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The genetics of multiple sclerosis: An up-to-date review

Pierre-Antoine Gourraudl, Hanne F. Harbol:2, Stephen L. Hauserl, and Sergio E. Baranzinil

1Department of Neurology, University of California San Francisco. 513 Parnassus Ave. Room
S-256. San Francisco, CA. 94143-0435’

2Department of Neurology, Oslo University Hospital and University of Oslo, Oslo, Norway

Abstract

Multiple sclerosis (MS) is a prevalent inflammatory disease of the central nervous system that
often leads to disability in young adults. Treatment options are limited and often only partly
effective. The disease is likely caused by a complex interaction between multiple genes and
environmental factors, leading to inflammatory-mediated central nervous system deterioration. A
series of genomic studies have confirmed a central role for the immune system in the development
of MS, including genetic association studies which have now dramatically expanded the roster of
MS susceptibility genes beyond the longstanding HLA association in MS first identified nearly 40
years ago. Advances in technology together with novel models for collaborative across research
groups have enabled the discovery of more than 50 non-HLA genetic risk factors associated with
MS. However, with a large proportion of the disease heritability still unaccounted for, current
studies are now geared towards identification of causal alleles, associated pathways, epigenetic
mechanisms, and gene-environment interactions. This article will review recent efforts in
addressing the genetics of MS and the challenges posed by an ever increasing amount of
analyzable data which is spearheading development of novel statistical methods necessary to cope
with such complexity.

A brief history of MS genetics

Multiple sclerosis (MS) is a chronic inflammatory disease of the central nervous system
(CNS) that leads to demyelination and axonal degeneration and accompanying neurological
impairment and disability. MS is a prevalent neurological disease in the northern
hemisphere, where prevalence rates of 0.5-1.5 per 1,000 inhabitants are reported (1). The
genetic contribution to the susceptibility of developing multiple sclerosis (MS) is undeniable
(2-6). While the largest effect is located in the HLA class 1l region (discussed in more detail
below), additional independent risk loci within the HLA class | region have been also
recently confirmed (7, 8). The mechanisms for how these HLA-alleles affect MS
susceptibility is, however, not clear. Furthermore, the implicated HLA-associated alleles are
neither necessary nor sufficient to cause or predict the development of MS, thus other factors
must also contribute to the disease.
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The search for non-HLA genetic factors in MS started in the early 1970s by several groups
who performed small sized candidate gene studies, typically analyzing a few hundred cases
and controls. While several positive and negative associations were reported, no associations
were convincingly replicated for many years. In the early 1980s, the success of linkage
studies using microsatellite markers in the identification of genes for monogenetic disorders
in the early 1980s (9), fueled its application to complex disorders like MS (10-13).
Unfortunately, those studies, employing multiple-affected member (multiplex) MS families,
only confirmed linkage to the HLA region at chromosome 6p.21, and it soon became clear
that linkage analysis had insufficient statistical power to identify risk loci in complex genetic
disorders, where several genes with modest effects may contribute to the disease. This fact
was emphasized in 2005 when a most ambitious genome-wide microsatellite screen,
employing the largest multinational collection of MS families collected until then (n=730),
also failed to identify linkage outside of the HLA region (14).

Subsequent advances in technology, including the development of novel chemistries,
miniaturization, and automation made possible the effective screening of thousands of single
nucleotide polymorphisms (SNPs) in thousands of samples at an affordable price. These
technologies ushered in a new era of more fruitful genome wide association studies
(GWAYS), as these were theoretically capable of detecting susceptibility genes of modest
effects in multifactorial, complex genetic disorders such as MS. In contrast to previous
candidate gene studies, the GWAS strategy is hypothesis-free, and aims to screen the whole
genome by tagging linkage disequilibrium (LD) blocks. In contrast to linkage studies,
GWAS utilizes readily available case-control datasets rather than multiplex family-based
sets, permitting collection of much larger datasets. Compared with linkage, GWAS has less
power but better resolution; the former can be overcome by testing datasets of sufficient size
and controlling for any population stratification (differences in genetic structure between
disease and control groups). With all of these approaches, there is an additional challenge
that any associated marker may not itself be the causal variant but is in linkage
disequilibrium (a non-random statistical association of the variants due to physical linkage
on the chromosomes) with the causal variant. Therefore, subsequent fine-mapping studies of
the associated genetic region and studies of the functional relevance of the genetic variant
are typically needed to validate initial findings of association.

