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Abstract

Multiple sclerosis (MS) has no effective prevention or cure and only limited treat-
ment options. Significant progress has been made in finding genetic susceptibility
loci, but it is still mostly unclear how genetic variants associated with disease are
implicated in MS pathogenesis. Meanwhile, epidemiologically, it has long been
clear that women get MS two or three times more frequently than men do. It
is also known that there is substantial sexual dimorphism in immune regulation.
The analysis presented here attempts to triangulate genetic and sex-based risk
for MS, first, in order to understand quantitatively the relationship between sex
and genetic risk and, second, to highlight particular genes implicated by both
genetics and gender in MS etiology. First, I use a Bayesian framework to assess
the relationship between male and female effect sizes at variants previously shown
to be associated with MS. I show that the effect size of genetic variants for MS
risk is systematically lower in females than males, with female effect size esti-
mated at 0.42 times male effect size. Second, I use genome-wide RNAseq data to
characterize differential transcription between the sexes, finding over 5000 genes
to be differentially expressed, but I do not find sexual dimorphism in cis-eQTL
effect sizes. I highlight a subset of genes whose expression is affected by an MS
risk variant and whose expression is sexually dimorphic. Several of these genes
have functions consistent with complicity in MS. Together, these analyses demon-
strate methodology to integrate genetic and genomic data in the context of sexual
dimorphism in order to explore the mechanism of disease.
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Abbreviations and terms

BF Bayes factor
C57BL/6 C57 black 6 (mouse strain)

CNS central nervous system
EAE experimental autoimmune encephalomyelitis

eQTL expression quantitative trait locus
GWAS genome-wide association study

HLA human leukocyte antigen
IL interleukin

MHC major histocompatibility complex
MS multiple sclerosis

PCA principal components analysis
SJL Swiss Jim Lambert (mouse strain)

SNP single nucleotide polymorphism
TLR toll-like receptor
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1 Background

1.1 Introduction

Multiple sclerosis (MS), a devastating disease causing progressive neurological dis-

ability, has neither prevention nor cure. It is also not currently possible to predict

who will get MS and who will not. Approximately 2.5 million people suffer from

MS worldwide (Hauser and Goodin, 2012), and the disease course is long and

arduous: median disease course is 23 years (Cottrell et al., 1999) and involves a

progressive and debilitating loss of motor function and control. The underlying

biological mechanism of the disease remains poorly understood, resulting in a lack

of specific and effective treatments. A 2008 study of MS patients in the UK found

that the disease cost patients about £25,000 per year, only about £1,300 of which

was spent on medication (McCrone et al., 2008).

An autoimmune attack on myelin in the central nervous system (CNS) causes

destruction of myelin sheaths surrounding neurons. The origin and mechanism

of this anti-myelin autoimmune attack are unclear. Thus, diagnosis is based on

clinical findings and on imaging showing immune damage to the CNS. Genome-

wide association studies (GWAS) have shed light on some formerly mysterious

diseases. It is possible to understand what differs between those who get a dis-

ease and those who do not by analyzing large human populations of cases and

controls. The genetic variants associated with disease can often help uncover the

underlying biological mechanism of disease. For example, based on GWAS results,

and through multiple strategies of biological follow-up, autophagy pathways have

been shown to be important in Crohn’s disease, which has led to the development

5



of autophagy-enhancing drugs for use in Crohn’s (McGovern et al., 2015; Levine

et al., 2015). As another example, GWAS results have uncovered pathways im-

portant in the biological mechanism underlying obesity, particularly highlighting

genes relevant in the brain (El-Sayed Moustafa and Froguel, 2013).

In order for the GWAS approach to reach its full impact it is necessary to go fur-

ther than mapping associations between genetic variants and disease, especially in

a disease as complex as MS has proven to be. Though somewhat heritable, MS is

not a Mendelian disorder — many variants contribute small effects to disease risk

— so the link between genetics and disease is often unclear. Elucidating subtle

biological links between genetic variants and MS may still uncover keys to new

therapeutic strategies, but it requires more in-depth analysis of these risk variants,

including an understanding of the interplay between genetic variants and other

risk factors that together inform who will get MS and how the disease process

unfolds.

GWAS allows us to understand genetic heterogeneity in disease risk. However,

genetic variants are not the only variables that are unevenly distributed between

cases and controls. To dissect the biological relevance of GWAS variants, we can

look at disease risk along another axis of heterogeneity: sex. Epidemiologically,

MS affects women at 2-3 times the rate that it affects men (Pugliatti et al., 2006;

World Health Organization, 2008). The basis of this significantly increased MS

susceptibility in women is not understood. The intersection between genetic risk

of MS, which has been well characterized, and gender-based risk is even less well

studied.
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1.2 Immune etiology of multiple sclerosis

An MS patient presents clinically with muscle weakness, spasticity (abnormal

muscle stiffness) and ataxia (loss of movement control), along with vision prob-

lems, including diplopia (double vision) and optic neuritis (inflammation of the

optic nerve, resulting in blurred vision). Some patients suffer from cognitive

dysfunction, vertigo and mental health issues such as depression, anxiety and

fatigue (Beiske et al., 2008; Hauser and Goodin, 2012). The clinical course of

MS is not uniform but instead follows one of four courses: relapsing-remitting,

secondary progressive, primary progressive or progressive relapsing. Because no

genetic variants or biomarkers in the blood or cerebrospinal fluid can reliably dif-

ferentiate between these subcategories, and because patients sometimes transition

between courses, it is unclear whether disease mechanism differs between these

subcategories of MS (Lublin et al., 2014). Thus, MS is considered a single disease

for the purpose of the analyses presented here.

It is unclear what prompts the immune system to attack myelin sheaths of neurons

in the CNS, nor is it clear which components of the immune system play a critical

role in promoting and sustaining the autoimmune attack (Hauser and Goodin,

2012). T cell attacks appear largely responsible for myelin destruction (Babbe

et al., 2000). Increasingly, other cell types are additionally thought to be involved

in disease, either directly through in adaptive immune response or indirectly by

maintaining an inflammatory environment and sustaining the immune response
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against myelin (Kappos et al., 2011; Palanichamy et al., 2014). The trigger that

initiates the anti-myelin immune attack may be immune dysregulation in some

arm of the immune system, a malformed or abnormally expressed protein in the

CNS, or both.

Current treatment options for MS patients are limited. Treatment relies on broad

immune suppression: depleting lymphocytes, blocking immune cell entry into the

CNS, or generally suppressing inflammation (Table 1). These treatments work

to some extent, reinforcing an overly aggressive immune response in the CNS as

the causal mechanism, broadly, for MS. However, they are accompanied by myr-

iad side effects due to their nonspecific mechanism of action in suppressing the

immune system.

Understanding the mechanism of autoimmune attack that causes MS in greater

depth is required for rational approaches to prevention and treatment. Because

we know neither which cells are key players in the aberrant immune attack in MS

nor the molecular pathways that account for immune dysregulation, it is difficult

to approach MS research using a cell line or gene knockout approach. Instead,

human data from cases and controls can be extremely useful in order to generate

hypotheses about the key biological pathways in disease.
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Drug/treatment Mechanism of action Reference

alemtuzumab monoclonal antibody against CD52; Hartung et al. (2015)
depletes circulating T and B cells

azathioprine purine analogue that blocks Winkelmann et al. (2016)
purine biosynthesis, preventing lymphocyte Massacesi et al. (2014)

proliferation and causing apoptosis of stimulated T cells

cladribine, inhibit DNA repair, Hauser and Goodin (2012)
mitoxantrone hydrochloride suppressing lymphocyte Giovannoni et al. (2010)

development Edan et al. (1997)

dimethyl fumarate limits Th1 and Th17 activity; Winkelmann et al. (2016)
limits expression of genes downstream of NF-κB Gold et al. (2012)

fingolimod blocks sphingosine–1–phosphate; Hauser and Goodin (2012)
traps lymphocytes in secondary Cohen et al. (2010)

lymphoid organs, periphery Kappos et al. (2010)

glatiramer acetate synthetic 4-amino acid peptide that binds to MHC; Winkelmann et al. (2016)
induces Th2 and regulatory phenotypes; Johnson et al. (2000)

binds MHC, preventing self-peptide presentation

IFN–β broad immune modulator Hauser and Goodin (2012)
in antiviral response; downregulates Paty and Li (1993)

T cell proliferation and
trafficking to CNS

methylprednisolone, glucocorticoid therapy, Hauser and Goodin (2012)
dexamethasone suppressing immune function Milligan et al. (1987)

natalizumab monoclonal antibody against α4β1 Steinman (2014)
integrin, blocking lymphocyte Polman et al. (2006)

adhesion and trafficking to CNS

ocrelizumab humanized anti-CD20 Kappos et al. (2011)
monoclonal antibody;

depletes B cells

plasma exchange depletes antibodies, Hauser and Goodin (2012)
including anti-self Weinshenker et al. (1999)

teriflunomide limits T and B cell proliferation by Winkelmann et al. (2016)
interfering with pyrimidine biosynthesis O’Connor et al. (2011)

Table 1: A list of commonly used MS treatments and their mechanisms of action
underscores the lack of highly specific therapies; most treatment approaches rely
on broad immunosuppression or on blocking immune cell trafficking.
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1.3 Risk for multiple sclerosis

Genetics plays a major role in risk of MS. A monozygotic twin of an MS patient

has a 25–30% chance of getting MS, which is 170 times the risk in the general

population (Koch-Henriksen and Sorensen, 2010; Cree, 2014). Loci associated

with MS in GWAS explain nearly a third of the risk of developing MS (Watson

et al., 2012), so interrogating these variants may provide significant insight into

new treatment targets and into the basic biology of MS. But how do we account

for the non-genetic risk? It is possible that other genetic risk variants remain to be

discovered or that stochastic differences in gene expression account for the <100%

risk concordance of MS in monozygotic twins. Epidemiological studies, however,

indicate the major role of environmental influences in risk of acquiring MS. These

environmental factors may act independently of genetics or may interact with ge-

netic risk variants. If environmental variables do interact with genetics, they may

act across the genome or at specific variants.

Several environmental factors have been found to correlate with risk of MS. It

has long been recognized that populations living at higher latitudes have a higher

prevalence of MS (Ebers and Sadovnick, 1993), though it is debated whether this

association is causal, for example due to UV light exposure, or related to some

underlying genetic structure (Koch-Henriksen and Sorensen, 2010). Another fac-

tor important in MS risk and disease course appears to be concomitant or prior

infectious disease. Individuals with a history of infectious mononucleosis, par-

ticularly later in life, have a higher risk of developing MS (Handel et al., 2010).

Patients with both MS and helminth infections have less severe MS-mediated dis-

ability, likely because helminths cause some level of immunosuppresion (Correale
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and Farez, 2011). In contrast, systemic infections, like upper respiratory tract in-

fections, are associated with increased relapse rate and worse clinical presentation

of MS symptoms, likely due to T cell activation (Correale et al., 2006).

Among the multitude of environmental factors highlighted in the MS literature, a

strong female bias, found repeatedly, remains of the most intriguing and mysteri-

ous associations with MS. The sexual dimorphism in MS is widely acknowledged

but poorly understood; female MS patients outnumber male patients at least 2:1

and, in some studies, upwards of 3:1 (Chao et al., 2010). The MS prevalence ratio

may also be increasing, at least in some parts of the world (Kingwell et al., 2015;

Greer and McCombe, 2011; Koch-Henriksen and Sorensen, 2010; Orton et al.,

2006). Many differences have been observed in the immune systems of males and

females, some of which could be explained by sex chromosome genetics and others

driven by hormone level variation (especially estrogen, progesterone and testos-

terone, but including others such as prolactin) — either through the action of a

single hormone or, more realistically, through a combination of hormones acting

together and with gene expression from sex chromosomes.

1.3.1 Gender in differential immune regulation

MS not the only case in which gender has been found to have an impact on disease

course and, more broadly, on immune function. In 1965, a group of pediatricians

reported, with respect to infectious disease, “That the human male is more suscep-

tible than the female to many diseases is familiar knowledge” (Washburn et al.,
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1965). In contrast, autoimmunity is generally female-skewed (Table 2). Some

have attempted to summarize the effects of reproductive hormones by concluding

that estrogen is pro-inflammatory while progesterone and androgens are anti-

inflammatory, but the reality is much more complicated (Oertelt-Prigione, 2012).

Sex bias in autoimmunity is the manifestation of many components of biological

sex, including sex chromosomes and sex hormones.

An intuitive explanation for differential immune regulation between the sexes can

be found in childbearing. To optimize reproductive success, women have evolved

to tolerate both sperm and an immunologically “foreign” fetus for the duration

of gestation, nine months in humans. Both constitutively and through menstrual

cycling, the female immune system must cope with a unique set of challenges in

order to ward off pathogens, while also tolerating foreign antigens contributed

by the father during reproduction, particularly at certain times in the menstrual

cycle and in certain stages of developmental maturity. For example, regulatory T

cells (CD4+CD25+FOXP3+ lymphocytes) increase in peripheral blood at the end

of the follicular phase of the menstrual cycle in fertile women, but postmenopausal

women and women with recurrent spontaneous abortions have no such regulatory

T cell increase (Arruvito et al., 2007). Concretely, pregnancy has been demon-

strated to have a clinical impact on MS disease course, because disease improves

during pregnancy and then rebounds post-partum before settling back to a pre-

pregnancy state (Confavreux et al., 1998).

The X chromosome may contribute to differential immune regulation between

the sexes. The X chromosome harbors several genes with important roles in
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immune function, such as FOXP3, the transcription factor that determines the

development of regulatory T cells; molecules involved in interleukin signaling: IL-

13, IL-2Rγ and IL-9R (Khalid, 2014); TLR9, a toll-like receptor; and CD40L, a

molecule important in T cell–B cell signaling (Libert et al., 2010). In females,

in each cell, one X chromosome is normally inactivated in order to have bal-

anced dosage of gene expression compared to males. It has been hypothesized

that either reactivation and overdosing of X-linked genes, or haploinsufficiency

of X-linked genes, may contribute to the immune over-activation observed in au-

toimmunity. It has also been proposed that skewed X chromosome inactivation in

females may contribute to autoimmunity. Dendritic cells in the thymus mediate

self tolerance by presenting self antigens; if a preponderance of thymic dendritic

cells are expressing genes from one X chromosome, but cells in the periphery ex-

press genes from the other X chromosome, T cells may mistakenly recognize those

antigens as foreign (Libert et al., 2010).

