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ABSTRACT 

 i 

Abstract 

Magnetic resonance imaging (MRI) is the most widely used paraclinical tool for diagnosing and 

monitoring multiple sclerosis (MS). However, given known heterogeneity in pathophysiology, 

even with robust conventional MRI (cMRI) measures such as white matter lesion (WML) number 

and volume, the relationship with MS progression is only modest, hindering its prognostic use in 

MS. One major burden is the lack of characterization of the white matter (WM) space. 

         With recent advances in quantitative MRI (qMRI) techniques, the enhanced sensitivity and 

specificity of individual qMRI have shed light on its clinical potential. But none of them has yet 

been validated as a stand-alone biomarker for MS, and their clinical value has not been clearly 

demonstrated. Therefore, this thesis investigates the potential of a multi-modal qMRI approach for 

WM characterization and prognostic applications. The thesis work is split into four different phases. 

The first phase has explored the multimodal relationship between qMRI and volumetric measures 

across three brain regions relevant to MS – WML, normal appearing white matter (NAWM) and 

deep gray matter (DGM). The results have demonstrated the clinical relevance of qMRI and the 

feasibility of the multimodality approach. The second and third phases were then motivated to 

provide a deeper characterization of the WM by defining finer regions related to WML and 

perilesional NAWM, both cross-sectionally and longitudinally. These two phases have 

demonstrated that qMRI metrics not only are sensitive to WM heterogeneity, but also provide 

information about future WM transitions. The final phase tasked a neural network model in 

predicting WML evolution using separated and combined inputs from qMRI and cMRI, and 

assessed the performance. The positive result strongly suggests the potential of qMRI and cMRI 

to predict WML evolution. 
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         These findings indicate richer levels of WM heterogeneity than the binary distinction 

between WML and NAWM, which can be sensitized using qMRI. While a multimodal qMRI 

approach helps characterize WM, cMRI also demonstrates the capability to predict WML 

evolution. Overall, this work sheds light on the clinical value of qMRI in characterizing the WM 

space, demonstrates the extended utility of cMRI, and lays a solid foundation for future studies in 

WML prediction, ultimately helping improve MS prognosis.  
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Chapter 1 

Introduction 

 

1.1 Purpose(s) 

Multiple sclerosis (MS) is an autoimmune disease of the central nervous system (CNS) (Compston 

& Coles, 2002). It affects more than 2.8 million people around the world (Walton et al., 2020a). 

MS exhibits substantial heterogeneity in phenotypes and symptoms, genetics, pathology and 

immunology (Disanto et al., 2011). MS currently lacks a cure. But fortunately, thanks to advances 

in research, more and more cellular pathways have been studied, therapeutic targets have been 

identified (Jiang et al., 2024), and a handful of these are being approved as disease modifying 

therapies with three ways to administer (i.e., oral, injectable and intravenous) 

Retrospective studies have shown that all forms of MS have underlying progression over 

time, and an estimate is that 70-80% of the relapsing-remitting form of MS progresses to the 

progressive form of MS after 10 years (Noseworthy et al., 2000; Rejdak et al., 2010). Nonetheless, 

studies show that early intervention can significantly alleviate the risk of subsequent progression 

(Filippi et al., 2022; Freeman et al., 2022; Giovannoni et al., 2016; Singer et al., 2024). Therefore, 

this has underpinned the importance of MS prognosis. 

MS prognosis is not straightforward. In fact, no single measure or test can accurately 

predict MS progression when used alone. Similar to MS diagnosis, prognosis relies on a holistic 

approach by examining a combination of demographic and environmental factors (e.g., age, sex 

and lifestyle), clinical examination results (e.g., expanded disability status scale, recovery status), 

and findings from paraclinical tools and tests (e.g., lab measures (e.g., level of neurofilament light 

chain), magnetic resonance imaging (MRI), optical coherence tomography, lumbar puncture) 
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(Rotstein & Montalban, 2019). Based on the consensus and neurologists' experience, having 

multiple red flags, including both onset and follow-up changes in features may indicate a higher 

risk in the person with MS who will later progress (Briggs et al., 2019; Degenhardt et al., 2009; 

Huang, 2025; Rotstein & Montalban, 2019). However, no clear guidelines or robust clinical 

thresholds are yet available to inform clinical decisions. Therefore, neurologists are required to 

have consistent periodic follow-ups with people with MS, with reassessments of progression and 

treatment responses, and personalization based on the profile and trajectory of the person with MS. 

Still, aside from being resource-heavy, with frequent re-visits, this approach is largely reactionary 

with (delayed) treatments often chasing new symptoms. 

Among all paraclinical tools, MRI is an indispensable component in MS diagnosis and 

monitoring (Rocca et al., 2024). It is mainly used to identify and characterize lesion profiles in the 

brain and spinal cord, thanks to its exceptional soft-tissue contrast and flexible imaging sequence 

designs (Rocca et al., 2024). By comparing MRIs over time, one can observe the evolution of the 

brain, especially of lesions. This information is really helpful for neurologists as lesion numbers, 

volume, location and features have been extensively used as radiological guidelines to help assess 

MS severity (Montalban et al., 2025). Therefore, predicting lesion evolution in advance could be 

extremely helpful to neurologists in making timely decisions and even prospectively tailoring 

individual treatment plans. The current use of conventional MRI (cMRI) remains qualitative. But 

quantitative MRI (qMRI), a rapidly evolving field with significant potential recognized in MS 

(Granziera et al., 2021; Tranfa et al., 2022), may be in our favour by providing better 

characterization of brain tissues and invaluable insights into early signs that inform longitudinal 

changes. Therefore, this thesis project uses a series of data-driven analyses to better understand 

qMRI's role in tissue characterization in the brain, and to tease out qMRI’s prognostic potential 
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for predicting disease progression: Specifically, whether qMRI can predict the evolution of tissue 

changes in advance. 

 

1.2 Thesis organization 

This thesis is compiled in a manuscript-style that begins with some general background, allowing 

audiences to familiarize themselves with key concepts of MS, MRI, qMRI, and the Comorbidity 

and Cognition in Multiple Sclerosis (CCOMS) dataset (Chapter 1). This thesis has five body 

chapters (Chapters 2-6), each of which presents an original and unique empirical contribution 

(written as a standalone manuscript), and Section 1.2.2 outlines the roadmap for how the analyses 

are connected to achieve the overarching goal of the thesis. The thesis then concludes with a 

general discussion of the results and a future outlook (Chapter 7). 

  

1.2.1 Background sections 

The first section of background covers MS as a disease. This section focuses on answering the 

following questions: “What is MS?” and “How heterogeneous is MS?” The next section introduces 

MRI and how it is typically used to visualize different MS lesions before, then provides a brief 

introduction to how MRI works, followed by a showcase of qualitative MRI sequences routinely 

used in clinical settings and the qMRI sequences used in this study. After that, the current use of 

MRI and the gap between MS and MRI are highlighted. The last section outlines the key features 

of the CCOMS dataset used throughout the remainder of the thesis. 

 

1.2.2 Preamble of the analyses and the linkages between them 
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The main pillar of this thesis consists of five sequentially connected chapters, each a manuscript. 

Chapter 2 and Chapter 3 present two closely connected manuscripts (i.e., part 1 and part 2) sharing 

a similar methodology and study design – “Investigating sensitivity and correlation between 

microstructural MRI measures in multiple sclerosis white matter lesions, normal appearing white 

matter and deep gray matter regions” and “Volumetric MRI measures correlate with quantitative 

MRI measures in multiple sclerosis between white matter lesions, normal appearing white matter 

and deep gray matter regions”. Overall, they summarize a pair of complementary results. The 

overarching objective of the analysis is to explore the relationship between different qMRI metrics 

(including signal intensities from 10 qMRI maps, as well as volumetric measurements) in the three 

regions of interest (ROIs): Normal appearing white matter (NAWM), white matter lesion (WML), 

and deep gray matter (DGM) by using pairwise Spearman rank correlations. A number of 

relationships were shown to be significant after correcting for multiple comparisons. The former 

manuscript (Chapter 2) characterizes the relationships between qMRI metrics and between regions 

by decomposing the correlation matrix, and the latter manuscript (Chapter 3) focuses on the fact 

that many qMRI metrics correlate with volumetric measures, indicating the impact of 

microstructural integrity on the macroscopic characterization of tissue. Together, the results 

demonstrate the clinical potential of qMRI and raise awareness of information redundancy when 

multiple qMRI modalities are used simultaneously. However, to further characterize white matter 

(WM) space in MS, particularly around WML, the relatively large ROI definitions in those studies 

drive the next study to break the larger, whole-brain WML masks into finer, localized ROIs within 

and surrounding individual WMLs. 

Chapter 4 presents the manuscript, “Mapping quantitative MRI changes as a function of 

distance from the boundaries of multiple sclerosis white matter lesions”, which investigates qMRI 
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signal intensities gradient as a function of distance from WML boundaries (both within WMLs 

and into surrounding NAWM) using concentric shells delineated using the individual WML 

morphology. The findings of this study highlight qMRI’s sensitivity to tissue heterogeneity in both 

NAWM and WML, particularly near the WML boundaries (e.g., lesion rim, lesion periphery). The 

findings of this study suggest that NAWM and WML are complementary in terms of qMRI 

information. Together, these findings motivate the next study to investigate whether this spatial 

sensitivity in baseline qMRI maps carries any longitudinal information about WML tissue 

transitions. 

Chapter 5 presents the manuscript, “Comparing baseline qMRI metrics in stable & 

transitioning regions in and around multiple sclerosis white matter lesions”. In this work, baseline 

qMRI metrics in the transitioning and stable WML ROIs, defined by the longitudinal WML masks, 

are compared. The positive findings of baseline qMRI metrics in these regions shed light on the 

potential of qMRI for predicting WML evolution. As implied, the final body chapter (Chapter 6) 

takes the findings of this study as a significant stepping stone toward a proof-of-concept study to 

test the idea of predicting WML evolution using a machine learning (ML) method. 

Chapter 6 presents the manuscript, “Can multiple sclerosis white matter lesion evolution 

be predicted using baseline MRI? A promising attempt using a two-year follow-up dataset and a 

simple U-Net architecture”. cMRI (i.e., T1-weighted and T2-FLAIR) is also recruited in this study, 

alongside qMRI metrics, to serve as a control for the deep learning model. The main architecture 

of ML is a generic 3D U-Net architecture. The result clearly indicates the ML’s potential to learn 

the follow-up spatiotemporal changes in the WM space from both cMRI and qMRI modalities at 

baseline. Surprisingly, the cMRI-based model has demonstrated a comparable performance to the 

qMRI-based model. Even when both modalities are combined (i.e., concatenated along the feature 
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dimension), performance is not significantly different from that of the cMRI-based model. This 

further highlights the study's scalability, and demonstrates a lower barrier to clinical applicability, 

given the high accessibility of cMRI. 

Chapter 7 is the concluding chapter of the thesis, which begins by presenting a summary 

of the overall findings and their significance, along with certain limitations of the study's design. 

This chapter concludes by imagining the outlook and outlining the key future directions for follow-

up work, if given enough resources and time. 

 

1.3 Introduction to MS 

The etiology of MS remains unknown, although many hypotheses have been proposed (Haki et al., 

2024). However, two vital systems, the immune system and the CNS, are compromised in MS 

through a sequential series of key events: Autoreactive T cells first trigger inflammatory responses 

in the immune system. It promotes the migration of autoreactive T cells and other proinflammatory 

cells from the lymphatic stream toward the interface between the blood supply and neuronal space 

– i.e., the blood brain barrier (BBB). In addition, the inflammatory response disrupts the BBB, 

allowing autoreactive lymphocytes to encounter and directly attack CNS oligodendrocytes and 

myelin. Consequently, this leads to demyelination, axonal loss, and secondary inflammatory 

responses in the CNS. Over time, these processes lead to the accumulation of sclerotic lesions 

throughout the brain and spinal cord: hence the name “multiple sclerosis”, which is the common 

translation from the original French designation “sclérose en plaques” (originally coined by 

Charcot in 1868 (Murray, 2005; Pearce, 2005).  

Historically, MS is well recognized for its heterogeneity, and it can be regarded as an 

aftermath of the mixed stages of any of the aforementioned inflammatory processes, and many 
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other factors as previously discussed (Disanto et al., 2011). Individuals with MS experience a wide 

range of functional disabilities, including (but not limited to): vision loss, mobility difficulties, 

spasticity, and at the same time showing symptoms of fatigue, memory loss and cognitive decline, 

bowel dysfunction and chronic comorbidities like diabetes (Cosh & Carslaw, 2014; Marrie, 2017). 

Depending on the location of the lesions (e.g., cortical gray matter (GM) vs. WM vs. DGM, 

cerebrum vs. cerebellum, brain vs. spinal cord), the stages of lesions (e.g., chronic vs. acute, active 

vs. inactive), and the combination of both, various levels and types of clinical presentation that are 

being exhibited can be quite different from case to case. Currently, MS is mainly classified into 

two broad phenotypes: relapsing and remitting MS and progressive MS. However, more and more 

studies suggest that MS can be a continuous spectrum rather than a discrete stratification 

(Giovannoni, 2018; Lublin et al., 2014; T. L. Vollmer et al., 2021). Nevertheless, MS pathology, 

neuroplasticity, and other factors (e.g., genetics and environmental factors) contribute to MS 

heterogeneity and are suggested to be key indicators for stratifying MS phenotypes (Kuhlmann et 

al., 2023). 

It then becomes clear that a better characterization of MS heterogeneity can benefit the 

field in many different ways. Classifying the relevant pathways and integrating them into a single 

framework will fundamentally bridge the gap between research and pathology, forming a complete 

system. And eventually, this could facilitate more efficient decision-making for MS diagnostics (a 

holistic approach), subsequent treatment escalation and progress monitoring to improve outcomes. 

 

1.4 Introduction to imaging MS lesions with MRI 

Adopting diagnostic imaging technologies in the health care system evidently provides us with a 

new set of lenses to view anatomy (and anatomical changes) to complement clinical assessments, 
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yielding a more comprehensive and holistic view of each patient. Ever since MRI was introduced 

for MS diagnosis and monitoring, it has achieved great success due to its ability to non-invasively 

provide 3D images with extraordinary soft tissue contrast based on regional T1 (longitudinal 

relaxation time) and T2 (transverse relaxation time) properties (see next section for how an MRI 

works in general). In this way, clinicians can identify MS lesions from routinely collected MRI 

scans: for example, T2-weighted (T2-w) FLuid Attenuated Inversion Recovery (FLAIR) and 

gadolinium (Gd)-enhanced T1 weighted (T1-w) images. 

MS lesions vary in size and shape, but most appear ovoid (Filippi et al., 2019). As alluded 

to earlier, they are also located in different regions. Commonly, these regions are the brain and 

spinal cord areas, where WM and GM lesions are found (Filippi et al., 2019). Typical WMLs are 

seen in the juxtacortical, periventricular, infratentorial, and optical fibre regions of the brain, and 

in the brain stem and spinal cord (Filippi et al., 2019). Those lesions can often be revealed on T2-

w MR images and exhibit hyperintensity compared to the neighbouring WM space, representing 

the vast majority of demyelination, neurodegeneration, edema, gliosis and general inflammation 

(Barkhof & Walderveen, 1999; Frohman et al., 2006; Moore et al., 2000). There are MR sequences 

that are being used in targeting specific lesions, and these lesions signify stages of the 

inflammatory process. Gd-enhanced and T1-w hypointense lesions are two classic examples. Gd-

enhanced lesions are active, acute lesions that represent the current disruption of the BBB and the 

infiltration of contrast agent leaking into the CNS (Grossman et al., 1986; Rovira et al., 2023; 

Saade et al., 2018). T1-w hypointense lesions are usually chronically inactive, representing a more 

severely damaged site with more extensive axonal loss and destruction (Sahraian et al., 2009a). 

Chronic active lesions are also important and specific to MS, usually indicating disease 

progression (Dal-Bianco et al., 2024). One of these is the slowly expanding lesion, a type of lesions 
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that grow over time (Elliott et al., 2019). Susceptibility-weighted imaging (SWI), a method 

sensitive to field inhomogeneity, can also reveal paramagnetic rim lesions by identifying the 

hypointense ring around lesions, which signifies iron accumulation induced by possible microglia 

and other dysfunctional cells crowded around the lesion (Meaton et al., 2022). SWI is also very 

useful for detecting lesions with the central vein sign (where the vasculature is located at the centre 

of the lesion), which demonstrates high specificity for MS in diagnosis (Cagol et al., 2024; Sati et 

al., 2016). 

 

1.5 An overview of MRI 

Unless otherwise noted, information in this section (i.e., MRI principles) and the next section (1.6, 

especially about routinely used MRI modalities) have been summarized from the MRI textbooks 

(with greater depths and scopes), and the sources are: 

 

1. Bernstein, M. A., King, K. F., & Zhou, X. J. (2004). Handbook of MRI pulse sequences. 

Elsevier. 

2. Brown, R. W., Cheng, Y.-C. N., Haacke, E. M., Thompson, M. R., & Venkatesan, R. (2014). 

Magnetic resonance imaging: physical principles and sequence design. John Wiley & Sons. 

3. Dowsett, D., Kenny, P. A., & Johnston, R. E. (2006). The physics of diagnostic imaging 

second edition. CRC Press. 

 

Before diving into different MRI modalities to better understand the origin and physics of each 

MRI sequence and their contrasts, it is fair to first at least briefly discuss how MRI works, what 

an MRI sequence is, and how it fits into MRI image acquisition. 
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MRI consists of three general categories of magnetic fields: a static background magnetic 

field or 𝑩𝟎, a gradient magnetic field or 𝑮 and a radio frequency rotating magnetic field or 𝑩𝟏. 

Each of these magnetic fields has a key function. Here, the italic-bold font indicates that the 

variables are in vector form. First, due to a combination of the quantum spin 1/2 property under 

the influence of a magnetic field (i.e., Zeeman’s effect) and the relatively high abundance of 

hydrogen (1H), 𝑩𝟎 normalizes and aligns the 1H-nuclei spins population from randomly distributed 

states to an ordered, equilibrium state along the direction of the field, forming a net magnetization, 

𝑴. The role of 𝑩𝟏 now is to be operated at the same Larmor frequency with the field direction 

pointing outward in the transverse plane, rotating around the 𝑩𝟎 field direction to “excite” the 

spins from the longitudinal direction toward the transverse plane. At this stage, 𝑴 begins to precess 

about the longitudinal axis at the Larmor frequency 𝑓 depending on the field strength 𝑩 (or the 

field strength that the local 𝑴 is experiencing), following the equation 𝑓 = 𝛾#𝑩 (where 𝛾# is the 

gyromagnetic ratio of 1H: 42.58 MHz/T). This precession can be analogized to a gyroscope, with 

the spinning phenomenon driven by angular momentum under the influence of gravity.  

The physical intuition behind this excitation is much easier to understand when analyzed 

in the rotating frame of reference. In the rotating frame of reference at the Larmor frequency, 𝑩𝟏 

is no longer rotating and the precession of 𝑴 along the longitudinal axis virtually pauses. But 

following the same principle, 𝑴 now precesses around 𝑩𝟏 (in the rotating frame of reference) at a 

rate that follows the same principle as above depending on the strength of 𝑩𝟏. Therefore, one could 

imagine 𝑩𝟎, 𝑩𝟏 and 𝑴 are orthogonal to one another during the process of excitation. The purpose 

of having a non-zero transverse component of 𝑴 is that, in the stationary frame of reference, a 

signal is generated by measuring voltage changes induced by changing the magnetic field (i.e., 

rotating 𝑴), under Faraday’s law, and being recorded, using a receiving coil. This signal can be 
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extremely useful in some other fields, such as nuclear magnetic resonance. However, for typical 

use in clinic settings, one should use an additional, directionally encoded gradient (𝑮) to impart 

spatial information, which can eventually be decoded into the day-to-day radiological presentation 

(as the frequency of the entire spin population is fundamentally identical and no spatial information 

has yet been encoded). The 𝑮s are turned on, conventionally in the order of the encoding stages 

(with one following another): slice-encoding (during the excitation phase, i.e., at the same time 

when 𝑩𝟏  is turned on), phase-encoding, and frequency-encoding (when signal is also being 

recorded using the receiving coil) during the time of excitation (along the longitudinal axis where 

the 𝑩𝟎  lies on), phase and frequency spatial encoding (orthogonally) in the transverse plane, 

respectively. In this conventional method, the precise location of interest experiences a gradient 

field that induces linearly varying Larmor frequencies along the orthogonal spatial axes (i.e., 𝒙, 𝒚 

and 𝒛). The recorded signal (when the receiving coil is turned on during the frequency encoding 

phase) is now stored in a line in the spatial frequency domain called k-space (2D in this case), 

with	𝒌𝒙 and 𝒌𝒚, representing the principal (and orthogonal) axes under the Cartesian convention. 

𝒌𝒙 and 𝒌𝒚 are related to 𝒙 and 𝒚, and therefore are also closely related to 𝑮𝒙 and 𝑮𝒚, both with the 

Fourier transformation with the equation 𝒌(𝑡) = 	 &
'( ∫ 𝑮(𝜏)𝑑𝜏)

# . The k-space needs to be filled in 

both 𝒌𝒙 and 𝒌𝒚 axes in order to form an image. Moreover, that explains the naming convention of 

the frequency and phase encoding, where 𝑮𝒙 and 𝑮𝒚 are played to ‘help’ signal traverse k-space 

by embedding different frequencies and different phases to the spin population in the selected slice 

in the spatial domain, so they can later be effectively decoded (i.e., distinguished) using the inverse 

Fourier transform to output a typical MR image. However, this only presents the conventional 

method, which is one out of many possible approaches to encode spatial information using 𝑮, or 
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to traverse k-space. Readers should not be limited, and therefore are encouraged to seek external 

resources and literature to gain a better understanding of this topic (and MRI in general).  

Nonetheless, the component of 𝑴 in the transverse plane shrinks or decays continuously 

after being excited because of a combination of natural T1 and T2 relaxation effects. And because 

of the frequency offset in the spin population, potentially caused by, for example, chemical 

environment of H1 (i.e., chemical shift) or field inhomogeneity, the phase coherence of the 

precession weakens, making the transverse component of 𝑴 decay even faster. Especially, this is 

tricky because a linearly varying magnetic field, like 𝑮 , can inherently cause loss of phase 

coherence. Luckily, these induced frequency offsets are time-independent, hence they are 

reversible. The usages of 𝑮 and 𝑩𝟏! present two distinct methods for rephasing the spin population, 

producing gradient echoes (GE) and spin echoes (SE), respectively. GE and SE are useful in 

different settings and for different goals. 𝑩𝟏! shares the same characteristic as 𝑩𝟏, except they are 

orthogonal to each other. In SE sequences, 𝑩𝟏! is applied to flip 𝑴 180° at time 𝜏. This step is 

essential because it virtually inverts all accumulated phase offset in the spin population (i.e., spins 

precess faster/slower now gain a negative/positive phase offset relative to 0). By the time reaches 

2𝜏, spin regains phase coherence and this is why SE sequences are insensitive to static magnetic 

field inhomogeneities and are therefore considered to be T2-weighted. GE sequences, on the other 

hand, are designed to apply dephasing gradients (e.g., 𝑮 with an opposite polarity, same magnitude 

and half of the duration of the frequency encoding 𝑮) right before the frequency encoding phase 

to ‘artificially’ prepare for the anticipated dephasing. It is important to note that this dephasing 

gradient is embedded in SE sequences, and other instances when and where 𝑮 is applied, but not 

for the purpose of accumulating phase. Regardless, the dephasing from other sources that cause 

frequency offsets is not rephased by GE. So, GE sequences carry information about field 
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inhomogeneities induced by, for example, chemical shift, field imperfection, air/bone-tissue 

interfaces, iron accumulation, and therefore are considered T2*-weighted (where *
+'∗

= *
+'
+ *

+',
 

and T2’ is the relaxation time induced by the local field inhomogeneity as discussed).  

A pulse sequence is a set of power instructions for MRI hardware that specify when the 

components of the system should be switched on and off (and that govern the signal traversing 

patterns and signal decoding methods). Furthermore, because the longitudinal relaxation time (T1, 

an exponent coefficient indicating how quickly the longitudinal component of 𝑴 restores after 

excitation) and the transverse relaxation time (T2, an exponent coefficient indicating how quickly 

the transverse component of 𝑴  decays after excitation) vary in tissues, the timing of each 

component in the pulse sequence matters. More importantly, they are the key pillars on which 

different pulse sequences were designed in the first place. Having this flexibility to produce 

different contrasts makes MRI a well-suited imaging modality for MS. 

T1 and T2 can be affected by many factors at both microscopic and macroscopic scales. 

Cytoarchitecture, magnetic exchange rate, susceptibility, temperature and diffusion all play 

important roles. Since 1H is the resonance agent of interest in typical MRI, the tissue environment 

around water is one of the most common first-level factors that determines the relaxation times. 

 

1.6 MRI modalities in MS 

Clinical uses of MRI in MS lie within the structural domain. T1-w and T2-w images are the most 

common ones. The contrast of these images is determined by the corresponding relaxation time, 

T1 or T2, and is achieved by adjusting the repetition time (TR) and echo time (TE) in the pulse 

sequence. TR (ranging around 400-1200 ms) differentiates 𝑴  from tissue relaxation in the 

longitudinal axis as a result of T1 decay, whereas TE (ranging around 20-80 ms) differentiates 𝑴 



CHAPTER 1   

 14 

in the transverse plane during the T2 decay process. From the perspective of T1, using the three 

main tissue types from the CNS, WM, GM and cerebrospinal fluid (CSF), T1CSF>T1GM>T1WM. 

Therefore, in T1-w images, WM is the brightest, followed by GM and CSF. In contrast, because 

T2CSF>T2GM>T2WM, we can see an almost inverted picture using a T2w sequence where CSF is 

the brightest, followed by GM and WM. Therefore, because WML in MS loses its microstructural 

integrity (e.g., demyelination, axonal degeneration), the cellular environment is left with fewer 

structures, allowing water molecules to diffuse and move more freely. WMLs are usually 

hypointense (i.e., having a relatively lower intensity) on T1 images and hyperintense (i.e., having 

a relatively higher intensity) on T2 images relative to the neighbouring WM space. 

These common MR sequences can be modified to provide better contrast and more specific 

features related to MS. Gd-enhanced T1 is the most commonly used contrast-enhanced MR 

sequence in MS. The use of Gd is because of its paramagnetic property. When it is injected, it 

enters the bloodstream and will infiltrate and accumulate in the active WMLs, where BBB is 

acutely damaged. The paramagnetic property of Gd shortens the T1 relaxation of the local lattice 

or tissue space. Therefore, the intensity of the rims of these WMLs with acute inflammation and 

active BBB disruption is elevated in the Gd-T1-w images, as opposed to the often hypointense 

core (Bou Fakhredin et al., 2016). On the other hand, because of the long T2 in CSF, some WMLs 

are not visually recognized and difficult to delineate, especially those that are close to the ventricles 

(i.e., periventricular WML). But T2-FLAIR, as mentioned, nullifies the signal from CSF by 

cleverly utilizing the longitudinal relaxation of completely free “water”. The mechanism is to first 

excite 𝑴 beyond the transverse plane (i.e., > 90°), toward the opposite polarity of the longitudinal 

axis. In case of FLAIR, where 𝑩𝟏 is designed to excite 𝑴 to the opposite side of the longitudinal 

axis (i.e., 180°), this is called inversion recovery, one of the specialized magnetization preparation 
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techniques. During inversion recovery, 𝑴 does not have any component in the transverse plane 

(orthogonal to the main magnetic field 𝑩𝟎 direction); therefore, 𝑴 effectively undergoes only T1 

relaxation, beginning from the negative end of the longitudinal axis opposite to its equilibrium 

state. Following this concept, CSF’s signal (or 𝑴𝑪𝑺𝑭 ) can be virtually suppressed simply by 

applying the conventional excitation process (see Section 1.5), for this context of the T2-FLAIR 

sequence, a conventional T2 sequence at the inversion time (TI) for CSF or TICSF (where TICSF is 

when 𝑴𝑪𝑺𝑭 reaches at theoretically ‘0’ in the longitudinal axis during the T1 relaxation process 

after the magnetization preparation process). This method produces much better contrast for WML, 

allowing clinicians to identify the crucial WML locations much faster and thereby improving the 

diagnostic quality. Strategically, TI can be adjusted to suppress other tissue types of interest to 

meet specific clinical needs.  

SWI also shows an interesting contrast that is becoming increasingly useful in the MS 

domain (Clarke et al., 2020). It is a GE-based sequence as one normally does to produce a T2*-

weighted image. The key feature of SWI sequence acquisition/processing is that it uses both 

magnitude and phase images, whereas most other imaging sequences discard phase information. 

Phase is a natural parameter output by the Fourier transformation, and it has a meaningful value in 

extracting information about the distribution of the spin population in the transverse plane. 

Because the dephasing process in the transverse plane is sensitive to field inhomogeneities induced 

by particles with significant magnetic susceptibility, such as iron, deoxyhemoglobin, calcium, and 

air (Halefoglu & Yousem, 2018; Haller et al., 2021), local phase changes indicate a higher local 

concentration of these elements within the tissue. As an end product, the phase image is overlaid 

on the magnitude image using pointwise multiplication to highlight regions of high susceptibility. 

As briefly mentioned, SWI is now a modality recommended in practice for detecting central vein 
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sign and paramagnetic rim lesions, thereby further enhancing diagnostic accuracy and guiding 

clinical decisions (Montalban et al., 2025).  

The flexibility in MRI allows us to view MS from multiple aspects. Beyond structural MRI 

(sMRI), these include, but are not limited to, perfusion MRI for blood flow analysis (Jahng et al., 

2014), functional MRI for brain network analysis (van den Heuvel & Hulshoff Pol, 2010), and MR 

spectroscopy for analysis of the underlying chemical composition (Tognarelli et al., 2015). For the 

scope of the thesis, qMRI methods and metrics are briefly discussed, focusing only on those 

included in the current study. Over the past two decades, qMRI has received much more attention 

in the MS research landscape. This is because qMRI images are acquired and processed so that 

signal intensities are standardized and have physical units, meaning that voxels are not only 

spatially relevant but also individually interpretable within a biophysical framework. One related 

example to ensure a smooth transition in understanding from sMRI to qMRI is to quantitatively 

calculate the relaxation time, such as quantitative T1 (qT1). In contrast to T1-w images, qT1 in 

theory, requires at least two T1-w images with different TRs to be acquired. So, an exponential 

decay curve under the MR relaxation model (i.e., the Bloch equation) can be fitted to estimate T1 

for voxels in time units. 

With harmonized units and more delicate biophysical frameworks, qMRI is more sensitive 

and specific in measuring underlying microstructural integrity (Granziera et al., 2021; Tranfa et 

al., 2022). The ones that are included in this thesis work, also as one of the major parts of 

neuroimaging protocol of the master CCOMS dataset (see later section), includes five primary 

frameworks: diffusion tensor imaging (DTI), myelin water imaging (MWI), T1-weighted-by-T2-

weighted (T1w/T2w) ratio, apparent transverse relaxation rate, (R2* = *
+'∗

), and quantitative 

susceptibility mapping (QSM).  
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DTI is a specific imaging technique within the broader field of diffusion imaging. Using 

diffusion imaging, one can infer the underlying microstructural environment and organization. 

Particles and molecules in our body are constantly undergoing diffusion, driven at the microscopic 

level by random Brownian motion. Several factors affect diffusion, including temperature, the 

cellular structural environment, and the size and spatial distribution of the elements of interest 

(Afzali et al., 2021; Winston, 2012). For example, given a set amount of time, water molecules can 

diffuse farther in a region with fewer obstacles. And that phenomenon can be described by a 

relatively higher diffusion coefficient (with a lower diffusion coefficient where diffusion is more 

constrained). In MRI, any use of 𝑮 , including spatial encoding steps, automatically implies 

dephasing of the spin population, therefore diminishing the measurable signal. However, it is easy 

to compensate for that by applying a gradient with the same effective area (e.g., identical duration 

and strength), and an opposite polarity to recover most of the initial signal (minus any T2 or T2* 

weighting due to the overall time of the forward and inverse gradients). This set of gradient pairs 

is essentially the feature diffusion gradient module added to the diffusion imaging sequence to 

sensitize the mobile water pool (i.e., decreasing the signal relative to the amount of diffusion along 

the direction of the encoding gradient) while leaving the signal in the static pool untouched. In 

other words, the further a water molecule travels between being dephased and then rephased (in 

the direction of the gradients), the less its spin population can gain back phase coherence, 

ultimately, leaving little to no signal to be detected. Since 𝑮 can be applied in any direction using 

the vector combination, diffusion can be measured in multiple directions (at least six for DTI, 

although ideally more to yield accurate estimation (Zhan et al., 2010)) and with different amounts 

of diffusion-encoding (at least two values, including a reference measurement with no diffusion-

encoding). Diffusion for an individual voxel can be estimated by fitting the probed signals (i.e., 
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attenuated signals) to a rank-2, 3-by-3 tensor using linear algebra (i.e., eigendecomposition or 

diagonalization). The diffusion tensor of a voxel (after diagonalization) is often visualized as an 

ellipsoid, with the principal axes (i.e., primary, secondary and tertiary) representing the three 

orthogonal diffusivities or diffusion coefficients. Using these three diffusion coefficients, four 

classic DTI metrics are produced, axial diffusivity or AD (i.e., diffusion coefficients of the primary 

axes), radial diffusivity or RD (i.e., the mean of two diffusion coefficient of the secondary and 

tertiary axes), mean diffusivity or MD (i.e., the mean of all three diffusion coefficients from all 

axes) and fractional anisotropy or FA (i.e., an aggregated metric of all three diffusion coefficients 

from all axes that describes how isotropic the diffusion tensor is). In MS, DTI is useful for 

sensitizing areas with water molecules that diffuse abnormally due to the compromised 

microstructural integrity, such as neurodegeneration and edema. Some of these early changes and 

subtle heterogeneity in WM are not detectable in routinely collected MRI (Abdo et al., 2026; Gloor 

et al., 2023).  

