards inhibit the activity of neurons in the 

habenula, whereas dopamine neurons get excited by unexpected rewards [1]. The habenula is also involved in aversion learning and proposed to be 

affected in depression and addiction [2, 3]. Recently, the habenula is suggested  as a potential negative modulator of caloric intake. For example, 

optogenetic inhibition of the lateral hypothalamic area (LHA) > habenula projection increased consumption of a palatable solution [4] and consumption 

of an appetite stimulating palatable diet lowered expression of Period2, a protein associated with altered feeding behaviour, in the habenula of mice 

[5]. Together, these findings point to a role for the habenula in obesity, however, nothing is known about the role of the habenula in human obesity. 

Therefore, we performed a whole brain seed-based analysis using high resolution 3T resting state functional magnetic resonance imaging (fMRI) data 

from the Human Connectome Project (HCP), a large-scale collaboration with the goal to unravel human connectivity by collecting and sharing high 

quality data [6]. 

Methods: In this study, thirty lean (20< BMI <25) and thirty obese (BMI > 30) healthy brain subjects were selected  from the WU-Minn HCP 

Consortium’s 1200 Subjects Release. Data acquisition was done using a 3T Connectom Skyra (Siemens, Erlangen, Germany) with a 32-channel head 

coil. Anatomical scans included a T1 weighted MPRAGE scan (TR=2400ms, TE=2.14ms) and a T2 weighted SPACE scan (TR=3200ms, TE=565ms), 

both with 0.7 isotropic resolution. Resting state data was collected as four 15-minute resting-state gradient-echo echo planar imaging runs (2.0mm 

isotropic resolution, TR=720ms, TE=33.1ms, paired RL/LR phase encoding, MB=8). All MRI data was preprocessed by the HCP with the minimal 

preprocessing pipelines described previously, including spatial distorting correction, motion correction, spatial registration, normalization to MNI 

coordinates, highpass filtering (cutoff=2000s) and denoising [7]. Next, automated segmentation based on myelination of the habenula was used to 

create individual bilateral seeds for the habenula in MNI space [8]. Control seeds in the thalamus were created by moving the average habenula seed 

in the anterior direction (dorsomedial nucleus of thalamus; DM) and moving it lateral (centromedial nucleus of thalamus; CM), see figure 1b [9]. The 

CONN toolbox was used to assess the unique correlation of the habenula seed, while controlling for thalamic connectivity per individual [10]. The 

resulting beta maps were masked to only include gray matter voxels for second level analysis using FSL’s randomise with 5000 permutations.. For the 

whole cohort, whole brain unique connectivity of the habenula was determined using one-sample t-tests, with a voxel-wise correction (p<0.05, k≥10). 

The comparison between the lean and obese group was performed using two sample t-tests, with a threshold free cluster enhancement (TFCE) 

correction for multiple testing and a minimal cluster size of k≥10 [11].  

Results: Our preliminary results demonstrate overall functional connectivity between habenula and thalamus, paracingulate gyrus, frontal operculum 

cortex, insula, caudate, and ventral tegmental area (VTA)(voxel-wise corrected, p<0.05, k≥10)(figure 1a). When comparing connectivity between lean 

and obese subjects, the habenula displays decreased functional connectivity with  frontal pole, left caudate and right substantia nigra (SN) in obese 

subjects (all uncorrected, p<0.001, k≥10)(figure 2). Furthermore, functional connectivity between Hb and middle temporal gyrus, bilateral precentral 

gyrus, occipital pole, lateral occipital cortex (bilateral), subcallosal cortex, inferior temporal cortex and middle temporal cortex was increased in the 

obese subjects (all uncorrected, p<0.001, k≥10).  

Conclusions: Using the current dataset, we found functional connectivity between the habenula and brain regions known to be involved in reward and 

feeding behavior. In obese subjects, using uncorrected p-values, the results suggest decreased connectivity between the habenula and regions involved 

in reward processing and cognitive control, but increased connectivity between regions involved in visual processing and object recognition with the 

habenula. A disbalance between these processes could play a role in overeating of palatable foods and the development of obesity. More subjects need 

to be included to strengthen our preliminary conclusion.  
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Figure 1. a) Regions with significant (p<0.05, voxel-wise corrected, k≥10) positive resting-state functional connectivity with the bilateral habenula seed while controlling for thalamic 

activity. No significant negative connectivity was found. VTA: ventral tegmental area, SN: substantia nigra, Hb = habenula. b) Location and shape of the control seeds used in this 

study. In red the average Hb seed of the whole cohort, and blue and green the centromedial and dorsomedial control seed, respectively.  

Figure 2. a) Regions with a significant (p<0.05, uncorrected) difference between the lean and obese group. Blue clusters represents lower functional connectivity with Hb in obese 

compared to lean, yellow clusters represent higher functional connectivity with Hb in obese compared to lean. VTA: ventral tegmental area, SN: substantia nigra. On the right (b) 

examples of the mean connectivity of a cluster plotted against BMI. In each subplot, the correlation coefficient (r) and corresponding p-value are displayed, a p-value <0.05 was 

considered significant.  
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Synopsis: We investigated changes in dynamic functional connectivity (FC) and network topology during epileptogenesis in the IPKA 

rat model of TLE using longitudinal resting state fMRI. We found that FC states with a lower mean FC and network topologies with a 

lower segregation and integration occur more often in IPKA animals compared to control animals and that FC becomes less variable 

during epileptogenesis.  

Purpose: Epilepsy is a neurological disorder characterized by recurrent epileptic seizures. The involvement of abnormal functional brain 

networks in the development of epilepsy and its comorbidities has been demonstrated by electrophysiological and neuroimaging studies 

in epilepsy patients1. In this longitudinal resting state functional MRI (rsfMRI) study, changes in dynamic functional connectivity (dFC) 

and network topology during epileptogenesis were investigated using the intraperitoneal kainic acid (IPKA) rat model of temporal lobe 

epilepsy (TLE). 

Methods: Twenty-four adult male Sprague-Dawley rats (276±15g) were included. Seventeen animals were intraperitoneally injected with 

kainic acid according to the protocol of Hellier et al. (1998)2, resulting in status epilepticus (SE). The other animals were injected similarly 

with saline and served as control group. One week before and 1, 3, 6, 10 and 16 weeks post-SE, an anatomical TurboSE T2w image and 

3 resting-state fMRI images (TR=2s, TE=20ms, 300 repetitions) were acquired on a 7T system (Bruker PharmaScan), while the animals 

were sedated with medetomidine. Seventeen weeks post-SE, mean daily seizure frequency was calculated based on EEG recordings in left 

and right dorsal hippocampus. Dynamic FC was assessed by calculating the correlation between fMRI time series within a sliding window 

of 50s using a step length of 2s. The resulting correlation matrices were classified into 6 recurring states of FC using k-means clustering. 

In addition, several time-variable graph theoretical network measures were calculated for the time-varying correlation matrices and 

classified into 6 states of functional network topology. Percentage dwell time, i.e. number of times a state occurs divided by the total 

number of windows, was calculated for each state of FC and network topology. In addition, the number of transitions was calculated, i.e., 

number of times FC changes between states within a scan. To assess the correlation between changes in dFC and seizure frequency, 

Pearson correlation was calculated between seizure frequency and dwell time in and number of transitions between states of FC and 

network topology.  

Results: The 6 states of FC were sorted from highest to lowest mean value. Percentage dwell time in State 1, 2 and 3 was significantly 

lower in the IPKA group compared to the control group, while dwell time in State 5 and 6 was significantly higher. A significant effect of 

time could be found in the IPKA group, where a significant decrease in dwell time in State 1, 2, 3 and 4 and increase in State 5 and 6 could 

be observed during epileptogenesis (Figure 1A). The number of transitions was significantly lower in the IPKA group compared to controls 

and decreased significantly during epileptogenesis in the IPKA group (Figure 1B). Seizure frequency was positively correlated with dwell 

time in State 2 one week post-SE and in State 4 16 weeks post-SE, and negatively with dwell time in State 5 one week post-SE and State 

6 16 weeks post-SE (Figure 2). The number of transitions 16 weeks post-SE was positively correlated with seizure frequency. Similar 

results were obtained for the states of network topology. 

Discussion and conclusion: States with a lower mean FC occurred more often in IPKA animals compared to controls. FC became less 

variable during epileptogenesis, which might be related to cognitive problems. Seizure frequency was positively correlated with dwell 

time in states with high mean FC and with the number of transitions between states, which indicates that dwelling in states of higher FC, 

as well as more switching between states, seems to increase the probability that seizures are generated. 

References: 1Chiang, Clin. Neurophysiol., 2014, 2Hellier, Epilepsy Res., 1998 
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Figure 1. A) Percentage dwell time in states of FC as a 

function of time (weeks post-SE) for IPKA and control group. 

Data are visualized as a stacked bar graph with mean values. 

Each segment of a bar represents the percentage dwell time 

in a state averaged over the animals in the group at one time 

point. The 6 segments always add up to 100%. B) Number of 

transitions between states of FC as a function of time (weeks 

post-SE) for IPKA and the control group. Data are visualized 

as a stacked bar graph with mean values. Each segment of a 

bar represents the number of transitions between 2 states 

averaged over the animals in the group at one time point. 

 

Figure 2. Correlation between seizure frequency (#/24h) and percentage dwell time in and total number of transitions between states of FC. 



 

Synopsis: Static FC changes in neurodegeneration can indicate underlining neural mechanism pathology present in pre-manifest disease stage. In addition to the spatial FC component, 

quasi-periodic patterns (QPPs) implement spatiotemporal information of neural activity, allowing integrated assessment of possible initial changes in large-scale brain dynamics. We 

measured Low Frequency (LF) BOLD changes using rsfMRI in Q175 HD mouse model at 3 and 12 months of age. Results indicate decreased FC between specific regions in 

heterozygous compared to wild-type mice at 12 months. Both at 3 and 12 months, additional QPPs are present in the heterozygous group, deviating from the wild type group. 

 

 

Introduction: Resting state fMRI (rsfMRI) is a method that uses the LF fluctuations of Blood Oxygenated Level Dependent (BOLD) signal within the brain, indicating changes in 

brain activity at rest, due to blood flow and oxygenation changes. Furthermore, the correlation of these LF BOLD changes between specific neuro-anatomically defined outlined brain 

regions, represents the static FC of the putative brain areas. FC has been shown to be sensitive to discrete pathological processes in neurodegenerative diseases, such as Huntington’s 

Disease.1 However, FC does not provide temporal information of the BOLD changes, leading to the need for a more sophisticated approach – the Quasi Periodic Patterns (QPPs). The 

QPPs represent spatiotemporal patterns of recurring brain dynamics correlated to neural activity.2 QPPs have been shown to indicate aberrant changes in large-scale brain networks in 

an Alzheimer’s disease mouse model.3 

Huntington’s disease (HD) is an inherited neurodegenerative disease, involving mutations in the huntingtin gene (HTT). Abnormal and increasing (>40) repeat expansion of the CAG 

(cytosine-adenine-guanine) in HTT causes the mutant variant of HTT (mHTT). The underlying HD mechanisms are still not clear and require further research. HD animal models allow 

a more in-depth investigation of the HD pathogenesis which can potentially facilitate translating preclinical findings to clinical studies. The Q175 Heterozygous (HET) mouse model 

imitates human development of HD. Accumulation of mHTT protein species in this model increases in size and density as a function of aging.4-6 Furthermore, this is seen in the striatum 

and cortex at 4 and 6 months of age, respectively. In this study, we aim to investigate connectivity changes and differential QPPs in Q175 mice using dynamic rsfMRI. To the best of 

our knowledge, this is the first study in which FC and QPP in an HD rodent model are assessed.  

Methods: rsfMRI data was acquired in 24 3-month and 35 12-month old Q175 HET and wild type (WT) male mice (two groups at each age, N HET/N WT (age): 12/12 (3M) and 

19/16 (12M)) using a 9.4T Biospec MRI scanner with a head cryo-coil. Mice were anesthetized using a mixture of medetomidine (0.075mg/kg s.c. bolus; 0.15 mg/kg/h s.c. infusion) 

and 0.5% isoflurane. Physiological parameters were continuously monitored and kept stable throughout the procedures. rsfMRI scans were acquired 40min post-bolus for 10min. The 

rsfMRI was measured using a T2*-weighted single shot EPI sequence (Matrix dimensions [90x70], TR/TE 500/15ms, 12 horizontal slices of 0.4mm (see Fig.1), 1200 repetitions, pixel 

dimensions of (300x300x400) µm3). After the rsfMRI scan, 3D RARE images were acquired, in order to create a study specific 3D template (TR 2000 ms, TE 42ms, MD [256 128 

32], resolution (78 x 156 x 312) µm3). Pre-processing of the data including: debiasing, realignment, co-registration, normalization and smoothing were performed using SPM12 software 

(Statistical Parametric Mapping). Static FC and all QPP-related analyses (hierarchical clustering, phase sorting, global signal regression, selection and visualization) were performed 

using MATLAB 2018b. The FC matrices were calculated limiting the included ROIs to those reported to be affected in HD.7 A two-sample t-test was performed on only those 

connections that were found to be significant in at least one of both groups to evaluate potential FC changes in the HD group compared to WT group (p-value <0.05, FDR corrected). 

The spatiotemporal dynamics of BOLD patterns were extracted with a specific pattern finding algorithm.8 

 

Results: Fig. 2 shows the FC differences between the two groups (HET and WT) at 3 (Fig.2a) and 12 months (Fig.2b). At 12 months (Fig.2b), the FC profiles indicate significantly 

lower connectivity between: CPu(L)-CPu(R), CPu(R)-Piri(R), Ctx_Cl(R)-M1(R) and Ctx_Cl(R)-S1(R) in HET compared to WT mice, while at 3 months (Fig.2a) there was no 

significant FC difference between the two groups. A representative QPP segment from a long sliding window of 20TR (10s) is shown in Fig.3. Fig.4 shows a representative 

spatiotemporal QPP segment for both HET and WT at 3 months, indicating connectivity patterns which differ between the groups.  Fig.5 shows representative QPP pattern segments 

at a given time point for 12 months for both HET and WT. We observed qualitatively different patterns as well as lateralization in the HET compared to WT group.   

 

Discussion and Conclusion: Our results suggest significant decrease in FC between HET-related regions at 12 months, as well as differential QPP patterns starting at 3 months and 

with a more distinctive QPP pattern alteration between groups at 12 months.  The affected regions in both methods suggest connectivity changes in HET in both the striatum and cortical 

regions and additionally, in areas linked to the olfactory processing system.9 Therefore, further histological assessment is needed to link the changes in functional connectivity and 

altered quasi-periodic patterns of brain activity with mHTT deposition. 

 

References:  

1.  Werner, C.J., Dogan, I., Sab, C., et al. Altered resting-state connectivity in Huntington’s Disease. Human Brain Mapping. 2013; 35(6): 2582-2593 

2.  Thompson, G.J., Pan, W.-J., Magnuson, M.J., et al. Quasi-periodic patterns (QPP): Large-scale dynamics in resting state fMRI that correlate with local infraslow electrical activity. 

Neuroimage.2014; 84, 1018-1031 

3.  Belloy, M.E., Shah, D., Abbas, A., et al. Quasi-Periodic Patterns of Neural Activity improve Classification of Alzheimer’s Disease in Mice. 2018; 8 (1): 10024 

4.  Menalled L., Kudwa AE, Miller S, et al. Comprehensive behavioral and molecular characterization of a new knock-in mouse model of Huntington's disease: zQ175. PLoS One. 

2012; 7(12): e49838. 

5.  Heikkinen T, Lehtimaki K, Vartiainen N, et al.  Characterization of neurophysiological and behavioral changes, MRI brain volumetry and 1H MRS in zQ175 knock-in mouse 

model of Huntington's disease. PLoS One. 2012; 7 (12), e50717. 

6.  Carty N, Berson N, Tillack K, et al. Characterization of HTT inclusion size, location, and timing in the zQ175 mouse model of Huntington's disease: an in vivo high-content 

imaging study. PLoS One. 2015; 10 (4), e0123527. 

7.  Georgiou-Karistianis N, Poudel G R, Domínguez, D J F, et al. Functional and connectivity changes during working memory in Huntington's disease: 18-month longitudinal data 

from the IMAGE-HD study. Brain and Cognition, 83 (1) (2013), pp. 80-91 

8.  Majeed, W., Magnuson, M., Hasenkamp, W., et al. Spatiotemporal dynamics of low frequency BOLD fluctuations in rats and humans. Neuroimage. 2010; 54(2): 1140-1150 

9.  Ferris, C.F., Kulkarni, P., Steven, T., et al. Studies on the Q175 Knock-in Model of Huntington’s Disease Using Functional Imaging in Awake Mice: Evidence of Olfactory 

Dysfunction. Frontiers in Neurology. 2014; 5: 94 

 

Altered patterns of neural activity and functional connectivity revealed by dynamic rsfMRI in the Q175 mouse 

model of Huntington's disease  

<please do not change fonts in header, thank you!> 
 

 

 

  

 

T. Vasilkovska1, B. Callewaert1, S.  Salajeghe1, D. Pustina2, L. Liu2, M.  Skinbjerg2, C. Dominguez2, I. Munoz-Sanjuan2, A. Van der Linden1, 
M. Verhoye1 

1Bio-Imaging lab, University of Antwerp, Antwerp, Belgium; 2CHDI Foundation, Princeton, NJ, USA 

 

P-038  Functional MRI

https://en.wikipedia.org/wiki/Cytosine
https://en.wikipedia.org/wiki/Adenine
https://en.wikipedia.org/wiki/Guanine


 

Figures: 

 

Fig.1: The acquisition scheme of a drsfMRI scan, with repetition time of 500ms 

and effective Echo time of 15ms (left) The slice horizontal positions of the rsfMRI 

data are overlaid on a sagittal section (right). 

Fig.2: ROI-based approach reveals changes in FC between different 

regions in HET compared to WT at 3 (a) and 12 months (b). Top right: 

mean FC difference of WT-HET and significant FC (*) obtained by 

two-sample t-test of T-value matrix; Bottom left: red squares - brain 

region pairs present a significant genotype difference of FC (two-

sample t-test, p-value <0.05, FDR corrected). Abbreviations: CPu – 

Caudate Putamen; Ctx_Cg–Cingulate cortex; Ctx_Cl – Claustrum; 

M1 – Motor cortex 1; OB – Olfactory Bulb; Piri – Piriform Cortex; 

RF – Reticular Formation; S1 - Somatosensory cortex 1 

 

Fig.3: Representative QPP for a sliding window of 20TR (10s) at 4 brain 

levels. Mean BOLD color maps show BOLD activity over all QPP 

occurrences.  (red) /  (blue) higher/lower BOLD activity relative to the 

global mean BOLD signal. 

Fig.4: QPP representative pattern segments at different brain levels for WT 

and HET at 3 months. Mean BOLD color maps show BOLD activity over 

all QPP occurrences.  (red) /  (blue) higher/lower BOLD activity relative 

to the global mean BOLD signal. The major ROIs are marked in the adjacent 

mouse brain atlas overlays - identical regions (black labels), several regions 

only in WT (green) or HET QPP (pink); Corresponding two-tailed one 

sample T-test maps of the QPP patterns (FDR corrected, p-value <0.05) for 

WT and HET mice. Accompanying scale of the T-maps for both groups. 

Fig.5: QPP representative pattern segments at different brain levels 

for WT and HET at 12 months. Mean BOLD color maps show 

BOLD activity over all QPP occurrences.  (red) /  (blue) 

higher/lower BOLD activity relative to the global mean BOLD 

signal. The major ROIs are marked in the adjacent mouse brain atlas 

overlays - identical regions (black labels), several regions only in 

WT (green) or HET QPP (pink); Corresponding two-tailed one 

sample T-test maps of the QPP patterns (FDR corrected, p-value 

<0.05) for WT and HET mice. Accompanying scale of the T-maps 

for both groups. 
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Synopsis: Since neural BOLD responses were found in the white matter (WM), we hypothesized that using CSF and non-brain areas (NBA) as noise source areas, 

rather than WM and CSF, to denoise fMRI data with aCompCor, will positively affect the results of task fMRI studies. This hypothesis was tested by comparing the 

results of processing 2 task fMRI datasets once denoised with WM and CSF and once with CSF and NBA as noise source areas. Our results showed that denoising 

with aCompCor using CSF and NBA leads to higher effect sizes and a better overlap between individual activation maps. 

 

Introduction: In a recent poster1, we showed the advantage of including a denoising step using aCompCor2, in the processing of task fMRI data. These analyses 

were done using the default implementation in CONN3. The noise signal components were determined from source areas assumed to have no neural BOLD 

responses: white matter (WM) and CSF. However, recent studies4,5 showed the occurrence of neural BOLD responses in WM related to BOLD responses in gray 

matter (GM). In an attempt to optimize the aCompCor denoising step, we hypothesized that using CSF and non-brain areas (NBA), rather than WM and CSF, as 

noise source areas will positively affect the results of task fMRI studies. 

 

Methodology: From the OpenNeuro database6, we selected the data from a motor7 (9 subjects) and a Flanker8 (26 subjects) experiments. Both done on healthy 

volunteers at a 3T scanner using a GE EPI sequence. 

All individual datasets were realigned, slice time corrected, normalized and smoothed in SPM12. Thereafter, the data were denoised using aCompCor once with 

WM and CSF and once with CSF and NBA as noise source areas. A GLM with the task conditions (finger, foot and lip movements for the motor task and 

congruent and incongruent trials for the Flanker task) as regressors was fitted to the denoised data. To find the significant activations, statistical t-tests at the 

individual and group levels, were performed for all contrasts: 12 for the motor task, 6 for the Flanker task. The individual activation maps were thresholded at 

p<0.001 and the group activation maps at p<0.005. 

For all activation results, we determined the effect size (ES) of the significant findings as the ratio of the contrast and the residual, we created the individual 

activation count maps (IACM) by overlapping the individual activation maps to determine the mutual overlap between the individual results and we masked these 

IACM with the respective group results to determine the overlap between the individual and group results (IGACM). At last, the mean ES, IACM and IGACM 

were calculated for the voxels in the GM, WM, CSF and NBA and in the main regions-of-interests (ROIS) per task: supplementary motor cortex and the precentral, 

postcentral, paracentral and supramarginal gyri for the motor task and the superior frontal, medial superior frontal, middle frontal, inferior frontal, anterior and 

posterior cingulate and the inferior parietal cortexes for the Flanker task. All left and right. 

To compare the results of both processing pipelines, paired t-tests were performed. 

 

Results: In table 1, the results of the comparison tests per task, done over all contrasts and main task ROIS are summarized. The results of the pairwise comparison 

tests for the activations found in the GM, WM, CSF and NBA are summarized in table 2. 

Figure 1 shows the Bland-Altman plots for the mean effect sizes found for the individual results for the main task ROIS, the GM and the WM.  

 

Discussion: For the tested tasks, denoising using aCompCor with CSF and NBA as noise source areas seems to increase the effect sizes of the found activations. 

Additionally, in the main task ROIS, we found a better overlap between the individual and group activation maps. Moreover, in the more complex Flanker task, 

also the individual activation maps showed a significant higher mutual overlap. For the motor task, a better overlap between the individual activations was not 

found. This is possibly due to the fact that motor tasks mostly give good repeatable individual results, even after processing with less optimal pipelines using no 

denoising at all. 

The finding of larger effect sizes is of interest since higher effect sizes increase the power to detect the task related activations of interest. A better overlap between 

individual results is of interest, since this means that these results are more repeatable at the individual level and repeatable results have a smaller chance to be 

accidental (false positive) findings. 

The activations observed in the CSF and NBA in all analyses, were due to smoothing of activations found in the nearby GM and WM. 

 

Conclusion: Our results support our hypothesis that using CSF and NBA as noise source areas in aCompCor, to denoise task fMRI data, has a positive impact on 

the found activation maps. 
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Table 1. Summary of the results of the paired t-test over all contrasts and task ROIS at the individual and group level, for the motor and flanker task. The last column shows the mean (standard deviation) 

between both analyses. 

 

Table 2. Summary of the results of the paired t-test over all contrasts in the WM, GM, CSF and NBA at the individual and group level, for the motor and flanker task. Each time, we give the t (p-

significance) scores of the paired t-test and the mean (standard deviation) difference between both analyses. 

 

Figure 1. Bland-Altman plots of the effect size found for all contrasts in the analyses using aCompCor with WM and CSF and with CSF and NBA as noise source areas in the task ROIS (top row), GM 

(middle row) and WM (bottom row) for the motor (left column) and Flanker (right column) tasks. 



 

Synopsis 

In the current study, we investigate the contribution of non-neuronal and neuronal-related hemodynamic changes to the BOLD signal for micro- and macro-vascular 

compartments. Vascular reactivity was assessed using CO2 and O2 gas administration, as well as brief visual stimuli, while we used gradient-echo and spin-echo 

across different cortical depths to specifically target different vascular compartments. We found that gradient-echo responded clearly to the gas challenges, also 

affecting the neurovascular hemodynamic response function. These effects were not seen for spin-echo, suggesting that the spatiotemporal characteristics of micro-

vessels may not solely be affected by vascular properties. 

Introduction 

The Blood-Oxygen Level Dependent (BOLD) signal is widely used to investigate human brain functioning in healthy and diseased humans. However, the BOLD 

signal consists of a mix of hemodynamic changes, some of which relate to neuronal activity via micro-vessels, and some of which relate to blood draining effects in 

macro-vessels (intra-cortical and pial draining veins). Thus, the neurophysiological nature of the signals is unclear due to unknown variability in vascular 

organization and the spatiotemporal characteristics of the hemodynamic response within the volume imaged. In the current study, we investigate the contribution of 

non-neuronal and neuronal-related hemodynamic changes to the BOLD signal for micro- and macro-vascular compartments. Non-neuronal hemodynamic changes 

were induced with CO2 and O2 gas administration, while we recorded BOLD signals using gradient-echo (GE) and spin-echo (SE) EPI at 7T. SE-EPI samples 

BOLD signal effects originating mainly from micro-vessels (e.g. capillary bed), while GE-EPI is sensitive to both micro- and macro-vessels (intra-cortical and pial 

draining veins). Additionally, neural activity was induced using a visual stimulus to directly assess how differences in vessel reactivity modulate the hemodynamic 

response function. 

Methods 

Seven healthy volunteers (female=6, mean age=20.4 years) participated in a 7 Tesla fMRI session, while performing CO2 and O2 breathing challenges (Respiracttm), 

and brief visual stimuli were presented on a screen in the scanner bore. BOLD signals were recorded using a gradient-echo (GE, resolution=1x1x1mm, 

TR/TE=850/27ms, FA=50°, FOV=128x128x7mm), and spin-echo (SE, resolution=1.5x1.5x1.5 mm, TR/TE=850/50ms, FA=90°, FOV=190x190x7.5mm) EPI  

sequences, for the same gas and visual conditions. The gas conditions consisted of a 3-minute increase in end-tidal pressure CO2 (+3, +5, +8, and +10 mm/hg) and 

O2 (+500 mm/hg), plus a baseline of normal air. The visual stimuli were brief (0.5s) flashes of black/white random orientation patterns on a grey background, which 

were presented during all gas conditions. On the basis of a T1-weighted anatomy scan, cortical layers (deep, middle and top) were estimated using LayerfMRI 

(github.com/layerfMRI/, figure 1). The percentage of BOLD signal change following the gas conditions was estimated per voxel and averaged over layers. 

Hemodynamic Response Functions (HRF) following the visual stimuli were estimated per gas condition using a Finite Impulse Response (FIR) function and also 

averaged across cortical layers. 

Results 

We found robust BOLD signal change for the increases in end-tidal pCO2 and end-tidal pO2 gas conditions during the GE-EPI run (F(4,24)=14.546, p<.001), but not 

for the SE-EPI run (F(4,24)=0.286, p=.884) (figure 2). Additionally the GE-EPI scans showed the largest signal change in the upper cortical layers (F(4,24)=18.615, 

p<.001), whereas the SE-EPI scans did not reveal any differences in BOLD signal change across layers (F(4,24)=0.253, p=.781). For the estimated GE-EPI HRFs, we 

observed small differences in the response shape during different gas conditions. The HRF amplitude exhibited a small decrease with increasing end-tidal pCO2 

conditions as anticipated (figure 3), however, this effect did not reach significance. A significant amplitude increase was found from deep to upper cortical layers 

(F(2,8)=10.224, p=.006). The estimated SE-EPI HRFs did not show a change in BOLD signal amplitude across gas conditions (F(4,16)=0.678, p=.617), or cortical 

layers (F(2,8)=2.449, p=.148). However, the estimated amplitude of SE-EPI HRF during the end-tidal pO2 gas condition was significantly different from baseline 

(F(1,6)=9.73, p=.023), which was not seen for the GE-EPI pO2 gas increase condition (F(1,6)=0.722, p=.428). 

Discussion 

We investigated effects of different gas challenges on the estimated BOLD signal change for different vascular compartments during the acquisition of GE-EPI and 

SE-EPI scans. We found that different levels of end-tidal pCO2 during the SE-EPI scan did not have a significant effect on the percentage of BOLD signal change 

and also did not differ across cortical layers. However, an increase in end-tidal pCO2 administration was observed to cause significant signal increases during the 

GE-EPI scan, resulting in largest signal changes toward the upper cortical layers. These results suggest that the smaller veins of the capillary bed may be less likely 

to dilate as a result of increases in end-tidal pCO2 (measured with SE-EPI), as opposed to the larger intra-cortical and pial vasculature (measured with GE-EPI). 

Finally, the estimated HRFs following visual stimuli changed per different gas condition, but only the HRFs caused by SE-EPI pO2 administration were 

significantly different from baseline. These results indicate that BOLD signal changes around the capillary bed are not solely dominated by vessel dilation and that 

increases in oxyhemoglobin are sufficient to cause the observed signal changes.  

Conclusion 

Using GE-EPI and SE-EPI sequences, different CO2 and O2 gas administration levels, and a visually induced neuronal stimulus, we report differences in the 

contribution of large vessels versus the capillary bed to the fMRI BOLD signal. The spatiotemporal characteristics of micro-vessels may not likely be affected by 

solely vascular properties. 
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Figure 1. Example cortical depth map for GE-EPI (top panels) and SE-EPI  (bottom panels). 

 

 

 

 

Figure 2. Mean percentage BOLD signal change following gas conditions for GE-EPI (left)  

and SE-EPI (right). Estimated amplitude is presented for 3 different cortical depths (A).  

Full example timeseries are presented at the bottom (B). 

Figure 3. Estimated HRF (A) for GE-EPI (left) and SE-EPI (right) during different gas conditions. 

Estimated amplitude plotted over cortical depth (B). 



 

Synopsis 

We used 3D-EPI VASO to simultaneously measure CBV and BOLD signal changes in the primary motor cortex. We aimed to investigate differences in neurovascular 

coupling as measured by BOLD and CBV signal changes during a hand movement task with increasing movement rates. In agreement with previous findings, the 

BOLD response was found to behave nonlinearly with respect to the movement rate. Remarkably, the CBV response amplitude also shows a similar and strong 

nonlinear behavior where the amplitude saturates at fast movement rates (≥ 1 Hz). 

Introduction 

When interpreting functional MRI signals, we generally assume a linear coupling between neuronal and the observed vascular signals (neurovascular coupling). 

However, blood oxygenation level-dependent (BOLD) responses, neuronal activity, and behavior are often mismatched1-3. For example, an increase in the stimulus 

rate is not followed by a matching proportional increase in the BOLD response when assuming a linear relationship, as has been demonstrated in cortical responses 

with increasing hand movement rates1. One of the hypotheses for the observed nonlinear relationship is that the BOLD responses from non-specific draining vessels 

saturate at fast stimulus rates, i.e., a vascular origin). Cerebral blood volume (CBV) measurements are an alternative fMRI approach to BOLD. The Vascular Space 

Occupancy (VASO) 4 contrast is sensitive to arteriole CBV changes and promises higher microvascular specificity, thus better spatial localization of the neuronal 

activity with reduced contamination of the draining veins compared to BOLD5,6. We hypothesize that VASO CBV responses will show a reduced vascular nonlinearity 

effect with increasing hand movement rates, indicating a higher microvascular specificity and thereby tighter neurovascular coupling. 

Methods 

Five healthy volunteers (age 23-40 years, 3 males) participated in the study. Imaging was performed on a 7T scanner (Philips) using a 32-channel receive coil (Nova 

Medical).  SS-SI VASO data were recorded using a 3D EPI readout7 with the following parameters: TI1/TI2/TE/TRVASO=1100/2600/17/3000ms, 1.5mm isotropic 

voxels, 14 slices, FOV=192×192×21mm3, matrix size=128×128, partial Fourier factor=0.78 and SENSEinplane factor=2.5, volumes=154, total scan time (per movement 

rate)=7min42s. We computed an optimal flip angle sweep, flip angles=14.4°, 14.9°, 15.4°, 15.9°, 16.5°, 17.2°, 17.9°, 18.7°, 19.6°, 20.6°, 21.8°, 23.2°, 25.0°,  27.1°,  

30.0°, to reduce blurring in the slice encoding direction8. 

Participants were asked to move their right hand on a visual cue from a rest position to a loosely clenched fist at five different movement rates: ~0.33, 0.5, 1, 1.5, and 

2 Hz. A task trial consisted of 12 seconds of movement followed by 24 seconds of rest. In total, 12 trials were performed per movement rate. The five movement 

rates were performed in a randomized order across subjects. Hand movements were recorded using a DataGlove 5 Ultra MRI (5DT) with a sampling rate of 1/120Hz. 

The recorded responses were used to calculate the actual executed movement rate and to check the subject’s task performance. 

Data processing consisted of motion correction for BOLD and VASO images separately, followed by a BOLD correction scheme to correct the VASO data for BOLD 

signal contamination [5]. We used SPM12 and in-house scripts (Python and R) to analyze the data. The region of interest (ROI) for the movement rate response 

assessment was obtained from an additional run using the same paradigm (movement rate of 1.0Hz). The ROI contained the common set of BOLD and VASO voxels 

with a Z-statistic value>3.2 from a GLM analysis were located within the gray matter mask from a co-registered segmented high-resolution T1w MP2RAGE. 

Results 

Figure 1 illustrates the functional paradigm and task performance. Figure 2 shows the CBV and BOLD activation maps from a single participant across all movement 

rates. In both cases, the signal changes increase with the movement rate. The CBV activation maps were less spatially extended and with reduced amplitude than the 

BOLD activation maps. Figure 3 shows the group-averaged percentage signal change (CBV and BOLD) across movement rates. Both BOLD and CBV responses 

show a linear relationship for movement rates < 1Hz (depicted by the dashed line in Figure 4) and saturation for ≥1Hz. To highlight the similar response behaviour 

between CBV and BOLD with increasing movement rate, we normalized the responses by the signal amplitude for the movement rate at which the response starts to 

signal saturate (1 Hz), shown in Figure 4). This not only highlights the response saturation but also allows a more direct comparison, taking into account any sensitivity 

differences between BOLD and CBV-VASO signal changes. Figure 5 shows the averaged timecourse across trials. 

Discussion & Conclusion 

Our findings show a very similar hemodynamic response behaviour between CBV and BOLD signal changes for different hand movement rates. We found a tight 

relationship between BOLD and CBV responses, both increasing with movement rate, and saturating at higher movement rates ≥1Hz. Interestingly, other modalities, 

such as CBF mapping, have found comparable nonlinear response behavior [9]. The presumed higher microvascular specificity of CBV-VASO compared to BOLD 

does not directly result in a more linear relationship at high hand movement rates. 
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Figure 1. Single-subject dataglove traces, averaged across 12 trials. The subplots illustrate 
the functional paradigm and task performance. From top to bottom, hand movement rates 

~0.33, 0.5, 1, 1.5, and 2 Hz, the hand movements were performed during 12 seconds 

followed by 24 seconds of rest. The dataglove data was used to check for task performance 

and to calculate the actual performed movement rate for each subject. 

 

 

           

 

 

 

 

 
 

 
 

 

 
 

Figure 2: Example of activation maps. VASO shows less spatially extended responses 

compared with BOLD. 
 

 

 
 

 

 
 

 

 
 

 

 

 

 

                                                     
Figure 3: CBV and BOLD responses across different frequencies. Linear trend (dashed line) in 
both CBV and BOLD, shows the signal behave in a linear system, and also shows that for higher 

movement rates (≥1Hz) both responses amplitudes saturate. 

Figure 4: Normalized percentage signal change for BOLD and CBV. Normalizing the relative 
signal change with respect to 1 Hz highlights that CBV and BOLD signals show a similar 

response amplitude relationship.

 
 

 

 
 

 

 
 

Figure 5: BOLD and CBV signal response for all movement rates. 
 



 

Synopsis: At ultra-high fields, high-resolution and large coverage functional perfusion mapping with Arterial Spin Labeling (ASL) 

becomes challenging due to shorter T2* requiring shorter read-out times and B0 inhomogeneity causing geometric distortions. We address 

these challenges with a single-shot, highly undersampled, short-TE spiral-out trajectory, and simultaneous multi-slice sampling with 

incoherent CAIPIRINHA for increased slice coverage. Spiral ASL acquisitions at short TE allows functional perfusion mapping with 

higher SNR compared to conventional EPI acquisitions, showing potential for high-resolution perfusion fMRI applications at ultra-high 

field. 

Introduction: Perfusion fMRI, acquired with Arterial Spin Labeling (ASL) technique, has been proposed as an attractive alternative to 

BOLD due do its higher spatial specificity1. However, perfusion fMRI suffers from much lower contrast-to-noise ratio (CNR) than BOLD. 

This might be mitigated by the use of ultra-high field (UHF) imaging, which poses the following challenges that must be overcome: (i) 

the short T2* causes fast signal decay limiting the available readout window and induces BOLD signal contamination; and (ii) the higher 

B0 field inhomogeneity at UHF causes strong geometric distortions. To address the first, we propose spiral acquisitions with highly 

undersampled short-TE spiral-out trajectory, and simultaneous multi-slice (SMS) sampling with incoherent CAIPIRINHA for increased 

slice coverage. The effect of field inhomogeneity is addressed by incorporating separately acquired off-resonance maps into the image 

reconstruction. Similarly, the resulting gradient wave-form is obtained by magnetic-field monitoring and considered in the reconstruction.  

 

Methods: A high-resolution simultaneous multi-slice (SMS) spiral ASL sequence was created in-house based on an SMS-EPI 

implementation with FAIR QUIPSS II labeling module using a tr-FOCI inversion pulse2. Data were acquired on a Siemens Magnetom 7T 

scanner (Siemens Healthineers) equipped with a 32-channel head coil (Nova Medical). The single-shot spiral read-out parameters were as 

follows: FoV=200x200mm2, 30 slices with 1.25x1.25x1.2mm3 voxels, 100% slice gap, SMS-factor 2, TE=2ms, TI1/TI2/TR= 

700/1800/2400 ms, flip angle=65o, variable density spiral trajectory with in-plane undersampling factor of 2.2 as described in3, readout 

duration 30ms, dwell time 2.5ns, gradient amplitude 29 mT/m, slew rate 132 T/m/s. Receive coil sensitivity and B0 off-resonance maps 

were obtained for image reconstruction using a multi-echo GRE sequence. The k-space trajectory with the corresponding slice angulation 

was measured on phantom using a Skope 16-channel field-camera. The trajectory and imaging data were merged before reconstruction 

with the i-Skope image production software (Skope MRT, Zurich, Switzerland)4. For comparison, conventional ASL with SMS EPI were 

acquired with matched parameters (29.5ms EPI readout, TE=16ms, 6/8 partial Fourier, GRAPPA=3, echo spacing=0.74ms). With each 

sequence, two 9-minute functional runs were acquired with a block-design combined flickering checkerboard and finger-tapping task 

(12/15 TR activation/rest). Data of the two runs were motion corrected using FSL and averaged before the statistical analysis was carried 

out in FSL-FEAT (without spatial smoothing). Two ROIs covering motor and visual cortices were defined based on z-scores thresholded 

at 1.5. Time courses were extracted from these ROIs and averaged across all trials.  

 

Results & Discussion: Figure 2 shows reconstructed raw spiral images with the expected proton density contrast due to the very short 

echo time. The short echo time translate into higher image and perfusion tSNR than observed in the EPI data (figure 3). Spiral acquisitions 

also resulted in higher z-scores in the motor cortex than the EPI data, for the same region (figure 4). Spiral time courses from the activated 

voxels show that spiral data were much less affected by BOLD contaminations. Although the EPI configuration was optimized for short-

TE ASL2, at this resolution requirement the functional response exhibits very strong T2* effects that dominate the perfusion changes. The 

spiral-based images, however, are dominated by the perfusion changes, allowing for robust detection of functional perfusion modulation 

even in this relatively short experimental duration. The proposed sequence shows potential for perfusion-based laminar fMRI, albeit 

limited to the regions such as motor cortex where the cortex is thicker. 
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Figure 1. A) The colored area shows the acquisition slab. SMS-factor 2 allows for a large enough acquisition slab that covers both the 

visual and motor cortices. B) The nominal trajectory showing the spiral-out gradient waveform, with the CAIPIRINHA kz-blips show in 

black. 

 

Figure 2 (above). Single volume spiral (left) and EPI (right) 

images. The EPI exhibits stronger T2* weighted contrast owing to 

its longer TE, while the spiral is predominantly PD-weighted. 

 

Figure 3 (right). Voxel-wise temporal signal-to-noise ratio maps. 

In the upper panel, the image tSNR (tSNR of the control volumes) 

is shown. The lower panel shows the perfusion tSNR, indicative of 

the temporal stability of the tag-control difference (perfusion) 

images. 

 

Figure 4. Single subject perfusion-weighted activation maps from motor regions-of-interest. The plots show the event-related average 

time-courses extracted from the activated voxels. The green bar indicates the stimulus duration. 



 

Synopsis: Understanding the role of the basal forebrain (BFB) in controlling the dynamics of brain processes is of great interest. We aimed to 

investigate the influence of selective unilateral stimulation of BFB cholinergic neurons on functional connectivity (FC) in the rodent default-mode like 

network (DMLN). By combining resting-state functional MRI (rsfMRI) with chemogenetics, we demonstrate that stimulation of the cholinergic 

neurons in the right BFB significantly decreased right intra-hemispheric and inter-hemispheric FC in the DMLN in rats. These findings provide new 

critical insights into the interplay between attentional networks and DMLN in rodents. 

Introduction: The role of the basal forebrain (BFB) in controlling the dynamics of large-scale functional networks, such as the default-mode network 

(DMN), are of great interest. Previous studies have shown that the cholinergic corticopetal neurons originating from the BFB are strongly involved in 

attentional processes [1-5]. During attention-demanding tasks, the increased activity in the attention networks has been shown to be associated with 

decreased activity in the DMN [6, 7]. Although this antagonistic relationship between both networks could be repeatedly replicated, the underlying 

mechanisms remain to be fully understood. Interestingly, recent studies proposed that the BFB plays a role in the regulation of the DMN [8]. Here, we 

aim to investigate the influence of selective unilateral stimulation of BFB cholinergic neurons on functional connectivity (FC) in the rodent default-

mode like network (DMLN).  

Methods: Adult Long Evans rats (n=28) were subjected to stereotactic surgery targeting the right basal forebrain with an adeno-associated (AAV) 

virus. Rats received either (n=16), AAV8-hSyn_DIO_hM3Dq(gq)-mCherry (Addgene, #44361), for the expression of DREADDs in cholinergic 

neurons or a control virus (n=12), AAV8-hSyn-DIO-mCherry (Addgene, #50459). Histological evaluation of the DREADDs expression showed that 

expression was limited to cholinergic neurons in the right basal forebrain, indicating a successful, cell-type specific transfection (fig 1). All imaging 

procedures started at least six weeks after viral injections and were performed on a 9.4 T MRI system (Bruker Biospec, Germany). For all scans rats 

were anesthetized with an intravenous (i.v.) bolus of 0.05 mg/kg medetomidine, followed by a i.v. infusion of 0.1 mg/kg/h medetomidine and 0.2% 

isoflurane. RsfMRI scans started at 35 minutes after the medetomidine bolus injection and were acquired using a T2* weighted echo planar imaging 

(EPI) sequence (TE: 18 ms, TR: 2000ms, FOV: (30 x 30) mm2, matrix [128 x 96], 16 slices of 0.8 mm). First, a 5-minute baseline rsfMRI was acquired. 

Second, a 20 minute rsfMRI scan was acquired during which the CNO or vehicle (i.e. saline) was intravenously administered at 5 minutes after the 

start of the scan. Then, a final 5 minute rsfMRI scan was acquired. These three scans were acquired during one scan session. Two scan sessions were 

acquired for each animal in the DREADDs-expressing group, during which the effect of either CNO or vehicle was evaluated. One scan session was 

acquired for each animal in the control group to evaluate the off-target effects of CNO. Breathing rate, temperature and blood oxygenation were 

monitored during the scan sessions. All data was processed using SPM12 and REST v1.8 in Matlab 2014a. Statistical analysis was performed using 

SPM12, JMP and GraphPad Prism 6. 

Results and Discussion: Regions of interest (ROIs) were drawn in brain regions of the DMLN in rats and their FC alterations were followed up over 

time after administration of Clozapine-N-oxide (CNO). It has been demonstrated that DREADDs-induced neural activity modulations become apparent 

at 5 minutes after administration of its ligand CNO and lasts for at least 1 hour [9]. Similarly, in this study, significantly decreased FC in the right 

DMLN could be observed in the DREADDs-expressing rats starting at 5 – 10 minutes post-CNO injection which reached a plateau after 10-15 minutes. 

Next, to better understand the effect of right BFB stimulation on bilateral DMLN FC, a ROI-based analysis was performed using bilateral DMLN 

ROIs. Results demonstrated that CNO-induced stimulation of the right BFB cholinergic system significantly decreased the FC between various DMLN 

ROI pairs (fig 2A). Additionally, comparing the average intra-hemispheric and inter-hemispheric FC of the DMLN between both groups revealed 

significantly decreased FC in the right hemisphere and between both hemispheres (fig 20000B). Furthermore, a seed based analysis on two hub regions 

of the DMLN showed significant decreases in FC after injection of CNO. In contrast, CNO injection in the sham group and saline injection in the 

DREADDs-expressing animals, did not elicit FC alterations. Interestingly, various functional imaging studies have identified anti-correlations between 

the attentional networks, or “task-positive networks” and the DMN or “task-negative network” [6, 10, 11]. Additionally, a recent study in humans 

demonstrated that negative BOLD responses in DMN brain regions can be induced by the presentation of random flashing checkerboard visual stimuli 

[12]. Other studies observed significantly decreased FC in the DMN when subjects were preforming a cognitive task [13, 14]. More recently, Hinz et 

al. (2019) evaluated the BOLD responses in DMLN regions upon visual stimulation in sedated rats. The authors demonstrated that visual stimulation 

could deactivate nodes of the DMLN which was associated with decreased FC within the DMLN [15]. The similarity between the latter finding and 

our results might suggest involvement of the basal forebrain cholinergic system in mediating decreased FC in DMLN upon presentation of visual 

stimuli in sedated rats. 

Conclusion: Our study demonstrates decreased right intra- and interhemispheric FC in the DMLN upon activation of basal forebrain cholinergic 

neurons in sedated rats. We conjecture that our DREADDs-induced stimulation mediates decreased DMLN FC through similar pathways as task-

related DMLN suppression. To conclude, our findings provide new critical insights into the interplay between attentional networks and DMLN in 

rodents. 
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Fig. 1: (A) Cre-dependent viral vectors tagged with mCherry were injected in the right basal forebrain of ChAT-cre transgenic rats. (B) Immunohistochemistry was performed to check the expression of the 
DREADDs. The expression of mCherry is represented in red and cell nuclei are blue. (C) ChAT, an enzyme present in cholinergic neurons, is presented in green. (D) Co-localization of mCherry and ChAT 

in yellow (red + green). All cholinergic neurons in the target region were transfected and no mCherry was observed in structures other than cholinergic neurons. 

 
 

Fig. 2: (A) Pairwise z-transformed FC matrix after saline injection (lower half) and after CNO injection (upper half). The colour bar represents z-scores. The stars indicate significant differences (repeated 
measures Two-way ANOVA with Sidak’s correction for multiple comparisons). (B) Bar-graphs of the average intra-hemispheric FC (z-scores) in the DMLN of the right hemisphere and left hemisphere, as 

well as the average inter-hemispheric FC. The z-scores of both groups were statistically compared using a paired Student’s T-test. * p≤0.05, ** p≤0.01, *** p≤0.001, ****p≤0.0001. 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Synopsis: In addition to spatial patterns, also temporal patterns can be identified in brain signal as non-stationary components. Fourier-transform provides only 

information about characteristic frequency components in dynamic brain signals and assumes that these are of stationary nature. However, brain signals are non-

stationary and discrete wavelet transformation can be used to separate the signal into both frequency subbands and time-scales. In The Maastricht Study (n=1730), 

we found that wavelet analysis is a suitable method to demonstrate that physiological measures are associated with specific frequency subbands of the BOLD 

signal, and to separate the neurovascular signal into subbands representing different physiological measures. 

 

Introduction: The vast majority of functional MRI studies investigating brain activity patterns consider the magnitude of the neuronal signal or correlations of 

dynamic signals between various brain regions to determine the brain network based on functional connectivity. In multiple studies, it has been demonstrated that 

the resting-state frequency (10-100 mHz) components reflects the neurovascular coupling signal as these components correlate with cognitive performance.  

Recent studies1,2 have indicated that, in addition to spatial patterns (i.e., functional activity as well as connectivity between brain regions); also temporal patterns 

(i.e., patterns at specific time-scales) can be found in the brain signal with non-stationary components. Whereas Fourier-transform can reveal various characteristic 

frequency components in dynamic brain signals, it assumes periodically continuing components (i.e., stationary). Alternatively, discrete wavelet transformation 

(DWT) can be used to separate signal time-series into different frequency subbands with different time resolutions and it can properly manage non-stationary 

components.  

With this study, we aim to decompose the dynamic brain signal into wavelet components and explore to which extend the various frequency subbands (see Figure 

1) correlate with obtained physiological measures in 1730 participants of the Maastricht study.  

 

Methods: Subjects: In a subsample of the population-based Maastricht Study (n=1730, 52% men, aged 59±8 years), we performed 3T MRI (MAGNETOM Prisma 

fit, Siemens Healthcare, Erlangen, Germany).  

MRI: 3D T1-weighted magnetization prepared rapid acquisition gradient echo (MPRAGE) sequence (TR/TI/TE 2300/900/2.98 ms, 176 slices, 256×240 matrix size, 

1.00 mm cubic voxel size). Resting-state functional MRI (rs-fMRI) data were acquired using a T2*-weighted blood oxygen level-dependent (BOLD) sequence 

(TR/TE 2000/29 ms, flip angle 90°, 32 slices, 104×104 matrix size, 2.00×2.00 mm pixel size, 4.00 mm thick transverse slices, and 195 dynamic volumes). 

Physiological measures: Physiological measures for the physiological frequency subbands (as depicted in Figure 1) are described in Table 1. Further details about 

the measurements can be found in3.  

Processing: Steps included correction for field-inhomogeneities, slice-timing, and head motion. Time-series were extracted for all gray matter voxels, standardized 

by subtraction of the mean signal, and divided by the standard deviation.  

For DWT, each time-series was decomposed into seven wavelet subbands, with the Daubechies-4 wavelet chosen as the mother wavelet function. To determine to 

which extend the signal is structured, the energy per decomposition level was calculated with the following formula: 

Energy Ej per decomposition level j: Ej=∑Sj(k)2, S=signal; k=time-point. 

Statistics: Linear regression analysis was used to investigate the association of energy per subband with physiological measures. In this model, the energy per 

subband was used as the independent variable, and age, sex, educational level, and the physiological measures from Table 1 were included as dependent variables.  

 

Results: Figure 2 shows that the energy in the wavelet subbands more or less exponentially decreases from lower to higher frequency subbands, which is due to the 

low-pass nature of the slow and delayed hemodynamic response.  

In general, we observed significant associations between the energy of specific subbands with the expected physiological measures (Table 2). More specifically, we 

found associations of myogenic and respiratory measures with the energy of subband 2. SysBP and IPS with the energy of subband 3, long-term blood glucose 

(HbA1c) with the energy of subband 5, and the endothelial component of skin microvascular flow motion with the energy of subband 6. The HR is associated with 

the energy of subband 1, 4, and 5, which is likely due to aliasing of the cardiac signal into various lower frequency subbands, because of its high frequency 

compared to the sampling frequency of the fMRI signal (250 mHz). Long-term blood glucose (HbA1c) was also associated with the energy of subband 1, and the 

myogenic activity measures (DiaLF and SysBP) were both only significantly associated with one of the two matching subband energies (2 and 3).  

 

Conclusion: These results suggest that physiological signals are associated with specific frequency subbands of the BOLD signal, but that some signals can also be 

detected in other subbands. The subband analysis showed that subband 3 contains the most specific information about the neurovascular signal in terms of cognitive 

function. To filter out cardiac and respiratory, scans with a lower repetition time (and thus higher sampling frequency) should be used. Interestingly, the low 

frequency subbands (<10 mHz), which are usually excluded from fMRI analysis, contain relevant information about endothelial and metabolic activity. In future 

studies, these subbands can possibly be used to study the temporal influences of hypertension or diabetes on the neurovascular signal. In conclusion, wavelet 

analysis turned out to be a suitable method to separate the neurovascular signal into subbands representing different physiological measures.  
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Figure 1: Representation of the 1/frequency-behavior of the wavelet energy. W1-W7 indicate the central frequencies of the wavelet decomposition levels. On the x-axis, both frequency and time resolution 

are depicted. The colors indicate the subbands of physiological signals. The gray box indicates frequency range for the resting-state signal; fs indicates the sampling frequency.  

 

Table 1: Overview of the wavelet subbands, and the expected corresponding physiological frequency subbands and physiological measures.  

 

 

 

Figure 2: Wavelet energy of frequency subbands of the wavelet transform.  

 

Table 2: Standardized β’s of linear regression analysis of wavelet energy (for the subbands acquired from each wavelet decomposition level) with (neuro) physiological signals. 

 



 

Synopsis and purpose: Structural asymmetries between both cerebral hemispheres are well-known in human neuroanatomy and are linked to different functional 

and cognitive abilities. White matter plays an important role in different brain functions, relaying and coordinating communications between different brain regions 

for information processing. In this study we explored the differences in diffusion tensor imaging (DTI) measurements between the right and left corticospinal tracts 

(CST) and superior longitudinal fasculi (SLF) in 24 right handed subjects with left lateralized language processing. 

 

Methods: This study was carried out on 24 subjects, including 12 males and 12 females, ranging in age between 18 and 22 years. Inclusion criteria 

were 1) Right handedness (determined by the Edinburgh Handedness Inventory scale) and 2) Left language lateralization (Determined by 

functional MRI). MRI imaging in this study was obtained at three Tesla (3T) using an MRI scanner by Siemens (Siemens TRIO, Berlin, Germany) 

configured with a 64-channel head coil. Structural T1 MPRAGE images as well as high spatial resolution diffusion weighted images were acquired 

using 30 directions and 5 baselines, b value=1000 s/mm2. A 2mm thick contiguous slices and isotropic 2×2×2mm3 voxels were acquired. 

We used an automated software, described by Suarez et al.1, to trace the target tracts, which projects different seeding and exclusion regions of 

interest (ROIs) into subjects' space. DTI measurements were calculated using a density-weighted approach on the voxel level; tract's density is used 

to assign weights for each voxel, with the voxel compromising a larger amount of streamlines assigned more weight and that compromising less 

amount of streamlines assigned less weight2.  

A Laterality index was calculated for the FA values of both tracts using the following equation: 

                 (FA left side – FA right side) 

Laterality index (LI) =  ----------------------------------------   X 100 

                 (FA left side + FA right side) 

 

Results: A statistically significant difference of the FA values was found between right and left CST. Other measurements did not show a significant difference 

between the two tracts (Table 1) (Figure 1). A statistically significant difference of the FA values was found between right and left SLF. Other measurements did 

not show a significant difference between the two tracts (Table 2) (Figures 2). 

Nineteen subjects (79.2%) had a laterality index equal or more than 1 (Left lateralized) in both explored tracts. 

No correlation was found between the laterality indices of the CST and the SLF. 

 

Discussion:  In the current study, an automated software was used to assign seeding ROIs in subjects' space1. This helps standardizing the tracts' extraction process 

by eliminating the possibility of subjective biases. Furthermore, calculation of DTI measurements was done using a density-weighted approach, assigning more 

weight to areas which have higher density of the target tract2,3. This method differs from the conventionally used method, in which a density threshold is applied 

and then the extracted DTI measurements are divided by the number of voxels compromising the tract4,5. The conventionally used method puts the process in 

jeopardy of miscalculation due to partial volume effect resulting from the interaction between the geometry of the extracted tracts and the voxel grid6.  

Previous studies found controversial results regarding both CST and SLF lateralization7–13, this is likely due to heterogeneous methodology of these studies, 

including different ROIs used to extract target tracts, methods of calculation of DTI measurements, as well as analysis of different segments of the tracts in case of 

SLF. 

 

Conclusion: The results of the current study represent an addition to the literature regarding a controversial topic; with multiple studies yielding different results of 

white matter tracts' lateralization using DTI. We propose the method used in the current study as being more representative of the tracts' DTI measurements and 

hence provides better evaluation of asymmetries between right and left cerebral hemispheres. The novel method used, relying on density weighted stats, tends to de-

weight the influence of outliers in the tractography results caused by crossing fibers and regions of low fractional anisotropy, eventually focusing the statistical 

analysis upon the regions that are most robust, and therefore most reproducible.  
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   *p-value of ≤ 0.05 was considered significant. 

  Table 1. Difference in DTI measurements between the right and left CSTs. 

 

 

   Figure 1. Bar chart showing mean ± standard deviation values of FA between right and left CSTs. 

 

 Rt SLF Lt SLF p-value 

MD 

(mm2/sec) 

0.6x10-3 ± 0.17 x10-3 0.6x10-3 ± 0.16x10-3 0.98 

FA 

 
0.49 ± 0.032 0.52 ± 0.036 0.014* 

RD 

(mm2/sec) 
0.43x10-3 ± 0.13x10-3 0.42x10-3±0.13x10-3 0.89 

AD 

(mm2/sec) 
0.94x10-3 ± 0.2x10-3 0.96x10-3± 0.2x10-3 0.83 

*p-value of ≤ 0.05 was considered significant. 