The GWAS strategy relies on the common disease-common variant hypothesis (CD-CV), by
searching for statistical differences between cases and controls for relatively “common”
variants, i.e. alleles that are relatively frequent in the population (> 5-10% frequency in
control chromosomes) (15, 16). Under this scenario, because many statistical tests are
performed in parallel, the actual level of significance needs to be corrected, and typically
only p-values beyond 107 — 1078 are considered statistically significant. In this context,
only when using a large enough sample collection (i.e. thousands of cases and controls), is
the power to detect significant allele frequency differences between cases and controls
adequate (17). Indeed, in 2007 the first MS GWAS identified the first non-HLA regions with
genome-wide significance (p< 1078) using a two-step approach (18). After screening of 931
family trios samples using 334,923 SNPs and replication in 609 family trios, 2322 case
subjects and 789 control subjects, the genes encoding the IL7Ra and IL2Ra were found to
be significantly associated with relatively modest odds ratios (OR) (< 1.35). Simultaneously,
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the IL7Ra gene was confirmed to be associated in other MS cohorts (19, 20). In the years
that followed, a new series of GWAS and meta-analyses were performed in different MS
cohorts, steadily adding more regions to the list of confirmed MS associated loci, adding up
to 26 by the summer of 2011 (21-29). However, it soon became clear that most of the early
MS GWAS studies, as well as series of GWAS studies in other multifactorial diseases, were
hampered by inadequate samples sizes, in the same way than most early candidate gene and
linkage studies were similarly underpowered. Some power estimates showed that to reach
the genome wide significance level for risk loci with OR as modest as 1.2 or less (as
expected from earlier studies) the sample size should ideally include approximately 10,000
cases and controls (17). Those estimates may also suggest that GWAS are also intrinsically
biased to reveal common variants rather than rarer variants that could have larger effect
sizes.

The largest GWAS in MS required International collaboration

To achieve this number of MS samples as well as the funding for such an experiment, the
International MS Genetic Consortium (IMSGC) set out to perform a GWAS study in close to
10,000 MS cases and 20,000 controls in collaboration with the Welcome Trust Case Control
Consortium 2 (WTCCC2) (6). From an analytical standpoint, the computational resources
and expertise needed to analyze a dataset of this size (more than 20 billion data points) are
far from trivial. In addition to sample quality control, the analytical pipeline needed to
consider potential sources of bias related to differential genotyping success rates, Hardy-
Weinberg equilibrium, and population stratification before the final analysis was conducted.
Twenty-two centers spanning Europe, North America and Oceania participated in this study
thus creating the challenge to effectively control for genetic heterogeneity in the populations
under study. Although all individuals were of European ancestry, the inclusion of
Scandinavian, British, German, French, Spanish, and Italian samples among others resulted
in a non-negligible degree of genetic heterogeneity that needed to be accounted for. The
main parameter that reflects underlying population structure (in addition to the polygenic
architecture of MS) is the genomic inflation factor (A), a statistical index reflecting the
inflation of the test statistic attributable to population stratification (A is estimated using
markers that are not linked with the trait in question, and can be used to correct for the
population stratification effect). While little evidence for inflation was observed when
analysis was restricted to the UK samples alone (as expected), substantial inflation was
apparent when the rest of the data were included in the analysis, thus prompting additional
efforts towards minimizing A.. This was achieved by computing a linear mixed model in
which the covariance of the pair-wise correlation matrix over all individuals and genotypes
was included as a term in the equation. Computing pair-wise correlations of hundreds of
thousands of SNPs in tens of thousands of individuals is challenging, even for modern and
powerful computer clusters. To cope with this hurdle, the entire dataset was split in two and
merged at the end. This approach successfully reduced the inflation factor to close to 1, thus
virtually eliminating any spurious effects due to population structure.

In all, this latest screen identified 52 MS risk loci with genome wide significance (Table 1),
of which 29 were novel (6). All loci except HLA showed modest OR in the range 1.1-1.3, as
could be expected from previous studies (21-29). Approximately, half of the associated
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variants are common in Europeans (Figure 1). Remarkably, the vast majority of these
confirmed MS associated loci are located close or inside genes encoding immune related
molecules, strongly supporting the hypothesis that MS is primarily an immune mediated
disease (Figure 2). These recent studies also underscored that more than one SNP may be
needed to account for the risk of the same region. As an example 2 SNPs (rs3118470
rs7090512) are located 9 Kb from one another in the IL2RA gene and independently
contribute to MS risk. Furthermore, allelic heterogeneity has been described at this locus, in
which the same allele that predisposes to MS protects to type 1 diabetes (30). Of interest,
one third of the identified loci were reportedly associated with at least one other autoimmune
disease, strengthening the notion that common disease mechanism(s) may underlie most, if
not all autoimmune diseases. (31, 32). Available data suggests that a core of genes is shared
among multiple autoimmune diseases, and some are disease specific. Of note, these studies
take into account the possibility of gene sharing by chance, and present convincing statistical
evidence to support the fact that the number of shared susceptibility genes is significantly
higher than what it would be expected by chance.

Of note, CYP27BL1, a gene associated with vitamin D metabolism was among the new
associations identified by this paper. Previous work had suggested that vitamin D regulates
>80% of MS-associated genes (33) -including the HLA-DRB1*15:01 allele (34). A recent
article described the whole exome sequencing (i.e. sequencing of all protein-coding regions
of the genome) on 43 probands from MS families with multiple affected individuals, and
reported that a non-synonymous variant in CYP27B1 segregating in one family in a
dominant fashion with incomplete penetrance (35). The variant causes an arginine to
histidine change at position 389 of the protein (R389H) and leads to complete loss of
enzyme activity of CYP27B1, which converts 25-hydroxyvitamin D to 1,25-
dihydroxyvitamin D, the biologically active form of vitamin D (calcitriol).

