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Abstract

Background: For the most part, genome-wide association studies (GWAS) have only partially explained the herit-
ability of complex diseases. One of their limitations is to assume independent contributions of individual variants to
the phenotype. Many tools have therefore been developed to investigate the interactions between distant loci, or
epistasis. Among them, the recently proposed EpiGWAS models the interactions between a target variant and the
rest of the genome. However, applying this approach to studying interactions along all genes of a disease map is not
straightforward. Here, we propose a pipeline to that effect, which we illustrate by investigating a multiple sclerosis
GWAS dataset from the Wellcome Trust Case Control Consortium 2 through 19 disease maps from the MetaCore
pathway database.

Results: For each disease map, we build an epistatic network by connecting the genes that are deemed to interact.

These networks tend to be connected, complementary to the disease maps and contain hubs. In addition, we report
4 epistatic gene pairs involving missense variants, and 25 gene pairs with a deleterious epistatic effect mediated by

have known inhibitors.

eQTLs. Among these, we highlight the interaction of GLI-1 and SUFU, and of IP10 and NF-«B, as they both match
known biological interactions. The latter pair is particularly promising for therapeutic development, as both genes

Conclusions: Our study showcases the ability of EpiGWAS to uncover biologically interpretable epistatic interactions
that are potentially actionable for the development of combination therapy.
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Background

The development of Genome-Wide Association Studies
(or GWAS) has made it possible to explore the genetic
causes of the heritability of complex diseases. In such
studies, large cohorts of cases and controls are jointly
studied in order to discover loci associated with the dis-
ease. This is typically achieved through a series of uni-
variate statistical tests of association between a Single
Nucleotide Polymorphism (SNP) and the phenotype [1].
Though the statistical validity of this approach is indis-
putable, it suffers from a lack of statistical power because
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of high dimensionality and multiple hypothesis testing
[2]. Another limitation of this approach is that the lack
of direct biological explanations for the significant SNPs
hinders the interpretability of GWAS.

In addition, single-locus analyses, by design, do not
take into account interactions between distinct genes,
or epistasis [3]. This is restrictive because genes do not
act in isolation but interact with each others. In recent
years, many approaches to epistasis detection have
been proposed. Among them, the recently proposed
EpiGWAS [4] focuses on interactions between a spe-
cific SNP and the rest of the genome. This contrasts
with the more frequent strategy of exhaustive pairwise
testing. The target SNP is chosen on the basis of an
already established linked with the phenotype, which
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facilitates interpretation and reduces the number of
interactions to study. In addition, rather than studying
interactions between two SNPs, EpiGWAS models the
interaction of the target SNP with all other variants in
the genome at once.

In practice, one is likely to be interested in querying
more than one target SNP. A possible source of target
SNPs is so-called disease maps, that is to say high-qual-
ity, expert-curated representations of the mechanisms
involved in a disease. Disease maps contain signalling,
metabolic and gene regulatory pathways and can be
represented as pairs of interacting genes. Any SNP con-
nected to these genes is therefore a reasonable target
SNP. In this article, we show how to apply EpiGWAS with
a set of disease maps to identify pairs of genes that are
likely to be interacting towards the disease of interest. We
illustrate our approach on a case study of multiple sclero-
sis (MS), a chronic disease damaging the central nervous
system [5].

A number of marketed drugs [6] attenuate the symp-
toms of multiple sclerosis. However, an efficient drug tar-
geting its root causes is still elusive. This is partially due
to our limited understanding of the mechanisms govern-
ing the diseases. Several studies have demonstrated that
heritability is a major component in multiple sclerosis [7,
8], motivating the use of GWAS to study it. At least four-
teen GWAS on multiple sclerosis have been published so
far [9], identifiying hundreds of loci [10, 11] statistically
associated with the disease. The biology behind some of
these loci has been clarified [12—14], although it remains
unexplained for the majority of associated loci [9].

At least two gene—gene interactions have been dis-
covered in multiple sclerosis: high levels of c-Jun may
cause enhanced myelinating potential in Fbxw7 [15], and
DDX39B is both a potent activator of IL7R exon6 splic-
ing and a repressor of sSIL7R [16]. An additional tripartite
genic interaction has also been reported [17]: epistasis
between the HLA-DRB1, HLA-DQA1, and HLA-DQB1
loci increases susceptibility. This further motivates the
study of epistasis to understand the genetic basis of mul-
tiple sclerosis.

In this article, we use EpiGWAS on the multiple scle-
rosis GWAS from the Wellcome Trust Case Control
Consortium 2 [18] to score interactions between all
pairs of genes contained in 19 multiple sclerosis disease
maps from MetaCore [19]. Our analysis yields 4 gene
pairs involving missense variants, and 25 gene pairs with
epistasis mediated by eQTLs. Among these interactions,
two are already known: the direct binding interaction
between GLI-I and SUFU, involved in oligodendrocyte
precursor cells differentiation, and the regulation of
IP10 transcription by NF-«B. This confirms the capac-
ity of the statistical study of epistasis to detect biological
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interactions that further our understanding of disease
mechanisms.

Methods

Data

GWAS data from WTCCC2

The Wellcome Trust Consortium Case Control 2
(WTCCC2) multiple sclerosis data set consists of 9 772
cases and 17 376 controls analyzed with the Illumina
Human 660-Quad and Illumina 1.2M platforms. All
data sets are composed of samples of European descent,
but hailing from 15 different countries. The presence of
population structure, confirmed by a genomic inflation
factor (GIF) of 3.72, is poised to lead to inference issues.
To avoid this problem, we restrict ourselves to Caucasian
British samples in both cases and controls. The resulting
dataset consists of 2 048 cases and 5 733 controls with a
GIF of 1.06, which proves the homogeneity of the data-
set. The selected controls come from two distinct cohorts
from the UK Blood Services (NBS) and the 1958 British
Birth Cohort (58C). The imbalance between the numbers
of cases and controls may distort the results. We there-
fore randomly subsample controls to obtain a number
of controls equal to the number of cases. We also note
that we discarded the samples singled out for quality con-
trol by the WTCCC, as well as the low quality SNPs as
flagged by the WTCCC.

Disease maps from MetaCore

MetaCore is a commercial resource containing high-
quality, manually curated biological pathway data from
peer-reviewed literature. This information is organized in
pathway maps, which are made of potentially multi-step
interactions defining a well-established signaling mecha-
nism. Each step is experientially validated and accepted
in the research field.