Reproductive hormones also play an important role in immune function and,

unlike a relatively stable karyotype, hormones vary over an individual’s lifetime

and over the course of a day, month or year, thereby modulating immune response

dynamically over time. In keeping with the important role the immune system

plays in reproduction, reproductive hormones do not act on reproductive organs

alone but also on immune cells. Progesterone, estrogen, and testosterone each

play multiple and important roles in immune regulation. As an example, proges-

terone suppresses the antiviral response of plasmacytoid dendritic cells (Hughes

et al., 2008). CD4+ T cells also express an intracellular progesterone receptor,

which, when activated, suppresses a pro-inflammatory phenotype, including a
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T-dependent antibody response (Hughes et al., 2013). In contrast, estrogen treat-

ment of plasmacytoid dendritic cells enhances the antiviral response, as measured

by type I interferon production (Seillet et al., 2012). But estrogen also has many

other effects (Fish, 2008), including expansion of regulatory T cell populations,

a mechanism of suppressing inflammation (Polanczyk et al., 2004). In humans,

elevated testosterone level has been shown to correlate with weaker antibody re-

sponses to the influenza vaccine, suggesting some role in suppressing the immune

response (Furman et al., 2014). Studies of hormonal effects on immune regulation

are complicated by the multitude of effects each hormone has, both immunolog-

ically and systemically. Many hormonal effects have been found — many more

than the examples presented above — so it is clear that reproductive hormones

do have biological implications on immune regulation and function, but specific

links to disease mostly remain poorly understood.
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Disease Female:Male ratio

Male-predominant reactive arthritis 0.2

ankylosing spondylitis 0.4

Guillan-Barré syndrome 0.8

wegener’s granulomatosis 0.9

type 1 diabetes 0.9

Female-predominant psoriasis 1.1

pemphigus vulgaris 1.1

ulcerative colitis 1.2

rheumatic fever 1.2

pemphigoid 1.3

myasthenia gravis 1.4

Crohn’s disease 1.4

hemolytic anemia 1.4

Behçet’s disease 1.5

celiac disease 1.6

vitiligo 1.6

juvenile rheumatoid arthritis 1.8

multiple sclerosis 1.8

rheumatoid arthritis 2.4

erythema nodosum 2.7

localized scleroderma 3.2

systemic sclerosis 3.7

primary biliary cirrhosis 3.9

localized lupus erythematosus 4.7

Graves’ disease 5.1

systemic lupus erythematosus 5.2

Sjögren’s syndrome 7.5

Hashimoto thyroiditis 8.3

Table 2: Gender ratios of a subset of autoimmune diseases. Not all autoimmune
diseases show a strong gender skew, but many do not exhibit equal prevalence
between males and females; of autoimmune diseases that show gender bias, female
bias is more common. Table modified from Jorgensen et al. (2010).
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1.3.2 Current understanding of the biology underlying gender-biased

MS risk

Beyond the research on sexual dimorphism in general immune function, many

analyses have attempted to elucidate the sexual dimorphism particularly relevant

to MS. Work in humans and in mouse models has pointed to both sex chromo-

somes and reproductive hormones as important arbiters of gender-skewed risk for

MS. There has also been some work on gender-skewed heritability patterns.

Based on evidence in humans, reproductive hormones appear to play a role in

MS risk, some with protective effect. Epidemiologically, women using oral contra-

ceptives or who have given birth have a later age of MS onset (Khalid, 2014).

Clinically, women often report worsening of MS symptoms immediately prior

to menstruation, which is a period of large hormonal fluctuation; women using

oral contraceptives are less likely to experience this cycle-dependent worsening

(Zorgdrager and De Keyser, 1997). The ratio of progesterone to 17-β-estradiol

during the luteal phase of the menstrual cycle in pre-menopausal MS patients

has been found to correlate with number and size of MS lesions found on MRI

(Pozzilli et al., 1999).

It has been suggested for over a decade, through small clinical studies, that re-

productive hormones may have therapeutic benefit, underscoring their causal role

in modulating MS pathology. Treating with estrogens is somewhat complicated

because many different types of estrogen are physiologically important, but es-

triol has generally been accepted as a therapeutic with few side effects (Gold and

Voskuhl, 2009). An estrogen produced during pregnancy, estriol has been shown to
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have anti-inflammatory effects in female MS patients and improve the number and

severity of MS lesions apparent on MRI (Sicotte et al., 2002). Estrogen levels need

to be relatively high — for example, an estriol level similar to that in pregnancy

— in order to have an effect on MS (Greer and McCombe, 2011). Testosterone

has also been shown to alleviate symptoms (Gold et al., 2008); testosterone treat-

ment in male MS patients caused a decrease in the CD4+ T cell population and

a less inflammatory cytokine profile, based on decreased IL-2 levels and increased

TGF-β levels (Gold et al., 2008).

Mouse models of MS have also shed light on the biology of the disease, especially

because they allow for both hormone and sex chromosome manipulation. Immu-

nizing some strains of mice with myelin peptides and adjuvant causes experimental

autoimmune encephalomyelitis (EAE). The immunization prompts differentiation

and activation of CD4+ Th1 cells, which attack myelin in the CNS, causing an MS-

like phenotype (Bebo et al., 1998) (Sospedra and Martin, 2005). An EAE mouse

model using the SJL strain exhibits the same sexual dimorphism as humans, but

not when EAE is induced in a C57BL/6 genetic background (Bebo et al., 1998),

despite no difference in androgen levels between the two strains (Palaszynski et al.,

2004b). The difference in gender effect based on EAE mouse strain suggests that

genetic background interacts with gender to inform differential EAE risk in SJL

mice but not in C57BL/6 mice (Palaszynski et al., 2004b).

Results in EAE mouse models underscore the importance of reproductive hor-

mones on disease risk and clinical course. When SJL EAE males are castrated,

they exhibit similar frequency and severity of EAE to their female counterparts,
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further suggesting a substantial hormonal impact in influencing the gender dif-

ference in disease course (Bebo et al., 1998). Although C57BL/6 mice do not

exhibit sexual dimorphism in disease onset, female reproductive hormones appear

to alter disease phenotype; clinical scores vary periodically over the course of the

menstrual cycle in female mice (Papenfuss et al., 2004).

Studies of hormone therapy in the EAE model further prove the importance of

reproduction in influencing the mechanisms underlying MS, and these mouse stud-

ies allow for further dissection of the biological pathways important in hormone-

mediated alteration of MS pathology. In C57BL/6 mice, treatment with estriol

improves clinical scores in both male and female EAE mice (Palaszynski et al.,

2004a). Estriol appears to act through dendritic cells, driving a tolerogenic in-

duction of a Th2 phenotype in CD4+ T helper cells. (Papenfuss et al., 2011).

17-β-estradiol treatment of ovariectomized C57BL/6 mice, to the level found in

pregnancy, lowers the risk of developing EAE on immunization and decreases the

severity of EAE cases, as does true pregnancy at the time of immunization (Hagh-

morad et al., 2014). Estrogen receptor β ligand (ERβ ligand) is clinically useful to

improve symptoms after EAE onset, but only for the duration of ERβ ligand ther-

apy, (Wisdom et al., 2013; Tiwari-Woodruff et al., 2007). Treating EAE-primed

mice with dihydrotestosterone (DHT) has been found to reduce the clinical sever-

ity of disease but not delay disease in both SJL and C57BL/6 mouse strains, but

only in non-castrated male mice (Giatti et al., 2015; Palaszynski et al., 2004b).

DHT is a useful tool because unlike physiological testosterone, it is not metabo-

lized to 17-β-estradiol, proving that testosterone modulates EAE independent of

estradiol pathway.
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Based on further EAE model experiments, sex chromosome differences also appear

to play an important role in MS risk independent of their hormonal implications.

Another SJL EAE model manipulated the Sry gene, the male sex-determining

gene on the Y chromosome. “Female” mice were manipulated to have Sry or

“male” mice had Sry removed; this SJL/Sry+/− model should standardize for

hormonal differences between the “males” and “females” and only exhibit EAE

differences based on sex chromosome presence. The XX chromosomal comple-

ment, as opposed to XY, was shown to cause the increased severity of MS, in

part due to differences in immune cells with an XX vs XY background, as shown

through adoptive transfer (Smith-Bouvier et al., 2008). It is unclear exactly why

two X chromosomes might cause higher EAE susceptibility, but the “Kast-Stewart

hypothesis” proposes that skewed X-inactivation in the thymus could cause T cells

not to become tolerant of some self antigens, allowing for autoreactivity in the

periphery when antigens encoded on the other X chromosome are encountered

(Knudsen et al., 2007).

Finally, some work on genetic skew in MS has been conducted; sex-skewed her-

itability and MHC effects with respect to sex have been explored in humans.

Parent-of-origin effects have been proposed to explain, in part, gender differences

in MS risk, but results have not been entirely consistent. Risk of MS in an individ-

ual whose parent had MS appears to be modulated by the gender of the affected

parent. In one study, maternal MS was found to be correlated with higher risk,

as shown by a higher rate of MS in half-siblings who share an affected mother

rather than affected father (Ebers et al., 2004). However, in another study, it was
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found that MS-affected men transmit MS more often to their children (Kantarci

et al., 2006). This pattern was explained as a manifestation of the Carter effect,

in which men require a greater genetic load of disease-risk variants in order to

clinically manifest a polygenic disease, so when a father has the disease, he has

a particularly large genetic liability load and is therefore likely to transmit many

risk variants to his offspring, who, especially if they are female, will then have a

high risk of getting the disease (Kantarci et al., 2006).

The present analysis focuses on non-MHC genetic determinants of MS suscep-

tibility and their relationship to sex in modulating disease risk, but it is worth

noting that the MHC may be an important mediator of gender dimorphism in

MS. The highly diverse MHC region is a major genetic contributor to MS risk,

and MS patients with HLA-DRB1*15, a HLA class II allele on chromosome 6

well characterized for its association with MS, exhibit a higher female-to-male

ratio than MS patients who do not carry HLA-DRB1*15. This allele exhibits

an inheritance pattern skewed from what is expected or even observed for other

HLA-DRB1 alleles, and the allele is particularly transmitted in mother-daughter

pairs, in deviation from expected transmission probability (Chao et al., 2011).

In summary, many studies have been previously conducted, both using epidemio-

logical and mouse model tools, to understand the gender dimorphism in MS and,

more broadly, autoimmune disease. Due to differing experimental setup and the

large number of variables that affect MS risk, along with the limited quantity

of established facts about the etiology of the disease, the mechanism for gender-

based risk and pathogenesis remains poorly understood. It has been very well
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established that a female bias exists and that this gender dimorphism is largely

due to endogenous effects of biological sex, as opposed to environmental factors as-

sociated with gender, though these environmental factors may further exacerbate

risk differential. Reproductive hormones, sex chromosomes, or both potentially

drive this biologically-induced increase in female MS susceptibility.

1.3.3 Multiple Sclerosis GWAS

Ideal MS treatments would target the causal cells and pathways necessary in

establishing and maintaining disease, rather than broadly suppressing immune

function. Understanding the genetic variants that predispose individuals to MS

provides a clear pipeline to discovering the genes, pathways and cell types impli-

cated in MS.

The methodology of GWAS, for MS or other common polygenic disease, has been

well studied and established. In general, a large group of case and control individ-

uals are drawn from the same population and genotyped on a particular platform,

which contains a set of tag SNPs chosen based on the recombination landscape

and on regions of particular interest — for example, the Immunochip platform

was developed for immune-related diseases because it is useful in genotyping ar-

eas important in immune function (Mayes et al., 2014). Then, genotypes are

correlated with case/control status using a logistic regression approach, including

covariates that capture ancestry, using principal components analysis (Price et al.,

2006, 2008), and other relevant biological or epidemiological variables. In partic-
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ular, a Bayesian approach to genetic association studies has been implemented in

the software SNPTEST (Stephens and Balding, 2009). For analysis of variants

that have not been directly genotyped, software has been developed to impute

the genotype at variants not present on the genotyping platform based on linkage

disequilibrium within a haplotype (Marchini and Howie, 2010).

As a result of multiple large-scale efforts to find genetic associations with MS,

a large number of loci have been identified. Many of these loci are in regions im-

portant in immune function (International Multiple Sclerosis Genetics Consortium

et al., 2011; Sawcer et al., 2014) and many of those are shared between different

immune-mediated diseases (Parkes et al., 2013). These results point convincingly

to pursuing immune function, rather than abnormal neural proteins, in the search

for precise mechanisms of and treatments for MS. GWAS results have highlighted

both the major histocompatibility complex (MHC) and non-MHC immune loci

(Ebers et al., 1996; International M.H.C. and Autoimmunity Genetics Network

(IMAGEN) et al., 2009). The MHC intuitively makes sense in MS etiology; it

presents peptides to lymphocytes, first to select against self-reactive immune re-

sponses and then to select for effective immune response to foreign antigens. Thus,

it plays an important role in determining immune tolerance versus activation. Ar-

guably more interesting, however, are the dozens of regions outside the MHC that

are associated with MS. As of 2013, 110 variants in 103 extra-MHC regions were

associated with MS (International Multiple Sclerosis Genetics Consortium et al.,

2013). For most of these regions, unlike the MHC (Lang et al., 2002), it is difficult

to understand how the variant is linked to disease risk through a known biological

pathway.
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1.3.4 Gender in GWAS

Because sex can play such a crucial role in shaping the immune response — and

other biological processes not discussed here — it must be incorporated into many

GWAS analysis pipelines in some way. Most GWAS for complex traits use the

cohort as a whole, with a covariate included for gender, rather than stratifying

the analysis, because separating males and females reduces power substantially

(Magi et al., 2010). There have also been some attempts at understanding differ-

ential genetic effects based on sex. Two general approaches are used to deal with

sex differences in genetic contribution to disease risk. The most straightforward

approach is a modification of the traditional GWAS procedure, in which a logistic

model is developed with sex as a covariate because of its potential to confound

case-control analyses; if sex contribution is of interest, assessing the significance

of the sex indicator variable or of a sex:genotype interaction term in the model

allows for insight into the sex-specificity of genetic effects and the disease pheno-

type. Second, it is possible to examine the differential effect of genetic variants

on disease phenotype based on sex by stratifying a cohort by sex, conducting

separate GWA analyses on males and females, and comparing the effect size at

each variant. One study looking at meta-analyses of several GWAS studies for

sex-biased traits showed that stratified analyses of females and males was better

than sex-combined analyses (Magi et al., 2010). When conducting a single sex-

stratified GWAS, as opposed to a meta-analysis, it is possible to use, for example,

the Breslow-Day statistic for homogeneity to compare odds ratios computed sep-
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arately for males and females (Aragam et al., 2011). One main limitation of

sex-stratified GWAS, however, is the reduced power that necessarily results from

dividing a cohort by sex, making it difficult to detect significant associations and

to replicate findings (Ober et al., 2008). Another group used an EM algorithm to

assess whether certain haplotypes contributed risk differently between males and

females (Wang et al., 2008).