Although next generation sequencing has been applied before to the study of MS genomes
(36), the work described above is the first report that identifies mutations likely involved in
MS pathogenesis. The analytical pipeline required to analyze these datasets is not a minor
aspect. On average, each exome is composed of 3.7 x 10% nucleotides of sequence, thus
covering the coding genome with about 70-fold redundancy. Once fluorescence intensities
are obtained for each short read (approx. 52.8 million), they are translated into sequence (i.e.
base-calling) by the manufacturer’s software. The next step was to align each of the 53
million reads to the human reference genome and determine the differences. On average,
58,400 SNPs and 5,060 insertion/deletion polymorphisms (indels) were called per
individual, of which 58% and 14% were already annotated in public databases, respectively.

Subsequent genotyping of this variant in more than 3000 parent-affected child trios, resulted
in its identification in 19 parents, all of whom transmitted the variant to their affected
offspring. These findings strongly suggest that that lower levels of calcitriol (as a result of
CYP27B1 mutations) lead to a disruption to critical gene—environment interactions
important for the developing immune or nervous system, predisposing to MS.

Immunol Rev. Author manuscript; available in PMC 2018 May 24.
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HLA associations in MS

The discovery of HLA association in MS

The first reports of general associations between genetic markers and autoimmune diseases
were published in the 1960s, and identified the human leucocyte antigens (HLA) locus as a
critical region. Susceptibility to multiple diseases like diabetes type I, rheumatoid arthritis
and ankylosing spondylitis were mapped to this region (37—-39). The HLA genes are located
in the 3.5 Mb major histocompatibility complex (MHC) region on the short arm of
chromosome 6 (6p21), consisting of HLA class I, Il and 111 genes. HLA genes encode highly
polymorphic cell surface glycoproteins, several of which play a crucial role in the self - and
non-self antigen recognition by the immune system. While different autoimmune diseases
show association to a diverse array of HLA loci and alleles (39), some degree of overlap was
detected even in these early studies, and later confirmed by larger and more accurate

mapping.

The earliest associations between MS and HLA were described for the class I alleles A3 (3)
and B7 (2) in the 1970s using serological based measurements. The association with HLA-
A3 was reported to be secondary to HLA-B7, which in turn was shown to be secondary to a
suggested primary association with class Il antigens HLA-DR2 and -DQw6 (40-42). It was
originally suggested that this indirect association of HLA class | genes was due to linkage
disequilibrium (LD) within the HLA region, a puzzle that would take several more decades
to clarify. With the development of genomic genotyping, better resolution and a detailed,
accurate nomenclature of the alleles in the very gene-rich and extraordinarily polymorphic
MCH region was finally established (http://hla.alleles.org/). Thus, the association of the
HLA class Il haplotype DRB1*15:01, DQA1*01:02, DQB1*06:02 in MS (genotypes
corresponding to the serologic alleles HLA-DR2, DQ6) was then firmly established [24].
The HLA DRB1*15:01 haplotype is carried by 28-33% of Northern Caucasian MS patients
compared to 9-15% of healthy controls, corresponding to an average OR of 3.08 (6),
making this the single strongest susceptibility locus in MS genomewide (Table 2).

HLA class Il allele associations and HLA-DR heterogeneity

Due to the strong LD between alleles on the HLA DRB1*15:01-haplotype it has been
difficult to identify which of the class Il alleles cause the primarily association in MS. Some
studies have supported a primary association to DQB1*06:02 (43-46), but it wasn’t until
studies were performed in African Americans populations that strong evidence supporting
the selective association with HLA-DRB1*15 (encompassing HLA-DRB1*15:01 and HLA-
DRB1*15:03 in this population) was presented, indicating a primary role for the DRB1
locus in MS independent of DQB1*06:02 (47, 48). The major risk MS loci in African
Americans was found to be HLA-DRB1*15:03, highly related to the *15:01 allele of whites.
Interestingly, the HLA-DRB5 gene, located at the telomeric boundary of the HLA class Il
region, and only expressed by HLA-DRB1*15 haplotypes is reported to attenuate MS
severity (49) (Table 2). Interestingly, HLA-DRB1*15:01 has a low frequency even among
healthy individuals in the indigenous Sami (natives of the northern part of the Scandinavian
countries) which coincides with a low MS prevalence, suggesting a general reduced genetic
risk for MS in this population (50, 51).

Immunol Rev. Author manuscript; available in PMC 2018 May 24.
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A high degree of allelic heterogeneity of the HLA-DRB1 locus in Caucasians has more
recently been described, showing that variation in this region influences MS susceptibility in
a complex manner (5) (Table 2) and highlighting the need for in-depth follow-up studies that
help refine these categories. A dominant HLA-DRB1*15 dose effect has been identified as
well as a modest recessive dose effect for the HLA-DRB1*03 allele (i.e. two copies of either
of these susceptibility haplotypes further increases disease risk) [34]. Also a high risk
genotype composed of HLA-DRB1*15/HLA-DRB1*08 alleles has been identified (OR 7.7),
thus suggesting a trans-HLA-DRBL1 allelic interaction in MS (5). In the large combined
multinational cohort of the recent MS IMSGC GWAS study, the HLA-DRB1*13:03 allele
was also identified as being associated with MS (OR 2.43). Furthermore, HLA-DRB1*01:08
(OR =1.18) and HLA-DRB1*03:01 (which is strongly linked to HLA-DQB1*02:01; OR =
1.26) showed significant associations. Finally, evidence of an additive effect for each
additional allele was recently described (6). In the Sardinia region of Italy, where MS
prevalence is high, HLA-DRB1*04, *03:01 and HLA-DRB1*13:01 (in addition to HLA-
DRB1*15:01) have shown positive associations to MS (52-57).

