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Abstract

Composite hypothesis testing using summary statistics is a well-established approach for assessing the effect of a single marker or gene across
multiple traits or omics levels. Numerous procedures have been developed for this task and have been successfully applied to identify complex
patterns of association between traits, conditions, or phenotypes. However, existing methods often struggle with scalability in large datasets
or fail to account for dependencies between traits or omics levels, limiting their ability to control false positives effectively. To overcome these
challenges, we present the qch_copula approach, which integrates mixture models with a copula function to capture dependencies between
traits or omics and provides rigorously defined P-values for any composite hypothesis. Through a comprehensive benchmark against eight state-
of-the-art methods, we demonstrate that qch_copula controls Type | error rates effectively while enhancing the detection of joint association
patterns. Compared to other mixture model-based approaches, our method notably reduces memory usage during the EM algorithm, allowing
the analysis of up to 20 traits and 10°—108 markers. The effectiveness of qch_copula is further validated through two application cases in human

and plant genetics. The method is available in the R package gch, accessible on CRAN.

Introduction

Consider a study where the goal is to assess the joint effect of
a specific drug treatment in two different tissues. One aims at
defining a test procedure that rejects hypothesis Hy “the drug
has no joint effect,” when both hypotheses H] “the drug has
no effect on tissue 1> and H “the drug has no effect on tissue
27 are false. This corresponds to a particular case of compos-
ite hypothesis testing (CHT) where the composite Hy hypoth-
esis to be tested is H} U HZ. A popular strategy to perform
CHT is to combine the test statistics and/or P-values derived
for each of the marginal hypotheses H] and Hj into a single
summary statistics. While the P-values related to H} and H}
can be obtained using common statistical procedures, provid-
ing a suitable summary statistic along with a valid rejection
rule (that ensures the control of the false positive rate at the
required nominal level) for the test of the composite Hy hy-
pothesis is not straightforward. The particular CHT problem
of the form H} U H was addressed as soon as the early 80s
with the seminal work of [1], and its generalization to the case
of testing Hl U... U HOQ with Q > 2 has been investigated by
[2].

In the context of omics studies, CHT has rapidly become a
standard procedure. In human genetics, it has been success-
fully used for, e.g. mediation analysis [3-7] or for the de-
tection of genomic regions that are associated with two dis-
eases such as prostate cancer and Type 2 diabetes [8]. In these
omics applications, CHT is typically performed at the gene

or marker level, resulting in a large number of simultane-
ously tested composite hypotheses. A first consequence is the
need for CHT methods to explicitly provide P-values in or-
der to be combined with multiple testing correction proce-
dures. A second consequence is the opportunity to exploit the
large amount of available data to model and infer the rela-
tionship between the two series of P-values and to account
for this relationship in the CHT procedure to better control
Type I error (T1E) rate. More recently, CHT has also been
used in the context of integrative genomics to jointly analyze
multiple omics traits, such as DNA methylation, copy num-
ber variation, and gene expression [9, 10] or to the analysis
of gene expression kinetics for the detection of differential
effects between treatments at two or more consecutive time
points [11]. When applied to such studies, CHT typically re-
quires the analysis of O > 2 series of P-values (i.e. one series
per omics dataset), which led to the development of dedicated
procedures.

Most existing methods rely on a similar model where the
vector of the O (possibly transformed) P-values associated
with each gene/marker is assumed to be distributed as a multi-
variate mixture where each of the 2€ components corresponds
to a specific combination of H{ and HY states [7, 9-11].

While versatile, the mixture approach suffers from several
limitations. First, as the number of components of the con-
sidered mixture model grows exponentially with Q, the num-
ber of series of P-values that can be handled by such CHT
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procedures is usually restricted to Q <10 [9,11] or less (e.g. O
=2and O = 3in [10] and [7], respectively). Second, while the
T1E rate can be controlled through local or multi-class FDR
in a mixture model framework [12-14], mixture model-based
approaches do not provide P-values. This limitation hampers
the application of most multiple testing procedures, restricts
the use of diagnostic tools such as QQ-plots or histograms,
and impedes the ability to compare with alternative methods.
Lastly, only a few methods can efficiently handle both a num-
ber of P-value series O > 2 and correlations between series,
which may arise, for example, from using the same collection
of samples to acquire the different omics measurements.

Based on the same mixture model approach, we propose
a new method for CHT called qch_copula that explicitly
accounts for the dependence structure across P-value series
through a copula function [15]. The new procedure comes
with several important features. First, we show how rig-
orously defined P-values can be defined from the mixture
model approach and show the connection between adaptive
Benjamini-Hochberg FDR control [16] applied to these P-
values and a local FDR (IFDR) control [12, 13] directly ap-
plied to the posteriors obtained from the mixture model. Sec-
ond, we provide a new implementation of the EM algorithm
[17] that significantly alleviate the memory burden of the in-
ference procedure of the approach, extending its application
to series of P-values as large as # = 10°/10° genes/markers
and Q = 20. Third, we present the first extensive benchmark
study of CHT procedures, comparing eight recently devel-
oped procedures [5, 6, 8-11, 18]. While half of the meth-
ods do not correctly control for T1E rate when the P-value
series are correlated, the qch_copula approach provides ac-
curate T1E rate control and yields excellent performance
in terms of detection power. The procedure is then demon-
strated through two application cases: the first in human
genetics, where 14 association studies are jointly analyzed
to identify new pleiotropic regions associated with psychi-
atric disorders, and the second in plant genetics, for detect-
ing hotspot regions linked to resistance to multiple viruses in
cucumber.

Materials and methods

This section introduces the framework of composite hypoth-
esis testing then our new method for CHT based on a mix-
ture model approach (Section Model). Inference and the test-
ing procedure are presented in Section Inference and Sec-
tion Testing composite hypothesis, respectively. The deriva-
tion of a memory-efficient EM algorithm is provided in Sec-
tion Memory-Efficient EM algorithm. The simulation frame-
work used to evaluate the performance of our procedure
and its competitors are detailed in Section Simulation frame-
work and Section Comparison with alternative methods,
respectively.

Composite hypothesis

Assume a collection of 7 items (e.g. genes or SNP) have been
tested for their effects in O conditions (e.g. traits, tissues, or
environments).

We denote by H{ (resp. H] ) the null (resp. alternative) hy-
pothesis corresponding to test ¢ (1 < g < Q) and consider
the set C := {0, 1}Q of all possible combinations of null and
alternative hypotheses among Q. For a given configuration

¢:=(c1, ..., cg) € C, the joint hypothesis 7 is defined as:

v (N )N N
0

qicq= qicy=1

Considering two complementary subsets Cy and C; satisfy-
ing Cy UCy = C and Cy N Cy = @, we define the composite null
and alternative hypotheses Hy and H; as:

MHow=JH M= W

ceCy ceCy

We aim at testing H versus Hq for each of the 7 items.