More recently, work has been done to assess sex-specific genomic effects, which

has been possible with increasingly large transcriptional datasets enabling in-

depth eQTL analyses. These approaches are similar in principal and practice to

previous work studying differential genetic contribution to disease risk, though

they assess a quantitative trait rather than a dichotomous trait of interest in

case-control studies; the methodologies to understand sex bias in biology could be

applied almost interchangeably between eQTL studies and case-control studies.

Sex-interacting eQTLs have been found by fitting a linear model and assessing the

significance of a sex:genotype interaction term. These results were followed up by

testing the type of heterogeneity in sex-interacting eQTLs in order to understand

whether effects differed in magnitude or direction or were present in only one sex

(Yao et al., 2014). Alternatively, sex-interacting eQTLs have been explored by

dividing the cohort into males and females, performing separate eQTL analyses

and comparing the effects in the groups using a mixed model (Jansen et al., 2014).

1.4 Approach

In order to explore how gender plays a role in MS risk in humans, I wanted to

leverage large datasets from human cohorts to integrate genetic and functional
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data. Although this type of data can be noisier than mouse models or cell lines,

the causal cells and pathways are not yet elucidated in MS, so I hoped to use

human case/control data to generate hypotheses about mechanism of disease, us-

ing sex as a lens through which to assess variation in disease risk and immune

function. Because sex has many effects from early development to puberty and

beyond, and effects are driven by both sex chromosomes and hormonal regulation,

it is a particularly difficult variable to dissect using cell lines. Interrogating how

gender and genetics intersect to inform MS risk was a problem particularly suited

for integration of human datasets. Genetic data from MS cases and controls (In-

ternational Multiple Sclerosis Genetics Consortium et al., 2013) was integrated

with whole blood gene expression data from another cohort (Battle et al., 2014).

I hypothesized that functional genomic differences between males and females

modify genetic susceptibility to multiple sclerosis. To investigate this hypothesis,

I pursued two aims. First, I used genetic case-control data to model the inter-

action between gender and genetic risk of MS. A Bayesian framework was used

to understand the differences in GWAS results between males and females at the

SNPs that have been identified as highly correlated with MS risk genome-wide

in both males and females. Second, I characterized transcriptional and eQTL

differences between males and females in the blood genome-wide in order to un-

derstand differential and immunologically relevant gene regulation. I also used

the transcriptional data to find eQTLs and sex-biased eQTLs among the SNPs

associated with MS risk.

Together, these analyses offer methodology to analyze both genetic case-control
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data and transcriptomic data through the lens of sexual dimorphism with an in-

tegrated approach that focuses on disease relevance. Historically, sample sizes,

particularly for functional genomic datasets, have not been large enough to strat-

ify by gender, but as technology improves, cost declines, and sample size becomes

less of an analytical limitation, analyses like this, aimed at uncovering biologically

and clinically significant differences between strata of a study population, will be-

come increasingly feasible. Sex is a particularly fascinating parameter to analyze

because of its clear impact on disease risk. With increasing appreciation of the

differences between males and females in immune function and susceptibility to

disease, it is important to explore robust methodology to analyze important, if

subtle, differences in genetics and functional genomics that contribute to differ-

ential risk for disease.

Of note, in the framework of genetic variants having impact on disease risk, mod-

ulated by both environmental factors and genetic background, biological sex can

be considered as an environmental or a genetic factor. It is clear that sex is de-

termined genetically based the complement of X and Y chromosomes. In this

analysis, sex is considered a binary categorical variable for which we have essen-

tially perfect measurement. The genetically determined state of male or female

then results in myriad effects, some of which are genetically based, for exam-

ple expression of X chromosome genes, and others that are associated with sex

but not entirely genetically based, such as hormone exposure over time; hormone

exposure over a lifetime in females may be determined in part by having an X chro-

mosome and some heritable components but also on age of menarche, influenced

significantly by environmental variables unrelated to sex, the use of hormonal con-
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traceptives, and/or parity. Although sex is genetically determined, therefore, the

collective differences between males and females, including the hormonal environ-

ment and transcriptional landscape, can be considered environmental attributes,

grouped into “male” and “female” categories. Within each sex, there can be fur-

ther environmental variability, such as variation in progesterone within females or

variation in testosterone level within males. Some of this variance can certainly be

captured through genetics; conversely, biological sex correlates with many purely

environmental variables (such as contraceptive use), and these variables are of-

ten captured by using the term “gender.” For the purpose of this analysis, I use

“gender” and “biological sex” interchangeably, because, with these datasets, I am

dealing with a binary categorical variable that is the composite of a multitude of

genetic and environmental factors.

1.5 Thesis overview

This thesis is divided by the two aims. The first chapter explores sex bias in

genetic determinants of MS risk. I present a finding that effect size conferred by

genetic variants for MS risk is systematically smaller in females than in males, and

I also investigate variant-specific interactions with sex. In the second chapter, I

investigate both differential gene expression and differential eQTL effects genome-

wide between males and females; then I focus on MS risk variants that are also

eQTLs to highlight genes that are likely important in MS pathogenesis, having

been highlighted both as eQTLs and by differential expression.
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2 Gender-biased genetic risk of MS

2.1 Introduction

To understand how sex impacts genetically-determined risk for MS, I first took

a top-down approach: understanding how particular variants implicated in MS

susceptibility may be cause differential risk between men and women.

Because MS is a complex polygenic disease with higher prevalence in females,

established risk variants were investigated for differential contribution to risk in

males and females. In a previous GWAS analysis (International Multiple Sclero-

sis Genetics Consortium et al., 2011), based on the Wellcome Trust Case Control

Consortium 2 dataset, the authors investigated gender-specific effects and hetero-

geneity in effect sizes. They tested for association between each variant and MS

in separate groups of males and females, and then used the following statistic to

detect difference in effect size between males and females genome-wide: (bM−bF )2

se2M+se2F
,

where b is the estimated effect size and se is the standard error. In this dataset and

using this approach, they found just eight variants with evidence for a sex-specific

association across the genome. We were curious about whether we could more

deeply investigate sex-bias effects in a dataset collected for a later GWAS analysis

(International Multiple Sclerosis Genetics Consortium et al., 2013). Rather than

looking for sex-specific or sex-biased effects genome-wide, I wanted to investigate

the possibility of more subtle sex-based effects at confirmed MS susceptibility loci.

This approach had two main advantages. First, the later GWAS identified many

more variants associated with MS population-wide (International Multiple Scle-

rosis Genetics Consortium et al., 2013), allowing for a analysis encompassing a
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large number of loci without necessitating a genome-wide scan. Already, over one

hundred loci have been associated with MS; the present task was not to find ad-

ditional loci but instead to understand the pathogenic mechanisms that are asso-

ciated with these variants, and in particular the influence of sex on pathogenicity.

Second, by investigating these highly associated variants alone, our analysis was

not as penalized for the loss of power necessitated by conducting a sex-stratified

analysis. We were therefore able to examine sex effects closely, including subtle

sex biases.

The present analyses were based on data collected on the Immunochip platform;

the genome-wide results from the MS GWAS have already been published (In-

ternational Multiple Sclerosis Genetics Consortium et al., 2013). Of note, the

analysis included neither MHC variants nor variants on sex chromosomes. The

top variants from the Immunochip analysis included neither MHC nor sex chro-

mosome variants, though data from both MHC regions and sex chromosomes is

available. MHC variants account for the strongest risk for MS, and they were an-

alyzed in a separate publication (Moutsianas et al., 2015). Analysis of the MHC

and of sex chromosomes generally requires different considerations in methodology

than non-MHC autosomal analysis, so I limited the analysis to autosomal non-

MHC variants highlighted in the previous study (International Multiple Sclerosis

Genetics Consortium et al., 2013).

In order to cast a sufficiently wide net of variants to examine, the 150 variants

highlighted in the discovery phase of the GWAS were assessed. First, differences

in variant effect size for MS risk based on gender were examined. Then, to more
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deeply understand the sex effect on genetic risk, a framework of different genetic-

gender interaction effects was developed, and each SNP was tested for its fit for

each model of sex-SNP relationship. Third, the proportion phenotypic variance

explained by genetic variance was characterized.

2.2 Methods

To conduct association studies of the variants found in the original Immunochip

paper in males and females separately, I subsetted the genotype files by SNP ID

using plink (http://pngu.mgh.harvard.edu/purcell/plink/) (Purcell et al., 2007).

Of the 150 SNP ID’s published in supplementary table 1 of the original paper,

144 were matched in the genotyped SNP file, and I continued with these SNPs.

Association testing was carried out using SNPTEST (Marchini et al., 2007). A

Bayesian test was conducted using the method “score.” Seven continuous co-

variates were included, representing the first seven principal components that

represent ancestry. PCA had already been performed on a subset of 2963 women

(891 cases and 1859 controls) and 1171 men (268 cases and 834 controls) via

FLASHPCA (Abraham and Inouye, 2014). These individuals had been chosen by

a set of previously-established filtering and quality control criteria. Association

analysis was performed for the 144 SNPs in these individuals. It is worth noting

that the sample size for this study is substantially smaller than in the original

cohort due to filtering by males and females, because many were dropped based

on not having a recorded sex. This reduced sample size made it especially useful
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to have restricted our analysis to the top associated SNPs, rather than conducting

a genome-wide scan.

I next wanted to compare the effect sizes for each variant between males and

females. If there were no difference in genetic effect on MS risk between males

and females, I expected effect sizes estimated in males and females to be highly

correlated and to have a 1:1 relationship. I therefore conducted a simple linear

regression to assess the strength of correlation and the numerical relationship

between the male and female effect sizes. Secondly, aware that a linear regres-

sion assumes one independent and one dependent variable, I employed principal

components analysis to understand the relationship between the two independent

variables. By finding the slope of the first principal component, I computed an

alternative value for a linear relationship between the male and female effect sizes.

The slope was calculated by dividing the female component of the first PC’s eigen-

vector by the male component of the first PC’s eigenvector.

Next, to understand the relationship between gender and genetic risk in greater

depth, a framework was developed to understand the extent of gender-biased ef-

fect at each SNP. Each SNP was tested for how well the observed case/control

genotype data fit each of five proposed models. In each model, effect sizes for

males and females are assumed to be from a multivariate normal distribution

centered at zero, and correlation structure between male and female effect sizes

differed between models as following, with σ set to 0.2 in all cases:
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Model 1: Fixed effects

βF = βM 6= 0 (1)

βM
βF

 ∼ MVN


 0

0

 , σ2

 1 1

1 1




Model 2: Independent effects

βF 6= 0; βM 6= 0 (2)

βM
βF

 ∼ MVN


 0

0

 , σ2

 1 0

0 1




Model 3: Male-specific effect

βF = 0; βM 6= 0 (3)

βM
βF

 ∼ MVN


 0

0

 , σ2

 1 0

0 0




Model 4: Female-specific effect

βF 6= 0; βM = 0 (4)
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βM
βF

 ∼ MVN


 0

0

 , σ2

 0 0

0 1




Model 5: Correlated effects

βF = cβM ; β 6= 0; βM 6= 0 (5)

βM
βF

 ∼ MVN


 0

0

 , σ2

 1 c

c c2

( 4

(1 + c)2

)

In Model 5, correlated effets, the scaling factor 4
(1+c)2 is used to ensure that the

variance of the mean effect between male and female estimates is consistent with

the variance assumed in the fixed-effects meta-analysis. I used the Immunochip

data to calculate c, the coefficient of correlation between male and female effect

sizes in Model 5. Based on the earlier analysis (Figure 2), I thought that a rea-

sonable value of c would fall between 0 and 1. To find the best value using a

maximum likelihood approach, I iterated over values of c from 0 to 1 in intervals

of 0.01. For each value of c and each SNP, the priors for Model 5 were calculated

and the log likelihood surface from the Immunochip data was used to find the

Bayes factor (BF). Then, the log10 Bayes factors were summed over the 144 SNPs

in the Immunochip data and the value of c that produced the maximum Σ log10BF

was considered the best value for the model. As described in the results section

and in Figure 3, the optimal value was c = 0.42, and therefore c = 0.42 was used
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when this model framework was employed in genetic case/control data.

I then tested these five models in the genotype data for the 144 variants. An

illustration of the model being used on an example SNP, rs3748817, is shown in

Figure 1. First, prior probabilities were calculated for each model. In Figure 1a,

the priors are graphed in a 2D plane, with axes corresponding to βs for females

and for males. Then, genotype data from cases and controls in each group was

used to create a likelihood surface, with axes again representing the β for each

group (Figure 1b). The likelihood surface was generated under a general genetic

model with logistic risk. The 2D graph represents the likelihood function for βM

and βF given the genotype data. Next, the prior probabilities for each model were

integrated with the likelihood surface to find Bayes factors and posterior proba-

bilities for each model along a range of values of βM and βF (Figure 1c). Bayes

factors for each model, across all values of βM and βF , were also calculated and

used to calculate posterior probabilities for each model given the data (Figure 1d).

