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Omnibus testing approach for gene-based
gene-gene interaction
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Department of Statistics and Computer
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Univ Rennes, F-35000, Rennes, France

Genetic interaction is considered as one of the main heritable component of complex traits. With the
emergence of genome-wide association studies (GWAS), a collection of statistical methods dedicated to the
identification of interaction at the SNP level have been proposed. More recently, gene-based gene-gene
interaction testing has emerged as an attractive alternative as they confer advantage in both statistical power and
biological interpretation. Most of the gene-based interaction methods rely on a multidimensional modeling of the
interaction, thus facing a lack of robustness against the huge space of inter-action patterns. In this paper, we study a
global testing approaches to address the issue of gene-based gene-gene interaction. Based on a logistic regression
modeling framework, all SNP-SNP interaction tests are combined to produce a gene-level test for interaction. We
propose an omnibus test that takes advantage of (1) the heterogeneity between existing global tests and (2) the
complemen-tarity between allele-based and genotype-based coding of SNPs. Through an extensive simulation
study, it is demonstrated that the proposed omnibus test has the ability to detect with high power the most common
interaction genetic models with one causal pair as well as more complex genetic models where more than one causal
pair is involved. On the other hand, the flexibility of the pro-posed approach is shown to be robust and improves
power compared to single global tests in replication studies. Furthermore, the application of our procedure to real
datasets confirms the adaptability of our approach to replicate various gene-gene interactions.
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1 | INTRODUCTION

Genome-wide association studies (GWAS) aim at detecting the genetic variants associated with complex human diseases
and traits. For over a decade, GWAS have led to the identification of hundreds of loci involved in the etiology of thousands
of diseases, thus providing valuable insights into their genetic architecture.! However, the enthusiasm generated by the
success of GWAS has rapidly declined since single marker strategy fails at covering a large proportion of the genetic
heritability for common complex diseases.>? Nevertheless, it is widely assumed that genetic interactions are likely to play



amajor role in phenotype-genotype relationships.*> Since human complex diseases are generally caused by the combined
effect of multiple genes, detecting genetic interactions is thus essential to address the issue of the “missing” heritability.®’

Genetic interactions have first been investigated at the SNP level with the development of a large collection of statistical
methods to detect SNP-SNP interactions®?! that have mainly been compared with respect to their computational and
statistical performance.?>?* However due to the huge amount of tests to be performed, SNP-level methods suffer mainly
from computational and statistical burdens. Moreover, findings are hardly interpretable since SNP-SNP interaction can
be difficult to translate into functional interaction, such as protein-protein interaction. To circumvent these issues, it has
been proposed to investigate genetic interaction at the gene level.>?*25 Gene-based gene-gene tests allow for all the SNPs
within the region of a gene to be jointly modeled as a set, thus leading to a potential gain in power by accounting for LD
structures within genes?® and by aggregating signals across pairs of variants in a gene.?’

The issue of gene-gene interaction testing has drawn specific attention in genetic epidemiology where the phenotype
corresponds to healthy/diseased status of sampled individuals. In this context, multidimensional methods have first been
introduced in several studies to compare the SNP correlation structures between cases and controls populations. First,
in Reference 28, the authors proposed to test the interaction between the two SNP-sets by comparing their respective
decomposition in principal components. Next, a series of U-like statistics have been proposed to compare gene-gene
interaction in cases and controls. Under such framework, several measures of interaction have been used such as the
canonical correlation coefficient*® along with kernelized versions®*3! or a measure based on coefficients of partial least
squares path modeling.>? Other kernel-based methods have also been proposed in more standard variance component
testing frameworks.**3* Rather than focusing on a single measure of correlation between genes, it has been proposed
to test the association between the phenotype and the interaction between two SNP-sets by comparing the covariance
structures in cases and controls.*> Entropy-based methods have also been developed as an attractive option to detect
nonlinear relationship between two genes.*°

Unlike previously introduced methods, where association is tested based on a multidimensional modeling of the over-
all SNP-sets, it has been successfully proposed to combine single SNP-SNP interaction tests at the gene level.?” Testing for
gene-gene interaction can indeed be performed by applying SNP-SNP interaction tests to all possible SNP pairs between
two SNP-sets. A single P-value at the SNP-set level can be obtained by aggregating theP-values obtained at the SNP level.
It is noteworthy that such approach turns out to be very similar to the issue of signal detection in functional data anal-
ysis® and falls into the paradigm of global testing introduced in Reference 39. In Reference 37, the method Aggregator
has been introduced as a maxT procedure where the aggregate statistic is the maximum of the absolute values of the
SNP-SNP single statistics. The significance of the maxT statistic is obtained assuming a multivariate gaussian distribution,
thus accounting for the correlation between pointwise SNP-SNP tests. Results obtained with Aggregator have demon-
strated the potential of global testing approach in the context of gene-based gene-gene interaction testing,’” by showing a
robustness to the presence of main effects and a high power of detecting signals when few SNP pairs are involved in the
genotype/phenotype association.

However, Aggregator suffers from main limitations that prevent approaches combining SNP-SNP interaction tests to
be efficient in a wider range of situations. First, Aggregator is based on an allele-based modeling of SNPs where the geno-
type of a SNP corresponds to the number of the allele. Although such modeling is adapted to the detection of allele-based
signals, especially when the genotype/phenotype relationship is linear in the logit scale, it prevents Aggregator from
having power in detecting more complex interaction signals. Another limitation of Aggregator is the heuristic approach
used to estimate the covariance matrix of pointwise statistics. As quoted in Reference 37, such heuristic prevents Aggre-
gator from (1) correctly controlling for type I error rate in presence of correlation between genes and (2) adjusting the
genotype/phenotype relationship for covariates.

To overcome the limitations of Aggregator, we propose a global framework based on a logistic regression modeling
where the issue of global testing is addressed by considering a vector of pairwise statistics to summarize the associa-
tion between a phenotype and a pair of SNP-sets. Our framework comprises two SNP genotype models for bi-allelic
SNP with three possible genotypes. In allele-based modeling, the SNP is coded additively with the number of copies of
one of the alleles. In genotype-based modeling, the SNP is coded as categorical using two indicator variables. Moreover,
covariates can be straightforwardly included in our association models thus allowing for the adjustment to confounding
factors.

In global testing, pointwise statistics are ought to be aggregated and various statistics have been proposed in response
to this issue.> The most popular aggregating methods are the maximum of the absolute values, also called minP,* the
squared of the L2-norm,* the Higher Criticism (HC),*? and the Hotelling’s ¢? statistic.*> However, these methods are
known to have different statistical power with respect to the interplay between the correlation structure of pointwise



statistics and the pattern of association.** By considering different ways of accounting for the correlation between
pointwise statistics, these methods are indeed complementary.

Therefore, we propose in our study two omnibus tests that efficiently combine the eight global tests, namely, minP, HC,
L2-norm, and Hotelling for both allele-based and genotype-based coding of SNPs. The aggregation of multiple P-values,
obtained by the eight global tests, can be performed using a recently proposed Cauchy-combination method.* The Cauchy
combination test, introduced to overcome the challenge of accounting for features like correlation and sparsity often
encountered when aggregating multiple P-values, is based on a weighted sum of Cauchy transformation of individual
P-values. Since the Cauchy combination test does not explicitly account for the correlation between individual methods,
we also introduce an other omnibus test based on a resampling procedure and that we called “omnibus by resampling,”
to aggregate P-values in our omnibus strategy.

The implementation of the two omnibus tests, omnibus by Cauchy combination and omnibus by resampling, requires
the computation of P-values for minP, HC, L?-norm, and Hotelling. First, to avoid the calculation of the probability distri-
bution of a multivariate normal random variable, known to be unstable,*® we propose to assess the significance of these
individual global tests using permutations. Permutations are feasible in replication studies in which significance criteria
for type 1 error control are substantially less stringent than required for high-dimension genome-wide gene-interaction
discovery studies. To control the potential main effect of each SNP-set as well as the confounding effect of covariates, we
use a parametric bootstrap approach as proposed in Reference 46.