Extended MHC region associations in MS and epistasis

In recent years there has been a growing body of evidence suggesting that other HLA loci
outside the HLA class |1 region can modulate MS susceptibility (7, 8, 56, 58—61). It is now
well established that HLA- A*02 has an independent protective effect (OR 0.73) [25], and
that both HLA-Cw*5 (60) and HLA-B*44 (62) as well as their combination are protective
(63). Whether these effects are independent remain unknown due to the high frequency of
the HLA-A*02:01 alleles and that of the common HLA-A*02:01~ HLA-B*44:02 ~ HLA-
C*05:01 ~ HLA-DRB1*04:01 haplotype. Interestingly, the corresponding HLA-Bw*04 is a
ligand for the inhibitory KIR3DL1 receptor, found to protect against MS in an HLA-DRB1-
“independent” manner (64).

Recently, MHC-wide single-nucleotide polymorphism (SNP) studies have made it possible
to further explore associations in the extended MCH region. In a study of white Americans
In which 958 SNPs spanning the MHC region were typed, a polymorphism located in the
non-classical HLA-G gene was shown to be independently associated with MS (65). A
Japanese population genotyped for 3534 SNPs in the MHC region showed independent
associations to both an HLA class 111 marker in the NOTCH4 gene and to an HLA class Il
SNP. Interestingly, both HLA class Il and an HLA class | SNPs in the NRM gene were
associated with MS susceptibility in aquaporin-4 negative (AQP4-) subjects. Haplotype
analysis in AQP4- MS further revealed a large association which included the HLA-
DRB1*04 haplotype, but excluded HLA-DRB1*15:01[47]. More recently, SNP typing of
the MHC region has also been used for imputation of alleles as defined by classical genomic
HLA typing. While useful when detailed typing is not available, HLA imputation is an
indirect method, which cannot replace classical HLA typing of HLA alleles and haplotypes
to completely assess their functional relevance in MS.

Haplotype analyses indicate that there might be epistatic effects between associated co-
dominantly expressed HLA alleles in MS (66). This is also supported by animal studies. By
using a functional assay in humanized mice that characterized two MS-associated HLA-DR
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alleles at separate loci, LD between the two alleles could be explained by a functional
epistatic interaction (67). One allele modified the T-cell response activated by the second
allele through activation-induced cell death (AICD), an indication that epistatic interaction
might be a mechanism for modifying immune responses. Interplay between both
predisposing and protective alleles and their encoded molecules will have impact on the
immune response and thereby on the phenotypic expression in the MS patients.

HLA association and MS subtypes

A series of studies have explored phenotype-genotype correlation for associated HLA alleles
in MS with somewhat conflicting results, probably due to a modest statistical power in many
of the reported studies. The best-powered study is the multinational MS GWAS, which used
linear mixed models with HLA-tagging SNPs (see supplement to (6)) in up to 8,715 MS
patients. A significant (indirect) correlation was found between age at onset of MS and the
HLA-DRB1*15:01 allele (through a SNP in high LD with this allele). Each copy of the
minor allele decreased the age at onset by 10.6 months. No other locus showed genome wide
significance with age at onset. No robust evidence was found for genetic association with
gender, clinical course (including MS subtype), disease severity or month of birth neither for
HLA- nor non-HLA markers.

The association of HLA-DRB1*1501 with age at onset has also previously been reported in
other, smaller studies, some of which also indicated that this effect was most pronounced in
females (68-71). Some studies reported increased disability progression in HLA-
DRB1*1501-positive MS subjects [54], but others pointed to HLA-DRB1*01 and HLA-
DRB1*04 alleles (72). Both carriage of HLA-DRB1*15 and the presence of oligoclonal
bands (OCB) in the cerebrospinal fluid (CSF) have been reported to hasten disease
progression (73). In African American MS patents, subjects with HLA-DRB1*15 alleles
were twice as likely to develop typical MS (as opposed to optico-spinal MS), and HLA-
DRB1*15 alleles were associated with a 2.1-year earlier age at onset (74). Several studies
have also examined whether specific HLA alleles are correlated with outcome as measured
by brain MRI examination. HLA-DRB1*1501 has been shown to increase disease severity
in MS by facilitating the development of more T2-foci, leading to a decline in brain volume
and an impact on cognitive performance (75). HLA B*44 may moderate disease course,
preserving brain volume and reducing the burden of T2 hyperintense lesions in subjects with
MS (62).

In conclusion, available evidence suggests that that clinical phenotype in MS correlates only
modestly with the strongest genetic risk factor, i.e. HLA alleles, illustrating the challenge of
translating genetics of susceptibility into clinically meaningful associations. This is in
contrast to some other autoimmune diseases, for instance myasthenia gravis, in which the
HLA-associated loci and alleles clearly differ in patients with early vs. late disease onset
(76). However, a well-designed genetic study of fully characterized MS sub-phenotypes in
MS has not to date been undertaken. Identification of genetic effects on disease expression,
including response to therapy, will require the standardized, prospective collection of
clinical, imaging, and immunologic data from adequately sized cohorts.

