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Abstract 

Multiple sclerosis (MS) is one of the most common diseases of the brain and spinal cord, 

characterised by demyelination and neurodegeneration. Family and twin studies established the 

significant roles of genetic factors in the aetiology of MS. Genome-wide association studies 

have identified over 200 common variants associated with MS risk. The human leukocyte 

antigen (HLA) haplotype DRB1*15:01 remains the largest risk variant with an average odds 

ratio of 3.08 in Europeans. However, these variants collectively explain only 20 – 48% of the 

overall heritability, leaving a major proportion of heritability unknown. A recent study of a 

cohort of 32,367 MS cases and 36,012 controls demonstrated that an additional 5% of the 

heritability was explained by low-frequency variation, highlighting the need to identify rare 

variant classes influencing the pathogenesis of MS. Given the relatively low prevalence of MS 

(approximately 1 in per 1,000 Australians) compared to other complex diseases, sporadic 

clustering within families is unlikely, yet familial clustering of the disease does occur, 

suggesting underlying shared genetic risk. Families allow for enrichment of rare or private 

variants, by transmission from founders to multiple offspring, powering the investigation of 

these variant classes. This dissertation explores the analysis of families enriched for MS to 

expand the understanding of the genetic underpinnings of MS. 

The first aim of this study was to assess the burden of the known common risk variants in our 

three MS enriched families (Family 1, 2 and 3). To do this, we used the common risk variants 

from the recent International Multiple Sclerosis Genetics Consortium study to construct a 

weighted polygenic risk score (wPRS). A cohort of 3,252 MS cases and 5,725 healthy controls 

from Australia and New Zealand was used to compute the baseline wPRS. Twenty-six out of 

32 known HLA variants and 155 out of 200 non-HLA variants were typed in the cohort. The 

cohort wPRS based on these variants exhibited a reasonable capacity to discriminate between 

sporadic MS cases and healthy controls (area under the receiver operating characteristic curve 

is 0.76, 95% confidence interval: 0.75 – 0.77). The wPRS was significantly higher in sporadic 

MS (mean x̅ ± standard deviation, SD = 25.71 ± 1.27) compared with healthy controls (24.48 

± 1.21; P = 2.2 × 10-16). We used the same set of common variants to construct the familial 

wPRS. There was no significant difference in wPRS between the familial and sporadic MS 

cases. However, we observed significant difference between the familial unaffected individuals 

(25.82 ± 1.14) and the healthy controls (24.48 ± 1.21; P = 0.01). This was mainly due to the 
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enriched copies of the high-risk HLA-DRB1*15:01 alleles in Family 1. These results 

demonstrate that common variants are not sufficient to explain the aggregation of MS in our 

families. Therefore, genetic factors other than common variants are likely to influence the 

disease clustering. 

The second aim of this study was to identify rare or novel variants that may predispose some 

family members to MS. To do this, whole-genome sequencing was conducted on all available 

family members (19 individuals from three MS enriched families). A full penetrance model 

and a reduced penetrance model were used to identify rare or novel coding and non-coding 

variants in each family. Multiple in silico algorithms and knowledge-driven prioritisation were 

used to predict the potential impact of the variants on the target genes and proteins. As a result, 

we identified eight candidate variants for Family 1, eight for Family 2 and 14 for Family 3. We 

then applied diverse and complementary approaches to further assess the corresponding 

candidate genes and/or pathways using validation datasets. Three large cohorts were used to 

determine the enrichment of variants in the genes (and/or pathways) in MS patients compared 

with healthy controls. These cohort data include: 3,252 MS patients and 5,725 healthy controls 

that were genotyped on mixed arrays (cohort 1); 3,318 MS patients and 2,891 healthy controls 

that underwent whole-exome sequencing (cohort 2); and GWAS summary statistics of 14,802 

MS cases and 26,703 healthy controls (cohort 3). A publicly available single-nucleus RNA 

sequencing dataset of the white matter areas of post-mortem human brains in five healthy 

controls and four MS patients was evaluated to investigate the cell-specific differential 

expression of the candidate genes in MS brain cells compared with healthy brain cells. 

The final candidate variants prioritised by the downstream analyses in Family 1 were GRIK4 

c.2070G>A, DTNB c.239C>T and SLMAP c.991A>T. Gene-level enrichment was observed

for GRIK4 (P = 0.003), SLMAP (P = 0.007) in cohort 3, but the enrichment did not survive 

statistical correction for multiple comparisons. Significant differential expression of DTNB 

(corrected P = 0.02) and GRIK4 (corrected P = 0.02) between MS brain cells and healthy brain 

cells were observed in the oligodendrocyte lineage 5 and the oligodendrocyte lineage 6, 

respectively. The final candidate variants prioritised in Family 2 were RGS14 c.1069C>G and 

PARD3 c.2321G>T. Gene-level enrichment evidence was observed for RGS14 (corrected P = 

5.43 × 10-6) in cohort 3. Gene-level enrichment was also observed for PARD3 (P = 0.031) in 

cohort 2, but it did not survive statistical correction for multiple comparisons. The final 

candidate variants prioritised in Family 3 were ZNF18 c.1072G>A and KANK1 c.3371G>A. 
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Gene-level enrichment evidence was observed for both genes (ZNF18: P = 3.22 × 10-4, KANK1: 

P = 0.004) in cohort 1, and ZNF18 survived statistical correction for multiple comparisons (P 

= 0.01). Enrichment in KANK1 was also observed in cohort 2 (P = 0.047) and 3 (P = 0.036), 

but it did not survive statistical correction for multiple comparisons (P > 0.05). 

In summary, our study demonstrated that the currently known common risk variants of MS are 

not sufficient to explain the disease clustering in our families. By comparing the genome 

differences of the affected and unaffected individuals, we identified potentially important rare 

or novel genetic variants that may influence disease risk in these families. We provided 

additional supportive evidence for the candidate genes (and pathways) by analysing validation 

datasets. This study provides the basis for future targeted investigations into the potential role 

of those candidate genes in MS pathogenesis, which will facilitate better understanding of the 

genetic aetiology of the disease. 
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Chapter 1. Introduction 

1.1. Introduction to multiple sclerosis 

1.1.1. Epidemiology 

Multiple sclerosis (MS) is a chronic disease characterised by demyelination and 

neurodegeneration of the central nervous system (CNS), which includes the brain and spinal 

cord1. It is one of the most widespread neurological conditions disabling young adults 

worldwide1. The age of onset of MS follows a similar pattern across different regions of the 

globe. On average, the incidence is relatively low in childhood, while it rapidly increases after 

adolescence, and reaches an average peak between 25 and 35 years, and then declines with 

age2-3. Notably, according to the latest Atlas of MS report 20204, the incidence of MS in people 

who are under 18 is much higher than reported in 2013. Now there are over 30,000 people in 

this age group living with MS. It is imperative to understand the causes of MS so as to achieve 

early diagnosis and targeted treatment of the disease and prevention of the progressive CNS 

injury.ƒ 

The Atlas of MS 2020 report4 estimates that there are over 2.8 million people living with MS 

worldwide. The prevalence of MS varies across different regions, and the numbers remain high 

in North American, European and Australian populations as noted in earlier reports5. The 2020 

report estimates that in Australia, an average of 104 in every 100,000 people (a prevalence of 

about 0.001) are diagnosed with MS. The incidence of MS worldwide has increased by 

approximately 500,000 people since 20134-6. This might be the result of the improved diagnosis 

criteria, identifying more people affected with MS7. This might also be the result of improved 

health care systems8, especially in developing and underdeveloped countries, resulting in 

increased access to neurologists, thereby increasing diagnosis. In most populations, a much 

higher proportion of women are living with MS than men, with the female-to-male ratio 

varying between 2:1 and 3:1 (or even 4:1)4, and there is a trend towards higher ratios in recent 

studies4,9. 
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Figure 1.1 The prevalence of MS across different regions. 

The prevalence in this figure is defined as the number of people with MS per 100,000 population. Figure from 

Atlas of MS report 20204. 

 

1.1.2. Diagnosis of MS 

The diagnosis of MS is based on the McDonald criteria 2017 revisions9 (Figure 1.2), which 

combines the clinical and paraclinical evidence (not pure clinical but supportive evidence to 

aid the diagnosis of MS) to allow for safe and early diagnosis. A clinical attack refers to patient-

reported new symptom(s), or worsening of old symptoms following the last attack of the CNS, 

which can be mild to severe, varying from person to person. These symptoms may include 

fatigue, vision issues (including optic neuritis), mobility difficulties, to name a few. The 

clinicians need to find evidence of multiple instances of inflammatory damage or scarring 

(lesions) of the CNS and demonstrate dissemination of the clinical attacks in space (DIS) and 

in time (DIT). DIS is characterised by multiple lesions in different areas of the CNS, indicating 

the spatial dissemination of the lesions. DIT is a condition distinct from a single clinical attack 

of the CNS, it is demonstrative of multiple attacks of the CNS. 
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Figure 1.2 2017 McDonald criteria. 

Reproduced from Thompson et al.10. 

 

In many situations, the clinical evidence is sufficient to confirm a diagnosis of MS. However, 

sometimes the diagnosis can be difficult because some early symptoms of MS (such as fatigue, 

motor or vision problems) can be also observed in other health conditions (such as CNS 

vasculitis, neurosarcoidosis, etc.)10. When the diagnosis is ambiguous, the paraclinical 

evidence is important to draw an unequivocal conclusion (Figure 1.2). Brain and spinal cord 

magnetic resonance imaging (MRI) is the main examination to show the exact location of the 

focal lesions and axonal loss9. But the presence of lesions is not sufficient to establish an MS 

diagnosis. Unaffected people can also show non-specific lesions with increasing age11. Visual 
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evoked potential is another useful test to aid the diagnosis of MS12-13. By measuring the time 

that the brain takes to receive messages from the eyes, optic nerve involvement can be 

detected14. This helps add supportive evidence for diagnosis and is helpful to improve 

diagnostic sensitivity. The detection of abnormal bands corresponding to immunoglobulins in 

cerebrospinal fluid (CSF) is another useful examination to inform the diagnosis, and can also 

add supportive evidence for a diagnosis. By conducting a lumbar puncture of the spinal cord, 

the fluid that flows around the brain and spinal cord can be examined for protein band profiles, 

and abnormal oligoclonal bands can help to differentiate MS from other diseases, to support 

the diagnosis and even to differentiate among different subtypes of MS10,15. 

 

1.1.3. Clinical phenotypes of MS 

The clinical manifestation of MS includes two principal aspects: relapse and progression. 

According to the 2017 McDonald criteria, relapse is “A monophasic clinical episode with 

patient-reported symptoms and objective findings typical of multiple sclerosis, reflecting a 

focal or multifocal inflammatory demyelinating event in the CNS, developing acutely or 

subacutely, with a duration of at least 24 hours, with or without recovery, and in the absence 

of fever or infection”9. The inflammatory demyelination will interfere with the conduction 

process, modifying the distribution of the voltage gated sodium channels along the denuded 

axon16, and long-term demyelination can result in irreversible axonal damage and loss17. 

Progression is an irreversible accumulation of disability and progressive loss of neurological 

function, such as motor and cognitive function. The most commonly used scale to assess MS 

patients for their levels of disability is the expanded disability status scale18 (EDSS). The 

neurologists use this scale to assign functional scores ranging from 0 (healthy) to 10 (death due 

to MS) to the eight functional systems: pyramidal, cerebellar, brainstem, sensory, bowel and 

bladder, visual function and cerebral functions. The higher the EDSS score, the more severe 

the disability. 

 

According to the refined standard to define the clinical course of MS by the International 

Advisory Committee on Clinical Trials of MS19, MS is classified into four different subtypes 

based on disease activity and disease progression (Figure 1.3). The majority of patients belong 

to the subtype of clinically isolated syndrome (CIS), where they present with a single acute 

episode affecting the brainstem, spinal cord or optic nerve, which resolves over time. CIS is 

distinct from a definite MS diagnosis. If people with CIS additionally show abnormalities 

detected by MRI scans at clinically unaffected site(s), a second episode (relapse) is likely to 
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occur, which marks the onset of clinically definite MS. Patients with at least two relapses 

belong to the subtype of relapsing-remitting MS (RRMS). A 20-year follow-up study estimated 

that the chance of developing RRMS after the onset of CIS and MRI abnormalities increases 

from 50% at 2 years up to 82% at 20 years20. The majority of those people will transition to 

secondary progressive MS (SPMS), where the patients present with progressive worsening of 

symptoms (or even disability) over time with no relapses. Even worse, about 15–20% of 

patients develop primary progressive MS (PPMS) with steadily worsening symptoms and 

disability from the onset10,15. The early diagnosis of MS, and accurate establishment of subtype, 

is critical in MS treatment. 

 

 

Figure 1.3 Clinical phenotypes of MS. 

Figure reproduced from https://my-ms.org/. 

https://my-ms.org/
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1.1.4. Treatment challenges in MS 

To date, there is no cure for MS since the aetiology remains elusive21. Historically, MS was 

generally believed to be the result of aberrant immune function, and all the medications 

developed prior to 2016 are immunomodulatory or immunosuppressive in nature10. The 

treatments are either agents derived from immunomodulatory cytokines such as interferon-

β22,23; biological compounds such as glatiramer acetate20,21; chemical compounds such as 

cladribine26; immunosuppressants such as fingolimod27,28; or humanised antibodies such as 

alemtuzumab29,30. These treatments have shown efficacy in reducing relapse rates and delaying 

the accumulation of disability, but they are not able to halt or reverse disease progress, and 

have been reported to cause several adverse effects10,31,32. 

 

In contrast to the number of medications targeting the immune system for the treatment of 

relapsing remitting MS, therapies targeting the CNS are very limited. However, several 

treatments for neurodegeneration have shown potential in promoting remyelination and 

exerting neuroprotective properties32–34. In addition to this, there has been a debate as to 

whether MS is mainly an autoimmune condition followed by accumulated neurodegeneration, 

or more likely to be a neurodegenerative condition which leads to autoinflammation, or a 

complex condition combining these two mixed independent processes15. This debate, 

combined with the therapeutic efficacy of the neurodegenerative therapies, strongly highlights 

the importance of neurodegeneration-related pathophysiology in the development of MS. 

However, our knowledge of the neurodegenerative aetiology in MS is still very limited, and it 

is crucial to unravel important risk factors underlying the neurodegeneration process. 

 

1.2. Environmental and lifestyle factors 

Exposure to Epstein–Barr virus (EBV) is the strongest infectious risk factor for MS35. A meta-

analysis of 19,390 MS patients and 16,007 controls36 showed that people with a history of 

infectious mononucleosis exhibited a more than 2-fold increased risk of developing MS. 

Several studies have found that this association is mainly through EBV, where MS patients 

show significantly higher levels of antibodies against EBV nuclear antigen 1 compared to 

healthy people37,38. The time window for EBV infection is also likely to be important to the 

risk of MS, with people who are infected with EBV during adolescence or later ages, and not 

in childhood, at increased risk39,40. These results echo the hypothesis that individuals free of 

exposure to virus infections early in life, make aberrant immune responses when encountering 
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infections after childhood15. Nevertheless, the role of EBV in MS pathophysiology remains 

ambiguous35, and studies investigating pathological details are required to clarify this 

mechanism. 

 

Other environmental or lifestyle risk factors have been shown to contribute to the risk of 

developing MS15; including vitamin D deficiency41,42, low sun exposure43,44 and 

geomagnetism45,46. Vitamin D, sun exposure and geographic location are intrinsically related 

factors that complement each other to be involved in an individual’s susceptibility to MS. The 

higher the latitude, the lower the winter sun exposure and hence the lower vitamin D levels41. 

Though current studies consistently support that low vitamin D levels and low sun exposure 

are risk factors for MS, there is still an ongoing debate about whether vitamin D supplements 

and more sun exposure can modulate disease severity47. Lifestyle risk factors that contribute to 

development of MS include smoking48,49 and adolescent obesity50,51. Although several studies 

found an association between smoking and increased MS risk, smoking has also been shown 

to be associated with other conditions such as rheumatoid arthritis52 and Alzheimer’s disease53. 

Therefore, the link of smoking to MS aetiology is not direct54, it is reasonable to assume that 

lifestyle risk factors such as smoking affect the human body as a whole, exerting their impact 

in a variety of diseases rather than in a particular disease. Likewise, adolescent obesity has been 

implicated in not only MS, but also many other complex diseases such as type 2 diabetes and 

cardiovascular disease55. 

 

1.3. Genetic studies of MS 

1.3.1. Evidence of genetic contribution to MS 

In the early 20th  century, a worldwide study of MS prevalence discovered familial aggregation 

of MS, shedding light for the first time on the genetic components of MS56. Several more family 

and twin studies strongly support the role of genetic factors in contributing to development of 

MS. Population-based series of MS in twins in European populations exhibited higher clinical 

concordance rates in monozygotic (MZ) twins (25–30%) than in dizygotic (DZ) twins (3–

5%)57–60. Compared to a lifetime risk of 0.1–0.3% in the general population61,62, family studies 

show that the disease risk for first-degree relatives of an MS proband is about 3% (4% for 

siblings, 2% for parents, 2% for children)60,63,64, which is 10- to 30-fold greater than the age-

adjusted risk in the general population. With increasing genetic distance, the disease risk in 

relatives of MS index cases decreases accordingly. The risk of MS for half-siblings is lower 
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than that of full-siblings, whereas the risk for step-siblings of MS index cases and individuals 

adopted by families with MS are comparable to the age-adjusted risk in the general 

population15,65. Taken together, the family and twin studies of MS unequivocally demonstrate 

the significant role of genetic components in determining the familial aggregation and 

individual susceptibility to disease. 

 

1.3.2. Linkage studies in MS 

Linkage is a statistical approach that aims to identify chromosomal regions that are physically 

close together, and are thus inherited together and co-segregate with a disease through families 

during the meiosis phase of sexual reproduction66. Despite the success of family-based linkage 

studies in discovering genes for other neurological conditions such as Alzheimer’s disease67 

and Parkinson’s disease68, it has been less rewarding in MS15. The early efforts to identify 

susceptible genes through linkage analyses in MS families found the association of MS and the 

human leukocyte antigen (HLA) gene cluster on chromosome 6p2169–71. The association of the 

HLA-DRB1*15:01 allele and increased MS risk was consistently replicated. Yet subsequent 

linkage studies72–74 failed to identify any additional susceptibility loci with genome-wide 

significance. The large linkage study74 performed by the International Multiple Sclerosis 

Genetics Consortium (IMSGC) in 2005 genotyped 2,692 individuals from 730 multiplex 

families of Northern European descent, to generate a set of 4,506 markers. They replicated the 

significant linkage in the HLA region on chromosome 6p21 (maximum logarithm of the odds 

ratio is 11.66). But the stratification of the HLA-DRB1*15:01 allele failed to identify any loci 

with genome-wide significance outside the linkage region. The HLA region is highly 

polymorphic75 which makes fine mapping challenging. Also, a large number of extended 

pedigrees is needed for successful linkage mapping for MS. However, the relatively low 

prevalence of MS compared with other complex diseases means that such resources are 

difficult to collect and the previous linkage studies were underpowered76. 

 

1.3.3. Genome-wide association studies in MS 

With the advancements in resolution with single nucleotide polymorphism (SNP) genotyping 

technology, a new type of statistical approach in the field of genetics emerged, genome-wide 

association study (GWAS). This approach, introduced in the mid-2000s, is a hypothesis-free 

interrogation of the genome aiming to identify genetic variants that are associated with a 

disease or a phenotype77. 
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The first GWAS in MS was published in 2007 and was performed by the IMSGC78, using 931 

family trios (each family contains an affected child and both parents) and a replication cohort 

of 2,322 MS cases and 2,987 healthy controls. The study identified a SNP (rs12722489 (C): P 

= 2.96 × 10-8, OR = 1.25) in intron 1 of the IL2RA gene, which encodes the alpha chain of the 

interleukin-2 receptor. The study also identified a SNP (rs6897932 (C): P = 2.94 × 10-7, OR = 

1.18) in exon 6 of IL7RA gene encoding a transmembrane domain of the IL7Rα chain of the 

interleukin-7 receptor. In addition, the HLA-DR locus was also shown to associate with MS in 

the study (P = 8.94 × 10−81, OR = 1.99). In the following years, several more GWAS in MS 

have been conducted79–93. To date, GWAS in MS have identified over 200 common variants 

associated with MS risk, either within or outside the HLA genomic region. The major and 

unequivocal role of the variant HLA-DRB1*15:01 has been replicated across multiple studies 

and populations. The largest GWAS in MS in 2019 using a cohort of 47,429 MS cases and 

68,374 healthy controls identified 233 statistically significant and independent effects93 

(Appendix 1.1), which include 200 associations outside the HLA region (non-HLA), 32 

associations within the extended HLA region in the short arm of chromosome 6, and one on 

chromosome X. The strongest disease association signal genome-wide was HLA-DRB1*15:01 

(P = 1.62 × 10−1916, OR = 2.9), which is in agreement with previous reports88,94,95. In contrast, 

the effect size of the non-HLA loci is relatively small, with modest risk ranging from ORs of 

1.055 to 2.064. 

 

Of the identified susceptibility variants, the vast majority are either intronic or intergenic96, 

with small to modest effect sizes97. Several formulations have been proposed to account for the 

potential mechanisms of these variants. First, variants that are located in promoter or enhancer 

regions could change the expression of genes98,99. Second, intronic variants involved in splicing 

could alter splicing of the exons leading to different isoforms, and thus interfering with the 

relevant signalling pathway100,101. Third, a variant can be observed to associate with a disease 

as the variant is in linkage disequilibrium with the actual variant that impacts the target gene102. 

Regardless of the mechanism, the non-coding nature of the identified MS risk variants prevents 

any straightforward functional confirmation studies.  

 

It is worth noting that the primary role of many of the associated risk variants identified by 

GWAS in MS relates to the immune system65. However, current evidence is not sufficient to 
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conclude that MS is primarily an autoimmune disease. On the contrary, the unresponsiveness 

of axonal damage to immunotherapies highlights the significance of the neurodegenerative 

properties97,103. Unfortunately, immune-independent and neurodegenerative pathophysiology 

relevant variants associated with MS risk remain largely undiscovered. There is one GWAS in 

2012 that focused on identifying genetic variants associated with progressive MS90. The study 

identified a genome-wide significant risk SNP in the HLA region in linkage disequilibrium with 

DRB1*15:01 and DQB*06:02 (rs3129934 (T): combined P = 6.7 × 10-16, OR = 2.34), and 

additionally identified an intergenic SNP on chromosome 7q35 with suggestive evidence of 

association (rs996343 (G): P = 2.4 × 10-5, OR = 0.7) mapping within a human endogenous 

retroviral element. The subsequent eQTL analysis of rs996343 showed a trans-regulatory 

effect on genes involved in neurodegeneration. They identified a pathway-level significant 

association in the glutamate metabolism signalling (P = 0.01) enriched with genes that appear 

to be modulated by the SNP rs996343. This suggests that a GWAS design focusing on 

phenotypes (PPMS or SPMS) or traits (severity) more linked with the neurodegenerative aspect 

is worth exploration to uncover novel risk variants. 

 

1.3.4. HLA region in MS 

The HLA genomic region is located on the short arm of chromosome 6 at position 6p21.3, 

spanning 7.6 megabases (Mb) region104. The HLA region primarily includes HLA class I, II 

and III genes, and the extended genomic regions. Among the genetic studies of MS, the 

strongest genetic factors in MS have been for genes within the HLA class II region105,106, i.e., 

HLA-DRB region. The most significant variant within the HLA-DRB region is HLA-

DRB1*15:01, and the association between this variant and MS in different populations have 

been validated10,95. Since the HLA region encodes the major histocompatibility complex 

(MHC), which plays an important role in distinguishing “self” and “non-self” components in 

order to maintain the  homeostasis of the immune system. Therefore, the involvement of HLA-

DRB region in MS is may be related to the disturbance of the immune system. Functional 

studies of HLA-DRB1 suggest that the variable inflammatory response in MS is due to the 

altered shape and charge of a P4 pocket in HLA-DRB1 containing the risk variant HLA-

DRB1*15:01107. 
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1.4. The missing heritability of MS 

Heritability is a statistic used to estimate the proportion of observed variation that can be 

attributed to inherited genetic factors in contrast to environmental factors108–110. Accurate 

estimation of the heritability of MS is difficult due to the confounding effect of the 

environmental factors. To minimise the impact, resources such as MZ or DZ twins and families 

enriched with MS (three or more cases in a family) are used to estimate heritability57,58,63,64,111–

114. Theoretically, MZ twins are genetically 100% identical, DZ twins and full-siblings are 

genetically 50% identical, and half-siblings are genetically 25% identical, and these individuals 

tend to share similar environmental exposures (except in case of adoption)115,116, hence the 

phenotypic variance due to the heritable factors can be inferred110. Estimates from heritability 

studies indicate that the disease risk due to heritable factors varies between 15% and 40%, 

depending on ethnicity and environment15. 

 

Though decades of GWAS have been conducted for MS, challenges remain in understanding 

the discrepancy between heritability estimated based on the amount of variance explained by 

the identified variants compared with the heritability estimates calculated using the classical 

study designs117,118. Like other complex diseases, the association between the established risk 

variants and the disease is small and difficult to detect through GWAS118,119. Consequently, the 

phenotypic variance explained by those SNPs is much lower than that found using classic 

heritability studies120,121. Despite the identification of over 233 independent risk variants for 

MS by the largest GWAS93, these genome-wide significant variants, along with the suggestive 

risk variants identified, can collectively explain approximately 48% of the overall heritability, 

while most of the heritability is explained by the high-risk HLA-DRB1*15:0193 allele, raising 

the question of where the missing heritability lies. 

 

Reviews of the literature around GWAS in MS and other complex diseases consistently find 

the obvious trend that the ORs of the newly identified risk variants decline with each 

subsequent study, even in large-scale studies97,119. The likelihood of identifying additional 

genetic risk components with even modest effect size via new GWAS in MS is low, suggesting 

that the missing heritability is unlikely to be due to unidentified common variants. In contrast, 

a recent interrogation of large-scale and high-quality exome data for 60,706 individuals of 

diverse ancestries by the exome aggregation consortium (ExAC)122 demonstrated that the 

majority of human variation is rare. This finding, combined with the evolutionary evidence that 
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strong deleterious variants are more likely to be rare due to natural selection acting to keep the 

frequency low123,124, means it is reasonable to assume that the missing heritability in MS is 

likely due to rare or even private variants, which has been postulated in MS and other complex 

diseases125–127. Rare variants with relatively bigger effect sizes than common variants are 

drawing attention to fill the heritability gap65,125,128–130. In addition, research studies suggest 

that other factors may also be involved in the development of MS. For example, epigenetics127 

and quantitative locus traits128. Epigenetics refers to modifications of gene expression without 

permanent alteration of the DNA sequence. The main epigenetic mechanism involved in MS 

is DNA methylation, occurring by adding methy groups of -CH3 to CpG islands of the genome. 

Epigenetics can act to mediate the interaction between genetic and environmental factors of 

MS133. Quantitative locus traits refers to a group of variants that mediate the expression of 

genes associated with MS. Both epigenetics and quantitative locus traits can also be involved 

in MS development, and explain a proportion of the missing heritability. 

 

1.5. Massively parallel sequencing research in MS 

With the advent of massively parallel sequencing (MPS), the cost of sequencing a human 

genome has greatly declined134,135. Compared with the limited genetic findings on MS, a better 

understanding of MS genetics is promised with deep insight into the genomic map. The 

introduction of MPS provides researchers with affordable technology to understand the genetic 

causes of complex diseases. The most widely used MPS technologies in human research 

include whole-genome sequencing (WGS) and whole-exome sequencing (WES). The main 

advantage of WGS over WES is that it allows researchers to interrogate the entire genome, 

rather than being restricted to WES’s capacity to investigate only the coding genomic regions 

(only about 1.5% of the genome). A typical WGS achieves coverage levels of 30× to 50× 

depth per genome136, which provides investigators with sufficient coverage to identify most 

variations within a given genome. By conducting WGS of multiple affected and unaffected 

members of a MS enriched family, potential risk variants that predispose to familial MS 

aggregation can be identified. 

 

Although the advancement of MPS has been growing rapidly, the cost of WGS of large sample 

size is often prohibitive. Currently there are two main strategies using MPS technology to 

identify causative genes or susceptibility genes of complex diseases including MS137. One is 

multiplex family based WGS or WES, where the term ‘multiplex family’ refers to a family 
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with multiple affected individuals across more than one generation. The other strategy is 

extreme-trait cohort-based sequencing, which refers to the sequencing of a set of individuals 

with opposite extreme ends of clinical phenotypes. 

 

Major studies using sequencing technology to identify genetic variants associated with MS 

have been reviewed in Table 1.1. Most of these sequencing studies were WES-based, involving 

the targeted sequencing of candidate protein-coding genomic regions of the human genome 

through capturing specific sequences using hybridization138. Protein-coding genes account for 

approximately 1.5% of the human genome, harbouring variants that are more likely to impact 

disease or traits of interest. Therefore, WES is a cost-effective sequencing method to identify 

susceptibility genes for disease. However, none of the variants identified by WES have been 

unequivocally confirmed as associated with MS in independent studies. Also, the use of WES 

also means the risk of missing potentially important non-coding variants such as regulatory 

variants.  Thus, a well-designed and cost-effective WGS study is important for helping to shed 

light on the genetic aetiology of MS.
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Table 1.1 Major sequencing findings in MS. 

Study Samples Highlighted Genes Main Findings 

Ramagopalan et al.139 2011 • WES individuals:  

43 probands 

• Replication cohort:  

3,046 trios, 844 affected sib pairs and 1,873 HC1 

CYP27B1 • Rare variant (rs118204009) within CYP27B1 gene was identified and 

validated in the replication cohort. 

• Identified other rare loss of function CYP27B1 variants conferring 

significant risk of MS in the replication cohort. 

Dyment et al.140  

2012 

• WES individuals:  

One family with 15 affected individuals across four generations 

• Replication cohort: 

2,104 MS trio families 

TYK2 • Rare variant (rs55762744) within TYK2 gene was identified and exhibited 

modest effect in the replication cohort. 

Wang et al.141  

2016 

• WES individuals: 

Seven cases from two Canadian MS families 

• Replication cohort:  

2,053 MS cases, 799 HC 

NR1H3 • A p.Arg415Gln substitution of NR1H3 was identified in seven affected 

family members. 

• Stratified association analysis by clinical course of common variants in 

NR1H3 in the replication cohort identified rs2279238 conferring a 1.35-fold 

increased PPMS risk. 

Qureshi et al.142  

2017 

• WES individuals: 

18 females and 8 males MS patients 

• Replication cohort: 187 MS cases and 105 HC 

PLNXNA3 • A missense variant (rs5945430) in PLXNA3 gene was associated with 

increased male-specific MS severity and disability (not in females). 

Sadovnick et al.143 2017 • WES individuals: 

Extreme-trait-based design, 50 severe-progressive and 50 mild-

relapsing MS patients 

• Replication cohort:  

2,016 MS cases 

EIF2AK1 

MC1R  

NLRP5 

PSMG4 

• Replication analysis identified six variants of the four genes associated with 

different traits (severity, RRMS, PPMS and onset ages). 

Maver et al.144  

2017 

 

• WES individuals: 

A primary family with two sibs concurrently affected with MS and 

malignant melanoma 

• Expanded WES individuals: 

38 MS families, 44 sporadic MS cases 

NLRP1 • Identified a rare homozygous missense NLRP1 p.Gly587Ser variant. 

• Subsequent analyses imply a possible underlying genetic basis in NLRP1 

gene. 

Jia et al.145  

2018 

• WGS individuals:  

38 PPMS and 81 healthy controls (HC) 

• Replication cohort:  

746 PPMS, 3,049 RRMS and 1,000 HC 

KIF5A 

MLC1 

REEP1 

• WGS and replication analyses identified three pathogenic variants of the 

three genes in PPMS that cause condition resembling MS. 

• Detected significant enrichment of phenotypic mutations in PPMS. 

Vidmar et al.146 2019 

 

• WES individuals: 

319 probands (familial MS, sporadic MS and healthy subjects) 

NLRP1 • Aggregated rare variant burden among MS patients, supporting the 

significance of rare variants in the inflammasome regulatory pathway in MS. 

1HC: healthy controls. 
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Ramagopalan and colleagues in 2011 performed WES in 43 MS patients (one from each 

family) and identified a rare functional variant within CYP27B1 gene139. The variant 

(rs118204009) causes an arginine to histidine substitution at position 389 (p.R389H) of the 

protein and leads to complete activity loss of vitamin D-activating 1- hydroxylase enzyme, 

resulting in lower levels of calcitriol (activated form of vitamin D), implicating the significant 

role of vitamin D in the pathogenesis of MS. However, the results were not replicated by Ban 

and colleagues147 using 495 multiplex families and 2,092 single affected families along with 

4,594 cases and 3,583 controls. Dyment and colleagues in 2012 performed WES in an extended 

pedigree with an unusually high frequency of affected individuals across four generations140. 

