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Abstract

As more multi-ancestry GWAS summary data become available, we have developed a com-
prehensive trans-ancestry pathway analysis framework that effectively utilizes this diverse
genetic information. Within this framework, we evaluated various strategies for integrating
genetic data at different levels—SNP, gene, and pathway—from multiple ancestry groups.
Through extensive simulation studies, we have identified robust strategies that demonstrate
superior performance across diverse scenarios. Applying these methods, we analyzed
6,970 pathways for their association with schizophrenia, incorporating data from African,
East Asian, and European populations. Our analysis identified over 200 pathways signifi-
cantly associated with schizophrenia, even after excluding genes near genome-wide signifi-
cant loci. This approach substantially enhances detection efficiency compared to traditional
single-ancestry pathway analysis and the conventional approach that amalgamates single-
ancestry pathway analysis results across different ancestry groups. Our framework provides
a flexible and effective tool for leveraging the expanding pool of multi-ancestry GWAS sum-
mary data, thereby improving our ability to identify biologically relevant pathways that con-
tribute to disease susceptibility.

Author summary

Pathway analysis is a powerful tool used to understand genetic associations with diseases.
Instead of looking at individual genetic markers (such as single nucleotide polymor-
phisms, SNPs), it examines the combined effects of multiple markers within biological
pathways. This method is more effective for detecting subtle genetic influences on diseases
that might be missed when looking at individual markers alone. Our study expands
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pathway analysis to include data from diverse ancestry groups, which is often overlooked
in traditional single-ancestry genetic studies. We developed a comprehensive trans-ances-
try pathway analysis framework to effectively utilize diverse genetic data. In our frame-
work, we explore various strategies for integrating genetic data at different levels—SNP,
gene, and pathway—from multiple ancestry groups. Through extensive simulations, we
identified robust strategies that perform well in diverse scenarios. Applying these meth-
ods, we analyzed around 7,000 pathways for their association with schizophrenia, using
data from African, East Asian, and European populations. Our analysis identified over
200 pathways significantly associated with schizophrenia, even after excluding genes near
genome-wide significant loci. Our approach significantly improves detection efficiency
compared to traditional single-ancestry pathway analysis and the conventional approach
that amalgamates single-ancestry pathway analysis results across different ancestry
groups. This framework offers a flexible and effective tool for leveraging the growing pool
of multi-ancestry GWAS data, enhancing our ability to identify biologically relevant path-
ways contributing to disease susceptibility.

Introduction

Genome-wide association studies (GWAS) have successfully identified tens of thousands of
single nucleotide polymorphisms (SNPs) linked to complex traits [1-4]. Historically, these
studies have predominantly focused on populations of European origin, which limits the gen-
eralizability of their findings across global populations and restricts the equitable distribution
of health benefits [5,6]. By expanding GWAS to include multi-ancestry populations, we
enhance not only the generalizability but also the identification and fine-mapping of disease
loci. This expansion deepens our understanding of the interactions between genetic variants
and environmental factors across diverse genetic backgrounds, providing comprehensive
insights into disease manifestation [7-12].

As GWAS has expanded to encompass multi-ancestry populations, various trans-ancestry
(TA) association procedures, focusing primarily on single-SNP analysis, have been developed
[13-16]. Conducting TA analysis presents significant challenges due to inherent genetic archi-
tecture heterogeneity among ancestral populations, particularly concerning effect size variabil-
ity [8,17]. This variability arises from the varying direct effects of functional SNPs, potentially
influenced by differential environmental interactions, and the uneven marginal effects of tag-
ging SNPs due to population-specific linkage disequilibrium (LD) patterns with the underlying
functional variants. There are two general strategies for conducting trans-ancestry single-SNP
analysis. The first employs meta-analysis techniques developed to address heterogeneity
among studies [18-20]. The second strategy utilizes the global or local genetic differences
among populations to model variations in effect sizes [13-16]. Within the second strategy, one
approach models the SNP’s marginal effects in different populations as a linear function of key
axes of genetic variation, identified through principal component analysis [14]. These axes rep-
resent the major directions of genetic variation, capturing the primary population structures
that underpin the genetic diversity observed in the data. Another approach models the condi-
tional effects of an SNP—after adjusting for the influence of all other SNPs—as following a
joint normal distribution, maintaining a consistent correlation structure throughout the
genome [21].

