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Thesis Abstract 
 

Mul@ple sclerosis (MS) is a chronic inflammatory demyelina@ng disease of the central nervous 

system with features of progressive neurodegenera@on. The mechanisms of progressive 

neurodegenera@ve disease are incompletely understood but include inflammatory and non-

inflammatory processes that lead to focal and diffuse axonal loss. Magne@c resonance imaging 

(MRI) is an indispensable technique that has been used to develop numerous biomarkers of 

inflammatory disease in MS. These biomarkers are used for diagnosis, monitoring disease 

ac@vity and clinical trial outcomes. MRI biomarkers of the neurodegenera@ve components of 

MS have also been developed but lack the same level of sensi@vity as inflammatory biomarkers, 

which has limited their uptake into clinical use and clinical trials. 

 

This thesis explores techniques using diffusion-based MRI in order to characterise mechanisms 

underlying progressive MS. Refined methods of assessing microstructural damage and 

structural network disrup@on are described and evaluated. Several poten@al biomarkers are 

proposed to describe and predict progression in MS. 
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1.1 Mul@ple Sclerosis 

 

1.1.1 Background 

 

Mul@ple sclerosis (MS) is a chronic disease of the central nervous system (CNS) with features 

of autoimmunity, immune dysregula@on and neurodegenera@on (Lassmann et al., 2007). The 

first formal descrip@on was made over 150 years ago by Charcot using his “anatomoclinical” 

method of correla@ng clinical features with post-mortem pathology (Kumar et al., 2011), 

although reports consistent with a chronic relapsing demyelina@ng CNS disease stretch back to 

centuries earlier (Ward & Goldman, 2022). Whilst being a clearly defined en@ty for over a 

century, MS has eluded a conclusive pathophysiological descrip@on, despite substan@al 

advances in disease understanding and therapeu@cs. 

 

MS affects some 2.8 million people worldwide as of 2020, including over 30 000 Australians at 

a prevalence of ~1.2:1000 (Walton et al., 2020). The typical age of disease onset is between 20 

and 40 years old, leading to MS being the most common cause of non-trauma@c disabling 

neurologic condi@on in young adults in Australia. The prevalence of MS varies worldwide, with 

higher and lower risk areas differing in prevalence by over 20-fold (see Fig. 1.1). The prevalence 

is also increasing as a result of increased survival, improved detec@on and repor@ng, upda@ng 

of MS diagnos@c guidelines, but likely also a true increased incidence in some regions (Browne 

et al., 2014). Typical of other autoimmune diseases, females have an increased risk of the 

disease with a 2-4:1 sex ra@o female:male, although males tend to have a more disabling 

disease trajectory (Ribbons et al., 2015). 
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Figure 1.1 World map of MS prevalence per country. Adapted from Walton, 2020. 

 

1.1.2 Clinical aspects and defini@ons of mul@ple sclerosis 

 

The classifica@on and diagnos@c criteria of MS have evolved over @me (McDonald et al., 2001; 

Polman et al., 2011; Poser et al., 1983; Thompson et al., 2017). The prevailing view is to 

separate the disease into several phenotypes that best characterise the mechanism of 

cumula@ve neurological disability, and aid in prognos@ca@on, clinical trial design and 

therapeu@c choice. In ~85% of cases, MS presents with an acute syndrome of neurological 

dysfunc@on (relapse) dependent on the loca@on of acute focal inflamma@on in the CNS. This 

phenotype is termed relapsing-remisng mul@ple sclerosis (RRMS) due to the typical feature 

that relapses improve (remit) as focal inflamma@on regresses, albeit not always with full 

neurological recovery. RRMS may be preceded by clinically isolated syndrome (CIS), essen@ally 

a first inflammatory/demyelina@ng relapse that does not meet diagnos@c criteria for MS. 

Neurological deficits and disability in RRMS have tradi@onally been seen to be episodic, with 

cumula@ve and las@ng disability occurring with accrual of relapses that lack complete recovery.  

 

The latest diagnos@c criteria (see Table 1.1) (Thompson et al., 2017) capture the clinical course 

of RRMS, i.e. the propensity for mul@focal acute inflamma@on over @me, by requiring proof of 

dissemina@on in space and @me, through repeated clinical relapses, typical focal 
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inflammatory/demyelina@ng lesions on MRI or, in the case of @me, cerebrospinal fluid (CSF)-

specific oligoclonal bands. Although not absolutely required, the diagnos@c criteria heavily rely 

on the use of MRI, and in prac@ce MRI is essen@al to diagnose MS with reliable specificity. The 

four typical areas for lesion loca@on in the CNS are: juxtacor@cal or cor@cal, periventricular, 

infratentorial and spinal cord, of which two must be present on MRI to meet radiological 

criteria. 
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 Number of lesions with objecCve 

clinical evidence 

AddiConal data needed for a 

diagnosis of mulCple sclerosis 

≥2 clinical aEacks ≥2 None 

≥2 clinical aEacks 1 (as well as clear-cut historical 

evidence of a previous aEack 

involving a lesion in a disCnct 

anatomical locaCon) 

None 

≥2 clinical aEacks 1 DisseminaCon in space 

demonstrated by an addiConal 

clinical aEack implicaCng a 

different CNS site or by MRI 

1 clinical aEack ≥2 DisseminaCon in Cme 

demonstrated by an addiConal 

clinical aEack or by MRI OR 

demonstraCon of CSF-specific 

oligoclonal bands 

1 clinical aEack 1 DisseminaCon in space 

demonstrated by an addiConal 

clinical aEack implicaCng a 

different CNS site or by MRI AND 

DisseminaCon in Cme 

demonstrated by an addiConal 

clinical aEack or by MRI OR 

demonstraCon of CSF-specific 

oligoclonal bands 

If the 2017 McDonald Criteria are fulfilled and there is no beEer explanaCon, the diagnosis is mulCple sclerosis. 

If mulCple sclerosis is suspected by virtue of a clinically isolated syndrome but the 2017 McDonald Criteria are 

not completely met, the diagnosis is possible mulCple sclerosis. If another diagnosis arises during the evaluaCon 

that beEer explains the clinical presentaCon, the diagnosis is not mulCple sclerosis. 

Table 1.1 The 2017 McDonald Criteria for mulCple sclerosis with an aEack at onset, adapted from Thompson et 

al. 2017. 



 6 

The other phenotypes of MS are termed progressive given the mode of disability accrual is slow 

and unrelen@ng (see Table 1.2). Within progressive MS (PMS), primary progressive MS (PPMS) 

is defined as progressive disease from onset, whilst secondary progressive MS (SPMS) is 

progressive disease occurring auer RRMS at onset. 

 

Primary progressive mulCple sclerosis can be diagnosed in paCents with:  

• 1 year of disability progression (retrospectively or prospectively determined) independent of clinical 

relapse 

Plus two of the following criteria: 

• One or more T2-hyperintense lesions characteristic of multiple sclerosis in one or more of the 

following brain regions: periventricular, cortical or juxtacortical, or infratentorial 

• Two or more T2-hyperintense lesions in the spinal cord 

• Presence of CSF-specific oligoclonal bands 

Table 1.2 The 2017 McDonald Criteria for primary progressive mulCple sclerosis with progression at onset, adapted 

from Thompson et al. 2017. 

 

The classifica@on of SPMS is not clearly defined in the 2017 criteria beyond progressive disease 

that follows RRMS. In clinical prac@ce there is much difficulty in defini@vely labelling people at 

the transi@on point between RRMS and SPMS, with clinical uncertainty las@ng on average 3 

years (Katz Sand et al., 2014). In prac@ce, in addi@on to worsening disability in the absence of 

relapses, a certain level of disability is ouen required before clinicians are confident of the 

diagnosis (Cree et al., 2021). Research has looked at defining SPMS based on the risk of a future 

progressive disability trajectory. Most notably this has been studied using the large registry 

database MSBase, where a 3 -strata progression magnitude criteria including an Expanded 

Disability Status Score (EDSS) ³ 4 and pyramidal Func@onal System (FS) score ³ 2, confirmed 

auer 3 months in the absence of relapse, predicted a progressive disability trajectory and 

severe disability at 5 years (Lorscheider et al., 2016). 

 

The phenotypic classifica@on and descrip@on of MS is at a crossroads however. The tension 

between historical labels based on clinical onset and increasing evidence of the seamless 

spectrum of disease across phenotypes is only star@ng to be addressed in diagnos@c criteria. 

The tension is also exacerbated by rigid clinical trial inclusion criteria, and subsequent drug 

authority approval condi@ons, which restrict clinicians within historical classifica@ons. This has 
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been addressed to a degree by the Interna@onal Advisory Commi=ee on Clinical Trials of MS 

and The MS Phenotype Group with 2013 revisions to MS defini@ons, with the inclusion of a 

disease ac@vity qualifier in RRMS, and a disease ac@vity and disease progression qualifier in 

PMS (Lublin et al., 2014). In this context disease ac@vity is defined as clinical evidence of relapse 

and/or MRI evidence of new or enlarging T2 hyperintense lesions or contrast enhancement. 

The 2017 McDonald criteria suggests recording the disease ac@vity and the clinical disability 

progression of the previous year, although incorpora@ng these qualifiers into disease 

defini@ons and ul@mately clinical trials does not have consensus. 

 

Several avenues of evidence have shown relapsing and progressive disease exist concurrently 

in MS. At the earliest stages of CIS and RRMS there is accelerated brain atrophy, a recognised 

marker of neurodegenera@on (Calabrese et al., 2007; Radü et al., 2013). Careful clinical 

evalua@on in RRMS has also uncovered worsening of disability independent of relapse ac@vity 

variably called silent progression (Cree et al., 2019) or progression independent of relapse 

ac@vity (PIRA) (Kappos et al., 2020). Remarkably these studies have found that most long-term 

disability worsening in RRMS is independent of relapse ac@vity, as well as being associated with 

accelerated brain atrophy (Cree et al., 2019), challenging the clinical dis@nc@on between 

relapsing and progressive forms of the disease. 

 

In addi@on to progressive disability being a feature of RRMS, similarly relapsing/inflammatory 

disease can be a feature of PMS. Relapses are reported at a rate up to 30% in SPMS (Paz Soldán 

et al., 2015) and between 5-25% in PPMS (Paz Soldán et al., 2015; Portaccio et al., 2022). The 

treatment of PMS with currently available disease modifying therapy (DMT) has been 

underwhelming (Amezcua, 2022), however sub cohort analyses of randomised control trials 

and registry data have revealed an effect on disability progression in PMS with concurrent 

clinical and radiological markers of disease ac@vity (Kappos et al., 2018; Montalban et al., 2017; 

Portaccio et al., 2022). One conclusion then is that immunosuppressive DMTs in PMS are 

effec@ve in reducing inflammatory/relapse ac@vity but leave neurodegenera@ve mechanisms 

untouched leading to poor treatment response in all but the minority with significant 

inflammatory disease ac@vity. This view has been paralleled in a number of drug approval 

jurisdic@ons limi@ng DMT use to PMS with disease ac@vity (EMA, 2019; FDA, 2020), although 

not all (TGA, 2022). Other explana@ons have been suggested for the poor outcomes in PMS 
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drug trials, including trial design, trial length, inclusion criteria, and the selec@on of trial 

outcomes (Ontaneda et al., 2015). 

 

In this thesis, RMS and PMS cohorts have been studied in comparison with an a=empt to 

dis@nguish between subjects that are clearly in the inflammatory phase of MS, without 

evidence of progressive disability in the preceding 12 months, and those clearly in the 

progressive phase with no clear relapse or evidence of disease ac@vity in the previous 2 years. 

 

1.1.3 Clinical measures of disability 

 

MS may affect all aspects of CNS func@on, but due to its mul@focal nature with rela@ve 

unpredictability in the regions affected the presenta@on is heterogenous between individuals. 

Visual disturbance from op@c neuri@s and physical disability through motor deficits are the 

most outwardly present symptoms contribu@ng to disability accrual (Reich et al., 2018). 

However a number of symptoms of MS that contribute to reduced quality of life and disability 

are not as clear to outside observa@on and/or measurement and subsequently are under 

reported. These include fa@gue, pain, sensory disturbance, bladder and bowel dysfunc@on, 

depression and cogni@ve impairment (Reich et al., 2018). Cogni@ve impairment is a common 

deficit in pwMS with up to 50% of individuals displaying deficits of informa@on processing 

speed and tests of memory (R. H. B. Benedict et al., 2006). Although neuropsychological ba=ery 

tes@ng in MS can be brief, even small @me addi@ons to the clinical consult are currently 

imprac@cal, and cogni@ve tes@ng is ouen not a part of standard clinical care (Sumowski et al., 

2018), although electronic and at home assessments can improve exposure (Rao et al., 2017). 

 

This heterogenous nature of MS disability makes objec@ve clinical assessment and comparison 

between individuals difficult. The clinical measures and tools used are ouen composite 

measures of a variety of scores. 

 

The expanded disability status scale (EDSS) is the mostly widely used disability ra@ng score in 

MS. Developed from the original disability status scale in 1983 it has been used in all significant 

clinical trials in MS (Kurtzke, 1983). The EDSS is comprised of 8 func@onal systems (FS) 

(pyramidal, cerebellar, brainstem, sensory, bowel and bladder, visual, cogni@ve or mood and 
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ambula@on) that are then combined to create a final score ranging from no disability (0) to 

death (10) as outlined in Table 1.3. Several biases and limita@ons of the EDSS have been 

described including the over emphasis of lower limb func@on and mobility above a score 4.0 

and the under emphasis of cogni@ve assessment with reliance on subjec@ve assessment for 

mild levels of cogni@ve decline, as well as upper limb func@on (R. H. Benedict & Walton, 2012; 

Meyer-Moock et al., 2014). In addi@on the assessment is reliant on a component examiner with 

training in neurological examina@on and the EDSS itself, and is prone to intra-rater and inter-

rater variability (Tur, Moccia, et al., 2018). These limita@ons have led to the ac@ve development 

of alternate disability measures. 

 

0 Normal neurological exam (all grade 0 in all FS scores). 

1.0 No disability, minimal signs in one FS (i.e., grade 1). 

1.5 No disability, minimal signs in more than one FS* (more than 1 FS grade 1). 

2.0 Minimal disability in one FS (one FS grade 2, others 0 or 1). 

2.5 Minimal disability in two FS (two FS grade 2, others 0 or 1). 

3.0 Moderate disability in one FS (one FS grade 3, others 0 or 1) or mild disability in three or four 

FS (three or four FS grade 2, others 0 or 1) though fully ambulatory. 

3.5 Fully ambulatory but with moderate disability in one FS (one grade 3) and one or two FS grade 

2; or two FS grade 3 (others 0 or 1) or five grade 2 (others 0 or 1). 

4.0 Fully ambulatory without aid, self-sufficient, up and about some 12 hours a day despite 

relaCvely severe disability consisCng of one FS grade 4 (others 0 or 1), or combinaCon of lesser 

grades exceeding limits of previous steps; able to walk without aid or rest some 500 metres. 

4.5 Fully ambulatory without aid, up and about much of the day, able to work a full day, may 

otherwise have some limitaCon of full acCvity or require minimal assistance; characterised by 

relaCvely severe disability usually consisCng of one FS grade 4 (others or 1) or combinaCons of 

lesser grades exceeding limits of previous steps; able to walk without aid or rest some 300 

metres. 

5.0 Ambulatory without aid or rest for about 200 metres; disability severe enough to impair full 

daily acCviCes (e.g., to work a full day without special provisions); (Usual FS equivalents are one 

grade 5 alone, others 0 or 1; or combinaCons of lesser grades usually exceeding specificaCons 

for step 4.0). 

5.5 Ambulatory without aid for about 100 metres; disability severe enough to preclude full daily 

acCviCes; (Usual FS equivalents are one grade 5 alone, others 0 or 1; or combinaCon of lesser 

grades usually exceeding those for step 4.0). 
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6.0 IntermiEent or unilateral constant assistance (cane, crutch, brace) required to walk about 100 

metes with or without resCng; (Usual FS equivalents are combinaCons with more than two FS 

grade 3+). 

6.5 Constant bilateral assistance (canes, crutches, braces) required to walk about 20 meters 

without resCng; (Usual FS equivalents are combinaCons with more than two FS grade 3+). 

7.0 Unable to walk beyond approximately 5 meters even with aid, essenCally restricted to 

wheelchair; wheels self in standard wheelchair and transfers alone; up and about in wheelchair 

some 12 hours a day; (Usual FS equivalents are combinaCons with more than one FS grade 4+; 

very rarely pyramidal grade 5 alone). 

7.5 Unable to take more than a few steps; restricted to wheelchair; may need aid in transfer; wheels 

self but cannot carry on in standard wheelchair a full day; May require motorised wheelchair; 

(Usual FS equivalents are combinaCons with more than one FS grade 4+). 

8.0 EssenCally restricted to bed or chair or perambulated in wheelchair but may be out of bed itself 

much of the day; retains many self-care funcCons; generally has effecCve use of arms; (Usual 

FS equivalents are combinaCons, generally grade 4+ in several systems). 

8.5 EssenCally restricted to bed much of day; has some effecCve use of arm(s); retains some self-

care funcCons; (Usual FS equivalents are combinaCons, generally 4+ in several systems).  

9.0 Helpless bed paCent; can communicate and eat; (Usual FS equivalents are combinaCons, mostly 

grade 4+).  

9.5 Totally helpless bed paCent; unable to communicate effecCvely or eat/swallow; (Usual FS 

equivalents are combinaCons, almost all grade 4+). 

10 Death due to MS. 

Table 1.3 EDSS adapted from Kurtzke, 1983. 

 

The mul@ple sclerosis func@onal composite (MSFC) is a disability scale developed for 

assessment of MS in order to overcome the limita@ons of the EDSS. It comprises the @med 25 

foot walk (T25FW), a measure of mobility speed; the nine-hole peg test (9HPT), a measure of 

upper limb func@on; and the paced auditory serial addi@on test-3 (PASAT-3), a measure of 

informa@on processing speed (Fischer et al., 1999). Subsequently the symbol digit modali@es 

test (SDMT) was validated as another measure of informa@on processing speed to replace the 

PASAT-3, and is preferred in some instances due to the slightly be=er predic@ve validity and 

rela@ve ease of administra@on (Drake et al., 2010). The reported benefits of the MSFC are that 

the cons@tu@ve components are independent, it is sensi@ve to change over one- and two-year 

intervals and is associated with current EDSS and predic@ve of EDSS change, but can be prone 
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to learner bias (Fischer et al., 1999; Kalkers et al., 2000). The MSFC has been increasingly used 

as a clinical endpoint in clinical trials of MS (Meyer-Moock et al., 2014).  

 

The final MSFC score is derived from the average of the z -scores of each component with 

reference to a standard popula@on, or the study popula@on (Tiuikcioglu, 2018). The T25FW is 

calculated by averaging the @me it takes to complete two 25 foot (7.62 metres) walks. A 20% 

change in the T25FW has been validated as a significant change of mobility (Motl et al., 2017). 

The 9HPT is calculated by averaging the @me taken to place and remove nine pegs into a grid 

pa=ern of holes. It is a unilateral measure of upper limb func@on and can be used as a 

composite score across both arms or as a unilateral score for one arm (Solaro et al., 2020). The 

PASAT-3 is assessed by adding up the last two spoken digits of a con@nuous string of numbers 

paced every 3 seconds for 3 minutes. The SDMT is calculated as the number of symbols able to 

be matched to a numbered code in ninety seconds in either a verbal or wri=en form. A change 

of 4 points or 10% in the SDMT has been validated as a significant change in informa@on 

processing speed in MS (R. H. Benedict et al., 2017). 

 

1.1.4 Risk factors for MS 

 

Whilst the exact cause of MS has proven elusive, several avenues of research have discovered 

a mul@faceted pathophysiology including immune dysregula@on, gene@c and environmental 

factors. The presence of CNS autoreac@ve immune cells indicates a breakdown of central and 

peripheral tolerance mechanisms. This failure can result from a myriad of factors, including 

compromised regulatory T cell (Treg) func@on or resistance to autoreac@ve cell suppression. 

The interplay between environmental and gene@c risk factors may influence func@on and 

ac@va@on of autoreac@ve cells, thus promo@ng the onset of disease pathogenesis (Ward & 

Goldman, 2022). 

 

1.1.4.1 Gene@cs 

 

Gene@c predisposi@on contributes to the risk of developing MS. Genome wide associa@on 

studies have iden@fied more than 200 loci that are associated with an increased risk of MS 

(Sawcer et al., 2014). Most of the loci iden@fied in these studies encode proteins of the immune 
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system, such as the HLA-DRB*1501 allele which carries the largest gene@c risk of MS 

(Patsopoulos et al., 2013; Schmidt et al., 2007). Although most people with MS do not have a 

family history of the disease, an individual’s risk of MS increases 10 to 20 fold with an affected 

first degree rela@ve (Reich et al., 2018). Even though there have been some differences found 

in gene@c predisposi@on between the phenotypes of MS (Kiselev et al., 2019), relapsing and 

progressive forms largely share gene@c risk (Cree, 2014). 

 

1.1.4.2 La@tude, vitamin D and sunlight 

 

A remarkable discovery of epidemiological studies into MS risk has been the so-called 

la@tudinal effect, such that temperate la@tudes incur several fold increases in risk compared to 

the equator (Simpson et al., 2019). This risk is acquired in an individual’s forma@ve years. The 

la@tude effect is thought to be mediated by environmental factors, foremost sun exposure and 

subsequent vitamin D metabolism, but also poten@ally regional gene@c differences (Reich et 

al., 2018). Lower serum vitamin D levels and a lack of oral vitamin D supplementa@on have 

been shown to be associated with increased risk of developing MS (Miclea et al., 2020), and 

increased risk of disease ac@vity (Mar@nelli et al., 2014; Simpson et al., 2010; W. Z. Yeh et al., 

2020). The mechanism of low serum vitamin D conferred risk is unclear but several modes of 

interplay between vitamin D and the immune system possibly underlie it (Hart et al., 2011; W. 

Z. Yeh et al., 2020). 

 

1.1.4.3 Epstein-Barr Virus (EBV) 

 

EBV is associated with increased risk of developing MS, evidenced by higher EBV an@body @tres 

in persons with MS (pwMS), a significantly increased rate of MS auer infec@ous mononucleosis 

(Belbasis et al., 2015), as well as a temporal associa@on with EBV seroconversion (Bjornevik et 

al., 2022). Studies have revealed almost all pwMS have posi@ve EBV serology, although with a 

high background rate of EBV serology posi@vity in the healthy popula@on, MS only manifests in 

a @ny propor@on of EBV exposure (Sollid, 2022). This has raised the prospect of EBV being a 

necessary but insufficient cause of MS. Other viruses have been proposed as causa@ve but have 

not been proven (Waubant et al., 2019). EBV has several effects on the immune system that 

may underlie its increased risk of MS, as well as increased risk with other autoimmune disorders 
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such as SLE (Ascherio & Munger, 2015) and immune mediated malignancies (Farrell, 2019). EBV 

contributes to MS likely through reprogramming of latently infected B lymphocytes and chronic 

presenta@on of viral an@gens inducing autoreac@vity through molecular mimicry (Soldan & 

Lieberman, 2023). 

 

1.1.4.4 Metabolism, lifestyle and gut microbiome 

 

Obesity in childhood and early adolescence is a weak risk factor for both childhood and adult-

onset MS (A. K. Hedström et al., 2021). Cigare=e smoking is associated with an increased risk 

of MS disease development, but also an increased risk of a progressive and more severe 

phenotype (Hawkes, 2007; A. Hedström et al., 2016). Vascular risk factors outside of smoking 

have also been shown to contribute to worsening neurological disability especially in 

progressive disease (Kappus et al., 2016). Recent study into the gut microbiome has found 

associa@ons with MS disease risk at onset and progression of disease (Ochoa-Repáraz et al., 

2018), poten@ally through immune tolerance mechanisms. 

 

1.1.5 Pathophysiology of MS 

 

The pathophysiological model of MS has developed in sophis@ca@on and detail over the past 

25 years, and it is now clear that MS involves a complex interac@on between both the adap@ve 

and innate immune systems, compartmentalised within and migra@ng to the CNS, causing 

demyelina@on and axonal loss in focal and diffuse regions. There exists a spectrum of processes 

from acute inflamma@on to neurodegenera@on, that are variably present at different @mes of 

the disease course, and in different degrees dependent on phenotype, although features of 

inflamma@on and neurodegenera@on are present to some degree in all pwMS. 

 

1.1.5.1 Pathophysiology of acute demyelina@ng MS lesions 

 

The pathological hallmark of the disease is focal demyelina@ng lesions in the CNS, which occur 

in the white ma=er, cor@cal grey ma=er, deep grey ma=er structures of the brain or spinal cord. 

White ma=er lesions typically form around a central vein or venule (Lassmann et al., 2007), 

whilst cor@cal demyelina@ng lesions can be associated with focal leptomeningeal inflamma@on 
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(Lassmann et al., 2012). Although the root cause for acute inflammatory lesions has not yet 

been confirmed as occurring within or outside the CNS, primed autoreac@ve T cells migrate 

into the CNS through the blood brain barrier (BBB), interact with microglia and B cells and cause 

demyelina@on and axonal cleavage. CD4+ T cells (Th1 and Th17) and CD8+ T cells are both 

present within MS lesions, although CD4+ cells are more concentrated in the perivascular cuff, 

whereas CD8+ cells are widely distributed in the parenchyma (Dendrou et al., 2015; Ward & 

Goldman, 2022). B cells role in the disease process is likely through an@gen presenta@on and 

cytokine produc@on which can be directly oligodendrocyte toxic, more so than an@body 

secre@on (Comi et al., 2020). 

 

Innate immune cells are also heavily involved in acute MS pathophysiology. Peripheral 

macrophages infiltrate ac@ve MS lesions and remove myelin, cellular and inflammatory by-

products. The resident CNS phagocytes, microglia, have widespread ac@va@on throughout the 

CNS parenchyma, even at remote distances from focal inflamma@on, as well migra@ng to the 

site of MS lesions in large numbers (Guerrero & Sico=e, 2020). Their role is complex and likely 

mul@ple ac@va@on states occur media@ng both inflamma@on and neural protec@ve 

mechanisms (Zrzavy et al., 2017). The complex interplay between glia, resident and peripheral 

immune cells is star@ng to be iden@fied and described and will open up new avenues for 

therapeu@c targe@ng (Bi=ner & Zipp, 2021). 

 

Acute demyelina@ng lesions in the white ma=er may remyelinate to varying degrees auer acute 

inflamma@on se=les, par@ally mediated by an@-inflammatory microglia. In the absence of 

remyelina@on, lesions can be leu as wholly denuded axons, the so-called chronic inac@ve 

lesions, or develop chronic inflamma@on with a more innate inflammatory milieu and slow 

axonal loss, the so-called smouldering or slowly expanding lesions (Reich et al., 2018). 

 

1.1.5.2 Differing inflammatory mechanisms of progressive mul@ple sclerosis 

 

Several pathophysiological features are more prevalent in progressive forms MS where 

neurodegenera@on is more marked, mediated by inflammatory and non-inflammatory 

mechanisms (Correale et al., 2016; Lassmann et al., 2012). 
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Inflamma@on in progressive disease is compartmentalised within the CNS, and B cells appear 

to play a more significant role than other peripheral adap@ve immune cells as mediators of 

ongoing chronic inflamma@on (Hemmer et al., 2002; Lassmann et al., 2012). During the early 

stages of the disease, B cells with clonally related Variable Heavy sequences can be found on 

both sides of the BBB. However, as the disease progresses, B cells in the CNS eventually form a 

compartmentalised popula@on that is independent of the peripheral B cell pool (Lovato et al., 

2011). 

 

Follicle-like structures in the subarachnoid leptomeninges near inflamed blood vessels are 

important for the reten@on of immune cells within the CNS in PMS. These structures contain 

prolifera@ng B cells, plasma cells, helper T cells, and follicular dendri@c cells and are found in 

close proximity to underlying grey ma=er lesions and parenchyma infiltrates at different stages 

of development (Magliozzi et al., 2010). Follicular dendri@c cells produce CXCL13, which is 

essen@al for the recruitment, matura@on, and an@genic selec@on of B cells (Magliozzi et al., 

2022). Follicle structures are present in 40-70% of SPMS cases. The structures likely result from 

repeated bouts of intense inflamma@on and can maintain a high level of humoral response 

independent of peripheral inflamma@on behind an intact BBB (Fraussen et al., 2016). 

Meningeal inflamma@on in PPMS is less clustered into follicles, but more diffuse throughout 

(Choi et al., 2012). 

 

Focal demyelina@ng lesions in PMS have different profiles with smouldering lesions and cor@cal 

lesions being more prevalent. Smouldering lesions are frequently observed, par@cularly with 

long disease dura@on or at the transi@on to clinically progressive disease (Correale, 2014; Reich 

et al., 2018). These lesions are characterised by chronic inflammatory ac@vated microglia 

surrounding a rela@vely inac@ve lesion centre (Prineas et al., 2001; Zrzavy et al., 2017). 

Increasing volume of cor@cal grey ma=er lesions is associated with progressive disease 

phenotype and worsening disability (see Fig. 1.2). Of the cor@cal lesions, subpial lesions are a 

unique feature of MS, not observed in other neuroinflammatory or metabolic diseases 

(Lassmann et al., 2007, 2012). They are par@cularly prevalent in progressive forms of the 

disease and are associated with an earlier onset of progressive disease. Subpial lesions are 

independent of white ma=er lesions and lack a high inflammatory component, including a lack 

of blood-brain barrier breakdown, immune cell infiltra@on, perivascular cuffs, or complement 
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ac@va@on. Instead, microglial ac@va@on appears to be the primary immune cell mediator 

involved in subpial lesion forma@on (Correale, 2014). 

 

 
Figure 1.2 Comparison of RMS (le8) and PMS (right) coronal views of the brain. Green depicCng white 

maDer lesions, and orange depicCng grey maDer lesions. CorCcal grey maDer lesions and atrophy 

prevalent in progressive MS. Adapted from Lassman et al. 2007. 

 

1.1.5.3 Non-inflammatory pathogenic mechanisms of mul@ple sclerosis 

 

A variety of non-inflammatory factors also contribute to CNS damage in MS, ouen media@ng 

neurodegenera@on. Mitochondrial dysfunc@on plays a central role in the pathogenesis 

revealed in several studies (Campbell et al., 2014). For instance, neuronal cell bodies in deep 

layers of the cortex have been shown to exhibit impaired func@onal ac@vity of mitochondrial 

respiratory chain complexes, as well as altera@ons in motor proteins responsible for the 

movement of mitochondria from the cell body to axons. Furthermore in PMS, neurons in 

deeper cor@cal layers also exhibit mitochondria with mtDNA dele@ons, indica@ve of an 

accelerated aging phenotype (Campbell et al., 2014). The feedback cycle of mitochondrial 

dysfunc@on can be unrelen@ng, whereby energy deficiency leads to func@onal disturbance of 

neurons ini@ally, followed by axonal degenera@on and death and subsequent release reac@ve 

oxygen species (ROS) from impaired respiratory chain complexes leading to further 

mitochondrial dysfunc@on and mtDNA dele@ons (Sedel et al., 2016). Energy imbalance also 

leads to dysfunc@on of several ion channels, including Na/K ATPase, which become incapable 

of suppor@ng repolarisa@on, and may cause the Na/Ca exchanger to reverse, increasing 



 17 

intracellular Ca and causing Ca-dependent proteoly@c degrada@on and axonal degenera@on. 

Furthermore, demyelina@on leads to the anomalous distribu@on of Na channels, which spread 

across the denuded axon from nodes of Ranvier. The denuded axon then requires much higher 

energy to propagate depolariza@on, thus contribu@ng to energy deficiency and failure (Correale 

et al., 2016). 

 

Iron accumula@on is also poten@ally an important mechanism that may exacerbate or amplify 

oxida@ve injury in MS. Iron accumulates in the aging brain and is stored in a non-toxic form in 

myelin, oligodendrocytes, and microglia (Hametner et al., 2013). In MS lesions, iron is liberated 

from these structures/cells into the extracellular space, where it can be converted into divalent 

ferrous forms and increase the toxicity of ROS. The liberated iron is then taken up again by 

microglia and macrophages and accumulates partly within these cells at the lesion margin, but 

is also transported into the perivascular space (Bergsland et al., 2019; Hagemeier et al., 2017; 

Hametner et al., 2013). 

 

Secondary degenera@on from sites of axonal damage takes the form of Wallerian 

(anterograde), retrograde and transsynap@c degenera@on in the CNS. These mechanisms have 

been shown to occur in MS, and are likely the leading mediator of global neurodegenera@on 

and atrophy (C. Wang et al., 2019). Wallerian degenera@on, the degenera@on of neuronal 

structure distal to the site of injury, is an ac@ve process which proceeds through an organised 

manner auer axonal injury from axonal degenera@on (axolemma degenera@on and granular 

disintegra@on of the axonal cytoskeleton) through to myelin sheath shedding and subsequent 

myelin and cellular debris clearance (Vargas & Barres, 2007). The process differs in the CNS 

compared to the peripheral nervous system (PNS), due to a lack of BBB breakdown and 

maintenance of myelin structures, leading to a slower process that can take months to years to 

complete, and is one reason for the inhibi@on of axonal regenera@on in the CNS (Vargas & 

Barres, 2007). In MS, microstructural and tract based imaging techniques have found evidence 

of Wallerian degenera@on in vivo stemming from focal lesions (Ciccarelli et al., 2003; Fox et al., 

2016; Hardy et al., 2016; Klistorner et al., 2015). Retrograde degenera@on (degenera@on 

proximal to axonal injury toward the cell body) and trans-synap@c degenera@on occur in MS 

(Klistorner et al., 2015, 2017; Puthenparampil et al., 2017; Rocca et al., 2013), providing a 

mechanism for the distant effects of lesions on brain atrophy. Apoptosis underlies retrograde 
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and trans-synap@c degenera@on as a result of absent axonal depolarisa@on and lack of trophic 

support, with demyelina@on preceding axonal loss seen in some disease states including MS 

(You et al., 2019). 
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1.2 Magne@c resonance imaging 

 

1.2.1 Magne@c resonance imaging principles, theory and relaxa@on sequences 

 

Magne@c resonance imaging (MRI) is an imaging tool developed through the la=er half of the 

20th century that has revolu@onised the study of the human body and the prac@ce of medicine, 

none more so than in the field of neurology and MS. MRI u@lises a strong magnet to align the 

protons within the CNS alongside the main magne@c field. Once aligned, a radio frequency (RF) 

pulse is introduced, exci@ng the hydrogen atoms to a high-energy state. Following the RF pulse, 

the hydrogen atoms gradually return to their original stable status, while simultaneously 

releasing energy through a process known as relaxa@on. Two forms of relaxa@on exist, T1-

relaxa@on which is the relaxa@on of the protons returning to their original energy state in the 

longitudinal direc@on, and T2-relaxa@on the transverse direc@on. The rate at which the 

hydrogen atoms relax depends on their local environment, which can be detected, crea@ng 

@ssue contrast. To manipulate and enhance the imaging contrast for specific @ssue types, 

different combina@ons of RF pulses and gradients can be applied. By carefully adjus@ng these 

parameters, the MRI can emphasise certain physical proper@es unique to each @ssue type 

ul@mately enabling detailed imaging of the CNS to visualise its structure and abnormali@es 

(Bernstein et al., 2004). 

 

Contrast enhanced MRI is achieved by the intravenous injec@on of paramagne@c contrast 

agents, usually gadolinium-based compounds, that highlight certain structures and pathologies 

in the CNS including blood vessels, vascular @ssues and blood brain barrier breakdown (Ibrahim 

et al., 2023). 

