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Abstract

Background: Detecting epistatic interactions at the gene level is essential to understanding the biological mechanisms of complex
diseases. Unfortunately, genome-wide interaction association studies involve many statistical challenges that make such detection
hard. We propose a multi-step protocol for epistasis detection along the edges of a gene-gene co-function network. Such an approach
reduces the number of tests performed and provides interpretable interactions while keeping type I error controlled. Yet, mapping
gene interactions into testable single-nucleotide polymorphism (SNP)-interaction hypotheses, as well as computing gene pair asso-
ciation scores from SNP pair ones, is not trivial.

Results: Here we compare 3 SNP-gene mappings (positional overlap, expression quantitative trait loci, and proximity in 3D structure)
and use the adaptive truncated product method to compute gene pair scores. This method is non-parametric, does not require a
known null distribution, and is fast to compute. We apply multiple variants of this protocol to a genome-wide association study
dataset on inflammatory bowel disease. Different configurations produced different results, highlighting that various mechanisms are
implicated in inflammatory bowel disease, while at the same time, results overlapped with known disease characteristics. Importantly,
the proposed pipeline also differs from a conventional approach where no network is used, showing the potential for additional

discoveries when prior biological knowledge is incorporated into epistasis detection.
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Background

Genome-wide association studies (GWAS) have identified >70,000
genetic variants associated with complex traits [1]. Often these
variants altogether do not explain the whole variance of a trait. A
representative example is inflammatory bowel disease (IBD), like
Crohn disease and ulcerative colitis. Pooled twin studies estimate
their heritabilities at 0.75 and 0.67, respectively [2]. Yet, despite
large GWAS that identified >200 IBD-associated loci [3], a low pro-
portion of their variance has been explained [4]. Possible expla-
nations include a large number of common variants with small
effects, rare variants with large effects not covered in GWAS, unac-
counted for gene-environment interactions, and genetic interac-
tions [5]. In this article we explore the latter, called epistasis, which
has been linked to IBD in the past [6-11]. Often, 2 types of epista-
sis are described: biological and statistical epistasis [12]. Broadly
described, biological epistasis refers to a physical interaction be-
tween 2 biomolecules that has an effect on the phenotype. Sta-
tistical epistasis refers to departures from population-level linear
models describing relationships between predictive factors such
as alleles at different genetic loci.

Genome-wide association interaction studies (GWAIS) focus
on the detection of statistical epistasis. To date, these studies
have produced few replicable, functional conclusions, and spe-
cific gene-gene interactions have rarely been identified. This may
be due to the small effect sizes of the interactions, the low sta-

tistical power, or the absence of a widely accepted GWAIS proto-
col. Even in the absence of statistical challenges, GWAIS are usu-
ally conducted on single-nucleotide polymorphisms (SNPs), and
SNP-interactions often lack a straightforward functional interpre-
tation. Moving from SNP- to gene-level tests, which jointly con-
sider all the SNPs mapped to the same gene, might address both
shortcomings. First, aggregating SNP pair statistics into gene pair
statistics is likely to increase the statistical power when dealing
with complex diseases [13]. Second, converting statistical findings
into biological hypotheses [14] may facilitate their functional in-
terpretability [15].

To both reduce the number of tests and improve the inter-
pretablity of significant SNP-interactions, some authors propose
examining only pairs of SNPs likely to be functionally related [16].
Such approaches use prior biological knowledge, e.g., of SNPs in-
volved in genes that establish a protein-protein interaction [17].
Yet, limiting studies to 1 particular kind of gene-gene interaction
might be reductive. To tackle that issue, Pendergrass et al. [18]
developed Biofilter, a gene-gene co-function network, which ag-
gregates multiple databases. Additionally, such approaches often
require as well a proper mapping of SNPs to genes.

In this article, we propose guiding the search for statistical epis-
tasis using plausible biological epistasis. Taking exclusively inter-
actions reported from >2 different sources in Biofilter, we com-
pile a subset of gene-gene interactions that are biologically plausi-
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ble. Then, we exclusively search for those interactions in a GWAIS
dataset, reducing the multiple test burden and improving the in-
terpretability. We investigate different ways of mapping SNPs to
genes and use the adaptive truncated product method [19] to es-
timate the association of gene pairs. Network and pathway anal-
yses are used to further assist in the interpretation of epistasis
findings. The proposed pipeline is applied to GWAS data from the
International IBD Genetic Consortium [3].

Data Description

We investigated the IIBDGC dataset, produced by the Interna-
tional Inflammatory Bowel Disease Genetics Consortium (IIB-
DGC). This dataset was genotyped on the Immunochip SNP ar-
ray [20]. We performed quality control as in Ellinghaus et al. [21],
thereby reducing the number of SNPs from 196,524 to 130,071. The
final dataset contains 66,280 samples, of which 32,622 are cases
(individuals with IBD) and 33,658 are controls. The large sample
size of this dataset helps in overcoming the issue of reduced sta-
tistical power that is common in GWAIS.

The IIBDGC dataset aggregates different cohorts and contains
potentially confounding population structure. As in Ellinghaus
et al. [21], we used the first 7 principal components to model pop-
ulation stratification. Because several epistasis detection meth-
ods, such as those implemented in PLINK [22], cannot include co-
variates in their logistic regression models, we instead adjusted
the phenotypes by regressing out those principal components. In
other words, we derived adjusted phenotypes from the logistic re-
gression model by subtracting model-fitted values from observed
phenotype values, i.e., response residuals (see Supplementary
Fig. S1).

Analysis

SNP to gene mapping: Chromatin contacts map
more SNPs per gene than other mappings

In this article, we present a pipeline to detect gene epistasis across
the edges of a network. We extract interacting pairs of genes from
the gene-gene Biofilter network to obtain candidate gene epistatic
pairs (“gene models”). We considered 3 ways to match genes to SNPs
and obtain “SNP models” from them: “Positional,” “eQTL,” and “Chro-
matin” (detailed in section “From gene models to SNP models”). Chro-
matin produced the largest number of unique SNP-gene mappings
(2,394,590), 1 order of magnitude more than eQTL (411,120) and Po-
sitional (174,879) (Table 4). The Chromatin mapping had on average
the largest number of SNPs mapped on to a gene, followed by eQTL
and Positional (Fig. 1A). Nonetheless, the number of SNPs mapped
to a gene varied considerably across genes (Fig. 1B). In addition,
the number of SNPs mapped to a same gene varied considerably
across mapping methods (Fig. 1 C-E): in general, the genes with
most SNPs mapped using the eQTL mapping had relatively few
SNPs mapped in the Chromatin mapping, and vice versa.

The Positional analysis does not recover any SNP
interaction

The aforementioned SNP-gene mappings, and combinations of
them (cross-mappings), yielded 7 sets of SNP models. Run-
ning our pipeline on them resulted in 7 epistatic SNP-SNP net-
works described in Table 1 (for visualization, see Supplementary
Fig. S2). We also conducted what we called a “Standard” analy-
sis, which reflects a conventional epistasis detection procedure.
In this one, we exhaustively searched for epistatic interactions

Table 1: Properties of the SNP networks obtained from different
datasets

Mean
Analysis SNPs Edges Components degree
Standard 55 57 12 2.07
Positional 0 0
eQTL 46 64 6 2.78
Chromatin 20 19 5 1.9
eQTL + Chromatin 44 48 8 2.2
Positional + eQTL 43 76 6 2.7
Positional + Chromatin 21 39 5 1.9
Positional + eQTL + Chromatin 39 45 6 2.3

Nodes are SNPs, which are linked when the SNP model is significant.