As an illustration, consider a molecule screening trial where
each molecule is tested for two desired effects and two ad-
verse side effects, referred to as two “positive” and two “neg-
ative” effects respectively in what follows. A molecule is of
interest to the experimenter if it has at least one positive ef-
fect and no more than one negative effect. Here O = 4, and
each configuration has the form ¢ = (cy, ..., c4) where the
first two elements c1, ¢, correspond to the two tests for posi-
tive effects. The configurations of interest for the experimenter
are:

C1 = {(0100), (0101), (0110), (1000), (1001),
(1010), (1100), (1101), (1110)}.
The complementary set is:
Co = {(0000), (0001), (0010), (0011), (1011), (0111), (1111)}

corresponding to configurations where either the molecule has
no positive effect (first four configurations) and/or two neg-
ative effects (last four configurations). Testing composite hy-
pothesis H boils down to testing whether the (unknown) con-
figuration of the molecule under study belongs to Cy or not. We
stress out that in this example, the alternative composite hy-
pothesis H; actually requires that at least one of the two null
hypotheses of negative effects be true, exemplifying how com-
plex combinations of basic hypotheses may be tested through
the proposed setting.

Model

Let P{ denote the P-value obtained for test g on item 7, and let
Z! = —®~(P!) represent its negative probit transform, where
® stands for the standard Gaussian cumulative distribution
function (cdf). The vector Z; := (Z}, ..., Zl-Q) is referred to as
the z-score profile of item i.

Each item i is associated with a latent vector L;:=
(L}, ..., ng) € C, where L! is the binary variable indicating
whether the null hypothesis Hl; (L] = 0) or its alternative hy-
pothesis H{. (L] = 1) holds. As such L; corresponds to the un-
observed label of item i, i.e the true configuration to which i
belongs to. Under the assumption of independence between
items, the z-score profile follows a mixture model with 2€
components, i.e. one for each configuration, and can be ex-
pressed as:

Zi~ Yy weyp. (1)

ceC

where 1€ is the distribution of Z; conditional on L; = ¢, and
the w/s := Pr{L; = ¢} represent the mixing proportions.

Each component ¢ corresponds to a multivariate distri-
bution over RQ that can be written in terms of univari-
ate marginal distribution functions and a so-called copula
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function that describes the dependence structure between the
Q z-scores [15]:

W§(Zi) = C(FX(2Z}), ... F1(Z]), ..., F2(ZP)

where F]l (resp. F{') is the marginal cdf of Z! conditional on
L1 =0 (resp. L? = 1). In what follows, we will assume that the
copula function is common to all components and depends on
a finite set of unknown parameters 0, that is, C, = Cy Vc € C.
The corresponding density function for component ¢ is then
given by:

Vi(Z) = co (ENZ). - EQ20) TT fiizh TT fiz))

q:¢q=0 qicq=1
(2)

where f{ (resp. f]) is the marginal density of Z? conditional
on LY = 0 (resp. L] = 1). Since z-scores are obtained from p-
values whose distribution is known to be uniform over [0,1]
under Hy, all distributions are known: one has Fq @ for
all g.

The expression obtained in Eq. (2) provides some hints
about the complexity of the inference task: estimating the
29 conditional distributions V. of the mixture model defined
in Eq. (1) actually reduces to determining the O univariate
cumulative distributions F and the copula parameter 6. In
practice, one needs to choose a specific form of the copula
distribution. Here, we considered Gaussian copula due to its
flexibility in specifying distinct correlation levels between each
pair of variables. The density function of the Gaussian copula
is given by:

1 1
co(u) = 10]77 exp (—555 ([ I)su)

where &, = (' (u1), ..., dfl(uQ)) Yu € [0, 1]

and where 0 is the (O x Q) correlation matrix associated with
the Gaussian copula.

Note that the scenario in which 0 varies across components,
and where the alternative distributions f are modeled as a
Gaussian distribution, aligns with the methodology proposed
by [10], which employs a mixture model of multivariate Gaus-
sian distributions. Conversely, the specific case where 6 = I
and where the alternative distributions /] are inferred in a
nonparametric way, corresponds to the independent mixture
model introduced in [11].

Inference

The unknown parameters of model defined in Eq. (1) are the
distributions f], ..., flg, the copula parameter 6 and the pro-
portions w,. Following [9] and [11], the inference procedure
can be split into two steps:

(1) Get an estimate of marginal densities f{, g =1, ..., O;

(2) Substitute the estimates f{ into Equation (1) and esti-
mate both the proportions w, and the copula parameter
0 using maximum likelihood estimation.

Large-scale composite hypothesis testing procedure 3

Step 1: Inference of marginal distributions

Combining Model (1) with the definition of the 1y, (2), one
has

Z] ~ 7y fg + (1= 7o) f,

3w, 3)

c: Cq—

where 7, =

that is the marginal distribution of Z{ is also a mixture model.
Since f] = ¢ for all ¢’s, with ¢ the standard Gaussian density
function, one needs to estimate f{ and 7, only.

The null proportions can be directly derived by applying
the following estimator:

frg = [n(1 =] {i: P> A,

where A € [0, 1] is a tuning parameter that can be determined
through bootstrap [19]. The estimated proportion 7, can then
be plugged into Equation (3), and the alternative distribution
f{ can then be inferred through a nonparametric procedure
using a kernel method [13]. In terms of computational burden,
this procedure can be executed for each of the O components
in parallel.

Step 2: Inference of the configuration proportions and the cop-
ula parameter

We now turn to the problem of inferring the copula pa-
rameter O and the weights w,. using maximum likelihood
estimation. Once the kernel estimates ]?]q are substituted in
mixture model (1), the inference of the remaining parame-
ters can be efficiently performed using a standard EM algo-
rithm [17] using the full set of items. In the present case,
it is possible to obtain explicit update equations for both 0
and the w.’s. Denoting u;. = (F, (z1), ... E (ziQ))T and &, =

o]
(@ (L), ..., @1 (u2))T, one has :

o i D E(Z:) |
Estep: T, =Pr{L; =c|Z;; 0} = m Vi, c
cec WV \Li

. 1 .
M step:  w,. = . Z Tic
1

== Z Z Tic glc%-;g

llCEC

See Section 1 of the Supplementary Materials for a detailed
explanation of these derivations. Note that the expression of
matrix 0 ensures its positiveness. If applied directly, the (E)
step involves computing and storing a posterior matrix of size
n x 22, Although computational effort cannot be avoided, we
demonstrate in Section Memory-Efficient EM algorithm that
memory storage can be considerably reduced without loss of
information.