Pathology maps, or disease maps, are maps created spe-
cifically for a disease mechanism. We present in Table 1
the full list of the 19 multiple sclerosis disease maps we
used. The number of genes within each map greatly var-
ies. It ranges from 13 genes for disease map (DM3305) to
100 genes (DM4593).

We now detail our processing pipeline. An overview is
given in Fig. 1.

Variant filtering

The first step of our study is to map SNPs to the genes
involved in the 19 multiple sclerosis maps. For this pur-
pose, we considered two kinds of mapping, so as to facili-
tate functional interpretation:

o Physical mapping, which corresponds to retriev-
ing all genotyped SNPs located on a given gene. We
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Table 1 Titles and internal IDs of MetaCore disease maps related to MS

Internal ID Title

3302 Notch signaling in oligodendrocyte precursor cell differentiation in multiple sclerosis

3305 SHH signaling in oligodendrocyte precursor cells differentiation in multiple sclerosis

3306 Inhibition of oligodendrocyte precursor cells differentiation by Wnt signaling in multiple sclerosis
4455 Inhibition of remyelination in multiple sclerosis: regulation of cytoskeleton proteins

4593 Axonal degeneration in multiple sclerosis

4693 Role of Thyroid hormone in regulation of oligodendrocyte differentiation in multiple sclerosis
4703 Demyelination in multiple sclerosis

4791 Role of CNTF and LIF in regulation of oligodendrocyte development in multiple sclerosis

4794 Retinoic acid regulation of oligodendrocyte differentiation in multiple sclerosis

4843 Growth factors in regulation of oligodendrocyte precursor cells proliferation in multiple sclerosis
4846 Growth factors in regulation of oligodendrocyte precursor cells survival in multiple sclerosis
4901 Inhibition of remyelination in multiple sclerosis: role of cell-cell and ECM-cell interactions

5199 Cooperative action of IFN-y and TNF-a on astrocytes in multiple sclerosis

5288 Impaired inhibition of Th17 cell differentiation by IFN-g8 in multiple sclerosis

5378 Role of IFN-B in the improvement of blood-brain barrier integrity in multiple sclerosis

5398 Role of IFN-Bin activation of T cell apoptosis in multiple sclerosis

5518 Role of IFN-g in inhibition of Th1 cell differentiation in multiple sclerosis

5601 IL-2 as a growth factor for T cells in multiple sclerosis

5611 Role of IL-2 in the enhancement of NK cell cytotoxicity in multiple sclerosis

use the accompanying R package metabaser [20] to
first define the boundaries of a given gene, and then
subset all SNPs according to their positions, as ref-
erenced in dbSNP version 144 [21].

o eQTL mapping, which corresponds at mapping
a SNP to all genes that it is known to regulate (in
cis). For this purpose, we used the cis-eQTL data-
set from the eQTLGen consortium [22], which pro-
vides for each gene a list of significant eQTL-SNPs.
The dataset combines 31 684 whole blood samples
from 37 cohorts.

For the present study, we limit ourselves to cis-eQTLs
and ignore trans-eQTLs because of their higher degree
of association to gene expression. The higher associa-
tion can be attributed to the proximity of the SNPs to
the genes: cis-eQTL are located within 1 Mb window
from a gene and they often closely map to either the
transcription start site or the transcription end site of
a gene.

Even though the two analyses are unrelated and use
different sets of SNPs, some concordance for the top-
scoring genes is to be expected. In fact, for the eQTLGen
consortium, Vosa et al. [22] show that out of 15317 trait-
associated SNPs, 15.2% were in high LD with the lead
eQTL SNP showing the strongest association for a cis-
eQTL gene. Although the mentioned association is far
from perfect, it demonstrates the often-overlooked link
between the two analyses.

SNP-level epistasis detection with EpiGWAS

EpiGWAS [4] is a framework for targeted epistasis that
scores interactions between a given SNP, denoted by A,
and a set of p SNPs X = {Xj,...,X,}. X can cover either
the whole genome or a predetermined region. Using a
binary encoding for A: A € {—1, +1}, the phenotype Yis
written as

Y =uX)+8X)-A+e, (1)

where € is a zero-mean random variable and
1
wX) = i(E(YlA =+1L,X)+EY|A = -1,X))

8(X) = %(E(YIA =+LX) -EY|A =-1,X)).

(2)
The first term in Eq. 2, 1 (X), models the average effect of
the target A on the expected phenotype, conditionally on
X. The second term, §(X), accounts for the interactions
between A and X. If §(X) is sparse, that is to say, that it
only depends on a subset of the p elements of X, then the
SNPs in this subset are the ones interacting with A.

The estimation of §(X) is made difficult by the fact
that for any given sample, only one of the two cases
A =+41and A = —1 is observed. EpiGWAS leverages
on the literature of causal inference on observational
data [23] to conduct this estimation. In observational
studies and particularly in clinical trials, only one of the
two states of the treatment A is observed and a different
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encoding has to be applied to estimate the term §(X).
Indeed, using for the target SNP an encoding in {0, 1},
obtained as A = (A + 1)/2, we can rewrite §(X) as

1 A 1-A
S(X) = 2]E[Y< _ S — )H )
PA=1X) PA=0|X)

This suggests obtaining a sparse model for §(X) by using
a penalized regression approach (in EpiGWAS, an elas-
tic net) to fit a sparse linear model between the modified
outcome

_y A 1-4
o \PA=1X)  P@A=0X)

and X. The regression coefficient of SNP X; in this sparse
linear model can then be interpreted as a score of the
interaction between this SNP and target SNP A, that
accounts for interactions between A and all SNPs in X.
To compute the modified outcome, we need an esti-
mate of the propensity scores P(A = 1|X). This can
be achieved using the hidden Markov Model from
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fastPHASE [24]. In this model, the observed states cor-
respond to SNPs and the hidden states correspond to
structural dependence states. After fitting this model in
a chromosome by chromosome fashion, the propensity
scores are obtained through application of the forward
algorithm [25].

If the estimation error of P(A|X) is large or severe over-
fitting occurs, the use of the inverse of the estimated
scores can result in numerical instability and bias the
results. EpiGWAS addresses this issue by resorting to an
adjustment of the modified outcome called the robust
modified outcome. This approach is known to have small
large-sample variance in the causal inference literature,
and was empirically superior to other corrections [4].

