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T01 – Nejat Karadeniz, King’s College London 
 

Comparison of the transmit performance and Local SAR for multi-row parallel transmit coil arrays 
at 3 Tesla 

 
 
Synopsis  
MRI multi-row array coils can offer extended longitudinal coverage and increased flexibility to control and tailor the RF field 
distribution through RF Shimming. This study investigates the role of using multi-row configurations of parallel-transmit 
(pTx) RF coil arrays for brain imaging at 3 Tesla to improve the transmit field homogeneity in the entire volume of the head. 
We found that the 18-channel triple-row pTx coil gives a more homogeneous solution with higher vertical coverage of the 
head volume than the birdcage coil and 16-channel single and double-row pTx coils.    
 
Summary  
The 18-channel triple-row pTx coil provides a more homogeneous magnetic field with higher longitudinal coverage of the 
head volume than the birdcage coil and 16-channel single and double-row pTx coils.    
 
Introduction  
Parallel RF transmission (pTx) provides a higher degree of freedom which facilitates the production of desired excitation 
profiles while providing better management of RF power deposition [1]. The degree of freedom can be increased by using 
a multi-row array with a static volume RF shim to create a uniform RF transmit field (B1+) in the human head. In ultra-high 
field MRI, it is shown that there is a considerable improvement in B1+ homogeneity with a simultaneous increase of 
coverage in the longitudinal direction [2]. Furthermore, pTx enables controlling RF inhomogeneity and excessive tissue 
heating due to presence of Deep Brain Stimulation devices during 3T MRI [3]. This work compares the RF transmit 
performance, local specific absorption rate (SARmax,1g avg), and transmit efficiency (B1

+/√ SARmax,1g avg) of head birdcage coil, 
16-channel(16ch) single-row, 16-channel(16ch) double-row and 18-channel(18ch) triple-row pTx loop coil arrays at 3T.   
 
Methods  
Electromagnetic field simulations using FDTD on Sim4life 7.1(ZMT AG, Zurich Switzerland) were performed with a human 
phantom Duke [4] for 3T head birdcage in circularly-polarised mode(lowpass, 16 legs, 297mm in diameter)(Fig.1.a),  16ch 
single-row (16x1, 250 mm height/loop, 60 mm width/loop)(Fig.1.b), 16ch double-row (8x2, 114 mm height/loop, 125 mm 
width/loop)(Fig.1.c) and 18ch triple-row (6x3, 68.5 mm height/loop, 181.5 mm width/loop)(Fig.1.d) encircling a cylinder 
(360mm in diameter, 250 mm in length). In the 16ch double-row coil, the top row elements were rotated by 22.5° with 
respect to the bottom row, and in the 18ch triple-row coil, the middle row elements were rotated by 60° with respect to 
the top and bottom row. All the RF coils are placed inside a cylindrical magnet bore (1560 mm in length and 752mm in 
diameter (Modelled as PEC). The multiport impedance data was exported to co-simulation software (Optenni, Finland) to 
tune and match the coils arrays. The individual B1+maps (each normalised at 1W) are exported to Matlab to be optimised 
and analysed. All three coil’s RF shim weights (amplitude and phase) are calculated using Magnitude Least Square (MLS) 
Optimisation [5,6] to explore how the degrees of freedom available in a multi-array can benefit transmit excitation. In MLS 
optimization, Different Tikhonov regularisation parameter values (𝛽𝛽). [5] are used to create the L-curve that demonstrates 
the trade-off between the reduction in the excitation error and the increased power requirement.   
 
Results  
All three coils are tuned to 123 MHz and matched to 50 Ohm with a minimum reflection coefficient of -22.5 dB using Match 
Tool (Sim4life Module) with the convergence of -25 dB (Fig.1.e-h). Due to the high-neighbour coupling for non-overlapping 
loops, the absorbed powers in tissue are 7.5%, 9.3%, and 6.7%, respectively, for single-row, double-row, and triple-row pTx 
coils, which are very low compared to the 87% absorbed power in tissue for the head birdcage coil.   
Fig.2 shows the L-curves for each coil created by inserting  𝛽𝛽 values between 0.1 and 15. By selecting the corner of the 
curve, the field uniformity can be improved while reducing the used RF power. The 𝛽𝛽 value for single-row is 1.5, for double-
row is 4.5 and for triple-row is 2.  Fig.3 demonstrates the maximum intensity projection (MIP) in the coronal, sagittal, and 
transverse plane of B1+ maps. B1+ mean over the volume of the head for birdcage is 0.66 μT/√W, for single-row is 0.08 
μT/√W, for double-row is 0.16 μT/√W and for triple-row is 0.13 μT√W. The coefficient of variation ([Equation] for birdcage 
is 12%, for single-row is 16%, for double-row is 10% and for triple-row is 6%. The average field strength of the double-row 
coil is twice the mean field of the single-row coil and 1.5 times higher than the triple-row coil. On the other hand, the triple-
row coil provides the most homogenous transmit field with the highest longitudinal coverage.   
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Fig.4 demonstrates SARmax,1g avg MIP in the coronal, sagittal, and transverse plane maps with SARmax,1g avg  of 0.81 W/kg for 
birdcage, 0.023 W/kg for single-row, 0.058 W/kg for double-row, 0.059 W/kg for triple-row normalized to 1 W. The SARmax,1g 

avg of the single-row coil is 3 times lower than the other pTx coils.   
Fig.5 shows the MIP in the transmit efficiency maps in coronal, sagittal, and transverse planes. Among all pTx coils, the 
highest transmit efficiency is obtained by the double-row coil(0.66μT/√(W/kg)), which is 29% and 40% more than single-
row and triple-row coils, respectively. Comparing pTx coils with birdcage coils shows that birdcage coil is much more efficient 
because the absorbed power in tissue is substantially higher than for the pTx coils. However, as can be observed from Fig.3, 
the triple-row coil's transmit field is more homogenous than the birdcage coil. 
 
Discussion and Conclusions  
The results show that increasing the number of rows of pTx coil improves the homogeneity of the transmit field and extend 
the coverage in vertical direction as 18ch triple-row coil provided the least coefficient of variation in the entire volume of 
the head. In contrast, a double-row coil provides highest transmit efficiency solution among the pTx coil. In the future, the 
transmit efficiency of the triple-row coil will be tried to be improved by making the array diameter larger and, the arrays 
will be overlapped to avoid the further coupling between the neighbours.  
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Figures  
 

  
Fig. 1.  RF Coil Designs of a) birdcage b)16-channel single-row c) 16-channel double-row d) 18-channel triple-row parallel-
transmit array for human head MR, scattering matrices measured on the human computational phantom e) birdcage f) 
single-row g) double-row h) triple-row  

   
Fig. 2. Plot of normalised root magnitude means square error (RMMSE) versus normalised RF Power (between 0 and 1). The 
range of Tikhonov regularisation parameter ([Equation]) that are inserted between 0.1 and 15. The [Equation] value for 
single-row is 1.5, for double-row is 4.5 and for triple-row is 2.   
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Fig.3. B1+ maximum intensity projection (MIP) in the sagittal, transversal and coronal plane for the birdcage (first column), 
16ch single-row (second column), 16ch double-row (third column), 18ch triple-row (fourth column) (left to right), input 
power normalised to 1W total input power.   
  

  
Fig.4.1gr averaged SAR maximum intensity projection (MIP) in the sagittal, transversal, and coronal plane for the birdcage 
(first column), 16ch single-row (second column), 16ch double-row (third column), 18ch triple-row (forth column) (left to 
right), input power normalised to 1W total input power.   
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Fig.5.Transmit efficiency maximum intensity projection (MIP) in the sagittal, transversal and coronal plane for the birdcage 
(first column), 16ch single-row (second column), 16ch double-row (third column), 18ch triple-row (fourth columns) (left to 
right), input power normalised to 1W total input power.   
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T02 – Rosie Goodburn, Institute of Cancer Research 
Towards 4D Synthetic CT for Adaptive MR-guided Radiotherapy of Lung Cancer on the MR-Linac 
 
 

 

Synopsis 
Generation of synthetic CT (synCT) for adaptive MR-guided radiotherapy is particularly challenging in the thorax due to the impact of respiratory 
motion, short-T2* tissues in lung, and a complex tissue-density structure. To address these challenges and provide data suitable for generating 
thoracic synCTs, we developed a UTE-Dixon sequence with a golden-angle stack-of-stars trajectory. We have demonstrated successful online 
acquisition and offline (in-house) reconstruction of UTE, fat, water and B0 images as well as retrospective respiratory gating. Work is ongoing to 
optimise processing for respiratory-resolved UTE/Dixon images that will form the input to synCT in thorax on an MR-Linac. 
 

Summary 
Fat, water and B0 maps were reconstructed from a UTE-Dixon sequence on an MR-Linac to provide an input to synCT generation for MR-
guided radiotherapy of lung cancer. Sequence design will allow respiratory resolved, multiparametric inputs that provide appropriate contrast 
in lung. 
 

Introduction 
The magnetic resonance linear accelerator (MR-Linac) is an emerging technology that combines an MR scanner with a Linac to deliver MR-guided 
radiotherapy. Thanks to MRI’s excellent soft-tissue visualisation, the hybrid system promises to allow more accurate and effective external-beam 
radiotherapy than ever before. A key component of adaptive MRI-guided radiotherapy is onboard generation of synthetic computed tomography 
(synCT)—CT-like images derived from MRI—used to calculate radiation dose distributions. Thoracic synCT, however, is particularly 
challenging1 due to the impact of respiratory motion, short-T2* tissues in lung, and a complex tissue-density structure. To address these 
respective challenges will ideally require respiratory-resolved images that provide suitable contrast in lung (such as UTE images2) and are 
multiparametric such that they may be used as an input in a voxel-wise approach3 to overcome challenging heterogeneity of the thorax. 
Here, we present our work towards thoracic 4D-synCT for MR-guided radiotherapy based on UTE imaging and motion-resolved fat, water, and 
B0 maps. 
 
 Methods 

Data Acquisition: A three-point Dixon UTE sequence with non-
selective excitation (Figure 1) was run on a 1.5-T MR-Linac system (Unity, 
Elekta AB, Stockholm) with two 4-channel phased array coils for a healthy 
volunteer. A 3D stack-of-stars trajectory was employed with 
parameters: UTE/TE1/TE2 0.14/1.8/3.5 ms, TR 7.9 ms, 60 image slices, 
resolution 1.5 x 1.5 x 5 mm, field-of- 
view 50 x 50 x 30 cm, 664 spokes, acquisition time 415 s, bandwidth/pix 865 Hz. 
A kz-oversampling factor of 1.72 was employed to mitigate wrap-around 
artifacts resulting from non-selective excitation. 

 
Trajectory Correction: K-space trajectories were corrected for gradient 
delays by convolving the gradient waveform with the gradient impulse 
response function4 in MATLAB (MathWorks, Natick, MA) as previously 
described.5 UTE and bipolar-echo images were reconstructed using the 
corrected k-space trajectories with an adjoint non-uniform fast Fourier 
transform.6 

 
Respiratory Resolving: The first non-UTE k-space data was used for self-gating via Principal Component Analysis (PCA) on the Fast 

 
 
 
 
 
 
 
 
 
 

Figure 1: The UTE-Dixon sequence samples k-space via 
rotating radial projections in the kx/ky plane. Each angle is 
sampled in a single block over kz with centric ordering, with the 
next each determined by a golden-angle projection scheme. 
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Fourier Transform (FFT) along kz of the central point of each spoke. Data were sorted by respiratory signal in five bins with 50% data overlap 
between adjacent bins. Respiratory-resolved images were reconstructed with XD-GRASP7 in MATLAB. 

 
Fat-Water Reconstruction: UTE-Dixon fat and water images and B0 maps were reconstructed using the Dixon-RAVE algorithm8 adapted to 
work with centre-out UTE raw data. 

 

Results 
Fully sampled UTE, and bipolar-echo images are shown in Figure 2, for a slice at the level of the diaphragm. Raw data from the first non-
UTE echo was used for detection of the respiratory signal shown in Figure 3 alongside inspiration and expiration images reconstructed with 
the XD- GRASP technique

Figure 2: UTE-Dixon Images acquired at UTE (0.14 ms) and TE1 (1.8 ms) and 
TE2 (3.5 ms) at a slice at the level of the diaphragm. Reconstructed in MATLAB 
with an adjoint non-uniform fast Fourier transform. 

 k-space spokes 100 

Figure 3: Respiratory signal (below) allowed binning of 
each k-space line to separate data by 5 respiratory bins. 
XD-GRASP reconstruction of the raw data for TE1 
resulted in images for exhalation (a) and inhalation (b). 
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Figure 4 illustrates motion-averaged water, fat, and B0 maps generated from the adapted Dixon-RAVE 
reconstruction method for the full acquisition. In lung, spurious signal is found, potentially associated with errors in 
the estimated initial guess for the B0 map. Figure 5 shows respiratory resolved images, where the Dixon-RAVE technique 
was applied to inhalation and exhalation respiratory bins. Images are noticeably noisier within the lungs; however, 
respiratory motion can be seen. In lung, spurious signal is found, potentially associated with errors in the estimated 
initial guess for the B0 map. 

 
 

Discussion 
To address the challenges of 4D-synCT for adaptive MR-guided radiotherapy in the thorax, we developed a UTE-Dixon 
sequence with a golden- angle stack-of-stars trajectory. We have demonstrated successful online acquisition and offline 
reconstruction of UTE, fat, water and B0 images as well as retrospective respiratory gating. SynCT is necessary for 
adaptive MR-guided radiotherapy since replanning requires simulations in tissue density models, normally provided 
by CT, to calculate the distribution of radiation dose. Generation of synCT onboard a hybrid MR-Linac allows on-the-fly 
replanning with a greater degree of certainty than co-registration to previously acquired CT scans.9 

 
While synCT is a solved problem for sites that are relatively static and of relatively homogenous tissue density such as 
brain10-11 and pelvis,12- 13 thoracic anatomies are more challenging. First, not only it is necessary to avoid 
respiratory motion artifacts, but it is also desirable to characterize the motion in free-breathing to inform MR-Linac 
techniques that use gating or trailing14 of the treatment beam. Second, the short T2* of lung also presents a challenge 
since it is dosimetrically relevant to distinguish regions of emphysema from healthy parenchymal tissue. Our solution is 
to employ UTE imaging that can achieve signal in such rapidly decaying tissue components. Third, the complex 
distribution of thoracic tissue densities means that simple approaches, such as bulk-density assignment for synCT 
generation are not feasible. Instead, a voxelwise approach that requires multiparametric images is likely to be 
optimal, which can potentially account for the confounding effect of artifacts and noise. 

 
In future work, we will further augment our 4D-UTE-Dixon reconstruction by reducing artifacts by jointly reconstructing 
several respiratory states using an XD-Dixon-Rave8 approach or employing motion compensation.15 This will allow us 
to build a clinically feasible method for 4D synCT in thorax on the MR-Linac. We intend to use a machine-learning 
based approach, such as a deep-learning generative adversarial networks.13 Voxelwise approaches have typically 
employed Dixon imaging since this has proven to provide a good soft-tissue density analogue. However, a machine-

 
Figure 4: Water (a), fat (b), and B0 (c) images at the level of the 
diaphragm reconstructed from UTE-Dixon images (Figure 2) 
using an adapted Dixon-RAVE reconstruction. Orange circles 
indicate spurious signal in lung were unwrapping failed in B0 
map. 

 
Figure 5: Exhalation (a-c) and inhalation (d-f) water (a, d), fat (b, 
e), and B0 (c, f) images at the level of the diaphragm 
reconstructed from UTE-Dixon images (Figure 2) using an 
adapted Dixon-RAVE reconstruction. Respiratory motion is 
resolved correctly, but signal in the lungs is very noisy and field 
maps appear erroneous in low-signal regions. 
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learning based approach may not require that all Dixon images be used as input.16 This is an ongoing area of research, 
and the next stage of our work will provide further data on which of the UTE and reconstructed Dixon images are 
required to generate 4D synCT in thorax suitable for online applications on the MR-Linac. 
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T03 – Kangwa Alex Nkonde, University of Aberdeen 
Repeatability and reliability of quantitative T1 and T2 texture features of fresh 
breast tumour specimens in formalin at 3T 

 
  
Synopsis 
Freshly excised breast tumour allows for lengthy high-resolution MRI without restrictions on patient 
compliance and biological noise. However, formalin is immediately added in the theatre for tissue 
preservation, and tissue properties are altered leading to changes in image contrast on MRI. Relaxation 
properties of T1 and T2 are known to change at the presence of formalin in breast tumour and features 
from texture analysis provide prognostic value for the clinical care of the patients. We set out to 
examine the effect of formalin on the texture features of relaxation properties on 20 freshly excised 
breast tumours with 5 repeated acquisitions.  
   
Summary of main findings 
First-order statistical quantification metrics from texture features of relaxation properties are highly 
repeatable, apart from one metric with low repeatability likely due to high susceptibility to noise and 
potential effects from formalin.   
  
   
Introduction  
Freshly excised breast tumour allows lengthy high-resolution MRI without issues on patient compliance 
and biological noise1. However, formalin is immediately added post-surgery for tissue preservation, and 
tissue properties are altered leading to changes in image contrast on MRI2. Relaxation properties of T1 

and T2 in breast is known to alter at the presence of tumour3, and the features extracted from texture 
analysis has shown significant potential in describing tumour pathology and predicting response to 
therapies4,5. We hypothesised that tumour texture features extracted from quantitative T1 and T2 images 
are highly repeatable between acquisitions with no significant impact from formalin.   
  
  
Methods  
Twenty breast tumour specimens were removed from female patients undergoing wide local excision, 
mean (range) age of 57 (35 – 78) years, with invasive ductal carcinoma: 10 with grade II and 10 with 
grade III. The fresh specimens were immediately placed in 10% buffered solution of formalin at surgery. 
Five repeated acquisitions of T1 and T2 quantitative mapping were performed overnight. The study was 
approved by the North-West – Greater Manchester East Research Ethics Committee (Identifier: 
16/NW/0221), with signed written informed consent obtained from all participants prior to the study.   
  
Image Acquisition: Images were acquired on a clinical 3T MRI scanner (Achieva TX, Philips Healthcare, 
Best, Netherlands) using a body coil for uniform transmission and a 32-channel receiver head coil for 
high sensitivity signal detection. Quantitative T1 images were acquired using the look-locker with time of 
inversion (TI) of 151.04 ms, flip angle of 4˚, 35 repetitions, repetition time (TR) of 7 ms and echo time 
(TE) of 2.7 ms. Quantitative T2 images were acquired using the multishot gradient and spin echo (GRASE) 
pulse sequence, with TR of 9943 ms, TE of 13 ms, flip angle 90o and 24 echoes. An FOV of 141 [Equation] 
141 mm2, slice thickness of 2.2 mm and a voxel volume of 2.2 x 2.2 x 2.2 mm were used for both T1 and 
T2 images.  
  
Image Processing: Voxel-by-voxel non-linear least square fitting based on Levenberg-Marquardt 
algorithm was performed, using a mono-exponential model (Figure 1) for the quantitative T1 and T2 
image datasets in MATLAB (R2021a, MathWorks, Natick, USA). Regions-of-interest (ROI) (Figure 1), the 
whole tumours, were delineated on DWI image with b = 800 s.mm-2, using MRIcron (University of South 
Carolina, Columbia, USA) and extracted for texture analysis on subsequent T1 and T2 map (Figure 1). Five 
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first-order statistics texture features (mean, standard deviation (SD), kurtosis, skewness and entropy) 
were calculated based on histogram analysis of the voxel values within ROI.  
  
Statistical Analysis: Statistical analysis was performed in R software (R Core Team (2020), Vienna, 
Austria). The inter-subject variability was calculated using the between-subject coefficient of variation 
(%bCV, Figure 2), while the intra-session repeatability was calculated using the within-subject coefficient 
of variation (%wCV, Figure 3). The differences between texture features of the five repeated measures 
were compared using the repeated measures ANOVA. A reliability analysis was conducted using the 
intra-class correlation coefficient (ICC) across the 20 tumour specimens with five repeated measures for 
each texture feature. An ICC threshold > 0.8 indicated the texture feature was highly reproducible. A p 
value < 0.05 was considered statistically significant.  
  
  
Results 
There were no significant variations for the majority of the texture features in both T1 and T2 (Table 1).  
  
T1 Texture Analysis: For T1, the %bCV of the mean, standard deviation, kurtosis, skewness and entropy 
were 11.45, 19.10, 36.69, -44.54 and 15.21, respectively (Table 1). The %wCV of the mean, standard 
deviation, kurtosis, skewness and entropy were 1.97, 3.93, 4.56, -9.59 and 5.27, respectively (Table 1). 
The ICC for the mean, standard deviation, kurtosis, skewness and entropy were 0.967 (95% CI: 0.938 – 
0.985), 0.945 (0.899 – 0.975), 0.977 (0.958 – 0.99), 0.968 (0.94 – 0.985) and 0.616 (0.428 – 0.793), 
respectively (Table 2). There were no significant differences in %wCV and ICC for texture features.  
  
T2 Texture analysis: For T2, the %bCV of the mean, standard deviation, kurtosis, skewness and entropy 
were 12.83, 41.71, 41.72, -228.93 and 12.46, respectively (Table 1). The %wCV of the mean, standard 
deviation, kurtosis, skewness and entropy were 1.66, 9.50, 16.63, -61.18 and 4.06, respectively (Table 1). 
The ICC for the mean, standard deviation, kurtosis, skewness and entropy were 0.976 (95% CI: 0.954 – 
0.989), 0.933 (0.878 – 0.969), 0.724 (0.562 – 0.859), 0.696 (0.526 – 0.843) and 0.806 (0.676 – 0.905), 
respectively (Table 2). There were no significant differences in %wCV apart from skewness texture 
feature. There were no significant differences in ICC for texture features.  
  
  
Discussion 
The texture features mean, SD, kurtosis, skewness and entropy were highly repeatable in T1 and T2, with 
exception in T2 skewness. The mean and SD were highly reproducible in T1 and T2, although kurtosis, 
skewness and entropy showed increased variation in T1 and T2. The high variability in T2 skewness may 
be attributed to high susceptibility to noise in MR images and potential effects from formalin.  
  
  
Conclusion 
First-order texture features are highly repeatable, with only one metric showing low repeatability likely 
due to high susceptibility to noise and potential effects from formalin.  
  
Acknowledgements 
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Table 1. Repeatability of the five extracted texture features of T1 and T2  
The repeatability of the five extracted texture features was calculated using the within-subject (session) 
coefficient of variation (%wCV) and the between-subject COV (%bCV). The differences between texture 
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features of the five repeated measures were compared using the repeated measures ANOVA, with p 
value < 0.05 considered statistically significant 
  
  
  
  

Parameters  

T1  T2  

Inter-subject 
variability  

Intra-session 
repeatability  

wCV (%)  

Inter-subject 
variability  

Intra-session 
repeatability   

wCV (%)  

Mean (SD)  bCV 
(%)  Mean  SD   p-

value  
Mean 
(SD)  bCV (%)  Mean  SD  p-

value  

Mean  1046.96 
(119.84)  11.45  1.97  0.92  0.840  81.33 

(10.43)  12.83  1.66  1.33  0.994  

SD  210.30 
(40.16)  19.10  3.93  3.01  0.734  10.06 

(4.20)  41.71  9.50  7.74  0.903  

Kurtosis  3.79 (1.39)  36.69  4.56  1.80  0.986  4.42 
(1.84)  41.72  16.63  10.85  0.510  

Skewness  -0.950 
(0.423)  -44.54  -9.59  -9.27  0.978  -0.256 

(0.587)  -228.93  -61.18  -114.40  0.987  

Entropy  6.30 (0.04)  15.21   5.27  14.71  0.999  3.53 
(0.06)  12.46   4.06  4.43  0.860  

  
  
  
  
Table 2. Reliability of the five extracted texture features of T1 and T2  
The reliability across the 20 tumour specimens was computed using one-way intra-class correlation 
coefficient (ICC). The 95% confidence interval (CI) of the ICC, p-value and the F-test for each of the texture 
features of T1 and T2 are listed. An ICC threshold > 0.8 indicated the texture feature was highly 
reproducible.  
  

Parameters  

T1  T2  

ICC  95% CI  p-value  F-test  ICC  95% CI  p-value  F-test  

Mean  0.967  0.938 – 
0.985  p < 0.001  147  0.976  0.954 – 

0.989  p < 0.001  201  
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SD  0.945  0.899 – 
0.975  p < 0.001  86.4  0.933  0.878 – 

0.969  p < 0.001  70.6  

Kurtosis  0.977  0.958 – 0.99  p < 0.001  217  0.724  0.562 – 
0.859  p < 0.001  14.1  

Skewness  0.968  0.94 – 0.985  p < 0.001  151  0.696  0.526 – 
0.843  p < 0.001  12.5  

Entropy  0.616  0.428 – 
0.793  p < 0.001  9.03  0.806  0.676 – 

0.905  p < 0.001  21.8  

  
  

  
  
Figure 1. T1 and T2 -weighted images with ROI, T1 recovery and T2 decay curves fitted to each voxel and 
the generated T1 and T2 maps of a tumour specimen.  
The weighted images of a typical specimen are shown in the (a) top pane with the tumour ROI delineated 
in red and yellow. The curve fitting of the T1 and T2 relaxation curves are shown in (b) middle pane. The T1 
and T2 parametric maps of a typical specimen are shown in the (c) bottom pane.  
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Figure 2. Inter-subject variability dot plot of the T1 and T2 texture features  
The dot plots show the inter-subject variability of the five T1 and T2 texture features of the first-order 
statistics in (Mean, SD, Kurtosis, Skewness and Entropy). Each dot represents the average of the five 
repeated measures for each specimen. The error bars indicate the mean and standard deviation within 
the corresponding column.   
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Figure 3. The intra-subject repeatability (%wCV) of the T1 and T2 texture features for each specimen.  
The dot plots show the %wCV calculated from the five repeated measures for each specimen in (a) Mean, 
(b) SD, (c) Kurtosis, (d) Skewness and (e) Entropy. The plots are for each of five extracted texture features 
of the first-order statistics of the T1 and T2. The error bars indicate the mean and standard deviation 
within the corresponding column.  
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T04 – Yazan Ayoub, University of Aberdeen 
Microcalcification Detection and Classification in Breast Cancer using Ultrashort 
Echo Time 

 
  
Synopsis 
Micro-calcification is a central feature of breast cancer, and clinically revealed on mammography. 
Mammography, a two dimensional imaging approach, is inadequate to provide refined classification. 
Conventional MRI cannot capture the rapid signal decay from micro-calcification, with Ultra Short Echo 
Time (UTE) developed to image short T2* species. UTE demands precise control of the hardware to 
minimise the time delay between radiofrequency transmission and image acquisition, while substantial 
effort is required to optimise image quality and contrast. We set out to examine the degree of calcification 
in breast tumour specimens freshly excised from patients using UTE, with comparison against 
histopathological findings.  
   
Summary of Main Findings  
Tumours with malignant calcification may be differentiated from tumours without calcification using Ultra 
short Echo time (UTE) imaging, while benign calcification did not show a significant difference.   
   
Introduction  
Breast cancer is the most prevalent cancer affecting women, while the deposition of calcium in solid form, 
known as calcification, is a central feature (1). The detection and classification of calcification in breast 
cancer holds significant prognostic value in treatment planning (2). Mammography, as the only current 
clinical radiological approach sensitive to the presence of calcification, cannot reveal the precise 
classification of calcification (3). Ultrashort Echo Time (UTE) imaging, a novel radiological method, 
addresses the limitation of conventional MRI to primarily soft tissue application by capturing rapid signal 
decay in solid state matters such as calcification. However, UTE demands non-cartesian scanning 
trajectory and high-performance scanner hardware to minimise the time lag between excitation and signal 
detection, and only became adequately robust and available on clinical scanners recently (4). We 
therefore set out to examine the feasibility of UTE imaging in identifying histological characteristics of 
microcalcifications in freshly excised breast tumours.  
  
Methods   
Twenty breast tumour specimens were removed from female patients undergoing wide local excision, 
mean (range) age of 57 (35 – 78) years, with invasive ductal carcinoma: 10 with grade II and 10 with grade 
III. The fresh specimens were immediately placed in 10% buffered solution of formalin at surgery. UTE 
imaging was performed to derive degree of calcification, and standard pathological analysis was 
conducted to determine the tumour grade, calcification status, Nottingham Prognostic Index (NPI) and 
proliferative activity marker Ki-67 to assess differences arising from clinical features. The study design is 
shown in figure 1. The study was approved by the North West-Greater Manchester East Research Ethics 
Committee (REC reference number: 16/NW/0221), and signed written informed consent was obtained 
from all patients prior to entry into the study.  
  
Image Acquisition: The specimens were scanned on a 3T whole-body MRI scanner (Achieva TX, Philips 
Healthcare, Best, Netherlands) using a 32-channel receiver coil for high sensitivity detection and a body 
coil for uniform transmission. Anatomical images were acquired using standard T1-weighted and T2-
weighted sequences with conventional diffusion weighted images (2 b-values of 0 and 800 sec/mm2) for 
tumour localisation. The first UTE images were acquired with a 3D-radial dual echo UTE sequence, with 
echo times (TE) of 0.17 ms and 4.60 ms, repetition time (TR) of 8.5 ms, FOV of 141 X 141 mm2, voxel size 
of 2.2 × 2.2 × 2.2 mm3.  
  
Image Analysis: The whole tumour regions were manually delineated across the tumour volume with the 
aid of T1 and T2 anatomical images in MATLAB (Mathworks Inc., Natick, USA), as seen in figure 2. 
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Subsequently, the signal intensity of the two echoes were derived as the mean of the image intensity 
within the whole tumour for each echo. The degree of calcification was computed as the signal difference 
between the two echoes normalised by the long echo. The tumour size was quantified as the maximum 
diameter and the average area (spatial extent) of whole tumour.  
  
Statistical Analysis: All statistical analysis was carried out using SPSS software (Release 27.0, SPSS Inc, IL, 
USA). The degree of calcification from UTE between histological calcification status (malignant, benign or 
no calcification) was compared using one-way ANOVA. A Tukey's HSD post hoc tests were conducted to 
indicate the significance of differences among the three calcification groups. Spearman’s correlation tests 
were performed between degree of calcification against NPI and Ki-67 scores. An independent t-test was 
conducted to compare the differences in the degree of calcification between tumour grades II and III.  
  
Results 
There was a significant difference (P = 0.012) in the degree of calcification between specimens with 
malignant calcification (1.054 ± 0.132) and specimens with no calcification (0.842 ± 0.091), as seen in 
figure 3. There was no significant difference (P = 0.355) in the degree of calcification between specimens 
with malignant calcification (1.054 ± 0.132) and benign calcification (0.951 ± 0.158). There was no 
significant correlation between the degree of calcification against NPI and Ki-67 scores, as seen in figure 
4. A detailed summary of the results is shown in Table 1.  
  
Discussion 
UTE enhances the detection of short T2* species and may have potential in the detection of solid state 
signal from calcifications in breast tumours. We examined the degree of calcification in tumour specimens 
through the separation of quantitative solid state signal in the short first echo from the soft tissue signal 
in the second long echo, using dual echo UTE approach Although UTE showed a potential in sensitivity to 
calcified tumours, further work is required for non-invasive differentiation of calcification classes. 
Malignant calcifications have a crystalline structure as a result of the formation of hydroxyapatite crystals, 
while, benign calcifications, generally composed of calcium oxalate crystals, may form amalgamate with 
hydroxyapatite crystals, introducing challenges in the differentiation of solid state signals (5).    
  
 
Conclusion 
Tumours with malignant calcification may be differentiated from tumours without calcification using UTE 
imaging, while benign calcification did not show a significant difference.   
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Figure 1: Study design  
  

 
  
  



 

 21 

 Figure 2: Delineation of whole tumour region on dual echo UTE image: (A) Time of Echo 1 (TE1) at 0.17ms 
and (B) Time of Echo 2 (TE2) at 4.6ms  
  
  
  
  

   
  
Figure 3: Graphical representation of UTE image analysis in relation with histology data. (A) Degree of 
calcification based on the three calcification groups, (B) Tumour size based on the three calcification 
groups, (C) Degree of calcification based on the tumour Grade II or III, (D) Spatial extent based on the 
three calcification groups  

  
  
Figure 4: Association between degree of calcification against NPI and Ki-67 scores. (A) Correlation plot 
between the degree of calcification and the NPI score, (B) Correlation plot between the degree of 
calcification and the Ki-67 score  
  
Table 1: A summary of the results and statistical tests.  

  n  Mean ± SD  Median (IQR)  t  F  r  P-value    
                                      Calcification load     

Tumour grade1              
Grade II  10  0.939 ± 0.180    0.118      0.908    
Grade III  10  0.947 ± 0.124              
Histological 
calcification status2                  

No calcification  8  0.842 ± 0.091      5.405    0.012*    
Benign calcification  5  0.951 ± 0.158              
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Malignant 
calcification  7  1.054 ± 0.132               

Histological tumour 
prognosis3                  

Ki-67 score  20    12.85 (8.13-27.1)      -0.349  0.132    
NPI score  20     4.44 (3.50-4.59)      -0.296  0.205    
                                     Tumour size (mm)     
Histological 
calcification status2                  

No calcification  8  28.7 ± 8.8      0.231    0.796    
Benign calcification  5  25.6 ± 8.7              
Malignant 
calcification  7  27.3 ± 6.7              

                       Spatial extent of calcification (mm2 )     
Histological 
calcification status2                  

No calcification  8  223.0 ± 87.8      0.609    0.555    
Benign calcification  5  163.9 ± 90.8              
Malignant 
calcification  7  217.6 ± 116.9              

  
* Indicates significance at 5%.  
1 Independent t-test, 2 One-way ANOVA test, 3 Spearman’s rho correlation.  
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T05 – Catriona H. E. Rooney, University of Oxford 
Effect of Radical Concentration and Structure on the Hyperpolarization of Silicon 
Nanoparticles using Dynamic Nuclear Polarization 

 
Synopsis 
The development of long-lived hyperpolarized contrast agents is necessary to overcome the short 
imaging windows imposed by current hyperpolarized MRI contrast agents. Thus, the long imaging 
windows of silicon nanoparticles (SiNPs) and their flexible surface chemistry makes them an attractive 
candidate as a hyperpolarized MRI contrast agent. However, unfunctionalized SiNPs show low signal 
enhancements and require the addition of exogenous radicals to reach sufficient signal enhancements. 
Therefore, we investigated the addition of radicals (nitroxide and trityl) and showed radical-specific 
concentration effects on SiNP polarization characteristics. 
 
Summary 
This work investigates the hyperpolarization characteristics of silicon nanoparticle samples mixed with 
different exogenous radicals. The optimal concentrations of TEMPO and Finland Trityl radicals were 
found to be 30 mM and 15 mM, respectively. 

