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Abstract

Arterial Spin Labelling (ASL) MRI is the only truly non-invasive method for
measuring perfusion using arterial blood water as an endogenous tracer. The settings
for ASL MRI acquisitions and analyses have been well developed. However, there

are still challenges for conducting research of ASL images.

One challenge is that, due to the relative low resolution of ASL images, partial
volume effects could affect the region analysis of ASL images, especially when
quantifying perfusion for GM, as the perfusion in voxels could be a confounding of
different types of tissues. Accordingly, the approaches to correct partial volume
effects have been exploited and applied in prior studies, however, it is absence of the
evidence of how partial volume effect corrections could make a difference of

analysis in large cohorts.

Another challenge that may limit the widespread clinical adoption of ASL is its
reliance on manual Quality Control (QC) by experts. ASL image assessment is
traditionally performed by radiologists to ensure data quality for further analysis, a
process that is both time-consuming and subjective due to the absence of

standardized QC protocols.

In this thesis, for the first challenge, partial volume effects correction was applied in
a large ASL data to explore how it affects the region analysis for GM tissues which
were intuitively interested in. Apart from the conventional volumetric analysis
method, surface-based analysis was also developed and applied to the ASL data to
provide in-depth understanding from a different view. Secondly, quality control
metrics were developed specific to ASL images, in this thesis, leveraging existing
methods and attempting to provide a standardized quality control pipeline for ASL
images. Furthermore, deep learning provides the advantages of learning features of
medical images without the human interference, provides a promising method to
automatically conduct quality control. A deep learning-based method was developed

in this thesis for automatic quality control of ASL images.



Acknowledgements

During my four years of study in Nottingham, I learned and experienced a great deal,
and completing this thesis would not have been possible without the support of many
people. I would like to express my deepest gratitude to all those who helped me

along the way.

First, I would like to sincerely thank my primary supervisor, Michael Chappell, for
his invaluable guidance and support throughout my studies. His vast knowledge and
ability to explain complex concepts in simple terms were instrumental in advancing
my research. As the ancient Chinese poet Han Yu once said, “A teacher is one who
transmits wisdom, imparts knowledge, and dispels confusion.” Michael exemplified
this role, providing not only solutions to immediate challenges but also thoughtful
and systematic advice that shaped my approach to research. I feel incredibly
fortunate to have had him as my mentor, and his dedication to research will continue

to inspire me throughout my career.

I am also deeply grateful to my second supervisor, Xin Chen. Although we worked
together for a shorter period, as he became my supervisor in my third year, his

impact on my work was profound. His enthusiasm and ability to quickly identify
areas for improvement in my research and writing were invaluable. Xin's timely
feedback and encouragement helped me develop critical thinking skills and refine my

work. I truly appreciate his generous and unwavering support.

I would also like to thank my colleagues and fellow researchers in PhysImAl,
Beacon, and SIGMA. Special thanks to Martin Craig, Flora Kennedy McConnell,
and Tom Kirk for their technical guidance and for steering my work. I am grateful to
my peers, Logan Zhang, Yechuan Zhang, and Haodong He, whose insights and
advice from the early stages of my academic journey have been indispensable.
Additionally, I want to acknowledge the fellows in SIGMA, whose positivity and
support, particularly in the reading group, were a source of inspiration. I am also
thankful for the financial support provided by the medicine school and the Haydn

Green Foundation.

Finally, I would like to express my heartfelt thanks to my wife Shuya Yang, who took
care of me throughout the thesis writing period. Her support has been unwavering,

and I am deeply grateful for her presence during this journey.

3



Contents

I INErOAUCHION ...t r e e e e e e e 1
1.1 Background............ooviiiiiiiii 1
1.2 Thesis OULHNE .....cccoiiiiiiiiiiiiiii it e e e e e 2

2 Background ... 4
2.1 Magnetic Resonance Imaging .............coovvvviiiiiiiiiiiiiiiiiiiiiinnnnnn e 4

2.1.1 Principles Of MRI ... 4
2.1.2 Structural MRI ... 11
2.1.3  Functional MRI ..ot 12
2.2 Perfusion imaging using Arterial Spin Labelling MRI........................e 14
2.2.1 Quantification of PerfuSIOn ..........coovviiiiiiiiiiiiiiie e 14
2.2.2  Principles of Arterial Spin Labelling ............ccoocvvviiiiiiiiiiiiinc, 15
2.2.3 General principle of Arterial Spin Labelling ............ccccoovieiniininns 15
2.3 ASL MRI ProCesSINgG......ccoviiiiiiieeeieeeeeeeee e 22
2.3.1 MOION COTTECHION ...uvvviiiiiiiiiii ettt 22
2.3.2  DiStOrtion COTTECTION ....uuutviiiiiiieeeeeees ettt ee e e e e e e e e s e s eeeeeeeeeaeas 22
2.3.3  Re@ISIALION ..vvviiiiiiiiiii ettt 23
2.3.4  QUANTTICALION. ...iiiii ittt ittt e e e e e e e e e e 25
2.4 Partial volume effectS .......c.uvvviiiiiiiieiii i 31
2.4.1 Partial volume effects in ASL MRI..........c.cccooiiiiiiiiii, 31
2.4.2 Partial volume effects COTrection ............uuuvereieiieeeiiiiiiiiiiiiiieee e 32
2.5  Artifacts in ASL MRI ... 34
2.5.1 Artifacts arising during labelling ............ccccoeeviiiiiiiiiiiiii e, 34
2.5.2 Artifacts arising during transit of labelled spins ............cccccvvvveveneennnnn. 37
2.5.3 Artifacts arising during read-0out............ccovieiiiiiiiiii 39
2.6 Quality COntrol .......ccvviiiiiiiiiiiie i 40
2.6.1 Quality Control ProtoCOILS ..........ocouvviieiiiiiiiiiiiiiiiicee e 41



2.6.2  Quality Control tools in MRI ..........ccooiiiiiiiiiiiiie 43

2.7  Automated Quality Control Techniques.............ccccvvvvvviiiiiviiiiiiiiiiiiiiinnns 48
2.7.1 Machine Learning...........cccuvrveeiiiumiieeniiiiiieee e e e s e e 49
2.7.2 Deep Learning........ccevviiiiiiiiiiiiiiiiiiie e 53
2.7.3  Anomaly DeteCtiOn.........uuuviiiiiiieeiiiiiiiiiiiiiiie e e e e e e 58

2.8 COMNCIUSION ...tttiiiiiitee e e e ettt e e et r e e e e e e e e e e ettt reaeeeeeeaeas 59

3 Regional Changes in Cerebral Perfusion with Age When Accounting for

Changes in Grey Matter VOIUME ..........cvviiiiiiiiiiiiiiiiicic e 61
3.1 INEOAUCTION Levviiiiiiieies et a e e e e e e 61
3.2 MEthOAS ..t 64

32,1 DaAtasel...ccooiiiiiiii i 64
3.2.2 MRI data aCQUISTHON ...eeevvviiiiiiiiiiiiiiiiiiiiiriiiiiiii e e e e e e 64
3.2.3  Data PrOCESSINE .. .vvvvieiiiriiiieeiiiriee e e st e et e s e e e s 65
3.2.4  Statistical analySis ........ccvvviiiiiiiiiieiiiii 69
3.3 ReSUIS c.uviiiiiiic 70
3.3.1  VOIUMELIIC TESUILS ...vvvviiiiiiiiee ittt 70
3.3.2  Surface-based reSults ..........ocoiiiiriiiiiiiiiiii 72
3.4 DISCUSSION tettiiiiiieieeasiieiiiiiie ittt e et e e e e e e e sttt et et e e e e e e e e e e a bbb e e e e e aeeeaaans 74
3.5 CONCIUSION ...ttt e e e e e e 78
3.6 REferenCes .....uvvviiiiiiiiiiiiiii 79

4 Quality Control in ASL MRI.......oooiiiiiiiiiiiiiiiiiii e 80
4.1 INEOAUCTION . e e e e 80
4.2 TREOTY ittt 84

4.2.1 Signal QUality MEtriCS .......uvvrieeiiiiiiieesiiiiie e 84
4.2.2  Perfusion Quality MEtriCS ........ccoiiurriieiiiiiiiieeiiiiiiee e 87
4.2.3 Registration Quality MEtriCs ........ccccvvviiiriiieiiiiiiiiiciiee e 89
43 EXPETIMENTS ... 92



4.3.1 Dataset and pre-proCeSSINE. ......c.vvrrrrieiiiiiriieriiiriiee s 92

4.3.2 MEhOAS v 93

4.4 RESUIS coeiieei it 99
4.4.1 Image Quality MEtrICS ......cuvvviiiiiiiiiiieiiiiii et 99
4.4.2 Quality Control Report ..........ccooviiiiiiiiiiiiiiiiiiii e 101
4.4.3 Quality Control Using Machine Learning............cccccoccvvveeiiiiiinneenne 109

4.5 DIASCUSSION .tttteiiiieeeeeee e ettt ettt e e e e e e e e st e e e e e e e e e e e s e e nnbbnbn e e e eaaeeens 112
4.6 CONCIUSION ...ttt e e e 115

5 Quality Control Using Deep Learning in ASL MRI Images ................uvvvvnnns 116
5.1 INEEOAUCTION .t 116
5.2 TREOTY teeeieiiiiiiee et 118
5.2.1 Variational AUtOENCOAETS .......ceeviiiiiiiiiiiiiiiiiee e 118
5.2.2 Generative Adversarial Networks ...........cceiiiiiiiiiiiiiiiiiiiiieeeee 119
5.2.3  VAE-GAN....oiiiiiiii et 120
5.2.4 Kernel Density ESHMAION ........uvvvieiiiiiiiiiiiiiiiicceiece e 122

5.3 IMEEROMS ...ttt 123
5.3.1 Dataset and pre-proCeSSING........uuvvvvrrrrrrrrririririiriiiiniinninn 123
5.3.2  VAE-GAN ATChiteCture .........covvviiiiiiiiiiiiiiiiiiiiiiiiii s 124
5.3.3 Detect Outliers Using VAE-GAN........ccccoeiiiiiiiiiiiiiie 124

54 RESUIES c.uuiiiiiiiiiciee e 126
5.5 DIASCUSSION .ttttteiiiiieeeees e ettt e e e e e e e e e e st e e e e e e e e e e e s e e bbb bbb e e aeaeeeeas 130
5.6 CONCIUSION ...eviiiiieeiiiiiiit ettt ettt e e e e e e e e e e e e 132

6  Conclusion and Future DIire€Ctions. ............cccouiiiiiiiiiiiiiiiiieeeee e 133
6.1 CONCIUSION ...ttt e e e e e e e 133
0.2 FUtUre DIrCCHIONS. ... iiiiiiiieieiee e ettt e e e e e e e e e e 134
Bibliography ..ccoeeee e 137



List of Tables

Table 2.6.1 Structural QC parameters from Explore ASL............ccocciiiiiiiiiiinnnnn, 46
Table 2.6.2 ASL QC parameters from EXplore ASL ...........uvvvviiiiiiiiiiiiiiiniiineeeeeen, 46
Table 2.6.3 ASL difference QC parameters from ExploreASL..............ccocvviiinnnn, 47

Table 3.3.1 Age-related CBF variations in ROIs from the volumetric pipeline for
non-PVEC and PVEC ASL. ... 72
Table 3.3.2 The cortical GM CBF variations with age with and without PVEc in

Desikan-Killiany atlas over all SUbJECS. ........ccvvvvveiiiiiiiieiiiiiccee e 73
Table 4.3.1 The proposed features used to evaluate ASL data quality...................... 94
Table 4.4.1 Classification on test dataset using each quality metric as the individual
FEATUTE. ..ttt e et e e e e e aaaeas 109
Table 5.3.1 Architectures of encoder, decoder and discriminator for the VAE-GAN.
.......................................................................................................................... 124
List of Figures

Figure 2.1.1 The magnetic field generated by a nuclear spin. ...........ccccceevrvinieennnnnn 5
Figure 2.1.2 Nucleus precessing around an external magnetic field (Bo)................... 6
Figure 2.1.3 The generation of the transverse magnetization. .............ccccoevcvvvereennnnnn 7
Figure 2.1.4 T| and T relaxations in different types of tissues. ...........ccccevvvvvvieennnnnn. 8
Figure 2.1.5 Different settings of T and T> provides different contrast images ......... 9
Figure 2.1.6 The k-space and corresponding image data .............c.occcvvvieiiiiiinnnnnns 10
Figure 2.1.7 Typical artifacts from structural MRI images...........cccccccevviiiiniinnnnnnn. 12
Figure 2.1.8 Illustration of the BOLD effect. ...........cccoovveiiiiiiiiieiiiiicc e 13
Figure 2.2.1 The process of ASL perfusion image acquiSition. .........cccveevveeeereeeennn. 16
Figure 2.2.2 The typical processes for cASL, pASL, and pCASL acquisitions. ....... 17
Figure 2.2.3 Examples of K-Space trajeCtories..........cccvvveeiiiiiiieee i 20
Figure 2.2.4 The Echo Planar Imaging (EPI) sequence diagram .................cccceenee. 21

Figure 2.3.1 The process of transforming a CBF map to structural space and then to
StANAATA SPACE. ..ottt a e e e e 24

Figure 2.3.2 An example of the general kinetic model curve in a voxel for pASL and



Figure 2.3.3 Variation in the ASL signal at a voxel in the brain, in response to

changes in ATT, as well as for both pcASL and pASL .........ccccciiiiiiiiiiiiie, 30
Figure 2.3.4 An example of the label-control difference images at various PLD

values (in seconds), after averaging the repeated measurements for each PLD ......31
Figure 2.5.1 Poor labelling caused by vessel tortuosity . ......ccooevvveviiiiiiiiiiiineeeeeeen, 35

Figure 2.5.2 Poor labelling due to susceptibility variations in the labelling plane....36
Figure 2.5.3 CSF labelling artifacts . ............uvvuviuiiiiiiiiiiiiiiiiiininn e 37
Figure 2.5.4 Signal loss due to the gadolinium-based contrast agents. .................... 38

Figure 2.5.5 ATA and "ASL borderzone sign" in a patient with reduced cardiac output

caused by cardiac failure.............evviiiiiiiiiiii 39
Figure 2.5.6 Motion artifact ...........coooiiiiiiiiiiiiiiiice e 40
Figure 2.6.1 The QC criteria to evaluate CBF maps and ancillary images............... 43
Figure 2.6.2 IQMs from MRIQC...........ooiiiiiiiiiiiiieee e 45
Figure 2.7.1 SVM classifies data by maximizing the margin between the two classes.
............................................................................................................................ 51
Figure 2.7.2 Perceptron model. ...........oooiiiiiiiiiiiiiiiiee e 54
Figure 2.7.3 Multi-Layer Perceptrons including input layer, hidden layer and output

layer from left to Tight. .......oeeiiiii 55
Figure 2.7.4 The conventional blocks of a typical CNN for medical image process. 56
Figure 2.7.5 U-net architeCture. ...........ovviiiiiiiiiiiiiiiiiiiiiiii e 57
Figure 3.2.1 ASL pipelines for this Study. .........cccceeriiiiiieiiiiiii e 65
Figure 3.2.2 Partial volume estimates from FSL FAST and Toblerone. ................... 66

Figure 3.2.3 An example of processed CBF maps (in the native space) without PVEc
(top) and with PVEc (bottom) from the volumetric pipeline. .............ccccvvvevveeenennn. 68
Figure 3.2.4 The same example of processed CBF maps (on to the 32k fs LR
cortical midthickness surface) without PVEc (top) and with PVEc (bottom) from the
surface-based PIPELINE. ........ccvvviiiiiiiiiiii 69
Figure 3.2.5 Atlases and ROIs used in volumetric analysis (in the standard space)..70
Figure 3.3.1 Age-related GM CBF changes by sex and with/without PVEc. ........... 71
Figure 3.3.2 The slopes of age-related CBF changes from the surface-based results
mapped on to corresponding parcels of the corteX...........ccoovviiiiiiiiiiiiiieee. 74
Figure 4.2.1 CBF maps of different (low, intermediate, and high) spatial coefficient

L0 BTV w1211 10 ) 1 AU &9



Figure 4.3.1 Normal (left) and outliers (right 4) examples in the ASL native space
from the dataset. ........coviiiiiiii e 93
Figure 4.4.1 Box plots of distributions of signal quality metrics for all subjects (from
left to right): SNR, CNR, tSNR, and tCNR ... 99
Figure 4.4.2 Box plots of distributions of non-PVEc CBF (Top) and SpCoV (bottom)
1N ROIS fOr @ll SUDJECES. . ..vvviiiiiiiieiiei e 100
Figure 4.4.3 Box plots of distributions of PVEc CBF (Top) and SpCoV (bottom) in
ROIS fOr @ll SUDJECLS. ..ottt 100
Figure 4.4.4 Box plots of distributions of normalized registration quality metrics over
AL SUDJECLS. .eiiiiiiiiii e 101
Figure 4.4.5 The example results from group-level report for normalized signal
quality metrics: SNR, CNR, tSNR, and tCNR. .........cccooiiiiiiiiiiiieeeeeen 102
Figure 4.4.6 The example results from group-level report for CBF values on GM,
WM, cerebral WM and arterial vascular teITitories. ....ovvviiivrviiiiiiriiiiiieieeeeiineeeens 103
Figure 4.4.7 The example results from group-level report for spatial coefficient of

variation (SpCov) values on GM, WM, cerebral WM and arterial vascular territories.

Figure 4.4.8 The example results from group-level report for normalized registration
QUALTEY TNCLIICS. 1. tvtete ettt ettt e e e st e e s s e e e s ee e e e 104
Figure 4.4.9 The example of the results from individual-level report for the structural
space QC. Brain contour can be overlain on the structural image to check PVs

SIS e4 001 1118 ()« F PP PP PP PPPPRP 105
Figure 4.4.10 The example of the perfusion-weighted image..............ccccocvvveeenns 105
Figure 4.4.11 The example results from individual-level report for CBF maps in the
NATIVE ASL SPACE. ...vvviiiiiiiiiii it 106
Figure 4.4.12 The example results from individual-level report for regional analysis
presenting CBF values and SpCoV in global GM and WM, as well as in specific
RIS, e 107
Figure 4.4.13 The example of the results from individual-level report for motion
estimates in rotations (top) and translations (bottom) of the ASL image................ 108

Figure 4.4.14 The example results from individual-level report for the template

image, T1w image, and CBF image aligned to the standard template.................... 109
Figure 4.4.15 Confusion matrix of classification by SVM in test data................... 111
Figure 4.4.16 Detected outliers in the test dataset. ...........cccvvvvvirieiieeenniisiiiiiiinnn, 111

9



Figure 4.4.17 The outlier (delayed arrival) was not detected in the test dataset...... 111

Figure 4.4.18 The normal CBF map classified as outlier in the test dataset. .......... 112
Figure 4.4.19 The permutation feature importances in the SVM model................. 112
Figure 5.2.1 The architecture of an autoencoder.............cccooevvviiiiiiiiiiiiiiie 118

Figure 5.2.2 The architecture of a GAN, which consists of two neural networks: a

generator and @ diSCIIMINALOT. ........oiiiiiiiiiiiiie e 120
Figure 5.2.3 The architecture of the VAE-GAN model in this study...................... 121
Figure 5.2.4 How loss functions are computed in VAE-GAN. ...........cccccoviinineenns 122
Figure 5.3.1 Normal (left) and outliers (right four images) examples in the standard
SPACE 1N the dAtASEL. ......evviiiiiiiiii e 123
Figure 5.3.2 The workflow of QC using VAE-GAN...........occoiiiiiiiiiiiiicee 125
Figure 5.4.1 Box plots of different difference score distributions across the test
dataset (42 normal and 30 outliers) estimated by KDE. ..........cccccoiiiiiiiiinnnn. 127
Figure 5.4.2 AUROC curves of difference scores used for testing. .............ccceene 127

Figure 5.4.3 The distribution of difference scores from test data, which was predicted
by KDE using cosine similarity and mean squared error.............cccuvvreveveeeeennnnnnnns 128
Figure 5.4.4 The classification results using the optimal threshold with the difference
scores (mean square error and cosine SIMIlATILY). ......ccuvvvvreeiieeeeerriiieeeeeeeann 128
Figure 5.4.5 Three undetected outliers of CBF maps with slight artifacts (from left

to right): poor labelling, motion, and MOtION. ..........uuvuiiiiiiiiiiiiii e, 129
Figure 5.4.6 Six misclassified CBF images. Although these images were labelled as
normal, some of them still contain artifacts. ............cccccoviiiieiiiiiiiiiii e, 129
Figure 5.5.1 The comparison of the machine learning method in chapter 4 (left) and

the deep learning method (right) on the same test data from chapter 4.. ................ 130

10



Abbreviations

NMR Nuclear Magnetic Resonance
MRI Magnetic Resonance Imaging
ASL Arterial Spin Labelling

CBF Cerebral Blood Flow

GM Gray matter

WM White Matter

CSF Cerebrospinal Fluid

TR Repetition Time

TE Echo Time

SE Spin Echo

GRE Gradient Echo

ATT Arterial Transit Time

aBV arterial Blood Volume

PLD Post-Labelling Delay

QC Quality Control

SVM Support Vector Machine

SNR Signal-to-Noise Ratio

CNR Contrast-to-Noise Ratio
tSNR temporal Signal-to-Noise Ratio
tCNR temporal Contrast-to-Noise Ratio
TI Inversion Time

EPI Echo-planar imaging

cASL continuous Arterial Spin Labelling

11

PASL pulsed Arterial Spin Labelling
PCASL pseudo-Continuous Arterial Spin
Labelling

PVE Partial Volume Effects

PVEc Partial Volume Effects correction
SpCoV Spatial Coefficient of Variation
VAE Variational Autoencoder

GAN Generative Adversarial Network
RICA Right Internal Carotid Artery
LICA Left Internal Carotid Artery
VBA Vertebrobasilar Arteries territory
LS Least Squares

NC Normalized Correlation

MI Mutual Information

NMI Normalized Mutual Information
CR Correlation Ratio

KDE Kernel Density Estimation

MSE Mean Squared Error

CS Cosine Similarity

PLE Poor Labelling Efficiency

DA Delayed Arrival

Mo Motion

LC Low Contrast

PS Poor Signal



1 Introduction

1.1 Background

The brain is a highly dynamic and metabolically active organ that requires a
continuous blood supply to maintain its function. This blood supply is referred to as
perfusion, a critical physiological process that ensures the delivery of oxygen and
nutrients to brain tissue while removing metabolic waste. Arterial Spin Labelling
(ASL) MRI is a non-invasive imaging technique to quantitively measure perfusion
by the cerebral blood flow (CBF) using magnetically labelled blood water as an
endogenous tracer [1] [2] . ASL has been widely applied in neuroscience research to
enhance the understanding of brain physiology, assessing cognitive functions, and
diagnosing conditions such as stroke, Alzheimer's disease, and other

neurodegenerative disorders [2] [3] .

Significant advancements have been performed to translate ASL to clinical practice,
including the development of standardized acquisition protocols, image processing
and quantification methods that enhance the reliability and reproducibility of ASL
across multiple centres with different scanners and sequences. Despite these
improvements, ASL suffers from partial volume effects (PVE), where a single voxel
may contain a mixture of different tissue types, due to its relatively low spatial
resolution [4] . These effects could bias CBF measurements for the brain tissue of
interest, especially in aging populations where structural changes in the brain, such
as tissue atrophy, are more common. Additionally, ASL is vulnerable to artifacts such
as motion, distortion, and poor labelling, which can compromise image quality and
lead to inaccuracies in CBF measurements [5] . These issues may hinder the clinical

applications of ASL data in routine screening and diagnosis for patients.

Due to the relatively low spatial resolution of ASL, CBF measurements can be
significantly affected by PVE, as a single voxel is likely to contain more than one
type of tissues. This is particularly important in studies involving patients with tissue
atrophy, where changes in tissue composition within voxels might be mistaken for
changes in perfusion [6] . Several methods, including the linear regression approach

[7] and a spatially regularized Bayesian technique [8] have been developed to correct

1



PVE in ASL data. However, practical evidence of the impact of PVE correction is
still limited, largely due to the small number of studies using these methods and the

lack of consistency among them.

Quality control (QC) in ASL MRI is the process of identifying and excluding outliers
to ensure that genuine perfusion changes are distinguished from artifacts or low-
quality images introduced during acquisition and processing. This step is critical for
ensuring the reliability of results before any analysis is undertaken. Traditionally, QC
is performed manually, a process that is labor-intensive, subjective, and highly
dependent on the expertise of the raters, which is impractical for emerging large-
scale datasets [9] . Consequently, there is a growing demand for automated QC tools
that can reduce the burden of manual QC, minimize subjectivity, and enhance
consistency across large datasets. While many automated pre-processing tools have
been developed to improve reliability and reproducibility for ASL MRI, standardized
QC protocols remain lacking across these tools. Moreover, QC is not only important
during post-processing but also crucial during the ASL acquisition process in clinical
settings. If outliers can be detected immediately after acquisition, it allows for the
opportunity to re-acquire the scan, ensuring that the data is of high quality from the

outset.

Based on the challenges outlined above, this thesis addresses two key issues: first, it
aims to fill the gap in the application of PVE correction in a large cohort, exploring
how correcting for partial volume effects might accommodate potential changes in
grey matter and influence cerebral blood flow measurements. Second, this thesis
seeks to standardize QC protocols and develop automated QC tools to detect artifacts
in ASL data, thereby facilitating the transition of ASL imaging toward broader

clinical use.

1.2 Thesis Outline

This thesis is structured as follows:

Chapter 2 provides the background of this thesis, covering the fundamental
principles of MRI, with a focus on the specific artifacts that affect ASL imaging. It
details the process of ASL MRI acquisition and pre-processing, highlighting the steps



where quality can be compromised. Furthermore, this chapter reviews existing QC
protocols in MRI, with a particular emphasis on metrics relevant to ASL MRI. The
potential of machine learning and deep learning techniques used for QC processes
are also introduced, setting the stage for the advanced methods developed in later

chapters.

Chapter 3 investigates the CBF decline in normal aging by applying partial volume
effects correction. Brain atrophy, which could lead to increased PVEs, is a possible
factor contributing to the observed decline in CBF, as cortical thinning can result in
the contamination of grey matter voxels by other tissue types. This chapter examines
how correcting for PVEs, which accounts for changes in grey matter, might affect the

understanding of CBF decline in aging populations.

Chapter 4 focuses on developing standardized QC protocols specific to ASL MRI. In
this chapter, signal-related metrics, perfusion-related metrics, and registration quality
metrics are extracted and evaluated for their effectiveness in identifying artifacts in
ASL images. In addition, interactive QC reports were generated using these QC
metrics to facilitate the manual screening. Furthermore, machine learning techniques,
particularly Support Vector Machines (SVMs), are employed to assess these metrics
for identifying outliers, with the goal of developing an automated QC tool for ASL.

Chapter 5 introduces advanced deep learning techniques, specifically a Variational
Autoencoder-Generative Adversarial Network (VAE-GAN), which enhances the
capabilities of vanilla VAE. This method is employed to detect outliers in ASL MRI
data using a deviation-based approach, offering improved performance in identifying
anomalies compared to the traditional machine learning method in the former

chapter.

Chapter 6 presents the conclusion of the thesis and outlines potential directions for

future work.



2 Background

2.1 Magnetic Resonance Imaging

Nuclear Magnetic Resonance (NMR) is a physical phenomenon in which atomic
nuclei with magnetic properties respond to an external magnetic field. When placed
in a strong static magnetic field, these nuclei align with the field. If a weak
oscillating magnetic field is applied, at a frequency matching the nuclei’s natural
resonance frequency, they absorb and re-emit electromagnetic radiation. This
interaction provides detailed information about the local environment of the nuclei,
including their chemical surroundings and the strength of the magnetic field they
experience. This effect was firstly independently discovered in 1946 by Bloch at
Stanford and by Purcell at Harvard [10], and had since been widely used in

chemistry to analyse the composition and structure of molecules.

Over time, advancements in NMR technology led to its adaptation for medical
imaging, giving rise to Magnetic Resonance Imaging (MRI). Unlike NMR
spectroscopy, which focuses on molecular identification, MRI applies spatial
encoding techniques to generate detailed anatomical images of the human body. By
exploiting differences in proton density, relaxation times, and tissue composition,
MRI enables non-invasive visualisation of soft tissues with exceptional contrast. This
transition from NMR to MRI has revolutionised diagnostic imaging, and now it has
become more and more prevalent in clinical practice, providing clinicians with a
powerful tool for disease detection, diagnosis, and treatment monitoring without

ionising radiation.

2.1.1 Principles of MRI

All atomic nuclei are composed of fundamental particles known as protons and
neutrons, each possessing an intrinsic property called spin. Atomic nuclei with an
even number of both protons and neutrons have a total spin of zero, whereas those
with an odd number of either protons or neutrons exhibit a non-zero spin. These

nuclei with a non-zero spin have a magnetic moment, which characterizes the



magnetic field surrounding the nucleus with north and south poles, analogous to a

bar magnet [10] [11] (see Figure 2.1.1).

Figure 2.1.1 The magnetic field generated by a nuclear spin.

(a) that is analogous to a bar magnet with north and south poles (b) aligning along its axis of
rotation.

NMR can observe the spins of a variety of nuclei (e.g. 'H, '*C, and *'P) depending on
the material being studied, while NMR is sensitive to the nuclei’s chemical
environment [12] . MRI primarily focuses on the spins of hydrogen nuclei ('H)
within water molecules to generate contrast, as they are abundant in the tissues of the

human body.