MWI is an imaging framework that discards the traditional assumption that each voxel of 

the spin population undergoes the same mono-exponential decay in the transverse plane, and 

instead adopts a more biologically plausible model with a multi-exponential decay resulting from 

a spectrum of spin populations. This is useful simply because of the scale discrepancy between 

MRI resolution and cellular anatomy and the fact that water molecules from different pools within 

each voxel have different T2 decays. Myelin is an extremely delicate structure that wraps around 

axons, facilitating the transmission of neural signals with minimal energy expenditure (Stadelmann 

et al., 2019). At the same time, some water molecules are trapped in the myelin sheath, and studies 

have shown that myelin water generally has a T2 relaxation time between 10-50 ms (A. MacKay 

et al., 2006). This concept extends to other components in the T2 spectrum, including intra- and 
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extra-cellular water, free water and CSF. Therefore, fractions of different components, such as the 

myelin water fraction (MWF) and the intra- and extra-cellular water fraction (IEWF), can be 

estimated by dividing the amount of signal originating from a certain T2 range by the amount of 

signal from the entire T2 spectrum. In the framework used in this study, the T2 scale is chosen to 

be logarithmic for more stable spectrum fitting with limited data. Therefore, geometric mean T2 

(gT2) is a more suitable descriptive mean. The MWI sequence can be time-consuming. That is 

because of two interplaying factors. One is that the T2 decay needs to be sampled sufficiently so 

that a spectrum can be properly estimated with minimal numerical error, and this is difficult 

because of the limitation of how many spin echoes and gradient echoes can be acquired in a whole 

brain sequence. Second, due to the potential magnetization effect at the adjacent slices introduced 

by imperfect slice profile during excitation, which can severely impact myelin water pool 

(Vavasour et al., 2000), and lead to inaccuracies in T2 spectrum estimation, a 3D sequence is 

needed (Prasloski et al., 2012a). That is, instead of exciting slice by slice, 3D slabs with greater 

depth can now be used to enhance the signal. However, the trade-off of a 3D sequence is that those 

kinds of sequence have longer idle time because TR is a hard limit before the sequences run again, 

and there are not enough waitlisted volumes left to be excited during the downtime. Nevertheless, 

substantial efforts have been made in the field to accelerate 3D myelin water imaging (Alonso‐

Ortiz et al., 2015a; Prasloski et al., 2012a). 

T1w/T2w ratio, originally proposed by Glasser et al. (Glasser & van Essen, 2011), is one 

of the most cost-effective quantitative measures, simply because both T1-w and T2-w images are 

routinely collected in the clinic, thereby enhancing retrospective analyses. Although T1w/T2w 

ratio comes with inherent challenges due to the qualitative nature of the two images (Filippi et al., 

1997; Han et al., 2006; Kruggel et al., 2010), standardization and calibration can help alleviate the 
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concerns (Ganzetti et al., 2014; Misaki et al., 2015) and enhance results in studies with disease like 

MS (Cooper et al., 2019). Myelin is a bipolar lipid layer. Because the water molecules are in a 

bound water pool and the lipid’s susceptibility impact on the local field, T1w/T2w ratio can 

theoretically enhance myelin contrast by using their relative T1 and (especially short) T2 relaxation 

characteristics (Glasser & van Essen, 2011). Nevertheless, studies have found that T1w/T2w ratio 

is not specific to myelin but also sensitive to other microstructural characteristics (Baum et al., 

2022; Sandrone et al., 2023a; Uddin et al., 2019; Uddin, Figley, Marrie, et al., 2018a).  

R2* is an enhanced measure inversely related to T2*. Similar to how qT1 is estimated, R2* 

is derived by fitting a mono-exponential equation using multiple sampled points of the signal decay 

curve. Because it measures apparent transverse relaxation using gradient echoes, R2* is sensitive 

to susceptibility-induced field inhomogeneity, especially those that induce a short T2* decay, such 

as iron (paramagnetic), and calcium and myelin (diamagnetic). In MS, iron accumulation can occur 

in both WM and GM regions, and it plays roles in both repair and degeneration mechanisms 

(Williams, Buchheit, Berman, & LeVine, 2012). However, because myelin is diamagnetic, studies 

have also shown that R2* is sensitive to myelin content (Paling et al., 2012; Zhang et al., 2016a). 

QSM has been studied extensively in the past decade. Because susceptibility encompasses 

both paramagnetic (positive) and diamagnetic (negative) components, it is a unique metric with 

strong potential for characterizing the susceptibility distribution in the brain. To compute the QSM, 

two stages are normally considered: 1) background field removal and 2) local field inversion. First, 

the background field induced by the air-tissue interface is removed from the total field estimated 

by the phase image. Then the resultant local field is inverted by treating voxels as individual 

dipoles with the electromagnetic equation. However, this is problematic if the field perturbation is 

acquired only at one orientation, because the “magic angle” derived by the angular part of the 



CHAPTER 1 

 21 

equation, 3 cos'(𝜃) − 1, nullifies the numerical outcome. In other words, when the angle of the 

perturbed voxel relative to the voxel that causes local field inhomogeneity due to its magnetic 

property is approximately 54.7°, the dipole effect is virtually none. This then becomes an ill-posed 

problem with uncertainties introduced into the estimation. Although a solution is available through 

repeated imaging with two additional orthogonal orientations using the spatial encoding method, 

this is not feasible in clinical settings (Gkotsoulias et al., 2024). Currently, many different methods 

are being developed to tackle the problem. The studies in this thesis use the Quantitative 

Susceptibility Mapping Artifact Reduction Technique featuring a composite map that combines 

two parallel stages of local field inversion (with and without vasculature estimation) to suppress 

spurious artifacts, including streak patterns near vascular structures (Yaghmaie et al., 2021).  

 

1.7 Current gap of MRI in MS 

The current MRI findings in WML have been an invaluable feature in MS, indicating disease 

activity for diagnosis and monitoring. Even though MRI can provide multiple types of image 

contrast with a single machine, its use in clinical settings remains largely qualitative. Various 

studies have tried to use lesion count and total lesion size for characterizing disease severity and 

progression; however, these assessments have shown relatively limited correlations with specific 

clinical deficits, and poor predictive value in terms of progression, leading to the so-called ‘clinico-

radiological paradox’ (Barkhof, 2002), and suggesting that more advantageous imaging-based 

methods should be sought to characterize MS better.  

In addition, although studies have shown that earlier treatment is generally more effective 

at halting progression and preventing relapses in MS, a one-size-fits-all approach is not ideal, as 

high efficacy DMTs are sensitive to disease phenotypes and stages. Therefore, in parallel with the 
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process of identifying important therapeutic targets to develop new DMTs, better characterization 

of the disease should be accompanied to create a greater impact. 

As outlined in the previous section, advances in qMRIs improve disease characterization 

because they are more specific and sensitive to different aspects of MS pathophysiology. To date, 

none of these metrics has yet been individually validated as an MS biomarker. It is also recognized 

that each metric faces its unique challenges for large-scale clinical implementation (e.g., 

harmonization of imaging sequences and processing pipelines). Nevertheless, this poses many 

exciting opportunities for research spanning from basic science to clinical research. WM is a large 

space with an intertwined network of axons that relay neural signals into interpretable actions, and 

WM pathophysiology in MS is both spatially heterogeneous and longitudinally dynamic. This 

thesis, therefore, aims at gaining a better understanding of a set of qMRIs in their ability to 

characterize the WM space in MS, with a series of analyses focusing on their 1) compatibility, 

sensitivity in both 2) coarse and 3) fine region-of-interest (ROI) definition oriented around WML 

and 4) application in predicting WML spatial evolution. This is a translational work that involves 

both cross-sectional and longitudinal data from the MS cohort of the CCOMS study (briefly 

described in the next section). 

 

1.8 The features of the MS cohort of CCOMS  

CCOMS is a dataset collected for the intended use of studying comorbidity and cognition in MS 

(Uddin et al., 2022). It is an information-rich, multimodal and multidimensional dataset that 

captures comprehensive demographic information, batteries of neurological tests, and a 

comprehensive list of MRI modalities (Uddin et al., 2022). The inclusion criteria for the MS cohort 

focus on MS in general rather than on collecting data equally from the different MS phenotypes 
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(i.e., relapsing-remitting, primary progressive, and secondary progressive). Instead, the goal was 

to obtain a dataset that represents the general MS population in the public. Within the scope of the 

quantitative MRI in the list of MRI scans of the MS cohort, a total of 10 metrics (as discussed 

above in Section 1.6) are selected to conduct the studies in the thesis. The intention in using the 

multimodal approach is to leverage the strengths of each metric to collectively capture richer 

information about white matter microstructure in MS. This MS cohort has a longitudinal 

component with two time points (i.e., baseline and 2-year follow-up) to facilitate both cross-

sectional and longitudinal analyses. The follow-up dataset is used for the cross-sectional analyses 

(Chapters 2 – 4) with a maximized sample size (N=79), and the longitudinal dataset (both baseline 

and 2-year follow-up) is used for the longitudinal analyses (Chapters 5 and 6). Due to the reported 

long scanning time for the participants during the initial phase of data acquisition, the multi-echo 

gradient-echo sequence (i.e., the sequence that produces R2* and QSM) was temporarily placed 

offline for further optimization before being put back online. Therefore, a significant portion of 

participants with MS at baseline did not have the multi-echo gradient-echo sequence included in 

their image acquisition, therefore reducing the sample size (N=35) for the longitudinal analyses, 

when all possible quantitative MRI metrics are included. 

To streamline the analyses in later chapters, the data-preprocessing steps were optimized 

to minimize artifacts, based on the research group’s best judgment and the literature and research 

advances at the time of data collection. They were also standardized and fully scripted for each 

participant. Automation and standardization are instrumental for two main reasons. First, both 

approaches minimize human interaction and intervention, therefore suppressing human-induced 

bias, errors and noise introduced into the data analysis, which can affect the interpretation of results. 

Second, they streamline the implementation process and decrease both cost and time compared to 
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recruiting human raters. The entire pre-processing pipelines for each sequence, including the 

modality-specific pre-processing pipelines to convert raw images into subject-space qMRI maps, 

and the standardized co-registration and normalization steps to bring qMRI maps from the subject 

space to the template space, are documented in our previously published protocol manuscript 

(Uddin et al., 2022). However, since WMLs are a central focus of the dissertation and the WML 

masks will be used throughout the subsequent analyses (Chapters 2-6), it is perhaps worth 

reiterating how lesion masks for each MS participant were produced. Briefly, T2-hyperintense 

white matter lesion masks were segmented using two independent algorithms: 1) the Lesion 

Segmentation Tool (LST; http://www.applied-statistics.de/lst.html) in SPM12, which employs a 

lesion growth algorithm (Schmidt et al., 2012); and 2) FSL's automated Brain Intensity 

AbNormality Classification Algorithm (BIANCA; https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/BIANCA), 

which employs a k-nearest neighbor algorithm (Griffanti et al., 2016). Then, the final lesion mask 

for each participant in the analyses was taken as the overlap between the LST and BIANCA lesion 

maps. This two-step process is more conservative than either method alone (especially for 

edges/boarders and small/isolated lesions), and increases the probability that voxels included in 

the final WML mask were correctly classified as T2 hyperintensities. Regardless, it is also 

important to note that the primary input for the lesion segmentation algorithms in this study were 

participants’ T2-FLAIR images, so the results of subsequent analyses should be interpreted with 

this in mind, since T2-hyperintense lesions are not the only type of WMLs found in MS, and may 

only have partial overlap with other lesion types, such as T1-hypointense lesions and paramagnetic 

rim lesions (PRLs). 

 

1.9 References 

http://www.applied-statistics.de/lst.html
https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/BIANCA


CHAPTER 1 

 25 

Abdo, A. I., Ramadan, M. R., elfeshawy, mohamed salah, & Ahmed, M. G. (2026). Role 

of Magnetic Resonance Diffusion Tensor Imaging in Assessment of Normal Appearing White 

Matter in Patients with Multiple Sclerosis. Al-Azhar International Medical Journal, 0(0), 184–189. 

https://doi.org/10.21608/aimj.2026.451416.3097 

Afzali, M., Pieciak, T., Newman, S., Garyfallidis, E., Özarslan, E., Cheng, H., & Jones, D. 

K. (2021). The sensitivity of diffusion MRI to microstructural properties and experimental factors. 

Journal of Neuroscience Methods, 347, 108951. https://doi.org/10.1016/j.jneumeth.2020.108951 

Alonso‐Ortiz, E., Levesque, I. R., & Pike, G. B. (2015). MRI‐based myelin water imaging: 

A technical review. Magnetic Resonance in Medicine, 73(1), 70–81. 

https://doi.org/10.1002/mrm.25198 

Barkhof, F. (2002). The clinico-radiological paradox in multiple sclerosis revisited. 

Current Opinion in Neurology, 15(3), 239–245. https://doi.org/10.1097/00019052-200206000-

00003 

Barkhof, F., & Walderveen, M. van. (1999). Characterization of tissue damage in multiple 

sclerosis by nuclear magnetic resonance. Philosophical Transactions of the Royal Society of 

London. Series B: Biological Sciences, 354(1390), 1675–1686. 

https://doi.org/10.1098/rstb.1999.0511 

Baum, G. L., Flournoy, J. C., Glasser, M. F., Harms, M. P., Mair, P., Sanders, A. F. P., Barch, 

D. M., Buckner, R. L., Bookheimer, S., Dapretto, M., Smith, S., Thomas, K. M., Yacoub, E., Van 

Essen, D. C., & Somerville, L. H. (2022). Graded Variation in T1w/T2w Ratio during Adolescence: 

Measurement, Caveats, and Implications for Development of Cortical Myelin. The Journal of 

Neuroscience, 42(29), 5681–5694. https://doi.org/10.1523/JNEUROSCI.2380-21.2022 



CHAPTER 1   

 26 

Bou Fakhredin, R., Saade, C., Kerek, R., El‐Jamal, L., Khoury, S. J., & El‐Merhi, F. (2016). 

Imaging in multiple sclerosis: A new spin on lesions. Journal of Medical Imaging and Radiation 

Oncology, 60(5), 577–586. https://doi.org/10.1111/1754-9485.12498 

Briggs, F. B. S., Thompson, N. R., & Conway, D. S. (2019). Prognostic factors of disability 

in relapsing remitting multiple sclerosis. Multiple Sclerosis and Related Disorders, 30, 9–16. 

https://doi.org/10.1016/j.msard.2019.01.045 

Cagol, A., Cortese, R., Barakovic, M., Schaedelin, S., Ruberte, E., Absinta, M., Barkhof, 

F., Calabrese, M., Castellaro, M., Ciccarelli, O., Cocozza, S., De Stefano, N., Enzinger, C., Filippi, 

M., Jurynczyk, M., Maggi, P., Mahmoudi, N., Messina, S., Montalban, X., … Yousry, T. (2024). 

Diagnostic Performance of Cortical Lesions and the Central Vein Sign in Multiple Sclerosis. JAMA 

Neurology, 81(2), 143. https://doi.org/10.1001/jamaneurol.2023.4737 

Clarke, M. A., Pareto, D., Pessini-Ferreira, L., Arrambide, G., Alberich, M., Crescenzo, F., 

Cappelle, S., Tintoré, M., Sastre-Garriga, J., Auger, C., Montalban, X., Evangelou, N., & Rovira, 

À. (2020). Value of 3T Susceptibility-Weighted Imaging in the Diagnosis of Multiple Sclerosis. 

American Journal of Neuroradiology, 41(6), 1001–1008. https://doi.org/10.3174/ajnr.A6547 

Compston, A., & Coles, A. (2002). Multiple sclerosis. The Lancet, 359(9313), 1221–1231. 

https://doi.org/10.1016/S0140-6736(02)08220-X 

Cooper, G., Finke, C., Chien, C., Brandt, A. U., Asseyer, S., Ruprecht, K., Bellmann-Strobl, 

J., Paul, F., & Scheel, M. (2019). Standardization of T1w/T2w Ratio Improves Detection of Tissue 

Damage in Multiple Sclerosis. Frontiers in Neurology, 10, 334. 

https://doi.org/10.3389/fneur.2019.00334 



CHAPTER 1 

 27 

Cosh, A., & Carslaw, H. (2014). Multiple sclerosis: symptoms and diagnosis. InnovAiT: 

Education and Inspiration for General Practice, 7(11), 651–657. 

https://doi.org/10.1177/1755738014551618 

Dal-Bianco, A., Oh, J., Sati, P., & Absinta, M. (2024). Chronic active lesions in multiple 

sclerosis: classification, terminology, and clinical significance. Therapeutic Advances in 

Neurological Disorders, 17. https://doi.org/10.1177/17562864241306684 

Degenhardt, A., Ramagopalan, S. V., Scalfari, A., & Ebers, G. C. (2009). Clinical 

prognostic factors in multiple sclerosis: a natural history review. Nature Reviews Neurology, 5(12), 

672–682. https://doi.org/10.1038/nrneurol.2009.178 

Disanto, G., Berlanga, A. J., Handel, A. E., Para, A. E., Burrell, A. M., Fries, A., 

Handunnetthi, L., De Luca, G. C., & Morahan, J. M. (2011). Heterogeneity in Multiple Sclerosis: 

Scratching the Surface of a Complex Disease. Autoimmune Diseases, 2011, 1–12. 

https://doi.org/10.4061/2011/932351 

Elliott, C., Wolinsky, J. S., Hauser, S. L., Kappos, L., Barkhof, F., Bernasconi, C., Wei, W., 

Belachew, S., & Arnold, D. L. (2019). Slowly expanding/evolving lesions as a magnetic resonance 

imaging marker of chronic active multiple sclerosis lesions. Multiple Sclerosis Journal, 25(14), 

1915–1925. https://doi.org/10.1177/1352458518814117 

Filippi, M., Amato, M. P., Centonze, D., Gallo, P., Gasperini, C., Inglese, M., Patti, F., 

Pozzilli, C., Preziosa, P., & Trojano, M. (2022). Correction to: Early use of high-efficacy disease-

modifying therapies makes the difference in people with multiple sclerosis: an expert opinion. 

Journal of Neurology, 269(12), 6690–6691. https://doi.org/10.1007/s00415-022-11385-4 

Filippi, M., Preziosa, P., Banwell, B. L., Barkhof, F., Ciccarelli, O., De Stefano, N., Geurts, 

J. J. G., Paul, F., Reich, D. S., Toosy, A. T., Traboulsee, A., Wattjes, M. P., Yousry, T. A., Gass, A., 



CHAPTER 1   

 28 

Lubetzki, C., Weinshenker, B. G., & Rocca, M. A. (2019). Assessment of lesions on magnetic 

resonance imaging in multiple sclerosis: practical guidelines. In Brain (Vol. 142, Number 7, pp. 

1858–1875). Oxford University Press. https://doi.org/10.1093/brain/awz144 

Filippi, M., van Waesberghe, J. H., Horsfield, M. A., Bressi, S., Gasperini, C., Yousry, T. 

A., Gawne-Cain, M. L., Morrissey, S. P., Rocca, M. A., Barkhof, F., Lycklama à Nijeholt, G. J., 

Bastianello, S., & Miller, D. H. (1997). Interscanner variation in brain MRI lesion load 

measurements in MS: Implications for clinical trials. Neurology, 49(2), 371–377. 

https://doi.org/10.1212/WNL.49.2.371 

Freeman, L., Longbrake, E. E., Coyle, P. K., Hendin, B., & Vollmer, T. (2022). High-

Efficacy Therapies for Treatment-Naïve Individuals with Relapsing–Remitting Multiple Sclerosis. 

CNS Drugs, 36(12), 1285–1299. https://doi.org/10.1007/s40263-022-00965-7 

Frohman, E. M., Racke, M. K., & Raine, C. S. (2006). Multiple Sclerosis — The Plaque 

and Its Pathogenesis. New England Journal of Medicine, 354(9), 942–955. 

https://doi.org/10.1056/NEJMra052130 

Ganzetti, M., Wenderoth, N., & Mantini, D. (2014). Whole brain myelin mapping using 

T1- and T2-weighted MR imaging data. Frontiers in Human Neuroscience, 8(SEP). 

https://doi.org/10.3389/fnhum.2014.00671 

Giovannoni, G. (2018). Disease-modifying treatments for early and advanced multiple 

sclerosis: a new treatment paradigm. Current Opinion in Neurology, 31(3), 233–243. 

https://doi.org/10.1097/WCO.0000000000000561 

Giovannoni, G., Butzkueven, H., Dhib-Jalbut, S., Hobart, J., Kobelt, G., Pepper, G., 

Sormani, M. P., Thalheim, C., Traboulsee, A., & Vollmer, T. (2016). Brain health: time matters in 



CHAPTER 1 

 29 

multiple sclerosis. Multiple Sclerosis and Related Disorders, 9, S5–S48. 

https://doi.org/10.1016/j.msard.2016.07.003 

Gkotsoulias, D. G., Jäger, C., Müller, R., Gräßle, T., Olofsson, K. M., Møller, T., Unwin, 

S., Crockford, C., Wittig, R. M., Bilgic, B., & Möller, H. E. (2024). Chaos and COSMOS—

Considerations on QSM methods with multiple and single orientations and effects from local 

anisotropy. Magnetic Resonance Imaging, 110, 104–111. 

https://doi.org/10.1016/j.mri.2024.04.020 

Glasser, M. F., & van Essen, D. C. (2011). Mapping human cortical areas in vivo based on 

myelin content as revealed by T1- and T2-weighted MRI. Journal of Neuroscience, 31(32), 11597–

11616. https://doi.org/10.1523/JNEUROSCI.2180-11.2011 

Gloor, M., Andelova, M., Gaetano, L., Papadopoulou, A., Burguet Villena, F., Sprenger, T., 

Radue, E.-W., Kappos, L., Bieri, O., & Garcia, M. (2023). Longitudinal analysis of new multiple 

sclerosis lesions with magnetization transfer and diffusion tensor imaging. European Radiology, 

34(3), 1680–1691. https://doi.org/10.1007/s00330-023-10173-6 

Granziera, C., Wuerfel, J., Barkhof, F., Calabrese, M., De Stefano, N., Enzinger, C., 

Evangelou, N., Filippi, M., Geurts, J. J. G., Reich, D. S., Rocca, M. A., Ropele, S., Rovira, À., Sati, 

P., Toosy, A. T., Vrenken, H., Gandini Wheeler-Kingshott, C. A. M., Kappos, L., Barkhof, F., … 

Yousry, T. (2021). Quantitative magnetic resonance imaging towards clinical application in 

multiple sclerosis. Brain, 144(5), 1296–1311. https://doi.org/10.1093/brain/awab029 

Griffanti, L., Zamboni, G., Khan, A., Li, L., Bonifacio, G., Sundaresan, V., Schulz, U. G., 

Kuker, W., Battaglini, M., Rothwell, P. M., & Jenkinson, M. (2016). BIANCA (Brain Intensity 

AbNormality Classification Algorithm): A new tool for automated segmentation of white matter 

hyperintensities. NeuroImage, 141, 191–205. https://doi.org/10.1016/j.neuroimage.2016.07.018 



CHAPTER 1   

 30 

Grossman, R. I., Gonzalez-Scarano, F., Atlas, S. W., Galetta, S., & Silberberg, D. H. (1986). 

Multiple sclerosis: gadolinium enhancement in MR imaging. Radiology, 161(3), 721–725. 

https://doi.org/10.1148/radiology.161.3.3786722 

Haki, M., AL-Biati, H. A., Al-Tameemi, Z. S., Ali, I. S., & Al-hussaniy, H. A. (2024). 

Review of multiple sclerosis: Epidemiology, etiology, pathophysiology, and treatment. Medicine, 

103(8), e37297. https://doi.org/10.1097/MD.0000000000037297 

Halefoglu, A. M., & Yousem, D. M. (2018). Susceptibility weighted imaging: Clinical 

applications and future directions. World Journal of Radiology, 10(4), 30–45. 

https://doi.org/10.4329/wjr.v10.i4.30 

Haller, S., Haacke, E. M., Thurnher, M. M., & Barkhof, F. (2021). Susceptibility-weighted 

imaging: Technical essentials and clinical neurologic applications. In Radiology (Vol. 299, Number 

1, pp. 3–26). Radiological Society of North America Inc. 

https://doi.org/10.1148/RADIOL.2021203071 

Han, X., Jovicich, J., Salat, D., van der Kouwe, A., Quinn, B., Czanner, S., Busa, E., 

Pacheco, J., Albert, M., Killiany, R., Maguire, P., Rosas, D., Makris, N., Dale, A., Dickerson, B., 

& Fischl, B. (2006). Reliability of MRI-derived measurements of human cerebral cortical 

thickness: The effects of field strength, scanner upgrade and manufacturer. NeuroImage, 32(1), 

180–194. https://doi.org/10.1016/j.neuroimage.2006.02.051 

Huang, Y. (2025). Predictive factors for the progression of multiple sclerosis: a meta-

analysis. Neurological Sciences, 46(8), 3765–3773. https://doi.org/10.1007/s10072-025-08142-6 

Jahng, G.-H., Li, K.-L., Ostergaard, L., & Calamante, F. (2014). Perfusion Magnetic 

Resonance Imaging: A Comprehensive Update on Principles and Techniques. Korean Journal of 

Radiology, 15(5), 554. https://doi.org/10.3348/kjr.2014.15.5.554 



CHAPTER 1 

 31 

Jiang, F., Zhang, F., Su, Y., Zhang, C., & Chang, T. (2024). Knowledge mapping of disease-

modifying therapy (DMT) in multiple sclerosis (MS): A bibliometrics analysis. Heliyon, 10(11), 

e31744. https://doi.org/10.1016/j.heliyon.2024.e31744 

Kruggel, F., Turner, J., & Muftuler, L. T. (2010). Impact of scanner hardware and imaging 

protocol on image quality and compartment volume precision in the ADNI cohort. NeuroImage, 

49(3), 2123–2133. https://doi.org/10.1016/j.neuroimage.2009.11.006 

Kuhlmann, T., Moccia, M., Coetzee, T., Cohen, J. A., Correale, J., Graves, J., Marrie, R. 

A., Montalban, X., Yong, V. W., Thompson, A. J., Reich, D. S., Amato, M. P., Banwell, B., Barkhof, 

F., Chataway, J., Chitnis, T., Comi, G., Derfuss, T., Finlayson, M., … Waubant, E. (2023). Multiple 

sclerosis progression: time for a new mechanism-driven framework. The Lancet Neurology, 22(1), 

78–88. https://doi.org/10.1016/S1474-4422(22)00289-7 

Lublin, F. D., Reingold, S. C., Cohen, J. A., Cutter, G. R., Sørensen, P. S., Thompson, A. 

J., Wolinsky, J. S., Balcer, L. J., Banwell, B., Barkhof, F., Bebo, B., Calabresi, P. A., Clanet, M., 

Comi, G., Fox, R. J., Freedman, M. S., Goodman, A. D., Inglese, M., Kappos, L., … Polman, C. 

H. (2014). Defining the clinical course of multiple sclerosis. Neurology, 83(3), 278–286. 

https://doi.org/10.1212/WNL.0000000000000560 

MacKay, A., Laule, C., Vavasour, I., Bjarnason, T., Kolind, S., & Mädler, B. (2006). 

Insights into brain microstructure from the T2 distribution. Magnetic Resonance Imaging, 24(4), 

515–525. https://doi.org/10.1016/j.mri.2005.12.037 

Marrie, R. A. (2017). Comorbidity in multiple sclerosis: implications for patient care. 

Nature Reviews Neurology, 13(6), 375–382. https://doi.org/10.1038/nrneurol.2017.33 

Meaton, I., Altokhis, A., Allen, C. M., Clarke, M. A., Sinnecker, T., Meier, D., Enzinger, 

C., Calabrese, M., De Stefano, N., Pitiot, A., Giorgio, A., Schoonheim, M. M., Paul, F., Pawlak, 



CHAPTER 1   

 32 

M. A., Schmidt, R., Granziera, C., Kappos, L., Montalban, X., Rovira, À., … Evangelou, N. (2022). 

Paramagnetic rims are a promising diagnostic imaging biomarker in multiple sclerosis. Multiple 

Sclerosis Journal, 28(14), 2212–2220. https://doi.org/10.1177/13524585221118677 

Misaki, M., Savitz, J., Zotev, V., Phillips, R., Yuan, H., Young, K. D., Drevets, W. C., & 

Bodurka, J. (2015). Contrast enhancement by combining T1- and T2-weighted structural brain MR 

Images. Magnetic Resonance in Medicine, 74(6), 1609–1620. https://doi.org/10.1002/mrm.25560 

Montalban, X., Lebrun-Frénay, C., Oh, J., Arrambide, G., Moccia, M., Pia Amato, M., 

Amezcua, L., Banwell, B., Bar-Or, A., Barkhof, F., Butzkueven, H., Ciccarelli, O., Chataway, J., 

Cohen, J. A., Comi, G., Correale, J., Deisenhammer, F., Filippi, M., Fiol, J., … Thompson, A. J. 

(2025). Diagnosis of multiple sclerosis: 2024 revisions of the McDonald criteria. The Lancet 

Neurology, 24(10), 850–865. https://doi.org/10.1016/S1474-4422(25)00270-4 

Moore, G. R. W., Leung, E., MacKay, A. L., Vavasour, I. M., Whittall, K. P., Cover, K. S., 

Li, D. K. B., Hashimoto, S. A., Oger, J., Sprinkle, T. J., & Paty, D. W. (2000). A pathology-MRI 

study of the short-T2 component in formalin-fixed multiple sclerosis brain. Neurology, 55(10), 

1506–1510. https://doi.org/10.1212/WNL.55.10.1506 

Murray, T. J. (2005). Multiple sclerosis: the history of a disease. In Journal of the Royal 

Society of Medicine (Vol. 98, Number 6). 

Noseworthy, J. H., Lucchinetti, C., Rodriguez, M., & Weinshenker, B. G. (2000). Multiple 

Sclerosis. New England Journal of Medicine, 343(13), 938–952. 

https://doi.org/10.1056/NEJM200009283431307 

Paling, D., Tozer, D., Wheeler-Kingshott, C., Kapoor, R., Miller, D. H., & Golay, X. (2012). 

Reduced R 2 ′ in multiple sclerosis normal appearing white matter and lesions may reflect 



CHAPTER 1 

 33 

decreased myelin and iron content. Journal of Neurology, Neurosurgery & Psychiatry, 83(8), 785–

792. https://doi.org/10.1136/jnnp-2012-302541 

Pearce, J. M. S. (2005). Historical Descriptions of Multiple Sclerosis. European Neurology, 

54(1), 49–53. https://doi.org/10.1159/000087387 

Prasloski, T., Rauscher, A., MacKay, A. L., Hodgson, M., Vavasour, I. M., Laule, C., & 

Mädler, B. (2012). Rapid whole cerebrum myelin water imaging using a 3D GRASE sequence. 

Neuroimage, 63(1), 533–539. https://doi.org/10.1016/j.neuroimage.2012.06.064 

Rejdak, K., Jackson, S., & Giovannoni, G. (2010). Multiple sclerosis: a practical overview 

for clinicians. British Medical Bulletin, 95(1), 79–104. https://doi.org/10.1093/bmb/ldq017 

Rocca, M. A., Preziosa, P., Barkhof, F., Brownlee, W., Calabrese, M., De Stefano, N., 

Granziera, C., Ropele, S., Toosy, A. T., Vidal-Jordana, À., Di Filippo, M., & Filippi, M. (2024). 

Current and future role of MRI in the diagnosis and prognosis of multiple sclerosis. The Lancet 

Regional Health - Europe, 44, 100978. https://doi.org/10.1016/j.lanepe.2024.100978 

Rotstein, D., & Montalban, X. (2019). Reaching an evidence-based prognosis for 

personalized treatment of multiple sclerosis. Nature Reviews Neurology, 15(5), 287–300. 

https://doi.org/10.1038/s41582-019-0170-8 

Rovira, À., Doniselli, F. M., Auger, C., Haider, L., Hodel, J., Severino, M., Wattjes, M. P., 

van der Molen, A. J., Jasperse, B., Mallio, C. A., Yousry, T., & Quattrocchi, C. C. (2023). Use of 

gadolinium-based contrast agents in multiple sclerosis: a review by the ESMRMB-GREC and 

ESNR Multiple Sclerosis Working Group. European Radiology, 34(3), 1726–1735. 

https://doi.org/10.1007/s00330-023-10151-y 



CHAPTER 1   

 34 

Saade, C., Bou-Fakhredin, R., Yousem, D. M., Asmar, K., Naffaa, L., & El-Merhi, F. (2018). 

Gadolinium and Multiple Sclerosis: Vessels, Barriers of the Brain, and Glymphatics. American 

Journal of Neuroradiology, 39(12), 2168–2176. https://doi.org/10.3174/ajnr.A5773 

Sahraian, M. A., Radue, E.-W., Haller, S., & Kappos, L. (2009). Black holes in multiple 

sclerosis: definition, evolution, and clinical correlations. Acta Neurologica Scandinavica, 122(1), 

1–8. https://doi.org/10.1111/j.1600-0404.2009.01221.x 

Sandrone, S., Aiello, M., Cavaliere, C., Thiebaut de Schotten, M., Reimann, K., Troakes, 

C., Bodi, I., Lacerda, L., Monti, S., Murphy, D., Geyer, S., Catani, M., & Dell’Acqua, F. (2023). 