 

The MR technique provides superior resolu@on and @ssue contrast to the main alternate 

structural imaging modali@es of the CNS, such as computed tomography and positron emission 

tomography, providing benefits for both clinical and research applica@ons in MS (Etemadifar et 

al., 2021). 
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1.2.2 Diffusion MRI 

 

Unencumbered water molecules randomly diffuse in 3D space according to a Gaussian 

distribu@on powered by Brownian mo@on. Diffusion based MRI (dMRI) exploits the restric@on 

of water molecules to diffuse within biological @ssues due to cell membranes, fibres or 

macromolecules that inhibit their random movement. The degree of free water restric@on and 

direc@onally of the restric@on give informa@on about the microstructural features and 

geometric organisa@on of neural @ssues, as well as changes in those features with physiological 

or pathological states. dMRI sequences are most ouen based on the pulsed gradient diffusion 

method, which consists of two strong gradient pulses separated by a set interval, the 

characteris@cs of which can be defined by the b-value and sets the degree of diffusion-

weigh@ng for the image. dMRI applica@ons can u@lise a single b-value (besides 0), so-called 

single shell dMRI, or mul@ple b-values named mul@-shell dMRI. B-values usually range from 0 

to 4000s/m2. In addi@on, dMRI sequences are acquired from many direc@ons providing 

informa@on about the diffusion process in mul@ple orienta@ons (Le Bihan & Johansen-Berg, 

2012). 

 

When there is no restric@on on the orienta@on of diffusivity within @ssue, it is described as 

isotropic. This holds true for free water, where there are no preferred axes or direc@ons of 

diffusion. In CNS @ssue the CSF and grey ma=er are isotropic, albeit with an overall reduc@on 

in diffusivity in grey ma=er compared to CSF as there is restric@on imparted by the dense 

cellular architecture. When there is restric@on to the orienta@on of diffusivity the @ssue is said 

to be anisotropic, and this is properly described by the rela@ve eigenvectors and eigenvalues 

and can be portrayed in the tensor (Lope-Piedrafita, 2018). In the CNS, white ma=er is 

anisotropic with the principle eigenvector (l1) oriented in the direc@on of the majority of 

axonal tracts that rela@vely inhibit the perpendicular diffusion of water due to myelin and 

axonal wall architecture. 
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Figure. 1.3 Adapted from Lope-Piedrafita, 2018. The tensor representaCon of isotropic and 

anisotropic diffusion, with the eigenvectors and eigenvalues (l1-3) defining the tensor. 

 

From these principle eigenvectors, several quan@ta@ve parameters can be calculated and are 

commonly analysed in diffusion tensor imaging (DTI) (see Fig. 1.3). The mean diffusivity (MD) 

or apparent diffusion coefficient (ADC) is given by 

𝑀𝐷 =	
l! +	l" +	l#

3  

Frac@onal anisotropy (FA) measures the frac@on of the diffusion signal that can be ascribed to 

anisotropic diffusion, given by 

𝐹𝐴 = 	)
(l! −	l")

" + (l! −	l#)
" + (l" −	l#)

"

2(l!
" 	+ 	l"

" 	+ 	l#
")

 

With isotropic diffusion the FA=0 and with increasing anisotropy the FA approaches 1.  

In cases where cylindrical diffusion anisotropy symmetry is observed the axial diffusivity (AD) 

and radial diffusivity (RD) are ouen used, defined as 

𝐴𝐷 = 	l! 

𝑅𝐷 = 	
l"	+	l#

2  

In the context of white ma=er tracts AD and RD have been suggested as puta@ve markers to 

differen@ate myelin loss and axonal loss. Whereas FA decreases with both myelin and axonal 

loss, AD reduces with axonal loss, while RD increases with myelin loss (Song et al., 2002; Yu et 

al., 2009), although there is evidence that RD is influenced by other mechanisms such that 

specificity is not high (Qin et al., 2012). 
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A limita@on of the DTI technique is that it assumes a single dominant fibre orienta@on per voxel, 

represented by the tensor. However, save for only a few regions of the white ma=er such as 

the corpus callosum, mul@ple white ma=er fibre orienta@ons exist within each voxel. 

Constrained spherical deconvolu@on (CSD) is a technique used to es@mate the fibre orienta@on 

distribu@on func@on (fODF) in each voxel regardless of the number of underlying fibre 

orienta@ons (see Fig. 1.4). The fundamental idea behind CSD is that the dMRI signal from a 

voxel is given by the spherical convolu@on of the response func@on of a typical biological @ssue 

with the fODF. Therefore the desired fODF can be es@mated by deconvolving the dMRI signal 

using an appropriate response func@on (Tournier et al., 2004). However, this deconvolu@on is 

an ill-posed problem due to noise and inherent limita@ons of the acquisi@on process. To 

overcome these challenges, CSD introduces constraints to regularise the deconvolu@on process 

such as non-nega@vity constraint, which assumes that the ODF should have non-nega@ve 

values. The introduc@on of constraints in CSD greatly reduces the sensi@vity to noise in the 

es@ma@on process. As a result, CSD enables reliable es@ma@on of fODF from dMRI data that is 

clinically feasible (Tournier et al., 2007). 

 

 

 
Figure. 1.4 Examples of fODF calculated using CSD and a white maEer response 

funcCon compared to the DTI tensor model of the same voxel. Top row is from 

the centrum semiovale, and BoEom row is from the corpus callosum. Lei 

column is fODF, right column is DTI. 
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One applica@on of CSD has been to derive new quan@ta@ve measures of white ma=er integrity, 

such as apparent fibre density (AFD) which is a marker of intra-axonal water volume frac@on 

(D. Raffelt et al., 2012). The benefit of fODF derived metrics is that the AFD measurement is 

associated with a single fibre orienta@on popula@on within the voxel, as opposed to an average 

of all fibre orienta@ons inherent to DTI metrics (Jeurissen et al., 2014). 

 

1.2.3 Tractography 

 

Tractography is a technique used to infer the pathways of white ma=er tracts in the brain. It 

leverages the informa@on obtained from dMRI to es@mate the trajectory of fibre bundles and 

reconstruct the underlying anatomical connec@ons between different brain regions (see Fig. 

1.5). Tractography typically involves a number of steps (Jeurissen et al., 2019). Firstly dMRI 

acquisi@on and fibre orienta@on es@ma@on provide the informa@on about the direc@on of 

white ma=er fibres within each voxel. At this stage the use of CSD over DTI can extract mul@ple 

fibre orienta@ons from a single voxel, allowing the tractography to model crossing fibres 

(Tournier et al., 2010). Secondly seed regions are selected to be the star@ng point for tracking 

algorithms. Seed points can be distributed randomly throughout the brain or at the grey-white 

ma=er interface for instance for whole brain tractography or specific regions for local tract 

reconstruc@on. Thirdly, star@ng from the seed points, tracking algorithms itera@vely propagate 

voxel to voxel along the es@mated fibre orienta@ons to form streamlines. Several tracking 

algorithms exist such as probabilis@c and determinis@c methods, each with inherent 

advantages and disadvantages (Jeurissen et al., 2019). Tractography con@nues un@l specific 

termina@on criteria are met. These criteria can include reaching predefined anatomical regions, 

exceeding certain curvature angles and thresholds of underlying fODF amplitudes or FA values. 

Finally, once the streamlines have been constructed, post processing steps are helpful in 

filtering out spurious or improbable tracts through known anatomical or connec@vity priors. 
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Figure. 1.5 Whole brain tractography in sagiEal, coronal and axial orientaCon. ProbabilisCc tractography of 10 

million streamlines, seeding from the grey-white maEer interface. 

 

Tractography has had various applica@ons in neuroscience and MS, from reconstruc@on of 

single white ma=er tracts of interest (Hardy et al., 2016; Klistorner et al., 2017; Puthenparampil 

et al., 2017), to es@ma@ng the strength of connec@on between brain regions (Chen et al., 2022; 

Lapucci et al., 2022) finally to whole brain network based graph theory analysis (Pagani et al., 

2019; Shu et al., 2018). 

 

Tractography is s@ll in an early stage of research (Basser, 1998; Mori et al., 1998) and clinical 

applica@on in neuroscience, and has a number of limita@ons inherent to the technique itself 

(Jeurissen et al., 2019), but also its applica@on to specific pathological brain states such as MS 

(Lipp et al., 2020; Zalesky, Sarwar, & Ramamohanarao, 2020). The propaga@on and termina@on 

criteria u@lised in fibre tracking algorithms inherently rely on accurate underlying dMRI signals. 

However many pathological processes disturb axonal and myelin structure and interrupt the 

diffusion signal to such a degree that accurate white ma=er reconstruc@ons can be difficult and 

introduce error (Filippi et al., 2001). Filtering techniques ouen need to take into account 

specific underlying pathological mechanisms, such as focal demyelina@ng lesions (Schiavi et al., 

2020a), or surgical resec@on (Aerts et al., 2020). Overall, it can be said that any tractography is 

not universally applicable as a one-size-fits-all technique, and its reliable implementa@on ouen 

requires augmenta@on tailored to the specific pathological condi@on and purpose of analysis. 
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1.3 Organisa@on of structure-func@on topology within the brain 

 

1.3.1 Network based structure of the brain: “The Connectome” 

 

The structure-func@on topology of the brain refers to the intricate rela@onship between the 

physical organisa@on of the brain and its func@onal capabili@es. The brain is a complex and 

highly organised collec@on of neurons and their connec@ons. Understanding the structure-

func@on topology is crucial for unravelling the mechanisms of how the brain processes 

informa@on, controls behaviour and func@on, and generates cogni@on. 

 

At a macroscopic level, the brain exhibits a hierarchical organisa@on. It can be divided into 

dis@nct regions, such as the cerebral cortex, hippocampus, thalamus, and cerebellum, each 

responsible for specific func@ons. Over the recent decades, the network perspec@ve of the 

brain, how the dis@nct regions are interconnected, has had extensive study in neuroscience. 

The field of network neuroscience has explored the mechanisms of brain func@on as well as 

the impact that neurological disease has on brain func@on. A major driving force has been the 

applica@on of mathema@cal network tools, especially measures of graph theory (Sporns, 2018). 

 

Connectivity in the brain, or the “connectome”, can be measured in two distinct ways. 

Structural connectivity assesses the anatomical links from region to region, most commonly 

through tractography, or by assessing similarity in structural features, for example with cortical 

thickness. Functional connectivity is assessed by looking for temporal associations in neural 

activity, most commonly through functional MRI (fMRI) or electroencephalography (EEG) 

(Chard et al., 2021). Structural and functional connectivity assess different aspects of the 

connectome but are interrelated, with the healthy brain showing strong correspondence 

between structural and functional connectivity (Schoonheim et al., 2022). In pathological brain 

states however functional alterations from structural damage seem to be dependent on which 

subnetworks of the brain are affected, with higher-order networks being potentially being 

more functionally susceptible to structural damage (Bartnik et al., 2022). 
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1.3.2 Graph theory 

 

The main approach for describing and quantifying brain network topology is graph theory, 

where a “graph” represents a pairwise connectivity map of all regions of the brain. Graphs 

comprise of nodes representing brain regions and edges representing the connection between 

nodes. The healthy brain connectome reveals a combination of extensive local connectivity 

between neighbouring nodes, as well as shortcut connections between distant brain regions. 

This architecture termed “small world” is thought to allow for specialised segregated 

processing within local subnetworks and integrated processing between distant brain regions 

(Schoonheim et al., 2022). Other features of the brain’s connectome have also been described 

including hubs which are widely connected central nodes and rich club architecture which 

describes a group of highly connected hubs that form an interconnected subnetwork (Fornito 

& Bullmore, 2015). 

 

Graphs can be investigated at different levels of scale, with specific metrics capturing network 

attributes from the nodal (local) through to the whole connectome (global). Nodal measures 

include simple statistics such as node degree or strength, measures of how many connections 

individual regions have to other regions. Intermediate scales can be accessed by considering 

subgraphs or motifs, which are defined as subsets of network nodes whose patterns of 

connectivity can be classified into distinct motif categories. Global measures express network-

wide attributes such as the average connections path length and related concepts such as 

efficiency (Sporns, 2018). 
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Figure. 1.6 Graph theory measures. From Rubinov & Sporns, 2010. 

 

Figure 1.6 illustrates several common graph theory measures that can be derived from a 

network. In addition to simple statistics of single nodes such as degree and strength, nodes can 

also be characterised by their location within the wider network structure. Betweenness 

centrality is an important nodal feature, which measures how critical and influential a node is 

for information flow within the graph and is a characteristic of several brain structures 

including the thalamus, hippocampus, anterior cingulate cortex and insula (Schoonheim, 

Pinter, et al., 2021; Sporns, 2018). Damage to nodes with high centrality underlie many 

changes to network topology and decreased efficiency seen in disease states (Bassett & 

Bullmore, 2017; Power et al., 2013). 

 

Information integration processing is measured through global efficiency and characteristic 

path length which describe the number of steps between nodes across the span of a network, 

with lower numbers of steps being defined as increased efficiency (Sporns, 2018). Most often 

reported as an average measure of the shortest paths in the graph (Achard & Bullmore, 2007), 

it can be a rather crude measure of information flow through the network, and doesn’t 

represent multiple pathways or longer paths which may significantly contribute to integration 

in larger and sparser networks (Bullmore & Sporns, 2009; Estrada & Hatano, 2008). 

 

Arguably the most unique measures in graph theory are those within the intermediate scale of 

network structure that describe community structure, such as modularity, clustering and 

transitivity. These measures are highly prevalent in brain topology, seem to be the most 
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biologically meaningful, and are highly specific features of network analysis with no consistent 

analogous measure within neuroimaging (Bullmore & Sporns, 2009; Heuvel & Sporns, 2013). 

The boundaries of modular partitions hold significant neurobiological importance as they serve 

to define nodes that are functionally related. In this way they have a crucial role in connecting 

communities through critical bridges and hubs and regulating information flow (Sporns, 2018). 

Clustering and transitivity refer to the extent to which the neighbours of a node are connected 

to each other, and thus form triangles or triplets (see Fig. 1.6). Community structure like this 

is seen as the basis of segregated specialised information processing, and a potential mediator 

of loss of function in states of disconnection (Schoonheim et al., 2022). 

 

1.3.3 The “Disconnectome” 

 

The assessment of the impact of disease on the network structure of the brain has been 

termed the “disconnectome” (Chard et al., 2021; Kuceyeski et al., 2018; Rise et al., 2022; 

Thiebaut de Schotten et al., 2015).  

 

The application of graph theory to the brain connectome in disease states requires a high 

degree of interpretation. Of the several topological network features described to date it is 

unclear which have the greatest relevance to health and disease (Chard et al., 2021) and 

consideration is needed of the intent of analysis. For example, study into the pathophysiology 

of disease is likely to require different network analysis tools than would correlation with 

disability. In addition to this the selection of appropriate network models requires that the 

nature of the edge representation is taken into account (Sporns, 2018), for example the 

method of constructing the connectome of a brain with MS should contain specifics different 

to a case of Alzheimer’s disease or indeed the healthy brain. Furthermore, particularly in 

disease states, paradoxical findings need to be explained rationally. For instance often 

reported in studies is the appearance of increased structural connectivity in comparison to 

healthy controls (Fleischer et al., 2017). This is difficult to coherently explain, as new axonal 

connections are not thought to occur in the mature CNS (Davies et al., 1997). Potentially this 

represents the emergence of latent network connections, but more likely is a function of bias 

and inaccuracy of tractography approaches in destructive pathological tissue (Chard et al., 

2021). 
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The altera@on of network topology in disease states described by graph theory is not the only 

method to measure the effect of pathology on white ma=er connec@ons. So called 

disconnec@on syndromes describe the disconnec@on of paired grey ma=er regions that result 

of axonal trunca@ng lesions, such as stroke, mul@ple sclerosis or trauma (Chard et al., 2021; 

Lapucci et al., 2022; Rise et al., 2022; Thiebaut de Scho=en et al., 2015). This has been applied 

to specific white ma=er tracts with tractometry (Jandric et al., 2022; Klistorner et al., 2017; C. 

Wang et al., 2018; Yu et al., 2009) and whole brain tractography atlases (Kuceyeski et al., 2013, 

2018). 

 

Typical whole-brain connectomes may contain up to 120 nodes depending on the topological 

cor@cal parcella@on used (Desikan et al., 2006; Fischl, 2012). Due to the resultant large number 

of pairwise connec@ons in connectomes, and the poten@al large number of subjects included 

in studies, robust sta@s@cal measurements are required to control for power and family wise 

error rates. One such tool, the Network Based Sta@s@c tool (NBS) combines sta@s@cal 

thresholding and cluster-based correc@on methods to control for mul@ple comparisons and 

iden@fy robust and significant subnetworks. The NBS tool is specifically designed to iden@fy 

subnetworks or modules in a network that exhibit significant differences between condi@ons 

or groups (Zalesky et al., 2010). As such it aims to answer ques@ons such as: "Are there specific 

regions of the network that show different connec@vity pa=erns between healthy individuals 

and pa@ents?" or "Which nodes in the network are most strongly associated with a par@cular 

trait or behaviour?". 
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1.4 Magne@c resonance imaging as a biomarker in MS 

 

1.4.1 MRI in clinical prac@ce and therapeu@c trials 

 

MRI has become the most crucial biomarker in MS, u@lised in clinical prac@ce for diagnosis and 

monitoring of disease ac@vity and safety. Guidelines for the clinical use of MRI to manage 

pa@ents with MS have been developed, most recently updated with the 2021 MAGNIMS–

CMSC–NAIMS consensus recommenda@ons (Wa=jes et al., 2021). These guidelines outline 

recommended MRI protocols at different @me points of the diagnos@c and monitoring process 

(see Table 1.4). At diagnosis this protocol facilitates the detec@on of MS lesion loca@on, 

dissemina@on in space and dissemina@on in @me, as well as MS lesion specificity. At follow-up, 

disease ac@vity or ac@ve inflamma@on is detected through new or enlarging T2 lesions or T1 -

weighted gadolinium enhancement. Safety monitoring for opportunis@c infec@ons, especially 

progressive mul@focal leukoencephalopathy (PML) in the appropriate popula@ons, is achieved 

through more frequent follow-up scanning, using specific biomarkers including diffusion 

weighted imaging (Wa=jes et al., 2021). 
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 MulCple sclerosis diagnosis 
Monitoring disease 

acCvity 

Monitoring safety 

of DMTs 

Brain MRI sequences 

T2-weighted (axial) 
Recommended (for lesion 

detecCon and morphology) 
OpConal OpConal 

FLAIR (axial/sagiEal – 

pref. 3D) 

Recommended (for lesion 

detecCon and morphology) 
Recommended Recommended 

T1-weighted (3D – high 

res) 

OpConal (for atrophy 

measurement) 
OpConal Not required 

T1-weighted (axial – post 

contrast) 

Recommended (for disease 

acCvity) 
OpConal OpConal 

DWI OpConal OpConal 
Recommended 

(PML specific) 

DIR or PSIR 
OpConal (for corCcal or 

juxtacorCcal lesion detecCon) 
OpConal OpConal 

SWI 
OpConal (for central vein sign and 

paramagneCc rim lesion detecCon) 
Not required Not required 

Spinal cord MRI sequences 

At least 2 of: sagiEal T2-

weighted, PD or STIR 

Recommended (for lesion 

detecCon and morphology) 
OpConal Not required 

T2-weighted (axial) 
OpConal (for lesion detecCon and 

morphology) 
OpConal Not required 

T1 weighted (sagiEal – 

post contrast) 

Recommended (for disease 

acCvity) 
OpConal Not required 

T1 weighted (sagiEal – 

pre contrast) 
OpConal OpConal Not required 

T1 weighted (axial – post 

contrast) 
OpConal OpConal Not required 

Table 1.4 2021 MAGNIMS–CMSC–NAIMS consensus MRI protocols, adapted from WaEjes et al., 2021. DMT = 

disease modifying therapy, FLAIR = fluid-aEenuated inversion recovery, DWI = diffusion weighted imaging, DIR = 

double inversion recovery, PSIR = Phase-SensiCve Inversion Recovery, SWI = suscepCbility weighted imaging, PD = 

proton density, STIR = Short Tau Inversion Recovery, PML = progressive mulCfocal encephalopathy 
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In therapeu@c clinical trials MRI biomarkers are important primary and secondary endpoints in 

phase 2 and phase 3 studies respec@vely. The most commonly used biomarkers include new 

T2 lesions, enlarging T2 lesions, T1 gadolinium enhancing lesions and brain atrophy measures 

(Pardini et al., 2019). Clinical trials in PMS have focused on MRI techniques that capture 

neurodegenera@on i.e. whole brain atrophy (Kappos et al., 2018; Montalban et al., 2017), 

although more focused atrophy assessments have been suggested for this pa@ent popula@on 

such as cor@cal grey ma=er atrophy, deep grey ma=er atrophy and spinal cord atrophy 

(Ontaneda et al., 2015). 

 

Outside of clinical and trial sesngs, research into the use of MRI as a biomarker for MS has 

advanced enormously (Gill et al., 2023). In par@cular, advances in understanding of the 

pathophysiology of progressive forms of MS have prompted the development of MRI 

biomarkers that represent pathological changes of neurodegenera@on (Barne= et al., 2020). 

These include microstructural analysis of MS lesions, advanced atrophy measurement, 

structural tractometry, and disconnectome measurement as outlined in the sec@ons below. 

 

1.4.2 Lesion imaging 

 

The pathological hallmark of MS is the inflammatory/demyelina@ng white ma=er lesion, which 

is typically found to be hyperintense on T2-weighted MRI. T2-weighted sequences however fail 

to capture much of the heterogeneity of MS lesions, such that the processes of demyelina@on, 

axonal loss, inflammatory infiltrates, oedema and gliosis may all appear hyperintense (Sahraian 

& Eshaghi, 2010). T1-weighted sequences have been used to differen@ate some of these 

processes such as axonal loss, with the descrip@on of T1 black holes represen@ng significant 

loss of axonal density (Bagnato, 2003; Brück et al., 1997; Lapucci et al., 2020). It follows then 

that T1 hypo-intense lesion volume would relate more strongly to disability than T2 lesion 

volume, as has been shown (Sahraian & Eshaghi, 2010; Zivadinov & Leist, 2005). Ongoing 

axonal loss occurs within chronic ac@ve MS lesions, which is mirrored by T1 signal reducing over 

@me and correlates with clinical disability progression (Calvi, Tur, et al., 2022; Ellio=, Belachew, 

et al., 2019). Axonal loss within lesions has been modelled by diffusion tensor metrics with the 

core of chronic MS lesions showing an increase in diffusivity, demonstrated by increased MD 

over @me (Klistorner, Wang, et al., 2018). 
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Smouldering lesions or slowly expanding lesions have been iden@fied on MRI as enlarging T2 

and T1 signal change with paramagne@c rims on suscep@bility weighted imaging (SWI). 

Pathologically these lesions show evidence of chronic inflammatory iron-laden microglia 

surrounding a rela@vely inac@ve lesion centre (Absinta et al., 2021; Zrzavy et al., 2017). 

Evidence from MR studies in MS have found these lesions to be more prevalent in PMS and 

associated with progressive disability (Absinta et al., 2019; Calvi, Carrasco, et al., 2022; Preziosa 

et al., 2021, 2022; Tozlu, Jamison, Nguyen, et al., 2021). 

 

1.4.3 Atrophy 

 

Brain volume loss or atrophy is considered a surrogate measure of neurodegenera@on in MS 

and as such has prominence as a biomarker in PMS (Ontaneda et al., 2015). Several studies 

have found strong associa@ons of whole brain atrophy with current and future disability in MS 

(De Stefano et al., 2010, 2014; Giorgio & De Stefano, 2018). In addi@on to whole brain atrophy, 

cor@cal grey ma=er and deep grey ma=er atrophy are associated with disability, in par@cular 

cogni@ve disability (Amato et al., 2007; Rojas et al., 2018; Tsagkas et al., 2020). In PMS, cervical 

spinal cord atrophy is more severe than is seen in RRMS and predicts decline in EDSS over 6 

years be=er than whole brain atrophy and T2 lesion volume at baseline (Tsagkas et al., 2018). 

A novel biomarker named atrophied T2 lesion volume, defined as the volume of periventricular 

T2 lesion that is subsumed into the lateral ventricles, is more prevalent in PMS (Dwyer et al., 

2018) and correlates with disability progression and conversion to SPMS (Genovese et al., 

2019). 

 

1.4.4 Structural tractography 

 

Diffusion based tractography has been employed in the study of MS, using a variety of methods 

and applica@ons. Table 1.5 lists a representa@ve sample of studies that have employed 

tractography to study MS, describing the methodology used, the sample size of subjects, the 

main findings, whether the study was cross-sec@onal or longitudinal in design and if there was 

comparison made between MS phenotypes. 

 



 34 

A range of methodologies have been u@lised including construc@ons of both whole brain 

tractograms and individual white ma=er tracts. DTI and CSD diffusion modelling have both 

been employed with more recent studies favouring CSD based tractography methods. Both 

atlas based tractography, developed from healthy controls, as well as within subject 

tractography have been u@lised. Different tractography streamline weigh@ng algorithms have 

been employed including FA, COMMIT (convex op@misa@on modelling for microstructure-

informed tractography), g-ra@o, microstructural and apparent fibre density, which a=empt to 

match the constructed tractography streamline with underlying physiological parameters. 

 

Studies have consistently shown markers of reduced connec@vity in MS, with reduced global 

efficiency (Bos@cardo et al., 2021; Charalambous et al., 2019; Llufriu et al., 2017, 2019; Meijer 

et al., 2020; Pagani et al., 2019; Savini et al., 2019; Shu et al., 2011, 2016; Solana et al., 2018), 

reduced nodal strength (Bernabéu-Sanz et al., 2021; Charalambous et al., 2020; Has Silemek et 

al., 2020; Kamagata et al., 2019; Llufriu et al., 2019; Pagani et al., 2019; Schiavi et al., 2020a, 

2022; Shu et al., 2016; Solana et al., 2019; Tur, Grussu, et al., 2019), reduced transi@vity (Llufriu 

et al., 2017, 2019; Lopez-Soley et al., 2020; Pagani et al., 2019) and reduced thalamic 

connec@on (Bernabéu-Sanz et al., 2021; Bisecco et al., 2015; Bozzali et al., 2013; Charalambous 

et al., 2020) repeatedly reported. Community structure of modularity and clustering have had 

conflic@ng results (Boscheron et al., 2021; Bos@cardo et al., 2021; Charalambous et al., 2019; 

Radetz et al., 2020; Tur, Grussu, et al., 2019; Welton et al., 2020), possibly explained by changes 

over @me that are not captured in cross sec@onal studies (Fleischer et al., 2017). 

 

Network studies into cogni@ve performance in MS, as measured most commonly by SDMT and 

PASAT, have implicated reduced efficiency (Savini et al., 2019; Solana et al., 2018, 2019; Welton 

et al., 2020), nodal strength (Solana et al., 2019), modularity (Tur, Kanber, et al., 2019; Welton 

et al., 2020) and small-worldness (Welton et al., 2020) as mediators of reduced processing 

speed; whilst local disconnec@on of the hippocampal networks associate with memory 

performance (Llufriu et al., 2019) and frontoparietal network disconnec@on correlate with 

a=en@on and execu@ve performance (Llufriu et al., 2017). Psychiatric symptoms of depression 

have been shown to be mediated by disrup@on of the CFPN (conscien@ousness associated 

frontal–parietal network) (Ashton et al., 2021), right superior longitudinal fasciculus (Beaudoin 

et al., 2021) and hippocampal and amygdala circuits (Nigro et al., 2015).  
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Motor disability in MS has been shown to be mediated by global measures of reduced efficiency 

(Charalambous et al., 2019; Shu et al., 2011, 2016), but more robustly with disrup@on of the 

SMN (sensorimotor network) (Kamagata et al., 2019; Liu et al., 2018; Schiavi et al., 2020a) as 

well as transcallosal fibres (Yoon et al., 2022) and basal ganglia network (Charalambous et al., 

2020). 

 

In addi@on to explaining disability in MS, network neuroscience has also been employed to 

inves@gate network pathophysiological mechanisms. For instance, longer range connec@ons 

(Meijer et al., 2020) as well as non-hub associated white ma=er tracts (Clarke et al., 2022) are 

associated with higher disconnec@on and microstructural damage in MS, sugges@ng a 

vulnerability in these brain structures to MS mediated disconnec@on. The accumula@on of iron 

in deep grey ma=er structures is associated with microstructural damage in connected tracts, 

raising the possibility that increased iron concentra@ons and non-inflammatory 

neurogenera@ve mechanisms are in part a consequence of retrograde damage from tracts 

(Bergsland et al., 2017). Global dysconnec@vity as measured through DTI based tractography is 

associated with other markers of neurodegenera@on including serum NfL (neurofilament light), 

reinforcing its relevance in the study of MS, par@cularly PMS (Rise et al., 2022). 

 

Structural connectomics has an impressive and growing evidence base in the study of MS, but 

despite this several limita@ons exist. Outside of the classifica@on and predic@on of MS 

phenotypes (Marzullo et al., 2019; Pagani et al., 2019; Schiavi et al., 2022), comparisons 

between RRMS and PMS have been underexplored. In addi@on, longitudinal studies of network 

dynamics are s@ll rare (Boscheron et al., 2021; Fleischer et al., 2017; Rise et al., 2022). 

Theore@cal models of progression in MS have implicated network collapse (Schoonheim et al., 

2022) or loss of reserve (Krieger & Sumowski, 2018) as likely crucial steps in the disease 

dynamics, however the defini@on of these concepts have been elusive. Network neuroscience 

is well placed to explore these concepts though explicit study of progressive disease over longer 

@meframes is needed. Finally, many structural connectomic studies have neglected the 

specifics of MS pathophysiology when transla@ng streamline tractography techniques 

developed in normal brain states to disease brain states. Further development of disease 

specific tractography algorithms is needed to improve the accuracy of disconnec@on 
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measurement (Lipp et al., 2020; Schiavi et al., 2020a; Zalesky, Sarwar, & Ramamohanarao, 

2020). 
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Study Methodology 
Number of 

parCcipants 
Network changes reported 

Cross-secConal 

or longitudinal 

Comparison 

between MS 

phenotypes 

CogniCon and psychiatric symptoms 

(Tur, Grussu, et al., 2019) CSD tractography 
19 CIS 

12 HC 

¯ mean nodal strength in CIS 

Modularity neg correlated with SDMT performance 
CS N 

(Bozzali et al., 2013) 
ACM from DTI 

tractography 

25 RRMS 

25 HC 

¯ thalamic and caudate ACM in MS 

Corpus callosum, cerebellum ACM correlated with PASAT 

performance 

CS N 

(Ashton et al., 2021) 
DTI tractography 

based atlas 

32 RRMS 

16 SPMS 

4 CIS 

DisrupCon of the CFPN predicted clinical depression over 5 

years. 
L N 

(Solana et al., 2018) CSD tractography 
91 RRMS 

11 SPMS 

¯ Global and local efficiency, ­ assortaCvity in MS 

Global efficiency correlated with cogniCve processing speed 
CS N 

(Solana et al., 2019) 
FA-weighted CSD 

tractography 

170 RRMS 

18 SPMS 

45 HC 

¯ Local efficiency and node strength in CI vs CP and HC CS N 

(Kuceyeski et al., 2018) 
DTI tractography 

based atlas 
61 RRMS 

DisconnecCons of mulCple paired regions predicted 

impaired SDMT at 28.6 months 
L N 

(Lin et al., 2008) 
DTI tractography of 

CC 
36 RRMS CC ADC negaCvely correlated with PASAT CS N 

(Savini et al., 2019) 
FA-weighted CSD 

tractography 

68 RRMS 

22 HC 
Global efficiency of CBL-DMN correlated with SDMT CS N 

(Has Silemek et al., 2020) CSD tractography 33 RRMS ¯ Nodal strength in MS vs HC CS N 
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29 HC Graph strength correlated with worse spaCal learning, 

memory and SDMT 

(Fuchs et al., 2020) 
DTI tractography 

based atlas 

19 RRMS 

6 PMS 

Lower lei precuneus/cingulate DMN disrupCon predicted 

post rehab SDMT improvement 
CS N 

(Welton et al., 2020) DTI tractography 

22 RRMS 

15 SPMS 

23 HC 

Small worldness, modularity, characterisCc path length 

correlated with PASAT3 

Small worldness, global efficiency, and characterisCc path 

length correlated with SDMT 

CS N 

(Llufriu et al., 2019) DTI tractography 

30 RRMS 

21 SPMS 

20 PPMS 

50 HC 

¯ network strength, assortaCvity, transiCvity, global 

efficiency, and ­ average path length in MS vs HC 

DisconnecCon of hippocampal network associated with 

worse memory performance 

CS N 

(Lashkari et al., 2021) 

DTI (diffusion 

entropy) 

tractography 

22 MS 

22 HC 

¯ entropy connecCvity DMN, aEenCon, verbal memory, 

memory, visual-spaCal memory circuits in MS vs HC 
CS N 

(Llufriu et al., 2017) 
FA-weighted CSD 

tractography 

66 RRMS 

6 SPMS 

38 HC 

¯ transiCvity, global efficiency and ­ path length in MS vs HC 

integrity of frontoparietal networks neg correlated with 

aEenCon and execuCve performance 

CS N 

(Beaudoin et al., 2021) CSD tractography 
24 RRMS 

11 HC 

­ AFD 8 of 14 WM tracts in MS vs HC 

Microstructural diffusion abnormaliCes in right superior 

longitudinal fasciculus correlated with depression 

CS N 

(Bisecco et al., 2015) DTI tractography 
52 RRMS 

27 HC 

­ FA in thalamocorCcal tracts in MS vs HC 

WM tract DTI metrics correlated with connected thalamic 

DTI metrics 

CS N 
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ThalamocorCcal tract abnormaliCes correlated with 

cogniCve performance 

(Nigro et al., 2015) DTI tractography 
42 RRMS 

16 HC 

­ path length in right hippocampal and amygdala circuits 

correlated with major depression 
CS N 

(Bernabéu-Sanz et al., 

2021) 
DTI tractography 

30 RRMS 

30 HC 
ThalamocorCcal disconnecCon correlated with SDMT CS N 

(Solana et al., 2019) 
FA-weighted CSD 

tractography 

170 RRMS 

18 SPMS 

45 HC 

¯ local efficiency and nodal strength in CP vs HC 

¯ local efficiency and nodal strength of associaCve 

mulCmodal regions in CI vs CP 

CS N 

      

Motor disability 

(Shu et al., 2011) DTI tractography 
39 RRMS 

39 HC 

¯ Global and local efficiency in MS 

Efficiency neg correlated with EDSS 
CS N 

(Charalambous et al., 2019) CSD tractography 

58 RRMS 

36 SPMS 

28 PPMS 

51 HC 

¯ Efficiency ¯ clustering coefficient in SPMS vs RRMS vs HC 

¯ Efficiency neg correlated with EDSS and pos correlated 

with SDMT 

CS Y 

(Lapucci et al., 2022) 
DTI tractography 

based atlas 

29 RRMS 

16 PMS 

MS lesion DV and LV correlated with EDSS 

MS lesion DV predicted EDSS 
CS N 

(Roca et al., 2008) DTI tractography 
12 RRMS 

12 HC 

¯ FA and ­ ADC in fronto-subcorCcal tracts in MS vs HC 

PASAT correlated with FA and ADC 
CS N 

(Liu et al., 2018) DTI tractography 

41 CIS 

32 RRMS 

35 HC 

¯ inter and intra module efficiency of MS vs CIS and HC 

Efficiency of SMN and SMN-VN negaCvely correlated with 

EDSS 

CS Y 
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Efficiency of VN, VN-SUB, DMN-FPN correlated with PASAT3 