In the absence of an external magnetic field, hydrogen nuclei are randomly oriented,
leading to no overall orientation when their individual contributions are summed, and
thus no detectable signal [13] . However, when a strong external magnetic field (Bo)
is applied, hydrogen nuclei experience a torque force, causing their magnetic
moments to align parallel to the direction of this field. Consequently, this cause
nuclear spins precess about By axis with an angle (see Figure 2.1.2) at a specific
frequency, known as the Larmor frequency, which is proportional to the strength of
the magnetic field [10] . Notably, when the applied magnetic field is not uniform or
there are slight variations in the field across the imaging region, the resonance
frequencies of protons may differ slightly, causing off-resonance effects [14] , which

may lead to problems in acquisitions, e.g. signal loss or distortion.
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Figure 2.1.2 Nucleus precessing around an external magnetic field (By).

After the external magnetic field (By) applied, magnetic moments of hydrogen nuclei were aligned,
parallel to the direction of this field. The transverse component remains zero due to the random phase
of the magnetic moments.

The longitudinal magnetic moment of spins can only be either parallel (spin-up) or
antiparallel (spin-down) with By, corresponding to a low-energy state and a high-
energy state, respectively. A dynamic balance between the magnetic field and
temperature determines the two basic energy states. Spins in the low-energy state can
absorb energy from an external source and transition to the high-energy state, while
spins in the high-energy state can release the same amount of energy and return to
the low-energy state [13] . This process is also known as radiofrequency (RF)
excitation. Nuclei reach thermal equilibrium when the number of transitions between
the lower and upper states is equal in both directions. The resulting magnetization at

this point is known as equilibrium magnetization (My).

MR signals can only be detected when transverse magnetisation, oriented
perpendicular to Bo, is produced. This is achieved by applying another RF field (B1)
rotating in sync with the precessing spins (perpendicular to Bo) to tip the spins away
from the longitudinal axis and into the transverse plane. The degree of this tip, or flip
angle, is determined by the duration and amplitude of the RF pulse: a 90° RF pulse
rotates the entire net magnetisation into the transverse plane, while a 180° RF pulse

inverts it to the opposite direction along the longitudinal axis [13] .

The MR signal is generated by the induced voltage change caused by the refocused
transverse magnetization, known as the echo. An MR pulse sequence comprises a
series of RF pulses and gradients that are precisely timed to produce the desired

echo. After an initial 90° RF pulse is applied, the longitudinal spins are tipped into



the transverse plane, as shown in Figure 2.1.3. This induces an oscillating voltage in
a receiver coil according to Faraday’s law of induction [10], producing the free-
induction decay (FID) signal. Following this, if a 180° pulse is applied after a certain
time duration, the phase of the spins is reversed, refocusing the transverse
magnetization after the same time duration. The resulting signal is known as the spin
echo (SE) [15], while another commonly used pulse sequence, the gradient-echo
(GRE) [16], employs a refocusing gradient RF pulse instead of a 90° RF pulse. The
time between the excitation pulse and the peak of the echo is the echo time (TE),
while the time between consecutive excitation pulses is the repetition time (TR). TE
and TR are key parameters in an MR pulse sequence, as they govern the extent of
relaxation in the transverse and longitudinal directions, respectively. In contrast, the
longitudinal magnetization in thermal equilibrium remains static and does not

generate a signal.

Figure 2.1.3 The generation of the transverse magnetization.

Longitudinal magnetization is tipped into the transverse plane by a B; magnetic field from an RF
pulse. For effective tipping, the B, field must rotate in sync with the precessing transverse
magnetization, achieved by a circularly polarized RF pulse at the Larmor frequency. A sufficiently
strong and prolonged RF pulse can tip all the longitudinal magnetization by 90 degrees into the
transverse plane.

Relaxation refers to the process by which nuclear spins return to thermal equilibrium
after absorbing RF energy. There are two types: longitudinal and transverse

relaxation, characterized by the time constants T1 and T2 [17] , respectively.

During RF stimulation, nuclei absorb energy and move to an excited state, returning
to the ground state by dissipating this energy to their surroundings, known as the
lattice. T1 relaxation, or spin-lattice relaxation, describes the recovery of longitudinal

magnetization toward equilibrium. The T1 time varies depending on the main

7



magnetic field strength according to the Larmor frequency, representing the time it
takes for transverse magnetization to recover to 63% of its original value [13] . In the
meantime, transverse magnetization decays as the magnetic moments lose phase
coherence due to mutual interactions. This is because the hydrogen nuclei could be in
slightly different local environments (e.g. based on the proximity to other
molecules), and they could have different resonant frequencies, leading to the
transverse net magnetization disappearing over time, as the faster ones start to cancel
out the slower ones, which is known as dephasing. Any changes in magnetic field
strength (e.g. Bo inhomogeneity) affect the frequency of precession could cause
dephasing and a reduction in transverse magnetization. This process, known as T2
relaxation, which varies across different tissues, indicates how quickly transverse
magnetization diminishes, and corresponds to the time it takes for the

transverse magnetization to retain 37% of its original value [17] . Dephasing of spins
caused by By field inhomogeneities may lead to a faster T2* decay when using GRE,
as smaller flip angle (<90°) leads to some retention of longitudinal magnetisation. As
a result, the build-up time for longitudinal magnetisation is reduced. The difference
between T2* and T2 can be compensated for using SE that is applied halfway of TE
to flip the transverse net magnetization by 180°, and the phase of tipped spins will be
refocused at TE. T2 decay is generally 5-10 times slower than T1 decay [31] . Since
T1 and T2 relaxation times are tissue-specific (as illustrated in Figure 2.1.4), varying
the combinations of TE and TR allows for the manipulation of contrast in T1-
weighted, T2-weighted, and proton-density (PD) weighted MR images (Figure
2.1.5).

Equilibrium magnetization

Water

Fat

Longitudinal magnetization
Transverse magnetization

A 4

Time Time

Figure 2.1.4 T; and T; relaxations in different types of tissues.

Left: T) recovery in fat (blue line) and water (red line) illustrates that a short T; value, as seen in fat,
results in rapid restoration of longitudinal magnetization, while a longer T; value, as in water,
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indicates slower recovery of magnetization. Right: T2 relaxation in fat (blue line) and water (red line).
A shorter T2 value indicates that transverse magnetization decays quickly, while a longer T2 value
signifies slower recovery of the magnetization.

Figure 2.1.5 Different settings of T; and T» provides different contrast images from [31] .

(a) Short T1 and short T2 generate T1-weighted image. (b) Long T1 and long T2 generate T2-
weighted image. (c) Long Tl and short T2 generate PD-weighted image, where the MR signal
depends predominantly on the density of the protons, instead of Tl and T2 contrast between tissues.

As mentioned earlier, the resonance frequency of nuclear spins is linked to the
strength of the external magnetic field. To localize the MR signal within different
areas of tissue, magnetic field gradients are required. These gradients create spatially
linear variations in the static field strength and can be applied in any of the three
orthogonal directions using the gradient coils in the MR system. Variations in
precession speed are detected as higher or lower MR signals, allowing frequency
measurements to differentiate MR signals from different spatial locations and

enabling 3D image reconstruction. This process is known as spatial encoding [13] .

The first step in spatial encoding is slice selection. By applying a gradient along the
main magnetic field (Bo), the magnetic field strength will vary linearly along that
direction. When a specific RF pulse is applied, only the nuclei in a slice where the
magnetic field strength matches the frequency of the RF pulse will resonate and
produce a signal. This way, the MRI system can select a specific slice of the body to
image. After selecting a slice, the MRI needs to encode information within that slice.
This is done through frequency encoding: another gradient (known as readout
gradient) applied by a 180° refocusing pulse along, for example, x-axis within the
slice during the acquisition of the MR signal. This causes the precession frequency of

the hydrogen nuclei to vary linearly across the slice. As a result, nuclei at different



locations along x-axis resonate at different frequencies. To encode the second spatial
dimension within the slice (i.e., the y-axis), the MRI uses phase encoding. This
process involves applying a gradient along the y-axis for a short duration before
signal acquisition. Phase encoding consists of multiple steps, each introducing a
phase shift between adjacent spins. At the edges of the phase encoding gradient,
spins undergo a 180° phase shift from the previous step, while those near the
1socenter experience a smaller phase shift. This temporarily modifies the phase of
spinning nuclei at different y-axis locations. Once the gradient is turned off, all
nuclei resume precessing at the same frequency, but their phase differences remain,

depending on their y-coordinates.

The signals collected by the MRI, which now contain spatial information encoded
through these gradients, are stored in a data matrix called k-space [30] (see Figure
2.1.7). The number of rows in k-space corresponds to the number of phase encoding
steps, while the number of columns represents the sampling points along the
frequency encoding direction. Thus, the total scan time is proportional to the TR and
the number of phase encoding steps used. Data with lower phase encoding gradient
amplitudes populate the central rows of k-space, which primarily contain information
about the overall structure and contrast of the image. In contrast, the outer regions
store high-frequency data, contributing to edge definition and fine details (see Figure
2.1.6) [30] . Once k-space is fully sampled, the data can be transformed into the
spatial domain to produce an image of the scanned tissue or organ via Fourier

Transform [18] .

Figure 2.1.6 The k-space and corresponding image data from [31] .
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ky is the phase encoding direction used to localize signals along the vertical direction. kx is the
readout or frequency encoding direction summed to localize signals along the horizontal direction.

2.1.2 Structural MRI

In neuroimaging, structural MR images are typically used to show the gross anatomy
of the brain: that is, mainly grey matter (GM) white matter (WM), and CSF. In a
clinical setting these are the most commonly used images, and a radiologist typically
inspects them visually, looking for tumors, pathological lesions, and anatomical

deformations [19] .

The reason for having multiple types of structural images in common usage is that
each type highlights different aspects of the tissues present, thus providing a valuable
way of investigating the anatomy in vivo. T1-weighted and T2-weighted images are
most common varieties of structural image [17] (see Figure 2.1.6). T1-weighted
images highlight fat and subacute hemorrhage, offering excellent anatomical details.
They are particularly useful for visualizing the brain structure, where they can
distinguish between grey matter and white matter; T2-weighted images highlight
fluid and edema, making them useful for detecting lesions, tumors, and areas of

inflammation [29] .

Artifacts in structural MRI

MRI artifacts originate from numerous sources, such as MR hardware, room
shielding, patient motion, tissue heterogeneity, foreign bodies, sampling resolution,
and errors in k-space [32] . In structural imaging the most common artifacts (in
Figure 2.1.7) are motion-induced artifacts, bias field or radio frequency

inhomogeneity, ghosting, gradient nonlinearity distortion, and wrap around.
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Motion artifact

Figure 2.1.7 Typical artifacts from structural MRI images from [33] .

The top row shows motion-induced artifacts, characterized by the appearance of additional edges or
ripples. The middle row illustrates ghosting, where a shifted and wrapped version of the image is
superimposed on the original, alongside gradient nonlinearity distortion, which causes the neck to
appear compressed horizontally towards the bottom of the image compared to an undistorted image.
The bottom row depicts wrap-around artifacts, where the back of the head appears at the front,
causing the signal of scalp to overlap with brain tissue, and bias field (or RF inhomogeneity), marked
by a darkening at the top and bottom of the brain.

2.1.3 Functional MRI

Functional MRI assesses and maps brain activities by detecting changes in blood
flow related to neural activity [38] . Specifically, it is sensitive to the hemoglobin, a
blood component that behaves differently in its oxygenated and deoxygenated forms
due to their distinct magnetic properties. This difference affects the local magnetic
fields, primarily influenced by the levels of deoxygenated hemoglobin. These

alterations create small, yet measurable changes in the MRI signal [33] .

When a brain region is more active, it consumes more oxygen, and the local cerebral

blood flow increases, a relationship known as neurovascular coupling. fMRI
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leverages this by measuring changes in the blood-oxygen-level-dependent (BOLD)
effect (see Figure 2.1.8).

Baseline State Activated State
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bed prftary
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Figure 2.1.8 lllustration of the BOLD effect from [34] .

When local neuronal activity increases (transitioning from the baseline state on the left to the
activated state on the right), cerebral blood flow (CBF) and cerebral blood volume (CBV) rise
significantly. Oxygen consumption (CMRO2) also increases, but to a less extent, leading to a relative
increase in oxygenated hemoglobin (Hb) compared to deoxygenated hemoglobin (dHb). This shift
reduces the concentration of deoxyhemoglobin, which in turn decreases the magnetic field
inhomogeneities it causes, resulting in an enhanced MRI signal.

There are two types of functional experiments, one involving stimuli and tasks,
known generally as task fMRI, and the other conducted without explicit stimuli,
known generally as resting-state fMRI. Task-based experiments are used to study the
nature and location of specific processes in the brain, whereas resting experiments
are primarily used to study functional connectivity between different regions of the

brain.

Artifacts in functional MRI

As mentioned before, fast imaging is necessary for fMRI but brings with it several
trade-offs, such as limited spatial resolution, low tissue contrast, geometric
distortion, and signal loss [38] . These come in addition to the artifacts that can occur
for structural MRI, especially motion, which may cause substantial signal changes.
In fact, this is a major confound in fMRI, and specialized motion correction methods
exist both in preprocessing and in the subsequent statistical analysis methods that
aim to compensate for it as much as possible. Thus, methods for correcting the
remaining geometric distortions and for compensating for the signal loss (both due to
By inhomogeneities) are required to be applied in the analysis of fMRI.
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Due to the limited resolution and tissue contrast in these functional images, it is often
difficult to identify in them detailed anatomical structures directly. It is even harder
to align or register together with precision functional images that come from different
subjects with different anatomies. For this reason, it is important to acquire a
structural image for each subject, as this allows for greater precision in locating
anatomical regions or borders as well as for greatly improved registration accuracy
between subjects, which is important for having good statistical power in a group

analysis.

2.2 Perfusion imaging using Arterial Spin Labelling MRI

2.2.1 Quantification of perfusion

Perfusion [39] [40] is the process by which blood delivers nutrients to tissues and
removes wastes from tissues. Cerebral blood flow (CBF) is a quantitative measure of
perfusion in the brain in unit of ml of blood per 100g of tissue per minute. In the
brain, typical values of CBF are 60 ml/100g/min and 20 ml/100g/min for grey matter
and white matter respectively [34] . There are two main reasons to measure
perfusion. First is to measure the CBF in the resting state and associated parameters
of blood flow. Abnormal values or changes of CBF could imply that the brain is
experiencing some diseases. Second is to study and investigate the perfusion changes
related to neuronal activities, which is also associated with the hemodynamics but

from different views like cellular metabolism or electrical activity.

The gold standard of brain perfusion imaging is '°O positron emission tomography
(PET) [41] , which is performed by intravenous injection of H>'°O or inhalation of
C'30,. However, the use of ionising radiation, the required access to on-site
cyclotrons, and the expense of radiopharmaceuticals raise health and economic
concerns for patients. As an alternative, the methods of CBF measurement using
MRI generally includes the injection of an exogenous contrast agent, as in Dynamic
Susceptibility Contrast-enhanced (DSC) MRI [42] and Dynamic Contrast-Enhanced
(DCE) MRI [43], or using an endogenous tracer, such as blood water in Arterial
Spin Labelling (ASL) [54] . Specifically, ASL quantitatively measures cerebral

perfusion, by taking advantage of using the magnetically labelled blood itself as an
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endogenous tracer. Therefore, ASL has been extensively performed in the research

area, and sporadically applied in clinic [44] .

2.2.2 Principles of Arterial Spin Labelling

Arterial Spin Labelling is unique in that it provides the only truly non-invasive
method for measuring perfusion using blood water as the tracer [1] [34]. This
uniqueness arises from the way the tracer is produced: radiofrequency fields are
primarily used to invert the magnetic state of hydrogen nuclei into the opposite
direction, typically at the neck as the blood flows into the brain. An ASL signal
image typically involves acquiring a pair of images: a "label" image and a "control"
image. Each image consists of a labelling stage, a waiting stage, and a readout stage.
By introducing a delay (Post-Labelling Delay(PLD)) between the labelling and
image acquisition, labelled blood is allowed to reach the capillaries, where it
generates a perfusion signal and the image can be acquired which are called
“labelled” image. In addition to labelled images, the separate “control” image is
acquired without labelling arterial blood. The difference in signal between the control
and labelled images quantifies the amount of labelled blood delivered to the tissue by
perfusion. The difference between label and control images is typically around 1-2%
compared to the signal, since the volume of labelled water delivered to the tissue is
much smaller than the total amount of water in the tissue [1] . Therefore, it is
common to use a low resolution, i.e., around 3 mm (to accumulate more signals from
protons), and average multiple repeated volumes to achieve a better overall SNR

which in turn trades the time of acquisition.

2.2.3 General principle of Arterial Spin Labelling

A basic ASL experiment generally consists of three steps: labelling, waiting, and

imaging. This section tends to provide the mechanism of ASL with key concepts.
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2.2.3.1 Labelling

As mentioned before, ASL labels blood-water as an endogenous tracer. To create the
label, the magnetic properties of the hydrogen nuclei in the water are focused on. The
hydrogen nuclei have their own magnetization including the magnitudes and the
directions. When a strong magnetic field is placed, the directions of them can be
aligned to the applied field. Therefore, hydrogen nuclei with the inversion of
directions are created as a label. Three main labelling techniques commonly used for
ASL are continuous Arterial Spin Labelling (cASL), pulsed Arterial Spin Labelling
(pASL) and pseudo continuous Arterial Spin Labelling (pCASL) [34] [52] [54] . A
simple process shown in Figure 2.2.1 includes these basic steps and the details are

explained in following sections.

Label Control

CASL/pcASL

image of
brain

2. Wait for blood
water to reach brain

+— 1. Label blood
water in the neck

Figure 2.2.1 The process of ASL perfusion image acquisition.

The process requires a pair of images: one with labelling blood water (label) and the other without
labelling (control). Only blood water in label images were labelled.

cASL

Continuous ASL (cASL) employs a continuous labelling scheme to magnetically
invert arterial blood water spins. This is achieved by applying a continuous
radiofrequency (RF) field in the presence of a magnetic field gradient (to induce
flow-driven adiabatic inversions of blood spins [55] ) across a proximal slice of the

brain-feeding arteries, and the slice is known as the labelling plane.

As blood flows from below the neck toward the labelling plane, the magnetic field
gradient causes the spins to become progressively less off-resonant with the RF
pulse. When the spins reach the labelling plane and their off-resonance drops to zero

due to the field gradient, the RF pulse would invert the magnetization of blood water.
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This creates a continuous supply of labelled blood water flowing into the brain (see

Figure 2.2.2).

cASL provides a consistent and predictable labelling pattern over time, and can
achieve labelling efficiencies exceeding 90%, making it highly effective for
perfusion imaging. However, the continuous application of RF pulses and magnetic
field gradients requires specialized hardware, which is not typically available

on commercial MRI scanners [54] . This limits the widespread adoption of cASL in
clinical settings. Furthermore, the labelling efficiency of cASL is highly dependent
on local blood velocity [53] . Because the labelling duration is finite, variations in
blood flow speed (e.g., due to vascular disease or cardiac pulsation) can lead to

inconsistent inversion of spins, reducing labelling efficiency and perfusion signal

quality.
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Figure 2.2.2 The typical processes for cASL, pASL, and pCASL acquisitions.
Different phases of ASL image acquisition were indicated with different colours in the middle timeline:

before labelling (green), label duration (blue), saturation pulse (purple), post labelling delay (grey),
and acquisition (orange).

PASL

Pulsed ASL (pASL) inverts the magnetization of blood water across a thicker region

of space, which contains the brain-feeding arteries (see Figure 2.2.2). However, a
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difference compared to cASL is that the labelling is nearly instantaneous (around 10
ms). In this case, labelling duration is unknown since it depends on the velocity of
blood in the arteries within the specified region. Longer labelling durations require a
larger spatial region for tagging, but this can reduce inversion efficiency for blood
further from the center of the imaging slab due to the decreasing strength of the RF
pulse with distance. In practice, it is hard to remain label durations for 1 s more. To
achieve a constant time of labelling for pASL, methods such as QUIPSS I and
QUIPSS II [56] with Q2TIPS [57] were commonly applied. QUIPSS I applies a
saturation pulse to the imaging slice at time TI; after the inversion of the tagging
region, creating a well-defined leading edge of the labelled slab. After a delay of
ATI, blood starts to perfuse into the imaging slice, and the labelled image is acquired
at Tl = TI; + ATL QUIPSS II, on the other hand, applies a saturation pulse to the
labelling slice at the time T1i, just as tagged blood exits the labelling region,
producing a sharply defined bolus with time width TI; (see Figure 2.2.2). The
Q2TIPS method improves on this by replacing the saturation pulse with a series of
thin-slice periodic saturations at the distal end of the labelling region to reduce

sensitivity to B; inhomogeneity and enhance the slice profile.

In contrast to cASL, pASL is much easier to implement with existing MRI hardware,
as it does not require continuous RF pulses or field gradients, minimizing power
deposition in tissue [34] . The short labelling duration also makes pASL relatively
insensitive to magnetization transfer effects. However, the signal from more
proximal regions of the imaging slab diminishes due to longer ATT and T1

relaxation, limiting the SNR of the pASL method.

pCASL

Pseudo-continuous ASL (pCASL) is also known as pulsed-continuous ASL which
has a degree of similarity with cASL and can be interpreted in a similar way. It is
currently the recommended method for clinical applications according to the ASL
White Paper. pCASL resembles cASL in that it uses a constant labelling plane to
invert the flowing spins as they pass through (Figure 2.2.2). However, in this case,
the long label duration of cASL radiofrequency pulse and gradient are broken up into

a series of repeating short radiofrequency pulses and associated gradients of pCASL,

18



which allows standard clinical scanners to create the labelling. The short RF pulses
that can be controlled as identical ones and be synchronized to maintain balance in
the labelling process. It is found that pCASL provides a 50% increase in SNR
compared to pASL, and 18% higher in labelling efficiency compared to cASL [58] .

2.2.3.2 Waiting

After blood water is labelled, it requires some time to reach the brain tissue before
the perfusion signal can be acquired. This waiting time varies slightly depending on
the ASL method used (as shown in Figure 2.2.2). A fixed period of labelling duration
of 1500-2000 ms is commonly applied for cASL and pCASL while blood has been
labelled and started to flow toward the tissues [34] . In pASL, the inversion time (TT)
is the period from the start of labelling to labelled blood reach the tissues. If a
saturation pulse like QUIPSSII is applied, the time between the initial labelling and it
is applied is known as T1, which is analogous to the labelling duration of

cASL/pCASL. The PLD in pCASL is analogous to the quantity (TI-TT;).

There are two main acquisition strategies based on how PLD is handled: single-PLD
and multi-PLD. In a single-PLD protocol, a single fixed waiting time is used for all
measurements, after all labelled blood reach tissues, and Arterial Transit Time (ATT)
is the physiological parameter to represent the time taken for the labelled spins to
reach the brain region of interest. This means the same delay between labelling and
imaging is applied across all acquisitions, providing perfusion images that reflect the
blood flow at that specific time point. However, to accommodate the longest ATT
expected in a given group of subjects, a longer PLD must be chosen to ensure
complete blood arrival in the tissue. This longer PLD reduces the ASL signal
strength. While single-PLD is simpler to implement and less computationally
intensive, it provides limited insight into the dynamic changes in blood flow over
time. Additionally, it assumes that all blood arrives at the tissue simultaneously,
which can lead to either under- or over-estimation of CBF, especially in regions with
delayed or prolonged ATT [34] . In contrast, multi-PLD involves acquiring multiple
images with varying post-labelling delays. By using different waiting times, this
approach captures the dynamic evolution of blood flow at different time points,

offering a more comprehensive view of perfusion. Multi-PLD enhances the accuracy
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of CBF quantification by enabling more complex kinetic modelling of blood flow
and tissue perfusion. It is less sensitive to differences in AT T across tissues and
subjects compared to the single-PLD protocol. However, this technique requires

longer scan times and more complex data analysis [24] .

2.2.3.3 Readout

After it is ensured that all labelled blood-water reach the tissue in the brain, fast
imaging techniques are used to image the brain acquisition (known as readout).

Various fast imaging techniques are available, such as Echo-planar imaging (EPI)
[61] and Spiral [62] .

Figure 2.2.3 Examples of k-space trajectories. Left: rectilinear; Right:Spiral from [65] .

The EPI sequence scans k-space in a rectilinear (zigzag) pattern (see Figure 2.2.3),
and its set of excitation pulses allows for rapid acquisition of each brain slice,
typically within 50 ms. As a result, multiple lines or even the entire k-space can be
sampled within a single TR, which is referred to as multi-shot EPI or single-shot EPI,
respectively. A sequence of oscillating readout gradients follows, each accompanied
by a brief, low-amplitude "blipped"” phase encoding gradient (Figure 2.2.4).
However, EPI suffers from signal dropout and distortion artifacts in regions with

poor magnetic field homogeneity.
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Figure 2.2.4 The Echo Planar Imaging (EPI) sequence diagram from [31] :(a) Spin-echo EPI— A 90°
flip angle is applied, followed by a 180° refocusing pulse. (b) Gradient-echo EPI — The flip angle is
variable (less than 90°).

3D Gradient and Spin Echo (GRASE) [63] combines elements of both gradient echo
and spin echo techniques. This hybrid approach provides minimal signal dropout
with reduced susceptibility artifacts compared to pure gradient echo methods. It
offers a compromise between image quality and acquisition speed, making it suitable

for a broader range of clinical applications.

Spiral imaging, on the other hand, employs rotating gradients to trace a spiral
trajectory across k-space (Figure 2.2.3), moving from the center outward. Spiral
readout techniques typically achieve a shorter minimum TE than EPI, which reduces
susceptibility to motion artifacts. However, spiral imaging is traversed continuously
without refocusing gradients, and thus off-resonance could accumulate due to
prolonged readout, potentially leading to image blurring. 3D rapid acquisition
relaxation enhanced (RARE) Stack of Spirals offers better efficiency by
oversampling at the center of k-space, thus provides shorter TE and minimal signal
dropout, and exhibits less sensitivity to motion artifacts compared to GRASE [66],

but it could introduce in-plane blurring due to longer readout times.

A higher SNR can be achieved using 3D MRI with a thick volume selectively excited
by the RF pulse [1], as the 3D imaging methods using a thicker bandwidth, instead

of exciting thin slices, could mitigate the off-resonance effects by averaging more
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local spins over more contiguous slices and shorten the time for off-resonance shifts
accumulation [14] . Thus, 3D readout techniques are recommended for ASL [1] as
they acquire the entire image volume in a single TR, providing an optimal SNR
while incorporating background suppression (BS) [57] [60] . These methods enhance
ASL signal measurement and are relatively insensitive to field inhomogeneity.
Background suppression further improves SNR by minimizing static tissue signal
during readout, increasing the contrast between labelled blood and surrounding

tissue. This, in turn, enhances perfusion detectability and overall image quality.

2.3 ASL MRI Processing

2.3.1 Motion correction

During the process of collecting a series of 3D volumes, it is necessary to
compensate for any subject motion which occurs between acquisitions. This kind of
motion is likely to occur in acquisitions of functional and diffusion images which
requires fast or continuous acquisitions of hundreds 3D volumes, but it may also take

place in the acquisition of multiple repeats for a structural sequence [63] .

ASL is also susceptible to motion, as the label and control images are acquired
multiple times. Subtle head motion can lead to significant voxel difference when
calculating the subtraction between label-control images, which is especially visible
in voxels around the edge of brain due to the substantial contrast between brain and
air [34] . Thus, it is required to apply motion correction before the subtraction of
label-control images. The main method to correct head motion is to apply the rigid-
body registration between individual volumes with a consistent reference image,
which can be the first, middle, or an average image in the series. However, a
drawback of motion correction is that subtraction artifacts can be induced due to the

interpolation from registration-based motion correction [64] .

2.3.2 Distortion correction

ASL data acquired using EPI-based techniques will commonly suffer from

distortions [34],[67] . EPI acquisitions are particularly sensitive to imperfections in
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the By field, leading to significant geometric distortions and localized signal loss (or
dropout). Additionally, EPI images tend to have lower spatial resolution and may
suffer from poor tissue contrast. As a result, accurately aligning them with structural
images, even when the same anatomy is present, can be challenging. The most
problematic distortion is the geometric one caused by By field inhomogeneities,
which are primarily due to air-filled sinuses and cavities in the skull. This issue is
especially problematic because it results in localized changes in the brain, often
accompanied by signal loss. To correct these distortions, two main approaches can be

used to obtain information about By inhomogeneities [34] .

One involves acquiring two undistorted gradient-echo images (like a structural MRI
sequence, so it is undistorted) with different echo times (so signal is sensitive to Bo
inhomogeneities) and phase information can be calculated for the By field at each
voxel, as the difference in phase can give a rate of change of phase that divided by
the difference in echo times is equal to the value of By field; this is known as the
gradient-echo field map. Once the geometric distortion is calculated, it could be
incorporated, as a spatial transformation, into a rigid-body registration (with EPI

images) for distortion correction.

The other one involves acquiring two distorted images using spin-echo EPI with
opposite phase-encode directions, a technique often referred to as blip-up-blip-down
acquisition or phase-encode reversed acquisition. The distortion in the two images
can be calculated because the direction of the distortion is reversed in the two
images. The "halfway" image, representing the undistorted state, can then be derived
by registering the two distorted images. Thus, the calculated spatial transformation
can be used to correct distortion as a separate step in the preprocessing pipeline

before registration.

2.3.3 Registration

In MRI, the primary goal of registration is to align anatomical structures between
different images, especially for group studies. Linear transformations [68] are
commonly used when the brain anatomy remains unchanged. For example, if the

head moves during an ASL scan, only translations (shifts) and rotations are required.
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These transformations are captured by rigid-body registration, which involves 6

degrees of freedom (DOF)—three for rotations and three for translations.

Another common linear transformation is the affine transformation, which has 12
DOF (six from rigid-body transformations, plus three for scaling and three for
shearing). While affine transformations can change the shape and the size of an
image, they do not represent realistic brain motion. However, they are helpful for

eddy-current distortion correction and initializing nonlinear transformations.