In order to assess how much phenotypic variance in disease risk was accounted for

by genetic variance, I used GCTA (Genome-wide Complex Trait Analysis) (Yang

et al., 2011). Starting with all genotyped SNPs in the Immunochip dataset, I used

the PLINK command dup -var to remove 8 SNPs that GCTA saw as duplicates

based on redundant position. 160311 SNPs remained in the analysis. Next, the

GCTA command –make-grm was used to make GRM files for females and for

males. With GCTA’s –reml command, restricted maximum likelihood analysis

was performed. Disease prevalence in the population was set to 0.00262 for females

and 0.001 or males, based on prevalence estimates from East Scotland (Pugliatti

et al., 2006).
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(d) Model posteriors
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Figure 1: Illustration of the model employed for each of the 144 immunochip
SNPS. These surfaces represent distributions of prior probability, log likelihood,
and posterior probability for an example SNP: rs3748817. Five hypotheses of
gender-gene interactions were tested. M1: Fixed effects, M2: Independent effect,
M3: Male-specific effect, M4: Female-specific effect, M5: Correlated effects (with
c=0.42). Shown are (A) the prior probability distribution for values of βF and
βM under each gender-gene hypothesis and (B) log likelihood surface based on
SNP genotype and case-control data in males and females. (C) Priors and log
likelihood were integrated to find the posterior probability distribution under each
hypothesis. (D) Posterior probabilities of the example SNP, rs3748817, following
each of five models of gender-genetic interaction
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FEMALE MALE
Variance SE Variance SE

genetic variance V(G) 0.0877 0.109 0.108 0.0193
residual variance V(e) 0.139 0.00899 0.0868 0.0153

phenotypic variance Vp 0.226 0.00637 0.195 0.00894
ratio of genetic to phenotypic 0.388 0.0431 0.554 0.0852

variance V(G)/Vp

Table 3: GCTA-derived statistics for genetic [V(G)] and environmental variance
[V(e)] contributing to phenotypic variance [Vp], calculated separately in males
and females. Variants across the genome (160311 SNPs) were included in the
analysis, and GCTA parameters of disease prevalence in males and females were
taken from prevalence estimates in East Scotland, as published by Pugliatti et al.
(2006): 0.00262 for females and 0.001 for males.

2.3 Results

To get a sense of the gender differential in genetic risk for MS in the Immunochip

data and cohort, I conducted separate association studies in the men and women

of the cohort. Because restricting the association analysis to only one gender

reduces sample size, and because previous work had not found compelling single-

gender associations genome-wide, I started with 144 SNPs found in the discovery

phase of the Immunochip analysis. Output from the stratified association anal-

ysis is visualized in Figure 2, with one point per variant, plotted by male and

female variant effect size (β) for MS, along with error bars representing the stan-

dard errors on β of the B allele, as computed by SNPTEST (Marchini et al., 2007).

The male and female β’s were correlated with an R-squared of 0.263 and p-value

of 5.22e-11. The βs did not have a 1:1 relationship; in the linear model the coef-

ficient for male β was 0.471. Because a linear model is best suited for data with

an independent and dependent variable, whereas each variable is independent in

this relationship, I also used principal components analysis (PCA) to quantify the
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Figure 2: Effect sizes for risk of MS per variant, plotted by value of β in males and
females, with error bars representing the standard error around the β estimate
from SNPTEST. The result of a linear regression of βfemale ∼ βmale is graphed as
the line of best fit, along with the line y = x for reference, which would imply a
one-to-one relationship between male and female βs. The numeric results of the
linear model (lm) are also presented by the r-squared for the line of best fit and
the coefficient for male effect size in the model; slope for a line of best fit was also
estimated using principal components analysis (PCA), dividing the rotation for
female effect size by the rotation for male effect size in the first eigenvector.
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Figure 3: Sum of log10 Bayes factors for 144 immunochip SNPs under Model 5,
correlated effects, with values of the correlation coefficient c ranging from 0 to 1
in increments of 0.01. The value of c with greatest Σ log10BF was 0.42.
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Figure 4: Per-SNP
results for each of
the 144 SNPs in the
Immunochip data pre-
viously highlighted for
their association with
MS. Here, each color
represents a different
model for gender-
genetic interaction,
and the x-axis shows
posterior probability of
the variant following
one of the five models.
M1: fixed effects, M2:
independent effects, M3:
male-specific effect, M4:
female-specific effect,
M5: correlated effects,
with c = 0.42
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Figure 5: On a per-
SNP basis, difference
in model evidence
to evidence for M5.
Color represents the
difference in log10BF
to log10BF for M5 for
each SNP and each
model. Thus, for each
SNP, a positive value
(yellow box) represents
a model having greater
evidence than model 5,
while negative values
(blue) represent models
with less evidence than
model 5. The SNPs
are ordered by greatest
evidence for a model
other than M5. Because
difference is calculated
using the log10BFs,
the difference statistic
plotted here represents
an orders of magnitude
of difference in Bayes
factors, i.e. a statistic
of -2 or +2 represents
100-fold lesser/greater
evidence for a model
versus model 5. The last
column, M5, is shown
simply for reference, as
all values are 0 because
these values were com-
puted by subtracting by
the log10BF of M5 for
each SNP.
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relationship. PC1 explained 75.9% of the variance in the data, and its slope was

0.850. It is likely that the slope calculated by PCA was so much greater than the

linear model slope because of the influence of more extreme values in Figure 2 on

the PCA slope estimate.

Next, I wanted to quantify the deviation from the 1:1 relationship of variant effect

size between males and females. I also thought that looking for a systematic shift

in odds ratio by sex could have been an over-simplification of the variant-gender

interaction, so a per-variant analysis was conducted. A framework of five mod-

els was developed, each corresponding to a distribution of effect sizes for males

and females. The steps of the model are visualized for one SNP in Figure 1.

In order to calculate a realistic correlation coefficient, values of c between 0 and

1 were tested. For each value of c, a Bayes factor was calculated for each SNP

under Model 5. The sum of the SNP log10 Bayes factors using each value of c is

presented in Figure 3. The value of c that maximized the sum of the log10 Bayes

factors, c = 0.42, was considered the best fit for the model of correlated effect

sizes between males and females. The five models — including M5, correlated

effects with c = 0.42 — were tested in all 144 SNPs associated with MS in the

Immunochip data and the resulting posterior probabilities for each model at each

variant are presented in Figure 4.

To test which of the five models would best fit all 144 SNPs, the sum of the

log10BFs for each model over all SNPs was taken. In this case, Model 5, or the

correlative model with a coefficient of 0.42, fits this data best, with approximately

108 times greater evidence than the next-best model, Model 1, based on the Bayes
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factors over all top SNPs. The Σ log10 BF was 1515.885 for M5, versus 1507.106

for M1, 1493.759 for M4, 1490.354 for M2 and 1482.256 for M3.

Although, based on the variants considered all together, M1 (fixed effects) ap-

pears to be the second-best model to fit the data after M5 (correlated effects with

c = 0.42), when I looked at the SNPs for which M5 was not the best fit (Figure 5),

there is a cluster of SNPs that fit M2 (independent effects) better than they do

M5. Notably, when assessed from this perspective, it is clear that are no SNPs

that have strong evidence for M1, M3 (male-specific effect) or M4 (female-specific

effect) that do not also have strong evidence for M2 or M5. It is likely that the

high Σ log10 BF for M1 can be explained by its largely similar evidence to M5, as

apparent in Figure 5; there are no SNPs with substantially (≥ 1 order of magni-

tude) greater evidence for M1 than M5. It is understandable that the evidence

would be similar between M1 and M5 because M1 (fixed effects, c = 1) and M5

(correlated effects with c = 0.42) are both correlative models. Thus, while M5 fits

the data best when all SNPs are considered to follow a single model, a subset of

SNPs appear to follow the model of independent effects (M2).

To understand the relationship between genetics and disease risk in females and

males, GCTA was used to analyze genome-wide SNPs in the Immunochip dataset.

Genetic variance accounts for a greater proportion of phenotypic variance in males

(0.554, SE 0.0852) than in females (0.388, SE 0.0431) (Table 3).
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2.4 Discussion

2.4.1 Discussion of genotype-sex analysis at MS risk variants

Together, these gender-based analyses of genetic risk for MS suggest that gender

plays an important role in modulating genetic risk factors. First, the effect size

of genetic risk variants are generally smaller in females than in males. We used

several methods to estimate how the female and male effect sizes were related

and variously computed the relationship as female βs being between 0.42 (max-

imum likelihood) and 0.850 (principal components analysis) of the male effect

size. Regardless of the method used, female effect size was convincingly less than

male effect size across the SNPs. Perhaps the best estimate of the relationship

was 0.42, which was found by learning a model in which female effect size was

systematically correlated with male effect size; Bayes factors for several values of

the correlation coefficient were computed, and 0.42 was the correlation coefficient

that had the highest Bayes factors across the SNPs analyzed, suggesting that it

was the best fit model given the effect sizes were linearly correlated.

While this finding of a systematically lower effect size in females compared to

males was intriguing, approaching this set of genetic variants all together may

have been an overly broad approach. It is possible that some variants are sensi-

tive to gender and others are not. For example, one could imagine a variant whose

biological effect on MS risk was dependent on progesterone level, resulting in a

gender-biased effect, but it would not necessarily follow that every variant associ-

ated with MS had an important interaction with gender. Therefore, we developed

a framework of five hypotheses, each modeling the relationship between male and
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female effect size for a single variant. The results, displayed in Figure 4, show

that while there may not be a single model that fits any given variant perfectly,

some models fit certain variants better than others, without complete uniformity

across the SNPs tested.

However, if one model were to be used to summarize the sex-genotype relation-

ship for these MS risk variants, Model 5, in which the effect sizes are correlated

with a correlation coefficient of 0.42, would be the best model, with 108 greater

evidence than any other model for all the variants together. Notably, Model 1,

in which the βs for males and females are the same, was not strongly supported

compared to Model 5 for any single variant. There do appear to be a subset of

SNPs that follow Model 2 better than Model 5, suggesting that some variants

have unrelated effect sizes in males and females 5. It is important to note that

Model 5 can be understood as a generalized version of three other models: 1,3

and 4; these models could be derived by using extreme values of c. In the most

simplistic model, one could imagine a set of models comprised of a very flexible

Model 5 plus Model 2 (independent effects). However, the current breakdown is

acceptable in a Bayesian analysis that aims to identify differences between these

five models. Additionally, the impact of choosing σ at 0.2 should have been more

thoroughly explored in order to establish the sensitivity of the results to changes

in this parameter, which is fixed across all models in this analysis.

This analysis has several caveats that preclude a definitive conclusion. Most

importantly, this exploratory analysis relied on a single estimate from a single

cohort. To have real confidence in the conclusions, it would first be necessary
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to carry out permutations of possible data distributions in order to empirically

assess how unusual it is to have such a relationship between male and female

effect sizes. Second, using a replication cohort would be crucial to show that this

finding is not an artifact of the discovery cohort. The issue of the “winner’s curse”

plagues this analysis because I performed the gender-based analysis in the same

dataset in which MS associations were originally discovered, and I looked only at

those SNPs that were previously highlighted. The winner’s curse, with respect

to GWAS, suggests that the discovery cohort, in finding the few SNPs meeting

the significance threshold necessary to be reported as associated with disease, will

also overestimate the effect sizes; therefore, investigating effect size in this same

cohort as a readout of male-female difference may have overstated the differential

effect.

Despite these caveats these results together hint that there may be an over-

all effect of female sex on lower variant effect sizes for MS risk. Based on our

per-SNP analysis, however, there may be certain SNPs with particular evidence

of a gender-specific effect — for example example, rs60600003 (female-specific),

rs7196953 (male-specific), and rs4810485 (male-specific), which all have more than

an order of magnitude greater evidence for a sex-specific effect than for a correlated

effect. These variants are worth further investigation for their specific interaction

with sex.

The systematically lower effect size of genetic risk variants in females was per-

plexing given the higher disease prevalence in females, so I wanted to assess how

well genetics accounts for disease state in males and females. To do this, I an-
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alyzed SNPs across the genome using GCTA and found that genetics accounts

for a higher proportion of phenotypic variance in males than it does in females.

This suggests that the environment plays a larger role in MS risk females. This

analysis would have been improved by the incorporation of power calculations.

This is particularly evident in the GCTA analysis, in which the small sample size,

particularly in males, likely affected the power of the analysis substantially; the

differences in genetic, residual and the ratio of genetic to phenotypic variance

are very small between males and females in the current analysis, so confidence

in true difference would have been augmented by a power calculation or another

enhanced measurement of statistical significance.

2.4.2 A liability threshold model of genotype-sex interaction

I had been assessing genotype-phenotype data using a logistic model of disease but

wondered whether a liability threshold model could be used to understand the re-

lationship between sex and disease risk. In its simplest form, liability variance can

be decoupled into genetic variance and environmental variance. Because I found

a difference in the contribution of genetic variance and environmental variance to

phenotypic variance between males and females using GCTA, I created two mod-

els of gene-environment interaction that could differ between genders and cause a

greater disease burden in females than males: either females have a lower thresh-

old for disease or females have greater liability variance but the same threshold for

disease. I assumed that disease liability was normally distributed and calculated

the parameters of the distributions to fit observed disease prevalence:
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Liability Model 1: Different liability threshold for disease in males and females

LM ∼ N(0, 1);LF ∼ N(0, 1) (6)

TM = 3.09;TF = 2.79

Liability Model 2: Different liability variance between males and females

LM ∼ N(0, 1);LF ∼ N(0, 1.107) (7)

TM = TF = 3.09

L, liability score; T , liability threshold for disease.

For liability model 1, in which both genders have the same variance in disease

liability, I set the distribution in liability to N(0, 1) and calculated the liability

threshold for disease in males and females based on the prevalence estimates in

East Scotland: 0.001 in males and 0.00262 in females (Pugliatti et al., 2006).