(Charalambous et al., 2020) CSD tractography 

58 RRMS 

36 SPMS 

28 PPMS 

51 HC 

Right thalamic and putamen nodal strength neg correlated 

with EDSS and pos correlated with SDMT 
CS Y 

(Stellmann et al., 2017) DTI tractography 
37 PPMS 

21 HC 

¯ rich club connecCvity in PPMS vs HC and correlated with 

T25FW, SDMT and 9HPT 
CS N 

(Shu et al., 2016) DTI tractography 

41 CIS 

32 RRMS 

35 HC 

¯ strength, global and local efficiency and clustering in MS vs 

CIS vs HC 

Associated with PASAT3 and EDSS 

CS Y 

(Schiavi et al., 2020a) 
COMMIT-weighted 

CSD tractography 

20 SPMS 

22 PPMS 

24 HC 

¯ strength and efficiency of SMN nodes in PMS vs HC 

SMN modularity, density, efficiency correlated with 9HPT 

and T25FW 

CS N 

(Kamagata et al., 2019) 
g-raCo-weighted 

CSD tractography 

14 RRMS 

14 HC 

¯ strength connecCvity of motor, somatosensory, visual, and 

limbic 

g-raCo-weighCng idenCfied ­ nodal strength and correlated 

with EDSS 

CS N 

(Yoon et al., 2022) 
DTI tractography 

based atlas 

4 CIS 

11 RRMS 

3 SPMS 

­ IVF in TC fibres in MS vs HC 

­ IVF in TC fibres in motor disability 
CS N 

(Bauer et al., 2020) 
ACM from CSD 

tractography 

46 RRMS 

25 HC 

­ ACM in CST of MS vs HC 

­ ACM in lei vs right correlated with motor faCgue 
CS N 

Topographical organisaCon/MS phenotypic classificaCon 

(Meijer et al., 2020) CSD tractography 84 RRMS ¯ Global efficiency in MS CS N 



 41 

32 SPMS 

17 PPMS 

Long-range connecCon more affected by MS lesions than 

short range 

Long-range connecCons associated with cogniCon and 

efficiency 

(BosCcardo et al., 2021) 

Microstructure 

weighted CSD 

tractography 

46 RRMS 

20 PMS 

64 HC 

¯ Global efficiency, ­ modularity ¯ clustering in MS CS N 

(Shu et al., 2018) DTI tractography 

41 CIS 

32 RRMS 

35 HC 

¯ Rich club ¯ feeder and ¯ local connecCons in MS vs CIS 

and HC 
CS Y 

(Pagani et al., 2019) 
DTI tractography 

based atlas 

113 RRMS 

69 SPMS 

45 Benign MS 

50 HC 

¯ Nodal strength ¯ global efficiency, ¯ transiCvity in RRMS vs 

SPMS vs Benign MS vs HC 
CS Y 

(Karavasilis et al., 2019) DTI tractography 
16 CIS 

15 RRMS 
¯ connecCvity entorhinal and hippocampus CS N 

(Schiavi et al., 2022) 
COMMIT-weighted 

CSD tractography 

13 RRMS 

20 SPMS 

22 PPMS 

Accuracy for classifying MS phenotype by whole-brain 

network, local efficiency and node strength using machine 

learning of 64.5-91.1% 

CS Y 

(Marzullo et al., 2019) CSD tractography 

12 CIS 

30 RRMS 

28 SPMS 

20 PPMS 

24 HC 

CNN classified MS phenotypes with high accuracy 

Graph weighCng aided the classificaCon 

Local node measures were not useful in classificaCon 

CS Y 
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Insights into pathophysiology 

(Rise et al., 2022) 
DTI tractography 

based atlas 

254 RRMS 

25 SPMS 

28 PPMS 

5 CIS 

GD correlated with serum NfL and age L N 

(Clarke et al., 2022) 
DTI tractography 

based atlas 

4 CIS 

11 RRMS 

3 SPMS 

Hub (–) WM tracts had ­ lesion volume, ¯ ODI, NDI and ­ 

IVF compared to Hub (+) WM tracts 
CS N 

(Radetz et al., 2020) DTI tractography 
61 early RRMS 

22 CIS 
Modularity was predicted by deep grey maEer volume L N 

(Lopez-Soley et al., 2020) CSD tractography 
166 RRMS 

15 SPMS 

¯ cogniCve reserve was associated with ¯ nodal strength, 

transiCvity, and global efficiency 
CS N 

(Fleischer et al., 2017) DTI tractography 

138 RRMS (6 

cohorts based 

on disease 

duraCon) 

32 HC 

­ modularity, local connecCvity, clustering of cerebellum, 

cingulum and temporo-parietal regions in 1st year; with ¯ in 

2nd & 3rd  years 

L N 

(Boscheron et al., 2021) CSD tractography 

32 early 

RRMS/CIS 

10 HC 

­ hippocampal strength, clustering coefficient and ¯ 

shortest path length over 5 years in MS 
L N 

(Jandric et al., 2022) DTI tractography 
102 RRMS 

27 HC 

Single- covariance paEern of microstructural damage 

appeared in all WM tracts 
CS N 

(Bergsland et al., 2017) 
DTI tractography 

based atlas 

32 RRMS 

25 SPMS 

­ iron concentraCon in deep GM is associated with DTI 

metrics in connected WM tracts 
CS N 
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9 PPMS 

Table 1.5 RepresentaCve list of tractography studies in MS. CSD = constrained spherical deconvoluCon, ACM = anatomical connecCvity maps, GD = global dysconnecCvity, CFPN 

= ConscienCousness associated frontal–parietal network, MN = motor network, DV = disconnecCon volume, LV = lesion volume, WM = white maEer, ODI = orientaCon dispersion 

index, NDI = neurite density index, IVF = isotropic volume fracCon, CC = corpus callosum, ADC = apparent diffusion coefficient, PASAT3 = Paced Auditory Serial AddiCon Test (3-

sec), FA = fracConal anisotropy, CBL = cerebellum, SMN = sensorimotor network, VN = visual network, SUB = subcorCcal network, DMN = default mode network, FPN = 

Frontoparietal network, CP = cogniCvely preserved, CI = cogniCvely impaired, T25FW = Cmed 25-foot walk, SDMT = symbol-digit modality test, 9HPT = nine hole peg test, 

COMMIT = convex opCmizaCon modelling for microstructure-informed tractography (Daducci et al., 2015), CNN = convoluted neural network, IVF = isotropic volume fracCon, 

TC = transcallosal, NfL = neurofilament light 
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1.5 Thesis mo@va@on and aim 

 

The importance of developing non-invasive biomarkers in MS, par@cularly in the progressive 

forms, is of paramount significance considering the increased understanding of 

neurodegenera@on in MS pathophysiology and poten@al advancements in repara@ve 

treatments for MS. Diffusion magne@c resonance imaging (dMRI) is a proven method which 

has been u@lised as an in-vivo indicator of microstructural damage in MS, exhibi@ng a 

resolu@on suitable for quan@ta@ve analysis of the underlying pathophysiological mechanisms 

intrinsic to neurodegenera@on and disease progression, encompassing phenomena such as 

demyelina@on, axonal loss, Wallerian degenera@on, retrograde degenera@on, and 

transsynap@c degenera@on. Furthermore, although the study of MS as a network disorder of 

the brain is s@ll in a nascent stage, it has been proven that abnormali@es in connec@vity play a 

crucial role in disease progression and clinical manifesta@on. The study of connectomics in MS 

holds immense poten@al in enabling deeper understanding of the underlying disease 

mechanisms, resolving the clinico-radiological paradox and providing biomarkers of clinical 

progression. 

 

The primary objec@ves of this thesis are to inves@gate dMRI-based models of 

neurodegenera@on, ranging from tractometry, which focuses on the analysis of specific nerve 

fibre bundles, to whole brain tractography in the context of MS. Special a=en@on will be given 

to the u@lisa@on of dMRI techniques to generate biomarkers specific to progressive forms of 

MS. Furthermore, substan@al efforts will be dedicated to refining tractography methods to 

accurately capture the dis@nc@ve features of MS pathophysiology. 
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1.6 Organisa@on of thesis 

 

This thesis is organised into five chapters: one introductory and methods chapter (Chapter 1), 

three results chapters (Chapters 2, 3 and 4) and a summary chapter (Chapter 5). The results 

chapters each contain discrete studies written in a manuscript style, with multiple studies 

within a chapter together contributing to the focus of that chapter. 

 

The introductory chapter, Chapter 1, provides important background information on the 

aetiology, pathogenesis and diagnosis of MS, with a specific focus on the unique characteristics 

of progressive forms of the disease. It discusses the use of MRI as a biomarker in current MS 

clinical practice, clinical trials and research. An introduction to network neuroscience and the 

techniques employed in diffusion MRI to analyse structural networks in the CNS is presented. 

Finally, an overview of the current body of evidence indicating structural network dysfunction 

in MS is presented, with a summary of deficiencies to be addressed in this thesis. 

 

Chapter 2, the first results chapter, focuses on a study of the corticospinal tract through 

tractometry. The primary objective is to identify specific indicators of both Wallerian and 

retrograde degeneration within fibres connected to MS lesions. By employing an enhanced 

tractometry analysis method, the accuracy of comparator tracts is significantly improved. This 

refinement allows for a more robust examination that effectively distinguishes between 

microstructural damage directly caused by MS lesions and damage resulting from a more 

diffuse process. The extent of anterograde and retrograde damage is assessed in relation to 

intrinsic lesion damage markers, while also being investigated as a potential predictor of clinical 

disability in comparison cohort of RMS and PMS. 

 

Chapter 3 investigates atlas-based disconnectome analyses in MS. The chapter comprises 

three studies, with the first two studies focusing on refining a novel disconnectome analysis 

methodology specific to MS. The culmination of these refinements is then implemented in the 

final longitudinal cohort study.  

 

The initial study within Chapter 3 examines the impact of different registration techniques on 

the accurate registration of focal MS pathology onto health control atlas tractograms. A 
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cutting-edge multimodal registration method is compared against the currently prevalent 

registration methods to enhance accuracy and relevance in the context of MS.  

 

The second study within this chapter introduces an innovative concept of weighting 

tractogram streamlines based on cumulative damage caused by MS pathology along the length 

of each streamline, aligning with the important principles of MS pathophysiology. 

 

Lastly, the chapter concludes with a longitudinal cohort study that applies the refined atlas-

based disconnectome method. This study investigates specific subnetworks and employs 

graph theory measures to assess their association with physical and cognitive disability in 

individuals with MS. Furthermore, the study explores the utility of network measures in 

predicting progression of disability in MS. 

 

Overall, Chapter 3 presents an in-depth exploration of atlas-based disconnectome analyses in 

MS, encompassing refinement of methodologies, novel weighting concepts, and their practical 

application in understanding disability and predicting progression within the MS population. 

 

Chapter 4, the final results chapter, focuses on the exploration of diffusion-based 

disconnectome modelling. It commences by conducting a comprehensive review of the 

advantages and disadvantages associated with diffusion-based tractography in the context of 

MS. 

 

The first study within this chapter seeks to refine a pipeline of tractography based on CSD to 

represent the contribution of lesions to disconnection more accurately. Subsequently, the 

refined pipeline is implemented in a longitudinal cohort study, which explores clustering and 

community network structure in relation to progressive disability in MS. 

 

In Chapter 5, the main findings of the thesis are summarised, providing a comprehensive 

overview of the research conducted. Additionally, potential future directions stemming from 

these findings are explored, highlighting areas of further investigation and potential avenues 

for advancements in the field. 
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Chapter 2  

Axonal degenera=on modelling in mul=ple 

sclerosis 
 

Abstract 

 

The mechanism of neurodegenera@on and thus progression in MS remains unclear, with 

exis@ng literature sugges@ng that neurodegenera@on arises from both focal lesions and diffuse 

processes. Establishing a reliable biomarker to assess the neurodegenera@ve process would 

provide valuable insights into individual pa@ents' progression and serve as meaningful 

endpoints for clinical trials. In this context, the use of diffusion MRI to evaluate microstructural 

changes in MS has garnered significant a=en@on. 

 

This chapter focuses on the modelling of neurodegenera@on using diffusion MRI within fibre 

tracts connected to MS lesions, with a par@cular emphasis on exploring poten@al differences 

between relapsing-remisng MS and progressive MS. 
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2.1 Background 

 

MS is a neurological disease with both inflammatory and degenera@ve components. Axonal 

loss within acute lesions and diffuse neurodegenera@on are the main pathological correlates 

for, and principal drivers of, irreversible disability (Friese et al., 2014). 

 

Although paraclinical biomarkers show detectable evidence of neurodegenera@on at the 

earliest phases of relapsing forms of the disease (Barkhof et al., 2009; Chard et al., 2002; 

Petzold et al., 2010), pa@ents with progressive forms of MS exhibit features of accelerated and 

more severe axonal loss, shown using surrogates such as op@cal coherence tomography (OCT) 

and magne@c resonance imaging (MRI) measurements of brain atrophy (Aymerich et al., 2017; 

Petzold et al., 2010; Sepulcre et al., 2006; Tovar-Moll et al., 2015). Mechanisms of axonal 

degenera@on in MS are likely to be mul@ple including Wallerian (anterograde) degenera@on, 

the apopto@c processes of retrograde and transsynap@c degenera@on that stem from axonal 

transec@on within connected lesions, as well as demyelina@on within lesions with resultant 

reduc@on in trophic support of oligodendrocytes to connected axons (Fünfschilling et al., 2012; 

Haider et al., 2016; Lee et al., 2012). In addi@on to this, there is evidence of diffuse 

demyelina@on, microglial ac@va@on and axonal loss in normal appearing white ma=er (NAWM) 

in MS, quite separate from MRI T2 hyperintense lesions (Correale, 2014; Filippi & Rocca, 2005; 

Tovar-Moll et al., 2015). The rela@onship between focal or diffuse inflamma@on and 

neurodegenera@ve mechanisms is incompletely understood and there are conflic@ng opinions 

as to which process is the primary driver of axonal loss in progressive forms of MS (Friese et al., 

2014). 
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2.2 Modelling axonal degenera@on origina@ng from lesions in the cor@cospinal tract in 

mul@ple sclerosis 

 

2.2.1 Introduc@on 

 

The cor@cospinal tract (CST) is the main neuronal pathway for higher order motor func@oning 

directed from the cerebral motor cortex, and its involvement in MS has been studied as a 

predic@ve marker of motor disability (Hardy et al., 2016; Hubbard et al., 2016; Sechi et al., 

2019; Spampinato et al., 2017; Tovar-Moll et al., 2015). The CST efferent fibres are well-defined, 

coherent, and longer than other defined WM bundles, making them an ideal target to study 

the mechanisms of lesion-related Wallerian and retrograde neurodegenera@on. A robust 

associa@on between MS-related damage to the CST and physical disability (Hubbard et al., 

2016; Sechi et al., 2019; Spampinato et al., 2017; Tovar-Moll et al., 2015) also facilitates 

accurate measurement of the rela@ve contribu@on of each of these mechanisms.  

 

Diffusion MRI has the poten@al to model microstructural changes in the brains of pa@ents with 

MS. Radial diffusivity (RD), a puta@ve marker of myelina@on; and axial diffusivity (AD), a marker 

of axonal integrity, are the most common tensor-based metrics used (Sbardella et al., 2013). 

Several studies have proposed the measurement of white ma=er fibre tract diffusivity in 

rela@on to connected MS lesions (Bergsland et al., 2017; Hardy et al., 2016; Klistorner et al., 

2015; Tovar-Moll et al., 2015; C. Wang et al., 2018; You et al., 2019). For the studies that have 

isolated fibre tracts that traverse lesions (lesional fibres), the comparator has been fibres that 

don’t traverse lesions (non-lesional fibres) or en@re tracts in healthy controls (Klistorner et al., 

2015; Tovar-Moll et al., 2015). In the context of dis@nguishing between focal lesion-mediated 

degenera@on and diffuse degenera@on however, these studies might have limited value, as 

different tract loca@ons are being compared. In addi@on, these papers have not dis@nguished 

or studied differences in relapsing (RMS) and progressive (PMS) forms of MS. 

 

In the present study, we used novel dMRI analysis techniques to establish evidence for axonal 

degenera@on in specific fibres connected to MS lesions with an accurate comparison based on 

a healthy control atlas; and to measure differences in the degree of axonal degenera@on that 
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may exist between RMS and PMS. We hypothesised that more severe and extensive changes 

would be present in pa@ents with PMS. 
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2.2.2 Methods 
 
94 patients with MS (70 RMS, 24 PMS) and 41 healthy controls (HCs) were recruited after 

obtaining informed, written consent. The study was approved by the University of Sydney 

Human Research Ethics Committee (HREC number 2018/554) and was conducted according to 

the tenets of the Declaration of Helsinki. 

 

Each patient with MS underwent clinical assessment with an expanded disability status scale 

(EDSS), including individual functional system scores (FSS).(Kurtzke, 1983) These measures 

were used to evaluate the degree of physical disability. 

 

Each subject underwent MRI brain scanning on a 3T GE MR750 (General Electric, Milwaukee, 

WI, USA), using a multi-channel head and neck coil. The following sequences were acquired: 

3D Fluid-Attenuated Inversion-Recovery (FLAIR); (TE/TI/TR=120/2100/8500 ms; 1.2mm 

isotropic acquisition matrix; FA=90o; ETL=24); 3D high resolution T1-WI (T1) using fast spoiled 

gradient echo (FSPGR) with magnetization-prepared inversion recovery (IR) pulse 

(TE/TI/TR=3.2/900/8.2 ms, 1 mm isotropic acquisition matrix, FA=10o) and axial Diffusion 

weighted imaging (DWI) (TE/TR=82/8325 ms) with a uniform gradient loading (b=1000s/mm 

2) in 64 directions with each direction containing 68 slices in 2mm thickness to cover the entire 

brain (with additional two b0 imaging prior to with gradient loading acquisition), 256mm FOV 

and 128x128 matrix with 100% phase FOV.  

 

DWI sequences were pre-processed with denoising, Gibb’s ringing removal, and B1 field 

inhomogeneity correction utilising MRtrix3 standard pre-processing pipeline (Tournier et al., 

2019). Susceptibility distortions were corrected utilising reversed polarity phase encoding 

(“blip up” and “blip down”) EPI sequences and combined with eddy correction with FSL tools 

implemented within the MRtrix3 software platform (Andersson et al., 2003; S. M. Smith et al., 

2004; Tournier et al., 2019). T1 and FLAIR sequences were co-registered to diffusion space 

using linear registration with FLIRT (Jenkinson et al., 2002) from FSL and checked for quality 

assurance. 
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T2 weighted MS lesions were segmented on the co-registered FLAIR using semi-automated 

edge detection contouring/thresholding as previously described (Zivadinov et al., 2012). 

Gadolinium-enhancing lesions within the CST were excluded, so as to limit the analysis to non-

acute chronic lesions. 

 

A measure of the degree of T2 lesion damage was calculated using the T1 image hypo-intensity 

as this has been shown to be a robust marker of axonal loss within MS lesions (Elliott, Belachew, 

et al., 2019; Filippi et al., 2012; van Waesberghe et al., 1999; van Walderveen et al., 1998). To 

achieve this the T1 sequences were corrected for B1 field inhomogeneity using the N3 

correction and processed with a normalisation tool implemented by the Freesurfer program 

(Dale et al., 1999; Sled et al., 1998) as described previously (‘MSVirtual 2020 – Poster 

Abstracts’, 2020). This technique linearly normalises the T1 images by mapping the average 

NAWM to a value of 110 and average CSF to a value ~35. 

 

In order to create a control dataset appropriate for analysis of focal regions of interest for each 

patient, Z-score maps were created for each DWI tensor metric of AD, RD, mean diffusivity 

(MD) and fractional anisotropy (FA) within the patient space. Firstly, the FA map from all HCs 

were individually registered to the patient FA map using ANTs (B. Avants et al., 2008; B. B. 

Avants et al., n.d.; Klein et al., 2009). The AD, RD and MD tensor metric maps were then 

transformed using this warp, utilising nearest neighbour interpolation. Subsequently, the 41 

HC tensor metric maps were combined to create voxel-wise average and standard deviation 

maps for all HC data (S. M. Smith et al., 2004) in each patient space. A z-score map could then 

be created for each patient by subtracting the patient derived tensor metric map from the HC 

average divided by the standard deviation map, using FSL tools (S. M. Smith et al., 2004). 

 

The program TractSeg (Wasserthal et al., 2018) was used to segment the CST fibre bundles 

within all patients. Final CST streamlines were checked and cleaned for extraneous streamlines 

by an experienced analyst. T2 lesions overlying the CST segmentation were identified using FSL 

tools (S. M. Smith et al., 2004) and given a unique identifier. CST streamlines were further 

segmented into streamlines that traversed a T2 lesion, herein called lesional fibres, and 

streamlines that did not traverse any lesions, herein called non-lesional fibres, using the tckedit 

tool of MRtrix3 (Tournier et al., 2019). In patients with multiple lesions within the CST, lesional 
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fibres were carefully examined and excluded if they traversed more than one lesion over their 

length, thereby reducing potential confounding effects generated by separate focal lesions 

when assessing lesion-related diffusion changes in NAWM. The lesional and non-lesional fibre 

tracts for each patient were utilised for tract profilometry (Jeurissen et al., 2019) by the 

Automated Fiber Quantification (AFQ) tool (Yeatman et al., 2012). This tool was used as it 

computes metrics as a function of arc length along tract-specific exemplar tracks, which 

minimise and downweigh values at the edge of streamline fibre bundles, and therefore weights 

the values of a streamline bundle from the centre out. Four locations along the length of the 

CST were defined in relation to each T2 lesion identified from co-registered FLAIR imaging. To 

standardise these regions of the CST between subjects of different brain size, each tract was 

divided into 100 evenly spaced “nodes” along its length, with the four regions being defined as 

(A) a region comprising 10 adjacent nodes, separated from the superior edge of the lesion by 

5 nodes, named “close retrograde”, (B) the site of the lesion, (C) a region comprising 10 

adjacent nodes, separated from the inferior edge of the lesion by 5 nodes, named “close 

Wallerian” and (D) a site comprising 10 adjacent nodes, separated from the inferior edge of 

the lesion by 40 adjacent nodes, named “distant Wallerian” (See Figure 2.1). AD, RD, MD and 

FA values from underlying z-score maps were calculated at these four regions along the length 

of the CST lesional fibres. To account for potential diffuse differences in tensor metrics 

between subjects (unrelated to focal damage connected to lesions), the non-lesional fibre z-

score value was subtracted from the lesional fibre z-score value at the same location along the 

CST. This ensured that diffuse changes associated with factors such as age or more advanced 

disease did not influence the measurement of focal damage from individual lesions. 
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Figure 2.1 TractSeg CST reconstrucCon with streamline colours 
represenCng direcConality. T2 lesion shown in red within the CST. The 
four regions of interest along the CST are shown (A) close retrograde, 
(B) lesion, (C) close Wallerian (anterograde) (D) distant Wallerian 
(anterograde). 

 

The resultant z-score diffusion metrics along the CST were assessed by way of comparison to 

the standard value of 0 by either one-sample Student’s t-test or Wilcoxon signed rank test 

dependent on normality testing. Furthermore, multiple linear regression models were created 

to explore the relationship between diffusion metrics, lesion characteristics and clinical and 

demographic data. GraphPad Prism 9.0.0, GraphPad Software LLC and SPSS version 27 (IBM 

SPSS Statistics 27, IBM©, Armonk, NY, USA) were used for analyses. 
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2.2.3 Results 

 

A total of 80/94 pa@ents (61 RMS, 19 PMS) had lesions within the CST that were appropriate 

for inclusion in the study. Demographic characteris@cs are shown below in Table 2.1. 

 RMS PMS Controls 

Number 61 19 41 

Age years    

mean 41.1 51.4 36.4 

Std. dev 9.2 9.4 10.6 

Gender female n (%) 41 (67%) 10 (53%) 27 (66%) 

Disease duration years    

median 5 6 NA 

IQR 2 - 12 2 – 20 NA 

Disease course 61 RRMS 8 SPMS/11 PPMS NA 

EDSS    

median 2 5 NA 

IQR 1 – 3.5 4 - 6 NA 

Pyramidal FSS    

median 1 3 NA 

IQR 0 - 2 2.25 - 3 NA 

Table 2.1 Demographic characterisCcs 

 

For all pa@ents the diffusion characteris@cs of lesional and non-lesional fibres along the CST 

were calculated. All datasets failed to pass Shapiro-Wilk normality tes@ng. Thus, a non-

parametric test for non-gaussian data (Wilcoxon signed rank test) was used to compare to the 

hypothe@cal median of HCs; and the Mann-Whitney test used for comparison of RMS and PMS 

cohorts. 

 

Diffusion metrics are shown in Figure 2.2. Significant differences at a popula@on level for all 

metrics were found at the lesion region compared to HCs. In the close Wallerian region, MD 

and RD were increased compared with HCs, with no significant difference between RMS and 

PMS cohorts. AD in this region was reduced in PMS compared with RMS and HCs. At the distant 

Wallerian loca@on, RD was increased in all pa@ents compared with HCs, with no significant 

differences between PMS and RMS cohorts. FA at the distant Wallerian loca@on was reduced 
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in PMS pa@ents compared to HCs, with no significant difference between RMS and PMS. There 

were no significant differences in AD or MD at this loca@on between MS pa@ents and HCs, or 

between RMS and PMS pa@ents. At the close retrograde region, AD was reduced rela@ve to 

HCs in both RMS and PMS with no difference between them. FA at this loca@on was decreased 

in PMS compared to HCs, but not compared to RMS. RD was decreased in PMS pa@ents only, 

whilst MD was increased in RMS pa@ents only compared with HCs. See Figure 2.2 for dot plot 

distribu@ons and significance. 

 
Figure 2.2 Dot plots showing z-scores for each tensor metric (AD, RD, FA, MD) for RMS and PMS cohorts at 

each locaCon along the CST. Bar graphs represenCng median and 95% confidence intervals are shown. 

Significant differences are shown for each cohort at each locaCon and comparing RMS and PMS at each 

locaCon; * p < 0.05, ** p < 0.01, *** p < 0.001 & **** p < 0.0001. 

 

A mul@ple linear regression was carried out to inves@gate whether the diffusion metrics seen 

in the close Wallerian region of each lesion of PMS and RMS pa@ents could be predicted using 

the factors of lesion T1 lesion hypointensity, T2 lesion length, Gender, Disease dura@on, Age, 

EDSS and the pyramidal FSS score of the EDSS. The results of the regression of PMS pa@ents 
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indicated that the model explained 42.2% of the variance and was a significant predictor of AD 

in the close Wallerian region F(6, 48) = 5.83, p=0.0001. The factors contribu@ng significantly to 

this regression were T1 lesion hypointensity (b=0.398 p=0.001), disease dura@on (b=-0.174, 

p=0.02), pyramidal FSS (b=-0.305, p=0.02) and an interac@on factor of gender and disease 

dura@on (b=0.506, p=0.02). The T2 lesion length (b=0.121, p=0.336) and the lower order 

gender factor (b=-0.045, p=0.79) did not contribute significantly. Including EDSS in place of the 

pyramidal FSS score produced an inferior regression model and was not significantly 

contributory. The inclusion of age in the regression model did not improve the explanatory 

power; and had high parameter covariance with disease dura@on. Normality of residuals was 

confirmed with Shapiro-Wilk tes@ng (p=0.50). See regression equa@on below and Fig. 2.3. 
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+	−0.02. 𝐷𝑖𝑠𝑒𝑎𝑠𝑒	𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛	2&()% +	−0.07. 𝐺𝑒𝑛𝑑𝑒𝑟	 +	−0.5. 𝑃𝑦𝑟𝐹𝑆𝑆

+ 	0.862. 𝑇2	𝑙𝑒𝑠𝑖𝑜𝑛	#&+301 	+ 	0.04. 𝐺𝑒𝑛𝑑𝑒𝑟 ∗ 𝐷𝑖𝑠𝑒𝑎𝑠𝑒	𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛	2&()% 

 

For RMS pa@ents the regression did not significantly explain the varia@on in AD in the close 

Wallerian region, p=0.8939. 

No regression model was sufficient to explain other diffusion metrics at any site. 

 
Figure 2.3 MulCple linear regression model dot plot of actual vs predicted AD 

close Wallerian value. The line of idenCty is shown in red. 
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An interac@on plot (see Figure 2.4) was created to explore the interac@on effect of gender and 

disease dura@on seen in the regression. This showed significantly different slopes between 

males and females with regard to disease dura@on and predicted AD close Wallerian metric 

(p<0.001), with the disease dura@on of males having a more significant effect on predicted 

outcome. 

 

 
Figure 2.4 InteracCon plot of the interacCon factor of gender and disease duraCon 

on predicted AD close Wallerian value. ** p < 0.01 

 

A mul@ple linear regression was also carried out to inves@gate whether any diffusion metric in 

the close Wallerian region could add to predic@on of EDSS using the factors of T1 lesion 

hypointensity, Gender, Disease dura@on and Disease course (RMS vs PMS). To achieve this, the 

diffusion metrics and T1 lesion hypointensity were weighted by the percentage of streamlines 

intersected by the lesion; and then summated within each pa@ent to create pa@ent-wise 

measures to contribute to the regression model of EDSS. The results of this regression indicated 

that the model explained 49.28% of the variance and was a significant predictor of EDSS F(5, 

77) = 14.96, p<0.0001. The factors that contributed significantly to this regression were disease 

course of PMS (b=0.525, p<0.0001), disease dura@on (b=0.234, p=0.007) and weighted average 

AD close Wallerian region (b=-0.195, p=0.040). Weighted average T1 lesion hypointensity (b=-

0.163, p=0.08) and gender (b=0.117, p=0.15) did not significantly contribute. 
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Normality of residuals was confirmed with Shapiro-Wilk tes@ng (p=0.50). See regression 

equa@on and Fig. 2.5 below. 
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Figure 2.5 MulCple linear regression model dot plot of actual vs predicted EDSS. 

 

A similar regression model was created to predict pyramidal FSS score with the same input 

metrics. This explained 29.8% of the variance of pyramidal FSS and also had disease course of 

PMS as a significant contributor, but no diffusivity metrics significantly contributed. (equa@on 

not shown). 
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2.2.4 Discussion 

 

In summary, we found changes of diffusion MRI within lesional fibres in NAWM tracts, providing 

evidence of neurodegenera@on both proximal and distal to MS lesions. Within the context of 

majority efferent fibres of the CST, this provides radiological evidence for both Wallerian and 

retrograde degenera@on. Specifically, increased RD of lesional fibres was maintained at both 

sites distal to MS lesions, the close and distant Wallerian regions, without differences between 

RMS and PMS seen. Reduced AD in the close Wallerian region was restricted to the PMS cohort 

and, as such, is a candidate biomarker of progressive disease. The validity of this biomarker is 

also supported by its associa@on with lesion T1 hypointensity, an indicator of the severity of 

axonal loss within lesions; and with disability as measured by the EDSS score. In the region 

proximal to MS lesions, the retrograde region, AD was reduced in both RMS and PMS cohorts 

without difference between them, while there was reduced RD in the PMS cohort as compared 

to HCs and the RMS cohort. Detailed discussion of these results is given below with a 

background of the use diffusion-based microstructural techniques in MS. 

 

2.2.4.1 Wallerian and retrograde degenera@ve mechanisms 

 

Wallerian and retrograde degenera@on are ac@ve processes that occur within the central 

nervous system (CNS) auer axonal injury. Most studies into the mechanisms and @ming of 

Wallerian and retrograde degenera@on have been undertaken in animal models of acute injury. 

These models show that Wallerian degenera@on is characterised by rapid axonal degrada@on 

occurring between 1 and 7 days auer injury in both the CNS and peripheral nervous system 

(PNS) albeit with slower progress in the CNS. Myelin breakdown, microglial/macrophage 

ac@va@on, clearance of @ssue debris and gliosis occur at a significantly slower rate within the 

CNS, with reten@on of some neural architecture up to months or years auer injury (Buss & 

Schwab, 2003; George & Griffin, 1994; Vargas & Barres, 2007). Retrograde degenera@ve 

mechanisms, either in the proximal por@on of the axon or in the trans-synap@c connected 

neurons, are less well understood but are likely to include apoptosis due to loss of terminal 

synapses and reduc@on in target derived trophic factors (Peterson et al., 2001). In addi@on, 

there is evidence that demyelina@on as opposed to axonal degenera@on may be the earliest 

event in transsynap@c degenera@on (You et al., 2019) Proximal por@ons of the axon are stable 
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for longer than distal por@ons via these mechanisms of Wallerian and retrograde degenera@on 

(Confor@ et al., 2007). 

 

2.2.4.2 Diffusion MRI correla@on with neurodegenera@on 

 

Several correla@on studies have a=empted to analyse the altera@ons in MR diffusion metrics 

that accompany pathological changes in the brain (Budde et al., 2009; Qin et al., 2012; Song et 

al., 2002; Yu et al., 2009). In the majority, the pathological substrate has been acutely 

destruc@ve lesions such as stroke or surgery, limi@ng applicability to the modelling of MS 

pathology. Interpreta@on of the results of these studies has also been incongruent; for 

example, some studies have a=ributed increased RD to demyelina@on which facilitates the 

perpendicular diffusion of water (Song et al., 2002; Yu et al., 2009). However other studies 

suggest that RD is not only determined by myelin content but also by axonal degenera@on, 

microglial ac@va@on, inflamma@on and myelin and axonal debris (Qin et al., 2012). One 

suggested mechanism for increased RD in axonal degenera@on is the increase in water transfer 

between intra- and extra-cellular loca@ons due to loss of the axon cell wall architecture (Qin et 

al., 2012). AD is likely to be a more specific measure of axonal degenera@on, with robust 

measurement across a number of studies including experimental autoimmune 

encephalomyeli@s (EAE) mouse models of MS (Budde et al., 2009; Qin et al., 2012; Yu et al., 

2009). FA and MD are poten@ally less specific metrics; and are perhaps redundant as they are 

func@ons of the primary eigenvectors modelled in RD and AD (see Sec@on 1.2.2) (Klistorner et 

al., 2015). Unfortunately, as well as lacking specificity for myelin and axonal integrity, these 

metrics also suffer reduced sensi@vity in regions of the brain that have crossing fibres 

(Farquharson et al., 2013) and region-specific varia@on that renders whole brain measures 

imprecise. S@ll, AD and RD are common tensor-based metrics used in the study of MS (Sbardella 

et al., 2013). 

 

2.2.4.3 Methodology ra@onale 

 

In this study, Wallerian and retrograde degenera@on were iden@fied using a refined technique 

that separates lesional and non-lesional fibres and compares their difference with equivalent 

focal regions in HCs. Two normalisa@on steps were u@lised to account for global changes in 
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diffusivity between subjects and regional differences in diffusivity within subjects, respec@vely. 

Firstly, measuring the difference between lesional and non-lesional fibres accounts for changes 

in diffusion measures between pa@ents that are not related to focal lesions (Klistorner et al., 

2015). Secondly, the use of HC references allows for normalisa@on of diffusion measures 

between different loca@ons in the brain that vary significantly, overcoming the imprecision of 

whole brain or whole tract measures (Ashton et al., 2021). Our use of the CST in this study 

allows for a clear dis@nc@on between anterograde and retrograde direc@ons, as most fibres 

within the CST are unidirec@onal efferent upper motor neuron axons projec@ng from the cortex 

to the spinal cord. 