When there is a significant anatomical difference or local geometric changes, linear
transformations are insufficient. In such cases, nonlinear transformations are
necessary to align images accurately. Nonlinear transformations [69] , often referred
to as warps, involve more than 12 DOF and can range from thousands to millions of
DOF. These transformations describe local changes in geometry, such as
displacements at specific grid points, which account for how that point and its

surrounding regions are shifted [71] .

Like many other fMRI data, it is often required to convert low resolution ASL data
from a subject to different resolutions and orientation. A typical example is the need
to convert a group of MRI images into a common space, such as MNI152 standard
space [70] , for group analysis. The conventional processes of reasonable
registrations for ASL data involve: rigid registration from ASL native space to the
structural space, and non-rigid registration from the structural space to the standard

space (see Figure 2.3.1).

ASL native space Structural space MNI152 standard space
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Figure 2.3.1 The process of transforming a CBF map to structural space and then to standard space.

T is the transformation of linear rigid-body registration which align the CBF map to the T1-weighted

structural image in the same subject. T, is nonlinear registration to estimate the transformation from

T1-weighted structural image to the standard space (the MNI152 space in this case). Interpolation is

used in these transformations to obtain the perfusion images in the same resolution with the structural
image or template image.
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2.3.4 Quantification

To obtain quantitative measurements of perfusion using ASL, a comprehensive
analysis process is required, which typically involves three key components:

subtraction, kinetic modelling, and calibration.

The label and control images include contributions from static tissue water, but only
the label image contains the inverted signal from labelled blood water, resulting in

a negative contribution to the perfusion signal. The subtraction is to isolate the signal
of labelled blood water in the tissue, which is achieved through the pairwise
subtraction between the label image and the control image. Therefore, the static
tissue signal is effectively removed, leaving behind a perfusion-weighted image that
exclusively reflects the signal from labelled blood water. Assuming the blood water
magnetisation is completely relaxed within the control image (M,,), the ASL signal
difference (AM) between the longitudinal magnetization of the label and control
images by local perfusion (f) during time delay (71) can be expressed in Equation
2.3.1.

AM = Mcontrol — Miabel = 2Mg, X f XTI Equation 2.3.1

Where & indicates the convolution operation, since the perfusion-weighted signal
reflects the amount of labelled blood water that has accumulated in the tissue during
PLD. To translate the perfusion-weighted signal into quantitative perfusion values,
a tracer kinetic model is needed be applied. A widely used model for ASL is

the general kinetic model proposed by Buxton et al. [72] , which has become a

standard for single-PLD ASL data. This model is based on three key assumptions:

e The arrival of labelled blood at a specific voxel is assumed to follow a
uniform plug flow. This means that before the initial transit delay At, no
labelled blood reaches the voxel. Between time t = At and t = t + At the
blood arriving is uniformly labelled, with that 7 is the label duration. After
t > 7 + At, the arriving blood is again unlabelled. For pCASL, this requires
PLD > ATT, and for QUIPSS II pASL, it needs (TI-TI;)>ATT. This ensures
sufficient time for bolus arrival. Notably, this simplification neglects

dispersion, a phenomenon arising from physiological factors such as transit
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through progressively narrower vessels, flow through the branching vascular
network, and cardiac pulsation. The effect could collectively smooth the AIF,

deviating from the idealized sharp arrival assumed in the plug-flow model.

The kinetics of water exchange between blood and tissue are assumed to be
modelled using a single-compartment model. This approach assumes that
even if sub-compartments exist within the tissue, water molecules exchange
between them so rapidly that their concentration ratios remain constant over
time and equal to the brain/blood water partition coefficient A, despite
changes in the total tissue concentration, which leads to the “well-mixed”
assumption, i.e. the label concentration in capillary blood and tissue
equilibrates sufficiently rapidly in the voxel. Consequently, the concentration
at the venous end of the capillary bed will match the label concentration
distributed throughout the voxel. Under the assumption, the dominant
mechanism for signal loss is T1-relaxation (the decay of magnetization due to
longitudinal relaxation), rather than physiological processes such as vascular

outflow.

After the inversion pulse, relaxation is assumed to be governed by blood T1
relaxation (T1p), and after labelled blood, the magnetization decreases with
tissue T1 relaxation (Ti¢). This assumption implies that water is instantly
extracted from the vascular space upon reaching the voxel. However, in fact
the labelled water may remain in the blood vessels for some time after arrival,
as the tagged blood continues to flow through the vascular network toward

the capillary bed.

These assumptions simplify the kinetic model, making it computationally tractable

while still providing accurate estimates of CBF in most physiological scenarios. This

model explicitly accounts for the three physiological processes governing the

behaviour of labelled blood water in tissue: arterial input function (AIF), residue

function, and magnetization relaxation function. The AIF a(t) quantifies the

concentration of labelled spins arriving in the voxel via arterial blood at time t.

However, once delivered, a fraction of these spins is removed from the voxel

through venous clearance or further perfusion. The residue function r(t) describes

the proportion of labelled spins remaining in the voxel at time t after their initial
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delivery. Concurrently, the inverted magnetization of labelled blood water

undergoes longitudinal relaxation at a rate determined by the T1 of arterial blood.
The magnetization relaxation function m(t) accounts for the decay of residual
magnetization over time t, reflecting the progressive loss of signal due to T1
relaxation. Under the assumption that off-resonance effects and magnetization
transfer [245] are identical in both label and control images, the time-dependent ASL
signal difference AM (t) becomes directly proportional to the change of perfusion
magnetization. According to AM = M gnirol — Miaber = 2Mpa @ f Q T1

Equation 2.3.1, this can be expressed as:
AM(t) = 2My,f{a(t) @ [r(t)m(t)]} Equation 2.3.2

where M, represents the equilibrium magnetisation of arterial blood, f is the

perfusion in ml/g/s.

To be detailed, the AIF describes the time course of delivery of the labelled blood

water to the part of the brain being imaged, is mathematically described as:

0 t < At

2Mg,e ¥Tib  (pASL) At<t<T+At
2Mg,e2/T1b  (pCASL)

0 t=>1t+ At

a(t) = Equation 2.3.3

where M, is the magnetization of the labelled arterial blood at the neck, T;;, is the

T1 of the arterial blood, 7 is the label duration, and At refers to the ATT.

Once the labelled blood water reaches the tissue through the vasculature, it remains
there for a period determined by either the time it takes for the labelled water to leave
the voxel or the rate at which the label decays due to T1 relaxation. The residue
function, as shown in Equation 2.3.4, quantifies the proportion of labelled blood-

water still present in each voxel at a given time point.
R(t) =r(t)m(t) Equation2.3.4

with r(t) = et/ represents the outflow effect, and by assuming a constant
concentration ratio between tissue and venous areas, A of 0.9 is the partition
coefficient of tissue/blood water. m(t) = e~t/T1¢ capturing the magnetization decay,

where T;; is the T1 of the tissue in the voxel.
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The kinetic model for the signal difference in magnetization between label and

control conditions can be formulated:

for pPCASL/cASL
AM(t) =
0 t <At
21\40aleappe_M/le(1 - e_(t_At)/Tlapp) At<t<At+rt
2Myof Tygppe 26/T1be~(t-A-D/Taapp (1 — e~/ T1app) At+T<t
Equation 2.3.5
and for pASL
(0 t <At
eRt(e—RAt_e—Rt)
AM(t) = | 2Moafe /T ———— At<t<At+r7

eRt(e~RAt_o—R(At+1)y

2M,,fe t/Tib At+t<t

R

Equation 2.3.6

Where T,,p, is the apparent tissue relaxation time, associated with the decrease of

longitudinal magnetisation additionally caused by labelled blood flow, whose

magnitude depends on the relaxation time of tissue (T3;) and blood flow : p
lapp

1

1 1
=41 ,andR = —— .
Tit A Tivb  Tiapp

Thus, a kinetic model curve of ASL signal difference AM(t) can be expressed in

Figure 2.3.2.
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Figure 2.3.2 An example of the general kinetic model curve in a voxel for pASL and pCASL.
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The parameters for pcASL and pASL uses the recommendations in the consensus paper. a bolus

duration of 1.8 s for pcASL and 0.8 s for pASL,;PLD of 1.8s for pCASL and TI of 1.8s for pASL.

ATT=Arterial Transit Time, the time required for labelled blood to traverse arteries and reach
capillaries.

To quantify the tracer concentration in the unit of CBF, the signal intensities, which
typically vary across individuals, as well as MRI-related factors such as the main
magnetic field, need to be scaled [34] . This process is known as calibration. There
are two main opinions on how to determine the value: one is the voxel-wise approach

and the other one is reference region approach.

In voxel-wise approach, the values for each voxel are estimated based on a separately
acquired PD-weighted image. The rationale behind this method is that it can
automatically correct for voxel-wise variations in intensity, such as coil sensitivity,
and typically involves simpler calculations. The PD-weighted image is typically
obtained from a separate calibration scan acquired with a long TR to ensure proton
density weighting. The other approach involves taking the mean value over a
reference region as a single global value. The argument for the reference region
approach is that different values in each voxel is not acceptable since it is expected to
have a single value of magnetization for the arterial blood as it is passing through the

labelling plane.

In the consensus paper, the voxel-wise approach is recommended in the consensus
paper [1] for general purpose calibration. Furthermore, the general kinetic model was
further simplified from the general kinetic model by assuming that the T1 of tissue
(Ty¢) is equivalent to the T1 of blood (T;5), and no outflow condition due to large
water pool, and. As a result, the absolute quantification of CBF can be derived using
a set of label-control paired ASL images along with a PD weighted image, as
described by the following Equation 2.3.7 and Equation 2.3.8:

using pCASL/cASL:

PLD
T
6000A(Scontrol—Siaber)e” 1P
T

CBF = (ml/100g/min)  Equation 2.3.7

2aTypSpp(1-e T1b)

and using QUIPSS II pASL:
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TI

Ty

CBF = 52094(Scontrol~Siabe)e” b (ml/100g/min)  Equation 2.3.8
2aT1;Spp

Where Scontrol and Siaber are the time-averaged signal intensities of the control and
label images, respectively. Slpp refers to the signal intensity of a proton density-
weighted image. a is the labelling efficiency of 0.98 for pASL and 0.85 for pCASL.
T; p decay is time constant of 1.65 s. T1 is the inversion time, and T, is the time
intervals for the QUIPSS II tagging pulse of 800 ms. PLD is the post-labelling delay
of 1800 ms. The factor of 6000 converts the units from ml/g/s of perfusion to the

customary physiological units of ml/100g/min.

The general kinetic model uses a single-PLD, chosen to allow labelled blood
sufficient time to reach the tissue. While simple and fast, it risks underestimating

CBF in regions with delayed ATT (Figure 2.3.3).

pASL At pcASL
2 — — 03 2r
15} = 05 15 ¢
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Figure 2.3.3 Variation in the ASL signal at a voxel in the brain, in response to changes in ATT, as well
as for both pcASL and pASL from [34] .When ATT is 0.9 or 1.1 (>PLD), labelled water is not
completely reach tissue.

To mitigate this, consensus PLDs are set conservatively long, or flow suppression
techniques [60] are applied to suppress signals from fast-moving arterial blood. On
the other hand, the multi-PLD method samples the kinetic curve at multiple delays
(Figure 2.3.4), enabling simultaneous estimation of CBF, ATT, and aBV (arterial

blood volume).
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Figure 2.3.4 An example of the label-control difference images at various PLD values (in seconds),
after averaging the repeated measurements for each PLD from [34] .

By varying the PLD, multi-PLD ASL acquires a series of images that capture
different stages of the arrival and washout of labelled blood water in the tissue.
Tracking the arrival of labelled blood at different tissues over time enables the
estimation of ATT. Furthermore, multi-PLD ASL data allow for distinguishing the
contribution of aBV from tissue perfusion. aBV represents the amount of labelled
blood within the arterial compartment of a voxel, and its influence is most prominent
in areas with high vascular density, such as inferior brain regions near major arteries.
Additionally, the aBV map derived from multi-PLD data highlights vascular
structures, like the middle cerebral arteries, and can aid in differentiating arterial

contamination from true perfusion signals [24] .

2.4 Partial volume effects

Partial volume effects (PVE) are a common issue in MRI imaging, leading to voxels
containing a mixture of different tissue types, which can obscure the true
representation of any single component and the sampling of continuous anatomical
structures. This would affect the precise measurement of a specific type of tissue of
interest. To ensure accurate quantification of MRI signals, it is essential to
understand the implications of PVE and apply appropriate correction methods for

this source of error.

2.4.1 Partial volume effects in ASL MRI

Partial volume (PV) effects can significantly impact the quantification of perfusion in

ASL MRI [73] ]. The ASL signal derived from the brain typically contains three

31



primary sources: grey matter, white matter, and cerebrospinal fluid. Ideally, the ASL
signal from CSF should be negligible, as labelled blood water is not expected to
reach the CSF [74] [75] . Within the context of perfusion MRI, GM is the main
interest due to its critical functions in the central nervous system and the observed
subtle variations in GM CBF associated with various diseases, for example, dementia
[76] . However, the spatial resolution of ASL data is relatively low, typically between
3—5 mm, which often does not match the 2—4 mm thickness of GM in cortical areas
[77] , thereby exacerbating partial volume effects (PVE). While all MRI modalities
used in brain imaging are susceptible to PVE, these effects are particularly
pronounced in perfusion imaging due to the significantly different perfusion
characteristics of GM compared to WM, where a perfusion ratio of 3:1 is frequently
assumed [34] . While this may not be problematic when visually assessing areas of
hyper- or hypo-perfusion (e.g., in brain tumors or stroke), PVE can distort
quantitative CBF measurements, especially when comparing individuals or detecting
subtle changes. This is particularly pertinent in research involving patients with
tissue atrophy [73] or neurodegenerative diseases, such as Parkinson's disease,
where alterations in voxel tissue content might be mistaken for perfusion changes or

masked by CBF differences between adjacent anatomical voxels.

2.4.2 Partial volume effects correction

It is becoming more widely acknowledged that addressing PVE is crucial for
accurately quantifying grey matter CBF without interference from the partial volume
of WM or CSF. Several partial volume effects correction (PVEc) methods have been
developed to address partial volume effects in perfusion estimation from ASL data.
These methods include the linear regression (LR) technique [7] and a spatially
regularized approach that incorporates spatial priors within a bayesian inference

framework for perfusion quantification [8] .

A general formulation of the ASL signal, accounting for contributions from both GM

and WM, can be expressed as:

In this formulation, AM represents the difference in longitudinal magnetization
between the ASL label and control images, P denotes the partial volume estimates

for each tissue type, and t indicates the time elapsed since the start of the RF
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inversion. It is assumed that the contribution from cerebrospinal fluid (CSF) is
negligible, as no significant ASL difference magnetization is expected in the CSF.

This approach is applicable to both single and multi-PLD ASL data.

Estimating the magnetization of either grey or white matter independently within a
voxel is challenging due to the availability of only a single measurement of
magnetization (AM). PVEc methods address this issue by incorporating information
from neighboring voxels, with different strategies used to integrate this data into the

estimation process.

The linear regression approach for PVE correction in ASL assumes that CBF in both
GM and WM can be considered constant within a 2D regression kernel of size n x n,
centered on the voxel where GM and WM values are required. Under this
assumption, where GM and WM CBF values are constant across voxels within the
kernel, the ASL difference signal in the voxels can be expressed in matrix form based

on Equation (2.5.2).
AM = PAM Equation 2.4.2

Where AM is a vector of length n? containing all the ASL difference values, P is n x
2 matrix of GM and WM PV estimates and AM is a vector with two entries
representing the grey and white matter perfusion within the kernel. The numerical
solution can be found using the following Equation 2.4.3, which minimizes the

squared error and is mathematically equivalent to linear regression:
AM = (PT-P)~t-PT-AM Equation 2.4.3

where (PT - P)™1 is the pseudo-inverse matrix of P. This process is repeated for each
voxel in the brain to generate a map of PV-corrected GM and WM ASL difference
signals. The method can also be applied to the final quantified perfusion images
[175] ], and in principle, it can accommodate various kernel shapes, as long as they

are defined in terms of whole voxels.

An alternative spatially regularized approach proposed by [8] uses the formulation in
Equation 2.4.1 but incorporates spatial priors for both GM and WM within a
variational bayesian inference framework. This method is based on the same
principle as the linear regression approach but improves upon it by allowing spatial

regularization to be adaptively guided by the data, rather than relying on a fixed
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kernel size. The algorithm estimates both GM and WM contributions in each voxel,
with each contribution influenced by a prior distribution derived from the
neighboring voxels, referred to as the spatial prior [80],[81] . This process is
iterative, with voxel values being updated in tandem with the spatial prior and
repeated in cycles. By applying Bayes’ theorem, the voxel estimates are informed by
both the measured data and the prior, with the balance automatically adjusted,
allowing the spatial regularization to adapt to the data. While initially demonstrated

with multi-PLD ASL data, this approach is also applicable to single-PLD ASL.

2.5 Artifacts in ASL MRI

Artifacts are distortions or anomalies in an image that do not accurately represent the
tissue or organ being scanned. In ASL MRI, artifacts can occur at different stages of
sequence acquisition [82] , including during the tagging phase (magnetic labelling),
the transit phase (the time between labelling and image acquisition), or the readout
phase (image acquisition itself). Additionally, various physiological changes can also
introduce artifacts, which radiologists must be mindful of when interpreting ASL
images. This section provides an overview of common artifacts encountered in ASL

MRI.

2.5.1 Artifacts arising during labelling

Ineffective labelling

To ensure that the distribution of ASL signal within brain tissue accurately interprets
the pattern of cerebral blood flow, protons in arterial blood close to the imaging plane
must be labelled efficiently and uniformly. There are two factors can influence the

process: vessel tortuosity and susceptibility variation within the labelling region.

Inefficient labelling, resulting from these factors, can lead to ASL signal loss in the
impacted vascular area. If the orientation of a target artery is not perpendicular to the
labelling plane, it can reduce the efficiency of the inversion process by slowing down
the blood flow. This reduced inversion efficiency may result in a weaker labelling of

the arterial blood, ultimately diminishing the ASL signal. Additionally, severe vessel
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tortuosity, where the artery crosses the labelling plane multiple times, can lead to
multiple inversions of the intraluminal blood, thereby diminishing labelling
efficiency, as shown in Figure 2.5.1. In fact, although tortuosity of the cervical

internal carotid artery occurs frequently, it seldom results in labelling failure.

Figure 2.5.1 Poor labelling caused by vessel tortuosity from [82] .

On the ASL CBF maps (a), there is a noticeable absence of signal in the left internal carotid artery
(ICA) territory. However, collapsed 3D time-of-flight MR angiography (TOF MRA) (b) reveals normal
flow signal in the left ICA, and the DWI image (c) shows no acute infarction in the brain. (d) The
distal ICA is visible on coronal post-contrast T1-weighted images. The right ICA (arrowed) shows
significant tortuosity as it passes through the labelling plane (white line) twice, leading to multiple
inversions and reduced labelling efficiency. This results in decreased signal in the right parietal lobe
on the ASL CBF maps.

Susceptibility variations within the labelling plane can cause dephasing of arterial
blood protons, disrupting the conditions needed for pseudo-continuous inversion and
resulting in poor or absent labelling, as illustrated in Figure 2.5.2. Various factors can
contribute to susceptibility variations, including metallic surgical hardware, dental
fixtures, calcification, and air—tissue interfaces caused by the pneumatization of skull
base and facial bones. Although these factors are common, the impact on labelling
efficiency due to susceptibility effects is relatively rare. This is likely because the
susceptibility gradients generated by these materials are generally too weak or distant
to significantly change the magnetic flux density in the internal carotid and vertebral

arteries.
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Figure 2.5.2 Poor labelling due to susceptibility variations in the labelling plane from [82] .

The ASL CBF maps (a) show a decreased signal in the left ICA territory, suggesting potential
perfusion issues. However, the relative CBF maps (b) generated from DSC perfusion imaging in the
same session shows the interhemispheric symmetry of blood flow, which is inconsistent with the ASL

findings. Additionally, there is no steno-occlusive disease observed in the left ICA from TOF MRA(c).

An axial T2-weighted gradient-echo image (d) at the level of the maxillary antra reveals an extensive

area of signal loss (ved arrowheads), indicating intravoxel dephasing due to susceptibility variations.

A prior CT scout image (e) identifies the causative factor as dental hardware, specifically on the left
side.

Cerebrospinal Fluid Labelling

Artifacts can also occur during the labelling period due to the inversion of water
molecules located outside the intraarterial compartment. If these labelled nonarterial
water molecules subsequently move into the imaging plane, they can contribute to
artifacts. For example, water molecules in the cerebrospinal fluid can be tagged
during the labelling phase and then migrate into the imaging plane, driven by
pulsatile flow—particularly under conditions of hyperdynamic CSF flow (as shown
in Figure 2.5.3). This migration often results in a distinctive high signal around the

medulla, creating what is commonly referred to as a "ring-of-fire" appearance.
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Figure 2.5.3 CSF labelling artifacts from [82] .

A high signal is observed anterior to the medulla and at the junction of the medulla and upper
cervical spinal cord on ASL maps (a). (b) Fast spin-echo FLAIR imaging and (c) T2-weighted imaging
show no extra-axial lesion in this area, indicating that the signal originates within the CSF space.

2.5.2 Artifacts arising during transit of labelled spins

Loss of spin label

As labelled spins travel from the labelling plane to the imaging volume, they
experience decay according to the blood T1 relaxation time, typically ranging from 1
to 2 seconds. Any factor that reduces the T1 relaxation time of blood can cause loss
of the labelled spins. In clinical settings, the administration of gadolinium-based
contrast agents is the most significant factor that reduces the T1 of intraarterial blood
to approximately 100 ms. This rapid reduction causes labelled spins to revert to their
equilibrium state before they reach the imaging volume, resulting in CBF maps
devoid of signal, as illustrated in Figure 2.5.4. Gadolinium-based contrast agents
significantly shorten the blood T1 relaxation time, causing labelled spins to rapidly
return to their equilibrium magnetization state before they can reach the imaging

volume, resulting in a loss of ASL signal. Consequently, it is crucial to conduct ASL
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prior to the administration of contrast agents. If CBF maps display this specific
signal absence, it is advisable to review the imaging protocol to confirm whether
contrast was given before the ASL procedure, possibly during an earlier, separate

session.

Figure 2.5.4 Signal loss due to the gadolinium-based contrast agents from [82] .

Before using contrast agent, the acquired ASL images (a)display a normal signal pattern. However,
after contrast administration and ASL images (b) acquired, there is a complete absence of signal.

Arterial Transit artifact

The arterial transit time can be delayed due to conditions, such as reduced cardiac
output, or arterial steno-occlusive disease, leading to artifacts for ASL. If the transit
time of arterial blood surpasses the combined duration of the label time and PLD,
imaging could occur prematurely, failing to capture parenchymal blood flow. In such
cases, labelled spins remain within the intraarterial compartment and manifest as
linear and serpiginous areas of high ASL signal in the CSF cisterns and cortical sulci,
a phenomenon known as "arterial transit artifact" (ATA) (see Figure 2.5.5).
Consequently, the parenchymal CBF distal to the ATA appears artifactually low
because the labelled blood has not yet reached the parenchymal capillary bed for

tissue exchange. This results in inaccurate measurements of parenchymal CBF,
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particularly in conditions with extended transit times due to arterial narrowing or
occlusion, posing a significant challenge to the use of ASL in determining tissue-at-
risk using CBF thresholds in scenarios like acute stroke and chronic steno-occlusive
disease. It is important to note that ATA may also occur in patients with normal
cardiac output and unobstructed intracranial arteries if a short PLD (less than 1500

ms) is employed.

Figure 2.5.5 ATA and "ASL borderzone sign" in a patient with reduced cardiac output caused by
cardiac failure from [82] .

ASL images (a, b) reveal the high signal intensity in the anterior, middle, and posterior cerebral
arteries (arrowheads), indicative of the intraarterial retention of labelled spins, characteristic of ATA.
Notably, there is a diminished signal in the brain parenchyma, especially within the parietal and
occipital lobes, referred to as the "borderzone sign.” DSC relative CBF maps (c, d) show no reduction
in parieto-occipital blood flow, corroborating that the apparent perfusion deficit observed on ASL is
an artifact resulting from the delayed transit of labelled spins into the parenchyma, rather than a true
reduction in cerebral blood flow.

2.5.3 Artifacts arising during read-out

Several artifacts arise during the readout period, with their appearance influenced by
factors such as motion and susceptibility gradients, which can vary to the readout

technique employed.

Motion
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Patient movement between control and tagging sequences in ASL often results in the
appearance of a halo around the area of interest. In brain ASL, this artifact typically
manifests as visualization of the scalp (see Figure 2.5.6). Additionally, movement can
cause slice-to-slice variations in brightness. To reduce these effects, post-processing
motion correction is frequently applied to align the paired images and minimize the
impact of significant patient movement. Slices with substantial position changes can
also be discarded with minimal effect on SNR, further enhancing the quality of the
ASL data.

Figure 2.5.6 An example of axial CBF slice with motion artifact from [82] .

This was caused by varying contrast of ASL slices presented as bright halo at edge of images.

2.6 Quality Control

Quality assessment (QA) and quality control (QC) of MRI are crucial at various
stages of the processing and analysis workflow to ensure the reliability of results. QA
aims to avoid the occurrence of problems and to guarantee that the research
workflow generates good quality data. Conversely, QC is to exclude poor-quality
data from the dataset to ensure that such data will not be processed by subsequent

analysis, thus potential bias in results can be prevented.

Most QC in MRI is conducted manually by trained technicians and radiologists
(referred to “raters”), who strictly inspect the images to identify artifacts and other
quality issues. This manual approach, while necessary, is heavily dependent on
personal expertise, labor-intensive and subjective, leading to potential
inconsistencies, inefficiencies and oversights in ensuring data quality. Thus, QC tools

are developed to either reduce the time required for visual inspection or to
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automatically evaluate the quality of MRI data. For this purpose, various image
quality metrics (IQMs) are proposed to quantify MRI images from different
perspectives, which serve as the primary input for QC tools. In the following section,
prior research on MRI QC protocols and typical automated QC tools for various MRI
modalities (MRIQC [83] for structural images, AFNI [84] for fMRI, and
ExploreASL [85] as well as ASLPrep [86] for ASL MRI) will be introduced.

2.6.1 Quality Control Protocols

Many studies have proposed and applied various QC protocols to assist the screening
and evaluate the image quality, aiming for automated QC for MRI data. For
structural images, Woodard and Carley-Spencer [87] defined 239 no-reference IQMs
based on Natural Scene Statistics or JPEG consortium to detect distortions and noise.
Mortamet et al. [88] proposed QC protocols mainly focused on detecting specific
artifacts (such as motion, blurring, and ghosting) in T1w images from the
Alzheimer's Disease Neuroimaging Initiative (ADNI) dataset [89] , by characterizing
magnetization of the air background. This is based on the principle that most artifact
signals propagate over the image and into the background. A study by Pizarro et al.
[90] proposed three volumetric features (the normalized histogram, tissue-wise
histogram, and the GM/WM mode ratio) and three artifact-specific features (eye
motion spillover, head-motion spillover for ringing artifact, and wrap-around for
aliasing artifact) for 1457 structural images. Furthermore, UK biobank study [171]
combined imaging-derived phenotypes (IDPs) for T1w images, initially introduced
as biomarkers to predict diseases, and additional QC-specific metrics (such as
asymmetry between subcortical tissues, normalised intensity of each subcortical
tissue, and pass/fail registration). Then an ensemble machine learning model
combining three classifiers were trained with above QC metrics, and the voting
system took the posteriori probabilities of these classifiers into account, following

the “Minimum Probability” combination rule [91] [92] .

Recent studies also proposed QC protocols to incorporate fMRI images [93] [95] . In
the study by [96] proposed Quality Assessment Protocol to measure the quality of
both fMRI and structural images based on several quality metrics in the literature.

The IQMs for structural images involve CNR, SNR, entropy focus criterion [97],
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foreground-to-background energy ratio (FBER), voxel smoothness [98], percentage
of artifact voxels [88] . Regarding fMRI, spatial quality metrics were applied to the
average image and temporal quality metrics were applied to fMRI data, these
temporal quality metrics included the standardized root mean squared change in
fMRI signal between volumes (DVARS) [99] , mean root mean square deviation
(MeanFD) , the percentage of voxels with meanFD > 0.2 (Percent FD) [100] , the
temporal mean of AFNI’s 3dTqual metric (1 minus the Spearman correlation
between each fMRI volume and the median volume) [95] and the average fraction of
outliers found in each volume using AFNI’s 3dTout command. Furthermore, the
distributions of metrics were built, using the Autism Brain Imaging Data Exchange
(ABIDE) [101] and the Consortium for Reliability and Reproducibility (CoRR) data
[102], to validate their reliability and reproducibility. A prior study [93] provided a
visual assessment checklist using 129 resting-state fMRI data processed by Analysis
of Functional Neuroimages (AFNI) to exclude outliers, which could be used to guide
the training of new raters. In study [103], resting-state and task fMRI data with
various artifacts from public sources were used to conduct QC based on the visual
assessment reports generated by MRIQC [83] and fMRIPrep [211] . Specifically,
exclusion criteria were designed and applied for unprocessed fMRI data as well as
T1w images based MRIQC visual report, and preprocessed fMRI data based on
fMRIPrep visual report.