   Table 2. Difference in DTI measurements between the right and left SLF. 

 

 
 

     Figure 2. Bar chart showing mean ± standard deviation values of FA between right and left SLF. 
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 Rt CST Lt CST p-value 

MD 

(mm2/sec) 

0.58x10-3 ± 0.2 x10-3 0.57x10-3 ± 0.2 x10-3 0.86 

FA 

 
0.56 ± 0.047 0.59 ± 0.037 0.0363* 

RD 

(mm2/sec) 
0.38x10-3 ± 0.15 x10-3 0.36x10-3±0.14 x10-3 0.62 

AD 

(mm2/sec) 
0.97x10-3 ± 0.3 x10-3 0.98x10-3± 0.3 x10-3 0.89 



 

Synopsis: Ultra-high-field MRI is more sensitive to variations in the B0 field specially for larger organs such as the liver. Dynamic shimming using a 

local array of shim coils can potentially improve the field homogeneity by 18-46% when compared to the standard hardware correction methods at 7T. 

The use of local shim coil arrays embedded in RF receiver coils may become a good strategy when maximizing shim performance considering the 

limited available number of shim channels, particularly for larger organs such as the liver at ultra- higher field strengths. 

 

Introduction: Ultra-high field MRI (≥7T) has the potential to become a clinically viable tool due to its higher intrinsic SNR and CNR compared to 

lower magnetic field. This increase in SNR and CNR allows for higher spatial resolutions and higher sensitivity in image acquisition than conventional 

clinical MRI. However, one of the main technical challenges with increasing field strength is the static magnetic field inhomogeneity. Variations in 

the B0 field lead to local frequency offsets that can cause artefacts during MRI and MRS measurements.1 The magnetic susceptibility differences 

between tissue interfaces is one of the leading factors for local magnetic field inhomogeneities due to the linear increase in field offsets caused by 

tissue susceptibility at higher fields. To reduce the spatial variations, higher order spherical harmonics are needed in addition to the standard hardware 

B0 shimming methods of the scanner, which would require a high number of shim coils and channels.2 An alternative is the use of local shim coil 

arrays that can provide the high order of spatial field variation albeit confined to a small region. Moreover, local shim coils would couple less to the 

conductive bore thereby may have negligible eddy currents thus could generate spatially varying magnetic fields that counteract the B0 field variations 

in real time. Here, we demonstrate that B0 field variations in the liver can be substantially reduced using a local array of only 16 shim coils, when 

compared to the standard hardware correction method at 7T. 

Methods: A whole-body 7T MR scanner equipped with a multi-transmit RF system (Achieva, Philips Health Care, Cleveland, OH, USA) was used to 

acquire B0 maps of the liver in five healthy volunteers. Eight transceiver fractionated dipole antennas with 16 additional receive loops interfaced to 8 

parallel 2kW peak power amplifiers, were positioned symmetrically around the body at the position of the liver.3 RF phase shimming was performed 

to maximize transmission efficiency and optimize B1
+ field homogeneity in the liver. Five dual-echo B0 maps (GE, 386×410×180mm3 FOV, 6×6×6mm3 

voxel size, FA=4°, TR=6ms, TE=1.413ms, ΔTE=1ms) were acquired during free breathing as well as in inspiratory and expiratory breath-holds. The 

local shim coil array consisted of 16 circular loops, each with a diameter of 5cm. The coil diameter was optimized using simulation libraries provided 

by MR Shim GmbH (Reutlingen, Germany) between the range of 1-10cm. Each loop consisted of 20 coil windings of enameled copper wire with a 

diameter of 0.56mm.4 After the diameter was optimized, electromagnetic simulations were performed using 30 slices of the gradient dual-echo field 

maps to calculate the magnetic field that is generated by a constant electric current through the shim coil array using the Biot-Savart Law.5 The coils 

were arranged in two rows of eight around the body (Figure 1). These simulations were validated afterwards with a measurement in the 7T MRI 

scanner. B0 maps with equal sequence parameters were acquired in a phantom (octagon, 39×40×20cm, filled with polyvinylpyrrolidone) using a single 

shim coil driven with a current of 8A. The difference between the simulation and the measured B0 map was calculated as the RMSE and the correlation 

with the Pearson correlation coefficient.6 

Results: The simulations showed that the use of the local array of shim coils led to 65±8.3% improvement of the B0 homogeneity during free breathing, 

80±4.5% improvement during inspiratory state, and 75±12% improvement during expiratory state when compared to unshimmed B0 map acquired 

during free breathing (Figure 2, 3). Compared to the field homogeneity when using the standard hardware-based method up to second order terms, the 

B0 variation in the liver can be reduced by 9±5.1% in free breathing, 46%±16 in inspiratory state, and 18±12% in expiratory state. Comparison of the 

simulations with the phantom 7T measurements, shows clear B0 differences (Figure 4, 5). The difference is close to zero further away from the 

shim coil. The Pearson correlation coefficient between simulations and measurements is 0.70 and the RMSE is 196Hz with the maximum B 0 

field variation value measured at 5.34×103Hz and the maximum of the simulation at 1.66×103Hz. 

Discussion: Substantial gain in field uniformity can be obtained with organ specific local B0 shim coils when compared to generalized static spherical 

harmonic shimming. In our study, we simulated dynamic shimming by using breath-hold, while real-time shim updating was not implemented. Direct 

use of simulated fields in real time will cause a mismatch as shown by the phantom measurements that differed from the simulations. While this can 

be prevented by obtaining fast B0 calibration maps from all shim coils, the magnitude of field variation is similar, thereby the simulation results do 

provide validation for the power requirements of the coils and amplifiers. 

Conclusion: This study shows that local B0 field variations in the liver at 7T can be reduced by using an array of local shim coils. B0 shimming 

improves by 9±5.1% in free breathing up to 46% in inspiration when using a local shim coil array in comparison to standard hardware shimming B0 

shimming. As local shimming becomes more important at ultra-high magnetic field strengths, the use of embedding local shim coils in RF receiver 

arrays may become attractive, particularly for larger organs such as the liver. 
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Figure 1: Schematic of the local shim array in combination with the body array showing the position of the local array of shim coils 

with respect to the body array and the body. A: anterior, P: posterior, R: right, L: left, I: inferior, and S: superior. 

 

 

Figure 2: B0 maps showing the B0 field of volunteer 3 A) Unshimmed simulated B0 field in free breathing state, B) Simulated B0 field after 2nd 

order scanner shim in free breathing state, C) Simulated B0 field after B0 shimming with the local shim coil array in free breathing state, D) 

Unshimmed simulated B0 field in inspiratory state, E) simulated B0 field after 2nd order scanner shim in inspiratory state, and D) Simulated B0 

field after B0 shimming with the local shim coil array in inspiratory state.  

 

 

Figure 4: Three dual-echo B0 maps with B0 fields of slices of the phantom. A) B0 field that is 

measured in the scanner with a single shim coil attached with a current of 8 A B) Simulated B0 field 

using the same shim coil as in the measurements with 8 A C) Difference B0 map of the measured 

and simulated B0 maps. A: anterior, P: posterior, R: right, and L: left. 

 

Figure 5: Signal graph of the black line in Figure 

4 of the measured B0 map, simulated B0 map, and 

the difference between measured and simulated.  

 

 

 

Figure 3: Improvement in percentage of the B0 values before and after shimming using the simulations 

of five volunteers. 

 



 

Synopsis: This study aimed to compare the performance of the novel camera-based respiratory navigation sensor (VitalEye) in retrospective respiratory binned 

Cartesian 4D flow MRI to conventional liver navigator and self-gating. Analyzed were the cross-correlation of the respiratory signals, peak flow rate error 

compared to 2D flow and the image quality in terms of edge sharpness of the liver/diaphragm border and signal-to-noise ratio. The novel camera-based respiratory 

navigation sensor VitalEye performed as good as conventional liver navigator and self-gating. Respiratory signal, flow rate error, and image quality showed no 

significant difference, but VitalEye has the advantage of a 10-times higher sampling frequency. 

 

Introduction: Respiratory correction is important in cardiac MRI to avoid blurring and motion artefacts. Several techniques have been implemented, mainly by 

restricting the acquisition to the same short time window during the end-expiratory phase. Recently, a novel contact-less camera-based respiratory navigation sensor 

has been introduced1 and shown improved image quality in abdominal MRI compared to respiratory belt-based triggering2. This may also apply to 4D flow MRI in 

which the recommended method is a liver/diaphragm MR navigator3 or self-gating4. 

This study aimed to compare the performance of the novel camera-based respiratory navigation sensor (VitalEye) in retrospective respiratory binned Cartesian 4D 

flow MRI to conventional liver navigator (RNAV) and self-gating (SG). 

Methods: Pseudo-spiral compressed sensing (CS) accelerated 4D flow MRI5,6 of the heart or the aorta were scanned in Ntotal=14 subjects on a 3T MR system 

(Philips Ingenia ElitionX; Philips Medical Systems, Best, The Netherlands) which was equipped with a built-in-the-bore camera of type IDS uEye (IDS, Obersulm, 

Germany). The subject cohort Ntotal was divided into four sub-groups N1A=14, N1B=7, N2=6, and N3=6 depending on the performed scan-exam and analysis used. 

The scanner software was modified to both continuously sample the k-space in a pseudo-spiral Cartesian fashion, which also enabled SG due to repetitive k-space 

center sampling (k0/0), and to acquire the RNAV with a predefined frequency without ECG-synchronization, which led to different RNAV sample points over the 

cardiac cycle. 4D flow parameters: TE/TR/flip angle= 2.1ms/3.9ms/8°, spatial resolution= 2.5x2.5x2.5mm3, cardiac frames= 30, VENC= 150cm/s, scan time= 

5:18min (aorta) or 6:58min (heart). 4D flow scans of the heart were acquired two times, one with RNAV sampling (4D flow [1]
RNAV/VitalEye) and one without (4D 

flow[2]
VitalEye), but always with VitalEye. As a reference, 2D flow scans were acquired at three ROI in the ascending aorta (AAo) and two in the descending aorta 

(DAo1, DAo2). 

4D flow data were processed offline using ReconFrame (Gyrotools, Zurich, Switzerland) in MATLAB (The MathWorks Inc., Natick, MA, USA) together with the 

Berkeley Advanced Reconstruction Toolbox7 (BART) for CS reconstruction with a sparsifying total variation transform in time. The SG signal was extracted in 

four steps8: Fourier transforms of k0/0 along the readout direction, singular value decomposition per coil, bandpass filtering, and coil clustering. Each respiratory 

signal was extracted from the raw data. VitalEye was sampled with a frequency of 𝑓𝑉𝑖𝑡𝑎𝑙𝐸𝑦𝑒= 20.0 Hz, RNAV with 𝑓𝑅𝑁𝐴𝑉= 2.0 Hz, and SG with 𝑓𝑆𝐺= 2.3±0.2 Hz. 

After phase-binning with expiratory-phase defined by a 60% acceptance rate, the final undersampling/acceleration was R = 9.26±0.02 (aorta) to 10.45±0.01 (heart). 

 

Three different analyses were performed in MATLAB to compare the respiratory navigation performance: 

1. Cross-correlation between VitalEye vs RNAV (N1A=14) and VitalEye vs RNAV vs SG (N1B=7). Cross-correlation 𝐶 of two respiratory signals or their 

phases 𝑔 and ℎ with delay 𝜏 is defined: 

𝐶 = (𝑔 ∗ ℎ)(𝜏) = ∫ 𝑔(𝑡)̅̅ ̅̅ ̅̅  ℎ(𝑡 + 𝜏) 𝑑𝑡
∞

−∞

  

2. Peak flow rate difference between 4D flowRNAV/VitalEye/SG vs 2D flow MRI (N2=6) in three ROI in the form of Bland-Altman and correlation plots. All flow 

analyses were done with Segment9. 

3. Image quality based on the signal-to-noise ratio 𝑆𝑁𝑅 =  𝑆̅
𝜎𝑁

⁄  as well as the diaphragm sharpness 𝑆 defined by a sigmoid fit width over a line profile. 

Analyzed were two heart scans 4D flow[1]
RNAV/VitalEye binned with either RNAV or VitalEye signal, and a 4D flow[2]

VitalEye binned with VitalEye signal to 

investigate if the RNAV sampling introduces image distortions (N2=6). 

Results: The results of the cross-correlation (Figure 1), the peak flow rate difference (Figure 2) as well as the image quality measurements (Figure 3) are listed in 

Tables 1.1-1.3 (Figure 4). It can be seen that RNAV and VitalEye show a high correlation, especially for the respiratory phase or the eventual binning, respectively, 

are almost identical to 𝐶Phase RNAV/VitalEye= 0.97±0.01. A moderate correlation can be seen when comparing SG to VitalEye or RNAV of 𝐶Phase RNAV/SG= 

0.85±0.03 and 𝐶Phase VitalEye/SG= 0.85±0.03. The peak flow rate comparison to 2D flow MRI showed the least error for 4D flowVitalEye of 6.1% followed by 

4D flowRNAV of 6.7% and 4D flowSG of 6.8%. The image quality measurements showed equal 𝑆𝑁𝑅 and 𝑆 values. 

Discussion: The comparison between the three respiratory signals revealed that there is no significant difference in terms of respiratory signal monitoring, flow rate 

error, and image quality. However, each technique has its (dis-)advantages. The major advantage for the RNAV is that the signal is a displacement measurement in 

millimeter in contrast to VitalEye and SG, which signal units are arbitrary. Therefore, the RNAV binning might improve if absolute binning is used instead of phase 

binning as in this study. The major advantage of VitalEye is the high sampling frequency of 20.0 Hz, which allows sampling of any occurring respiration rate with 

Nyquist frequency – even those for infants of up to 1.5 Hz. Additionally, the external setup does not change or interfere with the MRI sequence. In contrast, scan 

time is sacrificed for RNAV or the sampling pattern needs to be adopted for SG. 

Conclusion: The novel camera-based respiratory navigation sensor (VitalEye) performed as good as conventional liver navigator and self-gating in retrospective 

respiratory binned Cartesian 4D flow MRI. Respiratory signal, flow rate error, and image quality showed no significant difference, but VitalEye has the advantage 

of a 10-times higher sampling frequency. 
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Figure 1: 

Signal comparison and corresponding phase-binning of the three different 

respiratory sensors RNAV, VitalEye, and SG. 

The signals have been normalized between -1 and 1, and the phase 

divided into inspiration (red) and expiration (green). 

 

 

 

 

Figure 2: 

4D flowRNAV/VitalEye/SG peak flow rate difference to 2D flow MRI at 

three ROI ascending aorta (AAo) and two descending aorta 

(DAo1,DAo2) for six aorta scans (N2=6) in the form of Bland-Altman 

and correlation plots. 

The three ROI are indicated on the right. 

 

Figure 3: 

Image quality comparison of an exemplary 4D flow data set on the 

liver/diaphragm border. 4D flow scans of the heart were acquired two 

times, one with RNAV sampling (4D flow[1]
RNAV/VitalEye) and one without 

(4D flow[2]VitalEye). 

Moreover, the image quality assessment based on SNR as well as 

diaphragm sharpness S defined by a sigmoid fit width over a line profile 

(bottom right). 

 

 

 

 

Table 1 (Figure 4): 

Results of the cross-correlation, the peak flow rate difference as well as 

the image quality measurements. 

Please note for the image quality comparison that the respiratory signal at 

4D flow[1] was measured with RNAV and VitalEye, wherefore at 4D 

flow[2] only with VitalEye in a second scan. 



 

Synopsis: Imaging the carotid arteries at 7T requires a multichannel array which allows B1-shimming and conforms to different neck sizes. The major challenge is 

to minimise coupling between closely-spaced coils and to make the coupling relatively insensitive to loading conditions. We have designed a five channel transceive 

array composed of  shielded-coaxial-cable coils placed on the anterior part of the neck and conforming to the anatomy. Coil flexibility has been demonstrated by 

imaging subjects with different neck circumferences.  In vivo black-blood  images were acquired with very high in-plane spatial resolution (0.25 x 0.25 mm2) with 

clear depiction of the vessel walls.  

Purpose: Imaging  of the neck region is rather limited due to several challenges associated with this region. The imaging of a neck region would require multi-

element coils (to address B1
+ field inhomogeneities) that should conform to different neck sizes. Different sized necks require flexible multichannel coils which should  

be relatively insensitive to the loading conditions.  

Very high resolution imaging of the carotid arteries is potentially an area in which high field MRI could play a major role. Several studies have acquired data on 

single or both carotids using either single surface coils1,  a transmit array of surface coils2,3, or a concept using a leaky wave  antenna and the transmit small surface 

loops for receive4,5. The biggest limitation of carotid imaging  arrays so far is the lack of adaptability to different neck sizes.  Coupling between individual elements 

should be low  when they are placed close together, and should not change substantially when the individual coil elements are geometrically stretched or compressed 

due to different neck sizes. To address these issues we have designed a flexible neck array with five decoupled shielded-coaxial-cable (SCC) coils6. 

Methods: Each elongated shielded-coaxial-cable (SCC) loop coil (Figure 1a), with minor axis 60 mm and major axis 160 mm, were constructed from thin 50 Ohm 

coaxial cable (Huber+Suhner K 02252 D-06, diameter 3.0 mm) with a balanced capacitive pi-matching network. The transceive array was constructed of five identical 

SCC loop coils spaced 5  mm apart (Figure 1). The elements were attached to a flexible foam former, thickness 10 mm. The array elements were tuned to a  volunteer 

with neck circumference of 370 mm.  

Electromagnetic simulations were performed in CST Microwave Studio 2019 (CST Studio Suite, Computer Simulation Technology, Darmstadt, Germany). To 

evaluate SAR10g, in vivo simulations using the voxel model Gustav was used (with a neck circumference ~375 mm).  The calculated SAR10g   was normalized to 1W 

of accepted power. Different excitation phases, corresponding to B1
+ shimming, were investigated and the one corresponding to maximum SAR10g  is shown in Figure 

2.  

The dual refocusing echo acquisition mode (DREAM)7  sequence was used to acquire  B1
+  maps with the  following parameters: FOV = 200 × 160 × 25 mm3, voxel 

size = 5 × 5 × 5 mm3, flip angle = 10°, STEAM angle = 50°, TE/TR = 1.97/15 ms, 1 signal average.  

Based on the in vivo B1
+ maps, phase‐based RF shimming was performed using five individual transmit channels in order to optimize the transmit homogeneity within 

both carotids simultaneously.  

Anatomical localizer imaging  of the carotids was performed with a gradient echo sequence using the following parameters: FOV = 140 × 140  mm2, voxel size = 0.6 

× 0.6 × 4.0 mm3, flip angle = 25°, TR/TE= 300 / 6.4 ms, number of averages = 4.   

Black blood imaging at different spatial resolutions was performed with a  multi-slice (MS) turbo spin echo  (TSE) sequence using the following parameters: FOV = 

140 × 140 mm2, echo train length = 12, number of averages = 1: 

(i) voxel size = 1 × 1 × 2.0 mm3 - TE/TR = 7.9 / 4958 ms,  

(ii) voxel size = 0.4 × 0.4 × 2.0 mm3 - TE/TR = 9.8 / 5240 ms  

(iii) voxel size = 0.25 × 0.25 × 2.0 mm3 - TE/TR = 11 / 2622 ms   

Results: Figure 2 shows a  maximum simulated SAR10g of 1.1 W/kg on the voxel model, which is well below the allowed value: this corresponded to equal excitation 

phases for each element of the array.  Figure 3 (a) shows measured noise correlation matrices on three subjects (1 male, 2 female)with neck circumferences  of 310 

mm, 340 mm and 390 mm. The coupling coefficients were -12.5 dB and below for all subjects and all coils.  Figure 3 (b) shows the measured B1
+ maps. The B1

+ in 

a carotid regions were  between 12.6 and 16.8  µT (for both right and left carotid).  We should note that the B1
+ in the carotid arteries themselves cannot be measured 

due to flow.  Figure 3 (c) shows gradient echo images of the carotids, with the carotids appearing bright due to in-flow effects.   Figure 4  shows ‘’black blood’’ TSE 

images of the carotid artery at different in-plane spatial resolutions (1 x 1 mm2, 0.4 x 0.4 mm2 and 0.25 x 0.25 mm2), with zoomed-in magnifications to show the 

excellent depiction of the vessel wall. 

Discussion: Previous work has shown that an SCC coil has high intrinsic decoupling from surrounding elements, and that the bending and elongation of the coil does 

not influence its performance as much as  the conventional loop coil6  making it very suitable for a flexible array. The simulated max SAR10g of 1.1 W/kg was less 

than the 1.27 W/kg2 and 1.99 W/kg5 reported  for other coil arrangements. The coil flexibility was demonstrated by imaging of three subjects with very different neck 

circumferences, with the  measured  noise correlation coefficients being stable with respect to the neck dimensions.   

Conclusions: In this paper, we designed a highly flexible 5-element array for imaging of the carotid arteries at 7 T. The fabricated array  can be positioned tightly 

onto the anterior neck region and can be bent to follow the anatomy of the region.  Using this array we have achieved very high resolution, 0.25 x 025 mm2 in-plane 

black blood carotid imaging in a single acquisition. 
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 Figure 1. Coil schematics, fabricated five channel array and measurement setup.                  Figure 2. Simulated SAR10g on a voxel model. Maximum SAR10g was 1.1 W/kg.                            

 

 

Figure 3. (a) Measured in-vivo noise correlation matrices on subjects with different neck circumferences. (b) Measured B1
+ maps on subjects with different neck circumferences. (c) GRE images to show 

visualization of carotids. 

 

  

Figure 4. (a) Measured TSE carotid images in three different resolutions.  The highest  resolution achieved was 0.25 x 0.25 mm2 (the slice thickness was 2 mm in all cases). 



 

Synopsis: Cardiac triggered CINE imaging is used clinically for the assessment of cardiac function. The purpose of this study is to investigate the feasibility of real 

time free breathing CINE MRI using a high density receive array on a 3T clinical system with online compressed SENSE image reconstruction. We demonstrate 

feasibility of real-time 2D CINE imaging using a high-density coil array. 

 

Introduction 

Cardiac triggered CINE imaging is used clinically for the assessment of cardiac function. For ample data quality breath-holds are needed to eliminate breathing 

motion artifacts, which is time consuming and uncomfortable for patients1. Furthermore, CINE CMR is challenging in patients with arrhythmias and requires real-

time imaging, resulting in low spatial resolution. Therefore, it is desirable to accelerate CINE cardiac MRI to a single heartbeat acquisition per slice with reasonable 

spatial resolution. Parallel imaging is limited by the signal-to-noise ratio (SNR) and coil geometry2. High-density coil arrays can increase the maximal obtainable 

acceleration factor, by maximizing SNR and minimizing the g-factor3. The purpose of this study is to investigate the feasibility of real time free breathing CINE 

MRI using a high density receive array on a 3T clinical system with online compressed SENSE image reconstruction. 

Methods 

The coil setup consists of a high-density 72-channel cardiac array (Tesla Dynamic Coils, Zaltbommel, Netherlands) combined with the standard 12-channel 

posterior coil inside the patient table (Fig. 1) on a Philips 3T Ingenia system with dStream architecture (Philips, Best, Netherlands). To evaluate the acceleration 

performance of the coil setup four experiments using 2D CINE MRI were performed on a single volunteer (male, 29). All experiments comprised 2D CINE cardiac 

synchronized balanced SSFP acquisitions (TE = 1.4ms, TR = 2.8ms, FOV 300x300mm, acquisition voxel size = 2.0x1.6x8mm, recon voxel size = 1.25x1.25x8mm, 

FA = 45 degrees, temporal resolution: 45ms) with varying compressed-SESNSE acceleration factors. First, a 3 slice short axis, a 4 chamber and 2 chamber CINE 

acquisition with a C-SENSE factor 3.5 was acquired during 5 consecutive 4s breath-holds (4 heart-beats (HB) per slice) per slice. Secondly, to evaluate the C-

SENSE performance of the coil, 6 dynamics of a single slice free-breathing acquisition were performed with C-SENSE factors of 3, 6 and 9 (4, 2, and 1 HB per 

slice, respectively). Thirdly, a free breathing whole heart (12 slices) acquisition with a C-SENSE factor 6 (duration 24 HB, 2HB per slice) and a C-SENSE factor 9 

(duration 12 HB, 1HB per slice) was performed. Fourthly, 6 dynamics of a real-time free breathing 6 slice axial acquisition was performed using a C-SENSE factor 

9 (duration 36HB, 1HB per slice). 

Results 

All 84 receiver channels are well decoupled according to the noise-correlation matrix and the high density of small elements resulted in lower G-factors compared 

to the clinical used setup with 28 channels (Fig. 1). Additionally, calculated SNR distribution maps shows an increased SNR in the heart with respect to lower 

channel count coil setups. The first experiment shows that the 84 channel coil results in homogeneous CINE image in 3 orientations using very short breath-holds 

(~4s) (Fig. 2). For free breathing acquisitions, motions artifacts are still visible at C-SENSE 3 (see fig3 right top panel). With CSENSE 6 and C-SENSE 9 scans 

breathing artifacts are minimized or mitigated, although the image quality is slightly lower (Fig. 3). Whole heart acquisition in free breathing is feasible for C-

SENSE 6 and C-SENSE 9 where the tradeoff between C-SENSE 6 and 9 is the risk of motion artifacts versus image quality (Fig. 4). With C-SENSE 6 more slice to 

slice motion is visible compared to C-SENSE 9. Finally, free breathing real-time imaging for full heart coverage is feasible over multiple (36) heartbeats (Fig. 5). 

Discussion 

In this study we show feasibility of real-time whole heart imaging in free breathing using a 84-channel coil setup with high SNR, superb acceleration performance 

and good to excellent image quality. Our results show a homogeneous CINE image, but short breath holds are required to eliminate breathing motions artifacts. To 

mitigate breath holds increased acceleration can be used with concessions to image quality. With a C-SENSE factor of 6 the image quality is acceptable. However 

there is still risk of introducing motion artifacts since the acquisition is spread over two cardiac cycles. To allow real time free breathing cine imaging the 

acquisition is optimally limited to one cardiac cycle, which can be obtained using a C-SENSE factor of 9. To Improve image quality of highly accelerated CINE we 

will add an additional high density receiver array to the posterior side of the body in future work. 

Conclusion 

We demonstrate feasibility of real-time 2D CINE imaging using an 84 channel high-density coil array. In future work we will further increase the number of 

receiver channels to obtain even higher acceleration factors. 
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Figure 1: A: high-density 72-channel cardiac array where the interface is located under the volunteers legs and two 6x6 anterior arrays (72 channels) are 

placed on the chest. The 12 channel posterior coil is located in the patient table. B: Calculated SNR distribution map using sum of square reconstruction of 

all individual channels. C: Noise correlation matrix of the noise data of individual channels. D: 1/g-factor acceleration map (5x5 matrix) of the combined left 

right and anterior posterior directions. 

 

Figure 2: CINE image in 3 orientations using 5 consecutive 4s breath-holds. Top row shows a short axis stack of 3 slices, followed by a 4 chamber and 2 

chamber view using a compressed SENSE factor of 3.5. 

 

Figure 3: Evaluation of free breathing CINE with C-SENSE acceleration factors 3, 6 and 9 (4, 2, and 1 HB per slice, respectively). Motions artifacts caused 

by breathing motion are visible for C-SENSE 3 (top row right column). 

 

Figure 4: Whole heart acquisition in free breathing with 12 8 mm thick slices for C-SENSE 6 and C-SENSE 9 where tradeoff between C-SENSE 6 and 9 is 

the risk of motion artifacts versus image quality. 

 

Figure 5: Real-time free breathing cardiac CINE with 6 dynamics and 6 slices axial acquisition over 36 heartbeats (1HB per slice) 



 

Background 

Radiation burden, limited two-dimensional (2D) visualization, and contrast administration experienced during fluoroscopy-guided vascular interventions can be 

eliminated by using real-time magnetic resonance (MR) guidance. Clinical implementation of this technique is limited because of low availability of suitable 

endovascular devices.1 

Visibility of endovascular devices in MRI can be realized by adding paramagnetic passive markers, introducing image artefacts by inducing inhomogeneities in the 

local magnetic field. The artefact appearance depends strongly on the strength the of main magnetic2,3, sequence type3, marker material4, and MR parameters3,5. For 

automatic tracking of a vascular device, it is important to generate artefacts that are independently visible, and furthermore, do not hamper anatomical detail. Hereto, 

we investigated the effect of both MR imaging parameters and iron oxide concentration on Fe2O3 nanoparticle marker artefact sizes in a flow phantom using real-time 

MRI.   

Materials & Methods 

A flow phantom was designed by immersing an 8mm tube in agar (Sigma-Aldrich, St. Louis, Missouri, US) and connecting the tube to a roller pump (HL 20, Getinge, 

Gothenburg, Sweden). A blood-mimicking fluid was pumped through the tubing with a pulsatile flow of 0.4 L/min at 60 pulses per minute.6 Four MR compatible 

guidewires with paramagnetic Fe203 (iron oxide) nanoparticle markers (concentrations: 0.05, 0.025, 0.0125, 0.00625 mg/mL) with varying intermarker distances were 

provided (Nano4Imaging GmbH, Düsseldorf, Germany). Each wire was placed inside the phantom and MRI was performed with varying imaging parameters using 

true fast imaging with steady-state free precession (TRUFI) and gradient echo (GRE) sequences at 3T (Skyra, Siemens, Munich, Germany). Variations in sequence 

type, slice orientation, phase encoding direction (PED) relative to B0, slice thickness (ST), and echo time (TE) resulted in 96 different scan protocols. Other scan 

parameters (repetition time (GRE: 301.6, 315.6, 381.5, 796.6 ms, TRUFI: 193.4, 202.6, 263.3, 639.5 ms for increasing TE), flip angle (GRE: 12ᴼ, TRUFI: 39ᴼ), 

matrix size: 144x144, and pixel size: 1.74mm isotropic) and phantom location were unaltered.   

Automatic segmentation of the image artefact was performed by subtracting the marker image from a reference image (without markers) and including voxels with 

an intensity larger than the mean background intensity plus 20 times its standard deviation (Fig. 1). Marker-, and reference images with brightest blood throughout 

the pulsatile cycle were used for analysis. Mean artefact width, defined as the average width of the artefact perpendicular to the guidewire, was automatically derived. 

Blood-, marker-, and background intensity values were used to calculate contrast-to-noise ratios (CNR).7 The Wilcoxon signed-rank test with Bonferroni correction 

was used for comparing two groups. Furthermore, it was evaluated whether consecutive markers were separately visible.  

Results 

Passive marker image artefacts for different combinations of MR imaging parameters are displayed in figure 2. Artefact width increased significantly (p<0.001) with 

increasing echo time and iron oxide concentration (Table 1; Fig. 3). Since long TEs aggravate artefact width and additionally prolong scan time, only measurements 

with the lowest available TE (GRE: 2.48 ms, TRUFI: 1.47 ms) were further analysed. 

Median (interquartile range (IQR)) artefact width was significantly smaller for real-time GRE (6.6 (4.9–8.4) mm)) compared to TRUFI (9.6 (8.2–11.1) mm) images 

(p<0.001). Two consecutive markers could not be independently distinguished in the TRUFI images, whereas this was possible in the GRE images for low iron oxide 

concentrations. Median (IQR) CNR was significantly higher for TRUFI (366 (233–440)) compared to GRE (183 (171–196)) images (p<0.001). 

Since marker visibility was perceived superiorly in the GRE sequence, ST, PED, and slice orientation were evaluated using GRE scans only. Generally, small ST, 

coronal slice orientation, and parallel PED decreased artefact width (Fig. 4). 

Discussion 

For real-time vascular interventional MRI, proper visibility of devices is a prerequisite. Artefact width was positively correlated with TE and iron oxide concentration, 

which can be attributed to increased T2* effect. Furthermore, artefact size was larger in TRUFI compared to GRE sequences, even though TE was shorter for TRUFI. 

This is likely due to the local field inhomogeneity, leading to increased signal decay in the TRUFI sequence since net dephasing of the balanced gradients is not fully 

refocused. Although CNR was higher for the TRUFI sequences, markers could not be individually distinguished in those images. In general, the effect of ST, slice 

orientation, and PED in GRE images did have a significant effect on artefact width, however, the actual effect was limited. Reduction of voxel size is known to reduce 

intravoxel dephasing, which can explain the artefact reduction for smaller ST. Artefact width was larger in sagittal compared to coronal orientation, which is also 

seen with needle artefacts.8 Contrary to our findings, literature reports increased needle artefact widths for perpendicular PED.3 Different inhomogeneity patterns due 

to varying physical properties between needles and individual small markers could explain this difference. 

The pulsatile flow pattern caused varying blood signal intensities along the pulsatile cycles which influenced the CNR. We selected images with bright blood (high 

CNR) values to correct for this effect.  

Conclusion 

In conclusion, we showed passive marker artefact size to be highly dependent on marker Fe2O3 and TE. Furthermore, real-time GRE imaging appeared superior in 

terms of marker visibility compared to the TRUFI sequence. These findings can be used to optimize device visibility for MR-guided vascular interventions. 
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Figure 1: Segmentation of the artefact from a 5mm coronal GRE scan with 0.00625 mg/mL iron oxide markers (TE = 2.48 ms and PED = parallel). (A) Reference image of the 8mm vessel without 

guidewire. (B) Marker image with inserted guidewire and corresponding intermarker distances. (C) Result after subtraction of marker image from reference image. (D) Mask image with segmented markers 

used to calculate mean artefact width. (E) Outline of segmented markers projected on the marker image. 

  

Figure 2: MR scans with iron oxide marker artefacts for different combinations of MR imaging parameters and iron oxide marker concentration. (A) Baseline image: Sagittal GRE scan of phantom with 

inserted guidewire enhanced with 0.00625 mg/mL concentration markers (TE: 2.48 ms, PED: perpendicular, ST: 5 mm) (B-L) Scans of phantom with one adjusted MR imaging parameter or iron oxide 

marker concentration compared to baseline image (A).  

 

Figure 3: Boxplots showing the influence of echo time and iron oxide marker concentration on artefact width. 

 
Figure 4: Boxplots showing the effect of (A) sequence type, (B) slice thickness, (C) phase encoding direction and (D) slice orientation for separate iron oxide concentrations and all iron oxide concentrations 

combined. (* Data from scans with lowest TE, ** Data from GRE scans with lowest TE) 

 

Table 1: Artefact width for different echo times and marker iron oxide concentrations. 

 



 

Synopsis: Hamstring strains are the most frequent injuries in elite football. Currently, it is not possible to accurately predict recovery or recurrence risk, which motivates the development of improved leg 

muscle imaging methods and hardware. A novel 64-channel upper leg coil was designed and compared to a conventional coil in healthy volunteers using two clinical high-resolution muscle T2-weighted 

sequences at 3T. The visibility of the anatomy and image quality were comparable to a conventional coil and scored clinically acceptable by experienced radiologists. The novel coil displayed an increased 

SNR of 25% which could be exploited to accelerate the imaging protocols. 

 

Introduction  

In elite football, hamstring injuries are the most frequent subtype of all injuries with a high incidence of 12% and a recurrence rate of 16% to 51%.1-3 Currently, hamstring strains are assessed by radiologists 

with ultrasonography (USG) or magnetic resonance imaging (MRI). However, neither USG nor conventional MRI are specific for the prediction of recovery and injury recurrence, which reveals the need for 

more advanced techniques. 4 To address this limitation, an upper leg coil was designed to improve muscle fiber imaging. Before clinical application, at least a comparable performance in clinical MR imaging 

is required. Therefore, in this work the performance of the novel coil was compared to a conventional coil in clinical high resolution T2 sequences.  

 
Method  

Eight healthy volunteers (four females, mean age 22.6 years, range: 21-24 years) were scanned in two sessions using the different coils within a 4-week period (mean of 8.1 days between sessions, range: 0-

14 days).  

 

The scanning was performed at a 3T MRI scanner (Philips Ingenia, Best, The Netherlands). Participants were positioned feet first in a supine position and scanned once with a 16-element conventional receive 

coil in combination with 10 elements from a tabletop receive coil, and once with the 64-element upper leg receive coil (Figure 1). The scanning protocol included a coronal T2-weighed (T2W) Dixon (water, 

fat and in-phase) sequence, covering the hamstrings from knee to hip, and an axial T2W turbo spin-echo (TSE) sequence. The T2W TSE sequence was acquired in three multi-slice stacks to cover the whole 

upper legs, while accounting for the B0 inhomogeneity of the scanner in the axial direction. 

 

Two radiologists with experience in musculoskeletal imaging and sports radiology, separately evaluated the MR images from the two coils. Both the T2W Dixon images and the T2W TSE were used. Eleven 

parameters were divided in the visibility of anatomical structures (7) and the image quality (4), specified in Table 1. The visibility was scored with a 4-point Likert scale (1: not visible; 2: poorly visible; 3: 

moderately visible, but clinically acceptable, 4: visible and clinically acceptable), and the image quality with a 3-point Likert scale (1: low image quality, no clinical value; 2: clinically acceptable, 3: good 

image quality). The inter-rater agreement was calculated using Cohen’s kappa. Additionally, the percental agreement (P0) was calculated.  

 

A 3D region of interest (ROI) of the biceps femoris long head (BFLH) was manually segmented on the T2W TSE images (see Figure 2). Within the segmentations the SNR of the T2W TSE images was 

calculated for each leg and coil. The SNR was calculated by dividing the mean muscle signal by the standard deviation (SD) of the muscle signal, assuming the signal within a muscle to be homogeneous. 

For comparison between the upper leg coil and the conventional coil, the Wilcoxon signed-ranked test was used (p < 0.05 was considered significant).  

 

Results  

In Figure 3 the Likert scoring for each parameter is presented. The upper leg coil showed no difference (p = 0.244) between the scores in the proximal MTJ (88% upper leg coil vs. 69% was scored as 3 and 

4, Figure 3a). The distal MTJ (p = 0.180) as well as in the insertion of the adductors (p = 0.655) showed equal results. For both the origin of the hamstrings (p = 0.002) and the origin of the adductors (p = 

0.046), the conventional coil scored significantly higher. The insertion of the hamstrings in the conventional coil and the hip region in the novel coil had low scores.  

 

For the image quality a significantly higher homogeneity was found in the right BFLH with the conventional coil (p = 0.038, Figure 3B). The other three image quality parameters showed equal results 

between the two coils.  

 

No significant increase of mean SNR (12%) was found in the left BFLH in the upper leg coil (p = 0.160). No significant increase (25%) was found in the right BFLH (p = 0.160).  

 

Discussion  

In the proximal and distal MTJ and the insertion of the adductors, the upper leg coil had a comparable performance in the clinical T2 sequences. However, the insertion of the hamstrings and the hip region 

were not fully imaged resulting in lower scores. The hip region was added for the completeness but is not the primary focus of the upper leg coil. The origins of the hamstrings and adductors were scored 

significantly higher in the conventional coil. Further post processing, such as image intensity homogenization, could be used to further improve the image quality in future research.  

 

The increased SNR in both the left (12%) and right BFLH (25%), proves an increased signal quality within the hamstring muscles that could result into improved trauma determination. This increased SNR 

can also be used to accelerate image acquisition with the upper leg coil, which would benefit clinical practice.  

 
Conclusion  

In high resolution T2 sequences, the novel upper leg coil shows comparable visibility to the conventional coil for 7 out of 11 parameters. Proximal imaging of the muscle origins would benefit from additional 

postprocessing. The upper leg coil displayed an increased SNR which could be exploited to accelerate the imaging protocols.  
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Table 1 Parameters of visibility of anatomical structures and the image quality subdivided in specific regions of interest. All parameters were listed in consultation with the radiologists. MTJ = 

musculotendinous junction, BF = biceps femoris, ST = semitendinosus, SM = semimembranosus and BFLH = biceps femoris long head. + this means the radiologists determined the inhomogeneity difference 

between the two muscles; i.e. if the left BFLH was inhomogeneous compared to the right BFLH.  

 

 

 

 

 

 

 

 

Figure 3 Percental frequency of a specific Likert category that was scored for each of the anatomical visibility parameters (A) and the image quality parameters (B) on the horizontal axis. The vertical axis 

presents the parameters clustered in the conventional (orange) and upper leg coil (blue). Between brackets the Cohen’s Kappa () and relative agreement (P0). Each bar includes 8 images scores, and 16 

scores in total. A Likert score is not shown if the frequency was 0%. 

Figure 1 Left: the 16-channel conventional anterior coil (left). Right: the novel 64-channel upper leg coil designed 

in cooperation with MR Coils (MR Coils B.V., Zaltbommel, The Netherlands). The flexible coil elements can be 

wrapped around the legs for best coverage. 

 

Figure 2 Images acquired with the upper leg coil using the T2 TSE sequence. Left: a coronal view with the right BFLH (green) and the left 

BFLH (magenta) segmented. Right: three axial slices and the blue dotted line corresponding to coronal position of the three stacks (top: 

stack 3, hip region; middle: stack 2, upper leg; bottom: stack 1, knee region)  



 

Synopsis: In elite sports, hamstring injuries are very common and show high recurrence rates. Diffusion tensor imaging is a promising technique to obtain detailed information like return to play time 

about the injury. Due to the requirement of long scan times and high signal to noise ratio (SNR), a 64-channel upper leg receive coil was developed and compared to a conventional coil in healthy volunteers. 

Both coils show similar B0 offset and variance. The upper leg coil showed an SNR increase of more than 45% in the biceps femoris long head muscle. This allows for further acceleration of the sequence. 

 

Introduction: Hamstring injuries are amongst the most common muscle injuries in elite athletes. The failure of current imaging methods like ultrasound and T2-weighted MRI to predict a return to play 

time1 and the high recurrence rate2 reveal the need for advanced imaging techniques.  

Diffusion tensor imaging (DTI) is a promising technique and could outperform T2-weighted imaging in the detection of small muscle changes3. However, long scan times and a high signal to noise ratio 

(SNR) are required to calculate the tensor parameters. To this aim a new upper leg coil was developed and tested.  

Methods: A 64-channel receive coil optimized for the upper legs was designed in cooperation with MR Coils (MR Coils B.V., Zaltbommel, The Netherlands). It consists of six coil element rows per leg 

and contains flexible elements to best fit the legs (Figure 1 a, b).  

Eight healthy volunteers (four male, mean age 22.6 years, range 21-24) were scanned at a 3.0T MRI system (Philips Ingenia, Best, The Netherlands) in two sessions (8.1 days between the sessions, range 0-

14), once with the new upper leg coil and once with a conventional coil (16 channel anterior and 10 elements from the posterior coil), which is currently used for muscle injury assessment of the legs.  

The B0 homogeneity, noise correlation map and SNR with different acceleration factors (SENSE) were compared between the coils. Imaging of the upper legs from the knee to the hip was performed in three 

stacks with 30 mm overlap (Figure 1 c) with 31 slices each and with a slice thickness of 6 mm without gap for all sequences.  

A four-point Dixon sequence (TE = 2.7 ms, ΔTE = 0.76 ms, TR = 228 ms ) with in-plane resolution 1.5x1.5 mm² and parallel imaging factor 2 (SENSE) was acquired. The B0 map was obtained from the 

first two echoes. The B0 offset and variation were calculated in the whole legs using a mask to suppress background noise.  

To investigate the SNR with different SENSE acceleration factors a spin echo EPI diffusion sequence (TE = 64 ms, TR = 3000 ms, 3x3 mm² in-plane) with six gradient directions and two b-values (0 and 

400 s/mm²) was used with the SENSE values 1 (off), 1.5, 2, 3 and 4. The geometry factor (g-factor) map for each SENSE value was obtained from the scanner. SPAIR and gradient reversal fat suppression 

were applied. Additionally a noise-only image was acquired without SENSE acceleration by switching the RF power and gradients off.  

Regions of interest were drawn in the biceps femoris long head (BFLH) in the out-of-phase Dixon images to assess the SNR in the hamstring. The unaccelerated SNR (SNR0) in the BFLH was calculated 

using a noise kernel with radius 3 and was corrected for Rician noise4. The SNR with SENSE acceleration was calculated according to5: 

SNR =  
SNR0

g√R
 

with R the acceleration factor and g the g-factor. The SNR between conventional and upper leg coil (for each leg, b-value, SENSE value) and SNR between the right and left leg (for each coil, b-value, 

SENSE value) were compared using a paired-sample t-test. A p-value < 0.05 was considered significant.  

The noise correlation map of the upper leg coil was obtained by single channel reconstruction of the noise-only image. 

Results: Figure 2 shows example Dixon water and DTI images with overlaid muscle segmentation acquired with the upper leg coil. Visual assessment of the different SENSE acceleration factors still 

showed high signal intensity and clear anatomical structures. However, with acceleration factor 4 a fat shift artifact arises in the hamstrings (red arrows in (e)).  

The noise correlation map of the upper leg coil is visualized in Figure 3. The mean correlation between the coil elements is below 5 % and for the conventional coil below 10%.  

The B0 offset and variation lies between 50 and 100 Hz for both coils (Figure 4). The third stack acquired with the upper leg coil shows a slightly higher offset (117.5Hz).  

The SNR in the BFLH with the upper leg coil is more than 45% higher than in the conventional coil for all SENSE factors and both b-values (p < 0.01). In both coils, there is no statistical SNR difference in 

the BFLH between the left and right leg (p > 0.15 for all b- and SENSE-values).   

Discussion: The channels from the upper leg coil show only a weak noise correlation. Although the separation of the legs in the new upper leg coil leads to an additional air-tissue-border, the frequency 

offset and variation lies around 100 Hz for both coils. This is less than 1 ppm deviation from the resonance frequency.  

The higher SNR in the BFLH detected with the new upper leg coil is promising for accelerated diffusion imaging and advanced diffusion modeling. The occurrence of the fat-shift artifact with SENSE 

acceleration factor 4 will be addressed in future work.  

Conclusion: A 64-channel upper leg coil was designed and compared to a conventional coil. The B0 homogeneity of the two coils is comparable. The upper leg coil outperforms the conventional coil in 

terms of the SNR, which allows for further acceleration with the upper leg coil.  
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Figure 1. a. Schematic view of the 64-channel upper leg coil. Two rows of six coil elements per leg are included in the interface. b. The flexible elements are wrapped around the legs for optimal coverage. 

Each flexible element consists of two rows with six (outer part) or four (inner part) coil elements each. c. The acquisition is split in three equal stacks (visualized in yellow and green) with 30 mm overlap to 

guarantee B0 homogeneity in the field of view. 

 

 

Figure 2. Example images acquired with the upper leg coil of both legs (R = right, L = left). The segmentation of the BFLH is overlaid in green and pink. a. coronal Dixon water image with joined stacks, 

showing the hamstring muscles from the knee to the hip. b – e show the transversal view at the location of the yellow line. b. Dixon water image. c – e. DTI images at b = 0 s/mm² with SENSE acceleration 

factor off (c), 2 (d) and 4 (e). The red arrows show the fat shift artifact. 



 

Synopsis: For local SAR assessment, it is not possible to completely model the actual examination scenario, and residual experimental uncertainties are always 

present. Currently, no methods provide an estimate of the spatial distribution of confidence in the assessed local SAR. We present a Bayesian deep learning approach 

to map the relation between subject-specific complex B1
+-maps and the corresponding local SAR distribution, and to predict the spatial distribution of uncertainty at 

the same time. First results show the feasibility of the proposed approach providing potential for subject-specific reduction of uncertainties in peak local SAR 

assessment. 

 

Purpose: Local specific absorption rate (SAR) cannot be measured directly and is usually evaluated by numerical electromagnetic simulations. Recently an alternative 

deep learning-based approach was presented1. However, neither method provides any estimate of the confidence in the assessed local SAR. It is not possible to 

completely model the actual examination scenario and therefore deviations between predicted and actual local SAR distributions are always present. Ideally, when a 

local SAR level is estimated, we would like to know the uncertainty of that estimation and the probability of underestimation. In another study, we propose a new 

correction approach based on conditional probability. However, that method is based on population-based error statistics of peak local SAR and does not provide a 

subject-specific spatial distribution of uncertainty. In this study, we present a Bayesian deep learning approach to map the relation between subject-specific complex 

B1
+-maps and the corresponding local SAR distribution, and to predict the spatial distribution of estimation uncertainty at the same time. Initial results show the 

feasibility of this kind of approach providing new opportunities to improve the local SAR assessment. 

 

Theory: Bayesian neural networks allow capturing the model uncertainty2. However, this kind of network usually comes with a prohibitive computational cost. A 

practical approach for variational Bayesian approximation is Monte Carlo (MC) dropout2, which consists of temporarily removing a random number of nodes from 

the network during the training and at test time. Then, performing T stochastic forward passes through the network, the mean �̂�𝑖 and variance �̂�𝑀𝑜𝑑𝑒𝑙
2

𝑖
 of the approximate 

posterior Gaussian distribution can be calculated for each voxel i. 
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However, in Bayesian modeling, there are two main types of uncertainty3: (1) input data uncertainty, e.g. due to sensor noise, which cannot be reduced even if more 

training data were to be collected; (2) model uncertainty, e.g. due to out-of-training data, which can be reduced if enough training data are collected. To capture data 

uncertainty a data-dependent noise parameter can be included in the loss function3. This allows the network to predict uncertainty by learning to mitigate the residual 

loss that depends on the data.  Therefore, to model the data uncertainty a Gaussian likelihood estimation can be performed by adding the following minimization 

objective to the loss function. 
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Note that, "uncertainty labels" are not necessary, and �̂�𝐷𝑎𝑡𝑎
2

𝑖
 is implicitly learned from the loss function. The second regularization term prevents the network from 

predicting infinite uncertainty for all data points. 

 

Methods: For the Bayesian approximation, we use a U-Net4 convolutional neural network with 50% MC dropout applied to every decoder layer (apart from the last). 

Similarly to our previous study1, the convolutional neural network is trained to map the relation between the complex B1
+-map and the 10g-average SAR (SAR10g) 

distribution. Using our database of 23 subject-specific models5 with an 8-fractionated dipole array6,7 for prostate imaging at 7T, 23×250=5750 data samples are 

generated by driving the array with uniform input power (8×1W) and random phase settings. Then, the network is trained by minimizing the ℒ𝑈𝑛𝑐𝑒𝑟𝑡𝑎𝑛𝑡𝑦 loss function. 

To estimate the model uncertainty, for each complex B1
+-map fifty local SAR distributions are calculated with MC dropout (T=50). Mean �̂�𝑖 and model variance 

�̂�𝑀𝑜𝑑𝑒𝑙
2

𝑖
 are calculated as reported in the theory section. Then, the overall predictive uncertainty �̂�𝑖  for each voxel i is evaluated.  
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To assess the feasibility of the proposed approach for local SAR uncertainty estimation, the dataset is partitioned into 3 sub-datasets according to the models that 

have generated the data samples and a 3-Fold Cross-Validation is performed. 

 

Results and Discussions: In Figure 1 some example results are reported of the 3-Fold Cross-Validation. It shows six predicted local SAR distributions (�̂�) and the 

corresponding absolute error and overall estimated uncertainty (�̂�). The peak local SAR (pSAR10g), the root-mean-square error (RMSE) of the absolute error, and the 

root-mean-square (RMS) of the estimated uncertainty are reported on top. They show a good qualitative and quantitative match between ground-truth and predicted 

SAR10g distributions and between absolute error and estimated uncertainty. Figure 2 shows for the same examples the estimated model uncertainty (�̂�𝑀𝑜𝑑𝑒𝑙) and data 

uncertainty (�̂�𝐷𝑎𝑡𝑎) distributions, highlighting a much greater contribution from the data uncertainty (about 5 times). This could indicate that we have provided 

sufficient training samples to learn the model. However, a higher probability of dropout (currently is 50%) might be required to increase the sensitivity to the model 

uncertainty. To conclude in Figure 3 the scatter plots are reported of respectively predicted versus ground-truth peak local SAR and RMS estimated uncertainty versus 

RMSE absolute error, showing a good correlation in all cross-validations. It is worth noting that we are more interested in estimating the uncertainty that leads to 

underestimation error. To this end, specific loss functions are under investigation. 

 

Conclusion and Future Work: The deep-learning based Bayesian approach allows feedback on the uncertainty of the local SAR estimate to be returned. Methods 

to take advantage of this now accessible information in terms of subject-specific safety factors will be part of future study. 
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Figure 1: Six example results of the 3-Fold Cross-Validation: Ground-Truth local SAR distribution (first column), predicted 

local SAR distributions ($$$\widehat{\mu}$$$) – second column), absolute error (third column) and estimated uncertainty 

($$$\widehat{\sigma}$$$) - fourth column). On top are reported the peak local SAR (pSAR10g), the root-mean-square error 

(RMSE) of the absolute error, and the root-mean-square (RMS) of the estimated uncertainty. 

Figure 1: Six example results of the 3-Fold Cross-Validation: Ground-Truth local SAR distribution (first column), predicted local 

SAR distributions (�̂�) – second column), absolute error (third column) and estimated uncertainty (�̂� - fourth column). On top are 

reported the peak local SAR (pSAR10g), the root-mean-square error (RMSE) of the absolute error, and the root-mean-square (RMS) 

of the estimated uncertainty. 

Figure 3: (a) Scatter plot predicted peak local SAR versus 

Ground-Truth peak local SAR. (b) Scatter plot RMS of the 

estimated uncertainty versus RMSE of the absolute error. 

Figure 2: Six example results of the 3-Fold Cross-Validation: 

estimated data uncertainty distribution (�̂�𝐷𝑎𝑡𝑎 - first column), 

and model uncertainty distribution (�̂�𝑀𝑜𝑑𝑒𝑙 - second column). 

On top are reported the root-mean-square (RMS) of the 

estimated uncertainties. 



 

Synopsis: An efficient approach to local SAR prediction is presented based on anatomical differences and model order reduction, which substantially reduces the 

memory footprint of this framework. The reduced order model can be solved using a direct inverse, which allows solving for the RF fields for multiple transmit 

channels simultaneously, which significantly improves the scalability in view of upcoming high field systems with an increasing number of RF transmit channels. 

 

Introduction: Parallel transmission (PTx) via RF transmit arrays is a key technology in high field MRI, offering several degrees of freedom in RF control for 

improving contrast uniformity and reducing local SAR.1,2 Local SAR, however, depends substantially on the subject’s anatomy, particularly morphological aspects 

such as tissue distribution and positioning within the RF coil.3,4 To ensure compliance to RF safety limits these variations can lead to large conservative safety 

margins derived from population-based statistics, which compromise PTx utilization. 

Various research efforts have aimed to leverage the imaging capabilities of MRI in order to establish subject-specific anatomical models from MR image data.3,5 

The bottleneck in utilizing such information in a local SAR estimate, however, is the time-consuming computation of the resulting RF fields. This problem will 

continue to grow with increasing channel count and field strength. 

Recently, a new approach was shown which computes SAR as a function of anatomical differences with respect to a reference model rather than solving for the 

entire anatomy itself.6 In the current work we improve the scalability of this approach by presenting a reduced order model based on this framework, building on 

approaches which have been very effective in modelling dielectric perturbations external to the body,7 paving the route towards subject-specific SAR management 

during PTx. 

 

Methods:  

Setup 

The numerical approach is guided by a 7T neuroimaging setup, consisting of a resonant high-pass single-channel quadrature birdcage as well as a resonant 8-

channel TEM transmit array simulated at a 5-mm isotropic resolution using xFDTD (v7.4, Remcom, State College, PA). Custom post-processing of the data was 

implemented in Matlab (r2016a, Mathworks inc., MA, USA) on a system equipped with parallel computing on 12 CPU cores and two GPU cards (K40, Nvidia, 

Santa Clara, USA).  

The heterogeneous model “Duke” from the Virtual Family8 was assigned as the background model, and anatomical perturbations were synthesized by scaling and 

translating this model up to 5% in size and up to 1.5 cm in each direction, respectively. The accuracy of the obtained field solution was evaluated in terms of 10g-

averaged SAR. 

Model Order Reduction 

The equations describing the RF field in the human body can be cast in terms of equivalent scattering currents, where the total current in the actual subject is 

decomposed into a pre-computed current and a perturbation current, which is solved for as follows 

𝐽 = 𝐽b + 𝜒𝔾b𝐽 = (𝕀 − 𝜒𝔾b)−1𝐽b  Eq. 1 

Where 𝐽b + 𝜒𝐸b denotes the background current which is derived from the background electric field 𝐸b, 𝜒 = 𝜀 − 𝜀b denotes the difference in electric 

susceptibility between the actual subject and the background model. 𝔾b denotes the background dyadic Green’s tensor which accounts for the response of the 

reference model. 

A series of 25000 randomized model perturbations was evaluated at a convergence level of -40 dB and the resulting perturbation currents were stored to form a so-

called ‘snapshot’ database. From this, a reduced basis 𝑈𝑟  was extracted via a truncated SVD, which is used to to rewrite Eq. 1 in reduced form as 

𝐽 = 𝑈𝑟(𝕀𝑟 − 𝑈𝑟
H𝜒𝔾b𝑈𝑟)

−1𝑈𝑟
H𝐽b  Eq. 2 

This procedure is graphically illustrated in Fig. 1. The truncation level 𝑟 can be chosen to control the trade-off between speed and accuracy. The reduced order 

model permits either iterative or direct inversion of Eq. 2, which can be advantageous when solving for multiple PTx channels simultaneously. Furthermore, when 

different coils are evaluated, only the background current term needs to be updated as the perturbation term can be considered coil-independent. 

 

Results: Construction of the snapshot database and reduced model required ~24 hours on the GPU-accelerated cluster. The convergence of the reduced order model 

with respect to truncation level 𝑟 is illustrated in Fig. 2. At a truncation level of 20000, the model yielded an order-of-magnitude compression in terms of the 

number of unknowns, and two orders-of-magnitude in terms of memory requirement of the final system matrix compared to the full order model. Compared to the 

conventional FDTD solver, we reached a speed-up of almost a factor of five, both based on CPU implementation. 

Results obtained in the TEM-array driven in the first three circular polarized modes are shown in Fig. 3 showing similar performance as obtained in the birdcage. 

Furthermore, in this case we can exploit a direct inverse to solve the reduced system of Eq. 2, yielding an order of magnitude speed-up compared to FDTD. 

 

Discussion and Conclusion: An efficient approach to local SAR prediction is proposed based on anatomical differences and model order reduction, which 

substantially reduces the memory footprint of this framework. By employing a direct inverse we can solve for multiple transmit channels simultaneously, which 

significantly improves the scalability in view of upcoming high field systems with an increasing number of RF transmit channels. Additionally, a prediction of the 

B1 field is available at the minor cost of a matrix-vector product, which may replace time-intensive B1 calibration pre-scans used for subject-specific RF pulse 

calculations. 