 

2.2.4.4 Wallerian degenera@on markers 

 

In this study, increased RD, decreased FA and increased MD in the close Wallerian region 

confirm diffusivity changes in lesional fibres in otherwise NAWM. These changes were seen 

across both RMS and PMS cohorts and did not differ significantly between them. In addi@on, a 

reduc@on in AD in the close Wallerian region was restricted to the PMS cohort. The distant 

Wallerian region showed a similar increase in RD in both RMS and PMS; and a reduc@on of FA 

in PMS that did not significantly differ to RMS. These changes in RD may represent a distal 

marker of demyelina@on/axonal degenera@on within lesional fibres and provides evidence of 

Wallerian degenera@on in con@nuum with the close Wallerian region. However, we did not find 

distal changes in other diffusion metrics such as AD. Isolated increases in RD at the close and 

distant Wallerian regions has several poten@al explana@ons. First, there is evidence that (non-

inflammatory) demyelina@on may precede axonal degenera@on, moving distally along fibre 

tracts at a gradual pace, with trans-synap@c degenera@on (You et al., 2019). Second, although 

most models of neurodegenera@on have described changes within days to weeks of acute 

injury (such as stroke or surgery), and are poten@ally relevant to the acute MS lesion, this @ming 

is less relevant to established chronic MS lesions, in which gradual axonal a=ri@on may con@nue 

for many years (Ellio=, Belachew, et al., 2019; Klistorner, Wang, et al., 2018). Wallerian 

degenera@on within the CNS itself can progress over years as opposed to the weeks seen in the 

peripheral nervous system (PNS) (Vargas & Barres, 2007). The prolonged period that occurs 

between axonal degenera@on and cellular and myelin debris clearance in the CNS (Vargas & 

Barres, 2007) may increase water diffusion between intra- and extra-cellular loca@ons due to 
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loss of the axon cell wall architecture (Qin et al., 2012), while preserving parallel water diffusion 

due to persistent myelin structure orienta@on, thus increasing RD but preserving AD.  A 

prolonged latency of neurodegenera@on in MS, and heterogeneity of the age of individual 

lesions, may therefore have rendered the neurodegenera@ve process in our cohort incomplete, 

obscuring any effect on AD change in the Wallerian region. However, the lack of distant change 

of AD even in pa@ents with a longer disease dura@on, a surrogate of lesion age, does not 

support this hypothesis. A further explana@on of the changes seen at the distant Wallerian 

region is related to the methodology used in this study. The implementa@on of TractSeg in this 

study used probabilis@c tractography to generate streamlines for the fibre bundles of the CST. 

Probabilis@c tractography tends to generate a splaying of streamlines the further it travels 

within a bundle, losing some of the topographical informa@on the further away from the region 

of interest (ROI) the tract is studied. Measurements closer to the ROI (in this case the lesion) 

are likely to be more accurate in their dis@nc@on between lesional and non lesional fibres (See 

Figure 2.6). Finally, this data suggests that RD is a more sensi@ve (albeit less specific (Qin et al., 

2012) marker of axonal degenera@on and demyelina@on, which is able to overcome the 

inaccuracies introduced by probabilis@c tractography in the distant Wallerian region. This is in 

line with previous evidence that RD is a more sensi@ve marker of axonal degenera@on in the 

CNS (Qin et al., 2012). This hypothesis is supported by the greater values for RD z-scores 

compared to AD z-scores within lesion and close Wallerian regions, sugges@ng higher sensi@vity 

(RD lesion z-score median 1.765 vs. AD lesion z-score median -1.285).  

 

2.2.4.5 AD reduc@on in the close Wallerian region as a biomarker of progression 

 

This study also revealed a marker of axonal degenera@on (reduc@on in AD in the close Wallerian 

region) that appears to be restricted to the PMS cohort, providing a plausible explana@on of 

accumula@ng lesion-related disability in pa@ents with PMS. Furthermore, the observed AD 

reduc@on in the close Wallerian region in pa@ents with PMS was correlated with a marker of 

lesion destruc@veness, namely T1 hypointensity. Three further factors also significantly 

contributed to the regression model of close Wallerian AD reduc@on, including disease 

dura@on, pyramidal FSS score and an interac@on factor of gender and disease dura@on. In 

par@cular, longer disease dura@on was significantly correlated with worsening axonal 

degenera@on as inferred by reduced AD, corrobora@ng previous reports of accelerated brain 
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atrophy and disability accumula@on in pa@ents with PMS (Ge et al., 2000). In PMS, prolonged 

exposure to an altered microenvironment may render denuded axons more vulnerable to 

neurodegenera@on, while a synergis@c impact of aging and MS pathology may further 

accelerate the process. 

 

Conversely, absolute age, above and beyond disease dura@on, did not significantly contribute 

to the model. This suggests that the length of @me with MS, perhaps being a surrogate of lesion 

age, has more influence on neurodegenera@on than does biological age. Interes@ngly, the 

correla@on with disease dura@on was gender-specific, as shown by the regression model’s 

interac@on term and interac@on plot. Compared to female subjects, male subjects showed 

worsening AD reduc@on in the close Wallerian region with increasing disease dura@on. This 

finding corroborates previous reports of accelerated progressive @ssue loss in MS lesions 

(Klistorner, Wang, et al., 2018) and more rapid accumula@on of disability (Confavreux, 2003) in 

male pa@ents with PMS. Predictably for a marker of axonal degenera@on, the pyramidal FSS 

score correlated with AD in the close Wallerian region, as axonal degenera@on is suggested to 

be the main pathological correlate of irreversible disability. 

 

AD in the close Wallerian region, measured as a weighted pa@ent-wise metric across all MS 

pa@ents, also contributed significantly to the regression model of EDSS, as might be expected 

for a marker of axonal degenera@on; while the weighted pa@ent-wise metric of lesion T1 

hypointensity did not (p=0.08). The non-orthogonality of these two metrics likely contributed 

to the lack of significance of both variables as predictors within the same regression, however 

this data suggests that AD in the close Wallerian region of lesional fibres is poten@ally a more 

sensi@ve marker of clinically relevant neurodegenera@on; and provides more explanatory 

power for eloquent disability measures than does lesion T1 hypointensity, an established MRI 

marker of @ssue damage (Ellio=, Belachew, et al., 2019; Filippi et al., 2012; van Waesberghe et 

al., 1999; van Walderveen et al., 1998). 
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Figure 2.6 Lesional (red) and non-lesional (blue) fibres of the CST shown at three levels in 

axial and coronal orientaCons. At the site of the lesion (green) clear demarcaCon between 

lesional and non-lesional fibres is seen. At the close Wallerian region this demarcaCon is 

maintained. At the distal Wallerian region, the demarcaCon of lesional and non-lesional 

fibres is largely missing, due to the splaying of streamlines. 
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2.2.4.6 Retrograde degenera@on markers 

 

The results at the close retrograde degenera@on region showed a reduc@on in AD sugges@ng 

evidence of axonal degenera@on in the retrograde direc@on proximal to the lesion, and a 

decrease in FA and increase in MD sugges@ng more nonspecific microstructural damage. 

However, an increase in RD was not seen, which would be expected if the AD changes were 

reflec@ng preceding demyelina@on prior to axonal loss. This pa=ern of diffusivity change might 

be representa@ve of specific mechanisms of retrograde neurodegenera@on. For instance, 

fragmenta@on of the axon/myelin bundle along the length of the axon would restrict water 

diffusion in the longitudinal direc@on causing reduced AD, while maintaining the boundaries 

that restrict perpendicular water diffusion and restrict RD. Fragmenta@on has been described 

in both Wallerian and retrograde neurodegenera@on (Öztürk et al., 2013), however it is an 

acute and transient phenomenon that is unlikely to be captured in the context of connec@ons 

to chronic MS lesions. Evidence that MS related trans-synap@c neurodegenera@on is preceded 

by demyelina@on (You et al., 2019) would have predicted a greater change in RD as opposed to 

AD in this region. Furthermore, evidence that proximal por@ons of axons are likely to be 

preserved longer than distal por@ons (Confor@ et al., 2007) would predict a greater devia@on 

of AD z-scores at the Wallerian in comparison to retrograde regions, but the opposite was seen. 

(AD close Wallerian median z-score -0.13 vs AD close retrograde median z-score -1.23). In 

addi@on, differences between RMS and PMS cohorts showed a rela@vely reduced MD and RD 

in the PMS cohort, sugges@ng reduced demyelina@on and microstructural damage in pa@ents 

with PMS.  

 

Given these incongrui@es, it does not seem plausible that the pa=ern of diffusivity changes 

seen in this study at the close retrograde region reflect a specific mechanism of retrograde 

degenera@on. A more likely explana@on is related to the complexity of CST anatomy and 

methodology of the study. Proximal to lesions the CST is more likely to fan out to the motor 

cortex, thereby spreading the tractography over a broad region, incorpora@ng the crossing 

fibres of the centrum semiovale. This broad fanning out reduces the coherence of the CST 

bundle and is prone to inaccurate voxel wise diffusion measurements of the lesional and non-

lesional fibres. Evidence for this can be seen with the increased interquar@le range of values 

seen at the close retrograde region for all diffusion metrics (e.g. AD close Wallerian IQR = 0.889 
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vs AD close retrograde IQR = 2.35) (see Figure 2.2). From this point of view, it is possible that 

greater degrees of retrograde degenera@on could have been detected if measurements were 

conducted using techniques like fixel analysis and apparent fibre density measures of CSD, 

which effec@vely differen@ate fibre bundle orienta@ons within voxels containing crossing fibers 

(D. Raffelt et al., 2012; D. A. Raffelt et al., 2017), which would be a natural extension of this 

research. 

 

2.2.5 Conclusion 

 

This study provides evidence for Wallerian degenera@on in otherwise NAWM connected to T2 

lesions using MR diffusivity markers. RD increase in anterograde regions of connected lesional 

fibres was the most sensi@ve metric, while a poten@al biomarker of progressive disease, AD in 

the close Wallerian region of lesional fibres was correlated with lesion severity and disability in 

pa@ents with MS. 
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2.3 Chapter Summary 

 

Mul@ple mechanisms contribute to axonal degenera@on in MS, including Wallerian 

degenera@on, retrograde and transsynap@c degenera@on, demyelina@on within lesions, and 

diffuse demyelina@on in normal appearing white ma=er. The rela@onship between 

inflamma@on and neurodegenera@ve mechanisms in MS is not fully understood, and there are 

differing opinions on the primary driver of axonal loss in progressive forms of the disease. A 

biomarker of these focal neurodegenera@ve mechanisms would be invaluable in disease 

monitoring for clinical trials and pa@ent management. 

 

In this chapter, a novel method of tractometry was developed to measure the impact of MS 

lesions on white ma=er tracts and iden@fy markers of neurodegenera@on associated with focal 

lesions. The study introduced the concept of using control data from a specialised healthy 

control atlas, allowing for more accurate controlling of focal microstructural diffusion metrics 

that have high variability throughout the brain and are not easily compared to averaged values 

across the whole brain or whole tract. The findings revealed several interes@ng results, 

including a persistent increase in RD distal to lesions indica@ng Wallerian degenera@on in 

lesional fibres. Addi@onally, a specific biomarker of Wallerian degenera@on was iden@fied in 

progressive MS pa@ents, characterised by a reduc@on in AD, which correlated with disability 

and lesion severity. Notably, men showed a clinically relevant worsening of this biomarker as 

the disease dura@on increased. 

 

In conclusion, this chapter makes a significant contribu@on to the research field by developing 

a new method of tractometry for studying MS lesions and iden@fying markers of 

neurodegenera@on. The findings highlight the importance of further valida@ng the changes in 

AD distal to lesions as a specific biomarker for PMS. Addi@onally, the explora@on of radial 

diffusivity in white ma=er tracts emerges as a highly sensi@ve marker of axonal degenera@on. 

The inves@ga@on of these biomarkers in the context of upcoming remyelina@ng and an@-

degenera@ve therapies holds great promise and warrants further explora@on. 
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Chapter 3 

Atlas-based disconnectome modelling in 

multiple sclerosis 
 

Abstract 

 

The connectome, a network of interconnected nodes in the brain, plays a crucial role in brain 

function and can be disrupted by disease processes. MS, characterised by focal white matter 

inflammatory lesions that damage axonal connections, is well-suited for studying connectome 

disruption. Tractography with diffusion MRI is commonly used to measure the structural 

disconnection of white matter tracts in disease, however accurately tracking streamlines 

through MS lesions poses challenges. Atlas-based approaches have been employed to 

overcome this issue by superimposing pathological maps onto preconstructed network 

structures. These approaches offer advantages such as cost-effectiveness, utilisation of legacy 

scans, and manipulation of pathology-disconnection interaction. However, accurate 

registration of pathological maps onto the structural network atlas remains a limitation. 

 

This chapter refines the atlas-based network analysis by comparing registration techniques. It 

also introduces a novel concept to incorporate incomplete MS lesion damage and cumulative 

damage along streamlines, providing a more comprehensive representation of MS 

pathophysiology. The chapter concludes by presenting the results of a longitudinal study that 

explores atlas-based disconnectome analysis as a biomarker for physical disability and disease 

progression in MS. 
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3.1 Background 

 

One of the fundamental units of brain computa@on is a network of interconnected nodes, 

commonly referred to as the connectome (Fornito & Bullmore, 2015). Understanding this 

structure in neuroscience helps explains fundamental func@ons of the brain as well as how 

disease processes disrupt that func@on (Fornito et al., 2015). MS, like other neurological 

diseases, can be modelled in terms of how it effects the connectome, or disrupts the 

connectome (termed the “disconnectome”) (Lapucci et al., 2022; Pagani et al., 2019). Given 

that a major pathological process in MS is the development of focal white ma=er inflammatory 

lesions that damage axonal connec@ons (Lassmann et al., 2007), MS is a good candidate to be 

modelled in terms of disconnec@on. 

 

Modelling brain structure as a network is an evolving methodology, with a variety of techniques 

and modali@es being u@lised (Abdelnour et al., 2022). These techniques can be broadly 

grouped as either structural or func@onal. Structural techniques u@lise methods that measure 

either the physical connec@ons within the brain or measure physical structures of brain regions. 

These methods have most ouen employed MRI, in which diffusion sequences uniquely 

facilitate the construc@on of white ma=er tracts through tractography. However, the accurate 

reconstruc@on or tracking of streamlines through focal brain lesions is problema@c and hinders 

the implementa@on of tractography in MS (Pagani et al., 2019). This will be explored further in 

Chapter 4 of this thesis; briefly, streamline tractography relies on stepwise construc@on from 

voxel to voxel, based on diffusion data within the voxel and predetermined criteria such as 

amplitude and angle restric@ons to limit spurious tracking (Lipp et al., 2020). Axonal loss and 

@ssue destruc@on within MS lesions alters the MR diffusion signal (Klistorner et al., 2016; 

Klistorner, Wang, et al., 2018; Y. Wang et al., 2015) and thereby reduces the accuracy of 

constructed streamlines that track through them (Inglese & Bester, 2010; Lipp et al., 2020). 

Atlas based approaches ‘side-step’ the problem of accurately tracking streamlines through focal 

MS lesions and have been employed in a number of clinical research studies (Fuchs, Dwyer, et 

al., 2018; Kuceyeski et al., 2013; Ravano et al., 2021; Tozlu, Jamison, Nguyen, et al., 2021). 

 

Atlas based tractography involves the superimposi@on of pathological maps onto 

preconstructed network structures derived from healthy control data (Kuceyeski et al., 2013). 
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In this way, all structural network informa@on is derived in the absence of poten@ally distor@ng 

pathology. There are also several addi@onal advantages of using an atlas-based approach. 

Firstly, these methods do not require sophis@cated diffusion or other MRI sequences that can 

be costly, prone to artefacts (Kanakaraj et al., 2023; Lah@ et al., 2021) and outside the scope of 

rou@ne clinical scanning. As such, these methods have the ability to unlock the clinical and 

research poten@al of legacy scans from past decades (Kuceyeski et al., 2013). Secondly, healthy 

control diffusion based tractography can be derived from high-grade research acquisi@ons (Van 

Essen et al., 2013) that are of greater spa@al and angular resolu@on than those usually captured 

in clinical or even research sesngs. This facilitates more accurate modelling of smaller 

structures and bundles included in disconnectome analysis. Thirdly, the interac@on between 

pathology and disconnec@on of streamlines can be easily manipulated, allowing for a variety of 

pathological data to be input into the model as well as be refined to capture specific desirable 

aspects of the disease pathophysiology. 

 

The method does have limita@ons owing to the need for registra@on of pathological maps onto 

the structural network atlas. As opposed to construc@ng diffusion-based streamlines within the 

pa@ent’s “na@ve space”, which allows for unique size and spa@al differences between pa@ents, 

atlas-based approaches rely on accurate registra@on of the images of controls and subjects. 

The rela@ve size of MS pathology, such as T2 weighted lesions, compared to structural network 

models comprising white ma=er bundles and tractography streamlines, may exacerbate the 

inaccuracy conferred by registra@on i.e. small inaccuracies in the registra@on have the poten@al 

to place pathology in adjacent or separate white ma=er tracts, introducing significant errors 

into the analysis. MRI image registra@on is made more difficult in MS due to different brain 

volumes and atrophy rates compared with healthy controls (De Stefano et al., 2010, 2015; 

Zivadinov et al., 2016) even early in the course of the disease (Chard et al., 2002).  

 

In this chapter, the model of atlas-based network analysis is refined by comparing registration 

techniques and demonstrating the superiority of a multimodal MRI registration method. A 

novel method to incorporate incomplete MS lesion damage and cumulative damage along 

streamlines, in order to better represent underlying MS pathophysiology, is then introduced. 

Finally the results of a longitudinal study exploring atlas-based disconnectome analysis as a 

biomarker of physical disability and progression in MS is reported. 
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3.2 Refining the registra@on method with atlas-based tractograms 

 

3.2.1 Introduc@on 

 

Recogni@on that pathological altera@on of brain networks underpins cogni@ve and, to a lesser 

extent physical, disability in MS has heightened interest in analysis of the connectome (and its 

disrup@on) in pa@ents with the condi@on (Charalambous et al., 2019, 2020; Fuchs, Dwyer, et 

al., 2018; Rimkus et al., 2018; Tur, Kanber, et al., 2019). However, the construc@on of structural 

connectomes requires quality diffusion MR data that is ouen lacking in clinical MRI acquisi@ons. 

To overcome this limita@on, and to exploit the rich wealth of historical data, methods have 

been developed that u@lise connectomes derived from healthy controls (HC) (Fuchs, Carolus, 

et al., 2018; Kuceyeski et al., 2013, 2018) to es@mate connectome disrup@on in pa@ents with 

MS. These methods require the accurate registra@on of region of interests (ROI) from pa@ents 

with MS onto regional or whole brain streamline tractograms derived from HCs. ROIs may take 

the form of structural regions or white ma=er bundles but are most commonly white ma=er 

lesions; registra@on methods therefore need to be accurate for white ma=er @ssue. For 

example, T1 based image registra@on of isolated white ma=er MS lesions may inaccurately map 

to HC-derived connectomes due to the lack of informa@on within the rela@vely homogenous 

T1 signal of white ma=er. Comparisons of different registra@on methods have been undertaken 

but most commonly compare cor@cal and subcor@cal grey ma=er regions (Klein et al., 2009). 

 

The use of MR sequences with higher contrast within white ma=er @ssue, such as diffusion 

MRI, can be u@lised to create frac@onal anisotropy (FA) or mean diffusivity (MD) maps that hold 

informa@on of average fibre direc@ons of each white ma=er voxel.  Diffusion MR therefore has 

the poten@al to improve white ma=er registra@on. In addi@on, more advanced diffusion 

techniques, such constrained spherical deconvolu@on (CSD) (Tournier et al., 2007), generate 

fibre orienta@on distribu@ons (FODs) that hold informa@on of all fibre direcBons for each voxel. 

Indeed, a model of FOD registra@on, using an extension of Advanced Normaliza@on Tools 

(ANTs) (B. Avants et al., 2007) known as symmetric diffeomorphic normalisa@on, outperformed 

FA based registra@on for white ma=er structures (D. Raffelt et al., 2011). Furthermore, as the 

white ma=er of the brain is a large and heterogenous region, it is likely that registra@on 

methods based on different contrast inputs (e.g. T1, FA and FODs) will perform be=er or worse 
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in different areas of the white ma=er. For example, T1 sequences are likely to perform well in 

the juxta cor@cal region of the white ma=er, because of excellent cor@cal contrast and 

resolu@on, but poorly in deep white ma=er regions due to the homogenous T1 signal. By 

contrast, FA and FOD maps might be expected to perform be=er in deep white ma=er regions 

where addi@onal informa@on of white ma=er bundle direc@on would help with contrast, as 

opposed to juxtacor@cal regions where white ma=er fibres are more chao@c and branched. 

Mul@modal techniques u@lising MR sequences with varying white and grey ma=er contrasts 

has been shown previously to perform well in all areas of the white ma=er region (Lv et al., 

2022), and has the poten@al improve atlas based registra@ons in the study MS connectomes. 

AI-based registra@on techniques u@lising deep learning algorithms are an ac@ve area of 

research (Teuwen et al., 2022; Xiao et al., 2021), and in some instances have proven to be more 

accurate and faster than classical methods, although widespread applica@on is currently 

limited by unique pre-processing steps and relevant pathological datasets (Chen et al., 2021). 

 

Here, we compare the accuracy of a FOD-based, T1-based, FA-based and mul@modal 

registra@on in the analysis of white ma=er pathology in MS. 

 

3.2.2 Methods 

 

10 pa@ents with MS and 10 age-matched healthy controls underwent 3T MRI scanning 

including high resolu@on 1mm 3D T1, axial diffusion weighted imaging (DWI) 1 x 1 x 2mm 

b=1000 s/mm2, 64 gradient direc@ons with addi@onal b0 blip-up and blip-down reference data 

to es@mate AP-PA distor@on, FLAIR 3mm thickness 2D sequences. Diffusion imaging was 

preprocessed using MRtrix3 for denoising, Gibb’s ringing artefact removal and bias field 

correc@on. FSLs eddy-current induced, mo@on and suscep@bility-induced distor@on correc@on 

was then performed, and the result interpolated to 1mm3 resolu@on. FOD maps were created 

using MRtrix3 by first es@ma@ng group response func@ons (Dhollander et al., 2018) and then 

using a CSD algorithm designed for single shell data using MRtrix3Tissue 

(h=ps://3Tissue.github.io), a fork of MRtrix3 (Tournier et al., 2019). Tensor and FA maps were 

created using MRtrix3. Inpainted T1 images were linearly registered to the preprocessed DWI 

b0 maps with FSLs FLIRT (Jenkinson et al., 2002). 
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Registra@ons were performed through a template intermediary. The use of a template 

intermediary reduces the number of registra@ons needed in comparison to direct registra@ons 

between all pa@ents and controls by orders of magnitude, and thus the processing @me for 

large datasets. We have adopted a novel brain template which is generated with mul@modal 

brain MRI, including T1, T2w and Diffusion MRI (Lv et al., 2022). Specifically, we employed high-

quality neuroimage data of 50 randomly selected subjects from the Human Connectome 

Project to generate the standard template space. The FA and MD maps were calculated from 

the diffusion MRI (dMRI) and subsequent FOD maps created using CSD (Tournier et al., 2007). 

Importantly, with this method (Lv et al., 2022), the template of FOD maps and the tractogram 

can also be generated in the same space. 
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Figure. 3.1 RegistraCons for each method were undertaken through a template intermediary (grey arrows). 

Subsequent transformaCons of the white maEer bundles were transformed from paCents to controls (blue 

arrows). 

 

For the T1, FA and FOD registra@ons, unimodal maps were used from the brain template. 

Registra@on was performed for each individual, including the controls and pa@ents, to the 

template with non-linear registra@on performed with ANTs (B. Avants et al., 2007) using T1 and 

FA images with the input as 

 

ANTS 3 -m CC[../<fixed image>,<moving image>,1,2] -i 50x30x10 -o warp -t SyN[0.25] -r Gauss[3,0] 

 

Registra@on was performed using FOD maps with the MRtrix3 command 

 

mrregister -nl_warp_full warp.mif <moving image> <fixed image> 

 

In addi@on to the three unimodal registra@on methods, to take full advantage of the 

mul@modal brain template, we u@lised the mulBmodal registra@on method to register each 

individual to the template (B. Avants et al., 2007). However, because T2 sequences were not 

collected in this study, we used the T1, FA and MD to generate the nonlinear warping. As 

demonstrated in Lv et al. (Lv et al., 2022), the mul@modal registra@on method exploits the 

complementary informa@on from mul@ple modali@es and takes both the grey ma=er geometry 

and the axonal distribu@on in the white ma=er into considera@on when op@mising spa@al 



 77 

alignment, therefore, the derived template preserves superior anatomical details for grey 

ma=er, white ma=er and subcor@cal nuclei (Lv et al., 2022). 

 

antsRegistraConSyN.sh -d 3 -n 50 -f <fixed T1 image> -f <fixed MD image> -f <fixed FA image> -m <moving T1 image> 

-m <moving MD image> -m <moving FA image> -o warp 

 

The experiment assessed each registra@on method in transforming three white ma=er tracts 

from pa@ents to controls. Tracts analysed were the cor@cospinal tracts (CST), anterior thalamic 

radia@ons (ATR) and op@c radia@ons (OR), to assess the registra@on accuracy across different 

areas of the brain (see Fig. 3.1). These tracts were first segmented in each pa@ent and control 

using TractSeg (Wasserthal et al., 2018), a segmenta@on tool that u@lises diffusion sequences 

to make fast and accurate white ma=er tract bundle segmenta@ons. Each tract was generated 

within TractSeg using probabilis@c tracking from two end region of interests (ROIs), crea@ng 

10000 streamlines per tract. Binary bundle segmenta@ons of each tract were created. Each 

pa@ent’s tract segmenta@ons were then transformed to each control using each registra@on 

method.  

 

The resultant transformed segmenta@on from each registra@on method was compared to the 

control segmenta@on by calcula@ng its Dice coefficient measured by: 

 

2	 ×	 |𝐶𝑜𝑛𝑡𝑟𝑜𝑙 ∩ 𝑃𝑎𝑡𝑖𝑒𝑛𝑡|
|𝐶𝑜𝑛𝑡𝑟𝑜𝑙| + |𝑃𝑎𝑡𝑖𝑒𝑛𝑡|  

 

Normality tes@ng informed the use of either a gaussian or non-gaussian group comparison test 

and mul@ple comparison test to assess the significance of difference between each registra@on 

method. 
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3.2.3 Results 

 

 Original Transformed Overlap 

T1 Coronal 

   

T1 Axial 

   

FOD Coronal 

   

FOD Axial 
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FA Coronal 

   

FA Axial 

   

Multimodal 

Coronal 

   

Multimodal 

Axial 

   

Figure 3.2 RepresentaCve example of the performance of each registraCon method transforming the CST. 
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The results of the combined tract segmenta@ons are given first, followed by the individual tract 

data. 

 

Two out of four groups were non-gaussian and therefore the non-parametric paired Freidman 

test and post hoc Dunn’s mul@ple comparison test were used. 

 

For a combina@on of all tract data, the Freidman test was conducted to determine the 

difference in the DICE coefficients depending on which registra@on method was used resul@ng 

in a significant difference between groups χ2 = 139.1, p < 0.001.  

 

 
Figure 3.3 Box plot with median and range. ns – not 

significant, * < 0.05, ** < 0.01, *** < 0.001 

 

Post hoc analysis with the Dunn’s mul@ple comparison test calculated a median (IQR) DICE 

coefficient for the mul@modal template 0.8034 (0.7787-0.8187), FOD template 0.7214 (0.7079-

0.7448), T1 template 0.6957 (0.6841-0.7286) and FA template 0.6545 (0.6155-0.6706). There were 

significant differences between the mul@modal registra@on and all other registra@on methods 

(vs FOD Z = 4.099, p < 0.001; vs T1 Z = 6.783, p < 0.001; vs FA Z = 11.48, p < 0.001).
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For the CST, the Freidman test resulted in a significant difference between groups χ2 = 45.07, 

p < 0.001.  

 
Figure 3.4 Box plot with median and range. ns – not 

significant, * < 0.05, ** < 0.01, *** < 0.001 

 

Post hoc analysis with the Dunn’s mul@ple comparison test calculated a median (IQR) DICE 

coefficient for the mul@modal template 0.8201 (0.7925-0.8370), FOD template 0.7566 (0.7338-

0.7737), T1 template 0.7388 (0.7057-0.7566) and FA template 0.6662 (0.6379-0.6850). There was 

no significant difference between the mul@modal registra@on and FOD registra@on method; 

however, a significant difference between mul@modal registra@on and T1 and FA based 

registra@on methods was observed (vs FOD Z = 2.066, p = 0.12; vs T1 Z = 3.873, p < 0.001; vs 

FA Z = 6.455, p < 0.001). (Figure 2)
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For the ATR, the Freidman test resulted in a significant difference between groups χ2 = 49.20, 

p < 0.001.  

 

 
Figure 3.5 Box plot with median and range. ns – not 

significant, * < 0.05, ** < 0.01, *** < 0.001 

 

Post hoc analysis with the Dunn’s mul@ple comparison test calculated a median (IQR) DICE 

coefficient for the mul@modal template 0.8085 (0.7981-0.8162), FOD template 0.7076 (0.6971-

0.7190), T1 template 0.7048 (0.6702-0.7221) and FA template 0.6553 (0.6213-0.6676). There were 

significant differences between the mul@modal registra@on and all other registra@on methods, 

(vs FOD Z = 3.098, p = 0.006; vs T1 Z = 3.873, p < 0.001; vs FA Z = 6.971, p < 0.001). (Figure 3.5)
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For the OR, the Freidman test resulted in a significant difference between groups χ2 = 50.60, p 

< 0.001.  

 
Figure 3.6 Box plot with median and range. ns – not 

significant, * < 0.05, ** < 0.01, *** < 0.001 

 

Post hoc analysis with the Dunn’s mul@ple comparison test calculated a median (IQR) DICE 

coefficient for the mul@modal template 0.7806 (0.7733-0.7958), FOD template 0.7195 (0.7117-

0.7306), T1 template 0.6867 (0.6763-0.6933) and FA template 0.6302 (0.5901-0.6571). There were 

significant differences between the mul@modal registra@on and all other registra@on methods, 

(vs FOD Z = 2.582, p = 0.03; vs T1 Z = 4.518, p < 0.001; vs FA Z = 6.842, p < 0.001). (Figure 3.6) 

 

To inves@gate whether the registra@on of cor@cal and juxtacor@cal structures contributed more 

to reducing the DICE coefficient, and if sequences with high grey ma=er contrast performed 

be=er as per the hypothesis, the same white ma=er tracts were transformed but with the 

cor@cal projec@ons of the tract cropped. (Figure 3.7) 
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Figure 3.7. Example CST with cropped cortex 

 

For the combina@on of all tracts, Dunn’s mul@ple comparison test was used to compare the 

performance of each method on white ma=er tracts with and without the cortex cropped. 

Although all methods exhibited improved DICE coefficients with the cropped cortex tracts, 

significant differences were only observed for FOD and FA methods (FOD - Z = 2.671, p = 0.03; 

FA – Z = 2.5, p=0.05). 
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Figure 3.8. Box plot with median and range. ns – not significant, * < 0.05, 

** < 0.01, *** < 0.001 
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3.2.4 Discussion 

 

This is a prac@cal study that highlights the non-trivial ma=er of choosing the best registra@on 

method for specific imaging tasks and applica@ons. Consistent registra@on across all brain 

regions is especially important when studying disease states such as MS, where there is a broad 

distribu@on of pathology throughout the cerebrum. 

 

This study specifically compares the rela@ve benefit of using a registra@on method that 

combines mul@ple different MR sequences, incorpora@ng contrast for white ma=er as well as 

cor@cal structures, over purely white ma=er microstructure informed methods (ie. FOD, FA) or 

grey ma=er macrostructure informed method (ie. T1). 

 

In all three brain tracts tested, as well as with the combina@on of all three, there was a 

consistent hierarchy of the performance of registra@on methods. The mul@modal method 

u@lising T1, FA and MD maps had a median DICE coefficient of all three tracts combined of 

80.43% with a @ght interquar@le range of 77.87% - 81.87%. This performed sta@s@cally be=er 

than the FOD method by over 8%, the T1 method by ~10% and FA method by ~15%. The 

consistency of the approach was seen across the three tracts studied, the CST, ATR and OR 

tracts, despite these tracts having varied loca@ons and different orienta@ons in the brain. 

 

To inves@gate the limita@ons of the different registra@on methods for white ma=er vs grey 

ma=er, a sub-analysis was performed with the cor@cal and juxtacor@cal segment of the CST 

cropped. The hypothesis is that the inclusion of cor@cal and juxtacor@cal regions of the three 

tracts in the original analysis would likely favour grey ma=er informed methods such as T1 and 

mul@modal registra@ons over the mainly white ma=er informed registra@ons of FOD and FA. In 

this sub-analysis, the DICE score for FOD and FA based registra@ons were improved when the 

cor@cal segmenta@on and juxtacor@cal segment of the CST was cropped (rela@ve to uncropped, 

full CST images), , sugges@ng limita@ons of registra@on using these sequences were a=ributable 

to their rela@ve lack of grey ma=er contrast, which helps to delineate complex grey ma=er 

cor@cal anatomy. Of note, the performance of registra@on methods that u@lised T1 weighted 

sequences, namely T1 and mul@modal registra@ons, did not improve with the cropped CST. The 

findings are similar to those described previously, comparing mul@modal and FOD registra@on 
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methods, by Lv et al (Lv et al., 2022). However, it must be noted that juxtacor@cal MS lesions 

are commonplace, and their accurate representa@on in the measurement of connectome 

disrup@on is both important and desirable. Juxtacor@cal lesions have been shown to correlate 

with more severe disease progression and disability than deep white ma=er lesion burden 

(Mar�nez-Heras et al., 2020). Methods that focus on accurate registra@on of deep white ma=er 

regions without focusing on juxtacor@cal regions are likely to miscalculate the severity of 

connectome damage in MS specifically. 

 

Comparison of image registra@on methods in neuroimaging have been undertaken previously, 

mostly comparing different algorithms for T1 based registra@on (Klein et al., 2009), as opposed 

to exploring different contrast sequences. Although numerous diffusion tensor imaging (DTI) 

and high angular resolu@on diffusion imaging (HARDI) templates have been developed (Peng 

et al., 2009; Varentsova et al., 2014), diffusion MRI notably lacks a robust template for FODs 

and tractography (Lv et al., 2022). These previous comparisons have consistently shown that 

u@lisa@on of the cross-correla@on metric is more robust than squared differences metrics for 

image registra@on, across T1 and FOD based methods (Babak et al., 2005; Brown, 1992; Klein 

et al., 2009; D. Raffelt et al., 2011). Raffelt et al. (D. Raffelt et al., 2011) explored FOD-based 

symmetric diffeomorphic registra@on and found, similar to the results presented here, that a 

FOD based technique significantly outperformed an FA based technique with iden@cal code 

base registra@on method. However, in Raffelt’s (D. Raffelt et al., 2011) study, a novel FOD based 

method was developed u@lising cross-correla@on image registra@on whereas the FOD 

registra@on technique publicly available in the MrTrix package, and u@lised in this study, is 

based on the sum of squared differences metric. It is possible, if not probable, that using a 

cross-correla@on approach will produce a be=er result here as well, however it would not be 

expected to improve the cor@cal grey ma=er registra@on that disadvantages FOD based 

methods in comparison to the T1 informed methods. 

 

Finally, the incongruity of using a registra@on method that u@lises diffusion data for analysis 

that has been developed for situa@ons when diffusion data is not necessarily available has not 

escaped the author. One of the benefits of template based structural connectome analysis is 

the ability to input basic white ma=er lesion masks that are available from historical datasets 

and rou@ne clinical MRI studies. Notably, the diffusion sequences used in the mul@modal 
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technique in this study, namely MD and FA, are rou@nely available in clinical scans from 

common DTI sequences, and do not require HARDI data that would be required to construct 

accurate structural connectomes within subjects themselves. Secondly, the improvement of 

the mul@modal method over the T1 method illustrated in this study is not trivial and will 

improve the robustness and accuracy of resultant analyses. 

 

3.2.5 Conclusion 

 

For MS lesion registra@on, a mul@modal registra@on method u@lising T1, FA and MD sequences 

is superior to unimodal registra@on methods, with par@cular u@lity for modelling juxtacor@cal 

lesions, which are prevalent in MS. 
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3.3 Refining the model to incorporate cumula@ve damage of mul@ple MS lesions along 

white ma=er tracts 

 

3.3.1 Introduc@on 

 

Mul@ple sclerosis (MS) can be modelled as a disconnec@on syndrome, whereby the regular 

network of connec@ons within the brain are damaged or cut off completely by MS disease 

pathology (Lapucci et al., 2022). Several methods to model disconnec@on in the brain have 

been developed and can involve structural or func@onal techniques. For structural techniques 

to accurately model the disease process however, unique aspects of the pathophysiology need 

to be built into the model. This contrasts with func@onal techniques such as fMRI or EEG, as 

these techniques necessarily have the physiology (and therefore pathophysiology) of brain 

func@on inherent as they measure the ul@mate outcome or func@on of the en@re system. 