From SNP-level EpiGWAS scores to gene-level epistasis
scores

Given a set of p SNPs Xi,X»,...,X, mapped to the
genes of a given disease map, we use EpiGWAS to
obtain scores for the interaction of each of the SNPs in
{X1,..., Xi—1, Xix1,- - - ,Xp} with target SNP X;. The
interpretability and usability of such an output is lim-
ited, because of the large number of interactions, but also
because scores obtained against different target SNPs
are not comparable, as the set of SNPs in X is different
for each target A. Furthermore, despite their robustness,
these scores have limited biological meaning.

A first step to improve interpretability is to use rank-
ings. From a practical point of view, rankings are a sen-
sible choice because only the highest-ranking SNPs are
used. Rankings also improve comparability between dif-
ferent targets because of the similarity of scale and insen-
sitivity to the underlying parameterization. For a target
SNP i, we therefore denote by r;; € {1,...,p — 1} the rank
of the score of SNP j among all scores against target SNP
i, in decreasing order.

Another immediate benefit of the use of rankings is the
possibility of combining different rankings. For example,
for two SNPs i and j, we can define the following epistasis
interaction score:

1
Vi @

The interaction score in Eq. 3 has the advantages of sym-
metry and boundedness. The scores are comprised

between 2(;_1) and % If p = 1000, this corresponds to a

range of 0.02 — 0.05. Additionally, combining two pair-
wise scores rj; and rj; can help control the estimation
errors for one of the targets. For example, if two SNPs i
and j are in interaction and the result ;; is not sufficiently
high to reflect that, a good ranking of rj; can help com-
pensate this effect.

inter (i,j) =
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We can further aggregate the rankings to detect inter-
actions between genes. More generally, the rankings can
be combined to detect interactions between any disjoint
sets of SNPs, such as biological pathways or regulatory
regions. Let p’ be the total number of genes in the disease
map, and let us denote by G; the set of SNPs mapped to
gene i'. The interaction score between two genes i’ and
j’ can be computed by considering all pairwise scores
between SNPs mapped to i and SNPs mapped to j/, and
we define

1 1
inter (G, G =~ Yy L
GiliGy| 25 i @
Thanks to the symmetry of SNP-SNP scores in Eq. 3, the
gene—gene scores in Eq. 4 are symmetric, too. Averaging
over all SNPs mapped to the genes reduces the impact of
the size of the genes.

Direction of the epistatic effect

An epistatic interaction can be either positive or nega-
tive, depending on whether it increases or decreases dis-
ease susceptibility. To study the direction of this effect,
we focus on the top-scoring pair of SNPs, as it has the
largest effect on the global gene—gene score. More spe-
cifically, following [26], for a binary outcome Y and two
explanatory variables X; and X3, the direction of the epi-
static effect is given by the sign of the interaction coeffi-
cient «12 in the logistic model

logit P(Y'| X1, X2) = o + a1 X1 + o X2 + o12X1 X>.

(5)
When the SNPs have been obtained through eQTL map-
ping, this methodology can be refined. Indeed, the effect
of SNP X; on the expression level e; of the gene G; to
which it is mapped can be modeled as e; = y; + 8;X;. The
direction of the epistatic effect between genes G; and Ga
can be deduced from the sign of the following ratio:

Q12
dir (G, Gy) = sign .
1, G2 LS (6)
Indeed, the logistic model in Eq (5) becomes
logit P(Y| X1, Xo) =ag + a1 222 4 op 212
B1 B2

a1 ()

+ (e1 — y1)(e2 — y2)

B1- B2

and the ratio of Eq. (6) indeed governs the effect on the
phenotype of the interaction between the expression of
the two genes.

To the best of our knowledge, this is the first study
which studies epistasis from such a perspective by
including eQTL scores in this way and by moving back
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and forth between SNP-level and gene-level epistasis.
Furthermore, the synergy score in Eq. 6 can also be inter-
preted as an extension of Mendelian randomization [27]
to second-order interaction effects.

The eQTLGen consortium [22] does not directly sup-
ply the effect sizes 81 and B, in the linear expression mod-
els. For each SNP, the effect size 8 is derived from the
corresponding Z-score using the following relationship:

= Z
V241 —q) (m+2%)’
where ¢q is the MAF of the SNP of interest, as reported

in the 1kG v1p3 ALL reference panel and m is the cohort
size.

(8)

Significance of network topological properties

A list of epistatic interactions among a set of genes can
be represented as network where the vertices are the
genes and each gene corresponds to an epistatic interac-
tion. We can then observe some topological properties of
these networks, such as whether they form a single con-
nected component; whether they contain nodes of high
degree; or whether they correspond to known biological
interactions.

To evaluate whether these properties are significant or
are likely to happen by chance, we propose a permutation
procedure. More particularly, to evaluate the significance
of an epistatic network of m edges (over a total of n genes
considered) forming a single connected component, we
sample S times m pairs of vertices from a set of n ver-
tices. Denoting by S’ the number of times these m pairs
also form a connected component, we then compute the
p-value as §'/S.

To evaluate whether the epistatic network contains
nodes of high degree, we compute its maximum node
degree dmax, and repeat the above procedure, denoting
by S’ the number of times the m sampled pairs form a
network with maximal degree at least as large as dmax.

Results
We exhaustively compute the gene—gene interaction
scores of Eq. 4 to obtain p'(p’ — 1)/2 interaction scores
per disease map, where p’ is the number of genes in the
map. Given the size of the maps (see Table 1), the inter-
pretation of the full results is rather difficult. We instead
focus on the 2% top-scoring pairs for the two analyses.
Our rationale is that this is a number large enough to
retain at least one gene pair on each map, without yield-
ing so many pairs that their study is made difficult.

It would of course be preferable here to use p-values
for the significance of the interactions, but there does
not seem to be any other way than permutation testing
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to obtain those, and this is computationally unfeasible.
Indeed, when evaluating the 703 gene pairs of DM4455,
one would require a significance level of, for example,
a = 0.05/703 (accounting for multiple hypotheses). The
number of permutations would have to be greater than
1/a, so around at least 15 000 in our example, which is
out of reach.

We show in Additional file 1: Appendix A that the
results obtained do not vary much with the choice of
strategy to select a small number of pairs per map.

eQTL mapping yields more SNP pairs to test

than the physical mapping

The number of SNPs obtained through eQTL mapping
is larger than that obtained through physical mapping:
the median number of SNPs per disease map is 392 for
the physical mapping analysis and 999 for the eQTL-
mapping analysis. In Table 2, we give the exact number of
SNPs per disease map for each type of mapping.