An advantage of the proposed approach is that the reduced model can be recycled when applied to different RF coils, at the minor cost of one simulation with the 

reference model to construct the background field. Finally, further improvements of the accuracy and speed can be realized by including multiple reference models, 

which will naturally provide a better starting point and improve the compression performance. 
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Figure 1. Graphical illustration of the model order reduction procedure. The 

truncation level determines the final size of the reduced order model, enabling a 

trade-off between accuracy and speed. 

 Figure 2. Convergence of the reduced order model with respect to the truncation level 𝑟. A small 

overestimation can be observed in the neck region (arrow): however this is not important since it is much 

below the peak local SAR level. 

  

Figure 3. Local SAR prediction in three circular polarized 

modes of the TEM transmit array coil. Whereas the 
simulation time in conventional techniques increases 

linearly with the number of modes/channels, the reduced 

order model is virtually free from scaling. 



 

 

Synopsis: High-quality MRI uses arrays of local receiver coils positioned close to the region of interest to maximize acceleration performance and SNR in the 

images. This comes at the expense of patient comfort, particularly when considering surgical interventions under close to real-time MRI guidance. Here we 

demonstrate that when the tissue dominates the noise source over the electronic noise, the distance of the coil array to the tissue can be increased beyond the head to 

the bore liner of a head MR system without substantially decreasing the acceleration performance and intrinsic signal to noise compared to commercially available 

head coils. 

 

 

Introduction  

Optimization of MRI receiver coils is based on maximizing capturing the flux from the emitting spins while ensuring a low noise figure (e.g., high SNR) and 

providing high spatial fidelity (e.g., high SENSE acceleration). Kumar et al. 1 had shown that at high RF frequencies, the tissue rather than the RF coil itself 

dominates the noise even at relatively small loop sizes. Hendriks et al. 2 demonstrated that tissue loss dominance can be maintained to 2cm2 closely positioned loops 

for a 256 channel head array. Here we move in the opposite direction by sticking to the available number of receivers of traditional MRI systems (e.g., 16-32 

channels) thus, at an increased loop size to investigate if the array can be positioned at a considerable distance from the head while maintaining tissue load 

dominance for excellent MRI performance. This is to balance performance to patient comfort or investigate the feasibility of putting the receivers behind the covers 

of a dedicated head-MRI system for sterile surgery under MRI guidance. This study compared a home build array at 38cm diameter (head-MRI system) to a tight-

fitting 20 cm diameter commercially available array at 3T using loaded and unloaded Q-factor measurements to assess the noise figure, RF simulations concerning 

ultimate intrinsic SNR3 and preliminary phantom and in vivo measurements to assess acceleration performance. 

 

 

Methods  

Inductively and preamp decoupled loops were positioned on a 38cm diameter former, which determined the size of the elements (9.5 x 12.5 cm). Loaded and 

unloaded Q factor measurements were obtained from a single element positioned without a load and at 1 and 10 cm distance from the head of a volunteer by taking 

S12 between a pair of weakly coupled pick up probes with a network analyzer. A 16 channel version was constructed and interfaced using low noise preamplifiers 

and direct digitization (TeslaDC, Zaltbommel, the Netherlands) in figure 1 (a), similar to the commercial coil in figure 1 (b).  

RF simulations of the two coil setups were performed (Multiwave Innovation, Marseille, France) as described by Lattanzi et al.3 and normalized to the ultimate 

intrinsic SNR achievable with unlimited channels or coil combinations. Here, perfect electric conductors were used, and RF coupling between elements neglected. 

All MR measurements were acquired on a 3T MRI system (Ingenia, Philips healthcare, Best, Netherlands). The g-factor of our single-row 16 channels array was 

compared to a commercial 15 channels head coil, composed of 7 loops on the head part and 8 loops on the base part coil (Philips, Best, Netherlands). 

The anatomical images, SNR and g-factor maps were obtained with a 3D GRE sequence and the following parameters: FOV = 256 x 256 x 128 [mm3], voxel size = 

4 mm isotropic resolution, TE/TR = 2/10 ms, FA = 3˚. The noise correlation was estimated from the noise data acquired without GR and RF excitation yet using the 

identical complex weighting between elements. Reduction factors (R) of 1 up to 4 were achieved using SENSE4 with 2 different phase encoding direction (i.e., AP 

and RL) to measure the g-factor. 

 

 

Results and discussion 

The loaded Q increased from 38 at 1 cm distance to 200 at 10cm distance versus an unloaded Q of 460, showing that at this increased distance tissue loss remains 

dominant, resulting in a minor SNR loss of 20%. When neglecting the 20% SNR losses by the coil, simulations demonstrate similar SNR performance between the 

two coils in the center of the tissue in figure 1 (c,d) but reveal that SNR towards the periphery can theoretically be further improved when increasing the channel 

count. The high Q-factor of the loops challenge the RF coupling between elements, yet fair decoupling in the preliminary first version of the head array was 

obtained, providing good brain imaging performance in figure 2. No compromise in acceleration performance is observed up to R = 2 in either AP or LR direction 

when comparing the 38 cm coil to the 20 cm coil in figure 3. However, more noise amplification is observed at high acceleration (R = 4) of the 38cm coil most 

probably caused by the suboptimal decoupling performance between the elements.  

 

 

Conclusion  

Simulations and benchtop measurements revealed that SNR differences in the center of a wide aperture 38 cm diameter coil could be as little as 20% when 

compared to a commercially available tight-fitting head coil. The preliminary version of the 38 cm coil revealed good MRI performance and uncompromised noise 

amplification up to R = 2, albeit compromised at R = 4. These results encourage the design of dedicated sterile head MRI systems for surgery rooms.       
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Figure 1. Simulation results of the 38 cm 16 channel head coil (a) compared to the close fitting 15 channel head coil (b).The photographs (c, d) of the two coil setups; the representation of the simulation 

model (left) using an identical load with dielectric property that matches to the average head load; simulated SNR (right) normalized to the ultimate intrinsic SNR achievable. Note that when neglecting coil 

losses and coupling, SNR in the center is similar. 

 

 

 

Figure 2. Noise correlations, SNR and brain MRI measurement from a volunteer obtained with the 38 cm 16 channel head coil. While some elements require better tuning of decoupling (a) as can be 

observed in the SNR per receiver that extends over more elements (b), most elements demonstrate low noise correlations with other elements (a). While so far only one ring of 16 elements was used, good 

MRI performance of the brain was obtained even extending beyond the dimensions of the elements in longitudinal (feet-head) direction. 

 

 

Figure 3. The anatomical image (R = 1) and g-factor maps (up to R = 4) for the 38 cm (A) and 20 cm (B) coil. The g-factor map of the 38 cm coil (1st row) displays negligible noise enhancements up to R = 

2 when compared to the close fitting coil. The current version of the 38 cm coil shows slightly more noise amplification than the close fitting coil (2nd row) at high reduction factor (R = 4). 



 

Synopsis: This study compares high impedance coils to conventional loop coils for transmit purposes at 7 Tesla. A new design for high impedance coils is presented. 

Two eight-channel head arrays of equal dimensions were created; one using high impedance coils, one with conventional loops. B1 field maps are produced to 

compare transmit efficiency. Scattering parameters are measured in various loading conditions to compare inter-element coupling. The high impedance coils perform 

worse in terms of transmit efficiency, and better in terms of coupling. 

Introduction: At ultrahigh field strengths (≥7T) multi-channel transmit arrays are used to improve B1 field homogeneity. These arrays typically consist of dipole or 

loop antennas. They are designed to keep the inter-element coupling as low as possible, because strong coupling results in reduced power efficiency in transmission 

and reduced SNR in reception. Recently a variant of loop coils has been introduced for MRI, named high impedance coil (HIC)[1]. These loop coils consist of a 

shielded wire with interruptions in the shield. A voltage applied to the feed port results in a homogeneous current distribution on the outside of the shield, which 

generates a B1 field similar to a conventional loop coil. They can be constructed out of coax cables to provide flexible coils. Their name stems from the fact that at 

resonance, the impedance measured at the ports is high (~1 kOhm in loaded condition). This reduces coupling as any mutual impedance between loops becomes 

smaller in comparison to the high self-impedance. This study aims to compare the performance of these HICs to conventional loop coils in transmission and reception 

at 7T. Eight-channel head arrays were constructed with both techniques and compared in terms of B1 efficiency and coupling. 

Design choices: Initial measurements indicated that, just like conventional loops, an array of HICs would require around 10% overlap for optimal decoupling. To 

build a transmit array with a diameter of 30 cm, this imposes a coil width of approximately 15 cm. Zhang et al.[1] describes high impedance coils using only one gap 

in the inner conductor and shield. The resonance frequency of such coils is determined by the diameter, cable thickness and permittivity of isolating material between 

inner conductor and shield. At 300 MHz, this approach would yield coils with an impractically small diameter. Ruytenberg et al.[2] have demonstrated that ignoring 

this restriction and tuning a shielded loop coil using a capacitor produces an adequate coil, without the high impedance. Czerny et al. [3] demonstrate that by adding 

more gaps the diameter can be increased while preserving its high input impedance. Using FEM simulations (CST Microwave Studio) a combination of gaps was 

found which resulted in HICs with a high impedance of 20 kOhm in unloaded situation at 300 MHz (figure 1). However, this did result in a slightly asymmetric 

current distribution on the outside of the shield, where the current was strongest opposite to the port. During construction it was found that better decoupling could 

be achieved by positioning each coil in opposite orientation with respect to its neighbours. (figure 2) To maintain optimal overlap, the last two coils were constructed 

wider than the rest (17cm). For a fair comparison, these design choices were repeated in the array of conventional loops. 

Methods: Eight high-impedance loops (width/height: 15-17/15cm) were constructed from coax cables and copper foil. The loops were tuned by interrupting the inner 

and outer conductor by gaps (fig. 1) and matched to 50 Ohms. Eight conventional loop coils with the same dimensions were made from copper wire and tuned using 

capacitors. Each set of eight loops was positioned on a cylindrical tube (diameter 30cm) and overlapped for optimal decoupling. B1 maps were created using parallel 

transmission with phase shimming on a 7T scanner (Philips Achieva). Scattering parameters were measured using directional couplers. Three phantoms were used to 

test different loading conditions: A strongly loading salt water bottle (diameter/length 15cm/25cm), a moderately loading spherical phantom (diameter 10cm), and a 

weakly loading oil phantom. A commercial 8-channel transmit array (Nova Medical) was used for reference. 

Results: During construction it was notably easier to decouple the HICs using overlap. With the conventional loop coils, shifting the coil by a few millimeters could 

result in 5 to 10 dB change in coupling and/or matching. This resulted in a very tedious construction process. With the HICs construction was much easier; Due to 

their flexible design, the overlap could easily be adjusted without significantly affecting the matching.  

Figure 3 shows B1
+maps acquired using the moderately loading phantom. The HICs generate 20% less B1 than the conventional loops, when normalised to forward 

power. When normalised to accepted power, the HICs generate 32% less B1. Figure 4 shows scattering matrices for both arrays when loaded with different phantoms. 

The HICs are seen to have lower coupling than the conventional loops. In each loading situation the strongest inter-element coupling was around 4 dB lower for the 

HICs.  

Discussion: Results have shown that the HICs have lower B1 efficiency than conventional loops. This is in contrast to results by Ruytenberg et al.[2] who finds 

similar B1 at depth when comparing shielded-coaxial-cable coils (similar to our HICs, but smaller and with fewer gaps) to conventional loops. One possible 

explanation is the fact that the gap positions used to tune the high impedance of the coil result in a slightly asymmetric current pattern on the outer conductor. The 

lower coupling values are in agreement with results reported by others[1,2]. Future studies will focus on improving the B1 efficiency by optimizing the number and 

locations of the gaps to provide a more homogeneous current distribution over the outer conductor.  
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Figure 1: (a,b,c) Simulated current distributions in the high impedance coil. Note that the current distribution in (c) is slightly asymmetric. (d) modulus of magnetic field produced by the coil  

 
Figure 2: (a) High impedance Coil. Arrows indicate the locations of the gaps. Where the inner conductor is interrupted the shield is continued by connecting copper foil to the mantle of the coaxial cable. At 

the port both conductors are interrupted and the inner conductor is connected to the matching circuit, containing: (from source to load) Cp = 10 pF, Cs = 2 x 5.6 pF, Lp = 170 nH. (b,c) Eight channel transceive 

arrays with the same geometry. (b) High impedance coils made from coaxial cables and copper foil. (c) conventional copper wire loop coils with capacitors.

 

Figure 3: B1
+ maps (method: DREAM, TE/TR/FA/steam-FA: 1.4ms/4ms/7°/40°) produced by the (a) high impedance coils, (b) commercial 8-channel headcoil and (c) conventional loop coils. (d) profile 

along the dotted red line of (a,b,c). All results are normalised to 1 Watt of forward power.  

 

Figure 4: Scattering parameter matrices as measured in the scanner in different loading conditions. Indicated numbers are in dB. (a,b,c) High impedance coils. (d,e,f) Conventional loops. Both coils were 

matched using the strong loading phantom.  



 

Synopsis 

We propose an RF safety assessment formalism that uses four tier levels to quantify the accuracy of SAR modeling. Each subsequent tier level consists of more modeling and 

validation efforts while reducing the overestimation of peak SAR levels. The lowest tier level requires no simulations or measurements whereas the highest tier level includes B1+ 

and thermometry-based validations. The formalism defines a safety factor to account for deviations between the simulation model and the subject adding errors with the sum-of-

squares method. A tier 3 validation and error propagation procedure was conducted for a 7T prostate array.  

Purpose 
To ensure safe use of custom built RF coils in MRI, electromagnetic (EM) simulations are performed to calculate peak local SAR levels. These are used to derive safe average input 

power limits based on the peak local SAR limits from the IEC(IEC 2015). The peak (local) SAR level determined by simulations will deviate from the actual peak SAR level in the 

patient. Therefore, a safety factor is typically applied to account for these potential deviations. Three potential sources of deviation are identified: inter-subject variability of SAR, 

inaccuracies in the coil model and inaccuracies in average power monitoring on the scanner(Boulant et al. 2018). The assessment of these three sources of uncertainty is part of any 

RF safety assessment procedure(Boulant et al. 2018; Ferrand et al. 2015; De Greef et al. 2013; Ipek et al. 2014; Meliadò et al. 2018; Le Garrec et al. 2017). Presented procedures 

consist of one approach that aims for the highest accuracy with typically extensive modeling and validation efforts(Hoffmann et al. 2016). We propose an alternative RF safety 

assessment formalism that provides flexibility to trade low overestimation and extensive efforts for larger overestimations and more time-efficient procedures. Similar to the 

formalism for RF safety assessment of active implanted medical devices flexibility is provided by four tier levels(10974:2012(en) 2012). Each subsequent tier level consists of more 

extensive modeling and validation efforts, while reducing the overestimation of peak SAR levels.  

Methods 
The tier levels are defined in table 1. Tier 0 assuTirmes all power is deposited in 10g of tissue(Vignaud et al. 2019).  Tier 1 performs numerical simulations without validation and 

compensates by a large overestimation of the modelling error. Tier 2 performs simulations and validations based on B1
+ mapping or MR thermometry. Modeling accuracy is 

determined by phantom validations. Tier 3 performs validations by B1
+ mapping and MR thermometry. Now coil losses are no longer neglected resulting in minimal SAR 

overestimation.  To provide an example, the full validation procedure was followed up to tier level 3 for a 7T body array(Raaijmakers et al. 2016). All simulations were done in 

Sim4Life (Zurich Med Tech, Zurich, Switzerland). All measurements were done on a polyviniylpyrrolidone(Ianniello et al. 2018) (PVP) phantom (εr=37, σ=0.4 S/m). After all the 

inaccuracies have been quantified, they will need to be combined into a total safety factor, which is used, potentially in combination with the coil losses, to arrive at a corrected peak 

SAR level.  

𝑆𝐴𝑅𝑐𝑜𝑟𝑟 = 𝑆𝐴𝑅𝑠𝑖𝑚 × 𝑆𝐹   [1] 

Here SARcorr is the corrected peak SAR level, SARsim is the peak SAR level that resulted from simulations and SF is the safety factor (SF>1). The safety factor follows from the 

relative peak SAR uncertainty: 

𝑆𝐹 = 1 +
∆𝑆𝐴𝑅𝑡𝑜𝑡𝑎𝑙

𝑆𝐴𝑅𝑠𝑖𝑚
   [2] 

Where ΔSARtotal is the total uncertainty on the simulated peak SAR level SARsim. ΔSARtotal follows from the individual sources of uncertainty ΔSARint.subj.var, ΔSARmodel.error and 

ΔPinput [3]. 
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2
   [3] 

Because all these sources of error are independent from each other, error propagation will be calculated using the sum of squares method. In addition, we propose a method to 

determine the modeling error from the validation B1
+ or temperature/SAR distribution using a statistical approach as explained in step 3 and 4 in figure 1. 

Results  
For prostate imaging,  Meliado et al found an average peak SAR of 2.4 W/kg for 8x1 W input power and an inter-subject variation error of 80%(Meliadò et al. 2018). The power 

measurement error is 10% based on directional coupler specifications. Figure 1 shows the results of the validation, in which the thermometry shows a modeling inaccuracy of 52%. 

The total error adds up to 98%, leading to a safety factor of 1.98 (table 2) for random RF shim settings.   

Conclusion 

A formalism is presented for RF safety assessment of multi-transmit coil arrays, which classifies the level of simulation and validation effort in a tier system. The largest tier level 

provides minimum overestimation at the expense of considerable modeling and validation efforts and vice versa. Modeling inaccuracy is determined by a statistical approach based 

on differences between simulated and measured B1+-maps/temperature maps. To address total peak local SAR uncertainty, predicted peak local SAR levels are multiplied by a safety 

factor which is obtained by adding individual sources of uncertainty in a sum-of-squares way. For the investigated dipole antenna array the resulting per channel power limit is 4.2 W. 
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 Figure 1. procedure to achieve validation tier 3 for the fractionated dipole array. 

Table 2. different tier levels, the respective validation methods that need to be included and the methods to deal with inaccuracies that are found in the validation.  

 

 

 

Table 3. Results of a tier 3 validation procedure for the fractionated dipole array, resulting in an allowed average power limit of 4.2 W/channel. 



 

Synopsis: Several models of cochlear implants are MR-conditional, for most part at 1.5T and some requiring bandage. Still, the static magnetic field of the MRI 

causes a significant force and torque on the implanted magnet in the device, frequently leading to dislocation. We studied six different cochlear implants in-vitro at 

1.5T, with a bandage test protocol, and with measurements of displacement force and torque. Depending on the implant model dislocation of the implant magnet can 

be a serious risk even with bandage protocol of the manufacturer. A stiff large splint with a good compression bandage is recommended in certain models.  

Purpose: The implanted component of a cochlear implant contains a magnet to keep the coil of the external sound processor in position and is therefore historically 

contraindicated for MRI. Nowadays, several models are MR-conditional for 1.5T or even 3T. Still, the static magnetic field of the MRI causes a significant force and 

torque on the implanted magnet, frequently leading to dislocation from the internal magnet housing requiring magnet revision surgery. Cochlear implant manufacturers 

advise different preventive measures which often include a pressure bandage and plint over the magnet. However, several reports show that this is not always sufficient 

to avoid dislocation [1] [2]. 

Methods: Our study includes six cochlear implants from four manufacturers covering all the current cochlear implant brands. The situation of a patient undergoing 

an 1.5T MRI exam was mimicked by placing the cochlear implant on a polystyrene head. We applied several pressure bandage protocols as recommended by the 

manufacturers and moved the head in and around an 1.5T whole body closed bore MR system (Magnetom Avanto, Siemens). After each run it was checked whether 

dislocation had occurred. Secondly, we have determined the displacement force in front of the MRI and the torque on the magnet at the scanner isocenter. The 

displacement force was measured by suspending the implant magnet and detecting the angular deflection from the gravitational force [3]. To measure the torque, we 

have placed the implants vertically on a platform suspended by a torsional spring [4]. 

Results: The design of the magnet and magnet housing determine the likelihood of magnet dislocation. Cochlear Nucleus CI24RE: The magnet is axially magnetized 

and held in a flexible silicon housing with opening on top. An MRI bandage and splint kit are available to prevent dislocation. Even with the MRI kit in place we 

perceived a significant chance of dislocation. Advanced Bionics HiRes Ultra: The magnet and housing design is similar to that of the Cochlear Nucleus CI24RE. The 

antenna coil cover as recommended by Advanced Bionics appears not sufficient to prevent dislocation in all situations. However, we have experienced that the MRI 

bandage and splint kit provided by Cochlear can prevent dislocation. MED-EL Concerto: Dislocation is not possible, since the axially magnetized magnet is fixed in 

its housing. However, a compression bandage is still recommended to limit motion of the implant receiver area. Oticon Medical Neuro Zti: The axially magnetized, 

removable magnet is held firmly in its zirconium-titanium housing. Dislocation could be prevented without protective measures needed. MED-EL Synchrony: The 

magnetization direction is aligned with the main magnetic field at relevant angles, minimizing the forces acting on the magnet in normal in-vivo positions. In addition, 

the magnet can only be removed from the bottom of the flexible silicon housing, such that resistance is delivered by the skull instead of the skin, or that the effective 

surface is enlarged with the whole silicon housing in the direction of the skin. No protective measures were needed to prevent dislocation. Advanced Bionics HiRes 

Ultra 3D: The torque on the magnet is minimized by its design with rotatable cylinders. No protective measures were needed to prevent dislocation from its flexible 

silicon housing. 

The measured torques for the six implants are shown in the figure 1. Large differences were found between the implant types. The displacement force is generally 

much lower than the rotational force caused by the torque. 

Discussion: It is unlikely that the implant orientation will deviate more than 30 degrees from parallel given the standard orientation of the patient and the implant in 

an MRI with a closed bore superconducting magnet. In this orientation, the largest torques are experienced by implant magnets with axial magnetization, perpendicular 

to the main magnetic field of the scanner. Dislocation can only be prevented by sufficiently strong magnet housing or bandaging. The diametrical magnetization of 

the MED-EL Synchrony implant magnet prevents dislocation as long as the implant is not tilted perpendicular to the magnetic field. The low torque on the Advanced 

Bionics HiRes Ultra 3D implant prevents dislocation in all directions.  

Conclusion: Depending on the cochlear implant model, magnet dislocation can be a serious risk for patients undergoing an MRI exam. We have shown that some 

models are more susceptive for dislocation, depending on magnet design and magnet housing. A compression bandage combined with a stiff and significantly large 

splint is recommended when the design itself is not sufficient.  
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Figure 1. Torque as function of angle to B0 at 1.5T of different cochlear implants. 



 

Synopsis: We show the first 3D in-vivo images acquired from our custom-built 50 mT low-cost Halbach based portable MRI scanner. 3D Images of 

a knee were acquired with a ~2 mm isotropic resolution using a 3D turbo spin echo sequence in less than 12 minutes. Gradient non-linearity induced 

image distortions are minimal within the central ~10 cm of the magnet bore length, but require correction beyond this point. These results represent 

the latest step towards our goal of creating a fully portable MRI scanner targeting pediatric neuroimaging in the developing world for less than 30 

000 euros. 

Introduction MR imaging has become a vital tool in clinical settings, yet the high hardware cost as well as both technical and resource challenges in 

keeping MRI scanners fully operational has resulted in a distinct lack of access to this technology for a significant fraction of the world’s 

population1. In this work we present progress on developing a low-cost permanent magnet based MRI scanner targeted at imaging paediatric 

hydrocephalus at a 3 × 3 × 5 mm resolution in low-resource settings. We previously presented the design of a highly homogenous Halbach array  for 

generating the required B0 field2. In this work we have incorporated gradient coils designed using a modified target-field approach3 to acquire in-

vivo images of the knee.  

Method The B0 field is produced by a 50 cm long, Halbach array with a 27 cm inner diameter (figure 1), a B0 field strength of 50 mT and a 

homogeneity of 2400 ppm over a 20 cm sphere in the isocentre of the magnet2, see figure 2. Gradient coils were designed using the Target Field 

Method adapted to produce their encoding fields commensurate with the transverse B0 direction of the Halbach array, see figure 3. Gradients coils 

were constructed using 1.5 mm diameter copper wire pressed in to 3D printed formers. The efficiencies of the X, Y and Z gradient coils are 0.59, 

0.95 and 1.02 mT/m/A, respectively. The inductance of the x gradient is 180 µH with a resistance of 0.37 Ω, the inductance of the Y and Z gradients 

are both 225 µH with a resistance of 0.4 Ω. The gradients were driven with two AE Techron 7224 and one AE Techron 2105 amplifiers (Elkhart, IN, 

USA). A Magritek Kea2 spectrometer (Aachen, Germany) was used to generate gradient wave forms and RF pulses as well as digitising the 

generated echoes. The RF pulses generated by the spectrometer were amplified by a custom built 1 kW RF amplifier (adapted from4) and transmitted 

to a 15 cm long, 15 cm diameter solenoid used as an RF transceiver through a T/R switch built in to the spectrometer. The magnet was placed inside 

a 80 cm long faraday cage constructed using aluminium plates and extrusion profiles. To eliminate noise introduced in to the system by the human 

body, the part of the body that extended out of the faraday shield was wrapped in a conductive fabric (Holland Shielding Systems, Dordrecht, the 

Netherlands). A phantom was constructed of 8 mm diameter, 30 mm long tubes filled with water, evenly spaced 17 mm apart on a rectangular grid to 

map geometric distortions in the images due to gradient non-linearity. 

Phantom images were acquired using a 2D spin echo sequence with the following parameters: FoV: 200 × 200 × 30 mm for the transverse images 

and 256 × 256 × 30 mm for the coronal images, acquisition matrix: 128×128, TR/TE: 6000 ms/100 ms, acquisition bandwidth: 20 KHz, no signal 

averaging, acquisition time: 12 minutes 48 seconds. In-vivo knee images were acquired from a healthy volunteer using a T1 weighted 3D RARE 

sequence with the following parameters: FoV: 256 × 256 × 256 mm, acquisition matrix: 128×128×128, TR/TE: 130 ms/15 ms, acquisition 

bandwidth: 20 KHz, echo train length: 3, no signal averaging, acquisition time: 11 minutes 50 seconds. The RF pulses were non-selective. The 

acquired k-space data was filtered using a squared sine bell filter and reconstructed using the Numpy v1.16 FFT library in Python 3.7. 

Results Figure 4 shows images acquired of the geometric phantom. No significant geometric distortions are visible in the central transverse plane, 

however, clear warping is visible in the coronal plane as the distance from the isocentre increases, closely matching simulations of the fields 

generated by the gradient coils, and with relative magnitudes similar to those on conventional clinical scanners. Figure 5 shows in-vivo images 

acquired of the knee. Major structures in the knee can be differentiated with clear contrast between muscle, fat and cartilage. Image distortions, 

particularly visible in the coronal image, closely match those seen in Figure 4.  

Discussion In-vivo images have been acquired with an SNR of 26, sufficient to clearly delineate different structures in the knee joint and show the 

feasibility of neuroimaging in paediatrics at, or exceeding, the targeted 3 × 3 × 5 mm resolution. Images are shown without correction for gradient 

non-linearities (the main cause of artefacts in these images). Simulations indicate temperature induced B0 drift causes by heat radiated from the body, 

typically less than 1 kHz an hour, only causes minimal blurring of the reconstructed images with a full-width-half-maximum (FWHM) of the point 

spread function (PSF) of around 1.4 pixels, comparable to the FWHM of the PSF caused by T2 relaxation in the muscle during the RARE echo train. 

Future work in this project will focus on implementing standard gradient distortion algorithms based on local Jacobian scaling factors5, as well as 

switching the gradient amplifier and spectrometer to low-cost open source alternatives to create a fully open-source imaging system for 

neuroimaging of infants in low-resource settings for less than 30 000 euros. 

References  

1. WHO ‘Baseline country survey on medical devices, 2014 update’, March 9, 2016,  

http://gamapserver.who.int/gho/interactive_charts/health_technologies/medical_equipment/atlas.html?&indicator=i1 Accessed November 5, 2019 

2. O’Reilly et al. “Three-dimensional MRI in a homogenous 27 cm diameter bore Halbach array magnet”, J Magn Reson. 307 (2019). 

3. Turner “A target field approach to optimal coil design”, J. Phys. D, 19(8), 1986 

4. Blücher et al "COSI Transmit: Open Source Soft- and Hardware Transmission System for traditional and rotating MR", Proc ISMRM, 2017, #184 

5. S.J. Doran, L. Charles-Edwards, S.A. Reinsberg, M.O. Leach, "A complete distortion correction for MR images: I. Gradient warp correction," 

Physics in medicine and biology 50, 1343-1361 (2005). 

 

 

 

  

Three-dimensional in-vivo human Imaging on a 50 mT low-cost portable Halbach Array 

 

 

 

  

 

T. O’Reilly1, W. Teeuwisse1, B. de Vos2, A. Webb1 
1C.J. Gorter Center for High Field MRI, Leiden University Medical Center, Leiden, the Netherlands; 2Circuits and Systems, Delft University of Technology, Delft, the Netherlands 

 

Acknowledgments / Funding Information: This work is supported by the following grants: Horizon 2020 ERC FET-OPEN 737180 Histo MRI, Horizon 2020 ERC Advanced NOMA-MRI 670629, 

SimonStevin Meester Award and NWO WOTRO Joint SDG Research Programme W 07.303.101. 

P-059  Hardware

http://gamapserver.who.int/gho/interactive_charts/health_technologies/medical_equipment/atlas.html?&indicator=i1


 

 
Figure 1. Left) Image of the imaging set up, the magnet is placed inside an aluminium Faraday cage, during in-vivo imaging a conductive blanked is placed over the subject to eliminate noise coupling in to 

the system through the body. Right) Cross-sectional view of the magnet, the magnet and enclosure is shown in blue, the location of the shim magnets in green and the gradient coils in orange. 

 

 
Figure 2. B0 maps of the constructed Halbach array. The mean B0 field strength is 50.4 mT with a homogeneity of 2400 ppm over a 20 cm diameter spherical volume at the isocentre of the magnet, marked 

by the white dashed circle. 

 

 
Figure 3. Three imaging gradients are designed using the Target Field Method, adapted for the Halbach configuration with the  B0 field oriented across the magnet bore: the line colour indicates the 

direction of current flow. The gradients were constructed using copper wires placed in 3D printed mould. Currents of ~3 amps are typically used during image acquisition  which dissipates around 4 Watts 

of power which causes no observable drift of the proton resonance frequency. 
 

 
Figure 4. Images acquired of a phantom of  tubes (8 mm diameter, 30 mm long) placed 17 mm apart on a rectangular grid. Minimal distortions are seen in the transverse plane, more significant distortions 

are present in the coronal plane and are primarily  caused by non-linearities in the X gradient field. 

 

 
Figure 5. Left) Sagittal, Centre) Transverse and Right) Coronal (reformatted from a single 3D acquisition) knee images acquired on the 50 mT scanner using a 3D RARE sequence with the following 

parameters: FoV: 256 x 256 x 256 mm, Acq. Matrix: 128 x 128 x 128, TE/TR = 10 ms/ 130 ms, acq. time: 11 minutes 50 seconds. No distortion correction has been applied to the images. 



 

   

 

Synopsis: We describe the application of the target field method for designing three-axes gradients for the transverse magnetic field produced by a Halbach array, as 

well as verify this method by constructing a set of 3 gradient coils and using it for 3D imaging. Additionally an open-source tool is described which allows for easy 

gradient design using this method. 

 

Introduction: 

The need for MRI scanners in a low resource setting is becoming more apparent and is starting to receive more attention in the MR community. One promising, low 

cost, approach to generating magnetic fields suitable for MRI in these low resource settings is using permanent magnets arranged in a Halbach configuration. The 𝐵0 

field produced by such a configuration is transversely oriented to the bore, orthogonal to most clinical systems where the field is produced along the bore of the 

system. 

One common and powerful approach to the target field method initially proposed by Turner [1]. In this current work the method was adapted to generate gradient 

coils for systems where the  𝐵0 field is oriented across the bore. The method is then used to design a set of gradient coils for a 50 mT homogeneity-optimised Halbach 

array with a 27 cm bore diameter [2]. After validating the design method the tools used to compute the gradient current paths have been integrated into an easy to use 

open-source tool. 

Method: 

The different orientation of the magnetic field relative to the z-axis changes the relationship between the magnetic field and magnetic potential so that �̃�𝑥 =

−𝜕𝑟𝛷̃  cos (𝜙) +
𝑗𝑚

𝑟
𝛷̃  sin(𝜙) as opposed to �̃�𝑧 = −𝑗𝑘𝛷̃   for the original target field method. This adaptation gives the following expressions for the ϕ component of 

the current densities: 
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 the apodisation 

term used for regularisation I and K the modified bessel function of the 1st and 2nd kind with the prime indicating differentiation with respect to the argument, a the 

radius of the gradient cylinder, b the radius of the cylinder on which the target field is prescribed, d the targeted linear region and gα the targeted gradient strength. 

The current paths were computed using Matlab and consequently exported to a magnetostatic solver in the CST software suite (Dassault Systemes, Vélizy-

Villacoublay, France) to verify the field produced by the gradient coils. The field error is defined as 𝜖(𝑥, 𝑦) =
∣∣𝐵𝑥(𝑥,𝑦)−𝐵𝑥

ideal(𝑥,𝑦)∣∣

∣∣𝐵𝑥
ideal(𝑥,𝑦)∣∣

. A set of X, Y and Z gradients with 

a length and diameter of 35 cm and 270 mm, 274 and 278 mm respectively were designed for optimal linearity over a 20 cm spherical volume and subsequently 

constructed using 1.5 mm diameter copper wire pressed in to 3D printed moulds fixated on a plexiglass cylinder. The Y and Z gradients were constructed with 12 

windings in each quadrant, the X gradient was designed with 15 windings in each quadrant. The gradient field of each coil was mapped through the isocentre of the 

magnet using a Hall probe attached to a 3D positioning system [3]. Images of a galia melon were acquired using a 3D turbo spin echo sequence with the following 

parameters: FoV: 192 x 192 x 192 mm, acquisition matrix: 128 x 128 x 128, TR/TE: 3000 ms/20 ms, acquisition bandwidth: 20 kHz, echo train length: 64, no signal 

averaging, acquisition time: 12 minutes 48 seconds. 

Results: 

Wire patterns for the three gradient generated gradient coils are shown in figure 1, note that the Y and Z gradients are identical but shifted 45 degrees with respect to 

each other. Figure 2 shows the deviation from linearity of the three gradient coils which shows the expected lower linearity of the X gradient compared to the Y and 

Z gradients that is intrinsic to the B0 field orientation. Measured gradient profiles for the three gradient coils shown in figure 3. Measured gradient efficiency for the 

X, Y and Z gradients are 0.52, 0.95 and 1.02 mT/m/A respectively. The inductance of the constructed X gradient was 180 µH, and 225 µH for the Y and Z gradient 

coils, the resistance for all 3 coils was 0.4 Ohms. Figure 4 shows turbo-spin echo images acquired of a melon with no corrections for gradient non-linearity performed. 

An open-source tool has been written in Python 3.7 to generate the gradient coils and simulate the fields generated by the coils and can be downloaded at 

https://github.com/LUMC-LowFieldMRI/GradientDesignTool. A screenshot is shown in Figure 5. 

Discussion: 

The target field method has been adapted to produce gradient coils suitable for magnets where the 𝐵0 field is oriented across the bore. The method provides a rapid 

calculation of the surface currents, and ultimately the wire pattern, required to generate a target magnetic field. The speed of the computation means that parameter 

sweeps to optimise a particular attribute of the gradient coils can be performed quickly. There is excellent agreement between the simulated and generated gradient 

fields and the linearity of the Y and Z gradient is very high. The X gradient proves to be a challenging geometry but distortions introduced by gradient non-linearity 

can be corrected for in post-processing as is also done on commercial scanner. An open-source graphical tool has been created and is shared online, which provides 

an easy to use interface for studying coil performance and facilitates construction of the gradient coils by exporting the wire patterns to a CAD friendly format. 
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Figure 1: Left) X, middle) Y, Right) Z gradient coils designed using a target field method adapted for 
Halbach arrays where the B0 field is oriented in the X direction. The colour of the wires indicate opposite 

current directions. 

Figure 2: Deviation from linearity of the gradient field of the left) Y and Z, right) X gradient coils: the red 

line and cross show the direction of the gradients relative to the plot. The Y and Z gradients have a linearity 

error of less than 5% over 70% of the diameter of the bore, the X gradient has an error of less than 5% over 

20% of the diameter of the bore. Increased non-linearity is expected for the X gradient as the B0 field is 

oriented across the bore of the magnet. 

Figure 3: Simulated and measured gradient field strengths of the three gradient coils. 

Figure 4: Images acquired in a 50 mT Halbach array based MRI scanner with a 3D turbo spin-echo 

sequence with the following parameters: FoV = 192 x 192 x 192 mm, acquisition matrix = 128 x 128 x 

128, TR/TE = 3000 ms/20 ms, acquisition bandwidth = 20 kHz, echo train length = 64, no signal averaging, 

acquisition time = 12 minutes 48 seconds. 

Figure 5: A screenshot of the gradient design tool developed to allow for easy 

optimisation of the relevant parameters. Properties of both the coil itself and the magnetic 

field generated by the coil are calculated and the wire patters can be exported to a CSV 
file which can be imported in to many computer aided design (CAD) programs to 

facilitates easy construction of the gradient coils. The source code for the tool can be 

found on Github. 



 

Synopsis: In this work, we investigated the noise attenuation provided by different acoustic hood designs particularly relevant for fetal/neonatal MRI and MRI-guided radiotherapy. We experimentally 

demonstrated that both increasing hood length and thickness have a positive influence on acoustic noise reduction up to 20dB for the investigated scenarios. These results will provide experimental 

information useful to design a new acoustic hood for different applications, e.g. neonatal MRI and MR-guided radiotherapy. 

Introduction 

Acoustic noise is a well-known cause of discomfort during MRI and, when hearing protection devices (earplugs/earmuffs/headphones) are not properly used, subjects are at risk of hearing damage. In 
principle, these devices should provide sufficient protection if correctly worn. This is not the case for patient with, e.g. small ear canals, fetal/neonatal MRI, or patients in immobilization masks undergoing 

MRI-guided radiotherapy. Previous research proposed the acoustic hood as solution(1). Here, we build upon that work and we investigate the noise attenuation for different hood designs applicable to 

fetal/neonatal MRI and MRI-guided radiotherapy.  

Methods 

Three acoustic hoods were created, using foam layers (FireSeal or TC2-foam, Easy-Noise-Control, NL), and 1mm-thick polycarbonate (PC) sheet. The latter provides robustness and leads to sound wave 

reflection inside the foam layers, thus augmenting destructive interferences. 

We first investigated the impact of adding foam layers to the hood. This hood (Hood 1, Fig. 1) consisted of a wooden frame and the polycarbonate sheet folded between the wooden frame, creating an arc 

with diameter 476mm and length 1150mm. For each test, a foam layer (FireSeal) of 25mm thickness was added to prototype, first externally to the polycarbonate sheet and afterwards also internally. 

The influence of hood length was then investigated (Hood 2, Fig. 1). Hood 2 consisted of a wooden frame and two foam layers (TC2) around the polycarbonate sheet. The starting setup was 1000mm long. 

For each test, segments of 200mm were added up to a final length of 2000mm. 

Finally, a third hood (Hood 3, Fig. 1) was made to investigate the effect of a closed “chamber”. Hood 3 was equal to Hood 2 - length 1000mm. Two plates (each consisting of 2x25mm TC foam with 

polycarbonate sheet in the middle) were created to close the hood at the feet/head sides. Additionally, two segments of 200mm were applied as in Hood 2 to each side to fixate these plates. 

The hood at test was placed inside a 7T Philips Achieva tube and a Polyoxymethylene (POM) plate (covered with foam layer 25mm thick) was used to close its bottom side. Noise attenuation tests were 

performed in an acoustic room (ISO 8253-2 2012): a microphone (Brüel & Kjær 4189 with ZC-0032 amplifier) was placed in the middle of the hood at test, and four loudspeakers (Yamaha MSP5) were 

placed around it. Every loudspeaker was separately calibrated to produce a noise level of 55dB(A) (measured with Brüel & Kjær 2250-S) in the test condition without the hood (see fig. 1).  

For each test, three measurements were performed: 1) feet/head speakers ON, 2) left/right speakers ON, and 3) all four speakers ON.  

Results 

Figure 2 shows the measured dB(A) for Hood 1. We observed a steady decrease of sound levels measured inside the bore for the different tests. Ultimately, the achieved noise reduction was 5.5dB when all 

speakers were active. 

Figure 3 shows the measured dB(A) for Hood 2. Increasing noise reduction was observed for increasing hood lengths. A total reduction of 12.5dB was registered for Hood 2 with 2000mm length compared 
to the reference measurement. Additionally, when comparing Hood 2 (I) to Hood 1 (F), which have the same geometrical constructions but different foam materials, an additional reduction of about 5dB is 

observed, confirming what indicated by the supplier, i.e. TC2-foam has a 2x higher absorption rate than  that TC2-foam as an absorption rate almost twice as FireSeal foam. 

Figure 4 shows the measured dB(A) for Hood 3. These results show a considerable noise reduction, i.e. about 20dB, when the feet/head plates are included.  

Discussion 
Using Hood 1, consisting mostly out of FireSeal foam, the noise decreases with 5.5dB. The TC2-foam improved the decrease to 9.8dB. When a longer hood was tested, a noise decrease of 12.5dB was 

measured. By creating a sort of 'hood chamber' (Hood 3), noise could even be decreased by about 20dB. 

For the realization of an acoustic hood in clinical settings, it should be noted that a chamber might not be indicated for neonatal scans, as infants are regularly checked, while a thickness of 2x25mm foam 

might not be applicable for all adults scanned in a small-bore MRI. 

In the light of these results, which give experimental indications for acoustic hoods constructions, we believe that a 2000 mm length hood with two foam layers around a PC plate would be an applicable 

solution for both fetal/neonatal MRI and MR-guided radiotherapy exams. For the latter, the possibility to extend the hood into a sort of chamber could also be possible. This is particularly important for 

radiotherapy patient, scanned with immobilization masks, since only inner earplugs are currently used for these patients. 

Ultimately, these tests were performed using a 7T body coil. These hoods can also be used in diagnostic settings at lower field strengths, where larger body coils are available, thus allowing in principle for 

thicker foam layers and therefore more noise damping. 

Conclusion 
We demonstrated that both increasing hood length and thickness have a positive influence on acoustic noise reduction up to 20dB for the investigated scenarios. These results provide experimental 

information to design an acoustic hood for e.g. fetal/neonatal MRI and MR-guided radiotherapy. 
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Fig 1: The three hood designs. Hood 1 with all layers of sound damping materials in place 

(they were added one by one each step), Hood 2 with two out of five extensions, Hood 3 with 
two extensions and feet/head plates, and a photo of the testing in the audio room (the speakers 

around the setup are marked with red arrows). 

Fig. 2: Top: Different setups of Hood 1: No hood. A: PC plate only. B: Setup A + outer foam 
layer. C: Setup B + inner foam layer. D: Setup B +  foam layer on table. E: Setup C + foam layer 

on table. Bottom: measured dB(A) for these setups. 

Fig 3: Top: different setups of Hood 2. F: acoustic hood without any extension (1000mm). G: 

one extension (1200mm). H: two extensions (1400mm). I: three extensions (1600mm). J: 
four extensions (1800mm). K: five extensions (2000mm). Bottom: measured dB(A) of each 

setup. No hood: Measurement without test setup (reproduction of no hood of fig. 2). 

Fig 4: Left: different setups of Hood 3. No hood (same measurement as no hood of fig. 3). L: 

hood with two extensions (reproduction of setup J, fig. 3). M: addition of two walls to create a 

chamber (center part made see-through for illustration). Right: measured dB(A) of each setup. 



 

Introduction:  

Due to the need for high accelerations, high density coil array designs are now commonplace. However measurement equipment is generally not designed for such high number of ports. The relatively low 

number of ports on vector network analyzers (VNA) makes bench measurements of the coil interaction slow and error prone due to the need to keep switching the coil connectors on these ports. One 

solution is to use the MRI system itself, but this is costly and prevents real time component adjustments. This study presents an automated 32 channel RF switching device (Figure 1) which increases the 

total number of ports in a VNA from 2 ports to a virtual 32 ports.  

 

Methods:  

Hardware design: 

The design of the 32 channel RF switch is centered around low insertion loss RF switches, with a working frequency range encompassing 20 to 3000 MHz to include all commonly used MRI RF 

frequencies. These RF switches are connected to 50 Ohm coplanar waveguides and striplines to minimize losses. Special care was taken to ensure coupling to neighboring channels was minimal, resulting 

in a coupling between channels of less than -30 dB. By incorporating a 4-way RF switch in the final stage of the circuit, the input impedance of ports that are not currently measuring can be set to 50 Ohm 

or to a preamp decoupling impedance. The final stage of the VNA switch is a wideband 50 Ohm matching network to ensure the attached coil is always connected to a 50 Ohm system. Extended features 

such as the ability to impose DC bias for detuning and malfunction checking are also included to further facilitate the measurement procedure. 

The ports of the VNA are connected to the back of the VNA switch. The signal is then led through 3 RF switches to the selected channel on the front of the device. With these RF switches any port 

combination can be realized, giving it a total of 1024 (322) possible port configurations which can be used in the analysis of the connected coil. 

The controlling hardware consists of an ARM cortex m0+ microcontroller, which uses shift registers as a way to multiply the available I/O pins. The microcontroller gives the device USB capabilities, to 

enable the possibility for fully automatic measurements.  

The board schematics and PCB files are designed in the KiCad EDA suite (kicad-pcb.org). 

 

Software design: 

Software was written in Python 3 to interface with the VNA switch and display measurement data acquired from the VNA. The written software interfaces with a TR1300 2-port VNA (Copper Mountain 

Technologies, Indianapolis, USA), but can easily be rewritten to encompass other VNA’s capable of interfacing with personal computers. 

 

Validation: 

To test the VNA switch performances and accuracy a comparison was performed between traditional manual measurements and the measurements acquired via the device. The available VNA is limited to 

S11 and S21 measurements; therefore these two types of measurements will need to be validated.  

S11 measurements were performed on a 32 channel 7T headcoil (Nova Medical, Wilmington, USA) (Figure 2A). S21 validation was performed on an in-house built 8 channel 7T dipole body array1 

(Figure 2B), resulting in 64 measurements. Cable traps were added to avoid measurement discrepancies due to cable positioning differences between the manual and automatic measurements. 

 

Results and Discussion:  

S11 measurements of the 32 channel headcoil are shown in figure 3. Results show good agreement between manual and automatic measurement; on average there is 98.7% accuracy in relative power on the 

7T proton resonance frequency. These differences can be explained by difference in cable positioning, slight differences between 50 Ohm terminators used in the manual measurement and the wide-band 50 

Ohm matching performed on the VNA switch.  

S21 measurements of the 8 channel dipole body array are shown in figure 4. Results show good agreement; on average there is 99.7% accuracy in relative power on the 7T proton resonance frequency. 

However, an unexpected resonance peak can be seen on multiple channels during the automatic measurement (Figure 4D). This resonance peak can occur even without any coils attached to the VNA 

switch, which indicate improper decoupling of the channels on VNA switch PCB boards causing a resonant loop to be formed. Due to the lower power of the measurements the distortions caused by these 

resonant peaks do not have a big impact on the accuracy. 

S21 coupling matrices of the two measured setups are shown in figure 5. Figure 5 A and B show matrices generated from the automatic measurements, while figure 5C shows the coupling matrix generated 

from the manual measurement.  

Large measurements consisting of 1024 individual measurements can be performed in approximately 2.5 minutes, using 501 data points per measurement. Reducing the amount of measuring points to the 

minimum for single frequency measurements can reduce this time to approximately 30 seconds. 

 

Conclusion:  

A 32 channel vector network analyzer switch was built to facilitate measuring high density coil arrays on the bench.  With the 32 channel switch and corresponding software full 32 channel S-parameter 

matrices can be acquired in as few as 30 seconds (one frequency) or 2.5 minutes (501 frequency points). Verification and characterization of transmit and/or receive coil arrays is now sped up considerably. 

However, minor spurious resonances exist in the current device, which cause erroneous dips in low-magnitude S-parameter curves. 
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Figure 1. The front of the 32 channel vector network analyser  switch (A) consists of 32 BNC 

connectors and several LEDs showing the current configuration. The ports of the VNA and a USB 
cable can be attached to the back of the device (B). 

 Figure 2. Two coil setups were measured with the VNA switch. (A) Shows a 32 channel 7T 

headcoil attached to the custom vector network analyzer switch. (B) Shows an 8 channel 
dipole array around a 3g/L NaCl body phantom. 

   
Figure 3. Two 32 channel S11 measurements were performed. A manual measurement (A) was performed using 

50 Ohm terminators and extensive connector switching. Using the VNA switch an automatic measurement (C) 
was performed using the same setup. (B, D) Detailed views. All axes are in dB (vertical) and MHz (horizontal).  

 Figure 5. Automatic measurements allow for big coupling matrices generated on 

the bench. 32 channel (A) and 8 channel (B) matrices derived from the two coil 
setups are shown. (C) Shows an 8 channel matrix derived from manual 

measurements.  The colors correspond to the measured S-parameter in dB. 

 
Figure 4. Two 8 channel S21 measurements were performed, resulting in 64 individual measurements. (A) Manual measurement, (C) automatic measurement.  

S11 measurements are visible in the diagonal line (top left to bottom right). (B, D) Detailed views. All axes are in dB (vertical) and MHz (horizontal). 



 

Introduction  

Velocity selective arterial spin labeling (VSASL) is a flow-based technique that magnetically labels blood with a velocity exceeding a cut-off velocity Vc.1–3 

Choosing a low Vc , label is thought even to be generated in small vessels inside the tissue, in theory reducing the dependence of ASL on arterial transit time 

(ATT).3,4 So far, for quantification of VSASL, Buxton’s pulsed ASL model has been utilized assuming a negligible ATT. However, for ASL of the kidneys, higher 

Vc are generally chosen than in e.g. the brain, since low Vc in the presence of respiratory motion causes spurious labeling of moving tissue.5 The label front could 

therefore shift more upstream in the vascular tree, potentially introducing ATT sensitivity. In this study, we acquired renal VSASL data at multiple time points (t) to 

assess its label dynamics and compared these to the label dynamics of conventional pulsed (FAIR, flow alternating inversion recovery) and pseudo-continuous ASL 

(pCASL). 
 

Methods  

Imaging: Kidneys of 6 healthy subjects (age 25-31, 2 men) were scanned at 1.5T (Ingenia, Philips, The Netherlands) using a 28-element phased-array receiver-coil 

during free-breathing. Five coronal-oblique slices were acquired with a gradient echo EPI readout (Table 1) using single VSASL3, balanced pCASL6 and FAIR7. 

Sequence diagrams are illustrated in Error! Reference source not found.. 

Experiments: ASL data was acquired at six time points [t: 400, 800, 1200, 2000, 2600, 3200ms] for single VSASL (Vc=10cm/s, gradient encoding=anterior-

posterior), FAIR and pCASL. For pCASL, the label duration varied for measurements at different t to allow for detection of short bolus arrival times, resulting in 

short post labeling delays (PLDs) (Table 2). In view of short PLDs we did not apply background suppression pulses for any ASL technique. For all ASL techniques, 

imaging included vascular crushing gradients to reduce venous contributions and blood volume weighting from larger vessels: cut-off velocity 10cm/s in anterior-

posterior direction. Per subject, a T1-map8 and M0-image were acquired.  

Analysis: Images were aligned using Elastix9 with a group based principal component approach10, for each kidney separately. Subtraction images (ΔM) of all 

VSASL repetitions were checked for spurious labeling by visual inspection. A renal cortex region-of-interest was obtained from the T1-map. Dynamic behavior of 

labeled blood was assessed by calculating the perfusion-weighted signal (PWS=ΔM/M0×100%) averaged over the cortex region-of-interest for each t. Renal blood 

flow (RBF) was calculated by fitting Buxton’s general kinetic model11 to the multiple time point data. VSASL data was quantified using Buxton’s pulsed model 

including correction for diffusion weighting.12 Group averages and inter-subject variation were calculated. Statistical testing was done using Wilcoxon’s signed 

rank test with =0.05. 
 

Results  

Data of all subjects were included in the analysis. With Vc=10cm/s and gradient encoding in anterior-posterior direction no spurious labeling in VSASL subtraction 

images was found. For VSASL the PWS measured at the earliest t=400ms is already relatively high (92% of peak) and rises slightly until it reaches the peak at 

800ms, with a steady decrease for increasing t (Error! Reference source not found.A&D). In contrast, for FAIR (Error! Reference source not found.B&E) and 

pCASL(Error! Reference source not found.C&F) the PWS starts off lower with 28% and 12% of peak, respectively (p<0.05). Also, the peak appears later, 

around 1200ms. Overall, FAIR delivered the highest peak PWS of 4.310.60%, followed by pCASL 2.29 1.18% and VSASL 1.900.21% (p<0.05). Fitting of 

ASL data from multiple time points for all three techniques yielded the following group average cortical RBF values for FAIR 38539 mL/min/100g, VSASL 

24733 mL/min/100g and pCASL 22861 mL/min/100g (Error! Reference source not found.). 
 

Discussion & Conclusion  

For VSASL, we found high PWS already at early time points, quickly reaching the peak, followed by constant signal decrease. These findings support label 

generation close to, or even inside the target tissue with rapid inflow to the cortex. This is in agreement with renal physiology, as even in interlobar arteries 

velocities of about 28cm/s were reported.13 Other factors could contribute to high PWS at early time points. First, blood volume weighting of ΔM, originating from 

label generation in blood already in the tissue, instead of inflow dependent perfusion weighting, even though vascular crushing was applied. Second, eddy currents 

could result in subtraction artefacts at early time points even with a minimum t of 400ms. Third, diffusion contribution to the VSASL signal is stronger for short t, 

though expected rather small with 0.05% of M0 for Vc=10cm/s.12  

Our results for label dynamics of VSASL in the kidney with a Vc of 10cm/s are similar to those of VSASL in the brain with a low Vc of 2cm/s.4 Also here VSASL 

label dynamics differ from conventional, spatially-selective ASL techniques FAIR and pCASL.  

We modified Buxton’s pulsed model with diffusion weighting correction and found lower RBF for VSASL than FAIR. However, as opposed to pCASL and FAIR, 

the PWS time curve for VSASL has few features that anchor the model fit, using BD and ATT as free parameters, challenging fit accuracy. Assuming a blood 

volume-weighted signal contribution, the model should be extended for that.  

The results of this study support that spatially non-selective VSASL brings the labeling location closer to, or even inside the target tissue. This underlines its 

potential as an ATT insensitive technique, also for renal ASL where respiratory motion limits the cut-off velocity to higher values. 
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Figure 1: Sequence diagrams for all three ASL techniques. (A) VSASL (B) FAIR (C) pCASL. For each of the labeling 

techniques the definition of t is schematically given. For all sequences a recovery delay of 3500ms between the imaging 
module of the previous repetition and the following labeling was used to ensure sufficient blood magnetization recovery, 

since saturation bands were used to prevent aliasing. Note: diagram timings are not to scale. 

Figure 2: (A-B) One subject: example of perfusion weighted images acquired at six different time points using VSASL (A), FAIR 

(B) and pCASL (C). Both kidneys are covered with five oblique-coronal slices (vertical). Scaling was kept constant between 
techniques to facilitate signal intensity comparison. (C-E) All subjects (n=6): cortical perfusion weighted signal (PWS) as ΔM [% 

of M0] averaged over cortical voxels in all slices and subjects at different time points for the three ASL techniques. Whiskers 

indicate inter-subject variability. 

Table 1: Imaging parameters. 

 

 

Figure 3: Box plots summarizing 

quantified renal blood flow (RBF) 
resulting from multiple time point fit for 

VSASL, FAIR and pCASL (n=6). The box 

extends from 25th to 75th percentiles with 
horizontal bars representing the median 

and whiskers indicating minimum and 

maximum. 

Table 2: Sequence timings for multiple time point (t) 

measurements per ASL technique. PLD indicates the time 

from label to image acquisition, TR is the repetition time. 



 

Synopsis: To the best of our knowledge this work is the first implementation of VSASL at 7T.  The VSASL technique was compared with FAIR in 3 healthy 

volunteers. The temporal bolus width was sampled in each case and compared between the two ASL methods. Results suggest that VSASL produces a larger 

temporal bolus width than FAIR however PW-images were subject to greater artefacts associated with B1 inhomogeneity and lower SNR. Further work to 

implement VSI and B1 insensitive refocusing pulses is proposed.  

Purpose: Performing ASL at  higher field strengths has the potential to increase perfusion-weighted signal due to the intrinsic increase in SNR and T1-values. In 

practice, the implementation of ASL at higher field strengths is complicated by challenges such as limited coverage of the RF-transmit coil, increased B1 and B0 

inhomogeneity and SAR constraints.1  

So far only the pulsed ASL technique “Flow-alternating-inversion-recovery” (FAIR) has been shown to provide robust and sufficient image quality at 7T.2  In this 

study we introduce at 7T Velocity-selective arterial spin labeling (VSASL), a flow-based ASL-method that saturates the magnetization of blood flowing faster than 

the cut-off velocity, Vc.3 In labeling efficiency FAIR will outperform VSASL by a factor of 2 (inversion vs saturation respectively), but we hypothesize that 

VSASL could provide a broader labeling width than FAIR, since VSASL also creates label within the imaging region. The aim of this study was to evaluate the 

width of the labeling bolus of VSASL and FAIR at 7T. 

 

Methods: We scanned 3 healthy volunteers (age 21-28yo, 2f/1m) at 7T (Achieva, Philips, The Netherlands) using a 32-channel head-coil. All subjects provided 

written informed consent for this IRB-approved study. 