 

The structural method of atlas based tractography has been extensively developed for 

numerous neuropathological disease models, including MS. The applica@on of atlas based 

tractography techniques has evolved (Sperber et al., 2022), with early use restricted to the 

provision of binary pathological maps that were registered to the atlas tractogram. 

Subsequently these methods were refined by the incorpora@on of graded measures of 

pathology such as frac@onal anisotropy (FA) (Kuceyeski et al., 2013). The method involves the 

weigh@ng or exclusion of healthy control atlas tractography streamlines based on the 

intersec@ng pathological map; and calcula@on of the resul@ng network changes (Kuceyeski et 

al., 2011). Applica@ons of atlas based tractography to specific disease states have also varied, 

for example studies of the disconnectome auer stroke have largely used binary lesion maps of 

acute stroke area or chronic gliosis (Salvalaggio et al., 2020; Yourganov et al., 2016), whereas 

studies of Alzheimer’s Disease have u@lised cor@cal atrophy measures integrated into the atlas 

based tractograms to monitor spa@al progression through connected cor@ces (Powell et al., 

2021). 

 

In MS, various pathological map inputs have been u@lised with atlas based tractography. These 

include T2 binary lesion maps (Tozlu, Jamison, Gu, et al., 2021), T1 binary lesion maps (Fuchs, 

Carolus, et al., 2018), quan@ta@ve suscep@bility mapping (QSM) (Tozlu, Jamison, Nguyen, et al., 



 90 

2021) and FA graded white ma=er maps (Ashton et al., 2021). Besides the graded FA white 

ma=er map, which has been used as a general marker of white ma=er @ssue integrity (Ashton 

et al., 2021), the lesion based methods have u@lised a binary score based on the input of 

choice, whether it be T1, T2 or QSM (ie. QSM rim posi@ve/nega@ve lesions). However, the 

modelling of lesions in this binary system is not necessarily representa@ve of the specific 

pathophysiology in MS, as inferred from histopathological (Lassmann et al., 2007, 2012) or MRI 

(van Walderveen et al., 1998) studies. In MRI studies, T1 weighted hypo-intensity within MS 

lesions correlates with pathological markers of irreversible damage, including axonal 

degenera@on (van Walderveen et al., 1998). Indeed studies have found that T1 “black holes” 

have a higher correla@on with clinical disability than do T2 weighted lesions (Lapucci et al., 

2020); and that measurable T1 signal drop out occurs within slowly enlarging lesions or chronic 

ac@ve lesions, as opposed to inac@ve lesions, sugges@ve of ongoing axonal degenera@on 

(Ellio=, Wolinsky, et al., 2019). The gradual a=ri@on of axons within lesions is a hallmark feature 

of progressive forms of MS (Lassmann et al., 2012) and mediates disability. Measuring the 

rela@ve T1 hypointensity of lesion maps and weigh@ng the damage to the underlying atlas 

streamlines accordingly seeks to be=er represent core MS pathology than do binary lesion 

maps (Ellio=, Belachew, et al., 2019). 

 

However, u@lising graded lesion maps in this way begs a further ques@on. If a lesion is not 

wholly destruc@ve (ie. not a binary lesion) then how do mul@ple lesions along the course of a 

streamline effect its weigh@ng in the final connectome? Intui@vely, a white ma=er bundle that 

has within it mul@ple MS lesions should be effected, or disconnected, more than a bundle with 

a comparable single lesion (Fig. 3.9). Previous methods have weighted streamlines based on 

the lowest value along its course regardless of the number of lesions, akin to a weakest link 

analogy (Kuceyeski et al., 2013). However, many neuropathic disease mechanisms have 

included a descrip@on of cumula@ve damage, especially in the peripheral nervous system 

(Upton & McComas, 1973; Zimmerman et al., 2022), but also in motor disability models of MS 

(Kerbrat et al., 2020), being given the colloquial term double-crush or double-hit phenomenon. 
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Figure 3.9. Graphical representaCon of the theory of cumulaCve damage. Each set of lines represents a white 

maEer bundle, and the red ovals represent an MS lesion. 

A shows complete axonal damage or a binary MS lesion; B shows incomplete axonal damage; C shows cumulaCve 

incomplete axonal damage with progressively more axonal loss and reduced fibre density aier each lesion. 

 

Given the resolu@on of an individual streamline in tractography is much lower than the 

represented biological system i.e. the axon, streamlines necessarily represent thousands of 

axonal projec@ons. Therefore, to model cumula@ve damage in an atlas based tractogram, 

propor@onally weigh@ng the streamlines is the equivalent of reducing axonal number and fibre 

density, as seen above. U@lising this fact allows a model to be built that measures cumula@ve 

and incomplete damage along a white ma=er tract by summa@ng the graded lesions along a 

streamline course and weigh@ng the streamline accordingly. 

 

In this study, a structural atlas based tractography model has been developed to incorporate 

cumula@ve and incomplete damage from discrete MS lesions and tested against a 

neurophysiological model of axonal func@on, i.e. mul@focal visual evoked poten@als (mfVEPs) 

in pa@ents with MS. 
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3.3.2 Methods 

 

A template tractogram was created by employing high-quality neuroimage data of 50 randomly 

selected subjects from the Human Connectome Project (HCP) (Van Essen et al., 2013) to 

generate a standard template space as previously outlined (Lv et al., 2022). FOD maps were 

created using CSD (Tournier et al., 2007) and subsequent whole brain probabilis@c tractography 

was performed with MRtrix (Tournier et al., 2019) to create 20 million streamlines with 

included weigh@ng calculated with “spherical-deconvolu@on informed filtering of tractograms” 

(SIFT2) (R. E. Smith et al., 2015a). 

 

33 pwMS underwent MR brain imaging including 1mm3 3D T1 using fast spoiled gradient echo 

(FSPGR) pre and post gadolinium administra@on, and 0.6 x 0.468mm3 FLAIR sequences. FLAIR 

images were resampled and linearly registered to the T1 using FLIRT (Jenkinson et al., 2002). 

MS lesions were segmented from the FLAIR images using JIM souware. T1 intensity 

measurement was normalised within and between subjects via a method previously presented 

(‘MSVirtual 2020 – Poster Abstracts’, 2020 - P0622). Firstly, N3 bias correc@on on the T1 

sequence was achieved with the Freesurfer wrapper command mri_nu_correct.mni (Sled et al., 

1998). Normalisa@on of the T1 sequences was undertaken with the Freesurfer command 

mri_normalize (Dale et al., 1999) which imposes a hard ceiling effect on the white ma=er peak 

found, crea@ng a homogenous T1 intensity at normal appearing white ma=er (NAWM) and 

floor at CSF intensity. To create an MS lesion map with graded damage based on lesional T1 

intensity, the segmented T2/FLAIR lesions were graded for damage based on the average 

normalised T1 signal intensity within the lesion using FSL (S. M. Smith et al., 2004) from 0 to 1, 

represen@ng NAWM to CSF signal intensity respec@vely (Image 1). This method uses T1 

gradient echo sequences as opposed to spin echo sequences to grade T1 lesions. This is in line 

with T1 gradient echo use elsewhere (Ellio=, Belachew, et al., 2019; Vaneckova et al., 2022) as 

well as studies showing clinical relevancy of gradient echo T1 hypointense lesion in MS (Kocsis 

et al., 2021), albeit with some debate (Lapucci et al., 2020). The graded damage lesion map 

was transformed onto the HCP template by warping inpainted T1 sequences using ANTs with 

nearest neighbour interpola@on (B. Avants et al., 2008). 
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Figure 3.10. The process of creaCng the T1 lesional map. From lei to right, the normalised T1 brain 

sequence is created with homogenous NAWM, and graded T1 intensity. The registered T2/FLAIR binary 

segmented lesions are overlayed onto the normalised T1. The T2/FLAIR lesion map graded with T1 intensity 

is created by extracCng the underlying T1 intensiCes. 

 

To model cumula@ve damage along each streamline, the sum of damage to voxels along each 

streamline was calculated and transformed with a logis@c func@on. This was achieved by 

summa@ng each voxel of the graded damage lesion map that the streamline traversed. This 

method allows for the calcula@on of both the severity of damage within a lesion (from the T1 

hypointensity measure) and the length of the lesion (from the number of voxels incorporated 

within the lesion) to be included in the damaged weigh@ng of the streamline. Several values of 

constant k, the steepness of the logis@c func@on, were evaluated. 
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Figure 3.11. The logisCc funcCon models cumulaCve damage along the streamline with progressively 

less contribuCon to the damaged weighCng with each subsequent damaged voxel. The supremum L 

of 2, and the sigma mid point x0 of 0, allows for the funcCon to range from 0 to 1 and include only the 

concave porCon of the logisCc sigma curve. Several values of the steepness constant k are graphed 

with coloured lines. The same graph is shown twice with different x-axis range.
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The healthy control template SIFT2 weigh@ng of each streamline was adjusted by mul@plying 

by the addi@ve inverse of the damaged streamline weigh@ng. For example, a healthy control 

streamline SIFT2 weigh@ng of 100, that has a damaged weigh@ng of 0.6 auer logis@c 

transforma@on, would have a final streamline weigh@ng of 40. See table 3.1 for further 

examples. 

 

 Healthy 

control 

template 

SIFT2 

weighting 

Damaged 

weighting of 0 

(i.e. no 

damage) 

Damage 

weighting of 

0.6 (i.e. partial 

damage) 

Damage 

weighting of 1 

(i.e. maximum 

damage) 

Binary model 

complete 

damage (i.e. 

equivalent to 

1) 

Working 

shown 

100 100 x (1 - 0) 100 x (1 - 0.6) 100 x (1 – 1) 100 x (1 – 1) 

Final 

streamline 

weighting 

100 100 40 0 0 

Table 3.1. 

 

The strength of the connec@on of each op@c radia@on (OR) was calculated by summa@ng the 

final streamline weigh@ng of every streamline connec@ng the thalamus and lateral occipital 

cortex defined by the Desikan-Killiany atlas (Desikan et al., 2006). 

 

The subjects underwent mfVEP tes@ng. Binocular average leu and right hemifield latency and 

amplitude values, corresponding to right and leu ORs respec@vely, were used as 

electrophysiological parameters of comparison.  

 

Each value of constant k represen@ng the steepness of the logis@c curve calcula@ng the 

strength of connec@on of the ORs was correlated with the hemifield amplitude and latency of 

the mfVEP on the contralateral side with Pearson’s correla@on tes@ng. This was compared to 

models of complete lesion damage and single highest damage value along the streamline by 

calcula@on of R2. 
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3.3.3 Results 

 

33 pwMS were analysed. No pa@ents had a clinical history of op@c neuri@s (ON). No pa@ents 

had contrast enhancing lesions on MRI. k values between 0.09 and 10 were trialled as outlined 

in Figure 3.11. The value of k with the highest R2 value corresponding to the amplitude and 

latency of both leu and right ORs were: Leu OR amplitude k=10  (R2=0.5110); leu OR latency 

k=1  (R2=0.5168); right OR amplitude k=10  (R2=0.4859); right OR latency k=2  (R2=0.4919). A k 

value of 4 performed second best in three of the ORs and 4th in leu OR latency and was taken 

as the best performing value across all four correla@ons (Fig. 3.12). 

 

The k value of 4 outperformed the models of complete (binary) lesion damage and single 

maximum damage value in all four situa@ons: Leu OR amplitude k=4  (R2=0.5079), binary  

(R2=0.4834), max  (R2=0.4286); leu OR latency k=4  (R2=0.4867), binary  (R2=0.3728), max  

(R2=0.3947); right OR amplitude k=4  (R2=0.4744) binary  (R2=0.3922), max  (R2=0.2985); right 

OR latency k=4  (R2=0.4807), binary  (R2=0.3012), max  (R2=0.4358) (Fig. 3.13). 
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Figure 3.12. The R2 correlaCon results between mfVEP metric and cumulaCve damage for each value of k, 

including the single highest damage value (maximum) and binary lesions (blue). The best preforming k value 

overall of 4 is highlighted in red. 
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Figure 3.13. Graphs of correlaCon of the best performing logisCc transformaCon k value (4), the maximum lesion 

damage model and the binary lesion model for the latency and amplitude of both right and lei ORs. The y axis is 

strength of the connecCon of the OR measured via each method, and the x axis is either amplitude or latency of 

the mfVEP. 
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3.3.4 Discussion 

 

This is a novel method to measure cumula@ve and incomplete damage along streamlines in a 

structural network template-based study. This allows the incorpora@on of known 

pathophysiological mechanisms of MS to be modelled more accurately in studies of the 

structural disconnectome. This method u@lised a logis@c transforma@on to convert the 

cumula@ve damage and found a k value of 4 was the best performing gradient of the logis@c 

curve in this model. In addi@on this method compared favourably to previous models that have 

not measured cumula@ve damage, but weighted streamlines based on either binary lesion 

maps, where each streamline that traverses a lesion is extracted from the final connectome, or 

a single maximum damage weigh@ng, where a streamline is weighted based on the single worst 

damage along its path. 

 

This method u@lises the SIFT2 weigh@ngs of healthy control template tractograms, which has 

a number of advantages. Firstly the SIFT2 method of weigh@ng streamlines seeks to address a 

limita@on of diffusion-based streamline mapping; i.e. the density of constructed streamlines 

from probabilis@c tractography is not representa@ve of the underlying white ma=er fibre 

bundle density (R. E. Smith et al., 2015a). The SIFT2 algorithm weights each streamline based 

on the underlying cross-sec@onal area informed by spherical deconvolu@on, to give a realis@c 

value to a streamline and its contribu@on to structural connec@vity in the brain. Although there 

has been some debate about the use of SIFT2 weigh@ng in pathological situa@ons (Zalesky, 

Sarwar, & Ramamohanarao, 2020), the applica@on in this work is to derive the SIFT2 weigh@ng 

from healthy controls, and only then adapt the SIFT2 weights based on overlayed pathology, 

which circumvents these concerns. The use of SIFT2 weigh@ng provides a more realis@c ini@al 

tractogram template onto which pathology can be superimposed (R. E. Smith et al., 2013). 

Secondly, directly manipula@ng the SIFT2 weights based on superimposed pathology allows for 

seamless integra@on of this method into standard structural connectome pipelines (Tournier 

et al., 2019) for the measurement of weighted connectomes (such as graph theory) and does 

not require the development of new connec@vity measures. 

 

This method had improved performance for correla@ons with both latency and amplitude of 

the mfVEPs. This is perhaps somewhat counterintui@ve as T1 hypointensity, used in this method 
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as the graded measure of damage, is purported to be a measure of axonal density (Ellio=, 

Wolinsky, et al., 2019) and therefore should correlate with amplitude of mfVEP, itself a marker 

of axonal number (Jones & Brusa, 2003), but not necessarily with latency, a marker of 

myelina@on in the op@c pathway (Klistorner & Graham, 2021). However, the lack of specificity 

of mfVEP and T1 signal intensity to axonal loss or demyelina@on poten@ally explains the results 

found. The original studies inves@ga@ng the associa@on between MRI T1 hypointensity and 

histopathology showed clear contribu@ons of both axonal density and myelina@on, with T1 

signal posi@vely correla@ng with both axonal and myelin density (Bitsch et al., 2001; Brück et 

al., 1997). T1 hypointensity was even proposed as a poten@al surrogate of remyelina@on for 

future remyelina@ng therapies (Bitsch et al., 2001). It is also noted that water content in the 

form of oedema, inflamma@on and cerebral loca@on influence T1 signal (Bagnato, 2003; Brück 

et al., 1997). The present study par@ally controlled for these factors, given that no subjects had 

a history of op@c neuri@s (such that the loca@on of lesions affec@ng visual func@on were 

restricted to the op@c radia@ons); and no subjects had ac@ve inflamma@on, evidenced by the 

absence of gadolinium enhancing lesions. However, subclinical ON, as well as chronic 

inflamma@on without gadolinium enhancement, may have influenced the results. 

 

The specificity of mfVEP latency for demyelina@on and amplitude for axonal loss is reported to 

be quite robust. Many studies have correlated VEP latency to demyelina@on, notably clinical in 

vivo MRI studies (van der Walt et al., 2015) and in animal studies with histopathological 

demyelina@on (Heidari et al., 2019). However, the poten@al influence of axonal loss on latency 

measures has not been excluded. The limita@ons of MRI specificity for the two pathological 

processes precludes accurate discrimina@on with in-vivo imaging. Animal models inves@ga@ng 

histopathological correla@ons with VEP have either used a restricted model of MS with pure 

chemical induced demyelina@on (Heidari et al., 2019), or the experimental autoimmune 

encephalomyeli@s (EAE) model but with non-quan@ta@ve assessment of axonal number (Diem 

et al., 2008). The specificity of VEP amplitude for axonal loss is also confounded by several 

factors. Acute conduc@on block due to acute demyelina@on in ON severely reduces VEP 

amplitude prior to compensatory axonal mechanisms, such as re-distribu@on of sodium 

channels along the axolemma, that support ac@on poten@al propaga@on (Klistorner & Graham, 

2021). In addi@on, the RENEW study inves@ga@ng the pro-remyelina@ng drug opicinumab in 

acute ON, found a dis@nct protec@ve effect of the medica@on on mfVEP amplitude in the 
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opposite eye, a finding which might in part be explained by the inhibi@on of subclinical axonal 

demyelina@on (Klistorner, Chai, et al., 2018). 

 

As electrophysiological and MRI techniques lack specificity for separate pathological processes 

such as axonal loss and demyelina@on, the precise mechanisms that underpin the correla@ons 

between mfVEP parameters and OR lesion load observed in this study are uncertain. However, 

given that correla@ons exist across both latency and amplitude measures, which improved 

further with a model that incorporated cumula@ve damage, the results are deemed to be a 

valid contribu@on to the field. Future research should incorporate more specific biomarkers of 

axon and myelin density into such a model. 

 

The par@cular parameters used in the present methodology, such as the k value and T1 signal 

intensity values, while appropriate for this applica@on, may require adapta@on to other MRI 

biomarkers. However, the overarching concept of incorpora@ng cumula@ve damage along 

streamlines to ensure accurate connectome construc@on is likely to benefit the study of a range 

of diseases or pathological states in which white ma=er tracts are not wholly truncated. 

 

 

3.3.5 Conclusion 

 

Modelling cumula@ve damage along tractography streamlines be=er explains the 

electrophysiological func@on of the underlying white ma=er tract compared to single 

measurements of complete or worst damage and should be included in connectome models. 
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3.4 A longitudinal study of atlas-based disconnectome modelling as a biomarker for 

progressive mul@ple sclerosis 

 

3.4.1 Introduc@on 

 

Research into MRI-based structural network analysis in MS has been growing. The atlas-based 

approach has received ongoing development, primarily due to its numerous advantages 

(Kuceyeski et al., 2013), including the ability to u@lise rou@ne clinical scans for network analysis. 

By modelling MS as a pathology of network disconnec@on, this approach has yielded unique 

insights into the pathophysiology of the disease and provided explana@ons for associated 

disability. 

 

For example, explora@on of global connec@vity metrics by atlas based network analysis in MS 

has found significant reduc@on of mean strength and global efficiency in pwMS compared to 

healthy controls, with further reduc@on seen in SPMS compared to RRMS (Pagani et al., 2019). 

Similarly an atlas-based approach correctly classified pwMS by disability level, even 

outperforming advanced diffusion and func@onal MRI analysis (Tozlu, Jamison, Gu, et al., 2021). 

Elsewhere, atlas-based approaches have been used to iden@fy local pairwise connec@ons in 

the brain that predict future informa@on processing speed (Kuceyeski et al., 2018) as well as 

the psychological trait of conscien@ousness in MS (Fuchs, Dwyer, et al., 2018). Similarly, local 

pairwise disconnec@on has been studied in reference to motor disability where the correla@on 

of cerebellar disconnec@on and EDSS level was iden@fied (Pagani et al., 2019). The u@lity of this 

approach has also extended to improving the understanding of the interac@on of func@onal 

and structural network damage in neuroscience. Using MS as a model it was found that the 

func@on of higher order processing networks are more affected by structural damage (Bartnik 

et al., 2022). Overall, this approach has provided valuable insights into the pathophysiology of 

MS and neuroscience and also has the poten@al to improve prognos@c classifica@on of the 

disease. 

 

Although atlas-based network analyses in MS have yielded impressive results, there are aspects 

of the model and pipeline that could be enhanced with respect to accuracy and specificity for 

disease mechanisms. For example, the registra@on of a subject’s brain pathology maps with an 
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atlas-based network tractogram has the poten@al to introduce significant error if pathology is 

inaccurately projected onto the atlas. Most studies to date have u@lised T1 weighted based 

non-linear registra@on (Bartnik et al., 2022; Fuchs, Dwyer, et al., 2018; Kuceyeski et al., 2013, 

2018; Tozlu, Jamison, Gu, et al., 2021; Tozlu, Jamison, Nguyen, et al., 2021) despite the fact that 

T1 weighted images have li=le dis@nct contrast of white ma=er tracts (D. Raffelt et al., 2011).  

 

The ability to tailor the input for specific pathologies is a unique aspect of atlas-based 

approaches and a significant advantage over other forms of structural network analysis. 

Although the ability to use non binary pathology maps has been a feature of atlas-based 

network analyses since 2013 (Kuceyeski et al., 2013), this has rarely been exploited. Ashton et 

al. implemented a graded FA map input by crea@ng subject FA z-score maps compared to 

healthy control data (Ashton et al., 2021). FA has been studied as a marker of microstructural 

damage in MS, and although it is not highly specific for axonal degenera@on or tract integrity, 

it’s use is a unique a=empt to include a more appropriate marker of disease mechanisms. 

 

Finally, although some studies have explored differences between RMS and PMS with atlas-

based network analysis (Pagani et al., 2019), this has not been done in a comprehensive 

manner. 

 

This study u@lises a refined model of atlas-based disconnec@on by incorpora@ng a superior 

registra@on method, combined with a measure of cumula@ve damage along streamlines. With 

this, whole brain and subnetwork correlates of physical disability are explored, including 

differences between RMS and PMS. The study further inves@gates predic@ons of disability 

progression in a cohort of RMS and PMS subjects over 24 months with clinical and atlas-based 

network measurement. 

 



 104 

3.4.2 Methods 

 

75 pwMS with no evidence of inflammatory disease ac@vity were recruited from a single MS 

centre. This cohort included 24 subjects with progressive mul@ple sclerosis (PMS) comprising 

primary progression and secondary progression with more than 24 months since last evidence 

of disease ac@vity. A further 51 subjects had relapsing mul@ple sclerosis stable on disease 

modifying therapy. All subjects underwent clinical and radiological assessments over 24 

months. 

 

Clinical assessment included relapse ac@vity, expanded disability status scale (EDSS), symbol 

digit modali@es test (SDMT), nine-hole peg test (9HPT) and @med 25 foot walk test (T25FW). 

The mul@ple sclerosis func@onal composite (MSFC) was calculated using the 9HPT, SDMT and 

T25FW as described previously (Drake et al., 2010; Fischer et al., 1999). This involves calcula@ng 

z-scores from the subject popula@on as well as using a combined 9HPT score from both the leu 

and right arm scores. 

 

Radiological assessment included including 1mm3 3D T1 using fast spoiled gradient echo 

(FSPGR) pre and post gadolinium administra@on, 0.6 x 0.468mm3 FLAIR sequences, axial 

diffusion weighted imaging (DWI) 1 x 1 x 2mm b=1000 s/mm2, 64 gradient direc@ons with 

addi@onal b0 blip-up and blip-down reference data to es@mate AP-PA distor@on. 

 

T1 sequences were pre-processed in the manner outlined in sec@on 3.3.2. Briefly, T1 intensity 

measurement was normalised within and between subjects via N3 bias correc@on using the 

Freesurfer wrapper command mri_nu_correct.mni (Sled et al., 1998) followed by the Freesurfer 

command mri_normalize (Dale et al., 1999) which imposes a hard ceiling effect on the white 

ma=er peak found, crea@ng a homogenous T1 intensity at normal appearing white ma=er 

(NAWM) and floor at CSF intensity. T2 white ma=er lesions were segmented via an automated 

in house algorithm u@lising a dual path U-net convolu@onal neural network (Cabezas et al., 

2021; Ma et al., 2022) and checked for accuracy by an expert neurologist. To create an MS 

lesion map with graded damage based on lesional T1 intensity, the segmented T2/FLAIR lesion 

voxels were graded for damage based on the normalised T1 signal intensity lesion using FSL (S. 

M. Smith et al., 2004) from 0 to 1, represen@ng NAWM to CSF signal intensity respec@vely. 
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Diffusion imaging was pre-processed using MRtrix3 for denoising, Gibb’s ringing artefact 

removal and bias field correc@on. FSL’s eddy-current induced, mo@on and suscep@bility-

induced distor@on correc@on was then performed, and the result interpolated to 1mm3 

resolu@on. FOD maps were created using MRtrix3 by first es@ma@ng group response func@ons 

(Dhollander et al., 2018) and then using a CSD algorithm designed for single shell data using 

MRtrix3Tissue (h=ps://3Tissue.github.io), a fork of MRtrix3 (Tournier et al., 2019). Tensor and 

FA maps were created using MRtrix3. Inpainted T1 images were linearly registered to the pre-

processed DWI b0 maps with FSLs FLIRT (Jenkinson et al., 2002). 

 

A healthy control tractogram was u@lised as per sec@on 3.2.2. This novel brain template was 

generated with mul@modal brain MRI, including T1, T2w and Diffusion MRI (Lv et al., 2022) 

derived from high-quality neuroimage data of 50 randomly selected subjects from the Human 

Connectome Project to generate the standard template space. The frac@onal anisotropy (FA) 

and mean diffusivity (MD) were calculated from tensor-based processing within MRtrix3. A FOD 

map was created using CSD (Tournier et al., 2007) and subsequent whole brain probabilis@c 

tractography was performed with MRtrix (Tournier et al., 2019) to create 20 million streamlines 

with included weigh@ng calculated with “spherical-deconvolu@on informed filtering of 

tractograms” (SIFT2) (R. E. Smith et al., 2015). 

 

Subject MR images were registered to the template using the mul@modal registra@on process 

described in sec@on 3.2.2 u@lising T1, MD, FA image contrasts. Each was checked for accuracy 

by an expert neurologist. T2 lesion and T1 maps were then transformed onto the healthy 

control tractogram u@lising these calculated transforma@on matrices. 

 

The healthy control tractogram streamlines weigh@ngs were adjusted based on each subject’s 

registered T1 hypointensity map as outlined in sec@on 3.3.2. To model cumula@ve damage 

along the streamline, the sum of damage to each voxel based on the T1 hypointensity graded 

maps was summated using a customised varia@on of tcksample within MRtrix3 (Tournier et al., 

2019). This sum was transformed with a logis@c func@on outlined in sec@on 3.3.3 with a k 

constant of 4, based on the results of op@mising this approach. The original SIFT2 weigh@ng of 
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each streamline was adjusted by mul@plying by the complement of the damage, for detail see 

sec@on 3.3.2. 

 

The final complete whole brain connectome matrices were then calculated with 

tck2connectome (R. E. Smith et al., 2015b) using the “damage adjusted” SIFT2 weigh@ngs for 

each subject. The Desikan Killiany (Desikan et al., 2006) atlas was implemented in Freesurfer 

(Dale et al., 1999) with 84 cor@cal and subcor@cal regions, but included an addi@onal region of 

the lower brainstem to capture spinal cord projec@ons, resul@ng in an 85 x 85 connec@vity 

matrix. 

 

The connectomes of the subjects were analysed using Network Based Sta@s@cs (NBS) (Zalesky 

et al., 2010) to find differences in structural network disrup@ons and their correla@on with 

disability metrics (9HPT, T25FW, SDMT, MSFC, EDSS) and differences between PMS and RMS 

pa@ents. NBS is a method to balance family wise error and power while considering network 

structure. It calculates a test sta@s@c to determine the strength of the correla@on between the 

strength of connec@on grey ma=er region pairs and the clinical metric. P-values are assigned 

to clusters of these connected networks by comparing their size with the null distribu@on of 

maximal component size, obtained from 5000 permuta@ons. NBS iden@fies significant sets of 

edges (networks), not individual edges, and results are considered significant if they reach an 

alpha level of 0.05. (Fuchs, Dwyer, et al., 2018; Zalesky et al., 2010) The analysis was conducted 

to iden@fy pa=erns of structural network disrup@on associated with worse scores in 9HPT, 

T25FW, SDMT, EDSS, and MSFC. Component size was determined based on the sum of edge 

scores with a test-sta@s@c threshold chosen in a semi random manner for each test as outlined 

in the original NBS publica@on (Zalesky et al., 2010). 

 

In addi@on to NBS, graph theory metrics were used to analyse the structural connectome of 

the whole brain as well as an a priori network of interest, the sensorimotor network. The grey 

ma=er and white ma=er tracts included in the “sensorimotor network” have varied between 

publica@ons but have broadly included primary and supplementary motor and sensory 

cor@ces, basal ganglia, thalami and cerebella (Archer et al., 2018; Pardini et al., 2015), which 

have been u@lised here.  
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The standard graph theory metrics explored were global efficiency, mean local efficiency, mean 

strength, characteris@c path length, mean modularity and mean clustering coefficient of both 

whole brain and the sensorimotor network calculated using the Brain Connec@vity Toolbox 

implementa@on within MATLAB h=ps://sites.google.com/site/bctnet/home (Rubinov & 

Sporns, 2010) . Par@al correla@ons were calculated between these network metrics and 

physical disability controlling for age, disease dura@on, EDSS and disease course, T2 lesion 

volume and whole brain normalised volume using Jamovi version 2.3.21 

(h=ps://www.jamovi.org/). 

 

Finally the network metrics were included in a logis@c regression model of progression of MSFC 

to explore the u@lity of network metrics in predic@ng disability progression, using GraphPad 

Prism version 9.5.0 (h=ps://www.graphpad.com/). 
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3.4.3 Results 

 

3.4.3.1 Network Based Sta@s@cs (NBS) Cross sec@onal 

3.4.3.1.1 Results of leu upper limb 9HPT 

 

NBS showed that leu upper limb 9HPT was characterised by a single significantly disconnected 

subnetwork of 12 nodes and 17 edges (p = 0.015), predominantly involving ipsilateral cerebellar 

and basal ganglia connec@ons. 

 

Edge Test statistic 

Left-Cerebellum-Cortex to Left-Thalamus-Proper.   5.38 

Left-Cerebellum-Cortex to Left-Pallidum.   7.16 

Left-Cerebellum-Cortex to Left-Amygdala.   5.79 

Left-Cerebellum-Cortex to Right-Caudate.   5.52 

Left-Cerebellum-Cortex to Right-Pallidum.   5.36 

Left-Cerebellum-Cortex to Right-Amygdala.   5.29 

ctx-lh-parahippocampal to Right-Cerebellum-Cortex.   6.04 

Left-Cerebellum-Cortex to Right-Cerebellum-Cortex.   5.58 

Left-Thalamus-Proper to Right-Cerebellum-Cortex.   6.28 

Left-Caudate to Right-Cerebellum-Cortex.   5.46 

Left-Pallidum to Right-Cerebellum-Cortex.   8.40 

Left-Hippocampus to Right-Cerebellum-Cortex.   5.34 

Left-Amygdala to Right-Cerebellum-Cortex.   5.64 

Left-Cerebellum-Cortex to Brain-Stem.   5.22 

Left-Pallidum to Brain-Stem.   8.86 

Left-Amygdala to Brain-Stem.   7.36 

Right-Cerebellum-Cortex to Brain-Stem.   7.82 

Table 3.2. 

 

 
Figure 3.14. 
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3.4.3.1.2  Results of right upper limb 9HPT 

 

NBS showed that right upper limb 9HPT was characterised by a single significantly disconnected 

subnetwork of 18 nodes and 17 edges (p = 0.049), predominantly involving ipsilateral 

cerebellar, basal ganglia and contralateral sensorimotor cortex connec@ons. 

 

Edge Test statistic 

ctx-lh-medialorbitofrontal to Right-Cerebellum-Cortex.   3.70 

Right-Amygdala to Right-Cerebellum-Cortex.   3.76 

ctx-rh-lateralorbitofrontal to Right-Cerebellum-Cortex.   4.00 

ctx-lh-medialorbitofrontal to ctx-lh-insula.   3.95 

ctx-lh-medialorbitofrontal to Left-Pallidum.   3.72 

ctx-lh-temporalpole to Left-Pallidum.   4.12 

Left-Thalamus-Proper to Left-Pallidum.   3.83 

ctx-lh-postcentral to Left-Amygdala.   3.94 

ctx-lh-precentral to Left-Amygdala.   3.73 

Left-Caudate to Left-Amygdala.   3.82 

Left-Pallidum to Left-Amygdala.   3.70 

Left-Accumbens-area to Right-Amygdala.   3.70 

Left-Hippocampus to ctx-rh-lateralorbitofrontal.   3.70 

Right-Thalamus-Proper to ctx-rh-lateralorbitofrontal.   3.95 

Right-Pallidum to ctx-rh-lateralorbitofrontal.   4.19 

Right-Putamen to ctx-rh-parsorbitalis.   3.74 

Right-Amygdala to ctx-rh-parsorbitalis.   4.41 

Table 3.3 

 

 
Figure 3.15. 
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3.4.3.1.3 Results of T25FW 

 

NBS showed that T25FW was characterised by a single significantly disconnected subnetwork 

of 21 nodes and 17 edges (p < 0.001), predominantly involving bilateral inferior frontal cor@ces, 

basal ganglia and cerebella. 

 

Edge Test statistic 

ctx-lh-medialorbitofrontal to Left-Cerebellum-Cortex  5.88 

ctx-lh-medialorbitofrontal to Left-Thalamus-Proper  5.64 

ctx-lh-medialorbitofrontal to Left-Pallidum  6.02 

ctx-lh-medialorbitofrontal to Left-Amygdala  5.85 

Left-Thalamus-Proper to Left-Amygdala  5.72 

Left-Caudate to Left-Amygdala  5.87 

Left-Pallidum to Left-Amygdala  5.97 

Left-Amygdala to Left-Accumbens-area  6.02 

Left-Accumbens-area to Right-Amygdala  6.03 

Right-Putamen to Right-Amygdala  5.64 

Right-Pallidum to Right-Amygdala  5.91 

Left-Cerebellum-Cortex to ctx-rh-lateralorbitofrontal  5.79 

Left-Hippocampus to ctx-rh-lateralorbitofrontal  5.94 

Right-Thalamus-Proper to ctx-rh-lateralorbitofrontal  5.81 

Right-Pallidum to ctx-rh-lateralorbitofrontal  6.95 

Right-Hippocampus to ctx-rh-lateralorbitofrontal  5.70 

Right-Amygdala to ctx-rh-parsorbitalis  5.71 

Table 3.4 

 

 
Figure 3.16. 
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3.4.3.1.4 Results of EDSS 

 

NBS showed that EDSS was characterised by a single significantly disconnected subnetwork of 

17 nodes and 24 edges (p < 0.001), predominantly involving bilateral inferior frontal cor@ces, 

basal ganglia and cerebella, with projec@ons into the leu superior frontal and sensorimotor 

cor@ces. 