Table 2: Properties of the gene networks obtained from different
datasets

Mean
Mapping Genes Edges Components degree
Standard 29 26 8 1.79
Positional 0 0
eQTL 11 7 5 1.27
Chromatin 10 5 5 1
eQTL + Chromatin 22 12 10 1.1
Positional + eQTL 11 7 5 1.3
Positional 4+ Chromatin 10 5 5 1
Positional + eQTL + Chromatin 23 13 10 1.1

Nodes are genes, which are linked when the corresponding gene model is sig-
nificant.

between all the SNPs that passed quality control. Then, we used
positional mapping to assign gene interactions to the significant
SNP-interactions. Strikingly, while the Standard analysis gener-
ated the largest SNP-interaction network (55 nodes/SNPs and 57
edges/interactions), the Positional + eQTL one was the largest by
number of interactions (76). The Positional analysis produced no
significant interactions at all.

Gene epistasis: “functional” mappings boost
discovery and interpretability

Findings of a GWAIS are often presented as a network, with nodes
indicating SNPs and edges between nodes being present when
the analysis protocol identifies the corresponding SNP pair as
significantly interacting with the trait of interest. We converted
SNP model networks into gene model epistasis networks (Fig. 2),
adding an edge between 2 genes whenever the corresponding gene
model significance was ascertained through an adaptive trun-
cated product method (ATPM) approach. The largest network was
obtained under the Standard analysis (26 edges, Table 2). The Po-
sitional + eQTL + Chromatin combinations performed second best
(13 edges). Because no significant SNP pairs were detected under
Positional, no significant gene pairs were produced either. Simi-
larly, the 2 analyses that included Positional information on top of
another source barely added any new information in comparison
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Figure 1: (A) Number of SNPs per gene for each of the 3 mappings described in section “From gene models to SNP models.” Each box shows the median
number of SNPs mapped to the same gene (the bold line in the middle), with the second and the third quartiles below and above it, respectively; the
whiskers represent the first and fourth quartiles; the outliers are indicated separately. (B) Ranking of genes with most SNPs mapped using any of the
mappings, colored by mapping. Only genes with >100 SNPs mapped to it are displayed. (C-E) Comparison between the rank of each gene according to
the number of SNPs mapped to it using each mapping.
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Figure 2: Epistasis networks built from derived significant gene models for the different analysis strategies. Genes associated with IBD in DisGeNET
[23] are indicated in pink. An alternative layout of the networks is available in Supplementary Fig. S3.
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to Positional 4+ eQTL + Chromatin: Positional + eQTL included a new
gene pair (SPAM1-HYALIL, already detected in the eQTL analysis),
while Positional + Chromatin did not produce any additional pair.
On the same line, eQTL + Chromatin included only 1 gene model ab-
sent from Positional + eQTL + Chromatin: PLA2G2E-PLA2G2C. Hence,
we removed those 3 from further analyses because Positional +
eQTL + Chromatin captured more biological signal than those sep-
arately.

For both eQTL and Standard most of the significant SNP models
mapped to exclusively 1 gene model, removing possible sources of
ambivalence (Fig. 3A). That was less the case under the Chromatin
analysis, where it was more common for the same SNP model to
map to different gene models. We also investigated the relation-
ship between significant gene models and the number of signifi-
cant SNP models that mapped to them (Fig. 3B). Most significant
gene interactions were supported by relatively small numbers of
SNPs: either few in number, or few with respect to the total num-
ber of SNP models for that significant gene model.

Significant SNP pairs are near each other and
near loci with main effects

Notably, the SNPs in significant SNP-interactions are located near
each other in the genome (the median distance between the pair
of SNPs in Chromatin, eQTL, and Positional + eQTL + Chromatin was
161 kb). Moreover, they tend to overlap with GWAS main effects
loci (Fig. 4A). To investigate whether main effects could be driv-
ing some of the signals, even when in imperfect linkage disequi-
librium (LD) with epistatic SNP pairs (a phenomenon sometimes
referred to as “phantom epistasis” [24]), we conducted a linear
regression-based test, including a vector of polygenic risk scores
as covariate. The observed effect of many significant SNP mod-
els notably decreased when we conditioned on single SNPs in this
way (Fig. 4B), but not for all. The latter suggests a masking effect
opposite to phantom epistasis. However, it is unclear how to ade-
quately correct for multiple hypotheses testing after this adjust-
ment in our setting, and in what follows we still use the unad-
justed P-values, with the understanding that some of them may
be inflated by weak correlations with main effects.

The type I error is controlled

To evaluate the statistical relevance of the detected gene inter-
actions, we studied whether the proposed protocol controlled the
type I error. For that purpose, we performed a permutation anal-
ysis based on 1,000 permutations for each of the datasets, per-
muting the phenotypes and running the entire protocol to de-
tect significant gene interactions. This permutation procedure is
independent of the one used in the proposed protocol to com-
pute significance thresholds. When >1 significant gene interac-
tions was observed in a permutation, that permutation was con-
sidered a false positive (FP) result. This allowed us to compute
the type I error rate as #FP/1,000. Type I error was under con-
trol in all tested experimental settings, with estimates <6.6%
(Table 3).

Biofilter boosts discovery of interpretable
hypotheses

Searching for epistatic interactions exclusively across edges of the
Biofilter network greatly reduces the number of tests. Yet, this gain
in statistical power might not lead to greater discoveries because
it potentially disregards new interactions absent from databases.
Hence, we tested whether we would obtain similar results by ex-
haustively searching for epistasis on the datasets not reduced for

Table 3: Type I error of the protocol presented in section
“Gene interaction detection procedure,” estimated over 1,000 random
permutations

Mean No. of significant

Typel

Analysis interactions under Hy error (%)
Standard 0.05 3.6
Positional 0.04 3.7
eQTL 0.09 4.2
Chromatin 0.07 6.6
Positional + eQTL + Chromatin 0.04 3.6

Biofilter models but using each mapping. At the SNP level (Fig. 5A,
upper panel), only a small proportion of the significant interac-
tions were still detected when the network was not used. Strik-
ingly, that difference got smaller at the gene level (Fig. 5A, lower
panel). This suggests that the significant SNP models, even if fewer
in number, are strong enough to lead to the detection of the gene
models.

In a similar vein, we studied the overlap between the signif-
icant models detected in the different analyses. Including more
SNP-gene mappings in the analysis was mostly beneficial with
respect to considering 1 mapping at a time because both at the
gene and at the SNP level, the significant interactions in Positional
+ eQTL + Chromatin highly overlapped with the other analyses
(Fig. 5B). Nonetheless, a few interactions were also missed in this
joint analysis, in particular 20 significant SNP models detected in
the eQTL analysis.

Positional + eQTL + Chromatin and Standard
analyses partially replicate previous studies on
IBD

In the past, several genetic studies have investigated epistasis
on IBD [6, 7, 9-11, 25]. We compared them to our results at the
gene level, the minimal functional unit at which we expect ge-
netic studies to converge. Several epistatic alterations have been
reported involving interleukins [6, 10, 11]. Also our Standard anal-
yses resulted in interactions involving 3 interleukins (IL-19, IL-10,
and IL-23), although interacting with different genes than in the
aforementioned studies. Positional + eQTL + Chromatin recovered
5 interleukins (IL-4, IL-5, IL-13, IL-19, IL-20). In addition, Lin et al.
[25] detected interactions involving NOD2, with both IL-23R and
other genes. Our Standard analysis highlighted 2 potentially new
epistasic interactions involving NOD2.