Introduction 
The use of hyperpolarized contrast agents has helped overcome one of the main limitations of Magnetic 
Resonance Imaging (MRI), namely the low sensitivity. Dynamic Nuclear Polarization (DNP) has evolved 
as a key tool in the production of hyperpolarized contrast agents and is most frequently used with ¹³C-
based samples for clinical metabolism studies [1]. However, one limitation of ¹³C is the rapid rate with 
which its polarization decays (60-120 s). Consequently, there is increasing interest in nuclei that retain 
polarization for longer, such as ²⁹Si [2]. Silicon nanoparticles (SiNPs) hyperpolarized by DNP have 
exhibited imaging windows of approximately two hours [3]. However, their pre-clinical development has 
been limited by low signal enhancements which may be caused by the low natural abundance of ²⁹Si and 
low number of endogenous free electrons. 

 
Electrons play an essential role during DNP as their polarization is transferred to nuclear spins by 
microwave irradiation. Hence, in 2018 Hu et al added the TEMPO radical to SiNP DNP samples and 
showed signal enhancement sufficient for in vivo MRI [4]. The work presented here extends on these 
findings by comparing the effect of different radicals (nitroxides and trityls) on the signal enhancement 
and decay of SiNP.



 

 24 

Methods 
Electron line shapes and widths (figure 1) were recorded using Electron Paramagnetic Resonance 
(EPR) on a Bruker EMXMICRO X-band continuous wave spectrometer at 293 K. Samples consisted of 
~38 mg 30-50 nm SiNPs (US Research Nanomaterials Inc) suspended in 130 µL of 1:1 dimethyl 
sulfoxide (DMSO) and deuterium oxide (D₂O) mixed with varying concentrations (15 mM – 60 mM) 
of either nitroxide (TEMPO or TEMPOL) or trityl (Finland or OX-063) radicals. Mixtures were 
vortexed and sonicated and pipetted into a PEEK sample cup. Each sample was inserted into a 
prototype hyperpolarizer at 1.4 K, and 3.35 T/93 GHz for DNP. Frequency sweeps (93.76-94.24 GHz, 
100 mW, five minutes irradiation per frequency) were recorded (figure 2) and polarization build-up 
at the optimal frequency was subsequently monitored every five minutes for five hours using a low 
flip-angle readout (figure 3). The microwave source was then switched off and signal decay 
monitored every ten minutes for 3.5 hours using a series of increasing flip angles (figure 4). Spectra 
were analysed in jMRUI and the data fitted in MATLAB, correcting for the effect of applied 
excitation pulses. Build-up amplitude, time and decay time constants were extracted from the fits. 

 
Results 
Whilst both radical types showed similar frequency sweep profiles, the use of Finland Trityl lead to a 
narrower enhancement peak with a lower optimal frequency at each concentration. The build-up 
amplitude followed the same trend across different concentrations for both radical types. However, only 
the nitroxide samples consistently exhibited greater signal enhancements than samples that contained 
no radical. The build-up time, whilst appearing to decrease with increasing nitroxide radical 
concentration, appeared longest at 30 mM Finland Trityl compared to other Trityl samples. Across all 
samples, except 15 mM TEMPO, the build-up time constants were reduced compared to samples that 
contained no radical. Larger build-up amplitudes and longer build-up time constants were extracted for 
samples containing TEMPO compared to samples containing the same concentration of Finland Trityl. 
Additionally, for samples containing radical, the decay time constant appeared to shorten with increasing 
radical concentration. Repeats with TEMPOL and OX-063 appeared to follow the same trends as their 
structural analogues. Overall, using the criteria of maximising the build-up amplitude and decay time 
whilst minimising the build-up time, the optimal concentrations of TEMPO and Finland Trityl were found 
to be 30 mM and 15 mM, respectively (figure 5). 

Discussion 

The greater the number of electrons near each SiNP surface, the greater the electron polarization 
available for transfer to the ²⁹Si nuclear spins. Hence, higher radical concentrations would seem to be 
optimal, however, there appears to be a trade-off with build-up amplitude. Here, the optimal 
concentrations were found to be 30 mM for TEMPO and 15 mM for Finland Trityl. At these 
concentrations the build-up time is more than halved without significantly compromising on the build-up 
amplitude, whilst maintaining a decay time constant of over six hours. The differences in polarization 
characteristics can likely be attributed to the radical structures, potentially resulting in different 
polarization transfer mechanisms. DNP-active electron spin populations cannot be inferred from 
continuous wave EPR line shapes [5]. However, for nitroxide radicals, which exhibit broad EPR line 
widths, microwave frequency  
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modulation could potentially improve DNP efficiency through enabling the saturation of a larger number 
of EPR transitions resulting in a larger number of electrons taking part in the DNP process. 

 
Conclusion 
The clinical potential of SiNPs as long-lived hyperpolarized contrast agents has been widely 
acknowledged. However, further optimisation of SiNP polarization characteristics is required before this 
potential is realised. Here, we improved on the intrinsically low signal enhancement of SiNPs and reduced 
the DNP build-up time through the addition of exogenous radicals. TEMPO at 30 mM resulted in the 
largest signal enhancement whilst Finland Trityl at 15 mM provided the shortest build-up time. Thus, 
understanding the impact different radical structures and concentrations have on polarization 
characteristics could give focus to the pre-clinical optimisation of SiNPs as hyperpolarized contrast 
agents. 
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Figure 1: EPR line shapes and widths 
Example EPR spectra recorded from SiNP DNP samples containing A) 30 mM TEMPO and 
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B) 30 mM Finland Trityl. 
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Figure 2: Frequency sweep profiles and finding the optimum microwave frequency 
A) Two example frequency sweep profiles recorded from samples containing different radicals 
at different concentrations. Optimum microwave frequencies are indicated. Comparisons of the 
optimum microwave frequencies extracted from the frequency sweep profiles of samples 
containing B) TEMPO and C) Finland Trityl radicals at various concentrations. 
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Figure 3: Polarization build-up 
Dot plots showing the generation of hyperpolarized 29Si signal recorded from samples 
containing A) TEMPO and B) Finland Trityl radicals at various concentrations. 
C) Representative NMR spectra from a sample containing 15 mM Finland Trityl and a sample 
containing 30 mM TEMPO acquired at the beginning and end of their respective polarization 
build-ups. 
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Figure 4: Polarization decay 
Dot plots showing the decay of hyperpolarized 29Si signal recorded from samples containing 
A) TEMPO and B) Finland Trityl radicals at various concentrations. 
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Figure 5: Polarization characteristics summary 
Summary of the extracted A) build-up amplitudes, B) 
build-up times, and C) decay times. 30 mM showed to 
be the optimum concentration of nitroxide radicals for 
the hyperpolarization of 29Si whilst, 15 mM appeared to 
be the optimum concentration for trityl radicals. Dot 
plots show the average of n=3. Bars display mean � SD. 
Significance was calculated using a Kruskal-Wallis test 
with Dunn’s multiple comparisons. Significance shown 
as * when p < 0.05 
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T06 – M. Neal, Newcastle University 
F-MRI of pulmonary ventilation: Assessment of response to treatment in asthma and 
COPD 

 
 

Synopsis 
19F-MRI of inhaled perfluoropropane is an emerging technique which holds promise for direct, 
quantitative imaging of pulmonary ventilation without recourse to ionising radiation or use of specialist 
hyperpolarised gases. We aimed to assess the sensitivity of 19F-MRI to treatment response by imaging 
inhaled perfluoropropane in patients with asthma and patients with COPD before and after 
administration of a bronchodilator at two research sites. Statistically significant increases in percent 
ventilated lung volume were measured from the 19F-MR images following bronchodilator administration 
in both patient groups, and a strong positive correlation with spirometry was measured, demonstrating 
good technique sensitivity and clinical validity. 

 
Summary of main findings 
19F-MRI of inhaled perfluoropropane was conducted at two research sites. The technique was sensitive 
to treatment response in a cohort of 35 patients with asthma and 20 patients with COPD, and exhibited 
a strong positive correlation with spirometry. 

 
Introduction 
Assessment of pulmonary ventilation delivers clinically invaluable functional information associated with 
respiratory disease. However, for some patient populations, current measures of pulmonary ventilation 
are deficient due to inherent limitations of the techniques: spirometry provides no structural or spatially 
localised information, while CT and V/Q scans incur ionising radiation, deterring serial use. Hyperpolarised 
(3He and 129Xe) gas MRI enables direct assessment of lung structure and function without recourse to 
ionising radiation with proven efficacy in patient populations,1,2 but requires access to hyperpolarising 
equipment and expertise which limits scalability in clinical practice. 
19F-MRI of inhaled perfluoropropane (PFP) is emerging as a viable alternative to hyperpolarised-gas MRI 
for investigating lung ventilation properties, with scope for translation to clinical practice.3,4 We have 
previously demonstrated reproducibility of this technique in a dual-centre study of 38 healthy 
volunteers.5 Here, we aimed to measure the utility of 19F-MRI of inhaled PFP in patient populations by 
measuring changes in ventilation in patients with asthma and patients with COPD following 
administration of a bronchodilator. 
 
Methods 
43 patients with a physician diagnosis of moderate or severe asthma (41 at Newcastle, 2 at Sheffield; 24 
male, 17 female; aged 18-91) and 27 patients with severe COPD with evidence of emphysema on previous 
CT scan (26 at Newcastle, 1 at Sheffield; 17 male, 9 female; aged 56-82), provided written consent and 
were screened for study eligibility. After withholding bronchodilators for 12-24 hours all participants 
underwent spirometry followed by an MRI scan session. MR images were acquired using birdcage torso 
coils (Rapid Biomedical) interfaced to a Philips 3T Achieva scanner (Newcastle) or 3T Ingenia scanner 
(Sheffield). MRI comprised conventional anatomical 3D 
1H-MR imaging during a breath hold at maximal inhalation and 3D 19F-MRI, acquired within a breath hold 
following 3 deep wash-in inhalations of 79% PFP/21% oxygen mixture (3D SPGR, TE=1.7ms, TR=7.5ms, 
flip angle=45°, FOV=400×320×250mm3, resolution=10×10×10 mm3, bandwidth=500 Hz/pixel, 
averages=3, acquisition time=13.4s). Spirometry and MRI were repeated following administration of 
2.5mg nebulised salbutamol. Anatomical 1H images were registered to 19F-MR 
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ventilation images and segmented to determine lung volume and lung ventilated volume 
respectively, from which percent ventilated lung volume (%VV) was determined. 
 
Results 
19F-MRI was well-tolerated with no adverse events. 11 participants were withdrawn in the interval 
between screening and the 19F-MRI scan due to a change in health, claustrophobia, or the participant no 
longer wishing to participate in the study. Four participant datasets were excluded from analysis due to 
a coil hardware fault. Images representative of the remaining 55 patient datasets, depicting PFP signal 
pre- and post- bronchodilator in a patient with asthma and a patient with COPD are displayed in Figure 
1, adjacent to an equivalent healthy volunteer dataset collected in an earlier phase of this study.5 
Paired samples t-tests demonstrated a significant increase between pre-bronchodilator %VV (mean = 
86.7%, SD = 15.3%) and post-bronchodilator %VV (mean = 91.5%, SD = 10.6%) in the patients with 
asthma (p = 0.002, N = 35), and a smaller significant increase between pre-bronchodilator %VV (mean = 
69.4%, SD = 15.9%) and post-bronchodilator %VV (mean = 73.2%, SD = 15.1%) in the patients with COPD 
(p = 0.010, N = 20). The distributions of %VV for each group are presented in Figure 2. A strong positive 
correlation with the spirometric index of forced expiratory volume in 1 second (FEV1) was measured in 
the patients with asthma (r = 0.502, p < 0.001) and the patients with COPD (r = 0.58, p < 0.001), displayed 
in Figure 3. 
 
Discussion and Conclusion 
Our results demonstrate that %VV, measured withing a single breath- hold, correlates well to spirometric 
indices and is sensitive to treatment response in patient groups, upholding the clinical validity of this 
novel technique. The study protocol was implemented successfully at two research sites on different 
scanner systems, where the 19F-MR image quality was universally adequate for image segmentation and 
analysis, albeit the anterior signal drop-off noted in Figure 1 may be rectified with use of different coil 
configuration (such as a 19F-transmit array coil) in future studies. The %VV measure presents a robust 
tool for quantitative validation of this imaging technique against pre-existing measures such as 
spirometric indices. Spatially localised information is disregarded in this analysis; development and 
application of more sophisticated segmentation techniques will permit regional assessment of 
ventilation, including quantitation of ventilation defect size and location, which will maximise the clinical 
value of this imaging technique. 
19F-MRI presents the benefit of 3D full-lung coverage and regional visualisation of gas distribution 
without hyperpolarisation as a direct measure of ventilation, which presents an attractive tool for 
disease monitoring in respiratory patients. Ongoing optimisation of acquisition sequences4 will 
facilitate improvements in both spatial and temporal resolution to enhance future clinical scope. 
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a. b. c. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1: Orthogonal 19F-MR images of three representative participants acquired during a 13.4s 
breath hold (overlaid on greyscale anatomical 1H-MRI): a. Healthy volunteer (collected in earlier 
phase of this study), b. Patient with asthma pre- (top) and post-bronchodilator, with visibly reduced 
ventilation defects in the post-bronchodilator image c. Patient with COPD, with similar ventilation 
pattern pre- and post-bronchodilator. Nb. An anterior-posterior signal gradient is present due to B1 
inhomogeneities. 

 
 
 
 
 
 

 
Figure 2: %VV measured from the patients with asthma (N=35) and patients with COPD (N=20) 
alongside a healthy volunteer dataset (N=38). Significant increases in %VV were measured in both 
patient groups following administration of nebulised salbutamol. 
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Figure 3: Correlation between %VV 
measured from 19F-MRI and FEV1 
assessed by spirometry for a. patients 
with asthma, and b. patients with COPD. 
In both cases, a strong positive 
correlation was measured. 
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T07 – Elizabeth Powell, University College London 
Blood-brain barrier water exchange estimation using contrast-enhanced ASL 

 
Synopsis  
Contrast-enhanced ASL (CE-ASL) is a novel potential method for measuring bloodbrain barrier (BBB) water exchange, 
which could be used in conjunction with DCE/DSC-MRI to provide complementary information on brain vasculature. 
Altering blood T1 using a gadoliniumbased contrast agent should enable improved separation of intra- and extravascular 
signals and subsequent estimation of exchange rate; however, the shorter blood T1 induces a trade-off between 
contrast agent dose and SNR. We show using simulations there is an optimal post-contrast blood T1 which balances this 
trade-off. Using this information we estimate the expected measurement accuracy and precision. Finally, we 
demonstrate CE-ASL in vivo.  
 
Summary of main findings  
We optimise a contrast-enhanced ASL (CE-ASL) protocol for measuring blood-brain barrier water exchange and 
demonstrate the feasibility of the method using simulations and proof-of-concept in vivo data. 
 
Introduction  
Blood-brain barrier (BBB) dysfunction is increasingly recognised in a number of neurological conditions, including stroke, 
multiple sclerosis and neurodegeneration1,2,3. Estimates of water exchange rates across the BBB have demonstrated 
greater sensitivity to subtle damage than conventional approaches that use leakage of gadolinium-based contrast agents 
(GBCA), thus presenting the possibility of detecting disease earlier4 . Contrast-enhanced arterial spin labelling (CE-ASL) 
has been proposed5,6 as a method for quantifying the water exchange rate from blood to tissue (kb). To derive kb using 
ASL the intra- and extravascular signals must be separated, which is challenging in standard ASL data owing to the small 
T1 difference between these pools. GBCAs remain largely in the blood pool when BBB permeability is low, so act to 
increase the T1 difference between pools and enable the signal components to be disentangled. However, the shorter 
blood water T1 causes the ASL difference signal to decay more quickly, leading to an inherent trade-off between GBCA 
dose and SNR. In this work, we: (i) investigate the optimal post-contrast blood T1 for quantifying kb; (ii) use simulations 
to assess the expected accuracy and precision of kb estimates; (iii) demonstrate proof-of-concept in 2 healthy 
volunteers.  
 
Methods  
 
Simulations  
A two-compartment signal model accounting for finite water exchange between intra- and extravascular compartments 
was used7 (Fig. 1A-B). Simulated tissue parameters are in Table 1; simulated sequence parameters were matched to the 
in vivo acquisition (below). Sensitivity functions, defined as the partial derivative of the signal model with respect to kb, 
were used to quantify optimal post-contrast blood relaxation times (T post 1,b ) and post-labelling delay (PLD) times. 
Sensitivity dependence on underlying kb was then investigated. Systematic biases in parameter estimates arising from 
T1 errors were also evaluated. Accuracy and precision of fitted kb values were estimated using Monte Carlo simulations 
for 0.5 ≤ kb ≤ 4.0 s−1 . Zero-mean Gaussian noise was added to 2500 synthesised control and label signals for each 
parameter combination independently, giving voxel-wise SNR = 15, 30, 45 in the control data8 . Voxel-level SNR values 
were increased by √ N (N the number of voxels) to simulate the higher SNR achievable with region of interest (ROI) 
analysis. The GBCA dose needed to achieve optimal T post 1,b was calculated as a function of time postinjection using 
data from a previous study9 . 
 
In vivo data acquisition and analysis  
Data were collected in 2 volunteers (mean age 38 years; female) on a 3 T PET-MR scanner (GE Healthcare) using pCASL 
labelling, background suppression, 3D spiral FSE readout, voxel size 1.7 × 1.7 × 4 mm3 , TE = 11 ms, TR set according to 
PLD, label duration 2 s. Data were collected: pre-contrast at PLD = 0.9, 1.2, 1.5, 1.8, 2.1 s with 2 repeats (NEX); post-
contrast at PLD = 1.5 s, NEX = 5. A 0.0250 mmol/kg (quarter) dose GBCA (Dotarem, Guerbet) injection was administered 
to obtain the optimal T post 1,b . Data for T1 mapping including B+ 1 correction were acquired pre- and post-contrast 
using a 3D T1 -weighted SPGR with variable flip angles (2°, 20°, 30°, 40°) and TR/TE = 13.5/1.08 ms. T1,b was estimated 
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from the superior sagittal sinus. The two-compartment model7 was fitted to the ASL data to estimate kb, blood flow f 
and arterial transit time tA. 
 
Results and Discussion  
Sensitivity to kb was greatest for T1,b = 0.8 s and PLD = 1.5 s (Fig. 2A), for which a 3- fold increase in sensitivity relative to 
the use of no contrast agent (i.e. T1,b = 1.65 s10) was observed. Greater sensitivity was observed for slower exchange 
rates (Fig. 2B). Calculations from previously-acquired data9 showed T1,b = 0.8 s could be obtained ∼ 3 min after a 0.025 
mmol/kg (quarter) dose injection. Error analyses (Fig. 2C) indicated that kb estimates were highly sensitive to errors in 
both T pre 1,b and T post 1,b . Accuracy and precision were poorer for faster ground truth kb in simulations, and biases 
were more severe at higher noise levels (Fig. 3A). For an anticipated SNR = 30 in vivo8 , kb may be estimated in a typical 
cortical ROI with good accuracy (relative error < 1 %; Fig. 3B) and reasonable precision (CoV = 30 %; Fig. 3C). The CoV at 
voxel-level was very high (190 %). Fig. 4 shows ASL subtraction images pre- and post-contrast, and example regional and 
voxelwise model fits. Grey:white matter contrast remained visible post-contrast (Fig. 4B) and the model fitted well even 
in relatively small regions (Fig. 4D). Averaged across all cortical regions, median values were: f = 40.4 ml blood / min / 
100 ml tissue, tA = 1.33 s, kb = 0.77 s−1 (subject 1); f = 55.7 ml blood / min / 100 ml tissue, tA = 1.05 s, kb = 0.99 s−1 
(subject 2). These are in line with literature values11,12,13,1. Combining conventional DCE/DSC-MRI studies with CE-ASL 
acquisitions could be a clinically practical application of the method. ASL data acquired before and after a DCE/DSC-MRI 
protocol could utilise the residual effects of the GBCA to obtain the optimally-shortened T post 1,b needed for CE-ASL 
imaging. In cases where BBB damage is minor and DCE/DSC-MRI does not show significant uptake of the contrast agent 
in tissue4 , concomitant acquisition of CE-ASL data could provide a complementary indication of subtle BBB breakdown. 
 
Conclusions  
CE-ASL can provide regional GM estimates of BBB permeability to water in 20 min. Manipulating the intravascular T1 
using a GBCA enables separation of intra- and extravascular signals and the subsequent extraction of kb; however, 
estimated kb values must be interpreted carefully owing to dependencies on measured T1 values. The proposed 
technique could offer a useful new approach for quantification of subtle BBB damage.  
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post-contrast: 1.5 
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Table 1. Parameters used in simulations. For all simulations, other fixed parameters were: cerebral blood 

flow f = 60 ml blood / min / 100 ml tissue11, label duration tL  = 2 s, arterial transit time tA  = 
1.2 s10 (note this is variable in vivo depending on labelling location and brain region), brain:blood 
partition coefficient λ = 0.910 and inversion efficiency α = 0.8510. 
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Figure 1. ASL signal model and acquisition scheme. (A). The two-compartment model consists of intra- and 

extravascular spaces (red and blue respectively), with corresponding relaxation times T1,b, T1,e and volume 

fractions vbw, ve. The blood-tissue exchange rate is denoted kb. (B). Simulated ASL 

difference signal ∆M  as a function of PLD for the equilibrium pre-contrast T1,b  (solid black line) and  for 

a range of post-contrast T1,b values (dashed lines). (C). Acquisition pipeline. 

 
 

 
 
Figure 2. Sensitivity analyses (A). Sensitivity of the ASL difference signal to kb as a function of T1,b and 

PLD. The colourbar indicates the magnitude of the sensitivity functions. (B). Sensitivity dependence on 

underlying kb values. All sensitivity functions were normalised to the parameter set consisting of kb = 2.65 

s−1, T1,b = 0.8 s, T1,e = 1.5 s and PLD = 1.5 s (indicated in each figure by the 

black cross). (C). The error propagated into kb estimates from errors in T1 values. 
 



 

 40 

 

 
Figure 3. Monte Carlo simulations. (A). Median kb values (solid lines) for a simulated cortical ROI (500 voxels) 

are shown as a function of ground truth exchange rate.  Shaded regions represent the     IQR of fitted values; 

black dashed lines indicate ground truth kb values.  (B). Relative error in kb  after signal averaging across 

different simulated ROI sizes. (C). CoV in kb for different ROI sizes. Displayed 

SNR levels indicate voxel-wise values in the control signal. 
 

 
 
Figure 4. ASL subtraction images and parameter fits. (A). Pre-contrast ASL subtraction images at each PLD time 
for subject 1. Signal is expressed as a % of the equilibrium magnetisation. (B). Post- contrast subtraction 
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images after contrast agent injection, at PLD = 1.5 s. (C). Parameter maps of voxel-wise model fits. D. 
Model fits (red line and circle) to data (black crosses) from example regions in 

the left hemisphere. The circled data points are the post-contrast signals. 
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T08 – B. Örzsik, University of Sussex  
Integrating ASL with qBOLD MRI to assess brain oxygen metabolism – does it hold up to PET?  
 
 

Synopsis 
Investigating regional differences in CMRO2 (DCMRO2) has profound clinical implications as this variability may confer 
vulnerability to pathology. While PET is considered the gold standard, combining ASL with qBOLD may provide an 
advantageous alternative. Here, CMRO2 was obtained on 33 participants by coupling CBF (from ASL) with OEF (from 
qBOLD, using either Weighted-Least-Square (WLS) or Bayesian approach). Brainstem and Occipital DCMRO2 was 

validated against PET data as two regions with the largest within-subject difference. DCMRO2 obtained with WLS better 
matched PET whereas the Bayesian approach yielded higher SNR. Overall, results bode well for ASL-qBOLD as a robust 
measure of CMRO2.   
 
Summary of Main findings 
CMRO2 images (n=33) were obtained fusing CBF (ASL) with OEF (qBOLD, with Weighted-Least-Square (WLS) or Bayesian 
model). Both models yielded a significant CMRO2 difference in brainstem vs occipital lobe. While Bayesian model bested 
WLS in power analysis, WLS more closely matched PET data PET.   
  
Introduction 
Non-invasive, quantitative measurement of key oxygen metabolism parameters —cerebral blood flow (CBF), oxygen 
extraction factor (OEF), and metabolic rate of oxygen consumption (CMRO2) — enables development of biomarkers for 
interventions targeting neurometabolism.  [15O2]PET, the gold standard in assessing oxygen metabolism, is invasive, highly 
specialized, expensive, and ill-suited for repeat measures1. Emerging methods such as calibrated BOLD require 
manipulation of breathing conditions which complicates acquisition in susceptible patients2. Other methods only provide 
global, whole-brain measures (e.g., TRUST MRI)3 that prevent assessment of  metabolism at the regional level. Regional 
variability in CMRO2 is important as it confers specific vulnerability to pathology particularly when other factors that limit 
either O2 delivery (i.e., insufficient blood supply) or utilization (mitochondrial ETC deficits) are at play4,5.  
  
While quantitative BOLD (qBOLD)6 has emerged as a promising alternative for measuring OEF without the need for 
administration of radioactive tracers or gases, it is intrinsically a low SNR sequence and its applicability remains untested. 
To this end, this study was designed to: (1) obtain regional estimates of CMRO2 by integrating ASL CBF with streamlined 
qBOLD  (sqBOLD)7 OEF images as per Fick’s principle. The OEF was computed using the weighted least squared7 and the 
Bayesian modelling8. (2) assess the regional difference in CMRO2 between the brainstem and occipital lobe (OL), identified 
as displaying the largest difference in CMRO2 (DCMRO2 )  based on  published  [15O2]PET data 9. (3) provide estimates of 
sample sizes for detecting regional differences in oxygen metabolic rate at the single- and group-level analysis.    
  
Methods  
MRI acquisition: T1w MPRAGE and the following images were acquired at baseline on 33 healthy volunteers (20 females, 
age [41.8 ± 11.4] years): sqBOLD7; to ensure whole-brain coverage, sqBOLD was run twice (total scan time =9 minute), and 
Pseudo-continuous ASL (pCASL) with background suppression following the parameter recommendation of the consensus 
paper for this population10.  
  
Image processing & Analysis: sqBOLD images were used to compute baseline OEF using the weighted least square (WLS)7 

and the Bayesian8 approaches. CBF was computed from pCASL images using the one-compartment formula10.  
CMRO2 was calculated as per [Eq1]: CMRO2  

𝐶𝑀𝑅𝑂2 = 𝐶𝐵𝐹·𝑂𝐸𝐹· 𝐶𝑅𝐵𝐶·𝐻𝑐𝑡·𝑌𝑎CMRO2 = CBF·OEF· CRBC·Hct·Ya 
.   
Ya and  CRBC denote arterial oxygenation and blood oxygen carrying capacity, respectively, and were obtained from 
haematological parameters available on 14 subjects.  Population data were used for the remaining 19 subjects.  
CMRO2 values for each ROI –brainstem (~480 mm3) and OL (~1940 mm3)–  were extracted using the standard Automated 
Anatomic Labeling regions of the MNI Harvard-Oxford atlas. Brainstems and OL CMRO2 estimates were compared to 
[15O2]PET data reported in the literature pooled from 7 studies: 50 healthy participants, median age 47y , range [21 - 81] 
y), 16 females9.  
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Paired t-tests were performed to determine significant difference CMRO2 between the 2 ROIs. Mean, inter- , and intra-
subject variances were used to compute sample sizes at 0.8 power, a =0.05 at varying effect sizes.    
  
Results   
For the 14 participants for which MHCH and HCT was available, the average CMRO2 (Figure 1) in the brainstem was 2.21 ± 
0.52 and in OL 3.30 ± 0.70 ml 100g-1 min-1 when OEF was computed via the WLS method and 2.11 ± 0.51 and 2.75 ± 0.44 
ml 100g-1 min-1, respectively, when the Bayesian approach was used. These CMRO2 estimates are comparable to those 
obtained with [15O2]PET: 2.62 ± 0.37 and 4.54 ± 0.73 ml 100g-1 min-1, for brainstem and OL, respectively.   
  
  

  
Figure 1: Average CMRO2 map; MNI: x= 37 y= 34 z=40  
  
Data from all participants are summarized in Figure 2. Both WLS and Bayesian approaches showed significant difference 
in CMRO2 between brainstem and OL: t= 8.2, df= 32, p<0.001 and t= 8.3, df= 32, p<0.001, respectively.   
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Figure 2: Mean CMRO2 in occipital cortex and brainstem obtained with WLS, Bayesian and PET approaches. Error bars 
represent standard deviation.  
  
The ASL-sqBOLD method showed a 30.7% and a 22.5% difference in CMRO2 between the 2 regions using the WLS and 
Bayesian approach, respectively. As a comparison, the reported difference in [15O2]PET literature is 42% (Figure 2).   
  
Results from the power analysis for both regions are shown in Figure 3.  
  
  
  

  
Figure 3: Relationship between minimal expected percentage change and required sample size to detect significant 
changes in Occipital cortex and Brainstem  
  
Conclusion  
A non-invasive, integrated ASL-qBOLD, MRI  method to estimate regional differences in CMRO2 resulted in smaller CMRO2 
regional differences relative to those observed with PET, albeit in the same direction. Results showed that the ability to 
detect CMRO2 changes is dependent on the method used to estimate OEF from the sqBOLD images, with  the Bayesian 
approach more sensitive to detecting  between-region changes.    
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T09 – Melissa E. Wright, CUBRIC, Cardiff University  
Cerebrovascular function across the menstrual cycle  

 
 
 
 
Synopsis 
Oestrogen has a protective effect against neurodegenerative conditions such as dementia and glaucoma. One possible 
mechanism for this is oestrogen’s vasodilatory influence on the cerebrovascular system. This study aimed to investigate 
the influence of fluctuating oestrogen across the menstrual cycle on measures of cerebrovascular functioning.    
Eighteen healthy non-pregnant women were scanned using 3T MRI at three points across their menstrual cycle. From 
the preliminary results, oxygen extraction fraction demonstrates a statistically significant increase in the late follicular 
phase compared to other phases, coinciding with an increase in oestrogen, which provides information into how 
oestrogen may influence the cerebrovascular system.  
  
Summary of main findings 
From these preliminary results, oxygen extraction fraction demonstrates a trend to increase in the late follicular phase of 
the menstrual cycle compared to other phases, coinciding with an increase in oestrogen.  
 
 
Introduction 
Oestrogen has a protective effect against neurodegenerative conditions such as dementia1,2 and glaucoma3. One 
possible mechanism for this is oestrogen’s influence on the cerebrovascular system. Animal models have suggested that 
oestrogen has a vasodilatory influence4 and impacts vasoreactivity5, blood flow6, and the functioning of the blood brain 
barrier7. This is supported by recent human work suggesting a positive association between oestrogen and cerebral 
blood flow, particularly in posterior regions8. Considering these results, we therefore hypothesise that changes in 
hormone levels (specifically oestradiol and progesterone) across the monthly cycle would influence various aspects of 
cerebrovascular function. This study aims to investigate the influence of different menstrual cycle phases on multiple 
aspects of cerebrovascular functioning in healthy non-pregnant women.   
 
 
Methods 
Eighteen healthy, menstruating females (age mean[SD]= 21.6[6.3] years) completed a 3T MRI session during the early 
follicular (EF; day 1-4), late follicular (LF; day 10-12), and mid-luteal (ML; day 20-22) phase of their menstrual cycle. All 
sessions took place at the same time of day, after a fasting period of 4-6 hours. Due to difficulties associated with the 
ongoing pandemic, recruitment was delayed and not all participants have completed all phases (EF= 12; LF= 12; ML= 
14).   
 
Data were acquired on a Siemens MAGNETOM Prisma 3T scanner with a 32-channel head coil. A multi post labelling 
delay pseudocontinuous arterial spin labelling (MPLD-pCASL) perfusion scan was completed while participants viewed a 
fixation cross (TR=6s; TE=11s; voxel resolution= 3.4x3.4x6.0mm, tag duration= 1800, post-labelling delays= 250-3000ms 
in steps of 250ms, GRAPPA= 2). Cerebral Blood Flow (CBF) and Arterial Arrival Time (AAT) were mapped using Bayesian 
Inference for ASL (BASIL) software9 and an average was extracted across a grey matter mask for further analysis. A T2 -
relaxation-under-spin-tagging (TRUST) sequence (TR= 3s; TE= 3.9ms) was also acquired to estimate Oxygen Extraction 
Fraction (OEF). A structural MPRAGE scan (1mm3; TR= 2.1s; TE= 3.24ms) was also acquired. All participants had normal 
or corrected-to-normal vision.  
 
 
Results 
Preliminary results are illustrated in Figures 1-3. A peak was found in OEF during the LF phase (see Figure 1), which 
coincides with a peak in oestrogen. A repeated-measures ANOVA (conducted on those with complete datasets) found a 
significant main effect (F(2,12)=7.572; P=0.007). Post Hoc Holm-corrected tests found that the LF (M=0.354) was 
significantly higher than the EF (M=0.311; p=0.029) or ML phase (M=0.297; p=0.009). The difference between the latter 
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two was not significant (p=0.400). A trend was found when correlating the difference in OEF between EF and LF and the 
difference in circulating Oestradiol (one-tailed Spearman’s rho=0.483; p=0.097).  
No noticeable change was found in grey matter CBF or AAT across the menstrual cycle (see Figure 2 and 3).This was 
supported by a repeated-measures ANOVA (conducted on those with complete datasets), which found a non-significant 
main effect for CBF (F(2,12)=1.053; P=0.379) and AAT (F(2,12)=2.331; P=0.134).  
 
Discussion and conclusion  
These preliminary results suggest a cerebrovascular change across the menstrual cycle of healthy women. Specifically, 
OEF measures show a significant increase in the LF phase compared to the EF and ML phases, which coincides with a 
peak in oestrogen levels. This relationship with oestrogen is also suggested by the fact greater changes in circulating 
oestrogen between the EF and LF was mildly associated (at a trend level) with greater changes in OEF in this preliminary 
sample. Conversely, both AAT and CBF seem stable across phases. This provides information into how oestrogen may 
influence the cerebrovascular system and highlights possible mechanisms by which oestrogen has a protective effect 
against neurodegenerative conditions.  
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T10 –Qijia Shen, University of Oxford  
Efficient 3D cone trajectory design for improved combined angiographic, structural and 
perfusion imaging using arterial spin labelling  

 
 
Synopsis 
4D combined angiographic, structural and perfusion radial imaging using arterial spin labelling (CASPRIA) provides a tool 
to simultaneously acquire information about brain structure and blood flow. However, the radial trajectory used limits 
the resolution and SNR, especially when the data is highly undersampled. In this work, an optimised 3D cone trajectory is 
presented with 3D golden means rotation to improve sampling at the k-space periphery whilst maintaining flexibility in 
spatiotemporal resolution. A locally low rank reconstruction was used to leverage spatiotemporal correlations and 
improve image quality. In vivo results showed considerable improvements in resolution and SNR over the radial 
approach.  
 