Mapping myelin in white matter with T1-weighted/T2-weighted maps: discrepancy with histology 

and other myelin MRI measures. Brain Structure and Function, 228(2), 525–535. 

https://doi.org/10.1007/s00429-022-02600-z 

Sati, P., Oh, J., Constable, R. T., Evangelou, N., Guttmann, C. R. G., Henry, R. G., Klawiter, 

E. C., Mainero, C., Massacesi, L., McFarland, H., Nelson, F., Ontaneda, D., Rauscher, A., Rooney, 

W. D., Samaraweera, A. P. R., Shinohara, R. T., Sobel, R. A., Solomon, A. J., Treaba, C. A., … 

Reich, D. S. (2016). The central vein sign and its clinical evaluation for the diagnosis of multiple 

sclerosis: a consensus statement from the North American Imaging in Multiple Sclerosis 

Cooperative. Nature Reviews Neurology, 12(12), 714–722. 

https://doi.org/10.1038/nrneurol.2016.166 

Schmidt, P., Gaser, C., Arsic, M., Buck, D., Förschler, A., Berthele, A., Hoshi, M., Ilg, R., 

Schmid, V. J., Zimmer, C., Hemmer, B., & Mühlau, M. (2012). An automated tool for detection of 

FLAIR-hyperintense white-matter lesions in Multiple Sclerosis. NeuroImage, 59(4), 3774–3783. 

https://doi.org/10.1016/j.neuroimage.2011.11.032 



CHAPTER 1 

 35 

Singer, B. A., Feng, J., & Chiong-Rivero, H. (2024). Early use of high-efficacy therapies 

in multiple sclerosis in the United States: benefits, barriers, and strategies for encouraging adoption. 

Journal of Neurology, 271(6), 3116–3130. https://doi.org/10.1007/s00415-024-12305-4 

Stadelmann, C., Timmler, S., Barrantes-Freer, A., & Simons, M. (2019). Myelin in the 

Central Nervous System: Structure, Function, and Pathology. Physiol Rev, 99, 1381–1431. 

https://doi.org/10.1152/physrev.00031.2018.-Oligodendro 

Tognarelli, J. M., Dawood, M., Shariff, M. I. F., Grover, V. P. B., Crossey, M. M. E., Cox, 

I. J., Taylor-Robinson, S. D., & McPhail, M. J. W. (2015). Magnetic Resonance Spectroscopy: 

Principles and Techniques: Lessons for Clinicians. Journal of Clinical and Experimental 

Hepatology, 5(4), 320–328. https://doi.org/10.1016/j.jceh.2015.10.006 

Tranfa, M., Pontillo, G., Petracca, M., Brunetti, A., Tedeschi, E., Palma, G., & Cocozza, S. 

(2022). Quantitative MRI in Multiple Sclerosis: From Theory to Application. American Journal 

of Neuroradiology, 43(12), 1688–1695. https://doi.org/10.3174/ajnr.A7536 

Uddin, M. N., Figley, T. D., Kornelsen, J., Mazerolle, E. L., Helmick, C. A., O’Grady, C. 

B., Pirzada, S., Patel, R., Carter, S., Wong, K., Essig, M. R., Graff, L. A., Bolton, J. M., Marriott, 

J. J., Bernstein, C. N., Fisk, J. D., Marrie, R. A., & Figley, C. R. (2022). The comorbidity and 

cognition in multiple sclerosis (CCOMS) neuroimaging protocol: Study rationale, MRI acquisition, 

and minimal image processing pipelines. Frontiers in Neuroimaging, 1. 

https://doi.org/10.3389/fnimg.2022.970385 

Uddin, M. N., Figley, T. D., Marrie, R. A., & Figley, C. R. (2018). Can T 1 w/ T 2 w ratio 

be used as a myelin‐specific measure in subcortical structures? Comparisons between FSE‐based 

T 1 w/ T 2 w ratios, GRASE‐based T 1 w/ T 2 w ratios and multi‐echo GRASE‐based myelin water 

fractions. NMR in Biomedicine, 31(3). https://doi.org/10.1002/nbm.3868 



CHAPTER 1   

 36 

Uddin, M. N., Figley, T. D., Solar, K. G., Shatil, A. S., & Figley, C. R. (2019). Comparisons 

between multi-component myelin water fraction, T1w/T2w ratio, and diffusion tensor imaging 

measures in healthy human brain structures. Scientific Reports, 9(1). 

https://doi.org/10.1038/s41598-019-39199-x 

van den Heuvel, M. P., & Hulshoff Pol, H. E. (2010). Exploring the brain network: A review 

on resting-state fMRI functional connectivity. European Neuropsychopharmacology, 20(8), 519–

534. https://doi.org/10.1016/j.euroneuro.2010.03.008 

Vavasour, I. M., Whittall, K. P., Li, D. K. B., & MacKay, A. L. (2000). Different 

magnetization transfer effects exhibited by the short and longT2 components in human brain. 

Magnetic Resonance in Medicine, 44(6), 860–866. https://doi.org/10.1002/1522-

2594(200012)44:6<860::AID-MRM6>3.0.CO;2-C 

Vollmer, T. L., Nair, K. V., Williams, I. M., & Alvarez, E. (2021). Multiple Sclerosis 

Phenotypes as a Continuum. Neurology Clinical Practice, 11(4), 342–351. 

https://doi.org/10.1212/CPJ.0000000000001045 

Walton, C., King, R., Rechtman, L., Kaye, W., Leray, E., Marrie, R. A., Robertson, N., La 

Rocca, N., Uitdehaag, B., van der Mei, I., Wallin, M., Helme, A., Angood Napier, C., Rijke, N., & 

Baneke, P. (2020). Rising prevalence of multiple sclerosis worldwide: Insights from the Atlas of 

MS, third edition. Multiple Sclerosis Journal, 26(14), 1816–1821. 

https://doi.org/10.1177/1352458520970841 

Williams, R., Buchheit, C. L., Berman, N. E. J., & LeVine, S. M. (2012). Pathogenic 

implications of iron accumulation in multiple sclerosis. Journal of Neurochemistry, 120(1), 7–25. 

https://doi.org/10.1111/j.1471-4159.2011.07536.x 



CHAPTER 1 

 37 

Winston, G. P. (2012). The physical and biological basis of quantitative parameters derived 

from diffusion MRI. Quantitative Imaging in Medicine and Surgery, 2(4), 254. 

https://doi.org/10.3978/j.issn.2223-4292.2012.12.05 

Yaghmaie, N., Syeda, W. T., Wu, C., Zhang, Y., Zhang, T. D., Burrows, E. L., Brodtmann, 

A., Moffat, B. A., Wright, D. K., Glarin, R., Kolbe, S., & Johnston, L. A. (2021). QSMART: 

Quantitative susceptibility mapping artifact reduction technique. NeuroImage, 231, 117701. 

https://doi.org/10.1016/j.neuroimage.2020.117701 

Zhan, L., Leow, A. D., Jahanshad, N., Chiang, M.-C., Barysheva, M., Lee, A. D., Toga, A. 

W., McMahon, K. L., de Zubicaray, G. I., Wright, M. J., & Thompson, P. M. (2010). How does 

angular resolution affect diffusion imaging measures? NeuroImage, 49(2), 1357–1371. 

https://doi.org/10.1016/j.neuroimage.2009.09.057 

Zhang, Y., Gauthier, S. A., Gupta, A., Chen, W., Comunale, J., Chiang, G. C.-Y., Zhou, D., 

Askin, G., Zhu, W., Pitt, D., & Wang, Y. (2016). Quantitative Susceptibility Mapping and R2* 

Measured Changes during White Matter Lesion Development in Multiple Sclerosis: Myelin 

Breakdown, Myelin Debris Degradation and Removal, and Iron Accumulation. American Journal 

of Neuroradiology, 37(9), 1629–1635. https://doi.org/10.3174/ajnr.A4825 

  

 

 

 

 

 

  



CHAPTER 2   

 38 

Chapter 2 

Investigating sensitivity and correlation between microstructural MRI measures in multiple 

sclerosis white matter lesions, normal appearing white matter and deep gray matter regions 

 

Publication status 

This chapter (and Chapter 3) are part of the abstract entitled ‘Correlation Between Microstructural 

and Volumetric MRI Measures in Multiple Sclerosis White Matter Lesions, Normal Appearing 

White Matter, and Deep Gray Matter Regions’ accepted for presentation at the Society for 

Neuroscience conference in 2022. The manuscript is currently under internal review before 

submission to a peer-reviewed journal. 

 

2.1 Abstract 

Due to the complex pathophysiology in multiple sclerosis (MS), different imaging techniques can 

be used to leverage their unique sensitivities to particular tissue characteristics. And by combining 

multiple quantitative MRI (qMRI) methods, more information is likely to be obtained. However, 

the likelihood of encountering redundancy when recruiting a large number of qMRI metrics also 

increases. Using a cohort of 79 persons with MS, this cross-sectional study aimed to investigate 

10 qMRI metrics (axial diffusivity (AD), radial diffusivity (RD), mean diffusivity (MD), fractional 

anisotropy (FA), myelin water fraction (MWF), intra- and extra- cellular water fraction (IEWF), 

geometric mean T2 (gT2), T1-weighted-by-T2-weighted (T1w/T2w) ratio, R2* and QSM)) in their 

sensitivity and relationships across three tissue classes: normal appearing white matter (NAWM), 

white matter lesion (WML) and deep gray matter (DGM). These tissue classes were used to extract 

signals from the 10 qMRI maps, yielding a total of 30 variables. Individual qMRI metric in 
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different tissue classes were compared pairwise using the Wilcoxon Signed-Rank test. The qMRI 

metrics were further evaluated for their ability to distinguish WML from NAWM using the 

Receiver Operating Characteristic (ROC) Curve. Lastly, the correlation between qMRI metrics 

across tissue classes were examined using Spearman rank correlation analysis. Even after adjusting 

for multiple comparisons using the false discovery rate (FDR) correction, 28/30 comparisons 

remain significant (pBH-FDR < 0.05). All qMRI metrics yield a better performance than a random 

classifier on the binary classification task (i.e., area under the curve > 0.5), with some even 

achieving a perfect score of 1. The Spearman rank correlation after adjusting the significance level 

using the FDR correction, yielded 179 significant (out of 435 total) correlations (pBH-FDR < 0.05). 

Despite the moderate number of correlations, the overall pattern with a more careful inspection 

shows the complementarity between these qMRI metrics in the three tissue classes for MS. With 

the high sensitivity of qMRI metrics and the potentially unique information captured for each 

qMRI metric, these empirical findings suggest a multi-modal approach forward to better 

characterize MS as a disease.   
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2.2 Introduction 

Multiple sclerosis (MS) is widely recognized as an autoimmune disease characterized by the 

invasion of the central nervous system by autoreactive immune cells, primarily targeting 

oligodendrocytes and myelin, leading to inflammation, edema, demyelination and axonal injury 

(Compston & Coles, 2002). At the same time, iron is dysregulated and accumulated in the 

subcortical regions (Stankiewicz et al., 2014), toxifying the environment, and causing further 

damage. Magnetic resonance imaging (MRI) is a noninvasive imaging technique that excels at soft 

tissue contrast. In diagnostics in neurodegenerative diseases, MRI often plays a role mainly in 

detecting brain atrophy and lesions (Young et al., 2020). Specifically in MS, the information 

provided by conventional MRI images (e.g., T1-weighted images, T2-weighted images) is 

extremely valuable. The specificity and sensitivity of MS diagnosis are significantly improved 

with the aid of MRI. It visualizes lesion morphology, patterns and spatial distributions to help 

classify diseases with similar lesion profiles. (Filippi et al., 2019). Since the first inclusion of MRI 

in the MS diagnostic criteria (McDonald et al., 2001) to the most recent revision in 2025 

(Montalban et al., 2025), MRI has played an increasing role, and has started to include certain 

advanced imaging methods (e.g., quantitative MRI (qMRI)) alongside routinely collected MRI. 

Despite conventional MRI demonstrating the potential for more accurate diagnosis with 

emerging imaging markers and advances in artificial intelligence (Rocca et al., 2024), it relies 

heavily on spatial features rather than directly quantifying the degree of neurodegenerative damage 

(Granziera et al., 2021). qMRI, on the other hand, demonstrates its value in enhancing image 

contrast with respect to various microstructural changes in a repeatable and quantifiable way, and 

therefore holds promise for making MS diagnosis and prognosis more comprehensive (Granziera 

et al., 2021). Besides, it provides a reasonable resolution for structural visualization of the brain, 
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and qMRI has an exceptional advantage: voxels are intrinsically normalized and physically 

interpretable (Tranfa et al., 2022), meaning that the outputs are not just images but spatially 

encoded data maps of radiomic features, which can also be theoretically examined and analyzed 

without the spatial context. Over the last few decades, emerging qMRI methods have been 

developed. Diffusion tensor imaging (DTI), in the field of diffusion imaging, is one of the earlier 

developed qMRI techniques and remains widely used in brain research (O’Donnell & Westin, 

2011) to produce maps of: axial diffusivity (AD), radial diffusivity (RD), mean diffusivity (MD) 

and fractional anisotropy (FA). The diffusion of water molecules depends on many factors, such 

as size, tissue and extracellular structures. (Beaulieu, 2002; le Bihan et al., 2001; Syková & 

Nicholson, 2008). In MS, it can be used to measure the degree of microstructural damage and 

assess structural connectivity (Filippi et al., 2016; Sbardella et al., 2013).  

Myelin water imaging (MWI), as the name suggests, is an imaging technique designed to 

sensitize myelin content in the brain. This method is based on the relationship between the MR 

relaxation curves of the water molecules and the surrounding tissue structures. Water molecules 

that are trapped in the bounding pool (e.g., myelin) have a relatively short T2 (below 50 ms) in the 

entire T2 spectrum (15 ms to 2000 ms) (Whittall et al., 1997). Therefore, the myelin water fraction 

(MWF) can be calculated as the ratio of short T2 content to the entire T2 distribution (Prasloski et 

al., 2012b). MWF has been shown to be quite myelin-specific (Laule et al., 2006, 2008; Laule & 

Moore, 2018; A. L. MacKay & Laule, 2016; Sandrone et al., 2023), and has been found to correlate 

with the clinical presentation of MS (Edwards et al., 2022; Kolind et al., 2012), and has been used 

to monitor lesion activities throughout the course of MS (Vargas et al., 2015; Vavasour et al., 2009). 

In addition, the intra- and extra- cellular water fraction (IEWF) and geometric mean T2 (gT2) can 

be extracted from the same imaging sequence. IEWF is calculated by taking the contribution of 
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the moderate T2 component (80 to 200 ms) from the overall spectrum. In theory, the water within 

the intra- and extra-cellular space makes up the majority of the total water content in white matter 

(WM) (Tait et al., 2008; Zhou et al., 2023). Although the number of studies on MS and IEWF is 

limited, the negative association between IEWF and age was found in both healthy (Zhou et al., 

2023) and MS cases (implicitly shown by the positive relationship between cerebrospinal fluid 

fraction and age) (Zhou et al., 2021). On the other hand, gT2 summarizes the entire spectrum with 

one single value. In general, gT2 is more reproducible than MWF (Meyers et al., 2013).  

Following the same concept of a short relaxation time according to myelin characteristics, 

T1-weighted-by-T2-weighted (T1w/T2w) ratio was originally proposed to enhance cortical myelin 

signals (Glasser & van Essen, 2011). However, a potentially sensitive and useful tool to 

characterize WM abnormalities, the myelin specificity of T1w/T2w ratio signals in WM regions 

has been debated for some time (Arshad et al., 2017; Uddin, Figley, & Figley, 2018; Uddin, Figley, 

Marrie, et al., 2018b), and a more recent study using histochemical comparison confirmed that this 

technique is not specific to myelin content (Sandrone et al., 2023). Nonetheless, T1w/T2w ratio 

has been recruited in many MS studies (Boaventura et al., 2022; Cooper et al., 2021; Hannoun et 

al., 2022; Righart et al., 2017). Most importantly, the cost of the metric is negligible because the 

two imaging sequences are typically standardized and implemented across all MR vendors and are 

already adopted in most MRI clinical protocols. 

Demyelination is the main feature of MS, but not the full picture. As mentioned, elevated 

iron concentrations in the parenchyma and deep gray matter regions have become another 

important feature of MS pathology. R2* (1/𝑇2∗) and quantitative susceptibility mapping (QSM) 

are two metrics used to quantify iron levels in the brain (Zhang et al., 2016b). R2* mapping is a 

passive method to probe local field inhomogeneity because effective T2 (T2*) is shortened when 
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the local susceptibility of a voxel is not homogeneous. Although studies have reported a strong 

relationship between the R2* signal and iron content (Langkammer et al., 2012; Wood et al., 2005), 

R2* can also be sensitive to myelin (Kor et al., 2019), making R2* in pathophysiologically 

complex environments, like in the case of MS (especially with the co-existence of iron and myelin), 

difficult to interpret. QSM is an imaging method that can quantify voxel-level susceptibility by 

modelling each voxel as a sum of dipoles (Schweser et al., 2016; Wang & Liu, 2015). In certain 

deep gray matter regions, it is quite successful in detecting iron content in MS (Stüber et al., 2016) 

and longitudinally assessing abnormal changes in MS (Hagemeier et al., 2018).  

The aforementioned qMRI metrics were shown to be sensitive for detecting brain WM 

abnormalities that are highly relevant to MS. Unfortunately, the majority of them have not yet been 

widely clinically adopted for various reasons, including the scan time required to add even a subset 

(never mind all) of them to the routine MS MRI protocol (Granziera et al., 2021). Therefore, 

determining the uniqueness of the information provided by the techniques is important yet easily 

overlooked. Especially, these technologies are advantageous for opening the door to study designs 

with higher-dimensional analyses. Redundant data should be omitted to promote efficiency in data 

collection and enhance the clarity of the results. Previously, Uddin et al. reported that several qMRI 

metrics (i.e., MWF, T1w/T2w ratio, AD, RD, MD and FA) across 25 brain structures (WM and 

subcortical gray matter) with healthy subjects have shown that those metrics all have comparable 

contribution in sensitizing underlying microstructures, yielding complementary information to 

help characterize heterogeneous sub-compartments of the brain (Uddin et al., 2019). Furthermore, 

in a similar scope but in the context of MS, Lipp et al. compared a smaller group of metrics (i.e., 

FA, RD, MTR and MWF) and found that, again, this group of qMRI metrics were complementary 

to each other by offering slightly different insights into the microstructural damages (i.e., 



CHAPTER 2   

 44 

sensitivity to two different types of lesions) (Lipp et al., 2019). However, previous studies 

examined only a subset of qMRI metrics across modalities and did not explore much on inter-

region-of-interest (ROI) associations between metrics. Therefore, building on the momentum these 

studies have generated, this paper aims to broaden the scope by analyzing a larger set of qMRI 

metrics across three tissue classes in an MS cohort.  

 

2.3 Methods 

Dataset summary  

This study was approved by the University of Manitoba Health Research Ethics Board and consent 

from the participants was collected before their enrollment. The data used for the subsequent 

analyses were obtained from 79 pwMS (67 females) for whom a full battery of qMRI maps 

(outlined below) was available within the follow-up visit of The Comorbidity and Cognition in 

Multiple Sclerosis (CCOMS) Study (Uddin et al., 2022). All pwMS were previously diagnosed 

with multiple sclerosis using the current McDonald criteria at the time of diagnosis. Participants’ 

median expanded disability status scale is 3.5 (IQR: [3,5.5]), and mean age is 50.6 (range: 22.8 – 

79.0). For more details on the inclusion criteria, one may refer to our previously published imaging 

protocol (Uddin et al., 2022). 

 

qMRI map pre-processing and ROI mask computation 

This study included a total of 10 metrics (i.e., AD, RD, MD, FA, MWF, IEWF, gT2, T1w/T2w 

ratio, R2* and QSM) and three brain regions of interest (Figure 2-1): 1) normal appearing white 

matter (NAWM) 2) white matter lesion (WML) 3) Deep gray matter (DGM). Global WM and 

WML masks were previously calculated for each participant in the MS cohort of the CCOMS 

Study (Uddin et al., 2022), so the NAWM masks were created by subtracting each person’s WML 
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mask from their global WM mask; and the DGM mask (Figure 2-1, right) was generated by 

combining six subcortical gray matter structures from the MNI-space “EvePM” Atlas (Lim et al., 

2013), that have been shown with excessive iron accumulation in MS: Thalamus, Globus pallidus, 

Putamen, Caudate, Substantia nigra and Red nucleus (Blazejewska et al., 2015; Uddin et al., 2016; 

Williams, Buchheit, Berman, & Levine, 2012). In addition, the trade-off between the reduced field-

of-view near the inferior cerebellar region and imaging time during the MWI acquisition stage 

imposed an apparent brain mask on each subject, to ensure only valid brain regions were 

considered for ROI mean calculation (i.e., virtually excluding ‘0’ entries from the background) for 

MWI-derived metrics (MWF, IEWF, gT2). This apparent brain mask was computed by applying 

the ‘imclose’ function in MATLAB (version R2020a; The MathWorks Inc., Natick, MA, USA) 

with a spherical element of a radius of 10 voxels on the MWF map. The ten qMRI metrics of one 

representative participant are displayed in the axial views in Figure 2-2. For more in-depth details 

of the imaging sequence parameters and pre-processing pipelines, one can visit the imaging 

protocol paper for the CCOMS study (Uddin et al., 2022). WM and DGM ROI masks were 

inspected so that these ROIs do not overlap. Any overlaps between WM and DGM were excluded 

from WM. Then the final NAWM and WML masks were computed by simply excluding and 

overlapping the adjusted (when necessary) WM mask with the lesion mask. 
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Figure 2-1: Illustration of NAWM, WML and DGM for one random MS participant.  

 

(Left) color coded tissue ROIs overlaid on the participant’s T1-weighted image, cyan: NAWM, 

yellow: WML, red: DGM. (Right) DGM mask is made up of six DGM regions, magenta: Caudate 

nucleus, blue: Putamen, pink: Globus pallidus, green: Substantia nigra, orange: Red nucleus and 

yellow, thalamus. 

 

Figure 2-2: Sample axial slices of 10 quantitative maps of one random MS participant of the study. 
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Statistical analyses 

Box-and-whisker plots and the associated descriptive statistics (i.e., mean, standard deviation (Std) 

and coefficient of variation (CoV)) for 30 variables were computed to provide an overview of the 

data distribution across all qMRI metrics in all three tissue classes. Two-tailed Wilcoxon Signed-

Rank tests were performed on all possible ROI pairs within each metric, corrected using the step-

up Benjamini-Hochberg false discovery rate (BH-FDR) procedure (Benjamini & Hochberg, 1995). 

Then, to assess the sensitivity of each qMRI metric with respect to WML and NAWM classification, 

a ROC/AUC analysis was performed. Finally, Spearman rank correlations were performed for all 

qMRI comparisons across all these tissue classes, controlling for age and sex, and the results were 

corrected for multiple comparisons using the BH-FDR method (Benjamini & Hochberg, 1995). 

These Spearman rank correlations were calculated alongside another work simultaneously, using 

the same set of ROIs but with a different scope and goal – exploring the relationship between brain 

volumetric measures and qMRI (Chapter 3). Therefore, BH-FDR correction was instead applied 

to the entire correlation matrix (with 93 more correlations by incorporating 3 additional volumetric 

variables). The significance level cutoff was set to an alpha value to 0.05 after the BH-FDR 

correction. The number of associated significant correlations of each metric, and their shared 

percentage, calculated as the number of the associated significant correlations of each metric 

divided by the total unique significant correlations from the correlation map among qMRI 

correlations only, were computed to gain an entry-level understanding of how the significant 

correlations was distributed. Later, the corrected and controlled Spearman rank correlation matrix 

can be viewed from three perspectives by decomposing the master matrix into the following 

categories: same metric, different ROIs (SMDR); different metrics, same ROI (DMSR); and 

different metrics, different ROIs (DMDR). In addition, DMSR was decomposed into individual 
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tissue classes to narrow the perspective. The above analyses were done in MATLAB (version 

R2020a; The MathWorks Inc., Natick, MA, USA). Note that the nonparametric comparison and 

correlation method is used because not all distributions pass the Kolmogorov–Smirnov test 

(Massey, 1951). Though rank correlation holds a relatively lower statistical power (if parametric 

assumptions are met), the nonparametric correlation: 1) does not require a normal distribution, 2) 

is less susceptible to outliers, and 3) will better detect (i.e., not penalize) nonlinear relationships 

(which are also of interest in this case). 

 

2.4 Results 

Box-and-whisker plots and Wilcoxon Signed-Rank tests 

In Figure 2-3, box-and-whisker plots of 10 qMRI metrics are shown together. Descriptive statistics 

(i.e., mean, Std and CoV) of all distributions are summarized in Table 2-1. Compared to NAWM 

and DGM box-and-whisker plots, WML shows a much wider range, as demonstrated in the space 

between the first and third quartiles for most metrics, and WML plots tended to have more outliers 

and skewed distributions. According to the two-tailed Wilcoxon Signed-Rank test results 

summarized in Table 2-1, except for MWF (between NAWM and DGM) and IEWF (between 

WML and DGM), the remaining 28 (out of 30) pairs of comparisons between tissue classes (within 

each qMRI metric) were statistically significant. 
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Figure 2-3: Box-and-whisker plots of 10 qMRI metrics in NAWM, WML and DGM.  
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Table 2-1: Mean, Std and CoV of all 30 qMRI-ROI pairings across participants. 

 

BH-FDR corrected two-tailed Wilcoxon Signed-Rank tests’ p-values are shown on the right of the 

Table, where significant results were shown in bold fonts *Note: QSM’s mean ranges from negative 

to positive, therefore the coefficient of variation was not calculated.  
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ROC/AUC 

In Figure 2-4, an ROC/AUC analysis was performed to further assess how well the 10 qMRI 

metrics distinguish WML from NAWM using the mean measure from each ROI. AD, RD and MD 

achieved perfect classification scores. T1w/T2w ratio, gT2 and R2* have almost perfect AUC 

scores of 0.999, 0.998 and 0.992, respectively. FA and MWF have relatively lower AUCs (0.946 

and 0.838, respectively). Compared with the metrics mentioned, QSM has a moderate AUC 

(0.793) and IEWF performs only slightly better than chance at distinguishing mean values between 

WML and NAWM (AUC = 0.624).  

 

Figure 2-4: ROC curves of 10 qMRI metrics in classifying white matter lesions from normal 

appearing white matter.  

 

AUC score for each qMRI metric is calculated in the legend (bottom-right corner). AD (red), RD 

(orange) sensitivity and accuracy curves are completely hidden behind MD (yellow) because they 

all achieved perfect scores. A dotted random classifier line is plotted as a reference. 
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Spearman rank correlation 

The pair-wise Spearman rank correlations, significant p-values after BH-FDR correction and 

significant Spearman rank correlations were visualized in Figure 2-5. Table 2-2 summarizes the 

Spearman rank correlation coefficients and associated significant levels. After controlling for the 

covariates (i.e., age and sex) and correcting for multiple comparisons using the BH-FDR method, 

179 (out of 435) unique pairwise correlations (41%) remain significant (p < 0.05). The distribution 

of the number of associated significant correlations and shared percentage (over 179), of each 

metric is visualized in Figure 2-6. Briefly, MD has the most shared significant correlations among 

all qMRI metrics with (46, partially shared 25.7% of significant pairs), followed by RD (45, 

25.1%) and AD (43, 24.0%), and QSM has the least (7, 3.9%). The corrected Spearman rank 

correlation matrix and its decomposed categories (i.e., SMDR, DMSR and DMDR) are shown in 

Figure 2-7. Since the correlation is diagonally symmetric, only the upper triangle portion of the 

matrices was shown. As mentioned, DMSR is further decomposed into tissue classes in Figure 2-

8. By inspecting the correlation between different metrics after correction across the three tissue 

classes, NAWM, WML and DGM hold 28, 27 and 27 significant relationships, respectively. For 

SMDR, most metrics show significant positive correlations with themselves across ROIs except 

FA (i.e., none is significant) and QSM (i.e., none is significant). DMSR and DMDR, on the other 

hand, span most of the upper triangle, and include negative correlations with other metrics/ROIs. 

Compared to DMDR, DMSR’s elements on average have a higher magnitude (0.53 vs 0.39). The 

significant correlations between every pair of tissue classes are shown in Figure 2-9 by separating 

the combined DMDR and SMDR matrices: NAWM-WML, WML-DGM and DGM-NAWM. The 

significant correlations in tissue pair skew toward DGM and NAWM (WML-NAWM (26) : WML-

DGM (24) : DGM-NAWM (47)).  
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Figure 2-5: Age- and sex-corrected Spearman rank correlation matrices of the 10 qMRI metrics 

across 3 ROIs.  

 

(A) Sex and age adjusted Spearman rank correlation matrix, (B) significant Spearman rank 

correlation matrix and associated (C) significant BH-FDR corrected p-values. Gray boxes 

indicate the entry is no longer significant after the BH-FDR correction. 
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Table 2-2: A hybrid display of the Spearman rank rho and the associated p-values. 

 

Only significant Spearman rank rho (Upper triangle, green) and associated p-values after BH-

FDR correction (Lower triangle, blue) are displayed. Correlations that failed to reach significance 

are grayed out and diagonal values (i.e., the self-correlations) were left blank.  

 

  

NAWM WML DGM NAWM WML DGM NAWM WML DGM NAWM WML DGM NAWM WML DGM NAWM WML DGM NAWM WML DGM NAWM WML DGM NAWM WML DGM NAWM WML DGM

NAWM  0.64 0.65  0.57 0.83  0.61 -0.32   -0.55 -0.33  0.44   0.60  0.28  0.29 0.32 -0.45 -0.29     

WML 0.48 0.27 0.27 0.68 0.28  0.85 0.28 -0.26   -0.27    -0.64   0.84   -0.38   -0.52     

DGM 0.00 0.04 0.60  0.91 0.68  0.97 -0.39   -0.64 -0.36  0.44   0.65 0.30 0.56 0.28  0.44 -0.42 -0.44 -0.33    

NAWM 0.00 0.04 0.00  0.64 0.95 0.29 0.63 -0.90   -0.66 -0.27  0.48   0.61  0.40   0.33 -0.42 -0.32     

WML 0.61 0.00 0.09 0.05   0.95   -0.77      -0.64   0.74   -0.44   -0.46 -0.26    

DGM 0.00 0.03 0.00 0.00 0.06 0.68 0.28 0.98 -0.49  -0.36 -0.64 -0.35 -0.33 0.43   0.60 0.34 0.51 0.32 0.29 0.43 -0.34 -0.37 -0.41    

NAWM 0.00 0.08 0.00 0.00 0.08 0.00 0.26 0.69 -0.75   -0.67 -0.31  0.50   0.65  0.37   0.35 -0.46 -0.34     

WML 0.49 0.00 0.05 0.03 0.00 0.03 0.05 0.27 -0.27 -0.56      -0.69   0.84   -0.43   -0.53 -0.27    

DGM 0.00 0.03 0.00 0.00 0.07 0.00 0.00 0.04 -0.45   -0.64 -0.36 -0.30 0.43   0.62 0.33 0.54 0.31 0.27 0.45 -0.38 -0.40 -0.38    

NAWM 0.01 0.05 0.00 0.00 0.07 0.00 0.00 0.04 0.00   0.56   -0.39   -0.47  -0.35    0.34    0.28  

WML 0.98 0.44 0.53 0.35 0.00 0.45 0.37 0.00 0.51 0.41      0.32   -0.34  -0.30 0.32      -0.32  

DGM 0.81 0.59 0.61 0.10 0.91 0.00 0.21 0.87 0.06 0.07 0.59   0.27   -0.28         0.28   0.32

NAWM 0.00 0.04 0.00 0.00 0.41 0.00 0.00 0.15 0.00 0.00 0.99 0.18 0.60 0.46 -0.87   -0.76 -0.32 -0.49   -0.29 0.47 0.40     

WML 0.01 0.98 0.00 0.04 0.75 0.01 0.01 0.91 0.00 0.20 0.30 0.42 0.00 0.38 -0.69 -0.50 -0.30 -0.36            

DGM 0.75 0.51 0.06 0.21 0.69 0.01 0.41 0.63 0.02 0.12 0.87 0.04 0.00 0.00 -0.48  -0.74   -0.33      0.52   0.42

NAWM 0.00 0.26 0.00 0.00 0.58 0.00 0.00 0.37 0.00 0.00 0.81 0.22 0.00 0.00 0.00  0.31 0.48  0.27    -0.40 -0.27     

WML 0.21 0.00 0.85 0.86 0.00 0.71 0.89 0.00 0.75 0.63 0.01 0.33 0.45 0.00 0.63 0.06   -0.71   0.37   0.40     

DGM 0.49 0.85 0.76 0.58 0.63 0.95 0.51 0.91 0.91 0.74 0.23 0.04 0.39 0.02 0.00 0.02 0.60   -0.26      -0.44   -0.28

NAWM 0.00 0.19 0.00 0.00 0.99 0.00 0.00 0.65 0.00 0.00 0.55 0.87 0.00 0.00 0.14 0.00 0.62 0.17  0.62   0.37 -0.48 -0.38     

WML 0.39 0.00 0.02 0.06 0.00 0.01 0.08 0.00 0.01 0.11 0.01 0.88 0.01 0.56 0.30 0.11 0.00 0.71 0.07  0.26 -0.34 0.30  -0.63     

DGM 0.03 0.08 0.00 0.00 0.59 0.00 0.00 0.26 0.00 0.01 0.49 0.65 0.00 0.12 0.01 0.04 0.91 0.05 0.00 0.18       -0.27   

NAWM 0.41 0.73 0.04 0.26 0.06 0.01 0.24 0.13 0.02 0.49 0.02 0.44 0.49 0.30 0.23 0.83 0.35 0.50 0.62 0.05 0.99 0.41 0.86  -0.35 -0.36    

WML 0.03 0.00 0.13 0.17 0.00 0.03 0.09 0.00 0.04 0.51 0.01 0.06 0.19 0.77 0.63 0.63 0.00 0.39 0.06 0.01 0.20 0.00 0.50       

DGM 0.01 0.31 0.00 0.01 0.15 0.00 0.01 0.13 0.00 0.07 0.19 0.97 0.02 0.08 0.75 0.37 0.68 0.29 0.00 0.02 0.11 0.00 0.00 -0.31 -0.45     

NAWM 0.00 0.10 0.00 0.00 0.21 0.01 0.00 0.10 0.00 0.01 0.65 0.74 0.00 0.20 0.72 0.00 0.99 0.86 0.00 0.19 0.06 0.39 0.55 0.02 0.60 0.29    

WML 0.03 0.00 0.00 0.01 0.00 0.00 0.01 0.00 0.00 0.08 0.11 0.76 0.00 0.30 0.36 0.04 0.00 0.65 0.00 0.00 0.06 0.01 0.50 0.00 0.00 0.32    

DGM 0.91 0.09 0.01 0.33 0.05 0.00 0.41 0.04 0.00 0.26 0.26 0.03 0.30 0.86 0.00 0.77 0.13 0.00 0.78 0.15 0.22 0.00 0.99 0.24 0.03 0.01   0.51

NAWM 0.47 0.75 0.51 0.92 0.84 0.98 0.78 0.81 0.83 0.63 0.85 0.07 0.86 0.66 1.00 0.81 0.26 0.39 0.17 0.38 0.04 0.91 0.49 0.63 0.10 0.10 0.64   

WML 0.35 0.63 0.89 0.27 0.15 0.43 0.80 0.42 0.63 0.04 0.01 0.14 0.09 0.98 0.19 0.70 0.67 0.25 0.24 0.46 0.99 0.97 0.39 0.78 0.49 0.57 0.96 0.30  

DGM 0.57 0.49 0.50 0.46 0.74 0.09 0.76 0.63 0.21 0.08 0.96 0.01 0.86 0.73 0.00 0.66 0.52 0.03 0.98 0.87 0.71 0.63 0.91 0.60 0.72 0.55 0.00 0.69 0.19

MWFSpearman 
Rho
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Figure 2-6: Bar graph of 10 qMRI metrics correlation and their shared percentages within 179 

(out of 435) total unique significant correlations. 