Testing composite hypothesis
So far, methods relying on mixture model (1) [9-11] did not
result in strictly valid test procedures as they did not provide
a P-value. We present here how well-defined P-values can be
derived in this framework.

Let ¢ be the (unknown) configuration of the item under con-
sideration, and Cy and C; be any two complementary subsets
of C, and consider testing

Ho : {c € Cy} versus 1:{ceCy}
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4 De Walsche et al.

The mixture model (1) can be written in the following form:
Z~Woy + Wiy =y

where Wo = 3 ¢ we, Yo = WO_1 > cec, WeWe (resp. for Wy
and \'). We consider the posterior

(z) = Pr{L € C11Z = 2}

=Y Pr{l =c|Z=2z)
ceCy

_ Wiy (2)
Woy%(z) + Wiy ! (z)

as a test statistic. The corresponding P-value is then:
pval(z) = Pry, {t(Z*) > (2)}
/ ﬂ{r(z*)zr(z)}wo(Z*)dz*
RO

1
Wo

/n{mw (1= (2 ) (e*)de*
RO

where the last equality comes from the definition of . In prac-
tice, estimates of posteriors

. Wil
a V?/O‘/fg(zi) + ‘/X?ll//g(zi)

can be computed for each item i. Using these estimates and
approximating the integral by its empirical counterpart, one
gets:

pval = W Z/ 1 L aey(1=15).

Having access to P-values provides several advantages over
existing methods that rely on posteriors only, from combining
the testing procedure with any correction method for multiple
testing to checking the P-value distribution for quality control
and providing graphical displays such as Volcano or Manhat-
tan plots.

Beyond the empirical expression provided above, a theo-
retical equivalence can be established between P-values pval;
corrected for multiple testing using the adaptive Benjamini—
Hochberg procedure [16] on one side, and the estimation of
IFDR from the posteriors as presented in [12] and [13] on the
other side. This equivalence is demonstrated in the Section 2
of the Supplementary Material.

Memory-Efficient EM algorithm

The classical EM algorithm [17] implementation requires the
computation and the storage of the matrix T = (t;.) in (E)
step, which becomes cumbersome whenever # and/or Q are
large: assuming e.g. 7 = 10° and O = 15, the matrix T requires
26 GB of storage. This storage may be reduced by analyzing
how these posteriors are used in the (M) step. For instance,
the update of w, at iteration (¢ + 1) can be reformulated as:

AE) e

we 1//A (Zt)
t+1 4t

Z tie =2 Z RO

1 1
where Sl(.t) =
implementation of the EM algorithm works as follows: in the
(E) step only the quantities Sl(.t), 1 < i < n are computed and

> e We )1//C (Z;). Our reduced memory burden

K clusters

100

-
[
-
B
I
-

Dense:(.5n

Sparse:(.9n

o
o

olo|o|i
o B
o H
= -

ol|lofo|l
o

Figure 1. Schematic illustration of the n x Q z-score matrix used in the
simulation study. Each row represents an item (e.g. a marker), and each
column corresponds to one of the Q conditions (e.g. a trait). ltems are
grouped into clusters, each corresponding to a configuration of
associations across conditions. The last cluster corresponds to items for
which the complete null configuration is true.

saved; then the )1//9 . (Z;) are calculated on the fly for up-

AR ) step A same procedure

(t+1) ypdate, see Sup-

dating the weights ¢ "~ in the (M
can be derived for the copula parameter 6
plementary Materials Section 3 for details.

This version of the EM algorithm retains the exact formulas
of the original algorithm while significantly reducing its mem-
ory footprint from O(n x 22) to O(n + 22). In our previous
example (7 = 10, O = 15), the memory storage is downsized
from 26 GB to 1 MB. This optimization makes it possible to
apply our procedure to cases where # ranges from 10° to 10°
and with up to Q = 20 conditions.

In what follows, we will refer to the methodology presented
so far (including mixture models and copulas, the use of an
efficient EM algorithm for the inference and the derived P-
values for the CHT procedure) as the qch_copula approach.

Simulation framework

We evaluated and compared the performance of our
qch_copula method with existing methods in various sim-
ulated scenarios. Hereafter, we will refer to items and con-
ditions as “markers” and “traits,” mimicking a multi-trait
genome-wide association study. Each simulated dataset con-
sists of a 7 x Q matrix of z-scores generated as follows. Mark-
ers are clustered into K + 1 clusters. Each cluster is character-
ized by a configuration c, i.e. all markers of cluster k share the
same configuration ¢; = (g1, ..., ¢go). One has

Z,' "’N(ch, Ep) N

where X, is a QO x QO correlation matrix where all covari-
ances between traits are set to p. Note that p;; = 0 if H] holds
for item 7, and p;; = 2 otherwise. Assuming that matrix X,
is common to all clusters, a given cluster k is characterized
by its associated number of markers and associated configu-
ration vector. Figure 1 provides an illustrative example of the
z-score matrix with items grouped into the K + 1 clusters, each
characterized by a configuration.

The aim of the statistical analysis performed on these sim-
ulated datasets is then to identify markers that are associated
with at least g traits (with different values of g to be con-
sidered). Note that we are not interested in inferring the true
configuration of the markers.
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Table 1.  Summary of cluster composition for simulation setting 1 (Q =
2, p =0, sparse scenario)

Large-scale composite hypothesis testing procedure 5

Table 2. False discovery rate of the procedures for the sparse and dense

scenarios with Q = 2 and p = 0.3 (settings 1 and 2)

Number of clusters Cluster size Configuration ¢ Method Sparse Dense
20 50 (1,0) or (0,1) DACT_Efron 0 (0) 0 (0)
10 100 (1,0) or (0,1) DACT_JC 0 (0) 0.08 (0.017)
20 50 (1,1) DACT_NO 0.032 (0.03) 0.014 (0.015)
10 100 (1,1) HDMT 0.255 (0.018) 0.129 (0.008)
1 96 000 (0,0) PLACO 0.148 (0.091) 0.058 (0.027)
adaFilter 0.1 (0.015) 0.087 (0.008)
qch 0.256 (0.018) 0.145 (0.008)
We considered different values for Q (2, 8, 16), four levels IMIX 0.595 (0.128) 0.222 (0.094)
i K c-csmGmm 0.186 (0.085) 0.067 (0.019)
of correlation (p = 0, 0.3, 0.5, 0.7), and two scenarios: sparse Primo 0.046 (0.021) 0.079 (0.01)
or dense. In the sparse scenario, a large proportion (i.e. > 0.9) qch_copula 0.045 (0.021) 0.057 (0.012)

of the markers were associated with none of the traits, whereas
in the dense case, half of the markers were associated with at
least one trait. For each setting (i.e. a combination of a num-
ber of traits, a correlation level and a scenario), simulations
were repeated 25 times. In total, 3 x 4 x 2 = 24 settings were
investigated (see Supplementary Table S1 in Supplementary
Materials for details). All simulations were performed using
n=10°.