A novel rare variant (rs55762744) within TYK2 gene, a tyrosine kinase modulating the function 

of multiple immune-related genes, was identified and validated in a replication cohort of 2,104 

MS trio families. Later in 2016, Wang and colleagues141 performed WES in two unrelated 

Canadian multiplex families with a total of seven affected individuals with PPMS. A rare 

variant (rs61731956) within NR1H3 gene was identified. They demonstrated that the variation 

produces an arginine to glutamine substitution at position 415 (p.Arg415Gln) in the NR1H3 

receptor, and the variation was associated with a rapidly progressive MS. They subsequently 

studied the association between the common variants of NR1H3 gene and PPMS and validated 

the association. However, a replication study by IMSGC148 was unable to validate the result. 

Qureshi and colleagues in 2017 performed WES on 18 female and 8 male MS patients142. They 

identified a missense variant (rs5945430) in PLXNA3 gene associated with male-specific MS 

severity and replicated the association in an additional 187 MS patients. Considering males 

were enrolled for their higher EDSS scores, further validation of the association is needed. The 

other work by Sadovnick and colleagues in 2017, utilised the extreme-trait individuals-based 

sequencing strategy as described above143. They performed WES in 100 MS patients at the 

opposite extremes of clinical phenotype (i.e., 50 severe-progressive and 50 mild-relapsing MS 

patients), from which 38 variants were screened in the replication cohort (additional 2,016 MS 

patients). Of interest, they found the PSMG4 p.W99R and NLRP5 p.M459I variants to be 

associated with more than one tested trait (disease severity, PPMS and earlier onset age). 

Functionally, these two genes have biological processes relevant to the pathophysiology of MS. 

Further genetic analysis of the identified genes and variants is required to investigate their roles 

in development of MS. 
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Of note, Maver and colleagues in 2017 performed WES of the primary family including two 

siblings simultaneously affected by MS and malignant melanoma144. By looking for 

segregating variants, and applying their filtering criteria, one rare homozygous missense 

variant leading to p.Gly578 substitution in the NLRP1 gene was identified. They identified 

further potentially pathogenic NLRP1 variants in an expanded cohort of 38 MS families, 44 

sporadic MS cases and 92 healthy controls who underwent WES. The stimulation of peripheral 

blood mononuclear cells from MS patients with the nominated NLRP1 variants showed a 

significantly increased expression of IL1B gene and cytokine IL-1β in MS affected variant 

carriers compared to healthy controls. To follow up with these findings, Vidmar and colleagues 

in 2019 further assessed the rare variant burden in 62 genes involved in the NLRP1/NLRP3 

inflammasome regulatory network146. Aggregate mutational burden analysis showed an 

increased rare variant burden with high predicted pathogenicity in MS patients (P = 4 × 10-5).  

 

In contrast to the above sequencing-based studies, several other studies149–151 are less robust. 

These studies applied MPS on MS enriched families and compared the genome differences 

between the affected individuals and their unaffected relatives. As expected, several or even 

many candidate variants are proposed. We cannot rule out the possibility that some of these 

candidate variants may be important for MS, but targeted follow-up replication studies are 

required to confirm their importance. 

 

Although WES is a cost-effective method, some biologically significant non-coding variants 

may be missed. As the cost of WGS decreases152, it may be more time-efficient to sequence 

the entire genome rather than to sequence the exomes only. Jia and colleagues in 2018 

investigated whether mutations known to cause neurological conditions sharing similar clinical 

features (termed as phenocopies by the author) with MS may also be involved in PPMS 

pathogenesis145. They performed WGS on 38 PPMS and 81 healthy controls, followed by a 

phase I replication cohort of 411 PPMS and 460 RRMS, and phase II replication cohort of 335 

PPMS, 2,589 RRMS and 1,000 healthy controls. Although four rare MS phenocopy variants 

were each observed in one PPMS case during the discovery stage, three of them were not 

observed in any PPMS cases from the two subsequent replication cohorts. The REEP1 

c.606 + 43G>T variant was found in two out of the 411 PPMS patients in the phase I cohort. 

However, this variant was also observed in two out of the 2,589 RRMS patients and two out of 

the 1,000 healthy controls from the phase II replication study. Given the small size of the 

discovery cohort, additional cohorts are required to confirm the potential contribution of these 
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MS phenocopy variants. Although they subsequently detected an increased average number of 

deleterious variations in genes known to cause diseases phenotypically similar to MS (spastic 

paraplegias) in PPMS compared to healthy controls, a model to take the genetic risk (e.g., odds 

ratio) of those rare variants into account can help investigate whether the overall genetic burden 

of those rare variants is enriched in PPMS. 

 

1.6. Hypotheses and aims of the study 

To date, over 200 common risk loci have been identified in more than a decade of GWAS in 

MS153, yet these loci have resulted in very few confirmed genes, and they collectively explain 

only 20–48% of the overall heritability93,97, leaving a major gap in understanding the genetic 

basis of MS. Given the fact that the known common variants cannot explain the overall 

heritability10, and that the chance of discovering new common variants with even modest effect 

size is low97, other genetic factors may be responsible for the missing heritability. In contrast, 

the exome sequence analyses of 60,702 unrelated individuals by the Exome Aggregation 

Consortium (ExAC) demonstrate that the majority of candidate variants in the human genome 

are rare or private, with 99% have a frequency of < 1% or less122. In addition, the IMSGC 

genotyped a total of 32,367 MS cases and 36,012 healthy controls (drawn from multiple 

countries) using the Illumina HumanExome Beadchip or the custom MS exome chip127. This 

exome array-based genotyping captured approximately 88% of low-frequency and rare-coding 

variants present in 33,370 non-Finnish Europeans included in the Exome Aggregation 

Consortium122. They identified seven low-frequency (minor allele frequency (MAF) < 5%) 

variants with effects larger than the common variants (MAF > 5%). Heritability estimation 

demonstrated that the low-frequency (MAF < 5%) coding variants were responsible for 11.34% 

of the observed phenotypic difference between the cases and controls. Although the exact 

percentage of heritability explained by the common variants is not reported in the study, they 

show that the heritability driven by rare variants is comparable to that driven by common 

variants. Further partition of the allele frequency demonstrated that rare coding variants (MAF 

< 1%) alone accounted for 9.0% of the observed phenotypic difference. It is worth noting that 

this exome array-based study can detect only the rare coding variants accessible by array, 

leaving a substantial proportion of other types of rare variants unexamined. These unexamined 

variants include rare variants such as exonic variants that remain undetected, intronic, 

intergenic and copy number variants, which can explain another proportion of heritability. 

These highlight the potential importance of rare or novel variants in MS susceptibility. Since 
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the aggregation of MS is unlikely to be common due to the relatively low prevalence 

(approximately 1 in per 1,000 Australians)4 compared with other complex diseases, families 

with clusters of MS cases (three or more) are a valuable resource to identify rare variants 

because these variants can be enriched and transmitted through generations within a family, 

resulting in more detectable copies. This dissertation explores different approaches to navigate 

the complexity of MS using small families with multiple affected individuals, and aims to 

address two distinct but complementary hypotheses. 

 

Hypothesis 1: The known common variants associated with MS risk are not sufficient to explain 

the enrichment of MS in some families. 

 

To test this hypothesis, we aimed to assess the cumulative genetic burden of the known 

common variants in families enriched for MS. This investigation used three multi-incidence 

MS families with genotype and clinical information available; and a cohort of 3,252 MS cases 

and 5,725 healthy controls with genotype and phenotype information available, described in 

Chapters 2 and 3. The role of these variants in the disease enriched families was evaluated by 

determining the baseline of cumulative genetic risk in the cohort and comparing it with the risk 

of the families, and is presented in Chapter 3. 

 

Hypothesis 2: The difference in disease outcomes between affected and unaffected individuals 

within a family is influenced by rare or novel genetic variants, and these variants or genes 

identified in families can provide biological insight into the pathogenesis of MS. 

 

Chapter 4 aims to identify rare or novel genetic variants that potentially influence MS outcome 

(presence or absence of MS). The other important objective of Chapter 4 is to find supportive 

evidence for a potential role in MS pathogenesis for the candidate variants or the corresponding 

genes using unrelated cohort datasets. Chapter 4 presents multiple complementary approaches 

to support the importance of a nominated variant and/or gene.  

 

Finally, Chapter 5 presents a summary of the main findings of this dissertation, overall 

discussion and recommendations for future work.
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Chapter 2. General materials and methods 

 

2.1. MS families 

2.1.1. Ethics approvals 

The study was conducted with ethics approval from the Tasmania Health and Medical Human 

Research Ethics Committee projects 16915 and 09782. All work followed the National Health 

and Medical Research Council statement on ethical conduct in human research. All participants 

provided written informed consent. 

 

2.1.2. MS family recruitment 

MS enriched families were recruited from across Australia, primarily within the southern 

states. All participants were recruited by specialist neurologists. The patients were diagnosed 

by specialist neurologists, based on the 2010 McDonald diagnosis criteria154. 

 

The following criteria were used to select appropriate multi-case families within this study: 

First, the family included at least three affected individuals. Second, all individuals consented 

to the study and were available to provide DNA samples. High priority was also given to 

recruiting families with additional, clearly unaffected, first-degree relatives (>50 years old). 

 

Three multi-case MS families were recruited for this study. Of those families, a total of 19 

DNA samples, which include nine MS cases, seven unaffected relatives and three parents with 

unknown disease status, were collected and underwent whole-genome sequencing. 

 

2.1.3. Clinical information 

Clinical reviews of the medical records for the recruited family members were conducted by 

MS-specialising neurologist Prof. Bruce Taylor. Detailed information including date of birth, 

sex, ethnicity, age of onset and diagnosis of MS (including type of MS) was collected for the 

recruited individuals. Review of all records by a single clinician was conducted to provide 

continuity in the interpretation of clinical data. 
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2.1.4. A description of the families involved in this study 

2.1.4.1. Family 1 

 

Figure 2.1 Family 1. 

Generic pedigree symbols155 were used to draw Family 1. Circle symbols indicate female. Square symbols indicate 

male. White symbols indicate unaffected individuals. Black filled symbols indicate individuals affected with MS. 

Symbols filled with slashes indicate individuals whose disease status is unknown. Symbols with a diagonal line 

indicates individuals who are deceased. Red triangles indicate individuals who were genome sequenced. 

 

Family 1 includes ten individuals (Figure 2.1), with all individuals of European descent and 

residing in either Australia (including the proband) or Ireland. Half of the eight siblings are 

affected with relapsing-remitting MS, and half are unaffected. The mother was affected with 

MS, but the disease status of the father is unknown due to no formal clinical information being 

available. All the unaffected individuals in Family 1 have passed the average age of diagnosis 

for MS (> 50 years), which means that the unaffected status is more certain for these 

individuals. For Family 1, genomic DNA for the seven siblings (red triangles) was extracted 

and underwent WGS. 
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Table 2.1 Clinical information for Family 1. 

Sample ID Age Sex MS diagnosis 
DNA sample 

available? 

1-1 – M Unknown No 

1-2 95 F Affected* No 

1-3 58 M RRMS Yes 

1-4 60 F RRMS Yes 

1-5 61 F RRMS Yes 

1-6 68 F RRMS No 

1-7 71 F Unaffected Yes 

1-8 68 M Unaffected Yes 

1-9 69 F Unaffected Yes 

1-10 65 F Unaffected Yes 

F: female; M: male; N/A: not applicable; RRMS: relapsing remitting MS and symbol '–' indicates that age 

information is not available. 

Ages of individuals at the last examination (2020). 

* Family members believed the mother 1-2 was diagnosed with MS, but there is no clinical evidence. 
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2.1.4.2. Family 2 

 

Figure 2.2 Family 2. 

Generic pedigree symbols155 were used to draw Family 2. Circle symbols indicate female. Square symbols indicate 

male. White symbols indicate unaffected individuals. Black filled symbols indicate individuals affected with MS. 

Symbols filled with slashes indicate individuals whose disease status is unknown. Red triangles indicate 

individuals who were genome sequenced. 

 

Family 2 consists of seven individuals (Figure 2.2), with all individuals of European descent 

and residing in Australia. Two of the three  generations are affected by MS. The individuals 2-

1 and 2-6 were diagnosed with RRMS, and the age of onset was 44 and 26, respectively. The 

individuals 2-2 and 2-3 were diagnosed with SPMS, and the age of onset was 32 and 19, 

respectively. The disease status of both the individuals 2-4 and 2-5 are unknown. For Family 

2, genomic DNA for six individuals (red triangles) was extracted and underwent WGS. 
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Table 2.2 Clinical information for Family 2. 

Sample ID Age Sex MS diagnosis Age at onset 
DNA sample 

available? 

2-1 51 F RRMS 44 Yes 

2-2 53 M SPMS 32 Yes 

2-3 55 F SPMS 19 Yes 

2-4 72 F Unknown N/A Yes 

2-5 79 M Unknown N/A Yes 

2-6 29 F RRMS 26 Yes 

2-2.1 – F Unaffected N/A No 

F: female; M: male; N/A: not applicable; RRMS: relapsing remitting MS; SPMS: secondary progressive MS 

and symbol '–' indicates that age information is not available. 

Ages of individuals at the last examination (2020). 

 

2.1.4.3. Family 3 

 

Figure 2.3 Family 3. 

Generic pedigree symbols155 were used to draw Family 3. Circle symbols indicate female. Square symbols indicate 

male. White symbols indicate unaffected individuals. Black filled symbols indicate individuals affected with MS. 

Symbols filled with slashes indicate individuals whose disease status is unknown. Triangle connected symbols 

indicate that the two individuals are monozygotic twins. Symbols with a diagonal line indicates individuals who 

are deceased. Red triangles indicate individuals who were genome sequenced. 

 

Family 3 includes three affected siblings (two who are monozygotic twins), three unaffected 

siblings and two parents with disease status unknown (Figure 2.3). All individuals were 

3 - 3 3 - 8

3 -1 3 - 7 3 - 2 3 - 4 3 - 5 3 - 6
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Australian and of European ancestry. The daughters 3-1 and 3-2 were diagnosed with RRMS, 

with onset at age 54 and 51, respectively. The identical twin of 3-1, individual 3-7, was 

diagnosed with PPMS, with onset at 45 years. All the unaffected individuals in Family 3 have 

passed the average age of diagnosis for MS (> 50 years), which means that the unaffected status 

is more certain for these individuals. For Family 3, genomic DNA for six individuals (red 

triangles) was extracted and underwent WGS. 

 

Table 2.3 Clinical information for Family 3. 

Sample ID Age Sex MS diagnosis Age at onset DNA sample 

available? 

3-1 62 F RRMS 54 Yes 

3-2 58 F RRMS 51 Yes 

3-3 95 F Unaffected N/A Yes 

3-4 70 M Unaffected N/A Yes 

3-5 69 M Unaffected N/A Yes 

3-6 66 F Unaffected N/A Yes 

3-7 62 F PPMS 45 No 

3-8 – M Unaffected N/A No 

F: female; M: male; N/A: not applicable; RRMS: relapsing remitting MS; PPMS: primary progressive 

MS and symbol '–' indicates that age information is not available. 

Ages of individuals at the last examination (2020). 

 

2.2. Whole-genome sequencing (WGS) data generation 

2.2.1. DNA extraction 

Genomic DNA for participants in this study was obtained from saliva samples for Family 1 

and from peripheral blood samples for Family 2 and Family 3. DNA was extracted from the 

saliva samples using Oragene® DNA collection kits (DNA Genotek, Ottawa, Canada) 

according to the manufacturer’s protocols. For DNA extraction using the blood samples, blood 

was collected into 10 mL ethylenediaminetetraacetic acid (EDTA) vacutainer tubes (BD). 

DNA was extracted from peripheral blood samples using Nucleon BACC3 Genomic DNA 

extraction kits (GE Healthcare Life Sciences) according to the standard manufacturer’s 
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protocols. Prior to sequencing, DNA samples were evaluated for purity using the NanoDrop 

1000 system (A260/280 ratio, target range 1.7-1.9) and were quantitated using the Qubit 2.0 

fluorometer system with both broad range and high sensitivity kits as required.  

 

2.2.2. Whole-genome sequencing 

For WGS of each sample, 5 µg of DNA (100 µL at 50 ng/ µL) with A260/280 ratio in range 

1.7-1.9 was used for 100 bp paired-end genome sequencing to a mean coverage of 30× or 

greater reads per base on the Illumina platform using HiSeq 2000 systems at the Queensland 

Centre for Clinical Genomics and the Garvan Institute, Sydney. WGS data was obtained from 

the sequence provider in FASTQ format. 

 

2.2.3. Sequence alignment and variant calling 

The paired-end sequencing reads were aligned to the hg19 (GRCh37; released February 2009) 

version of the human reference genome using BWA156 (Burrows-Wheeler aligner) v0.6.1. The 

resulting alignments were converted to BAM format using SAMtools157 (sequence 

alignment/map tools) v0.1.18. SAMtools was additionally utilised to mark likely PCR 

duplicates. The indel Realigner method from GATK158 (genome analysis toolkit) v4.0.4.0 was 

used for realignment around indels and GATK’s BaseRecalibration method was used for base 

quality score recalibration. This generated a single aligned BAM file for each individual 

genome.  

 

Aligned BAM files were jointly called using the HaplotypeCaller method from GATK v4.0.4.0 

to generate Genomic Variant Call Format (GVCF) files. Then the CombineGVCFs method 

from GATK v4.0.4.0 was used to merge the GVCF files. Genetic variants were called using 

the GenotypeGVCFs method from GATK v4.0.4.0. 

 

2.2.4. Quality assessment and quality control of the WGS data 

The genome quality of the sequence data for each sample was assessed using MultiQC159 v1.5. 

Quality assessment reports from multiple bioinformatics programs (Samtools157, goleft 

indexcov160, bcftools161, snpEff162, FastQC163) were integrated to ensure that each sample 

passed the quality control (QC) checks. 
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Standard individual-level QC steps164 were conducted in PLINK165 v1.9. Sex information and 

genetic relationship of the WGS samples were inferred using all genotype calls from the WGS 

data, and showed concordance between the inferred and provided information. To determine 

the ancestry of the WGS samples, we performed principal component analysis (PCA) using 

smartpca in EIGENSTRAT166 with the first two principal components merged with the 

Haplotype Reference Consortium release v1.1 panel (HRC). The sex and familial relationships 

for all samples were confirmed to match the accompanying clinical information, and PCA 

analysis validated the European descent of all participants. The QC results are presented in 

Appendix 2.1. 

 

2.3. Case-control datasets 

2.3.1. The Australia and New Zealand Multiple Sclerosis Genetics 

Consortium (ANZgene) array data 

Data were available for a cohort of 3,252 MS cases and 5,725 healthy controls genotyped across 

a mixture of SNP arrays (Table 2.4), as described in Lin et al.167. These data had previously 

undergone conservative QC steps, including individual-level and marker-level QC checks on 

the pre-merging and post-merging of the cross-platform genotype data167. As a result, the QC 

confirmed the European ancestry of the participants. A clean set of 271,943 autosomal SNPs 

were available for our study. 

 

Table 2.4 Sample and genotyping platform for the ANZgene case-control cohort. 

Study N of Cases N of Controls Genotyping platform 

ANZgene81 1,608 3,404 Illumina Infinium Hap370 CNV array 

WTCCC288 766 – Illumina Human660 Quad Chip 

QIMR168 – 1,516 Illumina Human610 Quad Chip 

GeneMSA82 878 805 Sentrix® HumanHap550 BeadChip 

Total 3,252 5,725  

 

2.3.2. ANZgene-Regeneron whole-exome sequencing data 

Unpublished data were available from another cohort of 3,318 MS cases and 2,891 healthy 

controls through the ANZgene-Regeneron WES consortium project. Briefly, the provided data 

was generated from DNA samples that underwent WES using a custom exome capture 
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designed by Regeneron as a slightly modified version of the Integrated DNA Technologies 

xGen exome research panel v 1.0, followed by sequencing on the Illumina NovaSeq 6000 

sequencer (Illumina, San Diego, CA, USA), and alignment to the hg38 reference sequence and 

variant calling by Regeneron as described in Hout et al.169. The resulting variant calls 

underwent stringent quality control processing first by Regeneron, and then the ANZgene core 

analysis team. As a result, available to the current study were data for 6,209 individuals of 

European ancestry, with 3,190,085 variants, MS diagnosis, sex information and principal 

components covariates. 

 

2.4. Validation of candidate variants by Sanger sequencing 

2.4.1. Oligonucleotide DNA primer design 

For Family 1 and Family 2, variants that were observed to co-segregate with the disease in the 

families, and were assigned as strong candidates, were validated by in-house Sanger 

sequencing. For Family 3, strong candidate variants with reduced penetrance were also 

confirmed using Sanger sequencing. Primers were designed using Primer 3170. The primers 

were designed to ensure that the distance between the primer and the mutation site is greater 

than 100bp. Primer-BLAST171 was used to confirm the low possibility of non-specific 

amplification of the designed primers. A total of four primers were designed and synthesised 

by Sigma-Aldrich (Castle Hill, Australia) or by Integrated DNA Technologies (IDT, Australia) 

(Table 2.5). 

 

Table 2.5 Primers designed to confirm candidate variants using Sanger sequencing. 

Gene RefSeq ID Variant 
Forward Primer (5’ - 3’) 

Reverse Primer (5’ - 3’) 

Product 

size (bp) 

GRIK4 NC_000011.10 c.2070G>A 
CGGGTGGAGAAGCAGAAG 

397 
CTACCCTGACCCTGTCTGGA 

RGS14 NC_000005.10 c.1069C>G 
ACCCTCCATCCCTTCCTCTA 

347 
GAAGGTGGGACTGGCTTGTA 

ZNF18 NC_000017.11 c.1072G>A 
AGGTCTTCCCACACTCCCTGCA 

289 
TCTCAGGCTTCCTTGAGGGGCT 

KANK1 NC_000009.12 c.3371G>A 
GCCTCTGCTTCTGCATGGTGCT 

397 
CCGTTGCCGTCTGCCAAGTTGA 
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2.4.2. PCR amplification of DNA samples 

For each family DNA sample, 10 ng of DNA (1 µL at 10 ng/ µL) with A260/280 ratio in range 

1.7-1.9 was used to amplify the genes harbouring the target variants. PCR amplification 

reaction was prepared in a 10 µL volume, and DNAs were amplified using the cycling 

conditions (Table 2.6). 

 

Table 2.6 PCR amplification reaction and the cycling conditions. 

PCR amplification reaction 

Reagent Volume (µL) 

5x MyTaq™ HS Mix (Bioline, UK) 10 

MQH2O 6 

Forward Primer (10 µM) 1 

Reverse Primer (10 µM) 1 

DNA (10 ng/µL) 2 

Total 20 

 

Cycling conditions 

Step Temperature (°C) Time Cycles 

Initial denaturation 95 1 min x 1 

Denaturation 95 10 s 

x 30 Annealing 62 15 s 

Extension 72 15 s 

 

2.4.3. Confirmation of amplified PCR products 

Amplified DNA products were visualised using a 2% agarose gel, which was made by 

dissolving 0.6 g agarose powder (Bioline, UK) in 30 mL of 1x TAE buffer (Life Technologies) 

for one minute in a microwave. DNA amplification products were loaded with 5x DNA loading 

buffer (Bioline, UK) at 4:1 ratio along with a 2 µL of 100bp Hyperladder (Bioline, UK). Gels 

were run for 50 minutes at 80V and DNA product sizes were confirmed by comparing to the 

ladder. 
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2.4.4. Sanger sequencing 

Sanger sequencing was conducted using our in-house standard protocols. Briefly, 16 µL of 

amplified PCR products were mixed with 28.8 µL Agencourt AMPure XP magnetic beads 

(Beckman Coulter) and purified according to the manufacturer’s instructions. 1 µL of each 

purified PCR product was transferred to a Veriti 96-well Thermal Cycler (Applied Biosystems) 

and the Sanger sequencing reactions were prepared on ice. The reagents used are shown in 

Table 2.7. The sequencing reactions were run with fast cycling conditions (Table 2.7). 

 

Table 2.7 Sanger sequencing reaction and the cycling conditions. 

PCR amplification reaction 

Reagent Volume (µL) 

BigDye® Terminator v3.1 (Applied Biosystems) 0.25 

Sequencing buffer 1.75 

Primer (3.3 µM) 1.60 

MQH2O 5.40 

Purified PCR product 1 

Total 10 

 

Cycling conditions 

Step Temperature (°C) Time Cycles 

Initial denaturation 96 1 min x 1 

Denaturation 96 10 s 

x 25 Annealing 50 5 s 

Extension 60 1 min 15 s  

 

Sanger sequencing reactions were purified with Agencourt cleanseq magnetic beads (Beckman 

Coulter) according to the manufacturer’s instructions. 10 µL of cleaned DNA sequencing 

reactions were transferred to a 96-well sequencing plate (Applied Biosystems) and denatured 

at 95°C for five minutes on a Veriti 96 Well Thermal Cycler (Applied Biosystems). Denatured 

reactions were sequenced on the ABI 3500 Genetic Analyzer (Applied Biosystems). Sanger 

sequencing results were analysed using Sequencher172 v4.10.1 (Gene Codes Corporation), the 

chromatograms of the mutation site were manually inspected to validate the candidate variants.
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Chapter 3. Common variant risk profiles in multiple 

sclerosis families 

 

3.1. Introduction 

Analogous to numerous complex diseases, multiple sclerosis (MS) displays polygenic 

heritability characteristics97. Multiple genome-wide association studies (GWAS) have 

identified common variants associated with MS risk. One recent large-scale GWAS173 

conducted by the International Multiple Sclerosis Genetics Consortium (IMSGC) identified 

200 autosomal variants outside the human leukocyte antigen (HLA) region (i.e., non-HLA 

variants), 32 variants within the HLA region and one variant located on the X chromosome. In 

spite of this success, those risk variants independently exert a small or modest effect size. The 

HLA-DRB1*15:01 allele, of which the association with MS has been replicated in different 

studies15-126, remains the most robust association with MS (odds ratio, OR = 2.9). To date, 

different measures of the heritability explained by all known associations range from 20 – 48%, 

leaving a major portion of the heritability unknown97,173. 

 

In this study, we recruited three families that appeared to be enriched for MS (three or more 

affected first-degree relatives). Given that MS is relatively rare compared to other complex 

diseases (a prevalence of about 1 in per 1,000 Australians), sporadic clustering of three affected 

individuals becomes fairly unlikely. While closely related individuals tend to share similar 

environmental, genetic and epigenetic risk factors174-175, we hypothesise that the known 

common risk variants for MS are not sufficient to cause this aggregation of disease, and that 

undiscovered rare or uncommon variants drive the differences between the MS cases and their 

unaffected family members. In this chapter we aimed to investigate whether MS clustering in 

these families is due to an elevated burden of the known common genetic risk variants. To 

assess the role of these variants in MS families we used a polygenic risk score method176 to 

combine information for all the confirmed MS risk loci, and compared the results to a case-

control cohort derived from the same population.  

 

3.2. Hypothesis and Aims 

We hypothesise that the known common variants associated with MS risk are not sufficient to 

explain the enrichment of MS in some families. 
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Aims: 

Aim 1: To assess the cumulative genetic burden of the known common risk variants (HLA and 

non-HLA risk variants) in families enriched for MS. 

Aim 1.1 To determine whether the MS enriched families carry high risk HLA alleles. 

Aim 1.2 To assess the genetic burden of non-HLA risk variants in MS-enriched families. 

 

3.3. Methods 

3.3.1. ANZgene case-control cohort 

Baseline polygenic risk scores were calculated in a population relevant case-control cohort 

collected by the Australia and New Zealand Multiple Sclerosis Genetics (ANZgene) 

Consortium and published in Lin et al (2013), as described in section 2.3.1. The samples were 

genotyped using a mixture of genotyping arrays (Table 2.4, section 2.3.1.). Individual-level 

and marker-level quality control (QC) procedures were conducted and merged, and participants 

were confirmed to be of European ancestry, as described by Lin et al.167. The final data included 

3,252 MS cases and 5,725 healthy controls, with genotyping data available for 271,943 

autosomal SNPs.  

 

3.3.1.1. Genome-wide imputation of the ANZgene case-control cohort 

To increase the number of SNPs that were available for further analysis, we undertook genome-

wide imputation of the cohort array data. Pre-imputation QC steps were performed using a best 

practice workflow from the McCarthy Group177. Table 3.1 details the pre-imputation processes 

and the number of SNPs that were processed at each step. Briefly, we flipped the DNA strand 

orientation of any SNPs to a uniform forward orientation. This resulted in 135,562 of 271,943 

SNPs being flipped to the forward orientation. Then SNPs were filtered and excluded based on 

the following criteria: insertions and deletions were removed (if applicable); SNPs with allele 

frequency difference greater than 0.2 compared to the Haplotype Reference Consortium release 

v1.1 reference panel; SNPs that were not in the reference panel; SNPs with different alleles 

between the study and reference panel; ambiguous (A/T and C/G) SNPs. This resulted in the 

exclusion of 387 SNPs, and 271,556 SNPs were available for the genome-wide imputation. 

 

The above 271,556 SNPs were subsequently uploaded onto the Michigan Imputation Server178 

to perform haplotype phasing and imputation. The 1000 Genomes phase 3 version 5 dataset 
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was selected as the reference panel; using the European population and the Eagle v2.4 approach 

for phasing. All other parameters were set to default. After genome-wide imputation and post-

imputation QC (removing variants with the imputation quality score R2 < 0.8), a total number 

of 12,028,597 SNPs were available in the analysis. 

 

3.3.1.2. HLA imputation of the ANZgene case-control cohort 

We employed the HLA*IMP:03 program179 to conduct HLA specific imputation of the cohort 

array data. Firstly, SNPs from across the HLA region, chromosome 6: 20 to 40 Mb (hg19), 

were extracted from the initial ANZgene genotyping array data. This resulted in the extraction 

of 2,859 SNPs. The pre-imputation QC of these SNPs was then conducted using the same 

pipeline as described in the genome-wide imputation section. Table 3.1 details the pre-

imputation processes and the number of SNPs processed at each step. Briefly, 1,390 of 2,859 

SNPs were flipped to the forward strand orientation and no SNPs were excluded. The 2,859 

SNPs with uniform forward strand orientation were haplotype phased following the same 

pipeline described above for genome-wide imputation. The HLA*IMP:03 program provides a 

training SNP dataset to perform HLA specific imputation. We converted the haplotype phased 

SNPs into the Oxford HAPS/SAMPLE format with bcftools157 v1.12. Then we extracted only 

the SNPs that intersected with the training SNP dataset. As a result, 676 SNPs that were in the 

intersection of the training SNP dataset and our study dataset were provided to HLA*IMP:03. 

The classical four-digit HLA alleles were imputed by HLA*IMP:03. Amino acids for the HLA 

genes were mapped based on the corresponding HLA types using the HLA dictionary from the 

SNP2HLA package180. 
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Table 3.1 Pre-imputation QC of the ANZgene case-control cohort array data. 

Pre-imputation QC Check 
Number of markers processed 

Genome-wide HLA Imputation 

Initial variants 271,943 2,859 

Strand flipping 135,562 1,390 

Remove non-SNPs 0 0 

Allele frequency difference1 44 0 

Non-match SNPs2 3 0 

Allele mismatch3 340 0 

Remove strand-ambiguous SNPs4 0 0 

Remaining Variants 

for imputation 271,556 2,859 

1 SNPs with allele frequency difference > 0.2 compared to the Haplotype Reference Consortium 

release v1.1 panel. 

2 SNPs that were not found in the reference panel. 

3 SNPs with mismatch alleles compared with the reference panel. 

4 Ambiguous (A/T, C/G) SNPs. 

 

3.3.2. MS enriched families 

As described in section 2.1.2, three multi-case MS families were recruited for this study with 

each family including at least three affected individuals. The three families include 19 

individuals with DNA samples available; nine individuals diagnosed with MS, eight unaffected 

relatives (> 50 years of age) and two founders with disease status unknown. 

 

3.3.2.1. Whole-genome sequencing (WGS) 

As described in section 2.2.2, these 19 DNA samples were sequenced on the Illumina HiSeq 

2000 platform (100bp paired-end reads) with a mean coverage greater than 30x. Sequence 

alignment was carried out using BWA181 v0.6.1 and variants were called using GATK158 

v4.0.4.0. The sequencing quality was assessed using FastQC163 v0.11.8. Individual-level QC 

of the WGS data was performed using PLINK165 v1.9. As a result, no samples were excluded 

and a total of 9,961,820 variants were available in the analysis. 
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3.3.2.2. MS genotyping and data cleaning 

The 19 family DNA samples were also genotyped on the Illumina Infinium® Global Screening 

Array-24 v1.0 (GSA). Data cleaning was conducted using the Illumina® GenomeStudio V2015 

Software Genotyping Module v2.0.4 (Illumina, Inc.). The data cleaning protocol was 

developed based on the Infinium® Genotyping Data Analysis technical note182. 

 

Initially, the raw intensity data were loaded into GenomeStudio to assign genotype calls. All 

SNPs were used to confirm that the sex estimates were consistent with the clinical information. 