For ASL data, the consensus paper [1] outlined a manual approach for visual QC of
ASL images, focusing on specific issues such as low labelling efficiency, global grey
matter CBF values, and various artifacts. A later study [104] proposed a visual
scoring system for ASL data involving two parts: contrast-based QC and artifact-
based QC, which highlight the visual contrast between anatomical structures, and
evaluate commonly occurred artifacts, respectively. Furthermore, apart from CBF
maps, the scoring system also considers their ancillary parametric maps, if present,
1.e. R1, aBV, and ATT maps. The detailed QC criteria are presented in Figure 2.6.1.
The scoring system rates each item from the QC criteria according to its severity
(higher scores mean better quality), with examples of artifacts at various degrees of
severity provided as guides. This work provided relatively comprehensive QC
protocols to measure the quality ASL data of various conditions, although it still

requires manual inspection for individuals. Furthermore, ASL QC tools have been
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developed, such as ExploreASL [85] and ASLPrep [86] . Both tools rely on their own
processing pipelines, utilizing various image quality metrics derived from different

stages of their processing to quantify the quality of ASL data.

Evaluation of CBF maps

Contrast component
Grey matter (0-2)
Grey/white matter differentiation (0-2)
Basal ganglia and thalami (0-2)
Subtotal (0-6)

Artifact component
Mation (0-2)
Signal drop (0-2)
Distortion (0-2)
Bright spots and areas (0-2)
Subtotal (0-8)

Grand total (0-14)

Evaluation of andillary maps (QUASAR-specific)
Cantrast
R1
Grey matter (0-2)
Grey/white matter differentiation (0-2)
Basal ganglia and thalami {0-2)
Subtotal (0-6)
aBv
Anterior cerebral arteries (0-2)
Middle cereloral arteries {0-2)
Posterior cerebral arteries (0-2)
Subtotal (0-6)
ATT
Anterior watershed area (2)
Posterior watershed area (2)
Deep watershed area (2
Subtotal (0-8)

Grand total (0-18)

Figure 2.6.1 The QC criteria to evaluate CBF maps and ancillary images from [104] . R1: T1
relaxation rate; aBV: arterial blood volume; ATT: arterial transit time

2.6.2 Quality Control tools in MRI

2.6.2.1 MRIQC

MRIQC [83], a quality control tool for structural MRI images, can detect outliers
using a binary (accept/exclude) machine learning classifier trained with extracted

IQMs. A minimal processing processing pipeline is provided to derive essential
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corrected images required for IQM computation. Consequently, 64 metrics are
extracted based on 14 IQMs of four families that measure noise, spatial distribution,

particular artifacts, and other factors respectively, presented in Figure 2.6.2.

Furthermore, QC reports are provided by MRIQC: the individual anatomical report
aims to facilitate the screening process and includes the image parameters, and
visualization of cutting planes from structural images with mosaic views, contour of
brain segmentation, and noise distribution on the air mask; the group report provides
scatter plots that display the distribution of each IQM, aiding in the identification of
outliers. These scatter plots are interactive, allowing users to open the corresponding

individual report by clicking on the points within the plots.

Measures based on noise measurements

CJv The coefficient of joint variation of GM and WM was proposed as objective function by Ganzetti
et al. [30] for the optimization of INU correction algorithms. Higher values are related to the
presence of heavy head motion and large INU artifacts.

CNR The contrast-to-noise ratio [31] is an extension of the SNR calculation to evaluate how
separated the tissue distributions of GM and WM are. Higher values indicate better quality.
SNR MRIQC includes the the sighal-to-nose ratio calculation proposed by Dietrich et al. [32], using

the air background as noise reference. Additionally, forimages that have undergone some
noise reduction processing, or the more complex noise realizations of current parallel
acquisitions, a simplified calculation using the within tissue variance is also provided.

Qlz The second quality index of [12] is a calculation of the goodness-of-fit of a #° distribution on the
air mask, once the artifactual intensities detected for computing the Ql, index have been
removed. The description of the QI is found below.

Measures based on information theory

EFC The entropy-focus criterion [33] uses the Shannon entropy of voxel intensities as an indication
of ghosting and blurring induced by head motion. Lower values are better.
FBER The foreground-background energy ratio [14] is calculated as the mean energy of image values

within the head relative the mean energy of image values in the air mask. Consequently, higher
values are better.

Measures targeting specific artifacts

INU MRIQC measures the location and spread of the bias field extracted estimated by the inu
correction. The smaller spreads located around 1.0 are better.
Qly The first quality index of [12] measures the amount of artifactual intensities in the air

surrounding the head above the nasio-cerebellar axis. The smaller Ql4, the better.

WM2MAX | The white-matter to maximum intensity ratio is the median intensity within the WM mask over
the 95% percentile of the full intensity distribution, that captures the existence of long tails due
to hyper-intensity of the carotid vessels and fat. Values should be around the interval [0.6, 0.8].

Other measures

FWHM The full-width half-maximum [24] is an estimation of the blurriness of the image using AFNI's
3dFWHMx=. Smaller is better.

ICVs Estimation of the icv of each tissue calculated on the FSL FAST's segmentation. Normative
values fall around 20%, 45% and 35% for cerebrospinal fluid (CSF), WM and GM, respectively.
rPVE The residual partial volume effect feature is a tissue-wise sum of partial volumes that fall in the

range [5%-95%)] of the total volume of a pixel, computed on the partial volume maps generated
by FSL FasT. Smaller residual partial volume effects (rPVES) are better.

SSTATs | Several summary statistics (mean, standard deviation, percentiles 5% and 95%, and kurtosis)
are computed within the following regions of interest: background, CSF, WM, and GM.

TPMs Overlap of tissue probability maps estimated from the image and the corresponding maps from
the ICBM nonlinear-asymmetric 2009¢ template [35].
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Figure 2.6.2 IOMs from MRIQC [83] .

2.6.2.2 AFNI

AFNI (Analysis of Functional Neurolmages) [84] is a comprehensive software suite
used for the analysis and visualization of fMRI data. AFNI provides a comprehensive
set of quality control (QC) procedures for fMRI subjects [95] . The initial stage of
QC, known as "getting to know your data" (GTKYD), occurs before any formal
processing of datasets begins. Although not part of the inclusion/exclusion criteria,
GTKYD presents and evaluates the consistency in acquisition parameters and data
properties. Subsequently, systematic quantitative and qualitative stages are integrated
directly within the afni_proc.py processing pipeline and QC HTML reports, labelled
as APQUANT and APQUAL, respectively. For task-based fMRI, the STIM stage
examines the stimulus event and timing information. Additionally, the graphical user
interface (GUI) stage should be utilized for a subset of subjects in any study to
thoroughly verify dataset properties and investigate any unknown features that may

emerge during other QC stages.

2.6.2.3 ExploreASL

ExploreASL [85] is a software package for ASL image processing, that is developed
using MATLAB based on Statistical Parameter Mapping (SPM). The quality control
module is the final part of its processing pipeline, which considers both structural
and ASL images. For structural images, QC parameters are adapted from
Preprocessed Connectome Project Quality Assurance Protocol (QAP) [96],
presented in Table 2.6.1 from [85] . Specifically, a small WM region was used as the
noise region instead of the background that out of the brain. On the other hand, for
ASL images, QC parameters are adapted from SPM fMRI QC parameters [105],
presented in Table 2.6.2 from the supplementary material of [60]. Moreover, there are
also QC parameters produced by comparing ASL images (after smoothing) with a
group average (template) image (Table 2.6.3). The images with a large difference (>
2-3 SD) in QC parameters are suggested to be visually checked. These QC
parameters as well as both T1w and ASL images (including intermediate and final

images) were presented in a JSON file on individual level for visual QC.
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Table 2.6.1 Structural QC parameters from ExploreASL [85] .

Structural QC parameters

Brief explanation

CNR_GM_WM Ratio

EFC _bits(bits)

FBER_ WMTref Ratio

Mean_AI Perc(%)

SD_AI Perc(%)

SD WMref(ml/100g/min)

SNR_GM_Ratio

WMref vol mL(mL)

WMref vol Perc(%)

abs(Mean GM - Mean WM)/(SD WMref)* (higher = better)
Shannon entropy of voxel intensities proportional to
maximum possible entropy for similarly sized image,
indicating ghosting and head motion induced blurring (lower
= better)

(SD WholeBrain)2 / (SD WMref)2 (higher = better)

Mean of voxel-wise asymmetry index (Al), where Al = (L-

R)/(0.5*[L+R]) (Kurth et al., 2015) (lower = better)

Distribution of voxel-wise asymmetry index (Al), where Al =

(L R)/(0.5*[L+R]) (lower = better)

SD in the WMref region

Mean GM / SD_WMTref(higher = better)

Volume of noise reference region within the WM (WMref)

Percentage of WMref volume to the total WM volume

CNR=contrast-to-noise ratio, SD=standard deviation, EFC=entropy focus criterion,

FBER=foreground to background energy ratio, Al=asymmetry index,

Perc=Percentage, ref= reference, vol=Volume, L=left, R=right.

Table 2.6.2 ASL QC parameters from ExploreASL [85] .

ASL QC parameters

Brief explanation

tSNR_CSF_Ratio

tSNR_GM_Ratio

Mean / temporal standard deviation (SD) within total
CSF

Mean / temporal SD within total GM
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tSNR_GMWM_Ratio

Mean / temporal SD within the parenchyma (GM+WM)

tSNR_GMWM_WMref Ratio Mean within parenchyma / tSD within reference WM

tSNR_Physio2Thermal Ratio

tSNR_Slope Corr

tSNR_WM_Ratio

tSNR_WMref Ratio

(WMref)

tSNR_GMWM / tSNR_GMWM_WMref

Slope of temporal SNR as function of GM partial volume

Mean / temporal SD within total WM

Mean / temporal SD within WMref

Table 2.6.3 ASL difference QC parameters from ExploreASL [85] .

Difference QC parameters

Brief explanation

Al Perc(%)

Mean_SSIM_Perc(%)

nRMSE_Perc(%)

PeakSNR_Ratio

RMSE_Perc(%)

Mean voxel-wise asymmetry index (Al), computed as (L-

R)/(0.5*[L+R]) (lower = better)

Mean voxel-wise structural similarity index (SSIM) (higher

= better)

Normalized Root-mean-square error (nRMSE) with ASL

template (lower = better)

Assuming an individual ASL image can be interpreted as a
noisy version of an ASL template, this parameter is the
dynamic range compared to the mean squared difference of
the individual and template ASL images. Dynamic range is
calculated here as MaxIntensity-MinIntensity (higher =
better)

Root-mean-square error (RMSE) with ASL template (lower
= better)
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2.6.2.4 ASLprep

ASLPrep [86] is a software workflow for ASL MRI data processing that is developed
using python package Nipype. In ASLPrep, both importing metadata and storing

processed data conform to the Brain Imaging Data Structure (BIDS) specification

[106] for ASL.

In QC workflow, ASLPrep measures quality of registrations of ASL to T1w image as
well as T1w image to the standard template for each step during registration, theses
metrics include the mask overlaps, spatial correlation, Dice coefficient and Jaccard
index. Furthermore, ASLPrep also provides quality measures for ASL timeseries
which are the mean frame-wise displacement, the root mean square variance of
temporal derivative of CBF time courses, CBF ratio between GM and WM, and the
CBF quality evaluation index (QEI). QEI measures the quality of CBF map using its
similarity with structural tissues, CBF spatial variabilities in GM and WM, and the

percentage of negative CBF within the GM mask.

Furthermore, a descriptive HTML report is generated on individual level. Specially,
the report includes the visualization of data before and after key processing steps
(normalization, registration, distortion correction) as well as CBF maps (SCORE-
corrected CBF [107] , SCRUB-corrected CBF[108] , BASIL [109] CBF, and PVEc
CBF), aforementioned quality control metrics, and the description of all

methods/tools used for preprocessing with citations.

2.7 Automated Quality Control Techniques

Conventional methods are widely used for QC in MRI data and play a crucial role in
ensuring data integrity. One common approach is the application of z-score
thresholds to identify outliers by measuring the deviation of individual data points
from the mean [110] . This statistical method effectively highlights anomalies that
could indicate potential issues in the MRI data. Another traditional technique
involves the use of boxplots, which visually represent the distribution of data and
identify outliers [111] . By depicting the spread and central tendency of the data,
boxplots offer a straightforward means of detecting anomalies that might

compromise image quality. Additionally, methods based on Principal Components
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Analysis (PCA) are employed to facilitate anomaly detection in MRI [112] ,[113] .
PCA reduces the dimensionality of the data, helping to identify patterns and
variances that may indicate anomalies. This approach is particularly useful in

isolating noise and artifacts that can adversely affect MRI image quality.

While these conventional methods are valuable, they often require significant manual
intervention and may not always capture complex patterns in the data. This limitation
has motivated the use of machine learning and deep learning techniques [114] [117]
for quality control in MRI. Machine learning is particularly effective in selecting the
most useful features, optimizing the process by automatically identifying and
prioritizing relevant metrics that contribute to data quality and making it more
efficient and less prone to human error. In addition, deep learning takes this a step
further by automatically learning patterns directly from the image data. These models
can identify subtle anomalies that traditional methods might miss, thanks to their
ability to process large amounts of data and discern intricate relationships within it.
This makes deep learning particularly powerful in the context of MRI, where

detecting slight irregularities can be crucial.

In deep learning, the process of QC in MRI images is often referred to as anomaly
detection or out-of-distribution (OOD) detection. Anomaly detection in MRI images
is typically conducted using convolutional neural network [118] (CNN)-based
feature extractors followed by classifiers. CNNs excel at identifying spatial
hierarchies in images, making them particularly suited for detecting irregularities in
MRI scans. Additionally, deviation-based models such as variational autoencoders
(VAEs) [119] and generative adversarial networks (GANs) [120] are also employed.
These models can generate synthetic data that closely resembles the training data,
enabling them to identify deviations that indicate anomalies. By leveraging these
advanced techniques, MRI QC can become more automated, accurate, and capable of

handling the complexities inherent in medical imaging.

2.7.1 Machine Learning

Machine learning is a branch of artificial intelligence that involves creating
algorithms and statistical models that allow computers to learn from data and make

predictions or decisions. It is generally divided into two main categories: supervised
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learning, where models are trained on labelled data to predict specific outcomes, and
unsupervised learning, which focuses on discovering hidden patterns or structures in
unlabelled data. QC of MRI data is to accept normal data and exclude outliers, and

thus it can be regarded as a binary classification problem in machine learning.

A machine learning (supervised) task commonly involves several key steps: Initially,
data collection is undertaken to obtain the dataset comprising input features and their
corresponding labels. In MRI studies, IQMs are extensively utilized as features for
machine learning models to assess and ensure the quality of MRI data. The
corresponding labels for these machine learning tasks are typically provided by
expert raters. Subsequently, data preprocessing is conducted to clean and prepare the
data, including handling missing values, normalizing numerical features, and
encoding categorical variables. Feature selection or engineering follows, aiming to
identify and create the most relevant features that will improve model performance.
The next step involves splitting the dataset into training and validation sets, which
allows for both model training and performance evaluation. The chosen classification
algorithm is then trained on the training data, learning to map input features to the
corresponding labels. Hyperparameter tuning is performed to optimize the
parameters of model, often using techniques such as grid search or cross-validation.
After training, the performance is evaluated using the validation set, employing
metrics such as accuracy, precision, recall, and the F1 score. The final step is model
testing, where model generalization ability is assessed on an independent test set to

ensure its reliability on unseen data.

Notably, prevalent challenge in this domain is the inherently imbalanced dataset,
where the majority of images may fall into the category of acceptable quality, while a
smaller proportion exhibit significant artifacts or quality issues. This imbalance can
lead to biased models that perform well on the majority class but poorly on the
minority class, thereby necessitating careful selection of the model to address this
challenge. Support Vector Machines (SVMs) [121] are commonly employed in these
contexts due to their effectiveness and robustness in handling imbalanced data.

Further details of SVMs are given in the following section.

Support Vector Machine
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Support vector machines (SVMs) [121] are widely used for classification tasks,
which is achieved by identifying the optimal hyperplane that separates two classes,
aiming to maximize the margin between the nearest data points from each (see
Figure 2.7.1). Although many potential hyperplanes could separate the classes, SVM
seeks the one that provides the largest margin, thus ensuring the best decision
boundary. This maximization of the margin helps the model generalize well to new
data, to achieve accurate classification predictions. The lines adjacent to the optimal
hyperplane are called support vectors, as they pass through the data points that are
crucial for defining the margin. This allows the model to maintain sensitivity to the

minority class (outliers) [122] .

Support vectors

Optimal hyperplane

. — Support vectors

Maximized margin

Class L: Class 2: A X

Figure 2.7.1 SVM classifies data by maximizing the margin between the two classes.

The middle line between the support vectors is the optimal hyperplane and the distance between the
supports is denoted as maximized margin.

In the binary classification, we suppose there are two classes with labels as +1 and -
1. x denotes the input features and y is the corresponding labels. The hyperplane can

be expressed as:
wix+b=0 Equation 2.7.1

The vector w denotes the normal vector that is perpendicular to the hyperplane and
the parameter b denotes the distance along the vector w to the hyperplane, which can

be represented as:

wai+b .
i = W Equation 2.7.2
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The margin can be further denoted as:

_ yi(wTx;+b)

lwl|

Yi Equation 2.7.3

Where y; is the margin and y; is the label of an example. In linear hard margin SVM
classifier, the prediction of an example can be denoted as:

- 1:wlix;+b =0
9=1

Equation 2.7.4
—1:wlx; +b <0 quation

The goal of SVM is to maximize the margin between the two classes: in Equation

2.7.5, min;|wTx; + b| can be regarded as 1 by changing the scale of vector w, and
2
thus max,, , ﬁ can be converted to min| |lw]| |, and end up with min% | |W|| , which

can be solved as a convex quadratic programming problem.

R 1 1 2
max,, , min;7— |w'x; + b| = min;ow'w = mmi5||wl| )

[Iwl]
subject to y;(wTx; + b) >0 fori=12,3..,m Equation 2.7.5

In many real-world scenarios, data is often not linearly separable in its original
feature space, presenting a significant challenge for traditional classification
methods. For instance, extreme high or low values in quality metrics may indicate
outliers that lie on opposite ends of the data distribution, complicating the separation
of classes. The kernel trick in Support Vector Machines (SVMs) effectively addresses
this challenge by implicitly mapping input data into a higher-dimensional feature
space, where a linear separator can be more easily identified. Instead of explicitly
computing the coordinates of the data in this higher-dimensional space—a task that
can be computationally prohibitive—the kernel trick allows SVMs to operate in this
transformed space by evaluating a kernel function. This function effectively
computes the inner product of the data points in the high-dimensional space, enabling
the SVM to find an optimal hyperplane without ever needing to directly perform the
transformation. Several types of kernel functions are commonly used, including the
linear, polynomial, radial basis function (RBF), and sigmoid kernels. Each of these
kernels introduces a different notion of similarity in the transformed space, allowing

the SVM to adapt to various types of data distributions.
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By leveraging the kernel trick, SVMs can efficiently handle complex classification
tasks that involve non-linear decision boundaries. This capability makes SVMs a
powerful tool in machine learning, particularly in domains where the relationships
between features are not straightforward or easily captured by linear models. The
kernel trick, therefore, not only extends the applicability of SVMs but also enhances

their performance on a broad range of classification problems.

2.7.2 Deep Learning

Deep learning is a subset of machine learning that focuses on using artificial neural
networks with many layers, also known as deep neural networks, to model complex
patterns in data. It is part of a broader family of machine learning methods and is
particularly effective in tasks that involve large amounts of data and require learning
hierarchical representations, such as image recognition, natural language processing,
and speech recognition. Recently, deep learning has emerged as a powerful approach
for QC in medical images [114] [115] . Unlike classical machine learning techniques
that often rely on predefined IQMs, deep learning can inherently capture complex

image-level features, without the need for such predefined QC criteria.

The training process of neural networks is analogous to machine learning in that it
involves iteratively adjusting the model parameters to minimize the error in
predictions. This process begins with the collection and preprocessing of a dataset,
which is then used to train the network. The data are fed into the neural network in a
process called forward propagation, where it passes through multiple layers of
neurons. The accuracy of these predictions is evaluated using a loss function, which
quantifies the difference between the predicted outputs and the actual targets.
Through backward propagation, the gradients of the loss function with respect to the
weights of neurons in each layer are computed sequentially from back to front,
allowing for the adjustment of weights in the direction that reduces the loss. This
optimization is typically performed using algorithms like Stochastic Gradient
Descent [123] or Adam [124] . Techniques such as data augmentation,
regularization, and cross-validation in this training phase can enhance the

generalization of models for unseen data and does not overfit. Techniques like early
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stopping, learning rate scheduling, and hyperparameter tuning can further refine the

training process, helping to achieve optimal performance.

This section provides an overview of these fundamental deep learning concepts,
which serve as the theoretical basis for QC using deep learning of ASL MRI in
Chapter 5.

2.7.2.1 Perceptron

A perceptron [125] is a basic building block in deep learning, representing the
simplest form of an artificial neuron or neural network unit. It serves as the
foundation for more complex neural network architectures, such as multi-layer

perceptrons (MLPs) [125] and convolutional neural networks (CNNs) [118] .

x1
wil

X2 w2 y
w3

x3

Figure 2.7.2 Perceptron model.

X is the input vector, and w is the corresponding weight vector. y is the output.

A perceptron is a mathematical model of a neuron, designed to simulate the
behaviour of biological neurons in the brain, presented in Figure 2.7.2. It takes a set
of input values, applies a linear transformation (through a set of weights), and then

uses an activation function to produce typically an output of 1 (active) or 0 (inactive).

= {O Q. wjxj < 0) Equation 2.7.6

The perceptron calculates a weighted sum of its inputs, which is then passed through
an activation function to generate the final output. Perceptrons laid the groundwork
for the development of deep learning, demonstrating the potential for neural

networks to learn from data and perform complex tasks.
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2.7.2.2 Multi-layer Perceptrons

This simple structure of perceptron allows linear classification, but they struggle with
non-linear problems. To address this limitation, MLPs (depicted in Figure 2.7.3)
were developed, incorporating multiple layers of neurons. The MLPs include one
hidden layer, enabling complex non-linear modelling. Despite their simplicity, MLPs
serve as the foundation for modern deep learning architectures, such as convolutional
neural networks (CNNs) and recurrent neural networks (RNNs), which build on
these concepts to tackle a wide range of complex tasks in machine learning and

artificial intelligence.

Input Hidden layer Output

Figure 2.7.3 Multi-Layer Perceptrons including input layer, hidden layer and output layer from left to
right.

2.7.2.3 Convolutional Neural Network

In a simple neural network, each node in one layer is connected to every node in the
next layer, and there is typically only a single hidden layer. In contrast, deep learning
networks have multiple hidden layers, making them "deep." These additional layers
allow the network to learn more abstract and complex representations of the input
data. Although basic neural networks, like feedforward networks, can process images
as input, they are highly inefficient due to the full connection between all neurons
across layers. Deep learning architectures, such as Convolutional Neural Networks
(CNNs) [118], overcome this limitation by preserving spatial information and
establishing sparse connections between neurons in different layers, making them

more efficient and effective for image processing tasks (such as Figure 2.7.4).
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A characteristic of CNNs is use of convolutional layers, where filters (also known as
kernels) are applied to input data to extract relevant features or preserve the
relationship of local areas, such as edges, textures, or patterns. Each convolution
kernel is a feature extractor, and only one feature is extracted. These filters slide
across the input, performing element-wise multiplications and summations,
producing feature maps that highlight important aspects of the data. CNNs also
incorporate pooling layers, which reduce the dimensionality of the feature maps by
down-sampling, thus lowering computational complexity while preserving the most
critical information. The combination of features is the key to determine what the
original image is, and the absolute position of features is less important while the
relative positioning between different features plays a more significant role. Using
the relative position can be more robust to some translation and rotation, control
overfitting, increase the generalization ability of the model, and greatly reduce the
model parameters. Another common feature of CNN is the use of non-linear
activation functions like ReLU (Rectified Linear Unit) [118], which introduce non-
linearity to the model, allowing it to learn complex patterns. CNNss often conclude
with fully connected layers, facilitating final decision-making or classification tasks
[118] . Together, these features make CNNs highly effective for tasks involving
image processing and computer vision, enabling them to excel in applications like

image classification, object detection, and semantic segmentation.
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Figure 2.7.4 The conventional blocks of a typical CNN for medical image process from [127] .
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2.7.2.4 U-Net

The U-net architecture [128] is widely recognized for its efficacy in medical image
segmentation (Figure 2.7.5). This neural network structure features a symmetric, U-
shaped design that facilitates the efficient processing of images through a
combination of contraction and expansion paths. The contraction path of the U-net is
akin to a traditional convolutional network, comprising repeated application of
convolution and pooling layers. This path captures context by downsampling the
input image, effectively learning hierarchical features. Conversely, the expansion
path consists of upsampling operations that increase the resolution of the output. This
path merges high-level feature representations with corresponding features from the
contraction path through skip connections. These connections preserve spatial

information that is crucial for accurate segmentation.
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Figure 2.7.5 U-net architecture from [128] .

The network consists of an encoder-decoder structure with symmetrical skip connections that help
preserve spatial information. The encoder (contracting path) extracts hierarchical features through
successive convolutional and pooling layers, reducing spatial dimensions while increasing feature
complexity. The decoder (expanding path) restores spatial resolution using transposed convolutions
and combines low-level features from the encoder via skip connections to refine the output. The final
layer applies a convolution operation to generate the segmented output, making U-Net highly effective
for medical image analysis tasks.
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2.7.3 Anomaly Detection

Quality control, often referred to as anomaly detection in the context of deep
learning, presents unique challenges due to the difficulty of obtaining labelled data
for every possible anomaly. While supervised learning algorithms, particularly those
implemented through CNNs, have seen widespread use in industries such as
manufacturing, surface inspection, and surveillance [129] [131] , however, their
applicability in medical imaging is limited. The primary obstacle is the impracticality
of acquiring comprehensive labelled datasets for all potential anomalies in MRI

scans.

Consequently, supervised learning methods [132] ,[133] are not ideally suited for
anomaly detection in medical imaging. Instead, semi-supervised learning approaches
[133] [134] have emerged as a more viable solution. These methods focus on
identifying deviations from established norms, rather than relying on extensive
labelled data. The initial step in this process involves developing a robust baseline of
normal MRI scans, which serves as a reference point for detecting anomalies. This
baseline is created by analysing a large dataset of MRI images that have been
verified to be free of defects. Deep learning algorithms are employed to learn the
typical patterns and features of these high-quality MRI images, establishing a
standard against which new, unseen images can be compared. Once this baseline is
established, the anomaly detection system can evaluate unseen MRI data by
identifying deviations from the norm. Any irregularities that suggest potential
anomalies are flagged by comparing the new images against the established baseline.
This semi-supervised approach thus enables the detection of anomalies without the

need for extensive labelled datasets.

In addition to semi-supervised methods [135] [137] , unsupervised anomaly detection
algorithms are also employed. These algorithms analyse both normal and anomalous
data without relying on labels, identifying anomalies based on intrinsic properties of
the datasets, such as distances or densities. By examining the structure and
distribution of the data, unsupervised methods can detect outliers that do not conform

to established patterns.

The combination of semi-supervised and unsupervised approaches provides a

comprehensive strategy for anomaly detection in MRI. By leveraging both defined
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norms and intrinsic data properties, these methods enhance the reliability and

accuracy of detecting anomalies in medical imaging.

2.8 Conclusion

This chapter outlined the fundamental concepts of MRI, with a specific focus on ASL
MRI that stands out as a non-invasive technique that enables the quantitative
measurement of perfusion. The ASL consensus paper [1] on the clinical
implementation of ASL MRI marked a pivotal milestone in 2015, promoting its
broader acceptance in clinical practice and establishing standardized protocols for
both research and routine clinical applications [5] [34] [54] . Since then, various
advancements have been made to ASL to enhance image quality, improve the
accuracy of CBF quantification, and provide measurements of additional
physiological parameters [27] . However, ASL still faces several challenges. This
thesis focuses on two main aspects that complicate ASL MRI: partial volume effect

correction and automated quality control methods.

PVEc methods, such as linear regression [7] and spatially regularized variational
Bayes approaches [4] , are well-established in the literature. However, the impact of
PVEc on ASL results is still debated, potentially due to factors like sample size or
variability in protocols. One key limitation is the relatively small participant numbers
[177],[181] [186] , which restricts the generalizability of findings and complicates

the assessment of effects of PVEc.

Another challenge in ASL MRI is automated QC. This chapter discussed some
common artifacts that can arise during ASL acquisitions and highlighted the
limitations of traditional QC methods. Automated QC, especially with the integration
of advancing deep learning techniques, shows promise in detecting artifacts and

evaluating image quality for subsequent analysis.

To address these challenges, Chapter 3 applied PVEc to a relatively large ASL data,
and investigated age-related changes in perfusion with and without PVEc to account
for anatomical changes, such as brain atrophy, which can lead to cortical thinning
and exacerbate GM voxel contamination by other tissue types. Additionally, a

surface-based pipeline for ASL pre-processing and analysis was developed, alongside
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the conventional volumetric pipeline, to provide surface-based representations of the
results. Chapter 4 explores image quality metrics specific to ASL data to aid in QC,
with the goal of standardizing ASL QC protocols, a gap that currently exists in the
literature. These IQMs were incorporated into QC reports for quick visual inspection.
Moreover, these metrics were individually evaluated and also used as features for
machine learning tasks. In Chapter 5, deep learning models were built to
automatically learn features directly from the images, eliminating the need for

predefined IQMs, thereby enabling fully automated QC for ASL MRI.
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3 Regional Changes in Cerebral Perfusion with Age
When Accounting for Changes in Grey Matter

Volume'

3.1 Introduction

Perfusion is the process of delivering blood to the capillaries within tissues, essential
for maintaining tissue and organ health by supplying oxygen and nutrients while
removing metabolic waste [138] [141] ,[142] . Cerebral blood flow (CBF), a
quantitative measure of perfusion, represents the rate at which arterial blood flows
through capillaries and is closely tied to normal metabolic function [146] -[148] .
Arterial Spin Labelling (ASL) MRI is the only non-invasive technique that allows
imaging of CBF in the brain, using blood water as an endogenous tracer [34] . ASL
has become a widely used method for assessing CBF in various neurological
conditions, as well as for studying the effects of age and sex on cerebral perfusion.
While there is general agreement that CBF decreases with age, research findings on
the influence of age and sex on CBF in specific brain regions have been inconsistent.
Some studies indicate a decline in cortical CBF with age, while others report an
increase or no significant correlation [150] . These conflicting results are likely due

to limited cohort sizes and variability in the analysis methods employed.