Immunol Rev. Author manuscript; available in PMC 2018 May 24.
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Assessing the genetic burden of MS

By the end of 2011, the number of genomic regions associated with MS susceptibility was
more than 50. With additional GWAS currently being performed, and meta-analysis
compiling an ever growing number of studies, the count of MS associated variants will most
likely surpass 100 in 2013. Furthermore, work on the well-established MHC genomic region
suggest that assessment of additional associations will require more elaborate models.

The discovery of additional susceptibility genes highlights the need for summary metrics of
the disease-specific genetic assessment of patients. While previous genetic discoveries were
necessarily derived from population based studies, it is now possible to focus on single
patients by computing summaries of their individual genetic risk factors.

In 2010, our group published a study that combined genotype information of the 16 non-
HLA replicated MS susceptibility variants known at the time into one genetic score. The
score (the Multiple Sclerosis Genetic Burden, MSGB) summarized how a large number of
genetic markers confers susceptibility to MS patients and their families (77). The MSGB is
based on an algorithm that incorporates each risk variant for a given individual and weighs
each SNP according to its reported effect size. Studying over 1,200 families, we could
confirm the hypothesis that MS patients from multi-case families carry a higher MS genetic
burden than patients from single-case families or controls. Likewise, parents of probands
from multi-case families exhibited a higher MSGB than those from sporadic families.

Interestingly, we were not able to detect any departure from the assumption of independent
contribution of gender, HLA and non-MHC SNPs to the MSGB. While most of similar
genetic risk score approaches seek to predict development of a complex disease in a
population, the MSGB is not predictive of disease status, even within families whose
members are likely exposed to similar environmental influences, thus underscoring the high
variability of genetic contribution and indicating that our current knowledge of the interplay
of genetic factors in MS is still incomplete. Although finding that a low number of markers
cannot deliver an accurate prediction of MS course even within families of MS patients was
not surprising, an updated MSGB computation that accounts for all newly identified genetic
associations with MS and rare genetic variants, and may include high-risk environmental
exposures (vitamin D, smoking, viral exposure) that will ultimately facilitate translational
application.

In addition, the score can be used as a summary of an individual’s genetic load (Figure 3).
For example, this score was used to provide evidence that the relapsing from onset and
primary progressive forms of MS share the same genetic architecture (77). We anticipate
that the MSGB scoring method will also facilitate the integration of genetics with other
metrics acquired in MS clinics and imaging centers. For example, patients with severe
disease were found to have a slightly higher genetic load; highly loaded patients have an
earlier age of onset (in line with the previously mentioned HLA association); highly loaded
patients have more oligoclonal bands; and in patients who experience an initial attack of
demyelination (a.k.a. a “clinically isolated syndrome (CIS)”, often a precursor to MS), those
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with a higher genetic load tend to convert to chronic MS more rapidly than do those with
lower scores (unpublished observations).

Functional studies and the importance of the environment

Association and linkage studies are useful strategies for the identification of genetic risk
loci, but they need to be interpreted appropriately. For example and as noted above, neither
the variant that gives the most significant association signal nor the one with largest effect
size in a GWAS, might be the one that actually causes the phenotype. Similarly, several
untyped and potentially unknown variants in close physical proximity could represent
independent signals, but could also represent the same information by virtue of being in LD.
Follow-up studies are typically necessary to provide a more detailed picture of the make-up
of genetic risk loci identified in GWAS.

A detailed study of the CIITA-CLEC16A-SOCS1 region was recently carried out to explore
the nature of loci with multiple association signals. Three genes in this region (DEXI,
CLEC16A, and SOCS1) showed correlated expression in three lymphaoblastoid cell lines, a
finding supported by chromatin immunoprecipitation (ChlIP) experiments which
demonstrated an active chromatin state spanning those genes. Several SNPs in this region
could be applied as quantitative trait loci (eQTLSs) associated with the expression of nearby
genes (78).

Another study interrogated the IL2RA locus, within which SNP rs2104286 has been
associated with MS (79). Interestingly, this SNP was not the variant that most accurately
predicted the risk of MS. Indeed, by targeted genotyping of 161 SNPs in over 500 families
and almost 250 sib pairs the strongest association of the phenotype was with a different pair
of SNPs (rs2256774 and rs3118470), both of which correlated with IL2RA expression (79).
This study highlights the need for fine mapping of GWAS signals.

A recent study investigated the effect of the established MS risk allele CD6 (rs17824933C)
on immune function (80). Using T cells from healthy controls, individuals carrying the risk
allele expressed less CD6 in its long form and higher levels of a spliced version of the
molecule, lacking exon 5. Functional assays in CD4* T cells showed that the alternatively
spliced CD6 is deficient in transmitting proliferative signals upon stimulation with CD6.
Given that activated T lymphocytes that infiltrate the CNS play a major role in MS
pathology, it seems counterintuitive that carriers of the CD6 risk allele would show reduced
activation of CD4* T cells. However, the authors suggest that the phenotype might result
from the reduced activation of regulatory CD4"* T cells, which suppress excessive T
lymphocyte activation (80).