 

 

Figure 2-7: Decomposition of the unique components of the entire Spearman rank correlation 

matrix. 

 

Breakdown of the (A) significant Spearman rank correlation into (B) symmetric upper triangular 

view and further split into (C) SMDR, (D) DMSR and (E) DMDR. 
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Figure 2-8: Decomposition of the DMSR components. 

 

Breakdown of the (A) different metric same ROI matrix into (B) NAWM, (C) WML and (D) DGM. 

 

Figure 2-9: Decomposition of the SMDR & DMDR components. 

 

Breakdown of the [(A) same metric different ROI matrix + (B) different metric different ROI] into 

(C) NAWM-WML pair, (D) WML-DGM pair, and (E) DGM-NAWM pair.  
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2.5 Discussion 

qMRI metrics show distinct sensitivity across ROIs 

Before diving into the associations among metrics and their relationships within and across ROIs, 

these qMRI metrics exhibit unique patterns of signal hierarchy (signal distribution being ordered 

from highest to lowest) (Figure 2-3, and from the Wilcoxon Signed-Rank tests, Table 2-1), except 

for MWF and IEWF. The widespread significant results (from the Wilcoxon Signed-Rank tests, 

Table 2-1) have indicated that those qMRI metrics are quite sensitive not only to the differences 

within WM space between NAWM and WML, but also to the differences between DGM and WM 

in general, highlighting the findings independently shown previously with both healthy (Uddin et 

al., 2019) and MS (Lipp et al., 2019) cohorts. Most qMRI metrics in NAWM and DGM have 

similar CoVs and they are smaller than those in WML, except for R2* and QSM in DGM. This 

implies an inherent signal consistency in the NAWM and DGM ROIs. In addition, the relatively 

higher CoV in WML across qMRIs strongly reflects the heterogeneity in MS lesions known in the 

field (Lucchinetti et al., 2000).  

 

Most qMRI metrics are capable of classifying mean values of WML from NAWM’s 

qMRI metrics has demonstrated their sensitivity in detecting changes in the brain that can benefit 

early MS diagnosis (Granziera et al., 2021; Lavrova et al., 2021; Rocca et al., 2024). However, 

how well qMRI can delineate the “boundary” between lesions and surrounding tissues remains an 

open question and an active area of research. Lipp et al. investigated the potential of a subset of 

qMRI in radiological lesions detection using ROC analysis (T1 hypointense and T2 hyperintense) 

and found MWF to be the more suitable candidate among other metrics (i.e., RD, FA and magnetic 

transfer ratio) in the classification task (Lipp et al., 2019). In our work, all qMRI metrics have an 
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AUC value greater than ‘0.5’, and many qMRI metrics have demonstrated a superior ability (i.e., 

AUC > 0.95) to classify WML means from NAWM means in AD, RD, MD, FA (to a similar extent), 

gT2, T1w/T2w ratio and R2*. It is interesting to note how well the diffusion metrics do in this 

analysis. It is known that the MS autoimmune response at lesion sites damages tissues and cells. 

Diffusivity of water molecules and the fluid in those areas becomes less obstructed and has greater 

freedom to flow around compared to the healthy environment (Filippi et al., 2001; Rovaris et al., 

2005; Werring et al., 1999). Diffusion MR was also probed with the feasibility of lesion detection 

in multiple sclerosis (Tadayon et al., 2016). Similarly, gT2 and T1w/T2w ratio are heavily affected 

as the structure surrounding the water molecules is compromised. R2*, on the other hand, can also 

classify WML out of NAWM very well. Due to abnormally high iron levels in active lesions 

resulting from the death of iron-rich oligodendrocytes and the unregulated release of ferritin into 

the environment (Zierfuss et al., 2023), WML can exhibit high R2* (Zhang et al., 2016b). 

Nonetheless, R2* can also be affected by myelin level (Bagnato et al., 2018; Zhang et al., 2016b). 

Since the distribution of MS phenotypes is weighted toward relapsing and remitting in our MS 

cohort (Uddin et al., 2022) and pwMS were not scanned within 30 days of relapse, one might 

expect that the majority of WML measures from participants may come from inactive lesions. That 

is a possible reason why R2* is lower in WML than in NAWM. On the other hand, contrary to the 

results shown previously by Lipp et al. (Lipp et al., 2019), MWF is not the best candidate in our 

case to distinguish between WML and NAWM. Though it is worth mentioning that the differences 

in the exact study design (e.g., sample sizes, ROI definitions, qMRI metric selection). However, 

although the MWF’s AUC score (0.838) was still quite high in our study (and it potentially offers 

more unique information in WML regions, see next discussion), demyelination can occur in 

NAWM and MWF would still be measuring myelin (or even myelin debris (A. L. MacKay & Laule, 
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2016)) within the WML mask, leading to imperfect classification. Lastly, though IEWF and QSM 

in WML can be useful for inferring structural changes in WML relative to NAWM as indicated by 

the Wilcoxon Signed-Rank test results, their ROC curves went below the random classifier curve 

in higher false positive rate regions, hindering their ability to accurately classify WML from 

NAWM.  

 

qMRI metrics share information in MS, but not completely redundant 

Besides addressing the conventional problems in preparing for clinical implementation, such as 

comprehensive biological validation, and scan time reduction, sequences and pipelines 

harmonization (Granziera et al., 2021), one should also be aware of the level of redundancy among 

metrics when recruiting a large number of qMRI metrics. The latter issues become more serious 

when resources are limited (e.g., patient wait time and MRI workload in a clinic) so identifying 

potentially redundant qMRI metrics within the context of MS was one of the main motivations for 

the current study. 41% of unique pairwise correlations between metrics, ranging from moderate to 

high in magnitude, within and across ROIs, are significant after correction. Some hot spots (i.e., 

high correlation in magnitude) are clustered in the matrix regions with qMRI metrics derived from 

the same sequence and pre-processing pipeline. Especially in diffusion tensor imaging, AD, RD 

and MD have the highest numbers of shared correlation with other qMRI metrics (Figure 2-6), 

consistent with the previous findings with MS subjects (Lipp et al., 2019) and healthy human 

subjects with even finer ROI definition in the brain (Uddin et al., 2019), highlighting their lack of 

specificity. However, contradicting the study (possibly because of the difference between MS vs. 

healthy subjects) (Uddin et al., 2019), the current work has shown that correlations between pairs 

of qMRI metrics are found to be much stronger when they are in the same ROI (more so in NAWM 
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and WML) as DMSR has the highest mean correlation magnitude (0.53) among the three 

decomposed matrices. On the opposite, T1w/T2w ratio (with the fewest significant correlation) in 

NAWM (Figure 2-8B), and MWF (with the fewest significant correlation) in WML (Figure 2-8C) 

and QSM (with the fewest significant correlations) in all regions (Figure 2-5C) individually 

provides a unique perspective compared to the rest and potentially offers the most complementary 

information to the other qMRI metrics, in their respective context of regions. In addition, qMRI 

metrics dynamically share information with each other between different ROIs (Figure 2-7E). 

While many correlations are statistically significant, their relationships are not necessarily 

symmetrical (i.e., in terms of significance, magnitude and direction). That is, A in WML 

significantly correlates with B in NAWM does not imply that A in NAWM correlates significantly 

with B in WML. Even if some of the relationships do, the magnitude and the direction may not be 

identical. This finding further reinforces the idea that these qMRI metrics may hold rich 

information that complements one another, because it suggests the sensitivity and specificity of 

these qMRI are region-dependent, aligning with the study (Uddin et al., 2019). 

 

The global association in microstructural measures across ROIs as measured by the same 

qMRI metric 

As shown in the SMDR portion (Figure 2-7C) of the master Spearman rank correlation matrix, all 

significant relationships are unidirectional across ROIs (while FA and QSM do not have any 

significant correlation between ROIs). The positive correlations captured by the same qMRI 

metrics indicate that all of these ROIs are experiencing microstructural changes at least in the same 

direction, highlighting a global trend of microstructural changes in MS as an aftermath of the subtle 

interplay between neurodegeneration and repair mechanisms. 
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Interpreting qMRI metrics can be challenging 

However, the underlying activities in different tissue classes (with fundamentally different 

underlying microstructural properties (e.g., myelin concentration, axon/cell densities)) may share 

similar MR characteristics. Therefore, a single qMRI metric can sensitize multiple types of 

microstructural changes simultaneously (i.e., limited specificity) (Granziera et al., 2021; Gulani & 

Seiberlich, 2020; Saltarelli et al., 2025; Tranfa et al., 2022). This outlines one of the major 

challenges in qMRI metrics – the interpretation. Briefly, even with a relatively specific qMRI 

metric like MWF as discussed earlier, which shows robust results in histological staining with 

myelin content, it has also shown sensitivity with iron, as a result of very similar relaxometry 

properties exhibited by two biological constituents (Birkl et al., 2019; Laule et al., 2006, 2008; 

Laule & Moore, 2018; A. L. MacKay et al., 2009; Sandrone et al., 2023). Similarly, R2*, a qMRI 

metric commonly used to “measure” iron concentration in DGM, can also be affected by myelin 

concentration (Kor et al., 2019). Particularly, the significant correlations between MWF and R2* 

in both NAWM and DGM (Figure 2-8) reflect this, especially the gray matter (GM), which is 

generally poorly myelinated (Mercadante & Tadi, 2026). Consistent with previous findings from 

same lab investigating the validity of T1w/T1w ratio in measuring myelin using healthy subjects 

(Uddin et al., 2019; Uddin, Figley, Marrie, et al., 2018b),  and rigorous result shown by a recent 

histology study (Sandrone et al., 2023), MWF and T1w/T2w ratio were not at all significantly 

correlated with each other across all three ROIs in current work (Figure 2-8). Nonetheless, the 

colocalization of myelin and iron and their interplay in MS is just an intuitive example given their 

commonality to help readers understand. But in reality, the pathophysiology of MS is complex. 
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Inter-ROI correlations between qMRI metrics 

Last but not least, the authors hope to draw readers’ attention to the fact that information between 

ROIs can also be dynamically shared between qMRI metrics, as shown by the SMDR and DMDR 

portions of the Spearman rank correlation matrix (Figure 2-7C, E). Although these correlations are 

relatively weaker than DMSR (i.e., with a lower mean magnitude), DGM and NAWM ROI pair 

has the most significant correlations, and these correlations are consistently stronger than the 

correlations from the two other possible pairs of ROIs (Figure 2-9). In MS, besides more severe 

neurodegeneration seen in WML, mild abnormalities and inflammation have been observed in 

both DGM (Ontaneda et al., 2021; Vercellino et al., 2009) and NAWM (Maillard et al., 2011; 

Zhong & Lou, 2016). One possible explanation can be that, due to anterograde degeneration, the 

lesions originated in GM (e.g., dying cell bodies) extend/expand along the axons toward white 

matter, and vice versa with retrograde degeneration to reverse the direction of degeneration 

therefore relating DGM and NAWM (Kuceyeski et al., 2015). However, a longitudinal study with 

volumetric measures modeling the interaction between lesions (in the white matter) and subcortical 

gray matter regions has suggested that the progression of tissue damage in the two classes happens 

quite independently, questioning the contribution of anterograde/retrograde degeneration linkage 

between the two tissue classes (Fuchs et al., 2018). And interestingly, the NAWM-WML pair, are 

only weakly correlated with each other, despite the fact that those two ROIs are both in the WM 

space and they are more proximal to each other. Nevertheless, further investigation is needed to 

elucidate the underlying mechanisms of these correlations in particular.  

 

Study limitations 
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This study offers a distinct and unique perspective on the relationships among existing qMRI 

metrics in the MS realm, but one must be aware of the caveats in interpreting the results.  

ROI computational steps and choices (Combining DGM regions, WM/Lesion segmentation) 

Combining the six small DGM regions into a single larger ROI was done to facilitate interpretation, 

reduce the number of comparisons, reduce variance and improve confidence in volume estimates, 

since DGM regions are relatively smaller than the other two tissue classes. However, some DGM 

regions (e.g., thalamus) are larger than others, so the combined DGM measurements (i.e., qMRI 

and Vol) in this study are systematically biased toward larger sub-structures. In MS, DGM regions 

have attracted increased interest in neuropathology such as neuroinflammation, iron deposition 

and regional atrophy, and not all the regions respond to MS the same way (Haider et al., 2014). 

Therefore, more in-depth work is needed to study each DGM region and elucidate the associations; 

however, the same argument goes toward NAWM and WML with known heterogeneity in those 

two regions. However, since the primary goal of the study is to explore empirical trends across 

three macroscopically defined brain regions without a priori hypotheses, the authors chose to 

constrain the number of ROIs. Distinguishing WML and NAWM mean values in ROC/AUC 

analyses is heavily dependent on the quality of automated WM and lesion tissue segmentation. 

Tissue segmentation can be performed in various ways, yielding different results (Agrawal & 

Sharma, 2014). Moreover, this plays a role in the definition of ROI. 

 

Choices of imaging sequence parameters and metric processing pipelines 

It is also worth noting that almost all the qMRI metrics included in this study can be computed 

from more than one imaging sequence and can have multiple different processing pipelines. In 

other words, depending on the choice of acquisition and most notably the fitting model, qMRI 
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maps of the same type can have different values (Weingärtner et al., 2022). For example, diffusion 

MR imaging has been shown to be highly reproducible when the same acquisition and post-

processing pipeline is used (Heiervang et al., 2006), but scanner differences contribute 

significantly to DTI computation (Takao et al., 2011). The myelin water imaging method, and 

MWF in particular, is highly reproducible (Chan et al., 2023), and it correlates strongly with 

histological staining quantification of myelin (Laule et al., 2008), but can also be computed in 

several different ways (Alonso‐Ortiz et al., 2015b; Deoni et al., 2008; Lee et al., 2021; Lee, Nam, 

et al., 2017; S.-H. Oh et al., 2013). On the other hand, T1w/T2w ratio maps have not yet gained a 

consensus on how to normalize the two images (Ganzetti et al., 2014; Scalco et al., 2020). A study 

has shown that the reproducibility of T1w/T2w ratio images is quite high, but there is still regional 

variability, partly due to bias field differences (Glasser et al., 2022; Nerland et al., 2021). QSM is 

a relatively younger technique and different labs have proposed their methods and pipelines for 

computation. QSM computed by calculation of susceptibility using multiple orientation sampling 

(COSMOS) with 3 orthogonal probing directions was once considered the gold standard (Wang & 

Liu, 2015), but other techniques using background field removal and field-to-source inversion 

have more recently been developed for single orientation acquisitions. We chose the QSMART 

pipeline (Yaghmaie et al., 2021) mainly because it generates vascular masks and uses the iLSQR 

(iterative least square) fitting algorithm to remove major streak artifacts in the occipital lobe, which 

we encountered at the early stage in data preprocessing. However, fibre-orientation-induced 

susceptibility error remains to be corrected in QSM measures derived from single-orientation 

acquisition (Schweser et al., 2016). In addition, though R2* seems straightforward to compute, the 

final result may not accurately reflect the underlying biology. MR relaxometry fitting has long 

considered the monoexponentially decaying model the gold standard. However, a study of T2* 
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mapping shows substantial nonlinear deviations between the signal and model (van Gelderen et 

al., 2012), and the same concept of fibre orientation mentioned above can be extended toward R2* 

mapping (Lee, Shin, et al., 2017; van Gelderen et al., 2012). Another T2 mapping simulation study 

shows that the signal noise level, number of echoes, echo time and repetition time all play crucial 

roles in the estimation (Yang, 2024). Nevertheless, the choices of imaging sequence and post-

processing pipeline for the current study (Uddin et al., 2022) were all based on widely used, 

previously established and validated methods, and the choice to use large ROI-based analyses 

should mitigate potential effects of localized image artifacts, imperfections in spatial normalization, 

etc. 

 

Decomposition of the Spearman rank correlation matrix 

In this study, the Spearman rank correlation matrix is broken down into smaller components to 

organize the discussion. The rationale for the breakdown is systematic and forms a complete basis 

of the master matrix (i.e., mutual exclusivity). However, it was only “an” attempt to turn the results 

and empirical findings into something more easily digestible by the readers, with the realization 

that these perspectives are not exhausted by any means. Most importantly, individual significant 

relationships do not imply causality and should be regarded and interpreted with caution and 

known limitations. 

 

2.6 Conclusion 

This study has investigated the sensitivity and relationships of the ten qMRI metrics across three 

different ROIs in MS. The great sensitivity of the qMRI metrics across ROIs demonstrated by the 

Wilcoxon Signed-Rank tests, and especially the ROC/AUC result from the classification task 
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between WML and NAWM, highlighted their early clinical potentials in MS. And although 

Spearman rank correlation revealed a wide range of relationships between qMRI metrics both 

within and across ROIs, the information shared among qMRI metrics are not completely redundant, 

suggesting that using a multimodal approach, and specifically gathering unique metrics like QSM, 

may yield a much richer representation of the underlying MS pathophysiology to help better 

characterize the disease. However, the nontrivial interpretation of qMRI maps, specifically with a 

complex disease like MS, poses an issue that significantly hinders the clinical applicability, 

underpinning the need for more work to advance our understanding of qMRI in MS to improve 

the translatability.  
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Chapter 3 

Volumetric MRI measures correlate with quantitative MRI measures in multiple sclerosis 

between white matter lesions, normal appearing white matter and deep gray matter regions 

 

Publication status 

This chapter (and Chapter 2) are part of the abstract entitled ‘Correlation Between Microstructural 

and Volumetric MRI Measures in Multiple Sclerosis White Matter Lesions, Normal Appearing 

White Matter, and Deep Gray Matter Regions’ accepted for presentation at the Society for 

Neuroscience conference in 2022. The manuscript is currently under internal review before 

submission to a peer-review journal. 

 

3.1 Abstract 

Despite the fact that brain volumetry in multiple sclerosis (MS) exhibits clinical value in assessing 

disease progression, the relation between the regional volume of MS brain tissues and the 

microstructural integrity remains underexplored. With recent advances, quantitative MRI (qMRI) 

has demonstrated the ability to characterize the underlying microstructural status of brain tissues, 

offering promising opportunities for clinical application in MS. In this cross-sectional study, we 

aim to examine the correlations between 10 qMRI metrics (axial diffusivity (AD), radial diffusivity 

(RD), mean diffusivity (MD), fractional anisotropy (FA), myelin water fraction (MWF), intra- and 

extra- cellular water fraction (IEWF), geometric mean T2 (gT2), T1-weighted-by-T2-weighted 

(T1w/T2w) ratio, R2* and QSM)) and regional brain volumetric (Vol) measures. These 

relationships were evaluated across three tissue regions of interest (NAWM, WML and DGM). 

With a sample size of 79, Spearman rank correlation analyses were performed, and statistical 
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significance was globally adjusted for multiple comparisons using a false discovery rate correction. 

A total of 235 (out of 528 tested) correlations remained significant (i.e., pBH-FDR < 0.05). Among 

these, 56 of 93 correlations related to volumetric measure were significant. Volumetric measures 

showed the highest number of significant correlations among the qMRI metrics. Specifically, 

WML Vol exhibited a positive association with worsening microstructural status, as measured by 

qMRI metrics. This finding highlights that qMRI can support the cross-sectional uses of volumetry 

for MS in the clinic and even potentially provide more information about the underlying degree of 

microstructural damage to better characterize MS. 
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3.2 Introduction 

Multiple sclerosis (MS) is an autoimmune neurodegenerative disease widely recognized by its 

pathological feature of demyelination (Korn, 2008). Demyelination is often observed along with 

axonal degeneration (Bitsch, 2000; Bjartmar et al., 2003; Trapp et al., 1998). In addition, the 

dyregulated ferrous iron leads to the formation of free radicals, which increase oxidative stress and 

promote further neuronal damage (Haider et al., 2014; Stankiewicz et al., 2014; Stephenson et al., 

2014; Williams et al., 2012; Zierfuss et al., 2023). Given that myelin and white matter account for 

a large portion of the brain (Morell & Norton, 1980; Sampaio-Baptista & Johansen-Berg, 2017), 

brain volume changes (especially brain atrophy) in MS have long been investigated (Andravizou 

et al., 2019; Fox et al., 2000; Giorgio & De Stefano, 2013; Jagust & Noseworthy, 2000; Zivadinov 

& Bakshi, 2004). Recent volumetric studies have even found significant relationships between 

whole brain and regional brain atrophy, and disease progression and clinical scores/assessments 

(Barnett et al., 2020; Preziosa et al., 2022; Radue et al., 2015). Notably, brain volumetric measures 

in these studies all rely on magnetic resonance imaging. 

The volumetric measure (Vol), unlike other quantitative metrics, is neither an innovative 

metric nor does it require advanced sequences or carefully designed post-processing pipelines. 

Indeed, with studies investigating the test-retest reliability of MRI-based brain volumetry 

(Bartzokis et al., 1993; Luft et al., 1996; Maclaren et al., 2014) and accessible software to automate 

the volumetry calculation process (Harkey et al., 2022; J. Y. Lee et al., 2021; Tavares et al., 2020), 

MRI-based brain volumetry has become common. In MS, autoimmune responses can take place 

in both white matter (WM) and gray matter (GM) in the central nervous system (CNS), leading to 

cellular-level dysregulation and axon degeneration (Andravizou et al., 2019), therefore causing 

brain volume changes either in short-term fluctuations (Rovaris, 2001; Uher et al., 2021) or long-
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term reductions (Chard, 2003). Medication can also play a modulating affect in brain volume 

changes (Andravizou et al., 2019; Dieleman et al., 2017). To explore the relationship between 

different compartmental brain Vol in MS, a cross-sectional study with MS (N=75) and healthy 

control (N=21) analyzed 56 regions across the brain (including, but not limited to cortical and 

subcortical subregions, ventricle subregions, and WM and non-WM hypointensities) and found 

that many regional volumes (normalized by subject’s head size) were significantly correlated to 

disease severity (i.e., EDSS, and that not all of them exhibited the same sensitivity among clusters 

(which has been qualitatively shown to be relevant to different clinical phenotypes) by the 

hierarchical clustering analysis, highlighting an early evidence of different degrees of regional 

atrophy and the unique sensitivity of the WM abnormalities in MS (Fujimori et al., 2020). 

Interestingly, a longitudinal study particularly looked at brain atrophy in different MS phenotypes, 

and the result revealed distinct spatiotemporal patterns of the brain atrophy, and they were 

phenotypically relevant (i.e., ventricular enlargement in relapsing remitting forms vs. cortical and 

subcortical atrophy in progressive forms), underpinning the heterogeneity in MS and the clinical 

value of regional brain volume (Pagani et al., 2005). Pairing with these observations, brain Vol has 

long been studied for its clinical feasibility. Expanded disability status scale (EDSS) has been 

shown to be associated with whole brain atrophy (Fisher et al., 2002; Rocca et al., 2017; Rudick 

et al., 2000), baseline gray matter Vol (Lavorgna et al., 2014), T2-lesion Vol (in combination with 

other brain Vol) (Popescu et al., 2013). Also, gray matter atrophy and T2-lesion Vol has also been 

found to be associated with depression, and long-term cognition impairment, respectively (Pravatà 

et al., 2017). And especially, high T2 lesion Vol is one of many indicators of a poor MS prognosis 

(Rotstein & Montalban, 2019). Nevertheless, despite its promising clinical applicability, the 

complexity of MS pathophysiology, as outlined, in contrast to the macroscopic nature of the Vol, 
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there is still a pressing need to further characterize brain Vol using more sensitive microstructural 

status to enhance its interpretability to enable precision in medicine.  

Some specialized MRI sequences and associated processing pipelines are developed to 

produce quantitative MRI (qMRI) metrics. The scope of interest with qMRI metrics is much 

narrower than that of conventional MRI for examining specific properties of microstructural 

changes (Granziera et al., 2021). Diffusion tensor imaging (DTI) can probe diffusivity in brain 

tissues using the gradient dephasing/rephasing mechanism. It provides measures sensitive to 

compromised microstructural integrity related to diffusivity in MS cases (Sbardella et al., 2013). 

Myelin water imaging (MWI) estimates the entire T2 spectrum of a voxel using empirical cutoff 

values derived from healthy tissues. Subsequently, different compartmental water fractions (e.g., 

myelin water fraction) can be determined (MacKay & Laule, 2016), and these have been shown to 

provide high specificity to myelin via comparisons with histological staining (Laule et al., 2008; 

Sandrone et al., 2023). The T1-weighted-divided-by-T2-weighted (T1w/T2w) ratio is a 

straightforward method for probing microstructural integrity by normalizing T1-weighted images 

to T2-weighted images and enabling direct quantitative comparison of brain voxels (Glasser & van 

Essen, 2011), although its specificity to any particular biomarker (e.g., myelin concentration) has 

been debated, particularly within WM regions (Sandrone et al., 2023; Uddin et al., 2018, 2019). 

However, although not myelin-specific, a recent longitudinal study showed that the T1w/T2w ratio 

had high sensitivity across MS brain regions (Boaventura et al., 2022). Quantitative susceptibility 

mapping (QSM) utilizes phase accumulation caused by local field inhomogeneity due to 

susceptibility and maps the susceptibility for each voxel correspondingly (Schweser et al., 2016). 

Because iron has a strong positive susceptibility, QSM is a widely used imaging technique for 

mapping iron content in the brain, especially in the deep gray matter regions of MS (Langkammer 
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et al., 2013). R2* (or 1/𝑇2∗) mapping is another popular method for detecting elevated iron levels 

in the brain (Wood et al., 2005) and is beneficial for understanding the effects of iron in MS.  

qMRI measures, contrary to clinical assessments, are more directly sensitive to biological 

changes in the brain. Due to the lack of literature investigating the relationship between different 

quantitative measures and MS brains’ compartmental volume, this cross-sectional study aims to 

quantify relationships between volumetric measures and different qMRI measures in three major 

brain regions in MS: normal appearing white matter (NAWM), white matter lesions (WML) and 

deep gray matter (DGM) by conducting a statistical correlation analysis. 

 

3.3 Methods 

Dataset summary 

This study was approved by the University of Manitoba Health Research Ethics Board and consent 

from the participants was collected before any scanning/analysis. The data set is a subset of the 

complete dataset, with a full battery of MRI sequences collected (Participants = 79, 67 are females), 

and it belongs to the follow-up visit of the Comorbidity and Cognition in Multiple Sclerosis 

(CCOMS) Study (Uddin et al., 2022). Participants’ median expanded disability status scale is 3.5 

(IQR: [3,5.5]), and mean age is 50.6 (range: 22.8 – 79.0). They were all previously diagnosed with 

multiple sclerosis, with conditions met under McDonald’s criteria. For more details on the 

inclusion criteria, one may refer to our previously published imaging protocol (Uddin et al., 2022). 

 

qMRI map pre-processing and ROI mask computation 

This study aimed to investigate the correlation between volumetric (Vol) measures and ten qMRI 

metrics: axial diffusivity (AD), radial diffusivity (RD), mean diffusivity (MD), fractional 

anisotropy (FA), myelin water fraction (MWF), intra- and extra- cellular water fraction (IEWF), 
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geometric mean T2 (gT2), T1w/T2w ratio, R2* and QSM. Figure 3-1 displays ten qMRI maps 

from a single axial slice for one representative participant. ROI analysis is employed with three 

brain regions as mentioned above: 1) NAWM, 2) WML, and 3) DGM. The ROI masks are 

illustrated in Figure 3-2. The imaging sequence specifications and image pre-processing pipeline 

details for generating each of the MNI-space qMRI maps can be found in a previously published 

protocol paper (Uddin et al., 2022). In addition, specific steps for ROI mask computation can be 

found in a parallel study from the same lab that uses the same sets ROI (Chapter 2). 

 

Figure 3-1: Sample axial slices of 10 quantitative maps of one random MS participant of the study. 

 

 

Figure 3-2: Illustration of NAWM, WML and DGM for one random MS participant. 
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(Left) color coded tissue ROIs overlaid on the participant’s T1-weighted image, cyan: NAWM, 

yellow: WML, red: DGM. (Right) DGM mask is made up of six DGM regions, magenta: Caudate 

nucleus, blue: Putamen, pink: Globus pallidus, green: Substantia nigra, orange: Red nucleus and 

yellow, thalamus. 

 

Statistical analyses  

All ROI Vols were estimated by summing the ROI’s voxel count for each subject in the subject 

space. For example, the Vol of DGM was estimated by summing voxel counts after reverting the 

“EvePM” Atlas (Lim et al., 2013) from MNI-152 space to individual subject space using the 

subject-specific backward deformation map, which is precomputed as part of the tissue 

segmentation output following the steps in previously published imaging protocol (Uddin et al., 

2022) via Computational Anatomy Toolbox (CAT12 version r1318; http://www.neuro.uni-

jena.de/cat/). In summary, these ROI were eventually brought back to and being analyzed in the 

template space. Averaging the metrics within each ROI yielded a total of 33 variables in the data 

set (i.e., 3 ROIs x 11 qMRI measurements = 33 variables). Box-and-whisker plots and the 

associated descriptive statistics (i.e., mean, standard deviation (Std) and coefficient of variation 

(CoV)) for 33 variables were computed to provide an overview of the data distribution across all 

qMRI metrics in all three tissue classes.  

The correlations of qMRI metrics and volumetric measures among MS participants were 

computed, identical to the parallel work, in a pairwise manner for each ROI using Spearman rank 

correlation, with age and sex included as covariates for the statistical correlation analysis. Note 

that, despite the 33-by-33 matrix obtained by exhaustively pairing the metrics, the current study 

focused solely on volumetric measures and their relationships with other qMRI. That is, only a 

http://www.neuro.uni-jena.de/cat/
http://www.neuro.uni-jena.de/cat/
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subset of relationships (the last three rows/columns) from the full correlation matrix (Figure 3-3A) 

was being analyzed in this study, as the rest of the matrix was addressed and discussed in the 

parallel manuscript (Chapter 2). Nonetheless, to maintain the statistical integrity as the mentioned 

manuscript in parallel with investigating the rest of the relationship among qMRI in the correlation 

matrix, all p-values from unique relationships (including the ones that are not being looked at in 

the current manuscript) were adjusted by using the step-up Benjamini-Hochberg false discovery 

rate (BH-FDR) procedure to correct type-I errors from multiple comparisons (Benjamini & 

Hochberg, 1995), with the threshold of p < 0.05 after adjustment. The analyses above were 

performed in MATLAB (version R2020a; The MathWorks Inc., Natick, MA, USA). The number 

of associated significant correlations of each metric, and their shared percentage, calculated as the 

number of the associated significant correlations of each metric divided by the total unique 

significant correlations from the correlation map among qMRI-Vol correlations only, were 

computed to gain an entry-level understanding of how the significant correlation was distributed. 
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Figure 3-3: Age- and sex-corrected Spearman rank correlation matrices of 11 qMRI across 3 ROIs. 