For VSASL, the labeling module parameters, which determine the velocity-sensitivity, were δ=1ms, Δ=46ms, G=3mT/m, corresponding to Vc=2.1cm/s. The time 

between the first labeling module and the readout was kept constant at 1600ms. FAIR labeling was implemented consisting of a time resampled frequency offset 

corrected inversion (tr-FOCI) RF-pulse with 10mm larger coverage than the volume-of-interest. Pre- and post-saturation modules were included to saturate the 

imaging volume. Background suppression was performed at 1200 and 1830ms post-labeling. The inversion time (TI) was kept constant at 2000ms. The readout 

module of both sequences consisted of a multi-slice, single-shot EPI (resolution:3×3X3mm, 13 slices). 

To measure the bolus width, a second VS-labeling module for VSASL was performed at 250, 500, 750, 1000, 1200, 1400, and 1600ms after the first. For FAIR 

similar inflow times were used as timing for the first of 5 equally spaced QUIPSS saturation pulses with a width of 60mm positioned 10mm below the imaging 

volume. Also, an additional FAIR-measurement without QUIPSS was performed. A schematic overview of the sequences is shown in figure 1. 

Perfusion-weighted (PW)-maps were calculated as the average difference between the label and control images. The PW-map of FAIR without QUIPSS was 

thresholded to create a GM-mask, which was applied to all image series after excluding the top and bottom slice. The median signal over the remaining slices was 

calculated and normalised with respect to the value of the longest FAIR and VSASL inflow-timepoints. The median signal across individual slices was also 

calculated and normalised similarly. 

Results: Figure 2 shows the acquired PW-maps for both FAIR and VSASL across all sampled inflow-timepoints in one volunteer. The FAIR PW-maps yielded 

higher SNR and were more robust to B1 inhomogeneity. Figure 3 shows the normalised average signal within the GM-mask for FAIR and VSASL over the 

sampled inflow-timepoints . The data suggests that the temporal bolus width of FAIR is smaller than that of VSASL however data quality makes it difficult to 

substantiate this observation. Figure 4 shows the normalised average signal over each slice for FAIR and VSASL. The FAIR signal is seen to be stable over the 

slices, whereas VSASL shows more variation particularly for the higher slices. 

Discussion: Although the results presented here suggested that the proposed VSASL scheme produces a larger temporal bolus width than the FAIR labelling 

scheme, the image quality was less robust. Although increased temporal width should increase the portion of labeled blood, FAIR has the benefit of creating label 

by inversion and therefore generating a of factor two higher SNR as compared to the saturation labeling of VSASL.  

Moreover, the FAIR PW-maps were more robust to artefacts created by B1 inhomogeneity, which is likely due to the tr-FOCI inversion pulse used. In the VSASL 

implementation, two hyperbolic secant pulses were used for refocusing, as previously described. However recent work has demonstrated improved B1 insensitivity 

with the use of BIR-4 and BIR-8 refocusing pulses4. Moreover, Velocity selective inversion (VSI)5 has been recently proposed to increase the available perfusion 

signal at 3T. The implementation of these techniques could improve the SNR and image quality of VSASL images at 7T whilst retaining the advantages of a 

velocity, rather than spatially selective labelling technique. The comparison of VSASL with the established FAIR technique has shown the temporal bolus width of 

FAIR to be relatively short (~700ms) suggesting inversion times could be further optimised. 

Conclusion: To the best of our knowledge this is the first time that VSASL has been applied at 7T. The increased temporal bolus width compared with FAIR 

demonstrated here indicates that VSASL could be beneficial as a high field perfusion imaging technique. However further work is required to implement VSI on 

7T, which will provide the benefit of a higher labeling efficiency compared to VSASL.  
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Figure 1: Schematic pulse sequence diagrams. Pre- and post-saturation 

pulses, background suppression and QUIPSS II pulses are shown in yellow, 

purple and green respectively. Inversion time (TI) was varied to determine 

perfusion signal at different inflow-timepoints. Post labeling delay (PLD) 

was kept constant for each method. VSASL: velocity selective arterial spin 

labelling; FAIR: flow-alternating-inversion-recovery; L: label; C: control; 

Vc: cut-off velocity; TR: repetition time.  

 

Figure 2: Masked perfusion-weighted maps for subject 1 normalised with 

respect to the final inflow-timpoint for each method. Horizontal images 

represent increasing inflow times. FAIR: flow-alternating-inversion-

recovery; VSASL: velocity selective arterial spin labeling.  

 

 

Figure 2: Group mean signal with increasing inflow-timepoints for VSASL and 

FAIR techniques. Individual subject results are also plotted. The median signal over 

the central 11 slices was found and normalized with respect to the last inflow-

timepoint for each method. VSASL: velocity selective arterial spin labeling. FAIR: 

flow-alternating-inversion-recovery. 

 

Figure 3: Group mean signal per slice with increasing inflow-timepoints for VSASL 

and FAIR techniques. Each inflow time-point was normalised with respect to the last 

inflow-timepoint for each method. . VSASL: velocity selective arterial spin labeling. 

FAIR: flow-alternating-inversion-recovery 

 



 

Synopsis: Despite the advent of reperfusion therapies against acute ischemic stroke, patient recuperation rates are lagging. Incomplete microvascular reperfusion 

might contribute to the lack of improvement in patients. To elucidate this disease mechanism we studied cerebral perfusion with DSC imaging in a rodent middle 

model of ischemic stroke. We compared perfusion indices across time (during occlusion, immediately after reperfusion and four days later) and conditions (45 vs. 

90-minute middle cerebral artery occlusion). There were notable increases in cerebral blood volume up to four days after the occlusion. Our study gives mechanistic 

insight into the natural history of ischemic stroke and reperfusion. 

 

Objectives 

Reperfusion therapy is currently the only FDA-approved therapy available against acute ischemic stroke. Unfortunately, 30 to 60 % of patients show no 

improvement after 90 days, regardless of treatment success. It has been hypothesized that incomplete microvascular reperfusion (IMR), the absence of blood flow 

in the microvascular bed after focal ischemia, is responsible for the disappointing treatment effect of reperfusion therapy. It is necessary to elucidate whether IMR 

is present after acute ischemic stroke, in order to aid the improvement of treatment, and we hypothesize that especially longer durations of catastrophic 

hypoperfusion may increase the likelihood of IMR. Therefore, we applied serial perfusion MRI and investigated several indices of cerebral perfusion during, 

immediately after, and four days after a 45- of 90-minute transient middle cerebral artery occlusion in a rodent model of acute ischemic stroke. 

Methods 

Cerebral ischemia was induced by intraluminal right middle cerebral artery occlusion in male adult Sprague Dawley rats (N=17), of either 45- or 90 min in length, 

followed by reperfusion1. Serial MRI (at 9.4T) was conducted during occlusion and immediately after reperfusion (acute phase), and 4 days after stroke (subacute 

phase). During MRI, rats were anesthetized and mechanically ventilated with 2% isoflurane in air/O2 (2:1). Temperature was maintained at 37.0±0.5 °C. To detect 

the lesion, we performed diffusion-weighted imaging (DWI, SEMS 150×150×600 μm3 voxels, b=0, 1454 s/m2, 3 DW directions) for mapping of the apparent 

diffusion coefficient (ADC), and T2-weighted imaging (T2WI, SEMS, 4 echo times (TE) = 0.019, 0.03, 0.05, 0.08 ms, 150×150×600 μm voxels) for T2 mapping. 

At each imaging time point we performed perfusion MRI with dynamic susceptibility contrast-enhanced (DSC) imaging (repetition time = 0.164 TE = 0.013 

487.5×487.5×1200 μm3 voxels) combined with a bolus injection of Gd-DTPA (0.35 mmol/kg). Semi-automatic thresholding was used to delineate the ischemic 

lesion in the acute (before and after reperfusion) and subacute phase. The lesion core was determined by subtracting the initial ischemic zone (on ADC maps) 

during occlusion from the final infarcted zone (on T2 maps) during the subacute stage. Values extracted from the lesion core were compared against values from 

contralateral tissue of equal size and location. Cerebral blood flow (CBF) and cerebral blood volume (CBV) were calculated from the residue function obtained by 

singular value decomposition analysis of the DSC MRI data2,3. Relative time-to-peak (relTTP) and arrival times (AT) where calculated through analysis of the 

tissue concentration curve. Two-way ANOVA and post-hoc testing with Tukey adjustments for multiple comparisons were performed for statistical analyses. 

 

Results 

The ischemic zone and lesion core were successfully identified from the ADC and T2, respectively. The factor time differed significantly for each perfusion index, 

i.e. CBF, CBV, relative TTP and AT. Significant differences in CBF did not survive multiple comparisons testing. CBV was increased substantially at day four 

compared to immediately post-reperfusion (p<.05). Bolus AT and relative TTP were significantly different between occlusion and later time points, but did not 

differ between immediate reperfusion and subacute stages. 

 

Discussion 

Our study shows that the post-stroke lesion core exhibits perfusion deficits days after temporary middle cerebral artery occlusion, regardless of the duration of focal 

ischemia. Most notably, CBF and CBV are increased up until day four, while relative TTP and AT return to a stable plateau. The data reflect disturbed post-

ischemic tissue perfusion despite recanalization of the MCA. Signs of incomplete reperfusion were absent, but IMR may strike at a later time post-stroke. 
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Figure 1. Indices of cerebral perfusion in the stroke lesion core, derived from DSC MRI. A1) Acute ischemic zone during occlusion, identifiable and delineated (white) on a representative apparent 

diffusion coefficient map of a coronal rat brain slice. A2) Lesion core derived from lesion evolution, demarcated as region of interest (red), accompanied by its contralateral mirror image (green) B) 

Cerebral blood volume significantly increased during day four compared to the occlusion (p<.001) and reperfusion time points (p<.05). C) Relative time-to-peak differed during occlusion from reperfusion 

(p<.001) and day four (p<.001). D) Bolus arrival time was significantly increased during occlusion compared to reperfusion (p<.001) and day four (p<.001). 
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Synopsis: In this study the variation in the measured apparent T2 was assessed over different slices for venous velocity selective inversion (vVSI) with 2D-EPI 

readout in the sagittal sinus and we compared vVSI with 2D-EPI and 3D multi-echo spin echo EPI (mTE-SE-EPI) readout to the gold standard TRUST. For the 2D-

EPI readout scans a steady slice-wise T2 increase was found for higher slices. However, for the 3D readout scans the T2-values show a decrease in the lower slices, 

followed by an increase in the higher slices. Compared to TRUST, 2D-EPI readout overestimate and 3D readout scans underestimate the T2. 

Introduction 

Last year, venous velocity selective inversion (vVSI) was introduced to spatially non-selectively label venous blood and measure the T2.1 This method benefits from 

the improved SNR of Velocity Selective Inversion2 (VSI) and could be used to measure the oxygen extraction fraction from venous and arterial blood separately, also 

in small vessels closer to the tissue, within a single scan. However, the type of readout influences the measured T2 values. With a multi-slice 2D-readout the time 

between T2-preparation and image readout increases for each consecutively acquired slice, during which T1-relaxation occurs, thereby influencing the measured 

apparent T2. 

In this study the variation in the measured apparent T2 was assessed over different slices for vVSI with 2D EPI readout in the sagittal sinus and we compared vVSI 

with 2D EPI and 3D multi-echo spin echo EPI (mTE-SE-EPI) readout to the gold standard TRUST3. 

Methods 

In eight healthy volunteers (23-59yrs, 6f/4m) the vVSI scan with a 2D EPI readout was scanned using a 32ch-head coil at a 3T Philips Achieva scanner, whereas in 

three of these subjects also two types of mTE-SE-EPI readout was acquired. All volunteers provided written informed consent and the study was approved by the 

local IRB.  

The vVSI-method employs a pulsed ASL module T1,blood*ln(2) sec before VSI-labeling to null the arterial pool and cycles through 4 different labeling combinations. 

When using the label condition of the pulsed ASL (PASL label, Pl) in the post-processing arterial signal will be nulled and thus eliminated. Subtraction of VSI label 

(Vl) and control (Vc) images will subsequently provide a map of venous signal. Similarly, when using the control condition of VSI and subtracting PASL control 

(Pc) and label, only arterial signal is obtained. Just before the 2D EPI read out a T2-preparation module was performed. The results were compared with a 3D mTE-

SE-EPI readout acquired with 6 or 12 echoes (Details in figure 1 and table 1). A single slice EPI-readout TRUST measurement was used as gold standard for the T2 

measurement. The T2 was calculated with a mono-exponential fit in the voxel with the highest signal intensity at the first echo time in the superior sagittal sinus per 

slice to minimize partial voluming effects. 

Results 

Examples of the venous VSI maps (at the first effective echo time) for the different readouts in a single volunteer are shown in figure 2, showing the venous 

vasculature. As can be seen in figure 3, an slice-wise increase of almost 2.5ms in T2 is measured when using the 2D EPI readout (n=8)). In figure 4 is shown what the 

average and individual T2-values for the subjects (n=3) is for the vVSI scans with the different readouts and TRUST scan. For both 3D readouts a slice-wise decrease 

in T2 was found up till slice 7 and increase for the higher slices. The T2-values of the 3D readout with the 6 eTEs was on average slightly lower than with the 12 eTEs. 

The positioning of the TRUST scan was located at the lowest slice of the other scans and had T2-values that were higher than acquired with the lowest slice of vVSI 

scan with the 3D readouts and lower than the 2D readout. 

Discussion and conclusion 

In this study we compared vVSI with 2D and 3D readouts and evaluated the T2 over the slices. For the 2D EPI readout scans a steady slice-wise increase was found 

for higher slices. However, for the 3D readout scans the T2-values show a decrease in the lower slices, followed by an increase in the higher slices. 

A correction for the slice-wise effect on the T2 is not straightforward and requires additional scans and/or assumptions have to be made about the local M0 and T1 of 

venous blood. Limiting the scan to a single slice, such as TRUST, would circumvent this problem, but also limits the T2 measurements to a (few) large veins. vVSI 

could provide the oxygen extraction fraction at tissue level in a single scan, but to fully benefit from this, full brain coverage would be required. 

Another option would be to precede a 3D readout with a separate T2-preparation module, like performed in the 2D readout. Drawback of this approach would be the 

four fold increase in scantime. From the current dataset it is difficult to conclude which of the 3D readouts would be preferable, due to the difference in scan duration 

and it can be expected the mono-exponential T2-fit with 6 eTEs is slightly less accurate than with 12 eTEs, if it is not compensated in scan duration. 

In conclusion, further optimization of the vVSI readout is necessary to get more accurate T2-values, before the method can be applied to acquire reliable full brain 

oxygen extraction fraction measurements.  
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Table 1. Sequence parameters for the TRUST with a single slice 2D EPI readout, vVSI multi slice 

2D EPI with T2-preparation and vVSI 3D multi-echo spin-echo EPI (mTE-SE-EPI) readout with 6 

or 12 echoes. 
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Figure 1. Schematic overview of the vVSI sequence with the 2D EPI readout 

sequentially after the T2-prep module performed with 4 effective echo times 

(eTE): 0, 40, 80 and 160 ms (containing 0, 4, 8, and 16 composite pulses for the 

180o pulses with their signs arranged in an MLEV pattern) and vVSI 3D multi-

echo spin-echo EPI (mTE-SE-EPI) readout with 6 or 12 echoes. In both 

sequences the arterial spins were inverted by the pulsed ASL labeling module 

Figure 2. Venous perfusion maps of a single volunteer, showing all odd slices at the first echo. The 

signal is not only clearly visible in the superior sagittal sinus, but also the inferior sagittal sinus, 

anterior intracavernous sinus and straight sinus van be seen in the lowest slice. 

Figure 3. Group average T2 per slice with 2D EPI read out (n=8). 

The T2 measured in different slices of venous VSI with 2D EPI 

readout by fitting a mono-exponential fit thought the voxel with the 

signal at the first effective echo time in sagittal sinus. With 

increasing slice numbers also the T2-value is increasing. Error bars 

show standard error of the mean. 

Figure 4. T2 in the sagittal sinus in different slices for vVSI with a 2D EPI readout 

(red), a 3D multi-echo spin-echo EPI (mTE-SE-EPI) readout with 6 echoes (green) 

and 12 echoes (blue). TRUST is a measured in a single slice positioned at the 

location of the lowest slice of the vVSI scans. The dotted/striped lines and crosses 

show the T2-values of the 3 individual subjects and the solid, thicker lines and 

crosses show the average T2-value. 



 

Table 1. Acquisition parameters. 

Table 2. Mean arterial blood volume (aBV) and free energy (FE) values for all datasets. 
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Synopsis: A two-component kinetic model allows for the separation of the macrovascular and tissue signal. This model relies on the availability of multi-timepoint data and generates cerebral blood 

flow, arterial blood volume and arterial transit time maps. The goal of this study was to validate this separation of the macrovascular and tissue signal. A 4D-ASL angiography and densely sampled ASL 
data were acquired and fitted with different model settings. Fitting the 4D-ASL angiography with a macrovascular component showed the best fit for the model with gamma dispersion included but with 

limited freedom to change the dispersion parameters 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Validation of the estimation of the macrovascular contribution in multi-timepiont arterial spin labeling MRI 

using a two-component model  

 

Introduction  

Perfusion images acquired with arterial spin labeling (ASL) are usually quantified using a 
single component model to obtain quantitative cerebral blood flow (CBF) maps, which 

provide information on the cerebral hemodynamic status1,2.  However, when using this 

single component model, these CBF maps can be contaminated by macrovascular ASL-
signal leading to an overestimation of the CBF3. Including a macrovascular component into 

the kinetic model, allows for isolation and subsequent elimination of this macrovascular 

effect. This alleviates the overestimation of the CBF since it separates the ASL signal into 
two components, i.e. a macrovascular and tissue component. Such a two-component kinetic 

model models vascular signal as a “flow through” compartment and relies on the availability 

of multi-time point data. It allows generation of both CBF, arterial blood volume (aBV), as 
well as arterial transit time (ATT) maps. However, only limited validation of this two-

compartment model has been presented. Therefore, the goal of this study was to validate 

this separation by using 4D-ASL angiography as gold standard for the macrovascular 
component and to study how the separation is affected by the temporal resolution of the 

ASL-data.  

 

Methods  

Four healthy volunteers (23-65y, 3f/1m) were scanned using a 32-channel headcoil on a 

3T-scanner (Achieva, Philips, Netherlands). A 4D-ASL contrast inherent inflow-enhanced 
angiography (CINEMA) was acquired as the ground truth for the macrovascular component 

using a pCASL labeling scheme and a Look-Locker (LL) 3D-TFE readout. Densely 

sampled multi-PLD (28 timepoints) pCASL data was acquired by combining time-encoding 
with a Hadamard-8 matrix and a LL EPI-readout. Lower temporal resolution data, which 

was obtained with and without vascular crushing in the inferior-superior direction with a 

velocity encoding cut off of 4cm/s2, was acquired by eliminating the LL-readout (7 
timepoints, 90° flip-angle)5, Table 1. The two-component model within a probabilistic 

analysis approach in the BASIL toolkit of the FMRIB’s software library (FSL) was used3,6,7. 

For the 4D-angiography data, only the macrovascular component was fitted for the first five 
phases. Different models were fitted to the data, namely with and without the inclusion of 

a gamma dispersion kernel. Moreover, the priors of the dispersion kernel parameters (time 

to peak and sharpness of the distribution) were altered to allow more freedom by decreasing 
the precisions8. Both the macrovascular and perfusion components were modeled for the 

multi-PLD ASL data which resulted in quantified CBF and aBV maps. The negative free 

energy (FE), which combines the accuracy of the model’s fit with a penalty for the number 
of free parameters, was calculated and the model’s fit per voxel was analyzed. To compare 

the ASL data to the ground truth, the CINEMA data was down sampled to a conventional 

ASL spatial resolution before fitting the data.  

 

Results 

The 4D-ASL angiography was used to compare the different models, without dispersion, 

with gamma dispersion and gamma dispersion with more freedom. Figure 1 shows the 

model’s fit in four different voxels, overall the fit with the gamma dispersion kernel 
included, showed the most similarities with the ASL signal, which is supported by the 

highest mean FE values within the macrovascular component (Table 2). Figure 2 shows the 

aBV maps for the different models for all datasets. The aBV values for the ASL data were 
much lower than the aBV values of the (down sampled) CINEMA data. Figure 3 shows the 

aBV and CBF maps for the high and low temporal resolution data (with/without vascular 

crushing). The temporal resolution of the ASL data set, does affect the separation of the 
macrovascular and tissue component, since the aBV values are higher and the CBF values 

are lower for the high temporal resolution data. By employing vascular crushing, almost all 

of the macrovascular component was crushed. 
 

Discussion and  conclusion  
Fitting the 4D-ASL angiography with a macrovascular component showed the best fit and 
the highest FE values for the model with gamma dispersion included but with limited 

freedom to change the dispersion parameters, therefore it is advised to use this 

macrovascular model when separating macrovascular from tissue signal. The temporal 
resolution of the ASL data does, however, affect this separation. Moreover, the aBV values 

differ a lot between the ASL and the 4D-ASL angiography. Whereas the aBV values of the 

ASL data are in line with previous reported values of aBV <5%3,9,10, literature values of e.g. 
the MCA-diameter would support the larger values as observed from the  4D-ASL 

angiography data. The reason for this discrepancy is unknown, but might be related to the 

fact that the dynamic pattern of the macrovascular component is too similar to the perfusion 
signal for accurate separation or arise due to differences between EPI and TFE-readout. 

This last option is supported by the fact that the MIP of the macrovascular compartment in 

the EPI-data reflects mainly more distal arteries, which will exhibit slower blood flow. More 
research is needed to elucidate these differences in aBV. 
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Figure 1. Model’s fit for four different voxels, which were located in the MCA, the ICA, further down the 

vascular tree and at a random location with no signal, over the first five Look-Locker phases.  The black line 
in all four graphs represent the ASL signal. The four colors are in agreement with the voxels. The model’s 

fit with gamma dispersion shows the most similarities with the ASL signal. 

 

Figure 2. Maximum intensity projections of the arterial blood volume 

(aBV) maps for all the different datasets from a representative volunteer. 
Note the different scalings of the colorbar. 

 

 

Figure 2. Maximum intensity projections of the arterial blood volume (aBV) 

maps for all the different datasets from a representative volunteer. Note the 

different scalings of the colorbar. 

 

Figure 3. Cerebral blood flow (CBF) and arterial blood volume (aBV) maps for a representative volunteer of the different ASL datasets.  

 



 

Synopsis: Recently developed 2D phase-contrast sequences showed the feasibility of measuring the small lenticulostriate arteries with 7T MRI. However, these vessels are known to 

be tortuous, and their tortuosity generally increases with aging and in vascular disease. Therefore, we aimed to measure the blood flow velocity not only in one direction, but in three 

directions, to capture all three velocity components. We found significant components for the other two, less conventional, velocity directions, which resulted in a lower pulsatility 

index and peak acceleration when comparing to the 1D measurements. 

 

Introduction: The lenticulostriate arteries (LSA) perforate the deep brain tissue, which makes the surrounding brain tissue particular susceptible for damage caused by 

an increased pulsatility1. An increased blood flow pulsatility may be the result of the decreased dampening of the blood flow pulse, due to the stiffening of the vessel wall, as often 

observed in normal aging and vascular disease2. Phase contrast (PC) MRI at 7T enables visualization of and measuring the blood velocity in these small cerebral vessels. Previous 

studies found an increased pulsatility due to aging and cerebral small vessel disease (cSVD)3,4. Often only one slice is acquired because of limited scan time. However, it is known 

that the tortuosity of the LSAs increases with hypertension and aging5. Therefore, it may not be sufficient to use PC MRI in only one direction, since the blood velocity profile will 

not be captured fully6. Therefore, the aims of this study were (i) to measure the blood flow velocity for tortuous LSAs in three directions, and (ii) to compare these measures between 

young and elderly 

subjects. 

 

Methods: Subjects: 4 young (20-30 years,3 males) and 4 elderly adults (62-78 years,3 males) were included. 

MRI acquisition: Images were acquired with a 7T MRI system (Magnetom, Siemens Healthineers, Erlangen, Germany) with a 32-channel phased-array head coil. For depiction of the 

branching and trajectories of the LSAs, a Time-Of-Flight angiogram (Fig.1) was acquired (TR/TE=15.0/5.1ms, flip angle=18⁰, cubic voxel size=0.31mm, bandwidth=78Hz/pixel, and 

field-of-view=135x180mm). Maximum intensity projections were calculated for the geometrical planning of the velocity-sensitive slice. 

To resolve the blood flow velocity over the cardiac cycle, a prospectively gated 2D PC sequence (TR/TE=50-70/4-5ms, FA=26⁰, pixel-size=0.31x0.31mm, slice thickness 2.6mm, 

and bandwidth=181-280Hz/pixel) was applied, which was planned perpendicular to the spatial trajectories of as many LSAs as possible. This sequence was performed for three 

orthogonal velocity-sensitive gradient  directions at the same slice position and angulation, with a scan duration of approximately 4 minutes each, to obtain three-directional flow 

velocity profiles. For the first velocity encoding(venc) direction, along the vessel axis, the venc was set to 30 cm/s. For the other two directions, anterior-posterior and right-left, the 

venc was set to 20 cm/s to increase the sensitivity to the corresponding velocity components, as these were expected to be smaller. The bandwidth, TR and TE were chosen as low as 

possible, however high enough to ensure a minimum of 16 cardiac phases were obtained, with visually sufficient signal-to-noise.  

Image analyses: The analysis of the 1D measurement was performed for the through-plane velocity component of the maximum blood flow velocity, for which the strongest velocity 

component was expected. All detectable vessels were analyzed, and corrected for aliasing. To correct for noise, only the vessels with a higher mean velocity value than 2 cm/s were 

taken into account for the analysis. For the 3D velocity analysis, the maximum blood flow velocity in each direction was calculated, and combined to calculate the total velocity 

vector, using the square root of the sum of squares of each individual component. The pulsatility index (PI) was calculated using Gosling’s equation: PI =
𝑣max−𝑣min

𝑣mean
, where v is 

velocity7. The peak acceleration was calculated using: PA = 𝑎max+ + 𝑎max− , where amax+  and amax- are the absolute value of the minimum and maximum slope of the velocity in the 

wave form, respectively8. 

Statistics: To compare the 1D and 3D results for the blood flow velocity characteristics, a Wilcoxon signed-rank test was performed. The significance level was p=0.05. The PI and 

PA derived from velocity components in three directions was compared between the two age groups with a non-parametric Mann-Whitney U-test.  

 

Results: A lower PI and PA was found for the 3D measurements compared to the 1D measurements (Table 1). The mean, maximum and minimum blood flow velocity were 

systematically highest for the 3D variant.  In elderly adults higher (3D) PI and PA values were obtained compared to the young adults (Table 2). Here, a lower mean, maximum and 

minimum blood flow velocity was found in elderly compared to the young adults. 

 

Discussion: The 3D measurements yield (approximately 20%) higher values for the blood flow velocity magnitude  than the single component obtained from a 1D measurement. This 

implies that when only measuring 1D blood flow velocity, not the full 3D velocity vector is captured, and the magnitude of the velocity is underestimated. The results show that the 

PI decreases when measuring in 3 directions.                                        

Furthermore, this study supports previous findings in which a higher PI in aging subjects was found4. Similarly, a higher PA value was found as well for elderly adults, which was 

expected from the results of a previous study in patients with cSVD8. We are currently including hypertensive patients, in which we perform 3D measurements, as hypertension is 

known to increase the tortuosity of the small vessels.  

 

Conclusion: This study demonstrated the feasibility of measuring 3D blood flow velocity components in the LSA with PC MRI at 7T. We demonstrated that it is important not the 

neglect the different velocity directions when analyzing the blood flow velocity through small tortuous arteries. Moreover, decreasing effect on blood flow velocity and increasing 

effect on pulsatility was demonstrated with age. 
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Figure 1. Examples of the time-of-flight angiogram showing the branching of various LSA from 

the MCA for a young (20 years; left) and elderly (62 years; right) subject. Note the increased 

tortuosity of the LSA in the elderly subject. The yellow line indicates the acquired slice for the 2D 

phase-contrast scan. 

 

 

 

 

 

 

 

Figure 2. The image on the right (A) shows a phase image obtained with the phase-contrast scan. 

Two LSAs are highlighted with a circle. The blue circle shows an LSA which was not planned 

perfectly perpendicularly, and shows substantial velocity components in all three  directions. The 

velocity components and the magnitude are shown on the top left (B).  The orange circle shows an 

LSA on which the slice was planned perpendicularly. The corresponding velocity profile is shown 

on the bottom left (C).  

 

 

 

 

 

 

 

Table 2. Various blood flow velocity characteristics, measured in one and three directions, in 

young and elderly adults. The corresponding p-values are for comparison of  the blood flow 

characteristics in young versus elderly adults measured in 3 directions. Notation: median 

(interquartile range) 

 

Table 1. Various blood flow velocity characteristics, measured in one and three directions for the 

total subjects sample (n=8) and the corresponding relative difference for 1 direction versus 3 

directions. Notation: median (interquartile range) *:p<0.05.  

 



 

Synopsis: Age is an important risk factor for cerebrovascular disease. ASL can lend different insights depending on the choice of read-out (3D or 2D) and post-label-

delay (PLD) for instance. We assessed differences in cerebral blood flow (CBF), and investigated the added value of arterial transit time (ATT) for differentiating 

older from younger healthy volunteers. Single-PLD 2D-pCASL and time-encoded (te-)ASL had almost identical CBF, while multi-PLD te-ASL offered the additional 

option to estimate ATT and blood volume. We found prolonged ATT despite unaffected CBF in older versus younger volunteers. TE-ASL could therefore provide 

‘free’ information aside from perfusion in clinical settings. 

Introduction  

Age is the single most important risk factor for stroke and cerebrovascular disease. In fact, up to 28% of the healthy ageing population >65years are identified with 

subclinical features of stroke1. Therefore, the clinical relevance of cerebral perfusion imaging is increasing. Aside from providing non-invasive measures of perfusion, 

free-lunch time-encoded ASL (te-ASL)2 offers the ability to measure arterial transit time (ATT), allowing predictions of ischemic tissue outcome3,4, and arterial blood 

volume (aBV)5.  

Even after the consensus paper6, different (2D or 3D, single- or multi-time-point) implementations of ASL are still being employed. However, it is unknown whether 

perfusion maps acquired with these different measurement strategies differ among young and elderly populations. We hypothesised that since cerebral hemodynamics 

change with age, that different ASL-implementations would provide qualitatively different perfusion maps, particularly at more superior slices where the post-label 

delay is longer for 2D acquisitions. Furthermore, we assessed the added value of ATT maps from te-ASL. 

Methods 

Imaging 

ASL MR imaging was performed in 5 young volunteers (mean age: 35±3 years, 4 women) and 5 older volunteers (mean age: 70±1 years, 5 women) at 3T (Philips, 

Best, NL) with a 32-channel receive head-coil. 3D pCASL data were acquired with a multi-shot 3D GRASE sequence with TSE/EPI factor 18/15, FOV=240x240x120 

mm3, voxel size=3.75x3.75x4 mm3, 3 dynamics including one dynamic for magnetization equilibrium (M0). 2D pCASL data were acquired using a single-shot FFE 

gradient-echo EPI sequence with SENSE=2.5, FOV=220x220x120 mm3, voxelsize=3.06x3.06x6 mm3, 30 dynamics. Time-encoded ASL (te-ASL) data were acquired 

using a 2D single-shot FFE gradient-echo EPI read-out with a SENSE factor=2.5, FOV=220x220x120 mm3, voxelsize=3.06x3.06x6 mm3, 7x8 Hadamard matrix with 

labelling durations and PLDs shown in FIG1. 3D/2D/te-ASL sequences were matched on TR=4127/4600/4127, TE=10/12/10, flip angle=90°, labelling 

duration=1800ms (for te-ASL the first (perfusion-)block), PLD=2000ms, background suppression and total scan duration 5:22/5:07/5:52 mins. The 2D M0 scan had 

a TR/TE=2000/10ms, no background suppression and no labelling, and a total scan duration of 0:14 minutes.  

Quantification and post-processing 

Images were analysed in MATLAB (The MathWorks, Inc., Natick, Massachusetts, USA). Quantification of CBF including M0 and slice timing correction was done 

according to the ASL consensus paper6; this was also done for the perfusion-block of the te-ASL (which will be called single PLD te-ASL from now on). For te-ASL, 

CBF, ATT and aBV were fitted voxel-wise to the multi-PLD time-course. A macrovascular model was fitted for aBV-estimation7 and the resulting signal removed. 

Then a general kinetic model was fitted for CBF- and ATT-estimation8 (fminsearch, MATLAB9). 

CBF images were co-registered to each subject’s 2D-pCASL CBF image using SPM12 (www.fil.ion.ucl.ac.uk/spm/software/spm12). The 2D volumes were smoothed 

(2mm FWHM 2D-Gaussian kernel) to visually match the blurring in the 3D volume. Grey matter (GM) was defined in each subject as voxels >30 mL/100g/min in 

the 2D-pCASL CBF. To compare sequences, voxel-wise scatter-plots of GM CBF-estimates were made for each participant with colour-coding of sequential slices. 

Least squares polynomial fits of the scatterplots yielded slopes, and Pearson’s correlation coefficients were compared for the following pairs: 1) 2D-pCASL vs single-

PLD te-ASL), 2) 3D-pCASL vs single-PLD te-ASL, and 3) 3D-pCASL vs multi-PLD te-ASL. 

Results  

2D-pCASL versus single-PLD te-ASL CBF was comparable as shown by voxelwise joint histograms (FIG2). Overall, both groups showed similar correlations and 

similar slopes for all acquired slices (FIG3&5). We found similar whole-brain CBF for single-PLD te-ASL (mean 35±26mL/100g/min) and 2D-pCASL (mean 

35±27mL/100g/min) indicating excellent agreement. 

3D-pCASL versus single-PLD te-ASL showed a larger discrepancy in older subjects, as indicated by the steeper slopes particularly in 3 elderly participants (FIG3&5). 

Multi-PLD te-ASL fitted CBF showed higher CBF than single-PLD, but agreement with 3D pCASL was similar to single-PLD te-ASL as indicated by the similar 

Pearson’s correlation coefficients (>0.85) and slopes (>1) (FIG3&5).  

Whole-brain multi-PLD te-ASL fitted CBF was not significantly different in older participants (43 ±30mL/100g/min) versus younger participants 

(43±33mL/100g/min, P=0.65). However, ATT was longer in the older (1.45±0.52s) versus younger participants (1.29 ± 0.54s, P<0.01) (FIG4).  

Discussion  

3D-,2D-, and te-ASL showed concordant results and slice-wise correlations differentiated older from younger individuals, particularly in 3D-pCASL versus te-ASL, 

which may be explained by the use of a single, on average shorter, PLD for the 3D GRASE readout. In elderly subjects with longer arrival times, this PLD may be 

too short to guarantee total delivery of labelled spins. In the 2D sequences, the effective longer PLD for the higher slices mitigate such effects. The almost identical 

CBF obtained from single-PLD te-ASL and 2D-pCASL indicates that te-ASL can offer additional parameters at no cost to CBF as proposed by Günther2. Higher 

vascular signal captured in lower slices may explain the steeper slopes observed for 3D-pCASL versus te-ASL, again showing that both sequences show distinct 

information. A limitation is that 3D-pCASL was not compared to 3D GRASE te-ASL. Second, low temporal resolution could underestimate aBV and ATT10,11, but 

since prolonged ATT is easier to detect, te-ASL should still be suitable for older clinical populations. 

Conclusion 

In elderly populations single-PLD pCASL may underestimate CBF if the appropriate PLD is not known a priori. Te-ASL provides additional ATT information, which 

was prolonged in older volunteers, even though CBF was the same. Hence, ATT could be a more sensitive marker for risk profiling in clinical settings. 

 

References 1Vermeer et al. Lancet Neurol. 2007, 2Gunther ISMRM, 2007, 3Ford et al. Blood 2018, 4Christensen et al. Stroke 2009, 5van Westen et al. MAGMA 

2011, 6Alsop et al. MRM 2015, 7Chappell et al. MRM 2010, 8Buxton et al. MRM 1998, 9Lagarias et al. SIAM 1998, 10van der Plas et al. MRM 2019, 11Guo et al. 

JMRI 2018. 
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Figure 1. Image acquisition and analysis pipeline for time-encoded ASL. A 7x8 
Hadamard matrix was used to encode 7 different post-label delays (PLDs). 

Decoding yielded images for 7 time-points. 

 

Figure 2. Voxelwise joint histograms comparing the discrepancies between sequences in the average CBF in grey 
matter in the younger group (top) versus the older group (bottom). The 2D pCASL and single-PLD time-encoded ASL 

show high agreement in both groups. The 3D pCASL shows lower CBF particularly in the older group, where the 

discrepancy between 3D and multi-PLD te-ASL is largest, particularly at high te-ASL signals, possibly induced by 

high vascular signal captured by te-ASL, which was not captured by 3D pCASL. 

 
Figure 4. On average, arterial transit time (ATT) was longer in the older 

participants (1.45 ± 0.52ms) compared to the younger participants (1.29 ± 0.54ms, 

P<0.01). Example ATT maps are shown from 2 participants from each age-group. 

 

Figure 3. Slice-wise 

correlation coefficients and 
slopes between the 

sequences show the largest 

differences for 3D pCASL 

compared to te-ASL. 

Interestingly three older 

subjects were differentiated 
by the high slope between 

te-ASL and 3D pCASL. A 

possible explanation is the 
higher vascular signal in 

large vessels such as the 

circle of Willis, which is 
mostly apparent in lower 

slices. 

 

 
Figure 5. Cerebral blood flow (CBF) maps from each sequence in two example participants, two young (left) and two older (right). It is especially apparent that the sequences are more discrepant in the 

older participants, and that time-encoded ASL picks up signal from large vessels, partly explaining the higher CBF compared to 3D pCASL. Example CBF maps are shown from 2 participants from each 

age-group.  

 

 



 

Synopsis: We investigated the reliability of different T1 and T2 relaxometry methods for arterial and venous blood. While TRIR enables measurements of both venous 

blood T1 and T2, T2 estimates from TRIR showed poorer repeatability compared to TRUST. Moreover, significantly higher venous blood T2 values were observed 

using TRIR. Lastly, arterial blood T1 measurements showed a better repeatability compared to venous T1 measurements using TRIR. These findings advocate for the 

use of the arterial T1 measurements instead of venous T1 and the use of TRUST to measure venous blood T2. 

 

Introduction: T1 and T2 relaxometry measurements of arterial and venous blood are of great importance in a number of neurovascular applications. Specifically, 

arterial T1 is used in the quantification of cerebral blood flow (CBF) using arterial spin labeling (ASL)1, while from venous T2, blood oxygenation can be derived2. 

Several MRI sequences have been proposed to measure arterial and venous blood T1 and T2 relaxation rates. Li et al.3 described a method for fast measurements of 

arterial T1, while venous T2 is commonly measured using T2 Relaxation Under Spin Tagging (TRUST)2. Another method, T2–prepared blood Relaxation Imaging 

with Inversion Recovery (TRIR) combines venous T2 and T1 quantification in one sequence4 by acquiring multiple inversion recovery curves with different T2 

preparations. T1 and T2 estimates from these methods should be reliable before incorporating them as prior knowledge in quantitative perfusion and oxygenation 

estimation. Therefore, we investigated the intra- and inter-session repeatability of these three (arterial T1 / TRUST / TRIR) techniques and possible bias between 

TRUST and TRIR measurements of venous T2. 

 

Methods: Eight healthy volunteers (four female, 28 ± 9 years old) underwent two scan sessions (see Figure 1), on a Philips 3T Ingenia system using a 32-channel 

head coil. Between sessions, volunteers were repositioned on the MRI table. Three TRUST and TRIR measurements per session were performed in an interleaved 

fashion to assess venous blood T1 and T2 in the sagittal sinus. Additionally, arterial blood T1 was measured three times per session in the carotid arteries using the 

sequence described by Li et al.3 These measurements required changing the position of the volunteers to achieve homogenous inversion efficiency from the heart to 

the ICA, and were therefore performed in consecutive order. All scans were performed and post-processed as described in previous work2-4. For intra-session 

repeatability assessment, Bland-Altman analysis was performed by comparing all possible combinations of within-session repeated scans. For inter-session 

repeatability, measurements in both sessions were compared pairwise. Using the same combinations, coefficients of variation (CV) were calculated as the ratio of the 

standard deviation of the difference between the repeated measurements over the mean of all measurements. 

 

Results: Representative TRUST, TRIR and arterial T1 scans together with their corresponding fits are shown in Figure 2. For venous blood T2 measurements, 

confidence interval widths of the T2 estimates, expressed as a percentage of the fitted value, were 14 ± 12% and 3.7 ± 1.0% for TRUST and TRIR respectively. For 

venous (from TRIR) and arterial T1 measurements, confidence intervals of the T1 estimates were 3.0 ± 0.7% and 7.5 ± 2.8%, respectively. Mean values of TRUST 

and TRIR based venous blood T2 values for each volunteer and session are shown in Figure 3 (also see Table 1). TRIR measurements resulted in significantly higher 

(p < 0.05) T2 values as compared to TRUST (70.1 ± 12.7 vs. 64.1 ± 8.2). Bland-Altman plots of intra- and intersession repeated measurements are shown in Figure 

4. For all scans, the intra- and inter-session bias was close to zero. Both intra-session and intersession CV values were poorer for TRIR (9.2% / 9.2%) as compared 

to TRUST (3.9% / 4.4%). Note that for both methods, intra- and inter-session repeatability was similar. Finally, venous T1 measurements from TRIR also had slightly 

poorer intra- and inter-session repeatability (CV values: 3.7% / 4.8%), as compared to arterial T1 measurements (CV values: 1.6% / 2.5%). 

 

Discussion and Conclusion: While TRIR acquisitions have the benefit of quantifying both T1 and T2 of venous blood, our data suggests that the TRIR overestimates 

venous blood T2 values compared to the more commonly used TRUST sequence. Moreover, TRIR results in poorer intra- and inter-session repeatability of T1 and T2 

estimates compared to the alternative methods (TRUST and arterial T1 ), with our CV values of arterial T1 corresponding well to data from Li et al.3 Although T2 

estimates from TRIR had lower repeatability as compared to TRUST, the confidence intervals of the fits were lowest in case of TRIR. Whether this originates from 

biases created by the simultaneous fit or a factor from the sequence itself is currently being investigated. Overall, our findings advocate for the use of the arterial T1 

measurements instead of venous T1 (e.g. for CBF quantification in ASL) and the use of TRUST to measure venous blood T2 from which oxygenation and oxygen 

extraction fraction can be derived. 
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Figure 1: scanning protocol consisting of three interleaved TRUST and TRIR measurements and three consecutive arterial T1 measurements per session. The order of TRUST-

TRIR and Arterial T1 blocks was changed in the second session. Moreover, starting with TRUST-TRIR or Arterial T1 blocks in the first session varied between volunteers. 

Figure 2: a) representative subtracted TRUST image, b) representative longest TI TRIR image, c) 

representative longest TI arterial T1 image, d) corresponding TRUST fit in which the T2 of venous 
blood is fitted, e) corresponding TRIR fit in which the T2 and T1 of venous blood are fitted and f) 

corresponding arterial T1 fit in which the T1 of arterial blood is fitted. The sagittal sinus and carotid 

arteries are indicated with red arrows. 

Figure 3: averaged T2 values from TRUST and TRIR scans per session and volunteer. 

Table 1: averaged venous T2 , venous T1 and arterial T1 values per subject and session. 

Figure 4: Bland-Altman plots of a) intra- and b) inter-session repeated venous blood T2 values 
from TRUST and TRIR measurements, c) intra and d) intersession venous blood T1 values 

from TRIR measurements and e) intra- and f) inter-session repeated arterial blood T1 

measurements. 



 

Synopsis: Blood-brain barrier (BBB) disruption underlies the origin of many brain disorders. Measuring subtle BBB leakage of gadolinium-based contrast agents is 

commonly performed by a continuous and time-consuming dynamic MRI protocol. However, BBB leakage is subtle, for which discrete sampling at strategic time-

points might be sufficient. This study explores the feasibility of the time-efficient interleaved protocol by applying it to brain tumor patients. We were able to measure 

high permeability in a craniopharyngioma and low permeability in a low-grade tumor and in healthy tissue. The time-efficient protocol is promising and will be 

further evaluated in more patients. 

 

Introduction: The blood-brain barrier (BBB) is important for maintaining homeostasis in the brain1. When the BBB is disrupted, unwanted biomolecules can freely 

cross the barrier and leak into the brain parenchyma. The commonly used imaging method to quantify BBB permeability is dynamic contrast-enhanced MRI (DCE-

MRI)2. During DCE-MRI, a contrast agent is injected into the vascular system, while continuously acquiring T1-weighted images preferably with a high temporal 

resolution and a long measurement period (>25min). However, subtle BBB leakage is a slow process and does not require this high sampling rate3. The proposed 

method consists of a limited number of post-contrast T1-weighted images that are sparsely sampled over time, leaving more time in between for other MRI scans. 

This is clinically attractive, since it can easily be added to MRI protocols without significantly increasing the scan time. Furthermore, the post-contrast T1-weighted 

images have better signal-to-noise ratios and the leakage map has a higher spatial resolution, facilitating the detection of leakage in small brain structures. The aim of 

this study was to explore the feasibility of the novel protocol, by applying it to patients with a brain tumor. 

 

Method: 

Subjects: Two patients (males, age 66 and 60 years) with a brain tumor lesion (WHO II grade glial tumor in the right hemisphere and recurrent craniopharyngioma) 

were included. 

MRI acquisition: Imaging was performed on an 3T MRI system (Achieva TX, Philips Healthcare, Best, the Netherlands) using a 32-element head coil. The protocol 

for the novel BBB method consisted of one pre-contrast and four post-contrast T1-weighted sequences (Turbo field echo with inversion pulse; 

TR/TI/TE=6.7/1060/3.0ms; field of view (FOV): 240x240x171mm3; reconstructed voxel size: 0.36x0.36x1.0mm3; Compressed SENSE reduction factor: 4.5; 

acquisition time=2:19min). The post-contrast scans were acquired at 2, 10, 20 and 30 minutes after contrast agent injection (gadobutrol, dose 0.1mmol Gd/kg, infusion 

rate: 3mL/s). Especially, the latter scans are important for detecting subtle BBB leakage rates, since they allow the contrast agent more time to accumulate in the 

extravascular extracellular space3. A fast DCE sequence (saturation recovery gradient recalled sequence; 90° non-selective saturation prepulse with a time delay of 

120ms; TR/TE=5.3/2.5ms; FOV: 156x156x55mm3; reconstructed voxel size of 1.0x1.0x5.0mm3; time interval: 2.7s; 30 volumes) was applied during bolus injection 

to measure the arrival and initial blood circulation of the contrast agent and to obtain the first part of the vascular input function (VIF). 

Image analysis: Whole cerebrum white and gray matter regions were obtained by automated segmentation (Freesurfer, v6.0.04), with manual adjustment. The tumor 

tissue was manually delineated under supervision of an experienced neuroradiologist. Motion correction was performed by registering the post-contrast T1-weighted 

and the fast DCE images to the pre-contrast T1-weighted image. For conversion of the signal intensity changes to concentration, a pre-contrast T1 relaxation time 

map (T10) was estimated for the native tissue. The patient-specific VIF was manually retrieved from the superior sagittal sinus. The graphical Patlak approach was 

used for voxel-wise pharmacokinetic modeling of the concentration in tissue and plasma to obtain the BBB leakage rate (Ki)5. Histograms of the Ki values were 

calculated from the noisy Ki-maps in gray matter, white matter, and tumor tissue. Hereafter, the histogram approach was applied to extract the detectable leakage 

volume fraction (VL) and the corresponding noise-level-corrected Ki
6. 

 

Results: The image acquisition method used for quantification of BBB permeability is shown in figure 1, in which free time frames (white) are shown, which were 

used to perform other relevant MRI sequences in between. This figure also shows an example of concentration curves over time. Histograms without noise removal 

are depicted in figure 2. Table 1 shows the VL, the noise-level-corrected Ki and the standard deviation of the subtracted noise, calculated for white matter, gray matter 

and tumor tissue. The Ki and the VL in the strongly enhanced craniopharyngioma were higher than in the low-grade tumor. In both subjects, higher VL and Ki were 

measured for gray matter compared to white matter. The Ki-maps for both patients are shown in figure 3. 

 

Discussion: The study shows that, despite the limited temporal resolution after the initial administration of the contrast agent, the time-efficient protocol was able to 

measure strong leakage in hyperpermeable tumor tissue as well as subtle BBB leakage in healthy appearing tissue. The K i values are in the same order as found in 

literature2. Moreover, the usability was also supported by obtaining high tissue permeability in a craniopharyngioma, where strong leakage was expected, and low 

tissue permeability in a low-grade glioma. The Patlak model tends to underestimate the true Ki values of high leaking tissue, indicating that the BBB leakage in the 

hyperpermeable tumor is even higher than estimated7. The new DCE-MRI protocol creates 3 time-slots of 6-8 minutes in between for other MRI sequences, of which 

the effect of contrast agent presence should be evaluated in more detail. Currently, this technique is being applied in more brain tumor patients. 

 

Conclusion: The proposed MRI protocol with long-time interleaved sampling for detection of subtle BBB leakage is promising and clinically attractive due to its 

short total scanning time. This method needs to be further evaluated in a larger group of patients with various levels of BBB disruption. 
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Figure 1: Contrast agent concentrations of sagittal sinus, gray matter and white matter over time (A) and temporal details of the 
fast DCE scan (B). The time bar below the graph depicts the set of scans of the interleaving protocol; the intermediate white 

timeframes are open to perform other clinical scans. Note that the centric k-space was obtained in a narrow time-frame at the 

beginning of the T1w scan block. Hence, the time of the measured concentration corresponds to the beginning of the scan. 

Table 1: Leakage volume fraction (VL) and mean leakage rate (Ki) after noise 

correction for white matter, gray matter and tumor tissue in both patients. The 

standard deviation (Std) of the noise in the Ki histogram indicates the distribution 

of noise before applying the histogram subtraction method. 

Figure 3: A,C) pre-contrast axial FLAIR slice of patient 1 with a low-grade tumor (A, 
66 year old male) and patient 2 with a hyperpermeable tumor (C, 60 year old male). 
The location of the tumors are indicated by the white arrows. B,D) Corresponding 
T1-weighted slice with the overlay of the Ki-map of the brain. Note the strong 
leakage in the tumor of patient 2 (C and D) and the lower leakage rates especially 
notable in the gray matter. 

Figure 2: Normalized histograms of the noisy voxel-wise calculated leakage rate Ki for white matter, gray matter and tumor tissue in patient 2. 

Note that the leakage is much stronger in the tumor compared to white and gray matter and also that the gray matter has a (slightly) more 

right-skewed histogram than white matter. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Synopsis: We introduce a novel approach to fitting parameters from DCE MRI using an unsupervised neural network. The network is trained on in vivo data, with no ground truth, 

and is able to predicts DCE model parameters directly from the obtained MRI images. In simulations, our method outperformed the ordinary least squares fit approach in that it is 

more accurate and precise. In vivo, it produced substantially less noisy parameter maps than the current practise least-squares fit. 

Introduction: Although quantitative DCE has shown promising results in studies looking at classification and treatment response assessment of various sites [1,2], it is not 

routinely used as a decision-making tool, for example for, treatment adaptation. One reason for this, is that the standard approach of least-squares fitting of advanced models to 

dynamic contrast-enhanced (DCE) MRI data, such as the extended Tofts model [3], is inaccurate (test-retest coefficient of variation in the order of 20% [4]) and time-consuming. 

Improving the fitting algorithm could help introduce DCE into a clinical routine and improve treatment efficacy. 

 Recently, a novel approach to fitting MRI data, based on deep neural networks, was introduced for diffusion MRI [5], which greatly increased the speed and performance. 

Therefore, in this work, we developed and tested two neural-networks for estimating DCE parameters. 

Methods: Two network designs were tested: a network for estimating the DCE parameters from the contrast enhancement curve (Tofts-NET), which is a direct replacement of the 

conventional DCE approaches, and a network that estimated both the DCE parameters and T1 i directly from the MRI data (DCE-NET). The inputs to both networks (Fig. 1) were 

single voxel time curves. Tofts-NET got contrast concentration curves, whereas DCE-NET got voxel signal values during contrast enhancement and from dual flip angle data pre-

contrast. Networks were fully connected 3-layer networks, that ended with 4 (Tofts-NET) or 6 (DCE-NET) output parameters, representing the rate constant (kep), extravascular space 

(ve), perfusion fraction (vp) and the time of contrast arrival (dt) for both networks, and the initial T1 (T1i) and scaling factor S0 for DCE-NET. The loss functions were the mean of the 

squared difference between the input signal and the reconstructed signal, where the reconstructed signal was computed according to the extended Tofts model with the estimated 

parameters (Tofts-NET), and included further relaxometry (DCE-NET). The networks were implemented in Python 3.6 using Pytorch 1.3. The networks were trained unsupervised 

(no ground-truth DCE parameters). Training was done with an Adam optimiser  (learning rate of 0.001) [6]. 

 The networks were compared to the least-squares fit. A computational efficient hematocrit-adjusted population-based arterial input function (AIF) that we implemented in 

Pycharm, was used [7] for both the least-squares fit as the networks. 

 DCE data was simulated using 0.1<Kep<2.0 min-1, 0.0<ve<0.7, 0.00<vp<0.05, 45<dt<66 sec, 0.2<T1i<1.7 sec. Other simulation settings were identical to our acquisition 

protocol stated in Table 1. DCE data were simulated using signal-to-noise ratio (SNR; defined pre-contrast) values ranging from 7 to 80. Per SNR-value, 100,000 DCE curves were 

simulated and the neural networks were trained and evaluated. Due to time constraints, the least-squares algorithm was only fitted to the first 5,000 DCE curves. Systematic and 

random errors were determined by comparing estimated parameters to the ground truth input. 

 Repeated DCE MRI were obtained (Table 1) in eight head and neck cancer patients (data from [8,9]) after intravenous injection of gadolinium contrast agent (automatic 

injector; 0.2 mL/kg body mass, 2 mL/s injection rate). Per patient, a network was trained specifically to their hematocrit value (used in the loss function). To accelerate training, a pre-

trained network at haematocrit value of 0.4 on simulated data with SNR of 15 was used for the initialization of the weights while the learning rate was decreased to 0.0002. Data were 

assessed qualitatively (visually). 

Results: In the simulations, the deep-learning approaches outperformed traditional training substantially (Figure 2). The DCE-NET performed better in noisy data, whereas the 

Tofts-NET performed better in less noisy data. 

 In patients, the least-squares fit took an average of 10±5 hours per patient (1.1×105±0.1×105 voxels). The neural networks were substantially faster and were trained in 

66±51 minutes in the same data whereas inference occurred in 42±25 seconds (all on a 3.5 GhZ intel i7-4771 CPU). 

 The parameter maps from the neural networks gave similar parameter values as the least-squares approaches, however, showed more pleasing parameter maps with less 

speckle (Figure 3).  

Discussion: Neural networks performed substantially more accurate DCE fits than the least-squares fitting approach and were considerably faster. The training time is still long for 

on scanner analysis, however, we believe the networks can be further accelerated by training on dedicated GPU hardware instead of on a CPU from a standard desktop. 

 For Tofts-NET data needs pre-processing to contrast concentration curve. When data is less noisy, the pre-processing least-squares fit to obtain the T1i works accurately and 

hence the contrast enhancement curves are accurate. At high SNR the Tofts-NET then outperforms DCE-NET as it has an easier task at hand (only fit 4 parameters instead of 6). The 

DCE-NET estimates the T1i directly from the MRI data, and uncertainties herein are taken into account by the network. Hence DCE-NET performed better than Tofts-NET in more 

noisy data.  

Conclusion: We developed a novel approach for obtaining quantitative DCE parameters from DCE data that relies upon neural networks. Our networks outperform conventional 

least-squares fitting approach as they are considerably faster, have a substantially lower random error in simulated data, and result in less noisy parameter maps in vivo. 
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Figure 1: The network. DCE data is fed voxel-wise (purple arrow) to the network (orange) which then predicts 4 (Tofts-
NET) or 6 (DCE-NET) parameters. These parameters are fed through the Tofts (+MR-physics for DCE-NET) model 

(blue arrows) to predict the signal. The mean of the squared difference between the predicted DCE signal and the input is 

then used as loss to train the network. Once trained, the output of the network are the predicted model parameters (green 

arrow). 

 

Table 1: Acquisition protocol 

 
Figure 2: Results from the simulations. Systematic (dashed lines) and random (solid lines) errors as function of SNR. Mean simulated parameter values: Ke=1.05 min-1, Ve=0.35, Vp=0.025, dt=55s and 

T1i=0.95s. 

 

Figure 3: In vivo parameter maps generated by least-squares fit (top row) and DCE-NET (bottom row). Note that the T1i was obtained by a separate least-squares fit in the top row. The patient presented 

with tumour at the base of the tongue (arrow). 

 
Figure 4: In vivo parameter maps generated by least-squares fit (top row) and DCE-NET (bottom row). Note that the T1i was obtained by a separate least-squares fit in the top row. The patient presented 

with a oropharynx tumour (arrow). 



 

Synopsis:  Six patients with rectal cancer underwent USPIO-enhanced MRI at 3 and 7T. The presence and appearance of lymph nodes was annotated by two trained radiologists. Lymph nodes were 

matched between 3 and 7T, and ROIs were drawn inside the nodes to calculate mean R2* relaxation rates in order to assess the possibilities of quantitative thresholds in R2* between suspicious and benign 

lymph nodes at both field strengths. 

 

Introduction: 

In management of rectal cancer, lymph node staging determines treatment regimens and has prognostic implications. In order to optimize non-invasive nodal staging,  USPIO-enhanced MRI could aid in the 

detection of metastatic lymph nodes, as several studies in prostate cancer have shown (1, 2). Recently, the feasibility of the use of USPIO-enhanced 7T MR imaging has been demonstrated in prostate and 

rectal cancer staging (3). USPIO nanoparticles, administered intravenously one day before MR imaging, accumulate in healthy lymph nodes, reflecting hypointense signal on T2*-weighted imaging. On the 
contrary, suspicious lymph nodes will reflect a hyperintense MR signal. The sensitivity of MR at 7T in combination with the TIAMO technique allows 3D GRE imaging of the whole pelvis at unprecedented 

spatial resolution (4). To assess and quantify the appearance of benign and suspicious lymph nodes we compared R2* relaxation rates of these nodes in patients with rectal cancer examined both at 3 and 7T. 