 

Edge Test statistic 

ctx-lh-medialorbitofrontal to ctx-lh-precentral  6.55 

ctx-lh-medialorbitofrontal to Left-Cerebellum-Cortex  6.67 

ctx-lh-medialorbitofrontal to Left-Thalamus-Proper  6.61 

ctx-lh-medialorbitofrontal to Left-Pallidum  6.92 

ctx-lh-medialorbitofrontal to Left-Hippocampus  6.71 

Left-Pallidum to Left-Hippocampus  6.60 

ctx-lh-caudalmiddlefrontal to Left-Amygdala  7.05 

ctx-lh-medialorbitofrontal to Left-Amygdala  6.91 

ctx-lh-superiorfrontal to Left-Amygdala  6.89 

Left-Thalamus-Proper to Left-Amygdala  6.78 

Left-Caudate to Left-Amygdala  7.09 

Left-Pallidum to Left-Amygdala  7.07 

Left-Amygdala to Left-Accumbens-area  6.95 

ctx-lh-medialorbitofrontal to Right-Hippocampus  6.78 

Left-Accumbens-area to Right-Amygdala  6.90 

Right-Pallidum to Right-Amygdala  7.03 

Left-Cerebellum-Cortex to ctx-rh-lateralorbitofrontal  7.03 

Left-Pallidum to ctx-rh-lateralorbitofrontal  6.57 

Left-Hippocampus to ctx-rh-lateralorbitofrontal  6.87 

Right-Thalamus-Proper to ctx-rh-lateralorbitofrontal  6.74 

Right-Pallidum to ctx-rh-lateralorbitofrontal  6.94 

Right-Hippocampus to ctx-rh-lateralorbitofrontal  7.33 

Right-Amygdala to Right-Cerebellum-Cortex  7.09 

ctx-rh-lateralorbitofrontal to Right-Cerebellum-Cortex  7.17 

Table 3.5 

 
Figure 3.17. 
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3.4.3.1.5 Results of SDMT 

 

NBS showed that SDMT was characterised by an extremely wide-ranging disconnected 

subnetwork of 64 nodes and 132 edges (p = 0.014), comprising all areas of the cerebrum and 

cerebellum. Table not shown. 

 

 
Figure 3.18. 
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3.4.3.1.6 Results of MSFC 

 

NBS showed that MSFC was characterised by a single significantly disconnected subnetwork of 

20 nodes and 25 edges (p < 0.001), predominantly involving bilateral cerebella, inferior frontal 

and inferomedial temporal cor@ces and basal ganglia, with projec@ons into the leu precentral 

cortex. 

Edge Test statistic 

ctx-lh-medialorbitofrontal to ctx-lh-insula  6.06 

ctx-lh-medialorbitofrontal to Left-Cerebellum-Cortex  6.20 

ctx-lh-medialorbitofrontal to Left-Thalamus-Proper  6.13 

ctx-lh-medialorbitofrontal to Left-Pallidum  6.20 

ctx-lh-temporalpole to Left-Pallidum  6.31 

Left-Pallidum to Left-Hippocampus  6.02 

ctx-lh-caudalmiddlefrontal to Left-Amygdala  6.13 

ctx-lh-medialorbitofrontal to Left-Amygdala  6.25 

ctx-lh-precentral to Left-Amygdala  6.10 

Left-Thalamus-Proper to Left-Amygdala  6.18 

Left-Caudate to Left-Amygdala  6.35 

Left-Pallidum to Left-Amygdala  6.22 

Left-Amygdala to Left-Accumbens-area  6.27 

Left-Accumbens-area to Right-Amygdala  6.17 

Right-Pallidum to Right-Amygdala  6.20 

Left-Cerebellum-Cortex to ctx-rh-lateralorbitofrontal  6.27 

Left-Hippocampus to ctx-rh-lateralorbitofrontal  6.30 

Right-Thalamus-Proper to ctx-rh-lateralorbitofrontal  6.55 

Right-Pallidum to ctx-rh-lateralorbitofrontal  6.91 

Right-Hippocampus to ctx-rh-lateralorbitofrontal  6.33 

Right-Amygdala to ctx-rh-parsorbitalis  6.45 

ctx-lh-medialorbitofrontal to Right-Cerebellum-Cortex  6.22 

Right-Amygdala to Right-Cerebellum-Cortex  6.29 

ctx-rh-lateralorbitofrontal to Right-Cerebellum-Cortex  6.50 

ctx-lh-medialorbitofrontal to Brain-Stem  6.24 

Table 3.6 

 
Figure 3.19.
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3.4.3.1.7 Results of Relapsing MS vs Progressive MS 

 

NBS showed a difference between the connectomes of RMS and PMS subjects, whilst 

controlling for age and EDSS, which was characterised by a disconnected subnetwork of 28 

nodes and 52 edges (p < 0.001), involving bilateral cerebella, inferior frontal and inferomedial 

temporal cor@ces and basal ganglia, with projec@ons into the leu superior frontal cor@ces. 

Edge Test 

statistic 

ctx-lh-medialorbitofrontal to ctx-lh-postcentral  16.31 

ctx-lh-medialorbitofrontal to ctx-lh-precentral  19.14 

ctx-lh-medialorbitofrontal to Left-Cerebellum-Cortex  64.11 

ctx-lh-medialorbitofrontal to Left-Thalamus-Proper  39.20 

ctx-lh-medialorbitofrontal to Left-Pallidum  48.74 

ctx-lh-medialorbitofrontal to Left-Hippocampus  52.24 

Left-Pallidum to Left-Hippocampus  30.73 

ctx-lh-caudalmiddlefrontal to Left-Amygdala  16.90 

ctx-lh-medialorbitofrontal to Left-Amygdala  47.83 

ctx-lh-precentral to Left-Amygdala  11.94 

ctx-lh-superiorfrontal to Left-Amygdala  12.79 

ctx-lh-insula to Left-Amygdala  12.99 

Left-Cerebellum-Cortex to Left-Amygdala  15.88 

Left-Thalamus-Proper to Left-Amygdala  57.00 

Left-Caudate to Left-Amygdala  50.32 

Left-Putamen to Left-Amygdala  19.59 

Left-Pallidum to Left-Amygdala  43.81 

Left-Amygdala to Left-Accumbens-area  77.08 

Left-Amygdala to Right-Caudate  15.98 

Left-Amygdala to Right-Pallidum  16.34 

ctx-lh-medialorbitofrontal to Right-Hippocampus  15.67 

Right-Pallidum to Right-Hippocampus  14.94 

Left-Cerebellum-Cortex to Right-Amygdala  16.23 

Left-Pallidum to Right-Amygdala  10.98 

Left-Accumbens-area to Right-Amygdala  45.32 

Right-Thalamus-Proper to Right-Amygdala  13.09 

Edge Test 

statistic 

Right-Caudate to Right-Amygdala  11.14 

Right-Putamen to Right-Amygdala  23.29 

Right-Pallidum to Right-Amygdala  55.37 

ctx-lh-medialorbitofrontal to ctx-rh-entorhinal  12.18 

Left-Cerebellum-Cortex to ctx-rh-lateralorbitofrontal  44.00 

Left-Pallidum to ctx-rh-lateralorbitofrontal  16.64 

Left-Hippocampus to ctx-rh-lateralorbitofrontal  59.27 

Right-Thalamus-Proper to ctx-rh-lateralorbitofrontal  24.35 

Right-Pallidum to ctx-rh-lateralorbitofrontal  21.79 

Right-Hippocampus to ctx-rh-lateralorbitofrontal  29.35 

Right-Amygdala to ctx-rh-lateralorbitofrontal  13.83 

Right-Accumbens-area to ctx-rh-lateralorbitofrontal  13.08 

Left-Hippocampus to ctx-rh-medialorbitofrontal  22.08 

Left-Amygdala to ctx-rh-medialorbitofrontal  11.15 

Right-Amygdala to ctx-rh-medialorbitofrontal  10.21 

ctx-rh-entorhinal to ctx-rh-medialorbitofrontal  10.17 

Left-Amygdala to ctx-rh-parstriangularis  15.92 

ctx-lh-medialorbitofrontal to ctx-rh-postcentral  11.94 

Left-Amygdala to ctx-rh-postcentral  11.85 

ctx-lh-medialorbitofrontal to Right-Cerebellum-Cortex  33.06 

Left-Amygdala to Right-Cerebellum-Cortex  21.33 

Right-Amygdala to Right-Cerebellum-Cortex  29.70 

ctx-rh-lateralorbitofrontal to Right-Cerebellum-Cortex  45.61 

ctx-lh-medialorbitofrontal to Brain-Stem  28.56 

Left-Amygdala to Brain-Stem  11.37 

Right-Amygdala to Brain-Stem  18.70 

Table 3.7 

Figure 3.20.
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3.4.3.2 NBS Predic@on 

 

NBS analysis was used to iden@fy any subnetwork that could predict progression of disability 

over 24 months. This was analysed for each clinical disability metric as a con@nuous measure 

(via the regression func@on of NBS) as well as for a binary outcome at 24 months (progressors 

vs non-progressors based on a change in z-score). Neither approach iden@fied any subnetwork 

that could predict clinical progression. 

 

3.4.3.3 Graph theory metrics - cross sec@onal 

 

Par@al Pearson’s correla@on two tail tests of the baseline data were also calculated between 

sensorimotor network (SMN) graph theory metrics and the appropriate contralateral 9HPT 

scores. Correla@ons were corrected for age, disease dura@on, EDSS, disease course (RMS or 

PMS), T2 lesion volume and normalised whole-brain volume. This found that global efficiency, 

mean local efficiency, mean nodal strength and mean clustering coefficient, but not mean 

modularity were correlated with 9HPT cross sec@onally (Table 3.8). These results were 

sustained auer mul@ple comparisons correc@on with Holm-Bonferroni tes@ng. 

 

Left SMN Graph Theory Metric Pearson’s r with right sided 9HPT p-value 

Characteristic path length -0.328 * 0.015 

Mean Clustering coefficient -0.379 ** 0.006 

Global efficiency -0.356 ** 0.009 

Mean Local efficiency -0.382** 0.005 

Mean Modularity 0.031 0.32 

Mean nodal Strength -0.328* 0.015 

Table 3.8. Right 9HPT parCal correlaCons with lei SMN graph theory metrics. * p-value < 0.05, ** p-value < 0.01. 

Corrected for age, disease duraCon, EDSS, disease course, T2 lesion volume and normalised whole-brain volume. 

 

Interroga@ng the graphs of these correla@ons revealed a correla@on largely driven by the PMS 

group. See representa@ve graph of Leu SMN mean Local efficiency in Figure 3.21. 
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Figure 3.21.  

 

Exploring this further revealed that only PMS subjects had correla@on with 9HPT as shown in 

Table 3.9. 

 

Left SMN Graph Theory 

Metric 
RMS 

Pearson’s r with 

right sided 9HPT 

p-value 

PMS 

Pearson’s r with 

right sided 

9HPT 

p-value 

Characteristic path length -0.014 0.474 -0.454 * 0.034 

Mean Clustering coefficient -0.024 0.457 -0.481 * 0.025 

Global efficiency -0.011 0.481 -0.460 * 0.032 

Mean Local efficiency -0.023 0.458 -0.482 * 0.025 

Mean Modularity 0.249 0.68 0.013 0.56 

Mean nodal Strength -0.014 0.474 -0.454 * 0.034 

Table 3.9 Comparing Right 9HPT parCal correlaCons of RMS and PMS subjects. * p-value < 0.05. Corrected for age, 

disease duraCon, EDSS, disease course, T2 lesion volume and normalised whole-brain volume. 

 

The results of the right SMN were very similar to the leu SMN as represented by the Figure 

3.22 of right SMN mean Local efficiency and leu 9HPT. 
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Figure 3.22. 

 

Par@al Pearson’s correla@on two tail tests of the baseline data were calculated between whole 

brain connec@vity graph theory metrics and the MSFC. Correla@ons were corrected for age, 

disease dura@on, EDSS, disease course (RMS or PMS), T2 lesion volume and normalised whole-

brain volume. This found that global efficiency, mean local efficiency, mean nodal strength and 

characteris@c path length, but not mean modularity or mean clustering coefficient were 

correlated with MSFC cross sec@onally (Table 3.10). These results were sustained auer mul@ple 

comparisons correc@on with Holm-Bonferroni tes@ng. 

 

Whole Brain Graph Theory Metric Pearson’s r with MSFC p-value 

Characteristic path length 0.262 * 0.043 

Mean Clustering coefficient 0.251 0.054 

Global efficiency 0.270 * 0.038 

Mean Local efficiency 0.255 * 0.047 

Mean Modularity 0.214 0.182 

Mean nodal Strength 0.262 * 0.043 

Table 3.10. MSFC parCal correlaCons with graph theory metrics. * indicate a significant Pearson’s correlaCon with 

p-value < 0.05. Corrected for age, disease duraCon, EDSS, disease course, T2 lesion volume and normalised whole-

brain volume. 

 

Post hoc analysis of the par@al correla@ons shows these correla@ons were driven largely by 

bilateral 9HPT as opposed to SDMT or T25FW. 
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Figure 3.23. 

 

3.4.3.4 Graph theory metrics - predic@on 

 

Logis@c regression was used to analyse the rela@onship between baseline whole brain graph 

theory metrics and the probability of declining in MSFC over 24 months. These regressions 

were compared to a mul@ple logis@c regression including disease course (RMS vs PMS), disease 

dura@on, baseline EDSS, T2 lesion volume, normalised whole brain volume. In this cohort, age 

and disease dura@on had a linear rela@onship and thus both could not be included. 
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Only baseline modularity contributed to predic@ng outcomes on MSFC. No other whole brain 

graph theory metric contributed to predic@ng outcomes on MSFC. 

 

It was found that the odds of declining by 0.5 MSFC over 24 months increased by 16.2% (95% 

CI [0.07, 0.27]) for every 1-point reduc@on in mean whole brain modularity at baseline. 

 

The overall model had a sensi@vity of 93.3% and specificity of 62.9% at a cutoff of 0.26 (see 

Figure 3.24). The log-likelihood ra@o versus the intercept-only model was 12.29 (p value = 

0.0005) showing significance. 

 

This model outperformed the model of factors including disease course (RMS vs PMS), disease 

dura@on, baseline EDSS, T2 lesion volume, and normalised whole brain volume with an Akaike 

informa@on criterion (AICc) difference of -8.755. 

 

 
Figure 3.24. Combined RMS and PMS 

subjects 

 

Further analysis of only the subjects with progressive MS found model of modularity predic@ng 

decline in MSFC at 24 months. In PMS subjects the odds of declining by 0.5 MSFC over 24 

months increased by 94% (95% CI [0.44, 0.97]) for every 1-point reduc@on in mean whole brain 

modularity at baseline. 
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This overall model had a sensi@vity of 100% and specificity of 57.14% at a cutoff of 0.5 (see 

Figure 3.25). The log-likelihood ra@o versus the intercept-only model was 6.729 (p value = 

0.0095) showing significance. 

 

 
Figure 3.25. PMS subjects 
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3.4.4 Discussion 

 

3.4.4.1 Local subnetworks mediate disability in MS 

 

This study found significant measures of disconnec@on that correlate with cross sec@onal and 

longitudinal disability in MS. The NBS analysis, a method to find subnetworks with reduced 

connec@on that correlate with a clinical outcome, found several plausible correla@ons that are 

consistent with known neuroanatomical func@ons. For instance, 9HPT, which measures 

lateralised upper limb func@on including motor and sensory func@on with a manual dexterity 

task (Feys et al., 2017), was correlated with a subnetwork of ipsilateral cerebellar and basal 

ganglia connec@ons, regions associated with fine motor skills and coordina@on that have 

previously shown to be major mediators of disability in MS (Tozlu, Jamison, Nguyen, et al., 

2021).  

 

The T25FW analysis found a plausible subnetwork also containing bilateral cerebella and basal 

ganglia nuclei, however with an expanded connec@on to the prefrontal regions of the medial 

and lateral orbitofrontal cor@ces. Of interest, the prefrontal cortex, while best known to 

mediate reward- and punishment-related behaviour (and thus mo@va@onal behaviour) (Rolls, 

2004), also has numerous connec@ons to motor centres including the basal ganglia and 

supplementary motor cor@ces (Goldman-Rakic, 1987; Schulz et al., 2019). Similarly the 

subnetwork associated with increasing EDSS severity also included prefrontal cor@ces, in 

addi@on to projec@ons superiorly into the dominant leu hemisphere sensorimotor cor@ces. A 

dominant hemisphere or lateralisa@on bias has not been previously reported to occur in the 

EDSS assessment, as has been with other disability scales like the NIHSS (Fink et al., 2002), as 

it is mainly determined by mobility, limb func@on and vision, and not dominant cor@cal 

dysfunc@ons of language, apraxia and other cogni@ve measures (Abulaban, 2020). The 

subnetwork connec@on with dominant hemisphere cor@cal nodes iden@fied in this study might 

be a non-causal associa@on with the EDSS, or might imply a dominant hemisphere bias as yet 

undescribed in the EDSS, related to motor planning and other higher order sensorimotor 

func@ons. 
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To my knowledge, this work is the first to implicate disconnec@on of the prefrontal – basal 

ganglia connec@ons in physical disability associated with MS, and proposes an alterna@ve 

mechanism of mobility dysfunc@on in MS. T25FW and EDSS worsening, largely driven by lower 

limb mobility, may not only be mediated by lower limb weakness, balance and sensory deficits, 

but possibly by the lack of integra@on and loss of learned coordina@on that prefrontal cortex 

dysfunc@on implies, from its disparate connec@ons to the basal ganglia, thalami, 

somatosensory, visual and premotor cor@cal regions (Rolls, 2004). This could be consistent with 

other studies that have found independent contribu@ons of cogni@ve and execu@ve func@on 

to motor outcomes, beyond that which would be explained by T2 lesion volume (Mistri et al., 

2022). 

 

MSFC was associated with a significant subnetwork that was predictable based on the NBS 

results of its cons@tu@ve parts, namely the 9HPT and T25FW, i.e. a subnetwork that mimicked 

that seen in both analyses. The network iden@fied by NBS to correlate with SDMT was 

widespread even with a high threshold, containing 64 out of a possible 85 nodes, and 

incorpora@ng all cor@cal regions. SDMT is a measure of cogni@ve processing speed that 

influences a variety of downstream cogni@ve func@ons including memory, language and 

decision making (R. H. Benedict et al., 2017). It has been shown to be commonly abnormal in 

pwMS and a surrogate marker of cogni@ve dysfunc@on, with adop@on by some, including here, 

into the MSFC replacing the Paced Auditory Serial Addi@on Test (PASAT) (Drake et al., 2010). 

Several imaging studies have sought to clarify the mechanism of slowed informa@on processing 

speed in MS and have found associa@ons with globally lower structural connec@vity (Pagani et 

al., 2019) and lower connec@vity of the default mode network (Has Silemek et al., 2020) as well 

as cor@cal and deep grey ma=er atrophy (Marzi et al., 2023; Sandroff et al., 2022). The overall 

capacity of MRI to predict longitudinal SDMT outcomes was rated as medium in a meta-

regression analysis of all relevant studies (Pike et al., 2022), without finding any dis@nct 

biomarker that overly influences the pooled effect size. This is en@rely consistent with the 

hypothesis that informa@on processing speed and thus SDMT is a cor@cally widespread driven 

cogni@ve func@on with significant mediators being highly connected regions such as the 

thalamus. The present findings corroborate this hypothesis and, although this large network 

would not be a useful biomarker due to its extent, support the u@lity of this method to 

accurately model disconnec@on in MS. 
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Another interes@ng result seen here was the differences in disconnec@on between RMS and 

PMS subjects. The NBS method iden@fied a differen@ated subnetwork of similar nodes to that 

seen with the disability metrics of 9HPT, T25FW and EDSS, however with greater connec@on 

with the distal brainstem and, by extension, the spinal cord. Previous studies have highlighted 

regional differences between RMS and PMS at the spinal cord (Cawley et al., 2017; Tsagkas et 

al., 2018, 2019), anterior horn cells (Tsagkas et al., 2022), cerebellum (Parmar et al., 2022; 

Schoonheim, Douw, et al., 2021) and thalamus (Schoonheim, Pinter, et al., 2021). In this study, 

the subnetwork nodes were disconnected despite controlling for age and EDSS in an ANCOVA 

design implemented in NBS, which suggests that posterior fossa, basal ganglia and brainstem 

structures are disconnected independent of their effect on disability in pa@ents with PMS, 

thereby implica@ng this subnetwork as a poten@al harbinger of future disability in PMS.  

However, this is inconsistent with the results of the NBS predic@on analysis, which failed to find 

any significant subnetwork change that correlated with disability progression in a con@nuous 

regression model; and also did not predict future disability progression from baseline 

disconnec@on metrics in subjects with RMS or PMS. 

 

It is unclear why NBS in this study did not predict future disability accrual given the correla@ons 

with cross sec@onal disability and difference between RMS and PMS subjects. Several 

possibili@es might underlie this. Firstly, the sub networks involved in media@ng disability may 

be resistant to change auer disconnec@on occurs. That is, auer the ini@al disconnec@on event 

further progression in disability may be mediated by factors not associated with that par@cular 

subnetwork disconnec@on, but perhaps by further downstream deteriora@on through 

transsynap@c degenera@on or cumula@ve damage in more widespread support networks. 

Secondly, this method models change in the connectome between @me points when new 

lesions occur, lesions increase in size or when the T1 hypointensity of lesions changes. If none 

of these events occur there should be no change in the connectome measured. In relapsing 

MS treated with modern disease modifying therapies, new lesion accrual and expanding lesions 

are infrequent. The change in T1 hypointensity of lesions over @me has been shown in previous 

studies to be measurable and significant (Ellio=, Belachew, et al., 2019), but perhaps the 

change is not sensi@ve enough to track with disability over the @me frame of a 24 month study. 
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3.4.4.2 Modelling cumula@ve damage iden@fies addi@onal disconnec@on 

 

The method of modelling cumula@ve damage along streamlines used in the study was able to 

iden@fy an extension of the subnetwork associated with EDSS. As shown in Figure 3.26. the 

cumula@ve damage method discovered a subnetwork inclusive of dominant hemisphere 

frontal cor@cal nodes, whereas the model of binary lesion damage did not. 

 

 

 
Figure 3.26. Binary lesion model above (lei and right), cumulaCve 

damage lesion model below (lei and right). 

 

This is an interes@ng and seemingly counterintui@ve finding as the binary lesion model might 

be thought to include more overtly damaged connec@ons and thus more expansive 

subnetworks. However, the NBS model correlates the severity of disconnec@on with the 

severity of clinical outcome ie. EDSS; as such, a graded measure of damage is be=er suited to 

finding significant disconnec@ons, which in this case generated a more expansive disconnected 

subnetwork of nodes (Zalesky et al., 2010). 

 

3.4.4.3 Sensorimotor network disrup@on mediates upper limb physical disability in progressive 

MS 
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The sensorimotor network was analysed with standard graph metrics and found to have 

significant correla@ons to upper limb physical disability. The sensorimotor network has been 

implicated in a number of studies as a mediator of clinical disability in MS with network metrics 

derived from cor@cal atrophy (Cao et al., 2021), structural (Pardini et al., 2015; Shu et al., 2011), 

func@onal (Fling et al., 2019) and mul@modal (Zhong et al., 2016) connec@vity methods. The 

success of employing network analysis on the sensorimotor network in MS is a clear example 

of the advantages of modelling brain networks over and above focal anatomical regions or 

individual tracts (Lapucci et al., 2022). In this study, further u@lity of the sensorimotor network 

was explored by analysing the correla@ons with lateralised upper limb func@on in the form of 

9HPT. Previous studies have mainly found the sensorimotor network to be associated with 

bilateral physical disability such as mobility or the EDSS, however given the network can be 

separated into leu and right parts, there is an opportunity to further evaluate the specificity of 

this network with lateralised motor deficits. As men@oned earlier, the nodes chosen for this 

network were the contralateral primary and supplementary motor and sensory cor@ces, 

contralateral thalamus, contralateral basal ganglia and ipsilateral cerebellum. Par@al 

correla@ons controlling for age, disease dura@on, EDSS, disease course (RMS or PMS), T2 lesion 

volume and normalised whole-brain volume found that global efficiency, mean local efficiency, 

mean nodal strength and mean clustering coefficient nega@vely correlated with 9HPT, meaning 

that reduc@ons in these metrics correlated with a higher 9HPT @me (or worse upper limb 

func@on). Importantly these correla@ons were independent of T2 lesion volume and EDSS. 

Furthermore, the plots of each correla@on clearly showed a split between the RMS and PMS 

subjects (as shown in Figures 3.21, 3.22) and this was further demonstrated with significant 

par@al Pearson’s correla@ons only for the PMS subjects with strong Pearson r values of ~-0.45 

(as shown in Table 3.9). 

 

The dichotomy between RMS and PMS is intriguing. Although the RMS cohort had rela@vely 

preserved upper limb func@on, these results might suggest that sensorimotor network 

disconnec@on is a necessary condiBon for upper limb disability in MS, but not a sufficient one. 

As postulated earlier in the discussion with respect to NBS-iden@fied sub networks, damage to 

other support networks or structures might be required for the development of upper limb 

dysfunc@on subsequent to disrup@on of the sensorimotor network; and it stands to reason that 

these support networks are more likely to be damaged in PMS due to the widespread 
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neurodegenera@on and atrophy present in this disease phenotype (Lassmann et al., 2012). In 

other disease processes, such as stroke, func@onal connec@ons of “extra motor” networks 

including cingulo-opercular and default mode networks have been found to predict motor 

recovery and response to physical therapy following damage to the sensorimotor network 

(Ma=os et al., 2023), whereas others have found specific connec@ons within the sensorimotor 

network that are more important in predic@ng long term disability auer stroke such as the 

primary sensorimotor cortex – putamen connec@on (Bonkhoff et al., 2021).  

 

This concept  that disability in MS is driven by two components, a substrate and support 

component, has been previously proposed as the so called “topographical model of MS and 

recapitula@on theory” (Krieger et al., 2016). Briefly, this theory explicates the observed clinical-

radiological paradox in MS by sta@ng that focal lesions and relapses will only manifest if their 

severity is above a certain threshold, but that the threshold can change over @me, thereby 

unmasking previously recovered deficits or even previously clinically silent lesions. The concept 

of a progressive reduc@on in this threshold is iden@fied as loss of func@onal neurological 

reserve. Ini@ally in this model the site of neurological deficit is defined by the loca@on of focal 

lesions (the topographic concept), and the reserve by whole brain atrophy (‘ECTRIMS 2022 – 

EP0997’, 2022; Krieger et al., 2016). However, the model is also open to other constructs of 

topography and reserve and it remains to be discovered what metric, whether it be structural 

or func@onal, may best determine these components (Krieger & Sumowski, 2018). The results 

of the present study could be consistent with the topographical framework, in which 

sensorimotor network disconnec@on replaces focal lesions as the topographic substrate, and 

an as yet undiscovered metric that is preferen@ally affected in PMS, represents neurological 

reserve within the system. It is interes@ng to note that the correla@ons of sensorimotor 

network disconnec@on and 9HPT here were independent of whole brain volume, sugges@ng 

that atrophy as a global measure of func@onal reserve is not adequate in this instance. 

 

3.4.4.4 Whole brain graph metrics of disconnection correlate with global disability 

 

The whole brain connectome made up of 85 x 85 nodes was analysed with graph metrics and 

found to have significant correla@ons with the MSFC at baseline. As can be appreciated from 

the graphs in Figure 3.23, the correla@ons of global efficiency, mean local efficiency, mean nodal 
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strength, characteris@c path length and mean clustering coefficient with MSFC were similar, 

with all but mean clustering coefficient surviving mul@ple comparisons tes@ng for significance. 

However, when these graph metrics were used in a logis@c regression model to predict decline 

in MSFC at 24 months only baseline mean modularity contributed to the model’s predic@ve 

power. Mean modularity outperformed a model of disease course (RMS vs PMS), disease 

dura@on, baseline EDSS, T2 lesion volume and normalised whole brain volume, predic@ng 

progression in MSFC in the full cohort of RMS and PMS with a sensi@vity of 93.3% and specificity 

of 62.9%. Furthermore, in PMS subjects, the sensi@vity was 100% and specificity of 57.14%, 

with a calculated odds of declining by at least 0.5 MSFC over 24 months increased by 94% (95% 

CI [0.44, 0.97]) for every 1-point reduc@on in mean whole brain modularity at baseline. 

 

One weakness of this study is the rela@vely small number of subjects who did not worsen on 

the MSFC within the PMS group (see Figure 3.25). Given the low numbers of non-progressors 

in this group, defini@ve conclusions about the u@lity of baseline mean modularity in PMS 

cannot be made. However when combining the two cohorts of RMS and PMS, overall baseline 

mean modularity performed well in predic@ng 24 months MSFC progression. 

 

Modularity as a metric describes the extent to which individual subnetworks (otherwise 

termed modules) are segregated from the rest of the network structure (Newman & Girvan, 

2004). High modularity describes the state in which subnetworks have a high amount of intra-

network connec@on but rela@vely less connec@on to other subnetworks. Modularity of the 

brain connectome has been implicated in enabling complex cogni@ve processes and 

neuroplas@city (Baniqued et al., 2018) as well as reducing with age, poten@ally explaining 

reduc@on in cogni@ve facul@es with age (Chan et al., 2014; Onoda & Yamaguchi, 2013). Outside 

of the field of MS, modularity has been posi@vely correlated with cogni@ve level in Alzheimer’s 

(de Haan et al., 2012) and with responsiveness to cogni@ve training in disease processes such 

as trauma@c brain injury (Arnemann et al., 2015), but also in healthy individuals (Gallen et al., 

2016), giving support for its use as a general biomarker across mul@ple situa@ons and 

interven@ons (Baniqued et al., 2018). 

 

However, in the field of MS, the story has been mixed. Liu et al. found that inter-module 

efficiency (a metric closely related to more classical modularity) was reduced in pwMS 
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compared to healthy controls and furthermore associated with physical and cogni@ve disability 

(Liu et al., 2018). In contrast, others have found modularity to be inversely correlated with 

cogni@ve func@on using PASAT-3 and the SDMT (Gamboa et al., 2014; Welton et al., 2020), 

especially in CIS and early RRMS (Tur, Grussu, et al., 2019). In addi@on, long range connec@ons 

have been found to be more disrupted than short range connec@ons in MS, a feature that 

would tend to increase modularity as inter module connec@ons are more likely to be long range 

than intra module connec@ons, which are necessarily short range. Furthermore, these long 

range disconnec@ons were correlated with lower cogni@ve performance (Meijer et al., 2020).  

 

The reason for the dis@nc@on between MS and other brain disease states in rela@on to 

modularity is not clear. However, Fleischer et al. observed that modularity in MS followed an 

inverse U-shape that was evident over the first 5 years auer diagnosis (Fleischer et al., 2017). 

Understood in this way, the ini@al increase in modularity observed might be related to early 

compensatory mechanisms, which tend to fail even over a rela@vely short @me. Indeed, most 

of the studies iden@fying modularity as a poten@al biomarker in MS were undertaken in the 

early stages of the disease, poten@ally in the ini@al upslope of modularity change, and may 

have missed the dynamic changes observed by Fleischer et. al, and the eventual reduc@on in 

the metric. Given this, the results found here that modularity predicts 24 month decline in 

MSFC, more so in the cohort of PMS, could s@ll be in keeping with previous studies into early 

MS, but more comfortably consistent with known mechanisms in neuroscience (Chan et al., 

2014; Onoda & Yamaguchi, 2013) and other neurological disease states (Arnemann et al., 2015; 

de Haan et al., 2012). 

 

3.4.5 Conclusion 

 

This study provides evidence that disconnec@on of sub-networks involving posterior fossa 

structures and deep grey ma=er mediate disability in MS and are a dis@nguishing marker 

between RMS and PMS. This was further confirmed with the correla@on of sensorimotor 

network disconnec@on to focal lateralised upper limb disability in PMS. Whole brain network 

disrup@on of modularity architecture can predict progressive disability in MS and should be 

explored further as a biomarker of progression in expanded datasets over longer @meframes. 
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3.5 Chapter Summary 

 

This chapter explored the use of atlas-based network analysis in MS. The aim of this analysis 

was to refine the exis@ng atlas-based approach by incorpora@ng disease specific mechanisms 

into the analysis. 

 

The chapter provided evidence that a mul@modal registra@on technique, incorpora@ng T1, FA, 

and MD @ssue contrast sequences, improves registra@on compared to unimodal registra@on 

techniques. This refinement is par@cularly relevant to MS pathology, considering the 

heterogeneous loca@on of MS lesions, including cor@cal/juxtacor@cal regions and deep white 

ma=er regions. 

 

A novel concept of modelling cumula@ve damage along streamlines was introduced. This 

approach demonstrated a be=er correla@on with a func@onal measurement of mfVEP along 

the op@c tracts in MS pa@ents. It outperformed classical binary or wholly truncated lesion 

models, as well as so-called weakest link models. 

 

Finally, the refined atlas-based tractography approach was studied in a longitudinal cohort of 

MS pa@ents over a period of 24 months, including RRMS and PMS. The analysis revealed the 

presence of subnetworks in the basal ganglia and posterior fossa, which were found to mediate 

much of the disability in MS and contribute to PMS progression. Addi@onally, reduced 

modularity was iden@fied as a predictor of future disability in MS, highligh@ng its poten@al as 

a biomarker that warrants further inves@ga@on with larger datasets. 

 

This chapter significantly advances atlas-based network analysis in MS research, emphasising 

its ability to incorporate disease-specific mechanisms. It introduces two refined components 

for atlas-based network measurement in MS: accurate registra@on and modelling of cumula@ve 

damage. The findings shed light on the role of specific subnetworks in MS pathology and 

provide insights into poten@al biomarkers for disability predic@on and monitoring. 
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Chapter 4 

Diffusion-based disconnectome modelling in 

mul=ple sclerosis 
 

Abstract 

 

Diffusion-based structural network analysis is widely u@lised, however its effec@veness is 

compromised in MS and other pathological condi@ons where white ma=er axons are truncated. 

Altera@ons in the underlying diffusion signal due to focal pathology can lead to inaccuracies in 

streamline propaga@on that rely on coherent diffusion signals to recreate white ma=er 

bundles. 

 

This chapter explores both the advantages and disadvantages of employing diffusion 

tractography in MS. A refined method of tractography is described, which aims to improve the 

accuracy of tract density within destruc@ve MS lesions. Lastly, a longitudinal study is reported, 

u@lising this refined method to inves@gate network community structure in MS and assess its 

poten@al for predic@ng disease progression. 
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4.1 Background 

 

The use of diffusion-weighted magne@c resonance imaging (dMRI) cons@tutes a non-invasive 

modality that enables the assessment of white ma=er integrity in the context of MS. By 

characterising the white ma=er microstructure, researchers have gained valuable insights into 

the pathophysiology of MS (Boonstra et al., 2022; Kato et al., 2022; Solana et al., 2018; Storelli 

et al., 2022). This technique has the ability to iden@fy early changes in white ma=er integrity 

that are not detectable by other imaging modali@es (You et al., 2019), such as conven@onal 

MRI. 

 

Disconnectome modelling represents a further applica@on of dMRI, in which disrupted 

connec@ons within the white ma=er network of the brain are characterised with structural 

tractography based on the dMRI signal (C.-H. Yeh et al., 2021). This approach has proven useful 

in iden@fying specific networks and regions of the brain that are most affected by MS (Ashton 

et al., 2021; Cao et al., 2021; Schoonheim, Douw, et al., 2021; Schoonheim, Pinter, et al., 2021; 

Tur, Eshaghi, et al., 2018), and in elucida@ng complex mechanisms underlying 

neurodegenera@on (Chen et al., 2022; Hardy et al., 2016; Rocca et al., 2013). 

 

The accuracy of tractography has been interrogated in a wide range of brain pathologies over 

the past 10 years. The par@cular impact of each pathology on accurate streamline construc@on 

must be assessed; and in the case of MS significant challenges remain. These issues include the 

distor@ng effect of MS lesion diffusion isotropy on streamline propaga@on (Lipp et al., 2020); 

the effect of atrophy on streamline construc@on; and the appropriate weigh@ng of streamlines 

given focal MS lesion damage (Sarwar et al., 2019; Schiavi et al., 2020b; R. E. Smith et al., 2015a; 

R. E. Smith, Calamante, & Connelly, 2020b; R. E. Smith, Calamante, Gajamange, et al., 2020; 

Zalesky, Sarwar, & Ramamohanarao, 2020). 