Autosomal SNPs were filtered and excluded based on the following criteria: SNPs with call 

frequency < 1; SNPs with AB R Mean less than 0.5 (intensities of the SNPs were too low to 

call genotypes); SNPs with AB T Mean less than 0.2 (SNPs where the heterozygote cluster has 

shifted toward the left homozygote cluster) or greater than 0.8 (SNPs where the heterozygote 

cluster has shifted toward the right homozygote cluster); SNPs with either parent-child (P-C) 

errors > 0 or parent-parent-child (P-P-C) errors > 0 (these were used to identify SNPs with 

deviations from the expected parent-child and father-mother-child heritability patterns). Other 

types of markers, which include mitochondrial DNA (mtDNA), chrX, chrY and chrXY SNPs 

(the pseudoautosomal SNPs on sex chromosomes) were also excluded. Finally, four filters 

were applied to remove poorly clustered calls, as recommended by the technical note: A/A 

frequency = 1 and AA T Mean > 0.3; A/A frequency = 1 and AA T Dev > 0.06; B/B frequency 

= 1 and BB T Mean < 0.7 and B/B frequency = 1 and BB T Dev > 0.06. 

 

After data cleaning in GenomeStudio, we performed standard QC steps164 for the array data 

from the family samples. Individual-level QC was performed using the pipeline described for 

the QC of the WGS data from the same samples (section 2.2.4). Additionally, we filtered 

samples with the missing call rates > 3% and outlying heterozygosity rates (deviation from the 

mean ± 2 standard deviations, SD). For marker-level QC of the family array data, all the SNPs 

were filtered based on the missing call rates (> 1%) and the differential missingness between 

the cases and controls (P < 0.001). 

 

GenomeStudio data cleaning excluded 57,789 variants from the initial set of 618,540 variants. 

Table 3.2 details the data cleaning process in GenomeStudio and the number of SNPs excluded 

at each step. During the standard QC steps, no discordant sex and genetic relationships were 

identified, and PCA analysis validated the European descent of all participants. Subsequently, 

a marker-level QC identified and removed a further 49 SNPs with missing call rates greater 
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than 1%. The QC results are provided in Appendix 3.1. In total, 560,702 variants passed all 

QC steps and were retained for analysis. 

 

Table 3.2 Data cleaning of family samples in GenomeStudio. 

Filter condition Number of variants excluded 

Call frequency < 1 28,356 

AB R Mean < 0.5 22,464 

AB T Mean (< 0.2) or (>0.8) 514 

P-C errors > 0 489 

P-P-C errors > 0 510 

Male heterozygous chrX  12 

Other markers (mtDNA, chrY, chrXY SNPs) 1,806 

A/A_frequency = 1 and AA T Mean > 0.3 44 

A/A_frequency = 1 and AA T Dev > 0.06 0 

B/B_frequency = 1 and BB T Mean < 0.7 227 

B/B_frequency = 1 and BB T Dev > 0.06 9 

Single base Indels 2,177 

Triallelic SNPs 1,181 

Initial variants: 618,540 

Cleaned variants: 560,751 

 

 

3.3.2.3. Genome-wide imputation of the family genotyping data 

Genome-wide-imputation of the family genotyping data was performed using the same pipeline 

as described for the ANZgene case-control cohort (section 3.3.1.1). Table 3.3 details the pre-

imputation processes and the number of markers that were processed at each step. In short, 

34,022 markers were flipped to the forward strand orientation and 23,064 markers were 

excluded. After genome-wide imputation and post-imputation QC (remove variants with the 

imputation quality score R2 < 0.8), a total number of 7,442,746 SNPs were available in the 

analysis. 

 

3.3.2.4. HLA imputation of the family genotyping data 

HLA imputation of the family genotyping data was performed using the same pipeline as 

described for the ANZgene case-control cohort (section 3.3.1.2). Table 3.3 details the pre-
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imputation processes and the number of SNPs that were processed at each step. In the first 

steps of the HLA imputation pipeline for the family genotyping data, SNPs from across the 

HLA region, chromosome 6: 20 - 40 Mb (hg19), were extracted from the initial family 

genotyping data. This resulted in the extraction of 10,687 SNPs. Of these SNPs, 2,064 were 

flipped to the forward strand orientation and 632 SNPs were excluded. The remaining 10,055 

SNPs with uniform forward strand orientation were haplotype phased and converted into the 

Oxford HAPS/SAMPLE format following the same pipeline described above for the HLA 

imputation of the ANZgene case-control cohort genotyping data (section 3.3.1.2). As a result, 

2,466 SNPs that were in the intersection of the training SNP dataset and our study dataset were 

provided to HLA*IMP:03. The imputation of the four-digit HLA alleles and the amino acids 

were performed using the HLA*IMP:03 program179 and the SNP2HLA package180, 

respectively. 

 

Table 3.3 Pre-imputation QC of the family array data. 

Pre-imputation QC Check 
Number of markers processed 

Genome-wide HLA Imputation 

Initial variants 560,702 10,687 

Strand flipping 34,022 2,064 

Remove non-SNPs 731 0 

Allele frequency difference1 5,724 0 

Non-match SNPs2 11,261 108 

Allele mismatch3 610 35 

Remove strand-ambiguous SNPs4 4,738 489 

Remaining Variants 

for imputation 537,638 10,055 

1 SNPs with allele frequency difference > 0.4 compared to the 1000 Genomes phase 3 version 5 

reference panel. 

2 SNPs that were not found in the reference panel. 

3 SNPs with mismatch alleles compared with the reference panel. 

4 Ambiguous (A/T, C/G) SNPs. 

 

3.3.3. MS risk variant selection 

The list of known common MS risk variants was derived from the largest MS association study 

to date, the International Multiple Sclerosis Genetics Consortium GWAS (2019)173, which 
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identified 32 HLA variants and 200 autosomal risk SNPs from a study of 47,429 MS cases and 

68,374 controls. For the ANZgene case-control cohort, the genome-wide and HLA imputation 

of the cohort data were used to extract the known autosomal risk SNPs and HLA variants, 

respectively. For the MS families, the WGS data and the family genotyping data were merged 

to extract the known autosomal risk SNPs and the HLA imputation data was used to extract the 

known HLA variants. Of those known common variants, 26 (out of 32) HLA variants and 155 

(out of 200) non-HLA variants were available in both the cohort and family datasets and were 

included in the analysis (details in Appendix 3.2).  

 

3.3.4. Weighted polygenic risk score (wPRS) 

We calculated the wPRS by using the allelic ORs from IMSGC GWAS summary results173 to 

take the effect size of the risk alleles into account. The wPRS was constructed as previously 

published176. In short, the wPRS of each individual was calculated by multiplying the number 

of copies of the risk allele for each SNP by the weighted effect of that SNP, and these were 

summed across those values of all the SNPs. The weighted effect of a SNP was the natural log 

of the OR for the allele. The formula used to compute the wPRS is shown below. 

𝑤𝑃𝑅𝑆 =  ∑ 𝐺𝑖𝑊𝑖

𝑛

𝑖=1

 

n: the total number of risk alleles extracted from the study data; G: the number of copies of certain risk allele 

carried by an individual; W: weighted effect of a SNP, i.e., log(ORi). 

 

3.3.5. Statistical analysis 

To test wPRS differences between the sporadic MS and the healthy controls in the ANZgene 

case-control cohort data, we performed a Welch two sample t-test. The receiver operating 

characteristic (ROC) curve was plotted to demonstrate the true positive rate against the false 

positive rate of using the wPRS to discriminate sporadic cases from healthy controls. The area 

under the ROC curve (AUC) was calculated to assess the prediction performance of the wPRS. 

To assess the difference between the cumulative common genetic burden in the families against 

the cohort data, we performed 100 iterations of t-tests of the wPRS differences between the 

familial and cohort individuals, across different disease states. For each iteration, we performed 

a Welch two sample t-test on the wPRS results between a random set of either 500 sporadic 

MS or 500 healthy controls and the familial wPRS results. 
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3.4. Results 

3.4.1. SNP selection 

Of the 32 known common HLA variants173, four ambiguous (A/T, C/G) SNPs were excluded 

from the analysis. Of the remaining variants, 26 were available in both the family and the 

ANZgene case-control cohort dataset and were included in the analysis. Similarly, for the 

known 200 common non-HLA variants173, 25 ambiguous SNPs were excluded from the 

analysis and 155 out of the remaining variants were overlapping between the two datasets and 

were included in the analysis. 

 

As shown in Figure 3.1, the ORs of those excluded variants are small and comparable in the 

distribution of the overall ORs from the IMSGC GWAS data. In contrast, the relatively large 

ORs are all in those variants that were included in the study. The average OR was higher in the 

included variants (mean = 1.145, SD = 0.239) compared with the excluded variants (mean = 

1.144, SD = 0.129). All the variants with ORs ≥ 2 were included in this study, while the 

maximum OR of the excluded variants is 1.589. 

 

 

Figure 3.1 Odds ratios of SNPs excluded from the wPRS calculation, compared with 

those included. 
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This figure shows the distribution of odds ratios of the variants that were excluded (red) or included (blue) in 

this study. 

 

3.4.2. Distribution of wPRS in the ANZgene case-control cohort 

The distribution of the cohort wPRS is presented in Figure 3.2. The average wPRS was 

significantly higher in sporadic MS (mean = 25.71, SD = 1.27) compared with healthy controls 

(mean = 24.48, SD = 1.21; P = 2.2 × 10-16) as indicated by an overall right-skewed distribution 

(inflation) of wPRS scores in the sporadic MS cohort compared to the healthy controls. 

 

 

Figure 3.2 ANZgene case-control cohort wPRS distributions. 

This histogram shows the distribution of wPRS in the ANZgene case-control cohort. The height of the bars 

corresponds to the number of cases or controls with each wPRS value (x-axis). The dotted line represents the 

mean wPRS value. 
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The wPRS computed based on the known 26 HLA variants and the 155 non-HLA variants 

exhibited a moderate capacity to discriminate between sporadic MS patients and healthy 

controls (AUC = 0.76, 95% confidence interval [CI]: 0.75 - 0.77; Figure 3.3). 

 

 

Figure 3.3 ROC curve for MS prediction. 

This figure shows the receiver operating characteristic (ROC) curve corresponding to wPRS based on 26 HLA 

and 155 non-HLA common variants, The area under the ROC curve (AUC) was calculated to assess the prediction 

performance of the wPRS in discriminating sporadic MS and healthy controls. 

 

3.4.3. wPRS characteristics in the MS families 

Family specific wPRS distributions and values are presented in Figure 3.4 and Table 3.4, 

respectively. Family 1 showed overall a high wPRS compared with the other two families with 

the average wPRS in the unaffected individuals (mean = 26.75, SD = 0.59) in this family 

exceeding the scores for the affected individuals in Family 2 (mean = 25.44, SD = 1.01) and 3 

(mean = 26.02, SD = 0.15). 
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Figure 3.4 Family specific wPRS distributions. 

This figure presents the wPRS distributions in the MS families. Each dot corresponds to a family member. Box plot shows the median (horizontal line) and range of wPRS 

(extended vertical line).



 42 

Table 3.4 Mean wPRS (SD) results across family affected and unaffected/unknown 

individuals. 

Family Affected Unaffected Unknown 

  1 27.88 (0.75) 26.75 (0.59) — 

  2 25.44 (1.01) — 25.26 (0.30) 

  3 26.02 (0.15) 24.88 (0.59) — 

Mean wPRS (SD) results are reported in the different subsets of individuals across families. 

 

Table 3.5 summarises the individual-level wPRS in the three families and identifies carriers of 

HLA-DRB1*15:01. The overall high wPRS in Family 1 is due to the presence of the high-risk 

HLA-DRB1*15:01 allele. No other HLA risk alleles were observed in any of the three families.
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Table 3.5 Polygenic risk and HLA risk allele status in the MS families. 

Family ID MS3 PRS  HLA-DRB1*15:014 

1-3 + 27.38  + 

1-4 + 27.51  + 

1-5 + 28.74  +1 

1-7 - 26.40  + 

1-8 - 26.79  + 

1-9 - 26.25  - 

1-10 - 27.57  + 

     

2-1 + 24.35  - 

2-2 + 24.99  - 

2-3 + 25.71  - 

2-6 + 26.71  - 

2-4 ?2 25.04  - 

2-5 ?2 25.47  - 

     

3-1 + 26.13  - 

3-2 + 25.92  - 

3-3 - 24.98  - 

3-4 - 24.32  - 

3-5 - 24.55  - 

3-6 - 25.66  - 

1 1-5 is homozygous for HLA-DRB1*15:01. 

2 Disease status unknown. 

3 The symbol ‘+’ in the second column indicates that an individual is affected with MS. 

4 The symbol ‘+’ in the last column indicates the carrying status of the risk allele HLA-DRB1*15:01. 

 

In Family 1, all genotyped siblings share the high-risk HLA-DRB1*15:01 allele (five 

individuals are heterozygous, individual 1-5 is homozygous), except for one unaffected relative 

1-9, who inherited the alternate HLA-DRB1*03:01 and HLA-DRB1*13:02 allele from her 

parents (Figure 3.5). It is worth noting that even though 1-9 does not carry HLA-DRB1*15:01, 

her wPRS is still higher than the affected individuals (except 2-6) of the other two families 

(Table 3.5). 
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Figure 3.5 HLA-DRB1 alleles in Family 1. 

This figure presents the HLA-DRB1 alleles in Family 1. Circle symbols indicate female. Square symbols indicate 

male. Black filled symbols represent MS patients, white ones represent the unaffected relatives. Symbols filled 

with slashes indicate individuals whose disease status is unknown. Symbols with a diagonal line indicates 

individuals who are deceased. Red triangles are used to represent individuals with genotyping data available. 

 

In contrast, no HLA risk alleles were present in either Family 2 or Family 3 (Table 3.5); 

highlighting the underlying difference in the genetic architectures of these three MS families. 

Family 2 and Family 3 are shown in Figure 3.6. In Family 2, the affected individuals (25.44 ± 

1.01) showed elevated common genetic burden compared with the parents whose disease status 

is unknown (25.26 ± 0.30, Table 3.4). Although the disease status of the parents is not known, 

the parents showed higher wPRS than that of the affected sibling 2-1 and 2-2 (Table 3.5). In 

Family 3, the affected individuals also showed elevated common genetic burden (26.02 ± 0.15) 

compared with the unaffected relatives (24.88 ± 0.59, Table 3.4). 
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Figure 3.6 Family 2 and Family 3. 

a. The pedigree structure of Family 2. b. The pedigree structure of Family 3. Circle symbols indicate female. 

Square symbols indicate male. Black filled symbols represent MS patients, white ones represent the unaffected 

relatives. Symbols filled with slashes indicate individuals whose disease status is unknown. Symbols with a 

diagonal line indicates individuals who are deceased. Red triangles are used to represent individuals with 

genotyping data available. 

 

As shown in Figure 3.7, the overall family individuals (affected and unaffected) displayed 

right-skewed wPRS distributions compared with the healthy controls. Both the affected and 

unaffected individuals in Family 1 showed right-skewed wPRS distributions compared with 

the sporadic MS. In Family 2, some affected individuals showed higher wPRS than the mean 

wPRS of the sporadic MS, while other affected individuals in the family showed wPRS 

between the mean wPRS of the healthy controls and the sporadic MS. In Family 3, the affected 

individuals showed higher wPRS than the mean wPRS of the sporadic MS, and the unaffected 

individuals showed wPRS between the mean wPRS of the healthy controls and the sporadic 

MS. 

 

a. Family 2 b. Family 3

3 - 3 3 - 8

3 -1 3 - 7 3 - 2 3 - 4 3 - 5 3 - 6
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Figure 3.7 Familial wPRS distributions. 

This figure shows the distribution of wPRS across the cohorts. The top histogram plot shows the distribution of 

wPRS in the ANZgene case-control cohort. The height of the bars corresponds to the number of cases or controls 

with each wPRS value (x-axis). The bottom boxplot presents the wPRS values for the unaffected and affected 

individuals in the MS families. Different colours were used to differentiate among family results. Red dots for 

Family 1, green for Family 2 and blue for Family 3. The dotted line represents the mean wPRS value. 

 

3.4.4. Impact of common genetic risk on MS clustering 

To assess the impact of the cumulative genetic burden of the known common variants on the 

familial aggregation, we randomly selected the wPRS results of 500 sporadic MS or healthy 

subjects and compared them with the familial wPRS results. Such random sampling and 

comparison were repeated 100 times. In the ANZgene case-control cohort, we observed a 

significant wPRS difference between the sporadic MS (sub-sampling mean = 25.75, sub-

sampling SD = 1.33) and healthy controls (sub-sampling mean = 24.43, sub-sampling SD = 

1.20), the mean size of the difference is 1.32 and the average P value across 100 iterations of 

t-tests was 1.29 × 10-34 (the minimum P value was 1.70 × 10-64, the maximum P value was 1.29 

× 10-32). When comparing the familial and cohort wPRS, the familial MS exhibited higher 

wPRS (mean = 26.38, SD = 1.36) than that of healthy controls (sub-sampling mean = 24.52, 

sub-sampling SD = 1.22), the mean size of the difference is 1.86, the average difference of the 
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100 times iteration t-tests on the wPRS was 3.02 × 10-3 (the minimum P value was 2.15 × 10-

3, the maximum P value was 4.94 × 10-3). Despite the trend towards a slightly increased wPRS 

in familial MS compared to sporadic MS, no significant difference between the familial MS 

and the sporadic MS was observed (P > 0.05). In particular, during each iteration of comparing 

the wPRS in familial unaffected individuals (mean = 25.82, SD = 1.14) to healthy controls 

(sub-sampling mean = 24.48, sub-sampling SD =1.22), a consistent significant difference was 

observed. The mean wPRS difference was 1.34, the average difference of the 100 times 

iteration t-tests on the wPRS was 0.01 (the minimum P value was 7.39 × 10-3, the maximum P 

value was 0.02) (Figure 3.8) 

 

 

Figure 3.8 Iteration t-tests on wPRS among groups. 

This figure shows the iteration t-test results of the wPRS (based on the 26 HLA and the 155 non-HLA risk variants) 

differences between pairwise groups. The left-hand plot shows the comparison between the sporadic MS (sMS) 

and the healthy controls (HC). The right-hand plot shows three comparisons: the familial MS (fMS) versus HC; 

the fMS versus sMS; the familial unaffected individuals (fCon) versus HC. Each dot corresponds to a single Welch 

two sample t-test on the wPRS between the groups, and a total of 100 iteration t-tests were conducted for each 

group of comparison. Y axis is negative logarithm of p-value and the two plots use different scales to present the 

comparison results. Red dots indicate significant difference of wPRS (P < 0.05) was observed between the groups. 

Blue dots indicate no significant differences. 

 



 48 

3.5. Discussion 

In this chapter, we utilised the largest set of reported common risk variants for MS173 to 

estimate the wPRS in our MS enriched families. Currently, the identified common risk variants 

can explain only 20-48% of the overall heritability, leaving a major portion of the heritability 

unknown97,173. To test our hypothesis that common risk variants are not sufficient to cause the 

aggregation of MS in families, we compared the familial wPRS to that of a population-relevant 

cohort, to investigate the role of these variants in driving the clustering of MS. 

 

Using these known common variants, we used a case-control cohort to compute the wPRS and 

to determine the baseline for polygenic risk in our population. The population-level risk 

assessment presents as a normal distribution, which is in agreement with the theories of 

Clayton183 and Pharoah184, supporting the fact that MS is a complex disease determined by 

multiple susceptibility variants. As expected, the wPRS was significantly higher in sporadic 

MS than healthy controls (P = 2.2 × 10-16). The model exhibited a moderate predictive capacity 

to discriminate between sporadic MS and healthy controls (AUC = 0.76, 95% CI: 0.75 - 0.77). 

These results are comparable with established PRS studies in MS, where the inclusion of the 

additional variants moderately improved performance of wPRS in predicting high-risk 

individuals176,185–190. However, the predictive capacity is still limited in clinical practice for 

MS191, as a higher specificity would be required for the accurate prediction of MS with a 

relatively low disease prevalence. 

 

These results are consistent with the known ‘missing heritability’ for MS, where the known 

common variants account for only a proportion of the overall genetic risk component of the 

disease. Although there were a small number of risk variants not captured in our genotyping 

data, the OR effect sizes of these missing variants is unbiased with respect to the variants that 

were available for calculating the wPRS. The ORs of the excluded variants are smaller than 

those included and the distribution of ORs in both sets are comparable to the distribution of the 

overall ORs from the IMSGC GWAS data, indicating there is no obvious bias in the excluded 

set. Most importantly the missing variants do not include the high-risk HLA-DBR1*15:01 

allele. The average OR of the included variants was higher than that of the excluded variants. 

Besides, all the variants with OR ≥ 2 were included in this study, while the maximum OR of 

the excluded variant is smaller (1.589). Hence, our results should be generally indicative of the 

wider common variant risk behaviour. On the other hand, while the wPRS constructed in the 
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present study is based on the largest set of risk loci for MS to date, we cannot exclude the 

possibility that there may be other common variants that remain to be discovered. However, it 

is less likely that additional common variants with even moderate odds ratios remain 

undiscovered as GWAS have approached their feasible maximum size. Furthermore, the 

reviews of GWAS of MS or complex disease show that the median odds ratios of the common 

risk variants display a decreasing trend, with the effects of new GWAS discoveries approaching 

an odds ratio of 1; the chance of identifying novel common variants in European populations 

with even moderate effects for complex diseases by conducting additional GWAS is low97,119. 

Therefore, the missing heritability is most likely not due to undiscovered common variants. 

The common variants used in our study should provide an appropriate estimate of the 

cumulative genetic burden in our families, compared with a matched set of variants in the 

population cohort. 

 

When comparing familial MS versus sporadic MS, no wPRS difference was observed, 

indicating that the established risk variants are not enriched in the study families to a sufficient 

degree to explain the aggregation of MS. Previous studies have identified conflicting results in 

this area, with some studies observing enrichment of risk variants in families22-23,27 and others 

showing similar results to our data188,192. These studies were published before the identification 

of the common variants from the larger GWAS were released93, and fewer common variants 

were used to compute the polygenic risks including HLA and non-HLA variants. These 

conflicting results reflect the heterogeneity of common risk profiles of MS. This is consistent 

with the per family variation we observed, especially where the presence or absence of major 

risk alleles (i.e., HLA-DRB1*15:01) can have a large impact on overall scores. For example, 

the enriched copies of the high-risk allele HLA-DRB1*15:01 were observed in Family 1, and 

no other risk HLA alleles were observed in any of the three families. The enriched HLA-

DRB1*15:01 drives the higher genetic burden in Family 1 than the other two families. 

However, it is not the main cause of MS in the family because both the affected and unaffected 

individuals (except 1-9) carry the risk allele. Therefore, additional major variant(s) are likely 

to be present in the affected individuals, or alternatively, protective variant(s) may be present 

in the unaffected individuals. On the other hand, the relatively low cumulative genetic burden 

in Family 2 and 3 demonstrate the limited role of common MS risk variants in contributing to 

the aggregation of MS. Other (as yet undetected) high impact variant(s) may be present in these 

families to increase the polygenic risk. 

 



 50 

When comparing familial MS versus healthy controls, a significant wPRS difference was 

observed, the average P value of 100 iteration comparisons between the two groups was 0.003. 

When compared to healthy controls, the unaffected relatives exhibited a higher wPRS (P = 

0.01). This indicates that they carry an elevated common genetic burden, similar to their 

affected family members, compared to the general population. Despite the elevated burden in 

the unaffected individuals, and the fact that they share similar environmental factors and/or 

epigenetic factors with their affected relatives, they have different disease outcomes. In 

addition, it is also important to note that there is still a substantial proportion of missing 

heritability for MS97. These facts strongly support our hypothesis that the known common MS 

risk variants are not sufficient to drive the MS clustering in these families. As the majority of 

the common variants identified by GWAS map to non-coding regions and are distant from any 

known genes, these variants are most likely to impact disease susceptibility through indirect 

regulation of gene expression or the modification of gene activities193. These variants may act 

through these indirect mechanisms to modify the disease outcome, rather than to directly cause 

the disease. In contrast, it has been postulated the missing heritability in complex diseases such 

as MS is due to rare variants, likely influencing coding regions of the genome126,125. Multiple 

studies of other complex diseases, such as Alzheimer’s disease194, schizophrenia195 and 

ischemic stroke196, have demonstrated the significant contribution of rare variants to 

heritability. We therefore hypothesise that familial aggregation of MS, particularly in families 

not carrying high risk alleles (such as HLA-DRB1*15:01) is likely to be driven by a 

combination of the common genetic background and major genetic risk factors such as rare or 

family specific private variants, i.e., variants that are shared only in the study family. 

 

As with all research, the current study has limitations to consider. The sample size of the 

families is limited. To compare the familial wPRS to that of a population-relevant cohort, we 

conducted random sampling of the cohort and iterative comparisons between familial and 

cohort wPRS. During the comparison of the randomly selected 500 sporadic MS patients and 

500 healthy controls, the wPRS difference (average P value of 100 iterations of t-tests was 1.29 

× 10-34) was less than that of 3,252 sporadic MS cases and 5,725 healthy controls (2.2×10-16). 

The magnitude of the P value difference may be related to the sample size involved in the 

comparisons. For more confident conclusion drawn from this work, it is recommended to 

recruit more MS families to increase the power. However, the age of onset, severity and rarity 

of the condition generally limits the number of MS enriched families. The current model takes 

only the effect of common variants into account. A more comprehensive prediction model 
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would be needed to additionally integrate individual-level clinical characteristics (sex, age of 

onset, disease severity and so forth), rare variants, environmental factors and interactions 

between those genetic and non-genetic risk factors to improve the predictive capacity for 

complex disease MS with a low prevalence – however many of these factors, particularly the 

uncommon and rare risk variants, are as yet unknown for MS. 

 

3.6. Conclusion 

This chapter developed a pipeline to construct a weighted polygenic risk score. We utilised a 

greater number of common risk variants (including HLA and non-HLA variants) than previous 

PRS studies176,185–190 to provide appropriate estimates of the cumulative genetic burden in our 

datasets. The predictive performance of the model in this study is comparable with those 

established studies, and exhibited an improved performance of the model to discriminate MS 

from healthy controls, yet the moderate presentation of common variants to the overall 

heritability of MS limits the possibilities of applying wPRS in clinical practice. Major risk 

factors other than common variants need to be investigated to integrate more cumulative 

individual-level burden. 

 

By comparing familial wPRS to a population-relevant case-control cohort, our results 

demonstrate that the currently known common MS risk variants are not sufficient to explain 

the clustering of MS in our families. Our results strongly imply that the aggregation of MS in 

our families is most likely due to a combination of the elevated common genetic burden and 

major risk factors such as rare or family private variant(s). Enriched copies of the high-risk 

HLA-DRB1*15:01 allele in both the affected and unaffected individuals in Family 1, along 

with the observed elevated genetic burden compared with the general population, demonstrate 

that other major risk factors are more likely to explain the different disease outcomes. These 

potential risk factors can be either the main risk variants in the affected individuals leading to 

MS, or variants in the unaffected individuals that protect against developing MS. In contrast, 

the absence of the HLA-DRB1*15:01 allele in Family 2 and 3, along with the relatively low 

genetic burden compared with Family 1, suggest that other major risk variants in the affected 

individuals are more likely to explain the disease outcome. 

 

MS enriched families paired with WGS provide one feasible methodology to identify such 

major risk variants because of the capacity for rare variant transmission from founders to 
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offspring, resulting in Mendelian enrichment and multiple detectable copies of these 

variants174. Segregation pattern based WGS analysis can help identify variants with potential 

functional effects that may explain a substantial proportion of the missing heritability of MS. 

Similarly, there is still a high proportion of missing heritability in the case-control cohort data, 

and much of this may also be attributed to rare or novel genetic variants, on a background of 

common risk variants. However, identifying these variants would require population-level 

sequencing to identify such major risk variants and validate their biological significance197. 
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Chapter 4. Identification of rare or novel genetic variants  

and follow-up investigation of genes predisposing disease 

risk in families with multiple sclerosis 

 

4.1. Introduction 

4.1.1. Missing heritability 

Multiple sclerosis (MS) is a complex disease with multiple lines of evidence supporting the 

prominent role of genetic risk factors, as reviewed in section 1.3.1. To date, genome-wide 

association studies (GWAS) in MS have identified over 200 common variants associated with 

the disease risk97. The largest GWAS93 by the International Multiple Sclerosis Genetics 

Consortium (IMSGC) identified 232 autosomal risk variants with small to modest effect sizes. 

These variants collectively explain only about 48% of the heritability of MS, leaving a major 

portion of the overall heritability unknown. 

 

4.1.2. Rare or novel variants explain portion of the missing heritability 

Rare or novel genetic variants with larger effect sizes than common variants identified by 

GWAS198,199 have been proposed to be important risk factors to explain the missing heritability 

in MS126. The analyses of exome sequencing from 60,702 unrelated individuals by the Exome 

Aggregation Consortium (ExAC) supports the role of rare variants in complex diseases by 

demonstrating that the majority of human variation is rare or private (occurring only in a group 

of related individuals) 200. In addition, the association analysis of 120,991 low-frequency 

(minor allele frequencies, MAF < 5%) variants across all autosomal exons of 68,379 MS cases 

and healthy controls drawn from the IMSGC201 demonstrated that the low-frequency coding 

variants explained 11.34% of the observed phenotypic difference between the cases and 

controls. This proportion of contribution was comparable to that of the common variants (about 

18%) included in the study. Further partitioning of the allele frequency demonstrated that the 

rare coding variants (MAF < 1%) alone explained 9.0% of the observed phenotypic difference. 

Given the limitation that the study used Illumina’s exome chip to generate genotypes at known 

exonic variants, rather than technology such as whole-genome sequencing (WGS) to examine 

genome-wide rare variants, other unexamined rare variants such as rare non-coding variants 

can potentially explain the additional missing heritability. Together, these studies highlight the 

potentially important role of rare variants in MS. 
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4.1.3. A family-based strategy for rare or family private variant 

identification 

The results of Chapter 3 indicate that the clustering of MS individuals in the families under 

investigation is not driven by common risk variants, although they provide elevated genetic 

background (i.e., polygenic risk). In addition, family members tend to share similar 

environmental and epigenetic risk factors174,175. We therefore hypothesise that the different 

disease outcome between affected and unaffected family members is due to differences in rare 

or private genetic variants. Given the relatively rare prevalence of MS compared to other 

complex diseases, familial aggregation of MS is not common202–204. The three MS families in 

this study provide the opportunity to identify rare or family private genetic variants contributing 

to the aggregation of MS because of the number of transmissions of rare variants from founders 

to offspring. By comparing the genetic differences among the family members, a family-based 

strategy greatly facilitates the reduction of the search space for disease-causing variants205. 

 

4.1.4. Methodology of this study 

This project conducted WGS of 19 DNA samples from the three families (Family 1, Family 2 

and Family 3), as described in Chapter 2. A variant-sharing strategy was used to take the family 

structure into consideration. Two different inheritance models were used to identify putatively 

disease-causing variants (those with full penetrance and variants with reduced penetrance) that 

potentially predispose the familial MS risk. Accordingly, a systematic framework was 

developed in this study to evaluate the candidate variants at variant-level, gene-level and/or 

pathway-level, respectively. This further investigation used validation datasets from unrelated 

individuals to investigate the broader role of the candidate variants in MS. The datasets include 

three case-control cohort datasets (two published cohorts93,167 and one unpublished from 

ANZgene-Regeneron, as described in section 2.3.2), alongside a single-nucleus RNA 

sequencing (snRNA-seq) dataset206. Finally, literature has been searched and reviewed for 

candidate variants with supportive evidence from the validation step. An overview of the 

framework in this chapter is presented in Figure 4.1. Described below in section 4.3. Methods 

are more details about each step and methodology. 
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Figure 4.1 Framework for variant identification, prioritisation and follow-up investigation.
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4.2. Hypothesis and Aims 

We hypothesise that the different disease outcome between affected and unaffected relatives 

in MS families is influenced by rare or family private genetic variants. 

 

Aims: 

Aim 1: To identify candidate rare or family private variants that may predispose some family 

members to MS. 

Aim 1.1 To apply a full penetrance model and a reduced penetrance model to filter variants 

in each family. 

Aim 1.2 To prioritise variants identified in Aim 1.1 using multiple in silico algorithms and 

knowledge-driven approach.  

 

Aim 2: To use additional data sources to determine whether genes (and/or pathways) 

implicated in Aim 1 could have a role in the pathogenesis of MS. 

        Aim 2.1 To determine whether there is evidence for enrichment of risk variants in 

candidate genes (and/or pathways) identified in Aim 1 in the wider MS population compared 

with healthy controls. 

        Aim 2.2 To investigate cell-specific differential expression of these candidate genes in 

brain cells from MS cases compared with healthy controls. 

 

4.3. Methods 

4.3.1. MS families and WGS 

In this study, three MS families (Family1, Family 2 and Family 3) with 19 available DNA 

samples were collected and underwent WGS, as described in section 2.1 and 2.2. A total of 

9,961,820 variants were called and passed the QC (described in section 2.2.4). They were used 

to identify candidate variants that passed the filtering pipeline described in section 4.3.3. 

 

4.3.2. Variant annotation 

This study focused on the investigation of single nucleotide variants (SNVs) for several 

reasons. First of all, among the available validation datasets for follow-up, two of the three 

case-control cohorts included only SNVs. Therefore, only SNVs can be further investigated 

using the validation datasets. In addition, the availability of multiple in silico algorithms for 

predicting the functional consequences of SNVs is also important because a variant that 
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receives consensus impact prediction is more likely to be deleterious. Without comparable 

information for other types of variants, the results would be difficult to interpret. This also 

helps reduce the number of false-positive variants, and thus reduces the multiple testing burden 

in the follow-up investigations. 