Methods: 

Six patients with rectal cancer were examined in a prospective observational pilot study to assess the added value of USPIO-enhanced MR imaging on 3- and 7T. All patients underwent a 3T and a 7T MR 

examination on the same day (Prisma and Magnetom 7T, Siemens), 24–36 h after an intravenous infusion of USPIOs (ferumoxtran-10, SPL Medical B.V, Arnhem, the Netherlands) of 2.6-mg iron per kg of 
bodyweight. Two sequences (anatomical and MGRE R2*-weighted) were used on both 3 and 7 T. Protocol parameters 7T: MGRE resolution 0.68mm3 isotropic, TR=16ms, flip angle≈16°, TEs 2.28ms, 

4.76ms, 7.24ms, 9.72ms, 12.20ms; GRE anatomical imaging 0.68mm3 isotropic, TR=5.9ms, flip angle≈21°. Protocol parameters 3T: MGRE resolution 0.85mm3 isotropic, TR=21ms, flip angle=10°, TEs 

3.60ms, 7.00ms, 10.40ms, 13.80ms, 17.20ms; GRE T1W imaging 0.9mm3 isotropic, TR=5.8ms, flip angle=10°. Detection of lymph nodes was done on T1-weighted MRI and on multi-gradient echo T2*-
weighted MRI with reconstructed computed echo time of 12msec (3). USPIO-enhanced MR images were evaluated by 2 experienced radiologists, using a classification scheme as illustrated in table 1 and 

annotated accordingly using MevisLab (MeVis Medical Solutions AG, Bremen, Germany). Nodal type 1-3 was considered suspicious and type 5-7 was considered unsuspicious. Where possible, lymph nodes 

on 3 and 7T MR imaging were matched for comparison.  

Regions of interest (ROI) were drawn around all annotated lymph nodes using MevisLab. A computed echo time of 0 ms was used to draw the ROI, shown in figure 2. These ROI’s were transferred to the 

image sets at different echo times to assess the mean signal intensity decay of the ROI.   

The mean signal intensities of lymph nodes per echo time were used to calculate R2* relaxation rates of the nodes at both field strengths (GraphPad Prism, San Diego California USA, www.graphpad.com) 

with a weighted non-linear mono-exponential fit. Because magnitude signal intensities induce Rician noise, we estimated non-zero plateau signal intensities for 3T and 7T in a first fitting round, and included 

them as prior knowledge to the equation to perform a second R2* fit. Fitted R2* relaxation rates with an R-square above 0.90 were considered appropriate, and were compared between field strengths and 

radiological classifications on T2*weighted imaging. A one-way ANOVA was performed to evaluate whether differences in R2* relaxation rates were patient dependent. 

Results 

In six patients MGRE imaging at both field strengths was successfully performed. A total of 44 lymph nodes from 5 patients could be matched, e.g. they were identified by both radiologists, and they were 

visible on cTE = 0ms images at both 3 and 7T. The distributions of R2* relaxation rates of lymph nodes visible on 3 and 7T imaging differed significantly (P < 0.001) (Fig. 3). Mean R2* relaxation rate of 

the lymph nodes at 3T was 0.14 ms-1  (corresponding to T2* of 7.1 ms) and 0.21 ms-1 (corresponding to T2* of 4.8 ms) of the 7T lymph nodes.   
Comparing the nodes in matched pairs, the R2* of 29 nodes increased, 6 nodes decreased (all from one patient), and 3 nodes remained unchanged (Fig. 4A/B) from 3 to 7T. Suspicious nodes have longer R2* 

than nodes that appear benign. After performing a one-way ANOVA, R2* relaxation rates of suspicious lymph nodes on both 3T (P<0.001) and 7T (P=0.03) imaging were significantly different between 

patients.  

Discussion: 

In this work we report on quantitative R2* relaxation rates of USPIO enhanced lymph nodes in rectal cancer on 3 and 7T MR imaging. Although R2* is a parameter that can depend on many different factors, 
we assumed that the introduction of USPIO nanoparticles had the strongest influence on the exact value of the R2* in the lymph nodes. When nodes are selected on the basis of appearance on T2*-weighted 

MRI with cTE = 12 ms (suspicious or benign), it is obvious this distinction is reflected in different R2* values. Histopathological validation of detected nodes is needed in future work. 

Conclusion 

Significant differences in R2* of lymph nodes in USPIO-enhanced MRI between patients, and the large increase in R2* in matched nodes when moving from 3 to 7T can provide a more quantitative handle 

on the level of suspicion of the nodes containing metastases.  
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Figure 1: Adapted Harisinghani scheme of USPIO enhanced lymph nodes     Figure 4A: R2* relaxation rates of all paired suspicious lymph nodes 

 

Figure 2: 7T (a&b) images* of the deep pelvis, with ROI (blue) around lymph node, 3T (c&d) images of the same region with ROI (blue) around lymph node in MevisLab 

  Figure 4B: : R2* relaxation rates of all paired unsuspicious lymph nodes 

Figure 3: R2 * relaxation times of matched lymph nodes on 3 and 7T imaging 

 



 

Introduction: Activation of fatty acid-combusting brown adipose tissue (BAT) has been shown to decrease the lipid content of BAT, improve 

lipoprotein metabolism and reduce atherosclerosis in mouse models, which holds promise for human application1. BAT activity in humans is 

commonly assessed using [18F] FDG PET-CT. MRI is a promising alternative, as it enables non-invasive fat quantification of tissues as well as 

measuring changes in blood perfusion2. There are conflicting reports on the extent and direction of cold-induced changes in fat fraction (FF) and T2* 

and no consensus exists regarding optimal FF threshold ranges for BAT segmentation in the supraclavicular adipose depot3–7. Here, we studied the 

effect of FF thresholds on outcomes, and assessed FF and T2* changes after cold exposure on a voxel level. 

 

Methods: A personalized cooling protocol was used to activate BAT8 in nine adult males (22.9±0.7years). Dixon fat-water images (TR=15ms, first 

TE=1.98ms, ΔTE=1.75ms, FA=8°, 1.1mm isotropic resolution, four signal averages) were acquired at 3T using anterior and posterior arrays before 

and after cooling. MRI data were reconstructed using an in-house water-fat separation algorithm based on a six-peak fat spectrum and a mono-

exponential T2* fit. ROIs encompassing the supraclavicular adipose depot were manually delineated on the thermoneutral scans (Figure 1). Cold-

induced changes were assessed using two complementary analyses. First, changes in FF, T2*, and volume of the supraclavicular adipose depot were 

assessed using a global analysis (BAT volume, FFGlob and T2*Glob), where BAT volume was calculated by multiplying voxel volume (0.548 µL) by 

the total number of segmented voxels. This analysis uses calculated deformation fields for mapping ROIs on the post-cooling images, which enables 

assessment of FF and estimated BAT volume. Data from this analysis were also used to explore different FF segmentation thresholds. Second, voxel-

level changes were assessed using a local analysis in FF and T2* (FFLoc and T2*Loc). As this method directly deforms the thermoneutral images and 

ROIs to post-cooling image coordinates, no conclusions regarding the true volume can be inferred. The effect of different FF segmentation 

thresholds on BAT volume changes was analysed using histogram analysis, where thermoneutral and post-cooling data were compared using paired-

sample t-tests (p<0.05) for 10% FF bins and at three discrete threshold ranges (30–100%; 50–100%; 70–100%). Finally, local analysis and k-means 

clustering were performed to localize cold-induced FFLoc and T2*Loc in the supraclavicular adipose tissue on a voxel-level using a 30–100% FF 

range.  

 

Results: After cold exposure, BAT volume histograms showed a shift towards lower FFs (Figure 2A), resulting in higher estimated BAT volume in 

histogram bins between a FF of 30–40% and 60–70%, and lower estimated BAT volume in FF bins of 80–90% and 90–100% (Figure 2B). In line 

with this, when using discrete FF segmentation threshold ranges, estimated BAT volume was unchanged for a 30–100% FF range (Figure 3A), and 

decreased when using a 70–100% FF range, (-3.8%; p=0.0022; Figure 3B). The global FF, however, showed the largest decrease when selecting a 

30–100% FF range (-3.5%; p=5.0e-4; Figure 3C), whereas the difference between thermoneutral and post-cooling FF was lower at a 70–100% FF 

range (-1.6%; p=0.006, Figure 3D). No FF changes were present in a control region in subcutaneous adipose tissue in the deltoid area. For the global 

T2* analysis, no clear changes were seen as a function of threshold options. Voxel-wise comparison showed that, while cold-exposure resulted in FF 

changes across nearly all thermoneutral FFS, decreases were especially observed at high thermoneutral FF (average of cluster: 77.0±6.5%; Figure 4). 

There was no association between local FF and T2*. 

 

Discussion: Both the global and the local analyses showed that changes in FF occurred across the entire baseline FF range (30–100%), but were 

mostly present in the higher FF range, in agreement with recent findings6. The largest FF decrease we observed (i.e. -3.5%) is in the range of values 

reported in literature2–4. However, also much smaller5 and larger decreases6 have been reported. This could be due to the use of different thresholds, 

but also differences in cooling protocols can play an important role. Raising the lower FF threshold decreased the extent of FF differences upon cold 

exposure. A recent report where the use of FF thresholds was also explored showed an opposite effect, as a larger effect on FF was shown using a 

50% threshold compared to a 40% threshold6. In that work, FF thresholds were only applied to thermoneutral ROIs, whereas in our approach we also 

applied FF thresholds to post-cooling images. Hence, we most likely measured smaller differences when increasing lower FF thresholds due to 

exclusion of lower FF voxels in the post-cooling data. Regarding the effect of FF thresholds on volume, we observed an opposite trend compared to 

FF, where increasing the lower FF threshold enlarged the differences. This is expected, as most prominent volume reductions take place above a FF 

of about 70%.  

 

Conclusion: The magnitude and direction of cold-induced responses in volume and fat fraction altered as a function of different fat fraction 

thresholding options. This indicates that care should be taken when selecting MRI fat fraction ranges for analysis.  
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Figure 2. Estimated volumetric BAT analysis 

Thermoneutral and post-cooling volume histograms as a function of 

fat fraction with bin size 0.5%; thermoneutral volumes are shown in 

red and post-cooling volumes in blue (A). Cold-induced volume 

changes plotted as a function of fat fractions (10% FF interval) (B). 

Data are represented as mean±SEM for n=9. In Figure 2B, a paired 

sample t-test was used to analyse the changes in volume after cold 

exposure. * p<0.05, **p<0.01 and *** p<0.001.  

 

 

Figure 3. Effect of FF segmentation thresholds on global parameters 

(estimated BAT volume and FF) 

The change in estimated BAT volume upon cold exposure is shown in (A) for a 

30–100% FF range and in (B) for a 70–100% FF range. The cold-induced change 

in global FF is shown in (C) for a 30–100% FF range and in (D) for a 70–100% 

FF range. Data are represented as mean±SEM for n=9. A paired sample t-test was 

used to analyse the changes in volume and FF after cold exposure (* p<0.05, 

**p<0.01 and *** p<0.001). 

 

Figure 4. Voxel histogram representing the association between 

thermoneutral and post-cooling FF 

2D joint voxel histogram representing variation in change in FF of each voxel in 

relation to its thermoneutral FF from the voxel-wise analysis. The colours 

represent the number of voxels belonging to each combination for all 

participants (n=9). 

Figure 1. scBAT ROI placement 
This figure shows a thermoneutral magnitude image with superimposed 

fat fractions (one side only) in the 30% to 100% range, showing the ROI 

in the supraclavicular area. For both methods, ROIs were only delineated 

on the thermoneutral scan. For voxel-wise analysis, thermoneutral images 

and ROIs were deformed to post-cooling coordinates, while for the 

global analysis only ROIs were deformed. 



 

Synopsis: Radiologist assessment and quantitative dynamic contrast-enhanced (DCE) MRI analysis were used to determine if changes in these parameters could 

predict pathologic complete response to single ablative dose neoadjuvant partial breast irradiation. 3.0T DCE MRI scans in prone position were obtained pre-

radiotherapy (RT), and 1 week, 2, 4, 6, and, if applicable, 8 months post-RT. Quantitative analysis showed an increase of relative enhancement 1 week after RT 

followed by a decrease at later time points which indicates acute tissue response and tumor regression, respectively. Both radiologist assessment (n=36) and 

quantitative analysis (n=27) could not predict pathologic response. 

 

Introduction: Dynamic contrast-enhanced (DCE) MRI is clinically used to assess response to neoadjuvant systemic treatment. In this study, we evaluated if 

changes in DCE MRI acquired after single ablative dose neoadjuvant partial breast irradiation (NA-PBI) could predict pathologic response.  

 

Methods: MRI scans were obtained from 36 low-risk breast cancer patients participating in a single dose NA-PBI trial. Patients received single dose NA-PBI with 

20Gy to the gross tumor volume (GTV) and 15Gy to the clinical target volume (GTV+2cm margin). NA-PBI was followed by breast conserving surgery (BCS) 

after an interval of 6 or 8 months. Pathologic response was then assessed according to EUSOMA criteria1 . Patients were divided in two groups: pathologic 

complete response (pCR; n=15) and no pCR (n=21). 

Patients underwent 3.0T MRI scans (Ingenia, Philips, Best, The Netherlands) in prone position pre-radiotherapy (RT), 1 week post-RT, and 2, 4, 6, and, if 

applicable, 8 months post-RT for clinical follow-up before BCS. The protocol included two DCE series: a high-spatial/low-temporal resolution series (hereafter 

defined as ”slow”: 1 pre- and 5 post-contrast-injection images, acquired voxel size: 1.0x1.0x1.8mm3, 1.35 minute intervals post-contrast) and a low-spatial/high-

temporal resolution series (“fast”: 17 images, 2.6x2.6x6.0mm3, 5 seconds interval). The latter was acquired between the pre- and the first post-contrast-injection 

image of the slow series (Fig. 1). 

 

Radiologist assessment 

Breast radiologists assessed radiologic response on MRI (e.g. DCE, DWI) according to clinical practice in neoadjuvant systemic treatment. The positive predictive 

value (PPV, probability that radiologic complete response predicts pCR) and negative predictive value (NPV, the probability that absence of radiologic complete 

response predicts residual disease) were calculated for the last MRI before BCS. 

 

Quantitative assessment 

The GTV was manually delineated on the pre-RT DCE MRI. Rigid registration using Elastix2,3 was performed to rigidly transform the delineation of the GTV on 

the pre-RT MRI to the post-RT MRIs. Patients were included in the analysis when transformation of the pre-RT delineation was visually acceptable on at least 3 

post-RT MRIs. Rigid registration was also used to correct for intra-scan motion in both the slow and fast series. GTV delineations were expanded with a 1-voxel 

margin to account for delineation and registration inaccuracies.  

The relative enhancement (RE) for the slow and fast series was determined as 𝑅𝐸(𝑡) =  
𝑆𝐼(𝑡)−𝑆𝐼(0)

𝑆𝐼(0)
∗ 100%; where SI is the signal intensity per voxel, t=0 is the pre-

contrast-injection image and t>0 are the post-contrast-injection images. 

Within the GTV, we determined the percentage of voxels with >50% RE, the wash-in (90th percentile RE within the GTV at the first post-contrast-injection slow 

image and at 1 minute post-contrast-injection in the fast series) and the area under the curve for 90th percentile post-contrast curves (AUCslow and AUCfast ) (Fig. 1). 

Additionally, the distribution of enhancement curve types describing the contrast wash-out4 (RE difference between first and last post-contrast-injection slow 

images) was evaluated for voxels with >50% RE. Wash-out was divided in three types indicating the probability of malignancy: type 1 (≥+10% RE) – low, type 2  

(-10% to +10% RE) – intermediate, and type 3 (≤-10% RE) – high probability of malignancy. Median and interquartile range values were computed and compared 

across subjects. 

 

Results: Radiologist assessment (n=36) showed a PPV of 67% and an NPV of 76% at the last MRI before BCS. The quantitative relative enhancement parameters 

(n=27) showed an initial increase followed by a decrease at later time points which can also be identified from visible inspection of the MRI scans over time (Fig. 

2). The median percentage of voxels with >50% RE increased from 76% pre-RT to 81% at 1 week post-RT and decreased to 47% at 6 and 48% at 8 months post-

RT (Fig. 3). Median wash-in decreased from 181% (slow) and 148% (fast) pre-RT to 103% and 75% at 6 and 110% and 108% at 8 months post-RT respectively 

(Fig. 4). The AUC response showed a similar pattern as the wash-in. A decrease from 13% pre-RT to 3% (at 6 and 8 months post-RT) in percentage of voxels with 

type 3 wash-out curve was observed (Fig. 5). Quantitative parameters did not differ between pathologic response groups. 

 

Discussion: Changes in quantitative parameters describing wash-in and wash-out in DCE MRI were observed after single ablative dose NA-PBI. The slow and fast 

series showed similar patterns of response. All parameters indicated an increase in relative enhancement in the first week after RT, which can be explained by acute 

tissue response, i.e. edema, caused by RT. At later time points a decrease in enhancement and a slower wash-out pattern was observed, which indicates tumor 

regression. Although no differences were observed between pathologic response groups, 1 week post-RT response in the percentage of type 3 wash-out voxels 

showed a promising pattern for response prediction. Therefore, we would recommend to include an early response evaluation in future research on quantitative 

response assessment of NA-PBI. 

 

Conclusion: Radiologist assessment had a low predictive value for pathologic response and a moderate value for predicting absence of pathologic response. Further 

quantitative evaluation of DCE MRI showed no differences between pathologic response groups. Therefore, radiologic response on MRI could not predict 

pathologic response after single dose NA-PBI in this low-risk patient group. 
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Figure 3. Percentage of GTV voxels showing >50% relative 

enhancement grouped to pathologic response (median ± IQR). 

From pre-RT up to 6 months post-RT 8 to 16 scans were 

assessable per pathologic response group. At 8 months post-RT 6 

scans were assessable per pathologic response group. 

Figure 4. 90th percentile of contrast wash-in within the GTV (top: 

slow, bottom: fast) grouped to pathologic response (median ± 

IQR). From pre- RT up to 6 months post-RT 8 to 17 scans were 

assessable per pathologic response group. At 8 months post-RT 5 

to 6 scans were assessable per pathologic response group. 

Figure 5. Percentage of GTV voxels with a type 3 wash-out curve 

(high probability for malignancy) grouped to pathologic response 

(median ± IQR). From pre-RT up to 6 months post-RT 8 to 17 

scans were assessable per pathologic response group. At 8 months 

post-RT 6 scans were assessable per pathologic response group. 

Figure 1. Relative enhancement curves within the GTV that are acquired from the slow dynamic 

(blue) and fast dynamic (grey) series. Several scans from both series (blue outline: slow, grey 

outline: fast series) are shown below the graph, the tumor is visible in between the yellow dotted 

lines. Also parameters that were quantified from these curves are shown: wash-inslow, wash-infast, 

AUCslow, AUCfast and cut-off boundaries (-10% and +10% relative enhancement) for type 1, 2 or 

3 wash-out curve voxel classification.  

Figure 2. DCE MRI scans and relative enhancement curves of a representative patient with left-

sided breast cancer illustrating a decrease in contrast enhancement over time after RT. The 

yellow line shows the GTV delineation that was made on the pre-RT DCE MRI scan and 

transferred to the post-RT scans with a rigid registration. This patient showed no radiologic 

complete response and no pathologic complete response. 



 

Synopsis: The current classification of heart failure based on diastolic and systolic dysfunction limits the understanding of are warranted to assess cardiac function. 

Here, we assessed global longitudinal strain (GLS), as well as hemodynamic forces (HDF) in a mouse model of diabetes (db/db) at two time points, with the aim to 

study the prognostic value of these new parameters for cardiac dysfunction. 

Introduction: The development of left ventricle (LV) remodeling associated with heart failure has so far been attributed to alteration in stresses on the myocardial 

fibers, leading to cell growth and proliferation. Aside from this biomechanical component, there are also intraventricular fluid dynamic changes during the process of 

cardiac remodeling that may even influence its progression (1). As LV remodeling alters functional parameters of the heart, it is important to identify suitable makers 

to detect remodeling in an early stage.    

Hemodynamic forces (HDF) caused by intraventricular pressure gradients (IVPG), are hypothesized to be an independent marker for cardiac function (2). While 

assessment of HDF values usually is complex and not widely available, a model has recently been introduced to estimate HDF using conventional 2-,3- and 4-chamber 

CINE-MRI (3). In this study, we used this model to assess changes in HDF and GLS, in addition to E’/A’-ratio (diastolic function) and EF(ejection fraction) as 

markers of cardiac function in a mouse model of diabetic cardiomyopathy at two time points. All animals were treated with either an antibiotic with established 

negative effect on cardiac function or a control(4). 

 

Methods: Seven (N=7) male diabetic (db/db) C57BL/Ks mice were measured twice: at 11 weeks and at 15-16 weeks of age. In an attempt to accelerate contractile 

dysfunction in the mice as shown in previous work (4), drinking water was supplemented with doxycycline (N=4), or amoxicillin as control antibiotic (N=3). 

Cardiac function was assessed under isoflurane anesthesia by cardiac MRI, with a 7.0 Tesla small animal scanner (MR Solutions, Guildford, UK) using a 38-mm-

diameter mouse birdcage coil. Left ventricle (LV) systolic and diastolic function measurements were performed using short-axis multi-slice CINE-MRI and a single-

slice midventricular acquisition, respectively. (4). GLS and HDF measurements were assessed using 2-, 3-, and 4-chamber long-axis views (Figure 1). Both diastolic 

function, as well as GLS and HDF measurements used single-slice high frame rate retrospectively gated compressed sensing (CS) accelerated CINE MRI acquisitions, 

as previously described (5) with the following sequence parameters: TR/TE = 7/2.35 ms, flip angle = 15°, FOV = 30×30 mm2, matrix size = 192×192, slice thickness 

= 1 mm, number of k-space repetitions = 400, total acquisition time = 13 min.    

Off-line reconstruction of all retrospectively gated CINE acquisitions was performed in MATLAB 8.1 (The Mathworks, Natick, MA, USA) using custom-built 

routines. In short, imaging data was binned into 32 frames per cardiac cycle and reconstructed by a compressed sensing algorithm using the Berkeley Advanced 

Reconstruction Toolbox (BART). Cine movies were subsequently analyzed using the Qmass and Qstrain plugins in the MEDIS suite MR software (Leiden, The 

Netherlands). Besides endocardial contours, mitral and aortic valve diameters were assessed as input for HDF calculations. 

The ratio between the dimensionless root mean square of  HDF in the  lateral-septal and apical-basal direction, was measured as force ratio [%] for systolic as well 

as diastolic phase of the cardiac cycle to determine a shift in force alignment from the longitudinal to transverse direction (Figure 2). GLS was measured over time 

as the average GLS of the whole heart and peak values were used for statistical analysis. Values are mean±std. 

End-diastolic and end-systolic volumes of the LV were used to calculate EF as a measure for systolic function. Diastolic function was measured as the ratio of the 

early or elastic (E’) and atrial (A’) filling rates.   
 

Results: A typical example of the self-gated retrospectively triggered mouse CINE MRI is given in Figure 1. Cardiac MRI confirmed that the untreated db/db animals 

suffered from heart failure with preserved ejection fraction (HFpEF), as the E’/A’ ratio was lower and EF similar compared to previously reported control data(4). 

In this study, prior to treatment, the animals (N=7) had an EF of 72.55±7.14%, and an E’/A’ ratio of 2.01±0.36. The doxycycline and amoxicillin treated animals had 

an EF of 74.72±9.01% and 71.74±5.16% and an E’/A’ ratio of 2.09±0.51 and 1.69±0.27 respectively.    

Figure 3 shows GLS strain throughout the cardiac cycle, with the peak occurring during end-systolic phase. Peak GLS values of the doxycycline(-17.53±4.68%) and 

amoxicillin(-17.34±4.27%) treated animals became slightly less negative compared to baseline measurement (-19.48±4.19%).  

The hemodynamic force ratio percentage for the systolic and diastolic phase  phase at baseline was 8.44±3.03 and 14.07±2.84% respectively. Furthermore, mean 

systolic and diastolic force ratios for amoxicillin(8.07±3.95 and 14.83±8.80%) treated animals, were comparable to the baseline. The systolic  force ratio for the 

doxycycline (10.6±2.35%) treated group was increased compared to baseline measurements. However the diastolic force ratio for this group(10.6±1.81%) is decreased 

compared to the baseline(Figure 4).  

 

Discussion & Conclusion: We showed the feasibility of measuring GLS and HDF parameters in a mouse model of cardiac dysfunction using high frame rate 

retrospectively gated 2-,3-, and 4-chamber CINE MRI. While our current model did not show large changes in GLS and HFD parameters over time, we believe these 

techniques may add positive value to cardiac function assessment in mouse models of cardiac dysfunction. As a decrease was measured between treatment and 

baseline for GLS and increase in systolic force ratio was measured for the doxycycline group, which could indicate a subendocardial fiber dysfunction and a shift in 

force alignment to the lateral septal direction respectively(6). 

 

References: 

(1)  Domenichini, Federico, and Gianni Pedrizzetti. "Hemodynamic forces in a model left ventricle." Physical Review Fluids 1, no. 8 (2016): 083201. 

(2)  Arvidsson, Per M., Johannes Töger, Gianni Pedrizzetti, Einar Heiberg, Rasmus Borgquist, Marcus Carlsson, and Håkan Arheden. "Hemodynamic forces using 

four-dimensional flow MRI: an independent biomarker of cardiac function in heart failure with left ventricular dyssynchrony?." American Journal of Physiology-

Heart and Circulatory Physiology 315, no. 6 (2018): H1627-H1639. 

(3)  Pedrizzetti, Gianni, Per M. Arvidsson, Johannes Töger, Rasmus Borgquist, Federico Domenichini, Håkan Arheden, and Einar Heiberg. "On estimating 

intraventricular hemodynamic forces from endocardial dynamics: a comparative study with 4D flow MRI." Journal of biomechanics 60 (2017): 203-210. 

(4)   Wüst, Coolen, Alizadeh Tazehkandi, Daal, Houtkooper and Strijkers (2019). The antibiotic doxycycline compromises cardiac mitochondrial and contractile 

function in diabetic mice. In Proceedings of the Annual Meeting ISMRM 2018, p. 1088. 

(5)  Motaal, Abdallah G., Bram F. Coolen, Desiree Abdurrachim, Rui M. Castro, Jeanine J. Prompers, Luc MJ Florack, Klaas Nicolay, and Gustav J. Strijkers. 

"Accelerated high‐frame‐rate mouse heart cine‐MRI using compressed sensing reconstruction." NMR in Biomedicine 26, no. 4 (2013): 451-457 

(6)  Claus, Piet, Alaa Mabrouk Salem Omar, Gianni Pedrizzetti, Partho P. Sengupta, and Eike Nagel. "Tissue tracking technology for assessing cardiac mechanics: 

principles, normal values, and clinical applications." JACC: Cardiovascular Imaging 8, no. 12 (2015): 1444-1460. 

Longitudinal assessment of global longitudinal strain and hemodynamic forces in the diabetic mouse 

heart 

stract title <maximum length 2 lines> 

<please do not change fonts in header, thank you!> 
 

 

 

  

 

M.R.R. Daal1, B.F. Coolen1, D.T.H.P.M. Dekkers1, D. Hautemann2, R.C.I. Wüst3, and G.J. Strijkers1 
1Department of Biomedical Engineering and Physics, Amsterdam University Medical Centers, University of Amsterdam, Amsterdam, Netherlands; 2Medis medical imaging systems B.V., 

Leiden, Netherlands; 3Faculty of Behavioural and Movement Sciences, Vrije Universiteit, Amsterdam, Netherlands. 

 

Acknowledgments / Funding Information: This study was funded by the Dutch Technology Foundation TTW, Grant/Award Number: MUSICIAN#14716 

 

P-076 Reconstruction and Post-Processing



 

Figure 1. Examples of long-axis mouse hearts (A: 2-; B:3-; C:4-chamber views) and (D) short-axis used for this study.  

 

Figure2. Polar plots of a doxycycline treated animal (A) before and (B) 4 weeks after treatment. Over time, the force amplitude decreases in longitudinal direction (Apex-Base) and increases in the 

transverse direction (Lateral-Septal).(C) Orientation of polar plots 

 

Figure 3. (A) Averaged strain curves over cardiac cycle. (B) Change in computed GLS based on segmented endomyocard. Doxyxycline and amoxicillin treated animals are measure 4 weeks after the 
baseline measurements 

 

 

Figure 4 (A) Averaged time curves of hemodynamic forces over a cardiac cycle. Hemodynamic forces are normalized for LV volume and expressed as a percentage of gravity acceleration. (B) The 
computed ratio between transverse and longitudinal forces for the systolic and diastolic phase of the cardiac cycle.  



 

Synopsis 

This study investigates an approach to generate a realistic, heterogeneous database of simulated cardiac MR images to aid the development of fully automated and generalizable deep learning based 

segmentation algorithms, less sensitive to variability in CMR image appearance. XCAT phantoms were used to create the virtual population by altering the heart position and geometry and MRXCAT 

approach was improved to simulate more organs. Images simulated in this study were quantitatively and qualitatively comparable to real CMR images acquired by two different sites and vendors. Initial 

experiments using such a heterogeneous image dataset show a positive impact on the segmentation performance. 

Introduction 

Segmentation of the ventricular cavities of the heart is an integral part of every clinical routine that involves assessing cardiac function from cardiovascular magnetic resonance (CMR) images. In pursuit of 
fully automatic segmentation, deep learning (DL) based algorithms have recently emerged as robust methods for accurate tissue delineation across a variety of tasks1. However, to achieve adequate 

performance, such algorithms need to be trained on large image datasets delineated by clinical experts. In the case of ventricular cavity segmentation, their accuracy and performance is dramatically degraded 

by inherent large variability in CMR image data: heterogeneous image contrast across sites and vendors, inter-expert error in delineating the ground truth, and diverse range of image artifacts and noise 
levels2,3. Generating a virtual population of realistic anatomical models and simulating a database of CMR images, including a wide range of variability, serves as a promising solution for improving the 

generalizability potential of DL methods. Moreover, this virtual population could provide the “true ground truth”, since the anatomical model used for simulation provides directly the true tissue labels as 

opposed to the “craft ground truth”, which is manually delineated and is prone to human observer error. In other words, there is no need for expert delineation for simulated images provided with anatomical 

reference model. This study investigates the generation of realistic anatomical models complemented with tissue properties for MRI simulation and compares the signal intensity distribution of simulated 

images to their acquired counterparts for validation.  

Methods 

Anatomical model and tissue property: Based on the Visible Human Project male and female anatomy, XCAT phantoms have shown a great potential in building a realistic virtual subject population for 

medical imaging research4,5. We benefit from the high flexibility of the XCAT to create the population; we varied the heart orientation angle and heart position along anterior-posterior (AP) and lateral axis 

in the torso and heart’s left ventricle end-diastolic and end-systolic volume (LVEDV and LVESV) according to the normal values reported in the literature6,7 as depicted in Figure 1a. For organs in each 

individual subject, a unique value of proton density, T1 and T2 relaxation time within the normal range were assigned as visualized in Figure 1b8–10. We assumed that both anatomical and tissue parameters 

follow a bounded Gaussian bell curve with mean, standard deviation, minimum and maximum reported values. 

MR image simulation: the MRXCAT approach, which is an extension to XCAT for realistic cardiac MR image simulation11, was utilized to generate balanced steady state contrast with a given TR (2.7-63 

ms), TE (1.3-1.7 ms) and flip angle (40-75 deg) set of scan parameters. The parameters were modified such that the simulated signal intensity matches the signal intensity coming from a database of acquired 

images. The database was acquired using MRI data from two different vendors with similar scan protocols, but slightly different parameters, originating from two different imaging centers. 

Validation of simulated images: To evaluate the realism of simulated images quantitatively, signal intensity distributions for the LV myocardium, LV blood pool and RV blood pool were compared with their 

counterparts in real images by employing similarity and distance metrics, namely the Chi-square dissimilarity metric (χ2), Kullback-Leibler divergence (KL) and Kolmogorov-Smirnov distance (KS).  

Results 

Error! Reference source not found.(a,c) represents a visual comparison of real images acquired at two different sites with two different MR vendors and  their simulated counterparts (b,d) , where their 

image appearance and contrast are matched by tuning the simulation parameters. Corresponding signal intensity distributions for each of the three tissues (the LV myocardium, LV blood pool and RV blood 

pool) in simulated images are compared with their shown real image counterparts in Error! Reference source not found.. Figure 4 portrays the distribution of the resulting χ2, KL and KS values for each of 

the tissues at ED and ES. Since matching for images at ES phase has not been performed, the resulting metrics are higher, but still in the acceptable range. 

Discussion and Conclusion 

The obtained results are quantitatively comparable to those presented in the literature12. The divergence between the distribution geometries in the Error! Reference source not found. comes from the fact 

that some factors that can cause intensity variability within the tissue for instance realistic texture were not yet included in the simulation. Simulated images in this study were quantitatively and qualitatively 

comparable to real CMR images, and thus have a potential use in improving segmentation algorithms. With greater realism attained by increasing the number of simulated organs, a virtual population was 

generated including various anatomies and heterogeneous image appearances. This population also provides accurate ground truth without the need for expert delineation and it can significantly boost the 

generalization capability of automated segmentation methods to unseen data. Initial experiments confirm that adding simulated data into the training set with real images has a positive effect on the performance 

of the network trained for segmentation13. Additionally, such data can pave the way towards highly accurate and more efficient large-scale multi-site and multi-scanner studies. Future works are twofold: i) 

improving the realism of the simulation pipeline by incorporation of realistic partial volume, noise and image artifacts and ii) further investigating the application of such heterogeneous data in performance 

of DL-based segmentation algorithms. 
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Figure 1(a) Anatomical parameters include Left ventricular volumes of the heart at end-

diastolic and end-systolic phase together with heart orientation and rotation within the 

torso for male and female anatomies. (b), (c) ranges of MR relaxation T1 and T2 

parameters for 12 organs, respectively. Each individual subjects in the population was 

assigned a specific value for both anatomical and tissue parameters. 

 

 

Figure 2 Visual qualitative image appearance comparison. Real images acquired by 

different MR vendors (a,c) and simulated counterparts (b,d) at different slices of the 

short axis view of the heart. For the given same sequence parameters, image 

appearance and contrast for simulated is matched to real. 

 

 

Figure 3 Representative signal distributions of the LV blood pool, LV myocardium and RV 

blood pool at end diastolic phase for real images and their counterparts shown in figure 

2. Rows (a) and (b) correspond to real and simulated image pairs in figure 2 (a, b) and (c, 

d), respectively. 

 

 

Figure 4 Plot of the (a) Chi-square dissimilarity metric (χ2), (b) Kullback-Leibler 

divergence (KL) and (c) Kolmogorov-Smirnov distance (KS) at end diastolic (ED) 

and end systolic (ES) phases portraying quantitative differences between signal 

intensity distributions of real and simulated MRI data per tissue. Note that smaller 

values indicate a better similarity match in all cases (value of 0 being a full match). 

 

 

 

 



 

Synopsis: Familial hypercholesterolemia (FH) is characterized by elevated low-density lipoprotein (LDL) cholesterol levels form birth onwards and premature 

cardiovascular disease. Statins are currently the preferred pharmacological therapy. Results from a recent study suggest that initiation of lipid-lowering treatment 

during childhood reduces the risk for cardiovascular disease in adulthood. With advanced acquisition strategies of 2D and 4D flow MRI we investigated PWV and 

WSS in the carotid arteries of 43 FH patients and 18 healthy controls of a similar age (33 years), as PWV and WSS have both been associated with atherosclerosis. 

Introduction: Familial hypercholesterolemia (FH) is characterized by elevated low-density lipoprotein (LDL) cholesterol levels form birth onwards and premature 

cardiovascular disease. Statins are currently the preferred pharmacological therapy. Results from a recent study suggest that initiation of lipid-lowering treatment 

during childhood reduces the risk for cardiovascular disease in adulthood [1]. 

In the last years novel MRI acquisition and reconstruction techniques have been developed, allowing for high temporal resolution 2D flow MRI and accurate pulse 

wave velocity (PWV, a proxy for vessel stiffness) assessment in small vessel segments [2]. Additionally, similar techniques [3] have enabled fast 4D flow MRI 

protocols and wall shear stress (WSS) assessment. 

Low WSS and high PWV have been associated with atherosclerosis [4,5]. In this study, PWV and WSS were measured in a cohort of young patients and healthy 

controls, to investigate the effect of lipid-lowering treatment from early childhood on these biomarkers.  

Methods: A group of 43 FH patients (21 male, 32.6±2.8 years) and 18 healthy controls (12 male, 33.1±3.3 years) were scanned. The protocol consisted of two 2D 

flow MRI scans, acquired with a compressed sensing (CS) technique [2] and including a 3D Black Blood scan for path length estimation (Figure 1a). Additionally, 

8-fold k-t PCA accelerated 4D flow MRI (10 min scan time) was acquired (Figure 1b). Scans were done on a Philips 3T Ingenia scanner using a 8-channel neck coil. 

Scan parameters were for 2D flow: TR=8.0/TE=3.9ms, flip angle=25°, VENC=150cm/s, 0.8x0.8x3mm3 resolution, 4 ms temporal resolution and for 4D flow: 

TR=7.8/TE=4.6ms, flip angle=8°, VENC=150cm/s, 0.8x0.8x0.8mm3 spatial and 80 ms temporal resolution. Transit times for PWV estimation were calculated by 

the time shift between flow curves in CCA and ICA using an average of foot-to-foot and correlation methods [2]. Additionally, peak systolic velocities within each 

ROI were derived from 2D flow MRI.  

For WSS estimation from 4D flow MRI [6], the vessel lumen 2 cm above and below the carotid bulb was segmented for which a combination of time-averaged 

magnitude and PC-MRA images were used. In order to compare systolic WSS between FH and healthy controls carotid artery geometries were registered to a shared 

geometry [7] and WSS values of each individual were interpolated on the surface of the shared geometry (Figure 1b). WSS values per group were then averaged  to 

create a 3D ‘atlas’ [8].  

For statistical comparison the group was divided in categories FH/healthy control, male/female and smoking/non-smoking. WSS atlases were calculated for each 

group. Additionally, for individual WSS values on the shared geometry, differences between groups were calculated using a Wilcoxon rank sum test for each voxel. 

These p-value maps indicated significant differences between two groups. Mean arterial blood pressure (MAP), LDL, HDL (high-density lipoprotein), length and 

weight were acquired before MRI examination and compared to PWV and WSS using linear regression. Differences between two groups were tested with a Wilcoxon 

rank sum test. P<0.05 was considered significant. 

Results: For 6 datasets PWV could not be calculated due to small transit times and for 4 datasets image quality of 4D flow MRI was insufficient. WSS atlases for all 

data are shown in Figure 2. Velocities were significantly higher in male than in female and lower in smokers than in non-smokers, as well as lower in FH than in 

healthy controls. These differences were more prominent in the right than in the left carotid artery. Healthy, female and non-smoking cohorts revealed slightly higher 

WSS values in CCA and ICA, however these difference were mainly not significant as the p-value maps indicate. 

Velocity values in the CCA measured with 2D flow MRI correlated with male gender, however not with FH and smoking status. Table 1 shows that mean WSS 

correlated negatively with smoking status in the left carotid. PWV did not show significant correlations per group, although a trend towards lower PWVs in smokers 

could be observed. Correlations of velocity values with male gender decreased (p=0.023 left, p=0.193 right) when body weight and length were included in the model. 

Negative correlations between PWV and smoking status became more prominent when HDL was included in the model. Mean WSS showed positive correlations 

with HDL level in the left and a tendency in the right carotid. No correlations between PWV and WSS were found. Figure 3 shows significantly higher velocities in 

male subjects in the CCA. LDL was significantly higher in FH patients and MAP was significantly higher in men than in women, as well as in smokers than in non-

smokers.  

Discussion and conclusion: Understanding the mechanisms of onset and development of atherosclerosis is important. In this study we did not find significant 

differences in WSS and PWV for FH patients in comparison to healthy controls. Small regions of lower WSS could be detected in FH patients, male and smoking 

cohorts, however a larger number of subject is needed for a valid comparison and it remains difficult to discriminate between adaptive effects of regular smoking, 

abstinence [9] or smoking before the scan. PWV did not show differences between FH and controls. This might all be explained by the effective lipid-lowering 

treatment, as also in a previous study no differences in intima-media thickness were detected [1].  
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Figure 1: Image reconstruction and post-processing steps for PWV (a), WSS (b) and WSS atlas 

(c) calculation. A CS based image reconstruction enables high temporal resolution 2D flow MRI 
scans and flow curves. A k-t PCA reconstruction recovers undersampled 4D flow MRI data, from 

which PC-MRA and averaged magnitude images are calculated for segmentation. From 

individual WSS images group ‘atlases’ are calculated.  

 Figure 2: WSS atlases for shared geometries of the left and right carotid artery. Atlases were made 

for subgroups of FH/healthy (a), male/female (b) and smoking/non-smoking subjects (c). P-value 
maps of velocity and WSS indicate regions in which the values of the cohorts revealed significant 

differences (blue= significantly lower, red=significantly higher). They do not indicate the 

difference between the atlases, representing the mean WSS. 

 

Figure 3: Boxplots of PWV (a) and systolic velocities (b) in the left and right CCA per group, measured with 2D flow MRI. Systolic velocities were significantly higher in male than in female. The LDL 

level was significantly higher in FH patients than in healthy controls (c), whereas MAP was higher in male and smoking subjects. 

 

Table 1: Table with correlations for PWV, systolic velocity from 2D flow MRI in the CCA and mean WSS in each artery, derived from 4D flow MRI. 

 



 

Synopsis: Clinical validation of quantitative UTE MRI techniques in musculoskeletal studies remains limited, despite their potential to unveil short T2* information. 

As these techniques require considerably more scan time than conventional imaging, there is a need for integration of acceleration methods. This study investigated 

the use of the UTE Spiral VIBE sequence with in-plane acceleration and SPIRiT reconstruction for short T2* mapping of knee structures. As similar image quality 

and T2* values were obtained for the non-accelerated and accelerated acquisitions, the UTE Spiral VIBE technique shows great promise for fast UTE T2* MRI of the 

knee.  

 

Introduction: Densely packed collagen-based knee structures, such as ligaments and tendons, are characterized by an intrinsically short T2* relaxation, resulting in 

very low signal intensity on conventional MRI. To visualize these tissues and their internal structure, ultrashort echo time (UTE) MRI needs to be employed as this 

allows to sample the rapidly decaying signals before they reach steady state. By acquiring multiple echoes, these sequences enable the quantification of short (1–10 

ms) and ultrashort (0.1–1.0 ms) T2* relaxation times.1 UTE MRI thus has the potential to quantify changes in composition and structure that could be indicative of 

tissue pathologies such as meniscal degeneration and osteoarthritis,2 or tissue maturation after the replacement or repair of injured anterior cruciate ligaments.3  

A variety of UTE T2* mapping sequences differing in their k-space sampling pattern (e.g. radial, stack-of-spirals and 3D cones) have been developed, yet their clinical 

validation remains limited as they generally require significantly more scan time than conventional musculoskeletal (MSK) sequences.1 However, by incorporating 

acceleration techniques into the existing sequences, quantitative UTE MRI could become more clinically attractive.  

The aim of this study was to evaluate the feasibility of using the UTE Spiral VIBE sequence with in-plane acceleration and SPIRiT reconstruction to quantify short 

T2* values of knee structures within a clinically acceptable scan time, by drawing a qualitative and quantitative comparison with the non-accelerated acquisition. 

Methods: A female volunteer (age: 25 years, left knee) with no known prior or current knee injuries was scanned on a 3T MR scanner (MAGNETOM Prisma Fit, 

Siemens Healthcare, Erlangen, Germany) with a 15-channel knee coil (QED, Mayfield Village, OH, United States). All images were acquired with a prototypical 

UTE spiral VIBE. This 3D UTE sequence uses a stack-of-spirals k-space trajectory with adaptive echo time and allows for in-plane acceleration by undersampling 

outer regions of the k-space.4,5  

First, a non-accelerated version was acquired with parameters as in Kim et al. (Table 1).6 Subsequently, the spiral iPAT factor (i.e. the in-plane acceleration factor) 

was set to 2 for the second set of acquisitions, and to 3 for the third set of acquisitions. In both cases, the reconstruction mode was changed to the iterative parallel 

image reconstruction SPIRiT (Table 1).7 For each of the three implementations, fat suppression was applied and 4 TEs were collected with 2 acquisitions per 

implementation. All datasets were registered to their first echo image through diffeomorphic mapping with a symmetric normalization model in ANTs.8 After image 

registration, T2* mapping was performed by voxel-wise fitting of a mono-exponential T2* relaxation model to the data. To determine the T2* mean and standard 

deviation values of selected knee structures, volumes-of-interest (VOIs) were defined on the computed difference images (TE1 – TE3) in the following structures: 

anterior cruciate ligament (ACL), posterior cruciate ligament (PCL), patellar tendon, quadriceps tendon, medial and lateral menisci, patellar cartilage and lateral 

gastrocnemius muscle. All VOIs were verified by an MSK radiologist. Differences between the calculated T2* values of the non-accelerated implementation and the 

accelerated ones were evaluated for every structure. 

Results: Figure 1 shows a reconstructed slice of the isotropic first echo (TE1) for each of the three main anatomical directions. When comparing the images of the 

first row (no acceleration) and second row (spiral iPAT factor of 3), no considerable differences can be observed in terms of image quality. 

Figure 2 displays the first and third echo image of a selected sagittal slice, as well as their difference image, for all datasets. The difference images are included to 

highlight the short T2* structures, such as the ACL (long red arrow) and PCL (short red arrow). The right-most column depicts the computed T2* maps and 

corresponding color bars.  

Table 2 provides an overview of the mean T2* values and the standard deviations (SD) computed for each of the 8 VOIs in the non-accelerated and accelerated 

datasets. T2* reference values from recent UTE literature are provided in the right-most column. 

Discussion: Acceleration of spiral UTE MRI with SPIRiT reconstruction allows to reduce the total scan time by a factor of up to 2.5 and does not seem to deteriorate 

the image quality as shown in Figures 1 and 2. Note that T2* differences in bone and fat regions result from fitting errors due the use of fat suppression. The denoising 

characteristics of SPIRiT could explain the lower values for the accelerated datasets.  

Results listed in Table 2 suggest that in-plane acceleration and subsequent reconstruction do not considerably affect the T2* quantification. Similar T2* values can be 

observed across all datasets for each of the evaluated knee structures. Computed T2* values are also in line with short T2* values reported in recent UTE literature. 

Conclusion: The UTE Spiral VIBE sequence shows great promise for fast UTE T2* MRI of the knee as it provides good image quality and robust T2* mapping of 

knee structures for in-plane acceleration factors of up to 3, which results in considerably shorter scan times. Future work will focus on fine-tuning the accelerated 

acquisition to reduce vague reconstruction artifacts, and on further validating the sequence in human subjects to evaluate its clinical applicability.  
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Table 2 - Mean ± standard deviation (SD) of the 

T2* relaxation times [ms] for 8 VOIs defined in the 

non-accelerated and accelerated datasets. The 

right-most column comprises T2* reference values 

from recent UTE literature for the selected knee 

structures. * indicates that no SDs were reported, 

while § denotes that the standard error is given 

instead of the SD.   

 

 

 

 

 

Table 1 - Acquisition parameters of the non-accelerated and 

accelerated UTE Spiral VIBE MRI.6 *NuFT: Non-uniform 

Fourier Transformation (i.e. the conventional gridding 

reconstruction) and §SPIRiT: Iterative parallel image 

reconstruction algorithm.7 

 

 

Figure 1 - Sagittal, coronal and axial views of the first echo 

image of both the non-accelerated (top row) and accelerated 

(spiral iPAT factor of 3, bottom row) UTE Spiral VIBE 

acquisitions. 

Figure 2 - Sagittal slice acquired with the non-accelerated (top row) and accelerated (second and 

third row) UTE Spiral VIBE sequence. From left to right: first (TE1) and third (TE3) echo images, 

the corresponding difference image (TE1 – TE3) and T2* map with color bar. The ACL and PCL 

are indicated by the long and short red arrows respectively. 



 

Synopsis: A data analysis pipeline comprising KUL neuroimaging tools was applied to analyze diffusion and anatomical MRI datasets with neoplastic lesions and perform diffusion 

tractography with anatomical priors. We utilized a novel framework for reducing the amount of false positive streamlines to allow for improved visualization of different fiber bundles. 

Results illustrate the meaningfulness of this approach in neurosurgery workflow through offering clinicians more information on the quality of perilesional fiber bundles  

as well as where to resect with care to preserve functionally eloquent areas. 

 

Purpose: Brain tumor surgery aims at maximizing the extent of resection while minimizing damage to healthy tissues. Diffusion MRI data help identify nerve fiber bundles, which 

provide neurosurgeons with important knowledge1, especially in complicated cases with highly aggressive lesions (e.g. glioblastomas). Nowadays, however, this type of information is 

infrequently used in clinical practice as well as in clinical research applications for several reasons: 1. Commercial software methods for tractography fail to resolve complex nerve 

fiber architectures (e.g. crossing/fanning/kissing fibers); 2. Use of poor models (e.g. tensor) to find local fiber orientation leads to inaccurate estimates2 of fiber bundle presence in areas 

of infiltration, displacement or oedema; 3. Slow data processing and cumbersome workflow in current clinical practice. Ongoing work (TRABIT design-PhD project3) focuses  

on solutions to these problems through faster data processing workflow, efficient use of anatomical information and enhanced visualization.  

(First two researchers in the author list of this abstract share joint first authorship.) 

  

Methods: A total of 6 patient datasets, acquired on the Philips Achieva 3T system, were converted from DICOM to NIfTI with compliance to the BIDS4 data structure using KUL 

neuroimaging tools5. These datasets consisted of 3D T1-weighted (isotropic 0.9mm voxel size), 3D T2-weigted, 3D FLAIR and 4D EPI-dMRI scans (b values: 0, 1200, 2500 s/mm2 

with 7, 128 and 128 diffusion directions respectively, and 4 reversed b0 volumes, isotropic 2mm voxel size). Open-source diffusion MRI data analysis tools (MRtrix6, ANTs7) were 

utilized in the processing pipeline for image artifact corrections (noise, Gibbs ringing, bias field). Both T1-weighted and diffusion images were skull-stripped and coregistered before 

launching tractography. EPI distortion, eddy-current and motion corrections were performed with FSL8. Segmentation of brain structures was done with Freesurfer9, and lesion masks 

were derived by manual delineation.  

For the visualization of tracts and their relationship with lesions, the anatomically constrained tractography framework10 with the constrained spherical deconvolution11 algorithm was 

applied. Initial fiber tracking used both left and right pre-, para- and postcentral gyri, brain stem and pons as seed regions. Segmented tumor volume was added as an exclusion criterion, 

and the algorithm was set to stop tracking at an angular fiber deviation of 60°. Tracking terminated at the grey-white matter interface. To minimize the amount  

of false positive streamlines, a threshold was defined as follows: 1. generate the FD map of the fiber bundle to be filtered; 2. calculate maximum FD value in the image; 3. use 0.3 % 

(based on empirical testing12) of the max. value to threshold the image; 4. binarize the thresholded image to generate an inclusive mask, which is subsequently used as an inclusion 

criterion for the tracking algorithm, where fibers passing beyond the mask are rejected. Resulting streamlines were converted to VTK and visualized on underlying T1-weighted images 

with lesion labels in a VTK-based viewer. 

 

Results: In Fig. 1, we demonstrate the lesion infiltration effect on the corticospinal tract and arcuate fasciculus (A); the compression effect on superior longitudinal fasciculus and the 

inferior fronto-occipital fasciculus (B); the adjacency of optic radiations to tumors (C, D); the destructive effect on the arcuate fasciculus (E); and the compression of the inferior 

longitudinal fasciculus (F). In Fig. 2, we show a more detailed view of Fig. 1A to highlight the impact of streamline thresholding on two fiber bundles largely affected by the lesion. 

 

Discussion & conclusions: Current visualization already provides basic, clinically relevant information on the relationship between lesion mass and adjacent nerve fiber bundles. 

Applied method allows for a more realistic reconstruction of fiber tracks (Fig. 1), which are known to be highly challenging to the widely used DTI FACT algorithm. The probabilistic 

nature of fiber tracking used in this work helps reconstruct fiber bundles affected by the pathology. Reconstructed fiber pathways are consistent with anatomical knowledge in healthy 

subjects, and show evidence of resulting deformation and displacement as expected in diseased cases. The streamline filtering strategy aids in suppressing spurious fiber trajectories, 

thus providing discrete fiber bundles to be used in specific patient risk estimation in the preoperative stage. Apart from our approach being fully automated, and therefore freed from 

user bias, it also enables to resolve crossing fibers in periventricular white matter, especially at the centrum semiovale (Fig. 1A). 

 

Future work: Future development will focus on further acceleration of the data analysis workflow and its implementation into the Philips IntelliSpace Discovery (ISD) research 

platform. Using Philips proprietary algorithms, more robust segmentation of brain structures, cortical parcellation13, and tumor segmentation14 (Fig. 3) will be implemented into the 

data processing workflow. Furthermore, novel visual features, such as simulation of a path to access tumor from head surface, indicating fiber-tracking uncertainty or displaying 

suggested resection margins, are intended to enhance the visualization of results. 
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Fig. 1: Fiber tracks with semitransparent tumor labels in 6 different tumor cases. Top row: before applying FD threshold. Bottom row: after dropping low FD voxels. 

Lesion masks are red-colored. 

 

 

Fig. 2: Zoomed view at the effect of filtering false positive streamlines. The thresholded representation of the fiber bundles facilitates easier determination of the 

shape of both the corticospinal tract and the arcuate fasciculus. 

 

 

Fig. 3: User interface of the Philips IntelliSpace Discovery Research Neurology Suite and lesion mask as generated by a Philips-developed tumor segmentation tool 

(integrated as an external plugin in the left column). This setup is being used in current work on the improvement of data processing workflow. 



 

Synopsis: In this study we aim to accelerate the acquisition time of myelin-water imaging by acquiring fewer slices and applying machine learning to extract myelin-

specific information from anatomical (T1w and T2w) and diffusion-weighted imaging (DWI), which are commonly available in many clinical research studies. It is 

shown that with a 6-fold acceleration (from 7:30min to 1:15min) the myelin content can be reconstructed using neural networks with an agreement to the ground-

truth that is comparable to the reproducibility of the scan itself.  

Introduction: Myelin is vital for healthy neuronal development, and can therefore provide valuable information regarding neuronal maturation and development as 

well as insights into disintegration as part of several neurological and neuropsychiatric disorders (1–3). White matter is relatively bright on T1-weighted images due 

to myelin-bound cholesterol, while the T2-weighted contrast of white matter is relatively low due to motion-restricted protons in the myelin-water (4). Furthermore, 

though diffusion measures can provide information that are related to the myelin content, it is non-specific and unsuitable for quantification of myelin (5). However, 

myelin-specific imaging techniques such as myelin-water imaging require relatively long acquisition times (>7min) and suffer from a low spatial resolution. In this 

study we aim to accelerate the acquisition time by acquiring fewer slices and applying machine learning to extract myelin-specific information from anatomical 

(T1w,T2w) and diffusion-weighted imaging (DWI), which are commonly available in many clinical research studies. The obtained sparse myelin-specific information 

is used as ground truth measurements to train a machine learning algorithm which can subsequently estimate the whole brain myelin-water content. 

Methods: Fourteen volunteers (mean age 29y, range 18-39y, 7 males) were scanned on a 3.0 T unit (Philips Achieva, Best, the Netherlands) using a 32-element head 

coil. T1-weighted fast 3D gradient-echo images were acquired (TR=8.2ms, TE=3.7ms, TI=1010ms, flip angle=8°, voxel size=1mm). Furthermore, DWI was 

performed (TR=7012ms, TE=74ms, voxel size=2x2x2mm, b-value=1200s/mm2, 66 gradient directions and a single b=0 image). To determine the ground truth myelin 

content, multi-slice (5 slices acquired simultaneously) GRASE images were acquired for each subject (TR=3000ms, 32 echoes with 10ms echo spacing, range 10-

320ms, EPI factor=3, Turbo factor=32, 26 slices acquired in 6 packages, field of view 240x198x130mm, acquisition matrix 160x132, voxel size=1.5x1.5x4mm, 

SENSE=2, acquisition time 7:30min). 

Myelin-water fraction (MWF) maps were calculated using the regularized non-negative least squares (NNLS) algorithm with a basis set of 120 logarithmically spaced 

T2 relaxation times between 10 and 2000ms (6). The Extended Phase Graph algorithm and Fourier transform of the slice profile were used to correct for effects of 

B1 inhomogeneities and imperfect slice profiles (7). The DWI images were first corrected for head displacement, and eddy current induced geometric distortions 

(ExploreDTI, v4.8.6). Subsequently, the resulting images were registered to the GRASE space and fractional anisotropy (FA) and principal eigenvalues (λ1,λ2,λ3) 

maps were extracted. The GRASE image with TE=100ms was used as T2w contrast image. T1w images were registered to the TE=10ms GRASE image (SPM12). 

All images were masked to contain gray and white matter only. Ten white matter regions of interest (ROIs) (major and minor forceps, genu and splenium of the 

corpus callosum, the whole corpus callosum, and lobular white matter) and 2 gray matter ROIs (cortical gray matter and thalamus) were determined using Freesurfer 

parcellation and tractography. 

For each subject, a neural network was trained using 5 (out of 26) of the simultaneously acquired slices, corresponding to an acceleration factor of 6 (i.e. using only 

1 of the 6 acquired packages). The network is trained on a voxel basis, resulting in a large amount of training data for each volunteer (i.e. >100.000). Prior to the 

training, all input vectors are normalized to the mean of the output (i.e. MWF) vector. Three hidden layers (32 nodes each) with rectified linear activation functions 

are used resulting in 2,555 trainable parameters. The neural network was trained using 10 epochs. To investigate the added value of DWI in addition to only T1w,T2w 

images, a neural network with only the T1w,T2w images as inputs was also trained. 

To assess the agreement between the ground truth and the estimated MWF, the coefficient of variation (CoV, average within-subject standard deviation divided by 

the overall mean) and intraclass correlation coefficient (ICC, subject variation over the sum of between-subject and within-subject variation) were determined for 

each ROI. Results are considered to be in good agreement when ICC>0.80. 