Because the distribution of liability was assumed to be N(0, 1), under the liabil-

ity threshold model, prevalence is equivalent to the area under the distribution

curve from the threshold to infinity. To calculate thresholds, I used the R package

qnorm, which returns the boundary value given area (1-prevalence) and distri-

bution parameters (mean=0 and standard deviation=1). Liability threshold was
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Figure 6: Simulations to demonstrate the two liability models that can explain the
difference in MS prevalence between males and females using a liability threshold
model. Each plot shows the distribution of liability scores in a population of
10000 males or females, with distribution shown in the upper left corner of the
plot. (A) and (C) depict liability model 1, in which females (C) have a lower
liability threshold than males (A) for disease, and males and females have the
same liability variance. Liability threshold is calculated based on epidemiological
prevalence estimates in males and females. (B) and (D) illustrate liability model
2: in which a greater liability variance in females (D) than males (B) explains the
higher prevalence, but there is a constant liability threshold between males and
females. Again, a reasonable variance is calculated based on sex-based prevalence
estimates.
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found to be 3.09 for males and 2.79 for females.

For liability model 2, in which the liability threshold for disease is the same

between genders but variance differs, I again assumed both distributions were

normally distributed around 0. I set the liability threshold to be the threshold

calculated for males in model 1, 3.09. I set the liability variance in males to

1, so again male liability was distributed as N(0, 1). It was necessary to find

the appropriate liability variance in females, given a liability threshold of 3.09

and prevalence of 0.00262. The integral of the normal function from the liability

threshold to infinity was set to 0.00262, prevalence in females, so it was possible

to solve for variance using the Gauss error function (also known as erf). The erf

function is coded as: 2 · pnorm(x
√

2)− 1 (as described in the pnorm documenta-

tion in R). Then, the roots of the following function, in the interval [0,10], were

taken to find standard deviation (square root of variance):

0 = 0.5− 0.5 · erf( threshold
SD·
√

2
)− prevalence

By solving for standard deviation, I concluded that female liability should be dis-

tributed as N(0, 1.23) in this liability model.

To simulate the odds ratio (OR) of a variant in males and females, effect size

was set to 0.15 and minor allele frequency was set to 0.2. The male and female

ORs were calculated by assuming a normal distribution of liability, shifted by the

effect size for the minor allele. Then the female to male ratio of the log10OR was

calculated (Figure 6).

49



In this abstract model of how disease risk is distributed in the population, if an in-

dividual’s “liability” (comprised of genetic and environmental factors) passes some

threshold value, an individual develops disease. Under model 1, with fixed vari-

ance but lower liability threshold in females, the female to male ratio of log10ORs

was 0.918. Under model 2, with fixed threshold but higher liability variance in

females, the female to male ratio of log10ORs was 0.831. Compared to the ratio

observed in the data (calculated as the coefficient for male effect size: 0.42, 0.471,

or 0.850, depending on the method), the model with greater liability variance in

females, rather than lower liability threshold in females, came closer to the ob-

served ratio.

A greater liability variance in females than males is consistent with the GCTA

results, because even when analyzing females alone, genetics accounted for a rel-

atively low proportion of phenotypic variance. These results — starting with an

observation of correlated effects with weaker effect size in females than males,

then the GCTA results of a lower genetic explanation for disease in females, and

finally a modeling approach using a liability threshold model — all point to a

greater environmental contribution in females than males in determining MS sus-

ceptibility.

2.4.3 Conclusions from genotype-sex analyses

This multi-pronged analysis of variant-sex interaction in MS risk suggests, first, a

systematic decrease in effect size for risk variants in females compared to males,
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with females effect size being about 0.42 as strong as the male effect size. There are

a few SNPs, notably rs60600003, rs7196953, and rs4810485, which merit greater

investigation for their strong evidence for a gender-specific effect. Second, the

environment may play a greater role in determining disease risk, relative to genet-

ics, in females compared to males. This can be understood in a liability threshold

model, in which the liability of disease, comprehensive of genetic, behavioral, and

other environmental factors, could be distributed with greater variance in females

compared to males, resulting in more females being above the threshold for dis-

ease and presenting as MS cases. This model, combined with the genetic analysis

presented here, suggests that the sex difference in MS prevalence is not due to

a step change in disease risk that comes with being female. Instead, variance in

sex-associated factors, such as hormone levels or X chromosome-based gene ex-

pression, might cause increased variance in MS liability in females. The initially

perplexing observation that genetic risk variants contribute a lower effect size in

females, despite females experiencing an increased risk of disease, could be ex-

plained by risk factors other than genetic risk variants having higher variance in

females than in males. Environmental risk playing a greater role in MS in females

than males is consistent with the epidemiological observation that MS risk has

been increasing, more profoundly in females than males, over the last century

(Koch-Henriksen and Sorensen, 2010; Orton et al., 2006). The population-wide

increase in risk is better explained by environment than genetics, as one hundred

years is too short a time frame for genetic risk to have changed; in parallel, if

females are more strongly affected by environmental risk factors, it is consistent

that women have experienced an even greater increase in MS prevalence. One way

to follow up on this model of high-variance risk factors contributing to additional
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disease risk in females would be to further examine sex-associated environmental

variables in a female-only cohort. This experiment is difficult because so many

variables are associated with sex, but, for simplicity, estrogen, progesterone or

testosterone exposure could be interesting variables to assess. It is possible that

some of these variables, in isolation or together in combination, play a major role

in determining MS risk, diluting a genetic effect.

These analyses are all preliminary and exploratory, as discussed above. The anal-

ysis is limited by the winner’s curse of exploring effect size differences in the same

dataset in which the SNPs were discovered. Additional permutation analyses to

empirically establish statistical significance, as well as confirming these results

in a second cohort would be crucial steps to gain confidence in the hypotheses

generated here. Beyond those concrete confirmatory next steps, another future

experiment would be to use existing transcriptional data in order to understand

functional genomic dimorphism between males and females. I thought that in

order to support the idea that abstract environmental variables altered risk in

males and females, it would be important to analyze gene expression in males

and females, because these environmental variables could also have a differential

impact on the regulatory landscape. Investigating transcriptional differences be-

tween the sexes could offer clues to the pathways implicated in differential disease

risk.
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3 Gender-based transcriptional variation in the

blood

3.1 Introduction

Based on the results of sex-genotype interaction in MS risk, I wondered whether

biological sex might correlate with transcriptional variation that could explain

differential disease risk. MS is far from the only gender-biased disease, and sig-

nificant work has been done in understanding basic biological differences between

genders. In animal models, it has been well documented that genotype and sex

interact in determining eQTL effects (Ober et al., 2008). More recently, a human

study in cell lines found that >10% of eQTLs are sex-specific, and that these

genes are not differentially expressed (Dimas et al., 2012), suggesting that dif-

ferential gene expression and differential eQTL effect are meaningfully different.

It has also been shown that significant and broad transcriptional and regulatory

differences exist between the sexes when whole peripheral blood is examined, from

the perspective of gene expression, gender-specific or gender-biased eQTL effects,

or DNA methylation (Jansen et al., 2014; Zhang et al., 2011; Yao et al., 2014).

eQTL analysis of MS risk variants has also been conducted, and dozens SNPs

and genes have been highlighted for an eQTL relationship (Handel et al., 2010;

Lin et al., 2015). To go beyond either the differential expression analysis or the

eQTL analysis, I wanted to coordinate these two analyses: the intersection of ge-

netic and gender-based MS risk with genetic and gender-based variation in gene

expression could triangulate important pathways in MS pathogenesis.
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I studied both differential gene expression and sex-specific eQTL effects with

a specific focus on variants and pathways that might be relevant in MS. Gene

expression analyses were conducted on raw gene counts taken from RNAseq of

whole blood collected from 922 individuals enrolled in a depression cohort (Battle

et al., 2014). I had three aims: first, to characterize differential gene expression,

with the goal of confirming that broad differential gene expression is observed in

this dataset (and see whether differentially expressed genes could be characterized

by any known pathways that might be relevant in MS); second, to see whether

established cis-eQTLs for this cohort were sex specific; and third, to find MS risk

variants that showed evidence of being eQTLs based on this dataset and, more

specifically, to find those MS risk variant eQTLs for genes that were also impli-

cated by differential regulation based on gender.

3.2 Methods

3.2.1 Preliminary data processing

RNAseq data was preprocessed by Battle et al. (2014) and raw gene count data

was obtained. Data was representative of whole blood RNA sequencing in 922

individuals, comprised of 275 males and 647 females. Included with the genotype

and gene count data was a set of biological and technical covariates for each of

the 922 participants, split into technical and biological covariates. Correlation of

technical covariates with sex is shown in Table 4.
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For the raw counts of each of the 15231 genes in the dataset, I regressed out

technical covariates: sequencing depth, percent hemoglobin, individual-specific

GC, individual-specific exon length, RNA yield, globin flag (technician), percent

duplicated reads, number of coding bases, number of intergenic bases, number of

intronic bases, median 3prime bias, median 5prime bias, median 5prime to 3prime

bias, median CV coverage, percent coding bases, percent intergenic bases, percent

intronic bases, percent mRNA bases, percent usable bases, percent UTR bases,

number of PF aligned bases, number of PF bases, number of UTR bases, time

of day, and the first 5 principal components of genotype (Battle et al., 2014).

Biological covariates were included in subsequent steps of the analysis.

3.2.2 Differential transcription characterization

Next, I set out to see which genes were differentially expressed between males

and females. I considered the following biological covariates: current alcohol

use, age at interview, current BMI, cigarettes per day, whether the participant

smoked before, whether the participant exercised before, whether the participant

used cannabis in the prior week, whether the participant ate before, or whether

the participant used any of the following drugs: ACE inhibitor, beta blocker,

diuretic, blood pressure medication, oral birth control pills, anticholinergic med-

ication, decongestant medication, oral hypoglycemic medication, cholesterol low-

ering medication, NSAIDs, thyroid medication, proton pump inhibitors, opiates,

anti-histamines, and stimulant decongestant. For each gene, I built a linear model

using forward stepwise regression. For reference, the correlation of these biological
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Technical covariate p-value,
Correlation with sex

sequencing depth 0.006371
% hemoglobin 0.9301

individual-specific GC 0.1905
individual-specific exon length 0.1083

RNA yield 0.007459
globin flag (technician) 0.07494

% duplicated reads 0.004559
number of coding bases 0.003489

number of intergenic bases 0.002726
number of intronic bases 0.0005169

median 3prime bias 0.5167
median 5prim bias 0.1541

median 5prime to 3prime bias 0.2987
median CV coverage 0.01843

% coding bases 3.94E-07
% intergenic bases 3.37E-05
% intronic bases 3.63E-07
% mRNA bases 4.08E-06
% usable bases 4.08E-06
% UTR bases 0.000364

number of PF aligned bases 0.2988
number of PF bases 0.2993

number of UTR bases 0.02455
time of day 0.6582

genotype PC1 0.1184
genotype PC2 0.8946
genotype PC3 0.2078
genotype PC4 0.3654
genotype PC5 0.439

Table 4: For reference, correlation between technical covariates and sex, as com-
puted using a univariate linear model. Significance for time of day was computed
using a chi-square test because it is coded as a factor for am/pm.
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covariates with sex is displayed in Table 5. The basic model was:

gene expression residual ∼ intercept + sex

The full model additionally included all biological covariates, which were added

in using a stepwise formula. The effect size for sex in the final model, along with

its standard error and the p-value testing whether the effect size was significantly

nonzero, were all recorded. P-values were corrected for multiple comparisons by

using the Benjamini and Hochberg method, also known as FDR.

3.2.3 Pathway analysis of differentially expressed genes

After seeing that there were 5377 genes that were differentially expressed at an

FDR<0.05, I wanted to examine the underlying structure of the gene expression

data to elucidate pathways with great gender dimorphism. I used the gene ex-

pression residuals (after regressing out technical covariates) for these 5377 genes

in 922 individuals and conducted principal components analysis (PCA) using the

prcomp package in R. I used the resulting scores matrix, with a value correspond-

ing to each individual, to investigate which of the top 10 principal components,

which together explained 85.3% of inter-individual variation, were most highly

correlated with sex. To do this, I made another multivariate linear model. The

base model was, again:

gene expression residual ∼ intercept + sex

and the full model included, again, all biological covariates, as above. I used the

p-value associated with sex in the model to understand how closely each principal

component correlated with sex.
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Biological covariate p-value
Correlation with sex

current alcohol use 0.00163
age at interview 0.2087

current BMI 0.6756
cigarettes per day 0.9062

participant smoked before 0.9311
participant exercised before 0.5756

participant used cannabis in the prior week 0.006228
participant ate before 0.004081

Medication use:
ACE inhibitor 0.05706
beta blocker 0.5141

diuretic 0.2982
blood pressure medication 0.06187

oral birth control pills 3.81E-09
anticholinergic medication 1
decongestant medication 0.9276

oral hypoglycemic medication 0.358
cholesterol lowering medication 0.003159

NSAIDs 0.1693
thyroid medication 4.08E-05

proton pump inhibitors 0.2546
opiates 0.3773

anti-histamines 0.811
stimulant decongestants 0.9983

Table 5: Correlation between biological covariates and sex. Univariate linear
regression was used for continuous variables (current alcohol use, age at interview,
current BMI, cigarettes per day, blood pressure medicines — presented as number
of medications); all other variables were assessed using a chi-square test.
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Next, I looked at which genes had the highest magnitude loadings in each of

the top 10 principal components. I extracted the genes with the 1% highest ab-

solute value loadings (i.e. 54 genes with highly positive loadings and 54 genes

with highly negative loadings). These genes were inputted into the Database for

Annotation, Visualization and Integrated Discovery (DAVID) (Huang da et al.,

2009a,b) and results for DAVID’s cluster 1 output were manually summarized.

3.2.4 Sex interaction analysis of established cis-eQTLs

Cis-eQTLs established from the original Battle study were evaluated across the

Battle cohort in males and females separately. The process for determining cis-

eQTLs was slightly different than that used by Battle et al. and was somewhat

more conservative. I took the list of 10914 gene-SNP pairs published as cis-eQTLs

in the original analysis and employed a new analysis. In this analysis, I regressed

out technical covariates, as described above, but in two separate analyses, after

splitting the cohort by males and females. Because of missing data, the number

of SNP-gene pairs was reduced to 10865.