Like other perfusion techniques, ASL has a relatively low spatial resolution typically
with voxel size around 3—5 mm. This resolution is lower than the anatomical
variations within the tissues it aims to image. This can significantly impact CBF
measurements affected by partial volume effects (PVE) since a voxel is likely to
contain more than one type of tissues. Although this might not be evidently
problematic when visually examining areas of hyper- or hypo-perfusion, such as
brain tumors or stroke, PVE can confuse the quantitative measurements of CBF,

especially when comparing individuals or detecting subtle perfusion changes. This is

! This work has been submitted as a paper to Magnetic Resonance in Medicine [242] .
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particularly relevant in cases of neurodegenerative conditions, such as Parkinson's
disease [6] , or certain stroke effects. In these scenarios, actual changes in blood flow
might be misinterpreted for, or masked by CBF differences or changes between
corresponding voxels in the same anatomical voxels. It is increasingly recognized
that correcting PVE is crucial to quantify GM CBF independently of any
confounding effects from partial volumes of WM or CSF [4] [175] . Therefore,
various partial volume effects correction (PVEc) methods have been developed that
use voxel-wise estimates of PVs to identify the signal from each tissue. Examples
include the Muller-Gartner method for PET [153] , and linear regression [7] or

spatially regularized variational Bayes methods for ASL [§] .

Traditional methods for obtaining partial volume estimates rely on volumetric
segmentation, such methods may not provide precise results for intricate structures
like the cortex, with its efficacy being contingent on the accuracy of the segmentation
method employed. Given the complexity of shapes such as the thin, intricately folded
cerebral cortex, surface-based segmentation has become increasingly popular,
especially with tools like FreeSurfer [154] . This method offers significant
advantages. First, it allows for more continuous representation because it places
surface vertices with precision finer than a voxel, in contrast to the inherently
discrete nature of volumetric segmentation. Second, it enables the application of
anatomically accurate constraints that vary directionally, such as ensuring tissue
homogeneity along a surface while allowing for heterogeneity perpendicular to it.
While there are surface-based partial volume estimation tools in existing studies,
previous attempts have typically been tailored for a particular imaging modality, e.g.,
the Human Connectome Project’s (HCP) fMRI Surface pipeline for BOLD using
ribbon-constrained method [155] and PETSurfer [156] , a variant of FreeSurfer, for
PET.

Current brain research using ASL predominantly relies on region of interest (ROI)
analysis or volumetric (i.e., voxel-based) analysis. In the ROI approach, researchers
define anatomical or functional brain regions and compute a quantity of interest
within these regions. This method, however, is limited by the prior hypotheses to
determine the expected ROI. On the other hand, the volumetric method has an
advantage in identifying unanticipated or non-hypothesized areas of abnormal

activity in the brain [159] . Surface-based analysis has become increasingly popular
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in neuroimaging because of its effectiveness in representing the cortex [159] . The
cortex is intricately connected to various cognitive functions, including perception,
attention, and language. The traditional volumetric analysis defines a neighbourhood
in a three-dimensional space, including every voxel within a designated sphere
around a central point, without considering if these voxels share the same tissue type
to the central point. Alternatively, surface-based analysis confines the neighborhood
specially to the cortical surface, or "cortical ribbon," and calculates distances
exclusively along this ribbon. This method prevents the mixing of neighboring WM,
CSF, and subcortical GM from cortical GM and avoids confounding between cortical

areas that are close in Euclidean space but distant along the cortical surface.

Some studies have used cortical surface-based analysis in perfusion to investigate
regional CBF changing with aging [157] -[160] . However, relatively few studies
applied this technique to ASL data specifically [150],[161] . A prior study
demonstrated that performing cortical surface-based analysis on ASL is technically
feasible and produces high-quality images. This approach has the potential to
significantly improve the detection of focal perfusion changes, especially in
neurodegenerative diseases, within a clinical setting [162] . Despite these promising
findings, surface-based analysis has not yet been widely integrated into ASL
research. The existing gap in the literature underscores the importance of adopting
surface-based analysis in ASL studies. By leveraging the detailed cortical geometry
inherent to surface-based approaches, this method holds promise for delivering
enhanced precision in investigating disease mechanisms, tracking progression, and

treatment effects.

A previous study focusing on the elderly cohort from TILDA ASL data [163]
investigated age-related perfusion changes and reported on mean global brain
perfusion without PVEc. The objective of current study was to perform a subsequent
exploratory investigation of the influence of aging on regional brain perfusion with
PVEc in the same elderly dataset, potentially accounting for the influence of changes
in anatomy. This study proposed a surface-based pipeline along with the
conventional volumetric pipeline for ASL data (see Figure 3.2.1), aiming to
demonstrate the processing and results with the two different representations for

further use and interpretation by the community.
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3.2 Methods

3.2.1 Dataset

This study used a subset of participants from The Irish Longitudinal Study on Ageing
(TILDA), a prospective cohort study that collects health, economic, and social
aspects of Irish adults [166] ,[167] . The characteristics of the dataset, including age,
sex, education, and health conditions, were detailed in a prior study using the same
dataset [163] . The exclusion criteria were also detailed in the prior study [163] .
Briefly, participants were excluded if they presented any contraindications to MRI, a
history of stroke or head injury, or if their images contained artifacts. To ensure the
reliability of the analysis, subjects outside the specified age range of 54 to 84 years
were excluded. Furthermore, participants with extreme mean GM CBF values in
non-PVEc data (<10 or >100 ml/100g/min) were also excluded. This exclusion
criterion led to a discrepancy in the total number of participants compared to the
prior study [163] due to different calibration methods resulting in differences of
perfusion estimates. Consequently, the final sample comprised 423 healthy
participants (215 females and 208 males) aged 54 to 84 years, all of whom had
available T1-weighted and pCASL data.

3.2.2 MRI data acquisition

All MRI data (T1-weighted and pseudo-continuo ASL (pCASL) sequences) were
acquired on a 3T scanner, using a 32-channel head coil. T1-weighted 3D
magnetization-prepared rapid gradient echo (MPRAGE) anatomical images were
acquired over 5 min 24 s with the following scan parameters: field of view (FOV) =
240 x 240 x 162 mm?, matrix = 288 x 288 x 180, repetition time (TR) = 6.7 ms, echo
time (TE) = 3.1 ms, flip angle = 8°, and SENSE = 2. The pCASL acquisition
parameters using 2D multislice single-shot EPI were as follows: 30 interleaved pairs
of images acquired alternating with and without arterial spin labelling, FOV = 240 x
240 mm?, matrix=80x80, TR=4000ms, TE=9ms, FA=90°, SENSE=2.5, and scan
duration =4 min 16 s. 13 slices (8 mm thick, 1 mm gap) were acquired sequentially
in a caudocranial direction. A labelling duration of 1800 ms and a post-label delay of

1800 ms were used. Calibration scans measuring the equilibrium magnetisation (Mo)
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were also acquired using the same geometry as the pCASL sequence, with TR =
10,000 ms, TE = 9 ms, and scan duration = 20 s. By field maps were measured using
a two-echo 2D gradient echo sequence with the same in-plane resolution as the
pCASL scans and the following acquisition parameters: TR=455ms, TE1 /TE2
=1.69/7.0ms, FA=90°, and scan duration = 39 s.

3.2.3 Data processing

The overall ASL data processing pipeline used in this study was shown in Figure
3.2.1.
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Figure 3.2.1 ASL pipelines for this study.

Top: the proposed ASL surface-based pipeline; Middle: TIw pre-processing pipeline from Human
Connectome Project [231] ; Bottom: the conventional ASL volumetric pipeline [109] with PVEc.

3.2.3.1 Structural image processing

T1-weighted images were processed using the HCP minimal processing pipelines
[155],[168], which consist of three distinct stages: (1) the PreFreeSurfer pipeline,
which corrects for gradient distortions and bias fields (B; inhomogeneities), performs
brain extraction, and aligns the images to the MNI152 template space [70] ; (2) the

FreeSurfer pipeline, which segments structural volumes according to a specified
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parcellation, reconstructs white and pial cortical surfaces, and registers these surfaces
to the FreeSurfer surface atlas; and (3) the PostFreeSurfer pipeline, which generates
the final NIFTI files and GIFTI surface files registered to the Conte69 surface atlas
[155][169].

3.2.3.2 Partial volume estimation

To obtain partial volume estimates, the volumetric pipeline used partial volume
estimates (GM/WM/CSF) calculated by FSL FAST
(https://fsl.fmrib.ox.ac.uk/fsl/oldwiki/FAST.html) [164] with the pre-processed T1w
image (see Figure 3.2.2). The surface-based pipeline utilized Toblerone
(https://toblerone.readthedocs.io/) [165] to calculate GM/WM partial volumes,
leveraging the structural information provided by Freesurfer
(https://surfer.nmr.mgh.harvard.edu/) [154] (see Figure 3.2.2). This approach
allowed us to estimate partial volumes within the cortex and all structures identified

by Freesurfer in the structural space.

FAST.GM

Toblerone: GM

Figure 3.2.2 Partial volume estimates in the from FSL FAST and Toblerone.

FSL FAST PVs (top from left to right):GM, WM, and CSF, Toblerone PVs (bottom from left to right):
GM, WM.

3.2.3.3 ASL image processing

With corrected T1w image and its partial volume estimates, pCASL images were
processed using OXASL (https://github.com/physimals/oxasl) a pipeline for
performing Bayesian analysis of Arterial Spin Labelling MRI data, an updated

version of the BASIL toolbox found in FSL [109], giving access to more advanced
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regions and surface analysis options. Within the OXASL pipeline, motion correction
was firstly calculated for ASL data using FSL MCFLIRT, with the calibration image
as reference. Then the perfusion-weighted image derived by averaging the ASL
difference images was registered to the corrected T1w image using FSL FLIRT
(https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FLIRT) to obtain the transformation between
native space and structural space. Bo maps were utilized to calculate distortion
corrections for the ASL data, compensating for any spatially nonlinear image
distortions caused by Bo inhomogeneities in these EPI data. At the end of pre-
processing, these corrections were applied to ASL data and calibration data.
Quantification of the ASL data was conducted in native space using Bayesian
inference, following the standard well-mixed single compartment kinetic model
without dispersion of the bolus of labelled blood water [170] . Voxel-wise calibration
was used to calculate absolute perfusion values (CBF in ml/100g/min) using the
calibration image (MO) to calculate the scaling factor on a voxel-by-voxel basis,
unlike the previous analysis of this dataset which used CSF as a reference region, and
thus sensitivity correction was implicitly incorporated by the voxel-wise calibration,
accounting for variable sensitivity of the radiofrequency receive head coil being
used. Assumptions included a tissue T1 value of 1300 ms, an arterial blood T1 value
of 1650 ms, and a blood-brain partition coefficient of 0.9. The labelling efficiency
was set at 0.85 [1] . Slice timing effects were corrected by using a PLD of 1800 ms
increasing for more superior slices with the slice delay of 30 ms for each. Partial
volume effect correction (PVEc) was performed by BASIL [109] in OXASL using
PV estimates supplied from FAST (volumetric pipeline) or Toblerone (surface-based
pipeline) in the volumetric space. In the surface-based pipeline, (non-PVEc and
PVEc) CBF maps were then projected onto the cortical surface. Finally, regional
analysis was carried out for CBF maps in the native space in the volumetric pipeline.
A threshold of 80% grey matter partial volume was used to define "pure" grey matter,
where the mean GM CBF was calculated for the non-PVEc data. For PVEc data, the
mean GM CBF was calculated and averaged across all voxels within the GM mask in
which there was GM tissue. Examples of processed CBF maps in volumetric space
were shown in Figure 3.2.3. Notably, zero-perfusion vertices were excluded and only

non-zero values were calculated for the global and parcels.
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Figure 3.2.3 An example of processed CBF maps (in the native space) without PVEc (top) and with
PVEc (bottom) from the volumetric pipeline. The planes are (from left to right):sagittal, coronal, and
axial.

3.2.3.4 Mapping pCASL onto cortical Surface

To enable surface-based analyses, this study followed the processing procedure from
the HCP fMRI Surface pipeline [155] . Firstly, non-PVEc and PVEc CBF maps in
MNI volume space were mapped onto the midthickness surface in native mesh using
the ribbon-constrained (RC) algorithm from the HCP workbench command (-
volume-to-surface-mapping). Weighted partial volume maps were input to the
method to better distinguish the contribution of voxels partially inside or outside the
grey matter ribbon. Ultimately, the cortical CBF maps was resampled onto

32k fs LR mesh. The non-PVEc and PVEc ASL images from a participant projected
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onto midthickness surfaces on 32k fs LR mesh in MNI volume space is shown in

Figure 3.2.4.

Non-PVEc

PVEc

Figure 3.2.4 The same example of processed CBF maps (on to the 32k _fs LR cortical midthickness
surface) without PVEc (top) and with PVEc (bottom) from the surface-based pipeline.

3.2.4 Statistical analysis

Variations in CBF with age and sex were modelled using linear regression with
ordinary least squares using python (version 3.11.8). Age was integrated into the
models as a continuous variable, with sex serving as a covariate. Additionally, the
models took into account potential interactions between age and sex. Statistical
significance was set at p < 0.05. Notably, multiple comparisons were not corrected to
remain the effects of ROIs as real as possible. In volumetric analysis, linear
regressions were built for the whole brain grey matter and for ROIs derived from
cerebral white matter, vascular territories [6] and the brain atlas including 18 regions
(see Figure 3.2.5) used in UK Biobank imaging study neuroimaging analysis pipeline
[171] . In surface-based analysis, models were calculated for the whole cortex and
bilateral 33 cortical parcels from Desikan-Killiany atlas [172] . Normative reference
values of non-PVEc and PVEc mean grey matter CBF are reported for both males
and females at five-year intervals between the ages of 54 and 84, across the 5th, 10th,
25th, 50th, 75th, 90th, and 95th percentiles.
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Figure 3.2.5 Atlases and ROIs used in volumetric analysis (in the standard space).

(a) left and right cerebral white matter; (b) vascular territories (Right Internal Carotid Artery
Territory (RICA), Left Internal Carotid Artery Territory (LICA) and Vertebrobasilar Arteries territory
(VBA), (c) 18 ROIs, used in UK Biobank : Caudate, Cerebellum, Frontal Lobe, Insula, Occipital
Lobe, Parietal Lobe, Putamen, Temporal Lobe, Thalamus.

3.3 Results

423 subjects were successfully processed in this study. For each subject, we obtained
mean and regional CBF values in volumetric regions and cortical parcels from non-

PVEc and PVEc CBF maps.

3.3.1 Volumetric results

3.3.1.1 Effect of age on global CBF

Age-related GM CBF changes classified by sex and with/without PVEc are presented
in Figure 3.3.1. For non-PVEc ASL data, mean GM CBF in the brain was 40.66 + 8.5
ml/100 g/min; range: [14.98— 70.97 ml/100 g/min]. GM CBF decreased by 0.17
ml/100 g/min for each year of aging (p<<0.05) and was on average 3.5 ml/100 g/min
higher in females (p<0.01). In males, the decrease in GM CBF with age was
significant (p<0.05) and was equivalent to a decrease of 17.1% across the age range

tested from 41.21 ml/100 g/min in the youngest (54 years) to 36.08 ml/100g/min in
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the oldest (84 years). However, the decline in GM CBF with age in females was not

significant.

After PVEc, the mean global GM CBF in the brain was 48.56 + 9.8 ml/100 g/min;
range: [19.28— 82.6 ml/100 g/min]. GM CBF decreased by 0.18 ml/100 g/min for
each year of aging (p<0.05) and was 3.8 ml/100 g/min higher in females (p<0.05). In
males, the decrease in GM CBF with age was significant (p<0.05) and was
equivalent to a decrease of 19.6% across the tested age range from 49.32 ml/100

g/min to 43.43 ml/100g/min. No significant variation was observed in females.
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Figure 3.3.1 Age-related GM CBF changes by sex and with/without PVEc.

Top row non-PVEc results, and bottom row PVEc results. The age-related normative values for GM
CBF are displayed across the 5th, 10th, 25th, 50th, 75th, 90th, and 95th percentiles from low to high.
The decreasing trends were significant in males but not in females.

3.3.1.2 Effect of age on regional CBF

Age-related CBF variations in volumetric ROIs from non-PVEc and PVEc data were

given in Table 3.3.1. Slopes of significance were marked with asterisks. In most
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significant regions, CBF exhibited a decreasing trend, but an increase was only found

in the left putamen in PVEc data.

Table 3.3.1 Age-related CBF variations in ROIs from the volumetric pipeline for non-PVEc and PVEc

ASL.
Non-PVEc PVEc

ROI Slope GM CBF  Sex Difference Slope GM CBF  Sex Difference
LICA -0.12* 36.56 -4.25 -0.05 82.53 -4.4
RICA -0.16** 40.28 -3.47 -0.17 83.97 -4.07
VBA -0.09 40.18 -3.31 0.05 65.45 -3.71
Left Cerebral White Matter -0.05 20.59 -2.5 -0.32** 63.8 -3.18
Right Cerebral White Matter -0.07* 19.96 -2.38 -0.39%* 62.57 -3
Left Caudate -0.31%* 24.17 -3.97 0.09 52.4 -3.23
Left Cerebellum -0.06 31.35 -3.38 0.12 51.85 -2.92
Left Frontal Lobe -0.07 37.04 -2.96 -0.11 86.02 -4.79
Left Insula -0.18%* 36.63 -2.32 -0.23* 65.1 -1.96
Left Occipital Lobe -0.09 35.62 -3.88 0.13 72.69 -3.67
Left Parietal Lobe -0.12* 36.15 -3.59 -0.08 89.02 -5.71
Left Putamen 0.09* 36.49 -1.57 0.24* 64.93 -0.5
Left Temporal Lobe -0.08 32.85 -3.03 0.03 59.84 -3.32
Left Thalamus -0.03 34.94 -4.27 0 82.29 -7.95
Right Caudate -0.34%* 23.55 -4.12 0.08 51.55 -3.45
Right Cerebellum -0.06 31.18 -3.53 0.08 51.98 -3.23
Right Frontal Lobe -0.12* 36.79 -2.95 -0.23 85.6 -4.6
Right Insula -0.22%* 35.89 -2.41 -0.30%* 65.16 -2.46
Right Occipital Lobe -0.1 36.56 -4.14 0.05 76.89 -4.75
Right Parietal Lobe -0.13* 36.64 -3.38 -0.21 93.36 -5.44
Right Putamen 0.02 36.22 -1.57 0.1 65.66 0.33
Right Temporal Lobe -0.1* 32.77 -2.61 -0.04 62.8 -2.45
Right Thalamus -0.03 34.52 -4.29 0.06 81.52 -8.49

Slope Unit: ml/100g/min per year; CBF GM Unit: ml/100g/min; Sex difference(male-female) Unit:
ml/100g/min; P < 0.01: **; P <0.05: *.

3.3.2 Surface-based results

3.3.2.1 Effect of age on global cortical CBF

For non-PVEc CBF, the mean cortical GM CBF was 35.60 £+ 7.34 ml/100 g/min;
range: [19.1-47.5 ml/100 g/min]. GM CBF decreased by 0.22 ml/100 g/min for each
year of aging (p <0.01) and was on average 3.44 ml/100 g/min higher in females
(p<0.01). For PVEc ASL data, mean cortical GM CBF was 67.09 + 13.42 m1/100
g/min; range: [27.1-89.4 ml/100 g/min]. GM CBF decreased by 0.05 ml/100 g/min
for each year of aging (p>0.1) and was on average 3.67 ml/100 g/min higher in
females (p<0.01).
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3.3.2.2 Effect of age on regional cortical CBF
Table 3.3.2 shows regional CBF GM variations with age of non-PVEc and PVEc

data in cortical bilateral parcels from the Desikan-Killiany atlas before and after
PVEc over all subjects. Before PVEc, parcels with significant GM CBF variations all
exhibited decreases with age. After PVEc, the decreasing trend of GM CBF with age
was no longer statistically significant in most parcels. Only seven parcels (caudal
anterior cingulate, caudal middle frontal, pars opercularis, rostral anterior cingulate,
superior frontal, superior parietal, and insula) still exhibited significant reduction
with age, while significantly increasing CBF with age was found in the banks

superior temporal, fusiform, and inferior temporal, regions.

Table 3.3.2 The cortical GM CBF variations with age with and without PVEc in Desikan-Killiany
atlas over all subjects.

Non-PVEc PVEc

ROI Slope GM CBF  Sex Difference Slope GM CBF Sex Difference
Banks superior temporal sulcus -0.17** 42.07 -4.14 0.32** 77.88 -1.08
Caudal anterior-cingulate cortex -0.46%* 29.93 -3.14 -0.3%* 65.53 -2.74
Caudal middle frontal gyrus -0.26** 44.38 -4.5 -0.21* 87.99 -5.56
Cuneus cortex -0.24** 42.55 -4.95 0.1 74.26 -5.21
Entorhinal cortex -0.06 20.11 -1.73 -0.04 36.7 -5.08
Fusiform gyrus -0.06 27.18 -5.52 0.14%* 53.33 -10.46
Inferior parietal cortex -0.31** 43.1 -4.38 0.08 81.37 -1.23
Inferior temporal gyrus -0.07 23.44 -4.66 0.12* 44.64 -5.47
Insula -0.28%** 36.01 -2.6 -0.29%* 59.5 -2.75
Isthmus-cingulate cortex -0.29** 37.8 -3.29 0 80.83 -7.53
Lateral occipital cortex -0.25** 32.14 -6.65 -0.1 64.45 -7.77
Lateral orbital frontal cortex -0.07* 27.14 -2.16 0.02 46.28 -2.71
Lingual gyrus -0.12** 35.48 -5.05 0.08 68.74 -11.37
Medial orbital frontal cortex -0.19** 29.08 -2.56 -0.08 44.18 -2.67
Middle temporal gyrus -0.14%* 37.19 -3.81 0.12 62.72 -2.92
Paracentral lobule -0.16%* 42.45 -3.24 0.07 81.99 -3.31
Parahippocampal gyrus -0.02 28.06 -4.11 0.11 52.79 -8.05
Pars opercularis -0.28** 41.68 -2.98 -0.16* 74.12 -2.95
Pars orbitalis -0.06 23.41 -0.59 0.09 45.83 -0.91
Pars triangularis -0.24** 38.4 -2.37 -0.07 66.17 -2.57
Pericalcarine cortex -0.17** 41 -4.46 0.07 74.82 -4.82
Postcentral gyrus -0.2%* 42.45 -3.35 0 83.53 -3.66
Posterior-cingulate cortex -0.49** 35.6 -2.25 -0.13 78.96 -2.68
Precentral gyrus -0.17** 42.48 -2.75 0 85.72 -2.41
Precuneus cortex -0.28** 42.62 -3.89 -0.01 77.61 -4.38
Rostral anterior cingulate cortex -0.43** 39.39 -3.49 -0.21** 62.49 -4.09
Rostral middle frontal gyrus -0.17** 39.58 -3.21 -0.03 67.2 -2.35
Superior frontal gyrus -0.21** 39.44 -3.34 -0.18* 72.78 -4.18
Superior parietal cortex -0.33** 38.98 -5.32 -0.22* 82.33 -5.4
Superior temporal gyrus -0.2%* 39.51 -2.56 0.07 69.61 2.1
Supramarginal gyrus -0.27** 41.45 -3.11 -0.01 77.33 -2.24
Temporal pole -0.1* 19.23 -1.7 -0.02 31.21 -5.27
Transverse temporal cortex -0.3** 48.44 -1.21 0.08 91.03 0.7

Slope Unit: ml/100g/min per year;, CBF GM Unit: ml/100g/min,; Sex difference(male-female) Unit:
ml/100g/min; P < 0.01: **: P < 0.05: *.
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The significant slopes of CBF changes with age from surface-based results, before
and after PVEc, were mapped on corresponding cortical parcels (in Figure 3.3.2) to
ease the visualization of identified trends and for further investigation on the spatial

continuity.

Slope

Figure 3.3.2 The slopes of age-related CBF changes from the surface-based results mapped on to
corresponding parcels of the cortex. Slope unit: ml/100 g/min per year.

3.4 Discussion

This study investigated the regional changes in perfusion with age and explored the
influence of changes in anatomy with age on these observations by attempting to
correct for variation in grey matter volume. To our knowledge, this is the first study
using both volumetric and surface-based analyses with the correction of partial

volume effects with ASL MRI perfusion in a large cohort.

Perfusion images, especially ASL, are conventionally analysed using the volumetric
method which is susceptible to partial volume effects. In this study, we mapped the
ASL image onto the cortical surface to provide a better representation of cortical
grey matter anatomy [162] 165]. Furthermore, we compared PVEc and non-PVEc
results, following the suggestions from [4] , specifically to explore the role of PVEc
and thus control for apparent changes in perfusion that are actually due to alterations

in anatomy.

The former study on the TILDA ASL data [163] reported a mean global GM CBF
(36.5 = 8.2 ml/100 g/min) and decreased by 0.2 ml/100 g/min per year without
PVEc. In contrast, this study found a slightly higher mean GM CBF in the whole
brain (40.66 + 8.5ml/100 g/min) and a lower CBF decreasing slope by 0.17 ml/100

g/min per year before PVEc. The reason for the observed differences could be largely
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due to the different calibration methods employed, the use of voxel-wise calibration
replacing the CSF reference region calibration in the former study, consistent with
the recommendations of [1] . Pinto J et al. reported higher CBF values in voxel-wise
calibration compared with CSF reference region using single-PLD pCASL data ,
which is consistent with our results [26] . Prior research has employed a range of
perfusion imaging techniques to explore normative non-PVEc GM CBF values for
different age groups. A study by Jefferson et al., following a similar protocol to this,
reported mean whole brain CBF values of 37.3 £ 7.1 ml/100 g/min for 270 adults
with an average age of 73 £ 7 years [173] . In a smaller study with different age
groups using 3T pASL-MRI, Chen et al. reported higher mean cortical CBF values of
52.6+9.3,52+10.7, and 42.7 + 8.8 ml/100 g/min in young, middle-aged, and older
groups respectively [150] . Biagi L, et al., using continuous ASL found a mean GM
CBF 58.4 ml/ 100 g/minute for the 21 adults (mean age 40 +15 years) [174] . After
PVEc, mean GM CBF was found to be higher compared to non-PVEc GM CBF
which was consistent with previous comparisons with and without PVEc [175] .
There are few existing studies reported global perfusion with PVEc. For instance, a
study by Meltzer CC et al. reported mean cortical CBF using PET for younger (62 +
10 ml/100g/min) and older (62 = 10 ml/100g/min) groups with PVEc, which was
close to our results despite the use of a different perfusion technique [176] . Preibisch
et al. using pASL MRI reported global GM CBF values 40.9 + 5.5 ml/100g/min and
42.0 + 8.6 ml/100g/min for 19 young and 25 older adults respectively with
PVEc[45] .

We found global decrease of GM CBF with age before PVEc in both volumetric and
surface-based analysis, and the slopes were not statistically different when evaluated
by t-test. After PVEc, we found a greater decline of GM CBF with aging in
volumetric analysis, although the slope was not statistically significantly different
from that found before PVEc. Since post PVEc GM perfusion values were larger
than pre-correction, the greater slope observed might simply be due to this, hence we
also calculated the slope scaled by the mean GM CBF before and after PVEc, and we
found the former was bigger than the latter (ratio between them 1.11). The relative
reduction in the scaled slope values would be consistent with PVEc removing a

component of apparent perfusion reduction with age that is associated with partial
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volume effects and changes in brain structure. These results would tend to support

the view that there is a genuine decrease in perfusion in GM with age [150] -[152] .

After PVEc, the surface-based analysis indicated a negligible change in CBF with
aging: a small decreasing slope was observed, but this was not statistically
significant. This potentially contradicts the volumetric results. However, it might be a
result of the current acquisition and analysis employed in this case, potentially
limiting the generalizability of these findings to studies using more typical imaging
resolutions. For example, the pCASL acquisition has a relatively large inter-slice gap
of 1 mm, which may lead to undersampling of tissues and thus exacerbate PVE, as
inter-slice gap may reduce the accuracy of registration, where anatomical structures
might be mismatched between the high-resolution structural images and the lower-
resolution CBF images, resulting in misestimation of tissue types within voxels. Thus
ASL data with higher resolution and partial volume correction optimised for surface

analysis would ideally be adopted in future work to examine this [140] .

Regarding regional age-related GM CBF variations in our study, in the volumetric
analysis, we found regional GM CBF reductions with age in most ROIs before
PVEc, in some ROIs this was no longer significant after PVEc. In surface-based
analyses, the regional cortical GM CBF values were found to decrease with age
before PVEc. After PVEc, seven parcels remain a decreasing trend with three parcels
showing an increase in perfusion. Previous studies have also investigated regional
CBF changes with age with and without PVEc [150],[178] -[181] . For example,
Parkes et al. observed that age-related changes in grey matter without PVE correction
were predominantly localized in the frontal cortex using CASL MRI [181] . Martin et
al. found that non-PVEc CBF values decreased with age in several regions, including
the cingulate, parahippocampal, superior temporal, medial frontal, and posterior
parietal cortices bilaterally, as well as in the left insular and left posterior prefrontal
cortices [182] . Lee et al. identified both decreased and increased regional non-PVEc
CBF values, with the most common regions for decreased perfusion being the
precuneus, superior temporal, and orbitofrontal, and for increased perfusion, the
caudate, posterior cingulate, anterior cingulate, and amygdala [46] . Parkes et al.
detected age-related non-PVEc GM CBF reduction in the anterolateral prefrontal
cortex and in areas along the lateral sulcus and the lateral ventricle, bilaterally [181] .