 

Functional annotation of genetic variants was performed using ANNOVAR207 (16 April 2018 

release). Gene-based annotation was performed using the human genome RefSeq 

designations208, of which the RefSeq gene name, genomic region of the variant (exonic, 

intronic, or intergenic), consequence of the variation (synonymous, nonsynonymous, 

frameshift, stop-gain) and amino acid changes were provided. 

 

To predict the functional impact of the variants on the target genes, variants were annotated 

with functional predictions from multiple in silico algorithms listed in Table 4.1. Most of these 

predictions were built-in and sourced from ANNOVAR, while several were accessed through 

specific web-based tools. 
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Table 4.1 Functional prediction of the genetic variants accessed from multiple in silico algorithms. 

Algorithm Name Source 
Applied 

variant type 
Description of the algorithm 

CADD209 v1.3 ANNOVAR 
coding;  

non-coding 

A combined annotation-dependent depletion algorithm integrating measures of 

variant deleteriousness based on diverse genomic features, including evolutionary 

constraint, DNase hypersensitivity, and distance to exon-intron boundaries. 

SIFT210 ANNOVAR coding 

A sorting intolerant from tolerant algorithm relying on sequence homology and the 

physical properties of amino acids to predict whether a variant is damaging, i.e., 

whether an amino acid substitution will damage the protein function. 

PolyPhen2 HDIV211 ANNOVAR coding 

A polymorphism phenotyping version 2 algorithm using the HumDiv-trained model 

to assess rare alleles that potentially involve in complex diseases or phenotypes for 

deleteriousness. 

FATHMM-coding212 
http://fathmm.bio

compute.org.uk/  
coding 

A hidden Markov model-based algorithm combining sequence conservation with 

Human Gene Mutation Database (HGMD) pathogenicity weights to predict the 

deleteriousness of coding variants. 

FATHMM-MKL213 
http://fathmm.bio

compute.org.uk/ 
non-coding 

A hidden Markov model-based algorithm utilising HGMD pathogenic and 1000 

Genomes Project databases as the training dataset to implement a kernel-based 

classifier to predict the deleteriousness of non-coding variants. 

FATHMM-XF214 
http://fathmm.bio

compute.org.uk/ 

non-coding An extended and complementary prediction algorithm to FATHMM-MKL. 

DANN215 ANNOVAR non-coding 
A deep neural network-based algorithm to evaluate the functional consequences of 

non-coding variants. 

Eigen216 ANNOVAR non-coding 
A spectral approach integrating multiple functional genomic annotations to evaluate 

the functional consequences of non-coding variants. 

http://fathmm.biocompute.org.uk/
http://fathmm.biocompute.org.uk/
http://fathmm.biocompute.org.uk/
http://fathmm.biocompute.org.uk/
http://fathmm.biocompute.org.uk/
http://fathmm.biocompute.org.uk/
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Variants were also annotated for the MAF in the European and Australian populations. To 

retrieve the frequencies in the European population, the databases used include the 1000 

Genomes Project217 (August 2015 release), the ExAC200 v0.3 database, the Kaviar218 database 

(September 2015 release) and the Genome Aggregation Database219 (gnomAD, v2.1.1). To 

retrieve the frequencies in the Australian population, the Medical Genome Reference Bank220 

(MGRB) database, which is funded by New South Wales State Government, and has sequenced 

the genomes from 4,689 healthy, aged individuals (≥70 years), was used. In addition, the 

Australia and New Zealand Multiple Sclerosis Genetics Consortium (ANZgene) exome 

sequencing data (3,318 MS patients and 2,891 healthy controls) described in section 2.3.2 was 

also used to determine the alternate allele frequencies of the variants. 

 

4.3.3. Variant identification and prioritisation 

To identify putative disease-causing variants with either full or reduced penetrance that 

predispose familial MS risk, we used two different inheritance models to identify candidate 

variants. One is the full penetrance model, which was used as the primary filter to identify 

putatively disease-causing variants. Under this model, we searched for variants transmitted 

from a parent (obligate carrier) to all affected offspring, and are absent (not transmitted) in all 

the unaffected offspring. The second model is the reduced penetrance model, which was used 

to identify variants with reduced penetrance. This model is primarily the same as the full 

penetrance model, however the model allows one unaffected sibling to also carry the same 

variant, allowing variants with reduced penetrance to be considered. We then further prioritised 

these variants based on their potential functional impact on the target genes and/or proteins. 

The methods are presented in Box 1. Variants were required to fulfil all the criteria listed in 

Box 1 to be nominated as candidates. 
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4.3.3.1. Family specific filters 

To identify SNVs that potentially predispose the affected family individuals to develop MS, 

two different inheritance models, a full penetrance model and a reduced penetrance model, 

were separately used to identify candidate variants. Details of these two models have been 

described above. 

 

The allele frequency databases described in section 4.3.2 were used to retrieve alternate allele 

frequencies in the European population for variants passing the family specific penetrance 

filters. Variants with MAF greater than 0.001 were excluded from both models. 

 

4.3.3.2. Prioritise variants by assessing their potential functional consequence 

All variants with MAF ≤ 0.001 passing the family-specific penetrance filters were then 

prioritised based on their potential impact on the target genes and/or proteins. The relevant 

thresholds used to prioritise coding and non-coding SNVs are described in Table 4.2 and Table 

4.3, respectively. 

 

As described in Table 4.2, we used the predictions from the algorithms CADD209 v1.3, SIFT210, 

PolyPhen-2-HDIV211 and FATHMM-coding212 to prioritise the coding variants for the follow-

up investigations. We applied a threshold of CADD Phred-like scaled score  ≥ 10 to identify 

potentially damaging coding variants, representing the top 10% of pathogenic variants209. 

Three other algorithms with the corresponding thresholds used to prioritise the variants are 

described in Table 4.2. Among the functional prediction scores from these four algorithms, 

Box 1. Criteria to identify and prioritise variants within each family. 

• Variant-level 

o Segregation: use the inheritance models described above. 

o mMAF: the maximum MAF of the variant is rare (≤ 0.001) across public 

databases (described in section 4.3.2) including gnomAD26 v2.1.1. 

o Prioritisation: 

▪ Functional consequence prediction of genetic variants: predictions from the 

in silico algorithms suggest that a variant is highly likely to disrupt the 

biological function of the target genes and/or proteins. 

▪ Conservation: the variation site is conserved across species. 
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coding variants were required to pass three of them to be nominated as candidates. In addition, 

we used the Project HOPE221 v1.1.1 to evaluate the functional and structural impact of the 

variants on the target proteins. 
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Table 4.2 Multiple in silico algorithms utilised for prioritising coding variants. 

Tools Annotate  Thresholds 

CADD209 v1.3 ANNOVAR207 ≥ 10 

SIFT210 ANNOVAR ≤ 0.05 

Polyphen-2 HDIV211 ANNOVAR ≥ 0.957 

FATHMM-coding212 FATHMM Server222 ≥ 0.5 

A potential deleterious coding variant was required to have predicted results passing three of the above 

thresholds. 

 

Similarly, we used the predictions from the algorithms CADD209 v1.3, FATHMM-MKL213, 

FATHMM-XF214, DANN215 and Eigen216 to prioritise the non-coding variants for the follow-

up investigations, as described in Table 4.3. We applied a threshold of CADD Phred-like scaled 

score  ≥ 20 to identify potentially damaging non-coding variants, representing the top 1% of 

pathogenic variants209. Four other algorithms with the corresponding thresholds used to 

prioritise the variants were described in Table 4.3. Among the functional prediction scores from 

these five algorithms, non-coding variants were required to pass four of them to be nominated 

as candidates. 

 

Table 4.3 Multiple in silico algorithms utilised for prioritising non-coding variants. 

Tools Annotate  Thresholds 

CADD209 v1.3 ANNOVAR ≥ 20 

FATHMM-MKL213 FATHMM Server222 ≥ 0.9 

FATHMM-XF214 FATHMM Server222 ≥ 0.5 

DANN215 ANNOVAR ≥ 0.5 

Eigen216 ANNOVAR ≥ 0.5 

A potential deleterious non-coding variant was required to have predicted results passing four of the above 

thresholds. 

 

In addition, the genomic evolutionary rate profiling (GERP) tool223 of the University of 

California Santa Cruz (UCSC) genome browser177 was utilised to estimate position-specific 

evolutionary constraint. The GERP tool provides site-specific ‘rejected substitutions’ scores, 

ranging from a maximum of 6.18 down to a minimum of -12.36. According to the UCSC 

genome browser, they applied the GERP concept223 to quantify the level of individual genomic 

site specific evolutionary constraint in hg19 genome build and found that a variant with a GERP 
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‘rejected substitutions’ score ≥ 2 is considered as evolutionary conservative. In addition to the 

thresholds for the prioritisation of the coding variants (Table 4.2) and the non-coding variants 

(Table 4.3), we further applied a threshold of GERP ≥ 2 to prioritise the variants. 

 

4.3.4. Further prioritisation of candidate variants using additional 

resources 

4.3.4.1. Variant-level association analysis 

To investigate the broad roles of the candidate variants in MS susceptibility, we determined 

whether any of the candidate variants were enriched in MS cases. We used an unpublished 

whole-exome sequencing (WES) dataset of 3,318 MS cases and 2,891 healthy controls from 

the ANZgene-Regeneron WES consortium project (described in section 2.3.2) to validate the 

association between the candidate variants and MS risk. Although the sample size of this cohort 

might be underpowered to validate the associations due to the very low frequency of the 

candidate variants in general, the availability of a cohort containing rare variants provides an 

opportunity to perform preliminary investigation. The analysis was conducted using a logistic 

mixed model, controlling for sex and the first four principal components. A mixed models has 

been proved to be useful to correct statistic inflation at SNPs with variable allelic frequency 

variations224,225. Furthermore, we divided the MS into different groups of subtypes (relapse or 

progressive forms of MS) and tested the associations in different subtypes. 

 

4.3.4.2. Gene-level enrichment analysis 

4.3.4.2.1. Analysis of the candidate genes 

While it is unlikely that the same rare variants identified from an MS family will be present at 

detectable frequencies in the general population, it is likely that risk variants in the same genes 

will be seen in the general MS population, if the gene is truly involved in MS pathogenesis. If 

these risk variants are relatively more common in MS cases than in healthy controls, they can 

collectively exhibit a significant association with the disease at the gene-level. In this section, 

we aimed to test the candidate genes for enrichment by applying appropriate gene-level burden 

analysis approaches to three different case-control cohorts. 

 

We used the candidate variants as prior hypotheses to select the corresponding candidate genes 

and performed gene-level burden analyses to investigate whether a candidate gene is involved 

in MS aetiology. 
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Firstly, we used a cohort of 3,252 MS cases and 5,725 healthy controls with 271,943 autosomal 

SNPs genotyped on mixed arrays167 (described in section 2.3.1). We performed genome-wide 

imputation of the cohort array data, as described in section 3.3.1.1. SNPs were extracted from 

the imputed dataset within a 5kb window around the candidate gene start and end (gene regions 

accessed from biomaRt226). This data includes both common and rare variants. By the time of 

obtaining access to this data, the optimal sequence kernel association test (SKAT-O) 

approach227 had been updated. Unlike the traditional burden test approach, it does not assume 

that all variants in a gene are causal and does not require the effects are in the same direction. 

It is robust when the effects of variants are mixed (causal or not causal) and are in different 

directions. It is more reasonable to reflect a gene-level effect. Therefore, we used the updated 

SKAT-O approach to evaluate the cumulative effect of variants on disease risk. SKAT-O 

v2.0.1 package in R was used to perform the gene-level burden tests. The analysis was adjusted 

for covariates including sex and the first ten principal components. The P values were corrected 

with the Benjamini-Hochberg approach228. 

 

Secondly, we used the unpublished ANZgene-Regeneron WES dataset (3,318 MS cases and 

2,891 healthy controls), as described in section 2.3.2. The WES data underwent stringent 

quality control, and 3,190,085 variants were available for analysis in this study. Variants in the 

candidate gene regions (start to end) were extracted (gene regions accessed from biomaRt226). 

The extracted variants were annotated with CADD209 v1.3 Phred-like scaled scores through the 

web server, and alternate allele frequencies of the gnomAD219 v2.1.1 database using 

ANNOVAR207 (8 June 2020 release). These variants were then filtered to variants with 

gnomAD Non-Finnish European population MAF ≤ 0.001. Three filtering strategies were then 

used to perform three different gene-level analyses. Filtering strategy 1 included all variants 

with MAF ≤ 0.001 in the candidate genes. Filtering strategy 2 applied a further filter of CADD 

≥ 10. Filtering strategy 3 applied a further filter of CADD ≥ 15. When we gained access to this 

data, the SAIGE-GENE229 (scalable and accurate implementation of generalized mixed model) 

approach was developed. This method can integrate the results of burden and SKAT-O tests 

together to provide an integrative estimate. Therefore, we used this approach to perform the 

gene-level burden tests, weighting on the CADD scores. The P values were corrected with the 

Benjamini-Hochberg approach228. 
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Lastly, we used GWAS summary statistics from 14,802 MS cases and 26,703 healthy controls, 

obtained from the IMSGC93. SNPs in a 5kb window around the candidate gene start and end 

(gene regions accessed from biomaRt226) were included in the analysis. The multiple-marker 

analysis of genomic annotation (MAGMA) program230 v1.06 was designed for gene-level 

burden tests using GWAS summary statistics. We used MAGMA to perform the gene-level 

burden tests for the IMSGC statistics dataset. The analysis used the 1000 Genomes Project 

European Reference panel to estimate linkage disequilibrium (LD) between SNPs. The P 

values were corrected with the Benjamini-Hochberg approach228. 

 

4.3.4.2.2. Gene-level analysis of the pathway genes of the candidate genes 

Similarly, it is likely that risk genes in the same pathway will be seen more frequently in MS 

cases than in healthy controls if a pathway is truly involved in MS pathogenesis. Given the 

multiple lines of supportive evidence and the biological relevance of the corresponding genes, 

GRIK4 identified in Family 1, RGS14 in Family 2 and KANK1 in Family 3 were used as prior 

hypotheses for gene-level enrichment analyses for all genes included in canonical pathways 

related to these genes (GRIK4, RGS14, KANK1). The glutamatergic synapse pathway and the 

Rap 1 signalling pathway were selected for the GRIK4 and RSG14 genes respectively, based 

on pathway information in the KEGG pathway database231. Unfortunately, KANK1 is not 

currently a member of any canonical pathways, hence no gene-level analysis was performed 

for KANK1 pathway genes. To acquire full lists of genes for the glutamatergic synapse pathway 

and the Rap 1 signalling pathway, we used the KEGGREST package232 in R. The biomaRt 

package226 in R was then used to retrieve the gene annotation data including gene names, start 

and end position of the genes in each pathway. The ANZgene Regeneron WES data was used 

and the same three different filtering strategies were applied to perform three different gene-

level analyses for the pathway genes, as described in section 4.3.4.2.1. The SAIGE-GENE229 

approach was utilised to perform the gene-level burden tests, weighting on the CADD scores. 

The P values were corrected with the Benjamini-Hochberg approach228. 

 

4.3.4.3. Differential expression analysis of candidate genes in brain cells from MS patients 

compared with healthy controls 

A recently released snRNA-seq206 (Gene Expression Omnibus Accession ID: GSE118257) was 

used to investigate the candidate gene expression differences between the MS patient and 

healthy brain cells. Single nuclei were isolated from the white matter areas of the post-mortem 

human brains in four MS patients and five healthy controls without any neurological conditions, 
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and the snRNA data was generated using the Chromium (10X Genomics), as described in Jäkel 

et al. 2019206. 

 

Jäkel and colleagues206 performed QC of the snRNA data, which include cell-based, gene-

based and unique molecular identifiers (UMI, used to accurately identify PCR duplicates 

during PCR amplification steps) count-based filtration. As a result, they obtained 17,799 nuclei 

and 21,581 genes. They identified different types of cells based on cell specific canonical 

markers. They also identified different subtypes of the same type of cells based on the specific 

expression pattern characteristics. For example, oligodendrocyte cells were identified, and six 

subtypes of cells (oligodendrocyte 1 to oligodendrocyte 6) were identified206. We accessed 

these publicly available data through the GEO233 (gene expression omnibus) repository. 

  

From these data, we performed differential gene expression analysis using the negative 

binomial regression model within the ‘FindMarkers’ function of the R package Seurat234 v3.1.5. 

Prior to the statistical testing, we identified that the cell counts of the vascular smooth muscle 

cells, macrophage cells and immune cells account for less than 5% of the sum number of the 

healthy brain cells and MS patient brain cells in the same type of cell. To avoid biased results, 

we excluded those cells from further analysis, as recommended by Seurat. The type of cells 

that are included or excluded in the analysis is described in Table 4.4. Similarly, we also 

identified and excluded genes where the expression fold change is less than 10%, as 

recommended by Seurat. 
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Table 4.4 Cells that are included or excluded in the differential gene expression analysis. 

Cell types 
Cell number Included in the 

analysis Control MS 

Astrocyte 1 338 708 Yes 

Astrocyte 2 116 80 Yes 

Committed oligodendrocyte 

progenitor cells 
153 89 Yes 

Endothelial cell 1 94 358 Yes 

Endothelial cell 2 22 362 Yes 

Immune cells 0 423 No 

Immune oligodendroglia 81 126 Yes 

Macrophages 1 367 No 

Microglia macrophages 78 350 Yes 

Neuron 1 461 1046 Yes 

Neuron 2 425 1013 Yes 

Neuron 3 434 109 Yes 

Neuron 4 208 740 Yes 

Neuron 5 240 355 Yes 

Oligodendrocyte 1 952 177 Yes 

Oligodendrocyte 2 388 1451 Yes 

Oligodendrocyte 3 82 693 Yes 

Oligodendrocyte 4 724 855 Yes 

Oligodendrocyte 5 393 774 Yes 

Oligodendrocyte 6 991 493 Yes 

Oligodendrocyte precursor 

cells 
273 79 Yes 

Pericytes 134 451 Yes 

Vascular smooth muscle cell 3 109 No 

Immune cells, macrophages and vascular smooth muscle cells were excluded because the control cell number 

accounts for less than 5% of the total cell number (control and MS cells). 

 

To minimise the impact of cell cycle (G2/M cell cycle phase, or S cell cycle phase) 

heterogeneity on the analysis results, we calculated the cell cycle phase scores based on the 
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canonical markers, and used the scores as covariates to regress the cofounding effects out. The 

differential expression analysis was additionally adjusted for covariates including the sample 

IDs and the number of unique genes detected in each cell. The P values were corrected using 

the Benjamini-Hochberg approach228. 

 

4.3.5. Further prioritisation using knowledge-driven approach 

After the follow-up investigation of the candidate variants, variants with supportive evidence 

from the broader MS population datasets were categorised as strong candidate variants. A 

systematic assessment criterion (Box 2) was proposed to search for prior knowledge evidence 

for the strong candidate variants. By searching literature (PubMed, Google Scholar) and 

databases (gnomAD219 v.2.1.1, UCSC genome browser177 and ClinVar235), gene and protein 

level knowledge-driven evidence has been collected to interpret the potential importance of the 

candidate variants in the aggregation of MS in the families in terms of functional relevance. 

 

 

 

Box 2. Knowledge-driven interpretation of candidate variants in MS. 

• Gene-level 

o Expression: 1) the gene is known to be expressed in tissue(s) relevant to MS; 

2) disrupted gene expression has been observed in affected individuals that 

carry the mutation. 

o Function: the gene function is biologically relevant to MS or related 

phenotypes. 

 

• Protein-level 

o Expression: 1) the protein is known to be expressed in tissue(s) relevant to 

MS; 2) disrupted protein expression has been observed in affected individuals 

that carry the mutation. 

o Function: the protein or signalling pathway(s) that involve the protein is 

biologically related to MS or related phenotypes. 

 

• Other relevant biological evidence about the gene or the protein 

o Previously implicated variants in the same gene in the same or related 

phenotype. 

o Prior knowledge linking the biology of the gene or gene products to MS 

relevant pathologies. 



 69 

4.3.6. Validation of strong candidate variants by Sanger sequencing 

We validated the strong candidate variants by performing Sanger sequencing. These variants 

were proposed with multiple lines of supportive evidence. Firstly, as described in section 4.3.3, 

these variants passed a MAF filter of ≤ 0.001 across public databases (details in section 4.3.2). 

Secondly, these variants were prioritised as they were predicted to have damaging functional 

impact on the target genes and/or proteins (Box 1). Thirdly, these variants were validated using 

family unrelated data, as described in section 4.3.4. Finally, these variants were assessed by 

searching literature to find evidence to support functional relevance. The procedure of 

performing Sanger sequencing and variants that were validated are described in section 2.4. 

 

4.4. Results 

4.4.1. Candidate variants with full penetrance identified within each family 

4.4.1.1. Family 1 prioritised full penetrance variants 

In Family 1, the full penetrance model (Figure 4.2) was applied to identify putatively disease-

causing variants present in all three affected siblings (1-3, 1-4 and 1-5), and absent from all the 

unaffected siblings (1-7, 1-8, 1-9 and 1-10). 

 

 

Figure 4.2 Family 1 specific filtering strategy to identify variants with complete 

penetrance.  

Circle symbols indicate female. Square symbols indicate male. White symbols indicate unaffected individuals. 

Black filled symbols indicate individuals affected with MS. Symbols filled with slashes indicate individuals whose 

Variant sharing strategy:

• Present: 1-3, 1-4, 1-5

• Absent: 1-7, 1-8, 1-9, 1-10
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disease status is unknown. Symbols with a diagonal line indicates individuals who are deceased. Red triangles 

indicate individuals who were genome sequenced. Symbol ‘+’ denotes the required presence of the variants and 

‘−’ denotes the absence of the variants. 

 

Of the initial set of 9,961,820 variants called across the three MS families, 6,511 SNVs passed 

the Family 1 specific full penetrance model. Of those SNVs, 360 were novel or had maximum 

MAF ≤ 0.001 across the European and Australian populations. These variants were retained 

for subsequent variant prioritisation. The annotation results of these variants are presented in 

Appendix 4.1. After applying the prioritisation criteria outlined in section 4.3.3.2, only one 

candidate was retained (Table 4.5).  

 

Table 4.5 Family 1 prioritised variants with complete penetrance. 

Gene 
Variant_hg19 

(coding change) 

Variant 

class 

Protein 

change 

max 

MAF 
Functional prediction 

GRIK4 

chr11:120833194 

G>A 

(c.2070G>A) 

Missense p.Met690Ile 0.001 

CADD: 31 

FATHMM-coding: 0.990 

SIFT: 0.041 

PolyPhen-2 HDIV: 0.999 

GERP: 5.69 

maxMAF - The maximum minor allele frequency across allele frequency databases.
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4.4.1.2. Family 2 prioritised full penetrance variants  

In Family 2, the disease status of both the founders (2-4 and 2-5) is unknown, so one of them 

was required to carry the putatively disease-causing variants (obligate carrier). In this family, 

the full penetrance model (Figure 4.3) was applied to identify variants that present in all the 

affected offspring spanning the two generations and one of the parents. 

 

 

Figure 4.3 Family 2 specific filtering strategy to identify variants with complete 

penetrance. 

Circle symbols indicate female. Square symbols indicate male. White symbols indicate unaffected individuals. 

Black filled symbols indicate individuals affected with MS. Symbols filled with slashes indicate individuals whose 

disease status is unknown. Red triangles indicate individuals who were genome sequenced. Symbol ‘+’ denotes 

the presence of the variants. Either of the founders (2-4 and 2-5) was treated as the potential obligate carrier. 

 

Of the initially genome sequenced variants, 680 SNVs passed the Family 2 specific full 

penetrance model. Of those filtered SNVs, 171 were novel or had maximum MAF ≤ 0.001 

across the European and Australian populations. The annotation results of these variants are 

presented in Appendix 4.2. After applying the prioritisation criteria outlined in section 4.3.3.2, 

eight SNVs with complete penetrance were prioritised in Family 2 (Table 4.6).

Variant sharing strategy:

• Present: 2-1, 2-2, 2-3, 2-6 and one of the parents
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Table 4.6 Family 2 prioritised variants with complete penetrance. 

Gene 
Variant_hg19 

(coding change) 

Variant 

class 

Protein 

change 

max 

MAF 
Functional assessment Carriers Non-carriers 

KIAA1109 

chr4:123109119 

A > G 

(c.697A>G) 

Missense p.Thr233Ala 3.29 × 10-4 

CADD: 24 

FATHMM-coding: 0.989 

SIFT: 0.04 

PolyPhen-2 HDIV: 0.994 

GERP: 5.59 

2-1, 2-2, 2-3, 

2-4, 2-6 
2-5 

RHBDL1 

chr16:727016  

C > A 

(c.667C>A) 

Missense p.Leu223Met 1.60 × 10-5 

CADD: 24.1 

FATHMM-coding: 0.950 

SIFT: 0.02 

PolyPhen-2 HDIV: 1.0 

GERP: 3.99 

2-1, 2-2, 2-3, 

2-4, 2-6 
2-5 

CAD 

chr2:27460966  

G > A 

(c.4771G>A) 

Missense p.Ala1591Thr 1.64 × 10-4 

CADD: 29.1 

FATHMM-coding: 0.993 

SIFT: 0.007 

PolyPhen-2 HDIV: 1.0 

GERP: 4.8 

2-1, 2-2, 2-3, 

2-5, 2-6 
2-4 
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RGS14 

chr5:176797607 

C > G 

(c.1069C>G) 

Missense p.Gln357Glu 0.001 

CADD: 28.2 

FATHMM-coding: 0.962 

SIFT: 0 

PolyPhen-2 HDIV: 0.999 

GERP: 4.63 

2-1, 2-2, 2-3, 

2-5, 2-6 
2-4 

FAM206A 

chr9:111697968 

C > T 

(c.130C>T) 

Stop-gain p.Arg44* 0.001 
CADD: 36 

GERP: 2.57 

2-1, 2-2, 2-3, 

2-5, 2-6 
2-4 

PTPN3 

chr9:112182851 

C > T 

(c.1166C>T) 

Missense p.Arg389Gln 8.00 × 10-4  

CADD: 32 

FATHMM-coding: 0.986 

SIFT: 0.06 

PolyPhen-2 HDIV: 1.0 

GERP: 5.96 

2-1, 2-2, 2-3, 

2-5, 2-6 
2-4 

PARD3 

chr10:34630651 

G > T 

(c.2321G>T) 

Missense p.Ser774Tyr 3.50 × 10-4  

CADD: 32 

FATHMM-coding: 0.994 

SIFT: 0.008 

PolyPhen-2 HDIV: 1.0 

GERP: 4.73 

2-1, 2-2, 2-3, 

2-5, 2-6 
2-4 

PARVB 

chr22:44553955 

G > A 

(c.1036G>A) 

Missense p.Asp346Asn 3.50 × 10-4 

CADD: 28.4 

FATHMM-coding: 0.902 

SIFT: 0.054 

2-1, 2-2, 2-3, 

2-5, 2-6 
2-4 
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PolyPhen-2 HDIV:  

0.971 

GERP: 4.45 

Different colours were used to differentiate different inheritance patterns. maxMAF - The maximum minor allele frequency across allele frequency databases. 
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4.4.1.3. Family 3 prioritised full penetrance variants 

In Family 3, the full penetrance model (Figure 4.4) took two variant sharing strategies into 

consideration. The first strategy considered the father 3-8 as the obligate carrier, where the 

variants were transmitted from the father to offspring. Accordingly, we identified the potential 

disease-causing variants that present in the affected sibling 3-1 and 3-2. The second strategy 

considered the mother 3-3 as the obligate carrier to transmit the variants, and identified variants 

present in the affected siblings and also the mother. Both strategies required variants to be 

absent in all the unaffected siblings (3-4, 3-5 and 3-6). 

 

  

Figure 4.4 Family 3 specific filtering strategy to identify variants with complete 

penetrance.  

Circle symbols indicate female. Square symbols indicate male. White symbols indicate unaffected individuals. 

Black filled symbols indicate individuals affected with MS. Symbols filled with slashes indicate individuals whose 

disease status is unknown. Symbols with a diagonal line indicates individuals who are deceased. Red triangles 

indicate individuals who were genome sequenced. Symbol ‘+’ denotes the presence of the variants and ‘−’ 

denotes the absence of the variants. Either of the parents was treated as the potential obligate carrier. 

 

Of the initially genome sequenced variants, 33,744 SNVs passed the Family 3 specific full 

penetrance model. Of those filtered SNVs, 2,000 were novel or had maximum MAF ≤ 0.001 

across the European and Australian populations. The annotation results of these variants are 

presented in Appendix 4.3. After applying the prioritisation criteria outlined in section 4.3.3.2, 

four SNVs with complete penetrance were prioritised in Family 3 (Table 4.7).

Variant sharing strategy:

• Present: 3-1, 3-2; or 3-1, 3-2 and 3-3

• Absent: 3-4, 3-5, 3-6

3 - 3 3 - 8

3 -1 3 - 7 3 - 2 3 - 4 3 - 5 3 - 6
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Table 4.7 Family 3 prioritised variants with complete penetrance. 

Gene 
Variant_hg19 

(coding change) 

Variant 

class 

Protein 

change 

max 

MAF 
Functional assessment Carriers Non-carriers 

ARMC4 

chr10:28166246 

T > G 

N/A 

intronic N/A 1.80 × 10-4 

CADD: 22.1 

FATHMM-MKL: 0.983 

FATHMM-XF: 0.549 

DANN: 0.83 

Eigen: 1.64 

3-1, 3-2 
3-3, 3-4, 3-5, 

3-6 

BMS1 

chr10:43293964 

G > T 

(c.2138G>T) 

Missense p.Gly713Val 1.64 × 10-4 

CADD: 25.6 

FATHMM-coding: 0.993 

SIFT: 0.002 

PolyPhen-2 HDIV: 0.972 

GERP: 5.0 

3-1, 3-2 
3-3, 3-4, 3-5, 

3-6 

NAT10 

chr11:34152973 

C > A 

(c.1415C>A) 

Missense p.Ala472Asp 0.001 

CADD: 34 

FATHMM-coding: 0.970 

SIFT: 0.009 

PolyPhen-2 HDIV: 0.857 

GERP: 5.66 

3-1, 3-2 
3-3, 3-4, 3-5, 

3-6 
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LINC00618 

LINC02304 

chr14:97522986 

C > T 

N/A 

intergenic N/A 3.21 × 10-5 

CADD: 20.4 

FATHMM-MKL: 0.977 

FATHMM-XF: 0.729 

DANN: 0.73 

Eigen: 1.63 

3-1, 3-2, 3-3 3-4, 3-5, 3-6 

Different colours were used to differentiate different inheritance patterns. N/A - Protein change information not applicable to non-coding variants. maxMAF - The maximum 

minor allele frequency across allele frequency databases.
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4.4.2. Candidate variants with reduced penetrance identified within each 

family 

4.4.2.1. Family 1 prioritised reduced penetrance variants 

In Family 1, a reduced penetrance model (Figure 4.5) was used to identify variants that 

potentially contribute to the familial MS risk. The sharing strategy of this model was primarily 

the same as the full penetrance model, except that the model additionally allowed one 

unaffected sibling (1-7, 1-8, 1-9 or 1-10) to carry the variants.  

 

 

Figure 4.5 Family 1 specific filtering strategy to identify variants with reduced 

penetrance.  

Circle symbols indicate female. Square symbols indicate male. White symbols indicate unaffected individuals. 

Black filled symbols indicate individuals affected with MS. Symbols filled with slashes indicate individuals whose 

disease status is unknown. Symbols with a diagonal line indicates individuals who are deceased. Red triangles 

indicate individuals who were genome sequenced. Symbol ‘+’ denotes the presence of the variants. One of the 

unaffected siblings was allowed to be a carrier of the variants. 

 

Of the initial set of 9,961,820 variants called across the three MS families, 25,265 SNVs passed 

the Family 1 specific reduced penetrance model. Of those filtered SNVs, 1,732 were novel or 

had maximum MAF ≤ 0.001 across the European and Australian populations. The annotation 

results of these variants are presented in Appendix 4.4. After applying the prioritisation criteria 

outlined in section 4.3.3.2, seven SNVs with reduced penetrance were prioritised in Family 1 

(Table 4.8). 

Variant sharing strategy:

• Present: 1-3, 1-4, 1-5, and one unaffected sibling

• Absent: other unaffected siblings
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Table 4.8 Family 1 prioritised variants with reduced penetrance. 