Next, the per-gene residuals from the first regression were included in a second

multivariate regression. For each SNP-gene pair from the published cis-eQTL list,

a forward stepwise regression was conducted. The minimal model was gene resid-

ual ∼ SNP and the biggest model included the SNP and, as before, the following

biological covariates: current alcohol use, age at interview, current BMI, cigarettes
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per day, smoke before, exercise before, ate before, cannabis use in the past 2 weeks,

ACE inhibitor, beta blocker, diuretic, blood pressure medications, birth control

medication, anticholinergic medicines, decongestant medicines, oral hypoglycemic

medicines, cholesterol lowering drugs, thyroid medicines, PPI, opiates, anti his-

tamines, and stimulant decongestant. Notably, gender was not included in this

model. The coefficient for the SNP, its standard error, and the associated p-value

were recorded.

3.2.5 eQTL and sex interaction analysis of MS variants

At this point, I had characterized the genes whose transcripts were quantified

in Battle et al. (2014) for differential transcription, and I had also assessed sex-

specific effects in established cis-eQTLs across the genome. I wanted to combine

these approaches in looking specifically at MS risk variants: I wanted to assess

which variants were eQTLs, which genes implicated by these eQTLs were dif-

ferentially expressed between males and females, and whether there were any

interaction effects between sex and genetic variant on gene expression.

To examine the MS risk variants in the data from Battle et al. (2014), these

SNPs needed to be imputed in the Battle genotype dataset. Haplotypes were in-

ferred using SHAPEIT (Delaneau et al., 2013); untyped SNPs were imputed using

IMPUTE version 2 and all samples from phase 3 of the 1000 Genomes Project as

a reference (Howie et al., 2009). 147 SNPs were successfully imputed in the Battle

dataset. A histogram of imputation scores is presented in Figure 7. I considered
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Figure 7: Imputation accuracy for 147 MS risk variants imputed in the Battle
dataset. Imputation accuracy is assessed by the info score, which is reported for
the imputation at every SNP. This histogram shows the distribution of info scores
for the imputed MS risk variants. Variants with an info score less than 0.75 were
considered to have too low imputation certainty and were not included in later
analyses.
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variants with info scores less than 0.75 to have too low imputation certainty to be

reliable and were therefore excluded from subsequent analyses. Of the 150 variants

listed as the top hits in the discovery phase of the MS GWAS (International Mul-

tiple Sclerosis Genetics Consortium et al., 2013), six were removed at this point:

rs116670682, rs116178502, and rs371522651 (also known as imm 5 141486748) due

to low imputation info score; and rs201847125, rs201202118, and rs523604 due to

no match in imputation. The analysis continued with 144 variants.

Simultaneously, I had curated a list of genes surrounding each SNP that could

be considered for cis-eQTL effects. To do this, I used a file included alongside

the Battle et al. (2014) dataset that included genes and their chromosomes and

positions to ensure that the position and naming schemes matched as closely as

possible to the genotype and gene expression datasets we were using. I looked for

genes with a start position within one megabase of the SNP position, creating a

gene list for each SNP.

Then, I used the gene expression residuals calculated above, by regressing out

technical covariates, as the dependent variable in our next linear model analysis.

Using the entire cohort of males and females, I created a linear model for each

gene-SNP pair, using all genes in all gene lists, which resulted in 2319 genes being

tested with each SNP. (Because enrichment in cis effects is expected, computing

statistics for trans effects in parallel could act as an internal control.) I again con-

sidered the following biological covariates: current alcohol use, age at interview,

current BMI, cigarettes per day, whether the participant smoked before, whether

the participant exercised before, whether the participant used cannabis in the
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prior week, whether the participant ate before, or whether the participant used

any of the following drugs: ACE inhibitor, beta blocker, diuretic, blood pressure

medication, oral birth control pills, anticholinergic medication, decongestant med-

ication, oral hypoglycemic medication, cholesterol lowering medication, NSAIDs,

thyroid medication, proton pump inhibitors, opiates, anti-histamines, and stim-

ulant decongestant. For each gene-SNP pair, I started with a null model (gene

expression residual ∼ β0) and used forward stepwise regression to build up the

model to include biological covariates, up to a model that included all biological

covariates if necessary. From this base model of gene expression residual, I then

built three linear models. In the first, just the SNP genotype was added; in the

second, SNP and sex were added to biological covariates; in the third, SNP, sex

and a sex:SNP interaction term were added to biological covariates.

3.3 Results

3.3.1 Differential transcription characterization and pathway analysis

In the broad differential expression analysis of whole blood RNA-seq data, it was

clear that there were large transcriptional differences between males and females.

I used a two-step linear model approach, first regressing out technical covariates

and then building a model with the gene expression residual and sex, plus bio-

logical covariates added through forward stepwise regression. Using this method,

of the 15231 genes analyzed, 5377 genes were differentially expressed at an FDR

p<0.05 (Figure 8). The most extreme outlying genes are labeled in Figure 8.
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Figure 8: Differential gene expression between males and females, with data from
whole blood, collected by Battle et al. (2014). Raw counts were first used in a
linear regression with technical covariates, and the gene expression residuals were
included in a second linear regression, which included an intercept term and sex
in the basic model and added in biological covariates using a forward stepwise
regression. The coefficient for the sex term in the final model corresponds to
fold change in gene expression based on being female as compared to male and is
graphed on the x-axis. The p-value for the coefficient being nonzero is graphed
on the y-axis, after correction for multiple comparisons using the Benjamini and
Hochberg method. Extreme values, both in significance and in magnitude of
change, are labeled by gene name.
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% variance Multivariate PC genes DAVID Cluster 1 Cluster 1
explained p-value for sex summary score

PC1 bottom plasma membrane 3.031

35.93 4.54E-04
PC1 top cytoplasmic organelles 2.953

and acetylation
PC2 bottom plasma membrane; signal 3.171

peptide; disulfide bonds
and glycoproteins

14.52 3.60E-08
PC2 top translation: cytosolic 26.124

ribosome, RNA binding
PC3 bottom translation: cytosolic 19.697

ribosome, RNA binding
7.98 7.94E-09

PC3 top actin cytoskeleton 5.972
PC4 bottom plasma membrane 4.386

7.07 0.3418
PC4 top translation: cytosolic 13.577

ribosome, RNA binding
PC5 bottom plasma membrane 2.124

4.84 1.08E-03
PC5 top translation: cytosolic 9.382

ribosome, RNA binding
PC6 bottom plasma membrane 3.043

4.41 0.1472
PC6 top translation: cytosolic 20.515

ribosome, RNA binding
PC7 bottom signal peptide; disulfide 4.796

bonds, glycosylation and
glycoproteins

3.4 4.03E-13
PC7 top translation: cytosolic 17.533

ribosome, RNA binding
PC8 bottom defense, inflammatory 1.592

and wound response
2.94 2.29E-04

PC8 top translation: cytosolic 14.308
ribosome, RNA binding

PC9 bottom cell, leukocyte migration; 3.435
cell motility

2.57 0.1141
PC9 top translation: cytosolic 7.705

ribosome, RNA binding
PC10 bottom translation: cytosolic 12.743

ribosome, RNA binding
1.69 0.8094

PC10 top defense, inflammatory 5.378
and wound response

Table 6: DAVID pathway analysis of the top 10 principal components from PCA
of differentially expressed genes between males and females. The multivariate
p-value for sex represents the p-value of the coefficient for the sex term being
nonzero. The multivariate regression was computed using a stepwise approach,
from a basic model that included just intercept and sex terms, with biological
covariates added in to make the full model. Genes with the highest magnitude
loadings — the top 1% and the bottom 1% — were then included in separate
pathway analyses via DAVID, and DAVID annotation results for cluster 1 are
manually summarized, along with enrichment score from DAVID.
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RPS4Y1, which was found to be much more highly expressed in males, is Riboso-

mal Protein S4, Y-Linked; RPS4X, which was found to be more highly expressed

in females, is Ribosomal Protein S4, X-Linked, but, despite its location on the X

chromosome, is not inactivated. The genes are homologs and both encode ribo-

somal protein 40S, but from different sex chromosomes (Fisher et al., 1990). It is

reassuring that these sex chromosome linked genes were the genes most extremely

differentially expressed.

I then wanted to dissect patterns in this vast number of differentially expressed

genes. Using the residuals of gene expression found by regressing out technical

covariates, we conducted principal components analysis. For the top 10 principal

components, we assessed which were most highly correlated with sex by using a

stepwise multivariate linear regression. As shown in Table 6, PCs 7, 3, 2, 1, 8, and

5 were all significantly correlated with sex (in order of lowest p-value). The genes

that were most important in these 10 PCs, as assessed by highest 1% and lowest

1% loadings, were then included in pathway analysis via DAVID. A summary of

the DAVID output for cluster 1 annotation is presented in Table 6. In general,

fundamental cellular pathways and processes were highlighted in this analysis, as

evidenced by the frequent annotations of, for example, translation components or

cytoplamic organization.
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3.3.2 Sex interaction analysis of established cis-eQTLs

To explore the links that triangulate gender, genetics and transcription, I then

wanted to investigate whether established cis-eQTLs in the Battle data exhibited

gender dimorphism in effect size, as MS variants did. I used a more conservative

approach to detect eQTLs than was used in the published study but limited the

analysis to cis-eQTLs that were found in that study.

I split the cohort by sex and conducted our eQTL analysis on each group sepa-

rately, which necessarily resulted in a loss of power. To ensure that the method

was detecting similar eQTLs as in the Battle study, I compared p-values of each

SNP-gene between the female and male analyses to corresponding p-values in

the original study (Figure 9). As expected, p-values were systematically higher

(lower -log10P) in each of the present analyses versus the original study, explained

by splitting the cohort and therefore substantially reducing sample size from the

original 922 participants to subsets of 647 (females) and 275 (males). Power was

likely further reduced by our conservative method of finding eQTLs. However, the

correlation in p-values to Battle p-values was high, with an R-squared of 0.695 in

the female analysis and 0.696 in the male analysis. Based on these results, I was

fairly confident that the method had sufficient power to detect cis-eQTLs (and

did not over-inflate significance) and was highlighting similar eQTL effects as the

original analysis.

Next, I investigated SNP effect size between males and females. Interestingly,

unlike the results for effect size at MS risk variants, genome-wide eQTL SNP co-

efficients were highly correlated between males and females, with an R-squared
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of 0.901 and p-value <2.2E-16. Variant effect size was also very similar between

males and females, as demonstrated by the line of best fit having a slope of 1.02.

As indicated in Figure 10, some eQTLs were highlighted as significant in both

males and females, in males only, in females only, or neither group. eQTLs that

were significant in neither group were expected because all pairs were included

from the original Battle analysis, including those that did not reach significance

using this method with the stratified cohort.

Based on this result, it appeared that genome-wide cis-eQTLs did not gener-

ally have differential effect size between males and females, nor did there appear

to be outliers from the y = x line that might follow a model of sex-specific effect

size. I still wondered how MS risk variants, which exhibited differential effect

on disease risk between males and females, behaved in the sexually dimorphic

transcriptional landscape.
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Figure 9: cis-eQTL SNP-gene pair p-value comparison between computed p-
values and p-values reported in Battle et al. (2014). Shown is both the line y = x
and the line of best fit, determined by linear regression, along with the statistics
accompanying the linear regression. Because log0 produces infinite values, any in-
finite values were set to 500 before being included in the linear regression. Of note,
the original p-values were computed using the whole cohort, while each of these
represent a process of finding eQTLs in the cohort split between females (n=647)
and males (n=275), consistent with systematically higher p-values, evidence of
the reduced power in these analyses.
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line of best fit
y=x

rsquared=0.901
adjusted rsquared=0.901

intercept coef=1.35; intercept p=0.664
slope coef=1.02; slope p=0

Figure 10: SNP coefficients in cis-eQTL analysis of SNP-gene pairs highlighted in
the original analysis by Battle et al. (2014). Each point represents an established
SNP-gene pair that exhibited an eQTL relationship in the original analysis. Error
bars represent standard error around the estimate of SNP coefficient effect size.
Points and error bars are colored by significance; in this analysis, there were some
SNPs that were significant only in females or only in males, along with some SNPs
that were significant in both groups or neither group.
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3.3.3 eQTL and sex interaction analysis of MS variants

After building a set of linear models for the relationship between gene expression

residual and SNP, sex and sex-SNP interaction, p-values on the SNP term were

corrected for multiple comparisons using the Benjamini and Hochberg method,

also known as FDR. A SNP-gene pair was considered to be significant if the

FDR-corrected p-value on the SNP β from the model:

gene expression residual ∼ biological covariates (selected via forward stepwise

regression) + SNP + sex

was less than 0.05. P-values for sex in the above model were also FDR-corrected

for multiple comparisons. In addition, the p-value on the β for the interaction

term in the third model was also FDR-corrected:

gene expression residual ∼ biological covariates (selected via forward stepwise

regression) + SNP + sex + sex:SNP

QQ plots for each set of p-values is presented in Figure 11, showing the most

skew from expected p-values under the null model in SNP effect sizes. The subset

of gene-SNP pairs that met the criteria for a significant eQTL were then further

assessed for the significance of sex and the sex:SNP interaction term.

333936 SNP-gene pairs were assessed, 2828 of which were potential cis-eQTLs

and 331108 potential trans-eQTLs (i.e. 0.847% cis-eQTL). Just 108 met the cri-

teria for a significant eQTL (Figure 12a. Of these, 91 were cis-eQTLs and 17 were

trans-eQTLs (i.e. 84.3% cis-eQTLs), showing that the analysis was enriching for

cis effects, as expected.
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I had fitted both sex and SNP as fixed effects; of the SNP-gene pairs that ex-

hibited an eQTL relationship, sex had a significantly (FDR < 0.05) non-zero

effect size in 32 pairs (Figure 12b). These SNP-gene pairs were considered impor-

tant because sex and MS variant both have effects on expression of the same gene.

These 32 pairs comprised 24 different SNPs affecting 32 different genes (Table 7).