The function of another established MS risk variant, TYK2 (rs34536443C), was recently
examined (81). This variant causes an amino acid substitution in the protein that, while not
affecting gene expression levels in T cells, it results in enhanced activation of the kinase
function upon stimulation with IFN-beta, IL-6 and IL-10. The lower kinase activity in
carriers of the alternative, protective C allele results in increased release of cytokines
involved in the polarization of T lymphocytes into Th2 cells. Hence, protection against MS
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might be conferred by disfavoring differentiation of activated T cells into Th1 cells, critical
drivers of the autoimmune process in MS (81).

Another environmental factor (in addition to Vitamin D reported above) shown to increase
the risk for MS is smoking (82—-84). Recently, Hedstrom et al. assessed interactions between
smoking and the genetic risk factors HLA-DRB1*15:01 and HLA-A in a Swedish case-
control study (85). Interestingly, a significant interaction of two loci, the presence of the
HLA-DRB1*15:01 risk allele and absence of the protective HLA-A*02 allele, increased the
risk of developing MS only in smokers by a ratio of 13.5. Non-smokers with the same
genotype showed an odds ratio of 4.9, but no interaction was detected between the two
genetic loci. This finding let the authors hypothesize that smoking-induced irritations or
infections in the lung might boost autoreactive immune responses, especially in genetically
predisposed individuals (85). However, a number of statistical shortcomings were later
identified that casted doubts about the validity of that study (86). For example, this study
obtained smoking data in 70% of cases but in only 40% of controls, an issue that may
represent an important bias. Furthermore, questions were raised about the validity of using a
linear model to test whether HLA-DRB1*15, HLA-A*X (i.e. not A*02) and smoking are
independent causes that determine MS susceptibility. Thus, even though many studies have
now shown that smoking affects MS susceptibility (87), there are still many practical and
statistical challenges for analyses of how genes and smoking or other environmental factors
potentially interact to confer MS risk.

In contrast to proteins and nucleic acids, production of complex carbohydrates is not
template driven. Rather, A~glycan biosynthesis depends on the nutrient environment of the
cell, metabolic supply of substrates, and enzymatic activities of the ER/Golgi enzymes. Cell
surface N-glycans serve as ligands for a number of carbohydrate-binding protein families,
including galectins, siglecs, and selectins, all of which play important roles in immunity. A
recent study explored the role of N-glycosylation and its dependence on genetic and
environmental factors in MS (88). Golgi N-glycosylation may play a role in MS since mice
lacking the Golgi glycosylating proteins Mgatl and/or Mgat5 develop spontaneous
inflammatory demyelination (89). MGAT1 and MGAT5 regulate the extent of N-glycan
branching on glycosylated proteins; in activated T cells, highly glycosylated CTLA-4 on the
cell surface inhibits cell proliferation. This study was the first to establish a connection
between two known MS risk variants (IL2RA and IL7RA), and the extent of N-glycan
branching in vitro by showing that in resting T cells, IL-2 and IL-7 reduce branching, while
the opposite was observed in T cell blasts upon activation of TCR signaling. Authors of this
study next assessed whether further genetic variants in other members of the N-
glycosylation pathway (MGAT1 and CTLA-4) confer additional susceptibility to MS in a
targeted association study. They found that one particular MGAT1 haplotype (rs7726005,
rs2070924, rs2070925) was associated with MS in two Caucasian MS case-control cohorts.
Furthermore, they also reported that cells from individuals with this haplotype showed a
20% reduction in N-glycan branching. Under specific conditions, an interaction of the
MGAT1 haplotype with the IL2RA and IL7RA risk alleles as well as with CTLA-4 was also
observed. The latter (but not the former) interaction was replicated in an African-American
cohort. Since only a selection of variants was tested in these association studies, more
significant p-values were obtained than would be in a GWAS, typically subjected to strict
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correction for multiple testing, underscoring the power of the presented biology-driven
approach. In addition, an interaction of the IL2RA and IL7RA risk variants and vitamin D
was observed, thus reinforcing the association between this sunlight-activated vitamin and
development of MS. VitD3 induced MAGT1 expression in T cell blasts and enhanced
branching in cells with two or more copies of the risk alleles (but not in cells with the
protective alleles).

Biomarkers in MS

Stimulated by the widespread availability of high-throughput technologies, advances in
statistical methods of analysis, and a growing consensus that individual genetic variation
likely influences therapeutic responses, the search for biomarkers in MS (as well as in other
diseases) is a very active field of research. Indeed, only 122 articles included the term
“biomarker” in the title in 2001, while more than 1200 fulfilled that criterion in 2011. This,
in part, highlights the enormous interest that biomarker research has stimulated, particularly
in light of the new paradigm of personalized medicine (90, 91).