We provide the details for generating one dataset in Set-
ting 1: Q = 2, p = 0, sparse, see Supplementary Materials
Section 4 for the description of other simulation settings. The
dataset includes clusters of markers associated with different
configurations, as summarized in Table 1. Specifically, 20 clus-
ters of 50 markers associated with a single randomly chosen
trait were simulated. Similarly, 20 clusters of 50 markers asso-
ciated with the two traits were simulated. The process was re-
peated to generate 10 clusters of 100 markers associated with
one trait and 10 clusters of 100 markers associated with two
traits. A last cluster containing all remaining markers corre-
sponding to the complete null configuration, i.e. ¢ = (0, 0),
was generated. This last cluster included 96 000 markers, i.e.
96% of the total number of markers.

To assess the robustness of the proposed methods in situa-
tions involving nonindependent items, we implemented an ad-
ditional simulation framework incorporating within trait de-
pendence among markers. Specifically, markers were grouped
into blocks such that P-values within each block were corre-
lated, mimicking the local dependence structure typically ob-
served in e.g. genome-wide association studies due to linkage
disequilibrium. We considered a spatial correlation level of &
= 0.3 within blocks, combined with the same 24 simulation
settings described above. A detailed description of this simula-
tion setting is provided in Supplementary Materials Section 4.

Comparison with alternative methods

Our benchmarking study evaluated eight recently proposed
methods: DACT [5], HDMT [6], PLACO [8], adaFilter [18],
IMIX [10], c-esmGmm [7], Primo [9], and qch [11]. The
first three methods, namely DACT, HDMT, and PLACO, use
test statistics that combine two P-values per item and are re-
stricted to scenarios involving no more than two test series.
In contrast, IMIX, c-csmGMM, Primo, and qch rely on mix-
ture models similar to the one described in Equation (1) and
can theoretically handle cases with more than two test series.
However, in practice, both IMIX and c-csmGmm had pro-
hibitive computational costs and/or the associated R pack-
age did not handle cases where O > 3 and O > 2, respec-
tively. The adaFilter method takes a different approach, test-
ing a specific composite null hypothesis of the form “fewer

Note: For each procedure the FDR (averaged over 25 runs) are displayed.
Numbers in brackets correspond to standard errors. False discovery rate
>0.05 are in boldface.

than g hypotheses among the O tested are non-null,” using
an adaptive filtering multiple testing procedure with no re-
striction on Q. Among all considered methods, only PLACO,
IMIX, Primo, c-csmGmm, and qch_copula explicitly account
for dependencies between P-values series. As Primo only pro-
vides an estimate of the IFDR for each marker, we relied on
the equivalence between IFDR estimation and P-values based
on posteriors proven in Section Testing composite hypothe-
sis to derive P-values for each marker for this method. Addi-
tionally, the data simulation process described in the previous
section corresponds to the model described by Equations (1)
and (2) with the marginal alternative distributions f being
the Gaussian distribution A'(2, 1) and the copula parameter
0 being ¥,. This setup may be beneficial in terms of detec-
tion power to IMIX, Primo, and qch_copula, which rely on
the same mixture model. However, all benchmarked methods
should ensure a control of T1E rate at the nominal level.

Results

Simulations

Our evaluation began by assessing the ability of the different
methods to control T1E at the specified significance level and
to detect true significant markers for Q = 2. We then extended
the comparison to Q = 8 and Q = 16 for methods capable of
handling larger cases.

Additional information regarding the accuracy of
qch_copula to estimate the proportions of items under the
null hypothesis in each condition are provided in Section 6 of
the Supplementary Materials.

Type I error rate control
In settings 1-8, 7 = 10° markers were tested for O = 2 traits,
with the objective of identifying markers associated with both
traits. FDR control at a nominal level of 5% was applied using
the adaptive BH procedure to generate the final list of candi-
date markers for each method. The results for the case p = 0
are presented in Supplementary Table S3. Most methods suc-
cessfully control the FDR at the nominal level, with minor de-
viations observed for PLACO and c-csmGmm, which slightly
exceed the target (~0.08). In contrast, DACT-JC displays a
substantial inflation of the FDR, reaching values ~0.25.

The results for the case p = 0.3 and p = 0.5 are summarized
in Table 2 and Supplementary Table S4, revealing significant
departures from the nominal T1E rate for most methods.
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Table 3. Performance of the procedures Primo, adaFilter and qch_copula for the settings 11-12 (Q = 8) and 19-20 (Q = 16) with p = 0.3
Primo adaFilter qch_copula
(0] Scenario Test FDR Power FDR Power FDR Power
at least 2 0.008 (0.001)  0.143 (0.006 0.018 (0.001)  0.317(0.003) 0.051 (0.001)  0.609 (0.003)
Dense at least 4 0.00S (0.001)  0.126 (0.007 0.006 (0.001)  0.148 (0.003)  0.044 (0.002)  0.534 (0.006)
3 at least 8 0.048 (0.006)  0.125 (0.007 0.017 (0.007)  0.033 (0.003) 0.05 (0.006) 0.186 (0.01)
at least 2 0.012 (0.004)  0.109 (0.008 0.063 (0.005) 0.279 (0.008)  0.054 (0.004)  0.388 (0.007)
Sparse at least 4 0.008 (0 004)  0.108 (0.009 0.015 (0.004)  0.145 (0.005) 0.053 (0.004)  0.405 (0.014)
at least 8 0.079 (0 019) 0.092 (0 009 0.026 (0.021) 0.032 (0.01) 0.068 (0.023)  0.166 (0.019)
at least 2 0.02 (0.001) 0.278 (0.002)  0.052 (0.002)  0.646 (0.004)
at least 4 - - 0.007 (0.001)  0.166 (0.002)  0.057 (0.002)  0.678 (0.006)
Dense at least 8 - - 0.006 (0.001)  0.094 (0.004) 0.057(0.002)  0.659 (0.007)
at least 14 - - 0 (0.001) 0.015 (0.002) 0.04 (0.004) 0.548 (0.016)
16 at least 16 - - 0.036 (0.028)  0.009 (0.003) 0.068 (0.013) 0.14 (0.02)
at least 2 - - 0.076 (0.005)  0.248 (0.005)  0.072 (0.004)  0.528 (0.008)
at least 4 - - 0.025 (0.005)  0.166 (0.005)  0.082 (0.004) 0.626 (0.01)
Sparse at least 8 - - 0.007 (0.006)  0.097 (0.008)  0.068 (0.006) 0.568 (0.018)
at least 14 - - 0 (0) 0.016 (0.005) 0.036 (0.01) 0.37 (0.027)
at least 16 - - 0.015 (0.031)  0.012 (0.007)  0.101 (0.041) 0.138 (0.031)