Results: Figure 1 shows the ground truth and estimated MWF maps. Figure 2 shows the agreement between ground-truth and estimated MWF of the ten ROIs. Table 

1 shows the CoV and ICC of the estimated MWF maps for both neural networks. The MWF map estimated without the DWI information shows a bad agreement 

with the ground truth (low ICC, high CoV) for several of regions. Especially the splenium benefits from the added DWI information (Figure 2).  

Discussion & Conclusion: This preliminary study shows the potential of machine learning approaches to extract specific myelin-content from anatomical and DWI 

scans. The present application could greatly reduce the scanning time of myelin quantification from 7:30min to 1:15min (6-fold), while maintaining an ICC that is 

comparable to the reproducibility of the full multi-slice GRASE sequence itself (ICC=0.80) (7). To achieve this, besides T1w,T2w images, DWI are required. 

Furthermore, this study opens up new possibilities, for example, a neural network could be trained to extract myelin content from T1w,T2w and DWI scans directly, 

without requiring additional myelin-water imaging data. However, the contrasts of T1w,T2w images are qualitative measures and therefore not directly suitable for 

such an application. Therefore, more research is needed (e.g. intensity normalization procedures) to extract myelin-specific content from anatomical and DWI directly.  
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Figure 1. For a representative subject, the A) T1-weighted image, B) ground-truth MWF map and estimated MWF maps C) with DWI and D) without DWI information. 

 

Figure 2: The agreement between the ground-truth and estimated MWF for the ten ROIs is shown for the two cases (with and without DWI). Note that especially the splenium (a region with relative high 

MWF) benefits from the added DWI information. 

 

Table 1: ICC and CoV values for the ten ROIs is shown for the two cases (with and without DWI). 



 

Synopsis: MR-STAT is a framework for simultaneous mapping of quantitative MR parameters from a single short scan. Since MR-STAT involves the solution of a large scale nonlinear optimization problem, 
the reconstruction time has always been one main concern. In the current work, we develop an accelerated MR-STAT algorithm, which achieves two order of magnitude acceleration in reconstruction times. 

High-resolution 2D dataset can be reconstructed within 10 minutes on a desktop PC thereby drastically facilitating the application of MR-STAT in the clinical work-flow. 

Introduction 

MR-STAT is a framework for obtaining multi-parametric quantitative maps from single short scan[1,2]. The parameter maps are reconstructed by iteratively solving the large scale, non-linear problem 

α̂ = 𝑎𝑟𝑔 min
α

1

2
‖𝑑 − 𝑠(α)‖2

2
,                 (1) 

where d is the data in time domain, α denotes all parameter maps, and s is the volumetric signal model. Although recent improvements have been obtained[2,3], MR-STAT reconstructions still lead to long 

computation times because of the large scale of the problem, requiring a high performance computing cluster for application in a clinical work-flow.  

In this work, we drastically accelerate MR-STAT reconstructions by following two strategies, namely: 1) computing the signal and derivatives by a fast surrogate model and 2) adopting an Alternative 
Direction Methods of Multipliers[4]. The new algorithm achieves a two order of magnitude acceleration in reconstructions with respect to the state-of-the-art MR-STAT. A high-resolution 2D dataset is 

reconstructed within 10 minutes on a desktop PC thereby greatly facilitating the application of MR-STAT in the clinical work-flow. 

Theory 

o Surrogate MR signal Model 

Since MR-STAT is solved by a derivative-based iterative optimization scheme, both the magnetization and its derivatives with respect to all reconstructed parameters need to be computed at each iteration 

using an MR signal model (EPG[5] or Bloch equation). To accelerate the signal computation, a neural network (NN) is designed and trained to learn the signal and derivatives for either balanced or gradient 
spoiled sequence. The NN architecture is shown in Figure 1. The NN consists of separate blocks for computing compressed magnetization and derivatives, and one final shared linear layer as a learnable 

compression operator which reduces the dimensionality of the problem to a low rank (in this work, rank = 16). 

o The ADMM approach 

After applying the surrogate NN model and assuming Cartesian sampling, the original volumetric signal s (Eq 1) can be factorized into different matrix operators, leading to the following form, 

α̂ = 𝑎𝑟𝑔 min
α

1
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‖𝐷 − ∑ 𝐶𝑖
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𝑟
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2

.                (2) 

 A graphic illustration of the new problem (2) and the explanation of the operators is shown in Figure 2(a). 

 We reformulate problem (2) as the following constrained problem 

α̂ = 𝑎𝑟𝑔 min
α

1

2
‖𝐷 − ∑ 𝐶𝑖

𝑝
𝑈𝑍𝑖

𝑁𝑦

𝑖=1

‖

𝐹

2

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑌(𝛼𝑖)𝐶
𝑟(𝛼𝑖) − 𝑍𝑖 = 0 𝑓𝑜𝑟 𝑖 ∈ [1, 𝑁𝑦],             (3) 

 

by adding slack variable Zi. The corresponding alternating update scheme[4] is shown in Figure 2(b). In this scheme, step (1) solves a linear problem and step (2) solves Nx small parallelizable nonlinear 

problems using the compressed signal, therefore substantially reducing the computational complexity w.r.t. the original MR-STAT. 

Methods 

Both balanced and gradient spoiled MR-STAT sequence are used in the current work with Cartesian acquisition and slowly varying flip angle trains[2]. 

o Surrogate model training and validation 

Neural networks are trained for balanced and spoiled signal models where the inputs are (T1, T2, B1, B0, TR, TE) and (T1, T2, B1, TR, TE), respectively. Imperfect slice profile is also modeled[5]. Training 

is performed with Tensorflow[6] using ADAM optimizer, 6000 epochs. The NN surrogate results are validated by both simulation results and measured data from a Philips Ingenia 1.5T scanner. 

o Accelerated MR-STAT reconstruction 

The accelerated MR-STAT reconstruction algorithm incorporating the surrogate model and the ADMM splitting scheme is implemented in Matlab on an 8-Core desktop PC (3.7GHz CPU). To validate the 

reconstruction results, gel phantom tubes were scanned with a spoiled MR-STAT sequence on a Philips Ingenia 3T scanner, and an interleaved inversion-recovery and multi spin-echo sequence (2DMix, 7 

minutes acquisition) provided by the MR vendor[7] was also scanned as a benchmark comparison.  
For in-vivo validation, the standard and accelerated MR-STAT reconstructions are run on both gradient spoiled (scan time 9.8s, TR=8.7ms, TE= 4.6ms) and balanced (scan time 10.3s, TR=9.16ms, 

TE=4.58ms) acquisitions. 

Results 

Figure 3 summarizes the validation results of the surrogate MR signal model, showing that the NN surrogate model achieves an acceleration factor of thousand with negligible errors. 

Figure 4 shows high agreements in T1 and T2 maps obtained from standard MR-STAT reconstruction, accelerated MR-STAT reconstruction and a 2DMix acquisition for the gel phantom data.  

Figure 5 shows in-vivo results of one representative slice from a healthy human brain; both standard and accelerated MR-STAT algorithms obtain similar quantitative maps from both balanced and gradient 
spoiled acquisitions. 

With the accelerated MR-STAT algorithm, one 2D slice reconstruction requires approximately 157 seconds with single-coil data, and 671 seconds with four compressed virtual coil data. Compared with the 

results reported previously (50 minutes single-coil reconstruction on a 64 CPU's cluster[3]), our accelerated algorithm obtains a two order of magnitude acceleration in reconstruction time. 

Conclusion and Discussion  

We presented a new MR-STAT reconstruction algorithm where both a Neural Network surrogate model and a variable splitting scheme are employed. Simulated, phantom and in-vivo experiments show 

that the new MR-STAT algorithm is two orders of magnitude faster than the conventional algorithm and can thus run in 10 minutes on a Desktop PC. Training of the NN takes about two hours in total, but 

the network is flexible and can be reused for sequences with different parameters (TE, TR).  

This new implementation paves the way to the application of MR-STAT in the clinic, since the computation time is no longer a burden for the clinical work-flow. 
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Figure 1: NN architecture for the surrogate MR signal model. The input of the NN is a 

combination of reconstructed parameters (T1,T2,B1,B0) and sequence parameters (TR, TE). 
The output is the time-domain signal and its derivatives w.r.t. to all tissue parameters. The NN 

consists of separate blocks (sub-Networks 1-4) for computing the compressed magnetization 

and derivatives, each of which has four fully connected layers with ReLU activation function, 
and one final learnable linear layer which acts as a linear decoding step by means of the learnable 

U matrix. 

 
Figure 2: Model factorization and the corresponding ADMM algorithm. (a): Graphic illustration of 

the new problem Eq. (2). Four operators are introduced to generate the full model: Cp, U, Y(αi) and 

Cr(αi) (definition given in the figure). (b): The ADMM algorithm with data d formatted as a matrix 
D. In step (1), the compressed signals Zi are computed by solving a linear problem. In step (2), 

quantitative maps are obtained by solving separate nonlinear problems using a trust-region method. 

 

Figure 3: Validation of the surrogate NN model. 3 gel tubes with different T1 and T2 values 

were scanned using a spoiled sequence, and time-dependent signal and derivatives from one 

tube (T1=612ms, T2=125ms) are shown. The other 2 tubes show similar results. In (a), the 
magnetization signal computed from the NN model is compared with EPG simulations and 

measured data. In (b) and (c), signal derivatives are compared with EPG results. Mean relative 

errors over a test set of 1000 random samples are also reported. Panel (d) shows the 

computational acceleration of NN w.r.t. the EPG model. 

 

Figure 4: Comparison of experimental phantom results between accelerated MR-STAT and 
standard MR-STAT reconstruction. (a) T1 and T2 maps from accelerated MR-STAT reconstruction. 

(b) Bar plots of mean and standard T1 and T2 values for the twelve tube phantoms from both standard 

and accelerated MR-STAT reconstructions; 2DMix results are included for reference. 

 

Figure 5: Comparison between standard and accelerated MR-STAT reconstructions. Quantitative 

maps including T1, T2 and PD from both balanced (scan time 10.3s) and gradient spoiled (scan time 
9.8s) sequences are shown. The image size is 224x224 with resolution of 1.0x1.0x3.0mm3. Four 

SVD compressed virtual-coil data are used for reconstruction.  

 



 

Synopsis: Myelin water fractions (MWF) can provide biomarkers for many brain disorders. Multiple-spin-echo (MSE) is considered as gold standard for obtaining MWF. However, its clinical 

application is limited by its long acquisition time. Efficient undersampling and exploiting the redundancy in the contrast images of MSE can decrease the acquisition time. We propose a subspace based 

image reconstruction technique designed for reconstructing contrast images from highly undersampled MSE acquisition, so that it can be used for MWF mapping. We evaluate it for different signal-to-

noise ratios for up to acceleration factor of 16 and show its feasibility for accelerating acquisition beyond parallel imaging. 

Introduction: Myelin water fractions (MWF) can provide biomarkers for diseases such as multiple sclerosis, schizophrenia, phenylketonuria and Alzheimer's 1-3. Multiple-spin-echo (MSE) is 

considered as benchmark for obtaining MWF and has been proven to be reproducible 3, 4. However, its clinical application is limited by its long acquisition time3. 

In MSE, much of the information in the contrast images is redundant. Recently, some techniques have been proposed to exploit this type of redundancy in the temporal dimension for reducing the 
acquisition time 5- 7. Joint reconstruction and parameter estimation (JRPE) has the potential to accelerate the acquisition of MSE beyond the acceleration factor (AF) permitted by parallel imaging. MWF 

extraction requires multi-exponential fitting which is badly conditioned unless a constrained fitting approach such as Non-negative least square (NNLS) fitting is applied1. Implementing such constraint is 

difficult in a JRPE framework. 

Hence, we propose a subspace constrained image reconstruction technique to generate the contrast images from an undersampled acquisition. We generate a subspace using singular value decomposition 
(SVD) similar to Hamilton et al.8, but instead of using an MR fingerprinting dictionary we use the set of decays shown by each T2 component in the multi-exponential model. Subsequently the MWF is 

estimated using the NNLS approach 1, 9. The dependence of the proposed method on subspace dimensionality as well as SNR is evaluated for AF up to 16. 

Method:  

Signal model: Let the expected value for a k-space measurement in the 3D-MSE be μj,𝐤,c , where 𝑗is index for different echoes (𝑗 ∈  [1, 𝐽]), k is a vector indexing multi-dimensional k-space (k ∈ Ω𝒌) 

and c ∈  [1, 𝑐𝑛]  is coil index for coil with 𝑐𝑛 channels: 

𝜇𝑗,𝒌,𝑐 = 𝑈𝑗,𝒌 ∑ 𝐹𝒌,𝒙𝐶𝒙,𝑐𝑆𝑗,𝒙

𝒙 ∈ Ω𝒙

, (1)  

where 𝑥 is a vector indexing multi-dimensional image domain 𝐱 ∈ Ω𝒙, 𝑈𝑗,𝒌  ∈ {0,1} is the undersampling mask, 𝐹𝒌,𝒙 is the Fourier operator, 𝐶𝒙,𝑐 is coil sensitivity map and 𝑆𝑗,𝒙 are the voxels from the 

contrast images. In a multi-exponential model2, the signal from a single voxel in MSE can be modelled as 

 

𝑆𝑗,𝒙 = ∑ 𝑠𝑡,𝒙 𝑒
−𝑇𝐸𝑡
𝑇2,𝑡

𝑛𝑇2

𝑡=1

, (2) 

where nT2 is the number of logarithmically spaced T2 times within an appropriately selected range, indexed by 𝑡 ∈ [1, 𝑛𝑇2], 𝑠𝑡 is the unknown amplitude of the spectral component at relaxation time 𝑇2,𝑡 

and 𝑇𝐸𝑡 is the echo time.  

Subspace reconstruction: The set of decays predicted by extended phase graph for each of 𝑛𝑇2 components were computed using the derivative of the model in equation (2), which is given by: 

𝐷𝑗,𝑡 =  
𝜕𝑆𝑗,𝒙

𝜕𝑆𝑡,𝒙

=  𝑒
−𝑇𝐸𝑡
𝑇2,𝑡 . (3) 

𝐷𝑗,𝑡 is subjected to SVD and 𝑑 components were used for reconstructing contrast images by fitting. Finally, the T2 distribution and subsequently MWF maps were obtained by applying NNLS fitting9 to the 

reconstructed contrast images. 

Other acquisition settings: The main acquisition settings were taken from 4 in our simulation experiments:𝐽 = 32, echo spacing of 10 ms , first echo time 𝑇𝐸1=10 ms and 𝑇𝑅 = 1000ms. As 

proposed in 10, 𝑈𝑗,𝑘  is generated with a Halton sequence to obtain a low discrepancy sampling scheme. The coil sensitivity map 𝐶 were obtained by ESPIRIT technique implemented in the BART toolbox 

from an acquisition with an 8-channel coil 11, 12. 

Experiment: Figure 1 shows the two T2 distributions (left) and the checkerboard pattern (right) that were used as the ground truth. Complex Gaussian noise was added to the signal model in equation 

(1) for acceleration factors (AF) of 1,2,4,6,7,10,12 and 16.The noise level was chosen to obtain 8 SNRs logarithmically placed between 12 and 40. The subspace reconstruction was performed with 𝑑 = 5,6, 

and 7 components. The root mean square error (RMSE) was computed for each AF and SNR with respect to the ground truth MWF map. 

Results: Figures 2, 3, and 4 show RMSE for all AFs and SNRs, for 𝑑 = 5,6 and 7 subspace components respectively. For the low SNR situation, using 5 subspace components gave the lowest RMSE. 

However, for high SNR the 6 components gave the lowest RMSE, where especially for high acceleration factors strong improvement was observed. Figure 5 shows lowest RMSE observed for all AFs and 

SNRs among all d considered. SNR cases with SNR>12 and higher acceleration have lower RMSE than lower SNR cases upto specific AFs. For instance, the RMSE observed for AF=16 and SNR=28 was 

lower than the fully sampled case of SNR = 14.  

Discussion: The optimal choice of 𝑑 depends on the SNR. The choice of numerical ground truth allows us to compute RMSE and take realistic distribution of T2 and MWFs. The RMSE observed for 

accelerated acquisitions are comparable to the fully sampled cases of lower SNR, which shows that acceleration is feasible with acceptable increase in RMSE. This technique allows higher AFs than 

possible with parallel imaging. 

Conclusion: We show that proposed technique has the potential to accelerate the MSE acquisition for MWF mapping beyond the capability of parallel imaging using simulation. 
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Figure 1: Ground truth T2 distribution for checkerboard pattern. Red bar indicates one set of 

the squares in the pattern and has MWF of 0.15. Blue bar indicates another set of squares and 

has MWF 0.25. 

 
 

Figure 2: Shows RMSE obtained for all evaluated acceleration factors and SNRs obtained 

using 5 subspace components. 

 

Figure 3: Shows RMSE obtained for all evaluated acceleration factors and SNRs obtained 

using 6 subspace components. 

 

Figure 4: Shows RMSE obtained for all evaluated acceleration factors and SNRs obtained 

using 7 subspace components. 

 

Figure 5: Shows lowest RMSE observed among d = 5, 6 and 7 for all evaluated acceleration 

factors and SNRs. 

 

 

 

 



 

Synopsis: We propose a novel multi-component analysis for MR fingerprinting that enables detection of small lesions, while taking partial volume effects into account. The algorithm uses a joint sparsity 
constraint limiting the number of components in local regions. It is evaluated in simulations and on MRF-EPI data from a patient with multiple sclerosis (MS). MS-lesions are separated from other tissues 

based on having increased T2
* relaxation times. The improved sensitivity to multiple components makes it possible to detect components with long relaxation times within the lesion, possibly increasing our 

insight into these small pathologies. 

Introduction 

Quantitative MR-imaging methods, such as MR Fingerprinting(MRF)1 and MRF-EPI2, are used to measure tissue properties (e.g. FISP-MRF3: T1,T2;MRF-EPI2:T1,T2
*) and can therefore be used to derive 

standard and novel MRI-biomarkers. Common quantitative MR methods assume a single set of relaxation properties per voxel. However, this is not valid in the presence of partial volume effects as well as 

in tissues consisting of multiple components. Sensitivity to such multi-component effects in and around lesions can also provide more insight into disease processes.  

In the brain of healthy subjects a small number of tissues is expected and multi-component MRF(MC-MRF) using (global) joint-sparsity4 with the SPIJN algorithm, can be used to obtain a partial volume 

segmentation of the different components. Due to the highly correlated MRF-dictionary SPIJN is able to identify around ten tissues. However, tissue properties of small cerebral lesions can vary per lesion 

and occur in small regions, making the global joint sparsity less applicable. Voxel-wise methods5,6 without joint sparsity constraints, on the other hand, show lower noise resilience.  

In this work, we develop a MC-MRF algorithm based on a joint sparsity constraint that is applied locally to be particularly sensitive to small pathologies. As a proof of principle, this method is used for 

automatic lesion detection in MRF-EPI data from a patient with MS. 

Methods 

The Sparsity Promoting Iterative Joint NNLS (SPIJN) algorithm4 was extended in order to account for small structures. The resulting local-SPIJN algorithm is based on the premise that a local region only 

consists of a small number of components. Hence, we solved the following minimization problem: 

 

where X is a matrix containing the J measured signals, D the MRF-dictionary and C a matrix containing the N component weights for every voxel. 𝐶𝑅(𝑣𝑗)  denotes the submatrix of C consisting of the subset 

R of voxels in the vicinity of voxel j. ‖∙‖𝑟 counts the number of non-zero rows of a matrix. We solved the problem iteratively based on the NNLS algorithm7, with the following iterations:  

 

in which 𝜆 is a sparsity regularization parameter. 

Notably, weights 𝒘𝑖,𝑘+1 were calculated by spatial Gaussian smoothing of the previous solution 𝑐𝑖(row 𝑖 of 𝐶) for tissue 𝑖. The standard deviation 𝜎 of the Gaussian essentially governed the locality. 𝜆 =
0.8, 𝜎 = [4,4,4/2]px=[4,4,4]mm (in x,y,z-direction) were used in this study. 

MRF-EPI2 was used to test the method in numerical experiments and in-vivo. A dictionary with T1=30ms-4s,T2
*=5ms-3s(5% increase) and 𝐵1=0.65-1.35(0.05 stepsize) was used. 

A numerical phantom of size 100*100 pixels consisting of a background tissue with T1 =900ms,T2
*=50ms (representing white matter) and 15 non-overlapping randomly placed dot-shaped abnormalities with 

log-distributed T1 ,T2
* (300ms-2s,55ms-200ms resp.) was used to test the local-SPIJN algorithm. Transitions between background and dots were either smooth or instantaneous. Varying SNR(50,100,500) 

and radii(3,5,7px) were used. Resulting partial volume segmentations 𝐵 from the proposed local-SPIJN algorithm were compared to the ground truth 𝐴 through the fuzzy Tanimoto coefficient8: 𝑇𝐶𝑓 =
∑ 𝑀𝐼𝑁(𝐴𝑖,𝐵𝑖)𝑖

∑ 𝑀𝐴𝑋(𝐴𝑖,𝐵𝑖)𝑖
  .The proposed algorithm was applied to MRF-EPI data acquired from a patient with MS (resolution 1*1*2mm3,240*240*60 voxels, acquisition time 1:52 minutes). Components with 1.5s< 

T1<2.25s,75ms< T2
*<1s were considered as potential lesions, based on increased T2

*9,10. Results are shown for 4 slices in which lesions were manually segmented by an expert radiologist on FLAIR images.  

Results and discussion 

Single-component MRF, SPIJN-MC-MRF and the proposed method were compared on one of the numerical phantoms(Figure 4). Single component matching incorrectly resulted in a smooth transition in 

relaxation times at the borders of the structures. SPIJN-MC-MRF resulted in 2 noisy component and 7 components erroneously not confined to single lesions. The proposed method is able to detect the 

different lesions in isolation.Simulation results of the proposed algorithm showed good agreement with the reference for SNR≥ 100 (error T1<1%, T2
*<2%,TCf>0.92)(Fig.2). SNR=50 gave segmentations of 

reasonable quality (TCf >0.75)8.  

Figure 1 shows relative differences between the M0, T1 and T2
* maps from a single component approach compared to the primary (largest) MC-MRF component. Note the small differences in the white matter 

(no partial volume) and increased differences around tissue boundaries, where partial volume occurs. 

Figure 3 shows T1, T2
*maps obtained from matching and signal fractions of the three components identified as lesions. Note how the detected lesions correspond to lesions as annotated in the quantitative 

maps. The smaller lesions had relaxation times in the range of gray matter (data not shown). To detect these lesions as well, inclusion of spatial information or other contrasts would be required. 

A zoomed-in version of two slices of one lesion is shown(Figure 2), including the multiple components identified in the centre of this lesion. The two detected extra components only occur with a lower 

fraction (~30%) and thus require multi-component sensitivity. The two components have long T1 relaxation times, which could correspond to veins as more often observed in MS-lesions11.  

In this study results are shown for a single subject since the focus was on the development of the numerical methods. A topic of further research is the application to more datasets, to test the quality of the 

segmentations and the information contained by the smaller components in the lesions.  

Conclusion 

The proposed local-SPIJN algorithm is able to detect small abnormalities from MRF-EPI data. This potentially improves robustness against multi-component effects around and in lesions, paving the way 

for better detection and deeper insights into underlying pathological changes.  
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Figure 4. Comparison between single component matching, SPIJN-MC-MRF and the proposed method (local-SPIJN) for a 

numerical phantom containing 15 dot-shaped abnormalities. The simulated abnormalities have varying T1 and T2
* values, radius 

of 7px and a smooth transition to the background, SNR=50 was used. Resulting T1 and T2
* times are shown for single component 

matching. Fraction maps are shown for the ground truth and resulting components for SPIJN and local-SPIJN MC-MRF, with 

their corresponding relaxation times.  

Figure 5. Overview of the results from the numerical simulations with 

the proposed local-SPIJN algorithm. 15 dots with varying T1, T2
*were 

randomly placed in an image of  100*100 pixels. This was repeated 50 

times per radius and SNR with either smooth (dashed) or instantaneous 

(solid) transition to the background. The upper two rows show the 
relative difference between the matched and true relaxation time. The 

third row shows the quality of the partial volume segmentation using 

the fuzzy Tanimoto (TCf) coefficient as a measure.  

Figure 1. The magnitude of the relative difference between the results from the single-

component matching and the primary (largest) component from the proposed multi-

component matching for two slices. The values are relative to the single component 

outcome. High  T2
* values larger than 200ms were masked.  

Figure 3. First and second row show the T1 and T2
* maps as obtained with single component matching as 

a reference. Red and cyan contours show the lesions as annotated by a radiologist. Bottom rows show 

volume fractions of  3 lesion-components identified based on T1 and T2
* values in the MC match. 

Figure 2. Zoomed-in versions of one of the lesions (with relaxation times T1=1993ms, 

T2
*=98ms) with the other components present in the centre of this lesion. The two upper rows 

show the single component T1 and T2
*maps, the lower three rows show the relative presence of 

the 3 components. 



 

Purpose: Negative Dysphotopsia (ND) is a visual complaint that can occur after the crystalline lens of the eye is replaced by an artificial intraocular lens (IOL), 

such as is done in cataract surgery. This complaint is perceived as a shadow in the peripheral visual field.1 While its exact origin is unknown, it is thought to be 

related to an optical mismatch between the artificial IOL and the eye.2 In the assessment of the peripheral optical properties of the eye, conventional ophthalmic 

measurements are often restricted to the anterior part of the eye. As a result, these measurements cannot assess all potential factors of influence on such an optical 

mismatch. The factors that cannot be assessed include the retinal shape, which defines the location where the light is detected, and the geometric relationship 

between the iris and the IOL, which could affect how light passes through the eye. MRI may be able to provide more insight in these factors, as it is not dependent 

on access through the pupil. Therefore, MRI-scans were used in this study to assess both the peripheral retinal shape and the geometric relationship between the iris 

and IOL in patients with and without ND to obtain more insight the mechanism behind ND. 

 

Methods: Thirty pseudophakic patients with ND (46.7-82.0 years, 90% female) and thirty-three pseudophakic controls without ND (48.9-82.5 years, 55% female) 

were prospectively included at the Leiden University Medical Center after obtaining informed consent. For each subject, one eye was imaged on a 7 Tesla Philips 

Achieva MRI using a dedicated eye coil.3 A cued-blinking protocol was used to minimize ocular motion during acquisitions.4,5 Two scans were acquired, a 

3DT1FFE and a 3DT2TSE. The scan parameters and scans are shown in figure 1. 

Image processing was performed in MeVisLab and Python 3.6. For assessment of the retinal shapes, the outer boundary of the eye was automatically segmented 

from the 3DT2TSE-scans using subdivision fitting,6 manually corrected if necessary, and converted into a point cloud (figure 2A,B). An ellipse was then fitted to a 

horizontal slice through the points around the horizontal axis to determine the retinal shape (figure 2C,D). The resulting shapes were compared between groups 

using unpaired t-tests.  

The geometric relationship between the iris and IOL was assessed on the 3DT1FFE-scans by manually defining two linked multiplanar reconstructions (MPR), one 

through the iris and one through the IOL (figure 3A). On these reformats, both the pupil and IOL were manually segmented (figure 3B,C). The misalignment of the 

IOL with respect to the pupil center was determined by projecting the center of the IOL on the iris plane. The tilt of the IOL with respect to the iris was calculated 

from the orientations of the MPR-planes. Both the misalignment and tilt were compared between groups using unpaired t-tests. 

 

Results: Four pseudophakic controls were excluded from analysis as they mentioned visual disturbance resembling ND during the study, and one as a staphyloma 

was diagnosed during the study. Additionally, three controls did not fully complete the MRI-scans. 

Retinal shapes could be evaluated for 28 patients with ND and 23 controls and were not significantly different between those groups. The radius of curvature and 

eccentricity were on average 12.6 mm (SD: 1.1) and 0.1 (SD: 0.2) for patients with ND and 12.2 mm (SD: 0.9) and 0.1 (SD 0.0) for controls (figure 4). 

The geometrical relation between the iris and IOL could be assessed in 22 patients with ND and 19 controls. Motion artefacts prevented an accurate determination 

of the IOL and/or iris location in the remaining subjects. No statistically significant differences were found in either the alignment or the tilt of the IOL. The 

average misalignment of the IOL was 0.0 mm (SD: 0.2) horizontally and -0.1 mm (SD: 0.3) vertically for patients with ND. For the controls, these values were 0.0 

mm (SD: 0.3) and -0.03 mm (SD: 0.3). The average tilt of the IOL was 0.0 degrees (SD: 0.4) horizontally and 0.4 degrees (SD: 1.3) vertically for patients with ND, 

and 0.0 degrees (SD: 0.2) and 0.4 degrees (SD: 0.8) for the controls (figure 5). In these results positive values indicate a displacement towards temporal or tilt 

towards superior. 

 

Discussion: In this study, valuable insight into the pathophysiology of ND was obtained using ocular MRI scans by determining the retinal shape and the 

geometrical relation between the iris and the IOL for patients with ND and pseudophakic controls. The evaluation of the retinal shape showed that the distribution 

was similar for both groups. However, it shows significant differences between individuals (figure 4 A,B), which can have implications in the quality of the 

peripheral vision. The evaluation of the geometrical relation between the iris and the IOL additionally showed that the IOL is usually aligned with the iris. Hence, 

misalignment and tilt of the IOL with respect to the iris seem of minor importance in the pathophysiology of ND. 

 

Conclusion: This study showed that neither the retinal shapes nor the geometrical relations between the iris and the IOL are different between patients with and 

without ND, excluding them as factors of influence on the origin of this complaint. 
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Figure 1: The performed 

MRI-scans. A) The scan 

parameters for each scan. 

B) An 3DT1FFE scan. C: 

An 3DT2TSE scan 

Figure 2: Example of the 

retinal shape processing. 

A) subdivision fitting on a 

3DT2TSE scan. B) The 

resulting point clouds. C) 

Points that are included 

for retinal shape fitting 

after rotation of the point 

cloud. D) Fitting of an 

ellipse to these points to 

calculate the radius of 

curvature and eccentricity. 

Figure 3: Example of the double multiplanar 

reconstruction used for evaluation of the 

geometrical relation between the iris and the 

intraocular lens (IOL). A) The multiplanar 

reconstruction planes for the iris (green) and IOL 

(red) in sagittal (left) and transversal (right) view. 

B) The circle that was fitted to the pupil. Only 

half of this circle is shown. C) The circle that was 

fitted to the pupil. Only half of this circle is 

shown. Note that the paws used for fixation of the 

IOL are visible. 

Figure 4: Evaluation of the retinal shape of patients with Negative Dysphotopsia 

(ND) and controls. A) The radius of curvature for patients with ND (red) and 

controls (gray). B) The retinal eccentricity. The black dots and lines display 

respectively the means and standard deviations. No significant differences were 

found between the groups. 

Figure 5: Evaluation of the geometrical relation between the iris and the 

intraocular lens (IOL) for patients with Negative Dysphotopsia (ND) and 

controls. A) The misalignment between the IOL center and pupil center 

calculated on the plane through the iris. B) The tilt of the IOL with respect to the 

iris. The black dots and lines display respectively the means and standard 

deviations. No significant differences were found between the groups. 

 

 



 

Synopsis: The RF safety assessment of implants is a computationally demanding task. An acceleration method was recently presented [1] where the local field enhancement was determined by sparse 

matrix inversion. In this work, we show how a model-based deep learning approach for unrolled optimization could significantly reduce the number of iterations required. The benefit of this approach is 

that traditional minimization is still possible afterwards, combining short computation times with high accuracy. We trained 5 iterations with 10.000 randomly generated implants. The hybrid approach 

finds a numerically equivalent solution in 
1

13

𝑡ℎ
 of the traditional method. This approach would enable online RF safety assessment of larger implants. 

Introduction: The RF safety assessment of metallic implants is a computationally demanding task. Therefore, an alternative sparse inverse computation approach was 

presented\cite{PeterStijnman2019}. The problem is that the time complexity of this method scales poorly with the problem size, 𝑁. For direct matrix inversion, 𝒪(𝑁3), or 𝒪(√𝑘𝑁) for a conjugate 

gradient method. Where 𝑘 is the condition number, which for realistic problems is in the order of 106 − 108. Recently, deep learned unrolled optimization approaches have been published that 

drastically decrease the number of iterations required to find the solution to the inverse formulation.[2-4] In this work, we use such an approach further reduce the computation time of the local field 

enhancement near implants. 

Theory: The RF field perturbation due to a metallic implant with respect to an incident RF field can be obtained in an efficient manner through an matrix inversion on a relatively small domain,[1,5]  

   𝑓𝑡𝑜𝑡 = 𝑓𝑖𝑛𝑐 + 𝑍(𝐼 − Δ𝐶𝑆𝑇𝑍)−1Δ𝐶𝑆𝑇𝑓𝑖𝑛𝑐               (1) 

Here 𝑓𝑡𝑜𝑡 contains the total electromagnetic fields, whereas 𝑓𝑖𝑛𝑐 contains the incident fields. Further, 𝑍 is a library matrix that consists of the single point source field responses for each location defined 

by 𝑆. At these locations a change in electromagnetic properties (Δ𝐶) is possible. Finally, 𝐼 is the identity matrix. The solution to Equation 1 (which is equivalent to the scattered current density on the 

implant) can be found by solving, 

min
𝑥

1

2
||𝐴𝑥 − 𝑏||

𝑛

2
                 (2) 

in an iterative fashion, for a given norm 𝑛. Various minimization strategies exists to solve this problem but these are not tailored specifically to the class of problems at hand and can, therefore, be 

considered suboptimal. Recently, neural networks have been introduced into these minimization problems.[2-4] The algorithm shown in Figure 1A tries to minimize 𝑓 =  
1

2
||𝐴𝑥 − 𝑏||

2

2
. Here ΛΘ can be 

any neural network where the iterations that are required to find the solution to the problem are rolled out into all the separate layers of a neural network. This can be seen as, 

ΛΘ =  𝒜𝑘 ∘ ℳ𝑤𝑘,𝑏𝑘
∘ 𝒜𝑘−1 ∘ ℳ𝑤𝑘−1,𝑏𝑘−1

∘ … ∘ 𝒜1 ∘ ℳ𝑤1,𝑏1
         (3) 

where 𝒜 and ℳ are nonlinear and affine operators respectively with the learnable parameters, Θ, given by, 

Θ = ((𝑤𝑘 , 𝑏𝑘), (𝑤𝑘−1, 𝑏𝑘−1), … , (𝑤1, 𝑏1))     (4) 

Either all the parameters of the network are learned at once or a greedy learning approach 2 can be taken which only trains one iteration, to a specified accuracy, at a time. This allows the gradient 

computation to be taken outside of the training which saves considerable time and memory. Finally, if after 𝑘 iterations the residual of the costfunctional is too large, one can train a 𝑘 + 1𝑡ℎ iterate or 

solve the problem with the traditional method with a very good initial guess (a hybrid method). Once finished the network has learned the solution space (Figure 1B) of the problem at hand, i.e. 

electromagnetic inversion, and can find the solution to new problems very efficiently. 

Methods: The network architecture for a single iteration can be seen in Figure 2. For training the network the training and test sets were generated using the traditional minimization strategy. In total 

10.000 random implants are generated, for which the initial guess (𝑥0 = 𝐴𝑇𝑏) and the corresponding gradient are computed. The training set consists of 95% of the data, the remaining data was used for 

the test set. The library used is one computed within the brain of Duke. In total 5 iterations were trained, where between iterations the new gradient for each problem was computed to make the 

training data for the following iteration. The entire pipeline, as seen in Figure 3, is programmed in the Julia language \cite{Julia}, where the deep learning framework Flux.jl is used. The evaluation is 

based on the found solution with the learned iterations and the found electric field using the hybrid method, i.e. first using the learned iterations and using that as an initial guess for the traditional 

minimization strategy. 

Results: In Figure 4 an 8 times undersampled output of the network's solution is shown compared to the true solution. In the table at the bottom it can be observed that the Mean Squared Error 

(MSE) of the deep learned approach decreases much faster compared to the normal one. The Hybrid method finds a numerically equivalent solution in 13 times fewer iterations (i.e. 13 times faster). The 

resulting electric field is shown in Figure 5. 

Discussion: The deep learning approach to solve the inverse problem greatly reduces the computation time. For the implants shown in [1] this would be 0.1 to 1s computation time. Furthermore, the 

training of the network requires less data compared to other neural networks since it only learns a very small part of the problem: the computation of the stepsize and direction. The underlying physical 

model is still present in this methodology creating more confidence in the obtained solution. Finally, the ability to use the proposed approach in conjunction with the normal solving strategy results in a 

fast and reliable method for RF safety assessment of implants. The proposed methodology represents an important next step towards TIER 4 safety analysis of or even online RF safety assessment for 

implants. The latter would enable patients with non-labeled implants to undergo an MRI-exam. 

Conclusion: The deep learning approach to solve inverse electromagnetic problems greatly reduces the number of iterations required to find the solution. This work poses a next step towards online 

RF safety assessment of implants. Furthermore, the combination with the traditional minimization allows for both large acceleration and high accuracy for the local RF field enhancement due to 

implants. 
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Figure 1. The algorithm on the left shows how the costfunction is minimized. Where the choice can be made to compute a descent direction and stepsize using tradition method, ℎ(𝑔𝑘 , 𝑥𝑘), or with the 
help of a neural network,ΛΘ(𝑔𝑘 , 𝑥𝑘). On the right is a hugely simplified visualization of a solution space. However, it clearly demonstrates where the Deep learning approach outperforms any traditional 
method, fewer iterations are required. 

 

Figure 2. The used network architecture for a single iteration. The number displayed in the different layers are indicative of the number of channels. The number of input channels is 6 (𝑥-,𝑦- and 𝑧-
components split up in real and imaginary parts). The cyan arrows define convolution operations with a 3x3 2.5D kernels (i.e. the first layer has 5 𝑥𝑦, 𝑥𝑧, 𝑦𝑧- kernels - a total of 15 kernels) and a ReLu 
activation function, the purple arrow is the same convolution but with an identity activation function. The dark blue is just an identity, entailing that the network only computes the change, Δ𝑥𝑘. 

 

Figure 3. A schematic overview of the pipeline that was used to train and evaluate the network. First implants are generated and the initial guess, corresponding gradient are computed. Secondly, the 
problem is solved using the normal minimization strategy. The found solutions are used for training and test data for training and evaluating the 𝑘 number of networks. 

 

Figure 4. The solutions found by the learned iterations with respect to the true solution. The top plot shows the solution found after 1 iteration, 𝑥1. The second shows 𝑥3 and the third plot shows 𝑥5. The 
table at the bottom shows the MSE (with respect to 𝑥𝑡𝑟𝑢𝑒) for the different methods at different iterations, indicated by the subscript. 

 

Figure 4. The magnitude of the electric field due to an implant. The left column of figures show a slice of the true solution, while the right column show the same slices on the same color scale for the 
hybrid method. The top row shows the 𝑥-component of the electric field, the second row the 𝑦-component and the bottom row the 𝑧-component. 



 

Synopsis: A new local method for electrical properties tomography (EPT), dubbed transverse-EPT (T-EPT), is introduced. This approach iteratively optimizes the dielectric properties 

(conductivity and permittivity) and the electric field strength under the assumption of a locally E-polarized field structure, which is typically present in the midplane of a birdcage coil. 

Using only first order differentiation operators and avoiding the need for knowledge of the incident fields, this method is both more noise robust than conventional Helmholtz-based 

EPT and easier to apply than first-order Induced Current EPT. Simulation and measurement data show the theoretical and practical applicability of the method. 

 

Introduction: In electrical properties tomography (EPT) the goal is to reconstruct quantitative conductivity (𝜎) and permittivity (𝜀) maps from measured 𝐵1
+ =

1

2
(𝐵𝑥 + j𝐵𝑦) fields 

with potential applications in tumour diagnostics1, hyperthermia treatment planning2 and SAR assessment3. Here, we present a new approach, dubbed transverse-EPT (T-EPT), which 

exploits the E-polarized field structure typically present in the midplane of a birdcage coil. This method involves only first order differencing operators acting on 𝐵1
+, improving its 

robustness with respect to noise and resulting in better boundary definitions compared to conventional Helmholtz-based EPT (H-EPT)4. Additionally, T-EPT yields a similar 

reconstruction quality as first-order Induced Current EPT (foIC-EPT)5, while avoiding the need for a priori knowledge of the incident electric field. 

 

Theory: In T-EPT we exploit the E-polarized field structure in the midplane of the birdcage coil (𝐸𝑥 = 𝐸𝑦 = 𝐵𝑧 ≈ 0). Then, by imposing the condition 𝜕𝑧𝐵𝑧 =  0 and Gauss' law of 

magnetism 𝜕𝑥𝐵𝑥 + 𝜕𝑦𝐵𝑦 = 0, we obtain from Maxwell’s equations 

   𝜕−𝐵1
+ =  

1

4
(−j(𝜕𝑦𝐵𝑥 −  𝜕𝑥𝐵𝑦)),        (1) 

where 𝜕− =
1

2
(𝜕𝑥 −  j𝜕𝑦) is the negative Wirtinger derivative. From the z-component of the Maxwell-Ampere law (𝜕𝑦𝐵𝑥 − 𝜕𝑥𝐵𝑦 = −𝜇0𝜂𝐸𝑧) , we find 

4

j𝜇0
𝜕−𝐵1

+ = 𝜂𝐸𝑧,          (2) 

with 𝜂 = 𝜎 + j𝜔𝜀. Additionally, an E-polarized field structure implies locally that 𝜕𝑧𝐸𝑥 = 0 and 𝜕𝑧𝐸𝑦 = 0, and from the x- and y-component of Faraday's law we then obtain 

          𝐵𝑥 =  −
1

j𝜔
𝜕𝑦𝐸𝑧       and       𝐵𝑦 =  

1

j𝜔
𝜕𝑥𝐸𝑧.        (3) 

Substituting this into the definition of 𝐵1
+ gives 

  𝐵1
+ =  

1

𝜔
𝜕+𝐸𝑧,         (4) 

where 𝜕+ =
1

2
(𝜕𝑥 +  j𝜕𝑦) is the positive Wirtinger derivative. We use Eqs. (2) and (4) to set up a minimization procedure by defining an objective function 

𝐹(𝐸𝑧, 𝜂) =  
1

2

‖
4

j𝜇0
𝜕−𝐵1

+−𝜂𝐸𝑧‖
2

‖
4

j𝜇0
𝜕−𝐵1

+‖
2 +

1

2

‖𝐵1
+−

1

𝜔
𝜕+𝐸𝑧‖

2

‖𝐵1
+‖

2        (5) 

and solving for 𝐸𝑧 and 𝜂 such that this function is minimized. We follow an alternating minimization approach, where we first update 𝐸𝑧 via conjugate gradient updates, followed by 

solving for 𝜂 via Eq. (2). These steps are repeated until convergence is reached. 

 

Methods: A cylindrical phantom (radius 5.5 cm, length 20 cm) containing three tubes (radius ~1.5cm) was constructed from water-based agarose gel, doped with polyvinylpyrrolidone 

and sodium chloride to mimic brain tissues. The gels were prepared to have conductivities of 0, 0.75 and 2.1 S/m and relative permittivities of 40, 40 and 78 for the tubes, and 0.5 S/m 

and 50 for the surrounding material. A balanced steady-state free precession sequence was used to acquire the transceive phase, and actual flip angle imaging was performed to acquire 

𝐵1
+ magnitude maps on a 3T scanner (Ingenia, Philips, Best, The Netherlands). The transceive phase assumption6 was used to estimate the transmit phase. 

A 3D model of the phantom and coil setup was simulated in XFdtd (v7.5, Remcom, State College, PA, USA) to test the performance of the reconstruction method. Additionally, a 2D 

model of the configuration was simulated in MATLAB (The MathWorks, Inc., Natick, MA, USA) using in-house simulation code to test the assumptions on longitudinal invariance. 

T-EPT reconstructions were compared to H-EPT4 using a noise robust 7x7x5 Laplacian kernel6, and to foIC-EPT5. Additionally, the reconstructions based on the 3D and 2D simulations 

were compared to test the assumptions made and to understand the limitations of the method. Note that both T-EPT and foIC-EPT reconstruct in a slice-by-slice fashion, while H-EPT 

requires 3D datasets. 

 

Results & Discussion: Figure 1 compares T-EPT to H-EPT and foIC-EPT. The noiseless conductivity reconstructions show a large boundary error for H-EPT, which is due to the 

size of the Laplacian kernel and the underlying homogeneity assumption, while the noisy reconstructions show severe noise amplification due to the second order derivative that acts 

on 𝐵1
+ data. Both foIC-EPT and T-EPT show identical results, which indicate an increased robustness against noise and improved boundary accuracy. However, both methods suffer 

from under-estimations in the conductivity values and artefacts in the center of the object, due to the low electric field strength. The permittivity reconstructions show similar behaviour, 

albeit at a lower reconstruction accuracy due to the intrinsically larger influence of conduction currents than displacement currents.  

Figure 2 compares T-EPT reconstructions on 2D and 3D noiseless EM fields. In the 2D case with 𝐸𝑧 known, this results in an accurate reconstruction. If Ez is not known, T-EPT results 

in an underestimation of the EPs. In the 3D case with 𝐸𝑧 known, we observe artefacts at the top and bottom of the sagittal slice, which are due to the fact that the E-polarized field 

structure is not fulfilled. When 𝐸𝑧 is unknown, we observe artefacts both from the assumed E-polarized field structure as well as the effects of errors in 𝐸𝑧. 

Figure 3 shows reconstructions of the measured data, showing similar effects as observed in the reconstructions based on simulated data. H-EPT shows pronounced boundary errors, 

while foIC-EPT and T-EPT show clear underestimations in the conductivity but improved permittivity reconstructions. 

 

Conclusion: T-EPT is applicable in regions where the field is E-polarized, which is typically the case in the midplane of a birdcage coil. The proposed method is more noise robust 

and has improved boundary reconstructions compared to H-EPT. However, it underestimates the conductivity maps, which is also observed in foIC-EPT, albeit less significantly in the 

measurement results. The benefit of T-EPT is, however, that no a priori knowledge about the incident fields is required. 
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Figure 1. Conductivity (a-g) and permittivity (h-n) reconstructions with H-EPT, foIC-EPT and the proposed T-EPT 

for noiseless simulation data, and with an SNR level of 200. 

Figure 3. EP reconstructions of the measured data with 

the three different methods. Conductivity (a-c) and 

permittivity (d-f). 

 

Figure 2. T-EPT reconstructions for 2D and 3D electromagnetic fields when 𝐸𝑧 would 

be known, and when 𝐸𝑧 is unknown. Conductivity (a-e) and permittivity (f-j). 



 

Synopsis: We present a novel method called Bicompartmental MR-STAT for simultaneous quantification of separate T1, T2 and Proton density for two resonances 

based upon the MR-STAT framework. This requires a map of B0 to get correct quantification, which may be estimated from the same data to high precision. 

 

Introduction: Multi-parametric methods such as MRF1 and MR-STAT2 rely on model-based parametric reconstructions. Usually, the employed MR signal models 

refer to a single resonance frequency (water) inside a voxel. Although this assumption is realistic for neuro acquisitions, body MR needs to take into account also 

signal from fat.  

In this work, a bi-compartmental MR-STAT framework is presented which allows for separation of the water and fat signal contributions with the aim of 

eliminating the quantification biases which may result from simplistic mono-compartment models. Bi-compartmental MR-STAT is thus an extension to the MR-

STAT framework where the parameters T1, T2 and Proton density for the water signal (4.7 ppm), and the dominant fat signal ( (CH2)n , 1.3 ppm) are jointly 

reconstructed. Additionally B0 is reconstructed by taking advantage of multiple readouts within each TR which allows for separate but accurate B reconstruction. 

 

Theory: The extended MR-STAT signal model at sampling time may be written as: 

𝑑(𝑡) =  ∭ ∑ ρ𝑖(𝑟)𝑀(𝑇1
𝑖(𝑟), 𝑇2

𝑖(𝑟), 𝐵0(𝑟), 𝜔𝑖 , 𝑡) 𝑑3𝑟 

𝑁

𝑖=1𝑉

                         (1) 

Where N is the number of modelled resonances and is set to 2 in this case, respectively water and methylene ( (CH2)n, the dominant fat component) or acetone for 

the experimental phantom. M gives the response of Bloch equation. Acquisitions follow a multi-echo strategy where two echoes are in-phase in order to maximize 

decorrelation of the signal. This enhances the separation of the water and fat tissues, which allows reconstruction of T1
w(r),T1

f(r),T2
f(r),T2

f(r),ρw(r) and ρf(r) in a 

cyclic fashion. Each sub-problem is solved as a separate MR-STAT problem with five iterations, see also Figure 1. By solving the inverse problem in this iterative 

scheme it is assumed that the calculated signals from Figure 1 converge towards true values. 

B0 is initialized in a separate pre-processing step. Since MR-STAT data is typically acquired with fully sampled Cartesian k-space and slowly varying flip-angles, a 

Fourier Transform step can return images for each k-space and each echo. In this work, we implemented three readouts in each TR, two thereof are timed to 

eliminate the phase accrual of off-resonance (fat). B0 can thus be obtained by phase data of these two echoes. Using element wise division of the Fourier 

Transformed in phase images, we may construct and solve the following regularized equation for B0: 

arg min
𝐵0

||𝐴(∆𝑇𝐸)𝐵0
⃗⃗⃗⃗ ⃗(𝑟) − �⃗⃗�(𝑟)||2 + ||𝜆∇2 (𝐵0

⃗⃗⃗⃗ ⃗(𝑟)) ||                          (2) 

The regularization parameter is chosen to enforce smoothness of the map. 

 

Methods: A spoiled gradient multi echo sequence with a slowly variable flip angle is proposed in this work. The echo times chosen in this work are such that the 

echo train is in phase, out of phase and in phase again. This implies 2.3ms, 5.8ms and 9.3ms for fat and 3.1ms, 7.9ms and 12.6ms for Acetone at 3.0T and the 

echoes are acquired with alternating polarity. The TRs have been set to 11.6ms and 15.7ms respectively. The flip angle train follows a squared sine function and is 

shown in Figure 2. The quantitative parameters are then solved as an inverse problem from the data using Eq. (1) and the cyclic scheme described above. An 

estimated B0 map from the data is given as an as an input parameter for solving the bi-compartmental MR-STAT model and obtaining as written in the theory 

section. Figure 3 shows reconstructed on a digital phantom, with generated white noise such that SNR=30.0 as well as extra resonances comparable to the extra fat 

resonances were added.  

Preliminary results are also available on real data measured on an in-house made phantom next to a commercially available phantom containing only a water 

resonance. The in house made phantom consists of acetone mixed with water such that the proton density ratio is approximately 1:3.5. Data was acquired on a 

Philips Ingenia 3.0T system. Although this reconstruction failed to quantify the relaxation times properly unfortunately, it does show the merit of this method. 

Acetone is reconstructed only in significant amounts in the tube where it's located, and the proton density ratio recovered is between about 1:4.5. Furthermore the 

second phantom is reconstructed nearly uniform, which it should be. More investigation is required why this dataset has these quantification anomalies. 

Conclusion and Discussion: The simulation data show that the Bi-compartmental MR-STAT method for reconstructed multiple resonances looks promising, 

allowing the possibility of accurate quantification for multiple signal compartments, while the experimental data show that there is merit to the method. It is 

currently unknown why the reconstruction on the experimental shows these results reported here, but these errors could arise from an error in measuring the 

Acetone off-resonance for example. As far as the authors know there is no other method attempting to quantify different relaxation methods for different 

resonances. This model could be extended in the future using additional echoes within the chosen sequence for more than two resonances in a similar cyclic 

scheme, which would make this method a potentially very powerful tool in quantification. 

Acknowledgements We would like to thanks W. van de Kemp, J. Prompers and J. Wijnen for fruitful discussions about the experimental phantom choice in this 

work. 
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Figure 1. A schematic view of the proposed MR-STAT framework.  is calculated as written in the text. The initial values 

for the parameters are set to fixed values. The framework solves two different MR-STAT problems for five iterations in 

a cyclic scheme, updating the data vector between each iteration of the same resonance. 

 

Figure 2: The variable flip angle train which is a sequence of repeated sin2(TR) 

functions with different amplitudes. 

 

 

 
Figure 3. Reconstructions of simulated data with SNR. As can be seen the reconstruction matches the ground truth very well, up to a minor bias for T1 in the order of 15ms.  

 

Figure 4. Reconstructed B0 from simulated multi-resonance data. Noise is added as well such that 

SNR = 30.0. It may be seen that the errors in B0 are minimal, although slightly larger at interfaces. 

Note that the B0 is close to zero along the interface such that the percentual difference is large. 

 

Figure 5: A reconstruction from experimental data. Although the relaxation parameters are estimated 

incorrectly, there is still evidence of merit for this method. Acetone is only marginally reconstructed 
in the tube where it is not there, and the Proton Density ratio is in the correct order of magnitude 

(1:4.5, instead of the 1:3.5). Top: Water. Bottom: Acetone 

 



 

Synopsis: In order to extract clinically useful information from medical images, it is important that extracted features are reproducible and standardized. 

This study investigates the robustness of MR radiomics features – extracted using two commonly used radiomics softwares – with respect to inter-

observer manual segmentation variability on dynamic contrast-enhanced breast MRI. 129 histologically confirmed breast tumors were segmented in 

3D on the first post-contrast T1-weighted MR exam by four observers. Features with an intraclass correlation coefficient of > 0.9 were considered 

robust. A list of 552 robust RadiomiX features and 273 Pyradiomics features, independent of inter-observer segmentation variability in breast MRI 

was identified.  

 

Purpose 
In order to extract clinically useful information from medical images, it is of utmost importance that extracted features are reproducible and 

standardized. This study investigates the robustness of radiomics features – extracted using two commonly used radiomics softwares – with respect to 

inter-observer manual segmentation variability on dynamic contrast-enhanced breast MRI. In addition, the differences in feature robustness and inter-

observer segmentation variability between easy-to-segment tumors and more challenging ones, as perceived by the expert, were investigated.  

 

Materials and Methods 

129 histologically confirmed breast tumors were segmented manually in three dimensions on the first post-contrast T1-weighted MR exam by four 

observers: breast radiologist, radiologist in training, PhD candidate with medical degree, and medical student (Figure 1). Features were extracted 

using the RadiomiX and the open-source Pyradiomics softwares. Features with an intraclass correlation coefficient (ICC > 0.9) were considered 

robust. Inter-observer variability was evaluated using the volumetric Dice Similarity Coefficient (DSC). 

 

Results 
The mean DSC for all tumors was 0.81 (range 0.19-0.96). The mean DSC was higher for the easy tumors compared to the challenging tumors (0.83 

vs. 0.75, respectively, p < 0.001). In total, 41.6% (552/1328) and 32.8% (273/833) of all RadiomiX and Pyradiomics features were identified as robust, 

respectively. Of the 94 easy tumors, 57.5% RadiomiX and 35.7% Pyradiomics features were robust. Of the 35 challenging tumors, only 17.2% 

RadiomiX and 28.6% Pyradiomics features were robust.  

 

Conclusion 
This study shows conclusively the intuitive notion that more complex, challenging tumors lead to less robust features, and that robust features are not 

simply interchangeable between radiomics software with respect to inter-observer segmentation variability. Ultimately, a list of robust radiomics 

features which is independent of inter-observer segmentation variability in breast MRI was identified for two commonly used softwares. 

 

 

 

 

 

  

MRI-based radiomics in breast cancer: feature robustness and its interoperability with respect to inter-
observer segmentation variability 
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Figure 1 - Two invasive breast tumors in the left breast on the 2 minute post-contrast 
DCE MRI with four single manual segmentations (colored margins: red, blue, green 
and yellow) fused. Upper: ‘challenging tumor’. Lower: ‘easy tumor’.  



 

Synopsis: In 1H-MRS, the water resonance is often used as an internal reference. However, macromolecules in the liver, e.g. glycogen, might affect 

the hepatic water T2, modulating the signal intensity of such reference. Water T2 relaxation time was determined and found to be different in 

phantoms with varying starch concentrations. In vivo experiments in healthy lean subjects after a carbohydrate rich meal and after an overnight fast 

(corresponding to a state of high vs low glycogen, as validated by 13C-MRS) showed a longer T2 relaxation time of water in the fasted state, 

compared to the postprandial state. 

Introduction: Water is commonly used as an internal reference for absolute quantification of metabolites in proton magnetic resonance spectroscopy 

(1H-MRS). A reference is required to be stable, but the MR relaxation processes of water may be influenced by macromolecules. We hypothesize 

that changes in liver glycogen concentrations will affect T2 relaxation of water. Therefore, we measured the T2 of water in the postprandial and 12 

hour fasted state. 

Methods: All experiments were performed on a 3T MR system (Philips Achieva 3T-X, Philips Healthcare, The Netherlands). Phantoms with 

different concentrations (15, 30, 45 and 60 g/l; 500 ml; 0.9% NaCl) of corn starch as glycogen substitute were used to determine changes in water T2. 

These concentrations cover the physiological range of liver glycogen concentrations [1]. Water T2 relaxation time in phantoms was determined by 

using STEAM with varying TE (Voxel: 30x30x30mm; TE: 29, 44, 59, 74, 89 and 200ms; TR: 4000ms) and by fitting an exponential function to the 

water intensities. The in vivo hepatic water T2 was determined in five lean healthy subjects, three hours after a carbohydrate rich dinner 

(postprandial) and after an overnight fast of 12 hours (fasted). Again, STEAM with varying TE (Voxel: 30x30x30mm; TE: 10, 20, 30, 40, 50, 60, 70 

and 80ms; TR 4000ms) was used to determine water T2. Additionally, in three of the subjects, liver glycogen levels were measured by acquiring non-

localized 13C NMR spectra (FID; TR: 280ms; NSA: 4096) with a 21x24cm 13C quadrature detection surface coil (RAPID Biomedical GmbH, 

Germany), no decoupling was applied. Data analysis was performed with an in-house developed Matlab script. 

Results: Water T2 increased in lean subjects from postprandial to fasted state by an average of 7.2 ±2.8ms (Figure 1, N=5). Liver glycogen levels 

decreased in the same period by 16.2 ±4.3% (Figure 2, N=3). Phantoms with increasing corn starch concentrations show decreasing water T2 

relaxation times (Figure 3). 

Conclusion: The in vivo water T2 in the liver appears to decrease in the postprandial state, when compared to the fasted state in healthy lean 

subjects, concomitant with increased glycogen levels. Similarly, we found in phantoms that a higher macromolecular concentration decreased the 

water T2. These findings are important when designing intervention studies or when comparing liver metabolite concentrations over the day. 