Interest in biomarker development is focused on two main areas: disease progression and
therapeutic response to disease-modifying therapies (DMTSs). Identification of a predictive
biomarker of disease progression (particularly when measured early in the disease process)
would have an enormous impact on the decision-making of physicians treating patients with
MS. For example, DMTs may not be a priority for a patient with clinically isolated
syndrome (CIS) who is predicted to have a very slow progression over the next few years.
On the other hand, if a biomarker predicts with high accuracy that a patient is very likely to
convert to clinically definite MS within months, an early start of a first-line DMT regimen
might be the appropriate course of action. This hypothetical scenario is supported by recent
work in which CD4+ T cells from patients with CIS shortly after diagnosis were subjected to
transcriptional profiling and statistical analysis (92). The expression signature from one
quarter of the patients was clearly distinct from the rest, and this was highly predictive of
their future disease progression, with 92% of these subjects converting to clinically definite
MS within 9 months, while only 20% of the subjects with a different signature converted
during the same period of time. Genes in that signature were enriched in key functions such
as cell cycle and T-cell activation. Interestingly, gadolinium enhancing lesions determined by
magnetic resonance imaging were present in only 58% of the patients predicted to be at high
risk by the expression signature, indicating — potentially - a possible higher sensitivity of
transcriptional profiling compared to a single MRI scan to predict disease activity.

In another study with similar design, pre-existing RNA signatures in CD8+ T cells were
used to predict risk of progression in antineutrophil cytoplasmic antibody—associated
vasculitis and in systemic lupus erythematosus (93). Investigators in this study showed that
the subset of genes defining the poor prognosis group was enriched for genes involved in the
interleukin-7 receptor (IL-7R) pathway and T-cell receptor (TCR) signaling and those
expressed by memory T cells. Furthermore, the poor prognosis group tended to show an
expanded CD8+ T-cell memory population.

Immunol Rev. Author manuscript; available in PMC 2018 May 24.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Gourraud et al.

Page 12

The second avenue by which biomarker research is likely to impact MS care is in the
prediction of therapeutic response. This is an area of intense research and represents a shift
in the previously widespread notion (particularly in the pharmaceutical industry) that all
patients are equally likely to respond to a given drug. Recent data on the architecture of the
human genome have unequivocally shown that there is abundant genetic variation between
individuals that could account for differential ADME profiles, drug metabolism, transport,
safety, and ultimately, response to pharmacological agents (94, 95).

Several groups have attempted to identify biomarkers of therapeutic response using
transcriptional profiling. In 2005 our group reported that certain combinations of blood
transcripts were highly predictive of the response to interferon (IFN)-beta treatment (96).
Subsequently, Comabella and colleagues reported that perturbations of the type | IFN
signaling pathway in monocytes are related to a lack of response to IFN-beta, and type |
IFN-regulated genes may be used as response markers in IFN-beta treatment. Another study
from the same group identified a subpopulation of natural killer cells (CD56bright) that was
predictive of an IFN-beta response (97). This is of interest in relation to an earlier study in
which expansion of CD56bright cells were related to the positive response exerted by
daclizumab in MS patients (98). More recently, the involvement of the TLR4 and type | IFN
signaling pathways in the response to IFN-beta was investigated with intriguing results (99).
Here, peripheral blood mononuclear cells from non-responders were characterized by
increased baseline expression levels of endogenous IFN-beta and elevated IFN receptor 1
(IFNAR1) expression in monocytes. Furthermore, the capacity of IFN-beta to induce its own
expression was deficient in cells from non-responders. Finally, baseline expression of a
negative regulator of TLR4 signaling (IRAK3) was decreased in IFN-beta responders.

Other studies have attempted to identify biomarkers of IFN-beta response (100-111). While
these approaches are highly promising, a number of challenges must still be overcome for
this field to fully develop its potential. The first challenge relates to sample sizes in reported
studies. In most cases, studies are significantly underpowered and lack replication, thus any
reported results remain preliminary. Part of this is due to only modest sample availability
from a single (or a few) research center(s). In this regard, samples collected during industry-
sponsored phase 11 clinical trials would be ideally suited for these studies. Still, regulatory,
ethical, and operational constraints that currently restrict availability of these samples for
pharmacogenomics research will need to be addressed (112). Another challenge is related to
the biological source for testing. An ideal biomarker would be tested from a minimally
invasive procedure (e.g., blood draw) and would require little processing so as to allow quick
and universal determinations. However, a trade-off exists between the informativeness of
unprocessed (e.g., whole blood) vs. processed (e.g., cell type separation) samples. While
whole blood can be tested faster and more cheaply, the signal to noise ratio of any
measurement is typically compromised by the complexity of this fluid, which contains
thousands of proteins, sugars, and lipids in largely variable concentrations spanning several
orders of magnitude. On the other hand, time and resources invested in sample manipulation
to obtain pure cell subpopulations can result in more robust signatures that potentially offset
small, heterogeneous sample sizes (113).
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The heterogeneity and biological complexity of diseases like MS may make the
identification of single predictive biomarkers an unattainable goal. A more likely scenario
will be the utilization of advanced computational methods such as supervised classification
(e.g., neural networks, Bayesian classifiers) that combine different types of information
(clinical, imaging, genotype, molecular, etc.) into a single model that maximizes predictive
ability and minimizes misclassifications (114). The application of such tools in the
integrative context of systems biology approaches will become a critical step in the
development of useful biomarkers for MS.