Zhang et al. observed that CBF without PVEc using pCASL demonstrated decreases
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with age in the frontal and parietal regions and the cerebellum, alongside increases in
the temporal and occipital areas [148] . Preibisch C et al. using pASL MRI reported
age-related CBF decreases without PVEc in frontal, parietal, insular, cingulate,
parahippocampal and caudate. Few prior studies reported cortical GM CBF with
PVEc. For instance, Preibisch C et al. reported decreases in GM CBF after PVEc in
the parietal cortex, cuneus and caudate [45] . Furthermore, Preibisch C et al. also
observed increases of CBF after PVEc, similar to ours, in the lateral and medial

temporal lobe such as hippocampus, the calcarine gyrus and the thalamus.

Previous studies have also highlighted a dissociation between regional CBF and
structural alterations specific to normal aging. Moreover, they suggest that other
factors might influence age-related perfusion changes. For instance, Chen JJ et al.
reported that regions experiencing CBF reduction are largely distinct from those
most affected by GM atrophy, indicating that hemodynamic and anatomical changes
may differentially contribute to age-related cognitive decline [150] . In the study by
Parkes et al., they suggest that, without significant medical conditions, healthy aging
might not affect resting cortical perfusion [181] . Other research indicates that the
observed reduction in perfusion could be attributed to progressive neuronal loss,

reduced neuronal activity, and a decline in the synaptic density of brain neurons

[183],[184].

We also investigated sex differences in age-related CBF changes and found females
exhibited higher global GM CBF values compared to males before and after PVEc
(p<0.01), which was consistent with some other studies [185],[186] . Furthermore,
previous studies have investigated the rate of global CBF decline between males and
females with respect to normal aging [186] ,[187] . However, we cannot reach a
related conclusion, since the variations of global CBF with age in females was not

statistically significant.

One limitation regarding to our pCASL MRI protocol is that it applied the same
labelling duration and delay for all participants, effectively presuming negligible
impact from possible spatial variations in arterial transit time (ATT)—the time it
takes for the arterial blood bolus to travel from the labelling plane to the imaging
voxels. However, ATT can vary regionally between individuals due to different age

groups, health conditions, and populations [1] . A PLD of 1800 ms was considered
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the optimal choice among our cohort with a mean age of less than 70 years to obtain
adequate tissue signals and to minimize intravascular signals [188] . Consequently,
this could lead to potential underestimation or overestimation of CBF measurements
across the cohort of a wide age range (54 to 84) in this study. The 8 mm slice
thickness of ASL acquisitions was substantially large for attempting surface
mapping, and this may lead to differences in representations from both pipelines.
Furthermore, small patches of zero perfusion of CBF map were spotted on the cortex
(for example, Figure 3.2.3). The reason may be that the cortex of CBF map was not
perfectly aligned with the template surface since registrations of CBF map (from
native space to structural space and finally to the standard space) were conducted
using volumetric methods (i.e. linear and non-linear registrations), or the deficiency
of CBF map itself. In addition, extremely high perfusion of some vertices was found
on the cortex which may be related to macrovascular contamination that cannot be
corrected for in the single-PLD ASL data. It is worth noting that cortical perfusion
could fluctuate slightly if resampled on a cortical mesh of different resolutions due to
interpolation, and thus we made efforts to avoid redundant registration/smoothing as

much as possible.

For ROI analyses, the influences of age and sex on CBF were investigated using
linear regression in 35 volumetric ROIs and on 33 bilateral cortical parcels. The
threshold for statistical significance level was p < 0.05 without the correction of
multiple comparisons to avoid missing significant results, however, this will increase
the risk of Type I errors and false discovery rate given the number of regions
reported and different analysis approaches adopted in this study. Since this study was
exploratory, we have not implemented multiple comparison corrections and have
simply reported all results as a reference for other work. Future studies will be
required with focused hypotheses to draw firm conclusions about changes in specific

brain regions.

3.5 Conclusion

In this chapter, partial volume effects were corrected on a large elder pCASL data so
far with the proposed surface-based pipeline as well as a volumetric pipeline. These

processing pipelines were expected to serve as a template for subsequent ASL data
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processing. Age-related CBF changes with and without PVEc were demonstrated
using the surface-based and the volumetric representation in cortical parcels and

volumetric ROIs, respectively.

Before PVE correction, a global decrease in GM CBF with age was observed.
However, after applying PVEc, the perfusion variations became more regionally
specific. While these findings suggest regional changes in CBF linked to aging,
further studies with focused hypotheses are necessary to draw definitive conclusions
about specific brain regions and to address other limitations identified in this study.
Based on the results in this chapter, the changes in CBF (both non-PVEc and PVEc)

in regions might be useful as metrics for assessing the quality of CBF maps.

In the next chapter, we will explore the use of CBF values in global and selected
regions as quality metrics for CBF maps, verifying their effectiveness through
machine learning models. Additionally, other ASL-specific image quality metrics
will be investigated for their potential to evaluate the quality of CBF maps, aiming to

standardize QC protocols for ASL using these IQMs.
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4 Quality Control in ASL MRI

4.1 Introduction

Arterial Spin Labelling (ASL) MRI is a powerful non-invasive imaging technique
that has gained prominence in the study of brain function and the detection of neural
disorders [189] [193] . ASL uniquely enables the quantification of cerebral blood
flow (CBF) without the need for exogenous contrast agents by magnetically labelling
the blood water as it flows into the brain. This method offers several advantages,
including safety for repeated measurements, the ability to capture dynamic changes
in brain activity, and suitability for various populations. ASL has been widely applied
in neuroscience research for understanding brain physiology, assessing cognitive
functions, and diagnosing conditions such as stroke, Alzheimer's disease, and other
neurodegenerative disorders [194] . Abnormal regional brain perfusion can be used
as the biomarker of underlying neural pathologies which makes ASL a critical tool

for early detection and monitoring of brain disorders.

However, like other MRI techniques, ASL MRI faces challenges such as motion
sensitivity and susceptibility to artifacts, which can affect image quality and lead to
inaccuracies in CBF measurements. To address these issues and facilitate the
translation of ASL to clinical application, significant advancements have been made
[194], including improvements in image quality [195] , reduced acquisition times
[196] , and enhanced reliability and reproducibility across different centers and
scanners . Standardized acquisition methods [1] and image processing techniques
have also been developed, alongside specialized software and tools like BASIL
[109], ExploreASL [85] , ASLPrep [86] , ASL-MRICloud [197] , and OXASL
[198] . Most current ASL studies [6] [163] ,[242] now rely on these automated pre-
processing pipelines to ensure efficiency and reproducibility. These pipelines
typically involve steps including motion correction, distortion correction,
registration, and quantification. However, standardized QC procedures were still
absent across these tools. QC is the process identifying and excluding outliers in the

data, helping to distinguish genuine perfusion changes from artifacts or low-quality
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images introduced during acquisition and processing, thereby ensuring the reliability

of the results before any analysis is conducted.

Furthermore, one crucial step in ASL pre-processing is registration [68] ,[69] , which
involves aligning ASL images with anatomical reference images and, subsequently,
with the standard template images. This alignment is essential for accurate
measurement of grey matter perfusion, as it requires the grey matter partial volume
estimate from anatomical images to be precisely aligned with the ASL data. Proper
registration not only improves the accuracy of perfusion measurements but also
enhances other pre-processing and analysis steps, such as motion correction,
distortion correction, region-of-interest (ROI) mapping, and group analysis across

subjects and sessions.

Registration in ASL imaging is often challenging due to the low resolution of ASL
images, especially when dealing with variations in brain tissue characteristics,
different fields of view, brain locations, orientations, and anatomical features.
Previous works [199] -[203] have proposed different algorithms for registration to
minimize potential errors to make more accurate registrations. However, the quality
of registration is hard to assess, as there is no ground truth or gold standard of a
perfect registration. In a study by [104], the quality of registration was manually
scored and categorized by experts, providing a subjective assessment of how well the
registration had been performed. While this approach offers valuable insights, it is
time-consuming and prone to subjectivity. A number of metrics have been used for
evaluating registration quality [204] -[206] , however, they have their own
shortcomings. For example, anatomical landmarks and contour-based metrics utilize
the alignment of corresponding anatomical structures after registration, which
depends on the annotation of anatomical structures or definition of accurate
segmentation [206] ,[207] ; consistency-based metrics expect the concatenation of
transformation matrices of registration in both directions to be the identity matrix.
This method does not measure registration accuracy but consistency and cannot infer
the error [208] . Some studies have employed deep learning to estimate the
registration quality [209] . These methods require a large amount of data to train the
models, however, obtaining such extensive datasets is challenging for most MRI
studies. In response to these challenges, similarity-based metrics have become

popular for evaluating registration quality. These metrics assess how closely the

81



registered image matches the reference image using quantitative measures such as
mutual information, cross-correlation, or intensity differences. While useful, these

metrics can be sensitive to noise and low-intensity contrast, common challenges in

ASL imaging [210] .

The consensus paper [1] outlined a manual approach for visual QC of ASL images,
focusing on specific issues such as low labelling efficiency, global grey matter CBF
values, and various artifacts. While this method addresses essential quality checks, it
is labor-intensive, subjective, and highly dependent on the expertise of the raters,
leading to potential inconsistencies and inefficiencies. This approach becomes
particularly challenging with large-scale datasets like those from the UK Biobank or
the Human Connectome Project [171] ,[231], which include thousands of scans,
making manual visual examination impractical. A later study by [104] attempted to
standardize the QC process by introducing a visual scoring system for ASL data. This
system evaluated CBF maps along with ancillary images like aBV and ATT maps,
using a dual approach: contrast-based QC for anatomical structure contrast and
artifact-based QC for common visual errors. Each aspect was scored on a scale from
0 to 2, with higher scores indicating better image quality. Although this method
provided examples for different severity levels to guide raters, it still relied on
manual scoring. While more structured than the approach outlined in the consensus

paper, this method also faces challenges in handling large datasets.

Given the challenges associated with ASL data, automated QC tools are increasingly
desired to reduce the burden of manual QC, minimize subjectivity, and enhance
consistency across large datasets. In other MRI modalities, automated QC tools have
been successfully integrated into workflows, such as those used in the UK Biobank
[171] and MRIQC [83] for T1-weighted images, FSL EDDY [190] for dMRI, and
FMRIPrep [211] and AFNI [84] for fMRI images. These tools effectively address
common MRI quality issues like motion artifacts, signal dropouts, and geometric
distortions. However, they are typically not specifically designed to handle the
unique challenges and requirements for ASL MRI. Recently, ASL tools like
ExploreASL [85] and ASLPrep [86] have been developed for ASL image processing
and analysis, with integrated QC components. These tools generate QC reports that
assist in the visual QC process, providing a more streamlined and standardized

approach. However, their QC methods are dependent on the intermediate and final
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outputs of their workflows, limiting their applicability to ASL data processed by
other tools. OXASL [198] is a package designed for performing Bayesian analysis of
ASL MRI data, serving as a mostly Python-based replacement for the BASIL FSL.
Its efficiency, reliability, and ease of use have been validated by previous studies

[212] [213], while it lacks an automated QC function.

Machine learning offers a promising alternative for ASL quality control regardless of
both manual visual scoring and the limitations of individual QC metrics. Machine
learning can incorporate multiple computed QC metrics, capturing the complex
relationships between them, to make more informed decisions about the quality of
data. Instead of relying on a single metric or subjective visual assessment, machine
learning models can analyse a combination of metrics to identify outliers and assess
the overall quality of the images. This approach not only reduces the subjectivity and
labour involved in manual QC but also enhances consistency and accuracy across
large datasets. This approach has already shown promise in other medical imaging
modalities. For instance, machine learning models have been used to detect outliers
and assess image quality in large datasets, such as those in the UK Biobank [171] .
Although these applications have primarily focused on other types of MRI data, the
principles can be adapted to ASL imaging, where machine learning could offer a
more scalable and objective alternative to both visual scoring systems and traditional
QC metrics. In studies using other modalities by [103],[171],[214] , machine
learning has been successfully employed to predict and exclude outliers by
integrating various quality metrics. Applying a similar approach to ASL data could
help recognize patterns indicative of potential issues, thereby enabling the automated
exclusion of problematic images. This would make the process more efficient,

reliable, and scalable, especially in large-scale studies.

In this chapter, we explored image quality metrics specifically for ASL MRI to
facilitate QC on large datasets. These ASL QC metrics included signal quality
metrics, perfusion quality metrics, and registration quality metrics. Additionally,
interactive QC reports were generated following the similar structure of [190] : the
group-level report presents the distribution of ASL QC metrics across the dataset,
enabling the identification of abnormal values (potential outliers) through user-
defined thresholds, while the individual-level report details pre-processing results

from OXASL to assist in troubleshooting suspicious images. Moreover, machine
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learning was employed to assess the effectiveness of each proposed QC metric,
ultimately leading to the development of an automated QC tool for ASL data using
these ASL QC metrics.

4.2 Theory

4.2.1 Signal Quality Metrics

MR images are inherently contaminated by background noise, arising from stochastic
fluctuations in the imaging systems (such as thermal motion of electrons in the
receiver coil) or the tissues being imaged (such as physiological fluctuations for
fMRI) [216] ,217]. The MRI signal is commonly detected in quadrature using
receiver coils, which records real and imaginary components. Each component is
assumed to have zero-mean Gaussian noise, with independent white noise
contamination. When computing the magnitude image, the noise follows a Rician
distribution, rather than a Gaussian one, as it arises from the square root of the sum
of squared real and imaginary components as complex numbers [217] . This results
in a noise bias, particularly in low signal regions, where the noise bias becomes more
prominent. This bias, often referred to as the noise floor, results in increased variance
and systematic overestimation of low-intensity signals. Consequently, Rician noise
can affect MRI data quality by reducing contrast, distorting quantitative
measurements, and introducing bias in parameter estimates [218] . In ASL, where
perfusion signals are inherently low, this noise-induced bias can significantly impact
the estimation of signals from blood water and thus bias the CBF quantification.
Moreover, ASL signals are highly susceptible to various factors such as blood flow,
T1 relaxation times of blood and tissue, and the transit time of blood from the
labelling plane to the imaging region [219] . Given these challenges, the
measurement of ASL signals is a critical preliminary step in the quality control
process, aiming to assess and ensure the reliability of the perfusion data. This section
focuses on investigating signal quality metrics, providing a foundation for

subsequent quality control measures.
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4.2.1.1 Signal-to-noise Ratio

SNR is a fundamental measure used to compare the level of the desired signal to the
level of background noise, serving as the benchmark for evaluating the overall
efficacy of the imaging process [220] . SNR is calculated on the perfusion-weighted
images (that is the average of differences between label-control image pairs) by
comparing the signal intensity from a region of interest, typically grey matter (GM),
to the noise level, which can be referenced against white matter (WM), cerebrospinal
fluid (CSF), or even air. A higher SNR generally indicates a clearer and more reliable
image. However, a high SNR does not always correspond to the quality of the
perfusion signal in ASL images. For example, an image with strong overall signal
intensity (high SNR) may still have poor perfusion contrast due to issues like
inadequate labelling or delayed blood arrival. SNR can be calculated using the

following formula:

S _ MeanlIntensitygy

SNR =

Equation 4.2.1

Onoise SDpackground
where Mean Intensityg;, is defined as the mean intensity of grey matter,
SDpackgrouna uses the standard deviation of the intensities of other type of tissues

(WM or CSF) or air.

4.2.1.2 Temporal Signal-to-noise Ratio

Temporal SNR (tSNR) extends the concept of SNR by incorporating the temporal
dimension and evaluates the stability of the signal over time. In ASL, tSNR is
calculated after motion correction using the ASL difference images, which are
derived from the sequence of subtracted label-control image pairs. A high tSNR
indicates that the signal remains consistent across multiple acquisitions, which is
important to ASL that requires repeated acquisition of label-control image pairs. The

tSNR can be influenced by factors such as motion artifacts and physiological noise.

The tSNR is typically formulated as:

St Mean i .
tSNR = -t = ——GMover time Equation 4.2.2
Ot SDGM over time

Where Meangy pver time a0d SD¢ s over time are the mean and the standard deviation

of the ASL difference images across time points within in the GM mask, respectively.
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4.2.1.3 Contrast-to-noise Ratio

Contrast-to-Noise Ratio (CNR) measures the difference in signal intensity between
two tissue types, such as grey matter and white matter [221] , relative to the noise
level. In ASL MRI, CNR is calculated using the ASL difference images, after motion
correction, to obtain the contrast of perfusion signal by comparing the signals within
GM masks and WM masks. A higher CNR suggests better differentiation between
the two types of tissues, allowing better visualization of anatomical details. CNR is

defined as:

AS abs (Ssignal = Shack d) .
CNR = = e o Equation 4.2.3
Onoise Onoise

In ASL, Sgignq 18 the mean signal intensity in grey matter, Spack grouna 18 the mean
signal intensity in background which can be either CSF or WM; 0, is¢ 1S the
standard deviation of signals in the background; abs is to calculate the absolute

value.

4.2.1.4 Temporal Contrast-to-noise Ratio

Temporal Contrast-to-Noise Ratio (tCNR), similar to tSNR, measures the
consistency of contrast over time, relative to the temporal noise, thereby quantifying
dynamic changes in perfusion signals. This metric is particularly relevant in ASL
MRI, where the perfusion signals are acquired across different time points. Temporal
CNR helps in evaluating the reliability of perfusion contrast throughout the imaging
session, ensuring that the detected differences in perfusion are not due to noise or
temporal instability. However, tCNR is susceptible to motion artifacts or

physiological noise. Temporal CNR can be calculated using the following formula:

AS; Mean i .
tCNR = —t = ——CNRovertime Equation 4.2.4
ot SDcNR over time

Where AS, is the mean CNR of the ASL difference map; o, is the standard deviation
of CNR values from the ASL difference map.
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4.2.2 Perfusion Quality Metrics

In the brain, GM is more sensitive to perfusion due to its higher metabolic activity,
making it the primary tissue of interest for ASL. In this section, CBF, the quantitative
perfusion measure, and its spatial distributions in the brain and specific ROIs were

investigated as key indicators of perfusion quality in ASL data.

4.2.2.1 Gray Matter Cerebral Blood Flow

Gray matter contains the majority of neuronal cell bodies, axon terminals, and
dendrites, all of which have a higher metabolic rate compared to white matter.
Consequently, it is of primary interest for ASL MRI because this higher metabolic
activity makes grey matter more sensitive to detecting changes in brain perfusion
[222] . Furthermore, grey matter is involved in various critical brain functions,
including sensory perception, memory, and decision-making. Accurate measurement
of GM CBF can provide valuable insights into these cognitive and functional

Pprocesses.

The consensus paper [1] reported a general GM CBF range of 40-100 ml/min/100ml.
Some studies [163],[186] reported a narrower range, suggesting a typical perfusion
of 60 ml/100g/min in GM and 20 ml/100g/min in WM. Furthermore, the normative
CBF values changing with age and sex were reported in studies [150] ,[163] ,[223],
which provide a better guide to detect outliers with abnormal GM CBF. These
reference values are invaluable for detecting abnormalities and potential diseases by
comparing individual GM CBF metrics against established baselines. Such
comparisons are crucial for identifying deviations that could indicate pathological
conditions. Therefore, GM CBEF is not only a key indicator of brain health but also a

critical metric for assessing the quality of ASL data.

4.2.2.2 Spatial Coefficient of Variation

The arterial transit time (ATT) is a common error source leading to artifacts in ASL
imaging [51] . In clinical settings, diseases such as stroke, tumors, and vascular
abnormalities can affect ATT. A short delay in this transit time hinders the complete

delivery of labelled blood water, while a long delay leads to signal decay and thus
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impairs SNR. Additionally, ATT varies between participants across different brain
regions, and among various pathological tissues. Hence, ATT provides valuable

insights into the vascular health and hemodynamics of the brain.

Previous studies have found that the spatial distribution of ASL signals can be useful
in inferring ATT differences across single-PLD CBF maps [225] -[228] . Specifically,
if all ASL tracer is delivered to the tissue after the post-labelling delay (PLD), the
ASL signal intensities will be spatially homogeneous within the tissue. Conversely, if
the tracer is not fully delivered, the ASL signal intensities will vary markedly
between the vascular and tissue regions (see Figure 4.2.1 from [228] ). Therefore, the
spatial coefficient of variation (SpCoV) can be used as a proxy for ATT to assess the
efficiency of ASL acquisition [228] . High SpCoV values suggest regions where the
perfusion signal is unstable, potentially due to artifacts or other acquisition issues,
thereby providing an indirect measure of ATT that is crucial for optimizing ASL MRI
studies. SpCoV for a ROI was defined as:

SpCoV = ZEE % 100% Equation 4.2.5
UCBF

where o.pr is the standard deviation of CBF within the ROI and pgr is the mean

CBF within the same ROL.
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Figure 4.2.1 CBF maps of different (low, intermediate, and high) spatial coefficient of variation from
[228] . (a): CBF maps, (b): histograms of voxel normalized frequency from CBF maps.

4.2.2.3 Perfusion in Arterial Vascular territories and cerebral white matter

Inefficient labelling is one of the most common artifacts in ASL, often resulting from
factors such as vessel tortuosity or susceptibility variations (as discussed in Chapter
2). This artifact typically manifests as decreased signals in specific arterial vascular
territories of CBF maps, making it essential to monitor perfusion within these

territories to identify and address potential issues.

An arterial vascular territory atlas, as detailed in [6] and illustrated in Figure 3.2.5
(b), includes the territories supplied by the left and right internal carotid arteries as
well as the vertebrobasilar arteries. In normal ASL images, the CBF values across
these vascular territories should be relatively similar, and significant deviations could

indicate labelling inefficiencies or other artifacts.

Furthermore, recent studies have shown that ASL can reliably measure white matter
[171] perfusion when appropriate imaging settings are employed [229] , despite the
lower SNR in white matter due to its lower blood flow and prolonged ATT compared
to grey matter. The cerebral white matter regions were derived from the work
(shown in Figure 3.2.5 (a)). Additionally, the ratio of CBF between grey matter and
white matter has been reported to range from 1.6 to 4.6 [229] , may serve as a useful
parameter for QC in ASL studies, as significant deviations from this range could
indicate potential issues with image quality or data accuracy. Moreover, significant
discrepancies in CBF between the left cerebral white matter (LCWM) and right
cerebral white matter (RCWM) regions, CBF values falling outside the expected
range, or an extreme perfusion ratio between GM and WM, can indicate potential

issues with the ASL images.

4.2.3 Registration Quality Metrics

Assuming that registration is correctly performed for the majority of ASL CBF maps,
which were aligned to the same reference image (i.e., the MNI template [70] )
through intermediate structural spaces, the degree of similarity between a registered

ASL image and the reference image can serve as an indicator of registration quality.
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Extremely low similarity values should be the primary focus, as they may indicate
potential registration failures. In this section, metrics measuring the similarity
between images are introduced to evaluate ASL registration quality based on the

aforementioned assumption.

Least Squares

The least squares (LS) cost function is one of the simplest and most commonly used
methods for image registration. It measures the similarity between two images by
calculating the sum of the squared differences (SSD) between corresponding pixel or

voxel intensities. Mathematically, it is expressed as:

LS =¥ (s () — ITemplate(i))z Equation 4.2.6
where Ig;, (i) and Irempiaee (£) represent the intensities of the ASL and template
images, respectively, at the i-th voxel. The lower the LS value, the better the
alignment between the two images. However, this method is sensitive to intensity
variations, noise, and outliers, making it less robust for ASL MRI registration,
especially in cases where image intensity differences do not strictly correspond to

misregistration.

Normalized Correlation

Normalized Correlation (NC) is another metric used to assess the similarity between
the registered ASL image and the template. Unlike LS, NC is less sensitive to global

intensity differences between images. The NC between two images is calculated as:

NC = Z?=1(IASL (i)_I_ASL)(ITemplate (i)_TTemp late)

Equation 4.2.7

- 2
\/Z?=1(IASL(i)_iA5L)2 2:}‘L:1(ITemplalre(l‘)_iTemplate)
where I5; and I_Temp late are the mean intensities of the ASL and template images,

respectively. NC values range from -1 to 1, with 1 indicating perfect correlation (i.e.,
perfect alignment). NC is more robust than LS in handling global intensity shifts, but

it may still struggle with significant intensity non-uniformities.

Correlation Ratio
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The Correlation Ratio (CR) is a more sophisticated metric that measures the
functional relationship between the intensities of the registered ASL image and the
template image. It accounts for non-linear intensity relationships, making it more
robust in scenarios where the intensity distributions between the images differ. CR is
defined as the ratio of the variance of the mean intensity values to the total variance
of the intensity values:

CR _ 2‘{;1(IASL(’:)_I_)(ITemplate(i)_i)

B Z?=1(1ASL(1')_7)2(ITemplate(i)_T)z

Equation 4.2.8

where Iyg;, (1) and Irempiaee (£) represent the intensities of the ASL and template
images, respectively, at the i-th voxel; I is the mean of ASL and template images. CR
is effective in capturing complex intensity relationships, making it a valuable tool for
evaluating registration quality when the intensity distributions between the ASL and

template images are not linearly related.

Mutual Information

Mutual Information (M) is frequently used in medical imaging for multi-modal
image registration, where it helps to align images from different imaging modalities
by maximizing the shared information between them. ASL data is often compared
with structural MRI scans (such as T1-weighted images) for registration purposes.
Given the different contrasts between ASL images and structural MRI, traditional
methods like sum of squared differences might not be effective. Mutual Information,
however, can align these multi-modal images by focusing on how information is

shared between them, regardless of their differing contrast properties.

The MI can be formulated as:

P(IasL(DITemplate ()
P(IASL(i))P(ITemplate(j))

MI =L Y0 i PUas (D Iremprate (D) 10g Equation 4.2.9

where P (451, (D), Itempiate (j)) 1s the joint probability distribution of the pixel

intensities in the ASL and template images, and P(I ASL(i)) and P (Irempiate(J)) are
their marginal distributions. Higher MI values indicate greater similarity, suggesting
better registration. MI is effective in handling different imaging modalities but may

be computationally intensive.
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Normalized Mutual Information

Normalized Mutual Information (NMI) is an extension of MI that addresses some of
its limitations by normalizing the mutual information score, making it less sensitive

to changes in image overlap:

H(Iasp)+H(Template)

H(IASL;ITemp late)

NMI =

Equation 4.2.10

where H(I45;) and H (Irempiate) are the entropies of the ASL and template images,
and H (451, Itempiate) 18 their joint entropy. NMI ranges from 0 to 2, with higher
values indicating better alignment. NMI is particularly useful for comparing images

of different sizes or in situations where the overlap between images is variable.

4.3 Experiments

4.3.1 Dataset

This study used the same ASL dataset as described in Chapter 3, namely The Irish
Longitudinal Study on Ageing (TILDA) [166] . Chapter 3 focused on investigating
normative CBF decline in an elderly population, excluding outliers and artifacts. In
contrast, the current study aims to identify outliers, retaining all available subjects for
analysis. The non-PVEc CBF maps in the native space, processed with the
volumetric ASL pipeline in Chapter 3, were employed for quality control in this

chapter, encompassing a total of 474 subjects.

The CBF maps in the native space were reviewed for quality control purposes by two
individuals from the prior study [163] , who identified and labelled artifacts. A total
of 30 subjects were marked as outliers based on the types of artifacts present (see
Figure 4.3.1 for examples). The artifact types included poor labelling efficiency (27

subjects), low contrast (1 subject), motion (7 subjects), poor signal (1 subject), and
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delayed arrival (6 subjects), with some outliers exhibiting multiple artifact types.

Normal Outliers

Poor labelling Delayed arrival Motion & Low Contrast Poor signal

Figure 4.3.1 Normal (left) and outliers (right 4) examples in the ASL native space from the dataset.

4.3.2 Methods

Image quality metrics

Image quality metrics were calculated for each subject in the dataset, with details in
Table 4.3.1. For the calculation of signal quality metrics, SNR and CNR were
calculated based on the perfusion-weighted images (averaged ASL difference
images), and tSNR and tCNR were computed based on the ASL difference (control-
label) images. The noise region used eroded CSF masks from segmentation by FAST.
To be detailed, SNR was calculated by comparing the GM signals (extracted from
within the GM mask) of the perfusion-weighted images against these noise (CSF)
signals. CNR was determined by comparing the signal between GM and WM to
noise (CSF) signal within the perfusion-weighted images. Temporal metrics,
including tSNR and tCNR, were computed using the SNR and CNR values from
each ASL difference image, along with their standard deviations across the ASL

difference images.

The perfusion quality metrics, including CBF values, along with the SpCoV, were
calculated based on the CBF maps, with regions of grey matter, white matter,
cerebral white matter, and arterial vascular territories for both non-PVEc and PVEc
ASL data. Additional metrics included the CBF ratios between GM and WM, the
comparison of CBF between the left and right carotid arteries, and the CBF ratio
between the left and right cerebral white matter. CBF values falling outside the
reasonable range, or significant discrepancies of CBF ratios can indicate potential

issues with the ASL images.

93



The quality of image registration was evaluated by similarity metrics between the
registered CBF images (aligned to the structural space and then to the standard
space) and the MNI152 standard template [70] . These metrics included Least
Squares (LS), Normalized Correlation (NC), Mutual Information (MI), Normalized
Mutual Information (NMI), and Correlation Ratio (CR). Notably, these metrics were
computed as a cost function of registration using FLIRT FSL post-registration, and

thus this would not influence the effectiveness of registration.

Table 4.3.1 The proposed features used to evaluate ASL data quality.