Note: For each procedure the FDR and the detection power (averaged over 25 runs) are displayed. Numbers in brackets correspond to standard errors. False

discovery rate >0.05 are in boldface.

As expected the qch_copula method exhibited substantial
improvements over the original qch approach (which assumes
conditional independence between P-value series), highlight-
ing the importance of accounting for the dependency struc-
tures. More generally, only DACT_Efron and qch_copula con-
sistently achieved proper FDR control, maintaining estimated
FDR values close to 0.05 across all scenarios (settings 3—6: p
= 0.3 and p = 0.5).

Similar results were observed when the correlation between
traits was higher (p = 0.7; see Supplementary Table S5 in Sup-
plementary Material) and in the presence of dependence struc-
ture between items (& = 0.3; see Supplementary Tables S6-59),
with increased FDR inflation among methods that failed to
adequately control the FDR.

We further investigated TIE control in settings 9-16 and
17-24, corresponding to cases with Q = 8 and Q = 16, re-
spectively, to identify markers associated with at least 2, 4, 8,
14, or 16 traits. Only Primo, adaFilter and qch_copula were
included in these analyses, as the other methods are restricted
to scenarios where Q = 2 or Q < 3. The results for p = 0.3
are presented in Table 3, while additional results for p = 0,
0.5, and 0.7 are provided in Supplementary Tables S10-512
of the Supplementary Material.

In settings 9-16 (Q = 8), all three methods demonstrated
effective T1E control when the correlation between traits was
low to moderate (i.e. p = 0 and p = 0.3), with Primo and
adaFilter generally exhibiting conservative behavior relative
to the nominal level. At higher correlation levels (p = 0.5 and
p = 0.7), small-to-moderate deviations from the nominal T1E
were observed. For qch_copula, T1E remained below 0.07 in
most scenarios, with the highest observed value of 0.116 when
testing for association with at least 8 traits. In comparison,
Primo and adaFilter showed T1E up to 0.142 and 0.246, re-
spectively.

The results for p = 0.3 under structured dependence be-
tween items are presented in Table 4, with additional results
for p=0,0.5,and 0.7 provided in Supplementary Tables S13-
S15 of the Supplementary Material. Dependence between
items had no impact on FDR control for adaFilter. In contrast,
both Primo and qch_copula exhibited improved FDR control
under dependence, particularly in settings where some infla-

tion had been observed in the independent case. In particular,
for qch_copula, the FDR decreased significantly in the most
challenging case (testing for association with at least 8 traits),
from ~0.11 under independence to below 0.065 when item
dependence was introduced.

In settings 17-24 (Q = 16), a slight inflation of the T1E
was observed for qch_copula when p = 0.3 under the sparse
scenario, although values generally remained below 0.08. At
higher correlation levels (p = 0.5 and p = 0.7), deviations
from the nominal T1E were observed for both adaFilter and
qch_copula. Specifically, gch_copula exceeded 0.1 of FDR in
4 out of 20 cases, with a maximum of 0.24, while adaFilter
exceeded 0.1 in 8 out of 20 cases (with a maximum of 0.28).
The dependency between items resulted in an FDR not ex-
ceeding 0.089 for qch_copula in all scenarios, and had no or
little impact on adaFilter.

We do not report results for Primo in settings 17-24 as it
encountered significant computational challenges, either ex-
hausting available memory or requiring excessively long run-
times, exceeding 24 h.

Detection power

For simulations with QO = 2 and focusing on the meth-
ods that effectively controlled the FDR across all scenarios,
DACT_Efron yielded highly conservative results, with detec-
tion power equal to zero. In contrast the qch_copula method
achieved detection power ranging from 0.03 to 0.124 depend-
ing on the scenario, see Supplementary Tables S2-S9 in Sup-
plementary Material.

The results of the power detection analysis for settings 11-
12, 11s-12s (O = 8) and 19-20, 19s-20s (Q = 16) are pre-
sented in Tables 3 and 4 for the three methods that were able
to scale. In both the sparse and dense scenarios the perfor-
mance of Primo was stable whatever the tested composite hy-
pothesis H1, whereas adaFilter showed a marked decrease in
power when moving from Hq: “at least 2” to Hq: “at least
8” or “at least 16.” This trend is consistent with the conser-
vative behavior observed for adaFilter in the previous section.
The qch_copula method exhibited a decline in power when
testing the most stringent hypothesis (i.e., H;: “at least Q).
However, qch_copula consistently showed a substantial im-
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Table 4. Performance of the procedures Primo, adaFilter and qch_copula for the simulation settings 11s-12s (Q = 8) and 19s-20s (Q = 16) with p=0.3