Summary 
A 3D cone trajectory with golden means rotation provides much higher sampling efficiency than radial imaging, allowing 
simultaneous angiographic, structural and perfusion imaging using arterial spin labelling with improved resolution and 
SNR.  
 
Introduction 
4D combined angiographic, structural and perfusion radial imaging using arterial spin labelling (CASPRIA) (1) is a non-
contrast scheme to simultaneously map the dynamics of blood flow through the arteries and at the level of the brain 
tissue, as well as T1-weighted structural signals, which could allow more information to be obtained in a short time for 
busy clinical settings. However, the radial trajectory used in CASPRIA leaves gaps that violate the Nyquist theorem in 
peripheral k-space which, in turn, limits the SNR and spatial resolution. Increasing the number of spokes to reduce these 
gaps without increasing the scan time requires the repetition time of the excitation pulses to be short, which leads to 
rapid attenuation of the arterial spin labelling (ASL) signal. Therefore, a flexible curved trajectory that could more evenly 
sample k-space with fewer excitations is desired. Numerous 3D curves like 3D Cones (2) and Seiffert Spiral (3) have been 
suggested, yet we would like a more flexible design to allow variable spatial and temporal resolution images to be 
reconstructed.   
In this work, we describe how we optimise a curved cone trajectory for the CASPRIA framework and compare it to the 
original radial trajectory in healthy volunteers.  
 
Methods 
Multiple 3D cones can be stacked along a single axis(2), but this does not allow flexibility in temporal resolution during 
image reconstruction. Instead, we rotate the cone’s central axis around the k-space center using the 3D golden 
means(4), giving approximately uniform coverage of k-space for any number of cones, and rotate each cone about its 
central axis by a random angle to reduce overlap.   
  
The final sampling pattern is then largely decided by the shape of the base cone. Spending more time at the central 
region of k-space could improve robustness against motion and signal variation whereas more samples in peripheral k-
space is helpful to improve spatial resolution. Incoherent sampling is also crucial for reducing structured artefacts, so 
radial distance from one turn of the cone to the next was varied along the trajectory. The shape of our cone trajectory 
was defined in a parametric form first and the exact gradient was then calculated(7) to traverse the curve. Thanks to its 
flexibility, we could heuristically modify the characteristics of the final cone trajectory to adapt to different purposes. 
Based on the preliminary numerical simulations and phantom scans, our final cone trajectory is shown in Fig. 1.  
  
A schematic sequence diagram is shown in Fig. 2. Each preparation period (pseudo-continuous ASL labelling and 
background suppression pulses) is followed by the acquisition of many radial spokes or cones across a 2s readout period. 
We adopted the Song’s method(5,6) to arrange the order of the golden means sampling across multiple ASL preparation 
periods, so that the temporal resolution could be arbitrarily selected retrospectively. Lower spatial resolution images 
(for perfusion imaging) can be reconstructed using the more densely sampled centre of k-space. Structural images can 
be reconstructed using the mean label/control data, rather than the difference signal.  
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Data were acquired on a 3T Siemens Prisma scanner using 32-channel head coil in 1 healthy volunteer. Preparation 
pulses were repeated for 48 times (corresponding to 48 rows of tag/control in fig.2), followed by 6 frames with 24 
readouts in each of them. Since the TR of each readout is 14.7 ms, the total time after each tag/control is 
24x6x14.7=2016ms. Angiography images were reconstructed with 1.13mm spatial resolution, and 14.7x12=176.2ms 
temporal resolution. Perfusion images were reconstructed with 3.4mm spatial resolution and 14.7x24=352.8ms 
temporal resolution. The spatial resolution for the structural images were also 1.13mm, and the temporal resolution was 
352.8ms.  
  
As the signal varies smoothly and the sampling is complementary across temporal frames, we could utilize 
spatiotemporal correlations during reconstruction for further improvement in image quality. Therefore, a locally low 
rank constraint was enforced in our iterative reconstruction.   
 
Results and discussion  
Fig. 3 compares angiographic images acquired in the same subject using cone and radial trajectories. The cone trajectory 
allowed depiction of the proximal arteries much better than the radial trajectory, probably due to reduced flow or B0-
based dephasing at the much shorter echo time of the cone trajectory. The small vessels are also better visualized by the 
cone trajectory thanks to better sampling in the k-space periphery.  
  
For perfusion images reconstructed from the same raw k-space data (Fig. 4), the cone trajectory also provides better 
spatial resolution than the radial trajectory with an additional increase in SNR. The small structures are now clearly 
visible in the cone case.   
  
Using the mean rather than difference between label and control data, structural images were also reconstructed (Fig. 
5). Images with varying T1-weighted contrast are produced at different times after the inversion pulse, but as above, the 
cone trajectory provides better resolution and SNR.   
  
In conclusion, a 3D cone trajectory can be integrated into the 4D CASPRIA framework, improving spatial resolution and 
SNR and allowing high quality time-resolved angiograms, perfusion images and T1-weighted structural images to be 
obtained from a single 6-minute scan. A quantitative comparison in a larger number of healthy controls to confirm these 
results will be performed in future work.  
 
Figures 



 

 52 

  
Fig. 1. Shape of the base trajectory within single readout (radial [a], cone [b]), and the first 10 spokes rotated using the 
golden means (radial [c], cone[b]). This demonstrates the large gaps left in k-space when using a radial trajectory that 
are much more efficiently covered, with fewer excitations, by a 3D cone trajectory.  
  

   
Fig. 2. Schematic pulse sequence diagram. The preparation period (pre-saturation, pseudocontinuous ASL labelling and a 
global inversion pulse) is followed by a continuous golden ratio readout. The radial case is shown here, but the cones 
case is similar, with each radial spoke replaced by a cone at the same orientation. Samples across all repeats can be 
flexibly combined across time with variable temporal resolution, whilst maintaining approximately uniform sampling.  
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Fig. 3. Comparison of angiographic images between radial and cone trajectories (Maximum Intensity Projections) in 
three example frames. The zoomed sections show the improvement in proximal vessel signal (coronal view) and fine 
distal vessels (transverse view) achieved with the cones approach.  
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Fig. 4. Comparison of perfusion images acquired with radial and cone trajectories in three example frames. The zoomed 
sections show the improvement in resolution achieved with cones.  
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Fig. 5. Comparison of structural images between radial and cone trajectories at three example timepoints. Note the 
variation in T1 contrast due to recovery of the static tissue after the background suppression pulses during the course of 
the readout. The zoomed sections show that detailed structures are more easily visible in the cone case.  
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T11 – Alaa Alghanimy, University of Glasgow  
The effect of a novel AQP4 facilitator, TGN-073, on glymphatic transport captured by diffusion 
MRI and DCE-MRI  

 
  
  
  
Synopsis    
The glymphatic system is a low resistance pathway, by which cerebrospinal fluid enters the brain parenchyma along 
perivascular spaces via AQP4 channels. It has been hypothesised that the resulting convective flow of the interstitial fluid 
provides an efficient mechanism for the removal of waste toxins from the brain. Therefore, maintaining AQP4 integrity 
might protect against neurodegenerative diseases such as Alzheimer’s disease (AD). Here we use different MRI techniques 
to demonstrate that glymphatic transport is enhanced by an AQP4 facilitator, TGN-073. This might aid in preventing, 
ameliorating, or treating neurodegenerative diseases in which the AQP4 functionality is impaired.  
 
  
Introduction 
The glymphatic system is a low resistance pathway, by which cerebrospinal fluid enters the brain parenchyma along 
perivascular spaces via AQP4 channels. It is hypothesised that the resulting convective flow of the interstitial fluid provides 
an efficient mechanism for the removal of waste toxins from the brain. Therefore, enhancing AQP4 function might protect 
against neurodegenerative diseases such as Alzheimer’s disease (AD), in which the accumulation of harmful proteins and 
solutes is a hallmark feature. Here, we test the effect of an AQP4 facilitator, TGN-073, on glymphatic transport in a normal 
rat brain by employing different MRI techniques. 
   
Methods and Material 
Male Wistar rats were randomly assigned to either TGN-073, vehicle, or aCSF groups. First, surgical procedures were 
undertaken to catheterise the cisterna magna, thereby enabling infusion of the MRI tracer. Then, an intraperitoneal 
injection of either TGN-073, or the vehicle (200 mg/kg in 20ml/kg body weight), was administered. Using paramagnetic 
contrast agent (Gd-DTPA) as the MRI tracer, dynamic 3D T1 weighted imaging of the glymphatic system was undertaken 
over two hours. Further, the apparent diffusion coefficient was measured in different brain regions using diffusion-
weighted imaging (DWI) (Figure 1). Physiological parameters and arterial blood gas analysis were monitored 
continuously.   
 
Results 
The study results indicate that rats treated with TGN-073 showed the distribution of Gd-DTPA was more extensive and 
parenchymal uptake was higher compared with the vehicle group (Figure 2). Water diffusivity was increased in the brain 
of TGN-073 treated group, which may indicate greater water flux (Figure 3). Also, MRI showed the glymphatic transport 
and distribution in the brain is naturally heterogeneous, which is consistent with previous studies. 
   
Conclusion 
Our results indicate that compounds such as TGN-073 can improve glymphatic water flux in the brain. Since glymphatic 
impairment due to AQP4 dysfunction is potentially associated with several neurological disorders such as AD, dementia 
and traumatic brain injury, enhancing AQP4 functionality might be a promising therapeutic target.  
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Figure 1: Study protocol.  

  

  
Figure 2: Gd-DTPA dissemination in rat brain after 2 hours of starting the infusion.  
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Figure 3: Boxplots of apparent diffusion coefficient in three different regions of rats’ brains.  
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T12 – Brooke Tornifoglio, Trinity College Dublin  
Mechanical and microstructural insight into atherosclerotic plaques – an ex vivo DTI study  
 

  
Synopsis 
Atherosclerotic plaque vulnerability, or the likelihood of rupture, is poorly characterised by the current clinical gold 
standard of luminal blockage. The plaque microstructure dictates the mechanical integrity of the tissue and therefore 
there is a need for better, non-invasive metrics which characterise the microstructure and ultimately the vulnerability of 
the plaque. In this study, human atherosclerotic plaques were excised, imaged ex vivo with DTI and mechanically tested. 
Tractography yielded novel insight into more stable and more vulnerable plaque microstructures, highlighting the promise 
of DTI in better capitulating plaque vulnerability.  
 
Summary of main findings 
DTI-derived tractography highlighted differing microstructures of atherosclerotic plaques which yielded significant insight 
into the tissue’s mechanical integrity.  
 
  
Introduction 
Mechanical forces and changes in the environment surrounding an atherosclerotic plaque can ultimately lead to its 
rupture1; however, it is the underlying microstructure which governs the tissue’s mechanical integrity. Microstructural 
changes in arterial tissue characterise the progression of atherosclerosis – from the thickened intima to lipid core and 
plaque cap2. Ex vivo diffusion tensor imaging (DTI) has shown sensitivity to the key microstructural components in arterial 
tissue3,4. This study aims to investigate the potential of DTI to identify key microstructural features of atherosclerotic 
plaques and their link to the tissue’s mechanics.  
  
Methods 
Carotid atherosclerotic plaques (n=7) were obtained with informed consent from symptomatic carotid endarterectomy 
patients at St. James’s Hospital Dublin. Carotid plaques were rinsed in PBS and cryopreserved prior to ex vivo imaging. On 
the day of imaging, plaques were thawed at 37°C and rinsed in PBS prior to being secured in a 15 ml falcon tube with fresh 
PBS. Plaques were imaged individually in a small-bore horizontal 7 Tesla Bruker BioSpec 70/30 USR system. A conventional 
3D spin echo DTI sequence was used with the following parameters: TE/TR: 17.682/1000 ms, image size: 64x64x64, FOV: 
16x16x16 mm, resolution: 250x250x250 mm, b-values: 0, 800 s/mm2, 10 b-directions, with fat suppression on and 
acquisition time: 12 hours and 30 minutes. After imaging, plaques were cryopreserved again until mechanical testing. On 
the day of mechanical testing, samples were thawed at 37°C and circumferential strips (n=32) were sectioned from the 
plaques. Strips were uniaxially extended to failure using a uniaxial test machine (Zwick Z005) and digital image correlation 
(DIC) was used to track local tissue deformation. Mechanically tested strips were registered back to MR space to facilitate 
the comparisons between DTI-derived metrics (FA, MD, helical angle, tractography) and mechanical properties (ultimate 
tensile stress, strain, and stiffness) of the tissue.   
  
Results 
Tractography of individual circumferentially cut strips highlighted the presence of four different microstructural 
alignments, see Figure 1. Most samples showed some degree of circumferential alignment. Group 1 and Group 2 samples 
both were predominantly circumferential, but Group 2 samples had the presence of a distinct plaque cap shoulder. Group 
3 samples included a thick, heavily mixed microstructure on the luminal side and Group 4 strips were mixed overall. Figure 
2 highlights representative samples from each group with their respective DIC strain contours. High strains can be seen at 
the point of failure in Group 1, followed by abrupt failure. Failure in Group 2 specimens occurred at the plaque cap 
shoulder, visible in the tractography, before delamination behind the lipid core. Group 3 specimens showed intimal 
tearing, yet they delaminated through the thickness of the mixed region. Group 4 specimens failed quite variably.  
  
Discussion 
Using a combination of ex vivo DTI and mechanical characterisation of atherosclerotic plaques, this study identified that 
tractography yields valuable insight into specific microstructural features which can be linked to plaque vulnerability. 
Predominantly circumferentially aligned strips in Group 1 failed at the higher strains – suggesting a more stable 
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microstructure. Strips in Group 3 failed at the lowest strains when delaminating through the thick, disorganised region on 
the luminal side – identifying them as the microstructure most vulnerable to rupture.   
  
Conclusion  
In this study fresh, human atherosclerotic plaques from endarterectomy surgeries were imaged ex vivo with a DTI 
sequence and mechanically tested. This work confirms that this non-invasive imaging technique can yield microstructural 
insight into these plaques which can identify the microstructures more at risk of rupture. These novel findings encourage 
continued research in non-invasive imaging techniques linked with mechanical characterisation to better capitulate plaque 
vulnerability.   
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Figure 1. Tractography groupings of mechanically tested atherosclerotic strips. (1) Predominantly circumferentially aligned 
tracts with sparce axial tracts on the luminal edge (concave side). (2) Predominantly circumferentially aligned tracts with 
the presence of a plaque cap shoulder – visible at the junction between fibres on the luminal side. (3) Circumferentially 
aligned medial tracts with large, thick regions of mixed microstructural alignment on the luminal side and (4) overall mixed 
samples with no clear alignment.   

  
Figure 2. DIC strain contours and failure insights based on tractography groupings. For each grouping, (i) representative 
tractography is shown at the top, alongside DIC images at the (ii) reference frame, (iii) right before failure, and (iv) right 
after failure. White arrows point to location of failure both on tractography and on strain maps.   
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T13 – Jannette Nassar, University College London  
Multi-Echo EPI for Preliminary Functional Quantitative Susceptibility Mapping (fQSM)  

 
Synopsis 
Quantitative susceptibility mapping (QSM) calculates tissue magnetic susceptibility from MRI phase. Functional QSM 
(fQSM) detects changes in blood oxygenation in response to neuronal activation, providing complementary information 
to conventional magnitude-based fMRI. For conventional structural gradient-echo QSM, multi-echo (ME) acquisitions are 
more accurate than single-echo. Preliminary work suggests this may also hold for ME-EPI. Previous fQSM studies have 
used single-echo EPI and extensive physiological noise correction but here, we used ME-EPI for fQSM and observed 
activations in the visual cortex with a visual stimulus, even without physiological noise removal. fQSM activations were 
weaker and more localised than in fMRI, as expected. 

Summary 

Visual cortex voxels were significantly activated in response to a flashing checkerboard with gold-
standard ME-EPI fMRI and novel ME-EPI fQSM, even without physiological noise removal. fQSM 
activations were weaker and more localised than in fMRI. 

Introduction 

Quantitative susceptibility mapping (QSM) provides information on tissue composition, e.g., highlighting 
paramagnetic deoxyhaemoglobin or ferritin. Functional QSM (fQSM) provides complementary information to 
conventional magnitude-based blood-oxygenation-level-dependent (BOLD) fMRI, showing potential to 
improve spatial localisation of neuronal activity1,2. This is because QSM reveals the blood susceptibility 
changes that underlie, or occur ‘upstream’ of, magnitude signal changes in the BOLD model of functional 
activation. fQSM is also based on a linear dependence of susceptibility on blood oxygenation3 rather than a 
non-linear dependence of the T2*-weighted signal magnitude on blood oxygenation. 
Studies on conventional 3D gradient-echo acquisitions4–6 show that using multiple echoes provide more 
accurate QSM than single echo acquisitions. Preliminary work in our group also suggests that multi-echo EPI 
(ME-EPI) gives more accurate susceptibility values than single-echo EPI. Further, there is increasing evidence 
that combining images from multiple echoes recovers signal drop-out and considerably increases fMRI 
sensitivity compared to conventional single-echo EPI7-9. Therefore, in this preliminary study, we aimed to use 
multi-echo EPI for fQSM. This is novel as all fQSM studies in the literature1,2,10,11, have used single-echo EPI. 
 
Methods 
Image acquisition: 70 volumes of Multi-echo GRE EPI were acquired in a healthy male volunteer (30 years old) 
on a 3T Siemens Prisma MR system using a 64-channel head coil and parameters: echo times (TEs) = [12.8, 
33.71, 54.62] ms, TR = 3346 ms, 1.5 mm isotropic resolution, FOV = 240 x 240 mm, 120 slices, FA = 90°, GRAPPA 
factor 4, simultaneous multi slice (SMS) factor 3, and SENSE coil combination. Structural T1-weighted images 
were acquired for anatomical reference. fMRI stimulus: A visual stimulation paradigm was used to maximise 
the BOLD signal with a conventional block design. The stimulation consisted of a (black and white) checkerboard 
flickering at 8Hz for 15.6 s followed by a rest block of 15.6 s. The subject was instructed to fixate on a cross in 
the centre of the screen. The blocks were alternated throughout the ME-EPI acquisition of 70 volumes. 

Data processing: The first 5 volumes were discarded. For the magnitude-based fMRI analysis, the multi-echo 
magnitude images were combined using T2*-weighted echo summation12. Quantitative susceptibility maps 
(QSM) were calculated from the phase images at each timepoint of the fMRI time-series (using the pipeline 
illustrated in Figure 1): the total field map was calculated using a non-linear fit of the complex data over all 
echoes13; brain masks were calculated using FSL BET14 on the magnitude images; phase wraps were removed 
with Laplacian unwrapping15; to remove slice-to-slice phase inconsistencies intra-slice background fields were 
removed with 2D V-SHARP16 followed by conventional 3D-PDF17; and susceptibility maps (Figure 2) were 
calculated using non-linear total variation regularisation (nlTV) (� = 10-5)18. 

SPM12 software was used for fMRI and fQSM processing. Spatial pre-processing performed on both the 
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combined magnitude images and the QSM, included: realignment of the time-series to the first image in the 
series by estimating the 6-parameter rigid body spatial transformation to correct for motion; coregistration to 
the anatomical data; and normalisation and spatial smoothing with an 8 mm FWHM Gaussian filter to improve 
 
 

SNR. Note that, unlike previous fQSM studies1,2, no further physiological noise correction was performed in 
this preliminary fQSM analysis. A general-linear model (GLM) was reconstructed with a regressor for the visual 
stimuli. Statistically significant changes were detected by performing voxel-wise t-tests. fMRI and fQSM 
activation maps were calculated using a threshold of p <0.05 whole brain familywise error (FWE) corrected for 
multiple comparisons, or with p <0.001 and no FWE correction with no restriction of minimum cluster size to 
allow individual supra-threshold voxels to be apparent. 
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Figure 1. Stages in the QSM reconstruction pipeline, showing the 11th timepoint of the multi-echo time-
series. (a) Raw phase, (b) Phase after Laplacian unwrapping, (c) Local field after background field removal , 
(d) Susceptibility map after dipole inversion with non-linear total variation regularisation (nlTV). 

 
 

 
Figure 2. Representative susceptibility map from the 11th volume. 

 
Results and Discussion: Figure 3 shows both the fMRI and fQSM activation maps. In all cases, significant 
activations were found in the primary visual cortex, as expected. Because susceptibility maps are more 
sensitive to the physiological changes of interest in functional activation, they are also more sensitive to 
physiological noise. Therefore, as expected, the magnitude fMRI response was stronger (larger t-values) and 
more widespread (more activated voxels) than the fQSM activation, with less noise in the timecourse as shown 
in Figure 3. Even though no additional physiological noise removal was performed on the phase images or at 
any point in the fQSM pipeline, voxels located in the visual cortex showed significant activation in response 
to the flashing checkerboard stimulus in ME-EPI fQSM, similar to previous single-echo fQSM studies with a 
visual paradigm1,2. 
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Figure 3. fMRI and fQSM Activations: Activated voxel maps with a threshold of p<0.05 and a family-
wise error (FWE) correction from fMRI (a) and fQSM (b), and with a threshold of p<0.001 and no family-
wise error (FWE) from fMRI (c) and fQSM (d). The activated maps (t-values) are overlayed on the 
normalised and smoothed combined magnitude images from the first timepoint. The time course and 
fitted response of the voxels with the maximum response marked in (c) and 
(d) are denoted by the dotted red line and the solid gray line in (e) and (f), respectively. 

 
Conclusions: Here, we showed that fQSM is feasible using multi-echo EPI, in contrast to previous fQSM 
studies which have all used single-echo EPI. We observed fQSM activations in the visual cortex in 
response to a visual stimulus even without additional physiological noise correction that has been used 
in previous fQSM studies. This suggests that ME-EPI shows promise for fQSM although future work 
will include optimizing and implementing physiological noise removal techniques for ME-EPI fQSM. 
Activations in fQSM were much weaker and more localised than in conventional BOLD fMRI, as 
expected. It is not clear from this preliminary study whether this is due to improved spatial localisation 
of neuronal activity in fQSM or reflects its greater sensitivity to physiological noise. 
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T14 – Oliver C. Kiersnowski, University College London  
Optimising Multi-Echo and Single-Echo 2D EPI for Rapid Quantitative Susceptibility 
Mapping: What is the Maximum TE?  

 
Synopsis 
Brain volumes for quantitative susceptibility mapping (QSM) are conventionally acquired using a 3D gradient 
echo sequence in around 5 minutes but can also be acquired using echo planar imaging (EPI) sequences in 
seconds. Multi-echo (ME) EPI has not been investigated for QSM. We compare single-echo (1E) and ME 2D-EPI 
QSM, investigating the effect of the maximum echo time (𝑇𝐸𝑚𝑎𝑥TEmax ) and of parallel imaging factors on QSM. 
We find QSM reconstructed from ME-EPI are of comparable quality to 1E-EPI, giving more accurate susceptibility 
values than 1E but with increased temporal noise. Including echo times up to  𝑇𝐸𝑚𝑎𝑥≈60TEmax≈60 ms provides 
optimal ME-EPI-QSM.  
 
Summary 
2D Echo planar imaging (EPI) acquisitions for quantitative susceptibility mapping (QSM) have been single-echo 
(1E). We show that multi-echo (ME) acquisitions for QSM are comparable to 1E and that the maximum echo time 
is important for ME (≈60≈60ms).   
 
Introduction  
Whole-brain phase images for quantitative susceptibility mapping (QSM) are conventionally acquired using either 
a single-echo (1E) or multi-echo (ME) 3D gradient echo (GRE) sequence. Recently, it has been shown that ME 
acquisition is superior to 1E for QSM with 3D-GRE acquisition1. These acquisitions usually take at least 5 minutes 
and are limited to structural analyses. However, echo planar imaging (EPI) acquisitions can acquire a whole-brain 
volume in seconds, enabling both structural and functional analyses. EPI-based phase images have been acquired 
for structural QSM2 and functional QSM (fQSM)3,4 but have, so far, been restricted to 1E acquisitions. ME-EPI is 
finding more use in functional MRI (fMRI) applications5, but ME-EPI has not yet been investigated for QSM. Here, 
we compared 1E and ME QSM acquired with a single-shot 2D-EPI sequence, and investigated the effect of 
maximum echo time ( 𝑇𝐸𝑚𝑎𝑥TEmax ), given a fixed minimum echo-spacing, and of parallel imaging factors on 
ME-EPI-QSM. We compared the 1E and ME EPI QSM with a GRE reference QSM using similarity metrics to 
investigate how many echoes should be included in the ME-EPI QSM. We find that choice of echo time for 1E-EPI 
is important for reconstruction of susceptibility maps, and that ME-QSM is of comparable quality to 1E-QSM with 
EPI. In deep gray matter regions, ME susceptibility maps give more accurate susceptibility values than 1E despite 
increased noise. Similarity metrics comparing ME-EPI-QSM to a reference GRE QSM suggest that including echoes 
up to a 𝑇𝐸𝑚𝑎𝑥≈60TEmax≈60 ms in the QSM reconstruction pipeline provides optimal ME-EPI-QSM for 
acquisitions accelerated by GRAPPA = 2 and 4.  
 
Methods 
Acquisition: Magnitude and phase images of a healthy volunteer were acquired on a 3T Siemens Prisma MR 
system using a 64-channel head coil at 1.5 mm isotropic resolution, with FOV = 240 x 240 x 180 mm. 2D-EPI6: 
images were acquired with the parameters in Figure 1 with 6/8 partial Fourier and FA = 90° and coils were 
combined using SENSE. Five repetitions were acquired to allow for a statistical analysis. 3D-GRE: For reference, 
images were acquired with TE = 12.19, 33.10, 54.02, 74.93 ms, approximately matched to those for EPI  with 
GRAPPA R = 4 (Figure 1) with TR = 80 ms; R = 4; 6/8 phase partial Fourier; FA = 15°; and TA = 5 min 47 s and coils 
were combined using adaptive combine.  
 
QSM Pipeline: For all acquisitions, a total field map and a noise were obtained from a non-linear fit7 of the 
complex data over all echoes (for GRE) and across a range of echo times, 𝑇𝐸1 𝑡𝑜 𝑛=2,3,4,5TE1 to n=2,3,4,5, 
where 𝑛n is the number of echoes included (for EPI) to investigate the effect of 𝑇𝐸𝑚𝑎𝑥TEmax on ME-QSM. Brain 
masks were calculated using FSL BET8 on the magnitude images. The GRE brain mask was eroded by 4 voxels and 
a further 4 layers were thresholded at the mean of the inverse noise map. EPI brain masks were eroded by a 
single voxel. Residual phase wraps were removed from all field maps using Laplacian unwrapping9. Background 
field removal using PDF10 (plus 2D V-SHARP for EPI11,12). Susceptibility maps were reconstructed using non-linear 
total variation (nlTV)13 with a regularisation parameter of 𝛼=6.31×10−5𝛼=6.31×10−5 and 𝛼=1×10−4𝛼=1×10−4for 
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GRE and EPI, respectively. All EPI-based 𝜒𝜒 maps were rigidly registered to the reference GRE 𝜒𝜒 map via 
transformations obtained from co-registering the respective magnitude images.   
 
Analysis: 1E 𝜒𝜒 maps were calculated at each TE for both EPI acquisitions. To compare 1E and ME  
𝜒𝜒 maps, mean 𝜒𝜒 and standard deviation of the mean across volumes were calculated in ROIs and compared 
using Kruskal-Wallis tests to identify significant 𝜒𝜒 differences. The effect of  
𝑇𝐸𝑚𝑎𝑥TEmax on 𝜒𝜒 reconstruction was analysed by comparing EPI v. 3D-GRE 𝜒𝜒 maps using the root mean 
square error (RMSE) and the structural similarity index for QSM (XSIM)14 as well as visual comparisons.  
 
Results and Discussion 
For 1E-EPI, 𝑇𝐸1TE1 and 𝑇𝐸2TE2 reconstructions for R=2 and R=4, respectively, yielded the best  
𝜒𝜒 map on visual comparison so 1E-EPI QSM for other echo times are not shown here. All ME-QSM 
reconstructions (𝑇𝐸1−𝑛TE1−n) are compared to these 1E-QSM reconstructions. XSIM and RMSE both indicate 
optimal ME reconstruction with 𝑇𝐸𝑚𝑎𝑥<60TEmax<60 
ms: 2 echoes for R=2 and 3 for R=4 (Figure 2). In the basal ganglia (Figure 3), ME acquisition increases 𝜒𝜒 contrast 
(yellow arrows), but at the cost of increased noise in some areas as seen clearly in the increased standard 
deviation, particularly in deep gray matter regions, for ME v. 1E (Figure 4). This increased noise may be due to a 
poor initial conditioning of the non-linear fit7. Mean 𝜒𝜒 for 1E-EPI QSM was significantly different from ME-EPI 
QSM for most 𝑛n (Figure 5), and, for most ROIs (all at R=4), ME-EPI appeared to give more accurate 𝜒𝜒 estimates 
compared to the reference GRE QSM values.  
 
Conclusions  
We have shown that 𝜒𝜒 maps with comparable quality to 1E can be reconstructed from ME 2D-EPI acquisitions. 
In deep gray matter regions, ME maps give more accurate susceptibility values than 1E despite increased 
temporal noise. RMSE and XSIM comparisons with a reference GRE QSM suggest that including echoes up to a ms 
in the QSM reconstruction pipeline provides optimal ME-EPI-QSM for acquisitions accelerated by R=2 and 4.   
Figures  

GRAPPA  
(R factor)  

TR   
(s)  

TE   
(ms)  

Total Acquisition Time 
(TA, s/per vol)  

2  25.8  17.8, 56.95, 96.1, 135.25, 
174.4  

41.2  

4  14.9  12.2, 33.11, 54.02, 74.93, 
95.84  

32.8  

Fig. 1. Table of ME-EPI acquisition parameters. Five volumes were acquired for each EPI sequence. Total 
acquisition time includes reference scans.  

  
Fig. 2. XSIM and RMSE (left) for 1E and ME-EPI-QSM v. the reference 3D-GRE QSM. Both metrics suggest an 
optimum [Equation]ms, corresponding to n=2 for R = 2 and n=3 for R = 4. ME-EPI QSM has comparable quality to 
1E-EPI.  
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Fig. 3. Deep gray matter regions for the 1E and all ME EPI QSM compared to the reference GRE QSM. Green 
frames indicate the optimal XSIM/RMSE ME reconstructions. Yellow arrows indicate an example of increased χ 
contrast found at the head of the caudate nucleus for ME compared to 1E.  

  
Fig. 4. Standard deviation maps, σ, of the mean χ across five volumes for each EPI QSM. For ME-EPI QSM with 
R=2, σ increases with n within the high χ regions in the deep gray matter. Mean σ within the brain mask is also 
shown below each map. For ME-EPI QSM with R=4, σ decreases for [Equation]. 1E-EPI QSM appears to have 
lower temporal noise across the brain compared to ME EPI.  

  
Fig. 5. Mean ([Equation]) χ values across volumes within ROIs for R=2 and R=4 for single-echo (blue) and ME EPI 
QSM. Horizontal black lines are the 3D-GRE reference χ values. Red lines indicate statistically significant 
differences. ME EPI provides more accurate χ values (closer to the 3D GRE reference) than 1E.  
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T15 – Patrick Fuchs, University College London  
Incomplete Spectrum Inversion QSM  

Synopsis 
The inverse problem in quantitative susceptibility mapping (QSM) is ill posed due to an ill-defined surface in 
frequency space. Previously this surface has been avoided using compressed sensing, where the k-space 
samples close to this surface were excluded as missing data. Unfortunately, due to the shape of the surface 
the resulting sub-sampling errors are correlated, resulting in artefacts in the reconstruction. 
We present an approach based on the Plancherel-Polya theorem. According to this theorem a bounded 
function can be reconstructed from incomplete frequency space samples, if the support is known, which in 
QSM is readily available as a brain mask. 
 

Summary of Main Findings 
Using an incomplete spectrum approach allows for implicit regularization of the inverse source problem in 
quantitative susceptibility mapping. This only requires knowledge of the image space support or brain mask 
as opposed to compressed sensing approaches that rely on sparsity. 

 
Introduction: 

Reconstructing a bounded object from incomplete spectral data is a well posed problem, and it was 
recently shown [1] that this incomplete spectrum approach can be used to reconstruct under-sampled MRI 
images with similar quality to compressed sensing approaches. Here, we apply this incomplete spectrum 
approach to the field-to-source inverse problem encountered in quantitative magnetic susceptibility 
mapping (QSM). The field-to-source problem is an ill-posed problem because of conical regions in frequency 
space where the unit dipole is zero or very small, which leads to its inverse being ill-defined. These regions 
typically lead to streaking artifacts in QSM reconstruction. 
It has been shown that compressed sensing (CS) can be used to alleviate this issue by treating the "ill-
posed" regions of frequency space as missing data, if the aliasing artifacts caused by this under-sampling 
are incoherent. To enable this incoherence a wavelet transform is necessary and [2] shows that artifacts 
remain due to the cone-shaped under-sampling pattern and resulting conical streaking artifacts. 
In contrast to CS, our approach does not rely on the incoherence of aliasing artifacts, but rather on knowing 
the support (more commonly referred to as the mask) of our object. In the QSM case, this information is 
readily available, as it can be extracted from the magnitude images using freely available tools such as FSL's 
brain extraction tool (BET). These masks are often already used in QSM reconstruction methods and are 
particularly important for background field removal. 
Here, we present susceptibility maps reconstructed using the incomplete spectrum approach with different 
frequency space under-sampling patterns and compare these to conventional QSM reconstruction methods 
on an in-vivo dataset. 
 

Methods: 
Following the derivation presented in [1], we can rewrite the frequency space QSM model (�⃗�  = 𝐹𝐻𝐷 𝐹 𝜒 ) 

using band and space limited Fourier transforms as (𝑆 𝐹𝑆 )𝐻(𝑆 𝐹𝑆  )𝜒 = (𝑆 𝐹𝑆 )𝐻𝐷−1𝐹𝜙 
𝑘 𝜒 𝑘 𝜒 𝑘 𝜒 

with 𝐹 being a Fourier transform matrix, 𝐷 the unit dipole in frequency space (diagonal matrix), 𝑆𝜒 and 𝑆𝑘 
are the image domain and frequency domain supports (masks), respectively, ·𝐻 is the Hermitian transpose, 
and 𝜙 and 𝜒 are the measured phase and magnetic susceptibility distributions, respectively. This equation 
can be solved in a least squares fashion using conjugate gradient iterations, for example. The algorithm is 
implemented in the Julia programming language, with code available on our GitHub repository 
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(https://github.com/UCL-MedPhys-MRI). The implicit regularisation offered through this band- and space- 
limited frequency transform can be tuned through choice of the support matrices. 
It is natural to choose the image space support to correspond with a brain mask as these are typically 
already available and used in background field removal. We have investigated sensitivity to this mask by 
eroding and dilating this mask from the original brain mask and found that, while the algorithm fails to 
converge reliably for a mask that is too small, a slightly dilated mask does not negatively impact the 
reconstruction accuracy, although it does slow down convergence. 
For the frequency space support, on the other hand, the algorithm would typically work on missing 
frequency-space entries. In our specific application we theoretically can compute all of frequency space, but 
due to the deconvolution with the unit dipole we also know that some areas in frequency space are ill-
posed. These areas are then treated as missing data by applying a support that is derived by thresholding 
the magnitude of the unit dipole |D|. 
To determine this frequency-space threshold (�), we used the 2019 QSM challenge dataset [3] which 
contains a ground truth susceptibility distribution. A sweep of thresholds was performed, and both the 
susceptibility-tuned XSIM [4] and 
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the global PSNR (peak signal-to-noise ratio, as used in e.g. [5]) metrics were used to determine the 
optimum threshold. 
Using an in-vivo dataset [6], incomplete spectrum reconstructions at the optimum threshold(s) 
were compared to QSM using several state-of-the-art reconstruction methods: thresholded k-space 
division (TKD) [6,7], iterative Tikhonov [9] (iterTik, 𝛼 = 0.004, as per [6]), nonlinear dipole inversion 
(NDI with automatic stopping) [11], and a nonlinear total variation regularised method (nlTV, 𝛼 = 
10−8, tuned visually) [10]. 
 