Discoveries in the proposed protocol are guided by plausi-
ble biological interactions. Hence, every significant gene model
can be traced back to a biological database, therefore produc-
ing biological hypotheses. For instance, the gene model MST1-
MSTIR is significant in multiple pipelines. Both genes have been
linked to IBD, both by themselves [26, 27] and in interaction
with other genes [28]. MST1R is a surface receptor of MST1, and,
through physical interaction, they play a role in the regulation of
inflammation.

Pathway analyses highlight the involvement of
the extracellular matrix in IBD

Pathway enrichment analyses of each interaction’s neighborhood
allowed us to identify broader biological mechanisms in which the
significant interaction pairs might be involved. The eQTL analysis
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produced multiple significant pathways (see Supplementary Ta-
ble S1), involving the triangle of interactions formed by 2 genes lo-
cated in 3p21.31 (HYAL1, HYAL3) and 1 in 7q31.32 (SPAM1) (Fig. 2).
The affected pathways were related to the extracellular matrix,
and specifically to glycosaminoglycan degradation. Links between
the turnover of the extracellular matrix and IBD-related inflam-
mation have been reported [29]. More specifically, glycosamino-
glycan [30] and hyaluronon [31] degradation products lead to
inflammatory response. When attention is restricted to path-
ways of minimum gene size 10 and maximum gene size 500 to
avoid imbalances and non-normality, 4 pathways are removed:
cellular response to UV B, hyalurononglucosaminidase activity,
hexosaminidase activity, and CS/DS degradation. The Chromatin
mapping and the Standard pipeline did not produce significant
pathways. The Positional + eQTL + Chromatin analysis produced
71 significant pathways (Supplementary Table S2), involving the
neighborhoods HYAL3, HYAL1, HYAL2 and PLA2G2E, PLA2GS,
PLA2G2C.

The proposed pipeline increases robustness

We studied whether our proposed pipeline led to more ro-
bust results. For that purpose, we ran the whole protocol again
on a random subset of the data containing 80% of the sam-
ples. We repeated this experiment 10 times for each SNP-
gene mapping. In each subset, 49% of the individuals were
cases, respecting the initial proportion of cases and controls
of the entire dataset. Conservatively, we used the same SNP
and gene significance thresholds as for the corresponding entire
dataset.

The Standard pipeline, which does not include Biofilter network-
information, produced on average 11.4 significant gene mod-
els (SE 1.1). With the eQTL (respectively Chromatin) analysis,
we detected on average 5.8 gene pairs (respectively 3.2) with
SE 0.1 (respectively 0.4). With the Positional + eQTL + Chro-
matin mappings process, we detected a mean of 8.6 gene pairs
(SE 1.3).

Figure 6 shows that pipelines including biological knowledge
recover >60% of the gene pairs detected with the entire cohort,
on average (83% for eQTL, 60% for Chromatin mapping, and 64%
for Positional + eQTL + Chromatin), whereas without this knowl-
edge (Standard), we recover <40% of the pairs. Hence, the Standard
analysis seems to be the less robust in terms of conservation of
gene pairs. This shows that filtering does increase robustness at
the gene level.

Tissue-specific mappings do not recover many
new interactions

To analyze the effect of tissue-specific mappings, we ran 3 analy-
ses using exclusively eQTL and Chromatin mappings obtained from
relevant tissue types and a combination of these eQTL and Chro-
matin mappings with the Positional one. Specifically, we used map-
pings obtained from organs and tissues from the nervous and
digestive systems (Supplementary Table S3). While the tissue-
specific Chromatin analysis did not produce any significant gene
pair, the tissue-specific eQTL and Positional + eQTL + Chromatin
analyses produced, respectively, 4 and 3 significant gene pairs
(Supplementary Fig. S4). Nonetheless, only 1 is novel with regards
to the organism-wide analyses: ILISRAP-IL18R1.
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Discussion

In this article we proposed a new protocol for epistasis detection,
based on a variety of functional filtering strategies, and studied its
application to GWAS data for IBD. The protocol included several
components to control for type I error, thereby strengthening our
belief in the discovered genetic interactions.

A common theme in the interpretation of epistasis results con-
sistsin linking the associated variants to an altered gene function.
In this article, we considered 3 different such SNP-gene mappings.
Notably, the number of SNP-gene correspondences provided by
each mapping differed by orders of magnitude. Moreover, the dif-
ferent mappings unevenly described genes; e.g., genes that had
the most SNPs mapped by using a Chromatin contact map had
comparatively few eQTL SNPs. To combine these different perspec-
tives of the epistasis process we combined multiple mappings into
1 analysis (Positional + eQTL + Chromatin). This joint analysis al-
lows biologically interesting interactions to be detected, such as
an SNP in a distal enhancer of a gene (captured by the Chromatin
mapping) interacting with another gene’s eQTL. For the most part,
this complementary approach improved the analysis, by recover-
ing most of the interactions significant in the analyses that used 1
mapping at a time. Importantly, our results display the benefits of
going beyond 1 single SNP-gene mapping (often, genomic position)
to interpret epistasis results. To our surprise, tissue-specific anal-
yses using exclusively eQTL and Chromatin mappings from tissues
related to IBD resulted in less significant gene pairs. Despite this
setback, we believe that more targeted analyses (e.g., using only
interactions from open Chromatin in relevant cell types) mightlead
to novel discoveries.

Restricting the tested interactions to functionally plausible
pairs of genes and SNPs joins 2 faces of epistasis: searching for
statistical epistasis, yet exclusively on plausible candidates for bi-
ological epistasis. This has several advantages. First, a more tar-
geted input dataset reduces the number of tests and, in conse-
quence, the multiple testing burden. In contrast, the high dimen-
sionality of GWAIS data requires a much more stringent multiple
testing correction and limits the detection of epistasis with low ef-
fect sizes. Adopting one of the proposed analyses may reduce the
number of SNP interactions to test by more than half (Fig. 1). Yet,
the Standard analysis, which does not use Biofilter, produced the
most significant gene models. Second, the proposed protocol ad-
dresses the robustness issues widespread in GWAIS by producing
results that are consistent at the gene and pathway levels (Fig. 5).
Indeed, we observed an increased analytic robustness when using
Biofilter gene models, in line with previous reports [32]. In partic-
ular, the eQTL and Chromatin mappings increased said robustness.
Third, restricting the search for epistasis to biologically plausible
interactions yields results that are biologically interpretable and
strikingly different from the ones obtained without using func-
tional filtering (Fig. 2). Not surprisingly, different mappings also
provided very different interaction signals and give resolution of
information on different genes. In particular, we corroborated that
the significant gene models from different functional filters were
relevant to the biology of IBD. This was especially true for the Chro-
matin analysis (but also the eQTL analysis), giving rise to interac-
tions with seemingly meaningful biological underpinnings, and
stressing the relevance of regulatory variants in susceptibility to
IBD. In contrast, the Standard analysis detected multiple interac-
tions that were hard to interpret. For instance, several interactions
involved RNA genes of unknown function (e.g., LOC101927272 or
LINC02178).
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Remarkably, while the Standard analysis produced rich results,
the Positional analysis did not lead to any significant SNP model.
They both use genomic position to map SNPs to genes, but Po-
sitional is restricted to gene models in Biofilter. We note that the
Positional analysis does not coincide with how Biofilter is typically
used on GWAS data for epistasis detection. The latter involves
pooling all SNPs that are mapped to genes that occur in Biofil-
ter proposed gene interaction models, and subsequently exhaus-
tively screening those SNPs for pairwise interactions. These pairs
may also involve gene pairs that were not highlighted by Biofilter,
in contrast to our Positional analysis. We evaluated the effect of
Biofilter on the final results. No significant SNP interactions were
detected in the Positional analysis. In the analysis without biofil-
tering (dataset reduced to mappable SNPs using genomic prox-
imity, but not reduced to Biofilter gene pairs), 62 pairs were sig-
nificant. Also, of the 86 SNP interactions that passed the exper-
imental threshold in the Standard analysis (dataset not reduced
to mappable using genomic proximity, nor Biofilter gene pairs),
only 57 are mappable to gene interactions using genomic proxim-
ity. Hence, 66% of significant SNP pairs are mappable via genomic
proximity in the Standard analysis.