To compute a P-value for Hotelling’s ¢? statistic, the estimation of the inverse of the correlation matrix of the vector
of interaction coefficients is needed. We propose an estimator based on a Kronecker decomposition of the correlation
matrix and prove that our estimator converges in probability to the true correlation matrix. Our estimator has the main
advantage of only computing the correlation matrices for both marginal SNP-sets, thus reducing the computational cost
while improving the stability of the estimation.

In Section 2, the overall statistical framework is detailed by focusing on the various types of coding considered for
SNPs and on methods for combining pointwise statistics. We also introduced our estimator for the correlation matrix as
well as the sampling procedure used to test for the significance of global test statistics. Section 3 is devoted to our proposed
omnibus strategy. After illustrating our motivation for combining global tests, we detail how our omnibus by resampling
test is defined. Section 4 presents the main results obtained for demonstrating the correct control of the Type-I error rate
by our procedure and for comparing the performance in terms of power of detection of our omnibus by resampling test
compared to other tests. Our power study is based on both data-driven simulations, where a large number of disease
models have been considered, and on truly observed data, where 25 pairs of SNP-sets in susceptibility with five complex
diseases have been tested. The paper ends with a discussion in Section 5.

2 | STATISTICAL FRAMEWORK AND SIMULATION PROCEDURE

The statistical framework introduced in this section relies on a sample of n individuals. The set of observed binary phe-
notypes is given by the vector y = [y, ... ,¥,] where y; € {0,1} for all i =1, ... ,n. Let us further consider that each
individual has been genotyped for two SNP-sets (for example two genes) where each SNP-set is a collection of, respectively,
p1 and p, SNPs. The observed genotypes for the first SNP-set can be represented by a n x p; matrix: xV = [xl.(jl)]iel ..njel...p,
where x;; € {0;1;2} is the number of copies of the minor allele for SNP j carried by individual i. A similar representation
is used for the second SNP-set where x is a n x p, matrix. Finally, we assume that a collection of q covariates are likely
to be measured for each individual. The observed covariates are stored in a n X g matrix u = [ulic1 ... nje1 ... ¢ Where u; is
constant, thus modeling the intercept in a regression framework.

Throughout this paper, we assume that each y; is a realization of a two-class binary random variable Y. Furthermore,
for each individual i, the genetic profiles [xgll), ,xlf;f] and [xl.(lz), ,xl.(;z)] as well as the covariate profile [u;, ... , U] are
assumed to be realizations from random vectors XV, X® and U, respectively.

2.1 | Statistical models of phenotype-genotype association

In the remainder of this paper, we assume that the association between phenotype and genotypes is defined through the
following general logistic model:

logit(P[Y = 1|U = u, X = xV,X? = x@)) =w'a + 56, 1)



where w is obtained by combining the covariates profile u (a g-vector) and the genotypic profiles X’ (a p;-vector) and
x@ (a p,-vector). The vector s corresponds to the interaction profile, obtained by considering pairwise combinations of
elements from marginal genotypic profiles ¥ and x®. Finally, & characterizes the set of parameters for covariate and
main effects while f summarizes the interaction parameters.

However, a proper definition of association models depends on the modeling of the SNPs and in the rest of this section
we focus on two current characterizations of SNP data: an allele-based modeling and a genotype-based modeling.

2.1.1 | Association model with allele-based modeling of SNPs

SNP data can first be specified as a quantitative variable that is coded additively (0,1,2) corresponding to the number of
copies of the minor allelle. In that case, w is a (g + p; + p)-vector given by the raw concatenation of u, ¥V, and x®:

u
!/
— 1| = 1) 1) .2 ?2)
w=|[xV|= <u1, UG XY X, X Xy ) .
x@
Accordingly, the interaction profile s is defined as:
!’
— 4D 2 _ (D, 1),.(2) 1),.(2) 1),.(2) 1),.(2) 1),.(2)
s=x" @x = (xl X7 e XX XX XX Xy X e X X ) ,

where ® denotes the Kronecker product between two vectors.

2.1.2 | Association model with genotype-based modeling of SNPs

SNP genotypes can also be coded as categorical with two indicator variables, corresponding to the allele counts of 1 and 2,
that compare the heterozygous category and the minor homozygous category, respectively to the reference homozygous
category. For each genetic profile x©), # = 1,2, the two following genotype-based profiles are introduced:

@) — ’
a’) = (1{x§f)=1}, ’l{x;,?=1}) s

b(f) = (l[XY):Z s l{xm_ })/.

Dy

b e

Using this coding, the profile w is a (g + 2p; + 2p,)-vector given by:

Therefore, the interaction profile s is of dimension 4 X p; X p, and defined as:
a® a®
=10 )8 e )
2.2 | From SNP-SNP interaction to gene-gene interaction: a global testing approach

In this paper, global testing approaches refers to statistical tests that aim at combining pairwise interaction statistics
(namely SNP-SNP interaction statistics) into a single gene-gene interaction statistic. Considering that the first gene has



p1 SNPs and the second gene has p, SNPs, a global testing approach aims at combining q = p; X p, pairwise test statistics
that are jointly estimated in a multiple regression model.
Under the point of view of model (1), testing for the presence of gene-gene interaction effects amounts to testing the

following hypotheses:
Hy:p=0

H, : p#0.

where g is the vector of interaction coefficients assuming the full regression model. For sake of clarity, it is noteworthy
that B is obtained by considering all SNPs pairs in a single regression model (as in model (1)) rather than considering
several regression models where only one SNP pair at a time.

Such set of hypotheses corresponds to a classical context of nested models comparison. However, because of the large
dimension of g and the expected high correlation between elements of g, traditional procedures, such as the chi-squared
approximation of the likelihood ratio test, are not suitable to our context. We therefore consider that the system (2) falls
into the paradigm of global testing which consists in testing for the significance of a subset of regression coefficients.
More precisely, global testing aims at combining the elements of a vector Z into a single statistic T(Z). Then, the sig-
nificance of T(Z) is tested with respect to its distribution under Hy, thus providing a global test for the vector f. In the
following, we first introduce the vector Z considered in our context of gene-gene interaction testing. We then introduce
several global statistics T(Z) and the resampling procedure for estimating the distribution of T(Z) under H, along with
our estimator for the correlation matrix of Z.

2.2.1 | Definition of Z: a vector of pointwise statistics

Model (1) can be viewed as an extension of logistic regression models dedicated to SNP-set testing where a vector of
score statistics has been used for Z.**4748 Similarly, we consider a vector of pointwise test statistics Z = (Z1, ... , Z,)' with
p = p1p2 (resp. 4p1p,) if the allele-based (resp. genotype-based) coding is considered and where Zki is the score statistic
associated with the ith pair in the s profile. More precisely, let us introduce W and S the two design matrices corresponding
to the main terms and the interaction terms. It can be remarked that the dimensions of W are n X (¢ + p; + p») under an
allele-based coding and n X (q + 2p; + 2p,) under a genotype-based coding while it equals n X (p1p,) and n X (4p1p,) for
S under the same codings. We further denote y, the vector whose ith coordinate yy; is the estimated probability under H,
that the ith individual is diseased. Under model (1), y,; is given by:

. exp(w) &)
Yoi= ——————, (3)
1+ exp(w'ap)
12
where wj is the ith row of W and &, is the estimator of & in model (1) under Hy. Then, by adapting the definition of the
test statistics used in Reference 40 to our model (1), we define Z as:

S\~ 9)
Z=—

L
where Sj is the jth column of S and fj j is the jth diagonal term of the estimated correlation matrix of the vector S'(y — 3,):
['=6%(S'S - SWW W) IW’S), )]
with 67 = . = 90/ @ = J0)-