Results and Discussion: 
Analysis of the frequency support threshold is shown in Figure 1, where the threshold � is varied 
between 0.1 and 0.34. Figure 2 shows incomplete spectrum inversion compared to various QSM 
reconstruction methods. 

Conclusions: 
We have presented a novel implicit regularisation approach to solving the dipole deconvolution 
problem in QSM. Like compressed sensing, this approach treats the ill-posed regions in frequency 
space as missing data but instead of using a sparsity assumption (in some transformed domain), the 

Figure 1 Threshold analysis (a) higher values correspond to a better reconstruction, with corresponding optimal reconstruction 
results in the QSM challenge 2.0 phantom: (b) – Ground truth susceptibility distribution, (c) – Optimal XSIM reconstruction (𝜆 = 
0.21), (d) 
– Optimal PSNR reconstruction (𝜆 = 0.28). 

(a) (d) 

IS (𝜆 = 
0.28) 

iterTik 

(b) (e) 

IS (𝜆 = 0.21) NDI 

(c) (f) 

TKD nlTV 
Figure 2 – Reconstructions of an in-vivo dataset [6] using the incomplete spectrum (IS) approach (a) and (b) with 0.28 and 0.21 as 
thresholds, respectively. (c) is TKD reconstruction and (d) uses the nonlinear dipole formulation [11]. (e), and (f) are iteratively 
reconstructed using iterative Tikhonov [9] and nonlinear total variation [10] regularized methods. 
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image space support (or mask) is used to turn this problem into a 
well posed one. This approach provides similar susceptibility maps to other QSM reconstruction 
methods on simulated and in-vivo datasets, with a threshold of 0.28 providing results closer to state-
of-the-art NDI QSM than to TKD. In future, this incomplete spectrum inversion approach could be 
combined with explicit regularization and iterative schemes (such as e.g., total variation) to further 
improve the reconstructed susceptibility distributions. 
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T16 – Bleddyn Woodward, CUBRIC, Cardiff University  
Implementation of a convolutional neural network for brainstem landmark 
detection and co-registration  

 
 
Synopsis 
Accurate brainstem co-registration is important when analysing brainstem functional MRI data. We 
trained a convolutional neural network (CNN) to detect a set of brainstem landmarks and to define a 
brainstem ROI and used these to co-register the brainstem between functional and anatomical space 
using previously developed automated- and landmark-based co-registration (ABC and LBC) methods. The 
CNNs can accurately predict brainstem landmarks, and they perform well when applied to ABC and LBC 
compared to conventional methods. Similar CNNs could be trained to improve co-registration of other 
brain regions, and these methods may be useful in the analysis of large functional datasets.  
  
Summary 
CNNs were trained to predict a set of brainstem landmarks and to define a brainstem ROI. These were 
used to improve co-registration of brainstem MRI data. The CNNs were accurate and robust, and were 
superior to conventional co-registration methods.  
  
Introduction 
Brainstem nuclei are of the order of millimetres in size, therefore inaccurate co-registration between 
functional and structural MRI data will reduce sensitivity to detect significant changes in brain activity in 
group-level analyses of fMRI data. Furthermore, the brainstem is surrounded by CSF and vascular 
structures such that misregistration from those structures may contaminate fMRI signals.   

  
Conventional co-registration methods are often focused on whole-brain co-registration which is 
commonly performed by optimising an intensity and/or boundary-based cost function1-3. Co-registration 
can be rendered more spatially specific by weighting the cost function towards the brainstem using a 
brainstem mask4. An alternative method is to label the brainstem with a set of anatomical landmarks, and 
then to translate the input dataset to the reference dataset with the aim of minimising the mean squared 
error between the two sets of landmarks4. These two processes have been shown to improve brainstem 
co-registration, and have been termed ‘automated brainstem co-registration’ (ABC) and ‘landmark-based 
co-registration’ (LBC) respectively4.   

  
Manually defining a brainstem mask for ABC or a set of landmarks for LBC is time-consuming. We 
developed and trained a convolutional neural network (CNN) to automatically generate a brainstem mask 
and to automatically detect brainstem landmarks, thus further automating the ABC and LBC methods.   

  
Methods 
Firstly, a 2D CNN (figure 1) was trained to automatically predict the location of four brainstem landmarks 
on a mid-sagittal slice of high-resolution structural MRI and lower-resolution functional MRI datasets. 
These landmarks were then used to co-register the functional data to structural space using 3dTagalign, 
which is part of the AFNI software package4. 3dTagalign performs co-registration by rotating and 
translating the functional dataset and using a least-squares algorithm to minimise the distance between 
the specified anatomical and functional landmarks.  
Secondly, this 2D CNN was expanded into a 3D CNN and reconfigured to predict the boundaries of a 
cuboidal mask encompassing the brainstem and this mask was used to weight an affine co-registration 
using FSL FLIRT. These methods are henceforth referred to as 2D-CNN LBC and 3D-CNN ABC respectively.  

  
113 anatomical (MPRAGE) and 39 resting-state functional (rsfMRI) EPI datasets were manually labelled 
with four brainstem landmarks and used to train the landmark-predicting 2D-CNN. The 3D-CNN was 
trained using 39 anatomical datasets each manually labelled with the superior, inferior, anterior, 
posterior, right and left boundaries of a cuboidal region encompassing the brainstem.   
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3D-CNN ABC and 2D-CNN LBC were compared to global co-registration using FSL FLIRT and to LBC 
performed using manually labelled landmarks (ground-truth LBC). The performance of the CNNs was 
assessed by calculating the root mean square error (RMSE) between the predicted and manually-defined 
ground truth landmarks and boundaries. Co-registration accuracy was assessed by evaluating the RMSE 
between the four ground truth brainstem landmarks on the co-registered functional data and the ground 
truth anatomical landmarks.   
  
Results 
The 2D-CNN can accurately predict the four brainstem landmarks on anatomical (RMSE = 2.5 ± 0.8 mm) 
and functional (RMSE = 4.4 ± 1.4 mm) images (figure 2). The low standard deviation of the RMSE suggests 
that the CNNs are robust to variations in brain shape, size, and orientation between individuals. The 3D-
CNN is slightly less accurate but can predict the boundaries of the brainstem ROI with RMSE = 6.3 ± 3.0 
mm (figure 3).  
Visual inspection reveals that 2D-CNN LBC and 3D-CNN ABC subjectively outperform affine intensity-
based co-registration using FSL FLIRT (figure 4), although the threshold for statistical significance was not 
reached in this small sample (figure 5). 3D-CNN ABC was very inaccurate in one of the test datasets 
(outlier on figure 5). Ground truth LBC is the most accurate (Mean RMSE across ten datasets after co-
registration = 2.2 ± 0.8 mm), significantly outperforming both affine intensity-based co-registration using 
FSL FLIRT (mean RMSEFLIRT = 4.7 ± 1.3 mm, t = -5.39, df = 14.75, p = 8.03x10-5) and 2D-CNN LBC (mean 
RMSE2D-CNN LBC = 3.4 ± 1.0 mm, t = 2.97, df = 16.76, p = 0.009).  
  
Discussion 
We have demonstrated that CNNs have the potential to improve brainstem co-registration when 
compared to conventional affine co-registration. 2D-CNN LBC performed well after training with relatively 
few datasets, which is promising for the development of further CNNs tailored toward other regions of 
the brain. 3D-CNN ABC performed well in nine out of ten test datasets, but failed on one occasion. 3D-
CNN ABC is dependent on the ability of FLIRT to accurately co-register using intensity-based cost-function 
minimisation. If this process is constrained to a relatively small ROI around the brainstem, there may not 
always be sufficient intensity-based differences between the datasets to perform accurate co-
registration. LBC is potentially more robust because it is constrained by the requirement to minimise the 
MSE between only four brainstem landmarks. LBC using manually defined landmarks (ground-truth LBC) 
is most accurate for brainstem co-registration, but the methods developed here may be useful in the 
analysis of large datasets where manually labelling the brainstem is not feasible. Experimentation with 
more complex network architectures, further hyperparameter optimisation and a larger training dataset 
might further improve CNN performance.   
  
  
Figures  
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Figure 1: Outline of the CNN architecture. The number of output channels in each layer is equal to the 
number of filters applied to the preceding layer. CNN based on the LeNet architecture6, with four 
convolution layers feeding into a fully connected layer, a subsampling max-pooling layer, and an output 
layer which contained the coordinates of the four brainstem landmarks. The boundary-predicting 3D-CNN 
employed the same structure as the landmark-predicting 2D-CNN, apart from the conversion from 2D to 
3D.  
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Figure 3: Mid-sagittal and coronal slices through a representative example of anatomical data with 
boundaries of cuboidal brainstem region of interest. Manually labelled ground truth (blue) and predicted 
by 3D-CNN (yellow). Top row - before training, bottom row - after training.  
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Figure 4: Representative example of the result of 2D-CNN LBC (top row), affine registration using FSL FLIRT 
(second row), ground-truth LBC (third row) and 3D-CNN ABC (bottom row). The outline of the anatomical 
scan is overlaid in red. Alignment with the posterior edge of the brainstem is clearly inaccurate using FLIRT 
(white arrow). Brainstem co-registration is subjectively improved using all three of the other 
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methods. 

  
 Figure 5: Comparison of RMSE of the four co-registration methods. Left: Co-registration of one of the test 
datasets in the 3D-CNN ABC group was very inaccurate (see outlying datapoint). Right: Comparison of the 
methods after exclusion of this outlier. *ground truth LBC significantly outperformed 2D-CNN LBC and 
affine-FLIRT.   
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T17 – Alix Plumley, CUBRIC, Cardiff University  
Tensors and Tracts at 64 mT  

 
 
 
Summary of main findings 
We present the first ever demonstration of Diffusion Tensor Magnetic Resonance Imaging (DT-MRI) and 
successful tractographic resconstruction of projection and commissural pathways on a portable system 
operating at 64 mT.  
 
Synopsis 
We present the first ever demonstration of Diffusion Tensor Magnetic Resonance Imaging (DT-MRI) 
including quantitative measures of mean diffusivity, fractional anisotropy, and successful tractographic 
resconstruction of projection and commissural pathways on a portable system operating at 64 mT.  
 
Background 
The use of low field MRI systems is motivated by their affordability and availability in locations without 
higher field systems. Diffusion weighted imaging (DWI) was very recently demonstrated on a portable 
0.064T system (Swoop, Hyperfine Inc, Guildford, CT) for single-direction diffusion encoding [1]. Changes 
in brain microstructure have been implicated in a range of clinical and developmental disorders (see [2,3] 
for reviews), and can be measured using diffusion tensor Magnetic Resonance Imaging (DTI-MRI). It is 
therefore desirable to make DT-MRI available on low field systems. Here, we provide first ever proof-of-
concept DT- MRI on a 64 mT system, including quantitative estimates of mean diffusivity and fractional 
anisotropy, and demonstrate smooth transitions in principal eigenvector in major pathways which 
support 3D tractographic reconstruction of the cortico-spinal tract (CST) and corpus callosum.  
 
Methods  
An SNR-efficient 6-gradient direction encoding scheme based on an icosahedron [4] was implemented. 
This rotates the vertices of the icosahedron so that one component touches the unit cube and the other 
has a component equal to Fibonacci’s Golden Ratio, yielding an 18% boost in effective gradient and 39% 
boost in b-value per unit time compared to sampling on the unit sphere. DW images (b=600 s/mm2) were 
collected for the 6 directions, along with a b=0 s/mm2 image. Due to the simultaneous use of multiple 
gradients in this icosahedral scheme, the maximum gradient amplitude was limited to avoid exceeding 
the current draw limits of the gradient power amplifier.  Images were collected on a healthy volunteer 
(female, 29 years). Two averages were acquired for each direction using a dual spin echo 3D fast spin 
echo sequence with navigator echo, hysteresis correction and eddy current pre-compensation as 
described in [1]. Parameters were: TE ~80 ms; TR= 1s; resolution=92 x 76 x 16; voxel size= 2.4 x 2.4 x 5.9 
mm. Each DWI acquisition took ~4 min 10 sec, with a total scan time of just over 1 hour. For the purposes 
of de-noising, the data were resampled to 2mm isotropic resolution and de-noised using a non-local 
means approach (kernel size= 3 x 3 x 3) [5]. Each of the 12 DWIs were registered to the b=0 s/mm2 image 
with FLIRT [6] (FMRIB’s linear image registration tool) using an affine transformation with 12 degrees of 
freedom, and the normalised mutual information as the cost function. Whole-brain tractography was 
performed in ExploreDTI [7] based on the principal eigenvector, with seedpoints regularly spaced on a 1.5 
x 1.5 x 1.5 mm grid and a 0.5 mm step size. For proof of principle, the corticospinal tract (CST) and 
splenium of the callosum (CC) were isolated using way-point ROIs.  
 
Results and Discussion 
DWIs are shown along with the non diffusion-weighted image before and after de-noising in fig. 1. The 
method effectively removed the high-frequency noise, as shown by difference images in fig. 1.   
Tractography results for the isolated CST and splenium of the CC are shown in figure 2.   
Mean diffusivity (MD) maps are shown in figure 3. We observed MD of around .0012 mm2/s, which is 
higher than that typically observed at higher b-values (~.0007 mm2/s) as expected due to the known 
inverse dependence of apparent diffusivity on b-value [8]. Partial volume effects due to the large voxel 
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size may have also contributed to this, since the higher MD values in CSF may have contaminated non-CSF 
voxels. The apparent diffusion coefficient in a water phantom was also measured on the system as .0022 
mm2/s (data not shown), which is well in line with the literature [9]. Therefore, the range of expected 
diffusivity values of healthy tissue may need to be defined on the system since they appear to differ from 
those acquired using higher-field systems. Pre-processing (denoising and motion correction) yielded 
smoother fractional anisotropy maps, shown in figure 4. Pre-processing also appeared to improve the 
orientational coherence of the principal diffusion direction (PDD). Figure 5 shows vector overlays 
indicating the PDD in an axial region surrounding the splenium with and without pre-processing.   
We observed an area of artefactual signal dropout in the right posterior part of the brain for one diffusion 
encoding direction, leading to higher estimates of anisotropy in this region. The cause of this dropout is 
under further investigation. Moreover, the fidelity of the FA maps in periventricular regions seems to be 
compromised, which may be due to physiological motion/ pulsatile effects in the CSF.    
Future work includes optimizing the b-value, and the required number of averages, since the tradeoff 
between scan duration and SNR is especially poignant at low field. Further we will explore whether robust 
DT-MRI can be performed by estimating an axially-symmetric tensor, which will reduce the total data 
acquisition requirements. In summary, we have demonstrated an effective proof-of-principle of the 
ability to isolate distinct anatomical pathways, paving the way for quantitative tractography in the white 
matter that has otherwise appeared homogenous on DWIs from low field systems. Our ability to isolate 
the CC and CST already holds promise for understanding the impact of environmental exposures on the 
developing brain in LMIC settings. For example, maternal anaemia has already been associated with a 
lower CC volume [10], while prenatal alcohol exposure is associated with atypical development 
trajectories of mean diffusivity in the CST [11,12].   
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Figure 1: One non-diffusion weighted (left column) and 6 diffusion-weighted images (one per diffusion 
direction) shown before (top row) and after (middle row) de-noising using a non-local means approach. 
The difference (i.e., the noise which was removed) is shown in the third row. DWIs have a b-value of 600 
s/mm2.  
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Figure 2: ExploreDTI tractography results showing the corticospinal tract in blue and the splenium in red / 
green, projected onto fractional anisotropy images. 6 diffusion encoding directions with b=600 s/mm2 
were used, and the diffusion tensor was estimated using a linear least squares approach.     

  
Figure 3: Coronal, sagittal and axial view of mean diffusivity maps after de-noising and motion correction.  
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Figure 4: Coronal, sagittal and axial view of fractional anisotropy maps before (top row) and after (bottom 
row) denoising using a non-local means approach and motion-correction using FSL’s FLIRT.   
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Figure 5: Vector plots with lines to indicate the principal diffusion direction within an axial slice. The 
benefit of de-noising and motion correction is shown by the improved coherence of PDD in the image on 
the right.   
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T18 – Laura Bortolotti, University of Nottingham  
Evaluate body motion at various patient position in 0.5 T Upright scanner  

 

Summary of Main Findings 

Body motion at typical patient poses in an upright 0.5 T scanner were characterised for head and 
torso. Free standing causes most motion. A valid respiration-like signal was observed, which can be 
used for implementing respiration gating. The motion data can be used for retrospective motion 
correction. 

Synopsis 

Body motion in nine typical upright MRI poses (standing, seated, supine), have been characterised 
for several body parts (head, shoulder, sternum, hip). Free-standing causes most motion; lying 
supine causes least. The use of body support (seat, board, bar) can reduce the extent of motion. 
Respiration-like signal is also detected in the motion data, and on a breathhold, cardiac- like signal 
was detected and motion detected was reduced significantly. Further development will include 
using data for respiratory gating and retrospective motion correction. 

 

Introduction 
Open MRI 1 allows whole body imaging of participants in different positions and also with increased 
comfort, particularly for scanning claustrophobic subjects and children. However, in an open 
configuration, patient’s body motion 2 is less restrained and cannot easily be limited by standard 
motion prevention approaches such as padding. In this study, the level of body motion (head, hips, 
torso) in different positions has been evaluated. This will lead to the development of a Motion 
Correction techniques applicable in clinical environment for 0.5 T Upright Paramed ASG scanner 
(https://www.asgsuperconductors.com/progetto/mropen). 

Method 
Figure 1 shows the experimental set-up. A dual optical camera for motion monitoring 
(https://optitrack.com/cameras/v120-duo/ ) was fixed at 2 m distance from (above and in front of) 
the isocentre. Sets of three or more refractive markers were coupled together on a rigid body 
marker support (e.g. small board of ~8 cm diameter, glasses, face mask), and then approximately 
coupled to the body part using belts and elastic bands. 

We tracked (1) two marker supports (face frame, glasses) to measure head motion (2) three marker 
supports (left shoulder, sternum, right hip) to measure head and torso motion (Figure 1). This was 
done in a variety of positions: seated at different bed angulations (80° ,60°, 40°, 20°, 0°), seated at 80° 
while arms are supported, supine, free-standing, or standing leaning against supports (board) to 
estimate the level of motion (translations and rotations) expected during an MRI scan. 
Measurements were conducted both at breath hold (20 seconds) and in free-breathing condition (30 
seconds) and with and without supports to limit movement. Measurements were performed on 5 
healthy participants. 

The data has been used to identify respiratory peaks by analysing the two motion signals most 
strongly demonstrating breathing (M1, M2). The first convolved derivatives with respect to time of 
M1 and M2 (with a moving average across 3 values) was found and then respiratory peaks were 
detected when M1 =0 and M2 = 0 were within ±5 data points. Monitoring two signals simultaneously 
increases robustness.
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Results 
Figure 2 shows the box plot of the standard deviation of movements at each pose over all the 
volunteers. Results were largely repeatable between these healthy subjects: the level of motion 
increased from supine to free-standing position. Figure 3 shows an example of data acquired for all 
rigid bodies at 2 poses for one volunteer. Range of motion was reduced for the seating position and a 
respiration-like signal was observed recorded. Figure 4 and 5 compares free-breathing and breath- 
hold condition for one rigid body (shoulder) on one volunteer. For the free breathing condition, body 
motion is confounded with the rhythmic motion due to the respiration (~0.3 Hz). At breath-hold 
condition, underlying motion is better recorded, whereas a rhythmic signals at the cardiac frequency 
(~1.2Hz) could also be observed. 

Figure 5 indicates retrospective identification of respiratory peaks from the rigid body placed on the 
shoulder of volunteer 5 for all poses. Frequency spectrum of the motion parameters revealed that 
the rotation around the x axis (Rx) and the rotation around the y axis (Ry) were in phase with each 
other and coupled with breathing for most poses. Respiratory peaks were identified most clearly at 
standing, supine, seated and seated position when arms were placed over a support, and were 
repeatable over different poses. For broad peaks (Seated, 20 deg) the identification of the peak 
results more challenging. 

Discussion 
We have evaluated the level of head and torso motion at various body poses during MRI scan. 
Supine position was the least susceptible to motion when no motion prevention techniques 
(padding, hold the breath) were in place. 

Head motion shows the random component observed in previously 3. The face-mask plastic frame 
that supports the markers is not particular robust against jaw movements. It results equivalent on 
using the glasses support when volunteers were instructed to tight the jaws. In the future it will be 
replaced. 

While head motion could be corrected using rigid body approximation, torso motion cannot. In this 
work, we assessed the torso motion at three points (shoulder, sternum, hip) in order to evaluate 
body non rigid motion 4,5,6. 

Almost all the rigid bodies showed a respiration-like signal that would be suitable for respiration 
gating. A valid respiratory signal could be extracted from shoulder motion (one subject analysed so 
far) and this analysis is now being extended to all subjects. However the motion signals most 
strongly demonstrating breathing varied with position due to the relative orientation between the 
rigid body and the camera. We are now implementing the respiratory gating using a NI-DAQ card to 
trigger the scanner acquisition. 

We plan to convert tracking data to the scanner reference frame to correct MRI data, with time 
alignment achieved using a NI-DAQ board. 

In future, motion in younger volunteers and patients will be assessed, and longer tracking sessions 
are expected to show more motion as people get uncomfortable as they stay still longer. The time 
variations in motion will be important in planning scanning sessions. 

Conclusion 
This characterization of motion represents an important step in controlling and correcting motion, 
including respiration in Open MRI geometry. 
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(a) The Upright scanner, 0.5 T Paramed and the Optical camera. (b) Refractive marker supports to 
create the 5 rigid bodies used to track volunteers body at different position in the scanner. (c) 
 

Poses tested over 5 volunteers were: Free-Standing; Standing with a support (Board); 
Standing with an inclined support (Board, 10∘); Supine; Seated at 20∘; Seated 40∘; Seated 
60∘; Seated; Seated hanging on a support. 
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Figure 2 
 

 
Box plots shows the deviation standard (std) of translations (left column) and rotations (right 
column) for all the rigid bodies at free-breathing (top row) and breath hold (bottom row) 
conditions). As expected, overall body motion is reduced for breath hold condition and if a 
support is provided. Free-standing represents the pose where larger motion is recorded. Results 
were reproducible over several volunteers with few outliers recorded. 
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Figure 3 
 

 
Plots reports example of motion parameters changes (Volunteer 2) acquired while free-breathing 
and free-standing (top row) or seating (bottom row), for all the rigid bodies tracked. All the data 
reports respiration like-signal in at least one motion parameter, best results were obtained for 
seated position (Sternum). Head motion [3] was recorded coherently by both the supports used, 
glasses (the golden standard for head motion measurements) and the face mask frame. The latter 
is not robust against jaw movements. 
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Figure 4 
 

 
Figures show an example of motion parameters changes thresholded at +10, −5 𝑚𝑚, ±2° (Volunteer 
5) for one rigid body (Shoulder) at breath hold condition. As expected, bigger extent of motion is 
recorded at free standing pose, while when a support is provided (board on the back, 
seat or stick in front) the motion is reduced. Deviation standard (std) of translations over positions is 
2.92, 0.36, 0.27, 0.13, 0.14, 0.19, 0.21, 0.24, 0.24 [mm] respectively. A hearth beat-like signal is 
also recorded over all the poses. 
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Figure 5 
 

 
Figures show an example of motion parameters changes thresholded at +10, −5 𝑚𝑚, ±2° 
(Volunteer 5) for one rigid body (Shoulder) at free breathing condition. As expected, less regular 
motion is recorded at free standing pose, while when a support is provided (board on the back, 
seat or stick in front) the free-motion is reduced and the respiration-like signal is displayed. 
Deviation standard (std) of translations over positions is 3.35, 1.46, 1.32, 0.49, 0.94, 0.99, 1.26, 
1.41, 1.08 [mm] respectively. Respiratory peaks have been found and are displayed using a black 
dashed line. 
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Poster 1: Elisabeth S. Pickles, University of Oxford  
Evaluation of optimised 3D multi-echo gradient echo sequences at 3 T and 1.5 T 
for hepatocellular carcinoma detection  

 
Synopsis 
Measuring iron sparing using R2* may be useful for detecting hepatocellular carcinoma. 1.5T and 3T 3D 
multi-echo gradient echo sequences optimised for this application were assessed on healthy volunteers. 
The comparison of the 3D sequence with a “ground truth” 2D sequence and the repeatability indicate this 
could be used to detect levels associated with iron sparing. R2* homogeneity within and between slices 
indicates that iron sparing could be detected in most cases. Results were poorest in participants with 
higher levels of iron, so a separately optimised sequence may be required for patients with elevated iron 
concentration. 
  
Summary 
Optimised sequences for detecting iron sparing associated with liver cancer using R2* at 3 T and 1.5 T were 
evaluated in healthy volunteers, showing that relevant iron levels and spatial variation could be detected 
in the majority of cases.  
 
Introduction 
R2* measured using multi-echo gradient echo (GRE) sequences can be used to estimate iron concentration 
in the liver 1,2. An application for these sequences is in detecting iron sparing in hepatocellular carcinoma 
(HCC)3, but current sequences are optimised to detect iron overload, rendering them unsuitable for 
detecting iron sparing.  
For this application, lower levels of iron need to be detected, primarily in the range 0-3 mg/g dry weight 
(dw)4. Additionally spatial variation in iron of 0.2 mg/g dw or more need to be detected5.   
Therefore, we optimised 3D multi-echo GRE sequences at 3 T and 1.5 T and evaluated, in 15 healthy 
volunteers at each field strength, whether the resulting R2* maps met the requirements for iron sparing 
detection.  
 
Methods 
Sequences were optimised on Siemens 3 T Prisma and 1.5 T Aera scanners. The number of echoes was set 
to 12 with echo spacings of 1.46 ms (3 T) and 2.49 ms (1.5 T), resulting in longer echo trains compared to 
product sequences, enabling improved fitting of the slower T2* decay associated with lower iron. Acquired 
resolution was set to 3 mm (3 T) and 4 mm (1.5 T) in the slice direction to minimise through-plane 
susceptibility near the lungs, important if a tumour occurs there. Multiple slabs (3-4), each a breath-hold, 
were acquired for coverage of the whole liver, each slab contained 40 (3 T) or 30 (1.5 T) slices.  
To assess the sequences two groups of 15 healthy volunteers without HCC were scanned at 3 T and 1.5 T 
using the optimised sequences and a 2D GRE sequence called MOST. The sequences were repeated in the 
scan session. Healthy volunteers have low levels of iron, similar to those in HCC patients6.  
T2* maps were generated from the echo data using the MAGO technique7. Three 15 mm circular ROIs were 
placed on the MOST slice and a central slice of the 3D acquisitions. Semi-automatic segmentation was 
performed using a U-NET8 on the central slice and an upper slice of the liver (24 mm below the dome). 
Artifacts were included in the segmentation. The R2* (1/T2*) medians were calculated from the ROIs and 
segmentations, as well as interquartile range (IQR). To verify if the sequences could be used for quantifying 
low levels of iron, the ROI R2* values of the optimised sequences were compared with MOST, as this is a 
robust sequence against artifacts: it is a single slice acquisition of 3 mm slice thickness collected with 12 (3 
T) or 7 (1.5 T) repetitions of the echoes. Ideally the results from the 3D optimised sequences should be 
within 0.2 mg/g dw of MOST. Additionally, repetitions of the sequences were compared, results from the 
repetitions should be within 0.2 mg/g of each other.  To evaluate whether the sequences could be used to 
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detect spatial variation, homogeneity of R2* in the healthy volunteer data was assessed. A homogeneous 
liver R2* is expected in healthy volunteers, so any variation above 0.2 mg/g is likely due to artifacts 
rendering the sequence unsuitable for tumour detection within the whole liver. Central and upper 
segmentation medians were compared to assess for heterogeneity above 0.2 mg/g between slices. The R2* 
IQR of pixels within the segmentation was used to assess for in-plane heterogeneity.  
Statistical analysis included Bland Altman plots and calculating Spearman’s rho and intraclass correlation 
coefficient (ICC) to assess correlation and agreement between acquisitions and slices. Box plots were used 
to compare IQR. The 0.2 mg/g threshold, using Hankins’ iron conversion equation2, at 1.5 T  corresponds to 
7.14 s-1, at 3 T, using Hankins’ and Alam’s equations 2,9 corresponds to 14.7 s-1.   
 
Results 
Plots comparing MOST with the 3D central slice are shown in Figure 1. Figure 2 shows the plots for the 
repeatability. Figure 3 compares R2* between slices. Spearman’s rho and ICC were 0.90 or more for all 
comparisons. Box plots showing the IQR results are shown in Figure 4. The cases which showed the 
greatest difference compared with MOST, had the largest difference between upper and lower slices and 
the largest IQR were generally participants with elevated iron. 
  
Discussion 
The strong correlation and agreement, and small bias (less than 0.2 mg/g dw iron thresholds) between the 
optimised 3D sequence and the 2D “ground truth” sequence and between repetitions indicate that the 3D 
sequences can provide accurate measurements of low iron. Additionally, the strong correlation and 
agreement and small bias (less than 0.2 mg/g dw iron thresholds) between the central and upper slices, 
and the IQR R2* median being below the threshold indicate that the sequence can be used for whole liver 
quantification (important when HCCs can occur anywhere in the liver). Given that the results were worse 
for those cases with high iron, optimisation of a separate sequence for patients with iron of 2-3 mg/g dw 
may be required.  
 
Conclusions 
The optimised 3D sequences largely meet the requirements for assessing iron sparing in HCC, including 
providing accurate and repeatable measurements of R2* at low levels of iron with good quality throughout 
the liver. However further work may be required to develop a sequence for HCC patients with elevated 
iron levels. 
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Fig. 1. Scatter plot (i) and Bland Altman plot (ii), comparing the median R2* from the ROIs for optimised 3D 
sequences with the median R2* from the ROIs for 2D MOST at 3 T (A) and 1.5 T (B). The dashed line on the 
scatter plots is the identity line. For (A)(i) Spearman’s rho was 0.96 (p<0.001) and ICC was 0.99 (p<0.001). 
For (B)(i) Spearman’s rho was 0.90 (p<0.001) and ICC was 0.99 (p<0.001).  
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Fig. 2. Scatter plot (i) and Bland Altman plot (ii), comparing the median R2* from the segmentations for the 
initial and repeat acquisitions of the optimised 3D sequences at 3 T (A) and 1.5 T (B). The dashed line on 
the scatter plots is the identity line. For (A)(i) Spearman’s rho was 0.99 (p<0.001) and ICC was 1.00 
(p<0.001). For (B)(i) Spearman’s rho was 0.99 (p<0.001) and ICC was 1.00 (p<0.001).  
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Fig. 3. Scatter plot (i) and Bland Altman plot (ii), comparing the median R2* from the segmentations for the 
central and upper slices of the optimised 3D sequences at 3 T (A) and 1.5 T (B). The dashed line on the 
scatter plots is the identity line. For (A)(i) Spearman’s rho was 0.95 (p<0.001) and ICC was 0.99 (p<0.001). 
For (B)(i) Spearman’s rho was 0.97 (p<0.001) and ICC was 1.00 (p<0.001).  
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Fig. 4. Box plots comparing the interquartile ranges of R2* for central and upper slices of the optimised 3D 
sequences at 3 T (A) and 1.5 T (B). The median IQRs for 3 T central and upper slices were 9.36 s-1 and 12.05 
s-1 respectively, the median IQRs for 1.5 T central and upper slices were 5.76 s-1 and 6.59 s-1 respectively.  
Page Break  
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Poster 2: Tamadur Alsulami, University College London  
The Value of Arterial Spin Labelling Perfusion MRI in Glioma Post-therapy 
Assessment: A Systematic Review and Meta-analysis  

 

Synopsis 
The distinction between glioma’s progression and remission is crucial for clinical management. A systematic search 
using Medline, Embase and Web of Science databases, and meta-analysis were performed to evaluate the efficacy of 
ASL biomarkers for the discrimination between progression and therapy-induced changes. The rCBF yielded SMD of 
1.25 (p<0.00001). The SMD of rCBFmax and CBFmax were1.35 (p<0.00001) and1.56 (p<0.0001), respectively. Pooled 
sensitivities were 0.85, 0.88 and 0.93; pooled specificities were 0.83, 0.83 and 0.84; pooled area under HSROC curve 
were 0.90, 0.92,0.93 for rCBF, rCBFmax and CBFmax, respectively. Therefore, these biomarkers have the potential to 
distinguish between the two entities. 
 

Summary 
This work revealed that there is a significant difference in perfusion measurements between groups of progression 
and therapy-induced changes. The maximum perfusion indices showed comparable discriminatory ability and 
diagnostic accuracy. 
 