An important component of our protocol is the conversion of
SNP-based tests to gene-based tests. The most popular approach
consists in aggregating SNP-level P-values into gene-level statis-
tics, which can be done in different ways (see Ma et al. [33] for
some early examples, and Vsevolozhskaya et al. [34] for recent
developments). Here, we developed a generic approach that ex-
ploits a permutation strategy to define a P-value cut-off for SNP
interactions, at a family-wise error rate (FWER) of 5%, and then
we followed the original implementation of the ATPM to accom-
modate several truncation thresholds at once [19] while taking
permutations instead of bootstrap as in Yu et al. [35]. The 2 al-
gorithms are similar, but we favored the TPM over the rank trun-
cated product method of Yu et al. [35] that employs the product
of the L most significant P-values, because the TPM only requires
P-values smaller than a specified threshold, which is in line with
the output of PLINK epistasis detection and saves storage space.
Following both protocols and the recommendation of Becker and
Knapp [36] we included measures derived from observed data in
computing statistics under the null.

Remarkably, our proposed procedure keeps type [ error under
control, without additional corrections for multiple testing at the
gene model. We hypothesize that this stems from 2 reasons. First,
we apply a stringent correction for multiple testing at the SNP
level. Second, when moving from SNP model significance to gene
model significance, the ATPM only considers gene models that
map to >1 significant SNP model. However, alternative strategies
could have been considered, e.g., not restricting ourselves to sig-
nificant SNP models, hence conducting ATPM on all gene models.
This could have led to increased discovery, in cases where the SNP
models mapped to a gene tend to be low, albeit non-significant.
However, it may also lead to an increased type I error. Account-
ing for that would require a multiple-test correction at the gene
level. In turn, such correction would be difficult because the de-
pendency between the tests is unknown. Additionally, in common
multiple-test correction procedures this would require a much
higher number of permutations to obtain the necessary numer-
ical precision.

How best to perform a pathway analysis of epistasis results is
understudied. Often, all genes belonging to any significant gene
pair are simply pooled together into a joint enrichment analy-
sis. This approach discards the gene-gene interaction information
that was, indeed, the object of analysis. Hence, in our procedure

we adapted the “Network neighborhood search” protocol from Yip
et al. [37], which considers the topology of the network using the
shortest paths between the studied genes. It should be noted that
we only used the topology to derive a neighborhood for each sig-
nificant gene pair; then, we discarded the edge information. Yet,
there are several directions for improvement. One is to exploit the
topology of the epistasis network beyond the creation of a neigh-
borhood. Another one is to take into account the gene size (or the
number of SNPs per gene), e.g., by performing a weighted version
of the statistical test. Jia et al. [38] suggested a method for gene
set enrichment analysis of GWAS data, adjusting the gene length
bias or the number of SNPs per gene. In our data, we did observe a
link between the significance of the gene models and the number
of SNPs mapped to the gene. For instance, in the eQTL analysis,
the only one producing significant pathways, the median number
of SNPs per gene is 385 among genes in significant pairs, versus 3
SNPs per gene genome-wide.

Several protocol changes may affect final results. As reported
elsewhere [32], these changes or choices include the modeling
framework (parametric, non-parametric, semi-parametric) and
encoding of the genetic markers, as well as LD handling. With re-
gards to the first one, we used a linear regression. Because the
IIBDGC dataset is case-control, a more natural choice would have
been logistic regression, including the 7 main PCs to account for
population structure. However the tool of choice (PLINK) did not
allow the inclusion of covariates. To work around this, we took
the binary phenotype as a continuous variable, regressed out the
7 largest PCs, and fitted a linear regression to this adjusted phe-
notype. Although this approach works well in practice, it is subop-
timal, and more flexible frameworks might account for the pop-
ulation structure more accurately. With regards to the encoding,
we used an additive encoding scheme (0, 1, 2 indicating the num-
ber of copies of the minor SNP allele), a popular choice in part
because of its computational efficiency. However, this encoding
scheme has been reported to tend to increase false-positive re-
sults (e.g., [39]). This observation is based on type I error studies
with data generated under the null hypothesis of no pairwise ge-
netic interactions but in the presence of main effects (see, e.g.,
[40]). Here, we investigated the type I error control of our proto-
cols under a general null hypothesis of no genetic associations
with the trait (no interactions and no main effects) and estab-
lished adequate control. As a consequence, this does not guar-
antee that our generated SNP interaction results were not overly
optimistic. To this end, we adjusted SNP-level epistasis P-values
for main effects as comprised in a polygenic risk score. Not only
does such a post-analysis adjustment via conditional regression
reduce over-optimism due to inadequate control for lower-order
effects, thus addressing phantom epistasis [24], but it may also
occasionally highlight the masking of SNP interactions (as was
shown in Fig. 4B—eQTL). More work is needed to investigate the
effect on gene-level interaction results, derived accordingly. For
convenience, we used the regression framework to identify SNP
interactions and relied on earlier recommendations regarding LD
handling [41].

Our protocols are built on output from Biofilter, which can
be presented as a co-functional gene network. One of the mo-
tivations was its proven ability to highlight meaningful interac-
tions in a narrower alternative hypothesis space, at the expense
of leaving parts of the interaction search space unexplored. The
database that Biofilter built contained 37,266 interactions. This is
notably smaller than other gene interaction databases, such as
HINT [42] (173,797 interactions) or STRING [43] (11,759,455 inter-
actions). Testing gene interactions with other (combinations of)
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biological interaction networks was beyond the scope of this ar-
ticle. Furthermore, Biofilter analysis or exhaustive screening may
lead to non-overlapping results. An example within a regression
context is given in [32].

Potential Implications

In this study we presented a protocol to enhance the interpre-
tation of epistasis screening from GWAS. It includes gene-level
epistasis discoveries with type I error under control, as well as
a network-guided pathway analysis. Moreover, it improves the ro-
bustness of the results. While SNP pairs from a GWAIS study rarely
replicate in other cohorts and arrays, results at the gene and path-
way level are more likely to be reproducible. This can be achieved
directly by applying the proposed protocol, or by testing SNP mod-
els in a cohort obtained from the gene pairs and pathways signif-
icant in other studies, via the SNP-gene mapping of interest. Ag-
gregating SNP-level results into gene-level epistasis is challenging
but allows the inclusion of information from biological interac-
tion databases. On the basis of that, we conducted multiple analy-
ses that use different sources of prior biological knowledge about
SNP-to-gene relationships and gene interaction models, as well
as rigorous statistical approaches to assess significance. Each of
them offers a different, albeit complementary view of the disease,
which leads to additional insights.

Their application to GWAS data for IBS highlighted the poten-
tial of our strategy, including network-guided pathway analysis,
as it recovered known aspects of IBD while capturing relevant and
previously unreported features of its genetic architecture. These
strategies will contribute to identify gene-level interactions from
SNP data for complex diseases, and to enhance our belief in these
findings.