As quoted in Reference 40, Z can be assumed to have a multivariate normal asymptotic distribution so that Z ~
Np(p, X). Testing for (2) is therefore equivalent to testing for the global nullity of u:

Ho:[lzo (5)
H1ﬂ7éo



It can be noted that obtaining a stable estimate for e, is challenging in situations where g, p;, and p, are large and
the SNPs are strongly correlated. To circumvent this issue, usual regularization techniques can be used, such as feature
selection or penalized regression methods (ridge regression was used for a very similar problem in Reference 49, in the
context of gene-environment interaction effect testing). However, penalized regression methods require the selection of
a value of one or several hyperparameters. This is often performed using cross validation, which would be cumbersome
in the present context. Moreover, this can also raise issues in terms of type I error rate control. Dimensionality reduction
methods can also be useful in this context, such as principal components analysis, thus taking advantage of the strong
correlation structure among SNPs. SNP matrices X’ and x® can then be replaced with their corresponding first princi-
pal components. In the following, SNP profiles are replaced with the set of corresponding principal components, which
individually account for at least 0.1% of the total variance profiles, to estimate ay. Based on simulations, the threshold of
0.1% corresponds to the best choice to correctly control for type I error rate, especially for SNP sets larger than 100 SNPs.

2.2.2 | Methods for combining elements of Z

Under the testing framework (5), a common approach is to compute a global test statistic T(Z) by aggregating the coor-
dinates of Z as proposed in SNP-set testing.*>#1475 Among the numerous existing aggregation methods, one of the most
simple and popular ones is the minP (or maxT) procedure.’”*%->! This method consists in defining T(Z) as:

Tmax(Z) = max |Zk| .
1<k<p

Despite its simplicity, the minP procedure is generally robust and efficient,3”° which makes it one of the most used
procedures for such problems. It was also used in Reference 37 for gene-gene interaction testing by considering p;p,
logistic models and the corresponding Wald statistics for the coefficient corresponding to the interaction effect.

Another natural way of aggregating statistics consists in considering the squared L2-norm of Z (see Reference 41 for
example). It is defined as:

P
T2(2) = Y Z2.

k=1

The HC statistic, introduced in Reference 42, is defined as:

k -
Tuc(@) = max b PO

V.
1<k<p/2 = 3/pio(1 = o)

where the p, is the p-values sorted in ascending order py = 2(1 — ®(|Zx|)), where @ is the cdf of the standard normal
distribution. It is noteworthy that the computation of aggregating statistics Tpn.x(Z), T12(Z) and Tyc(Z) only depends on
the computation of the main test statistics Z.

Other aggregating statistics have been introduced where the correlation between the Z’s is explicitly accounted for
in the definition of the aggregation. Hotelling’s ¢ statistic, used in Reference 43 for example, can then be defined as:

A —1
Thoteing(Z) = 2’2 Z,

where ¥ is the estimated correlation matrix of Z. Therefore, to compute the Hotelling’s ¢? statistic, the correlation matrix
of Z must be estimated and inverted which should be made with caution.

2.2.3 | Estimation of 7!: the inverse of the correlation matrix of Z

The dimension of the correlation matrix X is p X p, where p = (p1p,) or p = (4p1p,) depending on the chosen coding for
the SNPs, which increases quadratically with the size of the SNP-sets. Even for SNP-sets of moderate size (ie, between
20 and 50 SNPs), it might be impossible to invert ¥, and the computational cost associated to this operation would be
burdensome. However, it should be noticed that £ shows a very specific structure resulting from a direct combination
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FIGURE 1 Correlation matrices of two observed SNP-sets by considering allele-based coding for SNPs. SNP-sets are composed of four
and nine SNPs, respectively. The upper part draws the genotype correlation matrices of two SNP-sets. The lower part displays the correlation
matrix for the test statistics vector Z obtained with simulations

of the correlation structures of the two SNP-sets. Let us illustrate this point by considering 2000 observed genotypes
profiles randomly selected in the WTCCC cohorts.’?> Genotype profiles were randomly split into two sets of population, to
mimic 1000 cases and 1000 controls, and restricted to two main SNP-sets with four and nine SNPs, respectively. Based on
random permutations, the correlation matrix of the vector of test statistics using both allele-based coding (36 pointwise
statistics) and genotype-based coding (144 pointwise statistics) was estimated using Equation (4). Indeed, results displayed
on Figure 1 for the allele-based coding and on Figure 2 for the genotype-based coding, show that £ has a specific structure
directly inherited from genotype correlations, namely X, and X,. Along the diagonal, it can be observed that blocks share
the same structure as ;. Aside from the diagonal blocks, it can be seen that T also has a block structure, where each
block has the shape of X,. Each X,-like block is weighted by a coefficient that fits with the elements of %, thus suggesting
that £ can be reasonably approximated by ¥; ® %,, the Kronecker product between X; and X,. This result is formalized
in the following Theorem 1.

Theorem 1. Let 2 be the estimator of the correlation matrix associated to the following covariance matrix:
= Le's - swowrw)iwrs),
n

introduced in Equation (4). Let us assume that the covariances between the two genetic profiles and covariate profile is zero:
CovxX®, X®) = 0, Cov(X?, U) = 0 and Cov(X®, U) = 0. Let X, be the correlation matrix of the first gene XV and X, be the
correlation matrix of the second gene X®. Then
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FIGURE 2 Correlations matrices of two observed SNP-sets by considering genotype-based coding for SNPs. The upper part draw the
genotype correlation matrices of two SNP-sets. The lower part displays the correlation matrix for the test statistics vector Z obtained with
simulations. SNP-sets are composed of four and nine SNPs, respectively, so that genotype matrices with genotype-based coding have
respective dimensions of 8x8 and 18x18. The dimensions for the correlation matrix of interaction parameters are 144 x 144

Proof of Theorem 1 is given in Appendix S1. It is noteworthy that the hypothesis Cov(X®,X®) = 0 amounts
to considering unlinked SNP-sets which is reasonable since interaction is tested between distant genomic regions
along the genome. On the other hand, the two hypotheses Cov(X¥, U) = 0 and Cov(X®, U) = 0, that stipulate that
the set of covariates are not correlated with any SNP-sets, are also reasonable since considering gene-environment
interaction is beyond the scope of the present paper. The decomposition proposed in Theorem 1 offers a clear advan-
tage for approximating the inverse of £. Indeed, let us introduce the eigenvalue decompositions of £; and X, as
follows:

5L, =UAU, U=[u| ... |upl, A=diag, ..., 4)
L=VQV, V=[v| ... |v,,], Q=diag, ... o).

Then, the eigenvalue decomposition of ¥ ® X, is ABA’ (see Reference 53 for example), where

A=lan| ... |lap, | ... laal ... |@ip, | ... 1ap1| ... | @pp]. aj=u;Qvj,
0=AQQ.

Consequently, the eigenvalue decomposition of ¥; ® X;, which is a (p1p,) X (p1p2) or a (4p1p2) X (4p1p2) matrix, can be
obtained through the eigenvalue decompositions of a p; X p; matrix and a p, X p, matrix. In the remainder of this paper,
the previous decomposition is used to estimate the inverse or the eigenvalue decomposition of £, especially for computing
Hotelling’s ¢? statistic.



2.24 | Testing for the significance of global test statistics

The use of an aggregating statistic in a global testing approach requires the evaluation of its null distribution. However, for
any aggregation method among those introduced in the former section, the distribution of T(Z) under the null hypoth-
esis does not admit a closed-form expression. To overcome such limitation, resampling-based methods, such as random
permutations of the phenotype, are widely used to approximate the null distribution of the test statistic. Nevertheless, it
can be remarked that in our context, this approach would yield invalid results.*® Indeed, under Hy, model (1) becomes:

logit(P[Y = 1|U = u, XV = xV, X? = x?)) =w'a, (6)

meaning that even under Hy, covariates and main effects might be present. On the other hand, randomly shuffling the
phenotype amounts to assuming that &« = = 0, which is a stronger hypothesis than Hy. Hence, using random permuta-
tions of the phenotype could lead to inflated type I error rates. This issue is discussed in details in Reference 46, in which
a parametric bootstrap procedure is considered to counteract this problem (see also References 54 and 55 for the similar
problem of testing in presence of confounders).