Introduction 
Brain tumors global incidence has increased over the past 20 years by more than 40% [1]. The most prevalent primary 
intra-axial brain tumor is glioma (>80%), with glioblastoma being the most frequent subgroup (45%) and associated 
with limited survival [2]. Currently, magnetic resonance imaging (MRI) is the method of choice for glioma post- 
treatment management, which allows the identification of blood–brain barrier (BBB) disruption in the form of 
contrast enhancement, through the administration of gadolinium-based contrast agent. However, both 
progressive disease (PD) and treatment- related effects, may cause BBB impairment [3, 4], resulting in similar 
manifestations on structural imaging, which in turn adds further complexity to treatment response assessment [5,6]. 
Arterial spin labelling (ASL) is a perfusion MRI-based technique that uses the blood water as an endogenous freely 
diffusible tracer, unlike other perfusion MRI approaches, such as the dynamic susceptibility contrast MRI (DSC-
MRI), and dynamic contrast enhanced MRI (DCE-MRI,) where the injection of an exogenous contrast agent is 
required. Since the blood water is a freely diffusible tracer, ASL-derived quantitative biomarkers are insensitive to 
BBB disruption. Hence, this study aims to quantitatively assess the efficacy of ASL biomarkers, including the relative 
cerebral blood flow (rCBF) and absolute cerebral blood flow (CBF), for the discrimination of PD and treatment-
related effects in cerebral glioma.
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Methodology 
The literature has been searched systematically regarding the evaluation of ASL as a diagnostic tool for the progression 
of treated glioma, using Medline, Embase and Web of Science databases, up to the 6th of January 2022. This systematic 
review and meta-analysis follow the widely accepted Preferred Reporting Items for Systematic Review and Meta- 
analysis (PRISMA) guidelines [7]. The quality of included records was evaluated with the use of Quality Assessment of 
Diagnostic Accuracy Studies-2 (QUADAS-2) tool [8] in terms of risk of bias and applicability concerns. Data has been 
extracted whether directly or indirectly, and heterogeneity analysis was conducted to assess its extent by using the 
chi-squared test along with the inconsistency index (I2). A meta-analysis using the random-effect model was 
subsequently carried out. To pool an effect estimate across studies, the standardized mean difference (SMD) of blood 
flow measurements has been estimated. Furthermore, Diagnostic test accuracy (DTA) assessment was also performed 
along with the hierarchical summary receiver operating characteristic (HSROC) curve. In regard to publication bias, a 
visual assessment of the scatterplot of study-specific estimates versus precision (I.e. standard error (SE)) was also 
performed, besides the use of eager test. 

Results 
Eight articles comprising a total sample size of 267 patients with suspected PD post-therapy, met inclusion criteria, 
and therefore were included in the synthesis. This work revealed that there is a significant difference in perfusion 
measurements between groups with PD and therapy induced changes. The rCBF yielded a standardized mean 
difference (SMD) of 1.25 [95% CI 0.75, 1.75] (p<0.00001). The maximum perfusion indices, including rCBFmax and 
CBFmax, both showed equivalent discriminatory ability, with SMD of 1.35 [95% CI 0.78, 1.91] (p<0.00001) and 1.56 
[95% CI 0.79, 2.33] (p<0.0001), respectively. Similarly, DTA estimates were comparable among ASL–derived metrices. 
The pooled sensitivities [95% CI] were 0.85 [0.67, 0.94], 0.88 [0.71, 0.96] and 0.93 [0.73, 0.98]; the pooled specificities 
[95% CI] were 0.83 [0.71, 0.91], 0.83 [0.67, 0.92] and 0.84 [0.67, 0.93], for rCBF, rCBFmax and CBFmax, respectively. 
Corresponding values for the HSROC area under curve (AUC) [95% CI] were 0.90 [0.87, 0.92], 0.92 [0.89, 0.94] and 
0.93 [0.90, 0.95]. Publication bias was insignificant (p=0.38 for rCBF, p=0.45 for rCBFmax and for CBF, p=0.65). 
 

Discussion 
This quantitative synthesis indicates that blood flow measurements were significantly higher in PD compared to the 
remission group of patients. This could underpin different physiological processes, separating the two entities. While 
progression is associated with neo-angiogenesis and therefore higher hemodynamic parameters, reduced perfusion 
as a result of therapy-induced vascular endothelial damage and coagulative necrosis is associated with therapy-related 
effects [9,10]. The effect size of rCBFmax was slightly larger than that of rCBF (SMD of 1.35 compared to 1.25). This is 
anticipated as high-grade glioma tends to be heterogenous, and the most anaplastic part would be more represented 
by measure’s maximum. This has also been emphasized by the pooled sensitivity, specificity, AUC values. Likewise, 
CBFmax has shown comparable discriminatory ability and diagnostic accuracy. Regardless of the larger SMD and the 
higher sensitivity, specificity, AUC values obtained with the use of the absolute measure compared to its counterpart 
(I.e. rCBFmax), the larger prediction region of the former causes verification at larger scales necessary.
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Conclusion 
These results suggest that ASL quantitative biomarkers, particularly the rCBFmax and CBFmax, have the potential to 
discriminate between glioma progression and remission after treatment 
 

Figures 
 
 

 
 
 

Figure 1: Forest plot graph representing the standardized mean difference in rCBF max between progression and 
remission groups of treated glioma patients. PD: progressive disease; SD: standard deviation; CI: Confidence 
interval.
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Figure 2: Forest plot graph representing the standardized mean difference in CBF max between progression and 
remission groups of treated glioma patients. PD: progressive disease; SD: standard deviation; CI: Confidence 
interval. 

 
Figure 3: HSROC curve of rCBF max in the assessment of glioma post-treatment progression in adults. AUC [95% CI] 
is 0.92 [0.89, 0.94]. 
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Poster 3: M. Sulaiman Sarwar, University of Edinburgh  
3D-printable phantoms for quantitative dynamic contrast-enhanced MRI  

 
Synopsis 
There are no robust, controllable dynamic contrast-enhanced (DCE-) MRI phantoms available for validating 
novel techniques, quality assurance, and multi-site harmonisation. We developed 3D-printable phantoms 
with two tuneable compartments (vascular and extravascular) and assessed their potential to interrogate 
common modelling approaches. Model parameters such as vascular leakage, plasma volume fraction, and 
extravascular extracellular volume fraction were mimicked by tailoring the macro- and microstructure of the 
3D-printed material. The phantom was integrated within a flow circuit to facilitate a realistic arterial input 
function.  
 
Summary 
Proof-of-concept 3D-printable phantoms were developed for dynamic contrast-enhanced (DCE-) MRI. 
Controllable phantom properties such as porosity and channel size were modified to reflect DCE-MRI model 
parameters such as vascular leakage and blood plasma volume fraction.  
 
Abstract  
 
Introduction  
Dynamic contrast-enhanced (DCE-) MRI is widely used to assess perfusion, permeability, and other tissue 
properties. Commonly used tracer kinetic models describe passage of intravenously injected contrast agent 
through tissue.1 The model parameters reflect physiological properties useful for evaluating disease 
pathophysiology, progression and treatment. For example, blood-brain barrier (BBB) integrity may be 
evaluated with the permeability-surface area product PS, which characterises leakage of contrast agent from 
blood capillaries to extravascular extracellular space (EES).2 However, differences in scanner hardware, 
acquisition and analysis protocols can introduce measurement uncertainties, causing significant variation in 
fitted DCE-MRI model parameters. For example, reported brain tissue PS values in patients with dementia 
and cerebral small vessel disease by different groups have varied by orders of magnitude.3  
Adapted DCE-MRI phantoms are needed for validating novel techniques, quality assurance and multi-site 
harmonisation.4 However, challenges in precision engineering compromise the ability of existing phantoms 
to recapitulate DCE-MRI measurements; specifically they do not allow manipulation of key relevant tissue 
properties like the permeability-surface area product (PS), plasma volume fraction (vp) and EES volume 
fraction (ve).   
The aim of this study was to evaluate whether recent 3D-printing developments enable fabrication of 
phantoms mimicking DCE-MRI measurements (Figure 1A). We propose a novel phantom design consisting of 
a porous 3D-printed (3DP) material containing channels to represent blood vessels, which is integrated into 
a flow circuit to generate a clinically relevant arterial input function (AIF). Our main hypothesis was that the 
DCE-MRI signal of the phantoms can be modelled using a two-compartment pharmacokinetic model. 
Furthermore, we hypothesised that increasing the volume fraction of pore forming agents in the 3D-printing 
formulation (vpore), while keeping the printed channel volume (vchan) constant, would increase ve and PS as 
measured by DCE-MRI.  
 
Methods  
Phantom production:Phantoms (Figure 1B) were fabricated using digital light processing printing.5 vpore is the 
volume fraction of pore forming agents (cyclohexanol and dodecanol) in the printing material formulation. 
vchan represents the channel volume fraction and is defined by the 3DP computer-aided design model. 
Increasing porogen concentration increases intraparticle porosity (proxy for ve).6 Three phantoms were 
fabricated with vchan fixed at 0.11 (corresponding to channels with 0.75 mm diameter) and vpore varied 
between 0.55, 0.65 and 0.74.  
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Clinically-relevant vascular input: A flow circuit was used to facilitate contrast agent injection. Water was 
pumped (17 mL/min) to the phantom. 3 mL of gadobutrol (69 mM) was injected into a mixer (containing 21 
mL of water) upstream of the phantom and followed by dilution with 140 mL of water. This protocol was 
optimised via simulation to reproduce the population averaged AIF model by Georgiou, et al.7  
 
Acquisition and image processing protocols: Phantoms were scanned using an established clinical DCE-MRI 
protocol.8 This consisted of a 3D T1W spoiled gradient echo sequence using a 3T Siemens Skyra scanner and 
32-channel phased-array head coil, TR/TE = 3.4 ms/1.7 ms, FA = 15°, 2 x 2 x 4 mm resolution (interpolated to 
1 x 1 x 2 mm), 32 volumes acquired every 31.7 s over 28 minutes. Mean signal intensities of AIF (Figure 2A) 
and phantom (Figure 2B) regions of interest were converted into concentration and fitted with the Patlak and 
extended Tofts-Kety models as described previously.8 The first post-contrast data point was omitted in the 
fitting to attenuate the effect of blood flow rate.9  
 
Results 
Figure 3A-C compares the measured AIF for each phantom with a clinical AIF model. The area under curve for 
all phantom AIFs were within 6 % of the model one.  
Figure 4A-C shows Patlak and extended Tofts models fitted to all phantoms. The extended Tofts model fit 
phantom data with a mean absolute percentage deviation (MAPD) below 3.4 %. The Patlak model fit was 
poor (MAPD above 10.0 %).  
Figure 5A-C shows extended Tofts model parameters for each phantom. Phantoms with vpore equal to 0.55, 
0.65 and 0.74 had fitted vp of 0.16, 0.13 and 0.15, ve of 0.58, 0.69 and 0.78, and PS of 0.024, 0.027 and 0.033 
min-1, respectively.  
 
Discussion 
The optimised flow circuit generates AIFs closely matching a clinical population-averaged AIF. The extended 
Tofts model provided the best fit for all phantoms, confirming our hypothesis that phantom DCE-MRI signals 
can be modelled using a two-compartment pharmacokinetic model.  As hypothesised, an increase in 
phantom vpore led to an increase in fitted PS and ve, reflecting faster transport between the channels and 
pores, and an increase in porosity respectively. vp varied by 21 % between phantoms; to understand this 
difference in the context of PS and ve, future work will involve experimenting with different vchan values and 
precisely measuring vchan to account for variation in channel size. More generally, in the future we aim to 
evaluate phantom repeatability and reusability, and quantitatively relate DCE-MRI model parameters to 
phantom metrics.  
 
Conclusion 
By combining tuneable 3DP phantoms with a flow circuit, we were able to mimic DCE-MRI experiments and 
manipulate fitted model parameters in a controllable fashion. Further research is required to relate 
phantom manufacturing parameters to the dynamic MRI signal. These initial results suggest that 3DP 
phantoms have potential to address limitations of previous phantom designs and facilitate technical 
validation, quality assurance and multi-site harmonisation of DCE-MRI.  
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Figures  

  
Figure 1. (A) Nested models used in DCE MRI.1 Models related by series of assumptions. Model parameters: 
plasma volume fraction vp, EES volume fraction ve, and permeability-surface area product PS. (B) Phantom 
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design. Left: Cross-sectional view of model and 3D printed phantom. Right: Lengthwise view of model and 3D 
printed phantom. (C) T2w cross-sectional images of phantoms used in this work.  
  

  
Figure 2. Representative illustration of regions of interest (ROI) used to measure mean AIF (purple) and 
phantom (orange) signals. Left: High-resolution T2w imaging showing phantom (vpore = 0.65) cross-section, in 
which the vessel-mimicking channels are visible. Middle: Post-contrast T1w cross-section, in which the 
phantom has a homogeneous appearance. Right: Post-contrast T1w lengthwise. (A) Mean DCE-MRI signal in 
AIF ROI. (B) Mean DCE-MRI signal in phantom ROI. Error bars show inter-voxel variation as ± 1 SD.  

  
Figure 3. Comparison of clinical AIF model to measured phantom AIFs for (A) vpore = 0.55, (B) vpore = 0.65, and 
(C) vpore = 0.74.7 Area under each curve denoted in legend.  

  
Figure 4. Comparison of models fitted to concentration curves for phantoms with (A) vpore = 0.55, (B) vpore = 
0.65, and (C) vpore = 0.74. Mean absolute percentage deviation between experimental and fitted data denoted 
in legend.  Fitted parameters for extended Tofts modelling summarised in Figure 5.  
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Figure 5. (A-C) Model parameters obtained by fitting the extended Tofts model to concentration curves shown 
in Figure 4.  
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Poster 4: Meshal Alzahrani, University of Leeds  
Stability of an anthropomorphic multimodality (CT/MRI) head and neck phantom 
for radiotherapy QA  

 
  
Synopsis 
Interest in magnetic resonance imaging (MRI) in radiotherapy (RT) is growing. Multimodal anthropomorphic 
phantoms offer a tool with a known ground truth for quality assurance (QA) of MRI for RT. An 
anthropomorphic head and neck multimodality phantom has previously been developed. An outer shell and 
internal bone structure were 3D printed using segmented computed tomography (CT) data. Polyvinyl 
alcohol cryogel was chosen as a brain surrogate material. The brain imaging properties in the phantom have 
been measured over time to assess its stability. The CT number was stable, while a notable change in T1/T2 
relaxation times occurred over two years.  
  
Summary 
An anthropomorphic head and neck multimodality has been developed. The brain was made of Polyvinyl 
alcohol cryogel. The CT number of the brain has been stable, while a notable change in the MRI relaxation 
times has been observed over time.  
 
Introduction 
Recently, interest in magnetic resonance imaging (MRI) in radiotherapy (RT) has increased 1. This is due to 
many attractive features such as its superior soft-tissue contrast compared to computed tomography (CT) 
images, which is especially useful in the case of tumors, as they can be more precisely defined 2.  
Anthropomorphic phantoms offer a tool with known ground truth for developing and validating novel 
acquisition techniques 3. They are used for end-to-end testing in RT 4. Anthropomorphic phantoms are 
important because they are close to the human shape and contain materials that mimic the tissues of the 
human. This allows quality assurance (QA) tests to be carried out in patient-like setups and treatment 
scenarios5 which may give more confidence in the results.   
The stability of the imaging properties of the phantom is important to ensure the continuity of obtaining 
human-like images, and the importance of stability increases if the phantom is used to measure quantitative 
information such as the signal-to-noise ratio.  
An anthropomorphic head and neck multimodality phantom has been previously developed 6. In this project, 
the stability of the imaging properties of the brain in this phantom was evaluated by using T1 and T2 mapping 
and CT number measurements.  
 
Methods 
A prototype anthropomorphic head and neck phantom was used (Figures 1 and 2). In this phantom, an outer 
shell and internal bone structure were 3D printed using segmented CT data. Polyvinyl alcohol cryogel (PVA-
c) solution was used as a substitute for the brain. The remainder of the phantom was filled with deionized 
water. A superior region has been designed that can accommodate a dosimeter.  
  
  
To study the stability over time of the imaging properties of the material from which the brain was made, a 
number of MRI and CT scans were performed. Philips Brilliance Big Bore CT (Philips Medical Systems, The 
Netherlands) was used to obtain CT images. MRI relaxation times were measured by T1 and T2 mapping 
sequences with a 3 Tesla (T) Siemens Prisma MRI scanner (Siemens Healthineers, Erlangen, Germany) using 
a 20-channel head and neck coil. An inversion recovery (IR) sequence and Spin-Echo-Multi-Contrast (SE_MC) 
sequence were used to create T1 and T2 maps, respectively. Using the 3D Slicer software, all sets of MRI maps 
and CT images acquired at different times were registered together. A region of interest (ROI) with a 
consistent size was created in the brain region to calculate the mean and standard deviation of CT number 
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and T1 and T2 relaxation times of the brain. Simple linear regression was used to test for a relationship 
between radiological properties (T1/T2 relaxation time and CT number) and time. 
Results 
Figure 3 shows the mean of the CT number and the standard deviation of the brain over time. The changes 
were all within ±1 standard deviation. The mean of all the means was 25.4 HU and standard deviation of all 
means was 1.03 HU. In all the data obtained, the mean CT number was in the range of the CT number of the 
white matter of the human brain (between 20 to 30 HU). No statistically significant correlation was found 
between CT number and time (P value = 0.0671, R2 = 0.3592).   
Figure 4 and Figure 5 show the mean and standard deviation of T1 relaxation time and T2 relaxation time of 
the ROIs drawn in the brain over time, respectively. There appears to be a significant change in T1 and T2 
relaxation times between January 2019 and December 2021. A simple linear regression shows a negative 
correlation between T1 and T2 relaxation times and time. For T1 relaxation time (P value = 0.0225, R2 = 
0.4566). For T2 relaxation time (P value = 0.0142, R2 = 0.5052). All MRI relaxation times were within the range 
of MRI relaxation times of grey matter except for the T2 relaxation time measured in January 2019.  
  
Discussion 
This anthropomorphic phantom is expected to be particularly useful in end-to-end testing and image 
recording quality assurance recommended by international guidelines1, 7-8. Except for the first measurement 
of the T2 relaxation time, the brain CT number, T1 and T2 relaxation times appear to be appropriate for 
simulating the human brain. The results showed that the MRI imaging properties of this PVA-c are not stable 
over time, despite the PVA-c being poured into a sealed container and preservative used while making the 
brain. Therefore, it is not certain that evaporation or bacterial growth may be one of the reasons. The 
performance of the MRI scanner in measuring relaxation times was not monitored during the period of 
acquisition of the results. Therefore, this work is being repeated on a single MRI scanner with QA to ensure 
the consistency. An ongoing project is looking at the utility of this phantom in QA for MRI in RT, as well as 
evaluating further potential tissue-equivalent materials for their stability with time and dose.  
  
Conclusions 
The CT number of PVA-c has been stable over time while it appears that the MRI imaging properties are not. 
The stability of the PVA-c may be a problem, further work is being performed to study this PVA-c and other 
materials more thoroughly.  
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Figures  

  
Figure 1 Photograph of the anthropomorphic phantom  
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Figure 2 CT and MRI images of the phantom: A) Sagittal CT and B) Sagittal T2-FLAIR (fluid-attenuated 

inversion recovery). At the top of the head, a space was designed to allow the placement of a dosimeter.  
  

  
Figure 3 The mean CT number (circles) and standard deviation (error bars) of the ROI in the brain of the 

phantom over time.  
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Figure 4 The mean T1 relaxation time and standard deviation of the ROI in the brain of the phantom over 

time.  

  
Figure 5 The mean T2 relaxation time and standard deviation of the ROI in the brain of the phantom over 

time.  
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Poster 5: Manal Aljuh, King’s College London  
The effects of Inflammation and/or Iron on Brain R1- and R2-Relaxometry in 
Wildtype and Alzheimer's Mice 

 
Synopsis 
Neuroinflammation and iron dyshomeostasis are characteristic features of Alzheimer’s 

Disease (AD). R1- and R2-relaxometry are sensitive to neuroinflammation and iron content. 

We showed differential effects of lipopolysaccharide (LPS)-induced inflammation and/or iron 

in the hippocampus and cortex of wildtype and 5xFAD (AD) mice in both the short- and long-

term, and hitherto unreported, apparent antagonistic interactions between LPS and 

subsequent iron treatment. Furthermore, we demonstrate in vivo brain R1 was associated 

with ramified microglial morphology and R2 with hippocampal plaque content. Thus, in vivo 

MRI is a useful tool to monitor brain pathology.   

 

Summary  
LPS or iron have differential effects on relaxometry, that correlated to ramified microglia and 

plaque deposition, and genotype dependent. Uniquely, we demonstrate the individual effects 

of iron and inflammation appear antagonistic when given combined.  

 

Introduction 
Both neuroinflammation and iron dyshomeostasis feature in, and contribute to, Alzheimer’s 

disease (AD), [1] and shown to interact synergistically [2]. T1 has been shown to increase 

in inflammation [3, 4]. Whereas iron being paramagnetic, shorten T2 but also T1 to some 

extent [5]. We investigated the effects of systemic iron and/or inflammation (induced by 

lipopolysaccharide, LPS), and possible synergies in 5xFAD (AD mice exhibiting amyloidosis) 

mice and their littermates, using T1- and T2-relaxometry and corroborative 

immunohistochemistry (IHC). 

 

 

Methods 
The experimental protocol is shown in Fig. 1. Briefly, 5xFAD and wildtype mice were given 

iron or saline, with or without LPS pre-treatment. In vivo brain MRI was performed (see 

below) before, one day and 2 months after the final dose. After the final scan, brains were 

harvested and fixed for IHC. A separate cohort provided brains one day after the final dose 
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for IHC. Brain sections underwent Iba-1 IHC to assess microglial morphology, and Congo-

red staining for beta-amyloid plaques.  

Brain MRI: T1 was measured using fast spin echo: TE, 11 ms; TR, 520 – 4000 ms; echo 

spacing, 5.5 ms; and RARE factor, 4. Also T2 was measured using a multi-echo spin-echo 

sequence: TR, 2300 ms and TE, 8 - 64 ms. For both measurements: FOV, 18 x 15 mm; 

matrix size, 180 x 150; 1 scan; and 16 coronal, 0.7 mm thick slices with slice gap, 0.3 mm. 

R1 and R2 were calculated from the corresponding T1 and T2. 
Statistical analysis: Effects of treatments and genotype-interaction was assessed using 

two-way ANOVA and associations, using Pearson’s correlation analysis. Significance was 

set at p < 0.05. 

 

Results & Discussion  
Short-term effects 
LPS + iron increased brain R1 in wildtype mice (Figs. 2A and Fig. 2B). Hippocampal R1 also 

increased with LPS only (Fig. 2A). These R1-elevations may result from microglial iron 

accumulation due to microglial activation during inflammation [2, 6], but may also arise from 

cellular changes in inflammation. Usually, R1 decreases in inflammation from oedema 

(increased extracellular water) [4], but our LPS dose was low [7] and led to a hyper-ramified 

microglial phenotype (Figs. 3A and B), characterised by longer and more processes 

(endpoints). While endpoints were similar between groups (Fig. 2C), LPS, with or without 

subsequent iron treatment, induced hyper-ramified microglia – more endpoints (Fig. 2C). R1 

was positively associated with both microglial process lengths (Fig. 4A) and endpoints (Fig. 

4B), suggesting R1 increases is associated with longer, and greater numbers of, processes 

of ramified microglia.  

Contrary to wildtype mice, brain R1 was similar in 5xFAD, irrespective of treatment (Fig. 2A). 

Microglial process lengths and endpoints were also similar, although process lengths were 

longer with iron than LPS treatment (Fig. 2B). R1 did not correlate with process lengths or 

endpoints (data not shown) of amoeboid microglia, with process lengths and endpoints lower 

in 5xFAD compared to wildtype mice (Fig. 3A and C) 

Plaque induced brain R2 increase has been shown in amyloidosis mice [8]. Plaques were 

only detected in 5xFAD mice. R2 correlated with plaque content in the hippocampus (Fig. 

4C) but not in the cortex (Fig. 4D), possibly due to field inhomogeneities.  
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Brain R2 was similar in both wildtype and 5xFAD mice, irrespective of treatment (data not 

shown). However, iron or LPS increased brain plaque deposition (Fig. 2D), as reported 

previously [9-11]. Conversely, LPS + iron reduced plaque deposition suggesting antagonistic 

LPS-iron interactions in amyloidosis.  

 

Long-term effects 
Again, brain R1 correlated with microglial branch lengths and endpoints in wildtype mice 

(Figs. 4E and 4F), displaying ramified microglia (Fig. 3), and explains the similar R1, process 

lengths and endpoints between most groups (Fig. 5A). However, LPS + iron decreased 

cortical R1 but increased microglial branch lengths (Figs. 5B and C), possibly as oedema 

has become a significant contributor in the older mice.  

Brain R1 did not correlate with microglial morphology in 6-month old 5XFAD mice, consistent 

with R1 being associated with ramified microglia. Cortical R1 was lower following LPS only 

compared to iron only treatment, possibly arising from oedema with LPS treatment.  

Brain R2 were unaffected by treatments in wildtype and 5xFAD mice, although LPS 

increased hippocampal and cortical R2 in 5xFAD mice (Fig. 5B). As before, R2 was 

positively associated with hippocampal but not cortical plaque number (Figs. 4G and H) and 

explains the increase in hippocampal R2 and plaque deposition observed with LPS 

treatment. An increase in cortical R2 was also observed with LPS, but without a 

corresponding increase in plaque number, consistent with the lack of correlation. 

 

Conclusions 

LPS and/or iron treatment modulated R1 and R2, microglial morphology and plaque 

deposition differently in wildtype and 5xFAD mice. R1 correlated with ramified but not 

amoeboid microglial morphology. Furthermore, R2 correlated with plaque content, 

consistent with previous reports. LPS or iron modulated relaxometry, microglia and plaque 

deposition measurements differently, but when combined, their effects were not 

additive/synergistic. 
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Fig. 2 - The short-term effects of iron and/or inflammation on hippocampal and cortical R1 
(A), microglial process lengths (B) and endpoints (C), plaque counts (only in 5XFAD, D). 
Significance was at p <0.05. 
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Fig. 3 - Iba-1 immunohistochemistry showing differences in microglial morphology in 
wildtype mice treated with saline or LPS, and in 5xFAD mice treated with saline or LPS. 
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Fig.4 - Pearson correlations: brain (hippocampal and cortical) R1 correlation with Iba-1 
branch length (a) or endpoints (b), R2 correlation with plaque counts in the hippocampus (c) 
and cortex (d), a day after the final LPS and/or iron dose; brain (hippocampal and cortical) 
R1 correlation with Iba-1 branch length (e) and endpoints (f), R2 correlation with plaques 
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counts in the hippocampus (g) and cortex (h), two months after the final LPS and/or iron 
dose. Significance was at p <0.05. 
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Fig. 5 - The long-term effects of iron and/or inflammation on hippocampal and cortical R1 
(A), R2 (B), microglial process lengths (C) and (D) endpoints, and plaque counts (only in 
5xFAD, E). Significance was set at p <0.05. 
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Poster 6: Alba Sáenz de Villaverde Cortabarría, University of Edinburgh  
Investigating the association of Sinus Inflammation and Neuroimaging brain health 
markers in Sporadic Small Vessel Disease  

 
 
Synopsis 
The putative association between visual rating scores of paranasal sinus occlusion and small vessel disease 
neuroimaging markers were analysed in this pilot study, focused on a sample of patients with the sporadic 
form of the disease ; data provided by the Mild Stroke Study 3. The results of this study are inconclusive, yet 
hint on the possible involvement of enlarged peri-vascular space burden at the centrum semiovale in the 
clearance of by-products from the mucus accumulation or inflammatory processes in the paranasal sinuses, 
which may play a role in brain tissue loss in patients with sporadic small vessel disease.   
  
Introduction 
Although theorised, the relationship between paranasal sinus mucosal thickening and small vessel disease 
(SVD) remains unclear. We analyse the putative association between visual rating scores of paranasal sinus 
occlusion (PSO) and SVD neuroimaging markers in a patient sample with the sporadic disease form. 
   
Methods 
Clinical and imaging data were provided from the Mild Stroke Study 3 (IRAS ID 235737) 1-3 months after a 
mild stroke (baseline), and 6 and 12 months afterwards (6M and 12M). Lund-Mackay (LM) visual scores were 
used to assess PSO in 4 different sinuses: maxillary, ethmoid, sphenoid, and frontal. Intra-observer reliability 
calculations removed ethmoid sinuses from further analyses. Multivariate linear regression explored the 
associations between PSO and white matter damage, normal brain tissue volumes (BTV), white matter 
hyperintensities (WMH), and enlarged perivascular spaces (PVS) burden at the centrum semiovale (CSO) and 
basal ganglia (PVS). Associations accounted for age, sex, and vascular risk factors (VRF): diabetes, 
hypercholesterolaemia, hypertension and smoking status.   
 
Results 
From the first 100 patients enrolled in the MSS3 (female 33, mean age 67.42 (9.70) years), retention rate in 
the first year was ~90%. VRF did not experience relevant change.  Average BTV decreased (1054.6 to 1043.4 
ml), and PVS burden increased (3.6 to 3.8 % in CSO and 5.0 to 5.3 % in BG). Median (QR1 –QR3) LM scores 
were unchanged in the maxillary 2 (1 – 2) and sphenoids 0 (0 – 1), but slightly increased in the frontal sinuses 
(baseline: 0 (0 – 1.25), 6M: 0 (0 - 1.5), 12M: 0 (0 – 2)). LM scores were associated with BTV at 12M (B=-0.915, 
SE=0.353, p=0.0114), and had a borderline association with PVS-CSO at the three time points but were not 
associated with WMH or normal-appearing white matter.  
 
Conclusion 
Although the results of this study are inconclusive, this study hints on the possible involvement of PVS in the 
CSO in the clearance of by-products from the mucus accumulation or inflammatory processes in the paranasal 
sinuses. These by-products may have a role in brain tissue loss in patients with sporadic SVD.  
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Poster 8: Khaliesah Bolhassan, King’s College Hospital  
FMRI-based language mapping at 1.5 and 3T: the influence of methodological 
choices  

Synopsis 

This work aims to assess the influence of methodological aspects in fMRI language mapping at 1.5 and 3 
T. Healthy volunteers' probability maps were compared to a published reference using a Dice Index vs 
probability threshold plot. T-value normalisation to the peak within the classic language area as well as 
spatial normalisation using tissue segmentation produced activation maps with increased overlap with 
the reference. Preliminary data suggest higher activation sensitivity at 3 T. 

Summary 

BOLD fMRI is commonly used to depict language activation in the brain and can be used to optimise 
neurosurgical planning and minimise post-surgery functional deficit. However, the results depend upon 
factors such as field strength, language paradigms chosen, and processing techniques implemented by 
different centres. This work assesses the influence of some of these methodological choices. 

So far, five right-handed volunteers have been scanned at 3 T and fifteen from a previous study at 1.5 T 
were considered. Three language tasks were adopted (Verb Generation, Word Fluency, and Picture 
Naming) and for each task per-subjects t-maps were combined to form cohort activation probability maps. 
Different approaches for spatial and t-value normalization were considered, and overlap with a published 
reference map was quantified using Dice Index vs probability threshold plots. 

T-value normalisation to the peak within the classic language area as well as spatial normalisation using 
tissue segmentation increased overlap to the reference. Preliminary data suggest higher activation 
sensitivity at 3 T. 

 
Introduction 

Pre-surgical information on brain language function can optimise the neurosurgical planning process and 
minimise post-surgery functional deficit1. BOLD fMRI provides non-invasive language mapping, but results 
are influenced by methodological aspects including field strength, language paradigms used, and post- 
processing techniques implemented by different centres2. This study compares task-based language fMRI 
at 1.5 and 3 T and evaluates the influence of different spatial and t-value normalisation approaches. 

Methods 

This study considers right-handed healthy volunteer groups. Fifteen language fMRI datasets from a prior 
study at 1.5 T3 were included and, so far, five datasets have been acquired at 3 T. The MRI sequence 
protocol included a three-dimensional T1-weighted MPRAGE anatomical sequence (TE/TR=2.90/2200ms, 
voxel size=1x1x1mm3, flip angle of 8�, parallel imaging acceleration of 2) and BOLD contrast fMRI gradient 
echo EPI sequences (TE=40ms, TR=2000ms, voxel size=2.5x2.5x2.5mm3, a combination of parallel imaging 
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and simultaneous multi-slice acceleration). Three language tasks were adopted at both field strengths: 
Verb Generation (VG), Word Fluency (WF), and Picture Naming (PN). 

For each task, per-subject t-maps were produced using SPM124, normalized both spatially and according 
to t-value, and then thresholded to 60% of the normalization value before being combined into activation 
probability maps including all subjects. Two normalization t-values were considered: the peak within 1) 
the left (dominant side) classic language area (LA) including Broca and Wernicke or 2) the left LA plus 
supplementary motor area (SMA), as defined by published brain atlases5,6. Two different approaches to 
spatial normalization were adopted to warp the t-maps into the standard MNI152 space: FSL FLIRT plus 
FNIRT6 (based on image intensity) and the SPM12 registration based on tissue segmentation4. A published 
language activation probability map (806 subjects) was adopted as a reference7. The task-based 
probability maps were compared to the reference using the Dice Index8 (DI) to quantify overlap. As overlap 
varies with threshold, a DI vs threshold plot are here proposed as a metric to compare maps. 

The following groups were assessed: LA vs LA+SMA peak normalization at 1.5T; FSL vs SPM12 spatial 
normalization at 1.5 T; and 1.5 vs 3 T. 

Results 

Figure 1 shows the overlap between VG at 1.5T and the reference map, which includes full language 
activation of over 806 volunteers performing a total of ten language tasks.7 

Plots in Figure 2 illustrate the influence of t-value normalisation at 1.5 T. For all tasks, LA normalisation 
shows higher DI values across the entire probability thresholds range compared to LA+SMA, indicating 
greater overlap with the reference activation. Among the different tasks, VG showed greater overlap with 
the reference while PN the smallest. 

Figure 3 considers spatial normalization at 1.5 T. While VG and WF have similar DIs with both spatial 
normalization approaches, PN shows slightly lower DIs with FSL. 

Figure 4 compares the 1.5 T (15 subjects) and 3 T (5 subjects) cohorts. These preliminary results show 
increased DIs at 3 T for all tasks. 

Discussion 

At the institution where this project was undertaken, in the clinical routine t-maps are thresholded to 60% 
of the peak activation to depict relevant language activation. However, the choice of activation threshold 
is a longstanding issue in language fMRI11, and normalised t-maps are influenced by the location and scale 
of the normalization value. This work found that t-values in the SMA are often higher than in the dominant 
LA, and therefore restricting the location of the peak t-value to the LA maximised overlap with the 
reference (Figure 2), while removing noise and preserving relevant language activation. 

When choosing the normalization t-value, it is important to exclude locations with non-relevant higher 
activation (particularly the neighbouring visual activation in PN) and avoid large spatial deformations at 
the edges of the included LA. Here, the controlled spatial deformation provided by SPM12 was marginally 
beneficial (Figure 3). 

Our preliminary data indicate increased overlap with the reference at 3 T, suggesting that this field 
strength is more sensitive to language activation, as expected. However, the 3 T maps only include 5 
subjects and do not provide a fully accurate representation of the probability distribution. At both field 
strength, our results show that VG delivers more extensive language activation, as previously found11,12, 
but also that single tasks have limited overlap (DIs < 0.4) with full language activation (Figure 1). This 
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highlights that a comprehensive language mapping requires the inclusion and combination of multiple 
tasks exploring different language aspects. 