Methods

Gene interaction detection procedure

As we describe in more detail below, we applied different func-
tional filters to the available data. These filters use plausible in-
teractions between genes, and 3 different ways of mapping SNPs
to those genes, and hence, to these interactions. These 3 mappings
exploit different degrees of biological knowledge to map SNPs to
genes, referred to as Positional, eQTL, and Chromatin. For each of
the 3 SNP-to-gene mappings, we only analyzed the pairs of SNPs
corresponding to a gene pair with prior evidence for interaction.
Across this article, we compared our findings in these scenarios to
a Standard scenario. In this case, we exhaustively search for epis-
tasis between all 38,225 SNPs that passed quality control (Table 4).
We mapped the resulting significant SNP interactions to potential
gene interactions using the positional mapping. An overview of
the entire pipeline is presented in Fig. 7.

From gene models to SNP models

Although the unit of analysis in GWAIS is the SNP, biological in-
teractions are often characterized at the gene level. Hence, we
mapped all SNPs in the dataset to genes using FUMA [44], a
post-GWAS annotation tool. We created an artificial input where
every SNP is significant in order to perform such mapping on
all the SNPs. We performed 3 SNP-gene mappings using FUMA’s
SNP2GENE: positional, eQTL, and 3D Chromatin interaction (Ta-
ble 4). In the Positional mapping, we mapped an SNP to a gene
when the genomic coordinates of the former were within the
boundaries of the latter £10 kb. The eQTL mapping uses eQTLs ob-

able network
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tained from GTEx [45]. We mapped an eQTL SNP to its target gene
when the association P-value was significant in any tissue (FDR
< 0.05). Last, in the Chromatin mapping, we mapped an SNP to a
gene when a contact had been observed between the former and
the region around the latter’s promoter in the 3D structure of the
genome (250 bp upstream and 500 bp downstream from the tran-
scription start site) in any of the Hi-C datasets included in FUMA
(FDR < 107%). This mapping might contain new, undiscovered, reg-
ulatory variants that, as for SNPs obtained through eQTL mapping,
regulate the expression of a gene.

Co-function gene and SNP networks

We used Biofilter 2.4 [18] to obtain candidate gene pairs to investi-
gate for epistasis evidence. Biofilter generates pairs of genes sus-
ceptible to interact (“gene models”) with evidence of co-function
across multiple publicly available biological databases. It includes
genomic locations of SNPs and genes, as well as known rela-
tionships among genes and proteins such as interaction pairs,
pathways, and ontological categories, but does not use trait in-
formation. As per Biofilter's default, we used gene models sup-
ported by evidence in >2 databases. In addition, we removed self-
interactions because detection of within-gene epistasis requires
special considerations and is beyond the scope of this article.

Given this set of gene models, and 3 different ways of obtaining
SNP models from it, we removed all the SNPs that did not partici-
pate in any SNP model. Subsequently, we created 8 datasets. In 1
dataset no filter was applied (Standard analysis), i.e., neither Biofil-
tering nor any SNP-to-gene mapping. Hence, the original SNP set
was used. We also created 1 dataset exclusively for each SNP-to-
gene mapping (Positional, eQTL, and Chromatin). Last, we created 4
datasets using joint mappings: 1 with all the mappings (Positional
+ eQTL + Chromatin) and 3 with only 2 of them (eQTL + Chromatin,
Positional + eQTL, and Positional + Chromatin).

We discarded SNP models involving rare variants (minor
allele frequency <5%) or in Hardy-Weinberg equilibrium (P-
value < 0.001). Regardless, all risk SNPs described in Liu et al. [46]
were included, even when the aforementioned epistasis quality
control criteria did not hold up. Then, when the 2 SNPs of an SNP
model were located in the HLA region, we discarded the pair be-
cause itis difficult to differentiate between main and non-additive
effects in this region [47]. Last, we discarded models where the
SNPs were in linkage equilibrium (> > 0.75), as motivated in
Gusareva and Van Steen [41].

SNP-level epistasis detection and multiple testing correction

We used PLINK 1.9 to detect epistasis through a linear regression
on the population structure adjusted phenotypes with the option
—epistasis:

Y = o+ B19a + B29s + B394 s, (1)

where g, and gp are the genotypes under additive encoding for
SNPs A and B, respectively, Y is the adjusted phenotype, and Bo,
B1, B2, and Bs are the regression coefficients. PLINK performs a sta-
tistical test to evaluate whether g3 # 0. It only returns SNP pairs
with a P-value lower than a specified threshold. We used the de-
fault 0.0001. Only SNP models were considered, apart from the
Standard approach.

To correctly account for multiple testing, the P-value thresh-
old of significance had to be dataset-dependent because the num-
ber of tested SNP pairs changed from dataset to dataset. We ob-
tained these thresholds through permutations as in Hemani et al.
[48] (Fig. 7). More specifically, for each dataset, we permuted the
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Figure 7: (A) Overview of the investigated gene-gene interaction detection protocols, described in section “Gene interaction detection procedure.” (B)
Summary of the procedure to obtain SNP and gene models using FUMA and Biofilter, described in section “Co-function gene and SNP networks.” (C)
Permutation procedure to obtain the SNP model P-value threshold, described in section “SNP-level epistasis detection and multiple testing correction.” (D)
Overview of the adaptive truncated product methodology, described in section “From SNP-level to gene-level epistasis.”
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Table 4: Properties of the different SNP-gene mappings and the filtered datasets. We show the empirical threshold of significance obtained
through permutation, and the corresponding Bonferroni threshold for comparison

Analysis Mappings SNP models (SNPs) Empirical Bonferroni!
Standard 7.3 x 10% (38,225) 1.1 x 10710 6.9 x 1071
Positional 1.7 x 10° 3.0 x 10° (16,417) 1.6 x 10~ 1.7 x 10~
Chromatin 2.4 % 10° 6.0 x 10° (30,146) 1.0 x 1078 8.3 x 107?
eQTL 4.1 x 10° 1.2 x 10° (16,652) 6.2 x 1078 4.0 x 107%
eQTL + Chromatin 2.7 x 106 9.0 x 10° (33,419) 6.5 x 10~ 5.6 x 10°°
Positional + eQTL 5.3 x 10° 1.7 x 10° (23,642) 3.9 x 1078 29 x 1078
Positional + Chromatin 2.5 x 10° 7 x 10° (33,195) 8.2 x 107° 7.1x107°
Positional + eQTL + Chromatin 2.8 x 10° 9.6 x 10° (34,548) 5.0 x 10~° 5.2 x 107°

* Bonferroni threshold based on the number of possible SNP pairs in the analysis.

phenotypes 400 times and fitted the aforementioned regression-
based association model. This produced a null distribution of the
extreme P-values for this number of tests given the LD structure
in the data. For each dataset, we took the most extreme P-value
from each of the 400 permutations and set the threshold for 5%
FWER to be the 5% percentile of these most extreme P-values. Pos-
terior experiments showed that using a higher number of permu-
tations, 1,000, barely changed the empirical threshold (data not
shown). Hence, 400 was enough permutations to obtain an ade-
quate threshold.

From SNP-level to gene-level epistasis

Our next step was to use significant SNP interactions to iden-
tify significant gene interactions, which requires combining the P-
values of all SNP pairs mapped to the same gene pair. Suppose that
SNP interaction tests have been conducted for N individual hy-
potheses Hy;,i=1,2,...,N, e.g,, N SNP models mapped to the same
gene model. We tested the joint null hypothesis Ho = (L, Hy; at
significance level o versus the combined alternative hypothesis
Hj:>1 of Hy; is false. To do so, we considered all SNP pairs mapped
to the same gene pair as a set of tests with the same global null
hypothesis, and applied the ATPM [19] (Fig. 7).