Similarly as in References 46,54, we therefore propose to estimate the null distribution of the global statistic T(Z) by a
parametric bootstrap procedure, which can be described as follows. First, main and covariate effects, &g of a, are estimated
under the null hypothesis of no interaction (ie, using model (6)). Given an observed covariate and genotypic profile w;, éo
is plugged into Equation (3) to estimate j; (the probability for the ith individual to be diseased). The simulated phenotype
for the ith individual is then generated according to the corresponding Binomial distribution, %(J;). By applying such a
procedure to the n observed profiles, a vector of simulated phenotypes under the null hypothesis is obtained where main
and covariate effects are preserved. The distribution under Hy of each aggregating statistic is approximated by simulating
a fixed number of phenotypes (eg, 10 000).

2.3 | Data-driven simulation procedure
2.3.1 | Genotype and phenotype simulation

Data-driven simulations have been used to assess for the control of the Type-I error rate as well as for power analysis.
Results presented in Section 4 and in Appendix S1 were obtained according to the following simulation procedure. Con-
sidering an observed pair of SNP-sets, our data-driven simulation procedure aims at generating matrices of 100 000 genetic
profiles for each SNP-set. We used the R package GenOrd™ to simulate these profiles with respect to the truly observed
correlation structures and main effects distributions.

For a profile X corresponding to the first gene and a profile X® corresponding to the second gene, the phenotype is
then generated according to a logistic model as proposed in Equation (7). The disease model is then defined by a vector
a and an interacting vector f; once the phenotype is generated, a sample is obtained by randomly sampling 1000 cases
and 1000 controls. For sake of clarity we do not consider covariates.

logit(P[Y = 1|X®? = x® X® = x?)) = wa + 5'B. (7)

2.3.2 | Control of the Type-I error

The control of the Type-I error has been assessed under four situations by considering (1) no main effect, (2) additive main
effect, (3) recessive main effect, and (4) dominant main effect. In all situations, data are simulated under the null hypoth-
esis of absence of interaction, thus meaning that g = 0 in (7). To simulate main effects, the SNP i; in the first gene and the
SNP i, are assumed to be marginally associated with the disease. The vector of coefficients & can be decomposed into four
vectors a = [a(ll), a(zl), a(lz), a(zz)] corresponding, respectively, to the vectors of main effects for heterozygote genotype in
the first gene, the homozygote genotype in the first gene, the heterozygote genotype in the second gene and the homozy-
gote genotype in the second gene. We then consider that a(ll) =Jo0, ... ,0, afi)l, 0, ...,0], a(zl) =Jo0, ... ,0, agll)l 0, ...,0],

@ _ @ 2 _ )
a? =0, ... ,0,a},0, .. .0}, & =10, ... ,0,a? 0, ... ,0].



More precisely, the four disease models without interaction used in this study are given by:

« Nomaineffect: f=0anda =0

« Additive main effect: g = 0, ail.) =0.5, aV = 1, a? =05anda® =1
Sy 2,i; 1, 2,i,

« Recessive main effect: g =0, ail.) =0, al) = 1, a? =0anda® =1
g 2,0 1, 2,0,

« Dominant main effect: § = 0, aV = 1, all = 1, afi) =1and agzi) =1
i) "2

Li, 2.,

The estimation of the Type-I error rate is performed by simulating 100 000 datasets. For each dataset, P-values are
computed and compared to three nominal levels (0.001, 0.01, and 0.05), by using the R packages GeneGeneInteR,”’
SPA3G,* and GeneGeneInteractions. For each method, the estimated Type-I error is given by the proportion, over
the 100 000 simulations, of P-values lower than the corresponding nominal level.

2.3.3 | Power analysis

Power studies presented in this paper are based on disease models where the interaction between at least one SNP pair is
associated with the phenotype. For sake of clarity, we do not consider any main effect thus leading to @ = 0in Equation (7).
The various disease models are then characterized by B vectors where some coefficients are different from zero in order
to mimic an interaction effect.

Disease models with only one causal SNP pair are first considered. As proposed in Reference 10, such disease models
are presented by a 3 X 3 table of odds where each cell characterizes the odds of the disease with respect to the genotype
of the causal pair. Each model has two parameters: y characterizes the baseline odds and 8 quantifies the strength of the
disease-genotype relationship thus providing a vector of § coefficients plugged into the model in Equation (7) to simulate
a genotype/phenotype dataset. For a given § vector, power is estimated by the proportion of datasets, over a total of 1000
simulated datasets, with a P-value lower that a nominal level. In our studies, the nominal level has been set to 0.05. It
can be remarked that power from other nominal levels have been investigated and provided similar conclusions. Power
curves are then obtained by computing powers for 6 € [0,0.1, ... , 1] for eight disease models that cover the wide scope
of possible epistatic models (see Section S4 for more details). More precisely, we investigate power on (1) traditional
epistatic disease models by considering Recessive-Recessive, Dominant-Dominant and Recessive-Dominant models® and
(2) other observed models by studying Interaction-Multiplicative, Interface, Threshold, Modifying Effect and XOR models
introduced in Reference 58.

For complex disease models where more than one SNP pair is causal, a vector g is set into Equation (7). Similar to
the one causal SNP pair situation, power is estimated by the proportion, over 1000 simulated datasets, of P-values lower
than the nominal level of 0.05. Power curves are obtained by considering a gradient of strength of phenotype/genotype
association through a weight parameter 6 € [0,0.01, ... ,1] applied to B. Therefore, power curves display the estimated
power for the model with interacting vector 6§ with respect to 6.

3 | ANOMNIBUS TEST
3.1 | Choice of global test statistics

In a preliminary study, we aim at evaluating the performance of the eight global testing approaches introduced in
the previous sections, namely minP, L?-norm, HC and Hotelling for both allele-based and genotype-based model-
ing, labeled with a letter ¢ or d as a suffix (minP_c therefore corresponds to minP based on a allele-based coding
of SNPs). We first investigate the control of the Type-1 error using the data-driven simulation procedure presented
in Section 2.3. Results, presented in Section S2, show that in the large majority of situations, all methods cor-
rectly control the Type-I error rate. We then performed a power study as described in the previous section and
also based on the two genomic regions introduced in the previous paragraph and illustrated in Figures 1 and 2.
Powers have been compared under various phenotype-genotype associations based on the logistic model defined
in Equation (1). The different simulated scenarios correspond to different choices for the vector of interaction
parameters S.
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FIGURE 3 Power curves of global regression test statistics for various preliminary phenotype-genotypes association models.
Genotypes observed in Figures 2 were used to simulate phenotypes according to four different vectors g corresponding to the two scenarios
with one causal pair (C and D) and two scenarios with more than one causal pair (A and B) (See Table S1 for details regarding each scenario).
Powers have been estimated with 1000 replicates of two genes (with four and nine SNPs, respectively) and sample sizes of 1000 cases and
1000 controls. For each scenario, the upper graphic shows the value of the regression coefficients ordered according to the definition of the
interaction profile vector s defined in Section 2.1 for a genotype-based profile

Figure 3 displays the power curves obtained under four scenarios (ie, four different vectors g and 11 weights 6 as
described in the previous section). It can first be remarked that for scenarios A and D, methods based on a genotype-based
coding of the interaction outperform methods based an allele-based coding. Among genotype-based methods, Hotelling_d
is more powerful than minP_d, L?_d, and HC_d in some situations (scenario A) and less powerful in other situations (sce-
nario D). Methods based on a allele-based coding can also have more power than methods based on a genotype-based
coding as illustrated by scenario C. Moreover, for scenario C, Hotelling_c lacks in power compared to other allele-based
methods. However, Scenario B shows another tendency where Hotelling_c largely outperforms all other methods. There-
fore, the four illustrative scenarios in Figure 3demonstrate that the variation in power between global testing approaches
depends on (1) the coding of the SNPs (allele-based vs genotype-based) and (2) the way the dependence between main
test statistics is accounted for (Hotelling vs minP, HC, and L%-norm).