Conclusions 

This work uses a DI-based metric to quantify the effect of methodological choices on fMRI language 
mapping, and found that t-value normalisation to the classic LA as well as spatial normalisation using 
tissue segmentation increased overlap to the reference. Future work will acquire a matched size cohort 
at 3 T to verify these preliminary results, and will explore further metrics for the comparison. 
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Figures 
 
 

Fig. 1. Spatially normalised and thresholded probability map for Verb Generation at 1.5 T (green) overlaid 
with the reference map (orange) onto a standard MNI152 brain. Both maps are thresholded at 20% 
probability. 
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Fig. 2. Dice Index calculations for left language area (LA)-normalised and LA plus supplementary motor 
area (LA+SMA)-normalised datasets, over a range of thresholds. The data was spatially normalised with 
SPM12, and DIs were calculated within the left LA mask. The probability threshold starts at 0.2 (20%), as 
lower values were deemed unreliable for the small number of subjects in the local groups. 
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Fig. 3. Dice Index calculated for language task datasets spatially normalised with FSL and SPM12, over a 
range of thresholds. The per-subject t-maps were normalised to the peak t-value in left LA area for both 
registrations, and DIs were calculated within the left LA mask. 
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Fig. 4. Dice Index calculated for tasks from the fifteen 1.5 T volunteers and the five 3 T volunteers, over a 
range of thresholds. The per-subject t-maps were normalised to the peak t-value in left LA area and 
spatially normalised with SPM12. DIs were calculated within the left LA mask. 
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Motion Correction of Stress-Perfusion Cardiac MRI  
 
Synopsis 
Diffusion MR is sensitive to the microstructural features of a sample. Fine-scale characteristics can be probed by employing 
strong diffusion gradients while the small gradient regime is determined by the cumulants of the distribution of particle 
displacements. However, the cumulant expansion suffers from a finite convergence radius and cannot represent the 
‘localization regime’ that emerges at higher gradient strengths characterized by a stretched exponential dependence. Here, 
we propose a new representation for the diffusion MR signal. Our method provides not only a robust estimate of the first 
few cumulants but also a meaningful extrapolation of the signal decay.  
  
Summary 
We propose a new signal representation, which reproduces DKI at low b-values while capturing the localization regime at 
large b-values. Results on previous and new data convincingly demonstrate the utility of the representation.  
  
Introduction 
Diffusion magnetic resonance imaging (dMRI) is a non-invasive tool to measure the diffusion of water molecules in a sample 
[1-3]. Small pore sizes can be revealed using high b-values. Small b-values, on the other hand, provide the cumulant 
expansion of the dMRI signal to its first terms [3-5]. However, the cumulant expansion has a finite convergence radius, and 
a new regime called localization regime emerges at higher gradient strengths characterized by the expression − ln (E) ∝ 
(bD0)1/3 [6-14]. In this work, we provide an extension of cumulant expansion that can represent the diffusion-weighted signal 
in the localization regime as well.  
  
Methods 
Theory   
To represent the signal attenuation, we propose the following expression   
𝐸(𝑞)=𝑒𝑥𝑝(−(𝑞𝑟)23((𝑞𝑢)43𝑒−𝑞6𝑝6−(𝑞𝑣)103𝑒−𝑞6𝑝6+(𝑞𝑤)163𝑒−𝑞6𝑝6))Eq=exp(−qr23(qu43e−q6p6−qv103e−q6p6+qw163e−

q6p6)) 
 (1)  
  
where r, u, v, w, and p are the parameters of the representation. The asymptotic (large-q) behavior of this function is  
𝐸(𝑞)=𝑒𝑥𝑝((−(𝑞𝑟)23+𝑂(𝑞−43))((𝑞𝑢)43𝑒−𝑞6𝑝6−(𝑞𝑣)103𝑒−𝑞6𝑝6+(𝑞𝑤)163𝑒−𝑞6𝑝6))Eq=exp(−qr23+Oq−43qu43e−q6p6−qv103

e−q6p6+qw163e−q6p6) 
(2)  
  
At small q-values, the function is given by  
  
𝑙𝑛 𝐸(𝑞)= −𝑞2𝑟23𝑢43+  𝑞4𝑟23𝑣103−𝑞6𝑟23𝑤163+𝑂(𝑞8)ln Eq= −q2r23u43+  q4r23v103−q6r23w163+O(q8) 
(3)  
  
In the given signal representation, r determines the asymptotic behavior. For a given r, u determines the 2nd cumulant, v 
determines the 4th cumulant and w is related to higher order cumulants. In this study, the representation in Eq. 1 is fitted 
to dMRI signals for two scenarios, namely, to orientationally-averaged signal [15] and to single-direction acquisitions.   
  
Relationship between DKI and our proposed method   
The form of the signal for diffusion kurtosis imaging (DKI) is given by:   

ln𝐸(𝑞)= −𝑞2(Δ−𝛿3)𝐷+16𝑞4(Δ−𝛿3)2𝐷2𝐾 lnEq= −q2Δ−𝛿3D+16q4Δ−𝛿32D2K  
(4)  
  
where D is the apparent diffusion coefficient and K is the mean kurtosis. Comparing Eqs. 3 and 4, we have:   

𝐷=𝑟2/3𝑢4/3Δ−𝛿3D=r2/3u4/3Δ−𝛿3 
  
and  
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𝐾=6𝑟2/3𝑣10/3(Δ−𝛿3)2𝐷2K=6r2/3v10/3Δ−𝛿32D2 
  
  
  
  
Experimental data from the previous studies [9]  
  
We used the experimental data from Figs. 4, 6, 7, 10a, and 10b in [9] which were acquired from physical phantoms with 
three different geometries; parallel plates, cylindrical tubes, and cylindrical rods on a square grid.  
  
In vivo data  
 Two healthy participants were scanned using a 3T Connectom MR imaging system with a maximum gradient strength of 
300 mT/m (Siemens Healthineers, Erlangen, Germany). We used two acquisition protocols: 1) the first protocol comprised 
six b = 0 and 11 non-zero shells at (b = 0.4, 0.8, 1.2, 2, 3, 4, 6, 8, 10, 12, 15 ms/μm along (16, 16, 21, 31, 21, 21, 31, 31, 31, 
31, 46) gradient directions, respectively [15,16] and 2) the second protocol includes the data acquired in a single direction, 
(13‾√, 13‾√,13‾√)𝑇13, 13,13T, following the same b-value distribution as the former one. Contrary to the former protocol, 
in the latter case, we repeated the measurements with the same number of directions per b-value as in the first protocol. 
In total, 66 axial slices were acquired with 2 mm isotropic voxel size, matrix size of 106×106, TE/TR=55/4000 ms, ∆/δ = 
23/12ms and partial Fourier factor of 6/8. The diffusion-weighted images were corrected for Rician bias [17], Gibbs ringing 
artifacts [18], eddy currents and subject motion using FSL EDDY [19]. We normalized the orientationally-averaged signal 
based on the b = 0 signal in each voxel. In this work, we have also used the data points from Fig. 3 in [11].  
  
Results 
Fig. 1 shows the result of fitting the proposed representation to the experimental data from Fig. 4, 6, 7, 10 (a) and 10 (b) in 
Moutal et al.’s work [9]. The extrapolated signal follows the trend of localization regime (− ln (E) ∝ q2/3).   
The result of fitting the proposed representation to data from cortical gray matter voxels in [11] is illustrated in Fig. 2. As it 
is shown, the representation based on the cumulant expansion (diffusion kurtosis imaging, DKI [20]) diverges at moderate 
q-values, while our representation fixes this problem.   
Fig. 3 shows the estimated parameters (r, u, v, w) of the representation for both orientationally-averaged and single-
direction signals.   
We extracted the apparent diffusion coefficient and kurtosis using DKI and the low-q approximation of our proposed 
representation. A good agreement between the maps from DKI and our proposed method is observed as illustrated in Fig. 
4.  
  
Discussion and conclusion  
Our representation of the diffusion MR signal reproduces DKI at low gradient strengths while capturing the stretched 
exponential behavior consistent with the localization regime at large gradient strengths. We have thus achieved a 
meaningful extrapolation of the signal, overcoming a serious deficiency of DKI. Fitting a stretched exponential function to 
the entire diffusion-weighted signal profile is problematic as its low-q behavior suggests diverging moments for 
displacements [21]. Our representation has the stretched exponential tail, yet guarantees finite moments for the 
displacements. When one wants to take advantage of the localization regime, e.g., to estimate the soma size as in [11], it is 
difficult to decide what range of b-values are to be used to fit the asymptotic form. Having a good representation would 
obviate this challenge. In conclusion, we introduced a new diffusion MRI signal representation that could perform well in 
the entire range of gradient strengths, and thus overcomes the well-known challenges associated with the commonly 
employed representations.  
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Figures  
  

  
  
Fig. 1. The result of fitting the proposed representation to the experimental data from Fig. 4, 6, 7, 10 (a) and, 10 (b) in the 
work by Moutal et al. [9].  
  

  
  
Fig. 2. The result of fitting the proposed representation to the data from cortical gray matter voxels in the work by Lee et al. 
[11] (The results of Kurtosis expansion for Subject 1 and 2,  

Δ/𝛿=22/11Δ/𝛿=22/11 
are the same).  
  

  
Fig. 3. Estimated parameters (r, u, v, w, and p) of the representation for the orientationally-averaged (first row) as well as 
the single-direction signal (second row).  
  
  

  
Fig. 4. Estimated apparent diffusion coefficient and kurtosis using DKI (first row) and our proposed representation (second 
row), the difference between the estimated D and K using DKI and our proposed method (third row) and the scatter plot of 
the proposed method versus DKI for D and K (fourth row) for both orientationally-averaged and single-direction scenarios.  
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Determination of Optic Nerve Motion Amplitude using MRI for Calculating Optic Nerve Planning 
Risk Volume Margins for Stereotactic Radiosurgery  

 
Synopsis 
High energy photon beams are delivered in stereotactic radiosurgery (SRS) to treat intracranial lesions. Optic nerve motion 
may result in movement into regions of high dose when treating lesions near the optic nerves, potentially putting the optic 
nerves at risk of radiation induced complications. Healthy volunteers were imaged using a 3T MRI scanner looking left, 
right, up, down and straight ahead in each scan to measure optic nerve motion. This data and systematic errors in the SRS 
delivery system were used to calculate safety margins called planning risk volumes (PRVs) to be used around optic nerves 
in SRS treatment planning.   
 
Summary 
Average optic nerve motion amplitude was found to be 5.7 ± 0.9 mm (left-right) and 3.9 ± 0.7 mm (up-down). It was also 
found optic nerves may move by up to 0.8 ± 0.8 mm when asked to look back at the same point. The PRV margins 
calculated showed a potentially significant dose difference due to motion.   
 
Introduction 
Stereotactic Radiosurgery (SRS) is a type of radiotherapy used to treat small tumours in close proximity to radiation-
sensitive organs such as the optic nerves, during which high energy photon beams are delivered with high precision over a 
small number of treatment fractions. Due to this close proximity, dose gradients between the treatment volume and 
adjacent organs at risk (OARs) are very steep (several Gy per mm). As each fraction can take up to 60 minutes to deliver, 
there is a risk that more mobile OARs such as optic nerves could move into a high dose region during irradiation. Exceeding 
the dose tolerance for optic nerves is known to cause progressive vision loss via radiation induced optic nerve neuropathy 
(RION)1, however this risk could be reduced by adding a safety margin (planning risk volume, PRV) around the nerve while 
planning. The aim of this study was to use high-resolution MRI to quantify a typical range of optic nerve motion and 
therefore calculate optic nerve PRV margins for use in treatment planning.  
 
Methods 
A 3T Siemens Magnetom Skyra MRI scanner with a 32 channel head coil was used to image 8 healthy volunteers, and 
repeat imaging (> 1 week later) to assess reproducibility was carried out with 3 of these volunteers. An axial T1-w 3D 
gradient echo VIBE sequence was used for imaging. This sequence was optimised to produce 1 mm thick axial slices with a 
voxel size of 0.7x0.7x1.0 mm3 over a 3:26 minute scan time. There was limited superior-inferior coverage from the optic 
nerves to speed up acquisition.   
Volunteers were asked to look at the images in Fig. 1 for each scan, shown using an MRI safe screen within the MRI scan 
room. 6 axial scans of volunteers looking straight ahead, up, down, straight ahead again, left and right were acquired. 
Previous work measuring optic nerve motion using either MRI or CT involved asking volunteers to freely look left, right, up 
and down2,3. However, eye motion was standardised here. The intention of this method was to image a range of motion 
that may be more likely during a radiotherapy treatment. Based on testing with volunteers it was determined this eye 
position protocol would result in volunteers resting their gaze just before the point it became uncomfortable. Optic nerves 
were delineated manually and points of interest were placed along the optic nerve at 5 points to measure motion.   
 
Results and Discussion 
MRI scans acquired showing optic nerve motions are presented in Fig. 2. Optic nerve motion was measured to be largest at 
the anterior end of the optic nerves where the average optic nerve motion amplitude was found to be 5.7 ± 0.9 mm (left-
right) and 3.9 ± 0.7 mm (up-down). It was also found the position of the optic nerves moved by an average of 0.8 ± 0.8 mm 
between the two scans acquired of volunteers looking straight ahead, showing the optic nerves move when focusing on 
the same point.   
The measured optic nerve motion data and the systematic uncertainties in the radiotherapy delivery system (CyberKnife) 
were used to calculate optic nerve PRV margins using the widely accepted van Herk model4-6. 2 PRV margins were 
calculated: a non-isotropic PRV of 3 mm (left/right), 2 mm (sup/inf) and 1 mm (ant/post) considering the full range of 
motion measured and an isotropic PRV of 1 mm considering a scenario where patients look straight ahead for most of 
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treatment but including random optic nerve motion when patient’s gaze may momentarily deviate from looking straight 
ahead.   
The optic nerve OAR contours in 8 historic sphenoid wing meningioma SRS treatment plans were grown by the PRV 
margins calculated and a worst case 3 mm isotropic PRV margin in order to assess the dosimetric impact of optic nerve 
motion. These contours are shown on a sphenoid wing meningioma plan in Fig. 3 where it can be seen the lesion is in close 
proximity to an optic nerve. Dosimetric impact was assessed using the maximum dose to 0.03 cm3 of each contour, D0.03cc, 
in these 8 historic plans. The results are given in Table 1 where it can be seen optic nerve motion may be resulting in the 
optic nerves receiving more dose than originally planned.  
  
Conclusions 
Using high resolution MRI to capture optic nerve motion, it has been shown that optic nerve motion may potentially result 
in a clinically significant dose difference to that calculated on a planning scan that does not account for motion. Optic 
nerve PRV margins may need to be considered in routine intracranial CyberKnife treatment planning to account for this 
organ motion. However, it may not be practical to implement the larger non-isotropic and 3 mm PRVs as large margins 
may restrict the ability to provide adequate target dose coverage during SRS treatment planning. Inadequate dose 
coverage of the target will reduce tumour control probability and this may itself lead to significant optical deficits. 
Therefore, the use of a 1 mm PRV to account for organ motion, along with instructing patients to hold their gaze straight 
ahead during imaging and treatment, is the recommended clinical implementation of this study.  
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Figures  

   
Fig. 1. Images shown to the volunteer being imaged in the MRI bore using MRI safe screen in the MRI scan room. 
Volunteers were asked to look at each of these images for each scan acquired.   
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Fig. 2.  Axial (Fig. 2a) and coronal (Fig. 2b) MRI images showing optic nerve motion as a volunteer looks in different 
directions. Acquired using a 3T MRI scanner with a 32 channel head coil with a T1-w VIBE sequence.   
  

  
Fig. 3. Original optic nerve contour (green) in a sphenoid wing meningioma (purple treatment target) SRS plan grown to 
form PRVs: 1 mm isotropic (yellow), non-isotropic (red) and 3 mm isotropic (blue). The non-isotropic PRV has been grown 
3 mm L/R, 2 mm sup/inf and 1 mm ant/post. High dose can be seen crossing into the PRV margins.  
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Table 1. Range and mean in maximum dose to 0.03 cm3, D0.03cc, of the original optic nerve contours and generated PRV 
margins in 8 sphenoid wing meningioma SRS plans. All of these plans were single fraction treatments with a local optimal 
optic nerve tolerance dose of D0.03cc < 8 Gy. The risk of radiation induced optic neuropathy is increased if this tolerance 
dose is exceeded7.  
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Quantification of Cerebral blood volume and Intravascular water residence time using non-
contrast MR fingerprinting  
 
 

Synopsis 
Using magnetic resonance fingerprinting (MRF), we propose a method for voxel-wise quantification of blood volume (𝜈𝑏𝜈b) 
and BBB water exchange (by quantifying capillary water residence time ( 
𝜏𝑏𝜏b)), as a metric of BBB function/dysfunction. A single axial slice was acquired for four healthy volunteers using an MRF 
SPGR sequence. Matching to a precomputed dictionary was performed to simultaneously quantify intra- and extravascular 
T1T1, 𝜈𝑏𝜈b, 𝜏𝑏𝜏b, and B+1B1+. Initial findings in volunteers show that it is possible to quantify these five parameters 
simultaneously. Our results show promise for patient studies of blood-brain barrier disruption.  
 
Summary of Main Findings 
Using magnetic resonance fingerprinting (MRF), we propose a method for voxel-wise quantification of blood volume (𝜈𝑏𝜈b) 
and BBB water exchange (by quantifying capillary water residence time (𝜏𝑏𝜏b)), as a metric of BBB function/dysfunction. A 
single axial slice was acquired for four healthy volunteers using an MRF SPGR sequence. Matching to a precomputed 
dictionary was performed to simultaneously quantify intra- and extravascular T1T1, 𝜈𝑏𝜈b, 𝜏𝑏𝜏b, and B+1B1+. Estimated 
parameter values are broadly within expected ranges, providing a basis for patient-based studies of BBB disruption.  
 
 
Introduction 
Increased permeability of the blood brain barrier (BBB) has been shown to be linked to a range of neurological diseases, 
such as multiple sclerosis and Alzheimer's disease.1 The ability to image changes to the BBB would allow for diagnosis and 
monitoring of subtle disease progression. Using magnetic resonance fingerprinting (MRF)2, we propose a novel non-contrast 
method for voxel-wise quantification of blood volume ( 𝜈𝑏𝜈b ) and BBB water exchange (by quantifying capillary water 
residence time ( 𝜏𝑏𝜏b )), as a metric of BBB function/dysfunction.  
 
Methods 
An array of spin isochromats was simulated assuming a two-site exchange system of intra- and extra-vascular compartments, 
with defined compartmental volumes and a semipermeable barrier mimicking the blood brain barrier. The Bloch equations 
were used to simulate signals arising from this array as its magnetisation evolves over time. Signal 'fingerprints' were 
generated by varying input flip angle ( 𝛼𝛼) and repetition time ( 𝑇𝑅TR ), while assuming a short and unvarying  𝑇𝐸TE 
= 2 ms. A ‘dictionary’ of signals was generated with a variation of blood volume from 1 to 10% in steps of 0.5%, denoted 
𝜈𝑏=[min=1: step=0.5: max=10]%𝜈b=min=1: step=0.5: max=10%, residence time of water in the intra-vascular 
compartment, 𝜏𝑏=[200:70:1600]𝜏b=200:70:1600 ms, T1 of the intravascular compartment: 
𝑇1,𝑏([1500:200:1900]T1,b([1500:200:1900] ms), T1 of the extravascular compartment: 
𝑇1,𝑒([400:100:4000]T1,e([400:100:4000] ms), and 𝐵+1 ([0.8:0.05:1.2]B1+ (0.8:0.05:1.2).  Four healthy volunteers (23-26 
years old, 3 male) were scanned at 3 T on a Philips Ingenia system using a T1-fast field echo (T1-FFE, RF-spoiled gradient 
echo) acquisition with an MRF sequence of 2000 𝑇𝑅TR periods, FOV = 224 mm x 244 mm, reconstructed matrix = 64 x 64, 
slice thickness = 4 mm, 𝑇𝐸TE = 2 ms, fully sampled variable density spiral readout, with 𝛼𝛼 and 𝑇𝑅TR variation as outlined 
in Figure 1a. Total MRF acquisition time was 19 minutes. A single axial slice along the AC-PC line was acquired, which was 
segmented and masked using a 𝑇2T2 -w image.3,4 As large voxel sizes lead to partial volume effects, partial volume 
segmentations for white and grey matter were thresholded so that only voxels that contained 95% of the respective tissue 
were used in the calculation of numerical results. Matching between the simulated dictionary and experimental data was 
performed using the inner-point method outlined by Ma et al.2  
  
Results 
An example set of parameter maps for  T1,eT1,e, T1,bT1,b, B+1 B1+, 𝜈bνb, and  𝜏bτb can be seen in Figure 1c. Maps of 
matched 𝜈𝑏𝜈b and 𝜏𝑏𝜏b can be seen for each volunteer in Figure 2.  Across the four subjects, 𝑇1,𝑒T1,e values for white/grey 
matter were found to be [790± 30] / [1000±100][790± 30] / [1000±100] ms (𝑝=0.0254p=0.0254), for 𝑇1,𝑏T1,b: 
[1710±30]/[1710±20][1710±30]/[1710±20] ms (𝑝=0.7517p=0.7517), for 𝜈𝑏𝜈b:[5.5±0.5] / [6.4 ±0.2]5.5±0.5 / [6.4 ±0.2] % 
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(𝑝=0.0212p=0.0212 ) and for 𝜏𝑏𝜏b: [620±30] /[580±70] 620±30 /580±70 ms (𝑝=0.3172p=0.3172 ). The mean and standard 
deviations of each parameter for each individual can be seen in Figure 3.    
 
Discussion 
This is the first demonstration of MRF methods to provide voxel-level mapping of blood brain barrier water exchange. While 
our MRF-derived maps of residence time,  𝜏bτb, are noisy at the voxel level, they provide values that are consistent with 
literature values7 and our method allows simultaneous estimation of other quantitative parameters of interest. Differences 
between white and grey matter  
𝑇1,𝑒T1,e and  𝜈𝑏𝜈b are observed, with no differences seen in 𝜏𝑏𝜏b or  𝑇1,𝑏T1,b 𝑇1,𝑒T1,e values are lower than expected 
at 3T, but are consistent with results seen when slice profile is not accounted for in the dictionary simulations5,6. Blood 
volume is slightly overestimated, but the expected higher values in grey matter than white matter are observed.   
 
Conclusion 

 Our Initial findings in healthy volunteers 
suggest that it is feasible to quantify blood volume and residence time, simultaneously with T1,b, T1,e,T1,b, T1,e, and 
B+1B1+ using an SPGR MRF acquisition within a reasonable scan time. Our approach holds promise for patient-based 
measurements of subtle blood-brain barriers disruption.  
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Poster 13: Devon Ward, CUBRIC, Cardiff University  
Simulating the Stimulated Brain: Exploring the Utility of Individualised Diffusion Tensors Estimation 
in tES Models  

  
Synopsis 
Transcranial electric stimulation (tES) is a popular non-invasive neuromodulatory technique. Despite its potential in clinical 
populations, tES studies typically suffer from high inter-participant variability. One possible cause of these differences is the 
influence on the direction and strength of current flow caused by between-participant variance in white matter (WM). We 
used computational models to reconstruct individualised cortical current density maps in 22 participants who had previously 
taken part in a visual tES paradigm. Significant differences in electric field strength were found when WM was modelled.  
  
Summary 
The preliminary results of this study suggest that ‘combined’ finite element models (FEMs) that incorporate DTIs in model 
generation produce a significant difference in electric field strength when compared to ‘classic’ models produced using only 
T1 and T2 weighted images.  
 
Introduction  
Transcranial electrical stimulation (tES) is a non-invasive neuromodulatory technique. The technique has shown promise in 
both neurological and neuropsychiatric disorders, significantly improving mood in depressed patients and functional activity 
in neurological disorders. Despite this potential, tES studies have shown sizeable inter-participant variability, potentially due 
to the differences in tDCS current flow through an individual’s neuroanatomy.  
Typically current flow and electric field strength in participants’ brains have been modelled using finite element models 
(FEM) from T1- and T2-weighted MRI scans (T1W and T2W), ignoring the anisotropy of WM conductivity. However, using 
Diffusion Tensor Imaging (DTI) the directionality of white matter fibres – and their effects on the propagation of electric 
fields generated by tES may have a significant effect on current density estimation. The current study aimed to address this 
question.  
  
Methods 
tES  
In a double-blind, within-subjects design (N=22), tDCS at 1.5 mA was applied for 30 minutes via an Oz-Cz electrode montage. 
Using a threshold perimetry paradigm, contrast sensitivity was assessed at central (4°) and peripheral (20°) visual field 
positions during anodal, cathodal and sham tDCS in three sessions. All models presented use the ‘anodal’ tES condition.  
MRI  
All participants received an MRI scan at 3.0T. The protocol included a T1W volume (3D TurboFLASH sagittal acquisition; FOV 
192 x 320 x 320; voxel size 1 mm isotropic);a T2W scan (Turbospin Echo axial acquisition; FOV 256 x 256 x 96; voxel size 1 x 
1 x 2 mm, 1 mm gap to decrease fat shift in the slice selection direction); a DTI with 60 diffusion-encoding directions and a 
maximum b-value of 1200 s/mm2 ; the voxel size was 2mm isotropic.  
  
Model Generation  
All models were generated using SimNIBS (Fig.1), and FEMs converted to NIFTI images in MNI space. Segmentation results 
were manually inspected, and 3 participants were rejected based on the quality of this step. As the behavioural paradigm 
was visual, ROIs of the visual cortex based on the Julich histological atlas were used, set at a probability of >80%. As well as 
global estimates of the electric field norm (normE), the average value in ROIs for V1, V2 and V3 in each hemisphere were 
each compared between ‘classic’ and ‘combined’ models, to give an estimate of ‘early visual cortex’.   
Analysis  
Paired t-tests were used to compare models globally between hemispheres. A Shapiro-Wilk test indicated that the 
distributions of the standard and combined mean global and ROI normE data were significantly not normal. A Wilcoxon’s 
signed-rank test was used instead to test for significant differences globally and between ROIs comparing models.   
 
Results 
Both global and local differences in normE estimation were found between models (Fig.2)  
Global results  
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Significant differences were found between the Combined and Classic Models within left V1 (Z=-3.180, p=0.001), right V1 
(Z=-2.275, p=0.022) and right V2 (Z=-3.201, p=0.001).  
ROI results  
Locally, a significant difference was found between the Combined and Classic Models within left V1 (Z=-3.180, p=0.001), 
right V1 (Z=-2.275, p=0.022) and right V2 (Z=-3.201, p=0.001). No significant difference in normE value was found for the 
other ROIs.  
 
Discussion 
Although our global comparison revealed that the mean normE value was significantly greater in the Combined Models 
than in the Classic Models, ROI analysis revealed that this significant increase only remained when considering the left V1, 
right V1 and right V2 ROIs. The results presented here support the hypothesis that the Combined Model would have higher 
normE values than the Classic Model. Furthermore, the results here replicate a similar study by Opitz et al. using TMS. 
These researchers found that when they included a model of anisotropy, as the current study has, there was a significant 
increase in simulated electric field strength values within the primary motor cortex, dorsolateral prefrontal cortex, and 
superior frontal gyrus when using TMS. This means that two non-invasive brain stimulation techniques (tES and TMS) have 
now been simulated and demonstrate that a larger electric field strength is observed when the microstructure of the white 
matter tracts in the brain is accounted for.  
 
Conclusions 
We show here that the inclusion of DTI images in FEM modelling of the effects of tES causes a measurable increase in the 
simulated electric field strength. These models provide a potential method to explain the inter-participant variation in 
response to tES stimulation. These FEM simulations must be compared alongside behavioural data to determine if the higher 
simulated electric field strength observed in the combined model reflects the increased accuracy of this model. To further 
improve these models, less limited diffusion models can be used, and other scans such as CT scans can be incorporated to 
improve the segmentation and modelling process  
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Figure 2. Mean normE averaged across the brain.   

a. Bar chart visualising the results of global normE comparison between the Combined and Classic Models. Global 
normE was calculated by taking a mean of the normE value in all voxels in each image. Error bars represent ±1 
standard deviation. * - p<0.05.   
b.   
(b) Bar chart demonstrating the results of normE comparison between the Combined and Classic Models within each 
of the six ROIs. ROI normE values were calculated by finding the mean normE value within each ROI mask for each 
participant and then averaging all participants. Error bars represent ±1 standard deviation. * - p<0.05 
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Poster 14: Ei T. Lin, Perspectum Diagnostics   
Comparison of four Region-of-Interest (ROI) placement methodologies for increased repeatability 
of renal T1  

 

Synopsis 
Manual ROI selection of cortex and medulla T1 values is considered acceptable by the PARENCHIMA consensus 
project. However, agreement on the number, appropriate size and location of the ROIs has not been reached. 
In addition, it was highlighted that studies on the reproducibility of manual ROI measurement of renal T1 and T2 
mapping are needed. The present work explored four different methodologies of ROI placement and showed that 
placing ten ROIs of 3mm in diameter individually in the cortex and medulla reduced the variability in T1 
measurements. This investigation could further complement the technical recommendations which aim to 
harmonise image analysis techniques towards clinical translation of renal T1. 

Summary of Main Findings 
The present work explored four different methodologies of ROI placement and showed that placing ten ROIs of 
3mm in diameter individually in the cortex and medulla reduced the variability in T1 measurements. 

Introduction 
Previous clinical studies have shown that renal interstitial fibrosis is predictive of renal disease1. Magnetic 
Resonance Imaging (MRI) T1 mapping offers a non-invasive assessment of renal pathology and a clear contrast 
between the cortex and medulla, providing a valuable biomarker for kidney disease 2. Cortical T1 value has been 
reported to correlate with glomerular filtration rate (GRF)2, and renal fibrosis. The difference between the cortex 
and medulla has also been shown to independently correlate with renal fibrosis2. Reporting of T1 values can be 
done through manual or automated ROI selection. Although automated approaches are the preferred methods, 
manual approaches are acceptable and are used in several studies3. The potential drawbacks of the automated 
approach include the need for post-processing such as co- registration of the T1-weighted images to the T1 map 
and additional validation to standardise across different platforms. The focus of this work is to evaluate the 
repeatability of cortex and medulla T1 measurements from four proposed manual ROI placement methodologies. 

Methods 
In this study, 11 healthy subjects (5 male, mean age 30 years, range 22-36 years and 6 female, mean age 35 years, 
range 23-53 years) were examined on a 1.5-Tesla Siemens Aera scanner (Siemens Healthineers,     Erlangen,     
Germany).     To     assess     the     repeatability     of measurements, two separate scans were performed  on  the  
same  day.  After  the  first  scan,  the participants were taken out of the scanner before returning for a second 
identical scan. Coronal Modified Look-Locker inversion recovery (MOLLI) T1 images were positioned to acquire 
both kidneys with simulated cardiac gating (60 bpm). These were fitted with a model for mono- exponential 
recovery, followed by a Look-Locker correction to generate a T1 map using only the first and the subsequent 
four images.4 Table (1) shows the detailed MOLLI sequence parameters used in this study. 

 
The median value of cortical and medullary T1 in each kidney were extracted from four ROI placement 
methodologies: (1) one ROI of 10mm in diameter, (2) one ROI of 5mm in diameter, (3) three ROIs of 5mm in 
diameter, and (4) ten ROIs of 3mm in diameter (Figure 1). The ROIs were placed in homogenous regions with R2 
above 0.99 (considering that R2 values range from 0 to 1), avoiding boundaries with other organs, fat, and 
vasculature to mitigate partial volume effects. Pooled median T1 values were calculated by combining all pixels 
from the ROIs in a single slice. All measurements were performed by a single analyst. Coefficient of variation 
(CoV), bias and limits of agreement (LoA) – 1.96 x standard deviation - were calculated to measure the 
repeatability of the cortex and medulla T1 measurements.
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Results 
Table (2) shows the summary results of the cortex and medulla T1 values across four methods. The mean cortex 
T1 measurements from method 1- 4 were 1062 SD(77) ms , 1032 SD(70) ms, 1050 SD(82) ms and 1040 SD(76) 
ms, respectively. Whereas the mean medulla T1 measurements from method 1- 4 were 1628 SD(112) ms , 1662 
SD(132) ms, 1697 SD(116) ms and 1686 SD(115) ms, respectively. The CoVs for method 4 were the lowest for 
both cortex (1.85 % SD(1.83)) and medulla (2.95 % SD(2.48)). Bias between the two measures were small overall 
for both cortex and medulla across all methods, with a maximum bias of 16 ms for medulla in method 3. The 
variability of both cortex and medulla T1 measurements with method 4 substantially reduced compared to other 
methods except for the variability of medulla T1 measurements between method 3 and 4. This is supported by 
tighter LoA of [-63 46]ms for cortex T1 and LoA of [-127 134]ms for medulla T1. 
 
Discussion and Conclusion 
The quantitative ROI placement method using ten ROIs of 3mm in diameter can be considered highly reliable for 
reporting T1 values, especially for the cortex T1. A comparison between the variability of four methods shows 
that method 4 provides the least variability for both cortex and medulla suggesting that it is a more repeatable 
method over the others. The findings of this study were also comparable with the repeatability measures found 
in the literature5 where CoV of cortex and medulla were reported to be 2.3% SD(1.3) and 2.9% SD(2.4), 
receptively. In the literature, 11 healthy subjects were scanned at 3T using a spin echo- echo planner technique 
and cortical and medullary T1 measurements were reported by an automated ROI selection approach. The CoVs 
calculated from method 4 fall within the range reported in the literature. The proposed ROI placement method 
4 is a practical approach which enables repeatable cortex and medulla T1 measurements without the need for 
advanced automated methods.
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Method 1 

Figures: 
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Figure 1: Four proposed approaches of ROI placement in the cortex (right - as viewed) and the 
medulla (left - as viewed) on MOLLI T1 maps. Method 1: one ROI of 10mm in diameter, method 2: 

one ROI of 5mm in diameter, method 3: three ROIs of 5mm in diameter, and method 4: ten ROIs of 
3mm in diameter. 

 
 

 
Repetition time (ms)   3.73 
Echo time (ms) 1.5 
Flip angle (°) 35 
Field-of-view (mm2) 300x300 
Slice thickness (mm) 8 
Acquisition matrix size 192x192 
Reconstructed resolution 
(mm2) 

0.78x0.78 

Partial Fourier 6/8 
Acceleration  GRAPPA, acceleration 

factor 2, 24 reference 
lines 

Bandwidth (Hz/Pixel) 501 
Inversion scheme 5(1)1(1)1  

Method 
1 

Method 
2 

Method 
3 

Method 
4 



 

 155 

First inversion time (ms) 168 
Inversion pulse Hyperbolic secant  

Total acquisition time (s) 14 
 
 

Table 1: Summary table showing the acquisition parameters of MOLLI T1 at 1.5T 
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Figure 2: Bland-Altmann plots for repeatability of cortex and medulla T1 values from four ROI 
placement methods. The solid lines represent biases, and the dashed lines represent 95% limits of 

agreement. 
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Comparison of Bias and Limits of Agreement of Four Methodologies 
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Figure 3: Summary of results from four methodologies. Error bars represent the limits of 
agreement, and the circles represent biases. 