ATPM is an adaptive variant of the truncated product method
(TPM) of Zaykin et al. [49], which uses as a statistic the product
of the P-values smaller than some pre-specified threshold (here,
significant SNP interactions) tests. More specifically, given a trun-
cation point r and a number N of significant SNP interactions, this
test statisticis givenas W (z) = [T, pﬁ(p‘g) ,where(-)is theindica-
tor function. TPM is interesting in our context because it does not
require P-values for all SNP pairs but only for the most strongly
associated ones.

The distribution of W(r) under the null hypothesis is unknown
when the individual tests are not independent, which is clearly the
case here, but an empirical P-value 7 () can be estimated through
permutations. Because the choice of t is arbitrary, the adaptive
version of TPM (ATPM) explores several values of r and selects
#* = min, 7 (r). The distribution of 7#* under the null hypothesis
can again be determined through permutations [50].

In our procedure, which is detailed below for a given gene pair,
we used B = 999 permutations and r € {0.001, 0.01, 0.05}. Remark-
ably, and following the suggestion of Becker and Knapp [36], the
null distribution includes both the statistic from the observed
dataset, and from the 999 permutations.

(1)For each SNP model i = 1, ..., N mapped to the gene pair,
compute its P-values p; , in the original dataset (b = 0) and
for each of the B =999 permutations (b =1, ..., B).

(2)For each value of t and b, compute the test statistic W(z).

(3)For each value of v and b, estimate the P-value: m,(t) =
[0 1Wa(r) = Wi(e))] /(B + ).

(4)For each value of b, compute 7 = min m,(r).

(5)Estimate the P-value of the gene model as Py =
[Zhotms = 7)) /B +1).

(6)Reject the global null hypothesis if Py <« = 0.05.

Studying the impact of confounding main effects

The SNPs from some detected interactions were near SNPs with
main effects. To assess the impact on the results, we studied the
difference between 85 in Eq. 1 and in the following model:

Y = o+ P19a + B29s + B3gags + B2PRS.

PRS is the polygenic risk score (PRS) computed for the sample.
We expect the PRS to capture the variance explained by all main
effects.

We computed the PRS with PRSice-2 [51], using the default
options. Because it requires GWAS summary statistics, we used
PLINK —assoc to compute the association of each SNP in the orig-
inal dataset (130,071 SNPs and 66,280 individuals, with the trait
adjusted for PCs). Because the adjusted phenotype is quantitative,
PLINK computes the linear regression coefficients and assesses
their significance using the Wald test. PRSice performs clumping
to remove SNPs that are in LD with each other. The r? values com-
puted by PRSice are based on maximum likelihood haplotype fre-
quency estimates. From the 130,071 initial variants, 28,389 vari-
ants remained after clumping (—clump—kb 250kb, —clump—p 1,
—clump—r2 0.1). We used the average effect size method to calcu-
late the PRS, with high-resolution scoring.

Pathway analysis

A pathway enrichment analysis on the neighborhood of a signif-
icant gene model can inform about the broader framework in
which gene epistasis occurs. To define such neighborhoods, we
adapted the network neighborhood search protocol from Yip et al.
[37]. We computed the neighborhood of 2 genes as the list of all
genes that (1) participate in any of the shortest paths between the
2 studied genes in the Biofilter network, once the direct link be-
tween them is removed; and (2) are also involved in a significant

220z aunr 0 uo 1sanb Aq 0881 259/S609e1b/aouaiosebib/ea0L 0 L/10p/a1o1ue/2ousiosebif/woo dno-olwapese//:sdiy wouy papeojumoq



12 | GigaScience, 2022, Vol. 11, No. 1

interaction with >1 other gene on these paths. We restricted our
attention to neighborhoods containing >3 genes, including the 2
from the gene model under consideration. For each of these, we
conducted a gene set enrichment analysis in all human gene sets
from the Molecular Signature Database (MSigDB version 7) [52,
53]. We performed the enrichment analysis using a hypergeomet-
ric test, which compares the obtained overlap between 2 sets to
the expected overlap from taking equally sized random sets from
the universe of genes. We favored the hypergeometric test over
the x? test used in Yip et al. [37] because the sample sizes of the
neighborhoods were small and because x? is an approximation
whereas the hypergeometric test is an exact test. The universe
set was analysis dependent. For the Standard analysis, it contained
all the genes in an annotated pathway that can be mapped via ge-
nomic proximity to an SNP of the dataset. For the other analyses, it
contained all the genes in an annotated pathway that are present
in at least one Biofilter gene model, and that can be mapped
via the corresponding SNP to gene mapping to an SNP in the
dataset. Finally, pathways were said to be significant when the cor-
responding test P-value was lower than the Bonferroni threshold
(0.05/(# pathways x # tested gene neighborhoods)), with “path-
ways” corresponding to pathways containing >1 gene of the
neighborhood.

Availability of Source Code and
Requirements

® Project name: network_epistasis.nf

® Project home page: https://github.com/hclimente/gwas-tools

® Operating system(s): Platform independent

® Programming language: nextflow

® Other requirements: Bash, nextflow, PLINK 1.9 and R
4.0 or higher, with the following packages: clusterProfiler,
data.table, igraph, msigdbr, snpStats, tidyverse

® License: GNU GPL v3.0

We also made this pipeline available in bio.tools (id:
network_epistasis) and SciCruch (network_epistasis, RRID:
SCR_021794) databases.

Additionally, the code necessary to reproduce this article’s re-
sults and analyses is available on GitHub at https://github.com/D
ianeDuroux/BiologicalEpistasis.

Data Availability

The dataset underlying this article is available upon request
from the International Inflammatory Bowel Disease Genet-
ics Consortium (https://www.ibdgenetics.org/). GWAS summary
statistics are publicly available in this article’s accompanying
repository at https://github.com/DianeDuroux/BiologicalEpistas
is. Snapshots of the code are available in the GigaScience GigaDB
repository [54].

Additional Files

Supplementary Figure S1: To choose the best way of computing
residuals to obtain the phenotype adjusted for population struc-
ture, we randomly extracted 5 SNPs in the dataset (rs12488468,
151005678, 1511714286, 152267844, 1511720964) and compared the
associated outputs of epistasis detection. First, we computed the
different residuals: we ran a logistic regression model with binary
phenotypes as the response variable and 7 PCs as independent

variables. We derived 3 vectors of adjusted phenotypes from the
response, working, and Pearson residuals. Then, we looked for sta-
tistical epistasis: we computed linear models using the different
residuals as the response variable and 2 SNPs and their interac-
tions as independent variables. Finally, we performed logistic re-
gressions with the binary phenotype as the dependent variable,
and 2 SNPs and their interaction as explanatory variables, in ad-
dition to 7 PCs as covariates. We aimed at identifying the residuals
leading to P-values as close as possible to the P-values from the
logistic regression. P-values obtained with response residuals as
phenotypes are the closest to the ones obtained with the logistic
regression and are therefore selected as adjusted phenotypes in
our analysis.

Supplementary Figure S2: Epistasis networks built from the sig-
nificant SNP models of the different analysis.

Supplementary Figure S3: Alternative visualization of the gene-
networks presented in Fig. 2. Genes associated with IBD in Dis-
GeNET have a diamond shape.