More generally, our preliminary results indicate that the choice of the most powerful test depends on the interplay
between the correlation structure of main tests and the phenotype-genotypes association model. Our preliminary con-
clusion is supported by an additional power study presented in Section S2. This study further demonstrates that the
relative performance of each method also depends on the interplay between the localization of the causal signal and the
joint correlation structure. The heterogeneity between global testing methods based on several logistic models is further
highlighted by results displayed in Figures S2 and S3.
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Therefore, using only one test or one type of coding is likely to lack in power in many situations and, therefore,
considering all tests together is necessary to be able to detect a wide range of interaction effects with satisfying power.
Other gene-gene interaction methods could also be combined such as PCA or CCA for example. However, introducing
a new method in a combining test should be performed with the hope that this new method is complementary to other
methods. In our context, we consider that the eight methods minP_c, L?-norm_c, HC _c, Hotelling_c, minP_d, L2-norm _d,
HC_d, and Hotelling_d allow for detecting a large variety of disease models. In the following we therefore restrict to the
combination of these eight methods.

3.2 | Anomnibus strategy

In order to use all global tests in a single procedure, we proposed to combine the eight above introduced tests (minP,
L2-norm, HC, and Hotelling for both allele-based and genotype-based modeling) in an omnibus test. To aggregate the
eight global tests, we first used the Cauchy-combination test as proposed in Reference 45. However, to explicitly account
for the correlation between the eight individual tests we also introduced the following resampling-based method. First,
let q be the vector containing the eight P-values associated to the eight former global tests. Then, let ¢ be a function,
which takes as argument the vector q and returns an associated combined P-value. We denote q;f), 1 < k < N the vectors
of P-values obtained using simulated phenotypes under the null hypothesis, where N is the number of desired simulated
phenotypes (eg, N = 1000). The final P-value of our testing procedure is defined as:

N
1
P=5 ’;1{¢<q)5¢<q;“>>}- (®)

In the following, as recommended in Reference 59, we consider ¢ to be the Simes’ combining procedure,® that is:

.84
¢(g) = min——,
were q; is the ith coordinate of g, sorted in ascending order.

In our omnibus strategy, we aim at combining the eight individual global testing procedures. However, since other
combinations of individual methods can be considered, we also tested the aggregation of other subsets. It appears that the
combination of eight methods is the best combination since it is the most robust in all simulated situations. For example,
if Hotelling_c is not considered in the aggregation, the omnibus strategy has limited power in Scenario B displayed in
Figure 3.

4 | EVALUATION OF THE OMNIBUS TESTS

In this section, the performance of our testing procedure is evaluated using both data-driven simulations and observed
genotype-phenotype data. Data-driven simulations are first used to verify that the type I error rate is rightfully controlled
by our omnibus by resampling test. Then, the power of our test is evaluated through a large set of association models.
Considering an observed pair of SNP-sets, our data-driven simulation procedure aims at generating matrices of 100 000
genetic profiles for each SNP-set. We used the R package GenOrd>® to simulate these profiles with respect to the truly
observed correlation structures and main distributions. For a profile X!’ corresponding to the first gene and a profile
X@ corresponding to the second gene, the phenotype is then generated according to a logistic model as proposed in
Equation (1). The disease model is then defined by a vector e and an interacting vector f; once the phenotype is generated,
a sample is obtained by randomly sampling 1000 cases and 1000 controls. This process is repeated 1000 times for each
tested vector B so that, our omnibus by resampling test and the competitive methods can be compared on the generated
samples. It is noteworthy that for sake of clarity we neither considered covariate nor main effects (@ = 0) unless explicitly
mentioned. However, our conclusions remain valid even if @ # 0 (data not shown). Results presented in the next sections
were obtained with the pair of SNP-sets previously introduced in Figures 1 and 2.

In this section, the performances of our testing procedure and other methods, namely Cauchy,* PCA,* CCA,* CLD,*
Aggregator,®” and SPA*® methods, are evaluated using both data-driven simulations and observed genotype-phenotype
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data. Data-driven simulations are first used to verify that the type I error rate is rightfully controlled by our omnibus by
resampling test and other methods. Then, the power of our test is evaluated and compared to other methods through a
large set of association models. Results presented in the next sections were obtained with the pair of SNP-sets previously
introduced in Figures 1 and 2.

4.1 | Control of the type I error rate

To assess the control of the type I error rate, the phenotypes are generated according to the following model, where no
covariate effect is considered:

logit(P[Y = 1|X© = x®, X? = x@]) = g + xVa® + x@' .

We investigate the control of the type I error rate by considering either the absence or the presence of main effects. The
presence of main effects has been simulated by randomly adding nonzero values if the marginal vectors of coefficients
a® and a'®. The obtained empirical type I error rates and corresponding confidence intervals are given in Tables 1 and 2.
It can be remarked that the empirical type I error rate is always close to the nominal level. Moreover, the nominal level is
always in the confidence interval, meaning that the type I error rate is properly controlled, even if there are main genetic
effects. It can be remarked that these results are consistent with the study of the type I error rate for the eight components
of the omnibus tests presented in Section 3.1 and Tables S2 and S3. This demonstrates that the parametric bootstrap is
accurate for taking the main effects into account. Our results are confirmed in Section S5.2 where other pairs of SNP-sets
are considered.

Following the simulation procedure described in Section 2.3, control of the type I error rate is investigated by con-
sidering either the absence or the presence of main effects. The obtained empirical type I error rates and corresponding
confidence intervals are given in Tables 1 and 2 for each method and additive, recessive, and dominant main effects.
In can first be remarked that in all situations our omnibus by resampling test correctly controls for type I error since
the nominal level is always in the confidence interval. The kernel method also shows a proper control of the type I
error in almost all situations. Conversely, Cauchy and CCA methods fail at controlling type I error in all situations.
More precisely Cauchy method always slightly overestimates type I error especially for dominant main effect, while
CCA largely underestimates type I error. The slight difference between our resampling-based omnibus test and the
Cauchy-combination omnibus test can be explained by the fact that the Cauchy-combination test does not explicitly
account for the correlation between individual tests. In absence of main effects CLD and PCA have good properties while
Aggregator and SPA hardly control type I error at a nominal level of 0.001. In presence of main effects (additive, reces-
sive, or dominant), CLD fails at controlling type I error at the nominal level of 0.001. SPA and PCA have a similar issue
with the nominal level of 0.001 and further show an abnormal overestimation of the type I error in presence of domi-
nant main effect. The uncontrolled Type I error for CLD and PCA has previously been observed and discussed in other
studies.®!

4.2 | Power study

In this section, we aim at evaluating and comparing the statistical power of our proposed omnibus procedure to the power
of other methods. The global tests introduced in Section 2.2.2 were also included in the comparison to investigate the
robustness of our test. Although the results obtained in the previous section show that some methods fail at rightfully
controlling the Type I error, we consider all methods in the power studies. Some of the following results have therefore
to be interpreted with caution.