A few gene-SNP pairs are particularly noteworthy in this set of 32. First, some

pairs have the same direction of effect for the MS risk allele and for female sex; I

focused on a few with high magnitude effect sizes. rs9808753 stands out as a cis-

eQTL for IFNGR2, the IFN-γ receptor. The SNP coefficient of effect size on the

IFNGR2 expression residual is 695 (FDR-corrected p-value 0.000369) and the sex

coefficient is 468 (FDR-corrected p-value 0.00407) (Figure 13a). Another pair of

interest is rs7260516, a cis-eQTL for FPR1; the coefficient for the MS risk allele’s

effect on the FPR1 expression residual is 5440 (FDR-corrected p-value 0.00135)

and the coefficient for being female is 7881 (FDR-corrected p-value 6.37E-06)

(Figure 13b). Second, there were some pairs with opposite effect directions be-

tween the MS risk allele and being female. An example is shown in Figure 13c, in

which rs11554159 is a cis-eQTL for IL12RB1; the MS risk allele, G, has an effect

size on the IL12RB1 expression residual of 151 (FDR-corrected p-value 4.45E-05),

while being female has an effect size of -121 (FDR-corrected p-value 0.00449) (see

Table 7).

As evident from Figure 12c, in the set of significant eQTLs, there were no pairs

with a significant sex-SNP interaction term. There were five pairs that were sig-
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nificant at a significance level of FDR < 0.05 in the dataset overall. They were

all trans effects; trans effects were included mainly as negative controls, but it is

possible that there were true signals in the set of trans SNP-gene pairs. First,

in order to check whether the interaction term was significant simply because of

overfitting, I validated that p-values for the effect size of the interaction term

were correlated with the p-values of the likelihood ratio test between the model

including the interaction and the model including both SNP and sex but no in-

teraction term (not shown). Then, I manually inspected the genotype data for

these five pairs. In all cases, the signal was driven by outlying genotype:sex pairs,

with an outlying genotype:sex state defined by at most 5 individuals belonging

to a particular sex and a particular genotype class. Thus, I conclude that there

were no significant sex:SNP eQTL interactions in this set of MS variants and this

transcriptional dataset.
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(a) QQ plot of pvals for SNP significance in eQTL analysis

(b) QQ plot of pvals for sex significance in eQTL analysis

(c) QQ plot of pvals for sex:SNP interaction significance in eQTL anal-
ysis

Figure 11
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Figure 11: (Previous page.) QQ plots of expected and observed p-values for each
of three sets of p-values: (A) SNP effect size being unequal to 0, (B) sex effect
size being unequal to 0, and (C) sex:SNP interaction effect size being unequal to
0.
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(a) eQTL significance for MS SNPs; model: gene expresion residual ∼ covariates + sex + SNP

(b) sex significance for MS SNPs that are eQTLs; model: gene expresion residual ∼ covariates + sex + SNP

(c) sex:SNP interaction significance for MS SNPs that are eQTLs; model: gene expresion residual ∼ covari-
ates + sex + SNP + sex:SNP

Figure 12
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Figure 12: (Previous page.) eQTL analysis of MS variants imputed in the Battle
et al. (2014) dataset. (A) FDR-corrected p-values for the SNP effect size on gene
expression residual not being equal to 0; the 108 SNP-gene pairs meeting the
criterion of FDR < 0.05 were considered significant eQTLs. (B) FDR-corrected
p-values for the sex effect size not being equal to 0; of the 108 SNP-gene eQTL
pairs, 32 gene expression residuals had a significant sex effect. Colors and symbols
refer to the direction of effect based on gender and MS risk allele in genes with
significant eQTL and sex effects (FDR < 0.05). (C) FDR-corrected p-values for
the sex:SNP interaction term not being equal to 0; none of the 108 SNP-gene
eQTL pairs met the threshold of FDR < 0.05 for a significant eQTL interaction
term.

(a) Boxplot of rs9808753 genotype and sex factors along with gene ex-
pression residual for IFNGR2, after regressing out technical covariates.

Figure 13
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(b) Boxplot of rs7260516 genotype and sex factors along with gene ex-
pression residual for FPR1, after regressing out technical covariates.

(c) Boxplot of 11554159 genotype and sex factors along with gene ex-
pression residual for IL12RB1, after regressing out technical covariates.

Figure 13
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Figure 13: (Previous two pages.) These gene-SNP pairs, (A) rs9808753/IFNGR2,
(B) rs7260516/FPR1 and (C) rs11554159/IL12RB1, are highlighted in the group
of 32 SNPs that, after correcting for multiple comparisons, both showed a sig-
nificant eQTL relationship and had a significant sex term. A genotype of “2”
represents being homozygous for the MS risk allele: GG in rs9808753/IFNGR2,
TT in rs7260516/FPR1, and GG in rs11554159/IL12RB1. In all cases the MS
risk variant correlates with increased gene expression. In (A) rs9808753/IFNGR2
and (B) rs7260516/FPR, being female correlates with gene expression change in
the same direction as the risk variant — an increase in gene expression residual.
In (C), the effects act in opposite directions; being female correlates with a de-
creased IL12RB1 expression residual. Individuals are split by their genotype, on
the x-axis, ranging from 0 to 2 based on dosage of the MS risk allele, and by sex,
as indicated by color. Because these SNPs were imputed in this dataset, many
individuals are not cleanly 0, 1 or 2, but imputed genotypes are rounded for the
purpose of visualizing.
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snp gene eqtl risk protective risk allele risk allele sex sex sex snp risk allele risk allele sex and best
type allele allele freq from freq, Battle FDR coefficient coefficent FDR coefficient coefficient risk allele genetic

GWAS, USA SE SE direction model
rs3748817 C1orf93 cis T C 0.659 0.656 5.19E-17 -148 15.8 1.74E-17 103 10.5 opposite M1
rs3748817 MMEL1 cis T C 0.659 0.656 1.18E-11 -13.1 1.73 4.1E-13 9.92 1.15 opposite M1
rs6498184 KLRC1 trans C T 0.836 0.835 2.31E-07 -41.2 7.08 0.0239 -28.1 6.21 same M1

rs12087340 CNN1 trans T C 0.0825 0.0803 2.75E-07 9.01 1.56 0.00938 8.44 1.77 same M3
rs7260516 FPR1 cis T G 0.355 0.361 6.37E-06 7.88E+03 1.54E+03 0.00135 5.44E+03 1.05E+03 same M1
rs4976646 RGS14 cis C T 0.349 0.331 1.06E-05 636 128 0.00128 449 86.1 same M1

rs11554159 KIAA1683 cis G A 0.723 0.729 7.25E-05 53.6 11.8 2.43E-07 -56.9 8.45 opposite M3
rs71624119 ANKRD55 cis G A 0.754 0.767 8.14E-05 52.6 11.7 7.35E-20 93.5 8.94 same M5
rs7120737 ACP2 cis G A 0.128 0.147 0.000165 -82.2 19.1 0.00043 -98 18 same M5
rs1123072 C16orf86 cis G A 0.947 0.953 0.000166 -14.5 3.38 2.79E-10 39.2 5.06 opposite M1
rs1123072 DUS2L cis G A 0.947 0.953 0.000221 -76.2 18 1.72E-42 -410 26.8 same M1
rs3803170 TMEM116 cis A G 0.797 0.794 0.000573 23.3 5.88 0.0215 -21.4 4.7 opposite M3

rs11052877 CDC42BPG trans G A 0.378 0.385 0.000654 16.2 4.14 0.0239 12.2 2.69 same M2
rs1920296 FBXO40 cis C A 0.612 0.606 0.000673 -2.01 0.513 1.14E-14 3.15 0.346 opposite M5
rs6716355 UBE2E3 cis G T 0.304 0.316 0.000998 -35.6 9.35 0.0405 28 6.39 opposite M1
rs3004212 RET cis C T 0.733 0.729 0.00128 -4.76 1.28 0.0313 -4.13 0.928 same M1
rs4076437 RAB43 cis C T 0.117 0.119 0.00207 44 12.3 0.00822 59.9 12.5 same M4
rs7120737 PTPRJ cis G A 0.128 0.147 0.00293 479 139 0.00941 611 129 same M5
rs9808753 IFNGR2 cis G A 0.133 0.138 0.00407 468 140 0.000369 695 127 same M3

rs11554159 IL12RB1 cis G A 0.723 0.729 0.00449 -121 36.5 4.45E-05 151 25.8 opposite M3
rs34536443 CTLA4 trans G C 0.957 0.952 0.00461 20.3 6.14 0.0272 -41.7 9.29 opposite M3
rs12946510 PNMT cis T C 0.453 0.466 0.00466 -1.63 0.492 0.00652 -1.52 0.313 same M1
rs1077667 TNFSF14 cis C T 0.801 0.774 0.00783 133 42.5 0.000827 -179 33.7 opposite M3
rs7132277 CDK2AP1 cis T C 0.191 0.184 0.0106 -47.7 15.8 1.85E-14 -115 12.7 same M4

rs55838263 GPR25 cis A G 0.723 0.73 0.0121 25.6 8.66 1.22E-13 -57 6.5 opposite M4
rs3848368 TMEM8A cis T G 0.474 0.456 0.0124 382 129 1.57E-47 1.37E+03 84.4 same M1
rs694739 CCDC88B cis A G 0.629 0.619 0.0218 -706 258 0.00165 871 169 opposite M5

rs4794058 TBKBP1 cis T C 0.511 0.508 0.0248 168 62.4 3.29E-54 701 40.1 same M1
rs1123072 ZDHHC1 cis G A 0.947 0.953 0.0262 -13 4.88 1.16E-07 -50.4 7.35 same M1
rs7120737 NR1H3 cis G A 0.128 0.147 0.0269 -17 6.41 0.0183 -27.7 6.03 same M5
rs7132277 SETD8 cis T C 0.191 0.184 0.0298 -14.3 5.46 1.14E-31 59.1 4.49 opposite M4
rs9808753 ITSN1 cis G A 0.133 0.138 0.0408 -11.8 4.77 0.00101 -23.4 4.44 same M3

Table 7: Summary of SNPs and genes highlighted through an intersection of MS risk variants and differential transcriptional
analysis by sex. The SNP ID is presented, along with the gene for which it is an eQTL and the type of eQTL. Effects
are presented for the MS risk allele relative to the protective allele; the risk allele frequency is presented from the original
Immunochip GWAS in the cohort from the USA for reference (International Multiple Sclerosis Genetics Consortium et al.,
2013), as compared with the frequency of the risk allele in the Battle dataset. Next, the results for sex correlation with
gene expression residual and SNP correlation with gene expression residual are presented. For some SNP/gene pairs, the
risk allele acts in the same direction on gene expression as being female does, but in some the two act in opposite directions.
Finally, for reference, the genetic model with the greatest evidence for sex-SNP interaction in influencing MS risk is listed.
(M1: fixed effects, correlated with c = 1, M2: independent effects, M3: male-specific effect, M4: female-specific effect, M5:
correlated effects with c = 0.42.)



3.4 Discussion

This analysis first showed that there were significant differences in expression of

thousands of genes between males and females in the blood. Importantly, these

results supported earlier studies in different datasets and using different protocols

that showed differential gene expression in the blood. However, the incredible

number of genes that were significantly expressed made it difficult to develop an

a priori conception for which of these differences may be important in creating

differential immune regulation that may in turn impact MS risk differently in men

and women. Despite efforts to delve further into the differentially expressed genes

using principal components analysis and gene ontology pathway analysis, it was

not possible to establish a clear link between patterns in differential expression

and specific immune function that might link to MS risk.

As highlighted by the examples of ribosomal genes on the X and Y chromo-

somes in Figure 8, some of the differentially expressed genes in this analysis are

contributed by X/Y chromosomal differences. I did not conduct a separate anal-

ysis of differentially expressed genes limited to the autosomes, though it would be

interesting to see what proportion of the differentially expressed genes were ac-

tually attributable to differences in sex chromosome complement. Looking at sex

chromosomes alone would also allow some understanding of the extent to which

dosage compensation mediates differences in the X chromosome complement be-

tween males and females regarding gene expression. For this preliminary analysis,

however, my main goal was to understand how global transcriptional differences –

on sex chromosomes or autosomes – might mediate MS susceptibility, rather than

dissecting the contributions of autosomal vs sex chromosome genes. Separating

81



the analyses would be a fascinating future study.

An analysis of gender-specific eQTLs was necessary to see how genetics and gen-

der might intersect to inform different biology in males and females and therefore

differential disease risk. The effect size for eQTL variants was fairly equal between

males and females, as supported by the line of best fit having a slope of 1.02 and by

the high R-squared, 0.901, but I was still interested in understanding how MS risk

variants affect gene expression, potentially influenced by or in line with sex effects.

To combine these two approaches — variant-based differences in gene expression

and sex-based differences in gene expression — with MS, the top SNPs associated

with MS were examined. First, SNPs that were eQTLs were highlighted; from

this list, it was particularly interesting, first, to see which genes had differential

expression based not only on genetic variant but also on sex, and second, to look

for sex-genotype interaction effects on gene expression.

Although there were no variants with a significant interaction between sex and

variant genotype, there were 32 SNP-gene pairs that have been significantly corre-

lated with MS, were eQTLs and were differentially expressed between males and

females.

Likely most promising investigation of MS risk are the genes that are affected

in the same direction by the MS risk variant and being female. The principle of

eQTL studies is to uncover how disease-associated variants act through biological

pathways, perhaps by affecting gene expression, to increase disease risk. If an-
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other risk factor, sex, is also associated with the same direction of gene expression

change, it is reasonable to triangulate between disease state, genetics, sex and

gene expression to implicate that gene in MS pathogenesis. A few SNPs stood

out for their significance and magnitude of effect size, with the same direction of

effect between being female and having the MS risk variant.