 

(A) Sex and age adjusted Spearman rank correlation matrix, (B) significant Spearman rank 

correlation matrix and associated (C) significant BH-FDR corrected p-values. Gray boxes 

indicate the entry is no longer significant after the BH-FDR correction. 
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3.4 Results  

Box-and-whisker plots for the ten qMRI metrics and Vol are displayed in Figure 3-4. Descriptive 

statistics (i.e., mean, Std and CoV) of all distributions are summarized in Table 3-1. Particularly, 

for the brain volume measure, WML Vol shows greater variability across participants with a 

coefficient of variation of 1.13, compared with NAWM Vol (0.17) and DGM Vol (0.13). The total 

number (i.e., including qMRI-qMRI pairwise correlation) of significant Spearman rank correlation 

is 235 (out of 528), and the distribution of the number of associated significant correlation and 

shared percentage (over 235), of each metric is visualized in Figure 3-5, where Vol shows the most 

significant correlations among all (56, partially shared 23.8% of significant pairs with others). 

Individual age- and sex-corrected Spearman rank correlations between Vol and each quantitative 

metric, with corresponding significant p-values after BH-FDR correction and significant 

correlations are visualized in Figures 3-6, 3-7 and 3-8, respectively. The entire correlation matrix, 

its associated corrected p-values and significant Spearman rank correlations can be found in Figure 

3-3. After the global BH-FDR correction and controlling for age and sex effects, 56 out of 93 

unique correlations (i.e., all correlations except the intra-correlation and replicate of the inter-ROI 

correlation in Figure 3-6) remain significant (Figure 3-8). Of those that are significant after BH-

FDR correction, AD, MD, gT2 and R2* have the most correlations with Vol, while IEWF and 

QSM have the least. 
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Figure 3-4: Box-and-whisker plots of 11 qMRI metrics. 
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Table 3-1: Mean, standard deviation and coefficient of variation of all 33 qMRI-ROI pairings 

across participants. 

 

BH-FDR corrected Wilcoxon Signed-Rank tests’ p-values are shown on the right of the Table, 

where significant results were shown in bold fonts *Note: QSM’s mean ranges from negative to 

positive, therefore the coefficient of variation was not calculated.  

 

  

Quantitative metrics (units) Tissue classes mean Sample standard deviation Coefficient of variation 
NAWM 0.0010 0.00003 0.026
WML 0.0014 0.00009 0.062
DGM 0.0009 0.00004 0.040
NAWM 0.0005 0.00003 0.055
WML 0.0009 0.00009 0.103
DGM 0.0006 0.00003 0.045
NAWM 0.0007 0.00003 0.038
WML 0.0010 0.00008 0.079
DGM 0.0007 0.00003 0.042
NAWM 0.3939 0.02138 0.054
WML 0.3258 0.03950 0.121
DGM 0.2564 0.01330 0.052
NAWM 0.0865 0.01587 0.183
WML 0.0650 0.01628 0.250
DGM 0.0868 0.02058 0.237
NAWM 0.8851 0.01489 0.017
WML 0.8559 0.06669 0.078
DGM 0.8671 0.02642 0.030
NAWM 67.6399 3.64860 0.054
WML 98.7070 21.02011 0.213
DGM 72.9367 8.13183 0.111
NAWM 1.3908 0.10274 0.074
WML 0.9641 0.10224 0.106
DGM 1.3107 0.10000 0.076
NAWM 20.4878 1.01227 0.049
WML 14.7693 1.93013 0.131
DGM 24.0461 1.75999 0.073
NAWM -0.0030 0.00102 *
WML -0.0002 0.00420 *
DGM 0.0137 0.00466 *
NAWM 384.2619 63.99337 0.167
WML 11.7425 13.24742 1.128
DGM 21.2311 2.71241 0.128

gT2
(ms)

T1w/T2w ratio
(a.u.)

R2*
(Hz)

QSM
(ppm)

Vol
(cm^3)

AD 
(mm^2/s)

RD
(mm^2/s)

MD
(mm^2/s)

FA
(a.u.)

MWF
(a.u.)

IEWF
(a.u.)



CHAPTER 3 

 95 

Figure 3-5: Bar graph of 11 qMRI metric correlations and their shared percentages within 235 

(out of 528) total unique significant correlations. 

 

 

Figure 3-6: Age- and sex-corrected Spearman rank correlations of Vol with 10 qMRI metrics 

across 3 ROIs. 
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Figure 3-7: BH-FDR corrected p-values of the Spearman rank correlations of Vol with 10 qMRI 

metrics across 3 ROIs. 

 

Gray boxes indicate the entry is no longer significant after the BH-FDR correction using entire 

matrix (Figure 3-3A). 
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Figure 3-8: Significant Spearman rank correlations of Vol with 10 quantitative metrics across 3 

ROIs. 

 

Gray boxes indicate the entry is no longer significant after the BH-FDR correction. 

 

3.5 Discussion 

Vol has the most shared percentage of significant correlations among the group of qMRI metrics 

(Figure 3-5), and that is nearly two-thirds (56/93) of the unique correlations with itself and the 

other 10 qMRI metrics remain significant after correction for multiple comparisons (Figure 3-8). 

These significant correlations with their correlation polarities, especially intra-ROI ones, suggest 

that there is a pronounced association between microstructural integrity and local brain volume 
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based on our interpretations and understanding of the biology and physics of the metrics. The off-

diagonal correlations have shown the inter-regional dynamics of the correlation between 

volumetric measures and other quantitative measures. However, it is worth noting that the diagonal 

correlations (i.e., intra-ROI correlations) are neither all significant nor necessarily the strongest. 

 

Volumetric measures correlate with a wide range of MRI metrics in MS 

The finding that Vol is a metric that strongly and densely correlates with the other qMRI metrics 

was interesting yet anticipated by many clinical studies on the relationship between brain Vol 

(especially WML Vol and DGM Vol) and clinical scores and presentations. To date, no studies have 

systematically examined the correlation between volumes of different brain tissue classes and an 

extensive and multimodal set of qMRI metrics. However, one particular study showed a significant 

correlation between NAWM FA and cerebral volume (Larassati et al., 2022). Another study 

observed an association between the atrophied QSM rim+ lesion and MWF, but quantitative 

volume measures were not taken into account (Yao et al., 2018). In Figure 3-5, the magnitude of 

the significant correlation varies, but AD, RD, MD, gT2, and T1w/T2w ratio are more closely 

correlated with Vol, both in magnitude and density, than the other metrics. Interestingly, FA, MWF, 

IEWF, R2* and QSM, in contrast, show either weaker or fewer significant relationships with the 

volumes of these brain tissue classes. The line between the qMRI groups, which show either more 

or less correlation with the Vol groups, is unclear. However, we know that AD, RD, MD (diffusion-

based) and gT2 and T1w/T2w ratio (relaxometry-based) are sensitive measures for detecting 

microstructural changes in the brain, but are less specific than, for example, MWF and QSM. 

Therefore, it remains an ongoing effort to further examine the exact relationship between volume 



CHAPTER 3 

 99 

measures and underlying biological properties in MS neural repair and neural degeneration in 

association with MR readings.  

 

Intra-ROI correlations between Vol and quantitative metrics in MS 

The intra-ROI regions (diagonal entries) implied that a worse microstructural status of the ROI is 

associated with larger WML size and smaller normal tissue (i.e., NAWM and DGM) size. For 

example, each significant WML correlation in AD, RD, MD and gT2 is shown to be positive (i.e., 

red blocks), whereas MWF and R2* show significant negative correlations (i.e., blue blocks). This 

means that across multiple measures, individuals with higher WML volumes also had lower 

microstructural status (e.g., higher diffusivity, longer relaxation time and lower myelin water 

fraction), while individuals with lower WML volumes tended to have comparatively higher 

microstructural status within their lesions. The negative correlation between R2* and Vol in WML 

(Figure 3-8) is particularly interesting, in a way similar to an argument toward MWF that it may 

be specific to both myelin and iron (Birkl et al., 2019). R2* (extending the concept to R2’) may 

also be sensitive to myelin in addition to iron, with orientation dependency (J. Lee et al., 2017; 

Paling et al., 2012; Weber et al., 2020). In the context of white matter, iron is usually found with 

macrophages and microglia (Kamma et al., 2022), and the density of activated phenotypes of the 

two is higher in active lesion borders (Tham et al., 2021). It was shown in this study that, on one 

hand, smaller WMLs tend to have higher R2* values, which may be due to their hyperactivity at 

the early phase or a relatively higher myelin being more likely to be conserved at early stages. Or 

on the other hand, larger WMLs tend to have a lower R2* value, which may be due to a 

combination of myelin breakdown, iron depletion, potentially at a later stage. However, a definitive 

conclusion cannot be made given that this is a cross-sectional analysis and lesion types were not 
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identified in the current study. In addition, NAWM and DGM Vol are significantly related to 

quantitative measures within ROI, mostly with a polarity opposite to that of WML.  

 

Inter-ROI correlations between Vol and quantitative metrics in MS 

One would anticipate that regional volume fluctuations and the microstructural changes in the 

same region, as described in the previous section, are more likely to be correlated than cross-region 

relationships. However, this dataset shows that the inter-ROI associations are equally shown to be 

significant. Since the significant correlation occurrence across ROI (i.e., 38 significant inter-ROI 

correlations divided by 63 total inter-ROI correlations = 60.3%) is slightly higher than the 

correlation occurrence within ROI (i.e., 18 significant intra-ROI correlations divided by 30 total 

intra-ROI correlations = 60.0%). Those significant correlations have suggested that: 1) people with 

higher Vol in NAWM, tend to have, higher MWF and R2*, and lower AD, gT2 and Vol in WML; 

higher FA, MWF, R2*and Vol, and lower AD, RD, MD, gT2 and T1w/T2w ratio in DGM 2) people 

with higher Vol in WML, tend to have, higher AD, RD, MD, IEWF and gT2, and lower FA, MWF, 

R2* and Vol (replicated) in NAWM; higher AD, RD, MD, gT2 and T1w/T2w ratio, and lower Vol 

in DGM. 3) people with higher Vol in DGM, tend to have, higher FA, MWF, R2* and Vol 

(replicated), and lower AD, RD, MD and gT2 in NAWM; higher R2*, and lower AD, gT2 and Vol 

(replicated) in WML. Although the significant findings of these inter-ROI correlations appear to 

be scattered (i.e., significance and strength of the correlations), and in extreme case, QSM does 

not show any correlations with Vol at all, suggesting the differences in qMRI metrics’ sensitivity 

in general and across ROIs, the correlational matrices share pattern-wise structural similarity 

(Figure 3-8, and the pattern is more apparent in Figure 3-6) – the directionality of the correlations 

between Vol for one ROI and qMRI metric in the other two ROIs remain identical except for Vol-
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Vol correlation (e.g., AD-Vol inter-ROI correlations: Vol in NAWM is negatively correlated to AD 

in both WML and DGM; Vol in WML is positively correlated to AD in both NAWM and DGM; 

Vol in DGM is negatively correlated to AD in both NAWM and WML). To the author’s knowledge, 

this is the first study to discuss the dynamic association between MS brain regional volumes and 

quantitative measures. The topic of inter-ROI correlation between pairs of qMRI metrics was 

further discussed in our parallel manuscript (Chapter 2). These findings and the indirect evidence 

have motivated research to investigate the phenomenon or further elucidate the mechanism. 

However, it is clear that MS pathology and neural activities, including repair and 

neurodegeneration, are not confined to radiologically apparent regions (e.g., focal lesion, 

inflammation) but are instead globally distributed. Acknowledging also that qMRI metrics are 

sensitive but not generally specific, and their interpretation is region-dependent, this inter-ROI and 

“unidirectional” pattern indicates tissue microstructural damages exist globally, possibly in the 

same direction, at least as shown consistently by the majority of the qMRI metrics. This also 

reinforced the NAWM naming convention, highlighting the underlying subtle abnormalities in 

WM (Ludwin, 2006).  

 

Study limitations  

Since this study design shares the same framework as the study from the same lab that focuses 

solely on the correlations between qMRI metrics (the rest of the relationships of the Spearman 

rank correlation) (Chapter 2), the majority of the limitations are already outlined in the parallel 

manuscript (Chapter 2). Those include the choices of ROI computation, imaging sequence 

parameters, metric processing pipelines, and the decomposition of the Spearman rank correlation 

matrix. Nevertheless, speaking of ways to decompose matrices, the finding of the study was based 
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on the robust decomposition of the whole Spearman rank correlation onto individual metrics, that 

is volumetric measures in this case. The other manuscript (Chapter 2) can be theoretically split and 

organized in the same way. However, this will lead to redundant findings (i.e., discussion from 

qMRI metrics’ perspective in the opposite ways) because of the symmetry of the matrix, potentially 

scattering the findings and confusing readers. Since qMRI-qMRI and qMRI-Vol matrices together 

form a complete basis of the original Spearman rank correlation matrix, it minimizes the 

complexity of analyses and avoids redundant findings. Ultimately, despite the fact that both study 

analyses were done in a similar way, the research questions and focuses remain different, BH-FDR 

was applied to the whole matrix to preserve statistical and scientific rigor.  

 

3.6 Conclusions 

Volumetric measures were found to correlate with most qMRI metrics both within and, intriguingly, 

across the three tissue classes. Besides significant associations between Vol and qMRI metrics 

within WML (the best-known site of investigation in MS), Vol also shows strong relationships 

with qMRI metrics in both NAWM and DGM. This is the first paper to characterize the relationship 

between volumetric and a large and diverse set of qMRI metrics (at least in those bulk 

compartments) in a large MS cohort, and to the best of our knowledge, it is the first MRI study to 

empirically show a significant positive correlation between total lesion volume and average lesion 

severity/activities. We hope the result raises awareness of emerging qMRI methods and highlights 

their association with volumetric measures in MS. Most excitingly, this adds to the driving force 

for future studies to leverage the relationship between quantitative MR metrics and Vol to gain a 

better understanding of the underlying mechanism and yield a more specific measure to inform 

clinical decisions in MS. 
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Chapter 4 

Mapping quantitative MRI changes as a function of distance from the boundaries of multiple 

sclerosis white matter lesions 

 

Publication status 

Parts of this chapter were presented in the abstract entitled ‘Investigating the Signal Transition 

from White Matter Lesion Core to Perilesional White Matter in Multiple Sclerosis Using 

Quantitative Magnetic Resonance Imaging Techniques’ at the conferences: Manitoba Student 

Health Research Forum, Manitoba Neuroscience Network and EndMS Conference in 2023, 

and Americas Committee for Treatment and Research in Multiple Sclerosis in 2024. The 

manuscript is currently under internal review before submission to a peer-reviewed journal. 

 

Peer-review conference abstract  

Wong, K., Uddin, M. N., Figley, T. D., Kornelsen, J., Helmick, C. A., O’Grady, C. B., Mazerolle, 

E. L., Patel, R., Bernstein, C. N., & Fisk, J. D. (2024). Investigating Quantitative Magnetic 

Resonance Imaging Transitions from Multiple Sclerosis White Matter Lesions to Perilesional 

Normal Appearing White Matter. MULTIPLE SCLEROSIS JOURNAL, 30(1), 128–129. 

 

4.1 Abstract 

White matter lesions (WMLs) are a key pathological characteristic of multiple sclerosis (MS). 

With extended spatial sensitivity shown by quantitative MRI (qMRI), this study aimed to 

investigate the spatial gradients of 10 different advanced qMRI metrics (axial diffusivity (AD), 

radial diffusivity (RD), mean diffusivity (MD), fractional anisotropy (FA), myelin water fraction 
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(MWF), intra- and extra- cellular water fraction (IEWF), geometric mean T2 (gT2), T1-weighted-

by-T2-weighted (T1w/T2w) ratio, R2* and quantitative susceptibility mapping (QSM)) extending 

from WML cores to perilesional normal appearing white matter (pNAWM) in an MS cohort 

(N=79). The analysis was conducted at the individual-lesion level (N=926, separated by voxel 

connectedness). Pre-computed WML mask of each WML was eroded (-) or dilated (+) with a 

discrete step size of 1 mm and ranges from -4 to +10. Each shell was used to extract the average 

across 10 quantitative MRI maps. The Mann-Whitney U-test was employed to assess how rapidly 

the adjacent shells transit, and Spearman rank correlation was used to examine both inter-shell 

correlations within qMRI metrics and intra-shell correlations between qMRI metrics. All qMRI 

exhibited mostly a linear-like signal trend from the inner WML core to the pNAWM, reaching a 

plateau at the outer pNAWM. The Mann-Whitney test result revealed a significant transition not 

only at (10/10 qMRI metrics), but also around (9/10 qMRI metrics) the WML-pNAWM boundary, 

even after correcting for multiple comparisons using the Bonferroni method (i.e., pFWE < 0.05). 

Inter-shell Spearman rank correlation analysis has found significant relationships are more likely 

to cluster in either tissue classes for each qMRI metric as compared to across tissue class and intra-

shell Spearman rank correlation analysis between qMRI highlighted the heterogeneous pattern of 

correlation around the WML-pNAWM boundary, with all p-values adjusted by the false discovery 

rate (i.e., pBH-FDR < 0.05). Together, the results underscored the importance of the tissue interface 

region and suggested that the including pNAWM could yield additional information beyond WML 

in MS.  
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4.2 Introduction 

One of the defining features of multiple sclerosis (MS) is the presence of focal white matter lesions 

(WMLs) throughout the brain (Lassmann, 2014; Lassmann et al., 2007). Studies have shown that 

the inflammatory response in the central nervous system is triggered by the infiltration of immune 

cells through the blood-brain barrier and is mediated by glial cells in the early stage of the disease 

(Korn, 2008; Lassmann, 2014). Among paraclinical tools, magnetic resonance imaging (MRI) 

plays a key role in identifying lesion location and type to inform better clinical decisions (Bakshi 

et al., 2008; Filippi & Rocca, 2007; Hemond & Bakshi, 2018).   

However, while WML characterization is important, so-called normal appearing white 

matter (NAWM) may provide clues about tissue transition, since both in vivo studies using 

advanced MRI sequences and ex vivo studies using pathological staining have demonstrated that 

NAWM in MS has often already experienced degrees of microstructural damage and tissue 

deterioration (Miller et al., 2003; Moll et al., 2011). One research group previously found that 

among people with MS (in the relapsing-remitting form), NAWM permeability and inflammation 

severity are associated with clinical presentation: processing speed and cognitive decline 

(Eftekhari et al., 2017). Interestingly, another study from a different group subsequently showed 

that early NAWM inflammation disrupts nodes of Ranvier, affecting signal conduction speed 

(Gallego-Delgado et al., 2020). Retrospectively, it often received less attention as compared to 

WML. Given that WM is a significant part of the brain, both volumetrically and functionally, 

understanding early pathologies in NAWM may not only help elucidate the mechanisms 

underlying early lesion formation but also inform the interpretation of the clinical presentation 

(Miller et al., 2003). Furthermore, despite the growing number of studies on the MS prodromal 

phase  (Harding et al., 2024; Makhani & Tremlett, 2021), predicting conversion to MS remains 
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difficult due to the limited sensitivity of current tools. However, a few studies that collected serial 

scans of people with MS with longitudinal quantitative MRI (qMRI) sequences concluded that 

qMRI signals offer insight into the specific spatial heterogeneity in NAWM and each of which 

shows distinct patterns of transitions from NAWM to lesions, highlighting the potential of MRI to 

reveal lesion precursors in the landscape of NAWM (Elliott et al., 2021; Goodkin et al., 1998).  

It is worth noting that WMLs are constantly evolving during the course of MS, both 

pathologically and morphologically (Guttmann et al., 1995; Inglese et al., 2005; McDonald et al., 

1992; Rovira et al., 2013). Macroscopically, tissue transitions (both from NAWM to WML and 

WML to NAWM) are visible on longitudinal MRI, particularly around the WML periphery and 

perilesional NAWM (pNAWM) (Barkhof et al., 2003; Rovira et al., 2013). This begs the questions: 

how closely are the two tissue classes related to each other microscopically, and how sharp is the 

gradient between the two tissue classes (and if smooth, how far into WMLs and out into NAWM 

are noticeable changes observed)? A study back in 2006 examined the pNAWM at varying 

distances from the lesion using T1 and magnetic transfer ratio and found that, pNAWM in general 

was not significantly correlated with generic clinical measures, such as EDSS and disease duration 

(Vrenken et al., 2006), but this study did not tap into the relationship between different pNAWM 

bands and WML. Recently, a study attempted to probe the relationship between pNAWM and 

WML (specifically the chronic black holes) and found a significant association between the two 

classes in axonal volume fraction (a multi-compartment diffusion MRI-derived metric) (Clarke et 

al., 2021). However, in both studies, pNAWM were not systematically and consistently delineated 

(i.e., lacking three-dimensional coverage and requiring expert human raters). Furthermore, WML 

was treated as a single region of interest (ROI) in the analyses, yet there is a significant 

heterogeneity in lesion subtypes (Lucchinetti et al., 2000) and evolutionary patterns. Recent 
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attention to paramagnetic rim lesions and the concentrically expanding patterns underscores the 

importance of the WML boundary (Martire et al., 2022; Preziosa et al., 2022; Sethi et al., 2017). 

Not long ago, a study using quantitative T1rho (i.e., a quantitative T1 metric that utilizes the MR 

spin lock mechanism) and DTI metrics (AD, RD, MD and FA) in pNAWM regions dilated using 

individual WMLs in a relapsing-remitting MS cohort has shown that those qMRI metrics not only 

are sensitive to the pNAWM heterogeneity, but also have different sensitivity profiles that share 

information with each other (Wang et al., 2025). Therefore, this study aims to adopt similar study 

designs but with a broader range of qMRI metrics, at finer resolution, to expand our understanding 

of the relationship between pNAWM and WML. In this study, individual WML surfaces will serve 

as the basis for region growing/shrinking, resembling a distance-based analysis. Compared to most 

of the prior two-dimensional analyses, this study will also use three-dimensional shells (versus 2D 

bands) computations both inside and outside WML, in a stepwise fashion (i.e., 1 mm3 per step). 

Last but not least, the current study is conducted at the level of individual lesions. 

 

4.3 Methods 

Dataset summary 

The approval of the study was gained from the University of Manitoba Health Research Ethics 

Board and participants provided their written consent prior to any scanning/analysis. The cross-

sectional data used for this analysis entails the full battery of qMRI metrics (i.e., axial diffusivity 

(AD), radial diffusivity (RD), mean diffusivity (MD), fractional anisotropy (FA), myelin water 

fraction (MWF), intra- and extra- cellular water fraction (IEWF), geometric mean T2 (gT2), T1-

weighted-by-T2-weighted (T1w/T2w) ratio, R2* and quantitative susceptibility mapping (QSM)), 

which belongs to the follow-up dataset of the MS cohort in the Comorbidity and Cognition in 



CHAPTER 4   

 118 

Multiple Sclerosis (CCOMS) Study MRI dataset (Uddin et al., 2022). The seventy-nine (67 are 

females) participants’ median expanded disability status scale is 3.5 (IQR: [3,5.5]), and the mean 

age is 50.6 (range: 22.8 – 79.0). They were all previously diagnosed with multiple sclerosis, with 

conditions met under McDonald’s criteria. For more details on the inclusion criteria, one may refer 

to our previously published imaging protocol (Uddin et al., 2022). 

 

qMRI map pre-processing and ROI mask computation 

Specific details of the image pre-processing pipelines for each qMRI technique can also be viewed 

in our previously published imaging protocol (Uddin et al., 2022). Binary tissue masks (i.e., global 

WM and WML) were computed using the same method reported in one of our recent analyses 

(Chapter 2). Briefly, the subject-space WM tissue probability map from each participant was and 

these were thresholded at 70% to exclude confounding regions with low probabilities were 

computed by Computational Anatomy Toolbox (CAT12 version r1318; http://www.neuro.uni-

jena.de/cat/) as previously discussed in the imaging protocol for the CCOMS Study (Uddin, 2022). 

The binary subject-space WML tissue mask was created by selecting the overlaps of the WML 

masks output by two independent software packages (Uddin et al., 2022). Global WM and WML 

masks were then nonlinearly warped to the standard MNI152 template using the forward 

deformation file for each participant already included in the CCOMS dataset (Uddin, 2022), and 

the NAWM masks were then generated by subtracting each person’s WML mask from their global 

WM mask. However, because of the inherently reduced field of view of the brain near the inferior 

cerebellar region when collecting the myelin water imaging (MWI) data, an apparent brain mask 

on each subject is needed to not only facilitate an accurate shell ROI (see computation below) 

mean calculation (i.e., virtually excluding zeros entries from the background) in MWF, IEWF, and 

http://www.neuro.uni-jena.de/cat/
http://www.neuro.uni-jena.de/cat/


CHAPTER 4 

 119 

gT2, but to also exclude any separated WMLs (see below section) globally for each subject that 

are completely out of view. This apparent brain mask was computed by applying the ‘imclose’ 

function in MATLAB (version R2020a; The MathWorks Inc., Natick, MA, USA) with a spherical 

element of a radius of 10 voxels on the MWF map (Chapter 2). While both the subject and template 

spaces are valid approaches, the latter aligns with our recent study investigating the relationships 

between different qMRI metrics (Chapter 2). However, the interpretation of the results should 

therefore be considered using this standardized distance scale (rather than an absolute distance 

scale), since the same template voxel distance can correspond a different subject space voxel 

distance due to individual variation in brain size and local structural morphometry. 

 

WML separation and shell computation 

In an in-house script, the ROI computation was done as follows: Individual WML masks were 

separated using the MATLAB function ‘bwlabeln’ by choosing the ‘26’ as the voxel connectivities 

(version R2020a; The MathWorks Inc., Natick, MA, USA). The equidistant shells of interest in 

width of 1 mm for each WML range from - 4 to +10 mm from the lesion boundary (3D surface). 

WMLs that were under 34 mm3 (equivalent to a sphere with a radius ≤ 2 mm) and were outside of 

the apparent brain mask were excluded from the analysis. As illustrated in Figure 4-1, a total of 15 

mutually exclusive shells were created using MATLAB functions ‘imerode’ and ‘imdilate’ in 1 

mm increments for each separated WML. To prevent potential overlaps between pNAWM shells 

of any given WML with other WMLs and their associated pNAWM shells, other WMLs (including 

those excluded due to small sizes) and the associated pNAWM shell (i.e., from lesion core to + 10 

mm) on the same subject were excluded from the pNAWM shells that were being computed at 

each time. That is, when each dilated shell of a WML was being computed, a composite WML 
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mask by the other WMLs was also dilated with the same distance. The overlapping region between 

the two was discarded, so that any voxel in the ‘x’ mm pNAWM shells of a particular WML will 

not be less than ‘x’ mm distance away from any other WMLs.  

 

Figure 4-1: Schematic visualization of the erosion/dilation shells computations with a random MS 

MS participant. 

 

They are displayed in sagittal (Top), coronal (Middle) and Axial (Bottom) views. The shells are 

overlaid on top of a participant’s T1w/T2w ratio map. It ranges from -4 to +10 mm following the 

color scale shown at the bottom. WM mask is also displayed (Gray). Dash line: WML boundary. 

(WM: white matter; WML: white matter lesion) 
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Figure 3. Dilated/eroded ROIs in 1 mm steps from -4 mm 
(inside) to +10 mm (outside) from WML boundary. 
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Statistical analyses 

All 10 qMRI values were extracted from the voxel within each eroded/dilated shell, and then 

averaged to produce a single value. However, due to the lesion sizes and morphologies, not all 

WMLs had the -4, -3, or even -2 mm shells (e.g., not large enough, not perfectly spherical). 

According to the violation of some distribution’s normality by the Kolmogorov–Smirnov test, non-

parametric tests were chosen for subsequent statistical analyses. 

Firstly, to investigate how each qMRI measure changes as a function of distance from 

WML surfaces, every pair of adjacent shells with a distance of 1 mm was visualized using line 

plots, box-and-whisker plots, and tested for the statistical differences, using two-tailed Wilcoxon 

Rank-Sum tests with Bonferroni correction for multiple comparison (Bonferroni, 1936) with a 

threshold of pFWE < 0.05 with the total of 140 tests. 

Secondly, to examine how signals from the shell correlate with one another, Spearman rank 

correlations were computed for all possible pairs of shells for the same qMRI metric. Specifically, 

this analysis was performed using the ‘corr’ function in MATLAB (version R2020a; The 

MathWorks Inc., Natick, MA, USA), with the ‘pairwise’ option to handle cases where inner shells 

have missing values. In addition, as one of our previous findings when exploring the relationship 

between qMRI metrics across three brain ROIs (which include global NAWM and global WML 

masks) in MS, the significant correlations was found to have the highest mean magnitude (i.e., 

having the strongest correlation) between different qMRI metrics (the same ones recruited in this 

study) within the same ROI compared to when they are located in different ROIs (Chapter 2). 

Since this study has the same set of qMRI metrics, and similar ROIs, except now these ROIs were 

selectively computed based on the WML surfaces into finer ROIs, therefore, Spearman rank 

correlation analysis was also performed at inter-qMRI correlations within the same shell 
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(following the same programming procedure as mentioned above), to further investigate how do 

they relate to each other throughout the transition from WML core to outer pNAWM. All p-values 

for both Spearman rank correlation analyses (a total of 1725 correlations = 1050 inter-shell 

correlation for the ten qMRI metrics + 675 intra-shell correlation between the ten qMRI metrics) 

were further adjusted using the step-up process of Benjamini-Hochberg false discovery rate (BH-

FDR) (Benjamini & Hochberg, 1995) with a threshold of pBH-FDR < 0.05. The above ROI 

computations and analyses were done in MATLAB (version R2020a; The MathWorks Inc., Natick, 

MA, USA).  

 

4.4 Results 

Across all 79 persons with MS, 926 individual WMLs were identified with volumes greater than 

34 mm3 and within their apparent brain mask in standardized MNI space. However, due to a 

combination of the constraints of the WML volume, morphometry and spatial location (e.g., 

immediately adjacent to cortical or subcortical gray matter), not all WMLs have the complete set 

of erosion shells (i.e., -4, -3, -2, -1) as quantified in Table 4-1. Signal intensities within each shell 

and for each metric are visualized in line plots and box-and-whisker plots in Figures 4-2 and 4-3, 

respectively. As they reach the pNAWM regions and extend outward, a plateau was observed in 

most metrics, with less heterogeneity than in the core.  The result of the two-tailed Wilcoxon Rank-

Sum test after Bonferroni correction indicated that 55/140 adjacent pairs of metrics remained 

significant. Most notably, the significant results cluster at the tissue transition from WML to 

pNAWM with different sensitivity across metrics. Especially at the tissue transition (i.e., the 

comparison between the 0 and +1 shells), all tests were significant.   
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The BH-FDR corrected Spearman rank correlation of the inter-shells (with the same qMRI 

metric) and intra-shells (with different qMRI metrics) was also visualized in Figures 4-4 and 4-5, 

respectively. Across inter-shell correlation analysis, all shells’ correlation within the same tissue 

class (WML or NAWM) were strong and remained significant, while the shells’ correlation 

between tissue classes (WML and NAWM) were relatively weaker and not all of them remained 

significant. In the intra-shell correlation analysis among qMRI metrics, each qMRI metric 

exhibited a distinct map of significant correlations with others. The majority of the direction and 

strength of these significant correlations remained uniform at least within the same tissue class. 

But for those who experienced correlation transition (i.e., a change in direction, weakening of 

strength), the transitions occurred in and around the WML-pNAWM boundary. 

 

Table 4-1: The number of WMLs that have shells available at certain distances from the WML-

pNAWM boundary. 

  

Distance (mm) Numbers of WMLs
-4 84
-3 152
-2 404
-1 766
0 926
+1 926
+2 926
+3 926
+4 926
+5 926
+6 926
+7 926
+8 926
+9 926
+10 926
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Figure 4-2: Line plots of the shell transitions for each qMRI metrics from -4 mm to + 10 mm. 

 

Different colors are associated with different WMLs. 
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Figure 4-3: The Box and whisker plots of the shell transition for different qMRI metrics from -4 

mm to + 10 mm. 

 

The significant results of the two-tailed Wilcoxon Rank-Sum test are indicated by the star signs on 

top. These results are corrected for multiple comparisons using the Bonferroni method.  
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Figure 4-4: The inter-shell Spearman rank correlation matrices for each qMRI metric from 

-4 mm to + 10 mm. 

 

Shell distances are displayed on both horizontal and vertical axes. The shown elements are 

corrected by the Benjamini-Hochberg false discovery rate method. 

 

Figure 4-5: The intra-shell Spearman rank correlation matrix between qMRI metrics at shell 

distances from -4 mm to + 10 mm. 

 

The shown elements are corrected by the Benjamini-Hochberg false discovery rate method. 
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4.5 Discussion 

The signal transition as a function of distance from the WML boundary and the signal distribution 

reveal several notable findings. The trend across qMRI signals (from inner WML to outer 

pNAWM) was a smooth and monotonic change within WMLs, with the most severe 

microstructural damage within and closer to the WML cores, with improving microstructural 

measures continuing out (in some cases several mm) into NAWM before an eventual plateau 

further into NAWM regions. Aside from a handful of outliers in the distribution, WMLs were 

overall more spatially heterogeneous than pNAWM (wider inter-quartile range in Figure 4-3), 

except for the case of MWF and FA. The inter-shell Spearman rank correlation analyses displayed 

a contrast between within-class and between-class correlations. The intra-shell Spearman rank 

correlation revealed information sharing between qMRI metrics throughout the shell transition, 

and particularly highlighted the significance of the regions around the WML-pNAWM boundary. 