Gene 
Variant_hg19 

(coding change) 

Variant 

class 

Protein 

change 

max 

MAF 
Functional assessment Carriers Non-carriers 

DTNB 

chr2:25851163 

C>T 

(c.239C>T) 

Missense p.Arg80His 3.29 × 10-4 

CADD: 34 

FATHMM-coding: 0.980 

SIFT: 0.029 

PolyPhen-2 HDIV: 0.874 

GERP: 5.17 

1-3, 1-4, 1-5, 

1-7 
1-8, 1-9, 1-10 

KRT76 

chr12:53170912

C>A 

(c.164C>A) 

Missense p.Ser55Ile 0 

CADD: 24.6 

FATHMM-coding: 0.980 

SIFT: 0 

PolyPhen-2 HDIV: 0.997 

GERP: 4.47 

1-3, 1-4, 1-5, 

1-7 
1-8, 1-9, 1-10 

PEX14 

chr1:10580850 

C > A 

N/A 

intronic N/A 3.19 × 10-5 

CADD: 20 

FATHMM-MKL: 0.983 

FATHMM-XF: 0.632 

DANN: 0.78 

Eigen: 1.29 

1-3, 1-4, 1-5, 

1-8 
1-7, 1-9, 1-10 
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SLMAP 

chr3:57850299 

A>T 

(c.991A>T) 

Missense p.Ile331Phe 6.38 × 10-5 

CADD: 15.05 

FATHMM-coding: 0.884 

SIFT: 0.041 

PolyPhen-2 HDIV: 0.948 

GERP: 5.16 

1-3, 1-4, 1-5, 

1-8 
1-7, 1-9, 1-10 

DNAH8 

chr6:38980036 

A>C 

(c.12766A>C) 

Missense 
p.Ile4256Le

u 
0.001 

CADD: 27 

FATHMM-coding: 0.990 

SIFT: 0.003 

PolyPhen-2 HDIV: 0.999 

GERP: 6.16 

1-3, 1-4, 1-5, 

1-8 
1-7, 1-9, 1-10 

LINC01392; 

SNORA25B 

chr7:115136439 

A > G 

N/A 

intergenic N/A . 

CADD: 21.1 

FATHMM-MKL: 0.970 

FATHMM-XF: 0.502 

DANN: 0.73 

Eigen: 1.29 

1-3, 1-4, 1-5, 

1-8 
1-7, 1-9, 1-10 

PLXNA4 

chr7:131827797 

T > C 

N/A 

intronic N/A 5.30 × 10-4 

CADD: 21.1 

FATHMM-MKL: 0.983 

FATHMM-XF: 0.731 

DANN: 0.89 

Eigen: 1.70 

1-3, 1-4, 1-5, 

1-8 
1-7, 1-9, 1-10 

Different colours were used to differentiate different inheritance patterns. N/A - Protein change information not applicable to non-coding variants. maxMAF - The maximum 

minor allele frequency across allele frequency databases. Symbol ‘.’ indicates variant not observed in allele frequency databases. 
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4.4.2.2. Family 3 prioritised reduced penetrant variants 

In Family 3, the reduced penetrance model (Figure 4.6) took two sharing strategies into 

consideration. The first considered the father 3-8 as the obligate carrier and identified variants 

present in the affected siblings (3-1 and 3-2) and one unaffected sibling (3-4, 3-5 or 3-6). The 

second strategy considered the mother 3-3 as the obligate carrier and identified variants present 

in the affected siblings, the mother and one unaffected sibling. Other unaffected siblings were 

required to be free of the alternate allele. 

 

 

 

Figure 4.6 Family 3 specific sharing strategy to identify variants with reduced penetrance.  

Circle symbols indicate female. Square symbols indicate male. White symbols indicate unaffected individuals. 

Black filled symbols indicate individuals affected with MS. Symbols filled with slashes indicate individuals whose 

disease status is unknown. Symbols with a diagonal line indicates individuals who are deceased. Red triangles 

indicate individuals who were genome sequenced. Symbol ‘+’ denotes the presence of the variants. One of the 

unaffected siblings was allowed to be a carrier of the variant. 

 

Of the initially genome sequenced variants, 29,505 SNVs passed the Family 3 specific reduced 

penetrance model. Of those filtered SNVs, 2,318 were novel or had maximum MAF ≤ 0.001 

across the European and Australian populations. The annotation results of these variants are 

presented in Appendix 4.5. After applying the prioritisation criteria outlined in section 4.3.3.2, 

ten SNVs with reduced penetrance were prioritised in Family 3 (Table 4.9).

Variant sharing strategy:

• Present:

• 3-1, 3-2 and one unaffected sibling; 
• 3-1, 3-2, 3-3 and one unaffected sibling

• Absent: other unaffected siblings

3 - 3 3 - 8

3 -1 3 - 7 3 - 2 3 - 4 3 - 5 3 - 6
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Table 4.9 Family 3 prioritised variants with reduced penetrance. 

Gene 
Variant_hg19 

(coding change) 

Variant 

class 

Protein 

change 

max 

MAF 
Functional assessment Carriers Non-carriers 

LRRN1 

chr3:3886878  

C > T 

(c.553C>T) 

Missense p.Arg185Cys 0.001 

CADD: 33 

FATHMM-coding: 0.968 

SIFT: 0.001 

PolyPhen-2 HDIV: 0.984 

GERP: 5.67 

3-1, 3-2, 3-4 3-3, 3-5, 3-6 

ZNF18 

chr17:11881852 

G > A 

(c.1072G>A) 

Stop-gain p.Gln358* 3.29 × 10-4 
CADD: 35 

GERP: 4.65 
3-1, 3-2, 3-4 3-3, 3-5, 3-6 

WASF2 

chr1:27739192 

C > T 

(c.698C>T) 

Missense p.Gly233Asp 1.64 × 10-4 

CADD: 25.5 

FATHMM-coding: 0.973 

SIFT: 0.003 

PolyPhen-2 HDIV: 1.0 

GERP: 5.51 

3-1, 3-2, 3-5 3-3, 3-4, 3-6 

IL20RB; 

SOX14 

chr3:137182356 

T > G 

N/A 

intergenic N/A 1.50 × 10-4 

CADD: 22.1 

FATHMM-MKL: 0.965 

FATHMM-XF: 0.848 

DANN: 0.84 

3-1, 3-2, 3-5 3-3, 3-4, 3-6 
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Eigen: 1.25 

CYTH3 

chr7:6204906  

G > C 

(c.1125G>C) 

Missense p.Ile375Met 3.00 × 10-4 

CADD: 26.4 

FATHMM-coding: 0.988 

SIFT: 0.001 

PolyPhen-2 HDIV: 0.995 

GERP: 4.29 

3-1, 3-2, 3-5 3-3, 3-4, 3-6 

MYRFL 

chr12:70320459 

C > T 

(c.1711C>T) 

Missense p.Arg571Trp 5.30 × 10-4 

CADD: 33 

FATHMM-coding: 0.862 

SIFT: 0.001 

PolyPhen-2 HDIV: 0.987 

GERP: 2.31 

3-1, 3-2, 3-5 3-3, 3-4, 3-6 

DEGS1 

chr1:224377744 

C > T 

(c.548C>T) 

Missense p.Thr183Met 0.001 

CADD: 24.5 

FATHMM-coding: 0.912 

SIFT: 0.008 

PolyPhen-2 HDIV: 0.998 

GERP: 6.02 

3-1, 3-2, 3-6 3-3, 3-4, 3-5 
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KANK1 

chr9:738322  

G > A 

(c.371G>A) 

Missense p.Arg124His 0.001 

CADD: 35 

FATHMM-coding: 0.963 

SIFT: 0 

PolyPhen-2 HDIV: 1.0 

GERP: 5.73 

3-1, 3-2, 3-6 3-3, 3-4, 3-5 

DOK5 

LINC01441 

chr20:53309574 

G > A 

N/A 

intergenic N/A 1.80 × 10-4 

CADD: 22.8 

FATHMM-MKL: 0.980 

FATHMM-XF: 0.521 

DANN: 0.81 

Eigen: 1.56 

3-1, 3-2, 3-6 3-3, 3-4, 3-5 

DOPEY2 

chr21:37618003 

A > G 

(c.3725A>G) 

Missense p.Tyr1242Cys 8.00 × 10-4 

CADD: 24.9 

FATHMM-coding: 0.979 

SIFT: 0.001 

PolyPhen-2 HDIV: 1.0 

GERP: 4.82 

3-1, 3-2, 3-6 3-3, 3-4, 3-5 

Different colours were used to differentiate different inheritance patterns. N/A - Protein change information not applicable to non-coding variants. maxMAF - The maximum 

minor allele frequency across allele frequency databases. Symbol ‘.’ indicates variant not observed in allele frequency databases. 
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4.4.3. Supportive evidence from validation datasets 

4.4.3.1. Variant-level association analysis of the candidate variants 

Of the 30 prioritised candidate variants, seven non-coding variants were not captured in the 

ANZgene-Regeneron WES dataset, which was not unexpected. One coding variant in PARVB 

was also not captured in the dataset. The logistic mixed model association analysis results of 

the remaining 22 candidate variants and the allele frequencies of these variants in the cases and 

controls are presented in Table 4.10. Although no significant associations were observed, some 

of the variants were observed to be present in only the MS cases and not in the healthy controls 

(highlighted in grey in Table 4.10). 
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Table 4.10 Statistical association analysis of the candidate variants. 

Variant (hg19) Gene Type Ref Alt Family Penetrance AF_MS  
(alt allele copies) 

AF_HC 
(alt allele copies) 

P.value 

chr1:10580850 PEX14 intronic C A 1 Reduced N/A N/A N/A 

chr1:27739192 WASF2 missense C T 3 Reduced 1.51 × 10-4 (1) 0 0.33 

chr1:224377744 DEGS1 missense C T 3 Reduced 1.51 × 10-4 (1) 0 0.33 

chr2:25851163 DTNB missense C T 1 Reduced 3.01 × 10-4 (2) 3.46 × 10-4 (2) 0.88 

chr2:27460966 CAD missense G A 2 Full 0 1.73 × 10-4 (1) 0.42 

chr3:3886878 LRRN1 missense C T 3 Reduced 1.81 × 10-3 (12) 1.04 × 10-3 (6) 0.31 

chr3:57850299 SLMAP missense A T 1 Reduced 3.01 × 10-4 (2) 0 0.36 

chr3:137182356 
IL20RB; 

SOX14 
intergenic T G 3 Reduced N/A N/A N/A 

chr4:123109119 KIAA1109 missense A G 2 Full 1.51 × 10-4 (1) 3.46 × 10-4 (2) 0.13 

chr5:176797607 RGS14 missense C G 2 Full 4.52 × 10-4 (3) 0 0.26 

chr6:38980036 DNAH8 missense A C 1 Reduced 3.01 × 10-4 (2) 1.73 × 10-4 (1) 0.96 

chr7:6204906 CYTH3 missense G C 3 Reduced 6.03 × 10-4 (4) 0 0.18 

chr7:115136439 
LINC01392; 

SNORA25B 
intergenic A G 1 Reduced N/A N/A N/A 

chr7:131827797 PLXNA4 intronic T C 1 Reduced N/A N/A N/A 

chr9:738322 KANK1 missense G A 3 Reduced 1.36 × 10-3 (9) 1.56 × 10-3 (9) 0.68 

chr9:111697968 FAM206A stop-gain C T 2 Full 3.01 × 10-4 (2) 0 0.32 

chr9:112182851 PTPN3 missense C T 2 Full 1.51 × 10-4 (1) 0 0.38 
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chr10:28166246 ARMC4 intronic T G 3 Full N/A N/A N/A 

chr10:34630651 PARD3 missense G T 2 Full 1.51 × 10-4 (1) 0 0.57 

chr10:43293964 BMS1 missense G T 3 Full 1.51 × 10-4 (1) 0 0.33 

chr11:34152973 NAT10 missense C A 3 Full 1.05 × 10-3 (7) 8.65 × 10-4 (5) 0.67 

chr11:120833194 GRIK4 missense G A 1 Full 1.66 × 10-3 (11) 1.90 × 10-3 (11) 0.85 

chr12:53170912 KRT76 missense C A 1 Reduced 1.51 × 10-4 (1) 0 0.59 

chr12:70320459 MYRFL missense C T 3 Reduced 7.53 × 10-4 (5) 1.73 × 10-4 (1) 0.25 

chr14:97522986 
LINC00618; 

LINC02304 
intergenic C T 3 Full N/A N/A N/A 

chr16:727016 RHBDL1 missense C A 2 Full 1.51 × 10-4 (1) 0 0.37 

chr17:11881852 ZNF18 stop-gain G A 3 Reduced 1.51 × 10-4 (1) 1.73 × 10-4 (1) 0.82 

chr20:53309574 
DOK5; 

LINC01441 
intergenic G A 3 Reduced N/A N/A N/A 

chr21:37618003 DOPEY2 missense A G 3 Reduced 1.51 × 10-4 (1) 1.73 × 10-4 (1) 0.65 

chr22:44553955 PARVB missense G A 2 Full N/A N/A N/A 

AF_MS: Alternate allele frequency in MS cases. 

AF_HC: Alternate allele frequency in healthy controls. 

N/A: information not available. 

Variants that present in only the MS cases and not in the healthy controls are highlighted in grey. 

A cohort of 3,318 MS cases and 2,891 healthy controls from the ANZgene-Regeneron WES project was used to conduct the association  analysis.
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Further partition of MS subtypes identified a nominal significance (P = 0.049) for the 

FAM206A c.130C>T (p.Arg44*) variant in primary progressive MS (PPMS) (Table 4.11). The 

variant was found in one out of 429 PPMS (alternate allele frequency of 1.17 ×10-3), compared 

with 0 in 2,891 healthy controls. No significant or nominally significant associations were seen 

with relapsing-remitting MS and secondary progressive MS. 

 

Table 4.11 Nominally significant association with primary progressive MS. 

Variant (hg19) Gene Type Ref Alt AF_MS AF_HC P.value 

chr9:111697968 FAM206A stop-gain C T 1.17 ×10-3 0 0.049 

AF_MS: Alternate allele frequency in MS cases. 

AF_HC: Alternate allele frequency in healthy controls. 

 

4.4.3.2. Gene-level enrichment analysis  

4.4.3.2.1. SKAT-O analysis with the imputed ANZgene array data 

SKAT-O analysis results of the genes harbouring the 30 candidate variants are listed in Table 

4.12. We observed a significant enrichment of variants in the candidate ZNF18 gene in MS 

compared with the healthy controls (multiple testing corrected P value = 0.01). We also 

observed a suggestive enrichment of variants in the KANK1 and NAT10 gene, but they failed 

to survive the multiple testing correction. 
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Table 4.12 Genes with significance or nominal significances in the imputed ANZgene 

array data. 

Gene SNPs MAC M P.value Benjamini-Hochberg 

ZNF18 55 168,916 8,977 3.22 × 10-4 0.010 

KANK1 1,380 3,742,825 8,977 4.13 × 10-3 0.066 

NAT10 87 111,175 7,898 0.02 0.213 

PARVB 565 1,931,894 8,977 0.07 0.53 

LINC00618 41 40,728 6,525 0.09 0.53 

MYRFL 544 1,548,023 8,977 0.10 0.53 

IL20RB 130 555,504 8,977 0.15 0.64 

DOK5 414 827,419 8,977 0.16 0.64 

CAD 93 144,509 5,163 0.22 0.78 

PARD3 1,699 5,251,966 8,977 0.31 0.99 

DEGS1 60 180,136 8,107 0.35 0.99 

PEX14 370 1,064,621 8,977 0.37 0.99 

DTNB 592 1,330,801 8,977 0.45 1.00 

SLMAP 296 713,420 8,977 0.47 1.00 

SNORA25B 16 36,355 4,666 0.48 1.00 

LRRN1 166 370,796 7,827 0.54 1.00 

PTPN3 379 855,709 8,977 0.56 1.00 

RGS14 44 137,606 7,392 0.60 1.00 

GRIK4 1,187 3,811,470 8,977 0.63 1.00 

KRT76 77 162,357 8,977 0.68 1.00 

SOX14 29 68,718 7,212 0.73 1.00 

RHBDL1 25 50,702 7,014 0.77 1.00 

CYTH3 259 227,080 8,977 0.80 1.00 

DOPEY2 589 3,742,825 8,977 0.81 1.00 

BMS1 171 488,129 8,977 0.85 1.00 

KIAA1109 446 622,582 8,977 0.86 1.00 

WASF2 106 113,360 7,459 0.86 1.00 

ARMC4 608 1,546,393 8,977 0.89 1.00 

DNAH8 1,397 3,693,593 8,977 1.00 1.00 

FAM206A 64 130,111 8,977 1.00 1.00 
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LINC01392 291 634,803 8,977 1.00 1.00 

PLXNA4 1,749 3,111,652 8,977 1.00 1.00 

SNPs: The number of SNPs included in a gene for the gene-level enrichment analysis. 

MAC: The total number of the minor alleles. 

M: The number of individuals with the minor alleles. 

P.value: the P value from a test of association between a gene and disease phenotype. 

No variants were found for LINC02304 and LINC01441. 

 

4.4.3.2.2. SAIGE-GENE analysis with the ANZgene-Regeneron WES data 

In SAIGE-GENE analysis, five genes adjacent to the intergenic variants were not captured in 

the ANZgene-Regeneron WES data and were not included. These genes were LINC01392, 

SNORA25B, LINC00618, LINC02304 and LINC01441. In analysis 1, where all variants with 

MAF ≤ 0.001 in the candidate genes were included to estimate the gene-level enrichment, we 

observed a nominal significance in the candidate PARD3 gene (P = 0.031). In analysis 2, where 

variants with CADD ≥ 10 and the MAF ≤ 0.001 were included, we observed a nominal 

significance in the candidate KANK1 gene (P = 0.047). However, none of these genes survived 

the multiple testing corrections with the Benjamini-Hochberg approach. 

 

4.4.3.2.3. MAGMA analysis with the IMSGC summary statistics  

MAGMA analysis results of the genes harbouring the candidate variants are listed in Table 

4.13. We observed a significant enrichment of variants in the RGS14 gene in MS compared 

with the healthy controls (multiple testing corrected P value = 5.43 × 10-6). Additionally, we 

observed four gene-level enrichments in the genes GRIK4 (P = 0.003), SLMAP (P = 0.007), 

PEX14 (P = 0.011) and KANK1 (P = 0.036). But none of these genes survived the multiple 

testing corrections with the Benjamini-Hochberg approach. 
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Table 4.13 Genes with significance or nominal significances in the IMSGC summary 

statistics. 

Gene SNPs P.value Benjamini-Hochberg 

RGS14 35 1.55 × 10-7 5.43 × 10-6 

GRIK4 1,142 3.00 × 10-3 0.053 

SLMAP 171 7.00 × 10-3 0.08 

PEX14 340 0.011 0.10 

KANK1 1,199 0.036 0.25 

KIAA1109 212 0.07 0.43 

BMS1 148 0.12 0.58 

CAD 71 0.14 0.58 

DOPEY2 458 0.16 0.58 

DOK5 378 0.19 0.58 

LINC00618 24 0.19 0.58 

PARD3 1,316 0.20 0.58 

PLXNA4 1,238 0.22 0.58 

LRRN1 149 0.26 0.60 

DNAH8 1,018 0.30 0.60 

FAM206A 60 0.31 0.60 

DTNB 332 0.32 0.60 

WASF2 93 0.32 0.60 

LINC02304 35 0.33 0.60 

NAT10 62 0.36 0.60 

DEGS1 56 0.37 0.60 

RHBDL1 18 0.37 0.60 

PARVB 594 0.47 0.72 

PTPN3 251 0.50 0.72 

MYRFL 450 0.52 0.73 

ZNF18 36 0.57 0.77 

CYTH3 149 0.65 0.84 

LINC01441 10 0.69 0.85 

IL20RB 104 0.70 0.85 

KRT76 67 0.78 0.85 



 92 

ARMC4 412 0.79 0.85 

SNORA25B 12 0.80 0.85 

LINC01392 331 0.83 0.86 

SOX14 21 0.93 0.93 

 

4.4.3.3. Gene-level enrichment analysis of the pathway genes 

In the analysis of the glutamatergic synapse pathway of the GRIK4 gene, rare (MAF ≤ 0.001) 

variants of 114 genes within the pathway (Appendix 4.6) were extracted from the ANZgene-

Regeneron WES data and were analysed using the three filtering strategies described in section 

4.3.4.2.1. The results are listed in Table 4.14. Significant enrichment was observed in all three 

different strategies for the PPP3R1 gene. Strategies 2 (CADD ≥ 10; P = 4.36 × 10-4) and 3 

(CADD ≥ 15; P = 4.36 × 10-4) which include the addition of a CADD score threshold to the 

MAF<0.001 survived the multiple testing corrections with the Benjamini-Hochberg approach 

(P = 0.05 for both strategies). The analysis including all variants in the genes (no CADD filter) 

identified a nominal significance for PPP3R1 gene (P = 0.02), and additionally identified two 

nominally significant genes GRIK3 (P = 0.01) and GRM4 gene (P = 0.02), but none of them 

survived multiple testing correction. The analysis using the CADD ≥ 15 filter also identified a 

nominal significance for ADCY1 gene (P = 0.05), but the gene failed to survive the multiple 

testing correction. 

 

Table 4.14 Genes with significance or nominal significance within the glutamatergic 

synapse pathway of GRIK4. 

Gene 
MAF ≤ 0.001 

MAF ≤ 0.001 AND  

CADD ≥ 10 

MAF ≤ 0.001 AND  

CADD ≥ 15 

Variants P.val BH Variants P.val BH Variants P.val BH 

PPP3R1 115 0.02 0.92 38 4.36 × 10-4 0.05 21 4.36 × 10-4 0.05 

GRIK3 251 0.01 0.92 81 0.56 1.00 62 0.56 1.00 

GRM4 364 0.02 0.92 96 0.16 1.00 64 0.13 1.00 

ADCY1 286 0.32 1.00 62 0.21 1.00 39 0.05 1.00 

Variants: The number of variants included in a gene for the gene-level enrichment analysis. 

P.value: the P value from a test of association between a gene and disease phenotype. 

BH: Benjamini-Hochberg corrected P.value. 
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The genes in Table 4.14 are marked with specific colours within the glutamatergic synapse 

pathway using the KEGG mapper tool231 (Figure 4.7). The candidate gene GRIK4 is marked 

with yellow. The significant gene PPP3R1 is marked in pink with a red border. Other genes 

(GRIK3, GRM4, ADCY1) are marked in light purple. 
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Figure 4.7 Significant or nominally significant genes within the glutamatergic synapse pathway of GRIK4. 

Genes were specified with colours and pathway image was downloaded from KEGG. The yellow boxes contain GRIK4 and GRIK3. The light-purple boxes mGluR4/6 and 

mGluR4/8 contain GRM4; and boxes AC contain ADCY1, respectively. GRIK3, GRM4 and ADCY1 were found to be nominally enriched at the gene-level. The pink box 

PP2B contains PPP3R1 that was found to be enriched at the gene-level. 
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Similarly, rare (MAF ≤ 0.001) variants of 210 genes within the Rap 1 signalling pathway of 

the RGS14 gene (Appendix 4.7) were extracted and analyses conducted using the three variant 

inclusion strategies. The results are listed in Table 4.15. These analyses identified several 

nominally significant genes, including ITGB1 gene (P = 0.048) and PGF gene (P = 0.05) in 

the analysis of using CADD ≥ 10. The analysis using the CADD ≥ 15 filter identified a nominal 

significance in PGF gene (P = 0.05). However, none of these genes survived multiple testing 

correction. 

 

Table 4.15 Nominally significant genes within the Rap 1 signalling pathway of RGS14. 

Gene 
MAF ≤ 0.001 

MAF ≤ 0.001 AND  

CADD ≥ 10 

MAF ≤ 0.001 AND  

CADD ≥ 15 

Variants P.val BH Variants P.val BH Variants P.val BH 

ITGB1 160 0.83 1.00 47 0.05 1.00 34 0.09 1.00 

PGF 91 0.21 1.00 30 0.05 1.00 20 0.05 1.00 

Variants: The number of variantts included in a gene for the gene-level enrichment analysis. 

P.value: the P value from a test of association between a gene and disease phenotype. 

BH: Benjamini-Hochberg corrected P.value. 

 

The genes in Table 4.15 are marked with specific colours within the Rap 1 signalling pathway 

using the KEGG mapper tool231 (Figure 4.8). The candidate gene RGS14 is marked with 

yellow. The genes ITGB1 and PGF are marked in light purple. 
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Figure 4.8 Nominally significant genes within the Rap 1 signalling pathway of RGS14. 

Genes were specified with colours and pathway image was downloaded from KEGG. RGS14 is marked with yellow. The light-purple boxes integrin and GF contain ITGB1 

and PGF, which has been found to be nominally enriched at the gene-level. 
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4.4.3.4. Expression of candidate genes in MS brain cells compared with healthy brain 

cells 

Twenty different types of cells were included in the differential gene expression analysis (Table 

4.4). The immune cells, macrophages and vascular smooth muscle cells were excluded because 

the control cells account for less than 5% of the sum number of the healthy brain cells and MS 

patient brain cells in the same type of cell. Among the 20 cell types included, the differentially 

expressed candidate genes between the MS and healthy control brain cells are described in 

Table 4.15. Three candidate genes (WASF2, DTNB, KIAA1109) were differentially expressed 

between cases and controls in the oligodendrocyte 5 lineage (Table 4.16). In addition, DTNB 

was also significant in the neuron 2 cells, while GRIK4 was differentially expressed in the 

oligodendrocyte 6 lineage. None of the other candidate genes were differentially expressed in 

the other cell types listed in Table 4.4. 

 

Table 4.16 Differentially expressed candidate genes in the MS brain cells compared with 

the healthy brain cells. 

Gene pct.1 pct.2 P.val Cell type Benjamini-Hochberg 

WASF2 0.211 0.321 1.59 × 10-4 Oligodendrocyte5 4.45 × 10-3 

DTNB 0.284 0.392 2.45 × 10-3 Oligodendrocyte5 2.00 × 10-2 

KIAA1109 0.244 0.372 2.85 × 10-3 Oligodendrocyte5 2.00 × 10-2 

GRIK4 0.045 0.136 2.58 × 10-3 Oligodendrocyte6 2.00 × 10-2 

DTNB 0.373 0.468 9.61 × 10-3 Neuron2 0.05 

pct.1: The percentage of cells where the candidate genes were detected in the MS brain cells. 

pct.2: The percentage of cells where the candidate genes were detected in the healthy brain cells. 

p_val: Negative binomial regression tests. 

 

4.4.4. Additional evidence for strong candidate variants validation of the 

variations 

After the above investigation of the candidate variants using datasets of family unrelated 

individuals to seek supportive evidence for genes and/or pathways of those variants, a 

comprehensive review of known knowledge (Box 2) for strong candidate variants that receive 

supportive evidence from the MS population datasets was performed. The known gene and 

protein expression in relevant tissues and biological relevance have been described below. 
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4.4.4.1. Strong candidate variants prioritised in Family 1 

The strong candidate variants that passed the family-specific inheritance filter and the 

systematic prioritisation in Family 1 include one variant with full penetrance and two with 

reduced penetrance. The interpretation of these variants is described here. 

 

4.4.4.1.1. GRIK4 c.2070G>A variant 

The missense GRIK4 c.2070G>A variant prioritised in Family 1 co-segregated with the disease 

status. It was present in the affected individuals (1-3, 1-4, 1-5) and absent from the unaffected 

siblings (1-7, 1-8, 1-9,1-10). The MAF of the variant is low (≤ 0.1%) across public databases 

including gnomAD v2.1.1. In gnomAD, 223 alleles were observed out of 282,460 (0.07%).  

 

By substituting the nucleotide G with A, the variant results in an amino acid substitution of 

p.Met690Ile. The wildtype residue is highly conserved across species, and the variant has a 

GERP score of 5.69, which supports the conservation of the residue. According to the 100 

vertebrates track of the UCSC genome browser, the variant site is consistently observed as 

methionine across species. Consistently, multiple in silico algorithms support that the GRIK4 

c.2070G>A is a highly strong potential pathogenic variant (Table 4.5). According to the Project 

HOPE221 v1.1.1 report, the mutant residue would disrupt the α-helix structure in which the 

residue is located. Taken together, multiple in silico prediction tools consistently support that 

the mutation is likely to be damaging for GRIK4.  

 

The mutant site resides in a highly conserved ligand binding domain, which is located in the 

transmembrane region of GRIK4. The GRIK4 mRNA and protein are both highly expressed in 

hippocampal formation and cerebral cortex of the brain (Human Protein Atlas). The glutamate-

gated ionotropic receptor kainite (GRIK) family plays important roles in recognising the 

excitatory neurotransmitter glutamate and mediating the transmission of glutamate in the 

central nervous system236,237. The high affinity subunits GRIK4 and GRIK5 competitively 

integrate with the GRIK1, GRIK2 and GRIK3 subunits to form functional heteromeric ionic 

channels. Previous in vitro and in vivo work indicate that GRIK4 contributes to excitotoxic 

neurodegeneration238–240. The Chen et al.238 study show that the abnormal excess of GRIK4 

production makes neurons hypersensitive to glutamate, which disturbs the glutamate 

homeostasis and thus leads to neuronal death. Further, they show that interfering with GRIK4 

function with a specific anti-GRIK4 antibody rescued GRIK4-induced neuronal death both in 

vitro and in vivo. This indicates that by deactivating the signalling pathway that GRIK4 is 
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involved in, the induced excitatory neurodegeneration can be relieved. This is in line with a 

previous study showing that the excitotoxicity can be prevented by blocking the AMPA/kainate 

receptor with the antagonists239, thus rescuing oligodendrocyte loss and axonal degeneration. 

During neurodevelopment, however, deactivating the AMPA/kainite receptor-mediated 

signalling showed limited protection against neurodegeneration240. Taken together, 

experimental evidence supports the relevance of GRIK4 to MS. 

 

4.4.4.1.2. DTNB c.239C>T variant 

The missense DTNB c.239C>T variant was present in all the affected individuals (1-3, 1-4, 1-

5) and in the unaffected sibling 1-7. The variant was absent from other unaffected siblings. The 

MAF of the variant is low across public databases including gnomAD v2.1.1. In gnomAD, 30 

alleles were observed out of 280,450 (0.01%). 

 

The variant results in a substitution of p.Arg80His. The wildtype residue is conserved across 

species and has a GERP score of 5.17. Multiple in silico algorithms consistently predict that 

the variant is likely to be damaging for DTNB (Table 4.8). According to the Project HOPE221 

v1.1.1 report, the substitution of the nucleotide changes the charge of the residue from positive 

to neutral. The loss of the positive charge of the wild-type residue, along with the smaller size 

of the mutant residue, can lead to loss of interactions with other molecules or residues. 

 

DTNB encodes the beta-dystrobrevin protein, which is one member of the dystrobrevin family 

(the other is alpha-dystrobrevin). The DTNB mRNA and protein are both highly expressed 

throughout the brain, for example, hippocampal formation and cerebral cortex (Human Protein 

Atlas). The mutant site resides in the EF-hand-like motif of the DTNB protein. The motif has 

been shown to play an important role in the physical association between dystrobrevins and 

dystrophin and syntrophin, which together form the dystrophin-glycoprotein complex (DGC). 

The DGC-mediated intracellular signal transduction and transport is involved in synaptic 

signalling and studies show that the absence of DTNB causes cerebellar synaptic defects and 

motor impairment241. Quaranta et al.242 suggest that DTNB may play a role in the initiation of 

neuronal differentiation. They treated the NTera-2 cell lines (a well-established model for 

studying neurogenesis) with retinoic acid under either low or normal oxygen concentration. 

They observed that the DTNB expression was delayed in hypoxic conditions compared with 

normoxia, together with an impaired differentiation of these neural cells. Additionally, 

established evidence show that the DGC complex (which DTNB physically associate as part 
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of) colocalises with GABAergic receptors. Sekiguchi et al.243 showed that the deficit of brain 

dystrophin impairs the inhibitory GABAergic synaptic transmission and causes behavioural 

abnormalities in dystrophin-deficient mdx mice and the brain specific administration of 

truncated dystrophin partially rescued the abnormal behaviours. Another study244 shows that 

the absence of alpha-dystrobrevin in mice brain result in profound abnormalities of the blood-

brain barrier, and it is independent of expression of dystrophins. According to EMBL Pairwise 

Sequence Alignment Tool245, DTN-alpha and DTN-beta share 71.4% similarity of the protein 

sequence. 

 

In the ClinVar database, one variant (ClinVar ID: 559502), a duplication on chromosome 2 

from 24,807,000bp to 25,700,000bp spanning multiple genes including DTNB was reported. 

Although its clinical significance is unknown, this variant was identified in a 14 year old girl 

with phenotypes including short stature, neurodevelopmental delay (delayed speech) and mild 

intellectual disability246. However, two other de novo mutations were also identified in the girl 

and the author suggested one of those may be the underlying genetic cause of her condition. In 

addition, an association between the intergenic rs12713638 variant (between DTNB and 

Y_RNA) and low-contrast letter acuity in MS247 was reported in GWAS catalogue248 (P = 3.06 

× 10-6, OR = 0.63). Optical coherence tomograph structural imaging of the retina and low-

contrast letter acuity are sensitive and quantitative assessments of disease progression in MS 

over time249,250. Increased lesion volume, brain atrophy and increased damage to optic 

radiations have been reported to be correlated with impaired low-contrast letter acuity in MS251. 

The study reported genetics underlying disease progression, and DTNB is one of those genetic 

factors. These pieces of evidence support that the DTNB is involved in neurological conditions 

(MS). The rarity and conservation of the DTNB c.239C>T variant across species, alongside the 

segregation with MS in Family 1, suggest that the variant is likely to be involved in MS. 