First, rs9808753, a cis-eQTL for IFNGR2, reinforces the importance of the IFN-γ

pathway in multiple sclerosis. Both the risk allele, G, and being female correlate

with increased expression of IFNGR2, the gene that encodes part of the IFN-γ

receptor. It has been known for many decades that IFN-γ makes multiple sclerosis

patients worse; recombinant IFN-γ was once thought to be a potential therapy

through immune modulation but then was shown to have a negative effect clin-

ically in MS patients (Panitch et al., 1987). Increased expression of a receptor

component may cause increased responsiveness to IFN-γ, potentially mimicking

the effect of treating with recombinant IFN-γ. In line with this pathogenic mech-

anism, anti-IFN-γ has shown to be therapeutically successful for another autoim-

mune disease, rheumatoid arthritis (Sigidin et al., 2001). Based mostly on EAE

models, some have argued that IFN-γ is protective and anti-IFN-γ deleterious in

MS risk (Duong et al., 1992). Not only are the IFNGR2 results presented here

biological plausible, the analysis implies that IFN-γ signaling may be implicated

in MS pathogenesis, so anti-IFN-γ may be useful in MS patients.

As a second example, rs7260516 is a cis-eQTL for FPR1. As in the first example,

both being female and having the MS risk allele, T, correlate with an increased

FPR1 expression residual. This gene is less clearly implicated in MS pathogenesis
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than IFNGR2 is. FPR1, formyl peptide receptor 1, encodes a G-protein coupled

receptor important in the innate immune response; it is a pattern recognition

receptor that, when activated, causes activation of neutrophils (Mantovani et al.,

2011). In multiple sclerosis patients, neutrophils have been found to be primed

for activation, with higher expression of FPR1 (Naegele et al., 2012). The ap-

proach presented here provides an unbiased approach that highlights FPR1 and,

by extension, likely neutrophil activation, in MS; further work on the significance

of FPR1 in MS pathogenesis could investigate its potential as a therapeutic target.

While, on first glance, the most interesting SNPs may be those with a consis-

tent direction of effect between the two risk factors of sex and MS risk variant,

it is not unreasonable that some would show an opposite effect; multiple factors

contribute to MS risk, and genes act through complicated pathways, so there is no

need for the MS risk variant and being female to correlate with gene expression in

the same direction in every case. One particularly interesting example of gene ex-

pression effect acting in opposite directions by variant and sex is rs11554159. This

SNP is a cis-eQTL for IL12RB1, a gene that encodes a protein in both the IL12

and IL23 receptors. The MS risk variant correlates with increased expression of

IL12RB1, while being female correlates with decreased expression of IL12RB1. T

cells from patients with a recessive knockout of IL12RB1 produce lower amounts

of IL17, suggesting an impaired Th17 subset (de Beaucoudrey et al., 2008). In

contrast, a robust Th17 response has been implicated in several autoimmune dis-

eases, including MS; based on biopsies of MS lesions, Th17 cells and IL17A gene

expression are both elevated in these brain lesions (Noack and Miossec, 2014). In

recent years, it has become clear that different autoimmune diseases share some
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of the same risk loci, suggesting some common pathways of pathogenesis (Anaya

et al., 2006; Parkes et al., 2013). For example, Th17 cells are also important in

rheumatoid arthritis (Noack and Miossec, 2014). Th17 cells have been implicated

ankylosing spondylitis, but, important for these results, only in males (Gracey

et al., 2016). It is possible to imagine that, in this particular case, rs11554159

acts through IL12RB1 to affect the Th17 autoimmune response: rs11554159- or

male-related increase in IL12RB1 expression produces a more robust Th17 re-

sponse, which produces greater risk for several autoimmune diseases, including

MS. There is no need for all variants to have a more profound effect in females.

The genetic modeling approach shows some support for a male-specific effect at

this SNP: for rs11554159, M3, a male-specific effect, has the best evidence, with

a 4.12 times better evidence than model 5, the correlated effects model; impres-

sively, M4, a female-specific effect, has the the least evidence for this SNP, with

4.22-fold worse evidence than model 5.

It should be noted that multiple analyses were performed and statistical cor-

rection for multiple comparisons was performed using the FDR method. There

are obviously many ways of correcting for multiple statistical tests, and the point

may be made that FDR correction is not as stringent as other approaches, such as

Bonferroni. However, because this is an exploratory analysis, I decided that a less

stringent correction for multiple comparisons would be appropriate, hence the use

of FDR. An improvement to the analysis would have been to normalize each gene

expression based on mean gene expression across the cohort to standardize effect

sizes across genes. The gene expression values were standardized by controlling

for a variety of potentially confounding biological and technical covariates; some
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of these covariates correlated with sex, but all were included in the model to be as

conservative as possible in controlling for spurious effects that might yield artifact.

Ideally, this analysis would include a sensitivity analysis to test how important in-

clusion/exclusion of these variables truly is in the final result, though I anticipate

the exact selection of these covariates would have little impact. Also, it would

have been good to have conducted a power analysis to assess the strength to de-

tect any signal in this dataset before embarking on the project to get a sense of

the power to observe significant differences in gene expression by genotype and by

sex. It is worth reiterating that this was an exploratory analysis not intended to

conclusively implicate the pathways important in sex-biased MS risk but instead

to generate hypotheses about the genes, and therefore pathways, that might be

implicated in disease risk. Because, as discussed in the introduction, this problem

of sex-biased MS risk has been so difficult to study, it made sense to conduct

this set of exploratory analyses simply to explore whether an integrated approach

using both genetic and sex-based clues about the heterogeneity of disease could

help uncover interesting genes.

This analysis does highlight the merit of an intersectional approach to under-

standing MS pathogenesis through genomics. Differential gene expression between

males and females uncovers too many genes to make clear sense of disease impli-

cations. There were no significant sex differentials in eQTL effects either genome-

wide or at MS risk variants; this does not rule out the possibility of important

sex-genotype interaction effects in some phenotypes. However, by combining a

list of MS risk variants with eQTL analysis and differential gene expression anal-

ysis, 32 SNP-gene pairs (24 SNPs correlated with 32 genes) were both significant
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eQTLs and had a significant sex effect on expression. Examination of three of

these pairs, with risk allele and female sex acting in the same or opposite direc-

tions, highlights the biological plausibility and significance of these pathways in

regulating sex- and genotype-based risk of MS. This approach could be extended

to other immune-mediated diseases in order to more fully understand sex-biased

immune function and how some of these sexually dimorphic pathways go awry in

autoimmune disease.
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4 Discussion and conclusions

In this set of analyses, I have taken a two-pronged approach to explore MS sus-

ceptibility variants and their interaction with sex to inform risk of disease. First,

I carried out an in-depth exploratory characterization of sex bias in genetic effect

size for MS risk. I suggest that genetic risk variants have, in general, an effect

size that is lower in magnitude in females than males, by a factor of 0.42. I have

not ruled out the possibility of sex-specific variants that contribute to MS risk,

but it is not surprising that this analysis did not highlight sex-specific SNPs be-

cause I started with a set of variants found genome-wide in a cohort that included

both males and females. Second, I found that environmental variance, compared

to genetic variance, may play a greater role in determining MS in females than

males. In a model of liability, in which liability for disease encompasses both ge-

netic and environmental factors, it appears more likely that females have greater

liability variance, likely attributable to environmental factors, rather than a lower

threshold for disease compared to males. Beyond the conclusions important for

MS derived from this analysis, the statistical modeling of sex bias in genetic de-

terminants of disease is potentially applicable to a wider range of diseases with a

genetic component and a gender bias.

Next, I carried out an analysis of differential gene regulation between males and

females. This analysis had three parts. First, differential gene expression across

the genome showed that over 5000 genes were significantly expressed in the blood,

highlighting the substantial differences in gene regulation between males and fe-

males. Second, I investigated whether cis-eQTLs across the genome exhibited
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sex-biased effect sizes, as in effect size for MS risk; there was no evidence of sys-

tematic sex-based skew of effect sizes. Third, I used these analysis frameworks to

investigate MS risk variants. I found MS risk variants that were also eQTLs and

from this list particularly focused on genes whose expression was affected by an

MS risk variant and by sex. Again, there were no sex-genotype interaction effects

on gene expression. The 32 SNP-gene pairs that satisfied the criteria of an MS

risk variant affecting expression of a gene that was also differentially expressed

between males and females serves as a good list of candidate genes in MS etiology.

These genes have evidence for MS involvement through both eQTL and sex-based

analyses.

These two arms of the analysis both yielded important hints about sex bias in MS

susceptibility. The relevance of the intersection between the results is not entirely

clear. In some cases, for example the IL12RB1 case, in which the risk allele and

being male both increase expression, it makes sense that the male-specific model

has greatest evidence. In the other cases highlighted, the sex-genotype model

did not make as much biological sense on first impression: for FPR1, correlated

effects with c=1 was the best model, and for IFNGR2, the male-specific model

fit best, despite female sex aligning with the risk variant in effect on IFNGR2

expression. It is possible that the two analyses are describing slightly different

phenomena. The purpose of using both sex and genotype to pinpoint genes of

interest is to highlight pathways that are important in MS etiology. SNPs with

greatest evidence for a male- or female-specific effect from the modeling approach

might be consistent with sex-genotype interacting eQTLs, but no such eQTLs

were found. For genes that are differentially expressed by sex and also have an
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eQTL, there is no reason that the SNP would necessarily have a sex-biased effect,

because this analysis shows that the SNP has indistinguishable effects in males

and females but that both SNP and sex are important factors in gene expres-

sion independently. Therefore, both sets of analyses make sense independently

and in parallel. The first set of analyses highlights a magnified environmental

role in MS susceptibility in females, while the second highlights genes that may

be important in the etiology of MS, based both on genetic and sex-based evidence.

This set of findings is intended to be exploratory and hypothesis-generating. As

discussed previously, in particular the genetic analysis was conducted in the same

dataset in which the genetic associations with MS were initially highlighted, bring-

ing the issue of the “winner’s curse” to the fore in this analysis. These results

should be considered preliminary and should be validated using an independent

cohort. The hypotheses generated here, for example the impact of environmental

variability vs genetic variability in females compared to males, the relationship

between effect sizes, and the particular genes triangulated by sex-differential and

MS risk SNP-differential gene expression can all be examined in a fairly straight-

forward manner in another MS GWAS and/or RNAseq dataset (using imputation

if two separate datasets are used, as in the present analysis). This step is neces-

sary before these results can be considered conclusive.

This set of analyses may also help lay the foundation for further additional anal-

yses based on the hypotheses generated here. An additional analysis that might

further link the two branches of the present study would be to assess variance

in gene expression between males and females. Because, based on the genetic
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analyses, I have suggested that females likely experience greater liability variance,

it may be useful to examine differential gene expression variance between males

and females as one metric of differential environmental variance.

One limitation of the present study was using transcriptional data from whole

blood, without data from specific cell populations. For example, this analysis

highlighted the IFN-γ, and IFN-γ reduces apoptosis in neutrophils (Naegele et al.,

2012), a cell type that is also implicated through FPR1, another gene marked

for its importance in MS based on this analysis. It would be interesting to see

whether differential transcriptional effects, via genotype or sex, were enriched in

neutrophils or other cell populations. Cell-specific analyses could help pinpoint

the particular pathways in certain cells important in disease etiology.

A caveat that will be difficult to overcome in any transcriptional study in hu-

mans aimed at exploring MS is the inability to examine the site of pathology

in patients or healthy controls. Blood is a necessary proxy for the immunologi-

cal environment of the CNS and at MS lesions, and is likely an imperfect proxy.

However, studying specific cell types could achieve a more granular and focused

set of conclusions that may lead to real understanding of MS pathology and drug

targets, even in the absence of full understanding of CNS inflammation.

This analysis stratified men and women using sex as a binary categorical vari-

able. Based on our set of genetic analyses, it appears that there is greater envi-

ronmental variance in females that influences disease risk, in addition to genetic

risk. It would be useful to investigate variables that have a greater variance in
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females than males, for example plasma progesterone, estrogen or testosterone

concentration. I did not have access to a dataset that comprised both hormone

level data and transcriptional data. Many hormones, particularly those that cycle

in women, are affected by a multitude of other variables, such as pregnancy and

use of contraceptives. An ideal study on the effects of the hormonal environment

on gene expression would involve collection of longitudinal hormone levels and

concomitant gene expression data, so both inter-individual and intra-individual

variation with respect to hormone level.

This data mining approach has uncovered multiple potentially interesting candi-

dates for MS therapeutics. As described here, anti-FPR1 and anti-IFN-γ may be

promising therapies that merit further study. IL12RB1 is also promising, particu-

larly in males, and could be an interesting target for other autoimmune diseases.

IL12RB1 forms part of the IL12 receptor and the IL23 receptor, and, as further

evidence of its potential significance in autoimmunity, an anti-IL23R antibody,

secukinumab, has already been shown to be effective in ankylosing spondylitis

(Baeten et al., 2013). Other genes on the list of SNP-gene pairs influenced both

by MS variant and by sex are also worth investigation as potential drug targets

in MS. Following up these targets with further biological study, starting in mouse

models, with special attention to sex-biased and/or hormone-biased effects, may

pave the way for new therapies, some potentially targeted preferentially to one sex.

With increasing appreciation of the differences between male and female immune

regulation, combined with increasingly large genetic and transcriptional datasets,

it is now possible to investigate in depth how differential immune regulation might
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relate to differential risk of immune-mediated disease. It is important to develop

methodology that allows for analysis of disease risk along multiple axes of hetero-

geneity. Analysis of genetic variation as a determinant of disease susceptibility

has been well developed. Bringing sexual dimorphism into genetic and genomic

analyses, as presented in this analysis, allows for further interrogation of disease

risk variants, which is particularly important in polygenic diseases like MS, with

over 100 susceptibility loci associated with disease, each of which must be interro-

gated to uncover a potential drug target. In some ways, adding sexual dimorphism

to the analysis pipeline in an effective way can be considered a high-throughput

way of highlighting genes and pathways that are particularly important in disease

etiology. With further work in cell-specific datasets, it may be possible to use a

combination of genetics and transcriptomics, in the context of sexual dimorphism,

to understand pathways involved in disease risk more deeply, including particular

cell types implicated. It may also be possible to understand how these path-

ways interact with variables associated with sex, such as reproductive hormones,

in order to develop therapeutics that are more specifically tailored to individual

patients.
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