Topology of gene—-gene interactions detected

with EpiGWAS

Figure 2 shows the epistatic interactions we obtain for
two disease maps. All other maps can be found in Addi-
tional file 1: Appendix B. These two examples illustrate
properties we observe more generally across all disease
maps and that we discuss in more details below: connect-
edeness (the epistatic pairs form connected components),
complementarity (of the epistatic interactions obtained
through eQTL mapping with the interactions obtained
through physical mapping, as well as the epistatic inter-
actions with the known biological interactions), and high
centrality of some nodes in those networks.

Gene-gene epistatic interactions form connected
components
Most of the epistatic interaction networks we obtained
form a single connected component, as seen for example
on Fig. 2b. The only exceptions are DM 4834 for the epi-
static network obtained through physical mapping (two
components, one of which is formed by a single edge)
and DM 4593 for the union of the epistatic networks
obtained through physical and eQTL mappings (each of
the networks form a separate connected component).
We report in Table 3 the significance of these observa-
tions (see “Significance of network topological proper-
ties” section). Given the number of nodes in the maps
and epistatic edges selected between them, the only cases
where it can be expected to obtain a single connected
component are those where the number of selected edges
is lower than 3 (DM 3305 with a single edge for either
mapping, DM 4593 with 3 edges for the eQTL mapping,
and DM 4794 with 2 edges for the physical mapping and
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Table 2 Number of SNPs, genes, gene pairs and top 2% of gene pairs for each mapping and disease map
Map ID Physical mapping eQTL mapping

#SNPs #genes #gene pairs top 2% #SNPs #genes #gene pairs top 2%
3302 416 21 210 4 833 19 171 3
3305 70 10 45 1 238 8 28 1
3306 383 21 210 4 869 19 171 3
4455 755 38 703 14 1813 36 630 13
4593 1295 24 276 6 1647 17 136 3
4693 544 34 561 1 912 27 351 7
4703 331 28 378 8 999 27 351 7
4791 252 24 276 6 1264 23 253 5
4794 84 15 105 2 331 12 66 1
4843 984 32 496 10 1401 29 406 8
4846 1318 36 630 13 1555 32 496 10
4901 1173 35 595 12 1209 24 276 6
5199 656 28 378 8 1320 32 496 10
5288 515 27 351 7 724 22 231 5
5378 257 22 231 5 907 22 231 5
5398 141 21 210 4 1050 24 276 6
5518 392 29 406 8 1474 27 351 7
5601 348 28 378 8 742 25 300 6
5611 224 22 231 5 906 24 276 6

Table 3 Connectivity: whether the epistatic interactions form
a single connected component, for the networks obtained by
physical mapping, eQTL mapping, and joining both

Map ID Physical mapping eQTL mapping Joint (p-value)
(p-value) (p-value)

3302 Yes (0.035) Yes (0.077) Yes (0.020)
3305 Yes (1.000) Yes (1.000) Yes (0.377)
3306 Yes (0.034) Yes (0.078) Yes (0.016)
4455 Yes (0.000) Yes (0.001) Yes (0.018)
4593 Yes (0.009) Yes (0.092) No (NA)
4693 Yes (0.001) Yes (0.006) Yes (0.006)
4703 Yes (0.004) Yes (0.005) Yes (0.011)
4791 Yes (0.013) Yes (0.018) Yes (0.014)
4794 Yes (0.256) Yes (1.000) Yes (0.098)
4843 No (NA) Yes (0.004) Yes (0.009)
4846 Yes (0.001) Yes (0.002) Yes (0.017)
4901 Yes (0.001) Yes (0.009) Yes (0.004)
5199 Yes (0.003) Yes (0.001) Yes (0.011)
5288 Yes (0.005) Yes (0.014) Yes (0.012)
5378 Yes (0.018) Yes (0.023) Yes (0.018)
5398 Yes (0.032) Yes (0.011) Yes (0.014)
5518 Yes (0.004) Yes (0.005) Yes (0.011)
5601 Yes (0.004) Yes (0.008) Yes (0.013)
5611 Yes (0.018) Yes (0.012) Yes (0.015)

The bold values correspond to p-values below the significance threshold of 0.05

1 edge for the eQTL mapping). Hence all large connected
components, obtained on larger maps, are significant.

Such large connected components indicate joint effects
in large sets of SNPs. They point to a multiplicity of ways
in which the same biological process may be perturbed
to result in multiple sclerosis, capturing the complex
architecture of the disease. This suggests new drug devel-
opment strategies against multiple sclerosis, either by tar-
geting the most druggable gene in the component, or by
targeting several of its genes through combination ther-
apy so as to maximize effect on the biological process.

Connectedness and centrality in epistatic networks was
already observed at the SNP level for other phenotypes
with a different methodological approach (see for exam-
ple [28]).

eQTL and physical mappings yield complementary gene-
gene epistatic interactions

With the exception of DM 4593, the epistatic networks
obtained through the two mappings are connected, that
is to say, they share at least one common node/gene. In
fact, they are often connected through multiple nodes,
without an overlap in edges. This can again be observed
for example on Fig. 2b. The last column of Table 3 shows
that this connection between the two epistatic networks
is not expected by chance.
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Therefore, the two types of mappings recover distinct,
though connected, interactions. This suggests that they
yield complementary information about the genetic
architecture of the disease.

We therefore consider the union of the two epistatic
networks for further study.

Gene-gene epistatic interaction networks contain hubs

We report in Table 4 the maximum degree in the gene—
gene interaction network obtained as the union of all
epistatic pairs detected either through physical or eQTL
mapping. Fifteen out of the nineteen epistatic networks
contain at least one hub, which we identify as a node of
degree greater than expected by chance. Others [28, 29]
have shown the role of such hubs in epistasis. In par-
ticular, nodes with high centrality can be observed on
Fig. 2b (WASF2, FAK1) and Fig. 2a (GSK3-beta). Three
of the remaining networks correspond, as for the maps
where connectivity is not significant, to small maps with
few selected edges (DM 3305, DM 4593, and DM 4794).
Finally, in DM 4703, INK3 (MAPK10), AKT (PKB) and
Caspase-8 form the backbone of the epistatic network,
but none of them accumulates sufficiently many connec-
tions to have significantly high centrality.