 

Transitions happen in a wider range of regions beyond the WML-pNAWM boundary 

Aligned with the findings from the work by Wang et al. (Wang et al., 2025) but with shells of finer 

steps, all qMRI metrics can detect differences when they cross the boundary of the WML and enter 

the pNAWM regions, highlighting the great sensitivity of qMRI metrics. And this signal transition 

even extends beyond the WML-pNAWM boundary for most qMRI metrics, reaching as far as the 

+4 mm and +5 mm pairs (RD and MD). Therefore, the so-called “normal appearing” white matter 

on conventional MRI appears to be abnormal in many cases across multiple qMRI metrics – 

especially for white matter regions immediately adjacent to WMLs. Including those pNAWM 

regions may aid in better characterization of the disease activities. According to a study, NAWM 

is in a fine balance between neurodegenerative and neuroprotective processes (Zeis et al., 2007). 
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This sheds light on, for example, the escalated forms of glial cells and their significant roles in 

determining the fate of the lesion, especially at the periphery of WML or adjacent to pNAWM 

(Healy et al., 2022; Kooistra & Schirmer, 2025). In fact, studies have demonstrated the increasingly 

important diagnostic value (Martire et al., 2022; Montalban et al., 2025) and potential for 

prognostic applications (Absinta et al., 2019) of lesion rim features such as iron-rich rims indicated 

by the hyperintensity around lesions using susceptibility-sensitizing methods. In addition, the 

significance of pNAWM in measuring the level of neuroprotection and repair (Clarke et al., 2021), 

the apparent rim gradient transitions with qMRI measures here highlighted the potentials in 

expanding the scope of tissue degradation beyond WML to deepen our understanding of the 

disease, and specifically, differences in the transition sensitivity in different qMRI measures 

showcase a multi-perspective of microstructural degradation and their spatial extensions, 

broadening the spatial definition of rim. 

 

WMLs have worse microstructural measures in deeper layers 

In addition to the pNAWM regions, this study aims to probe the sensitivity of qMRI within WML 

using finer steps. As shown in Figures 4-2 and 4-3, microstructural integrity as measured by qMRI 

progressively worsens with increasing depth from the WML boundary toward the core. This 

underscores that larger WMLs’ (with the deeper shells available) microstructural integrity is more 

severely compromised, as suggested by the qMRI metrics, in a concentric pattern by definition of 

the study design. Although the volumetric measure is not quantitatively shown, this partially 

explains why our recent finding – the WML volumetric measure is negatively correlated with 

microstructural measures (Chapter 3). The differences between the adjacent pairs within WML 

were also statistically significant, reaching as deep as the -3 mm and -2 mm pair for AD, RD, MD, 
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gT2, T1w/T2w ratio and R2*. But no significant differences were found between the -4 mm and -

3 mm pair. In the literature on chronic lesion ultrastructure, the lesion core was found to exhibit 

varying degrees of demyelination and an expanded extracellular space (BARNES et al., 1991) and 

depending on lesion type and progression, the glial cell populations may vary as well (Kooistra & 

Schirmer, 2025). Another longitudinal study had investigated the changes of the blood-brain 

barrier patterns of enhancing lesions using dynamic enhancing MRI and found that as enhanced 

WML ages, it not only imposes a larger volume and more apparent ring enhancement, but the 

enhancing pattern of gadolinium uptake in a short period becomes shallower in the centre as 

compared to the periphery (Gaitán et al., 2011). Nonetheless, the contrast within WML as 

sensitized by qMRIs, can potentially be utilized for spatial identification or classification of lesion 

subtypes.  

 

The heterogeneity in outer pNAWM is more subtle 

On the other hand, as one traverses the shells toward the outer pNAWM regions (+6 mm and 

beyond), all qMRI measures reach a plateau with no significant differences between any adjacent 

pairs of shells. A similar plateau trend has also been shown in the work (quantitative T1 and 

magnetic transfer ratio in a 2D band-stepping fashion) by Vrenken et al. (Vrenken et al., 2006) and 

the closely related work (as discussed) by Wang et al. (Wang et al., 2025). However, the outer 

pNAWM shells can still exhibit subtle heterogeneity. The subtle heterogeneity in the distal 

pNAWM can be due to the subtle difference between pre-lesional NAWM (e.g., juxtacortical or 

distal location of the WML of interest) and stable NAWM, given prior evidence of NAWM 

precursor signal to WML (Elliott et al., 2021; Goodkin et al., 1998), which these qMRIs are not 

yet able to detect, highlighting the need to develop a more sensitive imaging marker. But it is also 
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worth highlighting that the region diffusely abnormal white matter (DAWM), which is 

radiologically characterized by the intermediate intensity between NAWM and WML on 

conventional MRI images in MS (Cairns et al., 2022), may offer insights into this subtle 

heterogeneity. Despite the fact that DAWM is not easily segmented and still poorly defined across 

the literature, DAWM is seen in all MS phenotypes and shows clinical potential in MS (Cairns et 

al., 2022). Nevertheless, given the complementarity between qMRI metrics in characterizing brain 

structures demonstrated by previous studies with healthy (Uddin et al., 2019) and MS cohorts 

(Chapter 2; Lipp et al., 2019), future work may investigate the feasibility of the multimodal 

approach in DAWM characterization.  

 

Information in pNAWM and WML may complement each other 

The contrast between within-class correlation and between-class correlation after thresholding for 

multiple comparisons has suggested the complementarity between the information held by the two 

tissue classes, especially given how sensitive qMRI metrics are to detecting the differences as they 

traverse from inner WML to outer pNAWM around the boundary. Although no clear evidence of 

independence in the tissue pathology has been shown so far, there is evidence of independence 

between two seemingly related events, such as axonal degeneration and demyelination within 

individual tissue classes (DeLuca, 2006; Rahmanzadeh et al., 2021; Silber & Sharief, 1999). The 

subtle balance between the autoimmune response and neuroprotective effect in NAWM (Zeis et 

al., 2007) may provide another hypothesis for the independence. Different from the rest of the 

inter-shell correlation metrics, negative correlations emerge at the edges (correlation between inner 

WML and outer pNAWM shells) of the QSM’s matrix and all correlation entries were shown to 

be statistically significant in MWF’s matrix. QSM is sensitive to both diamagnetic and 



CHAPTER 4 

 131 

paramagnetic changes. And in MS, this can manifest as macroscopic tissue changes, such as 

alterations in myelin and iron concentrations (Deh et al., 2018; Y. Wang & Liu, 2015; Wisnieff et 

al., 2015). With a bidirectional scale, it can likely capture both positive and negative correlations 

with the pathological dynamics of these events. For MWF, one interpretation is that the myelin 

level in the CNS, especially in the MS brain, is probably changing in the same direction in bulk 

(repairing vs degenerating). This partially aligns with a study looking at the degenerating aspects 

of the longitudinal relapsing and remitting form of MS (Vavasour et al., 2018). However, MWF is 

sensitive not only to myelin water but also to iron (Birkl et al., 2019), let alone to the type of myelin 

being detected (intact vs. debris), making interpretation in this case challenging (MacKay & Laule, 

2016). Nonetheless, the widely “diffused” pattern of shells for those metrics implies a global 

linkage of microstructural changes.  

 

qMRI metrics are correlated in the same regions, even in finer subregions 

Consistent with the findings from our previous work (Chapter 2), qMRI metrics were sharing 

information with each other within the same regions (even at finer divisions – shells in this context), 

and again the work by Wang et al. (Wang et al., 2025). Most of the correlations from previous 

work (Chapter 2) (when investigating the relationship between different qMRI metrics from 

different ROIs, in cases of NAWM and WML) reappeared (same directions) in the current work, 

with some exceptions likely due to the different choice of ROI (individual concentric shells vs. 

global masks). T1w/T2w ratio and QSM previously didn’t have any significant relationship in 

NAWM (Chapter 2) but they are significantly correlated in this study. Despite the relatively lower 

strengths in those correlations, they again underpin the importance of ROI selection in affecting 

the result.  
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The significance of the regions around WML-pNAWM 

Despite the distinct patterns of the correlations between qMRI metrics within the same shells, most 

of these patterns exhibited a gradient transition throughout the whole range of distance (-4 mm to 

+10 mm) (Figure 4-5). Most gradient transitions exhibit a weakening effect at and around WML-

pNAWM, and some gradient transitions even have a change in direction from WML to pNAWM 

(Figure 4-5), indicating a lower degree of information sharing between qMRI metrics. The 

weakening effect in some of the correlations between qMRI metrics when going toward the outer 

pNAWM shells is also observed in the work by Wang et al., albeit not addressed in depth (Wang 

et al., 2025). Those observations reinforce the points raised in previous discussions with high 

relevance in regions around the WML-pNAWM boundary, suggesting a complex pathophysiology 

at the rim of WML in MS. Incorporating more qMRI metrics may yield better characterization, 

such as at the lesion rim or peripheral regions. 

 

Study limitations  

This study comes with several limitations. WMLs were separated by an automated algorithm with 

minimal human intervention. There will be a discrepancy between those individual WMLs, and 

the ones identified by human expert raters, therefore hindering the translatability of the current 

work to contemporary clinical settings. Also, among these WMLs, lesion subtype (e.g., acute, 

chronic inactive and chronic active) is not considered in the current study and requires further 

analysis (using additional conventional MRI sequences such as Gadolinium-enhanced T1, and 

collecting multiple time points) to elucidate the mixed effect.  



CHAPTER 4 

 133 

ROI analysis was chosen to enhance the findings while minimizing noise. But the ROI size 

was not specifically controlled in the study. And when there is a high degree of heterogeneity in 

large ROIs, ROI analysis may not be the best option. Also, because of the combination of how we 

handle the shell computation of two neighboring lesions when they overlap (i.e., discard), and how 

individual WMLs were distributed in their WM space (e.g., juxtacortical, periventricular), shells 

associated with any two WMLs (even from the same subject and the same distance from the WML 

boundary), may have drastically different ROI sizes. Considering the anatomical features, given 

the proximity between WM and gray matter (cortical and subcortical), there is a chance (even 

higher with outer shells) of finding shells that are directly located adjacent to gray matter, which 

can contaminate ROI analysis due to potential partial volume effects. Especially, it was known in 

MS that WMLs are more preferentially located in juxtacortical and periventricular regions 

(Bouman et al., 2022; Filippi et al., 2019; Gauthier, 2023; Pirpamer et al., 2022; Pitt et al., 2022; 

Tonietto et al., 2023; Vaneckova et al., 2022; Vellinga et al., 2009). Nonetheless, the inherent WM 

masks were all thresholded at 70%, which already minimizes the impact of the partial volume 

effect.  

 

4.6 Conclusions 

This cross-sectional study uses the contour of the individual WML as a basis for analyzing qMRI 

sensitivities as a function of distance from the WML boundary, ranging from from WML core (-4 

mm) to pNAWM (+10 mm). It revealed that both pNAWM and WML exhibit a gradient of 

moderate tissue deterioration as measured by qMRI metrics, which this effect most apparent 

around the WML-pNAWM boundary. The independence of microstructural activities between 

WML and pNAWM measured by qMRI sheds light on the untapped balance and thresholds of 
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neurodegeneration and the repair process over the course of the disease, especially beyond lesion 

territories. Future studies should consider using qMRI metrics (potentially more advanced and 

specific ones) to better understand the heterogeneity in pNAWM, and especially the extent of 

microstructural damage in regions around the WML-pNAWM boundary, thereby offering an 

additional degree of information to better characterize the disease and inform clinical decisions.  
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Chapter 5 

Comparing baseline qMRI metrics in stable & transitioning regions in and around multiple 

sclerosis white matter lesions 

 

Publication status 

Parts of this chapter were presented in the abstract entitled ‘Comparing Baseline qMRI Measures 

in Stable and Transitioning Regions in/around MS White Matter Lesions’ at the conferences: 

Organization of Human Brain Mapping and Canadian Organization of Medical Physicists 

Annual Scientific Meeting in 2025. The manuscript is currently under internal review before 

submission to a peer-reviewed journal. 

 

Peer-review conference abstract  

Wong, K., Uddin, M. N., Figley, T., Kornelsen, J., Fisk, J., Marrie, R. A., & Figley, C. (2025). 

Comparing Baseline qMRI Measures in Stable & Transitioning Regions in MS White Matter 

Lesions. MEDICAL PHYSICS, 52(8), 57. 

 

5.1 Abstract 

White matter lesions (WMLs) evolve over the course of multiple sclerosis (MS), and their 

radiological presentation is important for diagnosis and monitoring. Therefore, this study aimed to 

investigate whether baseline quantitative MRI (qMRI) metrics differed between stable and 

transitioning regions in and around WMLs over the subsequent two years. Axial diffusivity (AD), 

radial diffusivity (RD), mean diffusivity (MD), fractional anisotropy (FA), myelin water fraction 

(MWF), intra- and extra- cellular water fraction (IEWF), geometric mean T2 (gT2), T1-weighted-
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by-T2-weighted (T1w/T2w) ratio were available for the full cohort (N=90) and R2* relaxation rate 

(R2*) and quantitative susceptibility mapping (QSM) were available for the partial cohort (N=35). 

The analysis was conducted at the individual lesion level. By associating individual WML masks 

from two time points, three classes of white matter regions were identified: 1) primary WML 

regions: a) newly appearing, b) vanishing, and c) enduring, 2) subregions of the enduring WML: 

a) expanding, b) contracting, and c) persisting), and perilesional normal appearing white matter 

(pNAWM) (i.e., 2mm dilated shells from WML mask): a) transitioning and b) stable, yielding a 

total of eight regions to extract signal from the qMRI maps. Statistical comparisons (two-tailed 

Wilcoxon Rank-Sum and Signed-Rank tests) were conducted among primary WML 

regions/subregions, as well as between regions that underwent similar tissue transitions or had 

identical tissue class labels at baseline or follow-up, to test the sensitivity of baseline qMRI metrics. 

Across the full (partial) MS cohort, 2123(711) unique cortical WMLs were identified, with 

623(252) newly appearing WMLs, 519(169) vanishing WMLs, and 978(350) enduring WMLs. Of 

110 tests, 86 were found to be significant after multiple-comparison correction. In addition to 

statistical significance, these differences were directionally meaningful according to the 

contemporary understanding of each qMRI metric. The demonstrated sensitivity of baseline qMRI 

measures to WM heterogeneity across these regions suggests that they can be used to predict the 

morphological evolution of WMLs. 
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5.2 Introduction 

Multiple sclerosis (MS) is the most prevalent demyelinating disease (Love, 2006) with diverse 

clinical presentations (Lublin et al., 2014; McGinley et al., 2021) Conventional magnetic 

resonance imaging (MRI), provides a rough map of demyelination and neurodegeneration in MS, 

and plays a pivotal role in clinical aspects such as diagnosis and disease monitoring (Thompson et 

al., 2018; Wattjes et al., 2021), but the findings do not provide sufficient information to facilitate 

early personalized interventions (Pozzilli et al., 2023). In the white matter (WM), MS lesions vary 

in type, stage and spatial location (Absinta et al., 2016; Filippi et al., 2019), and in many cases 

worsen alongside symptoms (Meca-Lallana et al., 2021). With the advancement of studies and the 

development of MRI sequences in recent years, lesions such as paramagnetic rim lesions and the 

central vein sign have garnered more attention from clinicians, potentially improving the 

diagnostic criteria for MS (Hemond et al., 2024; Martire et al., 2022; Rimkus et al., 2024; Sati et 

al., 2016). Although MRI can stratify lesions into categories and quantify macroscopic changes in 

WML, its prognostic value remains underexploited (Rocca et al., 2024). Follow-up appointments 

and MRI scans are required to monitor progression and reassess treatment response in people with 

MS, typically at intervals of several months (e.g., six months). Nonetheless, lesion evolution can 

occur, involving a mix of degeneration and neural protective and/or recovery responses (Mey et 

al., 2023; Ricigliano et al., 2022), and therapeutic interventions are often delayed until a clinical 

relapse with new or worsening symptoms.  

Provided MRI’s maturity in MS, the sensitivity to microstructural integrity makes 

quantitative MRI (qMRI) a potentially worthy candidate for MS prognosis (Granziera et al., 2021; 

Rocca et al., 2024; Tranfa et al., 2022). However, despite the potential demonstrated by qMRI in 

MS, it is not ready for widespread clinical implementation (Manfrini et al., 2021; Weingärtner et 
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al., 2022). One of the major obstacles qMRI faces here is the lack of clinically accepted 

interpretability and clinical relevance (Tranfa et al., 2022), including the open question of whether 

qMRI methods can potentially indicate tissue deterioration before new WMLs appear. (Dousset et 

al., 1998; Silver et al., 1998). Several studies using various qMRI methods have shown that 

measurable differences in normal appearing white matter (NAWM) can actually happen, ranging 

from months up to two years (Boaventura et al., 2022; Elliott et al., 2021; Gloor et al., 2023; Liu 

et al., 2012; Pike et al., 2000) before the appearance of a new WML in conventional MRI settings. 

One recent study has also provided strong evidence of tissue heterogeneity and suggested a finer 

categorization of WM using a mix of diffusion-based metrics (i.e., neurite orientation dispersion 

and density imaging in conjunction with conventional diffusion tensor imaging) (Caranova et al., 

2025). However, most prelesional tissue monitoring studies require a significant amount of time 

and attention from expert human raters to identify and longitudinally associate lesions, which 

marks a significant barrier to implementing these methods in clinical settings. In addition, both 

human-induced and method-induced biases (e.g., the choice of qMRI metric) have led to 

inconsistent findings. Given the motivating findings and the gap in current literature, this study 

aims to employ longitudinal qMRI scans from a cohort of persons with MS, along with fully 

automated methods (without rater or human intervention in lesion segmentation and labelling), to 

investigate whether baseline qMRI metrics differed in the stable and transitioning regions in and 

around WMLs over the subsequent 2 years. 

 

5.3 Methods 

Dataset summary 
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The approval of the study was gained from the University of Manitoba Health Research Ethics 

Board and participants provided their written consent prior to any scanning/analysis. These 

participates belong to the MS cohort (baseline and 2-year follow-up visits) of the Comorbidity and 

Cognition in Multiple Sclerosis (CCOMS) Study (Uddin et al., 2022). The participants were all 

previously diagnosed with multiple sclerosis, with conditions met under McDonald’s criteria. For 

more details on the inclusion criteria, one may refer to our previously published imaging protocol 

(Uddin et al., 2022).  This study includes a battery of qMRI metrics. Axial diffusivity (AD), radial 

diffusivity (RD), mean diffusivity (MD), fractional anisotropy (FA), myelin water fraction (MWF), 

intra- and extra-cellular water fraction (IEWF), geometric mean T2 (gT2), and T1-weighted-by-

T2-weighted (T1w/T2w) ratio were available for the full cohort; R2* relaxation rate (R2*) and 

quantitative susceptibility mapping (QSM) were only available for the partial cohort. Therefore, 

this study consists of two levels of analysis with different statistical power. Table 5-1 summarizes 

the demographic information for participants in each cohort.  

 

Table 5-1: Demographics of participant from the two levels of analysis. 

 Full Cohort Partial Cohort 

Quantitative MRI techniques 
(Metrics) 

Diffusion tensor imaging (AD, 
RD, MD, FA), 
T1w/T2w ratio 
Myelin water imaging (MWF, 
IEWF, gT2) 

Iron mapping (R2*, QSM) 

Cohort size (Female) 90 (75) 35 (28) 
Mean age (Std) 48.98 (12.62) 45.50 (10.89) 
Median baseline EDSS (IQR) 3.5 (2.0) (2.0 – 4.0) 3.0 (1.9) (2.0 – 3.9) 
Median change in EDSS (IQR) 0.5 (1.0) (0.0 – 1.0) 0.5 (1.5) (0.0 – 1.5) 

 

qMRI map pre-processing and ROI mask computation 
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The region of interest (ROI) level analysis is chosen for this particular study design. The primary 

tissue masks (i.e., global WM, WML and NAWM), from both time points were computed using 

the same methodology as in our previous work (Chapter 2; Chapter 3; Chapter 4). It should be 

noted that because of the inherently reduced field of view of the brain near the inferior cerebellar 

region when collecting the myelin water imaging (MWI) data, an apparent brain mask on each 

subject is needed to not only facilitate an accurate ROI mean calculation (i.e., virtually excluding 

zeros entries from the background) in MWF, IEWF, and gT2, but to also exclude any associated 

WMLs from both time points (see below section) globally for each subject that are completely out 

of view. This apparent brain mask was computed by applying the ‘imclose’ function in MATLAB 

(version R2020a; The MathWorks Inc., Natick, MA, USA) with a spherical element of a radius of 

10 voxels on the MWF map (Chapter 2). The quantitative maps and brain masks were first 

coregistered and normalized to the same MNI-152 template space using individual lesion-filled 

T1-weighted images at each time point, following the coregistration and nonlinear normalization 

parameters outlined in the protocol paper (Uddin et al., 2022). In this way, any brain movement 

between sequences is controlled, and potential brain atrophy over the two-year window 

(Andravizou et al., 2019; Bermel & Bakshi, 2006) will at least partly be corrected by using a 

common stereotactic space (i.e., MNI152 template).  

 

Lesion separation for lesion-level analysis 

The whole-brain WML masks at both time points from each participant were first overlapped with 

the apparent brain mask from both time points to exclude any out-of-field portion of WML, and 

they were evaluated at the individual lesion level using the Automatic Follow-up of Individual 

Lesion (AFIL) algorithm (Köhler et al., 2019) with default settings. In brief, this algorithm first 
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three-dimensionally splits the lesions with 6-voxel connectivity. It then overlaps the lesions from 

each time point to associate them with a unified numbering system for analysis, based on their 

spatiotemporal overlap (e.g., a confluent lesion in which two or more separate lesions grow into 

one single lesion and vice versa for the separated lesions with the reversed scenario). Using the 

default settings, small WMLs (i.e., < 8.25 mm3) were also neglected from the original WML masks 

to minimize statistical uncertainties introduced to the study (Köhler et al., 2019).  

 

Transitioning and stable WM ROIs definitions 

After individual WMLs were automatically identified across the two time points, they were defined 

into eight stable and transitioning WM ROIs. First, the three primary WML regions signifying the 

global transition patterns were defined as: 1) newly appearing WML, 2) vanishing WML and 3) 

enduring WML. Second, three sub-regions of enduring WML regions signifying local transition 

patterns were further split into: 1) expanding WML, 2) contracting WML and 3) persisting WML. 

Lastly, a 2-voxel wide shell is computed by dilating the enduring WML in the baseline to help 

define: 1) stable and 2) transitioning perilesional NAWM (pNAWM), by excluding or overlapping 

the “expanding” subregions of the enduring WML, respectively. With that, all transition patterns 

between the two classes (i.e., NAWM and WML) were systematically captured. Figure 5-1 

illustrates how each of the eight regions was defined.  
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Figure 5-1: A simplified workflow of obtaining the eight ROIs for current study. 

 

The primary category of ROIs (i.e., naming regions with white backgrounds) are direct outputs 

from the AFIL algorithm. The ROIs from the secondary category (i.e., naming regions with gray 

and black backgrounds) are defined by overlapping longitudinally associated (using AFIL 

algorithm) WMLs from both time points (baseline and 2-year follow-up). The ROIs from the 

secondary category are displayed on a random MS participant.  

 

Statistical analyses 

The eight WM ROIs were used to compute the average values for each baseline qMRI metric. 

Then, intra-metric comparisons were conducted at two levels: all possible pairs within ROI groups 

(i.e., primary, secondary and pNAWM groups) and selected pairs across ROI groups (e.g., primary 

vs secondary regions). The only across-group comparison is selected for regions that undergo the 

same tissue transitions or have identical tissue class labels at baseline or follow-up. All 

comparisons in the study were outlined and rationalized in Table 5-2. Statistical tests involving 

primary WML types (with different sample sizes – i.e., different numbers of WMLs for each type) 

were performed using unpaired Wilcoxon Rank-Sum tests. In contrast, tests between enduring 
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WML subregions and NAWM regions (with paired samples for the same lesions) were performed 

using paired Wilcoxon Signed-Rank tests. Because this is an exploratory analysis, all tests 

remained two-tailed, and the statistical probabilities were corrected using the Benjamini-Hochberg 

(BH-FDR) method (Benjamini & Hochberg, 1995), with a threshold of p < 0.05.  

 

Table 5-2: The descriptions and a priori rationales for each ROI-ROI comparison and the 

corresponding statistical tests.  

Intra-/Inter-group 
comparison 
(Primary/Secondary) 

ROI pairs  
(baseline tissue 
class) 

Rationale Statistical test 
(Unpaired/Paired) 

Intra-group  
(Primary) 

Vanishing WML 
(WML) vs. Enduring 
WML (WML) 

 
 
 
Investigates the ROI 
pairs within the 
primary group of 
WML regions 

Wilcoxon’s Rank-
Sum (Unpaired) 

Intra-group  
(Primary) 

Enduring WML 
(WML) vs. Newly 
Appearing WML 
(NAWM) 

Wilcoxon’s Rank-
Sum (Unpaired) 

Intra-group  
(Primary) 

Newly Appearing 
WML (NAWM) vs. 
Vanishing WML 
(WML) 

Wilcoxon’s Rank-
Sum (Unpaired) 

Intra-group 
(Secondary) 

Contracting WML 
(WML) vs. Persisting 
WML (WML) 

 
Investigates the ROI 
pairs within the 
secondary group of 
WML regions 

Wilcoxon’s Signed-
Rank (Paired) 

Intra-group 
(Secondary) 

Persisting WML 
(WML) vs. 
Expanding WML 
(NAWM) 

Wilcoxon’s Signed-
Rank (Paired) 

Intra-group 
(Secondary) 

Expanding WML 
(NAWM) vs. 
Contracting WML 
(WML) 

Wilcoxon’s Signed-
Rank (Paired) 
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Intra-group 
(Secondary) 

Stable pNAWM 
(NAWM) vs. 
Transitioning 
pNAWM (NAWM) 

 
Investigates the ROI 
pair within the 
secondary regions 
that are controlled by 
dilating 2 mm away 
from the baseline 
WML surface 

Wilcoxon’s Signed-
Rank (Paired) 

Intra-group 
(Secondary) 

Stable pNAWM 
(NAWM) vs. 
Contracting WML 
(WML)  

 
Investigates the ROI 
pair between the 
transitioning 
secondary region as a 
whole and the stable 
pNAWM region 

Wilcoxon’s Signed-
Rank (Paired) 

Intra-group 
(Secondary) 

Stable pNAWM 
(NAWM) vs. 
Expanding WML 
(NAWM) 

Wilcoxon’s Signed-
Rank (Paired) 

Inter-group  
(Primary vs.  
Secondary) 

Vanishing WML 
(WML) vs. 
Contracting WML 
(WML) 

 
Investigates the ROI 
pairs from primary 
and secondary 
groups that 
underwent the same 
tissue transition 

Wilcoxon’s Rank-
Sum (Unpaired) 

Inter-group 
(Primary vs.  
Secondary) 

Newly Appearing 
WML (NAWM) vs. 
Expanding WML 
(NAWM) 

Wilcoxon’s Rank-
Sum (Unpaired) 

 

5.4 Results 

During the process of associating WMLs using the AFIL algorithm, 22910 WMLs across both time 

points fell under the small lesion criteria (i.e., < 8.25 mm3) and were therefore discarded. 

Incidentally, one purely expanded enduring WML was found and excluded from the study (i.e., 

this WML has no shrinking WML region). However, none of the enduring WMLs were found to 

be completely unchanged or purely shrunken. Finally, a total of 2347 and 849 unique WMLs were 

identified across both time points for the full and partial cohorts, respectively. The number of WML 
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in the primary regions is summarized in Table 5-3. The breakdown of the WML in the primary 

regions for each participant is further summarized in Figure 5-2. Figure 5-3 shows the box-and-

whisker plots for the ROIs for each qMRI metric, and the statistical comparison results. 87/110 

(79%) of the comparisons in this study remain significant (p < 0.05) after correction by BH-FDR. 

BH-FDR corrected p-values are summarized in Table 5-4.  

 

Table 5-3: A summary of WMLs subtypes after being separated and identified. 

 Full Cohort Partial Cohort 
Total # of WML 2347 849 
Total # of Vanishing WML (%) 733 (31%) 289 (34%) 
Total # of Enduring WML (%) 1012 (43%) 362 (43%) 
Total # of Newly Appearing WML (%) 602 (26%) 198 (23%) 
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Figure 5-2: Scatter plots of the Vanishing, Enduring and Newly Appearing WMLs for each MS 

participant in full and partial cohort. 

 

The number (y-axis) of the different WMLs is displayed for each MS participant (x-axis) of the A) 

full and B) partial cohort. (The full cohort data is overlaid on top of the partial cohort data to 

enable qualitative comparison).  
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Figure 5-3: Box-and-whisker plots of the 10 qMRI metrics from the eight WML regions defined 

in the current study. 

 

Significant results after BH-FDR correction are indicated by asterisks overlaid on top of the pairs 

of ROI comparison. Grayed brackets indicated the statistical test is not significant. 
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Table 5-4: BH-FDR corrected p-values for all ROI pair comparisons of 10 qMRI metrics 

 

*: <0.05, **:<0.001, ***:<0.0001, ****:<0.00001, Not Sig.: Not Significant 

 

5.5 Discussion 

Overall, more than three-quarters of the tested comparisons showed significant differences, even 

after the BH-FDR correction. The large number of significant results indicates that, at least at the 

group level, baseline qMRI metrics may capture the transition information about the WM 

landscape in MS over 2 years. However, it is worth reminding readers that these two-tailed 

statistical tests do not assume the direction of the result per se. But directional inference is possible 

by placing the statistically significant result in the context of the data distribution in the box-and-

whisker plot (Figure 5-3). 

 

Stable WML regions have shown the worst baseline microstructural measure, and stable 

pNAWM has shown the most normal looking microstructural measure  

ROI pair comparison AD RD MD FA MWF IEWF gT2 T1w/T2w R2* QSM
Vanishing WML - 
Enduring WML **** **** **** ** Not Sig. Not Sig. **** **** **** *

Enduring WML - Newly 
Appearing WML **** **** **** Not Sig. Not Sig. Not Sig. **** **** **** *

Newly Appearing WML - 
Vanishing WML Not Sig. Not Sig. Not Sig. Not Sig. Not Sig. Not Sig. Not Sig. * Not Sig. Not Sig.

Contracting WML - 
Persisting WML **** **** **** **** **** Not Sig. **** **** **** ****

Persisting WML - 
Expanding WML **** **** **** **** * Not Sig. *** **** **** ****
Expanding WML - 
Contracting WML **** **** **** **** **** Not Sig. **** **** **** ***
Stable pNAWM - 

Transitioning pNAWM **** **** **** **** **** * **** **** **** ****
Stable pNAWM - 

Expanding pNAWM **** **** **** **** **** *** **** **** **** ****
Stable pNAWM - 

Contracting pNAWM **** **** **** **** **** * **** **** **** ****
Vanishing WML - 
Contracting WML **** *** **** Not Sig. Not Sig. * **** **** * Not Sig.

Newly Appearing WML - 
Expanding WML **** **** **** Not Sig. Not Sig. Not Sig. **** **** **** *
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By glancing through the distributions across the WM regions, the stable regions from all qMRI 

metrics were most likely to be found at both ends of the spectrum, potentially highlighting how 

integrity and stability were “preserved” in their microstructural status. The comparisons between 

enduring WML and newly appearing WML, and vanishing WML, respectively, are consistently 

shown to be significant in AD, RD, MD, gT2, T1w/T2w ratio, R2* and QSM, except for FA (where 

the comparison between newly appearing WML and enduring WML is not significant). Similar 

findings have also been shown by comparing persisting WML (i.e., the stable sub-region of the 

enduring WML), and contracting and expanding WML, across all qMRI metrics, except for IEWF. 

At the opposite end of the spectrum, all qMRI metrics are sensitive to differences between stable 

pNAWM, and each of the other three ROIs: transitioning pNAWM, contracting WML and 

expanding WML. Higher/lower diffusivity, lower/higher MWF, higher/lower gT2, and 

lower/higher T1w/T2w ratio generally suggest a worse/better microstructural status of the tissue, 

and that aligns with all of our findings here.  

 

Early signs of transition patterns in the baseline WM subregions 

The fact that almost all contracting and expanding WMLs have a higher microstructural status than 

the persisting WML is not only a sign of heterogeneity among tissue classes in the WM landscape, 

but also a sign that heterogeneity is possibly an indicator of tissue transition. After carefully 

inspecting the directionality of the test between contracting and expanding WML, the authors 

admittedly did not expect to observe that contracting WML has a slightly better microstructural 

status than the expanding WML region (e.g., lower MD, higher MWF, higher T1w/T2w ratio). It 

is fascinating to see that the WML region directly attached to the enduring WML eventually healed 

at a later time already showed an early sign of recovery at baseline, in comparison to the NAWM 
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region (i.e., expanding WML), which undergoes neural degeneration later. With the same token 

(but from the NAWM end), transitioning pNAWM, as suggested by all qMRI metrics, has shown 

early signs of degeneration. In fact, many qMRI studies, including T1w/T2w ratio (Boaventura et 

al., 2022), MTR (Elliott et al., 2021; Gloor et al., 2023; Pike et al., 2000), and diffusion metrics 

(de Groot et al., 2013; Elliott et al., 2021; Gloor et al., 2023; Liu et al., 2012), have already shown 

pre-lesional areas exhibited an early sign of degeneration as compared to baseline NAWM areas. 

Given the fact that the two pNAWM regions in the current study have fairly similar baseline 

characteristics (i.e., being from the same tissue class at baseline and sharing a common concentric 

perilesional shell region), this finding has enhanced the spatial sensitivity of qMRI metrics for 

detecting early WM changes. Moreover, the same set of qMRI metrics has already demonstrated 

high sensitivity to the periphery of the WML particularly when using a concentric shell pattern as 

a basis, even extending toward the NAWM space in our recent work (Chapter 4). Together, it 

indicates another level of tissue heterogeneity as sensitized by these qMRI metrics in WM.  