 

4.4.4.1.3. SLMAP c.991A>T variant  

The missense SLMAP c.991A>T variant prioritised in Family 1 was observed in all the affected 

individuals (1-3, 1-4, 1-5) and one unaffected sibling (1-8), and absent from other unaffected 

siblings. The MAF of the variant is extremely low across public databases including gnomAD 

v2.1.1. In gnomAD, 4 alleles were observed out of 245,698 (1.60 × 10-5). 

 

The mutant site resides in a classic CC1 (first coiled-coil) domain found in SLMAP and the 

variant results in a substitution of p.Ile331Phe. The wild-type residue is conserved, while 
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another residue Leucine has been observed at the mutation site in some species (Figure 4.9). 

However, the mutant residue is not one of those observed residues across species. As shown in 

Figure 4.9, this genomic site is conserved with residues possessing strongly similar properties. 

Consistently, GERP gives a score of 5.16, supporting the conservation of the site. 

 

 

Figure 4.9 Amino acid multiple sequence alignment of SLMAP across species. 

Clustal Omega252 v1.2.4 was used to plot the alignment results. Consensus key: a “*” symbol indicates positions 

which amino acids are identical across species; a “:” symbol indicates conserved positions containing residues 

with strongly similar properties; a “.” symbol indicates conserved positions containing residues with weakly 

similar properties and a blank space indicates positions with no consensus. 

 

Multiple prediction algorithms provide mixed estimates of functional impact of the variant 

(SIFT: deleterious; PolyPhen2: Benign; FATHMM: 0.8844). According to the Project 

HOPE221 v1.1.1 amino acid analysis, the bigger size of the mutant residue might lead to bumps, 

which would weaken the binding site of the target protein. The evidence suggest that the variant 

is likely to be damaging for the gene. 

 

SLMAP encodes a sarcolemmal membrane-associated protein (SLMAP), which has shown 

association with Brugada syndrome (a heartbeat irregular disorder that is proven to be inherited 

in some cases) via its potential role in myoblast fusion253. However, no established knowledge 

has been found for the functional relevance of SLMAP and MS. 
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4.4.4.2. Strong candidate variants prioritised in Family 2 

Two strong candidate variants with full penetrance were identified in Family 2. The 

interpretation of these variants is described here. 

 

4.4.4.2.1. RGS14 c.1069C>G variant 

The missense RGS14 c.1069C>G variant co-segregated with the disease status in Family 2. It 

is present in all the affected offspring (2-1, 2-2, 2-3) and the affected grandchild 2-6, as well 

as in the grandfather 2-5. The MAF of the variant is low (≤ 0.1%) across public databases 

including gnomAD v2.1.1. In gnomAD, 46 alleles were observed out of 280,820 (0.02%).  

 

The mutant site resides in a classic Ras-/Rap-binding (RBD) domain of RGS14. By substituting 

the nucleotide C with G, the variant results in an amino acid substitution of p.Gln357Glu. The 

wildtype residue is highly conserved across species, and the variant has a GERP score of 4.63, 

which supports the conservation of the residue. Consistently, multiple in silico algorithms 

support that the RGS14 c.1069C>G is a highly strong potential pathogenic variant (Table 4.6). 

And according to the Project HOPE221 v1.1.1 report, the original residue charge is neutral, 

while the mutant residue charge is negative. The introduction of the negative charge can cause 

repulsion of ligands or other residues with the same charge. Taken together, multiple in silico 

prediction tools consistently support that the mutation is likely to be damaging for RGS14.  

 

The RGS14 mRNA and protein are both highly expressed in the brain (Human Protein Atlas). 

As a member of the regulators of G protein signalling (RGS) protein family, RGS14 has been 

demonstrated to play important roles in suppressing the long-term potentiation (LTP, one form 

of the synaptic plasticity) within the brain neurons. In support of this, Lee et al. demonstrate 

that RGS14 knockout mice exhibit robust LTP in CA2 neurons (one principal pyramidal cells 

in the hippocampus region of the brain) and consistently, RGS14 knockout mice perform better 

in hippocampal-dependent spatial or contextual learning and LTP-associated memory than the 

wild-type mice254. Although the specific mechanism of the inhibition is unclear, the fact that 

RGS14 binds to active G proteins to inhibit ERK signalling is reported255. It is known that ERK 

signalling is required for hippocampal LTP. Therefore, the domain or motif that facilitates the 

binding of RGS14 to active G proteins is important for RGS14 to modulate synaptic plasticity, 

i.e., LTP in this scenario. RGS14 contains an N-terminal RGS domain, and two tandem Ras-

/Rap-binding domain 1 (RBD1) and 2 (RBD2) and a G protein regulatory (GPR) motif. RBD 

domains have been demonstrated to bind to G proteins such as Raf-1 and H-Ras to inhibit ERK 
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signalling, highlighting the critical roles of the RBD domains in assisting RGS14 to regulate 

synaptic plasticity256. Taken together, experimental evidence supports the relevance of RGS14 

to MS, and highlights the significance of the RDB domain that the identified variant resides in. 

 

Importantly, the RGS14 c.1069C>G variant resides in the highly conserved RBD1 domain, and 

the introduction of the mutation can disturb the domain and abolish the relevant function 

(HOPE report). In this family, it is possible that the variation interrupts the function of the gene 

and protein in post-synaptic signalling, thus leading to dysfunction of the synaptic plasticity in 

the CNS of MS individuals. Notably, three MS risk RGS14 variants have been published, they 

all have been demonstrated to associate with MS risk93- , which further supports the potential 

important role of RGS14 in MS. 

 

4.4.4.2.2. PARD3 c.2321G>T variant 

The missense PARD3 c.2321G>T variant prioritised in Family 2 co-segregated with the disease 

status in Family 2. It is present in all the affected offspring (2-1, 2-2, 2-3) and the affected 

grandchild 2-6, as well as the mother 2-4. The MAF of the variant is low (≤ 0.1%) across public 

databases including gnomAD v2.1.1. In gnomAD, 11 alleles were observed out of 251,118 

(4.38 × 10-5).  

 

By substituting the nucleotide G with T, the variant results in an amino acid substitution of 

p.Ser774Tyr. The wildtype residue is highly conserved across species, and the variant has a 

GERP score of 4.73, which supports the conservation of the residue. Consistently, multiple in 

silico algorithms support that the variant rs375241184 is a highly strong potential pathogenic 

variant (Table 4.6). According to the Project HOPE221 v1.1.1 report, the larger mutant residue 

is likely to disrupt the assembly of the peptides. The amino acid property differences can disturb 

the function of the protein. Taken together, multiple in silico prediction tools consistently 

support that the mutation is likely to be damaging for PARD3.  

 

The mutant residue is located near the highly conserved PDZ domain, which helps hold 

together with other proteins containing PDZ domains and organise cell membrane signalling 

complexes257. The PARD3 mRNA and protein are both highly expressed in the brain (Human 

Protein Atlas). The partitioning-defective 3 (PARD3), a member of the PARD protein family, 

has been proven to be involved in asymmetrical cell division and cell polarisation processes258. 

Chen et al. study identifies the association between the rare deleterious variants of PARD3 and 
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neural tube defect (NTD)259. The study suggests that the rare deleterious variants of PARD3 

may contribute to NTD by disrupting the formation of epithelial tight junctions and the 

subsequent polarisation process of the neuroepithelium. A single neuroepithelial cell can 

produce migrating neural crest cells260, which give rise to Schwann cells that are the 

myelinating glia of the CNS261. A study by Blasky et al.262 hypothesised that PARD3 

contributes to generate the polarised features of neural crest and Schwann cells that are 

associated with neural crest cell migration and myelination. They used PARD3 function 

deficient zebrafish to investigate the role of PARD3 protein in neural crest migration and 

myelination. Although time-lapse imaging observed that neural crest cell migration is 

disorganised with substantial amounts of overlapping membrane, the cells migrated to 

appropriate peripheral nervous targets; Schwann cells wrapped axons and myelination 

formatted. They concluded that PARD3 mediates contact inhibition between neural crests and 

promotes timely expression of myelin genes but is not essential for neural crest migration and 

myelination262. Another study indicate that the phosphorylation of PARD3 at amino acid 

position 962 (Ser) is required for neuronal polarity establishment and failing to phosphorylate 

will lead to the loss of axons and the formation of multiple neurites263. Also, a study by Kim et 

al. identified risk variants of PARD3 in a Korean population and suggested their possible 

contribution to genetic susceptibility to schizophrenia264. It has been suggested that MS and a 

subgroup of schizophrenia may share similar aetiologies265, this evidence implies the possible 

link of PARD3 and MS. Taken together, experimental evidence supports the mild functional 

relevance of PARD3 to MS. 

 

4.4.4.3. Strong candidate variants prioritised in Family 3 

Two strong candidate variants with reduced penetrance were identified in Family 3. The 

interpretation of these variants is described here. 

 

4.4.4.3.1. KANK1 c.3371G>A variant 

In Family 3, the missense variant was observed to present in the affected daughters 3-1 and 3-

2, and one unaffected sibling 3-6. This variant is absent from the mother and other unaffected 

siblings. The MAF of the variant is low across public databases including gnomAD v2.1.1. In 

gnomAD, 171 alleles were observed out of 282,398 exomes (6.06 × 10-4). 

 

By substituting the nucleotide G with A, the variant results in an amino acid substitution of 

p.Arg124His. The wildtype residue is highly conserved across species, and the variant has a 
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GERP score of 5.73, which supports the conservation of the residue. Consistently, multiple in 

silico algorithms support that the KANK1 c.3371G>A is a highly strong potential pathogenic 

variant (Table 4.9). According to the Project HOPE221 v1.1.1 report, the variant will cause the 

loss of the charge of the wild-type residue, which would cause the loss of interactions with 

other molecules or residues. Taken together, multiple in silico prediction tools consistently 

support that the mutation is likely to be damaging for KANK1.  

 

The KANK1 protein belongs to the Kank family, and the protein contains multiple ankyrin 

repeat domains. The variant we identified is located very close (eight amino acids away) to the 

conserved ankyrin domain. The KANK1 mRNA and protein are both highly expressed in the 

human brain (Human Protein Atlas). 

 

A 225kb deletion of the KANK1 gene at 9p24.3 has been submitted to the NCBI ClinVar 

database (Accession ID: VCV000002908.1) as a pathogenic variant. It has been shown to cause 

cerebral palsy, spastic quadriplegic type 2, which is a central nervous system development 

condition266. Roy et al.267 have shown that KANK1 can negatively regulate insulin receptor 

substrate p53-induced neurite development. Cui et al.268 demonstrate that this inhibitory 

capability is achieved by regulating CXXC-type zinc finger protein 5 (CXXC5) mediated cell 

apoptosis. 

 

4.4.4.3.2. ZNF18 c.1072G>A variant 

In Family 3, the stop-gain variant was observed to be present in the affected daughters 3-1 and 

3-2, and one unaffected sibling 3-4. This variant is absent from the mother and other unaffected 

siblings. The MAF of the variant is extremely low across public databases including gnomAD 

v2.1.1. In gnomAD, only one allele was observed out of 249,088 exomes (4.02 × 10-6). 

 

The mutation site is located in exon nine of the ZNF18 gene. The variant results in an early 

stop codon, leading to premature truncation of the protein at codon 358 (p.Gln358*). As a 

result, the translation of the five classical continuous C2H2 conserved domains are terminated 

due to the nonsense mutation (Figure 4.10). 
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Figure 4.10 ZNF18 stop-gain mutation leads to the loss of the five C2H2 conserved 

domains. 

 

The original residue is conserved across species and has a GERP score of 5.69, which supports 

the conservation of the residue. The ZNF18 gene is observed at an o/e value of 0.46 (11 

observed LOF SNVs out of the expected 23.8 LOF SNVs, gnomAD); these indicate that ZNF18 

is modestly tolerant to loss-of-function mutations. The CADD algorithm gives a high score of 

35 for the variant, which is amongst the top 0.1% of deleterious mutations in the human 

genome. 

 

The zinc finger protein (ZNF) 18 protein is one of the krueppel Cys2His2-(C2H2)-type ZNF 

protein family269. C2H2 are one of the most common DNA-binding domains found in higher 

eukaryotes’ transcription factors. It consists of two short beta hairpins and an alpha-helix270. 

C2H2-type ZNF proteins recognise and site-specifically bind to target DNA via the short alpha-

helix in the ZNF271. Nowick et al.272 demonstrated that the C2H2-type ZNF proteins are highly 

expressed in the developing brain, and demonstrated the important roles of these proteins in 

the CNS development. Although no studies have linked ZNF18 to MS, a study by Chahrour et 

al.273 identified homozygous and compound heterozygous variations in ZNF18 in a cohort of 

1,000 multiplex autism families from the Autism Genetic Research Exchange collection. They 

observed upregulated expression of ZNF18 in response to depolarised mouse cortical neuronal 

cells, suggesting its potential neuronal activity-dependent roles. 

 

Other studies also demonstrated the roles of C2H2 type ZNF proteins in neurodegeneration 

conditions. Functional studies by Shin et al.274 established the role of ZNF746 protein, which 

contains a KRAB box and C2H2 motif as the ZNF18 protein does, in the pathogenesis of 

Parkinson’s disease. They showed that the overexpression of ZNF746 suppressed the 
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expression of the peroxisome proliferator-activated receptor gamma (PPAR) coactivator-1 

(PGC-1) and the PGC-1 target genes, thus cause the loss of dopamine neurons in the 

substantia nigra. The role of ZNF746 in the Parkinson’s disease was also implicated in a recent 

case-control cohort study by Li et al.275, where they identified both allele-level and gene-level 

evidence for this gene. Two rare (MAF < 1%) variants p.G161D and p.R158H in ZNF746 were 

significantly associated with early-onset Parkinson’s disease, and gene-based burden analysis 

also demonstrated enrichment of rare variants in ZNF746. Another study by Dias et al.276 

identified de novo heterozygous missense, nonsense and frameshift variants in ZNF856 from 

individuals affected with intellectual disability (ID). They demonstrated that the variants 

impacted the function of the protein by disrupting its localisation, dimerization and 

transcriptional regulatory activity. And in vivo work shows that ZNF856 haploinsufficiency in 

mice phenocopies the individuals carrying the ZNF856 mutations. For example, overall smaller  

brain volume, especially a greater decrease in the hippocampus, corpus callosum and the 

posterior cortical amygdaloid nuclei. They suggest the role of the C2H2 protein ZNF856 in 

controlling the migration of cortical neurons. Multiple lines of evidence imply that the shared 

C2H2 domain is involved in several neurologic conditions. In Family 3, it is possible that the 

loss of the five consecutive C2H2 domains caused by the stop-gain variation interrupts the 

binding of ZNF18 to the target DNA and hence disturbs the relevant pathways, contributing to 

the development of MS. 

 

4.4.5. Sanger sequencing to validate finally prioritised variants 

The variant validation by Sanger sequencing was only conducted on the strong candidate 

variants that passed multiple steps within the prioritisation procedure described above. They 

are GRIK4 c.2070G>A (p.Met690Ile) variant in Family 1; RGS14 c.1069C>G (p.Gln357Glu) 

variant in Family 2; and KANK1 c.3371G>A (p.Arg124His) variant and ZNF18 c.1072G>A 

(p.Gln358*) in Family 3. The variant validation results by Sanger sequencing have been 

described below. 

 

4.4.5.1. GRIK4 c.2070G>A variant 

Sanger sequencing of the GRIK4 c.2070G>A variant validated that it is present in all the 

affected siblings and absent from all the unaffected siblings. This segregation pattern was 

consistent with the sequencing results from the WGS data. The segregation of the variant with 

the disease in Family 1 is shown in Figure 4.11. 
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Figure 4.11 Sequence chromatogram showing the GRIK4 c.2070G>A variant. 

Circle symbols indicate female. Square symbols indicate male. White symbols indicate unaffected individuals. 

Black filled symbols indicate individuals affected with MS. Symbols filled with slashes indicate individuals whose 

disease status is unknown. Symbols with a diagonal line indicates individuals who are deceased. Red triangles 

indicate individuals who were genome sequenced. The arrows indicate the site of the variant. The mutant-type 

genotypes are indicated by red arrows, and the wild-type genotypes are indicated by black arrows. 

 

4.4.5.2. RGS14 c.1069C>G variant 

Sanger sequencing of the RGS14 c.1069C>G variant validated that it is present in all the 

affected offspring spanning two generations and the father. This segregation pattern was 

consistent with the sequencing results from the WGS data. The segregation of the variant with 

the disease in Family 2 is shown in Figure 4.12. 

 

G/A G/A G/A G/G G/G G/G G/G
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Figure 4.12 Sequence chromatogram showing the RGS14 c.1069C>G variant. 

Circle symbols indicate female. Square symbols indicate male. White symbols indicate unaffected individuals. 

Black filled symbols indicate individuals affected with MS. Symbols filled with slashes indicate individuals whose 

disease status is unknown. Symbols with a diagonal line indicates individuals who are deceased. Red triangles 

indicate individuals who were genome sequenced. The arrows indicate the site of the variant. The mutant-type 

genotypes are indicated by red arrows, and the wild-type genotypes are indicated by black arrows. 

 

4.4.5.3. KANK1 c.3371G>A variant 

Sanger sequencing of the KANK1 c.3371G>A variant validated that it is present in all the 

affected siblings and in the unaffected sibling 3-6. This segregation pattern was consistent with 

the sequencing results from the WGS data. The segregation of the variant with the disease in 

Family 3 is shown in Figure 4.13. 
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Figure 4.13 Sequence chromatogram showing the KANK1 c.3371G>A variant. 

Circle symbols indicate female. Square symbols indicate male. White symbols indicate unaffected individuals. 

Black filled symbols indicate individuals affected with MS. Symbols filled with slashes indicate individuals whose 

disease status is unknown. Symbols with a diagonal line indicates individuals who are deceased. Red triangles 

indicate individuals who were genome sequenced. The arrows indicate the site of the variant. The mutant-type 

genotypes are indicated by red arrows, and the wild-type genotypes are indicated by black arrows. For individual 

3-4 and 3-5, reverse primers were used to sequence the variants. Therefore, the genotypes of the chromatograms 

in this figure correspond to the reverse strand. For convenience, the genotypes of the complementary forward 

strand for those two individuals were deduced and reported. 

 

4.4.5.4. ZNF18 c.1072G>A variant 

Sanger sequencing of the ZNF18 c.1072G>A variant validated that it is present in all the 

affected siblings and in the unaffected sibling 3-4. This segregation pattern was consistent with 

the sequencing results from the WGS data. The segregation of the variant with the disease in 

Family 3 is shown in Figure 4.14. 
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Figure 4.14 Sequence chromatogram showing the ZNF18 c.1072G>A variant. 

Circle symbols indicate female. Square symbols indicate male. White symbols indicate unaffected individuals. 

Black filled symbols indicate individuals affected with MS. Symbols filled with slashes indicate individuals whose 

disease status is unknown. Symbols with a diagonal line indicates individuals who are deceased. Red triangles 

indicate individuals who were genome sequenced. The arrows indicate the site of the variant. The mutant-type 

genotypes are indicated by red arrows, and the wild-type genotypes are indicated by black arrows. 
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4.5. Discussion 

4.5.1. Family structure-based strategy 

In this study, we used a family-based strategy to identify variants with potential importance to 

MS. The advantage of such a strategy over the traditional GWAS approach is that the MS 

families provide increased power to identify rare or family private variants because of the 

enriched copies of these variants transmitted from founders to offspring within a family. The 

GWAS approach instead, has very limited power to identify these variants unless the sample 

size of a cohort or the effect size of a rare variant is very large277. Here we primarily focused 

on identifying the putatively disease-causing rare or family private genetic variants, which co-

segregate with the disease within the families. In addition to this filtering strategy, we used a 

secondary variant-sharing model to allow one unaffected relative to carry the same variant. 

This strategy takes variants with incomplete penetrance into account. The application of 

family-specific variant-sharing models allow us to propose hypotheses to identify variants with 

potential relevance in disease, where the carrier state of the variant is consistent with the disease 

state. Compared to the hypothesis-free approach of GWAS, where genome-wide variants are 

all included to investigate associations with a disease, the strength of a family-based strategy 

is tied to the greatly reduced search space, where the hypothesis-driven filtering strategy helps 

exclude a large number of variants and focus on a subset of candidate variants of interest. A 

small number of candidate variants can greatly reduce the burden of statistical correction for 

multiple testing for follow-up investigations of those variants. 

 

4.5.2. Systematic prioritisation 

After identifying variants using the family-specific filters, we evaluated the potential functional 

consequences of the variants on the target genes or proteins using in silico predictions. 

However, the functional consequence prediction of variants is challenging. By investigating 

the predictive value of the SIFT and PolyPhen-2 algorithms, Flanagan et al.278 report 

reasonably high sensitivity for those tools, but they also report the low specificity (13% for 

SIFT and 16% for PolyPhen-2). The same variant can be predicted to be damaging by one 

algorithm, but not by the other. This is demonstrated by our observations presented in sections 

4.4.1 and 4.4.2. For example, the PTPN3 c.1166C>T (p.Arg389Gln) variant (Table 4.6) was 

predicted to be damaging by PolyPhen-2 HDIV (1.0) but not by SIFT (0.06). A variant with 

mixed predictions from multiple in silico algorithms is less likely to have demonstrable 

functional effects, and a variant with consensus prediction is more likely to impact the target 
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gene and protein function. Taking Family 1 as another example, only one candidate variant 

was retained after the prioritisation of 360 variants that met the full penetrance model in Family 

1 (Appendix 4.1). Most of the 359 variants that were excluded were predicted to be deleterious 

by only one algorithm and others only passed two algorithms that were used to prioritise 

variants (passing three was required). To identify variants that are actually deleterious for the 

genes, we prioritised the variants by incorporating results from multiple in silico prediction 

algorithms (Table 4.1). We then further prioritised variants by taking into consideration 

conservation of the mutation site, expression of the genes and proteins in the relevant tissues 

and functional relevance of the gene or protein to MS. 

 

Such a systematic prioritisation system can boost accuracy for identifying true pathogenic 

variants or variants that predispose familial MS risk. The combination of multiple in silico 

algorithms to predict the functional consequence of variants avoided identifying a large number 

of false-deleterious variants. However, several true-deleterious variants may also have been 

missed. This may explain the limited number of non-coding variants that were prioritised in 

each family. Given the fact that protein-coding regions account for about only 1.5% of the 

genome279 and the rest are non-coding regions, the number of non-coding variants prioritised 

in each family is relatively small. There are several possible explanations. This reflects the 

impact of rare coding variants in the genetics of complex diseases, which has been realised in 

other complex diseases280–282. This is also possibly due to the application of the prioritisation 

criteria for non-coding variants, where five in silico algorithms were incorporated. Currently, 

functional prediction of non-coding variants remains a challenge283. The difference in maturity 

of the in silico algorithms to predict the functional consequences of coding variants versus non-

coding variants does exist. The algorithms are well developed for coding variants but not for 

non-coding variants284,285. By applying stringent prioritisation criteria, many non-coding 

variants were excluded. The combination of multiple algorithms is necessary to avoid a 

considerable number of false-positive non-coding variants. This preliminary study represents 

a reasonable compromise between the loss of variants with true effects and inclusion of many 

variants with false effects. To identify potential non-coding variants that are deleterious in the 

future, the prioritisation pipeline described in Table 4.2 and Table 4.3 can be relaxed to 

nominate additional candidate non-coding variants. In addition, as the performance of the 

prediction algorithms continues to evolve and data (such as ENCODE286) for functional 

prediction of variants continue to grow, the assessed genomic sites can be re-assessed 
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periodically to identify new variants, as has been observed in a clinical exome sequencing 

study287. 

 

In addition, other types of variants such as small insertions and deletions, copy number variants 

or structural variants might also contribute to the development of MS. These types of variants 

can be identified within the MS families. However, the functional prediction of those variants 

is more challenging. With the increasing body of resources to facilitate the interpretation of 

these variants in the future, the potential roles of these variants can be investigated. 

 

4.5.3. Candidate variants prioritised in MS families 

In Family 1, one missense variant (GRIK4 c.2070G>A) with full penetrance was prioritised. 

This variant was consistently predicted to be deleterious by all algorithms used for prioritisation 

of coding variants and has a CADD score of 31, representing top 0.1% of deleterious mutations 

in the human genome. GRIK4 is highly expressed in the human brain and has biological 

relevance to neurotransmission. In addition, seven variants with reduced penetrance were 

prioritised in this family. Of those seven variants, four of them are missense, two are intronic 

and one is intergenic. These variants were predicted to be deleterious for the target genes and 

the genomic sites are conserved. 

 

In Family 2, the offspring spanning two generations are all affected with MS and eight coding 

variants (seven missense and one stop-gain) with full penetrance were prioritised. Of those 

variants, the RGS14 c.1069C>G is interesting because RGS14 is involved in the Rap 1 

signalling pathway that share signalling molecules with the glutamatergic synapse pathway 

that GRIK4 is part of (Figure 4.7, Figure 4.8). The ERK signalling pathway is downstream of 

both pathways. It is possible that the overall pathway from the G protein-coupled receptors on 

the cell membrane to the downstream processes inside the cell such as ERK signalling might 

be impacted, and this might be common to general MS patients. In Family 3, due to the limited 

number of cases for the family-based filter, a greater number of variants were identified and 

prioritised. As a result, four variants (two missense, one intronic and one intergenic) with 

complete penetrance were prioritised. Ten variants with reduced penetrance were prioritised, 

including seven missense, two intergenic and one stop-gain variant. Of those full penetrance 

variants, the NAT10 c.1415C>A variant has the highest CADD score of 34, but no biological 

relevance to MS was found for this gene. Among those reduced penetrance variants, the 
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KANK1 c.3371G>A variant and the ZNF18 c.1072G>A variant has the highest CADD scores 

representing the top 0.1% of deleterious mutations in the human genome. During the follow-

up investigation stage, the genes of both variants obtained supportive evidence from the broad 

MS population cohorts. 

 

4.5.4. Validation datasets to provide evidence for the candidate genes 

To investigate the broader role of the candidate risk genes in the pathogenesis of MS, we 

utilised validation datasets to perform multiple level analyses (variant-level, gene-level and 

pathway-level) to provide additional evidence for the prioritised candidate variants. In the 

variant-level analysis, no individual candidate variant was found to be statistically associated 

with MS risk, while further partitioning of the subtypes identified a nominal significance for 

the FAM206A c.130C>T (p.Arg44*) variant in PPMS (P = 0.049). This was consistent with 

other complex disease studies288,289, indicating that for variants with very low allele frequencies 

(MAF ≤ 0.001), a large cohort is required to identify significant associations. Although no 

variants showed overall significant associations with MS, some of the variants were observed 

to be present in only the MS cases and not in the healthy controls. Future work with a larger 

cohort may help boost power to reveal some associations for the candidate variants. 

 

In the gene-level enrichment analysis, the analysis of the single candidate genes using three 

different validation cohort datasets identified significance or nominal significance for several 

genes. Notably, eight of the 30 candidate genes were found to have supportive evidence from 

these analyses and six of them were considered as strong candidate genes following full review 

of the literature described above. This offers the conclusion that our framework of combining 

the family specific inheritance filter and systematic prioritisation criteria is effective for 

identifying variants with potential importance from small MS families. Among those genes 

with supportive evidence, GRIK4 in Family 1, RGS14 in Family 2 and KANK1 in Family 3 are 

of special interest. We found nominal significance for GRIK4 using the IMSGC GWAS 

summary statistics (P = 0.003). The snRNA-seq analysis revealed that the gene expression of 

GRIK4 is significantly different between the MS patient and healthy brain cells, highlighting 

the necessity of future study for GRIK4. Furthermore, Gene-level analysis of the genes within 

the canonical pathway of GRIK4, i.e., the glutamatergic synapse pathway using the ANZgene-

Regeneron WES cohort data identified association between the PPP3R1 gene and MS risk. 

Although the biological link between PPP3R1 and MS is unknown, the identification of 
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nominal significance for the association of other genes (GRIK3, GRM4 and ADCY1) within the 

same pathway implies that the glutamatergic synapse pathway is a good target to further 

investigate in future studies. Similarly, we identified a gene-level significance in RGS14 using 

the IMSGC GWAS summary statistics (P = 5.43 × 10-6). Gene-level analysis of the genes 

within the canonical pathway of RGS14, i.e., the Rap 1 signalling pathway using the ANZgene-

Regeneron WES cohort data identified two nominally significant genes, ITGB1 and PGF. 

These results, combined with the crosstalk of RGS14 and G protein pathways255 in which 

GRIK4 is also involved, highlight the potential contribution of this pathway to MS 

pathogenesis. Finally, KANK1 identified in Family 3 was further supported with multiple 

nominally significant associations in the three gene-level analyses using the three different 

case-control cohorts. Future work targeting this gene may help reveal more evidence for a 

genetic link of this gene to MS. No canonical pathways have been reported for KANK1, hence 

no gene-level analysis under a pathway was performed for KANK1. 

 

4.6. Conclusion 

This chapter takes advantage of multi-incidence MS families, identifying putatively disease-

causing variants with full penetrance and risk variants with reduced penetrance. By developing 

a systematic framework to investigate the candidate variants at variant-level, gene-level and 

pathway-level, we provide a comprehensive evaluation of the importance of those variants. 

The evaluation of the role of the variants in MS pathogenesis is not only confined to the MS 

families, but also expanded to unrelated case-control cohorts and RNA expression data to 

determine the broader roles of these variants. 

 

We identified eight candidate variants for Family 1, which includes one full penetrance variant 

and seven reduced penetrance variants. Eight full penetrance variants were identified for 

Family 2. Fourteen candidate variants were identified for Family 3, which include four full 

penetrance variants and ten reduced penetrance variants. Of the candidate variants identified in 

Family 1, the GRIK4 c.2070G>A (p.Met690Ile) variant with full penetrance was the most 

promising one because of the consensus predicted deleterious impact and the biological 

relevance of the gene to MS. Similarly, the RGS14 c.1069C>G (p.Gln357Glu) variant in 

Family 2 and the ZNF18 c.1072G>A (p.Gln358*) variant and the KANK1 c.3371G>A 

(p.Arg124His) variant in Family 3 are of special interest. 
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Further investigation of these variants using datasets of unrelated individuals provided 

additional support for several genes and/or pathways of those variants. Our preliminary 

evidence highlights potentially important roles for some of the genes (e.g., GRIK4, RGS14, 

ZNF18 and KANK1), and sets the ground for future follow-up investigation. Future biological 

study of these targets is required to specifically determine the real functional consequences of 

candidate variants and more complicated investigation of these genes and other genes that fall 

within the biologically related pathways. These findings will allow us to better understand the 

genetic basis of MS and mechanisms involved in the disease aetiology. The framework can 

also be expanded to studies of other complex diseases.
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Chapter 5. Final discussion and conclusions 

 

Multiple sclerosis (MS) is a complex disease whose aetiology remains unknown and for which 

there is no cure10. Family and twin studies of MS unequivocally demonstrate a strong genetic 

component underlying the disease65,126. More than a decade of genome-wide association 

studies (GWAS) have identified over 200 common risk loci associated with the disease risk, 

and the genetic contribution of the human leukocyte antigen (HLA) DRB1*15:01 locus on 

chromosome 6p21.3 has been consistently confirmed in multiple GWAS of MS. However, 

these loci exhibit small to modest effect size, and collectively explain only 15 – 40% of the 

overall heritability, depending on ethnicity and environment15. There remain major gaps in 

understanding the genetic architecture of MS. This dissertation attempts to identify additional 

genetic risk factors that may explain a portion of the missing heritability for MS. 

 

In Chapter 3, we aimed to investigate the role of the known common risk variants in the 

aggregation of MS. A protocol was developed to compute a weighted polygenic risk score176 

(wPRS), representing a cumulative individual-level genetic burden driven by the common 

variants. The wPRS was calculated in a population relevant cohort of 3,252 MS cases and 5,725 

healthy controls (described in section 2.3.1) and compared to that of the study families (Family 

1, 2 and 3), to evaluate the role of common variants in the familial MS aggregation. Based on 

the results of Chapter 3, we then aimed to identify rare or family private genetic variants unique 

to each MS enriched family that may influence the different disease outcomes of the affected 

and unaffected family members in Chapter 4. By integrating variant-level, gene-level and/or 

pathway-level evidence from the wider MS population, the study further evaluated the potential 

importance of the candidate variants in MS risk. 