Gene-gene epistatic interactions detected with EpiGWAS
mostly complement known biological interactions

As can be observed on Fig. 2a, b, most of the gene—gene
interactions we detected do not fall along edges already
present in the original disease maps. On the one hand,
the few interactions that are potentially very interesting,
as they combine prior biological evidence with statisti-
cal evidence. Nonetheless, drawing conclusions about the
underlying biology is challenging given the potential mis-
match between biological epistasis and statistical epista-
sis [30].

On the other hand, this indicates that approaches
that restrict themselves to testing for interactions along
already known biological interactions [31], although facil-
itating interpretation, may miss out relevant interactions.

4 of the epistatic gene pairs involve missense variants

In total, we obtain 136 epistatic interactions based on
physical mapping (see Table 2). As an exhaustive inves-
tigation of all these pairs is out of reach, we propose to
focus on interactions where at least one of the SNPs can
lead to a loss of function at the protein level. We are
restricting ourselves here to interactions corresponding
to a change of protein structure in at least one of the two
genes, as they are the easiest to interpret. Other mecha-
nisms are however possible, including splicing altera-
tions, regulatory effects, or merely for the SNP to be in
linkage disequilibrium with a missense variant.
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The filtering yielded 4 gene pairs where one of the
genes presents a variant reported as missense in BioMart
[32] (Table 5). For each of those gene pairs, we also list
the impact (activation, inhibition, or unspecified) on the
MS phenotype, as given in the disease maps. Among
these 4 pairs, the interaction between GLI-1 and SUFU
is particularly interesting, since it matches a known bio-
logical interaction. Both genes are in direct binding inter-
action in DM 3305 (see Fig. 3), which describes Sonic
Hedgehog signaling in oligodendrocyte precursor cells
differentiation in MS. This map is described in more
detail in Additional file 1: Additional file 1: Appendix C.2.
In addition, GLI-1 is an important therapeutic target in
cancer, including through its interaction with SUFU [33].

Twenty-five of the epistatic gene pairs involve

the up-regulation of both genes

Our pipeline selects a total of 112 epistatic interactions
based on the eQTL mapping strategy (see Table 2).
Again, as with physical mapping, additional filtering is
needed to focus on a smaller number of pairs. Here we
use the study of the direction of the epistatic effect (see
“Direction of the epistatic effect” section) and select the
gene pairs for which the coefficients B1, B2, Bsyner share
the same sign (that is to say, either all are positive, or all
are negative). If all three coefficients are positive, inhibit-
ing both genes reduces the risk for MS. On the contrary,
if all three coefficients are negative, the two genes should
be jointly activated to reduce MS risk.

This filtering leads to 25 gene pairs of interest across
13 maps (see Additional file 1: Table 1). We further list in
Table 6 the pairs involving at least one gene with known
or suspected effect on MS-related phenotypes, such
as demyelination, remyelination failure, oligodendro-
cyte death, or damage of neural axons. This procedure
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Fig. 4 The 2% top-scoring pairs in DM 5199 for eQTL and physical mappings. Note the NF-«B - IP10 pair

highlights one specific pair, NF-«B and IP10, where both
genes are already known to have an impact on multiple
sclerosis.

NF-«B and IP10 form a promising pair of interacting
therapeutic targets for multiple sclerosis

In what follows, we further explore the potential of
NF-«B and IP10 as interacting therapeutic targets for
multiple sclerosis. As stated in the previous section, the
impact of both genes on the phenotype has already been
specified, which justifies investigating their synergistic
effect on the physiopathology of multiple sclerosis. Our
analysis is focused on DM 5199 (see Fig. 4 and Additional
file 1: Appendix C.4) where both genes belong to essen-
tial pathways.

Interferon-Inducible =~ Cytokine IP10, also called
CXCL10 (C-X-C motif chemokine ligand 10), is an anti-
microbial gene which encodes a chemokine of the CXC
subfamily, and is a ligand for the receptor CXCR3. This
pro-inflammatory cytokine is involved in a wide variety
of processes, including chemotaxis, differentiation, and
activation of peripheral immune cells [34—36].

NF-«B (nuclear factor kappa-light-chain-enhancer of
activated B cells) is a protein complex involved in tran-
scription, cell growth, and cytokine production. It plays
a key role in the immune response to infection and has

been linked to a number of diseases, including cancer,
autoimmune disorders and sepsis.

NF-«B upregulates the transcription of several genes,
including IP10 [37]. Hence the two genes are in direct
interaction on DM 5199. Figure 5a illustrates the impact
of IP10 activation on T cells recruitment on the Cen-
tral Nervous System. This allows intercellular contact
between T cells and astrocytes presenting myelin anti-
gens, which reactivates those T cells [38]. Reactivated T
cells secrete pro-inflammatory cytokines; demyelination
occurs and macrophages are activated. This further dam-
ages myelin and releases cytokines, which leads to the
damage of neural axons [39] (see Fig. 5b).

There is currently no drug inhibiting IP10. However,
two antibodies targeting IP10 are currently listed in
ChEMBL [40] as having undergone clinical trials. The
first one is NI-0801, which successfully passed Phase I
for allergic contact dermatitis and Phase II for primary
biliary cirrhosis. The second is Eldelumab (or MDX-
100), which has completed Phase I trials for rheumatoid
arthritis, Crohn’s disease and ulcerative colitis. While nei-
ther drug achieved its primary endpoint in clinical trials,
they were both well-tolerated [41, 42], which is encourag-
ing as to their potential use for other indications.