Feature Name

Description

Signal quality metrics

SNR

tSNR

CNR

tCNR

(Mean signal intensity in GM)/(Mean signal intensity in CSF)
from perfusion-weighted image

(Mean signal intensities in GM)/(temporal standard deviation)
from the ASL difference (control-label) images

(Mean signal intenty in GM - Mean signal intensity in
WM)/(Mean signal intensity in CSF) from perfusion-weighted
image

(Mean CNR)/(temporal standard deviation of CNR) from the ASL
difference (control-label) images

Perfusion Quality
Metrics

CBF=Cerebral blood Flow; PVEc=Partial Volume Effects
correction;SpCov=Spatial Coefficient of variation=(mean
CBF/standard deviation of CBF) within a ROI.

NonPVC GM CBF
NonPVC WM CBF
NonPVC RCWM CBF
NonPVC LCWM CBF
NonPVC VBA CBF
NonPVC RICA CBF
NonPVC LICA CBF
NonPVC GM SpCov
NonPVC WM SpCov
NonPVC RCWM SpCov

NonPVC LCWM SpCov
NonPVC VBA SpCov
NonPVC RICA SpCov

NonPVC LICA SpCov
PVC GM CBF

PVC WM CBF

PVC RCWM CBF
PVC LCWM CBF
PVC VBA CBF

PVC RICA CBF

PVC LICA CBF

PVC GM SpCov

CBF in gray matter from the non-PVEc CBF map

CBF in white matter from the non-PVEc CBF map

CBEF in right cerebral white matter from the non-PVEc CBF map
CBF in Left cerebral white matter from the non-PVEc CBF map
CBF in vertebrobasilar artery from the non-PVEc CBF map

CBF in right internal carotid artery from the non-PVEc CBF map
CBF in left internal carotid artery from the non-PVEc CBF map
SpCov in gray matter from the non-PVEc CBF map

SpCov in white matter from the non-PVEc CBF map

SpCov in right cerebral white matter from the non-PVEc CBF
map
SpCov in Left cerebral white matter from the non-PVEc CBF map

SpCov in vertebrobasilar artery from the non-PVEc CBF map

SpCov in right internal carotid artery from the non-PVEc CBF
map
SpCov in left internal carotid artery from the non-PVEc CBF map

CBF in gray matter from the PVEc CBF map

CBF in white matter from the PVEc CBF map

CBF in right cerebral white matter from the PVEc CBF map
CBF in Left cerebral white matter from the PVEc CBF map

CBF in vertebrobasilar artery from the PVEc CBF map

CBF in right internal carotid artery from the PVEc CBF map
CBF in left internal carotid artery from the PVEc CBF map

SpCov in gray matter from the PVEc CBF map
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PVC WM SpCov
PVC RCWM SpCov
PVC LCWM SpCov
PVC VBA SpCov
PVC RICA SpCov
PVC LICA SpCov

SpCov in white matter from the PVEc CBF map

SpCov in right cerebral white matter from the PVEc CBF map
SpCov in Left cerebral white matter from the PVEc CBF map
SpCov in vertebrobasilar artery from the PVEc CBF map
SpCov in right internal carotid artery from the PVEc CBF map
SpCov in left internal carotid artery from the PVEc CBF map

Registration quality
metrics

Least Square

Norm Correlation

Mutual Information

Norm Mutual Information

Correlation Ratio

Least square (or Sum of the Squared Differences) between the
CBF map registered to the MNI space and the MNI template
image

Normalized correlation between the CBF map registered to the
MNI space and the MNI template image

Mutual information between the CBF map registered to the MNI
space and the MNI template image

Normalized mutual information between the CBF map registered
to the MNI space and the MNI template image

Correlation ratio between the CBF map registered to the MNI
space and the MNI template image

Symmetric metrics

NonPVC LICA/RICA
NonPVC LCWM/RCWM
NonPVC GM/WM

PVC LICA/RICA

PVC LCWM/RCWM
PVC GM/WM

LICA CBF to RICA CBEF ratio from the non-PVEc CBF map
LCWM CBF to RCWM CBEF ratio from the non-PVEc CBF map
GM CBF to WM CBF ratio from the non-PVEc CBF map

LICA CBF to RICA CBEF ratio from the PVEc CBF map

LCWM CBF to RCWM CBF ratio from the PVEc CBF map

GM CBF to WM CBF ratio from the PVEc CBF map

The normalization used in this chapter is done by min-max feature scaling to restrict

the range of values and to avoid arbitrary values. Furthermore, A CSV file was

generated corresponding to these image quality metrics for each subject in the

dataset, which can be used for subsequent QC research.

Quality Control Reports

QC reports were developed to facilitate the screening of ASL images and to detect
common failure examples in the dataset, conducted at both the group and individual
levels. These reports were generated using the processed images from OXASL and
implemented using python with Jupyter Notebook. Furthermore, interactive controls

were provided with the QC reports allowing the flexible screening process to their

specific requirements.
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Group-Level QC

The group-level QC report provided an overview of the entire dataset by displaying
scatter plots alongside box plots for all ASL QC metrics. Additionally, interactive
widgets were developed with the plots, allowing to filter subjects by user-specified
metric and user-defined thresholds. This interactive functionality facilitates the
identification of potential outliers across the group, allowing users to quickly
pinpoint images that deviate from the norm and may require further examination,

which can then be conducted using the individual-level QC report.

Individual-Level QC

To streamline the screening process for individual images, individual-level QC
reports were generated. These reports presented key images and relevant supporting
information by OXASL, making it easier to assess the quality of key steps of
processing. The subject to be presented can be selected using a dropdown menu,
allowing users to easily navigate between different subjects in the dataset. The
individual-level report was divided into three sections based on the spatial context of

the data:

1. Structural Space QC: The first section focused on evaluating the brain
extraction and tissue segmentation of the T1w image in the structural space.
Interactive plots allow users to view the brain-extracted T1w image along
with GM/WM masks or contours. The images are presented in axial, sagittal,
and coronal planes, with adjustable slices, enabling users to thoroughly
inspect the segmentation quality.

2. ASL Native Space QC: This section examined the ASL images in the native
ASL space. It presents perfusion-weighted images before and after motion
and distortion correction. Additionally, CBF maps were displayed, where
users could utilize dropdown menus to control the display of non-PVEc or
PVEc GM CBF maps. These maps could be further customized by selecting
different calibration methods, such as voxelwise calibration, or using WM or
CSF as reference regions. Users also had the option to overlay the GM or
WM mask onto the CBF maps, allowing for a more detailed and interactive

examination of the data. This flexibility aids in comparing the effects of
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various corrections and calibration methods on the quality of ASL data.
Regional analysis was provided to present CBF and SpCoV in ROIs. Motion
estimates were also presented using FSL MCFLIRT [71] which help in
evaluating the extent of subject movement of the raw ASL data with the
middle volume as an initial template image showing the rotation and
translation series in three dimensions.

3. Standard Space QC: The final section was designed to examine the
alignment of ASL data to the standard space, which was crucial for ROI
mapping in group analysis. To this end, the template image, T1w image, and

ASL image were all displayed within the standard space.

Quality Control Using Machine Learning

To evaluate the effectiveness of the proposed QC metrics and develop an automated

QC tool for ASL data, machine learning was applied using the labelled data.

Support Vector Machines (SVMs) [121] were widely utilized for classification tasks,
functioning by identifying the optimal hyperplane that separates two classes with the
goal of maximizing the margin between the nearest data points from each class.
While many potential hyperplanes could serve this purpose, SVMs seek the one that
provides the largest margin, thereby ensuring the most robust decision boundary.
Additionally, the kernel trick allows SVMs to handle non-linearly separable data by
implicitly mapping the input features into a higher-dimensional space where a linear

hyperplane can be identified.

In this study, the ASL dataset was notably unbalanced, a common challenge in
medical imaging, with only 30 subjects (6.3%) out of 474 being labelled as outliers.
Unbalanced datasets can cause most machine learning models to bias towards the
majority class. However, SVMs focus on the boundaries between classes rather than
the overall data distribution, making them particularly effective for handling
unbalanced data. Moreover, for ASL quality metrics, extreme high or low values
typically indicate errors and often lie at the two sides of data distribution, making it
difficult to filter them using a simple linear decision boundary. The kernel trick of

SVMs is well-suited to address this issue, as it can effectively separate outliers by

97



finding a more complex decision boundary in a higher-dimensional space. Therefore,

SVMs are theoretically an excellent choice for this application.

The dataset consisted of 474 subjects, comprising 444 normal images and 30 outliers.
It was randomly divided into two parts: 70% (306 normal images and 25 outliers)
were used for model training, while the remaining 30% (138 normal images and 5

outliers) were reserved for testing.

All features were computed for the ASL images in the native space. The features
used for classification included signal-related metrics (4 features), CBF, and SpCoV
in GM, WM, cerebral white matter, and arterial vascular territories from both non-
PVEc and PVEc ASL data (28 features). Additionally, perfusion ratios between LICA
and RICA, between LCWM and RCWM, and between GM and WM were from both
non-PVEc and PVEc ASL data also included as features (6 features). Furthermore,
similarity metrics (5 features) for registration were also incorporated. In total, 43

features were obtained for building the machine learning models.

SVMs with gaussian kernel were constructed for each individual feature to evaluate
their respective capabilities in detecting outliers. Additionally, an SVM model with
gaussian kernel was developed using the Python scikit-learn package [230]
combining all metrics together to assess the overall effectiveness of QC. All SVM
models were trained using 5-fold cross-validation to ensure robustness and prevent
overfitting. To evaluate the quality of the classification, several metrics were
computed from the confusion matrix, including the accuracy, FPR (false positive

rate), sensitivity (true positive rate), and specificity (true negative rate).

In addition to these metrics, permutation feature importance was calculated for each
feature. This method involved breaking the relationship between each feature and the
model to assess how much the model performance decreased when that a feature was
permuted. This approach allowed for a comparison of the performance of each metric
individually and in combination, providing insights into which metrics or

combinations thereof are most effective for identifying outliers in ASL data.
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4.4 Results

4.4.1 Image Quality Metrics

The T1w images and ASL images were successfully processed in 474 subjects and
the quality metrics were computed using ASL images. The distributions for each
metric in the cohort are presented using boxplots: SNR, CNR, tSNR, and tCNR in
Figure 4.4.1; non-PVEc CBF and SpCoV in Figure 4.4.2; PVEc CBF and SpCoV in
Figure 4.4.3; the registration quality metrics in Figure 4.4.4.

Signal Quality metrics
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Figure 4.4.1 Box plots of distributions of signal quality metrics for all subjects (from left to right):
SNR, CNR, tSNR, and tCNR.
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Spatial Coefficient of Variation in Non-PVEc CBF
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Figure 4.4.2 Box plots of distributions of non-PVEc CBF (Top) and SpCoV (bottom) in ROIs for all
subjects. LCWM: left cerebral white matter; RCWM: right cerebral white matter; LICA: left internal
carotid artery; RICA: left right internal carotid artery; VBA: vertebrobasilar artery.
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Figure 4.4.3 Box plots of distributions of PVEc CBF (Top) and SpCoV (bottom) in ROIs for all
subjects. LCWM: left cerebral white matter; RCWM: right cerebral white matter; LICA: left internal
carotid artery; RICA: left right internal carotid artery; VBA: vertebrobasilar artery.
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Registration quality metrics
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Figure 4.4.4 Box plots of distributions of normalized registration quality metrics over all subjects.

Least Square (LS), Normalized Correlation (NC), Mutual Information (MI), Normalized Mutual
Information (NMI), and Correlation Ratio (CR).

4.4.2 Quality Control Report

The example results from group-level QC report are presented including signal
quality metrics in Figure 4.4.5; non-PVEc and PVEc CBF in Figure 4.4.6; non-PVEc
and PVEc SpCov in Figure 4.4.7; and registration quality metrics (Figure 4.4.8).
Dropdown menus were provided to choose specific metric; the upper and lower
thresholds can be set by sliders. The filtered subjects were displayed in the text area

below.
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Signal Quality metrics
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Figure 4.4.5 The example results from group-level report for normalized signal quality metrics: SNR,
CNR, tSNR, and tCNR. The selected metric can be set with the metric dropdown menu. Upper and
lower thresholds can be set by the Max and Min sliders, respectively, and thus the outliers can be
filtered.
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Figure 4.4.6 The example results from group-level report for CBF values on GM, WM, cerebral WM
and arterial vascular territories. PVE or non-PVEc CBF maps can be set using the PVC dropdown
menu, and the selected metric can be set with the metric dropdown menu. Upper and lower thresholds
can be set by the Max and Min sliders, respectively, and thus the outliers can be filtered. Non-PVEc or
PVEc results can be selected by setting the PVEc dropdown menu. LCWM_: left cerebral white matter,
RCWM: right cerebral white matter; LICA: left internal carotid artery;, RICA: left right internal
carotid artery, VBA: vertebrobasilar artery.
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Figure 4.4.7 The example results from group-level report for spatial coefficient of variation (SpCov)
values on GM, WM, cerebral WM and arterial vascular territories. PVE or non-PVEc CBF maps can
be set using the PVC dropdown menu, and the selected metric can be set with the metric dropdown
menu. Upper and lower thresholds can be set by the Max and Min sliders, respectively, and thus the
outliers can be filtered. Non-PVEc or PVEc results can be selected by setting the PVEc dropdown
menu. LCWM: left cerebral white matter; RCWM: right cerebral white matter;, LICA: left internal
carotid artery; RICA: left right internal carotid artery; VBA: vertebrobasilar artery.
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Figure 4.4.8 The example results from group-level report for normalized registration quality metrics.
The selected metric can be set with the metric dropdown menu. Upper and lower thresholds can be set
by the Max and Min sliders, respectively, and thus the outliers can be filtered. LS: Least Squares,
NC:Normalized Correlation, MI: Mutual Information, NMI: Normalized Mutual Information, and CR:
Correlation Ratio.

Individual QC report

The example results from individual-level QC report were presented including the
structural space QC in Figure 4.4.9; the ASL native QC section for perfusion-
weighted images before and after motion and distortion correction in Figure 4.4.10;
CBF maps in Figure 4.4.11; regional analysis in Figure 4.4.12; and motion estimates

in Figure 4.4.13; the standard space QC in Figure 4.4.14.

Strutural Space

T1w Image

subject_path | sub-1267031

Brain Extra.. | No v
Mask: | WM v

X 130

¥ 155

z 130
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Tlw image

Figure 4.4.9 The example of the results from individual-level report for the structural space QC. Brain
contour can be overlain on the structural image to check PVs segmentation.

ASL Native Space

Perfusion-weighted Image

subject_path | sub-1267031

@

Slice:

Figure 10

PWI Distortion and motion corrected PWI
0

Figure 4.4.10 The example of the perfusion-weighted image. The left image is without any correction
and the right is the PWI image after distortion correction and motion correction. The visualized slice
position can be adjusted from the slider.

CBF map
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subject_path | sub-1267031

PVC: | No v
Calibration... | voxelwise(default) v
Mask: | No v

PV Thresh... 0.00

X 40

Vi 40

z 43

Figure 11

Figure 4.4.11 The example results from individual-level report for CBF maps in the native ASL space,

featuring dropdown menus that allow users to customize the display by selecting non-PVEc or PVEc

GM CBF maps, choosing different calibration methods (voxelwise, WM, or CSF as reference regions),
and adjusting GM/WM mask overlays with threshold settings.

Region Analysis
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subject_path | sub-1267031

PVC: | No v

Calibration... | voxelwise(default) v
name Nvoxels Mean Std Median IQR Precision-weighted mean 12 SpCov
0 GM 271 41.13 14790 39.22 17.30 4194 840 3596
1 W 1743 2043 9638 19.51 1270 18.79 68.0 47.18
2 RCWM 1137 20.00 11.200 18.28 13.90 19.21 80.0 56.00
3 LCWM 1129 2235 12.660 2048 15.51 2211 86.0 56.64
4  RICA 3793 4349 14290 43.23 1996 4269 88.0 3286
5 LICA 3813 43.83 14400 4371 19.71 4295 89.0 3285
6 VEA 1354 3976 15.120 3856 17.61 40.64 93.0 3803

LICA RICA L/R

0 43.83 4349 1.01

LCWM RCWM L/R

0 2235 200 112

GM WM GM/WM

0 41.13 2043 2.01

Regional CBF

1)
=]
Il

CBF (ml/100g/min)
M
(=]

=
o
I

GM wM RCWM  LCWM RICA Uca VBA

Figure 4.4.12 The example results from individual-level report for regional analysis presenting CBF
values and SpCoV in global GM and WM, as well as in specific ROIs. It also includes ratios between
LICA and RICA, between LCWM and RCWM, and between GM and WM, along with histograms of

CBF values in these regions.

Motion estimates
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Figure 4.4.13 The example of the results from individual-level report for motion estimates in rotations

(top) and translations (bottom) of the ASL image. The x axis contains 30 interleaved label and control

images, and y axis is the shifted distance with the middle volume as the reference, and x,),z represent
the shifts in three dimensions.
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Standard Space

subject_path | sub-1267031

X 130
¥ 155
z 130

Figure 4.4.14 The example results from individual-level report for the template image, TIw image,
and CBF image aligned to the standard template.

4.4.3 Quality Control Using Machine Learning
The classification results for each individual feature are presented in Table 4.4.1.

Table 4.4.1 Classification on test dataset using each quality metric as the individual feature.
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Feature TP FN FP N Accuracy Sensitivity  Specificity
NonPVC GM CBF 138 0 4 1 0.97 1 0.2
NonPVC GM SpCov 138 0 3 2 0.98 1 0.4
NonPVC WM CBF 137 1 2 3 0.98 0.99 0.6
NonPVC WM SpCov 138 0 4 1 0.97 1 0.2
NonPVC RCWM CBF 137 1 4 1 0.97 0.99 0.2
NonPVC RCWM SpCov 135 3 3 2 0.96 0.98 0.4
NonPVC LCWM CBF 138 0 3 2 0.98 1 0.4
NonPVC LCWM SpCov 136 2 2 3 0.97 0.99 0.6
NonPVC VBA CBF 138 0 3 2 0.98 1 0.4
NonPVC VBA SpCov 137 1 3 2 0.97 0.99 0.4
NonPVC RICA CBF 137 1 4 1 0.97 0.99 0.2
NonPVC RICA SpCov 138 0 1 4 0.99 1 0.8
NonPVC LICA CBF 138 0 3 2 0.98 1 0.4
NonPVC LICA SpCov 138 0 3 2 0.98 1 0.4
SNR 138 0 5 0 0.97 1 0
tSNR 138 0 5 0 0.97 1 0
CNR 138 0 5 0 0.97 1 0
tCNR 138 0 5 0 0.97 1 0
Least Square 138 0 3 2 0.98 1 0.4
Norm Correlation 136 2 2 3 0.97 0.99 0.6
Mutual Information 138 0 5 0 0.97 1 0
Norm Mutual Information 138 0 5 0 0.97 1 0
Correlation Ratio 136 2 2 3 0.97 0.99 0.6
NonPVC LICA/RICA 138 0 2 3 0.99 1 0.6
NonPVC LCWM/RCWM 138 0 2 3 0.99 1 0.6
NonPVC GM/WM 138 0 5 0 0.97 1 0
PVC GM CBF 138 0 4 1 0.97 1 0.2
PVC GM SpCov 136 2 4 1 0.96 0.99 0.2
PVC WM CBF 137 1 2 3 0.98 0.99 0.6
PVC WM SpCov 138 0 4 1 0.97 1 0.2
PVC RCWM CBF 137 1 4 1 0.97 0.99 0.2
PVC RCWM SpCov 138 0 5 0 0.97 1 0
PVC LCWM CBF 138 0 3 2 0.98 1 0.4
PVC LCWM SpCov 138 0 5 0 0.97 1 0
PVC VBA CBF 138 0 4 1 0.97 1 0.2
PVC VBA SpCov 137 1 3 2 0.97 0.99 0.4
PVC RICA CBF 137 1 4 1 0.97 0.99 0.2
PVC RICA SpCov 137 1 1 4 0.99 0.99 0.8
PVC LICA CBF 138 0 3 2 0.98 1 0.4
PVC LICA SpCov 138 0 5 0 0.97 1 0
PVC LICA/RICA 138 0 2 3 0.99 1 0.6
PVC LCWM/RCWM 138 0 2 3 0.99 1 0.6
PVC GM/WM 138 0 5 0 0.97 1 0

TP: True Positive; FP: False Positive; TN: True Negative; FN: False Negative; Accuracy: T/(T+N);
Sensitivity: TP/(TP+FN); Specificity: TN/(TN+FP); FPR: False Positive rate (FP/(FP+TN)).

The classification using all features in test dataset is shown in Figure 4.4.15. The
accuracy, FPR, sensitivity, and specificity were 0.97, 0.2, 0.99, and 0.8 respectively.
According to the classification results, the examples of detected outliers (True-
Negative), not detected outliers (False-Negative), and mis-classified normal images

(False-Positive) are presented in Figure 4.4.16, Figure 4.4.17, and Figure 4.4.18,
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respectively. The permutation feature importances, shown in Figure 4.4.19, is a
model-agnostic technique used to assess the importance of individual features in thea

trained model by comparoncomparisons with the re-trained the model with excluding

each feature..

Confusion Matrix

120

Normal 100

- 80

True label

I 60
I 40
Outlier 1 4

20

Normal Qutlier
Predicted label

Figure 4.4.15 Confusion matrix of classification by SVM in test data.

CBF (ml/100g/min)
100

Figure 4.4.16 Detected outliers in the test dataset. The artifact types are (from left to right): delayed
arrival, poor signal, poor labelling, poor labelling.

CBF (ml/100g/min)
100

Figure 4.4.17 The outlier (delayed arrival) was not detected in the test dataset.
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CBF (m1/100g/min)
100

Figure 4.4.18 The normal CBF map classified as outlier in the test dataset. In the image, hyper-
perfusion voxels are observed in the anterior brain, potentially due to imperfect distortion correction.
This could be regarded as one outlier;, however, this was not among the predefined labelled artifact

types.
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Figure 4.4.19 The permutation feature importances in the SVM model. Mean accuracy decrease: the
decreased accuracy after excluding each feature.

4.5 Discussion

This work aimed to develop standardized QC protocols for ASL MRI with OXASL,
which was achieved through three key steps. First, image metrics specific to ASL
MRI were investigated to address the unique challenges of measuring perfusion
through blood water labelling. Second, QC reports were generated to help identify
outliers and assist in the screening of ASL images processed by OXASL. Finally,
machine learning models were developed to evaluate the reliability and efficiency of
these ASL quality metrics on a large ASL dataset, with the goal of providing effective
and automated QC for ASL data.
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The ASL quality metrics included signal quality metrics, prefusion quality metrics,
and registration quality metrics. The signal quality metrics, providing intrinsic
characteristics of ASL acquisitions before any processing, are valuable for initial
examination, as indicated by their high importance when considering all quality
metrics. However, relying solely on signal-related metrics to judge the quality of
ASL images is insufficient. This is evidenced by the poor performance of classifiers
using these metrics (no outliers were detected), as they may not capture all issues
affecting the images. For example, specific artifacts like signal loss might not
significantly impact SNR or CNR but could still cause problems in perfusion
quantification. To address this, perfusion-related metrics, including CBF and SpCoV
within ROIs (such as GM, WM, cerebral WM, and arterial vascular territories), were
computed on non-PVEc and PVEc ASL data to better account for the quality of ASL
data quantification. Notably, RICA SpCoV from non-PVEc and PVEc data were
particularly effective, identifying the most outliers (4 out of 5), while other metrics
detected 3 or fewer outliers. Although these classifiers showed abilities to detect
outliers, they were generally limited in scope, often identifying only a small number
of outliers and exhibiting a high false positive rate (FPR), meaning that many outliers
were missed. In addition, similarity metrics (such as LS, NC, and CR) for registration
were able to detect some outliers, even though the labels were predefined for native
ASL data rather than based on the success or failure of registration. However, mutual
information or normalized mutual information did not demonstrate the same
effectiveness. This suggests that while registration metrics can contribute to outlier

detection, not all metrics are equally reliable for this purpose.

The group-level QC report was designed to filter extreme values of quality metrics
that might indicate outliers. Given the difficulty of establishing absolute thresholds
due to variations in study requirements, scanner types, and imaging protocols, users
can define their own thresholds to identify potential outliers. Once these outliers are
flagged, suspicious images can be further examined using the individual-level QC
report. By utilizing both group-level and individual-level QC reports, the time
required for QC can be significantly reduced. The individual-level reports focus on
displaying only key images and quality metrics, rather than a large number of general
quality images. This approach ensures the completeness of QC while being time-

efficient, as it avoids redundant information. Additionally, since the QC reports are
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generated post-processing in OXASL, they do not interfere with the processing itself,
making this approach convenient and adaptable for application to other large ASL

datasets.

The SVM model trained with all 43 ASL quality metrics demonstrated strong
performance in outlier detection, even with the limited number of outliers in the test
dataset. For QC purposes, it is generally acceptable to misclassify some normal
images as outliers, as this might slightly increase the number of images requiring
further examination but ensures that no true outliers are missed. This approach may
result in high specificity but a low false positive rate. While precise classification is
ideal, achieving it is challenging due to the extremely unbalanced nature of the data.
The permutation feature importances for the SVM model using all features were
provided, revealing that some features, such as SNR, PVEc RICA CBF, CNR, and
non-PVEc LICA SpCoV, had higher importance. These features may be more
sensitive to outliers, indicating they are closer to the decision boundary. However,
features with lower or zero importance should not be considered useless; instead,

they may simply be further from the decision boundary in this specific model.

There are some limitations to this study. The data were originally processed using
BASIL FSL with CSF as the reference region for calibration, on which raters
categorized all subjects into five categories. In this study, however, the data were
processed using OXASL with voxel-wise calibration. Discrepancies in processed
images due to different calibration methods may lead to differences in data labelling,
such as the normal image misclassified as a outlier with imperfect distortion
correction shown in Figure 4.4.18. Additionally, the trained machine learning
classifier still needs to be validated on other ASL datasets processed by OXASL, as
factors like scanner types and acquisition protocols may influence outlier
identification. Furthermore, the quality metrics generated in this study are specific to
ASL MRI data, particularly single-PLD data. In the future, quality metrics for multi-
PLD ASL data will be needed, as there may be slight differences in their application.
Furthermore, IQMs for general image QC may also be included to enhance the
classifier performance. The QC reports were developed using Jupyter Notebook,
allowing for interactive adjustments by users. However, this setup requires all files to
be available on the development device, which is not ideal for processes that

typically occur on high-performance clusters or servers. Future work will focus on
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implementing these functions in more accessible formats, such as HTML, which can

be easily shared and downloaded.

4.6 Conclusion

In this chapter, this study used 43 features specific to ASL were used for QC to
establish standardized QC protocols for ASL, a gap in the current literature. Machine
learning was employed to assess the effectiveness of these protocols and enable
automatic QC for CBF maps, with the model proving robust against most artifacts in

the dataset. QC reports were generated to assist with the manual review of ASL data.

While this machine learning approach demonstrated high specificity, it still depends
on manually labelled data for training. Despite the limited number of outliers in the
unbalanced dataset, the model was able to maintain strong classification
performance. In the next chapter, deep learning techniques will be explored for
quality control purposes, with the aim of improving outlier detection in ASL data.
This shift to deep learning is anticipated to enhance both accuracy and automation in
the quality control process, building upon the machine learning foundation

established in this chapter.
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S Quality Control Using Deep Learning in ASL. MRI

Images

5.1 Introduction

ASL MRI provides the only truly non-invasive method to measure perfusion by
magnetically labelling arterial blood water as an endogenous tracer [54] . However,
ASL MR, like other MRI techniques, is susceptible to artifacts, such as motion,
distortion and poor labelling efficiency, which can compromise image quality and
impair accurate CBF quantification [5] ,[82] . Therefore, the quality of ASL images
needs to be assessed and ensured, before proceeding with any further statistical
analysis. Quality Control (QC) is the process to identify and exclude outliers for MRI
data which is conventionally conducted by experts who visually examine individual
images. While this manual approach is necessary, it is time-consuming, subjective,

and often impractical for large datasets [163],[171] .

Previous studies [9] ,[83] have increasingly employed machine learning to automate
QC processes for MRI data. Machine learning models utilize Image Quality Metrics
(IQMs) derived from MRI data to assess image quality, enabling them to identify
potential issues based on predefined criteria. However, this approach faces several
challenges. First, the definition and selection of IQMs can greatly influence the
performance of machine learning models. The choice of metrics may not fully
capture all relevant aspects of image quality, necessitating careful evaluation by
experts to ensure that the selected IQMs are both comprehensive and appropriate for
the task at hand. Second, supervised classification models still rely on labelled data,
requiring expert annotations to guide model training—a process that remains
subjective. In addition, acquiring labelled data for all types of potential anomalies in
MRI data is impractical, which increases the risk of misclassifying unseen outliers.
Furthermore, machine learning methods often struggle with unbalanced data, a
common issue in QC tasks where the number of poor-quality images is typically
much smaller than the number of high-quality images. This imbalance can result in
models that are biased toward the majority class, reducing their effectiveness in

detecting rare but critical anomalies.

116



Alternatively, deep learning offers a promising approach for QC in MRI, with QC in
deep learning often referred to as anomaly detection. Unlike traditional machine
learning, deep learning can automatically learn complex patterns and features
directly from the image data, reducing the dependency on manually engineered
IQMs and labels. This capability allows deep learning models to detect subtle
anomalies that might be missed by both manual inspection and traditional machine
learning approaches. Supervised deep learning approaches often utilize CNN-based
networks as feature extractors, followed by one-class classifiers. However, they share
the same limitation as supervised machine learning models in that they require

manually labelled data for training.