 

Subtle difference between regions that undergoes the same transitions 

Of the 14 significant comparisons between regions that followed the same transition pattern, seven 

of which are from comparisons between newly appearing and expanding WMLs, and seven of 

which are from comparisons between vanishing and contracting WMLs. Though not all results are 

significant, this shows a difference between WML regions that underwent whole-lesion transition 

(i.e., newly appearing and vanishing) and those that underwent partial-lesion transition (i.e., 

expanding and contracting). The regions that underwent the partial-lesion transition also appeared 

to be less variable (i.e., narrower IQRs) and have worse microstructural status as indicated by the 

qMRI measures (e.g., higher diffusivity, lower T1w/T2w ratio). Given that those can be pairs of 
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distinct events that had different clinical interpretations and outcomes (not just directional changes 

in volume), this underscores the incredible sensitivity of qMRI metrics in WM in general. 

 

Shared heterogeneity between NAWM and WML 

Nevertheless, qMRI metrics were not quite sensitive to the difference between newly appearing 

and vanishing WML, with a significant result only shown in T1w/T2w ratio. The lack of a positive 

result has shown the WM heterogeneity and dynamics at the WML-NAWM level that are not yet 

captured by qMRI metrics. Despite the differences in tissue class at baseline (e.g., newly appearing 

WML: NAWM, vanishing WML: WML), where one would expect WML to have a worse 

microstructural status than NAWM as reflected in qMRI, the recovery process of vanishing WML 

and degeneration of WM in the newly appearing WML region are possibly bringing the 

microstructural integrity to a transient state where they are indistinguishable, let alone those 

regions can possibly show focal heterogeneity like enduring WML, which cannot be probe using 

current study design. 

 

Study limitations 

The positive findings from a two-year follow-up design demonstrate qMRI’s sensitivity to WM 

heterogeneity which also inform future tissue transition. While it may be useful for prognosis, 

helping to minimize scan frequency in clinical settings, this study presented a few key limitations. 

Two years in MS is a long duration that manifests noticeable macroscopic tissue evolution in a 

larger region of interest, subtle lesion radiological transition can occur at rates as frequent as weeks 

(Guttmann et al., 1995), let alone the ongoing underlying pathophysiological activities. In 

validation study designs in the future, more frequent follow-up (wherever possible), and longer 
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study durations (e.g., > 5 years) are required to promote a systematic understanding of long-term 

WM changes.  

Another limitation stems from how WMLs were longitudinally separated and associated. 

Current literature lacks consensus or a rationale regarding the “correct” parameter for 

connectedness. 6-connectivity is the most conservative, but there are no fatal flaws in using it 

compared to the more liberal settings of 18 and 26, other than having lesions being smaller (i.e., 

lesion voxels are less likely to be connected), and ROI analysis will help mitigate the discrepancy 

that it will introduce into the study (i.e., summarizing the result and reducing the number of entries). 

Associating lesions from two time points is not as simple as one thinks, as there are cases of 

confluence (i.e., grouping of two or more lesions in the follow-up) and separation (i.e., splitting of 

one lesion into two or more lesions), let alone cases when lesions shifted from one place to another 

without overlap (which is treated as vanishing and newly appearing lesions by definition, but 

current study is not capable of verifying this). Note that emerging approaches aim to address 

visually apparent confluent lesions (Dworkin et al., 2018; Lou et al., 2021; Wynen et al., 2024, 

2025). However, despite appealing results, these methods present shortcomings, such as relatively 

high computational requirements, human bias in rating, and reliance on assumptions (e.g., a fuzzy 

definition of confluent lesions). In addition, the lack of longitudinal validation of these methods 

makes connectedness a more naïve method for this study design. On the other hand, a limitation 

identified in the original toolbox (Köhler et al., 2019) is that a strict condition was imposed that 

separated lesions that cannot be confluent at the same time. One example is illustrated in Figure 

5-4. Although it was limited by the algorithm, the authors who developed the toolbox did not 

discuss this specifically and this imposes an inherent ambiguity in global labelling when the WML 

spatial configuration is complex, especially in a 3-dimensional space with drastic evolution 
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patterns over a long period and multiple time points, and there is no easy fix for the current problem. 

However, this situation is relatively uncommon, as suggested by the post hoc analysis (i.e., 219 

out of 2347 or roughly 9.3% in the full cohort data), and is mitigated by the choice of ROI analysis 

(e.g., only a single number is compared). However, mislabeling is related to only partial inaccuracy 

in ROI analysis after the averaging effect. In other words, these “mislabeled” WMLs would have 

overlapping voxels longitudinally with more than one WML that underwent a complicated 

morphological evolution (e.g., a part of a confluent WML is from a separation of another distal 

WML). Despite potential ambiguity, which imposes caveats on interpretation, this does not defy 

the spirit of the general study design given the systematic definitions of the ROI.  

Interpreting the individual metric is quite difficult, given their moderate specificity for 

neuroinflammatory events, as illustrated by methods like diffusion tensor imaging (Jelescu & 

Fieremans, 2023). The finding of R2* (i.e., high R2* in the pNAWM) is another example because 

of its sensitivity to iron (especially in MS studies) (Neema et al., 2007) and myelin (Hametner et 

al., 2018; Paling et al., 2012). Similarly, the negative finding in MWF posed another barrier to the 

metric interpretation, which can be complicated by the mixture effect of iron and myelin in MS 

(Birkl et al., 2019). Further studies should aim to remove this particular barrier, for example, by 

using the 𝜒 separation to enhance understanding (Lee et al., 2024). Nonetheless, this limitation is 

widely recognized in the literature and may extend to other qMRI metrics (Granziera et al., 2021; 

Gulani & Seiberlich, 2020; Keenan et al., 2019; Manfrini et al., 2021; Saltarelli et al., 2025; Tranfa 

et al., 2022). Ultimately, this drives the multimodal approach with complementary qMRI metrics 

to gain rich information (Chapter 2) and mitigate potential issues such as resolution and sensitivity 

discrepancies arising from acquisition and pre-processing preferences across different labs, 

therefore helping facilitate a more decisive conclusion.  
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Figure 5-4: A simple demonstration of the ambiguity of lesion labelling (AFIL algorithm). 

 

AFIL impose a condition that separated lesion cannot be confluent at the same time. The majority 

of the bottom right WML in red though is separated into two green WML in the follow-up in the 

bottom right, it also becomes part of the confluent WML in the follow-up period near the top along 

with the other two red WML. The level of complexity increases as the lesion evolutionary patterns 

is more convoluted and when considering cases in 3D instead of 2D. 

 

5.6 Conclusions 

By utilizing a set of tissue-evolution-informed ROIs, this longitudinal study has not only 

demonstrated the advanced sensitivity in qMRI metrics, but also shown the heterogeneity in both 

space and time that characterizes MS as a disease. Validation studies are highly encouraged to 

verify the findings. Still, this motivates future work to adapt qMRI metrics to characterize finer 

regions in the WM space to better understand tissue evolution in MS, potentially leading to a richer, 

more personalized delineation of a tissue heterogeneity map early on to better inform clinical 

decisions and facilitate precision in medicine for MS.  
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Chapter 6 

Can multiple sclerosis white matter lesion evolution be predicted using baseline MRI? A 

promising attempt using a two-year follow-up dataset and a simple U-Net architecture  

 

Publication status 

Parts of this chapter was presented in the abstract entitled ‘Predicting multiple sclerosis lesion 

evolution over two-years using baseline MRI and deep learning’ at Organization of Human Brain 

Mapping and ‘Can multiple sclerosis white matter lesion evolution be predicted using baseline 

MRI? A promising attempt using a two-year follow-up dataset and a simple U-Net architecture’ at 

Manitoba Neuroscience Network conferences in 2026. The manuscript is currently under internal 

review before submission to a peer-reviewed journal. 

 

6.1 Abstract 

Since baseline quantitative magnetic resonance imaging (qMRI) has shown promise in informing 

longitudinal tissue transitions in white matter (WM) in people with multiple sclerosis (pwMS), we 

investigated the performance of a 3D U-Net model for predicting MS white matter lesion (WML) 

evolution using both separate and combined conventional MRI (cMRI) and qMRI inputs. Baseline 

and two-year follow-up WML masks were used to compute 4-class (i.e., shrinking, stable, 

growing, and background) disease evolution maps (DEMs) for the MS participants (N=35 [28F], 

mean [std] age=45.5 [10.9] years). Three sets of baseline MRI inputs (i.e., qMRI-based [10 maps], 

cMRI-based [2 normalized images] and combined [all images and maps]) were separately 4-D 

concatenated with baseline WM and WML masks to train three separate 3D U-Nets to minimize 

the 4-class DEM cross-entropy. Utilizing leave-one-out cross-validation, we used ground-truth 
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follow-up WML masks to compute Dice similarity coefficients (DSCs) with each person’s ground-

truth baseline (DSCbaseline) and predicted follow-up (DSCmodelled) WML mask. Wilcoxon signed-

rank tests were used to compare DSCbaseline and DSCmodelled (one-tailed), and between pairs of 

DSCmodelled (two-tailed). After correcting for multiple comparisons, all DSCsmodelled (median [IQR] 

DSCmodelled(qMRI) = 0.72 [0.60 – 0.80], DSCmodelled(cMRI) = 0.73 [0.64 – 0.79], DSCmodelled(combined) = 

0.73 [0.66 – 0.80]) were statistically higher than DSCbaseline (pFWE < 0.05), but were not statistically 

different from one another. Although qMRI (alone or in combination) did not yield better model 

performance than cMRI, these findings show that spatiotemporal patterns of MS WML evolution 

can be predicted two years in advance using only baseline MRIs.  
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6.2 Introduction 

Multiple sclerosis (MS) is an autoimmune disease that causes demyelination and 

neurodegeneration in the central nervous system (Korn, 2008; Lassmann, 2018; Lassmann et al., 

2007). The inherent pathological heterogeneity of lesions is one of the important factors that leads 

to a wide spectrum of clinical presentations in MS (Disanto et al., 2011; Kuhlmann et al., 2017; 

Lucchinetti et al., 2000). Disease progression can be slowed and halted by disease-modifying 

therapies (DMT) (McGinley et al., 2021), and personalization of treatment has become a general 

recommendation to improve patient outcomes (Comabella et al., 2016; Pathak, 2023). Notably, 

prognosis is very important for personalized medicine in MS. Many factors have been identified 

with prognostic potential, such as demographic, environmental, clinical, MRI findings and 

laboratory measurements (e.g., the presence of oligoclonal bands and neurofilament light chain) 

(Rotstein & Montalban, 2019). However, due to the lack of a reliable biomarker, the current 

prognosis framework is built upon a holistic approach, similar to the diagnosis process, but more 

challenging (to reach the same level of sensitivity and specificity) (Rotstein & Montalban, 2019).  

Among these identified prognostic factors, qualitative lesion features on conventional MRI 

(cMRI) are increasingly important in successive revisions of MS diagnostic criteria (Montalban et 

al., 2025; Polman et al., 2011; Thompson et al., 2018). These are spatiotemporal features of MS 

lesions based on their locations (e.g., juxtacortical, periventricular, infratentorial, spinal cord, optic 

nerve) and appearance and morphologies (e.g., central vein sign (CVS), paramagnetic rim lesion 

(PRL)). Lesions can also be classified by stage (e.g., acute/chronic, active/inactive) based on their 

shapes and textures using designated MRI sequences (Absinta et al., 2016). Those findings, 

including the semi-quantitative measures (e.g., numbers of lesions and the total volume of the 

lesions), not only enhance the specificity of the diagnosis, but also carry implications for disease 
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prognosis (Hoffmann et al., 2024; Lomer et al., 2024; Rotstein & Montalban, 2019). Clearly, being 

able to predict where the new lesions will appear and how lesions evolve could provide valuable 

information to aid MS prognosis.  

At the same time, quantitative MRI (qMRI) techniques have higher sensitivity and 

specificity to various pathophysiological processes that can potentially shed light on MS-related 

changes (Lavrova et al., 2021; Saltarelli et al., 2025; Tranfa et al., 2022). Several studies have 

found abnormality in important brain regions such as cortical gray matter in MS (Straub et al., 

2023; Tardif et al., 2012) with correlation of cognitive brain functions (van Wijnen et al., 2020) 

and clinical disabilities (Gracien et al., 2016; Lema Dopico et al., 2021). Many qMRI measures 

can detect early changes in normal appearing white matter (NAWM) (Miller et al., 1989; West et 

al., 2014), and are associated with underlying MS pathology (Moll et al., 2011). Retrospectively, 

several qMRI metrics (e.g., magnetic transfer ratio metrics, diffusion tensor metrics, T1-weighted-

by-T2-weighted (T1w/T2w) ratio, myelin-related metrics) have been shown to detect early 

changes in pre-lesional space (Boaventura et al., 2022; Elliott et al., 2021; Gloor et al., 2023; Liu 

et al., 2012; Tagge et al., 2022; Chapter 5).  

Despite qMRI methods being so powerful, we still lack a full understanding of the 

relationship between qMRI and MS tissue heterogeneity, and processing and utilizing the 

information embedded in these 3D metrics for lesion prediction require attention to the high 

dimensionality, due to the increasing number of advanced MRI features. With the contemporary 

achievements of artificial intelligence (AI) and machine learning (ML) in big data across different 

fields of research, there are more and more emerging MS prognostic applications that utilize ML 

and MRI data (Seccia et al., 2021; Vázquez-Marrufo et al., 2023). While the majority of ML 

prognostic applications in MS focus on predicting the clinical outcome, for example the course of 
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the disease and the disease progression informed by conventional clinical scores, lesion evolution 

prediction is also highly relevant to MS prognosis, as previously outlined. Caba et al. demonstrated 

promising results using baseline radiomic features from T1- and T2-weighted images to classify 

prelesional (i.e., future lesional) areas of the MS brains in the baseline, apart from NAWM areas, 

using an ML classification approach (Caba et al., 2022). Kelly et al. had reached a similar 

conclusion (using T2-FLAIR images), and they even demonstrated the clinical applicability by 

using the best performing model (i.e., XGBoost) to produce a probability map of lesion occurrence 

(Kelly et al., 2024). Furthermore, a recent work that used a diffusion-based U-Net architecture has 

also demonstrated the location of new and enlarging T2 lesions can be learnt using baseline 

radiomic features (Favero et al., 2025). These findings had all underscore the baseline 

heterogeneity in WM and the potential of ML to stratify those regions to inform future tissue 

changes. However, whether or not ML methods can be utilized to predict all types of transitions 

(i.e., shrinking, stable, growing WML and stable NAWM) in the WM space over time remains 

largely unexplored, especially using qMRI maps. This study is therefore motivated to employ a 

deep learning (DL) convolutional neural network architecture (specifically a 3D U-Net) to predict 

the evolution of person-specific WM space over two years using baseline cMRI and/or multimodal 

qMRI data. 

 

6.3 Methods 

Dataset summary 

The approval of the study was gained from the University of Manitoba Health Research 

Ethics Board, and participants provided their consent before any scanning/analysis. The baseline 

MRI data and longitudinal brain masks (i.e., 2 years apart) were from a subset of 35 persons with 
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MS (pwMS) within the Comorbidity and Cognition in Multiple Sclerosis (CCOMS) Study (Uddin 

et al., 2022). Table 6-1 summarizes the demographic information (i.e., sex, age, baseline EDSS, 

and change in EDSS over time) of the cohort.  

 

Table 6-1: Demographics of the MS cohort. 

Demographic information of the participants 
Cohort size (Female) 35 (28) 
Mean age (Std) 45.50 (10.89) 
Median baseline EDSS (IQR) 3.0 (2 – 3.9) 
Median change in EDSS (IQR) 0.5 (0 – 1.5) 

 

qMRI map/cMRI images pre-processing and ROI mask computation 

For each pwMS, the dataset includes 10 baseline qMRI maps: DTI-derived axial diffusivity (AD), 

radial diffusivity (RD), mean diffusivity (MD), and fractional anisotropy (FA); myelin-water-

imaging-derived myelin water fraction (MWF), intra- and extra-cellular water fraction (IEWF), 

geometric mean T2 (gT2); T1-weighted-by-T2-weighted (T1w/T2w) ratio; multiecho gradient 

echo based transverse relaxation rate R2*, and quantitative susceptibility mapping (QSM) along 

with two baseline cMRI images: T1-weighted (T1-w) and T2-FLAIR, and global WM and WML 

masks from both timepoints. WML and NAWM from baseline and follow-up were computed 

following the same methodology as our previously published papers (Chapter 2; Chapter 3; 

Chapter 4; Chapter 5), except the follow-up WML mask was computed by taking the overlap 

between the follow-up lesion mask and the baseline WM mask to limit the view within the baseline 

WM space and stabilize the model performance due to the slight discrepancy between the 

thresholded WM masks from two time points. Specific image pre-processing pipelines were 

included in our recently published imaging protocol (Uddin et al., 2022), which describes how all 

quantitative qMRI maps were generated, how lesion masks were made, and how all maps and 
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images were non-linearly warped to MNI-152 template space. Moreover, given evidence of 

atrophy in multiple sclerosis (Andravizou et al., 2019; Bermel & Bakshi, 2006), especially over 2 

years, the normalization step enables direct comparison of the brain across different time points 

within the same stereotactic space (i.e., MNI-152 space). Since this study focuses on using the 

feature maps (i.e., qMRI maps and cMRI maps) to predict the evolution of WM only, other regions 

(e.g., gray matter, cerebrospinal fluid) of the feature maps were cropped and discarded simply to 

reduce model complexity and enhance interpretability using the intermediate CAT12 tissue 

segmentation map from the pipeline (Gaser et al., 2024). In addition, the trade-off between the 

reduced field-of-view (FOV) near the inferior cerebellar region and imaging time during the 

myelin water imaging acquisition stage imposed an apparent brain mask on each subject to ensure 

a common FOV across all feature maps before they were fed into the model for training. This 

apparent brain mask was computed by applying the ‘imclose’ function in MATLAB (version 

R2020a; The MathWorks Inc., Natick, MA, USA) with a spherical element of a radius of 10 voxels 

on the MWF map. Figure 6-1 shows a panel of a participant with all the available inputs, qMRI, 

cMRI and tissue masks after aforementioned processing and masked by the baseline WM space.  

 

Figure 6-1: A panel display of all baseline MRI maps/images and tissue masks as model inputs. 
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Model inputs (cropped with the subject-specific WM mask) included the baseline WML mask plus 

10 baseline quantitative MRI maps (for the qMRI-based model), 2 conventional images (for the 

cMRI-based model), or 12 maps and images (for the combined model). All sets of MRI inputs are 

concatenated in the 4th dimension alongside baseline WML and WM masks.  

 

Discrete disease evolution map computation as the model output 

The concept of the disease evolution map (DEM) originated in a paper by Rachmadi et al. 

(Rachmadi et al., 2019), which investigated WM hyperintensity prediction. However, this 

generalized approach is also suitable for investigating MS WML prediction by computing a map 

with four classes relative to the baseline WM space: shrinking, stable, growing WML and 

background, as shown in Figure 6-2. Briefly, the shrinking (-1), stable (0) and growing (+1) WML 

regions were recognized and labelled by computing the difference between the binary follow-up 

WML mask and the binary baseline WML mask. It is worth noting that stable NAWM (i.e., the 

WM tissue that did not undergo tissue transition over time) is also categorized as background.  

 

Figure 6-2: A panel display of WML masks from both time points and DEM. 
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Example of ground truth baseline WML mask (left, cyan), 2-year follow-up WML mask (right, 

magenta), and the resulting disease evolution map (DEM; middle). (gray: background, green: 

shrinking, maroon: stable and blue: growing) 

 

U-Net architecture and training 

Since the task for the machine learning model is to ‘segment’ baseline brain regions that have 

different evolution trajectory in the follow-up using baseline MRI spatial features, the choice of a 

U-Net architecture among a large pool of DL architectures due to its well-known success in 

biomedical imaging segmentation (Ronneberger et al., 2015) and 3D learning is chosen to enable 

realistic learning beyond 2D features, which has also been demonstrated to have superior 

performance than the 2D counterpart (Çiçek et al., 2016). In fact, the potential of U-Net is clearly 

demonstrated in MS lesion segmentation applications – cross-sectional segmentation (Ma et al., 

2022; Zeng et al., 2020) and longitudinal detection (Diaz-Hurtado et al., 2022). Due to the 

preliminary exploratory nature of this study, the authors decided to employ a relatively basic 3D 

U-Net architecture to investigate the feasibility of this approach and to establish a common ground 

for future comparisons. This 3D U-Net is autogenerated by MATLAB (version R2024b; The 

MathWorks Inc., Natick, MA, USA) by the function ‘unet3d’ with an encoder depth of 3, 64 filters 

in the first convolution layer, an iso-filter size of 3 and the convolution padding set to “same”. This 

model takes a 4D input (e.g., concatenated baseline 3D MRI volumes and tissue masks) and 

outputs a normalized 4-class probability for each voxel using a softmax operator at the end of the 

network. We employed the Adam-W optimizer to yield more consistent regularization and better 

generalization (Loshchilov & Hutter, 2019). Despite using an 18 core (hyperthreaded to 36 core) 

CPU, quad-GPU workstation (4 x NVIDIA RTX8000 GPUs with NVLink interconnects); 256 GB 

of conventional RAM, plus 192 GB of dedicated video RAM, the entire 4D volume needed to be 
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subsampled into 4D blocks with spatial dimensions of 32x32x32 for each input to train the models. 

However, to mitigate potential biases from coverage and/or edge effects due to idiosyncratic 

subsampling, resampled blocks with 50% volume overlap between adjacent blocks were added to 

the training dataset. All 4 GPUs were run simultaneously, but with a deterministic allocation 

algorithm to enable result replication and controlled evaluation across models. Similarly, CPU and 

GPU random number streams are controlled throughout the initialization and shuffling steps to 

ensure replicable results. The key hyperparameters were optimized and chosen for all model 

training as follows: mini batch size of 128, learning rate of 5e-3, maximum epoch of 20 (with data 

shuffled at each epoch for each worker), weight decay factor of 0.01 (default), gradient decay 

factor of 0.9 (default), squared gradient decay of 0.999 (default), and epsilon of 1e-8 (default). The 

training was set to minimize the objective function, which was the 4-class cross-entropy between 

the subsampled 4D ground-truth DEM and the predicted DEM blocks (which were ultimately 

reassembled into a whole-brain DEM by placing each 4D block back into its original position). 

The full 3D U-Net architecture is displayed in Figure 6-3. All models (see below for the MRI input 

combinations) were trained using the leave-one-out cross-validation at the participant level (N=35). 

In this way, the whole-brain model-predicted DEM for each participant (i.e., the one left out from 

each iteration) was saved for subsequent testing and model evaluation. 
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Figure 6-3: Schematic of the 3D U-Net architecture used in this study. 

 

This is a MATLAB (R2024b) generated 3D U-Net with the parameters specified in the method ‘U-

Net architecture and training’ section, where the inputs were (subsampled blocks of dimension 

32x32x32xC, where C denotes the input channels – i.e., relevant MRI data – depending on the 

model configuration). 
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Model comparison and evaluation 

Using the same model architecture and parameters, 3D U-Nets were trained using three sets of 

inputs: one with each participants’ baseline WM masks and all ten baseline qMRI maps; one with 

each participants’ baseline WM masks and both baseline cMRI images, following intensity 

normalization wherein each participant’s T1-w and T2-FLAIR images were rescaled between 0 

and 1; and one with each participants’ baseline WM masks, both normalized baseline cMRI images 

and all ten baseline qMRI maps. The intensity normalization step for the cMRI images was 

intended to reduce inter-participant scaling differences among T1-w and T2-FLAIR images 

because (unlike the qMRI maps), they are not inherently intensity normalized.  

During every iteration of training, Dice similarity coefficients (DSCs) of each model 

(DSCmodelled(qMRI), DSCmodelled(cMRI) and DSCmodelled(combined)) were computed for each hold-out 

individual between the predicted follow-up WML mask and the ground truth follow-up WML 

(wholistically accounting for shrinking, stable, and growing WML regions). However, to provide 

a global control and to quantify the actual change over time, we also computed DSCs between 

each participants’ ground truth baseline and follow-up WML masks (DSCbaseline). DSCmodelled(qMRI), 

DSCmodelled(cMRI) and DSCmodelled(combined) were then compared to DSCbaseline using one-tailed 

(assuming models would learn at least some temporal changes) Wilcoxon signed-rank tests paired 

for each individual; and then compared to each other (all possible pairs) using a two-tailed 

Wilcoxon signed-rank test. The significance threshold across all tests was then adjusted for 

multiple comparisons using Bonferroni correction for family-wise error (pFWE = 0.05/6 = 0.0083). 

For each 3D U-Net input, DSCs were calculated for shrinking, stable, and growing WML regions 

based on the predicted vs. ground truth class-specific DEM for each participant, and these were 

then assessed within and across models. Finally, to elucidate where (spatially) the 3D U-Net 
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models were gleaning the most information from when predicting each DEM class, we employed, 

the segmentation gradient-weighted class activation map (seg-gradCAM) method (Vinogradova et 

al., 2020). 

 

6.4 Results 

The image input oversampling method yielded a total of 18,710 4D blocks across the entire 35-

person dataset. Figure 6-4 shows box-and-whisker plots of DSC values (both aggregated and 

region-specific) for all three models. The three models (DSC median [IQR]: DSCmodelled(qMRI) 0.72 

[0.60,0.80]; DSCmodelled(cMRI) 0.73 [0.64,0.79]; DSCmodelled(combined) 0.73 [0.66,0.80]) all 

demonstrated the ability to predict better follow-up WML masks (one-tailed, DSCmodelled(qMRI) p-

value = 3e-6; DSCmodelled(cMRI) p-value = 2e-6; DSCmodelled(combined)  p-value = 2e-6) compared to 

using just the baseline WML mask (or DSCbaseline 0.64 [0.55,0.74]), as shown in Tables 6-2 and 6-

3. Table 6-3 also summarizes the two-tailed tests between the trained models, which revealed no 

statistically significant differences after multiple-comparison correction. Among different DEM 

classes, stable WML regions had the best results (qMRI model = 0.86 [0.79,0.89]; cMRI model = 

0.86 [0.80,0.89]; combined model = 0.86 [0.81,0.89]), followed by shrinking WML regions (qMRI 

model = 0.65 [0.59,0.73]; cMRI model = 0.66 [0.61,0.72]; combined model = 0.64 [0.56,0.73]), 

and growing WML regions had the lowest DSCs (qMRI model = 0.40 [0.29,0.48]; cMRI model = 

0.44 [0.34,0.51]; combined model = 0.46 [0.37,0.53]). These trends were also apparent when 

comparing the actual and predicted 3D disease evolution maps (DEMs), which consistently 

showed high correspondence (Figure 6-5).  

Similar to the block training and prediction for the model, Seg-gradCAM-derived saliency 

map was individually computed, rescaled to 0 – 1 (where ‘0’ means ‘not important’ and ‘1’ means 
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‘very important’) by class, and they were placed back to their original position to form the whole 

brain saliency map. The entire last (i.e., deepest) block of convolutional feature layers was chosen 

to facilitate the saliency map computation. As shown in Figure 6-6, models’ attention on the spatial 

location within the brain block when making the prediction for a specific class was displayed on 

an axial slice for the participant with median DSCmodelled performance in the combined model (DSC 

= 0.73 (modelled, or stable+growing), 0.56 (shrinking), 0.86 (stable) and 0.49 (growing)).  

 

Figure 6-4: Box-and-whisker plots of the models’ performance. 

 

A) DSCbaseline and DSCmodelled of each model and B) DSC of the three main regions (i.e., shrinking, 

stable and growing) of the predictive task for each model. Significant results after BH-FDR 

correction are indicated by asterisks overlaid on top of the pairs of ROI comparison in A). Grayed 

brackets indicated the statistical test is not significant. 
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Table 6-2: A summary of the baseline and modelled DSCs for each type of 3D U-Net model input. 

 qMRI-based cMRI-based combined 
Median DSCbaseline (IQR) 0.64 (0.55 – 0.74) 
Median DSCmodelled (IQR) 0.72 (0.60 – 0.80) 0.73 (0.64 – 0.79) 0.73 (0.66 – 0.80) 
Median DSCshrinking (IQR) 0.65 (0.59 – 0.73) 0.66 (0.61 – 0.72) 0.64 (0.56 – 0.73) 
Median DSCstable (IQR) 0.86 (0.79 – 0.89) 0.86 (0.80 – 0.89) 0.86 (0.81 – 0.89) 
Median DSCgrowing (IQR) 0.40 (0.29 – 0.48) 0.44 (0.34 – 0.51) 0.46 (0.37 – 0.53) 

 

Table 6-3: Wilcoxon signed-rank and rank sum test p-value results comparing DSCbaseline and 

DSCsmodelled. 

 baseline qMRI-based cMRI-based combined 
baseline     

qMRI-based 3e-6    
cMRI-based 2e-6 Not significant   
combined 2e-6 Not significant Not significant  

 

The box background colour indicates the tests were either one-tailed (Green) or two-tailed 

(Orange).  
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Figure 6-5: Visual comparison of the ground truth and model predicted DEM. 

 

Ground truth (First column, counting from the left), qMRI (Second column), cMRI (Third column) 

and combined (Fourth column) output DEMs from three randomly selected MS participants (rows) 

are displayed here. (gray: background, green: shrinking, maroon: stable and blue: growing) 
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Figure 6-6: Visualization of the saliency maps of the combined model. 

 

Leftmost (panel A) is the ground truth DEM with each colour representing a DEM class (gray: 

background, green: shrinking, maroon: stable and blue: growing). The Seg-GradCAM (combined 

model) saliency maps (panels B-E) for each specific class prediction of a single MS participant is 

displayed in a normalized scale from 0 to 1. Note: the chosen participant has the median 

performance out of the 35 iterations of training. 

 

6.5 Discussion 

The models learned the spatiotemporal features of the WML evolution from the baseline 

MRI  

All DSCmodelled of the models are significantly higher than the DSCbaseline, and the significance of 

the main findings is two-fold. First, the moderate-to-high level of DSCs (qMRI, cMRI and 

combined inputs all having median DSCmodelled > 0.70) demonstrates the feasibility of predicting 

spatiotemporal changes in WML tissue evolution in MS over a span of two years using only 

baseline MRI maps. Second, this indicates that heterogeneity of MRI signals, not just between, but 

also within MS WMLs and NAWM contains useful information about longitudinal WM transitions 

very early on (at least 2 years into the future). 

Based on region-specific DSCs, the models were relatively more reliable at predicting 

stable MS WML regions. Besides tissue heterogeneity, this is probably due to the nature of 
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concentric expansion and contraction of MS WML, which often appear to uniformly grow and 

shrink from the periphery (Barkhof, 1997; Huh et al., 2014; I. Katz Sand, 2015; I. B. Katz Sand & 

Lublin, 2013). In other words, the spatial awareness of the whole WML potentially helped the 

model to identify the central, and therefore more likely stable, regions. However, this hypothesis 

cannot fully account for the result, because not all WMLs fit within the 32-by-32-by-32 sampling 

block due to their size. The models performed moderately well at predicting the shrinking MS 

WML regions, which, by definition, are the complementary regions to the stable regions within 

the baseline WML masks. Previous ROI-based work from our lab specifically examined both 

cross-sectional (Chapter 4) and longitudinal (Chapter 5) sensitivity of qMRI in and around WML, 

which generally showed greater MRI signal heterogeneity within WMLs than in NAWM (with 

generally higher microstructural measures near the WML boundary) and also consistently higher 

baseline microstructural measures in contracting (shrinking) portions vs. persisting (stable) 

portions of MS WMLs. It is also worth emphasizing that the moderate-to-high DSCs observed in 

stable and shrinking regions are not coincidental. This is because some participants experience 

drastic changes in tissue evolution (i.e., DSCbaseline < 0.3, where the shrinking region and growing 

region are much larger than the stable region). Therefore, the models must learn the features to 

correctly recognize which voxels within the baseline WML are stable vs. shrinking, as shown in 

the DSCs. On the other hand, the model struggled to predict the growing regions. Here, the result 

might be due to NAWM in the baseline not being apparent enough two years in advance and/or to 

the insensitivity of MRI methods at this level of heterogeneity. On one hand, this is perhaps not 

unexpected, because the cross-sectional study in the lab has shown that as we move further into 

the NAWM space (concentrically from MS WML boundaries), qMRI heterogeneity is less 

apparent than within WMLs (Chapter 4). However, our previous longitudinal study showed 
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consistent differences across qMRI metrics between stable and transitioning perilesional NAWM, 

so it is worth noting that the 3D U-Net models in this study were still able to predict at least some 

growing WML regions. This intriguing result is equally important, because it further underscores 

that at least some level of heterogeneity exists in the NAWM space, and that this heterogeneity is 

meaningful for informing the longitudinal growth of WMLs. The statistical significance of the 

comparisons between DSCsmodelled and DSCbaseline demonstrated that the growing region is both 

conceptually and statistically significant within the predicted follow-up WML mask (alongside 

stable regions). Overall, this finding from the growing regions reveals that heterogeneity in 

NAWM is perhaps more subtle than the WML and can be hard to capture using a fairly simple U-

Net and/or within each 32-by-32-by-32 block.  

 

Training of the combined model did not result in improved model performance  

Perhaps somewhat surprisingly, the predictive performance of the qMRI-based and cMRI-based 

models was not significantly different, and even when cMRI and qMRI inputs were put together 

to train the combined model, the performance did not significantly improve over the cMRI-based 

model. From a practical perspective, this finding is especially interesting and highly relevant since 

T1-w and T2-FLAIR images are routinely acquired for patient diagnosis and treatment monitoring. 