and £=0.3
Primo adaFilter qch_copula
0] Scenario Test FDR Power FDR Power FDR Power
at least 2 0.006 (0.005) 0.088 (0.073)  0.018 (0.002)  0.316 (0.009) 0.048 (0.005) 0.611 (0.016)
Dense at least 4 0.003 (0.003)  0.077 (0.064)  0.006 (0.002) 0.146 (0.009) 0.033 (0.004) 0.509 (0.022)
3 at least 8 0.031 (0.026)  0.074 (0.062)  0.019 (0.008)  0.031 (0.007) 0.031 (0.01) 0.151 (0.025)
at least 2 0.008 (0.008)  0.068 (0.058) 0.063 (0.006) 0.278 (0.022)  0.055 (0.009) 0.418 (0.051)
Sparse at least 4 0.005 (0.004)  0.068 (0.057)  0.015 (0.005) 0.146 (0.014) 0.049 (0.01) 0.426 (0.077)
at least 8 0.048 (0.05) 0.053 (0.05) 0.018 (0.019)  0.027 (0.012)  0.056 (0.039) 0.119 (0.078)
at least 2 - - 0.02 (0.002) 0.276 (0.011)  0.054 (0.004) 0.667 (0.015)
at least 4 - - 0.007 (0.002)  0.164 (0.009)  0.053 (0.005) 0.676 (0.02)
Dense at least 8 - - 0.006 (0.003) 0.09 (0.009) 0.05 (0.005) 0.584 (0.031)
at least 14 - - 0.001 (0.002)  0.014 (0.004)  0.019 (0.002) 0.354 (0.042)
16 at least 16 - - 0.027 (0.037)  0.008 (0.005) 0.042 (0.021) 0.061 (0.038)
at least 2 - - 0.074 (0.008) 0.25 (0.021) 0.076 (0.009) 0.519 (0.031)
at least 4 - - 0.023 (0.005) 0.168 (0.018) 0.08 (0.011) 0.575 (0.045)
Sparse at least 8 - - 0.005 (0.005)  0.095 (0.025) 0.071 (0.013) 0.42 (0.06)
at least 14 - - 0(0) 0.014 (0.009) 0.02 (0.01) 0.168 (0.061)
at least 16 - - 0.002 (0.008)  0.008 (0.007) 0.056 (0.06) 0.048 (0.052)

Note: For each procedure the FDR and the detection power (averaged over 25 runs) are displayed. Numbers in brackets correspond to standard errors. False

discovery rate above 0.05 are in boldface.

provement in power over Primo and adaFilter across all set-
tings. For instance, in the sparse scenario with Q = 16 and
Hq: “at least 8,” qch_copula achieved a power that was ap-
proximately six times higher than that of adaFilter.

To provide a more comprehensive evaluation of the meth-
ods performance, we include Precision—Recall (PR) curves
for the case p = 0.3 (Supplementary Figs S1-S6). These
curves complement the FDR and power analyses by illus-
trating the trade-off between precision (1 — FDR) and recall
(power) across a range of decision thresholds. One can ob-
serve contrasted behaviors between methods, with PLACO,
c-csmGmm, and IMIX exhibiting noticeably more erratic be-
haviors in sparse scenarios, with greater variability across
simulations. All other methods follow similar PR trajecto-
ries, but differ in their choice of significance threshold. This
pattern suggests that the observed variations in power and
FDR are largely driven by thresholding behavior rather than
inherent limitations in the methods’ ability to discriminate
between alternative and null hypotheses items. This phe-
nomenon is particularly pronounced in the setting with p =
0 (Supplementary Figs S7-510).

Similar results were observed under high correlation sce-
narios (p = 0.5, 0.7) and in presence of dependence between
items, see Supplementary Tables S11-S15 in Supplementary
Material.

In terms of computational performance, the average com-
putational time for qch_copula with O = 16 and # = 10°
was 78 min for the model-fitting step and ~1 min per tested
composite hypothesis. The analysis was conducted on a com-
puting platform with one thread and 3.225 GB of allocated
RAM, running under the Ubuntu Linux operating system.

Application I: Detection of pleiotropic regions
associated to psychiatric disorders

To illustrate our method, we performed a comprehensive anal-
ysis of 14 psychiatric disorders using data derived from genetic
association studies conducted by the Psychiatric Genomics
Consortium, see Section 7.A and Supplementary Table S16 in
Supplementary Materials for details. The initial data consists
of P-values obtained for n = 6,267,062 to 12 438 502 single

nucleic polymorphisms (SNPs) for the different studies. The
analysis aims to identify pleiotropic genomic regions simulta-
neously associated with multiple disorders. In the initial anal-
ysis of [20], the authors applied the MAGMA method [21]
to aggregate P-values at the gene level before running their
analysis, drastically reducing the size of the data to 26 024
genes. Aggregated data were analyzed using PLACO [8] to
detect genes associated with two or more disorders, focusing
on the top genes detected in at least eight disorders. As the
number of traits allowed by PLACO is limited to 2, all pair-
wise analyses of 2 among the 14 traits were performed. For
a given gene, the list of associated disorders corresponded to
those found significant in at least one pairwise analysis.

The initial approach suffers from several technical limita-
tions. First, while the aggregation step reduces the computa-
tional burden of the CHT procedure, it may lead to signifi-
cantly less accurate outcomes. This is because some regions
(e.g. intergenic regions or genes not listed in the annotation
list) may not be represented but also because the detection
resolution is now limited to the gene level. Second, the use
of a pairwise approach may yield ambiguous or inconsistent
results. For example, gene TMX2 was detected in the ADHD-
AN and the AN-SCZ analyses but not in the ADHD-SCZ
analysis. Similarly, gene MIR2113, one of the two genes “that
are identified in 10 psychiatric disorders,” is declared signifi-
cant in only 26 out of the 45 PLACO pairwise comparisons
involving the ten candidate disorders, with Anorexia Nervosa
(AN) being identified in only 1 out of its 13 associated pair-
wise comparisons. Finally, note that aggregating the results of
all pairwise analyses does not come with any statistical guar-
antee regarding false positive control for the final gene list.

The goal of detecting pleiotropic SNPs exhibiting an effect
in at least g disorders can be turned into a composite hypothe-
sis testing procedure where the corresponding composite null
hypothesis for SNP i is defined as follows:

Hoi : {SNP i is associated with at most § — 1 disorders}.

Following the initial analysis, we focused on § > 8 and per-
formed CHT at a nominal T1E rate o« = 0.05. We ran
qch_copula on the 5§ 172 884 SNPs common to all anal-
yses and compared the outcomes with those obtained us-
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Table 5. Number of candidate genes and SNPs identified by PLACO and
gch_copula, respectively, for different levels of pleiotropy (i.e. associated
with at least the specified number of disorders)

At least # of disorders 8 9 10 11 >11
PLACO 38 21 2 0 0
qch_copula 1608 498 211 25 0

ing the PLACO pairwise analyses. The results are displayed
in Table 5 (see Supplementary Materials Supplementary
Fig. S13 for quality control of the P-values distribution and
Supplementary Fig. S14 for the Manhattan plots).

Focusing on the composite hypothesis test with § = 8, our
method identified 1608 SNPs (see Fig. 2 for their description),
corresponding to 28 distinct regions. The regions identified by
qch_copula may include more than one gene. Out of the 38
candidate genes detected using the PLACO approach, 35 were
also found by our method (i.e. at least one significant SNP
within the gene was identified). The three remaining genes
NEGR1, TMX2, and Cl1lorf31 that were identified exclu-
sively by PLACO had only 7, 4, and 3 P-values below 0.01 out
of 14 obtained from the MAGMA analysis (for each gene), re-
spectively. Since the goal was to detect genes associated with
a minimum of eight disorders, one would expect the number
of significant MAGMA P-values to be close to eight or higher.