Instead, semi-supervised approaches [232],[233] have emerged as a more plausible
solution. These methods focus on identifying deviations from established norms,
rather than relying on extensive labelled data. The initial step in this process involves
developing a robust baseline of normal MRI scans, which serves as a reference point
for detecting anomalies. This baseline is created by analysing a large dataset of MRI
images that have been verified to be free of defects. Deep learning algorithms are
employed to learn the typical patterns and features of these high-quality MRI images,
establishing a standard against which new, unseen images can be compared. Once
this baseline is established, the anomaly detection system can evaluate unseen MRI
data by identifying deviations from the norm. If an image aligns with the patterns
learned during training, the reconstruction error will be low, indicating a normal
scan. Any abnormality that suggests potential anomalies are flagged for further
inspection by comparing the reconstructed images against the established baseline.
This semi-supervised approach thus enables the detection of anomalies without the

need for extensive labelled datasets.

Building on this foundation, two prominent deep learning models Variational
Autoencoders (VAEs) [119] and Generative Adversarial Networks (GANs) [120]
have been effectively utilized for anomaly detection in MRI data. VAEs are
generative models that learn to encode MRI images into a lower-dimensional latent
space, capturing the essential features of the data, and then decode them back into the
original image space. GANs, on the other hand, consist of two competing neural
networks—a generator and a discriminator. The generator creates synthetic MRI

images, while the discriminator attempts to distinguish between real and generated

117



images. The competition between the two networks enables the GAN to improve the
generation of realistic images, and when used for anomaly detection, it can identify

discrepancies between the generated and real data to flag potential outliers.

In this chapter, we employed a VAE-GAN model, a deep learning technique, to
perform QC for ASL data using a deviation-based method allowing for effective

detection of outliers in ASL data.

5.2 Theory

5.2.1 Variational Autoencoders

Autoencoders [244] are a type of artificial neural network designed to learn efficient
data representations, typically for dimensionality reduction or feature learning. The
conventional architecture of autoencoders is presented in Figure 5.2.1. They consist
of two main components: an encoder, which compresses the input data into a lower-
dimensional latent space, and a decoder, which reconstructs the original data from
this compressed representation. The primary goal of an autoencoder is to minimize
the reconstruction error, ensuring that the data compressed in the latent space retains
enough information to accurately reconstruct the original input. A limitation of
traditional autoencoders is that they do not explicitly model the distribution of the
latent space, which can lead to poor generalization, especially when generating new

data.

Input Latent Space Output

x | Encoder z Decoder |—|x'

Figure 5.2.1 The architecture of an autoencoder.

It consists of an encoder, which compresses input data into a lower-dimensional latent representation,
and a decoder, which reconstructs the original input from this representation.
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Variational Autoencoders (VAEs) [119] build on the foundation of autoencoders but
introduce a probabilistic framework. Instead of mapping input data to a single point
in the latent space, VAEs learn to map it to a distribution, typically modelled as a
Gaussian. During training, the encoder learns the mean and variance of this
distribution for each input. The decoder then reconstructs the input data by sampling

from this latent distribution.

Let z represent the latent variable and x the observed data. The probability of z in the

latent space, given the observation x, can be expressed using Bayes’ rule as:

r(X|Z)p(2)

Equation 5.2.1
p(x)

p(z|x) =

where p(x) = [ p(x|2)p(z)dx is the marginal likelihood. The marginal likelihood
p(x) is intractable in most cases, however, the value can be estimated using
variational inference by assuming that p(z|x) is approximated by another
distribution, denoted as q(z|x), which has a tractable distribution. This can be
achieved by minimizing the Kullback—Leibler (KL) divergency, a measure of
difference between two probability distributions. Furthermore, the minimization KL

divergence can be converted to maximizing the following:
Lyag = Eqzix) log p(x|z) — KL(q(z|x)||p(z|x)) Equation 5.2.2

The first term to penalize reconstruction error and the second term to ensure that the
learned distribution q is similar to the prior distribution p. Assuming a Gaussian

likelihood, the loss function used in the VAE structure can be simplified as:
Lyag = Lpec + Zj KL(q]-(Z|x)||p(Z)) Equation 5.2.3

Notably, optimizing the KL divergence term requires a delicate balance with the

reconstruction loss in practice.

5.2.2 Generative Adversarial Networks

Generative Adversarial Networks (GANs) [120] are a class of deep learning models
comprising two neural networks, a generator and a discriminator, that compete
against each other in a zero-sum game. The generator learns to produce data that is

increasingly realistic over time, while the discriminator learns to better identify fake
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data. This adversarial process continues until the generator's output becomes
indistinguishable from real data, indicating that it has successfully learned the

underlying distribution. The architecture of a GAN is shown in Figure 5.2.2.

Real images

Generator J— Falke images

Figure 5.2.2 The architecture of a GAN, which consists of two neural networks: a generator and a
discriminator.

Latent random variable

| Real/fake |—D| Loss |

Discriminator

The generator network, Gen(z), maps a latent random variable z to the data space,

while the discriminator network assigns a probability y = Dis(x) €[0,1], where y

represents the likelihood that x is a real training sample, and 1 —y is the probability
that x was generated by the model through x = Gen(z), with z ~ p(z). The objective
of the GAN is to find the optimal binary classifier that can best differentiate between
real and generated data while simultaneously encouraging Gen to learn and fit the
true data distribution. The loss function of GANs is designed to optimize this min-

max problem using binary cross-entropy in Equation 5.2.4.
Loy = rgu'n max log(Dis(x)) + log (1 — Dis(Gen(z))) Equation 5.2.4
en s

On the one hand, discriminator aims at predicting Dis(x) = 1 for real data samples
and Dis(Gen(z)) = 0 for fake samples. On the other hand, the GAN learns how to fool
D by finding Gen which is optimized on hampering the second term in Equation

5.24.

5.2.3 VAE-GAN

In models such as [119] [234], the selection of an appropriate similarity metric is
crucial, as it forms the core of the training signal through the reconstruction error
objective. Typically, element-wise measures like the squared error are employed by
default. Although these metrics are straightforward, they are not particularly well-

suited for image data, as they fail to account for the nuances of human visual
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perception. For instance, a minor image translation can result in a significant pixel-
wise error, despite being nearly imperceptible to the human eye. Consequently, it is
preferable to measure image similarity using a higher-level, sufficiently invariant

representation of the images.

Instead of manually engineering a metric to address the limitations of element-wise
measures, it is more effective to design a task-specific function. The VAE-GAN
model was developed to learn such a similarity measure by jointly training a VAE
and a GAN [235], utilizing the GAN discriminator to assess sample similarity. The
VAE-GAN model architecture is illustrated in Figure 5.2.3, where the VAE-GAN
model combines the VAE with the GAN by merging the decoder and generator into a
single unit and training them simultaneously. In this model, the conventional
element-wise reconstruction metric is replaced by a feature-wise metric derived from

the discriminator.

Latent space Reconstructed

N(u,0%) Decoder |—»|

Discriminator

Figure 5.2.3 The architecture of the VAE-GAN model in this study. Decoder from VAE and the
generator from GAN were combined into one. Image generation is achieved by sampling the latent
space of the VAE, followed by decoding through decoder.

In VAE-GAN, the VAE reconstruction (expected log likelihood) error term from
Equation 5.2.3 was replaced by a reconstruction error expressed in the GAN
discriminator. This is achieved by using the hidden representation of the [-th layer of
the discriminator, denoted as Dis;(x). Then Gaussian observation model was used to

compute its mean Dis;(X) and identity covariance:
p(Dis;(x)|z) = N(Dis(x)|Dis;(3),1) Equation 5.2.5
Thus, the reconstruction error in VAE can be replaced with:
Lyis1 = —Eqz1x)(log p(Dis;(x)|2)) Equation 5.2.6
The loss function of VAE-GAN incorporates three parts (depicted in Figure 5.2.4):

Lyag-can = Laisi + Ly + Loan Equation 5.2.7
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Figure 5.2.4 Loss functions in VAE-GAN including the discriminator loss, GAN loss, and KL loss.

5.2.4 Kernel Density Estimation

Kernel Density Estimation (KDE) [236] is a non-parametric method used to estimate
the probability density function (PDF) of a random variable [236] . Unlike
parametric methods, which assume a specific distribution for the data (e.g., normal
distribution), KDE makes no such assumptions and can therefore adapt to the

underlying structure of the data more flexibly.

The basic idea behind KDE is to estimate the probability density function by placing
a kernel (a smooth, symmetric function) at each data point. The contribution of each
data point to the overall density estimate is determined by the kernel function. The
KDE then sums these contributions across all data points to produce a smooth

estimate of the density function.
Given a set of data points x4, X4, ..., X, the kernel density estimation f(x) at a point
x is defined as:

X—Xj

fG) = B KD Equation 5.2.8

Where n is the number of data points; h is the bandwidth, a smoothing parameter
that controls the width of the kernel and, therefore, the smoothness of the density
estimate; K is the kernel function, which is usually a symmetric, non-negative
function that integrates to one. Common choices for the kernel function include the

Gaussian (normal) kernel, Epanechnikov kernel, and uniform kernel.

KDE is effective in identifying multiple modes or peaks in distributions without

making strong assumptions, enabling it to adapt to the true underlying shape of the
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data. This is particularly useful in cases where the data distributions do not follow
simple or well-known forms (such as Gaussian), making KDE a sensible approach

for estimating the distribution [236] .

5.3 Methods

5.3.1 Dataset

This study used the same ASL dataset [166] as in Chapter 3 and 4. Like in chapter 4,
all available subjects were retained for analysis. The non-PVEc CBF maps in the
standard space, processed by the volumetric ASL pipeline in Chapter 3, were

employed for quality control in this chapter, encompassing a total of 474 subjects.

The CBF maps were manually examined and labelled in the native space by two
experts [163] , as in chapter 4. A total of 30 subjects were marked as outliers based
on the types of artifacts present (see Figure 5.3.1 for examples). The artifact types
included poor labelling efficiency (27 subjects), low contrast (1 subject), motion (7
subjects), poor signal (1 subject), and delayed arrival (6 subjects), with some outliers

exhibiting multiple artifact types.

Outliers

Poor labelling Delayed arrival Motion & Low contrast Poor signal

Figure 5.3.1 Normal (left) and outliers (right four images) examples in the standard space in the
dataset.

Notably, the native CBF maps were registered to the MNI152 space [70] via
intermediate structural images, and the CBF maps in standard space were then

utilized in subsequent processing. The CBF images were resampled to a 64x64x64
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resolution, with 2D images extracted from the central axial slice, to maintain
computational efficiency and avoid the undying increase in data dimension from 2D
to 3D. This resolution strikes a balance between computational efficiency and
anatomical relevance, considering the relatively fewer layers of the models.
Subsequently, the central axial slices from the CBF maps were randomly divided into
a training set, consisting of 402 normal images, and a test set, comprising 42 normal

images along with 30 outliers.

5.3.2 VAE-GAN Architecture

The architecture of the VAE-GAN network (shown in Figure 5.2.3) follows that with
the details in Table 5.3.1.

Table 5.3.1 Architectures of encoder, decoder and discriminator for the VAE-GAN.

Encoder Decoder Discriminator

3x3 32 Conv | BNorm, 8x8x32 FC, BNorm, ReLU 3x3 32 Conv | BNorm,

ReLU ReLU

3x3 64 Conv | BNorm, 3x3 128 Conv 1 BNorm, ReLU 3x3 64 Conv | BNorm,

ReLU ReLU

3x3 128 Conv | BNorm, 3x3 64 Conv T BNorm, ReLU  3x3 128 Conv | BNorm,

ReLU ReLU

2 FC, BNorm, ReLU 3x3 32 Conv T BNorm, ReLU 512 FC, BNorm, ReLU
3x3 1 Conv, tanh 1 FC, sigmoid

BNorm: Batch normalization; ReLU: Leaky ReLU; | and 1:downsamling and
upsampling; Conv: convolutional layer with kernel size and the number of output
channels listed ahead of it; FC: fully-connected layer with the number of output

channels listed ahead of it. Stride is 2 in all convolutional layers.

5.3.3 Detect Outliers Using VAE-GAN

The process of outlier detection in this study is shown in Figure 5.3.2. A VAE-GAN
model was used to capture the patterns of normal CBF maps. A significantly
compressed latent space was employed to ensure that the latent space distribution
remained tightly clustered, allowing the reconstructed images of the sampled latent
space closely resembled typical normal data patterns This approach effectively

accounted for the inherent variability among normal CBF images while maintaining
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a focus on common structural features, thereby improving its ability to differentiate

between normal and anomalous data.

During training, the difference scores between the input CBF images and the
reconstructed images from the VAE-GAN were computed using metrics such as
mean squared error (MSE), cosine similarity (CS), or both [237]. KDE was then
applied to learn and model the distribution of these difference scores. In the testing
phase, the same process was followed for the test data to calculate the difference
scores, after which KDE was used to estimate the position of these images within the

established distribution.

By modelling the distribution of the difference scores with KDE, thresholds were set
using predefined criteria, allowing for the identification and filtering of outliers that

exhibited significant deviations from the norm.

Determine Threshold Detect outlier
0y Y
Labelled Atest
data sample

Trained VAE-GAN

Decoder

Decoder

nba

Difference _ Difference
scores 7 KDE score S
| S—
Y L 4
. - Decision
Prior Criteria Threshold T
| —

Normal

Qutlier

Figure 5.3.2 The workflow of QC using VAE-GAN. In training, KDE is used to learn the distribution
of difference scores from VAE-GAN using normal images as input, and the threshold needs to be
determined. In test, the quality of input image is judged by comparing its difference score to the

determined threshold.

During training, all 402 normal images were fed into the VAE-GAN model to learn

the distribution of normal data. The Adam optimizer was utilized, with learning rates
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set at 0.0001 for the encoder, 0.001 for the decoder, and 0.0001 for the discriminator.
The model was trained for up to 1000 epochs using the normal images. The third
layer of the discriminator was used to calculate the feature-wise error between input
images and reconstructed images to replace the element-wise error. A relatively low
latent space size of 2 was chosen to avoid sparsity in the latent space. The difference
scores consisted of the cosine similarity, mean squared error and their combination,
which were computed between the input data and the reconstructed data. Then, KDE
was used to estimate probability density function of the difference scores on the

normal data with gaussian kernel and bandwidth of 0.2.

In testing, only the encoder and decoder are used like a traditional VAE. The test
dataset comprising 42 normal images along with 30 outliers was input to the VAE-
GAN model, and their difference scores were calculated. Both the threshold setting
and final performance evaluation were conducted using this test data. In principle,
outliers should exhibit larger difference scores compared to normal data. The binary
decision threshold for identifying outliers was determined by selecting the threshold
that achieved the best classification performance, as measured by the Area Under the
Receiver Operating Characteristic (AUROC) [238] . Images with difference scores
exceeding the decision threshold were classified as outliers. While some studies
[239] ,[240] use cross-validation to fine-tune the threshold, collecting a sufficiently
large validation set can be difficult, especially when anomalous samples are rare and
challenging to gather. Thus, relying on the test data for threshold determination is

often a practical alternative.

5.4 Results

The testing data consisted of 42 normal CBF images and 30 outliers. The
distributions of three types of difference scores estimated by KDE, categorized by
data type, are shown in Figure 5.4.1. Among the five artifacts, delayed arrival, poor
signal, and poor labelling exhibited a significantly wide range of difference scores. In

contrast, the distributions for motion and low contrast artifacts were more similar to
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those of the normal images.

Difference score distributions estimated by KDE
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Figure 5.4.1 Box plots of different difference score distributions across the test dataset (42 normal and
30 outliers) estimated by KDE. MSE: mean squared error; CS: cosine similarity. PLE: poor labelling
efficiency, DA: delayed arrival; Mo: motion; LC: low contrast, PS: poor signal.

The AUROC curves, which were used to evaluate classification performance based
on three different types of difference scores, are presented in Figure 5.4.2. The
AUROC scores for using cosine similarity and mean square error as the difference
scores were 0.82 and 0.89, respectively. The highest AUROC score, 0.92, was
achieved by combining mean square error and cosine similarity, indicating that this

combination provided the best classification performance.

AUROC of difference scores estimated by KDE

10
I

Sensitivity(True Positive Rate)

—— (CS:0.82
MSE: 0.89
0.0+ —— CS+MSE: 0.92

0.0 0.2 0.4 0.6 0.8 10
1-Specificity(False Positive Rate)

Figure 5.4.2 AUROC curves of difference scores used for testing. MSE: mean squared error; CS:
cosine similarity. Among them, using both CS+MSE achieves the highest AUROC of 0.92.
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Figure 5.4.3 displays the distribution of difference scores, computed using cosine
similarity and mean squared error, as estimated by KDE. While some outliers exhibit
distinctly high values and normal images consistently have low values, the lower-
value region is densely populated with a mix of both normal and outlier images,

which challenges the decision of the binary classification boundary.

Distribution of KDE predictions using difference scores (CS+MSE)
35
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Figure 5.4.3 The distribution of difference scores from test data, which was predicted by KDE using
cosine similarity and mean squared error. Red: outliers; Green: normal images.

The classification results based on the optimal decision threshold are depicted in

Figure 5.4.4.

Confusion matrix

normal

True label

outlier

normal outlier
Predicted label

Figure 5.4.4 The classification results using the optimal threshold with the difference scores (mean
square error and cosine similarity).
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The three false negative (undetected) outliers shown in Figure 5.4.5 exhibit subtle
artifacts. Additionally, six false positives (normal images misclassified as outliers)
are shown in Figure 5.4.6. Although these images are labelled as normal, some

artifacts are still present.

CBF (ml/100g/mi

Figure 5.4.5 Three undetected outliers of CBF maps with slight artifacts (from left to right): poor
labelling, motion, and motion.
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Figure 5.4.6 Six misclassified CBF images. Although these images were labelled as normal, some of
them still contain artifacts. The top three images display delayed arrival of the ASL signal, while the
bottom three CBF maps (from left to right) are normal, delayed arrival, and normal with a bit artifact
at the right bottom rim due to imperfect brain extraction.
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5.5 Discussion

In this chapter, QC was conducted for the ASL data using deep learning techniques.
The VAE-GAN model was used to learn the pattern of the normal data, that use a
feature-wise error replacing the element-wise error in conventional VAE model. The
differences scores were computed between input data and reconstructed data
including mean squared error, cosine similarity, and their combinations. Then KDE
was used to measure the distribution of the difference scores, and thresholds were

determined to identify outliers with high difference scores.

The combination of MSE and cosine similarity as difference scores yielded the
highest performance, with an AUROC of 0.92. Using the optimal decision threshold
based on this result, the model achieved the specificity of 0.9, successfully
identifying most of the labelled outliers. Among the incorrectly classified normal
images, although labelled as normal, artifacts were present in many of them,
demonstrating the robustness and reduced sensitivity to manual labelling errors.
Furthermore, artifacts such as the border zone sign and poor signal were found in the
incorrectly classified normal images, highlighting the effectiveness of the model in
capturing subtle features that were missed by the machine learning model in the
previous chapter (see Figure 5.5.1), despite a lower sensitivity of the deep learning
method. This also illustrates the model tolerance for labelling errors, showing the
strength of the deviation-based approach, which does not rely on perfectly accurate
labels. Additionally, even with a limited number of labelled outliers, the model was
able to detect other types of artifacts, a task that would be nearly impossible for the

machine learning model to accomplish.
Confusion Matrix Confusion Matrix

Normal 1 100 Normal

True label
True label

Outlier 1 4 Qutlier o 5]

Normal Outlier Normal Outlier
Predicted label Predicted label

Figure 5.5.1 The comparison of the machine learning method in chapter 4 (left) and the deep learning
method (right) on the same test data from chapter 4. Left: machine learning method (specificity=0.8,
sensitivity=0.99), right: deep learning method (specificity=1, sensitivity=0.79).
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There are several options for determining the decision thresholds for the difference
scores. As observed in Figure 5.4.1, the distribution near the decision threshold used
in this study is quite dense. Therefore, in practice, the criteria for setting the
threshold should be carefully considered. In some cases, rather than aiming for the
best overall model performance, the priority might be to avoid missing any outliers.
An alternative approach would be to set the threshold based on a fixed percentage of
the dataset, like in study [241] , such as filtering out the top 10% with the highest
difference scores. This could ensure that low-quality data will not be overlooked,

while only a small additional number of images will need to be manually examined.

Although the model successfully achieved the QC goal in ASL data, several issues
remain worth discussing. One notable concern is the limited number of outliers in the
dataset, which may affect the reliability of the model. The effectiveness of the model
still needs to be verified with more outliers. However, collecting and simulating
artifact-laden data poses a challenge, as images with evident errors are often
discarded either during acquisition or pre-processing. Another aspect to consider is
the number of normal images used for model training. In this study, all available
normal images were utilized to construct the normal ASL patterns. However, for
applying this model to other ASL datasets or adapting similar methodologies, the
ideal number of training images should be investigated. Insufficient normal data may
prevent the deep learning model from adequately learning normal patterns, while
using too many images could introduce the risk of including lower-quality images,
which might bias the training process. Although the model demonstrated robustness
to label inconsistencies, this issue remains a potential area for further refinement and

improvement.

There are several limitations in this study. First, the CBF maps in the standard space
were used for consistency in model training, which, while facilitating image
preparation, may have introduced geometrical distortions. This could have caused
discrepancies between the CBF maps in the native and the standard space, potentially
affecting the QC results. Additionally, given the 8 mm slice thickness and the 1 mm
inter-slice gap of the CBF maps, using 2D slices from sagittal or coronal planes was
avoided. Moreover, by using only the central axial slices, the risk of overfitting was
minimized, as the focus was placed on key anatomical structures such as CSF, white

matter, and primary cortical areas, which are essential for assessing CBF map quality.
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While the results demonstrated that using the middle axial slice alone is sufficient to
identify most artifacts in the current dataset, this approach could overlook perfusion
information from the superior or inferior slices, potentially limiting the model
generalizability to other datasets. Regarding the resolution of resampling, the
downsampling chosen in this study was closer to the original size of the axial slices
(80x80), which balances anatomical relevance with computational efficiency. While
upsampling (e.g., scaling to 128x128) could provide more detail, it introduces
interpolation that conflicts with the inherently low-resolution nature of ASL data.
The choice of a lower resolution strikes a reasonable balance.

Further research is needed to validate these choices and explore the use of 3D models
to better represent the inherent 3D structure of CBF maps. This would provide a
more comprehensive assessment of the data, and metrics like Dice scores could be
employed as additional difference scores. Combining machine learning with deep
learning approaches could further improve QC, as incorporating specific ASL QC
metrics as features may help in more accurately identifying outliers and enhancing

decision-making robustness.

5.6 Conclusion

In this chapter, deep learning techniques were employed to develop a robust model
conducting automatic QC on ASL CBF maps, filling the gap of automatic QC for
CBF maps using ASL MRI on a relatively large cohort. The model requires only a
limited number of labelled images and does not depend on highly precise image
labelling, yet it achieved higher accuracy and specificity compared to traditional
machine learning methods used in the chapter 4. In practical applications, the
decision threshold for identifying outliers can be adjusted to capture more potential
low-quality images, providing flexibility in balancing sensitivity and specificity in

QC tasks.
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6 Conclusion and Future Directions

6.1 Conclusion

This thesis has addressed two critical challenges in ASL MRI: the application of
partial volume effects correction for CBF measurements in a large ASL dataset and
the development of standardized QC protocols for ASL data. Additionally, automated
QC tools were developed, with the aim of improving the accuracy and efficiency of
outlier detection, ensuring more reliable ASL data for clinical and research

applications.

Chapter 3 of this thesis investigated regional CBF changes with age and examined
how correcting for PVEs, which accounts for changes in grey matter, might affect the
understanding of CBF decline in a large aging population. In addition to the
conventional volumetric pipeline, a surface-based ASL pre-processing pipeline was
developed to account for the intrinsic structure of cortex. These pipelines can serve
as templates for future ASL data processing. The findings revealed that while global
decreases in grey matter CBF are observed with aging before PVEc, the corrected
data showed more regionally selective perfusion changes. This suggests that that
variations in cerebral perfusion with age observed with imaging are influenced by
regional changes in anatomy that can be accommodated with PVEc, but perfusion

variations are still observable even after PVE is accounted for.

Chapter 4 focused on developing standardized QC protocols specific to ASL MRI.
These protocols incorporated metrics related to signal quality, perfusion quality, and
registration quality. Additionally, interactive QC reports were developed to facilitate
manual screening. The effectiveness of individual QC metrics was evaluated using
machine learning, and the proposed metrics were combined to train a machine model
to identify outliers, which achieved high performance despite the limited number of

outliers in the test data.

In Chapter 5, deep learning techniques were employed to develop an automated QC
tool for ASL data. A VAE-GAN model was trained to recognize patterns in normal
ASL data and detect outliers by measuring the differences between ASL images and
the learned normal pattern. These differences were modelled by Kernel Density

Estimation, and images with difference scores below a pre-defined decision threshold
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were classified as outliers. This method outperformed traditional machine learning
models in identifying subtle anomalies. Additionally, the VAE-GAN model
demonstrated robustness and effectiveness by reducing the reliance on precise
manual labels and accommodating variability in ASL data. This highlights its

potential as an efficient and reliable automated QC tool for ASL imaging.

In conclusion, the findings of this thesis contribute the foundation for future
advancements in both the application of partial volume effects correction and the
standardized QC protocols in ASL MRI. The automated QC tools developed, either
using ASL quality metrics with machine learning or deep learning techniques, have
demonstrated strong potential in identifying outliers in ASL data. These tools hold
promise for significantly enhancing the clinical utility of ASL MRI, paving the way

for more reliable and effective imaging in both research and clinical settings.

6.2 Future Directions

While each chapter has discussed the limitations and potential solutions to improve
upon the research presented in this thesis, several key points emerge as future

directions based on the findings.

In Chapter 3, partial volume effects were corrected to account for the potential
anatomical changes in GM volumes with aging. For non-PVEc ASL data, an 80%
GM partial volume threshold was used during pre-processing to define "pure" grey
matter for calculating GM CBF. This high threshold was intended to minimize the
sensitivity of non-PVEc GM CBF to PVE, however, this approach may have
contributed to the subtle or non-evident age-related CBF decline observed when
compared to PVEc results. Moving forward, a lower GM partial volume threshold,
such as 50%, could be used to capture more GM tissue that might be significantly
influenced by PVE.

In Chapter 4, quality metrics specific to ASL MRI were investigated and evaluated
using machine learning. These metrics were primarily derived from raw ASL images
(label-control image pairs) and CBF maps in different spaces. However, there are
commonly ancillary images associated with ASL data, such as arterial transit time

maps. Although ATT maps were not used in this study, given the single PLD data,
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future QC metrics should consider these ancillary images to account for various ASL
sequences. Additionally, general image quality metrics and other registration quality
metrics might also prove useful for ASL QC. However, given the potentially large
number of general quality metrics, further investigation and assessment are

warranted to determine which are most relevant for ASL QC.

While the automated QC tools developed in this thesis demonstrated strong
performance using a large ASL dataset, it is crucial to validate their effectiveness on
ASL images from different sources. To support broader adoption in research,
developing and publishing user-friendly Python packages that offer flexible input
from various ASL pre-processing tools would be beneficial. Despite the success of
automated tools, visual inspection remains essential, underscoring the value of QC
reports. In this thesis, QC reports were developed using Jupyter Notebook to
facilitate manual checks of ASL images. Although the reports support interactive
controls, more user-friendly formats, such as HTML, would be advantageous as they
are easier to share. Enhancing the usability and aesthetics of these QC reports is also

an important future direction.

In Chapter 5, it was discussed that further improvements can be made to the VAE-
GAN model. Beyond the deep learning approach presented, prior studies [107] [108]
proposed alternative methods such as structural correlation-based outlier rejection
algorithms and empirical robust Bayesian methods for ASL QC. These methods
leverage information from structural images to identify outliers more effectively.
Building on this idea, incorporating structural images into the deep learning model
could enhance its capabilities by providing additional context beyond CBF maps
alone. In future work, the performance of partial volume segmentations could be
integrated into the model as a sub-task of the neural networks, contributing to a more

comprehensive quality assessment of ASL data.

Moreover, combining machine learning with deep learning techniques may offer
further improvements. For instance, the QC metrics developed in Chapter 4 could be
incorporated as features in the deep learning model, enhancing its ability to
distinguish outliers from normal data. This hybrid approach could leverage the
strengths of both methodologies, potentially offering a more robust and precise ASL
QC system.
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For the clinical application of ASL QC, an ultimate goal is to integrate QC processes
directly into the scanners, enabling real-time evaluation of image quality
immediately after acquisition. This integration would allow clinicians to assess the
reliability of the acquired data on the spot, facilitating immediate decision-making on
whether a scan needs to be repeated or adjusted, ensuring optimal data quality for
accurate diagnosis or treatment planning. Based on the research of this thesis, one
potential solution is to embed machine learning algorithms alongside ASL pre-
processing within the scanner software. This approach would enable quality metrics
to be calculated from processed ASL data and then fed into machine learning
algorithms for real-time QC. However, a significant challenge is that ASL pre-
processing, particularly for complex kinetic models, can be computation-intensive
and time-consuming, making real-time application difficult. This challenge, however,
is not unsolvable. For example, a prior study by Y. Zhang [243] proposed using
neural networks to replace the parameter estimation step in kinetic models for CBF
measurements in ASL data. This method significantly accelerated the process of CBF
quantification while maintaining comparable accuracy to conventional approaches
like Variational Bayes. By reducing the computational cost, such advancements make
it feasible to integrate machine learning-based QC processes directly into scanners.
While the implementation of these solutions would be technically demanding, with
hurdles such as hardware limitations, data processing speed, and the development of
advanced algorithms, their realization would mark a significant advancement in the
clinical utility of ASL MRI. Overcoming these challenges could enable real-time
ASL QC, improve clinical workflow efficiency, and ensure consistently high-quality

data for diagnosis and treatment planning.
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