4.2.1 | Data-driven simulations with one causal pair
We focus here on disease models where only one pair of SNPs is considered as causal. As proposed in Ref-

erence 10, disease models are presented by a 3 x3 table of odds where each cell characterizes the odds of
the disease with respect to the genotype of the causal pair. Each model has two parameters: y characterizes
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TABLE 1 Empirical type I error rates considering either absence of main effect or additive main effects for three different nominal
levels (0.001, 0.01 and 0.05). Methods named Omnibus and Cauchy aim at combining eight global tests derived from logistic multiple
regression model while CCA, CLD, PCA, Aggregator, Kernel, and SPA are single global tests. Type I error rates have been estimated with
100 000 replicates of two genes (with four and nine SNPs, respectively). The sample sizes are 1000 cases and 1000 controls. Numbers in italic
refer to targeted nominal level. Numbers in bold correspond to situations with a correct control of the type I error. Confidence intervals, in
square brackets, are based on normal approximation to the binomial proportion

Omnibus by resampling Omnibus by Cauchy combination

No main effect 0.001 0.0010 0.0016
[0.0009,0.0011] [0.013,0.0019]
0.01 0.012 0.015
[0.009,0.014] [0.013,0.018]
0.05 0.054 0.066
[0.049,0.058] [0.060,0.070]
Additive main effect 0.001 0.0012 0.0014
[0.0010,0.0014] [0.0012,0.0016]
0.01 0.013 0.015
[0.010,0.016] [0.013,0.018]
0.05 0.054 0.063
[0.049,0.058] [0.0583,0.0679]
Recessive main effect 0.001 0.0007 0.0017
[0.0005,0.0009] [0.0015,0.0019]
0.01 0.008 0.017
[0.006,0.010] [0.015,0.018]
0.05 0.053 0.068
[0.050,0.056] [0.065,0.073]
Dominant main effect 0.001 0.0008 0.0018
[0.0006,0.0010] [0.0015,0.0020]
0.01 0.009 0.024
[0.007,0.011] [0.02113,0.02724]
0.05 0.052 0.087
[0.047,0.057] [0.082,0.093]

the baseline odds, and 6 quantifies the strength of the disease-genotype relationship and we restrict our
study to 8 disease models that cover the wide scope of possible epistatic models (see Section S4 for more
details).5?

Following the procedure detailed in Section 2.3, we investigate power on (1) traditional epistatic disease models by
considering Recessive-Recessive, Dominant-Dominant, and Recessive-Dominant models and (2) other observed models
by studying Interaction-Multiplicative, Interface, Threshold, Modifying Effect and XOR models introduced in Reference
58. The power curves, displayed on Figure 4, first show that our omnibus by resampling test has high power in all of the
considered disease models. Although our method is rarely the most powerful, it is always very close to the best method,
thus demonstrating its ability to cleverly combine individual global tests. For Recessive-Recessive and Threshold mod-
els, our omnibus by resampling test can even be considered as the best method together with either L?_c, minP_c and
HC_cor L?_d, minP_d and HC _d. It can be remarked that the Cauchy-combination omnibus test shows very similar power
curves as the resampling omnibus test but with slightly less power in all situations. Furthermore, the promising perfor-
mances displayed by the Cauchy-combination test has to be taken with caution since it does not properly control type
I error.
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of the interaction (see Section 2.3 for details). Powers have been estimated with 1000 replicates of two genes (with four and nine SNPs,
respectively) and sample sizes of 1000 cases and 1000 controls

15



TABLE 2 Empirical type I error rates considering either recessive or dominant main effect for three different nominal levels (0.001,
0.01, and 0.05). Methods named Omnibus and Cauchy aim at combining eight global tests derived from logistic multiple regression model
while CCA, CLD, PCA, Aggregator, Kernel, and SPA are single global tests. Type I error rates have been estimated with 100 000 replicates of
two genes (with four and nine SNPs, respectively). The sample sizes are 1000 cases and 1000 controls. Numbers in italic refer to targeted
nominal level. Numbers in bold correspond to situations with a correct control of the type I error. Confidence intervals, in square brackets,
are based on normal approximation to the binomial proportion

CCA CLD PCA Aggregator Kernel SPA
No main effect 0.001 <le-04 0.0010 0.0011 0.0019 0.0005 0.0022
[0,<1e-04] [0.0008,0.0012]  [0.0009,0.0014]  [0.0017,0.0023] [0.0004,0.0007]  [0.0019,0.0025]
0.01 < 1e-03 0.009 0.012 0.012 0.007 0.011
[<1e-03,0.001]  [0.008,0.011] [0.010,0.014] [0.010,0.014] [0.006,0.010] [0.009,0.013]
0.05  0.006 0.046 0.053 0.054 0.047 0.053
[0.004,0.008] [0.042,0.051] [0.048,0.057] [0.049,0.058] [0.043,0.051] [0.048,0.057]
Additive main 0.001 <le-04 0.0024 0.0016 0.0023 0.0009 0.0018
effect [0,<1e-04] [0.0022,0.0028]  [0.0013,0.0019]  [0.0020,0.0026] [0.0007,0.0011]  [0.0015,0.0020]
0.01 0.005 0.014 0.012 0.010 0.012 0.011
[0.004,0.007] [0.012,0.017] [0.010,0.014] [0.008,0.012] [0.010,0.014] [0.009,0.014]
0.05 0.027 0.067 0.058 0.050 0.049 0.053
[0.024,0.030] [0.062,0.072] [0.054,0.063] [0.047,0.056] [0.044,0.054] [0.049,0.057]
Recessive main ~ 0.001 < 1le-04 0.0016 0.0018 0.0024 0.0010 0.0026
effect [0,0.0002] [0.0013,0.0019]  [0.0016,0.0021]  [0.0021,0.0027] [0.0007,0.0011]  [0.0023,0.0030]
0.01 < 0.001 0.011 0.012 0.012 0.011 0.012
[0,0.001] [0.010,0.013] [0.010,0.014] [0.010,0.014] [0.009,0.012] [0.010,0.014]
0.05  0.008 0.052 0.051 0.059 0.053 0.054
[0.007,0.010] [0.049,0.055] [0.048,0.055] [0.05648,0.06309]  [0.050,0.056] [0.050,0.058]
Dominant main  0.001 < le-04 0.0016 0.0029 0.0045 0.0011 0.0052
effect [0,< 1e-04] [0.0014,0.0019]  [0.0026,0.0031]  [0.0041,0.0049] [0.0009,0.0014]  [0.0047,0.0056]
0.01 0.001 0.010 0.015 0.009 0.010 0.020
[<1e-03,0.002]  [0.008,0.012] [0.013,0.018] [0.007,0.012] [0.008,0.012] [0.018,0.023]
0.05 0.009 0.050 0.073 0.050 0.054 0.081
[0.007,0.011] [0.046,0.055] [0.068,0.079] [0.045,0.056] [0.049,0.058] [0.076,0.087]

Results of Figures 4 and Figure S2 illustrate that the power of each individual global test highly depends on the inter-
action effect, thus confirming our preliminary results by demonstrating the lack of robustness of all individual global
tests. Taken separately, each global test indeed is powerless in at least one disease-model situation. In particular, when the
interaction effect has a strong nonlinear trend in the logit scale (Interface and XOR), the tests based on the genotype-based
coding are much more powerful than those based on the allele-based coding. Conversely, tests based on allele-based cod-
ing are more powerful when the trend of the effect is mainly linear (Dominant-Dominant, Interaction-Multiplicative, and
Recessive-Dominant). For other models (Recessive-Recessive and Threshold), it can be remarked that genotype-based
and allele-based Hotelling methods lack in power and that the ranking of the other methods is changed from one disease
model to another. We can then consider that four groups of global tests are emerging: (1) L?>_¢, minP_c and HC ¢, (2) L?_d,
minP_d and HC _d, (3) Hotelling_c, and (4) Hotelling_d.