Supplementary Figure S4: Epistasis networks built from the sig-
nificant SNP models and gene models of the tissue-specific eQTL
and Positional 4+ eQTL + Chromatin analyses. Genes associated with
IBD in DisGeNET are indicated in pink.

Supplementary Table S1: The 16 pathways enriched in the eQTL
analysis. They are obtained from 1 gene neighborhood (HYALI,
HYAL3, SPAM1).

Supplementary Table S2: The 71 pathways enriched in the Po-
sitional + eQTL + Chromatin analysis. They are obtained from 2
gene neighborhoods (HYAL3, HYAL1, HYAL2 and PLA2G2E, PLA2GS5,
PLA2G2C).

Supplementary Table S3: Tissue-specific eQTL and Chromatin
analyses. For eQTL, we took associations from the following
tissues: colon sigmoid, colon transverse, esophagus gastroe-
sophageal junction, esophagus mucosa, esophagus muscularis,
pancreas, small intestine terminal ileum, stomach, whole blood,
aveALL (average gene expression among 10 brain regions), brain
anterior cingulate cortex BA24, brain caudate basal ganglia,
brain cerebellar hemisphere, brain cerebellum, brain cortex, brain
frontal cortex BA9, brain hippocampus, brain hypothalamus,
brain nucleus accumbens basal ganglia, brain putamen basal gan-
glia, and brain amygdala. For Chromatin, we took contacts mea-
sured in pancreas, small bowel, dorsolateral prefrontal cortex, and
hippocampus.

Abbreviations

ATPM: adaptive truncated product method; bp: base pairs; eQTL:
expression quantitative trait loci; FDR: false discovery rate; FWER:
family-wise error rate; GWAS: genome-wide association study;
GWAIS: genome-wide association interaction study; IBD: inflam-
matory bowel disease; kb: kilobase pairs; LD: linkage disequilib-
rium; SNP: single-nucleotide polymorphism; PC: principal compo-
nent; TPM: truncated product method.

Competing Interests

The authors declare that they have no competing interests.

Funding

This project has received funding from the European Union’s Hori-
zon 2020 research and innovation programme under the Marie
Sklodowska-Curie grant agreements No. 666003 and 813533.
H.C.G. acknowledges funding from the RIKEN Special Postdoc-

220z aunr 0 uo 1sanb Aq 0881 259/S609e1b/aouaiosebib/ea0L 0 L/10p/a1o1ue/2ousiosebif/woo dno-olwapese//:sdiy wouy papeojumoq


https://github.com/hclimente/gwas-tools
https://github.com/DianeDuroux/BiologicalEpistasis
https://www.ibdgenetics.org/
https://github.com/DianeDuroux/BiologicalEpistasis

toral Researcher Program. C-A.A. acknowledges funding from
Agence Nationale de la Recherche (ANR-18-CE45-0021-01). Com-
putational resources have been provided by the Consortium des
Equipements de Calcul Intensif (CECI), funded by the Fonds de la
Recherche Scientifique de Belgique (F.R.S.-FNRS) under Grant No.
2.5020.11 and by the Walloon Region. K.V.S. acknowledges oppor-
tunities and funding provided by WELBIO (Walloon Excellence in
Life sciences and BIOtechnology).

Authors’ Contributions

Conceptualization: All authors; data curation: D.D,, H.C.G,; formal
analysis: D.D,, H.C.G.; funding acquisition: C-A.A., K.V.S,; investi-
gation: D.D,, H.C.G.; methodology: D.D., K.V.S.; project administra-
tion: C-A.A., K. V.S.; resources: C-A.A., K.V.S.; software: D.D., H.C.G.;
supervision: C-A.A., K.V.S,; validation: D.D,, H.C.G.; visualization:
DD, H.C.G,; writing—original draft: D.D., H.C.G.; writing—review
& editing: all authors.

Acknowledgments

We thank the International IBD Genetics Consortium for data col-
lection and processing and for interesting discussions.

References

1. Buniello, A, MacArthur, JA, Cerezo, M, et al. The NHGRI-EBI
GWAS Catalog of published genome-wide association studies,
targeted arrays and summary statistics 2019. Nucleic Acids Res
2019;47(D1):D1005-12.

2. Gordon, H, Trier Moller, F, Andersen, V, et al. Heritability in in-
flammatory bowel disease: from the first twin study to genome-
wide association studies. Inflamm Bowel Dis 2015;21(6):1428-34.

3. Ellinghaus, D, Jostins, L, Spain, SL, et al. Analysis of five
chronic inflammatory diseases identifies 27 new associations
and highlights disease-specific patterns at shared loci. Nat Genet
2016;48(5):510.

4. Shaw, KA, Cutler, DJ, Okou, D, et al. Genetic variants and path-
ways implicated in a pediatric inflammatory bowel disease co-
hort. Genes Immun 2019;20(2):131-42.

5. Manolio, TA, Collins, FS, Cox, NJ, et al. Finding the missing heri-
tability of complex diseases. Nature 2009;461(7265):747-53.

6. Lin, Z, Wang, Z, Hegarty, JP, et al. Genetic association and
epistatic interaction of the interleukin-10 signaling pathway
in pediatric inflammatory bowel disease. World ] Gastroenterol
2017;23(27):4897.

7. Pedros, C, Gaud, G, Bernard, I, et al. An epistatic interaction
between Themisl and Vavl modulates regulatory T cell func-
tion and inflammatory bowel disease development. J Immunol
2015;195(4):1608-16.

8. Zhang, J, Wei, Z, Cardinale, CJ, et al. Multiple epistasis interac-
tions within MHC are associated with ulcerative colitis. Front
Genet 2019;10:257.

9. Vermeire, S, Rutgeerts, P, Van Steen, K, et al. Genome wide scan
in a Flemish inflammatory bowel disease population: support
for the IBD4 locus, population heterogeneity, and epistasis. Gut
2004;53(7):980-6.

10. McGovern, DP, Rotter, JI, Mei, L, et al. Genetic epistasis of
IL23/IL17 pathway genes in Crohn’s disease Dermot. Inflamm
Bowel Dis 2009;15(6):883-9.

11. Glas,J, Stallhofer, J, Ripke, S, et al. Novel genetic risk markers for
ulcerative colitis in the IL2/IL21 region are in epistasis with IL23R

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

Interpretable network-guided epistasis detection | 13

and suggest a common genetic background for ulcerative colitis
and celiac disease. Am J Gastroenterol 2009;104(7):1737.

Moore, JH, Williams, SM. Traversing the conceptual divide be-
tween biological and statistical epistasis: systems biology and a
more modern synthesis. Bioessays 2005;27(6):637-46.

Wu, X, Dong, H, Luo, L, et al. A novel statistic for genome-wide
interaction analysis. PLoS Genet 2010;6(9):e1001131.

Lehne, B, Lewis, CM, Schlitt, T. From SNPs to genes: disease as-
sociation at the gene level. PLoS One 2011;6(6):€20133.
Jorgenson, E, Witte, JS. A gene-centric approach to genome-wide
association studies. Nat Rev Genet 2006;7:885-91.

Niel, C, Sinoquet, C, Dina, C, et al. A survey about
methods dedicated to epistasis detection. Front Genet
2015;6:d0i:10.3389/fgene.2015.00285.

Gumpinger, AC, Rieck, B, Grimm, DG, et al. Network-guided
search for genetic heterogeneity between gene pairs. Bioinformat-
ics 2021;37(1):57-65.

Pendergrass, SA, Frase, A, Wallace, J, et al. Genomic analyses with
biofilter 2.0: knowledge driven filtering, annotation, and model
development. Biodata Min 2013;6(1):25.