Additionally, qch_copula identified eight new regions, each
including >10 SNPs, that were not detected by PLACO (see
Table 6 for their description). Three of these eight regions were
not detected in the initial analysis because the annotation list
contained no gene located in these regions. Among them, the
top region identified by qch_copula, located on chromosome 5
contained 338 SNPs (see the corresponding peak on the Man-
hattan plot in Fig. 2, left). Notably, 25 of these SNPs were de-
tected as associated with 11 disorders (see the corresponding
initial GWAS —log10(P-values) in Fig. 2, right). This region
shares an overlap with the gene RP11-6N13.1, which has been
recurrently reported to be associated with psychiatric disor-
ders [22-26], including ADHD, ASD, BIP, MDD, SCZ, and
TS, among others.

Application Il: Detection of viruses resistance
hotspots regions in cucumber

Our second application case is based on GWAS summary
statistics derived from the experiment described in [27]. In this
study, a panel of 226 cucumber elite lines, 40 landraces and 23
hybrids were inoculated with six viruses (denoted CGMMYV,
CMYV, CVYV, PRSV, WMV, and ZYMYV hereafter) to evaluate
their responses, see Section 7.B in Supplementary Materials
for details. GWAS were conducted on each of the six virus sep-
arately (refered to as individual GWAS hereafter), on a num-
ber of SNPs ranging from 7 = 378 049 to n = 424 393. The
aim of the study was to identify QTLs associated with virus
resistance in cucumber.

In the original analysis QTLs associated with resistance
against multiple viruses were detected through a simple inter-
section of the lists of putative QTLs obtained from separate
GWAS runs for each virus. As an alternative approach we ad-
dressed the detection of SNPs associated with resistance to at
least g viruses through composite hypothesis testing. The cor-
responding null hypothesis for SNP i was defined as follows:

Ho; : {SNP i is associated with resistance at most § — 1 viruses}.

We focused on values § > 2 and applied the qch_copula
method to the 339 804 SNPs common to all analyses, after
excluding the genomic region spanning from 6.7—12.9 Mb
on chromosome 2, which corresponds to a nonrecombinant
region that produced anormalous p-value distributions. The
nominal T1E rate was set at o = 0.05. Our analysis identified
1845, 164, and 15 SNPs associated with resistance to at least
two, three, and four viruses, respectively (see Supplementary
Materials, Supplementary Fig. S16 for quality control of P-
value distributions, and Supplementary Fig. S17 for Manhat-
tan plots). For § = 2, the 1845 SNPs mapped to five distinct
genomic regions on chromosomes 1, 2, 5, and 6 (see Table 7
for details). All significant SNPs had at least two P-values be-
low 10~* out of the six GWAS (Fig. 3). Analysis of the initial
GWAS P-values indicates that the significant regions on chro-
mosomes 1, 2, and 6 are associated with resistance to PRSV
and ZYMV. In contrast, the region on chromosome 5 is asso-
ciated with resistance to the remaining four viruses: WMV,
CGMMYV, CVYV, and CMV. Notably, this region was also
significant when testing for association with at least three or
four viruses—no SNP being associated with resistance to more
than four viruses.

Importantly, three of the detected hotspot regions were not
reported in the original study (Table 7), of which two are
strongly supported by external studies, confirming the hypoth-
esis of a shared resistance mechanism across several viruses
in these two regions. The hotspot region on chromosome 2
is associated with resistance to PRSV and ZYMV but also
colocalizes with putative quantitative trait loci (QTLs) pre-
viously reported to confer resistance to CMV and CABYV
[28]. Similarly, the region on chromosome 6 (22.8-26.4 Mb)
linked to resistance to PRSV and ZYMYV, and colocalizes with
QTLs associated with WMV [29] and CABYV [28]. This high-
lights the enhanced statistical power of the joint analysis with
a dedicated CHT procedure compared to individual GWAS
approaches.

Conclusion

We have developed a novel approach called qch_copula for
composite hypothesis testing based on a multivariate mixture
model. Our method comes with a rigorously defined P-value
directly obtained from the mixture model approach, which, to
our knowledge, is the first of its kind.

A key feature of qch_copula is its ability to flexibly model
the conditional distributions, representing the probabilistic
patterns by which each component of the mixture produces
observable data. Previous published methods rely on fully
parametric models, assuming both the fJ and f] distribu-
tions of Equation (3) to be Gaussian density functions [7, 10],
or (a mixture of) x* density functions, after data transforma-
tion [9]. Although such modelings allow one to explicitly ac-
count for correlations between traits, they significantly con-
strain the shape of f{. In comparison, qch_copula performs
a nonparametric estimation of the alternative marginal distri-
bution while still accounting for dependencies through the use
of the copula function. This adaptive estimation procedure al-
lows for a better fit of the data, resulting in efficient control
of T1Es and improved detection performance. In practice, the
correlation matrix is inferred jointly with the prior propor-
tions within the (M) step of the EM algorithm, enhancing our
ability to capture the dependence more accurately compared
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8§ 9 10 12

Figure 2. Results of the composite hypothesis test identifying SNPs associated with at least eight disorders. Left: —log10(P-values) of the composite
hypothesis test along the chromosomes. The dotted line represents the significance threshold at a nominal false discovery rate of 0.05. Significant SNPs
are represented in blue. Right: Initial GWAS —log10(P-values) of the significant SNPs (in rows).

Table 6. Summary information of the eight new regions associated with
at least eight disorders identified by qch_copula

Chr  Position (Mb)  Nb SNPs Top SNP Pval top SNP
1 73.8—73.9 156 rs11210259 1.013e-07
2 22.5-22.6 14 rs11688810 2.665¢-06
3 52.6-53.1 90 rs11922961 7.273e-08
5 103.6—-104.0 338 rs30266 5.162¢-12
6 25.9-26.3 12 rs115810 4.773e-06
8 143.3-143.3 11 rs4458978 3.416¢-06
11 27.6-27.6 13 rs11030084 6.959%-06
11 113.2—-113.3 16 rs2734837 9.245e-06

Note: The regions not included in the initial analysis due to the absence of
any gene in the annotation list are denoted in boldface.

to methods like Primo and PLACO, where the correlation ma-
trix is estimated upstream.