 

5.1. Known common risk variants and their roles in MS families 

In Chapter 3, we assessed the cumulative genetic burden driven by known common risk 

variants in the MS enriched families. The results demonstrated that there was no significant 

wPRS difference between the familial MS and the sporadic MS patients, supporting the 

hypothesis that the known common risk variants are not sufficient to explain the aggregation 

of MS. The work presented in Chapter 3 suggests that the familial MS aggregation may be a 

result of the elevated common genetic burden and major variant(s) (e.g., rare variants) with 

relatively large disease effect size(s) compared to the common variants. The family specific 
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common profiles are strongly indicative for this assumption. In Family 1, we observed enriched 

copies of the high-risk HLA-DRB1*15:01 alleles, which drive the higher genetic burden than 

seen in the other two families. However, it is not the only contributor to MS in this family as 

both the affected and unaffected individuals carry the alleles, except individual 1-9 who inherits 

the alternate non-risk HLA-DRB1*03:01 and HLA-DRB1*13:02 alleles from her parents. In 

Family 1, it is possible that additional major risk variant(s) present in the affected individuals 

contribute to the development of MS. Or protective variant(s) may be present in the unaffected 

individuals to prevent them from developing MS. Accordingly, variant sharing models can be 

tailored to identify variants present in all unaffected HLA-DRB1*15:01 family carriers, and 

absent from all affected HLA-DRB1*15:01 carriers to identify protective variants. The 

consideration of carrier status of the high-risk allele HLA-DRB1*15:01 and variant segregation 

within a family greatly reduces the search space for protective variants that may influence the 

difference in disease outcomes between the affected and unaffected family members. However, 

the functional assessment for protective variants is more challenging than for deleterious 

variants. It is feasible to prioritise putatively disease-causing variants using in silico algorithms, 

but this is not applicable to protective variants. Therefore, the identification of putatively 

protective variants without further prioritisation will obtain a larger list of candidate variants 

than disease-causing variants, and a large case-control cohort will be needed to verify the 

protection effect. In contrast, no HLA-DRB1*15:01 (or other HLA risk alleles) were observed 

in Family 2 or Family 3. This is in line with the known ‘genetic heterogeneity’ of MS290, 

especially the presence or absence of the high-risk HLA-DRB1*15:01 alleles. These two 

families showed lower common genetic burden than Family 1, highlighting the limited 

contribution of the known common variants in these two families. Other unknown major risk 

variant(s) with relatively large effect size(s) are more likely to contribute to the aggregation of 

MS. 

 

The wPRS constructed in Chapter 3 exhibited a comparable predictive capacity to previous 

wPRS studies176,185–190 in MS. The area under receiver operating characteristic curve was 0.76. 

This is consistent with the known ‘missing heritability’ for MS, where the known common 

variants account for a proportion of the overall genetic heritability. The inclusion of the 

additional recently identified variants by the IMSGC study93 moderately improved the 

performance of wPRS in discriminating between the sporadic MS and healthy controls. 

However, the prediction performance indicates that PRS is not ready for application in clinical 

practice. 
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A more accurate PRS with higher performance is important to make a diagnosis. However, the 

currently known common risk variants can construct only a portion of the overall predictive 

ability in our case-control cohort. In addition, it is unlikely to identify additional common risk 

variants in European populations with measurable odds ratios even with increasing sample 

sizes97,119. A recent review by Baranzini et al.97 presented a trend that the effect size (i.e., odds 

ratios) of common variants identified by GWAS in MS is approaching 1.0, questioning the 

necessity of performing additional GWAS to identify additional common variants in 

Europeans. This evidence highlights that other risk factors than common variants remain to be 

discovered to explain the missing heritability of MS. This is in line with the conclusion drawn 

in Chapter 3 when comparing the familial wPRS to the cohort wPRS, where the known 

common risk variants are not sufficient to explain the familial aggregation. The aggregation of 

MS is most likely to be a result of the elevated common genetic background, combined with a 

major effect such as a rare variant. Compared to common variants, rare variants with larger 

effect size cause selection against the alleles, leading to the lower allele frequency. Therefore, 

traditional GWAS is not an ideal strategy for identifying rare variants predisposing MS risk 

(and other complex diseases), even though rare variants are likely to explain a portion of the 

missing heritability of MS126. In contrast, family-based approaches present a good alternative 

to identify disease-related rare variants because of the enriched copies of rare variants 

transmitted within a family. And based on the wPRS results, the unaffected siblings presented 

a comparable wPRS to the MS case population (section 3.4.3), suggesting that family history 

might be more accurate and cheaper for predicting an individual-level MS genetic risk. There 

is an increasing body of evidence to support the contribution of rare variants to the aetiology 

of complex diseases. As reviewed in Chapter 1, next generation sequencing technology has 

enabled the detection of rare variants, and several rare variants have been found to be associated 

with complex diseases, for example with Alzheimer’s disease291, Type 2 diabetes292 and low 

plasma levels of high-density lipoprotein cholesterol293. Recently, Wainschtein et al.294 

conducted a whole-genome sequencing (WGS) of 21,620 unrelated genomes of European 

ancestry and obtained 47.1 million genetic variants that pass the quality control. The 

stratification of SNPs according to the minor allele frequencies (MAF) shows that the variants 

in the MAF range of 0.0001 to 0.1 explained a SNP-based heritability of 0.54 for height and 

0.51 for BMI, demonstrating the considerable contribution of rare variants to the missing 

heritability of complex traits. These findings are supported by Gazal et al.295, where the rarer 

SNPs explain more proportion of heritability for complex traits. This is also supported by a 

recent study by Hernandez et al.296, where they used whole genome DNA and lymphoblastoid 
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cell line RNA sequencing data from 360 European individuals to conservatively estimate the 

contribution of genetic variants to phenotypic variation. They estimated that about 75% of 

SNP-based heritability derives from ultra-rare variants (≤ 0.1%). Together this evidence 

implies that rare variants are more likely to explain the aggregation of MS and may explain a 

portion of the missing heritability of MS. 

 

5.2. A systematic framework to identify rare or family private 

genetic variants predisposing to familial MS 

5.2.1. A family-based strategy 

Based on the results of Chapter 3, we further hypothesise that the difference in disease 

outcomes between the affected and unaffected family members is influenced by rare or family 

private genetic variants with larger effect size than common variants. This is because the 

aggregation of affected individuals in one family is not common for MS with the very low 

prevalence (one in per 1,000 Australians) compared to other complex diseases, together with 

the fact that family members tend to share similar environmental, epigenetic risk factors and 

genetic background174,175. Therefore, rare or family private genetic variants are likely to 

influence the disease outcome. In Chapter 4, we aimed to identify these variants, with the aid 

of WGS on 19 DNA samples from affected and unaffected individuals of the three MS families. 

 

Traditional GWAS approaches for identifying associations with common genetic variants are 

underpowered to detect rare variants297. Chapter 4 presents a family-based strategy to tackle 

this limitation. Overall, our rationale for designing such a strategy is focused on three primary 

points. First of all, the familial aggregation of MS is not common. Studying MS enriched 

families inherently increases the power to identify rare or family private variants predisposing 

to MS risk due to the enriched copies of such variants transmitted through generation(s) within 

a family. The outcome of the family-based strategy was the identification of 360 rare or novel 

variants with full penetrance for Family 1; and 171 for Family 2; and 2,002 for Family 3, as 

described in section 4.4.1. In addition, this dissertation has identified 1,732 rare or novel 

variants with reduced penetrance for Family 1 and 2,318 for Family 3, as described in section 

4.4.2. These results demonstrate the enriched copies of rare or novel variants within MS 

families, confirming the power of our family-based approach to detect these variants. Small 

scale multi-incidence families can be used to compare genomes of individuals with different 

disease outcomes to dissect the underlying genetic aetiology. This is consistent with recent 
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studies, where high-risk rare variants that affect an individual’s risk of developing complex 

diseases can be identified through family-based strategies. Reported examples include studies 

in schizophrenia298,299, Alzheimer’s disease300 and Parkinson’s disease301, to name a few. 

Second, a family-based strategy allows us to tailor family-specific variant sharing models based 

on pedigree structures. As described in section 4.3.3.1, we used two different models to focus 

on variants shared between related individuals. The family structures were considered to 

develop variant sharing models that were unique to each family. Such models link the variants 

most likely to contribute to the disease development to the phenotypic relevance (affected or 

not), enabling us to dramatically reduce the search space for risk variants and focus on a filtered 

number of variants. According to the results described above, the number of rare or family 

private variants identified in each family corresponds to the size and structure of a specific 

family. Taking Family 2 as an example, which comprises multiple affected individuals 

spanning across two generations, providing the more informative meiosis than the other two 

families. The search space was greatly reduced and the least number of variants have been 

identified for Family 2. Third, closely related individuals, particularly those growing up in the 

same house, tend to share more homogenous environmental exposures, epigenetic risk factors 

and genetic background174,175. By employing a family-based strategy, the confounding effects 

of those risk factors can be minimised. 

 

5.2.2. A comprehensive system to implicate variants predisposing MS risk 

From those filtered variants, a comprehensive prioritisation system was developed in section 

4.3.3.2 to prioritise variants for follow-up investigations. As a result, this dissertation has 

prioritised 30 candidate variants, including eight for Family 1, eight for Family 2 and fourteen 

for Family 3. During the follow-up investigations, we used diverse and complementary 

approaches to further assess the corresponding candidate genes and/or pathways using broader 

MS population cohorts and expression data. Such a validation stage allows the examination of 

the broader role of candidate variants in MS and across biological pathways that could be 

disrupted via variations in multiple genes. The validation of the 30 candidate variants using 

additional resources have provided further supportive evidence for 12 of these variants, 

verifying the effectiveness of the family-specific filter to identify potential risk variants 

relevant to MS. In Family 1, amongst the eight candidate variants, only one is fully penetrant. 

The remaining seven are reduced penetrance variants, including four missense variants, two 

intronic and one intergenic. These reduced penetrance variants present in different unaffected 
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individuals, which is consistent with the genetic heterogeneity of MS290. Given the complex 

and polygenic characteristics of MS126, multiple rare variants with full and reduced penetrance 

can be additively involved in MS. It is possible that the full penetrance variant acts as the major 

pathogenic factor, interacting with those reduced penetrance variants, combined with the 

elevated genetic burden driven by the common risk variants and the relevant environmental 

exposures, ultimately leading to the development of MS. The GRIK4 p.Mer690Ile variant with 

full penetrance was supported by multiple levels of evidence indicating that the variant is 

highly likely to be important for Family 1, as described in section 4.4.3. Literature review 

indicates that the glutamate-gated ionotropic receptor kainite (GRIK) family proteins play 

important roles in recognising the excitatory neurotransmitter glutamate and mediating the 

transmission of glutamate in the central nervous system (CNS)236,237. It has been demonstrated 

that the disturbed glutamate homeostasis can lead to neuronal death238. In Family 1, it is 

possible that the GRIK4 p.Mer690Ile variant alters the structure of GRIK4, interfering with the 

binding of glutamate to GRIK4, thereby perturbing the signalling pathway that GRIK4 is 

located in. The identification of significant or nominally significant gene-level enrichment for 

multiple genes within the canonical pathway of GRIK4, i.e., the glutamatergic synapse 

pathway, indicates that it is less likely to be a statistical artefact, rather it allows the possibility 

that the glutamatergic synapse pathway is genuinely involved in MS in Family 1. This finding 

highlights the value of using a family-based approach to identify disease relevant variants, and 

the feasibility of extending to the possibly involved biological pathway through candidate 

variants. It is likely that the glutamatergic synapse pathway is involved in MS, and the 

preliminary findings in this dissertation provide a potential novel drug target for the treatment 

options of MS. In addition, the differential gene expression analysis in the snRNA-seq data 

showed that GRIK4 expression is significantly lower in the MS patient brain cells than in the 

healthy brain cells (P = 0.02), further supporting the relevance of GRIK4 to MS. These data 

are a valuable resource to compare expression levels of candidate genes between brains from 

MS patients and healthy people. MS is a complex disease involving the central nervous system 

and the immune system. The investigation of gene expression in brain cells helps to study the 

central nervous system aspect. However, the cell counts of immune cells in this dataset are too 

low and investigation of gene expression in immune cells was excluded to avoid misleading 

findings. Therefore, to fully understand the biological connection between GRIK4 and MS, 

another expression dataset including immune cells is required. The other limitation of using 

this dataset is that it is obtained from post-mortem MS-brain tissues, which represent the 

ultimate stage of the disease process, hence the gene expression is likely to reflect the 
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consequence of disease progression. However, to investigate the role of pathogenic variants in 

MS, gene expression in the early stages of the disease is key. This remains a challenge for 

human disease research and animal modelling of disease with monitoring of gene expression 

over time may be a viable way to address this challenge. 

 

The RGS14 p.Gln357Glu variant from the Family 2 was supported by the most compelling 

evidence from multiple resources and the biological evidence that the variant is likely to be 

involved in the pathophysiology of MS. Although the subsequent variant-level analysis found 

no association between this variant and MS risk, it is worth noting that the variant was observed 

in only MS cases (three out of 3,318 MS cases), compared with 0 in 2,891 healthy controls. 

Since the chance of observing a rare variant in multiple sporadic MS cases is low, this variant 

is likely to be involved in MS. This highlights the need for a larger case-control cohort with 

rare variant data available to further investigate the potential association. However, due to the 

very low frequency of rare variants, verification of these variants using a case-control approach 

is a challenge even if the sample size of a cohort is large. This is unfeasible for verifying rare 

non-coding variants as WGS of a sufficiently large case-control cohort is still economically 

unrealistic. A variant with MAF < 1% would require about 1000 individuals to detect 10 copies. 

Therefore, sample sizes to detect sufficient copies for a measurable statistic would be 

incredibly large. Tagreted approaches to identify candidates are still required in order to reduce 

the initial multiple testing penalty302. And exome-based genotyping of a cohort means a large 

amount of non-coding variants will be missed. Imputation of rare variants from SNP arrays is 

often less accurate than for common variants. Therefore, a family-based approach is a cost-

effective way for discovering plausible rare variants. While it is unlikely that we would observe 

the same variants in an MS family and the general population, it is likely that other risk variants 

in the same gene would be discoverable in the general MS population. Therefore, gene-level 

enrichment analysis of candidate genes can potentially provide insights into the underlying 

genetic aetiology. This is supported in the gene-level enrichment analysis using the IMSGC 

GWAS summary statistics data where we identified an overwhelmingly significant association 

for RGS14, (Benjamini-Hochberg228 corrected P value is 5.42 × 10-6). The pathway-level 

enrichment analysis for the canonical Rap 1 signalling pathway of RGS14 identified nominal 

significance for the ITGB1 (P = 0.048) and PGF (P = 0.05) genes. Although they failed to 

survive the multiple testing correction, the identification of multiple genes with nominal 

significance allows the possibility that the Rap 1 signalling pathway including RGS14 is likely 

to be involved in MS pathophysiology. This is supported by prior research, where the binding 
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of RGS14 to active G proteins such as Raf-1 and H-Ras (Rap 1 signalling proteins) can inhibit 

ERK signalling255. The inhibition of ERK signalling can suppress long-term potentiation (a 

form of synaptic plasticity)303. This is supported by Lee et al.254 where the knockout of RGS14 

in mice exhibited robust LTP in CA2 neurons (one principal population of pyramidal cells in 

the hippocampus region of the brain). 

 

In addition, the stop-gained ZNF18 p.Gln358* variant and the missense KANK1 p.Arg124His 

variant identified in Family 3 showed the most compelling evidence to support possible 

involvement in the development of MS. Multiple lines of supportive evidence have been 

collected for these two variants during the validation stage. It is important to point out that the 

validation cohorts have overlapping participants. However, this is inevitable as we used large 

case-control cohorts in the MS community, including the unpublished cohort from ANZgene 

Regeneron centre. At present, the large cohorts in MS research often involves the collaboration 

of multiple research centres from multiple countries, and the classic cohorts often involve a 

fixed number of countries, so the sample overlap is difficult to avoid. 

 

5.3. Recommendations for future work 

In Chapter 3, a protocol was developed to construct wPRS to evaluate the genetic burden driven 

by the common risk variants of MS. The recruitment of new families is ongoing. This protocol 

can be used in future studies with more MS families included to re-evaluate the contribution of 

common variants in the familial MS aggregation. A more comprehensive model would be 

recommended to take other factors such as clinical characteristics (sex and age of onset), rare 

variants, environmental factors (such as latitude, sunlight, anti-Epstein Barr virus IgG titre and 

vitamin D levels) and interactions between those genetic and non-genetic risk factors into 

account to improve the predictive capacity. 

 

In Chapter 4, we comprehensively investigated single nucleotide variants (SNVs), while other 

types of variants such as small insertions and deletions, copy number variants (CNVs) or 

structural variants (SVs) might also be involved in the development of MS. We focused on the 

study of SNVs and excluded other types of variants in this study. This is because although other 

types of variants can be identified through family-based approaches, the assessment of 

functional consequence of these variants is challenging304305. Most patients carry different 

structural variants, which also occur across the whole genome306,307. The imbalances 
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encompass regions harbouring multiple genes, and it is difficult to pinpoint genes responsible 

for a specific phenotype. Unlike the functional interpretation of SNPs, currently there are 

limited resources existing to assess the impact of CNVs or SVs. This will require substantial 

effort to accumulate a broad range of resources, such as gene perturbation phenotypes in model 

organisms308 and protein interaction networks309 to provide predictive understanding of these 

variants in the human genome. Also, the filtering of rare non-SNVs can become more 

challenging given the limited reference databases to look up the population frequency data than 

for SNVs. However, these additional types of variants need to be interrogated in future studies, 

with the increasing resources to facilitate the investigations. 

 

Chapter 4 comprehensively evaluated and provided supportive evidence for several candidate 

variants and the corresponding genes. Furthermore, it has been observed that several genes in 

the glutamatergic synapse pathway of GRIK4 and the Rap 1 signalling pathway of RGS14 are 

significantly or nominally significantly enriched at the gene-level. This collective evidence 

points toward experiment work involving variant-level, gene-level and pathway-level 

investigation to examine their real biological roles in MS. Importantly, as discussed in section 

4.5.4,  there is a crosstalk between RGS14 (from Family 2) and the G protein-coupled receptors 

(GPCR) mediated pathway. And this crosstalk shares some signal molecules that the pathway 

of GRIK4 (from Family 1) also involves255,310. It is less likely to identify rare variants with 

shared signal pathways in different MS enriched families. Alternatively, this suggests that a 

common crosstalk may be involved in the pathogenesis of MS. Although we did not find 

variants in Family 3 that share common pathway of the GRIK4 and RGS14 variants identified 

in Family 1 and 2, the stringent filtering criteria may miss some variants of importance. These 

variants may not cause serious function impact on the target gene and/or proteins, but they may 

belong to a common signal pathway that is involved  in the development of MS. Some studies 

indicate that immune response to “non-self” antigens are variable depending on different HLA 

haplotypes311. This is reasonable as HLA encodes the MHC complex, which determines the 

capability of presenting the “non-self” antigens to T help cells312. On the other hand, it has been 

observed that the GPCR antibodies change in a time frame of months or years313. This means 

that the GPCR antibodies are not sensitive when responding to acute changes in the 

environment. Instead, they are more likely to represent the chronic immune disorder314. Taken 

together, HLA haplotypes may play an important role in shaping one’s natural immune system, 

while GPCR acts to impact the acquired immune system. Two pathways interact to form an 

individual’s immune network, thus to influence the development of MS. 
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The identification of gene-level significance or nominal significance for multiple genes within 

a pathway is less likely to be statistical artefact, suggesting that the pathway is likely to be 

involved in MS pathogenesis. Experimental work using samples obtained from family 

members is recommended to confirm the real biological importance of the candidate pathways. 

For this purpose, RNA samples can be extracted from blood samples of affected and unaffected 

individuals within a family. Transcriptome profiles between these groups of individuals can be 

compared by performing a single-nucleus RNA sequencing (snRNA-seq) and conducting a 

differential gene expression analysis. The protocol developed in Chapter 4 can be used to 

conduct the analysis to acquire a list of differentially expressed genes (DEGs) between the 

affected and unaffected family members. In addition, a pathway-level enrichment analysis of 

the observed DEGs can be performed to determine whether a candidate pathway is enriched in 

a MS family or not. For example, a study by Udhaya Kumar et al.315 performed a differential 

gene expression analysis of RNA samples extracted from five familial hypercholesterolemia 

patients and five healthy controls matched for age, sex, BMI and smoking status. The analysis 

identified top 250 significant DEGs. A subsequent pathway-level enrichment analysis on the 

DAVID316 v6.8 server of those DEGs revealed the enrichment in ubiquitin-mediated 

proteolysis. This is consistent with prior knowledge, where the transfer of ubiquitin from 

UBE2N to low-density lipoprotein receptor is required for lysosomal degradation317. The 

observation that the significantly reduced expression level of UBE2N in familial 

hypercholesterolemia patients might inhibit the transfer event, leading to the accumulation of 

low-density lipoprotein receptor in the lysosome and hence the increased risk of 

hypercholesterolemia. 

 

In addition to pathway-level investigation, the role of candidate genes in MS also needs to be 

verified. For non-coding variants, a nucleotide substitution can change the gene expression. 

For a coding variant, an amino acid substitution can impact the folding of a protein and result 

in a deficiency in protein function. In an attempt to compensate for the functional deficiency, 

gene expression may increase. Therefore, follow-up investigation of candidate genes can start 

by comparing gene expression between affected and unaffected family members. It will be 

more informative if brain and blood samples can be obtained from affected and unaffected 

individuals within the study families, thus to obtain both the neurologic cells and immune cells. 

Hence, the neurologic and immune condition of familial individuals with different disease 

outcomes can be interrogated. For genes with differential expression evidence, the next step 
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will be determining the role of these genes in MS. For this aim, we can build a mouse model 

of MS, i.e., experimental autoimmune encephalomyelitis (EAE) model318, knock out the gene 

of interest using the genome editing technology CRISPR/Cas9 system319 and determine the 

impact of the loss of the gene function. This has been successfully applied to the p107 gene, 

where Ng et al.320 generated a murine small cell lung cancer (SCLC) model and showed that 

the loss of p107 function significantly accelerates tumour progression and conferred 

comparable to p130 (a gene known to accelerate the tumour progression in SCLC321) and even 

worse phenotypes (larger tumours and earlier metastatic spread). 

 

An important step will be determining the impact of a variant on the target gene. Although 

candidate variants received consensus functional prediction from in silico programs, 

supporting that the variants are deleterious to target gene function, experimental work is 

required to verify the effect. To determine the effect, induced pluripotent stem cells (iPSCs) 

can be developed and differentiated into a specific group of cells and the effect of the variation 

explored using the CRISPR/Cas9 system. Taking Family 1 as an example, whole blood (for 

the generation of iPSCs) from two variant carriers have been obtained and transformed into 

iPSC lines using the method we recently published322. With the future availability of cells from 

unaffected relative(s) (non-carriers of the same variant) within the same family, iPSCs can be 

developed differentiated into specific cell types. For GRIK4 prioritised in this family, 

oligodendrocyte cells are recommended because GRIK4 is highly expressed by these cells323 

and they are the myelinating cells of the CNS which are closely related to the core hallmark 

(demyelination) of MS324. Oligodendrocyte cells can be generated from iPSC using the method 

published by our collaborators325. Then using assays such as myelination assays326, cells 

carrying the GRIK4 c.2070G>A variant can be phenotypically assessed and then corrected 

using the CRISPR/Cas9 system, to investigate the impact of the variant on relevant cellular 

phenotypes. 

 

5.4. Conclusions 

In summary, the estimation of the cumulative genetic burden driven by the known common 

risk variants in the MS enriched families demonstrates that these variants are not sufficient to 

explain the familial MS aggregation. The protocol developed in this study can be used to re-

evaluate the role of common variants in the MS families when new recruited families are 

available. The work of identifying potential predisposing rare or family private variants in those 
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families nominated eight candidate variants for Family 1, eight for Family 2 and fourteen for 

Family 3. The overall findings in this study confirmed the validity of using a family-based 

strategy to identify rare or family private variants that may contribute to the development of 

familial MS. Amongst these candidate variants, supportive evidence for eight genes was 

gathered from the follow-up investigations using family independent validation data. This 

offers the conclusion that the systematic framework of identifying and prioritising candidate 

variants is effective for plausible disease variant discovery from the limited size of small MS 

families. The systematic framework can be easily expanded to newly recruited MS families. 

The multiple lines of evidence collected for especially the GRIK4, RGS14, ZNF18 and KANK1 

points the way towards the utility of experimental work to determine the biological role of these 

genes (and pathways for GRIK4 and RGS14) in MS predisposition. This dissertation has 

covered a variety of methods to dissect the genetic basis of MS and the identification of rare 

variants from MS families and their genes (and pathways) with supportive evidence from 

broader MS population cohorts provide reasonable candidates for future follow-up 

investigations in MS. Collectively, these findings facilitate a better understanding of the genetic 

architecture of MS and provide mechanisms whereby the variants or genes predispose MS risk. 
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Appendices 

 

Appendix 1.1 GWAS significant loci from IMSGC study93
 

Variant Chromosome Position (hg19) Effect allele Non-effect allele Odds ratio 

Two hundred independent non-HLA risk variants 

rs6670198 1 2520527 T C 1.156 

rs2986736 1 6512547 C T 1.112 

rs198398 1 11883342 C T 1.188 

rs67934705 1 24207504 G A 1.234 

rs6672420 1 25291010 A T 1.073 

chr1:32738415 1 32738415 A G 1.145 

rs72922276 1 65429319 G A 1.141 

rs11161550 1 85682020 G A 1.091 

rs35486093 1 85729820 G A 1.197 

rs12133753 1 92222089 C T 1.137 

rs58394161 1 92939959 C T 1.104 

rs11809700 1 93152635 T C 1.155 

rs1415069 1 93426869 G C 1.098 

rs34723276 1 101290432 A G 1.218 

rs11578655 1 101412902 G T 1.094 
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Variant Chromosome Position (hg19) Effect allele Non-effect allele Odds ratio 

rs10801908 1 117090493 C T 1.240 

rs483180 1 120267505 C G 1.114 

chr1:154983036 1 154983036 G T 1.125 

rs2317231 1 157686337 G T 1.106 

rs3737798 1 160389984 A G 1.091 

rs6427540 1 160634588 C T 1.112 

rs983494 1 160703965 G A 1.107 

rs1323292 1 192541021 A G 1.132 

rs59655222 1 200875897 T C 1.131 

rs9308424 1 212877776 G A 1.096 

rs11899404 2 12607893 C T 1.109 

rs11125803 2 25052177 C T 1.062 

rs13414105 2 30472442 C A 1.105 

rs12478539 2 43355324 G C 1.131 

rs1177228 2 61242410 G A 1.113 

rs13385171 2 65661843 C T 1.072 

rs12622670 2 68646536 T C 1.113 

chr2:112492986 2 112492986 C T 1.199 

rs57116599 2 112770799 G A 1.128 

rs10191360 2 136884679 T C 1.102 
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Variant Chromosome Position (hg19) Effect allele Non-effect allele Odds ratio 

rs962052 2 151644203 C T 1.070 

rs6738544 2 191989356 C A 1.068 

rs12614091 2 204632861 A T 1.074 

rs35540610 2 231121829 C T 1.145 

rs9863496 3 18798848 C T 1.068 

rs13327021 3 27783015 T C 1.120 

rs438613 3 28072086 C T 1.148 

rs11919880 3 32962051 A G 1.073 

rs9878602 3 71535338 T G 1.087 

chr3:100848597 3 100848597 C T 1.162 

rs4325907 3 101749022 C T 1.104 

rs2289746 3 105455955 C T 1.089 

chr3:112693983 3 112693983 T G 1.289 

rs9843355 3 119228508 G A 1.143 

rs2331964 3 121542898 C T 1.089 

rs71329256 3 121765368 C G 1.154 

chr3:121783015 3 121783015 T G 1.142 

rs6789653 3 141150990 G A 1.067 

rs1014486 3 159691112 C T 1.111 

rs10936182 3 159712373 T G 1.102 
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Variant Chromosome Position (hg19) Effect allele Non-effect allele Odds ratio 

rs10936602 3 169536637 T C 1.115 

rs2590438 3 187565968 G T 1.055 

rs13066789 3 187987624 C T 1.072 

rs13136820 4 40307564 C T 1.073 

rs6837324 4 48127262 G A 1.090 

rs2705616 4 87862396 C G 1.086 

rs6533052 4 103911781 A G 1.067 

rs2726479 4 106255589 C T 1.082 

rs9992763 4 109058718 G T 1.094 

rs17051321 4 122119449 T C 1.099 

rs72989863 4 164493807 G A 1.070 

rs34681760 5 6712834 C T 1.084 

rs10063294 5 35877505 G A 1.104 

rs11749040 5 40396425 A G 1.217 

chr5:40429250 5 40429250 T A 1.095 

rs7731626 5 55444683 G A 1.097 

rs32658 5 118703662 T G 1.071 

rs244656 5 133449827 A T 1.108 

rs2084007 5 133891282 C T 1.083 

rs249677 5 141539339 A C 1.080 
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Variant Chromosome Position (hg19) Effect allele Non-effect allele Odds ratio 

rs2546890 5 158759900 A G 1.124 

rs67111717 5 176790162 G A 1.100 

rs12211604 6 7100029 G A 1.098 

chr6:14691215 6 14691215 C T 1.327 

rs719316 6 16672760 T C 1.067 

rs1076928 6 36348689 T C 1.079 

rs72928038 6 90976768 A G 1.174 

chr6:119215402 6 119215402 A C 1.083 

rs802730 6 128280104 T C 1.121 

chr6:130348257 6 130348257 T C 1.127 

rs2327586 6 135495226 T C 1.125 

rs4896153 6 135833463 T A 1.148 

rs62420820 6 137438057 A G 1.147 

rs631204 6 137959455 A C 1.116 

rs17780048 6 138179146 C T 1.176 

rs6911131 6 143865221 G A 1.157 

rs1738074 6 159465977 C T 1.120 

rs55858457 7 2443302 T G 1.120 

rs10951042 7 3139417 C T 1.082 

rs10951154 7 27135314 C T 1.106 
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Variant Chromosome Position (hg19) Effect allele Non-effect allele Odds ratio 

rs10245867 7 28142186 T G 1.065 

rs60600003 7 37382465 G T 1.143 

rs10230723 7 50239880 A T 1.113 

chr7:50328339 7 50328339 A G 1.589 

rs73414214 7 105706462 C A 1.109 

rs4728142 7 128573967 A G 1.063 

rs10271373 7 138729795 A C 1.073 

rs354033 7 149289464 G A 1.114 

rs28703878 8 79417222 G A 1.143 

chr8:95851818 8 95851818 G T 1.120 

rs735542 8 128175696 A G 1.089 

rs6990534 8 128814091 G A 1.113 

chr8:129177769 8 129177769 C T 1.129 

rs3923387 8 144986793 T C 1.073 

rs7855251 9 100868189 T C 1.116 

rs12722559 10 6070273 C A 1.145 

rs11256593 10 6117322 T C 1.205 

rs1399180 10 8098719 C T 1.083 

rs1087056 10 31395761 A G 1.081 

rs61863928 10 64449549 G T 1.115 
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Variant Chromosome Position (hg19) Effect allele Non-effect allele Odds ratio 

rs17741873 10 75653800 G T 1.093 

rs1250551 10 81059335 T G 1.123 

rs1112718 10 94479107 A G 1.111 

rs35218683 11 321138 T C 1.308 

rs61884005 11 14402930 C G 1.144 

chr11:14868316 11 14868316 G A 1.387 

rs1365120 11 36438075 C T 1.127 

rs2269434 11 47360412 C T 1.090 

rs4939490 11 60793651 G C 1.146 

rs11231749 11 64095178 C T 1.076 

rs531612 11 65705432 T C 1.092 

rs4409785 11 95311422 C T 1.094 

rs56095240 11 95421830 A T 1.127 

rs34026809 11 118480695 G C 1.202 

rs12365699 11 118743286 G A 1.155 

rs6589706 11 118747813 A G 1.109 

chr11:118783424 11 118783424 G A 1.250 

rs6589939 11 122518525 G A 1.078 

rs4262739 11 128421175 G A 1.069 

rs1800693 12 6440009 C T 1.135 
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Variant Chromosome Position (hg19) Effect allele Non-effect allele Odds ratio 

rs12832171 12 6441622 C G 1.381 

rs2364485 12 6514963 A C 1.099 

rs7977720 12 9866349 T C 1.107 

rs701006 12 58106836 G A 1.121 

rs61708525 12 94661453 G A 1.083 

rs3184504 12 111884608 T C 1.071 

rs7975763 12 123604053 T C 1.129 

rs9591325 13 50811220 T C 1.237 

rs9568402 13 50961957 T A 1.095 

chr13:100026952 13 100026952 A C 1.777 

rs11852059 14 52306091 C A 1.101 

rs12434551 14 69253364 A T 1.110 

rs34695601 14 76014298 T C 1.116 

chr14:88523488 14 88523488 C T 1.347 

rs12588969 14 103230758 G C 1.074 

rs12147246 14 103265844 A G 1.104 

rs62013236 15 79247482 C T 1.133 

rs6496663 15 90887584 C A 1.106 

rs405343 16 1067832 T G 1.126 

rs2286974 16 11114512 A G 1.115 
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Variant Chromosome Position (hg19) Effect allele Non-effect allele Odds ratio 

chr16:11213951 16 11213951 C T 1.206 

chr16:11353879 16 11353879 T C 2.064 

rs34947566 16 11412926 C A 1.123 

rs3809627 16 30103160 C A 1.102 

rs8062446 16 57077094 T C 1.089 

rs12925972 16 79111297 C T 1.099 

rs17724508 16 79350204 T C 1.238 

rs6564681 16 79652720 C T 1.098 

rs35703946 16 86021505 G A 1.188 

rs4796224 17 34842521 G A 1.089 

rs9909593 17 37970149 G A 1.074 

rs883871 17 38252660 A G 1.115 

rs1026916 17 40529835 A G 1.138 

rs7222450 17 43407670 A G 1.103 

rs11079784 17 45702280 C T 1.113 

rs2150879 17 57859210 G A 1.109 

rs9900529 17 73335776 C G 1.099 

rs4940730 18 56269737 A G 1.060 

rs9955954 18 56348044 A G 1.116 

rs2469434 18 67544046 C T 1.063 
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Variant Chromosome Position (hg19) Effect allele Non-effect allele Odds ratio 

rs12971909 19 4466466 A G 1.090 

rs1077667 19 6668972 C T 1.164 

rs34536443 19 10463118 G C 1.187 

rs28834106 19 10592144 T C 1.138 

rs12609500 19 11173928 C T 1.084 

rs58166386 19 16559421 G A 1.095 

rs4808760 19 18301979 C G 1.144 

rs7260482 19 45143942 C A 1.093 

rs11083862 19 47638539 A T 1.106 

rs1465697 19 49837246 T C 1.132 

rs6072343 20 39968188 A G 1.079 

rs4812772 20 42579051 C T 1.070 

rs6032662 20 44734310 C T 1.143 

rs6020055 20 48422095 A G 1.294 

rs2585447 20 52744437 C T 1.137 

rs2248137 20 52789743 C G 1.119 

rs6742 20 62374441 C T 1.173 

rs9808753 21 34787312 G A 1.085 

rs2836438 21 39864727 A G 1.104 

rs9610458 22 22205353 T C 1.121 
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Variant Chromosome Position (hg19) Effect allele Non-effect allele Odds ratio 

rs4820955 22 31622539 A T 1.123 

rs760517 22 37258986 C T 1.088 

rs5756405 22 37310954 A G 1.060 

rs137955 22 40291807 T C 1.065 

rs140522 22 50971266 T C 1.117 

Thirty-two independent HLA risk variants 

HLA-DRB1*15:01 6 32552064 P A 2.90 

rs1071743 G 6 29911056 P A 0.69 

rs3097671 6 33047612 C G 1.34 

rs67476479 CA 6 32551948 P A 1.32 

rs2844482 6 31539767 A G 1.35 

rs9266629 6 31346822 C T 0.82 

HLA-B*38:01 6 31323293 P A 0.48 

rs4081559 6 31323677 T C 1.31 

HLA-DRB1*13:03 6 32552064 P A 1.79 

rs7454108 6 32681483 C T 1.25 

AA B position 45 TK 6 31324602 P A 1.13 

AA DQβ1 position -5 L 6 32634302 P A 1.24 

AA DQα1 position 130 S 6 32609875 P A 1.48 

rs11751659 6 33081632 G A 1.17 
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Variant Chromosome Position (hg19) Effect allele Non-effect allele Odds ratio 

rs114071505 6 30060631 C G 0.78 

HLA-DRB1*01:03 6 32552064 P A 1.60 

rs9271366 6 32586854 G A 1.57 

HLA-B*52:01 6 31323293 P A 0.44 

rs3135024 6 33047466 C T 1.16 

rs2523500 6 31518354 C T 0.92 

rs1049079 C 6 32632795 P A 0.88 

rs10093 6 32609173 G C 0.88 

rs766848979 A 6 32552138 P A 0.84 

HLA-B*35:03 6 31323293 P A 1.33 

rs9277626 6 33081823 G A 0.92 

HLA-DQA1*06 6 32608306 P A 1.85 

rs2229092 6 31540757 C A 1.17 

rs3819292 6 31322522 A C 1.09 

rs17493811 6 32145399 G C 0.82 

HLA-DRB1*04:11 6 32552064 P A 2.63 

rs3093982 6 31497244 T C 1.11 

AA DQβ1 position 221 Q 6 32629138 P A 0.68 
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Appendix 2.1 Quality control of the WGS data. 