The inhibition of NF-«B is a topic of major interest [43,
44]. The earliest example of FDA-approved inhibitor of
NF-«B is Bortezomib (also known as Velcade or PS-341)
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Table 4 Centrality: Node(s) of maximum degree in the epistatic
network obtained by joining the physical epistatic network and
the eQTL epistatic network

Map ID Max node p-value Node(s) of max degree
degree

3302 4 0.033 ADAM17, CNTNT (F3)

3305 2 0.365 SUFU

3306 6 0.000 GSK3 beta

4455 1 0.000 WASF2

4593 4 0.086 NCX1

4693 10 0.000 mTORC1

4703 5 0.056 AKT(PKB), Caspase-8

4791 5 0.018 AKT(PKB), PI3K reg class 1A

4794 2 0.553 DHA2, GALC

4843 8 0.000 SHP-2

4846 11 0.000 Neuregulin 1

4901 12 0.000 FAK1

5199 7 0.001 JAK2

5288 6 0.001 IL-1RI, ROR-alpha

5378 5 0.013 INK(MAPK8-10)

5398 6 0.001 TRADD

5518 6 0.004 AKT(PKB)

5601 7 0.000 Bcl-XL

5611 5 0.018 Granzyme B, KLRK1 (NKG2D)

The bold values correspond to p-values below the significance threshold of 0.05

[45], indicated against multiple myeloma, mantle-cell
lymphoma, and neoplasms. Most research on inhibiting
NF-«B focuses on its upstream regulators. For example,
inhibitors of IKKB-beta (Inhibitor Of Nuclear Factor
Kappa B Kinase Subunit Beta) aim at blocking the kinase
which phosphorylates inhibitors of NF-kappa-B on two
critical serine residues. Several small molecules antago-
nists targeting IKBKB have reached phase I, II and III
clinical trials for several diseases [40].

Altogether, these clinical assays for IP10 and NF-«B
pathway inhibitors strengthen the potential of the pair as
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MS targets, where their simultaneous inhibition lowers
the risk for MS.

Conclusion

Targeted epistasis detection, which identifies interactions
between a specific SNP and the rest of the genome, is an
efficient way to reduce the statistical and computational
burden of exhaustive pairwise testing. In addition, focus-
ing on a single target SNP makes it possible to model its
interactions with all other SNPs in the genome at once.
However, the choice of a target SNP is not trivial. This
SNP can for example be a top hit in a previous GWAS, or
a SNP mapped to a gene that has an established biologi-
cal relationship with the phenotype. In practice, one is
likely to have a list of such target SNPs, rather than a sin-
gle SNP to test. Targeted epistasis detection then yields a
list of interacting SNPs (and their interaction scores) for
each target SNP that is evaluated.

In this paper, we showed how to transform such an out-
put into gene—gene interaction scores. This allows us to
use targeted epistasis detection to obtain a list of pairs
of genes in a given disease map that are likely to have a
joint effect on disease risk. We illustrated our pipeline on
multiple sclerosis, using a GWAS dataset from the Well-
come Trust Case Control Consortium, 19 multiple scle-
rosis disease maps from MetaCore, and EpiGWAS as a
targeted epistasis detection tool.

The epistatic networks formed by the pairs of inter-
acting genes we detected have several interesting topo-
logical properties: they form connected components;
the epistatic networks obtained from physical and from
eQTL mappings are complementary; they contain hubs;
and they mostly complement known biological interac-
tions from the disease maps.

Filtering the highest-scoring gene pairs allowed us to
highlight two interactions as particularly promising in
terms of therapeutic targeting in multiple sclerosis. The
first one is the interaction between SUFU and GLI-1,

Table 5 Pairs of genes identified by physical mapping, and selected because at least one of the SNPs involved has a direct

consequence as protein dysfunction

Map ID Gene pair Type of interaction

3305 GLI-1 and SUFU Direct interaction between the genes
Uunspecified impact on MS

4703 AKT (PKB) and MEKK1 (MAP3KT) No direct interaction between the genes
AKT has a specified impact on MS

5611 Granzyme B and KLRK1 (NKG2D) No direct interaction between the genes

Granzyme B and PI3K cat class IA

Unspecified impact on MS
No direct interaction between the genes
Unspecified impact on MS
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which involves two potentially function-modifying vari-  cancer, including through its interaction with SUFU, sug-
ants. Although a more thorough investigation of the joint  gesting a starting point for further research.

impact of these mutations on multiple sclerosis is war- The second one is the interaction between
ranted, GLI-1 is a therapeutic target of much interest in NF-«B and IP10. Indeed, it corresponds to a
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Table 6 Pairs of genes identified by eQTL mapping, filtered by direction of the epistatic effect, and involving a gene with known

impact on multiple sclerosis

Map ID Gene pair Evidence

Both genes have known impact on MS

5199 IP10 and NF-«B Both genes impact MS

One gene only has known/suspected impact on MS

4455 alpha-V/beta-1 integrin and PCBP-1 alpha-V/beta-1 integrin
probably impacts MS

4703 PADI2 and JNK1 (MAPKS) PADI2 increases MS

4703 PADI2 and Caspase-3

4703 PADI2 and Caspase-8

5199 IP10 and IRF1 IP10 impacts MS

5199 IRF1 and NF-«B NF-xB impacts MS

5199 JAK2 and PKA-reg (CAMP-dependent) JAK2 impacts MS

5288 IL-1R1 and ROR-alpha IL-1R1 probably impacts MS

well-characterized biological interaction. In addition,
the analysis of the direction of their epistatic effect
suggests that inhibiting both genes simultaneously
has a negative impact on multiple sclerosis. Finally,
several inhibitors of either genes have already been
identified and passed Phase I clinical trial, suggesting
promising drug candidates.

Identifying interactions between existing therapeutic
targets directly allows for the development of combina-
tion therapies. Because of its focus on epistatic effects
rather than independent effects, our pipeline can be of
special interest in light of FDA guidance for the co-devel-
opment of two or more drugs.'

Hence, an additional way to identify the most rele-
vant interactions among those we select with EpiGWAS
would be to explicitly look for pairs involving genes that
are already therapeutic targets in other diseases. This
could be achieved by crossing our epistatic networks
with a data base such as OpenTargets [46].

Finally, hubs being the most influential nodes in a
network, another potential strategy for therapeutic
development would be to investigate whether the most
central nodes of the epistatic networks could make good
therapeutic targets. One example would be FAK1, with
12 interactions in DM 4901 (see Table 4).

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/512920-022-01247-3.

Additional file 1. This file compiles exhaustive results for all disease maps:
network statistics, top scoring epistatic interactions and prioritised gene-
gene pairs.

! Available for download from https://www.fda.gov/media/80100/download.

Acknowledgements

This study makes use of data generated by the Wellcome Trust Case-Control
Consortium. A full list of the investigators who contributed to the generation
of the data is available from www.wtccc.org.uk. Funding for the project was
provided by the Wellcome Trust under award 076113, 085475 and 090355.

Author contributions

LS, CC, HdF, and CAA all contributed to the conception of the study and the
interpretation of the results. LS implemented the software tools and the sta-
tistical analysis. HAF conducted the biological analysis. LS, HdF and CA drafted
the manuscript. All authors read and approved the final manuscript.