PCA, CCA, CLD, and Aggregator also show a lack of robustness as having low power for some disease models.
Although for models like Dominant-Dominant, Interaction-Multiplicative, Recessive-Dominant and Modifying Effect,
PCA and Aggregator are very competitive and among the best methods, our results show that PCA, CCA, CLD, and Aggre-
gator are all powerless for other models (Interface and XOR for example). It can also be remarked that the performance
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of both PCA and Aggregator are closely related to the group of allele-based global tests L?_¢, minP_c and HC _c. However,
the power for CCA and CLD are globally moderate, thus indicating that these methods are not appropriate for disease
models with one causal pair.

PCA, CCA, CLD, Aggregator, Kernel and SPA also show a lack of robustness as having low power for some disease
models. Although for models like Dominant-Dominant, Interaction-Multiplicative, Recessive-Dominant and Modify-
ing Effect, PCA, Aggregator, Kernel and SPA are very competitive and among the best methods, our results show that
PCA, CCA, CLD, Aggregator, Kernel, and SPA are all powerless for other models (Interface and XOR for example).
It can also be remarked that the performance of both PCA, Aggregator and Kernel are closely related to the group
of allele-based global tests L?_c, minP_c, and HC_c. SPA method behaves as L?_c. However, the power for CCA and
CLD are globally moderate, thus indicating that these methods are not appropriate for disease models with one causal
pair.

In summary, our results demonstrate that our proposed omnibus method is the only method able to detect
an interaction signal in all simulated situations. It provides evidence that our method, by combining several indi-
vidual global tests is very robust to different types of disease models (with linear and non-linear trends). Similar
results obtained for another gene pair (see Section S5.2) confirmed that our omnibus by resampling test is also very
robust to different interplay between the SNP-sets correlation structures and the positioning of the signal along the
genome.

4.2.2 | Data-driven simulation with complex disease models

We now compare our proposed omnibus test to the other methods using scenarios involving several causal SNP pairs
in complex disease models. For that purpose, we consider several scenarios for the vector f and estimate power curves
by multiplying each g by a scalar 8 in the range [0, 1], as described in Section 2.3. We thus simulate various strength
of interaction signal going from 6 = 0, which means no effect of the interaction, to 8 = 1, that corresponds to a high
interaction effect.

In Figures 5 and S3, power curves are reported for four different vectors g characterizing various situations (SCa, SCb,
SCc, and SCd) regarding the interplay between signal and correlation structures. For each scenario, g is displayed on
top of the subgraph along with the corresponding power curve with respect to the scalar 6. It can be remarked that the
dimension of g is 144 since SNP-sets have four and nine SNPs, respectively, and that each SNP pair has four interaction
coefficients in Equation (1).

Our results first confirmed the robustness of our omnibus procedure to adapt to different scenarios of association.
Our omnibus by resampling test is always among the most powerful tests and even slightly outperforms the other
tests for scenario SCa. It is noteworthy that the resampling omnibus test slightly outperform the Cauchy-combination
omnibus test. Moreover the good performances of the Cauchy-combination test have to be contrasted by its lack of
control of type I error rate. Furthermore, Figure 5 also comforts the fact that global tests can be divided into the
four following groups of similarity (L?_c, minP_¢, HC_c¢), (I2_d, minP_d, HC_d), Hotelling_c, and Hotelling_d. In sce-
nario SCa, Hotelling_d has good power and outperforms the two groups (L?_d, minP_d, HC_d) and Hotelling_c¢ while
(L%_c, minP_c, HC_c) lacks in power. The results for scenario SCc are similar to SCa except that Hotelling_.d and
(L2_d, minP_d, HC_d) are closer. On the other hand, for scenario SCb and SCd, only Hotelling_d is powerful and all
other methods hardly detect signals. It can be remarked that the group (L?_c, minP_c, HC_c) has a very low power
in the four scenarios which can be explained by the complexity and the nonlinearity of the signals. Finally, results
in Figure 5 also confirm that PCA, Aggregator, Kernel and SPA are very similar to the group of allele-based coding
global tests (L2_c, minP_c, HC_c). However, in contrary to results observed for disease models with one causal pair,
CLD turns out to be powerful in all scenarios, especially for SCb and SCd. CCA was also revealed to be as power-
ful as CLD for scenarios SCb and SCd and to a lesser extent in SCa but completely fails at detecting interaction effect
for SCec.

4.3 | Application to the WTCCC datasets

In this section, we investigate the performance of our omnibus by resampling test and alternatives by considering observed
genotypes and phenotypes. To this end, each test have been applied to the Wellcome Trust Case Consortium Data Set,>?
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FIGURE 5 Power curves of two omnibus approaches compared with single global tests under four complex scenario of
phenotype-genotypes association. The corresponding f vector is displayed on top of the four sets of power curves. 6 acts as a multiplicative
coefficient that weights the the level of phenotype-genotype association. See Section 2.3 for details regarding the simulation procedure given
avector 8. Powers have been estimated with 1000 replicates of two genes (with four and nine SNPs, respectively) and sample sizes of 1000
cases and 1000 controls. For each scenario, the upper graphic shows the value of the regression coefficients ordered according to the
definition of the interaction profile vector s defined in Section 2.1 for a genotype-based profile

composed of 3000 controls and 14 000 diseased individuals divided into seven complex diseases: 2000 individuals for
each of Bipolar Disorder (BD), Coronary Artery Disease (CAD), Crohn’s Disease (CD), Hypertension (HT), Rheuma-
toid Arthritis (RA), Type-1 Diabetes (T1D), and Type-2 Diabtetes (T2D). We first investigate the control of the Type
I error by testing the association of random gene pairs with a permuted phenotype. Results, displayed in Section S6,
confirm the correct control of the Type I error rate by our omnibus strategy. In order to evaluate the power of statisti-
cal tests to correctly detect validated gene-gene interactions, we restrict our study to pairs of genes previously reported
in the literature as interacting in susceptibility with diseases. We thus focus on a total of 25 gene pairs: 12 gene pairs
associated with BD,%%* three pairs with CAD,5>% three pairs with CD,%7%° six pairs with HT,%”! and one pair with
RA.” For a given gene, the set of cases is the individuals affected by the targeted disease and the set of controls is the
shared controls. It is noteworthy that these 25 signals have been detected with datasets independent from the WTCCC
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FIGURE 6 Venndiagram of the gene-gene interactions significantly detected by each method on truly observed phenotype and
genotype data

dataset. Therefore, our study corresponds to a confirmatory or replication analysis and we do not expect reaching any
genome-wide significant level but rather a nominal level of 5% after correction for multiple testing. By assuming that gene
pairs are independent we thus applied a Benjamini-Hochberg procedure with an FDR control for multiple testing to the
raw P-values.

Results are summarized in Table 3, where corrected P-values for each method and each gene pair have been reported.
It can first be remarked that among the 25 gene pairs, 13 have not been detected as being significantly associated with
the corresponding disease at the nominal level of 5% (and even 10%). Among the 12 other gene pairs, our omnibus
procedure either with the resampling significant testing or with the Cauchy-combination is the only method robust
enough to detect all the interaction signals at a level of 5%. All other methods fail at detecting at least one of these
signals.

It can be remarked that the 12 detected interaction signals also show that global tests can be classified into
four groups. In agreement with what we observed in our simulation study, Table 3 shows that L%_¢c, minP_c,
and HC_c are closely related as well as L?_d, minP_d and HC_d while Hotelling_c and Hotelling.d have singular
behaviors. More precisely, six gene pairs (GABRA4-AFG3L2, DCP1A-ATP8A2, PTGER4-ATG16L1, GABRB1-MANIAI,
SLIT2-ADRM1, and NOD2-NKD1) are detected only by the group (L?_.c, minP_c, HC_c) among global tests. Fur-
thermore, three gene pairs (TNS3-PCDHI15, OR6BI-ASTN2, and LMO3-SNRPN) are only detected by Hotelling d
while two gene pairs (TAOK2-MIR499B, DUOX2-CSF2RB) are only caught by Hotelling.c. The last gene pair
(BANK1-BLK), is significantly detected by the three groups of global tests (L?>_¢, minP_c, HC_c), Hotelling ¢ and
Hotelling_d. It is noteworthy that the group (L?_d, minP_d, HC_d) does not have power to detect any interacting gene
pair.