2.1.1 Relationship check 

FID1 IID1 FID2 IID2 Z0 Z1 Z2 PI_HAT 

1 1-10 1 1-3 0.264 0.516 0.220 0.478 

1 1-10 1 1-4 0.317 0.476 0.207 0.445 

1 1-10 1 1-5 0.253 0.511 0.236 0.492 

1 1-10 1 1-7 0.262 0.521 0.217 0.477 

1 1-10 1 1-8 0.319 0.481 0.200 0.441 

1 1-10 1 1-9 0.298 0.437 0.265 0.484 

1 1-3 1 1-4 0.251 0.491 0.259 0.504 

1 1-3 1 1-5 0.206 0.463 0.331 0.563 

1 1-3 1 1-7 0.244 0.520 0.237 0.497 

1 1-3 1 1-8 0.233 0.489 0.279 0.523 

1 1-3 1 1-9 0.225 0.558 0.217 0.496 

1 1-4 1 1-5 0.251 0.482 0.267 0.508 

1 1-4 1 1-7 0.270 0.472 0.258 0.494 

1 1-4 1 1-8 0.237 0.484 0.279 0.521 

1 1-4 1 1-9 0.216 0.547 0.237 0.510 

1 1-5 1 1-7 0.290 0.487 0.224 0.467 

1 1-5 1 1-8 0.205 0.486 0.309 0.552 

1 1-5 1 1-9 0.346 0.482 0.172 0.413 

1 1-7 1 1-8 0.250 0.542 0.208 0.479 

1 1-7 1 1-9 0.257 0.461 0.282 0.512 

1 1-8 1 1-9 0.229 0.506 0.266 0.518 

2 2-1 2 2-2 0.273 0.486 0.241 0.484 

2 2-1 2 2-3 0.230 0.471 0.299 0.534 

2 2-1 2 2-4 0.068 0.863 0.069 0.501 

2 2-1 2 2-5 0.065 0.866 0.069 0.502 

2 2-2 2 2-3 0.286 0.436 0.278 0.496 

2 2-2 2 2-4 0.074 0.848 0.078 0.502 

2 2-2 2 2-5 0.079 0.853 0.069 0.495 

2 2-3 2 2-4 0.067 0.854 0.079 0.506 

2 2-3 2 2-5 0.069 0.870 0.060 0.495 
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2 2-4 2 2-5 0.890 0.100 0.010 0.060 

3 3-1 3 3-2 0.287 0.396 0.318 0.516 

3 3-1 3 3-3 0.076 0.850 0.073 0.499 

3 3-1 3 3-4 0.320 0.451 0.229 0.454 

3 3-1 3 3-5 0.237 0.523 0.240 0.502 

3 3-1 3 3-6 0.240 0.437 0.323 0.542 

3 3-2 3 3-3 0.076 0.852 0.072 0.498 

3 3-2 3 3-4 0.269 0.443 0.288 0.509 

3 3-2 3 3-5 0.291 0.388 0.322 0.516 

3 3-2 3 3-6 0.311 0.439 0.250 0.470 

3 3-3 3 3-4 0.078 0.852 0.070 0.496 

3 3-3 3 3-5 0.077 0.853 0.071 0.497 

3 3-3 3 3-6 0.079 0.848 0.074 0.498 

3 3-4 3 3-5 0.306 0.433 0.261 0.477 

3 3-4 3 3-6 0.331 0.466 0.203 0.436 

3 3-5 3 3-6 0.243 0.494 0.263 0.510 

FID: Family ID. 

IID: Individual ID. 

Parent-offspring: Z0 of about 0, Z1 of about 1, Z2 of about 0 and PI_HAT of about 0.5.  

Full sibling: Z0 of about 0.25, Z1 of about 0.5, Z2 of about 0.25 and PI_HAT of about 0.5. 

Unrelated individuals: Z0 of about 1 Z1 of about 0, Z2 of about 0 and PI_HAT of about 0. 

 

Relationship checks confirmed that the genetic relationship inferred by the genotyping data 

was consistent with the information provided by clinics.
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2.1.2 Confirmed European ancestry of family WGS samples. 

 

Principal component analysis confirmed the European ancestry of the family WGS samples. 

Familial affected individuals (black dots) and unaffected individuals (purple dots) cluster well 

with the European reference data (green dots). Population abbreviations: CEU - Northern and 

Western Europeans; GBR - British in England and Scotland; IBS - Iberian population in Spain; 

TSI - Toscani in Italia; FIN - Finnish in Finland.
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Appendix 3.1 Quality control of the family genotyping data. 

3.1.1 Identify individuals with discordant sex information 

FID IID PEDSEX SNPSEX F Concordant sex 

1 1-3 1 1 1 Yes 

1 1-4 2 2 -0.2287 Yes 

1 1-5 2 2 -0.2162 Yes 

1 1-7 2 2 -0.2415 Yes 

1 1-8 1 1 1 Yes 

1 1-9 2 2 -0.2474 Yes 

1 1-10 2 2 -0.2229 Yes 

2 2-1 2 2 -0.2318 Yes 

2 2-2 1 1 1 Yes 

2 2-3 2 2 -0.2170 Yes 

2 2-4 2 2 -0.1944 Yes 

2 2-5 1 1 1 Yes 

2 2-6 2 2 -0.1061 Yes 

3 3-1 2 2 -0.1092 Yes 

3 3-2 2 2 -0.1112 Yes 

3 3-3 2 2 -0.2412 Yes 

3 3-4 1 1 1 Yes 

3 3-5 1 1 1 Yes 

3 3-6 2 2 -0.1018 Yes 

FID: Family ID. 

IID: Individual ID. 

PEDSEX: sex as determined in pedigree file (1=male, 2=female). 

SNPSEX: sex as determined by X chromosome. 

 

Sex check confirmed that the sex information inferred by the genotyping data was consistent 

with the sex information provided by clinics.
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3.1.2 Identify individuals with high missing data rates or outlying heterozygosity 

 

No samples with high missing call rates (red vertical dashed line). Mean of the heterozygosity 

rates is 0.35. No samples fall within outlying heterozygosity rates (mean ± 2 S.D., red 

horizontal dashed line). No family samples need to be excluded. 
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3.1.3 Confirmed European ancestry of family genotyping samples. 

 

Principal component analysis confirmed the European ancestry of the family samples 

genotyped on the Illumina Infinium® Global Screening Array-24 v1.0 (GSA), as described in 

section 3.3.2.2. Familial affected individuals (black dots) and unaffected individuals (purple 

dots) cluster well with the European reference data (green dots). Population abbreviations: 

CEU - Northern and Western Europeans; GBR - British in England and Scotland; IBS - Iberian 

population in Spain; TSI - Toscani in Italia; FIN - Finnish in Finland.
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3.1.4 Forty-nine SNPs excluded due to the high missing call rates (> 1%). 

SNPs excluded 

rs1052373 rs35947407 

rs10552820 rs35961416 

rs10623258 rs36056065 

rs111948120 rs36078735 

rs113564299 rs4646284 

rs11374964 rs55652650 

rs11421222 rs5800607 

rs138635992 rs5838651 

rs139527123 rs59308963 

rs140850326 rs59500137 

rs142727307 rs66765962 

rs144854329 rs67958007 

rs146812843 rs71859853 

rs16430 rs72552763 

rs1799735 rs75967604 

rs192861143 rs79597620 

rs201856772 rs8176719 

rs2307561 seq-rs398123784 

rs2308040 seq-rs534542684 

rs28369860 

rs3213239 

rs3215400 

rs3215401 

rs3215407 

rs3215983 

rs333 

rs34234135 

rs34422452 

rs35060421 

rs35864111 
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Appendix 3.2 A list of common risk variants included to construct 

the weighted polygenic risk score. 

Variant Chromosome Position (hg19) 

HLA Variants 

rs1071743 G chr6 29911056 

HLA-B*35:03 chr6 31323293 

rs3819292 chr6 31322522 

HLA-B*38:01 chr6 31323293 

HLA-B*52:01 chr6 31323293 

rs4081559 chr6 31323677 

AA B position 45 TK chr6 31324602 

rs9266629 chr6 31346822 

rs3093982 chr6 31497244 

rs2523500 chr6 31518354 

rs2844482 chr6 31539767 

rs67476479 CA chr6 32551948 

HLA-DRB1*01:03 chr6 32552064 

HLA-DRB1*13:03 chr6 32552064 

HLA-DRB1*15:01 chr6 32552064 

HLA-DRB1*04:11 chr6 32552064 

rs766848979 A chr6 32552138 

rs9271366 chr6 32586854 

HLA-DQA1*06 chr6 32608306 

AA DQα1 position 130 S chr6 32609875 

AA DQβ1 position 221 Q chr6 32629138 

rs1049079 C chr6 32632795 

AA DQβ1 position -5 L chr6 32634302 

rs3135024 chr6 33047466 

rs11751659 chr6 33081632 

rs9277626 chr6 33081823 

Non-HLA variants 

rs6670198 chr1 2520527 
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rs2986736 chr1 6512547 

chr1:32738415 chr1 32738415 

rs72922276 chr1 65429319 

rs11161550 chr1 85682020 

rs35486093 chr1 85729820 

rs12133753 chr1 92222089 

rs58394161 chr1 92939959 

rs11809700 chr1 93152635 

rs34723276 chr1 101290432 

rs11578655 chr1 101412902 

rs10801908 chr1 117090493 

chr1:154983036 chr1 154983036 

rs2317231 chr1 157686337 

rs3737798 chr1 160389984 

rs6427540 chr1 160634588 

rs983494 chr1 160703965 

rs1323292 chr1 192541021 

rs59655222 chr1 200875897 

rs9308424 chr1 212877776 

rs11899404 chr2 12607893 

rs11125803 chr2 25052177 

rs1177228 chr2 61242410 

rs13385171 chr2 65661843 

rs12622670 chr2 68646536 

rs57116599 chr2 112770799 

rs10191360 chr2 136884679 

rs962052 chr2 151644203 

rs6738544 chr2 191989356 

rs35540610 chr2 231121829 

rs9863496 chr3 18798848 

rs13327021 chr3 27783015 

rs438613 chr3 28072086 

rs11919880 chr3 32962051 
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rs9878602 chr3 71535338 

chr3:100848597 chr3 100848597 

rs4325907 chr3 101749022 

rs2289746 chr3 105455955 

chr3:112693983 chr3 112693983 

rs9843355 chr3 119228508 

rs2331964 chr3 121542898 

chr3:121783015 chr3 121783015 

rs6789653 chr3 141150990 

rs1014486 chr3 159691112 

rs10936602 chr3 169536637 

rs2590438 chr3 187565968 

rs13066789 chr3 187987624 

rs13136820 chr4 40307564 

rs6837324 chr4 48127262 

rs6533052 chr4 103911781 

rs2726479 chr4 106255589 

rs9992763 chr4 109058718 

rs17051321 chr4 122119449 

rs72989863 chr4 164493807 

rs34681760 chr5 6712834 

rs10063294 chr5 35877505 

rs11749040 chr5 40396425 

rs7731626 chr5 55444683 

rs32658 chr5 118703662 

rs2084007 chr5 133891282 

rs249677 chr5 141539339 

rs2546890 chr5 158759900 

rs67111717 chr5 176790162 

rs719316 chr6 16672760 

rs1076928 chr6 36348689 

rs72928038 chr6 90976768 

chr6:119215402 chr6 119215402 
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rs802730 chr6 128280104 

chr6:130348257 chr6 130348257 

rs2327586 chr6 135495226 

rs62420820 chr6 137438057 

rs631204 chr6 137959455 

rs17780048 chr6 138179146 

rs6911131 chr6 143865221 

rs1738074 chr6 159465977 

rs10951042 chr7 3139417 

rs10245867 chr7 28142186 

rs60600003 chr7 37382465 

rs73414214 chr7 105706462 

rs4728142 chr7 128573967 

rs10271373 chr7 138729795 

rs354033 chr7 149289464 

rs28703878 chr8 79417222 

chr8:95851818 chr8 95851818 

rs735542 chr8 128175696 

rs6990534 chr8 128814091 

chr8:129177769 chr8 129177769 

rs3923387 chr8 144986793 

rs7855251 chr9 100868189 

rs12722559 chr10 6070273 

rs11256593 chr10 6117322 

rs1399180 chr10 8098719 

rs61863928 chr10 64449549 

rs17741873 chr10 75653800 

rs1250551 chr10 81059335 

rs1112718 chr10 94479107 

rs1365120 chr11 36438075 

rs2269434 chr11 47360412 

rs11231749 chr11 64095178 

rs531612 chr11 65705432 
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rs4409785 chr11 95311422 

rs12365699 chr11 118743286 

rs6589706 chr11 118747813 

chr11:118783424 chr11 118783424 

rs6589939 chr11 122518525 

rs4262739 chr11 128421175 

rs1800693 chr12 6440009 

rs2364485 chr12 6514963 

rs701006 chr12 58106836 

rs61708525 chr12 94661453 

rs3184504 chr12 111884608 

rs7975763 chr12 123604053 

rs9591325 chr13 50811220 

chr13:100026952 chr13 100026952 

rs11852059 chr14 52306091 

rs34695601 chr14 76014298 

chr14:88523488 chr14 88523488 

rs12147246 chr14 103265844 

rs62013236 chr15 79247482 

rs6496663 chr15 90887584 

rs405343 chr16 1067832 

rs2286974 chr16 11114512 

chr16:11213951 chr16 11213951 

chr16:11353879 chr16 11353879 

rs34947566 chr16 11412926 

rs3809627 chr16 30103160 

rs8062446 chr16 57077094 

rs12925972 chr16 79111297 

rs17724508 chr16 79350204 

rs4796224 chr17 34842521 

rs9909593 chr17 37970149 

rs883871 chr17 38252660 

rs1026916 chr17 40529835 
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rs11079784 chr17 45702280 

rs2150879 chr17 57859210 

rs4940730 chr18 56269737 

rs2469434 chr18 67544046 

rs1077667 chr19 6668972 

rs28834106 chr19 10592144 

rs12609500 chr19 11173928 

rs58166386 chr19 16559421 

rs7260482 chr19 45143942 

rs1465697 chr19 49837246 

rs6072343 chr20 39968188 

rs4812772 chr20 42579051 

rs6032662 chr20 44734310 

rs2585447 chr20 52744437 

rs6742 chr20 62374441 

rs9808753 chr21 34787312 

rs2836438 chr21 39864727 

rs9610458 chr22 22205353 

rs760517 chr22 37258986 

rs5756405 chr22 37310954 

rs137955 chr22 40291807 

rs140522 chr22 50971266 
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Appendix 4.1 Annotation results of rare or family private variants 

with full penetrance identified in Family 1. 

Provided as an external link due to the size of the table. Appendix 4.1

https://docs.google.com/spreadsheets/d/1ae87gXUB44sw9bDLKwEFBhHmJfC8AUjX/edit?usp=sharing&ouid=100123963363103953168&rtpof=true&sd=true
https://docs.google.com/spreadsheets/d/1ae87gXUB44sw9bDLKwEFBhHmJfC8AUjX/edit?usp=sharing&ouid=100123963363103953168&rtpof=true&sd=true
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Appendix 4.2 Annotation results of rare or family private variants 

with full penetrance identified in Family 2. 

Provided as an external link due to the size of the table. Appendix 4.2 

https://docs.google.com/spreadsheets/d/1XAElhNWHCCM8Wi1VqQ9StpYlBCvBRvx-/edit?usp=sharing&ouid=100123963363103953168&rtpof=true&sd=true
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Appendix 4.3 Annotation results of rare or family private variants 

with full penetrance identified in Family 3. 

Provided as an external link due to the size of the table. Appendix 4.3 

https://docs.google.com/spreadsheets/d/1J41D6n8x5Dj1f3GKvfsxthqnAkIPmOQx/edit?usp=sharing&ouid=100123963363103953168&rtpof=true&sd=true
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Appendix 4.4 Annotation results of rare or family private variants 

with reduced penetrance identified in Family 1. 

Provided as an external link due to the size of the table. Appendix 4.4 

https://docs.google.com/spreadsheets/d/1ml1l4hjky_8tLAaGZcz0NZXR-7FNNGwm/edit?usp=sharing&ouid=100123963363103953168&rtpof=true&sd=true
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Appendix 4.5 Annotation results of rare or family private variants 

with reduced penetrance identified in Family 3. 

Provided as an external link due to the size of the table. Appendix 4.5

https://docs.google.com/spreadsheets/d/1VS3-fTbxcLdRq40TC2C36D4KElO0wTmt/edit?usp=sharing&ouid=100123963363103953168&rtpof=true&sd=true
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Appendix 4.6 Genes within the glutamatergic synapse pathway of 

GRIK4. 

Gene Chromosome Start (hg19) End (hg19) 

ADCY1 7 45613739 45762715 

ADCY2 5 7396321 7830194 

ADCY3 2 25042038 25142708 

ADCY4 14 24787555 24804299 

ADCY5 3 123001143 123168605 

ADCY6 12 49159975 49182820 

ADCY7 16 50280048 50352046 

ADCY8 8 131792547 132054672 

ADCY9 16 4003388 4166186 

CACNA1A 19 13317256 13734804 

CACNA1C 12 2079952 2802108 

CACNA1D 3 53528683 53847760 

DLG4 17 7093209 7123021 

DLGAP1 18 3496030 4455335 

GLS 2 191745553 191830278 

GLS2 12 56864736 56882198 

GLUL 1 182350839 182361341 

GNAI1 7 79763271 79848718 

GNAI2 3 50263724 50296787 

GNAI3 1 110091233 110136975 

GNAO1 16 56225302 56391356 

GNAQ 9 80331003 80646374 

GNAS 20 57414773 57486247 

GNB1 1 1716729 1822495 

GNB2 7 100271154 100276797 

GNB3 12 6949118 6956557 

GNB4 3 179116990 179169378 

GNB5 15 52413117 52483566 

GNG10 9 114423615 114432526 
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GNG11 7 93551011 93557922 

GNG12 1 68167149 68299150 

GNG13 16 848041 850733 

GNG2 14 52292913 52446060 

GNG3 11 62475130 62476673 

GNG4 1 235710987 235814054 

GNG5 1 84964008 84972248 

GNG7 19 2511217 2702707 

GNG8 19 47137333 47137942 

GNGT1 7 93220885 93540577 

GNGT2 17 47280153 47287936 

GRIA1 5 152869175 153193429 

GRIA2 4 158125334 158287227 

GRIA3 X 122318006 122624766 

GRIA4 11 105480721 105852819 

GRIK1 21 30909254 31312351 

GRIK2 6 101846664 102517958 

GRIK3 1 37261128 37499730 

GRIK4 11 120382468 120859613 

GRIK5 19 42502473 42573650 

GRIN1 9 140032842 140063207 

GRIN2A 16 9852376 10276611 

GRIN2B 12 13693165 14133053 

GRIN2C 17 72838162 72857627 

GRIN2D 19 48898132 48948188 

GRIN3A 9 104331635 104500862 

GRIN3B 19 1000418 1009731 

GRK2 11 67033881 67054027 

GRK3 22 25960816 26125261 

GRM1 6 146348782 146758734 

GRM2 3 51741086 51752629 

GRM3 7 86273230 86494200 

GRM4 6 33989628 34123399 
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GRM5 11 88237744 88799113 

GRM6 5 178405328 178423207 

GRM7 3 6811688 7783215 

GRM8 7 126078652 126893348 

HOMER1 5 78668459 78810040 

HOMER2 15 83509838 83654661 

HOMER3 19 19040010 19052070 

ITPR1 3 4535032 4889524 

ITPR2 12 26490342 26986131 

ITPR3 6 33588142 33664351 

JMJD7-PLA2G4B 15 42120293 42140353 

KCNJ3 2 155554811 155714863 

MAPK1 22 22108789 22221970 

MAPK3 16 30125426 30134827 

PLA2G4A 1 186798085 186958113 

PLA2G4B 15 42120283 42140345 

PLA2G4C 19 48551100 48614074 

PLA2G4D 15 42359207 42386752 

PLA2G4E 15 42273780 42343388 

PLA2G4F 15 42433332 42448839 

PLCB1 20 8112824 8949003 

PLCB2 15 40570377 40600136 

PLCB3 11 64018995 64036622 

PLCB4 20 9049410 9461889 

PLD1 3 171318195 171528740 

PLD2 17 4710391 4726729 

PPP3CA 4 101944566 102269435 

PPP3CB 10 75196186 75255782 

PPP3CC 8 22298332 22398652 

PPP3R1 2 68405989 68483369 

PPP3R2 9 104353897 104357283 

PRKACA 19 14202500 14228896 

PRKACB 1 84543745 84704181 
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PRKACG 9 71627469 71629039 

PRKCA 17 64298754 64806861 

PRKCB 16 23847322 24231932 

PRKCG 19 54382444 54410906 

SHANK1 19 51165084 51222707 

SHANK2 11 70313961 70963623 

SHANK3 22 51112843 51171726 

SLC17A6 11 22359643 22401049 

SLC17A7 19 49932658 49945617 

SLC17A8 12 100750857 100815837 

SLC1A1 9 4490444 4587469 

SLC1A2 11 35272753 35441610 

SLC1A3 5 36606457 36688436 

SLC1A6 19 15060846 15133802 

SLC1A7 1 53552855 53608289 

SLC38A1 12 46576846 46663800 

SLC38A2 12 46751972 46766650 

SLC38A3 3 50242679 50258411 

TRPC1 3 142442916 142526730 
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Appendix 4.7 Genes within the Rap 1 signalling pathway of RGS14. 

Gene Chromosome Start (hg19) End (hg19) 

ACTB 7 5566782 5603415 

ACTG1 17 79476997 79490873 

ADCY1 7 45613739 45762715 

ADCY2 5 7396321 7830194 

ADCY3 2 25042038 25142708 

ADCY4 14 24787555 24804299 

ADCY5 3 123001143 123168605 

ADCY6 12 49159975 49182820 

ADCY7 16 50280048 50352046 

ADCY8 8 131792547 132054672 

ADCY9 16 4003388 4166186 

ADORA2A 22 24813847 24838328 

ADORA2B 17 15848231 15879060 

AFDN 6 168227602 168372703 

AKT1 14 105235686 105262088 

AKT2 19 40736224 40791443 

AKT3 1 243651535 244014381 

ANGPT1 8 108261721 108510283 

ANGPT2 8 6357172 6420930 

ANGPT4 20 853296 896977 

APBB1IP 10 26727132 26856732 

ARAP3 5 141032968 141061788 

BCAR1 16 75262928 75301951 

BRAF 7 140419127 140624564 

CALM1 14 90862846 90874605 

CALM2 2 47387221 47403740 

CALM3 19 47104331 47114050 

CALML3 10 5566924 5568225 

CALML4 15 68483043 68498417 

CALML5 10 5540658 5541533 

CALML6 1 1846266 1848735 
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CDC42 1 22379120 22419437 

CDH1 16 68771128 68869451 

CNR1 6 88849583 88876078 

CRK 17 1323983 1366456 

CRKL 22 21271714 21308037 

CSF1 1 110452864 110473614 

CSF1R 5 149432854 149492935 

CTNNB1 3 41236328 41301587 

CTNND1 11 57520715 57587018 

DOCK4 7 111366166 111846466 

DRD2 11 113280318 113346413 

EFNA1 1 155099936 155107333 

EFNA2 19 1286153 1301430 

EFNA3 1 155036224 155060014 

EFNA4 1 155036207 155042029 

EFNA5 5 106712590 107006596 

EGF 4 110834040 110933422 

EGFR 7 55086714 55324313 

ENAH 1 225674537 225840844 

EPHA2 1 16450832 16482582 

EVL 14 100437786 100610573 

F2R 5 76011868 76031606 

F2RL3 19 16999671 17003417 

FARP2 2 242295658 242434256 

FGF1 5 141971743 142077617 

FGF10 5 44303646 44389808 

FGF16 X 76709648 76712769 

FGF17 8 21899909 21906320 

FGF18 5 170846660 170884627 

FGF19 11 69513000 69519410 

FGF2 4 123747863 123819391 

FGF20 8 16849678 16859690 

FGF21 19 49258816 49261587 
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FGF22 19 639879 643703 

FGF23 12 4477393 4488894 

FGF3 11 69624992 69633792 

FGF4 11 69587797 69590171 

FGF5 4 81187753 81257834 

FGF6 12 4537321 4554780 

FGF7 15 49715293 49780972 

FGF8 10 103529899 103535854 

FGF9 13 22245522 22278637 

FGFR1 8 38268656 38326352 

FGFR2 10 123237848 123357972 

FGFR3 4 1795034 1810599 

FGFR4 5 176513887 176525145 

FLT1 13 28874489 29069265 

FLT4 5 180028506 180076624 

FPR1 19 52248425 52307363 

FYB1 5 39105338 39274630 

GNAI1 7 79763271 79848718 

GNAI2 3 50263724 50296787 

GNAI3 1 110091233 110136975 

GNAO1 16 56225302 56391356 

GNAQ 9 80331003 80646374 

GNAS 20 57414773 57486247 

GRIN1 9 140032842 140063207 

GRIN2A 16 9852376 10276611 

GRIN2B 12 13693165 14133053 

HGF 7 81328322 81399754 

HRAS 11 532242 537287 

ID1 20 30193086 30194318 

IGF1 12 102789645 102874423 

IGF1R 15 99192200 99507759 

INS 11 2181009 2182571 

INSR 19 7112266 7294045 
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ITGA2B 17 42449548 42466873 

ITGAL 16 30483979 30534506 

ITGAM 16 31271311 31344213 

ITGB1 10 33189247 33294720 

ITGB2 21 46305868 46351904 

ITGB3 17 45331212 45421658 

KDR 4 55944644 55991756 

KIT 4 55524085 55606881 

KITLG 12 88886570 88974628 

KRAS 12 25357723 25403870 

KRIT1 7 91828283 91875480 

LAT 16 28996147 29002104 

LCP2 5 169673241 169725231 

LPAR1 9 113635543 113800981 

LPAR2 19 19734477 19739739 

LPAR3 1 85277285 85358896 

LPAR4 X 78003206 78012591 

LPAR5 12 6728001 6745613 

MAGI1 3 65339200 66024509 

MAGI2 7 77646393 79082890 

MAGI3 1 113933371 114228545 

MAP2K1 15 66679155 66784650 

MAP2K2 19 4090319 4124126 

MAP2K3 17 21187984 21218552 

MAP2K6 17 67410839 67539472 

MAPK1 22 22108789 22221970 

MAPK11 22 50702142 50709196 

MAPK12 22 50683879 50700254 

MAPK13 6 36095586 36107842 

MAPK14 6 35995488 36079013 

MAPK3 16 30125426 30134827 

MET 7 116312444 116438440 

MRAS 3 138066539 138124375 
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NGF 1 115828539 115880857 

NGFR 17 47572655 47592379 

NRAS 1 115247090 115259515 

P2RY1 3 152552736 152555841 

PARD3 10 34398488 35104253 

PARD6A 16 67694849 67696681 

PARD6B 20 49348081 49373332 

PARD6G 18 77915115 78005429 

PDGFA 7 536895 559933 

PDGFB 22 39619364 39640756 

PDGFC 4 157681606 157892546 

PDGFD 11 103777914 104035107 

PDGFRA 4 55095264 55164414 

PDGFRB 5 149493400 149535435 

PFN1 17 4848947 4852356 

PFN2 3 149682691 149768575 

PFN3 5 176827108 176827637 

PFN4 2 24338241 24346347 

PGF 14 75408537 75422487 

PIK3CA 3 178865902 178957881 

PIK3CB 3 138372860 138553780 

PIK3CD 1 9711790 9789172 

PIK3R1 5 67511548 67597649 

PIK3R2 19 18263928 18281350 

PIK3R3 1 46505812 46642160 

PLCB1 20 8112824 8949003 

PLCB2 15 40570377 40600136 

PLCB3 11 64018995 64036622 

PLCB4 20 9049410 9461889 

PLCE1 10 95753746 96092580 

PLCG1 20 39765600 39811629 

PRKCA 17 64298754 64806861 

PRKCB 16 23847322 24231932 
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PRKCG 19 54382444 54410906 

PRKCI 3 169940153 170023769 

PRKCZ 1 1981909 2116834 

PRKD1 14 30045687 30661104 

PRKD2 19 47177532 47220384 

PRKD3 2 37477645 37551951 

RAC1 7 6414154 6443608 

RAC2 22 37621301 37640488 

RAC3 17 79989500 79992080 

RAF1 3 12625100 12705725 

RALA 7 39663082 39747723 

RALB 2 120997640 121052289 

RALGDS 9 135973107 136039301 

RAP1A 1 112084840 112259313 

RAP1B 12 69004619 69054372 

RAP1GAP 1 21922708 21995801 

RAPGEF1 9 134452157 134615461 

RAPGEF2 4 160025330 160281321 

RAPGEF3 12 48128455 48164823 

RAPGEF4 2 173600002 173917621 

RAPGEF5 7 22157856 22396763 

RAPGEF6 5 130759614 130970929 

RASGRP2 11 64494383 64512928 

RASGRP3 2 33661391 33789817 

RASSF5 1 206680879 206762616 

RGS14 5 176784838 176799602 

RHOA 3 49396578 49450431 

RRAS 19 50138549 50143458 

SIPA1 11 65405568 65418401 

SIPA1L1 14 71787166 72207946 

SIPA1L2 1 232533711 232697304 

SIPA1L3 19 38397868 38699012 

SKAP1 17 46210802 46507637 



 170 

SRC 20 35973088 36034453 

TEK 9 27109139 27230173 

THBS1 15 39873280 39891667 

TIAM1 21 32490734 32932290 

TLN1 9 35696945 35732392 

TLN2 15 62682725 63136830 

VASP 19 46009837 46030241 

VAV1 19 6772725 6857377 

VAV2 9 136627016 136857726 

VAV3 1 108113782 108507766 

VEGFA 6 43737921 43754224 

VEGFB 11 64002010 64006259 

VEGFC 4 177604689 177713881 

VEGFD X 15363713 15402498 
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