Furthermore, it is very interesting to note that the T2 of water seems to be an indicator of glycogen status. Therefore, these results might give a lead 

towards an indirect measurement of liver glycogen 
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Figure 1: Water T2 three hours after meal (postprandial) and after an overnight 

fast of at least 12 hours (fasted). An average increase in water T2 of 7.24 

±2.75ms (N=5) from postprandial to fasted state was observed 

 

Figure 2: Changes in liver glycogen between three hours after dinner 

(postprandial) and subsequent overnight fast (fasted), determined by 13C MRS 

(N=3). Postprandial glycogen scaled to 100%, fasted glycogen level relative to 

postprandial 

 

Figure 3: Water T2 dependence on corn starch concentrations measured in 

phantoms. Increasing the starch concentration results in decreased water T2 

values. 

 

 



 

Synopsis: In in vivo MRSI spatial inhomogeneities of the main magnetic field cause spectral line broadening and location dependent frequency shifts in the spectra. 

An over-discretized reconstruction method is applied to existing prostate 1H-MRSI data, consisting of spatial over-discretization of the MRSI grid, frequency shift 

correction according to a high resolution B0map and weighted spatial averaging to the target resolution. Intravoxel B0 variations are corrected for and resampling to 

a new target resolution results in improved localization of signals. This could lead to detection of signals with lower spectral intensity and to improved visualization 

of smaller cancer lesions in the prostate. 

 

Introduction: In in vivo magnetic resonance spectroscopic imaging (MRSI) different metabolic compounds of healthy or pathologic tissue, which are identified in a 

spectrum, can be spatially resolved in metabolite maps. With low spatial resolution and small matrix sizes, the spatial response function (SRF) of individual voxels 

extends all over the field of view, which can be reduced by hamming filtering of k-space at the cost of an even lower spatial resolution of the resulting metabolite 

maps. Another technical challenge in creating these maps is the spatial inhomogeneity of the main magnetic field (B0) across the organ of interest. Long-range B0 

inhomogeneities introduced into voxel specific spectra by the SRF along with intra-voxel B0 inhomogeneity cause spectral line broadening and location dependent 

frequency shifts in the spectra. To reduce long range signal bleeding, to improve the effective versus the nominal voxel size and to correct for intra-voxel B0 

inhomogeneity an over-discretized SRF target based reconstruction method1 is applied which uses high resolution B0 field maps2 to improve data quality of spectra 

and localization of the signals in metabolite maps derived from 1H-MRSI in the human prostate at 3T. 

 

Methods: The over-discretized reconstruction (ODR) method previously introduced for MRSI of the brain2 is applied to prostate 1H-MRSI data to assess feasibility. 

The method consists of two steps, the first of which generates a high resolution intermediate grid of subvoxels by over-discretizing the original MRSI dataset. Each 

subvoxel is then corrected with the frequency shift according to the local frequency offset from the center frequency of the main magnetic field at the specific location 

as indicated in a B0 map, acquired by a dual echo method3. As the spectral B0 correction is applied to the intermediate super-resolution spectroscopic image, it allows 

to make use of the B0 map at high spatial resolution, correcting for (substantial) intravoxel variations. This causes metabolite peaks to align and removes noise 

correlations between neighbouring subvoxels. A weighted spatial average of subvoxels with now increased coherence, achieved by an SRF target that suppresses 

long range signal bleeds, leads to a final effective voxel size of the reconstructed MRSI data, very close to the original nominal voxel size.  

Prostate 1H-MRSI data, acquired with a semi-LASER 1H-MRSI sequence on a 3T MRI system (MAGNETOM Prisma-fit4, scan parameters: TR:750ms, TE:88ms, 

acquired voxelsize:7x7x7mm, varying matrix sizes:~11x11x11 voxels, 3 weighted averages and hamming filtering), is post-processed by the ODR. An over-

discretization factor of 3 is chosen leading to an intermediate MRSI grid of 48x48 voxels. The B0map of the prostate is registered to and represented at the same 

resolution as the intermediate spectroscopic image. The corrected intermediate spectroscopic image is transformed to the target resolution of 16x16, by an SRF target 

with a characteristic width of 1.5 nominal voxels, consistent with the previous study.     

The data processed with ODR and the originally acquired and postprocessed data (3D Hamming filter of zero-filled k-space) were imported in syngo.via4 and both 

fitted with the same prior knowledge. Metabolite maps of citrate and a combination of creatine, spermine and choline were created and signal to noise ratios (SNR) 

were extracted.  

 

Results: Examples of spectra from voxels inside the peripheral zone of the prostate show similar or higher SNR for ODR data (Fig. 2). With the chosen parameters 

for over-discretization and subsequent averaging with the target function, the width of the targeted SRF at half height is 1.39 vs. 1.82 for the Hamming filtered data2. 

Therefore, effective voxels from ODR data are smaller, which is visible in citrate metabolite maps that adhere closer to the contours of the zone as depicted on the 

T2-weighted image (Fig. 3). High choline levels present in voxels matching the seminal vesicles is seen both in original and reconstructed data with less bleed of the 

signal further into the prostate in the latter dataset (Fig. 4). 

  

Discussion: The over-discretized reconstruction resulted in an improved localization of prostate metabolites in some subjects, showing a promising tool to increase 

spectral quality and spatial resolution of metabolite maps.  

Comparing SNR values between original and reconstructed data of the voxels within the VOI of the MRSI measurement is not straightforward. Voxels near the edges 

of the prostate, or within the transition zone, can contain less metabolite signal in the ODR data when compared to the original data with larger voxel size. Voxels 

completely within homogeneous peripheral zone tissue in both reconstructions do show an increase in SNR in the ODR case, even though the voxel size is smaller. 

A prerequisite for SNR gain for smaller voxels in ODR data seems to be good data quality. When the fitting protocol fails to correctly phase or identify peaks, or 

when steps in the B0 map of more than 2pi are present (and currently unaccounted for), the ODR algorithm is not able to increase spectral quality.  

 

Conclusion: Over-discretized reconstruction of existing prostate 1H-MRSI data can lead to improved localization of metabolite signals. Currently there are some 

difficulties preventing the method to produce robust results for all spectra. When overcome, the method has potential to detect signals with lower spectral intensity 

and improve visualization of smaller cancer lesions in the prostate.   
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Figure 1. Schematic overview of the over-

discretized reconstruction method. The 

original MRSI grid is first transformed into 

a higher-resolution intermediate grid by a 

factor 3. Each subvoxel spectrum is then 

frequency-shifted according to the 

corresponding B0 map. By a weighted 

average of the subvoxels, the target 

resolution is achieved.  

 

 

 

 

 

 

 

Figure 2: Two spectra (original 

Hamming-filtered and ODR) fitted in 

syngo.via of the same location (centered 

around blue voxel) in the prostate of a 

patient. SNR values exported from 

syngo.via, with the citrate peak height as 

signal, show an increase by a factor of 1.3 

for the ODR data (right panel) compared 

to the original data (middle panel).      

 

 

 

 

 

 

Figure 3: Improved localization in MRSI metabolite maps. 

In this subject the citrate signal is mostly found in the 

peripheral zone of the prostate. In the original dataset 

(middle panel) the Hamming filter induces bleed of the 

signal over the prostate. The dataset after ODR (right 

panel) shows the citrate signal with an improved 

localization to a specific spot in the peripheral zone with 

the signal adhering closer to the contours of the zone.  

 

 

 

 

 

Figure 4: This subject shows an improved localization of 

the citrate level to the peripheral zone between original 

data (middle) and ODR data (right). The bottom row 

shows high signal intensities arising from choline levels 

in the seminal vesicles, with improved localization for 

the ODR data in the right panel.   

 



 

Synopsis: Deuterium Metabolic Imaging (DMI) is a new technique, which could potentially be used to study liver metabolism in vivo. 

The aim of this study was to develop a 4-channel 2H transmit/receive array for DMI of the liver at 7T, combined with 4 1H dipole 

elements for conventional anatomical MRI. Natural abundance DMI water and lipid maps measured on a phantom showed good 

correspondence with 1H Dixon water and lipid images. The multi-channel setup allowed us to pick up the natural abundance 2H water 

signal throughout the whole liver in a 3D DMI acquisition with a nominal resolution of 20x20x20 mm3. 

Purpose: Deuterium (2H) metabolic imaging (DMI) is a new emerging technique to study metabolism in vivo and has been applied both 

in rats1,2 and in humans1. The disturbed metabolism of glucose in the diabetic liver could potentially be investigated non-invasively with 

DMI after oral intake of deuterated glucose. As the sensitivity of DMI scales supralinear with the magnetic field strength3, the 

application of DMI at ultra-high field leads to a significant gain in SNR, which can be employed to reduce scan time or to improve 

spatial resolution. In addition, DMI is characterized by relatively low radiofrequency (RF) power requirements, making the method 

extremely suited for application at ultra-high field, while 1H-MRI/MRS methods are typically challenging at high field due to much 

higher RF power demands. The aim of this study is to develop a 4-channel 2H transmit/receive array for DMI of the liver at 7T, 

combined with 4 1H dipole elements for conventional anatomical MRI. 

Methods: A DMI body coil setup was developed for a 7T whole-body MRI system (Philips Healthcare, Best, Netherlands), consisting 

of 4 2H transmit/receive loops. Two loops were incorporated in a posterior element and two other two loops in an anterior element 

(Figure 1). The loops within one element were geometrically decoupled. Each 2H transmit/receive loop was combined with a 1H dipole 

element for reference anatomical imaging and B0 shimming (Figure 1). All DMI measurements were performed with a pulse-acquire 

sequence using a 500 s block pulse, followed by phase encoding gradients for 3D spatial encoding. Sensitivity profiles of the 2H coils 

were assessed individually on a body size phantom by driving each transmit coil consecutively. This was compared to an acquisition in 

which all 4 transmit coils were driven simultaneously (TR= 333 ms, FA= 90°, CSI matrix= 6 x 7 x 7, voxel size= 40 x 40 x 40 mm3, 

NSA= 4). Next, DMI was performed on a multi-compartment phantom, filled with water (inner compartment) and soybean oil (outer 

compartment). B1 and second order B0 shimming were applied before Dixon images were acquired, which were also used for CSI 

planning. A 3D DMI scan was performed (TR= 333 ms, FA= 90°, CSI matrix= 13 x 13 x 11, voxel size= 15 x 15 x 15 mm3, NSA= 4), 

from which water and lipid maps were generated by Lorentzian fitting and integrating the area under the respective peaks. For the in-

vivo scan, coils were placed on the right lateral side of a healthy subject to maximize acquired signal from liver. The 3D DMI grid was 

planned on a Dixon scan and covered the whole liver. Acquisition was performed with elliptical k-space acquisition without respiratory 

gating (TR= 333 ms, CSI matrix= 12 x 14 x 13, voxel size= 20 x 20 x 20 mm3, NSA= 4, total acquisition time= 22 min). All 3D DMI 

data were constructed with Hamming filtering in the spatial domain, 10-Hz Gaussian apodization in the spectral domain and WSVD coil 

combination4 using the CSIgui toolbox5 in MATLAB. 

Results: Figure 2 shows sensitivity profiles of the 4 2H coils, as measured from the natural abundance HDO signal in a body size 

phantom, using single-channel transmit for each channel (left) and 4-channel transmit (right). The acquired signal patterns were similar 

for both cases, showing that there was no destructive interference between the effective B1+ fields of the 4 coils. Figure 3 displays 1H 

Dixon images (a,b) and DMI metabolite maps of the natural abundance 2H water and lipid signals (c,d) measured on a multi-

compartment phantom filled with water and soybean oil, showing good correspondence in the localization of the water and lipid signals. 

The sensitivity of the developed setup was sufficient to pick up the natural abundance 2H signal from water in the liver (Figure 4). Signal 

could be detected throughout the whole liver; however, signal intensity dropped at further distances from the posterior and anterior coil 

elements. 

Discussion and Conclusion: This is the first application of a multi-channel body coil for DMI to our knowledge. Natural abundance 

DMI water and lipid maps measured on a phantom showed good correspondence with 1H Dixon water and lipid images. The developed 

multi-channel coil setup allowed us to pick up the natural abundance 2H water signal throughout the whole liver in a 3D DMI acquisition 

with a nominal resolution of 20 x 20 x 20 mm3. When the setup is combined with oral intake of deuterium labeled glucose or water in 

the next phase, it could enable us to study metabolic processes in the liver in more detail. 

 

References: 

1. De Feyter HM, Behar KL, Corbin ZA, et al. Deuterium metabolic imaging (DMI) for MRI-based 3D mapping of metabolism in vivo. 

Sci Adv. 2018;4(8):1-12. doi:10.1126/sciadv.aat7314 

2. Lu M, Zhu XH, Zhang Y, Mateescu G, Chen W. Quantitative assessment of brain glucose metabolic rates using in vivo deuterium 

magnetic resonance spectroscopy. J Cereb Blood Flow Metab. 2017;37(11):3518-3530. doi:10.1177/0271678X17706444 

3. de Graaf RA, Hendriks AD, Klomp DW, et al. On the magnetic field dependence of deuterium metabolic imaging (DMI). Proc 27th 

Annu Meet ISMRM. 2019; #0492. 

4. Rodgers CT, Robson MD. Receive array magnetic resonance spectroscopy: Whitened singular value decomposition (WSVD) gives 

optimal bayesian solution. Magn Reson Med. 2010. doi:10.1002/mrm.22230 

5.  CSIgui v2, http://ww.csigui.tk, visited on 25/09/2019. 

 

Development of a 4-channel body coil for Deuterium Metabolic Imaging of the liver at 7T 

 

 

 

  

 

A. Gursan1, A.D. Hendriks1, D. Welting1, P.A. de Jong1, D.W. Klomp1, J.J. Prompers1 
1Department of Radiology, University Medical Center Utrecht, Utrecht, Netherlands 

 

Acknowledgments / Funding Information: This work was funded by a HTSM grant from NWO TTW (project number 17134)  

 

P-092 Spectroscopy

http://ww.csigui.tk/


 

 

 
Figure 1: The 4-channel DMI body coil setup. The 2H transmit/receive loops and 1H dipole antennas are shown both separately (a) and inside the coil setup (b,c). The coil elements are placed on anterior 

and posterior sides of the subject (d). Coupling matrix of the coil when loaded with subject (e). 

 
Figure 2: Sensitivity profiles of the 4 2H coils measured from the natural abundance HDO signal in a body size phantom, using single-channel transmit for each channel (left) and 4-channel transmit (right). 

Acquired signal patterns are similar for both cases, showing that there is no destructive interference between the effective B1+ fields of the 4 coils. 

 

Figure 3: Dixon water (a) and lipid (b) images showing the water and lipid compartments of the phantom. DMI water (c) and lipid (d) maps were created by fitting Lorentzian functions to the natural 

abundance 2H water and lipid signals. 

 

Figure 4: a) Transverse Dixon water image overlaid with DMI data from the center slice of the 3D data set. b) The spectrum in the yellow frame originates from a voxel located in the liver and only shows a 

water signal. The spectrum in the green frame also contains signal from subcutaneous fat, which was included in the voxel. 

 



 

Synopsis: Indirect 13C measurements provide a large signal gain when compared to direct 13C-MRS. The regular J-difference editing (JDE) techniques are quite 

challenging to apply in the liver, as respiratory motion will result in imperfect subtraction of the huge overlapping 1H-[12C] signal, which hampers accurate 

quantification of the 1H-[13C] signals. Here, we demonstrated that the application of a BIlinear Rotation Decoupling filter prior to a regular JDE (STEAM-ACED) 

to pre-suppress the hindering 1H-[12C] signal, leads to a robust detection of the 1H-[13C] signal irrespective of respiratory motion. We showed an application of 

measuring 1H-[13C] lipid signals from the liver in vivo. 

 

Introduction: Indirect 13C-MRS (i.e. the detection of 1H signals that are coupled to 13C-nuclei) leads to a large signal gain when compared to direct 13C-MRS. 

Recently, we demonstrated that it is possible to noninvasively follow the retention of labeled 13C-substrate into the hepatic lipid pool in vivo using gradient 

enhanced heteronuclear single quantum coherence (ge-HSQC) spectroscopy1. ge-HSQC was chosen in these measurements, as the use of J-difference editing (JDE) 

approaches2 results in imperfect subtraction and thereby incomplete suppression of the (large) overlapping 1H-[12C] lipid signal in vivo due to respiratory motion. 

However, the drawback of applying ge-HSQC is that it inherently leads to a signal loss of 50% when compared to JDE (e.g. STEAM localization with adiabatic 

carbon editing and decoupling, STEAM-ACED). Here, we hypothesize that pre-suppression of the strong 1H-[12C] lipid signal, by introducing a BIlinear Rotation 

Decoupling (BIRD) filter3 prior to a STEAM-ACED4 sequence, optimized for detection of 1H-[13C] lipid signals, will lead to an accurate and robust detection of the 
1H-[13C] lipid signal irrespective of respiratory motion, with higher signal yield as compared to ge-HSQC. 

 

Materials and methods: All experiments were performed on a 3T MR system (Achieva 3T-X Philips Healthcare) using a double tuned 1H/13C surface coil in 

quadrature mode (Rapid Biomedical GmbH). 1H-[13C] lipid spectra were acquired from a peanut oil phantom, with three different MR sequences: ge-HSQC, 

STEAM-ACED and the STEAM-ACED sequence with additional BIRD filter (BIRD-STEAM-ACED). Power calibration was performed initially by acquiring a 

series of 1H-lipid spectra with different flip angles. Firstly, ge-HSQC was used to acquire 1H-[13C] lipid spectra with t1=4 ms, TR/TE=4000/7.9 ms, NSA=128, 

voxel=30x30x30mm, datapoints=2048. In a second experiment, spectra were acquired with a STEAM-ACED sequence using identical parameters as from the ge-

HSQC. An adiabatic 13C inversion pulse (bandwidth=1600 Hz) was used on alternate scans for editing purpose. In a third experiment, the BIRD filter was inserted 

prior to the STEAM-ACED sequence (fig. 1) and an inversion time (TI) of 240 ms was chosen to selectively pre-suppress the 1H-[12C] lipid signal. Additionally, 

the efficiency of the BIRD filter was tested in vivo in a volunteer with a fatty liver (age-26, BMI-28 Kg/m2, liver fat-14%). A regular STEAM-ACED spectrum was 

acquired from a voxel of 45x45x45 mm and compared with spectrum of the BIRD-STEAM-ACED. The TR of 4000 ms was chosen to allow the subject to breathe 

in the rhythm of the measurement and MR acquisition performed during expiration. All acquired spectra were post-processed using a custom written MATLAB 

script. 

 

Results and discussion: The subtraction artifact of the 1H-[12C] lipid signal was clearly visible even in the phantom when a conventional STEAM-ACED sequence 

was used (fig.2B). Due to the implementation of the BIRD filter, the subtraction artifact was largely reduced and therefore we were able to visualize the target 1H-

[13C]-lipid signals clearly as two distinct peaks with known coupling constant of 127 Hz (fig.2C). Moreover, the 13C lipid signal as measured with the BIRD-

STEAM-ACED was approximately 2-fold higher when compared with the ge-HSQC (fig 2A&2C). Currently, we are working on a protocol to determine the 13C-

enrichment (natural abundance) from these spectra.  

Similarly, as expected, a large subtraction artifact was apparent in in vivo when a STEAM-ACED sequence was used (fig 3A). This artifact leads to phase 

distortions in the edited spectrum, which will hamper the accurate and robust quantification of the 1H-[13C] lipid signal. The addition of the BIRD-filter leads to pre-

suppression of the huge 1H-[12C]-lipid signal during acquisition and thereby leads to marked reduction in the subtraction artifact. (fig.3B).  

 

Conclusion: Our proposed scheme with the addition of a BIRD filter reduces the subtraction artifact efficiently in JDE experiments, which leads to a signal gain of 

100% as compared to the previously applied method (ge-HSQC). Thus, the BIRD-STEAM-ACED sequence can now be used for 13C-tracking experiments in the 

human liver in vivo. 
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Figure 1: The BIRD filter is shown which includes a spin echo sequence with a 13C inversion pulse (MLEV) added to align 1H-[12C] and 1H-[13C] with opposite phase in the xy-plane. 

The last 90° pulse is subsequently used to flip the 1H-[12C] spins antiparallel and the 1H-[13C] spins parallel to the main magnetic field (-z and z axis respectively). Inversion time (TI) 

is chosen according to the lipid CH2-T1 relaxation time in order to null the 1H-[12C] spins and only 1H-[13C] spins (with minimal 1H-[12C] spins) will be excited by the excitation 

pulse of the localization sequence (STEAM-ACED in this case). 

 

 

Figure 2: 1H-[13C] lipid spectra obtained from the peanut oil phantom with three different sequences. A) ge-HSQC B) STEAM-ACED C) BIRD filter together with STEAM-ACED. 

 

 

Figure 3: 1H-[13C] hepatic lipid spectra obtained from a volunteer with two different MR sequences. A) STEAM-ACED B) BIRD filter together with STEAM-ACED. 

 

 



 

 

Synopsis: Typical 31P CSI acquisitions have long scan times with a course resolution. Recent technical developments have incorporated a transmit body coil and 

receiver array for 31P in 7T systems. This opens up the possibility to acquire 31P data similar to conventional 1H imaging. In this study, we investigated the 

feasibility of 31P gradient echo MRI to measure the 31P distribution in human muscle. 

Introduction: Magnetic resonance spectroscopy and spectroscopic imaging is used to obtain information on 31P metabolites related to, e.g., energy or cell 

membrane metabolism. Despite moving to high field strengths, such as 7T or higher, the resolution of CSI acquisition remains fairly course with long scan times 

due to the low natural abundance of 31P in the body. 

Recent developments incorporated a transmit body coil tuned for 31P, 121MHZ, and a 16 channel 31P receiver array into the system1,2,3, to facilitate homogeneous 

B1
+ fields combined with sensitive receiver arrays. These developments allow to increase spatial coverage and resolution with high SNR in reasonable acquisition 

times for whole body CSI. As importantly, this opens up the possibility to perform 31P MRI at 7T and the use of all MRI methods available for 1H considering 

distinct metabolic profiles with substantial variances in spatial domain (figure 1). 

In this study, we investigated the feasibility to obtain 31P gradient echo MRI images to measure the 31P distribution in muscle, and compared this to conventional 31P 

CSI. 

Methods: All experiments were performed at a whole body 7T MR system (Philips Healthcare, Best, NL) equipped with a home-built integrated quadrature 

transmit body coil and a 16-channel local receiver array, both tuned for 31P (121 MHz). Proton information was obtained using an 8-channel Tx/Rx antenna array 

embedded in the receiver array. 

A set of three 31P experiments was performed on a phantom consisting of 2 tubes (2cm diameter) containing a 0.1M phosphate solution embedded in 1H containing 

tube, as well as on the thigh muscles of a healthy volunteer. The experiments comprised a 3D CSI scan, a 2D multi-slice gradient echo scan, and a 2D multi-slice 

multi-echo gradient scan, detailed parameters are shown in the table in figure 2. For both cases, a 1H gradient echo scan was performed for localization purposes. 

Data reconstruction and processing was performed offline using the open source package QMRI Tools4. For both the imaging and the CSI data the raw 16 channel 

data was reconstructed using SENSE reconstruction where the coil sensitivity maps were estimated by dividing the individual coil data by the sum of squares 

addition of all coils. 

Results: Figure 3 shows the gradient echo image of the phantom experiment, where both tubes were clearly visible.  

Figure 4 shows the transversal multi-echo gradient echo 31P images of the in-vivo experiment where both legs are clearly visible. In the top row displays the results 

of the multi-slice gradient echo image. The bottom row displays the magnitude images of the multi-echo acquisition, as well as the fitted T2
* map. Fitted T2

* values 

were in the order of 20ms. Signal voids in the leg are the bones, where no 31P signal is expected.  

Figure 5 shows the CSI spectra overlaid on the 1H as well as the 31P MRI acquisition, both for the phantom and in-vivo experiments. A good correlation was found 

between the 1H image, the 31P image and the CSI data, where the 31P has a better spatial localization compared to the CSI data. 

Discussion and conclusion: This study shows that 31P MR imaging is feasible, using a transmit body coil and a receiver array at 7T. Currently, 31P MRI does not 

quantify the metabolites to the extent as MRS does but is can allow for better spatial localization. The feasibility of 31P MRI will allow the use of all quantitative 1H 

MRI methods. Therefore, using methods such as Dixon can potentially allow for metabolite quantification. 
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Figure 1: Large coverage 3D 31P MRSI obtained from a female volunteer with bore liner integrated transmit and 16 channel receiver array, showing distinct spectral profiles in liver (absence PCr), heart 

(low PCr/Pi) and extremities (high PCr/Pi). 

 

Figure 2: Overview of scan parameters. 

 

Figure 3: 31P Gradient echo image of two phantoms (⌀ 2 cm) containing a 0.1 M phosphate solution. 

 

Figure 4: Top: 2 slices of a transversal 31P gradient echo image. Bottom: 2 slices of a multi-echo gradient echo image, displaying the magnitude images of the individual echoes, and a fitted T2
* map. 

 

Figure 5: CSI data overlaid on the 1H (top) and 31P (bottom) images of the phantom (left) and thighs (right). Each spectrum is scaled to the maximum value of the voxel. Both cases show a good match 

between the spectra and the 31P image. Due the lower resolution of the CSI data, better localization is observed with 31P imaging. 



 

Synopsis: Echo planar spectroscopic imaging (EPSI) can be used for fast spectroscopic imaging, however, the gradient hardware greatly limits the spectral bandwidth. 

Moreover, the associated fast switching gradient produces uncomfortable levels of acoustic noise. In this work, we show the feasibility of spectroscopic imaging at 

high spectral bandwidth using a silent gradient axis driven at 20 kHz and a segmented EPSI sequence. We report results on the silent segmented EPSI compared to 

the conventional EPSI approach on a phantom containing NAA, creatine and glutamate and show the first silent and high bandwidth in-vivo measurements. 

Introduction: High field MRSI is of increased interest because of its higher spectral resolution and SNR. Here, echo planar spectroscopic imaging (EPSI) allows for 

more time-efficient MRSI acquisitions through simultaneous spatial and spectral encoding. However, the acquisition of sufficient spectral bandwidth in EPSI 

sequences is challenging due to gradient hardware limitations. At high field, solutions to increase the spectral bandwidth involve a combination of repeating the 

acquisition with shifted or reverse gradient polarity1 and flyback gradients2 at high performance. The latter produces significant acoustic noise which can pose a health 

risk for the patient1,3. Previously, it has been shown that a silent gradient axis driven at 20 kHz can be used to decrease acoustic noise during imaging exams4. Here, 

we show that such a silent gradient axis can be applied to spectroscopic imaging to produce silent and high bandwidth EPSI.  

Methods: The silent gradient axis consisted of a lightweight insert single-axis (z) gradient coil, which was resonant at 20.2 kHz and driven using an audio amplifier. 

In this work, this setup produced an oscillating gradient field of 31.5 mT/m. The gradient insert featured an integrated birdcage transmit coil which was combined 

with a 32-channel receive coil (Nova Medical, USA) for data acquisition. The setup was placed in a 7T MR-scanner (Philips Achieva, Best, NL), which controlled 

the setup through an external trigger (see Figure 1) in synergy with the whole-body gradients, yielding four physical gradient axes.  

In a single shot using only the oscillating gradient axis, the encoding resolution is 47.3 mm in the z-direction. We now implemented a segmented EPSI acquisition 

which required multiple shots. In our current reconstruction, the spectral bandwidth is an integer fraction of 20.2 kHz (e.g. 10.05 kHz, 5.025 kHz, etc). Here, we do 

not yet include all data-points (Figure 2), so SNR will be compromised. RF-excitation was done with a slice-selective pulse-acquire approach, without any lipid 

suppression. 

A volunteer and a 12-cm diameter MRS phantom were imaged. The phantom contained 25 mM n-acetyl aspartate (NAA), 20 mM creatine (Cr), and 25 mM glutamate 

(Glu) dissolved in phosphate-buffered saline (PBS). Imaging parameters: TE/TR = 7ms/5050ms, FA = 90°, 12 mm isotropic voxel size, 16x16 matrix, Nspectral samples = 

512, averages = 1 (3 in-vivo), BWspectral = 3367 Hz, spectral resolution = 6.58 Hz and a coronal slice orientation. We used VAPOR water suppression5 with a 350 Hz 

(250 Hz in-vivo) bandwidth. Four shots were acquired in the z-direction to acquire this resolution, which resulted in a scan time of 16x4x5050 = 5.22 min (16 min 

in-vivo).  

The data was reconstructed in MATLAB using a combination of a non-uniform Fourier transform (NUFFT), a density compensation and an iterative conjugate-

gradient SENSE reconstruction6. 

For comparison, a more conventional EPSI scan using the whole-body gradient was also performed on the same MRS phantom. Here, a different 2-channel transmit 

coil was used (Nova Medical, USA). This scan featured a semi-LASER excitation pulse7. The following imaging parameters differed from the silent EPSI acquisition: 

TE = 36 ms, BWspectral = 3652 Hz, spectral resolution = 7.13 Hz and a coronal slice orientation. Here, the scan time was 1.20 min. Audio levels were obtained from 

the scanners built-in sound pressure level (SPL) prediction. 

Results and Discussion: Figure 3 shows an overlay of the magnitude of the measured spectra on an image obtained from the water peak. We can see that in both 

methods the metabolites are detected in most of the phantom. In the silent EPSI-scan, the signal drop-off observed at edges of the phantom originates from an 

inhomogeneous B1 from the transmit coil.  

Figure 4 shows a detailed view of a spectra from the phantom for both methods. Here, individual spectra of the silent EPSI sequence feature the same NAA, glutamate 

and creatine peaks as the conventional EPSI-scan.  

As proof of principle, we obtained an in-vivo measurement with the silent ESPI using a simple water suppressed pulse-acquire sequence (figure 5). As no lipid 

suppression was used, we do observe the metabolites in the centre of the brain, but clearly requires further lipid suppression closer to the periphery. Importantly, the 

silent EPSI-sequence featured a 28.6 dB lower SPL predicted by the scanner when compared to the conventional EPSI-scan. This resulted in minimal sound experience 

by the subject during the scan, dominated by the slice-selection gradient, which could be further reduced when moving towards 3D-MRSI.  

Our preliminary implementation used a segmented readout and a long TR due to our current hardware cooling limitations and to facilitate comparison with traditional 

semi-LASER sequences, yet maintains substantial redundancy in spectral and spatial encoding. For instance, the 12-fold redundancy in spectral resolution can 

combined with additional spatial (EPI) encoding using the whole-body gradients, and TR could be reduced by a factor of 12 as well. When this is merged with lipid 

suppression, we believe that our preliminary results demonstrate a realistic path of full brain MRSI in acceptable scan times and acoustic noise levels.   

Conclusion: We have presented a novel method for silent and fast spectroscopic imaging with a larger spectral bandwidth by using a silent gradient axis switched at 

20 kHz and a segmented EPSI readout. 
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Figure 2 Schematic of the first 15 ms of the segmented EPSI acquisition, the total readout duration was 152.1 ms. 
Note that the oscillating gradient is displayed at a frequency of 4 kHz instead of the actual frequency of 20.2 kHz 

for visualization purposes. Note that so far only the sampling windows as highlighted in red are used in the 

reconstruction. 

Figure 1 Schematic of the 

measurement setup. The bottom 
image shows the gradient insert on 

the patient table. 

Figure 1 Spectra of metabolite (NAA, creatine, glutamate, ppm range = 4.2…1.0 ppm) phantom 

overlaid on a water peak image. Voxel size = 12 mm isotropic, matrix size = 16x16. Left: The spectra 
for the semi-LASER EPSI acquired with the whole-body gradients. The magenta box indicates the VOI 

for semi-LASER localization. Right: The spectra for the silent EPSI sequence acquired with the gradient 

insert driven at 20 kHz, all spectra are scaled to the maximum NAA peak in the phantom. The cyan 

boxes indicate the voxels used for plotting the spectra in Figure 4. Figure 4 Spectra (magnitude) in the metabolite phantom (see Figure 3). Top:  the semi-

LASER EPSI acquired using the whole-body gradients.  Bottom: the silent EPSI 

sequence acquired with the gradient insert driven at 20 kHz. Note that the phantom was 

cooled before scanning the silent EPSI resulting in a ~0.2 ppm shift of the peaks.  

Figure 5 Result of the in-vivo silent EPSI. Left: The planning of the acquisition on an anatomical image. Imaging parameters: Voxel size = 12 mm 

isotropic, matrix size = 16x16. Top right: Full spectrum (ppm range = 10…-1 ppm) overlaid on a water peak image. The spectrum on the right was taken 
from the cyan box and 0th order phase corrected.  Bottom right:  Metabolite part (ppm range = 4.2…1.5 ppm) of the spectrum after filtering out the water 

and lipid peaks. The spectrum on the right was taken from the cyan box. 



 

Introduction 

Metabolic processes in the brain play a crucial role in the cause or progression of many diseases, including neurodegenerative diseases, diabetes, and cancer. To 

gain knowledge on both the healthy and diseased brain, insight into underlying metabolism of the brain is essential. Deuterium metabolic imaging (DMI) is a novel, 

emerging technique, which enables non-invasive measurement of metabolism in vivo, after oral intake of deuterated glucose ([6,6′-2H2]glucose).1 It has been shown 

that DMI metabolite maps can distinguish brain tumours from healthy tissue, based on the increased production of deuterated lactate (Warburg effect). 

To date, mainly surface coils (single loops or phased arrays) have been used for DMI, because of their high SNR close to the coil.1,2 However, these coils have a 

decaying sensitivity profile towards the centre of the brain, which makes them less suited for applications that require a homogeneous B1+ field, such as T1 

mapping or absolute signal quantification. A birdcage coil can be used to mitigate this issue. Especially at lower frequencies, as is the case for 2H at 7T (45.7 MHz), 

a birdcage coil can be effective because of its capability to produce a homogeneous B1+ field over the whole head. In this study, a 2H birdcage coil is developed 

and compared with a 2H surface coil for 3D DMI in the human brain at 7T. 

 

Methods 

The study was performed on a 7T Philips Achieva system (Philips, Best, the Netherlands). A single-turn 2H surface coil was constructed with a diameter of 80 mm 

(Figure 1a). A shielded 2H birdcage volume coil with a diameter of 300 mm was constructed with 8 legs, each 215 mm long (Figure 1 b,c). 3D DMI of the brain 

was performed in the same volunteer using both the 2H surface coil, with the posterior part of the head positioned on top of the coil, and the 2H birdcage coil. A 

pulse-acquire sequence was used (TR = 333 ms), extended with phase-encoding gradients for 3D spatial encoding (11 x 11 x 11 matrix, FOV = 220 x 220 x 220 

mm3, 20 x 20 x 20 mm3 nominal voxel size). Other acquisition parameters were as follows: 5000 Hz spectral bandwidth, 1024 points, NSA=4, FA=90°, 0.5/1.67 

ms block pulse for the acquisition with the surface coil/birdcage coil. Using the 2H birdcage coil, additional, lower-resolution 3D DMI scans were made with a 

varying TR to make T1 maps. For these scans, the acquisition parameters were as follows: 7 x 6 x 9 matrix, FOV = 245 x 210 x 315 mm3, 35 x 35 x 35 mm3 

nominal voxel size, 5000 Hz spectral bandwidth, 512 points, FA=90°, 1.67 ms square excitation pulse, TR=137/210/333/600/1200 ms with NSA=8/8/8/4/2. All 

scans were reconstructed offline, with Hamming filtering in the spatial domain and 10-Hz Gaussian apodization in the spectral domain using the CSIgui3 in 

MATLAB. 

 

Results 

The performance of the developed 2H birdcage coil for 3D DMI acquisitions in the brain is shown in Figure 2, where it is compared to the 2H surface coil. For each 

coil setup, the slice with the highest natural abundance 2H water signal was selected for this figure. The birdcage coil receives signal from the whole brain in this 

slice, while the surface coil only detects signal in the posterior area of the brain (close to the surface coil). The highlighted spectra show that the SNR of the surface 

coil is higher than that of the birdcage coil close to the coil, but that hardly any signal is detected with the surface coil at the anterior side of the brain. In contrast, 

the 2H birdcage produces spectra with similar SNR’s at those two locations in the brain. The metabolic maps of deuterated water are shown for both coils in Figure 

3. The birdcage coil shows a more homogeneous distribution of signal over and within the different slices of the brain. This allows for water T1 mapping, which is 

shown in Figure 4. An example of the mono-exponential fit of the saturation recovery curve for one of the voxels is shown in Figure 5. In the T1 maps, the T1 

values have an average of 340 ms with a standard deviation of 28 ms. 

 

Discussion and Conclusion 

The developed 2H birdcage coil enables high SNR DMI measurements over the entire brain. In contrast to the measurement with the 2H surface coil, the natural 

abundance 2H water signal acquired with the birdcage coil was homogeneously distributed over the brain. The homogeneous B1+ field of the birdcage coil allowed 

for T1 mapping of deuterated water in the brain. Throughout the whole brain, T1 values were rather homogeneous (340±28 ms) and accordance with literature 

values.1 

In this study, traditional sampling strategies were used. The application could benefit from more advanced acquisition strategies (such as spirals or EPSI), to reduce 

the acquisition time of the 3D DMI scans or to increase the spatial resolution. In addition, the sensitivity could be increased by combining the birdcage coil with 

additional receive arrays. 

Overall, the developed 2H birdcage coil shows high potential and is ready to be combined with oral intake of deuterated glucose for non-invasive metabolic imaging 

of the brain in the next phase. 
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Figure 1: Photograph of the single loop 2H surface coil (a) and a photograph (b) and schematic  

drawing (c) of the 2H birdcage volume coil. 

Figure 2: Slices of the 3D DMI data sets acquired on the human brain at natural 

abundance with the surface coil (a) and birdcage coil (d). The surface coil was 

located at the posterior side of the head. Panels (b,c) and (e,f) show enlarged 2H 

spectra from two selected voxels at identical locations in the two data sets. For the 

surface coil, SNR rapidly decays at larger distances from the coil, while SNR is 

similar over the whole brain with the birdcage coil. 

 

       

Figure 3:Metabolic maps of the natural abundant 2H water signal acquired with 

the surface coil and the birdcage coil. Maps show that birdcage coil setup gives a 

more homogenous signal distribution over the whole brain volume compared to 

surface coil. The grids were shifted with respect to Figure 2. The signal below the 

brain in the maps of the surface coil originates from a small phantom filled with 

0.01% D2O, which was positioned underneath the surface coil. 

 

Figure 4: Deuterated water T1 maps of the brain were generated by fitting the deuterated water signal intensities from 

3D DMI data sets at varying TR values to a mono-exponential function. Voxels that had insufficient water signal were 

excluded from map and displayed in dark blue. 

 

Figure 5: Mono-exponential fit of the saturation recovery data for one of the voxels of the 3D DMI data sets 

acquired with varying TR values. The estimated T1 value for the voxel was 364 ms. 

 

 



 

Synopsis:  All resonances in human brain 31P MR spectra detectable at 7T and higher can also be detected at 3T provided that 1H decoupling, 1H- 31P 
NOE and a 31P receive-array are used. This includes an alkaline peak for extracellular Pi and peaks assigned to UDPG. A NAD+/NADH redox state 
similar to that reported at 7T was observed. A comparison of measured T1 values with those reported at different field strengths and NOEs measured 
at 3 and 7T indicates that CSA is not dominant in 31P relaxation and hence there is no sensitivity benefit from shorter T1s at higher fields. 

 

Introduction 
Noninvasive spatially resolved measurements of metabolites involved in bioenergetics and phospholipid metabolism in the human brain is possible 
by phosphorus MR spectroscopic imaging (31P MRSI), which is relevant to study neurological diseases1,2. However, in vivo 31P MRSI is challenging 
due to low intrinsic SNR and signal overlap. Performing 31P MRSI at 7T or higher field strengths may partly solve these problems, but by applying 1H-
31P decoupling, by exploiting the nuclear Overhauser effect (NOE) and using 31P phased-array receivers a similar spectral resolution and improved 
sensitivity is also possible on 3T MR systems, which are more widely available3. Peaks for an alkaline Pi and UDPG and the NAD+/NADH ratio have 
been determined at field strengths above 3T, suggesting that higher fields are required for this purpose. We investigated if this information can also 
be obtained at 3T. Moreover, it is often implicitly assumed that T1’s of 31P brain metabolites decline at higher field strength because of increased 
CSA relaxation, favoring a better SNR per unit time at higher fields. We also examined this assumption. 
Materials and Methods 
Twelve volunteers were measured at 3T (Trio, Siemens, Germany) using a TxRx 31P/1H birdcage coil (RAPID, Germany) combined with an 8-
channel insert head-array. Whole-brain 3D 31P MRSI was performed with a 40 hard pulse and Hamming weighted k-space sampling 
(FOV=260x260x260mm, matrix=10x10x10, nominal voxel 17.6 cm , TR=2000ms, acquisition time=13:03 minutes). For 1H-decoupling a WALTZ4 
train (256ms) was used and NOE pulses (γB1=35Hz) were applied ~1.5s prior to excitation. In a separate P-MRSI examination with decoupling and 
NOE, UDPG was detected (nominal voxel size ~80 cm , Tr=1750ms, acquisition time 45min). 
T1 relaxation times were assessed by progressive saturation 31P-MRSI with a 90 -flip and 6 Tr’s (500–18000ms). 
After matrix interpolation (16x16x16) spectra were fitted in the time domain (Syngo.via) including prior knowledge of chemical shifts, 31P- 31P 
couplings and relative peaks heights. Chemical shifts and linewidths of NAD and NADH were related to the αATP doublet. 1H- 31P NOE was 
evaluated in 20 different voxels from the occipito-temporal-parietal (OTP) cortex. pH was calculated from the PCr-Pi chemical shift. T1 values were 
obtained by fitting the signal integrals as a function of Tr with a mono-exponential function. 
Results 
Applying 1H- 31P decoupling and NOE results in 31P MRSI spectra of the brain in which mono- and diester signals are resolved. In addition, peaks are 
observed for NAD(H) and for an alkaline Pi peak. The pH calculated from this Pi peak varied between 7.3 and 7.5 for different voxels(Fig.1). Fitting 
the NAD+ and NADH resonances in spectra from the OTP region(Fig.2) resulted in an average cellular redox state NAD /NADH of 5.7 ± 0.6 (n=4). In 
voxels of ~80 cm also signals assigned to UDPG were detected, however no clear doublets were observed with expected ~20Hz J-coupling as in 
αATP(Fig.3). 1H- 31P NOEs determined for the OTP region varied from ~15% (ATP) to 50% (phosphoethanolamine). NOE values obtained at 7T for 
the same region are very comparable(Fig 4). 
The T1 of 31P spins of the major metabolites at 3T were similar to those obtained at 2T4 . The T1 of the alkaline Pi peak (3.82±1.4s) was significantly 
(p<0.05) longer than that of the cytosolic Pi (1.84±0.65s). A comparison of 31P T1 values of all major metabolites obtained at field strengths from 
1.5T to 9.4T shows no T1 decrease (Fig.5 with PCr as example). 
Discussion 
We showed that all resonances in human brain 31P MR spectra detectable at 7T can also be resolved and detected at 3T provided that 1H 
decoupling, 1H-31P NOE and a 31P receive-array are used, in agreement with the assessment that linewidths in ppm only decrease slightly from 3 to 
7T5. The alkaline Pi has been assigned to an extracellular compartment6, which agrees with its longer T1, indicating no involvement in cellular 
exchange with ATP. The NAD+/NADH redox ratio that we calculated is similar to that obtained at 4T4. For resonances at the UDPG position we did 
not detect a typical roof-structured 20Hz J-coupled doublet as seen in UDPG solutions at 3T, which might indicate another compound or UDPG 
structure resonating at this position8. 
An evaluation of the T1 values measured in this study with all T1 values reported for field strengths from 1.5 to 9.4T9 indicates that T1’s do not 
decrease as a function of field strength. This also follows from the similarity in NOE’s between 3 and 7T as these depend on T1. Hence CSA does 
not dominate 31P relaxation in the brain and consequently there is no sensitivity benefit from shorter T1s at higher field. 
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Figure 1. Human brain 31P MR spectra of 3D MRSI with 1H irradiation (decoupling & NOE (top two) from voxel in MRI below. Bottom: zoom in 

of spectrum showing additional Pi peak and pH for both Pis. Phosphoethanolamine (PE), phosphocholine (PC), glycerophoPE (GPE) and 

glycerophosphoPC (GPC). The individual resonances of α-ATP and NAD(H) are also better resolved (insert). 

 
Figure 2. Example of the α-ATP and NAD(H) region of 31P MR spectrum obtained from a voxel in the occipital region of the human brain at 3 T. 

The spectrum is shown in black and its fit in red. Resonances of α-ATP, NAD+ (blue) and NADH (green) could be spectrally resolved when 

NOE-enhancement and 1H-decoupling were applied and prior knowledge of the NAD+ and NADH resonances was implemented. 

 

Figure 3. Part of 31P MR spectrum from 31P MRSI voxel showing resonances for αATP, NAD(H) and UDPG. 

 

 

Figure 4. NOE enhancement factors of 31P metabolites at 3 T (red) and 7 T (blue). All evaluated voxels (OTP region) are projected on the T1‐
weighted anatomical MR images (right) 

 

 
 

Figure 5. T1 relaxation times of PCr as a function of the magnetic field strength from 1.5 to 9.4 T in the occipito–temporal–parietal region of the 

human brain (left) and for comparison from 1.5 to 7 T in human leg muscles (right). For convenience, linear regression was performed, indicated by 

solid lines (slope brain: 0.006 s/T; and muscle: −0.456 s/T, P (slope ≠ 0) < 0.001) 



 

Synopsis. Denoising data is generally supposed to be beneficial for MRS. In reality, the effect of denoising  needs careful interpretation 

and clarification of the target to be denoised. For instance, it is clearly visible that one can denoise the baseline between spectral peaks 

using pertinent prior knowledge. However, the spectral peaks themselves can not be denoised because the necessary prior knowledge 

lacks. Thus, denoising is useful for, e.g., peak-picking, but enhancing the precision of metabolite quantitation is another matter. Here, we 

investigate denoising by means of a Monte Carlo simulation and the Cramér-Rao lower bound. 

Introduction: Denoising an MRS-signal is intended to benefit the precision of metabolite-quantitation. Interestingly, success seems to 

depend on specific customs in the domain where the quantitation takes place. Thus, it was established in the Fourier-domain, where one 

tends to use only the real part of the FFT (spectrum) of a signal, that denoising by simultaneous apodisation and zero-filling can improve 

the precision of metabolite-quantitation1. However, in the measurement-domain, where both the real and imaginary parts of a signal are 

used on a par by default, things work out differently. In this Abstract, we study the effect of  denoising simulated data in the measurement-

domain and compare the incurred quantitation errors with the corresponding Cramér-Rao bounds2 (CRBs) calculated directly from the 

known parameters of the simulation. These CRBs are the minimum values of the quantitation errors, irrespective of the parameter-

estimator at hand. Below, we argue that denoising cannot benefit the precision of metabolite-quantitation in either domain. 

Methods: This study concerns the precision of metabolite-quantitation in the measurement-domain after reducing the noise in the signal 

in various ways. As for parameter-estimators, we used the free software package jMRUI, see, e.g. Refs.3,4,  and a new, modified Levenberg-

Marquardt program GADfit5, featuring among other things, Automatic Differentiation (AD) and default parallel processing on all cores 

of a multicore CPU through co-array semantics. The quantitation was embedded in a Monte-Carlo (MC) procedure, using thousand 

different realisations of Gaussian noise, each with the same standard deviation. Fig.1 shows the spectrum of a simulated 13C signal of Pyr, 

Lac, Ala, BC6 for a single noise-realisation, with and without denoising. The averages of the resulting thousand quantitation errors were 

compared with their corresponding CRBs. In absence of denoising, these averages should approximate their CRBs. The effect of denoising 

was established from the resulting averaged quantitation errors. Denoising was accomplished either by apodising with, e.g., a Blackman-

Harris4(BH4)-function or by HSVD
3,4,7. The applied apodising-function was included into the metabolite model-function so as to avoid bias 

of the quantitation. When denoising with HSVD, the decay of the simulated signal should preferably be exponential; this condition was 

satisfied in our simulation. 

Results: Fig.1 shows the effect of signal-denoising on the spectrum. It is clearly beneficial with BH4-apodisation, and even more so with 

HSVD. Table1 lists the root-mean-square errors (RMSEs) of the thousand quantitations embedded in the MC-procedure mentioned in 

Methods, and corresponding CRBs. The individual quantitation-errors of HSVD-denoised signals for each noise-realisation are displayed 

in Fig.2; they are not smaller than those incurred with the original noisy signals (not shown for reasons of space). In fact, it turned out that 

despite the spectral improvement, denoising appears to have an adverse effect on the quantitation of the four metabolites of Fig.1, as 

follows from comparing columns 4,5 with column 3 in Table1. In agreement with theory, the lowest values in Table 1 are those of the 

CRBs, which are fundamental lower bounds2; see column 2.  

Discussion:  In the light of our result, a statement in Ref.1, namely that apodisation plus zero-filling can bring about a “sensitivity-

enhancement”, should be interpreted with care. In fact, it seemingly contradicts our finding. The solution of this paradox lies in the fact 

that Ref.1 derives its reference-quantities from only the real part of the FFT of the original signal, a procedure that discards information. 

Although this lost information can be reclaimed by zero-filling, the original information-content of the signal is as much as one can get; 

see, e.g., Ref.8, Sec.5. In summary, we argue that the sensitivity-enhancement in Ref.1 could be interpreted as restoration of previously 

wasted information.  

Conclusion:  

1. Denoising is beneficial for perusing the spectrum, and, e.g., peak-picking. 

2. Denoising does not increase the original information-content of the data.  

3. Denoising increases the errors of metabolite-quantitation; CRBs are reference-values.  
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Table 1. CRBs and RMSEs of  quantitating  metabolites (metab) Pyr, 

Ala, Lac, BC in 1000 signals (Monte Carlo) without and with 

denoising. Noisy = no denoising. See text. 

 

Metab CRB Noisy BH4 HSVD 

Pyr 0.0154 0.0154 0.0162 0.0167 

Ala 0.0161 0.0167 0.0170 0.0175 

Lac 0.0169 0.0167 0.0174 0.0177 

BC 0.0175 0.0184 0.0189 0.0214 

Fig. 1.  

Vertical: Effect of denoising with BH4-apodisation 

(khaki) or HSVD (orange), as follows from 

comparison with the un-denoised spectrum6 (red). 

The noise-free spectrum (blue) is at the bottom. The 

peaks belong to Ala, Lac, Pyr, BC, from left to right. 

Horizontal: Frequency in a.u. 

Fig.2.  

Vertical: Estimated  concentrations (amplitudes) of Pyr 

(blue), Ala (red), Lac (khaki), BC (orange), after 

denoising the signal with HSVD, in a.u.  

Horizontal: Number of  noise-realisation: 1, … ,1000.  

 



 

Synopsis: This study evaluates the performance of semi-LASER and MEGA-sLASER for 2-hydroxyglutarate (2-HG) detection at 7T. We compared a semi-LASER with TE of 110ms with editing of 2-HG 
at 4.02 ppm using MEGA-sLASER with TE of 74ms in phantoms with different concentrations of 2-HG. Both methods were able to detect 2-HG concentrations as low as 0.5mM. MEGA-sLASER 

provided a clean 2-HG signal. Contrary, the fact that the fitting accuracy for 2-HG in semi-LASER is similar to MEGA-sLASER promotes to choose for a semi-LASER implementation. 

 

Purpose: The onco-metabolite 2-hydroxyglutarate (2-HG), a biomarker of IDH-mutant gliomas1-3, can be detected with 1H-MRS. Assesment of 2-HG is complicated by spectral overlap with other brain 

metabolites, such as -aminobutyric acid(GABA), glutamate(Glu) and glutamine(Gln). Therefore, spectral editing at long echo time (TE) and J-difference spectroscopy became of interest to achieve the 
reliable detection of 2-HG2,3. Recent studies showed measurements of 2-HG at 7T with substantial gain in SNR and spectral resolution, offering higher specificity and sensitivity than 3T as well4. Here we 

compare spectral editing at long TE and J-difference spectroscopy using TE-optimized semi-LASER5 with MEGA-sLASER for detection of 2-HG at 7T in-vitro to assess the sensitivity of 2-HG detection 

and robustness against B0 inhomogeneity of each method.  

 

Methods 

Phantom preparation 

We prepared four phantoms (pH=7.2; diameter=4cm) with different concentrations of 2-HG (5, 1.5, 1 and 0.5mM) and Glycine (Gly) (10, 10, 10 , 5mM). Another phantom (pH=7.2; diameter=4cm) was 

prepared with 2-HG (5mM), GABA (1mM), Glu (5mM), Gln (5mM), NAA (10mM), Creatine (Cr) (10mM) and myo-Inositol (7mM). PBS (Phosphate-buffered saline) was used as buffer solution and the 

acidity was adjusted using HCl and NaOH to pH7. 

Experiments  

MR experiments were performed on a 7T MR scanner (Philips, Achieva, Best, NL) equipped with a 32-channel receive-only and 8-channel transmit coil. Semi-LASER voxel localization was used with 

four FOCI pulses for the semi-LASER and MEGA-sLASER acquisitions (Figure 1). For semi-LASER measurements, we tuned the timing between the pulses to achieve optimized J-coupling patterns for 
2-HG at a TE of 110ms5. For MEGA-sLASER, the 2-HG Hα resonance (Figure 1C) was edited at echo time of 74ms using a 13.9ms Gaussian RF pulse tuned to 1.78 and 7.38ppm respectively, i.e. shifted -

0.12ppm from the in vivo values of 1.9 and 7.5 ppm, because of the lower temperature of the phantom. The number of averages (64), TR (5s), spectral bandwidth (6kHz), voxel size (8cm3 isotropic) and 

voxel orientation for all experiments were kept the same. We used VAPOR water suppression and automatic volume shimming using second order shim terms. 

Additionally, we assessed the performance of the two methods in less optimal shimming condition, as to mimic in-vivo experiments. The local B0 field in the voxel was perturbed by changing the z-

component of the shim gradients.  

Preprocessing and Analysis. 

Channel combination, frequency and phase alignment of the data was performed with the FID-A toolbox6. For MEGA-sLASER, the on and off spectra were subtracted after alignment and averaging. 

Spectral simulation was done using the Vespa library of pyGAMMA7 for creating the basis sets for LCModel analysis8. Spectra were analyzed using LCModel. Differences in T1 and T2 relaxation times 

were ignored. 

 

Results 

In both techniques, 2-HG can be detected with CRLB(%) of less than 30%. In MEGA-sLASER, the reported CRLB (%) of 2-HG for all the phantoms is higher than semi-LASER (Figure 2A). In Figure 
2B, the ratio of detected 2-HG/Gly is plotted as a function of number of averages (NSA). Note that the error bar on the point represent the confidence interval of the concentration according to the fit 

accuracy (% CRLB). At low concentrations, MEGA-sLASER exhibits high variations in the 2-HG/Gly ratio. For 2-HG concentrations of 1mM and higher, both methods converge to the same value from 

16 NSA and higher. When the signal of 2-HG overlaps with metabolite signals of GABA, Glu and Gln, MEGA-sLASER leads to detection of 2-HG with relative concentration (/NAA) of 0.41 and CRLB 

of 6% compared to 0.36 and 13% with sLASER as shown in Figure 3.  

Table1.1 and 1.2 summarize the effect of metabolite signal overlap on CRLB% and concentration by removing the relevant metabolites from the basis set. It shows that removing GABA or 2-HG from the 

basis set has very negligible or even no influence on detecting 2-HG using MEGA-sLASER, while it does influence the detection of 2-HG using semi-LASER. Removing Glu and Gln from the basis set has 

almost no influence on quantification of 2-HG in semi-LASER. Figure 4 demonstrates that the CRLB for the 2-HG, Glu, Gln fit remains rather stable in MR spectra with increasing line width in both 

sequences.  

 

Discussion and conclusions 

The sensitivity of the two methods for 2-HG detection was assessed with four phantoms containing 2-HG with different concentrations, revealing semi-LASER as more sensitive for 2-HG detection. Both 

methods were able to detect 2-HG concentrations as low as 0.5mM, however 64 averages were needed. Despite the fact that the MEGA-sLASER provides a clean 2-HG signal, the fitting accuracy for 2-

HG in spectra with broader line widths was not better for MEGA-sLASER. Contrary, the fact that the fitting accuracy for 2-HG in semi-LASER is similar to MEGA-sLASER promotes to choose for a 
semi-LASER implementation. Also,  semi-LASER is a simpler implementation and retains signals from all other metabolites. Note that overlapping resonances from GABA, Glu and Gln combined with 

poorer shim conditions in brain tumor tissue may be more problematic than presented here in phantoms. If so, this would mainly effect 2-HG detection with semi-LASER, since the edited 2-HG signal at 

4.0 ppm using MEGA-semi-LASER is uniquely generated via the J-couplings of 2-HG. 
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Figure 1. (A) molecular structure of 2-HG9 with simulated 1H MR (298MHz, linewidth 1Hz). (B) semi-LASER sequence with 2-HG-optimized TE of 110ms (TE1, TE2 and TE3= 11, 65 and 34ms 5). (c) 

The Mega-sLASER sequence with the frequency selective Gaussian pulses ( BW= 88Hz) centred at 2HG frequency of β. (D) Simulated spectra for 2-HG from these sequences. 

 

Figure 2. (A) Spectra and the fits of the four phantoms containing 2-HG (0.5, 1, 1.5 and 5 mM) and Glycine (10, 10, 10, 5 mM) from semi-LASER TE110ms (top) and MEGA-sLASER TE74ms (bottom) 
experiments. (B) Relative concentration of 2-HG to Glycine in those phantoms as a function of number of averages. To calculate the relative 2-HG and Gly concentration for Mega-sLASER measurements, 

the concentration of Gly was derived from the off spectra by LCModel. The errorbars are the CRLB(%)/100 multiplied by the relative concentration at that average. The sign “≈” means the CRLB (%) of 

999. 