Funding

This work was supported in part by the French governement, under manage-
ment of Agence Nationale de la Recherche, as part of both the "Jeune cher-
cheuse, jeune chercheur” program, reference ANR-18-CE45-0021-01 (SCAPHE)
and the "Investissements d'avenir” program, reference ANR19-P3IA-0001
(PRAIRIE 3IA Institute).

Availability of data and materials

The GWAS MS dataset is available by application to the Wellcome Trust Case
Control Consortium Data Access Committee. The application process can be
directly initiated from the following website https://www.wtccc.org.uk/info/
access_to_data_samples.html. Access to data will be granted to all qualified
investigators for appropriate use.

Declarations

Ethics approval and consent to participate

Access to the genotype data was granted by the Wellcome Trust Case-Control
Consortium Data Access Committee, under the provisions laid out in the
associated informed consent for each collection, and upon ethical approval
by the committee. All methods in this work are carried in compliance with the
ethical permissions and restrictions in the consent forms for each component
cohort or collection.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
'CBIO, MINES ParisTech, PSL Research University, 75006 Paris, France.
Translational Sciences, SANOFI R&D, 91385 Chilly-Mazarin, France. 3NVIDIA


https://doi.org/10.1186/s12920-022-01247-3
https://doi.org/10.1186/s12920-022-01247-3
https://www.wtccc.org.uk/info/access_to_data_samples.html
https://www.wtccc.org.uk/info/access_to_data_samples.html
https://www.fda.gov/media/80100/download

Slim et al. BMC Medical Genomics

(2022) 15:100

Corporation, Santa Clara 95051, USA. *Institut Curie, PSL Research University,
75005 Paris, France. >U900, Inserm, 75005 Paris, France.

Received: 30 July 2021 Accepted: 28 March 2022
Published online: 30 April 2022

References

1.

2.

L

20.

21.

22.

23.
24.

25.

Bush WS, Moore JH. Chapter 11: Genome-Wide Association Studies. PLoS
Comput Biol 2012;8(12).

Shaffer JP. Multiple hypothesis testing. Annu Rev Psychol.
1995,46(1):561-84.

Phillips PC. Epistasis—the essential role of gene interactions in the struc-
ture and evolution of genetic systems. Nat Rev Genet. 2008;9(11):855-67.
Slim L, Chatelain C, Azencott CA, Vert JP. Novel methods for epista-

sis detection in genome-wide association studies. PLoS ONE.
2020;15:e0242927.

Goldenberg MM. Multiple sclerosis review. P & T 2012 37(3):175-184.
Dargahi N, Katsara M, Tselios T, Androutsou ME, de Courten M, Matsoukas
J, et al. Multiple sclerosis: immunopathology and treatment update. Brain
Sci. 2017;7(12):78.

Dyment DA. Multiple sclerosis in stepsiblings: recurrence risk and ascer-
tainment. J Neurol Neurosurg Psychiatry. 2006;77(2):258-9.

Dean G, Yeo TW, Goris A, Taylor CJ, Goodman RS, Elian M, et al. HLA-DRB1
and multiple sclerosis in Malta. Neurology. 2007;70(2):101-5.

Sawcer S, Franklin RJM, Ban M. Multiple sclerosis genetics. Lancet Neurol.
2014;13(7):700-9.

Baranzini SE, Oksenberg JR. The genetics of multiple sclerosis: from 0 to
200 in 50 years. Trends Genet. 2017;33(12):960-70.

. Cotsapas C, Mitrovic M. Genome-wide association studies of multiple

sclerosis. Clin Transl Immunol. 2018;7(6):e1018.

Gregory SG, Schmidt S, Seth P, Oksenberg JR, Hart J, Prokop A, et al.
Interleukin 7 receptor alpha chain (IL7R) shows allelic and functional
association with multiple sclerosis. Nat Genet. 2007;39(9):1083-91.
Jager PLD, Baecher-Allan C, Maier LM, Arthur AT, Ottoboni L, Barcellos L,
et al. The role of the CD58 locus in multiple sclerosis. Proc Natl Acad Sci.
2009;106(13):5264-9.

Couturier N, Bucciarelli F, Nurtdinov RN, Debouverie M, Lebrun-Frenay C,
Defer G, et al. Tyrosine kinase 2 variant influences T lymphocyte polariza-
tion and multiple sclerosis susceptibility. Brain. 2011;134(3):693-703.
Harty BL, Coelho F, Pease-Raissi SE, Mogha A, Ackerman SD, Herbert AL,
et al. Myelinating Schwann cells ensheath multiple axons in the absence
of E3 ligase component Fbxw?7. Nat Commun. 2019;10(1):2976.
Galarza-Mufoz G, Briggs FBS, Evsyukova |, Schott-Lerner G, Kennedy EM,
Nyanhete T, et al. Human epistatic interaction controls IL7R splicing and
increases multiple sclerosis risk. Cell. 2017;169(1):72-84.e13.

Lincoln MR, Ramagopalan SV, Chao MJ, Herrera BM, DelLuca GC, Orton
SM, et al. Epistasis among HLA-DRB1, HLA-DQAT1, and HLA-DQB1

loci determines multiple sclerosis susceptibility. Proc Natl Acad Sci.
2009;106(18):7542-7.

Sawcer S, Hellenthal G, Pirinen M, Spencer CCA, Patsopoulos NA, Mout-
sianas L, et al. Genetic risk and a primary role for cell-mediated immune
mechanisms in multiple sclerosis. Nature. 2011;476(7359):214-9.

Ekins S, Nikolsky Y, Bugrim A, Kirillov E, Nikolskaya T. Pathway mapping
tools for analysis of high content data. In: Taylor DL, Haskins JR, Giuliano
KA, editors. High content screening: a powerful approach to systems cell
biology and drug discovery. Totowa: Humana Press; 2006. p. 319-50.
Ishkin A. metabaser: library of functions to work with Clarivate Analytics'
MetaBase; 2019. R package version 4.4.0.

Pagés H. SNPlocs.Hsapiens.dbSNP144.GRCh37: SNP locations for Homo
sapiens (dbSNP Build 144); 2017. R package version 0.99.20.

Vésa U, Claringbould A, Westra HJ, Bonder MJ, Deelen P, Zeng B, et al.
Unraveling the polygenic architecture of complex traits using blood eQTL
metaanalysis. 2018.