 
 
 

Method Coefficient of Variation Bias Lower limits of Upper limits of 
(%) (ms) agreement (ms) agreement (ms) 

 Cortex Medulla Cortex Medulla Cortex Medulla Cortex Medulla 

1 2.76 ± 2.63 5.61 ± 4.20 -5.06 -3.53 -87.61 -225.89 77.58 218.82 

2 2.91 ± 3.20 6.37 ± 4.29 -9.09 -16.08 -96.16 -268.75 77.99 236.59 

3 2.70 ± 2.14 3.62 ± 3.09 -6.16 2.72 -81.15 -156.04 68.84 161.48 

4 1.85 ± 1.83 2.95 ± 2.48 -8.71 3.68 -63.00 -126.59 45.58 133.96 

 
Table 2: Summary table showing the coefficient of variation, bias, and limits of agreement from four 

ROI placement methods. 
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Poster 15: Mitchel Lee, University College London  
Investigating Regional Changes in Magnetic Susceptibility in Tanzanian Children with 
Sickle Cell Anaemia at 1.5 Tesla  

 
Synopsis 
Although sickle cell anaemia (SCA) affects the brain, causing stroke and neurocognitive complications, its 
pathophysiological mechanisms are poorly understood. Quantitative Susceptibility Mapping (QSM) reveals 
alterations in tissue composition. To investigate changes in brain magnetic susceptibility in (50) SCA patients 
compared to (47) healthy controls we applied QSM in 97 Tanzanian children scanned at 1.5 Tesla. A significant 
susceptibility increase in SCA vs. controls was found in the caudate nucleus with no significant changes in the 
thalamus, putamen, hippocampus, amygdala or pallidum. Blood haemoglobin levels were only found to have a 
significant impact on susceptibility in the pallidum.  
 
Summary 
A significant increase in magnetic susceptibility in subjects with sickle cell anaemia relative to controls was 
observed in the caudate nucleus whereas no significant changes were observed in the thalamus, putamen, 
hippocampus, amygdala or pallidum.  
 
Introduction 
Sickle cell anaemia (SCA) is a single-gene disorder affecting the Haemoglobin gene and is an important cause of 
stroke and other neurocognitive complications in children and young adults1. Abnormal cerebral haemodynamics 
appear to play an important role in the pathophysiology but the mechanism is poorly understood and the available 
data are conflicting. Therefore, with the goal of providing insight into SCA disease processes in the brain, a 
Quantitative Susceptibility Mapping (QSM) pipeline has been developed to acquire regional magnetic susceptibility 
estimates in the brains of patients with SCA. Here, we aimed to compare these values to those of healthy controls 
to investigate the effect of SCA and blood haemoglobin on brain susceptibility in deep gray matter structures.  
 
Methods 
50 children with SCA and 47 healthy controls (with ages 14.9±4.2 years and 10.9±3.4 years, respectively) were 
imaged with both a T2* weighted multi-echo gradient echo 3D (GRE) sequence for QSM and a high resolution T1 
weighted structural scan. All images were acquired at 1.5T at the Muhimbili National Hospital, Tanzania with either 
an 8-channel RF coil or a birdcage coil. 3D GRE sequence parameters were: 160 x 160 x 93 matrix, 1.5 x 1.5 x 1.5 
mm3 resolution, 27.4 ms TR, 4.28 ms TE1, 4.94ms ΔTE, 5 echoes, a flip angle of 15° and a bandwidth of 287 Hz/pixel.  
QSM was performed using the following pipeline: Nonlinear fitting2 of the complex data with iFieldCorrection3 to 
remove residual phase inconsistencies, SEGUE phase unwrapping4, PDF background field removal5, and 
susceptibility calculation using the iterative Tikhonov method6 with a regularization parameter = 0.028 (optimised 
using the L-curve method). Brain masks were obtained from the final echo magnitude image using FSL BET7 and 
combined with a noise mask obtained (by thresholding the inverse noise map from the nonlinear fit at its mean 
value plus half the standard deviation) to remove noisy regions.  
FSL FIRST8 was applied to the T1-weighted images (coregistered to the GRE magnitude images using FSL FLIRT9) to 
segment six deep-brain gray matter regions of interest (ROI) (Fig. 1b). For these regions, the mean susceptibility, 
susceptibility standard deviation and ROI volume were calculated.  
To account for the effect of age on brain susceptibility, linear fits of susceptibility against ln(age) were calculated 
for each ROI, for both SCA subjects and controls. The slopes of the calculated fits were used to correct the 
susceptibility values, using the mean age of the SCA subjects as the baseline. The age-corrected susceptibility values 
were compared using ANOVA to assess the difference between the two groups. For the subjects with haemoglobin 
measurements (47 SCA and 30 controls), the effect of blood haemoglobin levels on susceptibility was also 
investigated using ANOVA.  
 
Results 
The results of the ANOVA statistical analysis are summarized in Figure 2. SCA patients were found to have a 
significantly lower mean age-corrected susceptibility in the caudate nucleus (Figure 3). No differences between 
SCA subjects and controls were observed for any of the other regions. Haemoglobin was found to have a significant 
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negative effect on susceptibility in the pallidum for the SCA cohort but not in any of the other regions. No significant 
effect of haemoglobin was observed in any of the regions for the combined cohort(Figure 4).  
 
Discussion 
Prior work investigating susceptibility in SCA10 found increases in the pallidum and putamen for an older (18.6±10.5 
years) cohort of SCA patients in the UK. However, a separate analysis on a smaller, younger (9.9±2.1 years) cohort 
of Tanzanian children found significantly lower susceptibility in the hippocampus and the putamen in SCA vs 
controls, which were not observed in this study. This discrepancy could be explained by the different age ranges of 
each cohort, as our previous UK study10 also showed faster increases in susceptibility over time in SCA patients 
relative to controls for most of the brain regions considered here, with the SCA  patients initially having lower 
susceptibilities. The previous Tanzanian study did not have whole brain coverage and had different acquisition 
parameters which could have affected the results. Other factors not considered here may also have affected the 
results. For example, specific complications of SCA, like stroke, could have caused susceptibility changes in previous 
studies. These previous studies found no significant effect on susceptibility of blood haemoglobin levels, in 
agreement with our findings except for in the pallidum, where a weak negative association between susceptibility 
and haemoglobin was observed.  Future work will include more deep brain gray matter regions (e.g. the red nucleus 
and substantia nigra) which can be segmented using MRICloud11. The subjects considered here are a subset of a 
larger study of 224 SCA subjects and 59 controls, so QSM and inclusion of the additional subjects should provide 
greater insight into the patterns observed here.  
 
Conclusions 
No significant changes in magnetic susceptibility in subjects with sickle cell anaemia relative to controls were 
observed in the thalamus, putamen, hippocampus, amygdala or pallidum whereas a significant decrease in 
magnetic susceptibility was observed in the caudate nucleus. Higher haemoglobin levels were found to be 
correlated with lower susceptibilities in the pallidum for patients with sickle cell anaemia.   
  
  
  
  
  
  

Figures  
Figure 1: Images (one axial slice) of  a representative patient with SCA: (a) the susceptibility map; (b) coregistered 
T1W image with ROIs shown in one hemisphere: caudate – blue, putamen – pink, pallidum – orange, thalamus – 
dark green, hippocampus – light green.   
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Figure 2: Table showing the results of ANOVA 
comparing the age-correccted susceptibility values of SCA subjects vs controls within each of the ROIs. Significance 
scores (p values) are shown in the final row, with statistically significant results highlighted in bold.   
  
Figure 3: Box plots comparing the age-corrected susceptibility distributions between SCA subjects and controls for 
each of the 6 ROIs. The star indicates a significant difference between SCA subjects and controls in the caudate.  

  
Figure 4: Table showing the results of ANOVA on the members of the cohort with haemoglobin measurements. P 
values are shown for the effect of SCA in the combined group and for the effect of haemoglobin in both the 
combined and SCA only groups.   
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Poster 16: Roshni Senthilkumar, University of Aberdeen  
Evaluation of precision of multi-compartment model on relaxation properties in breast 
cancer on 3T using numerical simulation  

 
  
Synopsis 
MR relaxation properties of T1 and T2 are well known to alter in cancer, reflecting diseased tissue micro-
environment. Multiple compartment models have been developed to better approximate tissue classes within an 
imaging voxel, allowing more accurate estimation of disease load for more precise treatment planning and 
monitoring. However, multiple compartment models are more sensitive to noise and suffers from potential 
overfitting, due to from significantly increased number of variables for fitting exponential functions and 
consequently more complex cost function. We therefore conducted numerical simulation to establish, the first in the 
literature, applicability condition of multiple compartment model in breast cancer.   
 
Summary of main findings 
The precision of T1 and T2 improves with increasing SNR for both mono- and bi- exponential fitting. Mono-
exponential fitting performs better at one dominant tissue, while bi-exponential fitting performs better at close to 
equal partition.  
  
Introduction 
The improvement of treatment for breast cancer, the leading cause of death in women, is hindered by the 
inadequacy of radiological method sensitive to the spatially heterogeneous response to treatment. Relaxometry 
properties of T1 and T2 are known to be altered by breast tumour in accordance with underlying tissue composition, 
prompting the development of multiple compartment models to better approximate tissue classes for more 
accurate estimation of disease load1. However, multiple compartment models are more sensitive to noise and suffer 
from potential overfitting, due to significantly increased number of variables of fitting the exponential function 
which results in more complex cost function2. We therefore conducted numerical simulation to establish, the first in 
the literature, applicability condition of multiple compartment model in breast cancer.  
 
Methods 
We conducted a series of Monte Carlo simulation in in MATLAB (MathWorks) based on clinical research sequences 
used for breast imaging on a whole body clinical 3T MR scanner (InGenius, Philips Healthcare). The T1 measurement 
was based on an inversion recovery sequence with 35 inversion times (TIs) evenly spaced out between 150.04ms 
and 5251.4ms. The T2 measurement was based on a multi spin-echo sequence with 24 echo times evenly spaced 
between 13ms and 312ms. The relaxation properties malignant lesion, benign lesion, adipose tissue, fibrogandular 
tissue were quoted from literature3.  
Signal Generation: The idealised noise free signals for each tissue class were generated as exponential functions 
based on Bloch equations. Single compartment model assumed single tissue class with a weighting factor of W1 and 
two compartment model assumed two tissue class classes at W1 and W2, so that the overall fully relaxed 
magnetisation was normalised to 1. 10,000 runs of complex noise with Gaussian distribution (µ= 0 and σ=1) were 
scaled to 1/SNR, before added to idealised signal to create 10,000 signal instances.   
Signal Fitting: The relaxometry properties were estimated by fitting the simulated data using a non-linear least-
square fitting method using the trust region reflective algorithm. Mono- and bi- exponential fitting were constructed 
for single and two tissue classes with weighting factor of W1 =1 and W1 + W2 = 1 respectively, so that a permutation 
between signal generation and fitting on tissue classes can be achieved. The data point from the first echo in T2 
signal was discarded in line with common practice to avoid stimulated echo effect.   
Numerical Analysis: The single compartment coupled with mono-exponential fitting was performed for the 4 typical 
tissue classes in breast cancer3 using a SNR of 300, to quantify the normality, standard deviation (SD) and Root Mean 
Squared Error (RMSE) of the histogram distribution. The signal from two compartment model (adipose and tumour, 
W1 = W2 = 0.5) was generated, and fitted using both mono- and bi- exponential fitting to derive SD, RMSE, skewness 
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and kurtosis for each output compartment. The relative weighting for the two compartments were varied from 0 to 
1 in steps of 0.1, and SNR from 100 to 1500 in steps of 50, to compare the suitability of the fitting approaches.  
 
Results 
The distribution of quantified T1 and T2 follows Gaussian distribution, and the SD increases monotonically with the 
increase in relaxation time, with T1 of 423±1.2 ms and T2 of 149.6±1.7 ms in adipose tissue to T1 of 1680.3±5.6 ms 
and T2 of 71.9±0.5 ms in fibrogandular tissue at the same SNR (Figure 1 and 2). The two compartment model yields 
T1 of 803.3 ± 21.8 ms and T2 of 80.3 ± 0.7 ms using mono-exponential fitting, and T1 of 438.2 ± 24.8 ms and 1287.5 ± 
96.9 ms and T2 of 74.5 ± 5.1 ms and 86.2 ± 4.5 ms using bi-exponential fitting (Figure 3, Table 1). The weighting 
factor of 0.1 yielded T1 of 491.9 ± 92.4 ms and 1262.4 ± 53.6ms and T2 of 80.1 ± 11.9 ms and 89.5 ± 1.4 ms using bi-
exponential fitting. SD of adipose tissue reduced from 25.4 ms to 1.5 ms for T1 and from 2.2 ms to 0.3 ms for T2 
using mono-exponential fitting, when SNR changed from 100 to 1500. SD of the two compartments reduced from 
220.3 ms and 41.1 ms to 9.3 ms and 1.8 ms in T1, and from 36.9 ms and 6.4 ms to 2.4 ms and 0.7 ms in T2 using bi-
exponential fitting (W1 = 0.1, W2 = 0.9) (Figure 4).  
 
Discussion 
Both T1 and T2 present Gaussian distribution under the influence of Gaussian noise, with spread increase with the 
nominal relaxation time. The spread of the distribution is decreased with an increase in SNR. Although the bi-
exponential fitting provided more accurate finding at equal weighting between the two compartments, a highly 
imbalanced partition between two compartments may result in a nuisance output for the minority compartment. 
Although bi-exponential fitting may report lower residual error, this might be the result of overfitting noise 
components as a nuisance compartment.  
 
Conclusions 
The precision of T1 and T2 improves with increasing SNR for both mono- and bi- exponential fitting. Mono-
exponential fitting performs better at one dominant tissue, while bi-exponential fitting performs better at close to 
equal partition.  
 
Acknowledgments 
The authors would like to thank Prof Andy Welch and Dr Hugh Seton for managerial support, and Ms Eleanor 
Hutcheon for administrative support.  
  
Figures and Tables  
Table 1: The table describes the results obtained from numerical simulation of mono-exponential fitting and bi-
exponential fitting used on single and two compartment tissue model. The mean and standard deviation (mean ± SD) 
of fitted T1 and T2 relaxation distribution at SNR = 300, w = 0.5 is displayed. Single compartment tissues were 
simulated for four tissues. The two compartment tissues were adipose and benign lesion for T1 and fibrogandular 
and benign tissue for T2. In mono-exponential fitting, the SD increases as the T1 and T2 values rises. In bi-
exponential fitting, the SD is larger than from mono-exponential fitting. However, the mean T1 and T2 resemble the 
actual tissue relaxation time.   
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Figure 1: A) Mean MR signal and error bar for 4 tissues after 10,000 runs. B) T1 histogram distribution of each tissue 
with corresponding mean (green line) and standard deviation (red line). The estimated T1 values are less precise 
(low standard deviation) on the long T1 data because the complete magnetization decay is much longer than the 



 

 
166 
 

timeframe of the inversion time sequence for longer T1 values. Moreover, in T1 fitting, the null point is crucial for 
accurate fitting. To produce accurate decay, the TR is typically greater than 5 times the longest T1 (5×T1<TR).  
  
  

  
Figure 2: A) Mean MR signal and error bar for 4 tissues after 10,000 runs. B) T2 histogram distribution of each tissue. 
The estimated T2 values showed high variability at longer T2 values. The T2 values are inaccurate at high T2 times 
because of the slow exponential decay in the signal. The longer T2 components influence the determination of T2 
after fitting because of the short echo time. The T2 distribution follows Gaussian distribution as shown using kurtosis 
and the Anderson-Darling test (H=1) which shows the original dataset is preserved and that the fitting procedure has 
less effect at lower T2 values.  
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Figure 3: (Top two) Standard deviation of T1 and T2 in two compartments with mono-exponential fitting on T1 and 
T2 (10,000 runs). In T1, as the SNR reduced from 100 to 1500, the SD changed from 25.4 to 1.54 while for T2 4.18 to 
0.32. (Bottom four) The standard deviation of A) T1 and B) T2 against changing SNR and weighting factor in two 
compartments with bi-exponential fitting (10,000 runs). As SNR from changed from 100 to 1500, in T1s the SD 
reduced from 220.3 to 9.382 at w=0.1 and 14.99 to 0.744 in w = 1 similarly in in T1l the SD reduced from 41.12 to 
1.898 at w=0.1 and 6707to 52.99 in w = 1. In T2s the SD reduced from 36.95 to 2.497 at w=0.1 and 7.238 to 0.3179 in 
w = 1 similarly in in T1l the SD reduced from 6.424 to 0.7913 at w=0.1 and 27.88 to 2.433 in w = 1.  
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Figure 4: In bi-exponential fitting, as the SNR was increased from 100 to 1500 with an interval of 100, the T1 
distributions in both compartments have become narrower when weighting factor is 0.5. This shows that utilizing 
higher SNR is beneficial in obtaining accurate T1/T2 distribution. The T1 histogram distribution (top two figures), 
while T2 distribution (bottom two figures).  
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An automated tool for monitoring imaging protocol compliance through XNAT  

  
Summary of main findings 
A software tool is presented for performing automated checks of imaging protocol compliance via a Docker container 
on XNAT. The tool’s utility is demonstrated using a clinical dataset. It is proposed that it will form part of a standardised 
quality control routine for multi-centre trials.   
 
Synopsis 
A software tool is presented for performing automated checks of imaging protocol compliance on DICOM data by 
comparison with a pre-defined list of expected imaging series and their DICOM attributes. The tool is integrated into 
the XNAT informatics platform as a Docker container, providing a valuable tool for rapidly identifying protocol 
deviations in multi-centre trials. A demonstration of the package is presented here, identifying missing series and 
protocol variations or non-compliance in a clinically-acquired dataset of whole-body MR images.       
  
Introduction 
Multi-centre studies are a crucial step in the translation of quantitative MR imaging biomarkers (qMRIBs) from 
academic research into clinical practice1. To ensure that study data is evaluable and analysis outcomes are robust, it 
is essential that acquisition is performed in accordance with the study imaging protocol. Many aspects of protocol 
compliance can be monitored using the DICOM attributes of the imaging data; however, this process is time-
consuming and error-prone if performed manually. It is proposed that these quality control (QC) checks of protocol 
conformity should be performed automatically using the software tool presented here.   
XNAT is an informatics platform that is widely used to support multi-centre studies2. To demonstrate the potential 
utility of the protocol compliance tool, it has been integrated into XNAT and used to assess conformity in a clinically-
acquired MR dataset.     
  
Methods 
A software package, Protocol Checker, was developed in Python to perform the following operations on DICOM 
imaging data:   

1. Group and sort DICOM files according to series.  
2. Compare data to the imaging protocol, as defined in a JSON-format attribute file, identifying missing series 
and any parameter variations.  
3. Generate an output file summarising the findings.  

The attribute file identifies series according to the DICOM attribute “Sequence Name” (Siemens), “Pulse Sequence 
Name” (Philips) or “Scanning Sequence” (GE), with optional additional discrimination using the attribute “Series 
Description”. Parameters to be checked are defined using the relevant DICOM attributes and their expected values, 
which can be provided as explicit values or a range. The proposed pipeline for multi-centre studies is summarised in 
Figure 1.   
For this proof-of-principle study, a local version of XNAT (v1.8.4) was installed on a virtual machine using Vagrant and 
Virtual Box. The Protocol Checker code was containerised using Docker and the XNAT container service plugin3 (v3.1.1) 
was used to pull the Docker image onto the XNAT node.  
To demonstrate the proposed pipeline, 20 pre-anonymised clinically-acquired examinations were uploaded to the 
XNAT node. These were clinical whole-body (WB) MRI scans for patients with myeloma or metastatic breast or 
prostate cancer, comprising axial diffusion-weighted imaging (DWI), Dixon imaging, and T1 and T2-weighted sagittal 
spine imaging, as well as two additional research series that were acquired for a service evaluation. For patients with 
prostate or breast cancer, the protocol also included axial T2-weighted single-shot fast spin echo acquisitions.   
To simulate a multi-centre study, the data came from three scanners across two sites. All scanners were from a single 
manufacturer (Siemens Healthineers, Erlangen, Germany) but included a range of models, software versions and field 
strengths (1.5 and 3T).   
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Clinical scans should be acquired in accordance with the MY-RADS4 or MET-RADS5 guidelines for myeloma and prostate 
cancer, respectively. These guidelines and knowledge of local practice were used to generate a scanner-specific 
attribute file defining the expected protocol. A limited selection of parameters was chosen for this demonstration; 
however, any DICOM attribute field can be used. A more extensive list of parameters was used for the research 
sequences.  
The expected protocol and an example attribute file are shown in Figures 2 and 3, respectively. These attribute files 
were uploaded to the XNAT node and the Protocol Checker container was launched for each patient dataset.   
  
Results 
An example of the Protocol Checker results file is shown in Figure 4 and the results are summarised in Figure 5.   
Missing images were identified for 8 of the 20 patients. On six of these occasions, the missing images were maximum 
intensity projection (MIP) reconstructions and on two occasions one of the research series was missing. 17 parameter 
variations were identified, all on the sagittal spine imaging, with repetition time (TR) and number of averages the 
deviations most commonly identified. When acquired, the DWI, Dixon and research series had the expected 
parameters in all exams. Only 6 of the 20 exams featured no missing images or protocol variations.      
  
Discussion and Conclusions 
For qualitative clinical imaging, minor modifications to acquisition parameters do not necessarily reduce image quality 
and may in fact optimise quality for a particular patient. The variations found in sagittal spine images here likely reflect 
variation in patient anatomy, rather than protocol non-conformance. For quantitative imaging however, consistent 
acquisition protocols are essential to ensure the repeatability of measurements and allow comparison between scans. 
This work has demonstrated the use of Protocol Checker, a Python-based software package for conducting automated 
checks of imaging protocol compliance on DICOM data through the XNAT platform. The software was applied to clinical 
WB-MRI data, finding that only 30% of examinations contained no missing series or protocol variations. The National 
Cancer Imaging Translational Accelerator (NCITA) is developing the infrastructure to support greater standardisation 
of image acquisition, analysis, and QC in UK-based multi-centre studies6. NCITA proposes that this software will provide 
a valuable step in a standardised data QC routine. Identification of data that was not acquired in accordance with the 
study protocol allows local site issues to be rapidly addressed and, where necessary, allows compromised data to be 
excluded from the analysis to preserve the robustness of the study outcomes. NCITA intends to follow a similar 
approach to develop other tools for standardised QC and analysis through XNAT to aid the translation of qMRIBs.  
  
Figures 
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Fig 1: Proposed pipeline for using Protocol Checker to monitor protocol compliance during a multi-centre study. 
Phantom data is uploaded to XNAT during the site qualification process and used, alongside the imaging protocol, to 
manually generate the site-specific attribute file. The Protocol Checker is then launched on each subsequent dataset 
uploaded by that site, generating output files that summarise protocol deviations.   

deviations.   

Series  

DICOM attributes  

Repetition 
time (ms)  

Echo time 
(ms)  

Flip 
angle 

(°)  

Slice 
thickness 

(mm)  

No. 
averages  

Pixel 
Bandwidth 

(Hz)  

Matrix 
size  

Transmit 
coil  

Localisers  Parameters not checked  

DWI  

b50  5880 - 6290  54 - 73  90  5  3  

Parameters not checked  b600  5880 - 6290  54 - 73  90  5  3  

b900  5880 - 6290  54 - 73  90  5  6  

ADC map  Parameters not checked  

MIP  Parameters not checked  

Dixon  

In-phase  7.14  2.46 - 4.77  20  5  1  

Parameters not checked  Out-of-
phase  

7.14  2.39 – 
3.69  

20  5  1  

Fat  Parameters not checked  

Water  Parameters not checked  

Spine  

T1-
weighted  

3500 - 3790  90 - 97  150  4  1  

Parameters not checked  
T2-

weighted  
600 - 643  8.7 - 9.3  150  4  1  
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Research series 1  50  2.40 – 
4.92  

3  10  1  260  64x106  Not 
specified  

Research series 2  50  2.40– 4.92  3  10  1  260  64x106  Body  

  
Fig 2: Table of expected series and selected expected parameters for clinical whole-body (WB) MR scans acquired at 

the Royal Marsden Hospital, and two additional research series acquired as part of a service evaluation. Although 
they are still expected to be present, parameters were not checked for localiser images or for those that are 

calculated from other images, e.g. MIPs. Where values are specified as a range, explicit scanner-specific values are 
used in the attribute file, with the exception of echo time for the spine imaging which is defined as a range in the 

attribute file.   
  

  
Fig 3: The attribute file generated for a particular scanner using the information in Figure 2. Series are identified 

using the Sequence Name and Series Description DICOM attributes and the values of each expected parameter are 
defined. Series listed without expected parameters (e.g. the MIPs) are expected to be present but do not have any 
parameters checked. The generic parameters are checked for all images and ensure that the data were acquired 

using the expected scanner.   

   
Fig 4: Extracts from the QC log generated as an output following the completion of the checks. This summarises all 

files found in the data directory, identifies any series that were expected but not found, and indicates the series 
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where parameter deviations were found. In the case of deviations (in this case, in the T2-weighted spine imaging) 
the expected value is expressed alongside the found value.     

 
 
 
 
 

  

Series  No. times 
missing  

DICOM attributes – No. times variations found  

Repetition 
time  

Echo 
time  

Flip 
angle  

Slice 
thickness  

No. 
averages  

Pixel 
Bandwidth  

Matrix 
size  

Transmit 
coil  

Localisers  0  Parameters not checked  

DWI  

b50  0  0  0  0  0  0  

Parameters not checked  b600  0  0  0  0  0  0  

b900  0  0  0  0  0  0  

ADC map  0  Parameters not checked  

MIP  6  Parameters not checked  

Dixon  

In-phase  0  0  0  0  0  0  
Parameters not checked  Out-of-

phase  0  0  0  0  0  0  

Fat  0  Parameters not checked  

Water  0  Parameters not checked  

Spine  

T1-
weighted  0  4  0  0  0  0  

Parameters not checked  
T2-

weighted  0  5  2  1  0  5  

Research series 1  0  0  0  0  0  0  0  0  Not 
checked  

Research series 2  2  0  0  0  0  0  0  0  0  

Fig 5: Table summarising the results of running Protocol Checker on data from 20 clinical WB-MRI examinations. 
Series specified in the attribute file that were not present are identified, along with any deviations from the 

expected values of the listed parameters.   
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Poster 18: Kajal Saroay, CUBRIC, Cardiff University  
Development of a dynamic model of blood flow in the cerebral vessels  

 
Synopsis 
A dynamic computational model of blood flow was developed to model pulsatile flow in compliant vessels. The 
Equivalent Single Vessel model expands on previous models of blood flow to incorporate changes in the vascular 
network across time following changes in pressure. Initial simulations to obtain the steady-state pressure 
distribution and velocity profile were carried out as a proof of concept. Further simulations were run for compliant 
vessel networks and compared to non-compliant networks. Results highlight the importance of including compliance 
and pulsatility in a model of blood flow in the cerebral vessels.    
 
Summary of Main Findings 
A dynamic computational model of blood flow was developed by expanding on existing models to include vessel 
compliance and pulsatility parameters, resulting in a more accurate model of blood flow in cerebral vessels 
  
Introduction  
Modelling blood flow in cerebral vessels contributes to the assessment of cerebrovascular health. However, current 
models do not incorporate vessel compliance and pulsatility, which limits their ability to accurately predict local 
blood flow. A new computational model of blood flow was developed to simulate flow in a branched network of 
cerebral vessels. The Vascular Anatomical Network (VAN) model by Boas et al., (2008) [1], which uses the 
relationship between pressure, flow and resistance to model flow in steady-state formed the basis of our model. To 
incorporate vessel compliance and pulsatility, two important physiological properties, the model was extended to 
simulate dynamic flow through a branched network of vessels. The steady-state pressure distribution and velocity 
profile for a large, branched network were initially obtained from the model and compared to the VAN model. 
Further simulations were acquired for networks with different vessel compliances and outputs were compared to 
the steady-state pressure distribution. This work intends to develop a more accurate model of blood flow for the 
assessment of cerebrovascular health, by incorporating compliance and pulsatility parameters into the existing 
model.  
 
Methods  

Blood flow was modelled in steady-state using the relationship between pressure gradient, resistance 
and flow (Eq. (1)). Vessel diameter, vessel length, blood viscosity and compliance were used as inputs into the 
model. Resistance to flow was calculated using Eq. (2) and pressure, velocity and flow values were obtained as 
outputs.   

∆𝑃=𝐹𝑅∆P=FR 
  

𝑅=128𝜂𝑙𝜋𝑑4R=128𝜂l𝜋d4 
  
To model flow across time, the Equivalent Single Vessel (ESV) model was developed (Fig. 1). The branched network 
was split into an arbitrary number of segments and reduced to a single vessel, with each segment corresponding to a 
segment in the branched network. Total resistance for each segment was calculated and the pressure drop across 
the vessel was obtained using the ratio of the resistance in the segment to the remaining resistance in the vessel (Eq. 
(4)). Flow through each segment was calculated using Eq. (1) and then distributed across corresponding segments in 
the main branched network, depending on the ratio of remaining resistance in the path of flow for the segment and 
the total remaining resistance in the network. Flow and resistance values for each segment were used to calculate 
the pressure gradient (Eq. (1)) and pressure distribution across the network was obtained at every time point.   
The VAN model was replicated using our model. A pressure value of 60mmHg was inputted at every time point and 
was assumed to move across the network one segment per time step. The pressure drop across each segment was 
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calculated using Eq. (4). The steady-state pressure distribution and velocity profile were obtained and compared to 
the results from the VAN model.   

To extend the model to simulate pulsatile flow in compliant vessels, a time-varying pressure wave was used 
as an input in the ESV model. Volume and resistance were calculated at every time point following a change in 
pressure using Eqs. (3) and (2) respectively.   

𝑉=𝐴0(𝑃−𝑃𝐼𝐶)1𝛽V=A0(P−PIC)1𝛽 
  

𝑤ℎ𝑒𝑟𝑒 𝐴0= 𝑉0(𝑃0−𝑃𝐼𝐶)1𝛽where A0= V0(P0−PIC)1𝛽 
  
𝑃𝑟𝑒𝑠𝑠𝑢𝑟𝑒 𝑑𝑟𝑜𝑝 𝑎𝑐𝑟𝑜𝑠𝑠 𝑖𝑡ℎ 𝑠𝑒𝑔𝑚𝑒𝑛𝑡=(𝑃𝑖− 𝑃𝑑𝑖𝑎𝑠𝑡𝑜𝑙𝑖𝑐)𝑅𝑖𝑡𝑜𝑡𝑎𝑙 𝑟𝑒𝑚𝑎𝑖𝑛𝑖𝑛𝑔 𝑅Pressure drop across ith segment=Pi− P

diastolicRitotal remaining R 
  

The steady-state pressure distribution was obtained for a network of compliant vessels (β=2) and compared 
to a network of non-compliant vessels (β=100000). Further investigations into different compliance values across 
different parts of the vascular network will be carried out. Pulsatility will also be investigated by using a pulsatile 
pressure wave as an input.   
 
Results 
The steady-state pressure distribution and velocity profile for the network of micro-vessels was obtained from the 
ESV model (Fig. (2)). Results were in agreement with the results from the VAN model suggesting that the model had 
been set up correctly.   
Fig. 3 shows the steady-state pressure distribution for a network of compliant vessels (β=2) and non-compliant 
vessels (β=100000). The two pressure distributions differ at all points of the vessel network as values are higher 
across the compliant vessels, highlighting the importance of including vessel compliance in the model.   
 
Discussion 
A new model of blood flow was developed to simulate pulsatile flow in compliant vessels. The addition of 
compliance and pulsatility leads to a more realistic model of blood flow, especially in the cerebral arteries. Results 
from the ESV model were initially acquired for the network in steady-state using non-compliant vessels and 
compared to the results from the VAN model as a proof of concept. Compliance was introduced to the model by 
allowing all vessels within the network to respond to changes in pressure. Comparing the pressure distributions for 
the compliant and non-compliant network highlights the need to include compliance within the model.  The model 
can be further developed to investigate the effects of compliance across different sections of the network (e.g., 
arterial compliance vs. venous compliance) on pressure and flow. A pulsatile pressure wave will be used as an input 
to obtain pulsatile flow waveforms. A future aim is to fit the model to MR flow data to obtain estimates of 
compliance and pulse wave velocity.  
  
 Figures  
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Poster 19: Maira Tariq, The Institute of Cancer Research  
Optimisation of 𝑇1mapping for Oxygen-Enhanced MRI assessment of hypoxia in patients 
with head and neck cancers  

 
Synopsis 
Oxygen-enhanced MRI (OE-MRI) is a promising method for mapping hypoxia in cancer tissues but needs further 
development for clinical translation. In this work we evaluate several acquisitions on a 1.5T Siemens MRI, to find the 
optimal acquisition parameters for reliable hypoxia quantification. We compared various 𝑇1T1 estimation methods, 
as change in 𝑇1T1 forms the basis for the biomarkers derived in an OE-MRI experiment. We found that a Variable 
Flip Angle spoiled gradient echo method, using flip angles 2-4°/8-10°, is suitable for reliable and stable 𝑇1T1 
estimation. Future work will assess the stability of VFA with TWIST acceleration.  
 
Summary 
We optimised acquisition for Oxygen-enhanced MRI (OE-MRI) assessment of hypoxia in patients with head and neck 
cancers. Using phantom and volunteer scans from a 1.5T MRI scanner, we found that Variable Flip Angle spoiled 
gradient echo acquisition, with flip angles 2-4°/8-10°, provides reliable and stable estimates of 𝑇1T1, which is the key 
parameter for hypoxia mapping.  
  
Introduction 
Hypoxia is a marker of cancer aggressiveness and treatment resistance, particularly in patients with head and neck 
cancers (HNC)1. Oxygen-enhanced MRI (OE-MRI) has been shown to non-invasively quantify and spatially map 
regions of tumour hypoxia2–6. In an OE-MRI acquisition, an oxygen (𝑂2O2) challenge is used, where 100% 𝑂2O2 is 
inhaled by the participant. The 𝑂2O2 inhalation induces a change in the longitudinal relaxation time,  
𝑇1T1; this change, Δ𝑇1ΔT1, is positive in normal but negative or absent in hypoxic tissue. For reliable hypoxia 
estimation an acquisition method should, therefore, provide accurate, precise, and stable 
𝑇1quantification T1quantification . Further technical development is required for wider clinical adaptation of OE-
MRI, including optimising clinically-available acquisitions to maximise sensitivity to Δ𝑇1ΔT1, with sufficient temporal 
resolution to detect this change. To this end, in this work we evaluate methods available as standard sequences 
from one main manufacturer (Siemens) to obtain the optimal acquisition parameters for OE-MRI in HNC. We assess 
dynamic 𝑇1T1 mapping methods that meet the minimum criteria for HNC imaging with clinical MRI, including 
temporal resolution (<20𝑠𝑒𝑐<20sec) and coverage (nasal conchae to base of the neck). This includes Variable Flip 
Angle spoiled gradient echo acquisition with and without TWIST acceleration (hereinafter referred to as VFA-TWIST 
and VFA, respectively). For OE-MRI with VFA, a baseline  𝑇1T1is estimated with data acquired at two flip angles (FAs) 
and Δ𝑇1ΔT1 in response to the O2 challenge is captured by a dynamic acquisition at a higher FA (read-out FA). The 
aim of this study was to assess the accuracy and precision of 𝑇1T1 estimates from VFA and VFA-TWIST acquisitions 
with different FA pairs and the stability of 𝑇1T1 
estimates in a dynamic acquisition.  
  