The role of data integration and systems biology in biomarker development

Unfortunately, most biomarker studies have not been yet validated and therefore, they are
not clinically useful at present. The lack of validation is a common problem with biomarkers
of complex diseases. This may reflect a bias in statistical analysis or a lack of available data,
but it may also indicate difficulties in performing clinical validation studies (115, 116).
Moreover, in addition to the need for validation of such candidates, integration of the
information provided by each biomarker is also needed for a comprehensive representation
of the disease process. Biomarker discovery would be greatly enhanced by applying systems
biology principles such as the multi-scale integration of information and the analysis of
dynamic patterns with the help of computational tools.

Systems biology aims to increase understanding of biological and medical problems from a
holistic perspective by considering all processes involved and their dynamics (117, 118).
The application of systems biology to biomarker discovery implies the integration of the
molecular data generated by -omics studies within models of disease pathogenesis, signaling
pathways, and biological networks, ideally arriving at a physiological explanation of the
findings and identifying how they are related across the different levels of biological
complexity (genes, molecules, cells, tissues, and the organisms) and to the clinical
phenotype (119). For this reason, the biomarker discovery process (searching for molecules
associated with a given disease phenotype) is only the first step. It will ideally be followed
by validation of a set of biological pathways related to disease pathogenesis and associated
with the disease course at the clinical level.

Determining whether a given biomarker is causal or reactive to a specific disease is likely to
provide information on the underlying pathogenic process and ultimately impact its general
applicability. In recent years, the availability of high-throughput datasets from a variety of
biological sources has prompted the creation of a multitude of databases that significantly
facilitate biomedical research. However, these datasets are frequently analyzed only in the
context of similar data types (e.g., gene expression datasets are usually analyzed and
compared to each other but rarely to protein abundance studies), and they remain in their
own silos. Integration of these vast but heterogeneous sources of information will allow the
systematic and comprehensive analysis of molecular and clinical datasets, spanning
hundreds of dimensions and thousands of individuals. This integration is essential to
capitalize on the value of current and future molecular- and cellular-level data on humans to
gain novel insights about health and disease.
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In recent years, network biology has emerged as a powerful paradigm to visualize and
analyze large data ensembles in novel ways with unparalleled flexibility (120). More recent
applications of this approach have enabled a detailed look at the genetic landscape of
complex human phenotypes (121-124). Overall, the availability of large-scale datasets has
prompted efforts to integrate data, with the ultimate goal of providing systematic insights
into complex traits. For example, identification of genetic similarities among complex
diseases, particularly autoimmune diseases, is a topic of intense research (32, 125, 126).
With the goal of bridging this gap in analytical tools that allow integrating data from
disparate sources, a novel approach was recently developed (127). Through this tool (called
iCTNet), multiple relationships between diseases, genes, proteins, organs and therapeutic
drugs that were joined into a common dedicated database can be visualized together in a
network environment (using Cytoscape, a popular software for network visualization). With
iCTNet, users can download genetic associations for more than 200 complex traits and
display shared risk factors for any given set of traits. This exercise allows identification of
hidden patterns, such as the extent of the genetic similarity between MS and other
autoimmune diseases, and the number of MS-associated genes expressed in the brain.
Furthermore, it allows the contextualization of therapeutic drugs and their molecular targets
together with the diseases they are indicated for, thus enabling researchers to identify
potential off-label use of drugs in a rational and controlled fashion.

Integrating genomic research data into a single analytical framework will unify medical
practice with cutting-edge genetic research, and pave the way to inform and personalize
therapeutic decision-making in MS. By profiling patients using the wide array of data
typically collected for research project, embracing the complexity of MS will make the
exponentially growing wealth of information in the field more accessible to scientists,
physicians and ultimately patients.
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Figure 1. Non-MHC genetic variants associated M S susceptibility
This Figure depicts the allele frequencies in European controls of all MS associated variants

and their respective OR for the risk allele (Table 1). It can be clearly seen that the effects of
most risk alleles is modest. Almost half of the MS-associated alleles are common in
Europeans (i.e. have a frequency higher than 50% in healthy individuals).
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Figure 2. Biological pathwaysinvolved in M'S susceptibility
Gene ontology (GO) analysis of genes associated with MS from the WTCCC2 study (6) and

subsequent meta-analysis in 5,545 independent cases and 12,153 controls (128). A.
Significant GO categories and their relationships. Categories (GO terms) are linked with an
edge if they share at least two genes. Categories are colored by groups, defined by their
overall similarity. The green group represents T cell function (most significant category is 7
cell activation), while the pink group represents B cell function (most significant category is
B cell activation). B. The number of genes assigned to each term and their enrichment (red
asterisks denotes significance after Bonferroni correction). C. Genes assigned to each term
and their nominal significance for enrichment for both GO term and group.
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Figure 3. The Multiple Sclerosis Genetic Burden (M SGB) Score
The GWAS approach opens possibilities for individual genetic risk score computations. The

MSGB is based on an algorithm that incorporates each risk variant for a given individual and
weighs each SNP according to its reported effect size. The MSGB score quantitatively
represents the known MS genetic risk for each individual. This provides an opportunity to
analyze patients in the context of whole populations allowing personalized care.
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