Pearl J. An introduction to causal inference. Int J Biostat 2010;6(2).
Scheet P, Stephens M. A fast and flexible statistical model for large-scale
population genotype data: applications to inferring missing genotypes
and haplotypic phase. Am J Hum Genet. 2006;78(4):629-44.

Rabiner LR. A tutorial on hidden Markov models and selected applica-
tions in speech recognition. Proc IEEE. 1989;77(2):257-86.

26.

27.

28.

29.

30.

31

32.

33

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

Page 14 of 14

VanderWeele TJ, Knol MJ. A tutorial on interaction. Epidemiol Methods.
2014,3(1).

Davies NM, Holmes MV, Smith GD. Reading Mendelian randomisation
studies: a guide, glossary, and checklist for clinicians. BMJ. 2018;k601.
HuT, Sinnott-Armstrong NA, Kiralis JW, Andrew AS, Karagas MR, Moore
JH. Characterizing genetic interactions in human disease association
studies using statistical epistasis networks. BMC Bioinf 2011;12(1).
Pandey A, Davis NA, White BC, Pajewski NM, Savitz J, Drevets WC, et al.
Epistasis network centrality analysis yields pathway replication across two
GWAS cohorts for bipolar disorder. Trans| Psychiatry. 2012;2(8):e154-e154.
Moore JH, Williams SM. Traversing the conceptual divide between
biological and statistical epistasis: systems biology and a more modern
synthesis. BioEssays. 2005;27(6):637-46.

Pendergrass SA, Frase A, Wallace J, Wolfe D, Katiyar N, Moore C, et al.
Genomic analyses with biofilter 2.0: knowledge driven filtering, annota-
tion, and model development. BioData Min. 2013;6(1).

Kinsella RJ, Kahari A, Haider S, Zamora J, Proctor G, Spudich G, et al.
Ensembl BioMarts: a hub for data retrieval across taxonomic space. Data-
base. 2011,2011(0):bar030-bar030.

Avery JT, Zhang R, Boohaker RJ. GLI1: a therapeutic target for cancer.
Front Oncol. 2021;11:1833.

Romagnani P, Annunziato F, Lazzeri E, Cosmi L, Beltrame C, Lasagni L, et al.
Interferon-inducible protein 10, monokine induced by interferon gamma,
and interferon-inducible T-cell alpha chemoattractant are produced by
thymic epithelial cells and attract T-cell receptor (TCR) af+CD8+ single-
positive T cells, TCRyd+T cells, and natural killer-type cells in human
thymus. Blood. 2001;97(3):601-7.

Antonia AL, Gibbs KD, Trahair ED, Pittman KJ, Martin AT, Schott BH, et al.
Pathogen evasion of chemokine response through suppression of
CXCL10. Front Cell Infect Microbiol 2019;9.

Tokunaga R, Zhang W, Naseem M, Puccini A, Berger MD, Soni S, et al.
CXCLY, CXCL10, CXCL11/CXCR3 axis for immune activation—a target for
novel cancer therapy. Cancer Treat Rev. 2018;63:40-7.

Majumder S, Zhou L, Chaturvedi P, Babcock G, Aras S, Ransohoff R. Regu-
lation of human IP-10 gene expression in astrocytoma cells by inflamma-
tory cytokines. J Neurosci Res. 1998;54(2):169-80.

Cornet A, Bettelli E, Oukka M, Cambouris C, Avellana-Adalid V, Kosmato-
poulos K, et al. Role of astrocytes in antigen presentation and naive T-cell
activation. J Neuroimmunol. 2000;106(1-2):69-77.

Williams A, Piaton G, Lubetzki C. Astrocytes-Friends or foes in multiple
sclerosis? Glia. 2007;55(13):1300-12.

Davies M, Nowotka M, Papadatos G, Dedman N, Gaulton A, Atkinson F,
et al. ChEMBL web services: streamlining access to drug discovery data
and utilities. Nucleic Acids Res. 2015;43(W1):W612-20.

de Graaf KL, Lapeyre G, Guilhot F, Ferlin W, Curbishley SM, Carbone M,

et al. NI-0801, an anti-chemokine (C-X-C motif) ligand 10 antibody, in
patients with primary biliary cholangitis and an incomplete response to
ursodeoxycholic acid. Hepatol Commun. 2018;2(5):492-503.

Sandborn WJ, Colombel JF, Ghosh S, Sands BE, Dryden G, Hébuterne

X, et al. Eldelumab [Anti-IP-10] induction therapy for ulcerative colitis:

a randomised, placebo-controlled, phase 2b study. J Crohns Colitis.
2015;10(4):418-28.

Gilmore TD, Herscovitch M. Inhibitors of NF-«B signaling: 785 and count-
ing. Oncogene. 2006;25(51):6887-99.

Bennett J, Capece D, Begalli F, Verzella D, D'Andrea D, Tornatore L, et al.
NF-kB in the crosshairs: rethinking an old riddle. Int J Biochem Cell Biol.
2018;95:108-12.

Waes CV. Nuclear factor-B in development, prevention, and therapy of
cancer. Clin Cancer Res. 2007;13(4):1076-82.

Carvalho-Silva D, Pierleoni A, Pignatelli M, Ong C, Fumis L, Karamanis N,
et al. Open Targets Platform: new developments and updates two years
on. Nucleic Acids Res. 2018:47(D1):D1056-D1065.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.



	A systematic analysis of gene–gene interaction in multiple sclerosis
	Abstract 
	Background: 
	Results: 
	Conclusions: 

	Background
	Methods
	Data
	GWAS data from WTCCC2
	Disease maps from MetaCore

	Variant filtering
	SNP-level epistasis detection with EpiGWAS
	From SNP-level EpiGWAS scores to gene-level epistasis scores
	Direction of the epistatic effect
	Significance of network topological properties

	Results
	eQTL mapping yields more SNP pairs to test than the physical mapping
	Topology of gene–gene interactions detected with EpiGWAS
	Gene–gene epistatic interactions form connected components
	eQTL and physical mappings yield complementary gene–gene epistatic interactions
	Gene–gene epistatic interaction networks contain hubs
	Gene–gene epistatic interactions detected with EpiGWAS mostly complement known biological interactions

	4 of the epistatic gene pairs involve missense variants
	Twenty-five of the epistatic gene pairs involve the up-regulation of both genes
	NF- B and IP10 form a promising pair of interacting therapeutic targets for multiple sclerosis

	Conclusion
	Acknowledgements
	References