Finally, the pattern of P-values obtained for CCA, CLD, PCA, and Aggregator are similar to those given by
our simulation study. First, CCA and CLD lack power in all situations while PCA, Aggregator, Kernel, and SPA
depict very similar behaviors as the group of global tests (L?_c, minP_c, HC_c) by jointly identifying seven gene
pairs.

To sum up, our omnibus by resampling test was the most powerful method to replicate signals in the WTCCC dataset.
As confirmed by the Venn diagram presented in Figure 6, our omnibus by resampling test efficiently combines individual
global tests to improve the robustness of the global testing approach. Indeed, our results demonstrate that it is able to
significantly detect various types of interacting signals.

5 | DISCUSSION/CONCLUSION

In this work, testing gene-based gene-gene interaction in replication studies associated with case-control genome-wide
association studies is addressed by a global testing approach. Based on a logistic linear regression model, the statistical
framework used in this paper allows to consider allele-based coding and genotype-based coding for SNPs. Furthermore,
covariates can directly be introduced in the model so that interaction effects are adjusted for potential confounding
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factors. The issue of the choice of the most appropriate global testing method is tackled by focusing on four usual pro-
cedures: minP, HC, L?-norm, and Hotelling. Compared to the other methods, Hotelling requires the inversion of the
correlation matrix of pointwise statistics. A specific model, that relies on a Kronecker decomposition, is proposed to
obtain the eigenvalue decomposition or the inverse of this correlation matrix, thus reducing the computational cost
while improving stability of the estimation. Based on a comparative study, we first show that none of global test-
ing methods are uniformly powerful. These methods are rather heterogeneous and complementary over the range of
interaction models, suggesting that combining individual methods is likely to improve the robustness of global testing
approach.

We therefore introduced an omnibus strategy that efficiently aggregates individual global tests. Through a
data-driven simulation study, it is demonstrated that the use of a parametric bootstrap resampling method allows
for an accurate control of the type I error rate, especially in presence of covariate and/or main effects. Exten-
sive data-driven simulations have also been used to assess the superiority of our omnibus approach in a wide
range of phenotype-genotype association models. Moreover, our results show that our global testing approach out-
performs previously introduced multidimensional methods. Whether for association models with few causal pairs,
where PCA has a good power, or more complex association models, where CCA and CLD can have very high
detection rate, our omnibus by resampling test is always very competitive. A comparative study on truly observed
datasets confirms the flexibility of our approach that allows the identification of gene-gene interaction in very diverse
situations.

Although these results are very promising, combining individual methods in an omnibus strategy raises questions
regarding the choice of the individual methods to be aggregated and the way such aggregation is performed. Increas-
ing the number of global tests to be combined is tempting, but it will result in an increase of the computational cost
and may tend to consider strongly correlated test statistics in the aggregation step. Furthermore, tentatives to com-
bine different sets of methods than minP, HC, L?-norm, and Hotelling did not provide better power but increased
the computational cost since more single methods, such as Kernel and SPA, have to be tested for example. Prop-
erly handling the correlation between global tests is also a difficult task and a safe strategy would consist in a
parsimonious choice of methods. The use of the Cauchy-combination method, based on a weighted sum of Cauchy
transformation of individual P-values, is attractive since it does not require the estimation of the correlation between
individual tests. The Cauchy-combination saves computational time compared to our resampling method, especially
for large genes, and it shows very similar power than our resampling method. However, the Cauchy-combination
interaction testing method can suffer from elevated type 1 error in the presence and absence of genetic main
effects.

Nevertheless, the use of resampling-based simulation studies does not allow the validation of our method at a
genome-scale. Although the genome-wide significance criteria for genome-wide gene-gene interaction is not estab-
lished in the literature, it is likely that it requires more than 100000 replicates. Our results on the control of type
I error are therefore to be considered for replication studies where a nominal level of 1073 is acceptable. To gener-
alize our conclusions at the genome-scale, a careful attention should also be paid to the multiple testing issue. As
pointed by Reference 7, designing a proper multiple testing correction to reach genome-wide nominal level remains
very tricky for epistasis. In addition to widely used adjusted method such as Bonferroni (see BOOST for example®) of
Benjamini-Hochberg, other methods have been develop to guarantee the control of the type-I error rate in gene-gene
interaction. For example, the recent years has seen the application of permutation-based rather than correction based
on a theoretical reference distribution.!” However, in addition to the computational burden, such methods may not be
appropriate in situations of high LD and rare variants.”> Multistage epistasis strategies have also been proposed to reduce
the multiple testing problem by considering multiple simple models rather than full interaction models.”* However, to
better account for the complex dependencies between individual tests, the development of more refined methods is still
needed.”

Although our study is based on simulations that cover a large spectrum gene-gene interaction models, it is impossi-
ble to explore all realistic situations and our results are therefore limited to the set of simulated scenarios. At first, truly
observed data may lead to situations where the SNPs from a SNP set are highly correlated thus facing the issue of multi-
collinearity when estimating regression parameters. In our framework, this issue has been addressed by using a principal
component analysis. The principal component decomposition has the advantage of having a low computational cost
compared to regularization techniques where the regularized coefficient is often estimated by resampling techniques. A
threshold is applied on the amount of variability to retain the top principal component and such threshold can also be
seen as an hyperparameter of our method. We based the tuning of the threshold on its capacity to control the type I error
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rate and, similar to other hyperparameter tuning, it may depend on the training dataset. Secondly, genomic regions of
interest might contain a large number of SNPs. The number of individual statistics in gene-gene interaction can therefore
be very large thus facing the curse of dimensionality. Our simulations does not consider such high-dimensional situations
and should be extended to generalize our results.

Our results on the WTCCC datasets are encouraging in the perspective of a robust replication of candidate gene-gene
interaction. However, the computational cost associated with any gene-gene interaction remains an issue for our
method to be performed at the genome scale. It should be noticed that computing global tests is decomposed into
three main steps: (1) the computation of the vector of pointwise statistics Z, (2) the aggregation into a global statis-
tic T(Z) and (3) the computation of the significance level. For all methods, step (3) is the most expensive since it is
based on a resampling parametric bootstrap. Furthermore, since step (1) is shared by all methods and Hotelling, due
to the inversion of a correlation matrix, is more consuming in step (2), our omnibus by resampling test is not more
time-consuming than the Hotelling method. Therefore, to help performing genome-wide scans, efforts should be put to
improve programming efficiency by considering for instance parallel or GPU implementations. More precisely, the com-
putational cost associated with our procedure is linear with the number of tests, the number bootstrap sample and the
number of individuals. Although the current implementation of our method, currently available in R package Gene—
GenelInteractions available at https://github.com/fhebert/ does not provide a parallelized version of the functions,
parallelization can be performed by computing the statistics from each bootstrap sample in parallel. However, since
our method relies on the covariance matrix of the SNP set, parallelization is not feasible on the individuals and the
SNP pairs.

Finally, although our omnibus method has been evaluated only on case-control genome-wide association studies,
the proposed framework allows for considering any type of generalized linear models. Our study therefore opens per-
spectives into the detection of gene-gene interaction in association with quantitative traits by extending the results
of Reference 76. The scope of the proposed framework is also not limited to gene-gene interaction in genome-wide
association studies. As being based on a very general model and on general methods for combining statistics, the
proposed framework can be adapted to other applicative situations by considering appropriate definition for the
corresponding pointwise statistics. Our work can therefore be useful to address the challenging question of detect-
ing interactions associated with a phenotype, either binary, categorical or continuous, raised for example in preci-
sion medicine.”””® The use of global testing approaches can indeed help handling with the diversity of interacting
signals.
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