 

Graph theory provides a framework for analysing networks, including the brain's white ma=er 

network (Fornito et al., 2015). A key advantage of using graph theory is the ability to iden@fy 

complex pa=erns of connec@vity, such as clustering and community structure (Newman & 

Girvan, 2004; Sporns, 2018). These pa=erns are not readily apparent through other network 

metrics, such as degree or strength, which primarily reflect nodes in isola@on, nor in other 
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imaging methods of analysis such as rou@ne structural anatomical imaging. Some studies have 

described changes to clustering and community structure in MS and associa@ons with disability 

(Charalambous et al., 2019; Fleischer et al., 2017; Schiavi et al., 2020b; Tur, Eshaghi, et al., 

2018), however few have analysed these over significant periods of @me (Fleischer et al., 2017; 

Tur, Eshaghi, et al., 2018), and fewer s@ll have a=empted to correct for problems that are 

inherent to tractography construc@on in MS (Schiavi et al., 2020b). 

 

In this chapter, we review the rela@ve advantages and disadvantages of diffusion based 

tractography in MS, before refining a pipeline of CSD based tractography to be=er represent 

MS lesion contribu@on to the disconnectome in MS. Finally, we apply this refined pipeline to a 

longitudinal cohort of pwMS to explore the contribu@on of clustering and community structure 

to progressive disability in MS. 

 

4.1.1 Advantages of diffusion-based approach 

 

Of the many methods described for measuring the human connectome and the pathological 

disconnectome in MS, diffusion-based structural tractography has many benefits. Direct 

measurement of the diffusion signal within the subject’s space, that is without the need for 

registra@on to healthy control templates, has advantages over atlas-based methods. Firstly, it 

allows for reten@on of high-resolu@on spa@al informa@on, especially in areas of high 

anatomical variability. This is problema@c for registra@on algorithms in heterogenous cohorts 

such as MS that exhibit significant variance in individual pathology and atrophy characteris@cs, 

both regionally and globally (Ge et al., 2000; Kezele et al., 2008). Atlas-based approaches are 

convenient but oblivious to individual variability in tract size and shape (Lipp et al., 2020), 

whereas direct measurement of white ma=er pathways, achievable in diffusion based 

tractography, captures subject-level differences. Secondly, working in subject space avoids the 

introduc@on of interpola@on ar@facts inherent to the registra@on of complex mul@direc@onal 

diffusion signals within each voxel (Geng et al., 2011; Le Bihan et al., 2006; D. Raffelt et al., 

2011), and retains high resolu@on spa@al informa@on improving the accuracy of including 

smaller structures in the brain. Several smaller regions that benefit from the increased accuracy 

of diffusion-based tractography have been implicated in MS disease pathology, especially 

progressive disease pathology, such as the thalamus (Kipp et al., 2015; Wagenknecht et al., 
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2016; Zivadinov et al., 2013), other deep grey ma=er nuclei (Lassmann et al., 2012; Rovaris et 

al., 2005) and brainstem (Andelova et al., 2022).  

 

In addi@on to spa@al advantages, diffusion based tractography allows for the capture of 

pathology that is sensi@ve to the diffusion signal of MRI. Many studies have found widespread 

diffusion changes in NAWM, indica@ng reduced @ssue organisa@on or damage (Cercignani & 

Gandini Wheeler-Kingsho=, 2018; Kato et al., 2022; Toschi et al., 2019); and within lesions, 

indica@ve of progressive @ssue destruc@on due to axonal loss (Bergsland et al., 2021; Klistorner, 

Wang, et al., 2018; Shi et al., 2023).  

 

4.1.2 Disadvantages of diffusion-based approach 

 

Despite the advantages of structural diffusion-based tractography, measurement of the 

disconnectome in MS using this approach presents a number of unique challenges. 

Tractography involves the genera@on of ar@ficial streamlines within the brain white ma=er that 

follow the underlying direc@on of diffusivity through the method of fibre-tracking. However, 

MS white ma=er lesions typically change the diffusivity profile of the underlying white ma=er 

due to demyelina@on, axonal degenera@on, oedema and gliosis, generally increasing isotropy 

(Filippi et al., 2001). This makes it a challenge to accurately propagate streamlines through MS 

lesions and different methods perform differently in this regard (Lipp et al., 2020). At each step 

of fibre tracking, a diffusion-based measure (e.g. FOD amplitude, or FA) and angle are used as 

criteria for the con@nua@on of fibres to the next voxel or step, or for fibre termina@on or 

removal from the connectome. Tractography methods use different thresholds based on the 

underlying diffusion algorithm to achieve this. For instance, early studies with tensor imaging 

used FA as the amplitude criterion for streamline trunca@on, however this was recognised as 

inaccurate (Ciccarelli et al., 2008) due to the significant effect of MS lesions on FA signal. More 

recent implementa@ons of tractography that u@lise CSD (Tournier et al., 2019) have substan@ve 

benefits over tensor-based approaches for modelling mul@ple fibre direc@ons within a single 

voxel, a key element in overcoming tensor based tractography limita@ons of crossing fibres. 

CSD has revealed that up to 90% of brain white ma=er voxels contain crossing fibres (Jeurissen 

et al., 2013), emphasising the superiority of the technique over DTI for tractography 

applica@ons (Jeurissen et al., 2019). The amplitude criterion for fibre tracking used in CSD is 
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based on the fibre orienta@on distribu@on (FOD) amplitude for a given direc@on arc. The choice 

of threshold for the FOD amplitude is arbitrary, as there is no clear in-vivo rela@onship with 

axonal damage; and its accurate applica@on is reliant on dMRI quality, acquisi@on type (single 

vs mul@-shell) and angular resolu@on. The choice of FOD amplitude threshold in MS walks the 

‘@ght rope’ between too high a value, which may result in inaccurate termina@on of streamlines 

due to damaged diffusion signal from MS lesions; and too low a value, which increases the 

number of spurious streamlines or false posi@ves (Lipp et al., 2020). Within the MRtrix3 

applica@on, a default FOD amplitude threshold of 0.1 is used, informed by the number of false 

posi@ve orienta@ons reconstructed on a mul@fiber simula@on as shown by Jeurissen et. al. 

below: 

 

 
Figure. 4.1. Extracted and adapted from Jeurissen et. al., shows the default threshold of 

0.1, which minimises the number of spurious or false posiCve orientaCons generated for 

mulCfiber or crossing fibre voxels (Jeurissen et al., 2013). 

 

In a comparison study between DTI, CSD and damped Richardson-Lucy (dRL) deconvolu@on 

based tractography in MS, Lipp et al. found that in a simulated dataset of single and crossing 

fibres, CSD with a FOD amplitude threshold of 0.1 generated false posi@ve peaks in up to 25% 

of voxels, which was only corrected by raising the threshold to 0.3. In addi@on, auer 
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tractography with an FOD amplitude termina@on criterion of 0.1 and angular termina@on 

criterion of 45°, more streamlines were terminated within lesions due to the angular criterion  

than the amplitude criterion. This suggests that in lesional @ssue CSD streamlines were more 

likely to follow spurious peaks and be terminated due to excessive curvature than be 

terminated due to low FOD amplitude (Lipp et al., 2020). Despite this, T1 hypointense lesions 

did show lower FOD amplitudes than T1 iso-intense (but T2 hyperintense) MS lesions, 

sugges@ng some degree of representa@on of FOD amplitude for axonal degenera@on. It is 

probable that these results are con@ngent on the single @ssue CSD and dMRI acquisi@on 

protocol used, and may not be generalisable to mul@-shell acquisi@ons or mul@-@ssue resolved 

CSD as the isotopic compartments would be modelled differently. 

 

Amplitude and angular streamline criteria are not the only implemented methods for reducing 

spurious fibre tracking. Boundary constraints have been used to further reduce spurious 

streamline genera@on, such as the implementa@on of anatomically constrained tractography 

(ACT) (R. E. Smith et al., 2012) for CSD tractography in the MRtrix3 applica@on. Accurate fibre 

tracking is aided in this regard by high resolu@on T1-weighted @ssue-type segmenta@on, which 

can include pathological @ssue with bespoke criteria limited to MS lesional @ssue. For instance, 

in one applica@on op@c tract reconstruc@on was improved by the use of automated ACT 

without the need for further manual segmenta@on, because ACT prevented the occurrence of 

the most implausible tracks (Horbruegger et al., 2019). The u@lity of ACT is also further signified 

by the permissiveness of a lower FOD amplitude threshold when ACT is engaged in streamline 

tracking within the MRtrix3 applica@on (R. E. Smith et al., 2012; Tournier et al., 2010). 

 

In addi@on to boundary constraints, tractogram filtering is a method of either removing or 

weigh@ng the final streamline construc@on based on underlying plausible white ma=er tracts 

informed by the explainability of the diffusion signal (Jörgens et al., 2021). In MRtrix3, SIFT 

analyses the contribu@on of each streamline to the underlying FOD signal and determines 

whether that streamline is deemed redundant/noisy or not (Jörgens et al., 2021). In the original 

SIFT applica@on (R. E. Smith et al., 2013), streamlines are excluded based on these criteria, but 

in the second genera@on SIFT2 applica@on (R. E. Smith et al., 2015a) streamlines are weighted 

based on these criteria. Disagreements have emerged about the performance of the SIFT2 

algorithm in pathological states, especially trunca@ng pathology such as MS (Sarwar et al., 
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2019; R. E. Smith, Calamante, & Connelly, 2020a, 2020b; R. E. Smith, Calamante, Gajamange, 

et al., 2020; Zalesky, Sarwar, & Kotagiri, 2020; Zalesky, Sarwar, & Ramamohanarao, 2020). One 

key element is that the SIFT2 algorithm weights a streamline based on an average of the 

underlying cross sec@onal fibre density along its en@re path, thus trunca@ng focal pathology is 

essen@ally averaged out of influencing the final weigh@ng. Smith et. al. proposed a modifica@on 

of SIFT2 to modulate the streamline weigh@ng based on the lowest fibre density value along its 

course, which seemed to be=er reflect es@mated fibre density on diffusion imaging (R. E. Smith, 

Calamante, Gajamange, et al., 2020). Although this is a promising development, it has yet to 

be shown whether modula@ng the streamline weigh@ng based on the lowest fibre density does 

not affect network construc@on in healthy @ssue outside of trunca@ng pathology and has not 

been released in the MRtrix3 package. 

 

The disadvantages of the diffusion-based approach to network analysis in MS outlined here has 

mainly been framed around the inaccurate reconstruc@on of a full tractogram and whole brain 

connectome in the presence of interfering destruc@ve pathology. Few studies have explored 

the rela@ve diffusion profiles of MS lesions using advanced diffusion techniques (Mar�nez-

Heras et al., 2020; Rahmanzadeh et al., 2022; Shi et al., 2023) and even fewer the effect of 

lesions on disconnectome modelling in MS (Lipp et al., 2020; Sarwar et al., 2019; R. E. Smith, 

Calamante, Gajamange, et al., 2020). However, if the goal of the study is to model the 

disconnectome that is caused by MS lesions, a representa@ve tractogram that accounts for 

streamline loss from MS lesions would provide an ideal framework for analysing disconnec@on. 

The next sec@on outlines such an approach. 
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4.2 Refining the modelling of lesional damage in tractography 

 

4.2.1 Introduc@on 

 

MS lesions seen on MRI contribute significantly to MS disability progression, despite the so-

called clinico-radiological mismatch (Barkhof, 2002; D. K. B. Li et al., 2006). The term, which 

highlights the weak correla@on between MS T2 lesion volume and clinical disability, has been 

ouen invoked but also increasingly recanted. Further study into specific biomarker 

characteris@cs of MS lesions beyond T2 hyperintense signal have yielded improved correla@ons 

with disability, including T1 hypointensity, slowly expanding lesions (Ellio=, Belachew, et al., 

2019; Ellio=, Wolinsky, et al., 2019), paramagne@c rim lesions (Tozlu, Jamison, Nguyen, et al., 

2021), focal diffusion tensor signals such as MD (Klistorner, Wang, et al., 2018) and mul@-

compartment spherical mean technique values such as intra-neurite volume frac@on 

(Mar�nez-Heras et al., 2020). In addi@on to microstructural biomarkers, modelling of MS lesion 

distribu@on beyond a raw whole brain volume analysis significantly improves the explanatory 

power of MS lesions on disability, with evidence for motor pathway and spinal cord involvement 

(Keegan et al., 2018; Sechi et al., 2020), specific subnetwork (Y. Li et al., 2022; Llufriu et al., 

2017) and whole brain network (Charalambous et al., 2019; Pagani et al., 2019; Tur, Eshaghi, et 

al., 2018) disconnec@on. Microstructural heterogeneity and variance in lesion distribu@on 

therefore account for much of the clinic-radiological paradox. 

 

While MS lesions hinder the propaga@on of streamlines (sec@on 4.2.2) and therefore 

poten@ally impact the accuracy of tractography, this apparent shortcoming may be exploited 

to provide more granular explica@on of the disconnectome. The challenge is how to propagate 

the correct number of streamlines through lesions to accurately reflect underlying axonal loss 

and accurately represent the disconnec@on that is occurring. 

 

The MRtrix3 diffusion MRI analysis package uses an advanced diffusion model (CSD), which is 

able to model mul@ple fibre orienta@ons within a single voxel and accurately model crossing 

fibre bundles (Tournier et al., 2019). The whole brain tractogram pipeline developed within 

MRtrix3 computes FODs for each voxel and then generates voxel to voxel streamlines. The 

MRtrix3 probabilis@c tractography algorithm uses a FOD amplitude and angular threshold as 
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well as anatomically constrained tractography (ACT) to accurately limit streamline propaga@on. 

For the default second order integra@on probabilis@c tractography method (iFOD2) u@lised in 

MRtrix3 (Tournier et al., 2010), the default FOD amplitude threshold is 0.1, reduced to 0.05 

when combined with ACT, and the angular threshold is 45°. Lipp et al. found that, with these 

parameters, the average peak FOD amplitude along the direc@on of streamline tangents was 

not different between voxels of lesions and those of normal appearing white ma=er (Lipp et 

al., 2020), however this is likely to be an insensi@ve measure due to averaging. In addi@on, the 

high rate of spurious or false posi@ve streamlines (albeit without ACT) stemming from MS 

lesions at this amplitude and angular threshold make these parameters unsuitable. While one 

could increase the FOD amplitude threshold to be=er capture lesion related diffusion changes, 

the impact of this change on white ma=er tract construc@on in non-pathological NAWM, and 

connectome graph theory metrics of interest, is not well defined. The guidance on threshold 

choice given by Jeurissen et. al. suggested a lower threshold level at which false posi@ve 

orienta@ons were reduced, but as shown in the extracted Figure 4.2, no upper threshold level 

is obvious as there is no stability across threshold values that maintains equal distribu@on of 

white ma=er voxels that contain 1, 2 or 3 fibre orienta@ons (Jeurissen et al., 2013). However 

up to a threshold of 0.15 the number of voxels without resolved fibre orienta@ons is negligible, 

and there s@ll exists a high number of mul@-fibre orienta@on voxels, making this value a 

reasonable upper bound to inves@gate. 
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Figure. 4.2. Extracted and adapted from Jeurissen et. al., shows the effect 

of FOD amplitude threshold change on the percentage of WM voxels 

modelling 1, 2 or 3 fibre orientaCons (Jeurissen et al., 2013). 

 

This study explores an FOD amplitude threshold that would simultaneously maintain good 

network construc@on through stability of graph theory metrics, whilst be=er modelling the 

destruc@veness of MS lesions by reducing lesional streamline density. 
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4.2.2 Methods 

 

10 healthy controls subjects and 10 pwMS stable on disease modifying therapy underwent MR 

scanning at a single @mepoint. MR scans were acquired on a 3T GE MR750 (General Electric, 

Milwaukee, WI, USA), using a mul@-channel head and neck coil. The following sequences were 

acquired: 3D Fluid-A=enuated Inversion-Recovery (FLAIR); (TE/TI/TR=120/2100/8500 ms; 

1.2mm isotropic acquisi@on matrix; flip-angle=90o; ETL=24); 3D high resolu@on T1-WI (T1) 

using fast spoiled gradient echo (FSPGR) with magne@za@on-prepared inversion recovery (IR) 

pulse (TE/TI/TR=3.2/900/8.2 ms; 1mm isotropic acquisi@on matrix; flip-angle=10o) before and 

auer (pwMS) gadolinium contrast; axial Diffusion weighted imaging (DWI) (TE/TR=82/8325 ms) 

with diffusion b-value = b=1000s/mm2 in 64 direc@ons with each direc@on containing 68 slices 

in 2mm thickness to cover the en@re brain (with addi@onal two b0 imaging at the start of the 

DWI acquisi@on), 256mm FOV and 128x128 matrix with 100% phase FOV; and addi@onal b0 

blip-up and blip-down reference data, acquired to correct for DWI image distor@on. 

 

DWI data were pre-processed with denoising, Gibb’s ringing removal, and B1 field 

inhomogeneity correc@on u@lising MRtrix3 standard pre-processing pipeline (Tournier et al., 

2019). Suscep@bility distor@ons were corrected u@lising reversed polarity phase encoding 

(“blip up” and “blip down”) EPI sequences and combined with eddy correc@on with FSL tools 

implemented within the MRtrix3 souware pla�orm (Andersson et al., 2003; S. M. Smith et al., 

2004; Tournier et al., 2019). The result was interpolated to 1mm3 resolu@on. Single-Shell 3-

Tissue CSD (SS3T-CSD) was performed to obtain WM-like FODs as well as GM-like and CSF-like 

compartments in all voxels using MRtrix3Tissue (h=ps://3Tissue.github.io), a fork of MRtrix3. 

Mul@-@ssue informed log-domain intensity normalisa@on was then undertaken to normalise 

@ssue components corrected for the effects of intensity inhomogenei@es between subjects 

(Dhollander et al., 2021; D. Raffelt et al., 2017; Tournier et al., 2019). 

 

T1 and FLAIR sequences were co-registered to diffusion space using linear registra@on with 

FLIRT (Jenkinson et al., 2002) from FSL; and checked for quality assurance. In subjects with MS, 

T2 white ma=er lesions were segmented via an automated in house algorithm u@lising a dual 

path U-net convolu@onal neural network (Cabezas et al., 2021; Ma et al., 2022) and checked 

for accuracy. A 5-@ssue-type (5TT) image was created (R. E. Smith et al., 2012) by first running 
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Freesurfer recon-all on the registered T1 sequences to segment cor@cal grey ma=er, sub-

cor@cal grey ma=er, CSF and white ma=er @ssue (Fischl, 2012). The Hybrid Surface and Volume 

Segmenta@on (tckgen hsvs) algorithm was used to create the 5TT image u@lising Freesurfer 

and FIRST FSL func@ons (Ardekani & Bachman, 2009; Fischl, 2012; Patenaude et al., 2011; R. 

Smith et al., 2020; R. E. Smith et al., 2012). The 5TT mask used by ACT provides boundaries that 

dictate criteria for streamline propaga@on or termina@on within five different @ssue types. In 

order to best represent the pathophysiology of MS lesions, segmented T2 MS lesions were 

classified as “white ma=er” within the 5TT image in order to allow termina@on and rejecBon 

of streamlines should they fail the FOD amplitude and angular criteria within lesions (R. E. Smith 

et al., 2012). 

 

Whole-brain tractography was undertaken for each healthy control subject using the iFOD2 

probabilis@c tractography algorithm to produce 10 million streamlines with the following 

parameters: default step size, default angle threshold of 45°, dynamic seeding u@lising the SIFT 

model (R. E. Smith et al., 2015a) and ACT (R. E. Smith et al., 2012). The FOD amplitude threshold 

was tested at 5 different values between the default value of 0.05 and the upper limit of 0.15, 

as informed by the discussion in sec@on 4.2.3.1. FOD amplitude thresholds of 0.05, 0.08, 0.10, 

0.13 and 0.15 were chosen, yielding 5 different tractograms for each subject. SIFT2 analysis 

was undertaken on each tractogram to weight each streamline to match the underlying fixel-

wise fibre densi@es (R. E. Smith et al., 2015a), and subsequent SIFT2 weigh@ngs, and the final 

value of SIFT propor@onality coefficient mu, were used to create tract density imaging 

(Calamante et al., 2010, 2012). The final whole brain connectome matrices for each FOD 

amplitude threshold were then calculated with tck2connectome (R. E. Smith et al., 2015b) 

using the SIFT2 weigh@ngs for each subject. The Desikan Killiany (Desikan et al., 2006) atlas was 

implemented in Freesurfer (Fischl, 2012) with 84 cor@cal and subcor@cal regions, but including 

an extra region of the lower brainstem to capture spinal cord projec@ons, resul@ng in an 85 x 

85 connec@vity matrix. 

 

The connectomes were analysed using the Brain Connec@vity Toolbox implementa@on within 

MATLAB h=ps://sites.google.com/site/bctnet/home (Rubinov & Sporns, 2010) by calcula@ng 

graph theory metrics of interest, including community structure and clustering such as 
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transi@vity, clustering coefficient and efficiency/diffusion proper@es such global and local 

efficiency (Sporns, 2018). 

 

A measure of the degree of lesion damage was calculated using the T1 image hypo-intensity as 

this has been shown to be a robust marker of axonal loss within MS lesions (Ellio=, Belachew, 

et al., 2019; Filippi et al., 2012; van Waesberghe et al., 1999; van Walderveen et al., 1998). To 

achieve this, the T1 intensity measurement was normalised within and between subjects via 

N3 bias correc@on using the Freesurfer wrapper command mri_nu_correct.mni (Sled et al., 1998) 

followed by the Freesurfer command mri_normalize (Dale et al., 1999), which imposes a hard 

ceiling effect on the white ma=er peak found, crea@ng a homogenous T1 intensity at normal 

appearing white ma=er (NAWM) and floor at CSF intensity, as previously described in sec@on 

3.3.2. 

 

Firstly, in order to assess the effect of FOD amplitude criterion increase on normal network 

construc@on in healthy controls, the graph metrics for each FOD amplitude were compared for 

difference via a one-way ANOVA or non-parametric Friedman test according to normality 

tes@ng, with post hoc Dunne=’s or Dunn’s mul@ple comparison’s tes@ng to the default FOD 

amplitude of 0.05.  

 

Secondly, in order to assess the effect of FOD amplitude criterion on MS lesion streamline 

propaga@on, mean individual lesion tract density and mean T1 intensity values were calculated 

using FSL (S. M. Smith et al., 2004) from co-registered T2 lesion masks. Pearson’s or Spearman’s 

correla@ons were processed for T2 hyperintense lesions in all MS subjects depending on 

normality tes@ng. Gadolinium-enhancing lesions were excluded so as to limit the analysis to 

chronic lesions. Lesions with a volume of less than 10mm3 were excluded in order to reduce 

the impact of par@al voluming. All analysis done was performed using GraphPad Prism 9 for 

MacOS, GraphPad Souware, San Diego, California USA, www.graphpad.com. 
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4.2.3 Results 

 

The graph metrics of global efficiency, transi@vity, leu and right thalamic local efficiency and 

clustering coefficient were calculated for each healthy control subject, across each FOD 

amplitude threshold test of 0.05, 0.08, 0.10, 0.13 and 0.15. All datasets passed normality 

tes@ng using D’Agos@no & Pearson and Shapiro-Wilk methods. Subsequent paired one-way 

ANOVA was performed to compare the effect of changing FOD amplitude threshold on each 

graph metric. One-way ANOVA revealed that there was a sta@s@cally significant difference in 

global efficiency, leu thalamic clustering coefficient and local efficiency and right thalamic 

clustering coefficient between at least two FOD amplitude groups, but not transi@vity and right 

thalamic local efficiency as outlined in Table 4.1.  

 

 
Global 

efficiency 
Transitivity 

Left thal. 

clustering 

coefficient 

Right thal. 

clustering 

coefficient 

Left thal. 

local 

efficiency 

Right thal. 

local 

efficiency 

One-way ANOVA 

F (dfn, dfd) 

 

F (1.077, 

9.696) = 

133.7 

F (1.645, 

14.81) = 

3.413 

F (1.939, 

17.45) = 

61.13 

F (1.508, 

13.57) = 

19.76 

F (2.443, 

21.99) = 

41.04 

F (1.166, 

10.50) = 

0.7467 

P value p<0.001 p=0.07 p<0.001 p<0.001 p<0.001 p=0.43 

Dunnett’s multiple 

comparisons test 

(0.05 vs 0.15) 

Mean difference 

0.05132 N/A 0.03590 0.03585 0.01538 N/A 

P value p<0.001 N/A p<0.001 p=0.009 p<0.001 N/A 

Table 4.1.  

 

Dunne=’s mul@ple comparisons test found that the mean value of global efficiency, leu 

thalamic clustering coefficient and local efficiency and right thalamic clustering coefficient was 

significantly different between FOD amplitude 0.05 and FOD amplitude 0.15, but there were 

no significant differences between the other FOD amplitude thresholds tested. 
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Figure 4.3. 

 

112 MS T2 lesions from 10 pwMS had mean tract density calculated for each FOD amplitude 

threshold, excluding 0.15 as this was not a desirable threshold due to poor performance in 

maintaining network graph metrics. All datasets passed normality tes@ng using D’Agos@no & 

Pearson and Shapiro-Wilk methods. Mean lesional T1 hypointensity and tract density were 

correlated using Pearson’s correla@on, for each FOD amplitude threshold, with results shown 

in Table 4.2. 

 
 

T1 vs. 0.05 T1 vs. 0.08 T1 vs. 0.10 T1 vs. 0.13 

R 0.2600 0.5519 0.6172 0.6213 

95% confidence interval 0.07821 to 0.4250 0.4081 to 0.6689 0.4874 to 0.7202 0.4925 to 0.7235 

R2 0.06760 0.3046 0.3809 0.3860 

P value 0.006 <0.001 <0.001 <0.001 

Table 4.2. 

 



 145 

The sca=erplots of each correla@on are shown below in Figure 4.4. with regression lines fi=ed. 

 

 
Figure 4.4. 
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4.2.4 Discussion 

 

In this study, we analysed the effect of varying FOD amplitude thresholds on graph metrics of 

interest and resultant intralesional streamline genera@on. The paired one-way ANOVA found 

that the distribu@ons of these graph metrics in healthy controls were significantly different 

when using a FOD threshold of 0.15 compared to the default values of 0.05 with ACT. Our 

findings suggest that there exists a prac@cal threshold for increasing FOD thresholding. Beyond 

this threshold of 0.13, we observed a sharp decline in the network structure. However, we also 

observed that the graph metrics measured remained stable when the FOD amplitude was 

below this threshold value. This was evident for global metrics of efficiency as well as local 

metrics of community structure around the central node of the thalamus, sugges@ng this 

threshold is relevant to both whole-brain and regional network construc@on. 

 

Increasing the FOD amplitude threshold improved the correla@on of intra-lesional tract density 

with T1 hypointensity at each level. Notably the default level of 0.05 had a poor correla@on of 

intra-lesional tract density with T1 hypointensity and likely does not stop many streamlines 

through MS lesions, similar to what has been shown elsewhere (R. E. Smith, Calamante, 

Gajamange, et al., 2020). Increasing values increased the strength of the correla@on but there 

was a ceiling effect evident with minimal difference between 0.10 and 0.13. 
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Figure 4.5. Pearson’s R correlaCon strength of increasing 

FOD amplitude thresholds showing an evident ceiling 

effect. 

 

Analysis of an example subject, shown in Figures 4.6. – 4.8., reveals a notable drop out of T1 

signal and FOD amplitude in the lateral aspect of the T2 lesion in the leu frontal lobe. The 

streamline construc@on with FOD amplitude thresholds of 0.05 and 0.13 are respec@vely 

shown side by side, illustra@ng a clear reduc@on in streamline construc@on at the 0.13 

threshold. This is also seen in the TDI mapping (see arrow), which be=er corresponds to the T1 

hypointensity seen. 
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Figure 4.6. MS lesion in the le8 frontal lobe adjacent to the genu of the corpus callosum; Top le8 FLAIR T2 

hyperintensity; Top right T1 hypointensity; BoDom le8 T1 overlaid with FODs; BoDom right close-up of 

lesion T1 with overlaid FODs. Arrow shows the lower T1 signal in the lateral aspect of the lesion. 

 

  
Figure 4.7. Streamline tractogram at FOD amplitude threshold 0.05 (lei) and 0.13 (right). 
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Figure 4.8. TDI at FOD amplitude thresholds of 0.05 (lei) and 0.13 (right). The arrows show the difference in 

tract density at the lateral porCon of the lesion. 

 

The poor performance of the MRtrix3 default 0.05 FOD amplitude threshold has implica@ons 

for several studies that have used this in their tractography pipeline. For instance, 

Charalambous et al. used this default FOD amplitude threshold in studies (Charalambous et al., 

2019, 2020) inves@ga@ng network structure in MS and its correla@on with disability. However 

the use of the default FOD amplitude threshold and SIFT2 likely undervalued the disconnec@on 

as a result of MS white ma=er lesions, notwithstanding the significant findings of the studies. 

 

A clear limita@on of this study, and a ma=er yet to be resolved in the literature, is the use of 

the SIFT2 algorithm in its original published form, for modelling trunca@ng pathology. The use 

in this study was unavoidable given the inherent requirement for filtering algorithms on 

tractograms. The poten@al inaccuracies develop from the fact that streamlines passing through 

pathological @ssue will be overweighted, as their so called “weakest link” is averaged across the 

streamline length. The reduc@on in streamline number that would be expected given the more 

stringent FOD amplitude threshold criterion used, will be somewhat countered by the SIFT2 

algorithm that will increase the weigh@ng of the resultant fewer streamlines (Zalesky, Sarwar, 

& Kotagiri, 2020). Despite this we did see a clear difference in tract density and be=er 

correla@on with T1 hypo-intensity in MS lesions with the higher FOD amplitude threshold 

sugges@ng that this approach was s@ll an improvement on default sesngs when applied to MS 

disconnectome modelling. Further study into the u@lity of modulated SIFT2 algorithm, 

including incorpora@ng the approach from sec@on 3.3, in this dataset would be of interest. 
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Finally, it is unlikely that the FOD threshold value chosen with this method will be generalisable 

across all MR datasets with different diffusion weighted sequences, such as higher b-values. 

Our dataset here u@lised a single shell acquisi@on protocol with rela@vely low b-value, albeit 

with a HARDI (high angular resolu@on diffusion imaging) procedure of 64 direc@ons and u@lised 

the SS3T CSD method to es@mate FODs. A more robust mul@-shell acquisi@on and CSD method 

might improve the current trade-off between global network reconstruc@on and focal lesional 

streamline dropout. 

 

4.2.5 Conclusion 

 

Increasing the FOD amplitude threshold criteria for streamline tracking can improve the 

accuracy of underlying streamline modelling in pathological MS white ma=er without impairing 

global network construc@on. 
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4.3 A longitudinal study of diffusion-based disconnectome modelling as a biomarker for 

progressive mul@ple sclerosis 

 

4.3.1 Introduc@on 

 

Clustering and community structure refer to the degree to which nodes tend to form clusters 

or subgroups within a network and the topology with which these are formed. Network metrics 

that describe community structure include the clustering coefficient, local efficiency, 

transi@vity and modularity. Clustering, and the closely related transi@vity, describe the amount 

of connec@on between nodes that have a common neighbour. This phenomenon is frequently 

observed in many real-world networks, including the brain's connectome. Seminal studies have 

shown that structural and func@onal cerebral networks are organised into a highly efficient 

small world structure (Bullmore & Sporns, 2009; Rubinov & Sporns, 2010). Local 

neighbourhood clustering, as measured by the clustering coefficient and transi@vity, is a key 

feature of small world topography in the brain (Heuvel & Sporns, 2013), which minimises the 

number of long range connec@ons and improves the efficiency of informa@on propaga@on 

(Achard & Bullmore, 2007; Sporns & Kö=er, 2004). Clustering has been shown to mediate a 

variety of systems that require func@onal specialisa@on (Passingham et al., 2002) and 

integra@on (Friston, 2002), key features of central structures such as the thalamus.  

 

The clustering coefficient is defined as the frac@on of possible connec@ons among its 

neighbours that are actually present in the network. In graph theory nota@on, the clustering 

coefficient is defined as follows: 

 

𝐶$ 	= 	
(2	 ×	𝑛%(𝑣))
=𝑘$	(𝑘$ − 1)@

	= 	
number	of	actual	connections	between	the	neighbours	of	node	v

total	number	of	possible	connections	between	the	neighbours	of	node	v
 

 

where 𝐶$ represents the clustering coefficient of node v, 𝑛%(𝑣) is the number of edges 

connec@ng the neighbours of node v and 𝑘$ is the number of neighbours of node v, or the 

degree of node v. (Dubitzky et al., 2013) 
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The clustering coefficient can have values between 0 and 1, taking the value of 1 if all of a nodes 

neighbours are connected to each other, and 0 if none of a nodes neighbours are connected to 

each other, as shown. 

 
Figure 4.9 RepresentaCons of different clustering coefficients (𝐶!) for node v shown. Adapted from (Dubitzky et 

al., 2013) 

 

To achieve a global measure of clustering, the mean clustering coefficient is usually normalised 

individually for each node and may therefore be dispropor@onately influenced by nodes with a 

low degree. Transi@vity, on the other hand, is a similar clustering metric but is normalised 

collec@vely and therefore does not suffer from this bias (Rubinov & Sporns, 2010). Transi@vity 

is defined as the frac@on of the number nodes making up triangles to the total number of 

triplets in the whole brain. 

 

The iden@fica@on of clustering and community structure in the cerebral network provides novel 

insights into the underlying neuropathology of MS. For example, previous studies have 

reported reduced clustering and disrupted community structure in pa@ents with MS compared 

to healthy controls, indica@ng a breakdown in the normal pa=erns of connec@vity in the brain, 

as well as lower degrees of global clustering in progressive MS in comparison to relapsing MS, 

sugges@ng a poten@al contribu@on to disability (Charalambous et al., 2019). Addi@onally, the 

degree of clustering and community structure has been shown to be associated with clinical 

measures of disease severity, such as EDSS and cogni@ve performance (Cho et al., 2022; Lopez-

Soley et al., 2020).  
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The thalamus has been implicated as mediator and biomarker of disability in MS. Selec@ve 

atrophy of the thalamus has been found in the earliest stages of MS (Levy et al., 2022) with 

persistence throughout disease (Azevedo et al., 2018). The u@lity of thalamic atrophy as a 

biomarker for disability progression has been confirmed, with correla@ons found with 

informa@on processing speed (Naghavi et al., 2023), cogni@on (Engl et al., 2020) and walking 

speed (Nourbakhsh et al., 2016; Tsagkas et al., 2021). Several differing mechanisms of thalamic 

atrophy have also been explored, including intrathalamic demyelina@ng lesions (Kipp et al., 

2015), wallerian/retrograde degenera@on in connected thalamic white ma=er tracts (Weeda 

et al., 2020), ependymal/CSF boundary gradient degenera@on (Magliozzi et al., 2022) and iron 

accumula@on (Burgetova et al., 2022; Pon@llo et al., 2021). The central importance of the 

thalamus as a hub within the wider connectome has been highlighted (Schoonheim et al., 

2022) with several lines of enquiry finding associa@ons between thalamic connec@vity and 

disability, including anatomical connec@vity mapping (Bozzali et al., 2013) and thalamic 

func@onal connec@vity with the wider sensorimotor network (Schoonheim, Pinter, et al., 2021). 

Thalamic atrophy has a been explored as a secondary endpoint in pharmaceu@cal trials given 

it's clear importance in MS pathophysiology (Arnold, Sprenger, et al., 2022). 

 

In this study we used a refined model of diffusion-based network construc@on to further 

explore community structure and thalamic connec@vity, in par@cular the poten@al differences 

between relapsing and progressive MS, as well as their usefulness for describing and predic@ng 

progressive disability in MS. 
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4.3.2 Methods 

 

A total of 75 par@cipants were recruited from a single MS centre, including 54 pwMS and 21 

healthy controls. Among the pwMS group, there were 24 subjects with primary or secondary 

progression who had not experienced disease ac@vity for at least 24 months, while the 

remaining 30 individuals had relapsing mul@ple sclerosis stable on disease modifying therapy. 