High-accuracy prediction of MS lesion evolution using these methods, based on baseline MRI 

characteristics that are routinely available, and without the need for additional advanced imaging, 

is likely to be much more translatable to clinical practice. With widely available images (at least 

cMRI), larger sample sizes, and potentially more time frames, this result also bodes well for 

scalability and generalizability (see Study limitations on how this model can still be considered 
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generalizable given a low sample size) in future studies. Nonetheless, to determine why cMRI 

methods are comparable to qMRI in this predictive task requires further investigation. 

 

Where is the model focusing on when predicting a specific class? 

Interpreting even a simple neural network architecture like U-Net can be difficult, especially when 

it is a 3D U-Net with more learnable parameters and connections. Explainable AI (XAI) is the field 

in which scientists and researchers are developing methods to make model interpretation easier 

(Dwivedi et al., 2023). In neural networks, the magnitude of the gradient between the output or 

probability and the logits in the feature layers is often used as an intuitive metric, as the stronger 

the gradient, the greater its impact on the final prediction. The gradient of each logit is also the 

fundamental in saliency map computation. Segmentation gradient weighted class activation map 

(Seg-gradCAM) is a 3D generalized version of gradCAM (Vinogradova et al., 2020). Therefore, 

Seg-gradCAM is suitable for computing saliency maps for our model to visualize the spatial 

attention that the model pays toward making specific class predictions. The feature layers of the 

last convolutional block were chosen to compute the saliency map because deeper features in 

models generally encode with higher-level information about the inputs and are spatially relevant 

due to the nature of the U-Net architecture. As shown in Figure 6-6B-E, the Seg-gradCAM-derived 

saliency map of the feature maps in the deepest convolution block displayed a distinct pattern of 

spatial importance across different classes. The first thing we noticed is that attention to the 

location is suppressed when irrelevant information is presented. This is most obvious in predictions 

with shrinking regions (only blocks containing baseline WML receive attention) and the attention 

to regions near the core of baseline WML (i.e., bluest/coldest spots) when predicting background. 

Interestingly enough, the model ‘sees’ a higher level of importance in the NAWM space as 
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compared to the WML when predicting the shrinking region, for example, the hot spots near the 

posterior of the brain in Figure 6-6C. In addition, some important structures, for example, regions 

close to important deep gray matter structures like the caudate nucleus, and putamen and WM 

tracts like the corpus callosum, received higher level of attention. However, more work is needed 

to fully tease out the importance and spatial extent of the model's attention to these areas, for 

example, by using a predefined atlas to more accurately delineate the regions. On the other hand, 

when predicting stable and growing regions, attention shifted toward the core of the baseline WML 

regions in a gradient fashion (Figure 6-6D-E). The model relies more on the inner core of the 

baseline WMLs compared to other regions, suggesting that spatial information is perhaps more 

important within the WML core as compared to the rim when predicting changes over time (i.e., 

stable vs. growing). Nonetheless, these attention maps contained strips that was introduced 

discontinuities at the block boundaries due to the nature of the model architecture (predicting one 

block at a time). It inevitably created a barrier to fully interpreting the model’s spatial attention at 

the whole-brain level and suggests that if enough GPU memory was available to accommodate all 

of the data at once, whole brain baseline MRI inputs might yield higher performance (even with 

the same 3D U-Net architecture and tuning parameters). 

 

Study limitations 

Despite being an exciting proof-of-concept for the application of deep learning to predict subject-

specific MS lesion evolution using baseline MRI data, this work has several limitations. Perhaps 

the most obvious limitation is the relatively low participant-level sample size of the current study 

(N=35). However, although this might lead to questions about the generalizability of the findings 

to a larger population, several aspects of the model design and training have attempted to 
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compensate for this limitation by making the model less biased to the dataset and promoting the 

translatability of the model. These include: 1) block sampling and training, where the model was 

trained using augmented 4D block samples from the whole brain imaging data (which 

simultaneously increased the effective training sample size and minimized biases that could have 

otherwise been introduced into the model by individual differences in brain size, overall lesion 

loads, specific lesion locations within the brain, and whole-brain microstructural 

differences/variability throughout NAWM); 2) minibatch and randomized training, where the 

training dataset for each epoch was split into minibatches with a maximum size of 128 (roughly 

0.6% of the whole dataset), and the whole training dataset for each iteration was shuffled into 

minibatches for each epoch (i.e., meaning the model is learning a very small fraction of the whole 

dataset each time, and since the data can come from anywhere in the brain across and within 

participants, the model also has to adjust and adapt rapidly to the randomness in the dataset); 3) 

use of drop-out layers, since the model used two drop-out layers (i.e., 50% of the parameters are 

randomly discarded in each iteration of minibatch), which further pushes the model to seek a 

generalizable set of parameters to compensate for the loss of information and be less sensitive to 

the model overfitting to the current dataset; 4) leave-one-out cross-validation, where the model 

was trained on as much data as possible (i.e., coming from all other study participants) and then 

evaluated using the most extreme case of cross-validation at the single-subject level. Although 

several of these factors likely served to reduce model performance (especially sub-sampling the 

images into 4D blocks, rather than using whole-brain data to train the model), they should increase 

our confidence regarding the model’s generalizability given the minimal bias toward participant-

level data.  In fact, the significant result suggests that the model still learns to generalize and predict 

portions of the spatiotemporal pattern of WMLs, given the limited FOV and a harsh training 
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scheme, thereby enhancing the translatability of the concept to other (hopefully larger) external 

datasets with more diverse populations. Regardless, more work is required to improve the model’s 

predictive performance, particularly in growing WML regions, since accurate prediction of lesion 

growth at the individual level could set the stage for clinical trials of individualized approaches to 

optimize treatment strategies for people with MS. Whether achieving this goal can be achieved 

through the use of much larger data sets and cMRI measures or will require the use of other qMRI 

methods (or both), remains unanswered. In addition, disease phenotypes and other clinical factors, 

as well as the status of therapy enrollment can be helpful when interacting with MRI information. 

For example, the effect of therapies in combination with baseline MRI radiomics has been 

investigated in specifically looking at predicting patient outcomes (Durso-Finley et al., 2022, 

2023) and the detection of new and enlarging T2 lesions (Favero et al., 2025), with the positive 

results favoring the inclusion of other clinical data beyond MRI to yield a more reliable, realistic 

and accurate prediction. Although the current study was meant to serve as an early proof-of-

principle, more powerful high-performance computing clusters would ideally be used to train 

future DL models using whole-brain MRI data (to account for expected intensity differences across 

brain regions) and provide the computational bandwidth to include all the additional features 

mentioned above to fully exploit the potential of real-world data. Furthermore, although the 3D U-

Net employed in the current study demonstrated the feasibility and exciting potential for using 

MRI-based DL approaches to forecast the evolution of MS WMLs, future work should definitely 

explore the use of newer and more sophisticated AI approaches, such as generative adversarial 

networks (GANs) (Goodfellow et al., 2020). Despite a limited sample size (N=5), a study with a 

3D GAN-alike model (i.e., Discriminator-based guided attention GAN) employed multi-modal 

cMRI (i.e., T1-weighted, T2-weighted, proton-density-weighted and FLAIR) with a much larger 
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receptive field (i.e., 128 x 128 x 128) to predict whole brain FLAIR image (i.e., whole brain image 

prediction) one year in the future, had reported a superior result in the MS lesion regions over the 

basic 3D U-Net (peak-signal-to-noise-ratio = 20.05), and also highlighted a comparable overall 

performance with basic 3D U-Net (structural similarity index = 0.88) (Wang et al., 2022). In 

addition, a recent work with the same dataset as mentioned above had tried not only to predict 

whole brain FLAIR image in the follow-up time point (ranging from 1 to 5 years in the future) but 

also to segment lesion area from the centre 2D slices (i.e., x=0 or y =0 or z=0) of the predicted 

whole FLAIR brain using another 3D GAN-alike model (i.e., Auxiliary classifier GAN), yielding 

a mean accuracy of 74.4% (Chan, 2026). Although the workflow (i.e., a two-step prediction-

segmentation workflow) of this study was different from our work (i.e., one-step ‘segmentation’), 

and the fact that the resultant segmentation was done in 2D fashion (partially because prediction 

was done in 3D), and they did not evaluate the whole brain lesion (i.e., only the three centre slices), 

the finding still highlighted the importance of exploring advanced models/architecture, the value 

of having multiple time points data, and most importantly the predictive ability of cMRI, which is 

also especially emphasized by the findings of current study. Lastly, it is important to also point out 

that the brain can experience varying degrees of atrophy over two years. Despite the 

straightforwardness of this analysis (by aligning all maps to a common template space and 

confining lesions to the baseline WM space), the definition of shrinking and growing regions can 

be affected by both global and local brain atrophy. 

 

6.6 Conclusions 

This study shows that a common, relatively simple DL model (3D U-Net), trained on baseline MRI 

data, is able to predict MS white matter lesion evolution (at least 2 years in advance). The finding 
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that conventional T1-w and T2-FLAIR images alone were able to forecast white matter tissue 

transitions bodes well for potential future clinical applicability, since predicting lesion changes in 

advance could perhaps be used to augment clinical decision-making in terms of patient 

management and precision medicine. The scalability of the method is also promising, as almost all 

MS visits include conventional MRI images. This significantly lowers the barrier to data access 

for a wider population to build potentially more accurate and generalizable models in the future 

(perhaps in combination with more advanced DL methods and other demographic and clinical 

input parameters). Future models should also consider using high-performance computing clusters 

to process whole-brain MRI data, and also feeding the model information from other clinical 

sources, like clinical tests, lab results and patient-reported outcomes alongside MRI and see how 

model performance changes. By using XAI methods like seg-gradCAM, we observed that regions 

beyond WML can also hold information that subjective human analyses by neurologists and 

radiologists would normally overlook. Therefore, although interesting in its own right, this study 

points to several exciting lines of future inquiry regarding the use of AI and MRI data to predict 

MS lesion evolution, and potentially guide proactive personalized medicine approaches in MS 

prognosis.  
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Chapter 7 

General summary  

 

7.1 Research findings 

This thesis work has demonstrated the potential of multimodal quantitative MRI (qMRI) (and 

conventional MRI (cMRI) to a certain extent) to characterize heterogeneity within and between 

MS white matter lesions (WMLs) and normal appearing white matter (NAWM). Most importantly, 

it shows early evidence that the MS WML spatial evolution can be predicted years into the future 

using only baseline MRI features.  

The exploratory analysis of the qMRI metrics has shown that they are highly correlated 

with volumetric measures of brain features (e.g., lesions, whole brain, deep gray matter), which 

are widely recruited as outcome measures to inform decision-making in clinical trials (De Stefano 

et al., 2014). They show the most consistent association with disease progression among early 

clinical features (Tintore et al., 2015), and brain volume loss correlates with disease progression 

(Radue et al., 2015) and cognitive outcomes (T. Vollmer et al., 2016). Specific lesion (e.g., slowly 

expanding lesion (SEL) and central vein sign (CVS)) volume measures have demonstrated the 

ability to predict disabilities (Rocca et al., 2024). The findings from the first study provide a 

stepping stone for future qMRI implementation to possibly complement routinely collected cMRI 

scans to enable higher-dimensional analyses and better disease characterization. On the flip side 

of the same study, it is interesting to observe how much different qMRI metrics share information 

with each other. Although metrics within the same imaging framework are likely to exhibit 

information redundancy, this has only a minor effect on data collection and offline pre-processing, 

but it increases the computational burden when performing high-dimensional analyses. However, 
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there are certain metrics, such as quantitative susceptibility mapping (QSM) (myelin water fraction 

(MWF) in WML and T1-weighted-by-T2-weighted (T1w/T2w) ratio in NAWM to some extent), 

that appeared to contain relatively novel/unique information to offer other qMRI methods. 

Therefore, especially now that QSM demonstrates greater clinical potential – as evidenced by the 

inclusion of susceptibility-weighted imaging in the latest McDonald diagnostic criteria for MS 

(Montalban et al., 2025), this can and should be further explored.  

The results from the first phase (Chapters 2 and 3) motivated a more detailed investigation 

of the sensitivity of qMRI metrics, specifically in and around MS WML regions, following the 

concentric evolution pattern observed in typical MS cases. The primary goal of the second phase 

(Chapter 4) was to visualize qMRI metric readings from the core of the WML to the outer NAWM 

and characterize them on each WML. This was done by evaluating how sensitive different qMRI 

metrics are to distinguishing the adjacent layers across the two tissue classes, and how these finer 

regions relate to one another. The statistical findings revealed that both WML and NAWM are 

heterogeneous (with different degrees) and showed that the signal transitions rapidly within WMLs, 

slowly extends outward into the NAWM, and eventually reaches a plateau (again, with similar 

general trends observed across different qMRI metrics). Furthermore, most correlation statistics 

for these qMRI signals from the concentric shells showed stronger, denser correlations within 

tissue classes than between-tissue-class correlations. However, although the inter-metric 

correlation analysis within the same shells revealed distinct patterns across different pairs of qMRI 

metrics, correlations in regions around the WML-perilesional NAWM (pNAWM) boundary were 

less likely to reach statistical significance. Those findings encourage a closer look at the WML-

pNAWM regions, especially pNAWM, to better understand the entire white matter (WM) space 

alongside WML in MS. 
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As WML spatially evolves, the third phase (Chapter 5) of the thesis work moves from a 

cross-sectional to a longitudinal study design. The goal was to further stratify MS WM regions 

using longitudinal (baseline and 2-year follow-up) WML masks to examine how sensitive different 

qMRI metrics were at baseline in terms of their ability to potentially inform different WM changes 

over time. This time, a relatively naïve set of definitions of the regions was established based on 

the evolution pattern of the individual WML from two time points. The result of the pairwise 

comparisons between these ROIs is two-fold. First, many of these pairwise comparisons across 

different ROIs for the same metric are statistically significant, which again shows the remarkable 

sensitivity of qMRI metrics and highlights heterogeneity in the finer WM space from a different 

perspective (compared to the second phase of the thesis work). Second, and more importantly, the 

directionalities of these comparisons (examined after the two-tailed comparison) further strengthen 

the significance of these findings by matching the transition/stable WML regions and their degree 

of repair and neurodegeneration, as measured by baseline qMRI metrics. Together, these findings 

not only provide direct evidence that heterogeneity in the baseline WM space is longitudinally 

relevant for WML evolution (up to two years in advance) but also demonstrate the ability of qMRI 

metrics to potentially capture spatiotemporal information about the fate of various WM transitions 

(i.e., WML evolution) quite early on. 

By showing that baseline MRI signals contain information (that could potentially be 

learned) about MS WML transitions, the previous phase provided the momentum that has 

translated into the final model-building stage (Chapter 6), where we assessed how well even a 

relatively simple 3D U-Net performs in predicting WML evolution using only information from 

baseline MRI scans. Both qMRI and cMRI were recruited in this study to facilitate model training 

and comparison across different input configurations, alongside WML and NAWM masks. The 
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output DEM follows a similar definition to the previous phase, which enhances the overall 

interpretation of the study. The comparison between the DSCbaseline and DSCmodelled metrics, 

although imperfect, shows that all models learned significant insights into spatiotemporal changes 

in MS WMLs. This result directly demonstrates again that qMRI metrics throughout the WM space 

encode information about future changes in WMLs. It extends this to show that cMRI (i.e., T1-

weighted and T2-FLAIR image intensities) also demonstrated significant (comparable to qMRI) 

potential to forecast MS WML evolution. This is an important finding, as previously highlighted, 

as cMRIs included here are much more accessible than qMRIs for routine clinical workups and 

monitoring, not to mention that some qMRIs are not yet available in clinical settings. At the same 

time, since cMRI included in this study has only two images, the comparable result of the models’ 

performance (especially with the one with combined inputs with 14 features) has raised an open 

question regarding whether the plateau in predictive accuracy has to do with limitations of the 

relatively simplistic 3D U-Net model architecture or whether it is due to limitations within the 

training data (in this case the baseline MRI data) in terms of what can be learned to inform WML 

evolution over time? Nevertheless, the positive result from this phase of the thesis work has 

underscored an important avenue for future research.  

By combining the results throughout different phases, and with the ROI selection in the 

linearly connected phases of the research, shrunken from large and anatomically defined spaces 

(i.e., NAWM, WML and DGM) slowly to WML evolution-driven space (i.e., concentric shells, 

shrinking vs growing and voxel-level receptive field in 3D U-Net), this thesis has showcased that 

the WM spatial heterogeneity can be sensitized by different qMRI (and cMRI) metrics, creating a 

multi-dimensional feature space that is relevant to MS WML (or WM, in general) evolution, even 

looking at changes two years in advance. 
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7.2 Study strengths and limitations 

In addition to the limitations outlined for each phase, there is room for improvement in the overall 

design of the work. One limitation is that the study samples are relatively small, especially in the 

last phase when we are building the deep learning (DL) model. In this case, the limited sample size 

likely reduces both the statistical significance and the overall generalizability of the result. Future 

work in this area should endeavour to use a larger sample and validate the findings using an 

external dataset. However, it is also worth noting that the main findings of the studies remain 

significant despite the sample size limitations. Also, MS is known to disproportionally affect 

women (~4 times higher than men) and young adults (mean age of diagnosis: 32 years old) in the 

general population (Walton et al., 2020b), with an unbalanced distribution of phenotypes highly 

bias to relapsing-remitting forms (85%) (vs. progressive forms) (McKay et al., 2015). The 

Comorbidity and Cognition in Multiple Sclerosis (CCOMS) Study was particularly designed to 

reflect this demographic characteristic in its recruitment of participants (i.e., without strict 

screening criteria regarding age, sex, and phenotype of MS), as briefly outlined previously (Section 

1.8). Therefore, we acknowledge that the interpretation and the outcome of the work from this 

dissertation may not be directly translatable and applicable to a more focused, especially the 

underrepresenting, population in MS. Eventually, detailed studies should be done to investigate 

and validate the findings (potentially answering a totally different research question) in other MS 

subpopulations, especially but not limited to the progressive forms of MS. And this could even be 

done by using the data subsets in the CCOMS Study, despite the caveat of having a more limited 

data sample size. Nonetheless, as the spectrum of MS phenotypes continues to expand with 

discoveries in the field, the population in this dataset may be considered moderately diverse and 
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heterogeneous. By pooling data regardless of demographic background and phenotypes, and 

allowing for some levels of latent heterogeneity that are not captured in the dataset, the study's 

overall findings indicate a significant degree of generalizability of the disease within MRI, 

alongside personalization. 

Nevertheless, with greater availability of the resource and the growing initiative in multi-

institutional data collection protocols (e.g., The Canadian prospective cohort study to understand 

progression in multiple sclerosis (CanProCo): rationale, aims, and study design (J. Oh et al., 2021)) 

in research nowadays, it may be easier to acquire a dataset with a similar demographic profile, a 

much larger sample size, and more advanced qMRI sequences. Unfortunately, this dataset does 

not have any biospecimens (e.g., lumbar puncture samples or lab charts) collected. And those 

would be instrumental in understanding the relationship between MRI features, not only limited 

to the WM landscape, with MS pathophysiology. 

Another consideration is that analyses can be done in template space or subject space. The 

former addresses differences in brain size between participants, and controls for within-participant 

changes (e.g., global and/or regional atrophy) over time. However, this puts spatial/distance 

measures into a relative scale – as opposed to subject-space analyses, which would preserve 

absolute spatial/distance measures. It can be argued that, in the end, forward and backward 

deformation can be applied to transform between the spaces, but the statistical interpretation differs 

because the tests are run in different locations, with different ROI sizes and spatial distances. The 

differences between the spaces of analysis are not necessarily a limitation but rather a choice that 

was made, ultimately leading to the final phase (Chapter 6) where we felt that the separation of 

DEM class required longitudinal maps/masks from each participant to be somehow put into a 

common space, and for maps/masks from different participants to then be put into a common space 
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prior to input into the 3D U-Net model and facilitate training. Given also the fact that the method 

used to normalize MRI images (that facilitates data analyses in all chapters in this dissertation) has 

been systematically validated in the context of MS (Pirzada et al., 2020), the decision was made 

to effectively do both at once by non-linearly warping all MRI images and masks to the MNI-152 

template.  

This thesis work focuses exclusively on MS WMLs, lesions in the WM space of the brain. 

While this approach helped us narrow our scope, our analyses did not consider the interplay with 

other parts of the central nervous system, such as the gray matter (GM) (e.g., cortical surface), the 

brain stem, or the spinal cord. MS lesions in other regions of the brain, particularly cortical GM 

lesions, have been shown to have a high specificity and clinical relevance (Absinta et al., 2012; 

Kolb et al., 2022). However, cortical lesions are generally harder to image due to the need for high 

resolution (Bagnato et al., 2024; Kolb et al., 2022; Rocca et al., 2024). Nonetheless, future studies 

could use our studies on MS WMLs as a template to investigate cortical GM lesions, and to 

determine whether baseline MRI metrics can be used along with machine learning methods to 

predict patterns of MS cortical lesion evolution.  

WML masks may differ when different imaging sequences are used because not all T1-

weighted WML are visible on T2-weighted images, and around 50% of T2 lesions appear as T1 

lesions (Valcarcel et al., 2018). Because WML masks were segmented from T2-FLAIR images, 

the results and discussion here are confined to T2 WMLs. But given the fact that T1 WMLs (or T1 

hypointensities) may still be structurally different from T2 WMLs (e.g., experiencing more 

extensive axonal loss and chronic activities) (Sahraian et al., 2009b), this introduces a caveat with 

an additional degree of heterogeneity when interpreting the findings throughout this thesis. 
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But this does not necessarily mean that the T1 WML regions are virtually meaningless at 

different phases of the research, as phase 2 (Chapter 4) has revealed not only a relatively greater 

degree of heterogeneity in WML regions (vs. NAWM), but also the subtle heterogeneity in 

NAWM regions (both of which might be due to the co-existence of and the differences between 

T2 WML and T1 WML, albeit this was not explicitly tested or discussed in the Chapter 4). 

However, the interplay between the two types of WML in this context cannot be examined until 

T1 WML is segmented. While one study demonstrates the transferability of an automatic 

segmentation tool between T1 and T2 modalities (Valcarcel et al., 2018), lesion segmentation 

remains an active field of research, especially with the growing accessibility and rapid 

advancement of artificial intelligence (AI) (Diaz-Hurtado et al., 2022; Thabet et al., 2025). 

However, inconsistent use of the algorithm creates a similar issue of compatibility and changes 

the statistical findings across studies when the ROI definition differs. Nevertheless, the robustness 

of the T2 lesion segmentation for this work was briefly highlighted in Section 1.8. This has a strong 

implication for the reliability of the result, even though the sample sizes are small in some phases. 

The last highlighted aspect is that this thesis work, paired with the dataset (phenotype-

agnostic participant recruitment), does not distinguish between relapsing-remitting, secondary 

progressive, or primary progressive phenotypes within the cohort or between WML types (when 

individual WMLs were separated). However, MS is a heterogeneous disease, in which phenotypes 

are treated differently within the conventional disease framework. In addition, perhaps 

contradicting with the co-varying structural findings in healthy brains, for example in white matter 

tracts, cortical gray matter, and cortical thickness (Alexander-Bloch et al., 2013; Wahl et al., 2010), 

WMLs can be heterogeneous in morphologies, stages and evolutionary pathways, as suggested by 

MRI findings (Harrison et al., 2016; Thaler et al., 2021, Chapters 4 and 5) and histological findings 
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(Lucchinetti et al., 2000). On one hand, the positive results across different MS phenotypes and 

WML types indicate that MRI data contains information that (at least to some extent) may 

generalize both across and within individuals. On the other hand, this could limit our findings, 

since pooling heterogeneous data may reduce statistical power when participants or each type of 

WML exhibit lower similarities. Therefore, while pooling WMLs (even within a participant) can 

be a valid approach for statistical analysis, interesting research questions such as how different 

WMLs relate to each other at the participant level, how WML heterogeneity alters the original 

WM network, and how the above relate to different clinical phenotypes and disability remain to 

be addressed (ideally with a dataset that has a more equally weighted distribution of disease 

phenotypes and more finely annotated WML subtypes). But acquiring such a dataset can be 

laborious and resource-intensive, as we need to consider characterizing more phenotypes, such as 

radiologically and clinically isolated syndromes, and growing evidence have shown that MS can 

be a spectrum rather than a discrete classification (Giovannoni, 2018; Lublin et al., 2014; T. L. 

Vollmer et al., 2021). Second, the recognition of WML types has also advanced with recent MRI 

methods, highlighting the requirement of a more rigorous framework to identify all possible WML 

types. This may include recruiting domain experts and acquiring additional imaging features in the 

short term; however, with future research, this could be another application where AI could become 

quite useful. Moreover, MS progression over time, which allows these types and categories to 

evolve dynamically, makes longitudinal analysis and the development of a research framework 

much more complex. Nevertheless, these are ultimately important questions to understand before 

formulating a comprehensive radiological association with the disease, thereby guiding better 

clinical decisions and having a greater impact on patient outcomes. 
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7.3 Future outlook  

WM is heterogeneous, as shown by different qMRI metrics in this dissertation, particularly in and 

around MS WMLs. As the clinical use of MRI remains largely qualitative and is limited in its 

scope for binarized comparisons between WML and NAWM, this thesis used a series of analyses 

to highlight the clinical potential of extracting finer features across the entire WM space using a 

multimodal qMRI (and cMRI) approach. Given the significance and limitations as listed in 

previous sections, here are some suggested avenues that could be explored to further elucidate and 

improve upon our findings: 

This dissertation has showcased two distinct patterns of WM heterogeneity in MS: 1) WML 

morphology-driven (Chapter 4), 2) WM tissue transition-driven (Chapter 5). Both scenarios can 

be detected using qMRI metrics. Nonetheless, WM heterogeneity can be attributed to many other 

inherent factors, such as anatomical preference – i.e., since WML are more likely to be found near 

the juxtacortical and periventricular regions (Filippi et al., 2019), and other recent work from our 

lab has also shown WMLs disproportionately affect white matter tracts in certain functionally-

connected brain networks (Figley et al., 2026), and physiological variability – as well as the 

activities and evolutionary changes in different WML subtypes (Absinta et al., 2016). Given the 

demonstrated high sensitivity of qMRI in previous chapters in this dissertation, future work should 

consider employing qMRI to continue the exploratory journey toward better understanding and 

mapping WM heterogeneity both cross-sectionally and longitudinally. Potential directions include, 

but are not limited to: 1) the refinement of ROIs, since the results depend on how the ROIs are 

defined and computed, and what is the voxel inclusion/exclusion criteria; 2) the spatial distribution 

of MWLs, and whether their anatomical location (e.g., juxtacortical, periventricular, within 

specific white matter tracts) affects the ability to accurately measure and/or predict their 



CHAPTER 7   

 218 

evolutionary patterns; and 3) the stratification of WML subtypes, and the extent to which findings 

differ between chronically active, inactive and acute WMLs (and whether, for example, lesion 

evolution prediction accuracy differs for paramagnetic rim lesions, WMLs with central vein sign, 

etc.). The exploration will most likely be significant and impactful, leading to a more well-rounded 

understanding of WM heterogeneity in MS. 

The lack of feature inclusion beyond qMRI (and cMRI) is something that we did not have 

time to explore, but is likely to have tremendous value. For example, this dissertation did not 

investigate how MS clinical presentations, types of symptoms, severity and progression status are 

related to qMRI metrics across different tissue classes (Chapters 2 and 3), the heterogeneity in 

WM that is sensitized by qMRI metrics (Chapters 4 and 5), or the WML evolution pattern 

(Chapters 5 and 6). Since the clinic-radiological paradox is not yet resolved (Barkhof, 2002; Chard 

& Trip, 2017; Ojha et al., 2025), future work should incorporate the relevant clinical measures to 

broaden and deepen the understanding of the findings from this thesis. Although MRI findings 

such as lesion volume, number of lesions and brain volume are often used as treatment response 

measures for MS (Ananthavarathan et al., 2024; Gasperini et al., 2019) and imaging outcomes in 

clinical trials for drug development (Tur et al., 2018), our findings and those from others (Elahi et 

al., 2025, Chapters 2-5) suggest that cross-sectional and longitudinal effects of interventional 

procedures and disease modifying therapies (DMTs) should be monitored with a suitable 

combination of qMRI measures that are able to more sensitively and/or specifically elucidate 

changes in the underlying WM pathologies (McGinley et al., 2021). 

It is worth noting that the CCOMS dataset includes a comprehensive battery of MRI scans 

(e.g., perfusion and functional MRI) and a variety of demographic, clinical and lab measures. 

Historically, clinical tests, lab results, and patient demographic information have been collected 
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alongside MRI to compile a comprehensive profile of an individual with MS and to help clinicians 

and researchers better understand the disease and make better clinical decisions. With dedication 

and advances, more refinements have been implemented in the diagnostic workup and the 

monitoring protocol for MS (Montalban et al., 2025; Voigt et al., 2024). In particular, more and 

more subcellular-level markers and measures (e.g., biomarker and -omic data) have been 

discovered, adding unique and detailed perspectives to neuroscience research (O’Connor et al., 

2023), and shedding light on the field of MS (Lorefice et al., 2023). In addition, as the world moves 

toward full digitalization of data collection and storage, data accessibility may be greatly enhanced. 

Although it facilitates a more robust multidimensional analysis (by adding more MRI data or 

pairing with other data sources) to achieve specific (and potentially more challenging) goals such 

as lesion evolution prediction, the findings will not always be easy to interpret, whether or not the 

results are positive. Therefore, rigorous study designs are important. And data analysis should be 

carefully planned to systematically characterize the relationships among data sources, particularly 

when aiming for clinical implementation (e.g., generalizability and interpretability).  

cMRI can already be quite powerful, given its validity and popularity in clinical settings 

for MS. Near the end of the thesis, the significance of cMRI findings motivates ongoing research 

to enhance the quantitative use of cMRI alongside qMRI. However, cMRI images require 

processing to normalize image signal intensities, especially for diseases like MS, where 

widespread abnormalities are found across many brain regions. Beyond the naïve whole-brain 

intensity normalization method used in this thesis, other sophisticated normalization methods have 

been proposed in the literature for MS (Brier et al., 2021; Roy et al., 2013; Shah et al., 2011). 

However, regardless of MRI modalities, differences in the sequence parameters and post-

processing pipeline are always significant sources for the variability in the image quality and 
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information therefore impacting analytical results and interpretation  (Biberacher et al., 2016; 

Shinohara et al., 2017). This is also extremely relevant when translating the study to other centers 

either to independently validate the work and enhance the quality of the results or to collaboratively 

engage in multicenter studies. The proper implementation of the methodological framework of 

data collection plays an important role, yet it is a non-trivial task. Recommendations on the 

selection of MRI sequences/modalities, including their associated imaging parameters, 

radiological features relevant to MS, analytical methods and data storage in large multi-center 

settings (De Stefano et al., 2022), and recommendations on MRI usage in MS diagnosis, prognosis 

and monitoring applications have been previously proposed by international groups of researchers 

and clinicians (Wattjes et al., 2021). Nonetheless, harmonized data acquisition is only part of 

multicenter study designs (Ashton, 2010), so two other equally important aspects must be 

considered in multimodal MRI studies at different centers (and even longitudinally within the same 

center): 1) Site selection, both in terms of the availability/compatibility of different MRI hardware 

across sites (and their ability to acquire the same kinds of data, ideally with the same or similar 

pulse sequence parameters and similar image quality) and; 2) Image processing and data analysis 

pipelines should be centralized or carefully harmonized to ensure consistent post-processing using 

the same software (and software versions) with the same settings. Then, if any changes are 

necessary to the data acquisition or analysis protocols, images should be systematically compared 

before and after the modification, so that an informed decision can be made regarding the 

continuation of the study, the change(s) should be explicitly noted in any resulting publications, 

and the details of any mixed datasets (pooling the new and old data) should be thoroughly 

described. Beyond the imaging-related factors, some other practical considerations in terms of 

logistics and human resources (e.g., staff training, data management, finances, communication) 
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have been previously described (Das, 2022). In spite of the challenges, translating this study design 

to a multi-center setting would increase the robustness of the results and strengthen the findings.  

In addition, with a relatively small sample size, the potential complementarity between 

cMRI and qMRI remains underexplored, and the amount of information shared between them is 

yet to be determined. Future work can deepen this understanding by delving into the biophysics 

underlying the modalities, by employing empirical designs to examine them at the surface level, 

or by using machine learning approaches to determine whether maps can be generated from their 

counterparts. The latter ties back to the need for feature selection, considering the challenges in 

multi-center studies and real-world data acquisition constraints (e.g., time and clinical workload). 

Even if the qMRI and cMRI metrics are all deemed important and exhibit a low level of redundancy, 

collecting all images in the real-world clinical setting would be costly, could potentially cause 

patient discomfort, and lead to even longer MRI wait times due to increased scan time. In parallel 

with technological advancements and the emergence of newly developed qMRI maps, we as data 

scientists should also focus on refining sensitivity and specificity through interpretation of the 

metrics, with a continually updated understanding of MS, and therefore compile a hierarchy system 

to help the field identify metrics with high clinical practicality and relevance in the real-world 

setting more quickly. 

 In conclusion, even though more work remains to interpret the clinical value of quantifying 

heterogeneity in the WM space in MS, this thesis work, using a multi-modal approach and qMRI 

metrics, has already shown that heterogeneity in the WM space in MS is not completely arbitrary, 

but rather spatiotemporally relevant, which even showed an early promise in lesion evolution 

prediction when pairing with AI and DL. These findings may all eventually help advance 

understanding of the disease, enabling a finer stratification of pwMS beyond conventional 
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phenotyping, guiding better clinical trials, improving prognosis to enable precision medicine 

approaches, and ultimately improving the quality of life for pwMS. 
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