Our model assumes that the copula function is the same
across all components, employing a single correlation matrix
to model the dependence structure. While this may be seen as
a limitation, it leads to practical benefits. Modeling the depen-
dency component-wise, as in the IMIX procedure, can lead to
a prohibitive computational burden and downgrade the re-
sults. This is because some components may be poorly repre-
sented in the dataset, compromising the inference of the asso-
ciated correlation matrices. Alternatively, ignoring dependen-
cies leads to significantly inflated T1E rates, as highlighted by
the performance of qch (without copula) in our simulation ex-
periment. The qch_copula procedure strikes a favorable bal-
ance between data fitting and computational efficiency in the
inference procedure, offering a more practical and effective
solution while capturing the essential structure of dependence
among the multivariate P-values.

Another hypothesis shared by most, if not all, CHT proce-
dures is the independence between the z-scores within each se-
ries, a condition that may be unrealistic in many applications,
such as genomics, where test statistics often exhibit local de-
pendence. Our simulation study demonstrated that a moder-
ate within-series correlation (& = 0.3) has minimal impact on
the overall performance of most procedures, and the general
conclusions regarding the performance of the procedures re-
mained unchanged. Interestingly, when dependence between
items was introduced, the qch_copula method showed im-
proved FDR control, particularly in scenarios where slight in-

flation had been observed under the independence assump-
tion (e.g. Q = 16, p = 0.3, testing at least 16 traits; see Ta-
bles 3 and 4). These results suggest that qch_copula is not
only designed to accommodate dependence across conditions
but also demonstrates robustness to moderate item-level de-
pendence. Dependencies between test statistics can be further
addressed by applying multiple testing procedures that ac-
count for dependencies [30], or employing local score tech-
niques that leverage, e.g., the spatial distribution of P-values
throughout the genome to enhance detection power [31]. Such
methodologies are readily applicable to procedures that pro-
vide p-values, which is a key feature of our procedure.

Our simulation study highlights the challenges in achieving
a balance between T1E control and detection power in the
presence of correlation across varying values of O (2, 8, 16).
Notably, most methods struggled to maintain adequate FDR
control across all scenarios while still achieving meaningful
power, even when they explicitly model dependencies between
test statistics. In the Q = 2 case, qch_copula was the only
method that both controlled FDR and maintained a nonzero
detection power although moderate.

For larger values of O, qch_copula, Primo, and adaFilter
methods controlled FDR at the requested nominal level when
the correlation between traits was low to moderate (i.e. p
= 0 and p = 0.3), but the last two methods exhibited low
power levels for some testing hypotheses. At higher corre-
lation levels (p = 0.5 and p = 0.7), FDR inflation was ob-
served for qch_copula, but these deviations remained more
contained than those observed for Primo and adaFilter. It
is worth mentioning that correlations higher than or equal
to 0.5 can already be considered extreme values: in our
two application cases, the empirical off-diagonal elements of
the estimated copula correlation matrix were mostly below
0.09 and 0.12, respectively (90th percentiles), as shown in
Supplementary Figs S12 and S15.

The two CHT applications on real data requested the use of
a null composite hypothesis of the form “item 7 has an effect in
at most § — 1 studies/traits.” The choice of § was suggested
by previous analyzes (§ = 8 in Application I) or by the hy-
pothesis to be tested (pleiotropy, i.e. § = 2 in Application II)
but alternative values of § were also considered. Considering
several values for § may be a simple way to rank the items—in
the present case, the higher the value of § for which the com-
posite hypothesis is rejected the better. Alternatively, the value
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Table 7 Summary of the five genomic regions associated with resistance to at least two viruses identified by gch_copula

Chr Position (Mb) Nb SNPs Top SNP Pval top SNP
1 9.1-10.1 7 CucSaCL_Chr1_10190285 1.78e-9
2 1.3-1.3 1 CucSaCL_Chr2_01399444 1.54e-07
5 6.3-8.8 440 CucSaCL_Chr5_07197002 3.48e-26
6 6.8—14.7 1380 CucSaCL_Chr6_10814546 3.48e-26
6 22.8-26.4 16 CucSaCL_Chr6_26134362 6.81e-11
Note: Novel findings are highlighted in bold.
-log10
| |1-2
chr2_1.3 1
20 1 4-8
—_ chr5_7.0 >8
215
g
T - .. cnrs_s-a -
5 {0 = A
-t [
Chr 1 2 3 4

CGMMV|
CVYV
CMV

Figure 3. Results of the composite hypothesis test identifying SNPs associated with resistance to at least two viruses. Left: —log10(P-values) of the
composite hypothesis test along the chromosomes. The dotted line represents the significance threshold at a nominal false discovery rate of 0.05.
Significant SNPs are represented in blue. Right: Initial GWAS —log10(P-values) of the top ten significant SNPs per regions identified (in rows).

of § may be set based on considerations about budget and ex-
pected gains: in the resistance to pathogen case, the choice of
d can be based on on the (financial) added value a resistance
to g pathogens would confer to new cultivars compared to ex-
isting ones. Considering more than one value for § raises the
question of post hoc inference, i.e. of the a posteriori choice
of § once the data are observed [32], which is a consideration
for future work.

Our procedure relies on summary statistics (i.e. the z-scores
computed from the P-values of the initial test series). As such,
it belongs to the larger family of meta-analysis procedures that
have been developed in the last decade in the context of genetic
association.

Most existing multi-trait methods based on summary statis-
tics [33-39] focus on testing the overall mean or variance of
allelic effects over the traits, which corresponds to the spe-
cial case of testing the association with at least one trait in
our CHT setting. However, CHT allows testing a much wider
range of composite hypotheses, as any two complementary
sets of configurations can be defined for Hy and #;. It is im-
portant to note that different series of composite hypotheses
may be tested in parallel since the testing step stands inde-
pendently of the model inference step and does not require
parameter re-estimation. Importantly, relying on series of P-
values exclusively makes our procedure amenable to data in-
tegration of studies with diverse outcomes, including contin-
uous, binary, and time-to-event measurements. The exclusive
reliance on P-values is also particularly advantageous when
direct access to the raw data is constrained due to ethical con-
siderations or data confidentiality.

In certain applications, it is crucial to account for the di-
rection of effects for e.g. identifying markers that influence
multiple traits or diseases in a consistent direction. This re-
quires incorporating effect signs into the statistical model. An
extension of our composite hypothesis testing procedure ac-

counting for the direction of effects in the conditionally inde-
pendent case is readily available in the qch package. Extending
the performance to account for both sign effects and depen-
dencies between series will be the subject of future work.

The proposed methodology is implemented in the R pack-
age gch, which is publicly available on CRAN.
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