All par@cipants underwent clinical and radiological assessments for a period of 24 months. 

 

The clinical evalua@on incorporated relapse ac@vity, the expanded disability status scale (EDSS), 

the symbol digit modali@es test (SDMT), the nine-hole peg test (9HPT), and the @med 25-foot 

walk test (T25FW). To determine the mul@ple sclerosis func@onal composite (MSFC), the 9HPT, 

SDMT, and T25FW were employed, as previously described (Drake et al., 2010; Fischer et al., 

1999) by calcula@ng z-scores based on the subject popula@on, as well as combining the scores 

of the 9HPT from both the leu and right arms. 

 

MR scans were acquired on a 3T GE MR750 (General Electric, Milwaukee, WI, USA), using a 

mul@-channel head and neck coil. The following sequences were acquired: 3D Fluid-A=enuated 

Inversion-Recovery (FLAIR); (TE/TI/TR=120/2100/8500 ms; 1.2mm isotropic acquisi@on matrix; 

flip-angle=90o; ETL=24); 3D high resolu@on T1-WI (T1) using fast spoiled gradient echo (FSPGR) 

with magne@za@on-prepared inversion recovery (IR) pulse (TE/TI/TR=3.2/900/8.2 ms; 1mm 

isotropic acquisi@on matrix; flip-angle=10o) with pwMS also undergoing post gadolinium 

sequences; axial Diffusion weighted imaging (DWI) (TE/TR=82/8325 ms) with diffusion b-value 

= b=1000s/mm2 in 64 direc@ons with each direc@on containing 68 slices in 2mm thickness to 

cover the en@re brain (with addi@onal two b0 imaging at the start of the DWI acquisi@on), 

256mm FOV and 128x128 matrix with 100% phase FOV; and addi@onal b0 blip-up and blip-

down reference data, acquired to correct for DWI image distor@on. 

 

DWI sequences were pre-processed with denoising, Gibb’s ringing removal, and B1 field 

inhomogeneity correc@on u@lising MRtrix3 standard pre-processing pipeline (Tournier et al., 

2019). Suscep@bility distor@ons were corrected u@lising reversed polarity phase encoding 

(“blip up” and “blip down”) EPI sequences and combined with eddy correc@on with FSL tools 

implemented within the MRtrix3 souware pla�orm (Andersson et al., 2003; S. M. Smith et al., 
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2004; Tournier et al., 2019). The result was interpolated to 1mm3 resolu@on. Single-Shell 3-

Tissue CSD (SS3T-CSD) was performed to obtain WM-like FODs as well as GM-like and CSF-like 

compartments in all voxels using MRtrix3Tissue (h=ps://3Tissue.github.io), a fork of MRtrix3. 

Mul@-@ssue informed log-domain intensity normalisa@on was then undertaken to normalised 

@ssue components corrected for the effects of intensity inhomogenei@es between subjects 

(Dhollander et al., 2021; D. Raffelt et al., 2017; Tournier et al., 2019). 

 

The T1 and FLAIR sequences were registered to the diffusion space through linear registra@on 

using FLIRT from FSL (Jenkinson et al., 2002), and were subsequently verified for quality. In 

subjects with MS, automated segmenta@on of T2 white ma=er lesions was performed using a 

dual path U-net convolu@onal neural network (Cabezas et al., 2021; Ma et al., 2022), and the 

results checked for quality assurance. A 5TT image was generated by first u@lizing Freesurfer 

recon-all on the registered T1 sequences to segment cor@cal grey ma=er, sub-cor@cal grey 

ma=er, cerebrospinal fluid, and white ma=er @ssue (Fischl, 2012). The Hybrid Surface and 

Volume Segmenta@on (tckgen hsvs) algorithm was then u@lized with Freesurfer and FIRST FSL 

func@ons to create the 5TT image (Ardekani & Bachman, 2009; Fischl, 2012; Patenaude et al., 

2011; R. Smith et al., 2020; R. E. Smith et al., 2012). This 5TT image provided @ssue type 

boundaries that dictate criteria for streamline propaga@on or termina@on within five dis@nct 

@ssue types. To best represent the pathophysiology of MS lesions, segmented T2 MS lesions 

were classified as "white ma=er" within the 5TT image, thereby enabling the rejec@on of 

streamlines that failed to meet the FOD amplitude and angle criteria within lesions (R. E. Smith 

et al., 2012). 

 

Whole-brain tractography was undertaken for each subject using the iFOD2 probabilis@c 

tractography algorithm to produce 10 million streamlines with the following parameters: 

default step size, default angle threshold of 45°, dynamic seeding u@lising the SIFT model (R. E. 

Smith et al., 2015a) and ACT (R. E. Smith et al., 2012). The FOD amplitude threshold of 0.13 

was used as informed by the experimenta@on in sec@on 4.2. The implementa@on of this 

amplitude threshold enhances the precision of streamline modelling in diseased MS white 

ma=er while having no detrimental effect on global network construc@on. 
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The final whole brain connectome matrices were then calculated with tck2connectome (R. E. 

Smith et al., 2015b) using the SIFT2 weigh@ngs for each subject. The Desikan Killiany (Desikan 

et al., 2006) atlas was implemented in Freesurfer (Fischl, 2012) with 84 cor@cal and subcor@cal 

regions, but including an extra region of the lower brainstem to capture spinal cord projec@ons, 

resul@ng in an 85 x 85 connec@vity matrix. 

 

The connectomes were analysed using the Brain Connec@vity Toolbox implementa@on within 

MATLAB h=ps://sites.google.com/site/bctnet/home (Rubinov & Sporns, 2010), by calcula@ng 

the graph theory metrics global assorta@vity, transi@vity and mean modularity as well as local 

thalamic clustering coefficient, efficiency and strength. In addi@on, the inferiofrontal-thalamic 

edge strength, found to be associated with walking disability in sec@on 3.4.4.1, was again 

calculated. 

 

At the baseline @mepoint, inter-group differences in community structure graph metrics were 

analysed using a one-way ANOVA or non-parametric Kruskal-Wallis, depending on normality 

tes@ng. Post-hoc Tukey or Dunn's mul@ple comparison tes@ng was performed between each 

group. Addi@onally, par@al Pearson's correla@ons were conducted between community 

structure graph metrics and clinical metrics (EDSS, 9HPT, T25FW, SDMT, and MSFC) at baseline, 

while controlling for disease course, disease dura@on, age, whole brain T2 lesion volume, and 

whole brain volume. 

 

To inves@gate the compara@ve change in community network structure over @me, intra-group 

metrics were analysed over 24 months with student’s t-test, and inter-group difference 

analysed with one way ANOVA and post hoc Dunne=’s T3 mul@ple comparisons tes@ng. 

 

To inves@gate the contribu@ons of network disconnec@on to progressive disability, changes in 

graph metrics were correlated with changes in clinical measurements over a 24-month period 

via par@al Pearson's correla@ons, while controlling for disease course, disease dura@on, age, 

whole brain T2 lesion volume, and whole brain volume. 

 

Finally, a logis@c regression model was developed to examine the predic@ve value of network 

metrics in disability progression. The model included network metrics as covariates and MSFC 
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progression as the outcome variable. Sta@s@cs were performed using GraphPad Prism version 

9.5.0 (h=ps://www.graphpad.com/) and Jamovi version 2.3.21 (h=ps://www.jamovi.org/). 
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4.3.3 Results 

 

Datasets of assorta@vity, transi@vity, inferior-frontal to thalamic strength and thalamic 

clustering coefficient passed D'Agos@no & Pearson test and Shapiro-Wilks normality tes@ng, 

whereas mean modularity and thalamic strength did not. One-way ANOVA with post hoc Tukey 

mul@ple comparison tes@ng as well as Kruskal-Wallis with post hoc Dunn’s was performed for 

the appropriate datasets. 

 

4.3.3.1 Cross-sec@onal 

 

Baseline global community structure network metrics were analysed between the groups HC, 

RMS - PMS. ANOVA tes@ng compared the means of HC, RMS and PMS groups on assorta@vity, 

F(2, 72) = 2.793, p=0.0679, without significant difference found. ANOVA tes@ng comparing 

means of HC, RMS and PMS groups on transi@vity, F (2, 72) = 12.15, p<0.001, with post-hoc 

Tukey's HSD test revealing that the mean difference between HC - PMS was significant (p<0.001) 

as was the mean difference between RMS - PMS (p<0.001), but not between HC - RMS (p=0.57). 

Kruskal-Wallis test comparing HC, RMS and PMS groups on mean modularity, H=8.395 df=2, 

p=0.02, with post-hoc Dunn’s test revealing that the mean rank difference between HC - PMS 

was significant (p=0.01), but not between RMS - PMS (p=0.21) nor HC - RMS (p=0.61). 

 

 
Figure 4.10. 
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With regard to baseline thalamic connec@vity and clustering, Kruskal-Wallis test comparing HC, 

RMS and PMS groups on leu thalamic strength, H=10.39 df=2, p=0.006, with post-hoc Dunn’s 

test revealing that the mean rank difference between RMS - PMS was significant (p=0.006), but 

not between HC - PMS (p=0.05) nor HC - RMS (p=0.99). Right thalamic strength comparison 

showed significant mean rank differences between the groups on Kruskal Wallis tes@ng, 

H=9.755 df=2, p=0.008, with post-hoc Dunn’s test revealing that the mean rank difference 

between RMS - PMS was significant (p=0.009), but not between HC - PMS (p=0.07) nor HC - RMS 

(p=0.99). ANOVA tes@ng comparing means of HC, RMS and PMS groups on leu inferiofrontal-

thalamic strength, F(2, 72) = 7.284, p=0.001, with post-hoc Tukey's HSD test revealing that the 

mean difference between HC - PMS was significant (p=0.03) as was the mean difference 

between RMS - PMS (p=0.001), but not between HC - RMS (p=0.64). ANOVA tes@ng comparing 

means of HC, RMS and PMS groups on right inferiofrontal-thalamic strength, F(2, 72) = 12.77, 

p<0.001, with post-hoc Tukey's HSD test revealing that the mean difference between HC - PMS 

was significant (p=0.02) as was the mean difference between RMS - PMS (p<0.001), but not 

between HC - RMS (p=0.62). ANOVA tes@ng compared means of HC, RMS and PMS groups on 

leu thalamic clustering coefficient, F(2, 72) = 1.448, p=0.24, with post-hoc Tukey's HSD test 

revealing that there was no significant  mean difference between HC - PMS (p=0.23), RMS - PMS 

(p=0.47), nor HC - RMS (p=0.81). ANOVA tes@ng compared means of HC, RMS and PMS groups 

on right thalamic clustering coefficient, F(2, 72) = 0.6982, p=0.50, with post-hoc Tukey's HSD 

test revealing that there was no significant  mean difference between HC - PMS (p=0.95), RMS 

- PMS (p=0.49), nor HC - RMS (p=0.72). 
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Figure 4.11. 

 

Par@al Pearson correla@ons were calculated between baseline graph metrics and clinical 

metrics, controlling for disease course, disease dura@on, age, whole brain T2 lesion volume, 

and whole brain volume. This found transi@vity to be correlated with 1/9HPT (r=0.296, 

p=0.02), SDMT (z-score) (r=0.316, p=0.015) and MSFC (z-score) (r=0.271, p=0.033) (see 

Figure. 4.12). Leu and right thalamic local efficiency correlated with SDMT (z-score) (leu 

r=0.395, p=0.003; right r=0.320, p=0.014) and MSFC (z-score) (leu r=0.235, p=0.047*; right 

r=0.366, p=0.006). The combined average thalamic local efficiency across sides also 

correlated posi@vely with SDMT (z-score) (r=0.385, p=0.008). All significant correla@ons were 

maintained through Bonferroni correc@ons for mul@ple comparisons, except leu thalamic local 

efficiency with MSFC (marked with *). 
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Fig. 4.12. 

 

4.3.3.2 Longitudinal 

 

Change in transi@vity over 24 months was compared between the groups (see Fig. 4.13.). A 

one-way ANOVA F(2,48.01) = 18.07, p<0.001, with post hoc Dunne=’s T3 mul@ple comparisons 

test found a significant difference in mean change over 24 months between HC - RMS (p=0.32), 

HC - PMS (p<0.001) and RMS - PMS (p=0.001). One sample t-test revealed significant change in 

transi@vity over the 24 months for the RMS cohort (M = -0.01488, SD = 0.02138; t(25)=3.549, 

p=0.002) and the PMS cohort (M = -0.04605, SD = 0.02917; t(21)=7.403, p<0.001) but not the 
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HC cohort which had no significant change in transi@vity over 24 months (M = -0.002058, SD = 

0.01019; t(20)=0.9257, p=0.37), as shown in Fig. 4.13. 

 

Assorta@vity and mean modularity showed no significant change over 24 months in any 

cohort. 

 

 
Fig. 4.13. 
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Par@al Pearson’s correla@ons were calculated between the change in community network 

measures and clinical metrics over 24 months, corrected for disease course, disease dura@on, 

age, whole brain T2 lesion volume, and whole brain volume. Change in right inferior frontal – 

thalamus strength was posi@vely correlated to change in T25FW (z-score) (r=0.392, p=0.041) 

over 24 months. Inves@ga@ng the sca=er plot showed the major contribu@on to the correla@on 

was from the RMS cohort (see Fig.14.). Separa@ng the groups the RMS cohort had a par@al 

correla@on of r=0.354, p=0.009, whilst the PMS par@al correla@on was r=0.091, p=0.748. 

 
Fig. 4.14. 

 

No other correla@ons were significant between the change in community network measures 

and clinical metrics over 24 months, including mean modularity and transi@vity. 

 

A logis@c regression model was developed to examine the predic@ve value of network metrics 

in disability progression. A model including baseline EDSS, whole brain T2 lesion volume, 

combined thalamic strength and combined thalamic clustering coefficient (Table 4.3) 

outperformed a model of baseline EDSS, disease dura@on, disease course and non-network 

MRI metrics (whole brain T2 lesion volume, whole brain atrophy) in predic@ng progression in 

MSFC at 24 months. Notably transi@vity and mean modularity did not improve the model. 
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Predictor Coefficient (b) aOR (95% CI) p 

Constant 1.032 2.807 (0.06368 to 107.0) 0.58 

Baseline EDSS 0.4793 1.615 (1.134 to 2.465) 0.01 

T2 lesion volume 0.0001033 1.0001 (1.0 to 1.0002) 0.02 

Thalamic clustering coefficient -0.1899 0.827 (0.6841 to 0.9763) 0.05 

Thalamic strength -0.04957 0.949 (0.885 to 0.992) 0.05 

Table 4.3. LogisCc regression table for predicCng progression of MSFC at 24 months 

 

The overall model had a sensi@vity of 89.3% and specificity of 71.4% at a cutoff of 0.49 (see 

Figure 4.15.). The area under the ROC curve was 0.8316 (95% CI 0.7075 to 0.9557) The log-

likelihood ra@o versus the intercept-only model was 16.95 (p value = 0.002) showing 

significance.  

 

This model outperformed the model of factors including disease course (RMS vs PMS), disease 

dura@on, baseline EDSS, T2 lesion volume, normalised whole brain volume with an Akaike 

informa@on criterion (AICc) difference of -4.275. 

 
Fig. 4.15. LogisCc regression model predicCng MSFC progression at 24 months. Lei – distribuCon of predicted 

probabiliCes of stable MSFC and progressed MSFC groups, cutoff value of 0.49 (red doEed line); Right – ROC curve 

area = 0.8316 
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4.3.4 Discussion 

 

In this study we inves@gated the u@lity of community network topology as a longitudinal 

biomarker in MS, using a tractography pipeline adapted for the presence focal white ma=er 

damage due to MS lesions. In summary, several graph theory measures of community structure 

showed specific decline in RMS and PMS compared to HC, which correlated with physical and 

cogni@ve disability and contributed to the predic@on of progression in disability, as measured 

by the MSFC, over 24 months. 

 

Global network metrics of transi@vity and mean modularity describe a unique aspect of 

community network structure, as they explain the topology of the brain network in terms of 

regional modules. These graph metrics have unique poten@al within connectome analysis in 

neuroscience and neuropathology, as they describe aspects of cerebral structure not easily 

appreciated with other methods. In this study, transi@vity was reduced in RMS in comparison 

to HC, and reduced further in PMS, whilst mean modularity was reduced in PMS. This is 

consistent with previous studies that have shown reduced module structure in MS with 

increasing lesion volume (Ravano et al., 2021) and reduced transi@vity in PMS compared to 

RMS (Pagani et al., 2019). The reduc@on in modularity and clustering suggests a dismantling of 

specialised structures in the brain of pwMS. In keeping with this we saw a correla@on of 

transi@vity to upper limb func@on and informa@on processing speed, and in turn the MSFC at 

baseline. This effect was present across both RMS and PMS with moderate correla@on (r ~0.3), 

even auer controlling for confounders that are known to contribute to disability in MS, such as 

age, brain atrophy and T2 lesion volume. Over the 24-month study, transi@vity reduced in RMS 

and PMS cohorts but not HC, showing a gradual decline in community order. Furthermore the 

effect size over 24 months was significantly greater for PMS compared to RMS (see Fig. 4.13.), 

highligh@ng a poten@al specific degenera@ve component of MS. Despite this link to 

neurodegenera@ve phenotypes, transi@vity is unlikely to be confounded by atrophy. Whole 

brain atrophy, with a=endant widespread reduc@ons in nodal strength and streamline density, 

would not reduce transi@vity as per graph theory measurement; nor would the loss of a 

regional node effect transi@vity to any great extent, as it could impact a feature such as 

betweenness centrality (Sporns, 2018). Rather, transi@vity is a measure of the local 
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arrangement of nodes within the graph and change in transi@vity over @me suggests a 

restructuring of the topology as opposed to generalised or local strength reduc@on. 

 

Regional community structure in the form of clustering around the thalamus was not found to 

be significantly different in pwMS compared to HC. However, regional efficiency, in the form of 

thalamic local efficiency, was posi@vely correlated with SDMT. This was evident for both leu and 

right thalami as well as an average between the two, with a moderate correla@on (r=0.385) 

auer controlling for confounders. As previously discussed in sec@on 3.4.4.1, informa@on 

processing speed is likely a func@on of widespread cor@cal disconnec@on with significant 

mediators being highly connected regions such as the thalamus (Marzi et al., 2023; Sandroff et 

al., 2022). Efficiency is the capacity of a graph to pass informa@on via short paths and tends to 

increase with increasing clustering coefficients (Sporns, 2018). Reduc@on in local efficiency of 

a centralised hub such as the thalamus impairs the ability of informa@on to be passed 

economically through its widespread network, explaining a poten@al mechanism for slower 

informa@on processing in MS. 

 

Overall strength of the thalami, i.e. the sum of weighted streamlines connected to the thalami, 

was reduced in PMS compared to RMS for both leu and right thalami, although not in PMS 

compared to HC (0.05 and 0.07 respec@vely). More notable was the dis@nct reduc@on in 

strength between the inferior-prefrontal cortex and thalamus on both sides in PMS. The 

disconnec@on of this edge was found previously (see sec@on 3.4.4.1) to mediate T25FW and 

EDSS in MS. Assessing longitudinal change in connec@vity, right interior-prefrontal cortex - 

thalamus disconnec@on posi@vely correlated with slower walking speed, although this was only 

evident in the RMS cohort (see Fig. 4.14.). This is an interes@ng result given that this connec@on 

lost strength in most of the PMS cohort over the 24 months, but did not correlate with change 

in T25FW, as it did with RMS. This may be explained by the lower baseline T25FW in the PMS 

cohort, or the prevalence of spinal cord disease in pa@ents with PMS pa@ents (Cawley et al., 

2017; Tsagkas et al., 2018), which presumably obscures effect of cerebral network change. The 

replica@on of this connec@on as a mediator of T25FW deserves further a=en@on and 

specifically, the impact of execu@ve func@oning and cogni@on on physical disease parameters. 

Notably, right interior-prefrontal cortex - thalamus disconnec@on was evident at lower EDSS 

levels and in RMS, and was independent of age and disease dura@on, sugges@ng that walking 
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change can be affected by damage to this connec@on in early disease. Walking disability, both 

measured objec@vely and reported by pa@ents, has been described as an early feature of MS, 

even present in CIS (Thrue et al., 2021). Indeed, rates of walking disability in early MS increase 

further when more subtle tes@ng is employed, such as step-step variability (Flegel et al., 2012; 

Kalron et al., 2011). Furthermore, specific challenges in pa@ents with MS are seen with gait-

cogni@ve dual tasking (Kalron et al., 2010), which may be clinically analogous to the 

disconnec@on described here.  

 

Community structure graph metrics and thalamic strength were explored in a logis@c 

regression model to predict progression of MSFC over 24 months. When combining thalamic 

clustering coefficient and thalamic strength with baseline EDSS and T2 lesion volume, the 

model outperformed a model incorpora@ng more classic prognos@c markers such as disease 

course (RMS vs PMS), disease dura@on and normalised whole brain volume. The sensi@vity and 

specificity (89.3%, 71.4% respec@vely) reveal a good predic@ve performance. Improvement in 

predic@ve power with the inclusion of thalamic strength and clustering points to the 

importance of network disconnec@on in disability in MS. Interes@ngly, disease course and 

disease dura@on did not improve the model, highligh@ng the importance of network damage 

to all phenotypes and all stages of the disease. Despite the importance of network metrics, the 

model s@ll benefited from the input of T2 lesion volume, which can be explained by several 

factors. In addi@on to brain func@on being mediated by networks, it is clear that focal damage 

can directly mediate disability as is seen in the CST (Hardy et al., 2016) and spinal cord (Sechi 

et al., 2020), which is poten@ally captured by T2 lesion volume. In addi@on, the network metrics 

used in this model were focused on the thalamus, and would not capture network damage, or 

focal lesion damage, in separate parts of the network. Global network metrics such as 

transi@vity and mean modularity did not contribute to the predic@ve power of the model; T2 

lesion volume was therefore the only metric capable of capturing widespread damage in the 

brain.  

 

A poten@al inaccuracy in this study relates to the measurement of nodal strength, in par@cular 

thalamic strength, as a network marker of interest. Raw streamline counts have been shown to 

be unreliable in a number of circumstances of structural connectome construc@on (Hagmann 

et al., 2008). In this study, the use of FOD normalisa@on (Dhollander et al., 2021), SIFT weigh@ng 
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and dynamic seeding based on the SIFT model (R. E. Smith et al., 2015a) improves the 

distribu@on of reconstructed streamline density and weights the streamlines based on 

underlying fibre density, which allows for inter-subject comparison. Furthermore, in the 

presence of pathological thalamic atrophy in MS, it is uncertain how the variability in thalamic 

size influences streamline tracking. Notably, Schiavi et al. found no associa@on between atrophy 

measures and network metrics in so-called “raw” or unweighted structural connectomes, but 

observed a significant correla@on with T2 lesion volume. The authors concluded that 

topological difference observed in MS from unweighted structural connectomes was due to 

connectome density, which in turn was influenced by T2 lesion volume rather than atrophy 

(Schiavi et al., 2020b). Along with the SIFT approach, this suggests that accurate connectome 

reconstruc@on can be maintained in the presence of atrophy. 

 

A limita@on of this study includes the lack of spinal cord assessment, especially in terms of 

atrophy which has been shown to mediate and predict disability, par@cularly in PMS (Zeydan 

et al., 2018). It would be interes@ng to include spinal cord atrophy in the predic@ve model of 

progression, and to tease out the rela@ve contribu@on of network disconnec@on and spinal 

cord pathology. It is likely, as previously considered, that spinal cord lesions and atrophy mask 

the effect of network disconnec@on on gait and lower limb func@on, but are less likely to affect 

upper limb func@on and unlikely to affect cogni@ve performance. 

 

4.3.5 Conclusion 

 

This study provides evidence for the independent influence of reduced clustering and 

transi@vity topology on disability in MS. In addi@on, thalamic disconnec@on and efficiency loss 

mediates cogni@ve change in MS; and contributes independently to progression of disability 

over 24 months. These findings suggest that these metrics hold promise as poten@al 

biomarkers of disease progression in research sesngs, enabling more accurate monitoring and 

assessment of MS pa@ents' outcomes. 
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4.4 Chapter Summary 

 

This chapter provides a comprehensive explora@on of diffusion-based structural network 

analysis in the context of MS. It begins by introducing the concept of construc@ng white ma=er 

bundles and connectomes in MRI subject space, highligh@ng the advantages this approach 

offers. The chapter also acknowledges the complexi@es and challenges that arise when 

applying tractography to MS and other CNS pathologies characterised by axonal trunca@on. 

 

To address these challenges, the chapter inves@gates the applica@on of a custom FOD 

amplitude threshold in the tractography algorithm. This threshold value was carefully chosen 

to improve the characterisa@on of streamline tract density within MS lesions, but to s@ll 

maintain the ability to resolve mul@ple fibre orienta@ons within each voxel. Through empirical 

inves@ga@on, the study shows that modestly increasing the threshold value enhances the 

accuracy of delinea@ng the tract density within lesions as measured against a marker of axonal 

loss within MS lesions, namely T1 hypointensity. Importantly, this adjustment does not 

compromise the construc@on of the broader connectome in healthy controls, with 

maintenance of global and regional network community structures. This ensures that while the 

adjustment increases the specificity of tractography for MS pathology, it maintains the validity 

and reliability to measure the broader connectome and thus an accurate "disconnectome" 

specific to MS. 

 

In addi@on to exploring the technical advancements in tractography, the chapter also delves 

into the clinical implica@ons of network analysis in MS. A longitudinal study spanning 24 months 

was conducted on a cohort of pa@ents with RRMS and PMS. The study aimed to inves@gate the 

rela@onship between network community characteris@cs and MS disability, as well as to 

iden@fy poten@al markers of disease progression. The analysis yielded compelling results.  

 

The results showed that transi@vity was reduced in RMS compared to HC, and further reduced 

in PMS consistent with previous studies showing reduced module structure and transi@vity in 

MS. Addi@onally, the study found a correla@on between transi@vity and upper limb func@on 

and informa@on processing speed, indica@ng its relevance to MS-related disability. Over the 

24-month period, transi@vity decreased in both RMS and PMS cohorts, but not in HC, 
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highligh@ng a poten@al degenera@ve component specific to MS. Importantly, transi@vity is not 

likely to be affected by brain atrophy, and its change over @me indicates a restructuring of the 

brain network topology rather than a general reduc@on in strength. The longitudinal reduc@on 

in transi@vity provides valuable insights into the temporal evolu@on of network structure in MS, 

sugges@ng a dismantling of specialised brain structures. 

 

It was also shown that thalamic clustering coefficient and thalamic strength contributed 

significantly to predic@ng disability progression with high sensi@vity and specificity. This 

emphasises the role of network disconnec@on in MS-related disability, regardless of disease 

course or dura@on. 

 

Overall, this chapter highlights the need for tailored structural tractography techniques that 

effec@vely incorporate the unique aspects of MS pathology. The findings underscore the 

importance of refining tractography methods specific to MS to overcome the challenges 

associated with axonal trunca@on. Furthermore, the chapter emphasises the significance of 

community structure in network dysfunc@on, offering promising possibili@es as a poten@al 

biomarker for tracking disease progression in MS. The implica@ons of these advancements 

extend beyond research and have the poten@al to influence clinical management. 
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Chapter 5 

Conclusion 
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MRI has been the most widely employed biomarker in MS, with indispensable u@lity in MS 

diagnosis, ongoing clinical assessment, clinical trials and research (Filippi et al., 2016; Giorgio 

& De Stefano, 2018; Mahajan & Ontaneda, 2017). However there is s@ll a need for further 

development of non-invasive biomarkers that can be used for individual assessment as 

opposed to group level markers (Rocca et al., 2021; Steenwijk et al., 2016). This need is 

par@cularly important for PMS, where markers of neurodegenera@on such as atrophy have not 

easily been translated into the clinic (Beadnall et al., 2019; C. Wang et al., 2016), but are 

commonly used as clinical trial endpoints (Arnold, Piani-Meier, et al., 2022). With the 

forthcoming increase in therapeu@c trials for PMS, including those targe@ng remyelina@on 

(Cadavid et al., 2017), inflammatory and non-inflammatory neurodegenera@ve mechanisms 

(Tourbah et al., 2016), reliable biomarkers assessing these mechanisms will be necessary to 

improve clinical trial design and efficiency (Moccia et al., 2017; Ontaneda et al., 2015). 

 

This thesis explored extending the u@lity of dMRI to capture axonal degenera@on and network 

dysfunc@on in MS, including the assessment of poten@al predic@ve or longitudinal biomarkers. 

Each chapter focused on a different aspect of dMRI analysis and introduced novel 

methodologies to inves@gate and characterise processes specific to MS. The findings presented 

in these chapters have significant implica@ons for understanding disease progression and 

iden@fying poten@al biomarkers. 

 

In Chapter 2, a novel method of tractometry was developed to measure the impact of MS 

lesions on white ma=er tracts and iden@fy markers of neurodegenera@on associated with focal 

lesions. The chapter highlighted a method for accurately controlling focal microstructural 

diffusion metrics by using control data from a healthy control atlas. The results revealed an 

increase in RD distal to lesions which was deemed to be the most sensi@ve marker indica@ng 

Wallerian degenera@on in lesional fibres. Addi@onally, a specific biomarker of Wallerian 

degenera@on, characterised by a reduc@on in AD, was iden@fied in progressive MS pa@ents. 

These results support previous evidence that suggests that focal lesions mediate long range 

neurodegenera@on and atrophy in MS (C. Wang et al., 2019). Average pa@ent-wise 

measurement of AD close to lesions was found to contribute to disability in MS, further 

signifying the biomarker as suitable for explora@on in clinical and trial applica@ons. 

 



 173 

Chapter 3 focused on atlas-based network analysis in MS, refining the exis@ng approach of 

previous studies by incorpora@ng disease-specific mechanisms. The chapter demonstrated the 

importance of accurate MRI registra@on in MS, given the heterogeneity of MS pathology 

topology, involving both deep white ma=er and juxta cor@cal lesions. A mul@modal registra@on 

technique incorpora@ng T1, FA, and MD @ssue contrast sequences improved registra@on 

accuracy compared to unimodal techniques. Furthermore, a novel concept of modelling 

cumula@ve damage along streamlines was introduced, proving its u@lity with be=er correla@on 

with func@onal measurements. This method, which used a logis@c transform of summa@ve 

damage along tractography streamlines, outperformed purely binary lesion damage and the 

weakest link hypothesis. This result adds significantly to our understanding of white ma=er 

tract damage and disconnec@on in MS and warrants further explora@on and use in other 

models of CNS disease. 

 

Chapter 3 applied this refined atlas-based tractography approach to a longitudinal cohort of 

MS pa@ents, revealing subnetworks in the basal ganglia and posterior fossa that mediate 

disability and contribute to progressive MS. Reduced modularity was iden@fied as a predictor 

of future disability, highligh@ng its poten@al as a biomarker. These findings advanced the field 

of atlas-based network analysis, offering insights into MS pathophysiology and providing 

poten@al biomarkers for disability predic@on and monitoring. 

 

In Chapter 4, diffusion-based structural network analysis in MS was explored. The chapter 

introduced the concept of construc@ng white ma=er bundles and connectomes in MRI subject 

space, addressing the challenges associated with tractography in MS and axonal trunca@on. 

The study showed that adjus@ng the FOD amplitude threshold improved the correla@on of 

constructed tract density to internal MS lesion microstructure, without compromising the 

broader connectome construc@on in healthy controls. These findings emphasise the 

importance of tailored tractography techniques for individual disease processes such as MS.  

 

Chapter 4 also presented a longitudinal study u@lising this refined tractography technique and 

demonstrated reduced transi@vity in MS overall, with further reduc@on in progressive MS, 

highligh@ng the relevance of community network disrup@on in MS. The study also iden@fied 

the role of thalamic clustering coefficient and strength in predic@ng disability progression. Such 
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results underscore the significance of community structure in network dysfunc@on, providing 

poten@al biomarkers for tracking disease progression. 

 

A concept that runs through this thesis is developing MRI analysis pipelines that capture 

specific disease mechanisms. This idea is crucial to accurately analysing concepts such as 

network disrup@on, as diverse CNS diseases affect axonal structure differently. Although each 

results chapter analysed PMS with different approaches each sought to validate the methods 

used, informed by disease mechanisms specific to neurodegenera@on in MS. In addi@on, the 

focus of structural diffusion analysis of each chapter expanded from individual tracts (Chapter 

2) to subnetworks (Chapter 3) and finally to whole brain networks (Chapter 4), drawing on the 

idea that accurate whole brain network disrup@on should be built on valid assump@ons at the 

smaller scales. In this case, evidence of the impact of focal destruc@ve MS lesions on connected 

white ma=er tracts informs the assump@ons inherent to measuring the effect of focal white 

ma=er lesions in network analysis. Similarly evidence of the validity of subnetwork 

disconnec@on analysis in MS jus@fies measuring the whole brain network structure. It is likely 

that the gains described in this thesis will be built upon by further developing this approach. 

 

The research presented in these chapters opens several avenues for future inves@ga@on in MS. 

One important aspect would be the valida@on and replica@on of the biomarkers of axonal 

degenera@on and network dysfunc@on iden@fied. While the findings in this thesis provide 

promising insights and are consistent with recent literature, it is crucial to validate them in 

larger MS cohorts. Replica@on studies will help establish the robustness of the iden@fied 

biomarkers, and explora@on of u@lity in clinical decision-making and as surrogate endpoints in 

clinical trials will establish their generalisability. Furthermore, exploring the dynamic changes 

in axonal degenera@on and network dysfunc@on over @me is crucial for understanding disease 

progression in MS, and will broaden the results found in this thesis and elsewhere. Longitudinal 

studies with extended follow-up periods could provide insights into the temporal evolu@on of 

these processes and help iden@fy cri@cal @me points or windows of opportunity for therapeu@c 

interven@ons. 

 

Immediate improvements can be made by u@lising advanced microstructural markers such as 

fixel based analysis, apparent fibre density, neurite orienta@on dispersion and density imaging 
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(NODDI) into lesional fibre tractometry analysis. These improvements have the possibility of 

overcoming some of the drawbacks of tensor-based metrics for analysing crossing fibres and 

dispersion of fibres near the cortex and may help resolve the issues of assessing for retrograde 

degenera@on found in Chapter 2. Similar approaches could also be incorporated into the 

structural tractography pipelines. 

 

This thesis found credible evidence of focal destruc@ve lesions media@ng neurodegenera@on 

and disconnec@on in MS. Further advancements in measuring cumula@ve focal damage in 

white ma=er structures were described. However, this approach is s@ll likely to be simplis@c. 

As described in Chapter 1, the pathophysiology of neurodegenera@on in MS is mul@faceted 

with inflamma@on and non-inflammatory mechanisms evident, mul@focal with damage in the 

cor@cal and deep grey ma=er in addi@on to white ma=er structures, and diffuse with 

widepread demyelina@on, axonal damage and microglial ac@va@on. The inclusion of cor@cal 

and deep grey ma=er lesions into tractometry and tractography studies, as well as the inclusion 

of diffuse pathological changes found in NAWM, will further bolster this type of analysis. For 

instance, possible future applica@ons of the method developed in Chapter 3 with atlas-based 

network analysis, would be to incorporate a measure of grey ma=er damage (atrophy or 

lesions) to the nodes of the graphs themselves. Weigh@ng the grey ma=er regions by focal 

damage (or weigh@ng the edges that connect to these regions) may further improve 

predic@ons of disability and prognosis, and is a plausible hypothesis to follow given the 

underlying pathophysiology of MS. Addi@onally, comparing a disconnectome measured with 

focal white ma=er lesion with a disconnectome measured with diffuse metrics such as atrophy 

may give further insight into the rela@ve contribu@ons played by focal or diffuse processes to 

network dysfunc@on in MS. 

 

In conclusion, the research presented in this thesis signals future direc@ons in MS research. 

Con@nued advancements in these areas will contribute to understanding mechanisms of 

progression in MS and improving disease monitoring. 
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