Methods 
This study was approved by a research ethics committee (ClinicalTrials.gov NCT05118555); all volunteers gave 
written informed consent. A standard system phantom (ISMRM/NIST7) containing materials with known 𝑇1T1 
values, and a healthy volunteer, were scanned on a 1.5T Siemens Sola with a 20-channel head and neck receiver coil. 
The acquisition parameters assessed include TWIST acceleration and FAs pairs. The acquisition is summarised in 
Table1. 𝐵1B1 homogeneity maps were also acquired at matched slice positions to assess impact of B1 correction on 
𝑇1 estimation.  
  
For each acquisition method, we assessed the accuracy/precision, signal-to-noise (SNR) and stability over time. 
Regions-of-interest (ROIs) were drawn for four spheres in the phantom (spheres included have 𝑇1T1 : 700-1500ms, 
representing T1 values for tissues of interest in HNC) and in nasal conchae, bone marrow, muscle, and brain in 
volunteer images. The accuracy/precision were calculated using known 𝑇1T1 reference values for the phantom and 
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𝑇1T1 estimated from an inversion recovery (IR-TSE) acquisition for the volunteer. SNR was quantified by T1 Noise 
Factor (𝑇1𝑁𝐹T1NF)8 and stability using shifted autocorrelation (shifted-AC).  
  
Table1: Acquisition protocols for data acquired for the phantom and healthy volunteer. The volunteer imaging 
volume covers the area between the nasal conchae and T3.  

  
  
  
Results 
Figure1 shows that the 𝑇1T1 estimates and 𝑇1𝑁𝐹T1NF in phantom measurements using VFA and VFA-TWIST are 
comparable. The FA pairs with most reliable  𝑇1T1 estimation and lowest T1NF (highest SNR) were 2°/8° and 4°/8°, 
with errors of 0-15% and 𝑇1𝑁𝐹T1NF 
of 25-30. 𝑇1T1 estimation was more accurate for 𝐵1B1corrected data compared to that without. Finally, 𝑇1T1 
estimates for various reference values showed that accuracy and SNR depended on the magnitude of 𝑇1T1 being 
estimated. Smaller 𝑇1T1 values had less bias and variability compared to the larger values.  
  
Figure2 shows distributions of estimated 𝑇1T1 for acquisitions with lower FAs: 2-5°, and higher FAs: 4-14°. These 
demonstrate that higher read-out FAs provide better separation of spheres with different  𝑇1T1 values, but the bias 
is small only when these are paired with a smaller FA of 2-4°. The choice of FAs, therefore, determines how well 
different tissues can be separated, which is important for hypoxia quantification in OE-MRI.  
  
For volunteer data, we found that VFA and VFA-TWIST acquisitions are comparable (results not shown), as with the 
phantom data. Figure3 summarises the findings for VFA-TWIST in volunteer data, compared against T1 estimates 
from IR-TSE. We found that FA pairs for most reliable estimation of T1 and lowest 𝑇1𝑁𝐹T1NF are 2°/10° and 4°/10°, 
with errors of 0-15% and 𝑇1𝑁𝐹T1NFof 25-35. However, there is no clear advantage of 𝐵1B1 correction, which in 
general introduce a greater bias and noise compared to using the original data. Finally, we found that the accuracy, 
as well as SNR depend on the magnitude of 𝑇1T1 being estimated, as found with the phantom data.  
  
Figure4 shows stability analysis for dynamic acquisition in phantom data, with read-out FA=8°, for VFA and VFA-
TWIST. No clear drift or periodicity is visible in the plotted signals (top panel), but the histograms of shifted-AC 
(bottom panel) indicate that VFA-TWIST acquisitions have periodic variability over time (means deviate from 1).   
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Figure1: Distributions of estimated T1 values (top panels) and the noise factor (bottom panels) obtained for 
acquisitions with a range of FA pairs, for phantom data. The distributions are shown for VFA acquisition with and 
without TWIST acceleration and for original data and data corrected for B1 inhomogeneity, as annotated. The results 
are shown for four different T1 reference values for the phantom, as labelled, and for all the FA pairs tested (x-axes).  
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Figure2: Separability of the T1 estimates for the VFA (top) and VFA-TWIST (bottom) acquisitions, with B1 corrected 
data. The dotted lines in each plot mark the reference values of T1.  
  

  
Figure3: Distributions of estimated T1 values (top) and the noise factor (bottom) for a range of acquisitions, for 
volunteer data. The distributions are shown for data acquired with and without B1 correction, using TWIST 
accelerated VFA. The results are shown for the different ROIs analysed, with reference values shown as shaded red 
regions (estimated from corresponding IR acquisition) and for all the FA pairs tested (x-axes).   
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Figure4: Drift analysis for phantom data, acquired using VFA and VFA-TWIST, for FA=8°, for 30 measurements for 
each method. The top panel shows the signal variability for each of the T1 reference values, while the bottom panel 
compares the distribution of Shifted-AC values for VFA and VFA-TWIST.  
  
DISCUSSION:  
We have investigated various acquisitions for dynamic 𝑇1T1 mapping and found that VFA is a good candidate for 
reliable and clinically adaptable OE-MRI. The FAs used have an impact on estimation accuracy and SNR of VFA; lower 
angles of 2-4°and higher angles of 8-10° are optimal. VFA-TWIST has half the acquisition time compared to VFA, with 
comparable 𝑇1 T1 accuracy. 𝐵1B1 inhomogeneity correction for phantom data results in more accurate  𝑇1T1 
estimation compared to non-corrected data. In contrast for the volunteer data, 𝐵1B1 correction increases the bias, 
although the magnitude of these is small. A possible reason for this is that the reference values are obtained from 
ROIs drawn on a single-slice IR-TSE acquisition, from single scan of the volunteer. Further work is required to 
investigate B1 correction, including using temperature corrected phantom reference values, as the ROIs used 
(𝑀𝑛𝐶𝑙2) have 
substantial temperature dependence7.  
  
Finally, we find that the signal from dynamic VFA at high read-out FA is stable, but VFA-TWIST data shows some 
periodicity. Further work will investigate the origin and significance of this periodicity8 including assessment of the 
ratio of data sharing in VFA-TWIST acquisition.  
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Conclusion 
We have optimised the T1-weighted signal accuracy/precision, signal-to-noise and stability over time in a 1.5T 
Siemens scanner to enable selection of a protocol for OE-MRI data acquisition using the ISMRM/NIST phantom and a 
healthy volunteer. This will now be applied to oxygen-enhanced acquisitions in clinical studies.   
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Poster 20: Oriana Arsenov, University College London  
Preliminary MRI Conductivity Mapping Using a Multi-Echo EPI Sequence  

  
Synopsis 
Quantitative conductivity mapping (QCM) shows potential for several clinical applications but has not been performed 
using multiple echo echo-planar imaging (ME-EPI). We aimed to test rapid ME-EPI for QCM. However, the ME-EPI 
phase data (φ0), from which the conductivity is calculated, suffers from slice-to-slice inconsistencies.   
We investigated three methods to remove this artifact: adding a phase inconsistency correction, in each slice 
subtracting: the average φ0 in that slice and the 2D in-plane linear fit. Subtracting the average φ0 correction improved 
QCM, substantially increasing the percentage of voxels with positive conductivities from 75% to 90.5% throughout the 
brain.  
  
Summary 
One method to correct for slice-to-slice inconsistencies in EPI phase maps improved the conductivity maps and 
substantially increased the percentage of voxels with positive values by 15.5% to 90.5%, higher than the 90% in the 
reference GRE QCM.  
  
Introduction 
Quantitative susceptibility mapping (QSM) and quantitative conductivity mapping (QCM) are two non-invasive MRI 
techniques used to derive electromagnetic tissue properties. Both can be extracted simultaneously from the phase of 
gradient echo (GRE) images, as shown by other studies [1], with potential for a range of clinical applications such as in 
early diagnosis of Alzheimer’s disease and other neurodegenerative diseases [2], distinguishing between brain tumour 
types [3] and revealing changes in brain ion content [4].   
In this study, we investigated whether a multiple echo echo-planar imaging (ME-EPI) sequence that has proved useful 
for rapid QSM [5] and fMRI [6] can be used for QCM. QCM has not been performed before for gradient echo EPI or 
multi echo EPI data. This sequence would allow a rich set of MRI contrasts (susceptibility, conductivity, functional) to 
be obtained from a single, efficient scan. However, the phase of the EPI data suffers from slice-to-slice inconsistencies. 
Here, we investigated three methods to remove this artifact.  
  
Methods 
We acquired 2D ME-EPI brain images [5] in a healthy volunteer on a 3T Siemens Prisma MR System with 1.5 mm 
isotropic resolution, matrix size=160x160x120, 5 TEs, TE1=12.20 ms, ΔTE=20.91 ms, TR=14890 ms, FA=90°, Multiband 
and GRAPPA acceleration factors, SMS=1 and R=4, respectively, for 5 volumes. To provide multi-echo capabilities, we 
used a sequence available from CMRR [7]. A 3D GRE brain image of the same volunteer was acquired with 1.5 mm 
isotropic resolution, matrix size=160x160x120, 4 TEs, TE1=12.19 ms, ΔTE=20.91 ms, TR=80 ms, FA=15°, R=4, as a 
reference as it did not suffer from slice-to-slice phase inconsistencies. The GRE image was used to evaluate 
inconsistencies in the EPI phase and computed conductivity map.  To calculate the QCM, we used an existing QCM 
pipeline optimized for the multi-echo GRE sequence [8]. Conductivity maps were calculated from the phase at zero 
echo time, φ0. This was extrapolated from a non-linear fit over the complex data [9] over all five echoes from the last 
volume. Residual wraps in φ0 were removed by applying SEGUE [10]. Brain masks were calculated using BET [11] on 
the third echo magnitude images and eroded by 2 voxels. To compute the conductivity map, the surface-integral-
based method was used with large kernels (differentiation kernel: [11,11,11], surface integral kernel: [20,20,20]) with 
magnitude- and segmentation-based edge preservation. The third-echo magnitude image was used for both 
magnitude-weighting and segmentation of gray matter, white matter, and cerebrospinal fluid using SPM12 [12]. This 
method has been shown to provide good conductivity maps for low-SNR images [8].   To try to remove slice-to-slice 
inconsistencies in the EPI φ0 images, we: i) added a phase inconsistency correction [13] to our existing pipeline, ii) 
computed the average φ0 in each slice and subtracted it from the φ0 in the same slice, and iii) performed 2D in-plane 
linear fitting in the left-right and anterior-posterior directions and subtracted the linear fits in each slice.  
  
Results and Discussions  
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Figure 1 shows the slice-to-slice inconsistencies present in the EPI raw (a) and unwrapped fitted phase (b) and in the 
φ0 map (c). The GRE φ0 map (Fig 1d) does not suffer from this artifact. The inconsistencies appear as bands in the 
sagittal and coronal planes. Similar inconsistencies have been observed for this sequence for a range of SMS and R 
factors [14]. These images also show geometric distortion and a phase offset between the EPI and GRE φ0 maps.   
Figure 2 shows the effect of different techniques to reduce the slice-to-slice inconsistencies in the EPI φ0 maps. The 
phase inconsistency correction i) was not effective in reducing the slice-to-slice inconsistencies, ii) substantially 
reduced the phase inconsistencies including the bright band in the lower part of the brain, while iii) slightly reduced 
these inconsistencies.  
Figure 3 shows an axial and a sagittal slice of the conductivity maps obtained from the uncorrected EPI φ0, the 
corrected EPI φ0 with correction ii), and the GRE φ0. The CM obtained from the uncorrected EPI φ0 had unphysical 
negative conductivity values in many areas. After correction ii), the CM contained a much higher number of positive 
voxels. The percentage of voxels with positive conductivity values throughout the brain substantially increased by 
15.5%, from 75% for uncorrected to 90.5% for corrected EPI φ0. The reference GRE conductivity map had 90% positive 
voxels. The negative values in EPI CM may have appeared because of residual slice-to-slice phase inconsistencies and 
phase artifacts observed in the axial plane. The slice-to-slice phase inconsistencies may have been caused by the coil 
combination method used by this sequence [7] as it allows multiband acceleration.  
  
Conclusions 
We have performed conductivity mapping for the first time on phase data acquired using multi-echo gradient-echo 
EPI. We showed three methods to correct for slice-to-slice inconsistencies in ME EPI φ0 maps, with one method 
eliminating these inconsistencies and substantially improving the conductivity maps by increasing the percentage of 
positive voxels by 15.5%. We used the GRE image to evaluate these inconsistencies in the EPI phase maps and 
computed conductivity maps. We obtained a similar number of positive voxels in conductivity maps from EPI φ0 
corrected by subtracting the slice average and GRE, 90.5% and 90%, respectively.  
  
  
  
Figures  

  
Figure 1. Raw (a), fitted phase (b), and φ0 (c) maps for EPI compared to φ0 map for GRE (d) acquisition. Slice-to-slice 
inconsistencies can be observed in the sagittal plane for the EPI data (red arrows).   
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Figure 2. Sagittal slices showing slice-to-slice inconsistencies in the EPI φ0 (a) and the effect of applying a phase 
inconsistency correction (b), subtracting the slice average from each slice (c), and subtracting a 2D  linear fit from each 
slice (d).   

  
Figure 3. Axial and sagittal slices of conductivity maps obtained from EPI acquisition when no corrections were applied 
(a), when correction ii) was implemented (b), and from GRE acquisition (c). The percentage of positive voxels within 
the brain mask for each CM is shown below. A substantial improvement in conductivity values is observed when the 
correction was performed.   
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Poster 21: Matthijs H.S. de Buck, University of Oxford  
Consistent multi-channel B1+ mapping in both the head and the neck using pTx head coils at 
7T by combining different RF shims and transmit voltages  

 
  
Synopsis 
Acquiring multi-channel B1+ maps in both the head and the neck when using pTx head coils at 7T can be challenging 
due to the combination of low RF penetration into the neck and the inherently limited validity range of multi-
channel B1+ mapping techniques. By combining B1+ maps acquired using different RF shims and transmit voltages, 
the coverage into the neck can be increased without reducing the accuracy in the head. A pipeline for the combined 
reconstruction of multi-channel B1+ data is presented, as well as a database of multi-channel B1+ data acquired using 
the proposed method.  
  
Summary of main findings 
Combining B1+ data from different voltages and RF shims allows the reconstruction of accurate multi-channel B1+ 
maps for both the head and the neck. A pipeline for this is presented, as well as a database of multi-channel B1+ data 
acquired using the proposed method.  
  
Introduction 
The use of parallel transmission (pTx) for ultra-high field MRI1 provides improved control over the transmit B1 (B1+) 
field by enabling full control over the amplitude and phase of the individual transmit channels. Multi-channel B1+ 
mapping aims to characterize the transmit fields of each individual pTx channel. This allows for the calculation and 
optimization of different (and even universal2) RF shims and pTx pulses.   
  
For some applications, such as arterial spin labelling3,4 or arterial blood suppression for vessel wall imaging5, multi-
channel B1+ information can be required in the neck as well as in the head. Acquiring these data using pTx head coils 
can be challenging due to the combination of low RF penetration into the neck and the inherently limited validity 
range of multi-channel B1+ mapping techniques. High transmit voltages can be used to achieve B1+ coverage in the 
neck, but this reduces the accuracy of the B1+ estimates in high-signal regions (Figure 1). Here, an approach that 
combines B1+ maps acquired at different voltages and RF shims is proposed, to simultaneously achieve accurate 
multi-channel B1+ coverage in the head and the neck. Using this method, a 10-subject multi-channel head-and-neck 
B1+ database for a standard 8-channel 7T pTx head coil was acquired.  
  
Methods 
3D multi-channel B1+ maps were calculated from acquired multi-channel relative B1+ maps and combined B1+ maps 
for different RF shims. A recently proposed “sandwiched SatTFL”6 approach was used for rapid acquisition of 3D 
absolute B1+ maps.   
  
Figure 2 shows a schematic of the acquisitions and processing pipeline. To provide the large dynamic range required 
for simultaneous B1+ mapping in the head and the neck, all acquisitions were repeated at three different transmit 
voltages (50, 100, and 175V). For relative maps, multi-voltage data were combined using the large dynamic range 
method described by Padormo et al7. For absolute maps, multi-voltage data were combined by imposing consistency 
in the B1+ data expressed in voltage-independent Hz/V units.  
  
B1TIAMO8 was used to mitigate B1+ inhomogeneities by combining data acquired in CP-mode (45° phase increments) 
and CP2-mode (90° phase increments). B0-correction was applied to correct for B1+ underestimation in the presence 
of high B0 inhomogeneity (up to -1000Hz in the neck). PRELUDE9 was used to unwrap the phase maps used for B0 
measurement.  
  



 

 
191 
 

All data were acquired with the same FOV (225×225×300mm). B1+ and B0 data were acquired at 7.5×5.6×6.2mm 
resolution. MPRAGE structural data were also acquired at 1.2mm isotropic resolution, using the root-sum-of-squares 
of data acquired in CP-mode and CP2-mode to improve coverage into the neck. Additional measured B1+ maps for 
arbitrary shims (acquired using multiple voltages and including B0-correction) were used for validation.  
  
All data were acquired on a Siemens Magnetom 7T scanner using a Nova Medical 8Tx/32Rx head coil.  
  
Results 
Figure 3b shows an example of the predicted B1+ when using the pipeline outlined in Figure 2. Compared to data 
acquired using single voltages in CP-mode only (Figure 1), the root-mean-square error (RMSE) is substantially 
improved: 0.63Hz/V instead of 1.26Hz/V (for 50V only) or 1.21Hz/V (for 175V only). Figures 3c-e show the effect of 
excluding different parts of the reconstruction pipeline. When removing either combined voltages, B1TIAMO, or B0-
correction, the RMSE of the predicted B1+ map increases to 1.09Hz/V (+73%), 0.86Hz/V (+36%), and 0.73Hz/V (+16%) 
respectively.   
  
General information about the 10 healthy volunteers in the multi-channel B1+ database is shown in Figure 4. The 
database consists of the multi-channel B1+ maps, B0 maps, and MPRAGE data. For some subjects, absolute B1+ maps 
for additional RF shim configurations were also acquired for validation. Figure 5 shows the MPRAGE data and CP-
mode B1+ data for a single slice in all 10 subjects.  
  
Discussion 
When combining B1+ maps acquired using different RF shims and transmit voltages using the approach outlined in 
Figure 2, the coverage into the neck can be increased without reducing the B1+ accuracy in the head. The 
reconstructions in Figure 3c-e show that leaving out any individual correction (combined voltages, B1TIAMO, or B0-
correction) increases the RMSE, indicating that all of them are necessary to achieve the best agreement.   
  
The final reconstruction (Figure 3c) achieves an RMSE of 0.63Hz/V, so disagreement between predicted and 
measured B1+ maps remains. However, some of this remaining disagreement may be caused by inaccuracies in the 
measured B1+ maps rather than the predicted B1+ maps. For example, in the low-B1+ regions in the middle of the 
head in Figure 3a, discontinuities which do not typically appear in B1+ maps are visible in the measured B1+ map, 
while the predicted B1+ map remains spatially smooth.   
  
The main limiting factor of the proposed approach is the total acquisition time of 6:45 minutes. Therefore, the 
database presented in Figures 4 and 5 was acquired, which can be used for the calculation of universal pulses and RF 
shims and for simulation purposes. The database was acquired using a commonly used pTx coil, so should be useful 
for other research centres. It will be shared on request, and we aim to have it publicly available online before the 
BIC-ISMRM meeting.  
   
Conclusion 
Combining B1+ data from different voltages and RF shims allows the reconstruction of accurate multi-channel B1+ 
maps for both the head and the neck.  
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Figures:   
  

  
Figure 1: Measured (from 3 combined transmit voltages) and predicted (for different single voltages) B1+ maps, for 
an arbitrary RF shim. (a) Measured B1+ map, for the coronal slice shown in (b). (c) Predicted B1+ map for this shim 
based on multi-channel B1+ maps acquired at 50V (top) and the agreement between the predicted and measured B1+ 
map for the full 3D FOV (bottom). (d) The same as (c), for data acquired at 175V. Neither predicted B1+ map achieves 
good agreement with the measured map.  
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Figure 2: Flowchart of the different acquisition types (blue) and reconstruction techniques (orange) used for 
calculating the head-and-neck multi-channel B1+ maps. The acquisition time for all (sets of) acquisitions is shown at 
the top. A brief description and motivation for the different steps is included in the main text.   
  

  
  
Figure 3: Measured (combined from 3 voltages) and predicted B1 maps for the same coronal slice and arbitrary RF 
shim shown in Figure 1. (a) Measured B1+ map. (b) Predicted B1+ map when reconstructing using the approach in 
Figure 2 (top row: predicted B1+ map; middle row: error map relative to the measured B1+; bottom row: comparison 
for the full 3D field-of-view). (c-e) The results when predicting B1+ without the use of either combined voltages, 
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without B1TIAMO, or without B0 correction, respectively.   
  

  
  
Figure 4: An overview of the 10 healthy volunteers included in the database of multi-channel B1+ maps.  
  

  
Figure 5: A coronal slice of all 10 subjects showing (a) structural MPRAGE data (the root-sum-of-squares of 
acquisitions in CP-mode and CP2-mode) and (b) B1+ magnitude maps in CP-mode, calculated from the multi-channel 
B1+-maps. The same slice (in coil coordinates) is shown for all subjects. The slice is positioned towards the posterior of 
the head to ensure that the neck is included.    
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Poster 22: Jack Highton, King’s College London  
Principal Component Analysis and Deep Learning for Retrospective   

 
 

Synopsis 
Stress-perfusion cardiac MRI (pCMR) is a powerful diagnostic for heart diseases. However its use is currently 
limited due to the expertise required for interpreting the qualitative data. To increase accessibility the ideal is 
reliable quantitative mapping of perfusion, which requires motion correction that is robust to the changing 
contrast distribution across the time series. Our method uses a combination of principal component analysis and a 
convolutional neural network developed using supervised learning. We have demonstrated this can correct pCMR 
respiratory motion an order of magnitude faster than established retrospective methods (190s vs 4800s), with 
similar accuracy. 

Summary 
Quantification of stress-perfusion cardiac MRI data requires motion correction robust to the changing contrast 
distribution. We combine principal component analysis and a CNN to correct motion 25x faster than established 
retrospective methods. 

Introduction 
Stress-perfusion cardiac MRI (pCMR) is emerging as a more economical and accurate rival to 
stress-SPECT for the diagnosis of Coronary Artery Disease1, one of the leading causes of death in the UK. However, 
it is currently used at a limited number of clinical centres due to the expertise required for interpreting the data, 
given the lack of a standardised data analysis pipeline allowing quantitative perfusion mapping (an example 
pipeline developed in-house2 is outlined in Figure 1). Motion is a significant problem, as pCMR requires dozens of 
images to be acquired as the contrast agent flows through the ventricles and myocardium. Cardiac cycle motion 
can be suppressed using ECG signal gating, however this sometimes fails due to irregular heartbeat. Respiratory 
motion can be suppressed by requesting a breath hold, but is not practical for many patients. 

Motion correction techniques must deal with large intensity variation as the contrast agent passes. Previous 
approaches removed this variation by modelling the contrast kinetics to produce synthetic images (which assumed 
non-deformable motion)3, or with Principal Component Analysis (PCA)4. The latter produced baseline images with 
contrast intensity suppressed, followed successfully by mutual information based groupwise registration - but 
currently takes 80 minutes per scan with an Intel Core i9 CPU. 
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Here, Convolutional Neural Networks (CNNs) are developed using supervised training for much faster pCMR motion 
correction. Two approaches - including or not including PCA in preprocessing - were compared for speed and 
accuracy. 
 

Method - Data Acquisition 
The dataset included single-slice stress-perfusion cardiac MRI from 16 subjects (Philips Achieva 3T, TR/TE 
2.22/1.03ms, voxel size 1.25x1.25x10mm). Each scan produced one Proton-Density (PD) weighted structural 
image, and 60 to 80 pCMR repeats during the passage of contrast. Each repeat included 3 images, acquired 
during three stages of the cardiac cycle triggered by ECG signal gating. No irregular cardiac cycles were detected 
so motion in this dataset was dominated by respiration. 

 

Method - Training Data Preprocessing 
The training data was taken from 12 subjects, while 4 separate subjects were test cases. After demarching the 
bounding box containing the left ventricle5 with a minimum size of 128x128 pixels, the groupwise motion 
correction was applied to the training datasets using the existing PCA method4. 
Random deformation fields were generated by combining a linear translation with deformations 
produced using gaussian-smoothed shot noise. As the proton density weighted image would be used as the 



 

 
197 
 

reference, the same random deformations were applied to each pCMR image and the PD image, after groupwise 
motion correction. This produced an augmented dataset of 2160 overlapping pCMR and PD image pairs. Gaussian 
noise (magnitude 2.5% max intensity) was added to diversify the training data further. Then, random 
deformation fields were applied to the PD image only, producing a motion discrepancy with a ground truth which 
could be used for supervised CNN training. 

In the alternative method, Principal Component Analysis (PCA) was applied to the pCMR image series in the 
time dimension. This separated the images (M) into a low rank component corresponding to the structure with 
suppressed contrast intensity (L) (see Figure 2) and a sparse component of changing contrast intensity (S), such 
that L+S=M. This created a more consistent contrast pattern in the pCMR images used in training, but required 
PCA to be applied to any test data before inference then the predicted deformations to be applied to the 
original images. 

 
 

Method - CNN Architecture 
The CNN was developed using PyTorch6 with a U-Net7 architecture (see Figure 3). The two input channels were a 
single pCMR image to motion correct and the reference PD image. The two output channels were two dimensional 
components of the deformation field. The cost function 𝐶 was: 
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where 𝑃𝑖𝑗 and 𝐺𝑖𝑗 are the predicted and ground truth 2D deformation fields (see Figure 4). 𝐶 is the 

total pythagorean error in the deformation vectors between 𝑃 and 𝐺, plus a total divergence 
term which penalises discontinuity. The hyperparameter 𝛂 was updated during training so 
the divergence term would account for approximately 10% of 𝐶 in the previous epoch. 
Training terminated when 𝐶 decreased less than 1% in the preceding 100 epochs, requiring 
around 3000 epochs. 

 
 

 

Results 
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Before application of the CNN for deformable registration, pCMR images in the test 
cases were aligned with the PD image using rigid registration by minimising mutual 
information using SimpleITK8. The summary quality of the motion correction was 
quantified by mutual information between the pCMR images and reference PD image. 
The CNN trained without PCA performed motion correction faster (0.18s per image) 
then the CNN trained with PCA (2.4s), because PCA had to be computed before 
prediction. However, the latter performed motion correction more accurately (see 
figure 5), close to the baseline method4 which requires 60s per image. 

 
Discussion 
We have demonstrated that CNNs can correct pCMR respiratory motion an order of 
magnitude faster than established retrospective methods, with similar accuracy. In 
future work, the CNNs will be trained to handle cases where ECG signal gating fails, 
using a simulation of cardiac motion to augment training data. The method will be 
implemented onto the scanner operating system in combination with rapid 
automation of the rest of the pipeline, making the diagnostic power of quantitative 
pCMR more widely accessible. 
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Poster 23: Eva Periche-Tomas, CUBRIC, Cardiff University  
Diffusion-weighted MR spectroscopy: A novel in-vivo method for imaging 
inflammation-associated changes in glial morphology  

 
Synopsis 
Neuroinflammation is implicated in the pathogenesis of age-associated cognitive decline and 
neurodegenerative disorders. Current methods for imaging (micro)glia in humans are limited to 
TSPO-PET, an invasive technique with poor cellular specificity and challenging modelling. Here we 
acquired DW-MRS in 15 young and 15 older participants (Thalamic grey and frontal white matter 
voxels) each scanned twice: 4½ hours after Interferon-1beta 100 ug)/ placebo. Results supported 
our prior hypotheses of selective effects of IFN-beta on thalamic Choline (p<0.026) (but not NAA 
ADC) and age on NAA ADC providing support for DW-MRS as a novel in-vivo method for 
quantifying glial morphology.  
 
Summary of Main findings  
IFN-beta significantly increased thalamic ADC choline (t(28)=-2.4; p=0.026) but importantly not ADC 
of NAA (ps>0.05); age was associated with lower NAA concentration and diffusivity (p=0.025; 
p=0.017) and greater Choline concentration (p=0.009).  
  
Introduction 
Neuroinflammation is increasingly implicated in the aetiology of human psychiatric and 
neurodegenerative disorders and age-associated cognitive decline1. Recently published proof-of-
concept data (7 participants) suggests that diffusion-weighted magnetic resonance spectroscopy 
(DW-MRS) may be sensitive to systemic endotoxin-induced changes in glial morphometry 
reported in humans using TSPO-PET and rodents using microscopy2. In this study, we combined an 
Interferon-beta-1b (IFN-b) challenge model with DW-MRS to measure inflammation-induced 
changes in the apparent diffusion coefficients (ADC) of glial and neuronal metabolites in young 
and older healthy participants. We hypothesised that (i) IFN-b would induce a significant increase 
in choline (glial) but not NAA (neuronal) apparent diffusion coefficient (ADC) (ii) Age will 
selectively modulate effects of inflammation on choline (glial) ADC (iii) Differential age-associated 
differences in the relative concentrations of NAA (neurons) and choline (glia).   
   
Methods 
We adopted a within-subject, cross-over experimental design in which 15 young (6 male, mean 
25.2+/-5.1 years) and 15 older (5 male, mean 62.6 +/- 4.1 years) participants received a 
subcutaneous injection of either Interferon-beta-1b or placebo in two separate testing sessions. 
Blood pressure, heart rate and temperature were monitored hourly, and mood, fatigue and 
sickness behaviour questionnaires completed throughout each 7-hour testing session. Blood 
samples were collected at baseline, 4 and 6½ hours post-injection for differential cell count, 
cytokine and transcriptomics analysis. MRI and MRS data were obtained at 4½ hours after each 
injection. A T1-weighted MPRAGE sequence acquired in sagittal orientation then reconstructed in 
3 orthogonal planes was used to position two 4.5 cm3 DW-MRS volumes of interest (VOIs) on the 
left thalamus and left corona radiata (20 x 15 x 15 mm3 voxel size). We used a bipolar DW-MRS 
sequence based on a semi-LASER sequence and applied four diffusion weighting conditions: one 
at b=0 s/mm2 and three at b=3500 s/mm2 with diffusion gradients in three orthogonal directions in 
the VOI coordinate system.  
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Results  
Main effect of interferon: we observed significant condition (IFN-beta/placebo) x time 
interactions in heart-rate (+11/ -5.5 beats-per-minute), body temperature (+1.5/+0.4 C), sickness 
(+4.1/+ 1.6 points), negative mood (+6.3/+2.5 points) (p<0.01-0.001) and systemic neutrophil, 
monocyte and lymphocyte counts (p<0.01-0.001) confirming robust peripheral immune and 
central sickness responses. Paired t-test showed a significant increase in Choline diffusivity in the 
thalamic VOI following INF-b compared to placebo (t(25)=-2.4, p=026) (Figure 1). No significant 
differences were observed between conditions for Choline in the WM control region. NAA and Cre 
did not significantly differ between conditions in either grey or white matter regions (Figure 2). 
Furthermore, no significant differences in the metabolites’ relative concentration were found in 
either region between conditions.   
Age associated effects:  At baseline (placebo condition) we found significantly lower thalamic NAA 
ADC in the older compared to the younger group (t(24) = 2.56, p=0.017) (Figure 3). Older age was 
also associated with significantly lower NAA relative concentration (tNAA/tCr) in both grey (t(18.96)= 
2.44, p=0.025) and white (t(24)= 3.92, p<0.001) matter VOIs (Figure 4) and significantly higher 
Choline relative concentration (tCho/tCr) in white matter (t(24)=-2.82, p = 0.009) (Figure 5).  
  
Discussion 
In this study, we used DW-MRS in a sample of healthy young and older and showed evidence of 
changes in brain intracellular metabolite diffusion in the context of experimentally-induced 
inflammation. Our primary finding was an increase in thalamic Cho ADC after IFN-b compared to 
placebo. This finding is in line with evidence from animal models where glia undergo acute 
activation-associated cytomorphological changes during systemic inflammatory challenge1. Mice 
DW-MRS studies using Myo-inositol (Ins) and Culprizone models of inflammation have reported 
elevated Ins and Cho ADCs which also correlated with histological measures of severe 
inflammation and changes in astrocytic and microglial area fractions2. Furthermore, in humans, 
studies on neurological diseases such as systemic lupus erythematosus and ALS have also found 
elevated diffusivities in choline and creatine3, 4.   
We also observed an expected age effect in thalamic NAA diffusivity with older adults showing 
significantly reduced NAA diffusivity compared to their younger counterparts. Evidence from the 
literature shows that the main morphometric measures of neurons (e.g. total dendritic surface 
area, total volume, total dendritic length, dendritic spine numbers and densities and dendritic 
diameter) significantly decrease in healthy ageing, which may lead to decreased neuronal space 
for metabolite diffusion, and potentially reduce the ADCs 5, 6,7.  
Finally, Differential age-associated differences in the relative concentrations of NAA (neurons) and 
choline (glia) were found. Older individuals showed decreased NAA and increased Cho relative 
concentrations compared to their younger counterparts. These results are consistent with data 
from animal and human models showing significant age-associated regional variations in glial and 
neuronal densities8, 9, 10.  
 
Conclusion 
Our findings show that DW-MRS was able to detect changes in Cho diffusion associated with IFN-b 
and emerges as an MR imaging paradigm able to quantify glial morphological changes associated 
with mild inflammatory challenges. Furthermore, the observed age-associated difference in NAA 
diffusivity suggests that DW-MRS may be a powerful tool sensitive to cell-specific age-related 
changes in healthy humans.  
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Figures  
 

  
  
  
  
  
  
  
  
  
  Figure 1. Left Thalamus metabolite diffusion distribution of choline, creatine and NAA. P-value 
represents significant effect of IFN on ADC choline compared to placebo (Interferon condition is in 
red, placebo in blue)  
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  Figure 2. White matter metabolite diffusion distribution of choline, creatine and NAA (Interferon 
condition is in red, placebo in blue)  
  

  
Figure 3. Age-associated differences in thalamic ADC NAA between young and old groups for the 
placebo condition  
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Figure 4. Age-associated differences in thalamic and white matter tNAA relative concentrations 
between young and old groups for the placebo condition. (tNAA concentrations relative to tCr 
([tNAA/tCr]))  
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Figure 5. Age-associated differences in the relative concentration of white matter Choline for the 
placebo condition. (tCho concentration relative to tCr ([tCho/tCr]))  
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