Sheng, X, Yang, J. An adaptive truncated product method
for combining dependent p-values. Econ Lett 2013;119(2):
180-2.

Cortes, A, Brown, MA. Promise and pitfalls of the Immunochip.
Arthritis Res Ther 2010;13(1):101.

Ellinghaus, D, Spain, SL, Cortes, A, et al. Analysis of five
chronic inflammatory diseases identifies 27 new associations
and highlights disease-specific patterns at shared loci. Nat Genet
2016;48(5):510-8.

Purcell, S, Neale, B, Todd-Brown, K, et al. PLINK: a tool set for
whole-genome association and population-based linkage anal-
yses. Am ] Hum Genet 2007;81(3):559-75.

Piflero, J, Ramirez-Anguita, JM, Salich-Pitarch, J, et al. The Dis-
GeNET knowledge platform for disease genomics: 2019 update.
Nucleic Acids Res 2020;48(D1):D845-55.

de los Campos, G, Sorensen, DA, Toro, MA. Imperfect linkage dis-
equilibrium generates phantom epistasis (& perils of big data).
G3 (Bethesda) 2019;9(5):1429-36.

Lin, Z, Hegarty, JP, John, G, et al. NOD2 mutations affect mu-
ramyl dipeptide stimulation of human B lymphocytes and inter-
act with other IBD-associated genes. Dig Dis Sci 2013;58(9):2599-
607.

Beckly, JB, Hancock, L, Geremia, A, et al. Two-stage candidate
gene study of chromosome 3p demonstrates an association be-
tween nonsynonymous variants in the MST1R gene and Crohn’s
disease. Inflamm Bowel Dis 2008;14(4):500-7.

Burton, PR, Clayton, DG, Cardon, LR, et al. Genome-wide associa-
tion study of 14,000 cases of seven common diseases and 3,000
shared controls. Nature 2007;447(7145):661-78.

Wu, WKK, Sun, R, Zuo, T, et al. A novel susceptibility lo-
cus in MST1 and gene-gene interaction network for Crohn'’s
disease in the Chinese population. J Cell Mol Med 2018;22(4):
2368-77.

Petrey, AC, Carol, A. The extracellular matrix in IBD: a dynamic
mediator of inflammation. Curr Opin Gastroenterol 2017;33(4):
234,

Soroosh, A, Albeiroti, S, West, GA, et al. Crohn'’s disease fibrob-
lasts overproduce the novel protein KIAA1199 to create proin-
flammatory hyaluronan fragments. Cell Mol Gastroenterol Hepatol
2016;2(3):358-68.

Albeiroti, S, Soroosh, A, de la Motte, CA. Hyaluronan’s role in fi-
brosis: a pathogenic factor or a passive player? Biomed Res Int
2015;2015:790203.

220z aunr 0 uo 1sanb Aq 0881 259/S609e1b/aouaiosebib/ea0L 0 L/10p/a1o1ue/2ousiosebif/woo dno-olwapese//:sdiy wouy papeojumoq



14

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

18

| GigaScience, 2022, Vol. 11, No. 1

Bessonov, K, Gusareva, ES, Van Steen, K. A cautionary note on the
impact of protocol changes for genome-wide association SNPx
SNP interaction studies: an example on ankylosing spondylitis.
Hum Genet 2015;134(7):761-73.

Ma, L, Clark, AG, Keinan, A. Gene-based testing of interac-
tions in association studies of quantitative traits. PLoS Genet
2013;9(2):1003321.

Vsevolozhskaya, OA, Hu, F, Zaykin, DV. Detecting weak signals
by combining small P-values in genetic association studies. Front
Genet 2019;10:1051.

Yu, K, Li, Q, Bergen, AW, et al. Pathway analysis by adaptive com-
bination of P-values. Genet Epidemiol 2009;33(8):700-9.

Becker, T, Knapp, M. A powerful strategy to account for multi-
ple testing in the context of haplotype analysis. Am ] Hum Genet
2004;75(4):561-70.

Yip, DKS, Chan, LL, Pang, IK, et al. A network approach to explor-
ing the functional basis of gene-gene epistatic interactions in
disease susceptibility. Bioinformatics 2018;34(10):1741-9.

Jia, P, Wang, L, Fanous, AH, et al. A bias-reducing pathway en-
richment analysis of genome-wide association data confirmed
association of the MHC region with schizophrenia. ] Med Genet
2012;49(2):96-103.

Van Steen, K, Moore, J. How to increase our belief in discovered
statistical interactions via large-scale association studies?. Hum
Genet 2019;138(4):293-305.

Mahachie John, JM, Cattaert, T, Van Lishout, FV,
Lower-order effects adjustment in quantitative traits model-
based multifactor dimensionality reduction. PLoS One 2012;7(1):
29594,

Gusareva, ES, Van Steen, K. Practical aspects of genome-wide as-
sociation interaction analysis. Hum Genet 2014;133(11):1343-58.
Das, J, Yu, H. HINT: High-quality protein interactomes and their
applications in understanding human disease. BMC Syst Biol
2012;6(1):92.

Szklarczyk, D, Gable, AL, Lyon, D, et al. STRING v11: protein—
protein association networks with increased coverage, support-

et al

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

ing functional discovery in genome-wide experimental datasets.
Nucleic Acids Res 2019;47(D1):D607-13.

Watanabe, K, Taskesen, E, van Bochoven, A, et al. Functional
mapping and annotation of genetic associations with FUMA. Nat
Commun 2017;8(1):1826.

GTEx Consortium. Genetic effects on gene expression across hu-
man tissues. Nature 2017;550(7675):204-13.

Liu, JZ, Van Sommeren, S, Huang, H, et al. Association analyses
identify 38 susceptibility loci for inflammatory bowel disease
and highlight shared genetic risk across populations. Nat Genet
2015;47(9):979.

Traherne, J. Human MHC architecture and evolution: im-
plications for disease association studies. Int J Immunogenet
2008;35(3):179-92.

Hemani, G, Shakhbazov, K, Westra, HJ, et al. Detection and repli-
cation of epistasis influencing transcription in humans. Nature
2014;508(7495):249-53.

Zaykin, DV, Zhivotovsky, LA, Westfall, PH, et al. Truncated
product method for combining P-values. Genet Epidemiol
2002;22(2):170-85.

Ge, Y, Dudoit, S, Speed, TP. Resampling-based multi-
ple testing for microarray data analysis. Test 2003;12(1):
1-77.

Choi, SW, O'Reilly, PF. PRSice-2: Polygenic Risk Score software for
biobank-scale data. Gigascience 2019;8(7):giz082.

Subramanian, A, Tamayo, P, Mootha, VK, et al. Gene set en-
richment analysis: a knowledge-based approach for interpret-
ing genome-wide expression profiles. Proc Natl Acad Sci U S A
2005;102(43):15545-50.

Liberzon, A, Birger, C, Thorvaldsdottir, H, et al. The Molecular
Signatures Database Hallmark Gene Set Collection. Cell Syst
2015;1(6):417-25.

Duroux, D, Climente-Gonzalez, H, Azencott, CA, et al. Sup-
porting data for ‘“Interpretable network-guided epistasis
detection.” GigaScience Database 2021. http://doi.org/10.5524/10
0960.

220z aunr 0 uo 1sanb Aq 0881 259/S609e1b/aouaiosebib/ea0L 0 L/10p/a1o1ue/2ousiosebif/woo dno-olwapese//:sdiy wouy papeojumoq


http://doi.org/10.5524/100960