 

Figure 3. Spectra and the fits from a phantom containing 2-HG, Cr, NAA, Glu, Gln, GABA and mIn acquired from semi-LASER TE110ms (A) and MEGA-sLASER TE74ms (B). The relative 

concentrations (/NAA) can be found in Table1.1 and Table1.2. Cr, creatine; NAA, N-acetylaspartate; Glu, glutamate; Gln, glutamine; GABA, γ-aminobutyric acid; mIn, myo-inositol; 

Table 1. CRLB (%) and relative concentration of metabolites to NAA for sLASER (A) and MEGA_sLASER (B). Overlapping metabolites such as 2-HG, GABA, Glu-Gln were removed from the basis set 

to examine the influence on the resulting fit.  

 

 

Figure 4. The effect of the increase in linewidth on the reported CRLB (%) from the phantom with NAA, Cr, 2HG, Glu, Gln, GABA, m-inositol for sLASER and MEGA-sLASER. The  acquired spectra 

(blue) with their corresponding fit (red) for 2HG from sLASER  and MEGA-sLASER measurements at different linewidth mentioned on top of each panel. The NAA spectrum hasn’t been shown. Myo-

inositol was skipped because of CRLB(%) of 999 for all the MEGA fits. 



 

Synopsis: Magnetic resonance (MR) guidance of microwave ablation of hepatic tumors could help to overcome poor visualisation of the ablation zone by ultrasound, 

may allow better intraprocedural confirmation of technical success. The ablation applicator is a metallic rod and can potentially act as an ‘antenna’ during MR imaging 

which can produce unwanted localized heating in nearby tissue. In this abstract, we investigated via electromagnetic simulations the maximum SAR10g changes caused 

by applicators of different radius and length and for various insertion angles.  

 

Summary: The microwave ablation applicator can potentially act as an ‘antenna’ during MR imaging which can produces localized tissue heating. In this simulation 

study, we investigated the maximum SAR10g changes caused by applicators of different radius and length and for various insertion angles. 

 

Introduction: Ablations are  alternative treatments to surgical removal of hepatic tumors. Microwave ablation (MWA) enables high intra-tumoral temperatures 

resulting  in larger ablation zones,  is less susceptible to heat-sink effects in comparison to RF ablation,  and is associated with shorter ablation times1-3. 

Magnetic resonance (MR) guidance of MWA of hepatic tumors could help to overcome the poor visualisation of the ablation zone by ultrasound and may allow better 

intraprocedural confirmation of technical success4, 5. It could allow precise applicator placement in small lesions via real time imaging, enable free selection of imaging 

planes and it is not associated with radiation.  

During MR imaging, microwave energy is “pulsed” into the body and body absorbs some of the RF power. The Specific Absorption Rate (SAR) is a measure of the 

rate at which energy is absorbed by the human body when exposed to an electromagnetic field. It is well-known that metallic devices can act as an “antenna” and 

concentrate this energy, which can lead to excessive local heating. The ablation applicator is a cylindrical metallic rod that can be of different diameters and lengths.   

In this work, we simulate changes of maximum SAR10g induced by applicators  in MRI guided thermal ablation at 1.5T.   

 

Methods: Electromagnetic simulations were performed in CST Microwave Studio 2019 (CST Studio Suite, Computer Simulation Technology, Darmstadt, Germany). 

To evaluate SAR10g, simulations of a voxel models placed in a 1.5T birdcage body coil have been performed (Figure 1(a)).  All results were normalized to 1W of 

accepted power.  MWA applicators were modelled as brass cylinders with radius and lengths that correspond to real applicators shown in Figure 2. All applicator tips 

were inserted at a depth of 50 mm into the liver.  

Simulations were performed for ten applicators (Figure 2) while the insertion angle was changed from 0° to +- 60°.  For applicators #1 to #6 the angle was varied in 

the ZY plane (as in Figure 1(b)), while for applicators #7 to 1#0 the angle was changed  in the XY plane (as in Figure 1(c)).   

To show the dependence of the maximum SAR10g on the body size, three  voxel models were simulated -  Gustav, Laura and Hugo. For these simulations the insertion 

angle and applicators’ lengths were varied. 

 Maximum SAR10g was also calculated for cases with one, three and six applicators (as is commonly used in ablation procedures) in realistic placements within the 

liver.  

 

Results: Figure 3  (a) shows the dependence of the maximum SAR10g values on the insertion angles for ten applicators and (b) shows mean values of the maximum 

SAR10g shown in Figure 3 (a). The simulated maximum SAR10g of the voxel model Gustav in 1.5T birdcage coil without an applicator in place was 0.41 W/kg. The 

highest influence on maximum SAR10g was at an insertion angles of +-15°.  The maximum SAR10g value increased around 20% compared to 0.48 W/kg.  

Figure 4 shows the maximum SAR10g  on three different voxel models (Gustav, Laura and Hugo) for variable insertion angles and applicator’s lengths. The calculated 

maximum SAR10g for voxel models without applicators was 0.41 W/kg for Gustav, 0.19 W/kg for Hugo and 0.1 W/kg for Laura. The  maximum SAR10g was almost 

constant for voxel models Laura and Hugo while the highest variations were observed for voxel model Gustav.  

Figure 5 shows simulated  maximum SAR10g corresponding to the real ablation cases with one, three and  six applicators. The highest calculated maximum SAR10g 

was 0.64 W/kg for a single applicator  which has the highest insertion angle and insertion depth compared to the other two cases. The other two cases showed very 

similar maximum SAR10g.   

 

Discussion and conclusions: In this simulation study the largest influence on maximum SAR10g was found to be the insertion angle of the ablation applicator. The 

maximum SAR10g increase of 20% compared to the value obtained without applicator was for an insertion angles of +-15° in ZY plane. In the case of other insertion 

angles the maximum SAR10g was slightly lower than that without applicators, which can be explained by a slight detuning of the birdcage coil due to the presence of 

the applicator. In practise this, of course, will result also in a reduction in the transmit efficiency of the body coil, requiring more power for a given tip angle: the 

effect on transmit efficiency per square root of SAR remains to be investigated. 

The changes in maximum SAR10g for different body models (and different applicators and insertion angles) were the highest for voxel model Gustav and almost 

constant for the models Laura and Hugo.  

For the case of multiple applicators,  the effects confirm that the insertion angle is the most important criterion, and indicate that the SAR changes from the three 

applicators can effectively be added together.   

The appearance of localized heating due to the presence of applicators has not been observed. Future work will include investigation of B1
+ field perturbations by the 

presence of the applicator.   
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Figure 1. (a) Simulated setup – voxel model inside of 1.5T birdcage coil. (b) Insertion angle of 

the applicators - ZY plane and (c) insertion angle of the applicator - XY plane. 
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Figure 3. (a) Simulated maximum SAR10g values of ten different applicators and various 

insertion angles. (b) Mean value of  maximum SAR10g versus insertion angle of the applicator. 

 

 

 

Figure 4. Simulated maximum SAR10g on three different voxel models, Gustav, Laura and Hugo 

for variable applicator insertion angles and variable applicator’s lengths. 

 

 

 

 

 

 

Figure 2. List  of parameters for ten different applicator’s radius-length combinations used in 

SAR simulations 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Simulated maximum SAR10g for ‘’real’’ cases of ablation applicator positions for a 

cases of one, three and  six applicators. 

 



 

Synopsis: Visual inspection is the current gold standard in quality control (QC) for magnetic resonance image (MRI) brain segmentations, although it is a very time 

consuming and subjective process. In order to minimize the need for visual inspection, we defined a protocol to automatically identify inaccurately segmented brains 

through stepwise regression. This allowed a reduction of the segmentations that need to be visually inspected to 26.8% of the total, increasing the reliability of the 

morphological information extracted from these segmentations, with an error rate of 10%. Currently, we are exploring machine learning techniques to reduce this 

error to an acceptable 5%. 

 

Purpose: Structural brain imaging is important in the diagnosis of many neurodegenerative diseases1-4. The measurement of the different morphological structures is 

frequently performed through brain magnetic resonance image (MRI) segmentation. The quality of this segmentation is essential to guarantee the accuracy of the 

results5, 6. Manual quality control (QC) through individual visual inspection is currently the gold standard; this, however, can be extremely time consuming (>30 min. 

per brain) and suffers from a low interrater agreement7. The aim of this study is to define an automatic protocol to identify the quality of an image segmentation, 

allowing the automatic classification in two categories: accurate and inaccurate. With this, we aim to decrease the number of subjects that need manual visual 

inspection, increasing the reliability in an efficient manner. 

Method: A subsample of participants diagnosed with mild cognitive impairment and matched controls (n=236) was selected from the Maastricht Study8. Participants 

underwent brain MRI in a 3T Siemens scanner and the brain images were segmented using FreeSurfer v6.0 9.  

The brain segmentations were visually inspected by an experienced (>2 years) researcher and rated as ‘accurate’ or ‘inaccurate’. (See image 1 for an example). In 

addition, image quality metrics and morphological values were extracted from the images using various automated tools: MRIQC 7 (which extracts quality metrics 

from T1 and FLAIR images), Qoala-T 10 (which uses FreeSurfer output to score segmentation quality), and FreeSurfer v6.0 itself. A total of 79 automated quality 

metrics, morphological brain measures and quality scores were extracted from FreeSurfer, MRIQC and Qoala-T. 

Two approaches were tested. First, A point-biserial correlation was run to determine the relationship between automated metrics and manual rating. Second, a 

backward stepwise regression model, was used to select the best combination of automated metrics and values to predict the manual rating.  

Results:  

Through visual inspection, 60 segmentations (25.4%) were rated as inaccurate.  

Preliminary results indicate a negative correlation between Euler numbers and manual score (Se image 1 for distributions), which was statistically significant (rpb = 

-.279, n = 231, p = .000). However, AUC is .33 and specificity of the approach is .12. 

The model created through backward selection included 48 variables, incorporating both quality metrics and morphological values. This approach classified 26.8% 

of scans as inaccurate and hence in need of visual inspection. Table 1 shows that, among the 236 segmentations, 168 were correctly predicted as accurate (true 

negatives), while 42 segmentations were correctly predicted as inaccurate (true positives). The area under the curve ranges from .76 to .89, with a sensitivity of .72 

and specificity of .96 (See figure 2). 

Discussion:  

There is a strong relation between visual QC and Euler numbers. However, in order to achieve an acceptable sensitivity, 85% of the sample would still need to be 

visually inspected. Therefore, the use of this metric does not provide a significant improvement in terms of efficiency over the standard manual QC. 

In contrast, the approach applied through backwards variable selection reduces the amount of segmentations that need to be visually inspected to 26.8% of the total 

sample. Its sensitivity is .71, which means that, among all the segmentations flagged as accurate, and hence not being reviewed, only 9,67% will be inaccurate 

segmentations (false negatives).  

These findings represent the results from our initial attempts towards a reliable and efficient automated QC protocol. Our current efforts are focused, through the use 

of machine learning, to increase the sensitivity of the approach, and hence reduce the amount false negatives to a pragmatic 5%. In the future, we hope to apply this 

approach in a dataset of 5500 subjects. 

Conclusion:  

The application of backward variable selection is able to automatically identify inaccurate brain segmentations with an error of 10%. Currently, machine learning 

approaches are being tested in order to reduce the error to an acceptable 5%.  
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Image 1. FreeSurfer’s segmentations: The blue lines follow the division between white and gray matter, while the red lines follow the pia-mater meninge. The left segmentation is accurate while the right one 

includes a portion of dura-mater as part of the cortex being, for this reason, inaccurate. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Violin plot of Euler numbers (-175 to 0) vs. manual quality control (accurate vs. inaccurate). The mean is significantly different for both groups, but their distribution makes it impossible to reduce 

with enough sensitivity the amount of segmentation that need visual inspection. 

 

 

 

 

 

 

 

 

 

Table 1. Confusion matrix: True negative (n=168, 71.2%), false positive (n=8, 3.4%), false negative (n=18, 7.6%) and true positive (n=42, 17.8%). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Area under the curve for linear model with 48 predictors. The area under the curve is .82. 
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Synopsis: A pipeline based on the XCAT phantom, the JEMRIS software for simulating the MR signal and a commercial reconstruction pipeline has been set-up 

for simulating realistic brain MRI images. Using this pipeline, an anatomically variable brain MRI population is simulated across age and gender. Anatomical 

variation is generated by means of changing individual brain sizes, and cortical gray matter volumes to mimic aging brain. MS lesions are simulated to mimic 

diseased brain as well. Significant contrast is generated across detailed brain structures. The commercial reconstructions pipeline increased the realism of simulated 

data. 

 

Introduction: To make simulated MRI more realistic, a number of factors need to take into account. Including the use of finely structured phantoms with 

comprehensive tissue classes, true tissue properties, realistic simulation and realistic reconstruction. All these elements are integrated in our simulation pipeline by 

making use of XCAT phantom1, JEMRIS simulation software2 and clinically used Philips MRI reconstruction pipeline. The images generated using this pipeline, 

came out to be more realistic. Furthermore, to fill the gap of not having large sets of MRI data to be used for training and validating medical imaging analysis 

algorithms, a first set of anatomically variable simulated brain MRI images was created across age and gender using this pipeline. In previous studies3,4, only a 

limited number of brain sub-structures were simulated and no steps were taken to simulate full head and aging brain MRI. A greater number of simulated tissue 

classes and anatomical variability is required to test and optimize algorithms to segment respective tissues. Our simulations included comprehensive set of tissues, 

anatomical variability as well as pathology. 

 

Methods: The pipeline designed for simulating realistic brain MRI is shown in Error! Reference source not found.. The whole body 4D XCAT phantom1 for 

multimodality imaging research is used as starting point. The phantom includes highly detailed comprehensive male and female anatomies modeled as NURBS 

surfaces. The complete head model is shown in Error! Reference source not found..  

One type of anatomical variation is generated by scaling brain surfaces along anterior posterior, superior inferior and medial lateral directions. Five sets of head 

phantoms are generated for different brain sizes. Three of the selected scalings relate to the real measurements of subject’s brains from a 3D brain printing study5. 

The other two come from the default XCAT male and female anatomies, which are modelled according to the 50% percentile of US population. Brain 

measurements utilized across phantoms are presented in Error! Reference source not found.b. To mimic aging brains, brain cortical Gray Matter (GM) volumes 

are adapted. Ten sets of head phantoms (for five male and five female) with different corresponding GM volumes are generated by extruding and scaling each GM 

surfaces. Volumetric changes for normalized GM are taken from a study of tissue volumetric changes in young and aging population across gender6.  Normalized 

GM measurements utilized across phantoms are presented in Error! Reference source not found.. Furthermore, a head phantom with three spherical lesions of 3-

5mm diameter, present in periventricular white matter is generated. 

All generated 16 phantoms are voxelized at an isotropic resolution of 0.5𝑚𝑚3 from the surfaces. For a proof of principle, one slice per phantom in axial, sagittal 

and coronal view is selected for simulation. Diverse tissue properties from literature7,8 are assigned to the voxelized phantoms. 2D gradient echo T1w MRI images 

are simulated using open source numerical Bloch-solver simulation software, JEMRIS2.  Sequence parameters used are TE 10ms, TR 400ms and FA 900, Sinc RF 

pulse of 2kHz bandwidth, max gradient strength of 22mT/m, max gradient slew rate of 100T/m/s and a uniform transmit and receive coil is used for simulation 

sequence design. Cartesian k-space data is simulated at 1𝑚𝑚2 resolution from a high resolution phantom model. To include realistic reconstruction, the raw k-

space data is fed into the reconstruction pipeline that is used on Philips clinical MRI scanners. Simulated images are qualitatively evaluated for the generated 

contrast of brain details present, and the reconstruction image quality. To validate GM volumetric changes, cortical thickness is measured across simulated images.  

 

Results: Simulated MRI samples for two (P1-2) full head phantoms with different brain sizes are presented in Error! Reference source not found.a. In addition 

to the complete head structures and brain soft tissues, deep gray structures like putamen, thalamus, globus pallidus and caudate nucleus are visible in the slice due to 

significant contrast generated. In Error! Reference source not found.c, simulated MRI sample with Multiple Sclerosis (MS) lesion (P3) is presented with all 

lesions visible. Another two (P4-5) simulated MRI samples for different GM volumes are presented in Error! Reference source not found..  A cortical thickness 

decrease of 0.5mm in superior frontal gyrus is measured. Per slice simulation took ~20 min on 16 core processor. Reconstruction comparisons of simple FFT (R1) 

and Philips reconstruction pipeline (R2) for simulated k-space data are presented in Error! Reference source not found.. Significant reconstruction improvement 

in R2 is visible as smooth boundaries and reduced Gibbs artifacts. 

 

Discussions and Conclusions: Using this pipeline, all anatomical variations are realistically represented in the simulated images. Using detailed brain 

phantom and true relaxation times for each deep gray structure, has provided a significant contrast for deep gray structures visualization. Using clinically used 

realistic reconstruction pipeline, has generated simulated images with reduced artifacts, while maintaining fine contrasted edges with limited partial volume effects. 

They contain no variations yet within tissues due to lacking texture information. In addition, no noise and field inhomogeneities were yet been incorporated into our 

simulations.   

In the future, tissue texture information, partial volume and realistic noise need to be incorporated into our pipeline to make simulated image appearance even more 

realistic. The population of phantom instances has to be enlarged to represent further variability in terms of reflecting normal brain anatomical variations and brain 

pathologies. A more detailed aging brain with other structural changes corresponding to cortical GM volumetric changes has to be simulated.   
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Figure 1: The pipeline designed for simulating realistic MR images, making use of XCAT phantom, JEMRIS simulation software and clinically used Philips reconstruction tools. 

 

Figure 2: Starting from left, complete 3D rendered XCAT head model is shown. Next, the brain inside the head model is shown, containing all detailed structures including finely modeled deep gray 

structures and brain vasculature system as shown at last. 

 

Figure 3: (a) Simulated T1w MRI for two Phantoms P1 and P2 with different brain sizes across anterior posterior, superior inferior and medial lateral. One slice per phantom is shown across axial, 
sagittal and coronal view. (b) The brain measurements used for variable brain sizes phantom population generation are shown in box plots. (c) Simulated T1w MRI for Phantom P3 with three spherical 

lesions of diameters 3-5mm. An axial slice, with visible lesions is shown as highlighted from arrows. 

 

Figure 4: Simulated T1weighted MRI for two Phantoms P4 and P5 with different brain normalized gray matter (nGM) volumes are shown. On left, one slice per phantom is shown across axial view with 

inset of zoomed superior frontal gyrus along with cortical thickness measurement. On right, mean and standard deviation of nGM volume across young and old subjects is presented as error bars. 

 

Figure 5: Simple FFT reconstruction (R1) and commercial Philips reconstruction (R2) for simulated MRI. On top row, inset zoomed area across axial slice is presented to visualize reconstructed images 

quality. On bottom row, intensity profiles across R1 and R2 for centered blue line (on top left axial slice) are presented, to validate the Gibbs artifact reduction particular in phase encoding direction. 



 

Synopsis 

Neurodegenerative diseases, for instance multiple sclerosis (MS), are characterized by a progressive degradation of the myelin sheath. The loss of myelin hinders 

the signal propagation and is therefore associated with many cognitive and physical impairments. Specific magnetic resonance imaging (MRI) techniques enable to 

image myelin in-vivo1. Our group has been developing methods that fit the signal predicted from 2D white matter (WM) models to the measured multi-echo GRE 

signal, to decode myelin related properties. In this work a 3D WM model based on electron microscopy data was used to investigate the accuracy of the 2D models. 

 

Purpose 

The various tissues in the human body respond differently to the external applied magnetic field within an MR scanner, which is due to their magnetic 

susceptibility. The magnetic susceptibility of myelin affects both the magnitude and phase of the multi-echo GRE signal. Therefore, comparing the GRE signal to 

the signal expected from realistic models of white matter microstructure could provide insights into some of its properties. Realistic multi-compartment (intra-

axonal, extra-axonal, myelin sheath) 2D models of white matter based on electron microscopy data (EM)2 have been used in the past to, combined with magnetic 

susceptibility of the myelin and its orientation in respect to the static magnetic field (B0)3, simulate the MR signal. Unfortunately, 2D models could have several 

limitations: they lack the ability to incorporate fiber orientation dispersion and the shape of axons might be unrealistically elongated. Therefore, 2D models might 

be insufficient to depict the realistic 3D setting. The purpose of this work is to investigate how accurately realistic 2D white matter models, based on real axon 

shapes, simulate the multi-echo GRE signal when compared to more realistic 3D models. 

 

Methods 
Three white matter models were used in this comparison study: 

(1) The 3D EM model - based on 3D Electron Microscopy data (see Figure 1), which was initially segmented using a 3D electron microscopy segmentation 

pipeline4 (size 1311x1255x430, resolution 7x7x50nm with in-plane down sampling factor 7). The average g-ratio and FVF were 0.67 and 0.49, respectively. Fiber 

orientation dispersion, σ = 0.04 (low dispersion), was computed with respect to the average fiber orientation, µ5.  

(2) The 2D EM model - based on 2D slices of the 3D EM data, assuming infinitely long structures;  

(3) the 2D realistic model (RM) - based on a dictionary of realistic axon shapes, which allows the manipulation of the myelinated fiber volume fraction (FVF) and 

g-ratio as described in6. In this evaluation, 10 different realistic models were computed (size 335x335, in-plane resolution 0.26 µm and with an average number of 

axons of 267±11). 

First, the magnetic susceptibility tensor, χ, is calculated in accordance to the orientation of the phospholipids in the myelin sheath. The orientation of the 

phospholipids is given by the azimuth angle, φ, and the elevation, θ, and take into account rotations of the model in respect to the static field2, see Figure 2. The 

obtained tensor map is then used to compute the magnetic field perturbations, Δω(𝑟), by applying a Fourier-based method7 (see Figure 2, field perturbations) and 

the GRE signal is computed as the sum of the signals of each of the three compartments, 𝑛, as 

𝑆(𝑡) = ∑ (𝜌𝑛𝑒
−

𝑡
𝑇2,𝑛 ∑ 𝑒−2𝜋𝑖𝑡𝛥𝜔(𝑟)

𝑟

)

3

𝑛=1

 

with 𝜌𝑛 being a relative weight reflecting the water signal received (T1 effect, proton water density, etc.). Here we assumed B0=3T with 50 simulated echoes from 1 

to 50ms and literature values for the T2 relaxation times were 15ms and 50ms for myelin and intra/extra axonal compartment, respectively. 

In addition, the influence of dispersion was investigated. Therefore, certain fibers of the 3D EM data were selected to generate a high dispersion model, 𝜎 = 0.4. 

Fiber orientation dispersion was introduced into the 2D models via the von Mises-Fisher distribution8. 50 orientations were generated around, 𝜇, with the 

concentration coefficient, 𝜅, that corresponded to the observed dispersion in the 3D model. Each orientation, 𝑛, was used as the main magnetic field orientation and 

thus, the signal for each orientation, 𝑆2𝐷𝑛
(𝑡), was computed. The final GRE signal for the 2D model, taking dispersion into account, was calculated by taking the 

mean of all individual signals. 

In order to investigate how accurate 2D models simulate the GRE signal, the signals between the 2D and 3D models were compared using a similarity index: 

𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 𝐼𝑛𝑑𝑒𝑥 = √
< 𝑆3𝐷 − 𝑆2𝐷 ,  𝑆3𝐷 − 𝑆2𝐷 >

𝑙𝑒𝑛𝑔𝑡ℎ(𝑇𝐸)
 

Results 

The differences between the signal simulations of 2D and 3D models are small, see Figure 3. Furthermore, the extent of the difference alternates with respect to the 

orientation of the main magnetic field. 

Figure 4 depicts that dispersion influences the accuracy of the GRE signal simulation. By including dispersion into 2D models, the signal simulation can be 

improved. Similar dispersion of 0.4 for 2D RM and 3D EM models show the best approximation. 

 

Discussion/ Conclusion 
There is a significant variability in the similarity between 2D vs 3D models, attributed to either the incorporated axon shapes or specific fiber spacing arrangements 

that can approximate the 3D EM data to different degrees. This observation suggests the importance of using a variety of realistic 2D models to improve fitting 

accuracy.  

Furthermore, dispersion influences the signal simulation and therefore, represents a parameter that could be useful to be taken into account when simulating the 

GRE signal. 
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Figure 4. Signal comparison between the 3D EM model with 0.4 dispersion and 

multiple 2D realistic WM models with and without dispersion for different main 

magnetic field orientations, Θ. 

 

 

Figure 1. Raw 3D EM data and myelin segmentation of size 400x400x400. Frequency histogram of the computed axon orientations present in the EM model and the average 

orientation, 𝜇. 
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Field perturbations 

Figure 2. Demonstration of phospholipids' orientation calculation. The shown theta- and phimaps 

correspond to an axon rotated by 45° about the y axis. Dotted line represents midline of axon. The 

susceptibility tensor map, 𝜒, is then used to compute the field perturbations in the various 

compartments of the model, shown for two magnetic field orientations, 𝛩[°]. 

 
Figure 3. Signal comparisons between 10 realistic (a) 2D models, (b) 2D EM 

and 3D model based on 3D electron microscopy data for different main 

magnetic field orientations, Θ. 
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Introduction 

Midlife hypertension has been described as an important risk factor for cognitive decline and dementia in humans. However, the relationship between hypertension 

and poor cognitive performance is mechanistically complex and still not fully understood. In addition, associations between different antihypertensive treatments and 

the reduced risk for dementia are less clear. Therefore, in this study, we investigated the effects of two different antihypertensive medications on cerebrovascular and 

neuronal function in spontaneously hypertensive rats. We hypothesized that lowering of the blood pressure with the calcium channel blocker amlodipine corrects 

altered cerebrovascular structure and endothelial function, but treatment with the β-blocker atenolol does not. 

 

Methods 

All animal experiments were approved by the local animal welfare committee. Male spontaneously hypertensive rats (SHR) (n=36) and normotensive Wistar Kyoto 

rats (WKY) (n=12) were purchased from Charles River at 4 weeks of age. SHR rats were randomly assigned to 3 different treatment groups; untreated, amlodipine 

treatment (5 mg/kg/day), and atenolol treatment (50 mg/kg/day). For practical purposes, the animals were split up into two batches with a time difference of 5 months. 

This means a total of 6 animals per treatment group per batch. The antihypertensive treatment was started at 2 months of age and was administered via the drinking 

water. The body weight and water intake were measured weekly, whereas the blood pressure was measured monthly in conscious rats using the non-invasive tail-cuff 

system. After 1 year of treatment, ultrasound images were made of the common carotid artery to measure the diameter and blood flow velocity. Subsequently, MRI 

was performed on a 7T small animal MRI system (MR Solutions, Guildford, UK). The MRI protocol consisted of T2w anatomical scans, followed by quantitative 

ADC mapping and high-resolution (118 μm isotropic) TOF angiography. Specific parameters of the different sequences were as follows: T2w-imaging – multi-slice 

SE, TR/TE = 4000/45 ms, α = 90°, ETL = 7, FOV = 35×35 mm2, matrix size = 256×256, slice thickness = 1 mm, number of slices = 26, NSA = 4, total acquisition 

time = 9 min. ADC mapping – multi-slice SE-EPI, b-values = 0/800, number of diffusion directions = 3, TR/TE = 2000/30 ms, α = 90°, FOV = 35×35 mm2, matrix 

size = 128×128, slice thickness = 1 mm, number of slices = 5, NSA = 1, total acquisition time = 13 min. TOF Angio – 3D gradient-echo, TR/TE = 21/3.0 ms, α = 

40°, FOV = 30×30 mm2, matrix size = 256×256, NSA = 2, total acquisition time = 35 min. After the MRI measurements, animals were sacrificed and the brains were 

carefully removed from the skull. The basilar and superior cerebellar arteries were dissected and mounted on a pressure and wire myograph to assess endothelial 

function and structural vascular properties, such as the wall-to-lumen ratio and distensibility. The brain tissue will subsequently be analysed for Alzheimer’s disease 

pathology, neuronal stress, and neurodegeneration using immunohistochemistry, ELISA, and Western Blot. 

 

Results 

Both systolic and diastolic blood pressures were lower in the amlodipine and atenolol treated groups from the start of the treatment when compared to the untreated 

hypertensive group (Figure 1). However, blood pressures of the amlodipine and atenolol treated groups did not reach the blood pressure levels of normotensive rats, 

but gave a comparable reduction in blood pressure. Heart rate was clearly decreased in the atenolol treated group and was similar to the heart rate of WKY. Body 

weight and water intake did not differ between groups, indicating that the antihypertensive medication does not affect the food and water intake. Currently, we are 

performing the in vivo and ex vivo experiments of the animals of the first batch, which means that we will only report on half of the total number of animals of the 

different treatment groups. Although we did not yet perform a detailed analysis of the MRI scans, we did observe differences in total brain volume and 

cerebroventricular volumes between the different treatment groups. Figure 2 shows representative images of the T2w anatomical scan, ADC mapping, and TOF 

angiography. 

 

Discussion & Conclusion 

The blood pressure of both amlodipine and atenolol treated hypertensive animals was nearly lowered to normotensive blood pressure levels. In addition, the heart rate 

of atenolol treated animals was similar to the heart rate of WKY rats. This indicates that the antihypertensive medication lowers the blood pressure effectively and 

was administered in the right concentrations. Whether amlodipine improves cerebrovascular structure and function and therefore gives beneficial effects on neuronal 

function when compared to atenolol, needs to be further evaluated.

The effect of different antihypertensive treatments on cerebrovascular and neuronal function in 

spontaneously hypertensive rats  
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Figure 1. Systolic blood pressure during 48 weeks of treatment with amlodipine or atenolol. Values are mean ± SEM. 

 

 

Figure 2. Representative T2w image (A), ADC map, and angiography (C) of a WKY rat.  



 

Synopsis: The current study assessed whether neuromelanin sensitive MRI (NM-MRI) is a potential biomarker for treatment resistance (TR) in first episode 

schizophrenia patients. NM-MRI is a novel MRI sequence, which indirectly measures dopamine synthesis1. Twenty-three first episodes schizophrenia patients 

underwent a NM-MRI scan, treatment response was determined during follow-up. Standardized and manual segmentation protocols of the NM-MRI data were used 

and compared. Both segmentation protocols showed significantly lower NM-MRI signal in TR compared to responders. These findings demonstrate the potential of 

NM-MRI as biomarker. The predictive value of NM-MRI for TR and optimal segmentation method still require further investigation. 

 

Purpose:  Treatment resistance (TR) in schizophrenia is a major clinical problem with 20-35% of psychotic patients showing non-response to standard antipsychotic 

treatment2. A biomarker that could predict TR is needed to reduce the delay in effective treatment. A well-established finding in schizophrenia, using [18F]F-DOPA 

positron emission tomography (PET) imaging, is increased striatal dopamine synthesis, but interestingly TR patients do not show this altered synthesis3. [18F]F-DOPA 

however is too costly and invasive to use for TR screening. A novel neuromelanin-sensitive MRI sequence NM-MR, which indirectly measures striatal dopamine 

synthesis1, has potential as biomarker for TR. NM-MRI indeed shows increased signal in schizophrenia patients, but has not yet been tested in TR4. The current study 

assessed 1) NM-MRI as a biomarker for TR, and investigated if TR patients show lower NM-MRI signal than responders, and 2) the optimal analysis method, by 

comparing two different segmentation protocols of the NM-MRI data. 

 

Methods: Twenty-three first episode schizophrenia patients underwent a NM-MRI scan. Treatment response was determined during a six months follow-up. A patient 

was classified as TR after showing no adequate response to a minimum of two sufficiently dosed conventional antipsychotics. NM-MRI scan contained a T1-weighted 

gradient recalled echo (GRE) sequence with resonance magnetization transfer preparation pulses (8 slices; slice thickness=2.5mm; TR=260ms; TE=3.9ms; 

FOV=162x199x22mm; voxelsize=0.39x0.39mm) and was conducted on an 3 Tesla Ingenia MRI scanner equipped with a 32-channel sense head coil. NM levels in 

the Substantia Nigra (SN) were measured as contrast ratio (NMcr), with the Crus Cerebri (CC) as reference region. The signal intensities in the SN and the CC were 

determined by a manual segmentation and a standardized segmentation protocol (Figure 1). For the standardized segmentation, the NM-MRI scans were normalized 

into MNI standard brain space. Template masks for both the SN and CC were created by manual tracing on an average image of the 23 standardized NM-MRI scans. 

These masks were then placed on each individual standardized scan to obtain the signal intensity of the SN and CC of each patient.   

 

Results: Eight patients were classified as TR and 15 patients as responders. The two groups did not significantly differ on gender, age, IQ, use of medication, and 

substance use. However, the duration of medication use was longer in the TR patients, t(21)= -1.873 p = 0.039. The standardized and manual segmentation methods 

both demonstrated that mean NMcr of the TR patients was significantly lower than the mean NMcr of the responders, t(21)= 2.318, p = 0.031 and t(21) = 3.043, p = 

0.006, respectively (Figure 2). A moderate correlation (ICC=0.66) was found between the NMcr-standardized and NMcr-manual measurements, Figure 3 shows the 

Bland Altman plot. For the standardized segmentation, no correlations were found between NMcr and age and duration of medication use in both TR and responders. 

For the manual segmentation only a correlation was found between NMcr and age in the responders (r =0.530, p =0.042) and not in the TR group.  

 

Discussion: Both segmentation methods showed significant lower NMcr levels in TR patients compared to responders. These findings are in line with the [18F]F-

DOPA studies, showing lower dopamine synthesis in TR compared to responders. However, there was only a moderate correlation between the two segmentation 

protocols, which might be explained by the normalizing step in standardized protocol. The standardized mask did not fit each normalized scan perfectly (Figure 1), 

indicating remaining individual difference in SN shape and size. Hence, normalization of the SN remains challenging and needs to be improved. Since the manual 

protocol allows one to segment the SN of each participant by hand, the rater could more accurately section as much of the SN as necessary, and accordingly may 

provide a more reliable result. 

The application of NM-MRI as a predictor for TR remains uncertain, as there is an overlap in the NMcr levels obtained in TR and responders. A possible explanation 

for this might be that categorizing patients as either TR or responders is not appropriate as the response to antipsychotics could be a spectrum, including a group of 

partial responders. Furthermore, other factors (e.g. dosage of antipsychotic medication, history of drug use) could also influence the NMcr and need to be further 

investigated. 

 

Conclusion: This study demonstrated the potential of NM-MRI as a biomarker for TR in schizophrenia. Currently the manual segmentation method appears to 

provide the most reliable results, although further development of the standardized method is needed. Even though the results of this study show significant differences 

in NMcr between TR and responders, the predictive value of NM-MRI still requires further investigation. 
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Figure 2. NMcr in treatment resistant and responders.  

A) Difference in NMcr standardized between treatment resistant patients and responders. B) Difference in NMcr manual between treatment resistant patients and responders. 

Abbreviations: NMcr; Neuromelanin Contrast Ratio. 

*Significant at the < 0.05 level.  

 

 

 

Figure 3. Bland-Altman plot showing the difference between NMcr -manual and NMcr -standardized. The mean difference is represented by the black line with a value of 0.021. The 

gray lines represent the Limits of Agreement from -1.96 SD to + 1.96 SD; -0.024 and 0.065 respectively.  

Abbreviations: NMcr; Neuromelanin Contrast Ratio. 
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standardized average image, and then placed on the individual data. The Crus Cerebri (CC) (not shown here) was analyzed in a similar manner. C)Raw image D)Raw image 
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Synopsis: Automated brain image analysis with quantification of structural brain changes improves diagnostic accuracy in a memory clinic setting1. We aimed to 

investigate whether such normative quantification also changed confidence of neuroradiologists in dementia diagnosis, compared to routine visual assessment. In a 

sample of 30 prospective memory clinic patients, we showed that quantitative assessment, i.e. plotting patients’ brain tissue volumes against age and sex specific 

reference curves, led to slightly lower confidence in diagnosis overall, but that added value of quantitative assessment may differ between diagnostic subgroups. 

This will be further explored in a larger sample. 

 

Purpose: 

Brain magnetic resonance imaging (MRI) may support dementia diagnosis, but detecting early abnormalities visually and distinguishing these from normal aging 

remains difficult. Quantitative normative assessment of MRI1 may be more sensitive to abnormalities and enables comparison of individual patients’ brain volumes 

to reference data from a healthy aging population2,3. We aimed to investigate whether such normative quantification changed confidence of neuroradiologists in 

dementia diagnosis, compared to routine visual assessment.  

 

Methods: Four neuroradiologists performed routine visual assessment (VA) of MRI scans of 30 prospective memory clinic patients as well as quantitative 

assessment (QA) of patient brain tissue volumes plotted against age and sex specific reference curves, using Quantib™ ND (Fig. 1). They rated diagnostic 

confidence for both VA and QA, and change in confidence in VA after QA. 

 

Results: With VA, scans were rated normal in 10/30 (33.3%) and abnormal in 20/30 (66.7%) cases vs. 11/30 (36.7%) and 19/30 (63.3%) respectively with QA. 

There were 7 discrepancies (3 cases rated normal with VA and abnormal with QA, and 4 cases vice versa). Confidence in data being (ab)normal was similarly high 

for VA and QA (Fig. 2A). 

Alzheimer’s disease (AD) was more often diagnosed with VA than QA (5 vs. 3 cases), while frontotemporal lobar degeneration (FTLD) was more often diagnosed 

with QA than VA (6 vs. 4 cases, Fig. 2B). Both vascular dementia (VaD, 1 case) and mixed or multiple pathologies (4 cases) were diagnosed equally often with VA 

and QA. Diagnoses different than AD, FTLD, or VaD were slightly more often based on VA than QA (6 vs. 5 cases). 

Confidence in diagnosis (Fig. 2C) tended to be slightly higher with VA than QA. Diagnostic confidence in VA after taking QA into account remained the same in 

46.7% of cases, but decreased in 30% and increased in 23.3%. 

Representative cases are shown in Fig. 3. In Case 1, VA reflected QA, both leading to the diagnosis AD, with more confidence after taking QA into account. 

Multidisciplinary diagnostic analysis confirmed AD. In Case 2, the radiologist was fairly confident of the diagnosis AD based on VA, but confidence decreased 

after QA was rated normal. The multidisciplinary diagnosis was AD. For Case 3, the radiologist was fairly confident that VA was normal, but also fairly confident 

that QA was abnormal because of symmetric isolated frontal volume loss. This decreased confidence based on VA. The multidisciplinary conclusion was subjective 

memory complaints. 

 

Discussion and conclusion: We showed in a small sample of memory clinic patients that normative quantification of brain tissue volume may aid 

neuroradiological diagnosis of dementia. Collection of confidence ratings is ongoing to determine in a larger sample the actual effect of quantitative assessment on 

confidence in MRI based diagnosis of dementia. The added value of quantitative assessment will be determined by comparing it to ground truth (i.e., 

multidisciplinary clinical diagnosis). 
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Figure 1. Screenshot of Quantib™ Neurodegenerative (ND), which automatically segments and quantifies brain structures from T1w-scans and plots these against age and sex specific reference curves 

derived from the population-based Rotterdam Study.2,3 

 

Figure 2. Histograms for visual (blue) and quantitative (green) assessment. A) confidence in data being (ab)normal; B) Diagnosis (AD: Alzheimer’s disease, FTLD: frontotemporal lobar degeneration, 

VaD: vascular dementia); and C) confidence in diagnosis. 

 

Figure 3. Visual and quantitative data of quantitative assessment (QA) supporting visual assessment (VA, Case 1), and of discrepancies between VA and QA (Case 2 and 3). MTA: medial temporal lobe 

atrophy; GCA: global cortical atrophy. AD: Alzheimer’s disease 



 

Synopsis: Brain lesions can interfere with the normally smooth and automatable brain segmentation and parcellation workflow. Several researchers have attempted 

to address white matter lesions. Few, if any, however, have addressed brain lesions affecting both grey and white matter. Including pathologies such as tumors, stroke, 

or focal cortical dysplasias.  

Here we propose a novel automated method for addressing this issue, along with initial results of a quality check and validation analysis of the resulting brain 

parcellation output by Freesurfer’s recon-all after applying the proposed method. 

Introduction: Brain lesions can hinder the normally automatable brain segmentation and parcellation workflows1. Several researchers attempted to tackle white 

matter lesions2. Few, if any, however, have attempted to address the issue of brain lesions affecting both grey and white matter3,4. Pathologies such as tumors, stroke, 

or cortical dysplasia are not rare in clinical practice. Thus, they pose a challenge for automating workflows aiming for more complex analyses. 

There remains a lack of consensus regarding how to handle larger brain pathologies and how to carry out subject specific and quantifiable analyses in spite of the 

pathology. This work was developed for unilateral pathologies initially but has been extended to include bilateral lesions as well. 

Here we present the proposed method and the initial results of a quality check comparing the output of FreeSurfer’s recon-all scripts on healthy brains and after 

introducing simulated lesions then applying our proposed method to run recon-all on the lesioned brain images. 

Methods: This analysis utilized 3D T1 weighted images of 10 healthy volunteers, and realistic lesion masks, from patients in the same study, warped to each healthy 

volunteer’s brain using ANTs. Dice coefficients were then calculated comparing the outputs of recon-all on original healthy brain images, and the output of the 

proposed method. Lesion masks used are displayed in (Figure 1) along with lesion mask volumes. 

MRI acquisition used a 3 Tesla Philips Achieva scanner. Isotropic Axially oriented 3DTFE T1 weighted images were acquired with TR/TE/FA: 9 msec/4.1 msec/8, 

voxel size: 0.9x0.9x0.9 mm, Matrix size: 288 x 288 x 170, and Compressed Sense (CS) factor 6. 

The proposed method is an optionally BIDS5 compliant automated workflow written in bash script v3.2.57. Based mainly on FSL6, FreeSurfer7, and ANTs8. It requires 

a 3D T1 weighted and a lesion mask in the same space. It starts by denoising and bias correcting the input images, ANTs brain extraction, iterative warping, lesion 

filling and weighted image segmentation, creating a new synthetic image from the segmentation output and tissue specific image intensities. Finally, a healthy image 

graft replaces the lesion on the original image using smoothed masks to avoid a sharp interface. The workflow requires about 2 hours of run time. For a schematic 

representation of this workflow as well as its outputs see (Figure 2). 

The analysis included “minimally manipulated images”, following FSL brain extraction, lesion removal, adding the lesion back and finally adding the skull back 

before running recon-all. Aiming to investigate variation in recon-all output due to input image interpolation without structural change. 

The quality check used Dice calculations on the recon-all parcellations (aparc+aseg.mgz) after converting to MRTrix39 compatible order using “labelconvert”. This 

results in a volume with 84 contiguous grey matter labels. The output of the proposed method, that of recon-all on healthy data, as well as of minimally manipulated 

data are compared, see (Figure 3). 

Results: Dice calculation using ANTs ImageMath DiceAndMinDistSum showed a high spatial agreement between the labels resulting from the proposed method and 

those resulting from recon-all on untouched, and minimally manipulated data. We supplemented these outputs with 2 runs of recon-all on the original data, to account 

for any difference introduced by the MRTrix “labelconvert” script, none was found.  

Grand mean Dice values are listed in (Figure 4) and show small but significant differences between the outputs of the proposed method and untouched segmentations. 

However, a similar difference is encountered by applying some interpolation to the input of recon-all, evidenced by the larger significant difference in mean Dice 

scores. 

Discussion: The quality check results appear reassuring in this small sample of healthy volunteers. The method presented above is a subject specific approach 

attempting to minimize the errors occurring during parcellation due to pathology.  A similar approach was applied on data of patients with stroke4, however to our 

knowledge this has yet to be applied to tumors, dysplasias and larger lesions. 

Grand mean Dice values are plotted in (Figure 4), shown with the results of the unpaired two sample t-tests. Results show that outputs of the proposed method 

compare to that of the original input in terms of structure. We also found that FreeSurfer’s recon-all scripts are remarkably stable between runs on the same data set, 

however some of this stability is lost if minimal interpolation is introduced into the input. This pipeline is built on deformable registration and segmentation tools, 

there remains room for improvement and optimization. 

This method has been applied to clinical participants’ data, from a clinical imaging study approved by the local ethics committee (S61759 UZ / KU Leuven Research 

Ethics Committee). The results of the application of this method to a patient’s data to generate fiber tractograms using CSD and probabilistic tractography are 

demonstrated in (Figure 5). 

Conclusion: We have demonstrated the applicability and validity of the proposed method using data from 10 healthy volunteers. Dice coefficients were used to 

compare the parcellations derived from a real healthy brain image input, the output of our method as well as minimally manipulated images. 

This work represents a viable approach for dealing with heterogeneous brain lesions, and the scripts can be made available upon request via email.  
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(Figure 1) Left - Shows the brain extracted T1 weighted images (Wis) of the 10 healthy volunteers in row (A), The warped brain extract T1 WIs of clinical participants with lesions in row (B), and the healthy 

volunteers’ images with the registered lesion masks in row (C).  (HV, Healthy Volunteer).  Right – A table listing the lesion mask volume per healthy volunteer in mm
3
.

(Figure 2) Schematic of the proposed method, the required inputs on the left side (green) and output on the right side (blue). 

 (Figure 3) Shows a schematic of the workflow used for quality check and validation of the proposed method. 

 

(Figure 4) – (A) Bar chart with Standard error bars showing grand mean DICE values per parcellation comparison. (*) Significant difference between comparisons, at p<0.005 uncorrected and p<0.05 

Bonferroni corrected. (B) Results of the two-sample unpaired t-tests comparing the different Dice analyses. (C) Subject mean Dice values per comparison. (R v Int) Real healthy brain output vs. minimally 

manipulated data. (Int v Synth) output of the minimally manipulated data vs. the proposed method. (R v Synth) Real healthy brain output vs. proposed method. (R0 v R1) The two Real healthy brain recon-

all runs.  

 

(Figure 5) Example output from a clinical patient using the proposed method. (A) Brain extracted T1 weighted images (WIs) with the lesion, (B) synthetic “healthy” image generated using the proposed 
method, (C) aparc+aseg parcellation from Freesurfer, (D) parcellation after subtracting the lesion, (E) directionally color coded diffusion images overlaid on the T1 WIs, and finally (F) shows 3D renderings 

of example fiber bundles (Left, Arcuate Fasciculi, middle, Optic Radiations, and right Inferior Fronto-Occipital Fasciculi), generated using ROIs resulting from the proposed method, with the lesion mask 

overlaid in semi-transparent orange. 



 

Synopsis: The aim of this study was to investigate the safety and feasibility of 7T MRI in neonates. RF safety simulations showed that the global and peak specific 

absorption rates in a baby model do not exceed the specific absorption rates in adult models at 7T. Furthermore an (acoustic) noise damping hood was developed to 

guarantee hearing protection. In 10 neonates, we show that it is feasible to obtain good quality images at 7T; safety parameters (heart rate, peripheral oxygen 

saturation, peripheral temperature and comfort scales) were monitored before, during and after the MR scans, no (MRI related) adverse events occurred. 

 

Introduction: Neonates with brain injury are at risk for neurodevelopmental delay. MRI is the gold standard to assess brain development and injury in neonates 

[1], and 3T scanners are now routinely used in neonates by many centers. However, predicting neurodevelopmental outcome often remains challenging. As ultra-

high field MRI showed added value in adults in terms of resolution, SNR and CNR [2], 7T MRI could also be beneficial for clinical decision making in neonates. 

The aim of this study is to investigate the safety and feasibility of 7T MRI in neonates. We show the first MR images of neonates at 7T MRI and provide 

information about the study protocol and safety preparations. 

 

Methods: Safety preparations: Prior to the initiation of the in-vivo data collection, we evaluated the RF safety of the setup. Finite difference time domain 

simulations were performed (Sim4Life, Zurich Med Tech, Zurich) on a baby model (Charlie) of the virtual family [3], in different positions in the coil. We assumed 

full decoupling to the receiver coils. Peak local SAR (10g average) and global head SAR for 1 W input power were calculated. 

Furthermore, we developed a prototype acoustic hood for noise protection that fits the 7T MR scanner, using a layer of 5 cm foam. A test setup (figure 1) with a 

dummy MR bore was made in a sound isolated booth to test the attenuation of acoustic noise with this prototype. 

Feasibility: After these safety preparations we included clinically stable infants, between term (equivalent) age and the (corrected) age of three months. They 

underwent a 7T MRI immediately after their routine 3T MRI scan (both Philips Medical Systems, Best, Netherlands) using a 2-channel transmit-32 channel receive 

head coil (Nova Medical, Inc, Burlington, MA, USA). Noise protection was guaranteed by baby earmuffs and the acoustic hood. Safety parameters (i.e., heart rate, 

peripheral oxygen saturation, peripheral temperature and comfort scales) were monitored before, during and after the MR scans. The 7T MR protocol included T1w 

MPrage and T2w SSh TSE anatomical imaging, MR Venography (3D-PCA, 0.75x0.75x0.45mm, venc =7cm/s), Susceptibility Weighted Imaging (3D-FEepi, 

0.55x0.55x0.27mm, epi factor 3, 3D flowcomp), MR Angiography (3D-Inflow, 0.3x0.3x0.2mm,) and single-voxel spectroscopy (MRS; sLASER, TE 36 ms, TR 

5000 ms). 

 

Results: Safety preparations: RF safety simulations showed that the global SAR and peak local SAR of the baby model in centered position did not exceed the 

SAR of the adult model. However, when the baby model was positioned 50 mm from iso-center in head direction, global SAR levels and peak local SAR levels 

exceeded those of the adult model by +13% and +12%, respectively (Table 1 and figure 2). Therefore, positioning of the baby head in iso-center must be 

mechanically secured during scanning, for example by adding foam padding. 

Acoustic noise protection was evaluated in a sound booth. The 7T hood attenuated the acoustic noise by 8.5dB. In comparison, the hood used at 3T [4] attenuated 

the noise by 7dB. 

Feasibility: Ten neonates have been included. Temperature, heart rate and peripheral oxygen saturation were stable before, during and after MRI. No serious 

adverse events occurred. MRV at 7T shows improved visibility of the different veins and sinuses compared to 3T i.e. the superficial cerebral veins can be followed 

in more detail and the arterial circulation is better suppressed (Figure 3A+F). On SWI at 7T, the deep venous circulation (i.e., the deep medullary veins) is better 

visible, (Figure 3B+G). Additional microbleeds have not been identified until now at 7T compared to 3T. Single-shot T2-weighted imaging at 7T seems to be of 

improved quality. In one patient with a perinatal arterial stroke, perivascular spaces were found at 7T that were not visible at 3T (Figures 3C+H). MRA is better at 

7T than 3T, because less noise is visible at 7T making it easier to see the thickness and curves of the arteries (Figures 3D+I). T1-weighted imaging does not yet 

meet the expected gain at 7T so it requires further improvement to incorporate the different T1 in neonates compared to adults. MRS was of improved quality. For 

example, the patient shown in Figure 3E and 3J had an increased spectral resolution at 7T compared to 3T that better visualizes the different choline compounds 

and NAAG. It was possible to fit more metabolites with a Cramer-Rao lower-bound < 20% at 7T, such as NAAG and taurine. 

 

Discussion and Conclusion: This pilot study shows both feasibility and safety of 7T MRI in ten neonates. A low SAR and acoustic noise could be demonstrated, 

while improved image quality at 7T compared to 3T was seen for SWI and single-shot T2-weighted imaging, caused by a shorter T2-relaxation time, improved 

spatial resolution and increased susceptibility. For MRS the increased chemical shift dispersion at 7T results in less overlap of different metabolite peaks. 

Further technical improvements, like optimizing B1
+, incorporating T1 differences into flip angle and TR of the reported sequences are ongoing and additional 

sequences are being tested. 

Neonatal imaging at 7T might enable physicians to assess the extent of injury on a microstructural level, e.g. diagnosing microbleeds or polymicrogyria, and 

thereby improve prediction of neurodevelopment. 
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Figure 1.  Set up for measuring acoustic noise at the MR table in the presence 

of the hood. This test setup consisted of a dummy bore with similar 

dimensions as the 7T MR system with a 10 mm plastic plate (POM) to create 

an MR table. The speakers producing the sound positioned at 28 cm distance 

around the dummy bore to mimic the sound produced by the MR scanner. 

Table 1: Global and peak SAR levels 

Figure 2. Local SAR levels in adult head and baby model in the different coil positions. 

Figure 3. Examples of images of different patients at 3T (top row) versus 7T MRI (bottom row). A and F show an MRV of a preterm infant at term equivalent age. B and G show an SWI of a preterm born 

infant at term equivalent age. C and H show a single-shot T2-weighted image of a 6 week follow-up scan of a term infant with a perinatal arterial stroke, the arrow in H points out perivascular spaces that 

are not visible at 3T. D and I present an MRA of the same infant. E and J show an MRS spectrum of a preterm infant at term equivalent age 



 

Introduction: Systemic Lupus Erythematous (SLE) is an autoimmune disease that may present with a broad spectrum of neuropsychiatric (NP) symptoms1,2. 

Attribution of NP symptoms directly to the disease (NP-SLE), or to an alternative etiology such as side effects of medication or the involvement of other organs 

(non-NP-SLE)3 is highly uncertain, as no gold standard exists. Currently, MRI features can only contribute in a limited way in the diagnostic process. Discovering 

MRI biomarkers may help in the diagnostic process. 

White matter hyperintensities (WMH) in the brain are related to both NP-SLE and non-NP-SLE4,5. WMH lesions are currently mainly expressed in terms of 

volume, but this does not contribute to distinguishing between different etiologies6. On the other hand, type and shape of WMH lesions may provide additional 

etiological information7. 

In this retrospective study, we investigated whether conventional (volume) and advanced WMH (type and shape) features are different in NP-SLE patients versus 

non-NP-SLE patients. 

 

Material and methods: 130 patients were included in this study: 29 with NP-SLE and 101 with non-NP-SLE. Patients were diagnosed following a one-day 

standardized evaluation comprising a combination of multidisciplinary medical assessments, including a brain MRI scan on a Philips Achieva 3T MRI scanner. The 

MRI acquisition protocol included 3D T1-weighted and fluid-attenuated inversion recovery (FLAIR) sequences.  

The FLAIR images were registered to the 3D T1-weighted images8. WMH segmentations were performed on the registered FLAIR and thresholded on a probability 

of 0.29. Lateral ventricular segmentation was performed on the 3D T1 image or on the registered FLAIR to the T110. Figure 1 shows the image-processing pipeline. 

The Periventricular WMH (PVWMH) type was assigned to WMH within 10 mm from the lateral ventricles. The Confluent WMH (CWMH) type was assigned to 

PVWMH that extended to more than 10 mm from the lateral ventricles. The Deep WMH (DWMH) type was assigned to WMH that were located >10mm from the 

lateral ventricles. Figure 2 shows  WMH types. WMH shape features were calculated from the WMH segmentation. Solidity, convexity, concavity index and fractal 

dimension were used for PVWMH and CWMH. Eccentricity and fractal dimension were used for DWMH10.  Mean or median values per feature were calculated 

per patient. 

Group differences in WMH volumes, WMH type and WMH shape features between groups were studied by linear or logistic regression analyses corrected for age 

and gender and for WMH volume additionally for total intracranial volume (TIV). All analyses were performed in IBM SPSS version 23. 

 

Results: Table 1 shows the characteristics of the patient population. No significant differences between the two patient groups (NP-SLE and non-NP-SLE) were 

found, except for the SLE disease activity index (SLEDAI), which was higher in NP-SLE. 

The DWMH type was more often present in NP-SLE patients compared to non-NP-SLE patients (Table 2). Although NP-SLE patients showed a higher number of 

deep lesions per patients, a higher volume of total WMH and PV/CWMH compared to non-NP-SLE patients, these differences were not statistically significant 

(Table 2). No significant between group differences were found in WMH shape features for both PV/CWMH and DWMH (Table 2). 

 

Discussion and conclusion: We found that NP-SLE patients more often had deep white matter hyperintensities compared to non-NP-SLE patients.  

Studying WMH features besides volumes is relatively new10 and this is the first study on SLE patient populations to our knowledge. This approach may lead to 

improve our understanding on the etiology and underlying prognostic information of diseases, as well as to differentiate between WMH of presumed vascular origin 

from other causes11. In particular, previous brain histopathological studies showed that different  type and features of WMHs are associated with different brain 

parenchymal changes12. 

It has been shown that DWMH lesions have different functional, microstructural and clinical characteristics compared to PVWMH lesions. In particular, DWMH 

lesions are related to disruption of short connections in the white matter, are more heterogeneous compared to PVWMHs, and are characterized by more axonal 

loss, vacuolization and arteriolosclerosis. DWMH lesions are also related to more hypoxic/ischemic changes compared to PVWMH13.  

In conclusion, we showed that NP-SLE patients more often had deep white matter hyperintensities compared to non-NP-SLE patients. This finding may contribute 

to the diagnosis of NP-SLE and this may suggest that NP symptoms are related more to DWMH load than load of other WMH types. Furthermore, there may be a 

different underlying etiology of WMH lesions between NP-SLE and non-NP-SLE patients. Further studies are needed to fully understand the relation between 

DWMH and NP symptoms. 
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Figure 1. Pipeline analysis. FLAIR 

images were registered to the 3D T1-

weighted images by using the FMRIB's 

Linear Image Registration Tool (FLIRT) 

from FMRIB Software Library v5.0(FSL). 

WMH segmentations were performed on 

the rFLAIR using the lesion prediction 

algorithm (LPA) within the Lesion 

Segmentation Toolbox (LST) for statistical 

parametric mapping (SPM12). Lateral 

ventricular segmentation was performed on 

the T1 image or on the registered FLAIR to 

the T1 using the toolbox ALVIN in SPM8.  

 

 

 

TABLE 2. Comparison between NP-SLE and non-NP-SLE 

patients. Variables are shown in terms of: mean±SD in case of 

normally distributed variables; or median (10-90 CI) in case of not 

normally distributed variables. Non normally distributed variables 

were multiplied by 1000 and then natural log transformed before 

the logistic or linear regression analysis. DWMH are more often 

present in NP-SLE patients compared to non-NP-SLE patients.  NA 

= not applicable. 

FLAIR to the T1 using the toolbox ALVIN in SPM8.  

 

Figure 2. White matter hyperintensity 

types. In blue 3 mm space distance from 

the lateral ventricles. In purple 10 mm 

space distance from the lateral ventricles. 

In red white matter hyperintensities 

(WMH).  

 

TABLE 1. Characteristics of the patient population. Sex, age, 

cardio-vascular risk factors and damage indexes  are shown. 

SLEDAI-2K = Systemic lupus erythematosus disease activity index 

2000. SDI = Systemic lupus international collaborating clinics 

Damage Index.  

 