Pathway analysis—or gene set analysis—integrates subtle SNP-level association signals
within pathways and has proven effective in identifying the global association between the
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entire pathway and the outcome [22-30]. This approach allows researchers to detect the cumu-
lative effects of multiple SNPs within a pathway, rather than focusing solely on individual
SNP-outcome associations, which are often too weak to be detectable by single-SNP analysis.
Despite advancements in single-SNP TA-analysis, pathway analysis remains largely confined
to single ancestry GWAS (SA-GWAS), with a notable gap in methodologies tailored for
TA-GWAS.

In this report, we propose a suite of TA-pathway analysis approaches based on a flexible
premise known as the Trans-Ancestry Gene Consistency (TAGC) assumption. This assump-
tion posits that a specific subset of genes within a pathway is associated with the outcome
across various ancestry groups, although the strength of their association may differ across
populations due to genetic and environmental variations. The gene-outcome association refers
to the overall association signal summarized over the genotyped common SNPs within the
gene. This assumption is reasonable, considering that functional variants, especially common
ones, are likely shared among diverse populations [8,17,31-33]. This assumption also under-
pins fine-mapping efforts using multiple ancestry GWAS [34-37]. Even when the functional
variant is not directly genotyped, due to tagging SNPs, we would expect a gene containing that
functional variant to consistently manifest its association with the outcome across different
populations, provided each population has a sufficiently large sample size.

We validated the effectiveness of our methods through extensive simulation studies, which
underscore the benefits of our approach across various disease risk models. Additionally, we
demonstrated the advantages of our methods by assessing the association of 6,970 pathways
with schizophrenia using TA-GWAS summary data from African, East Asian, and European
populations.

Material and methods
Ethics statement

This study relied on secondary analysis of publicly available summary statistics. Ethical
approval for this data was obtained by the primary researchers, and as such no further ethical
approval was required for this study.

Setting and notations

We analyze summary data from L single-ancestry GWAS (SA-GWAS), each including n® sub-
jects, [ =1,.. L. For the I-th study, we consider summary data for T SNPs, represented as
{(B",7"),i=1,..., T}. Here, B\" is the estimated coefficient for the association of the i-th
SNP with the outcome, and rf’) is the standard error of this estimate. We denote the z-score for
the summary data of the i-th SNP as Z,w = ,f)’ ,@ / r,@, and denote the corresponding p-value as
p. Differences in genotype platforms and filtering criteria across various SA-GWAS can
result in missing SNP summary data in some studies. We consider a pathway consisting of J
genes. In addition to SNP summary data, we assume the availability of reference genomes with
individual-level genotype data for each ancestry group. The null hypothesis for the TA-path-
way analysis posits that no SNP within the pathway is associated with the outcome across all
ancestral populations considered in the study. This is analogous to the self-contained null
hypothesis used in the SA-pathway analysis [28].

We assign SNPs to a gene if they are within 50 kb of the gene boundary. A SNP can be
assigned to multiple genes. This distance-based SNP-gene assignment rule is commonly
adopted by many GWAS analysis procedures [22-24,26,38-40], although other strategies can
also be used. In the real data analysis, we will consider an alternative strategy. Our proposed
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Fig 1. Strategic framework for trans-ancestry pathway analysis. This diagram illustrates two strategies employed in
trans-ancestry pathway analysis using GWAS summary data from three distinct populations. The analyzed pathway
includes three genes containing 2, 3, and 4 SNPs, respectively. Each population’s GWAS data is color-coded: blue,
purple, and red. Trans-ancestry SNP-level and gene-level data are depicted with a mixture of these three colors. (a)
SNP-centric approach: SNP-level summary data from the three GWAS (denoted as S) are consolidated to generate
trans-ancestry SNP-level p-values. These p-values are then aggregated within each gene to obtain trans-ancestry gene-
level p-values. Subsequently, these gene-level p-values are integrated across the genes in the pathway using the
Adaptive Rank Truncated Product (ARTP) framework to assess pathway significance. (b) Gene-centric approach:
From each GWAS, SNP-level summary data within each gene are consolidated to generate single-ancestry gene-level
p-values (G). These p-values are then unified across the three GWAS to form the trans-ancestry gene-level p-value for
each gene. Finally, these trans-ancestry gene-level p-values are combined across the pathway using the ARTP
framework to determine overall pathway significance.

https://doi.org/10.1371/journal.pgen.1011322.9001

procedures are flexible and can be used with any SNP-gene assignment strategy, as long as the
user specifies the assignment.

Our proposed TA-pathway analysis procedures build upon the Adaptive Rank Truncated
Product (ARTP) method, a flexible, resampling-based approach initially developed for path-
way analysis in SA-GWAS [29,41]. These procedures are categorized by the level at which
trans-ancestry genetic data is integrated: SNP-centric, gene-centric, and pathway-centric
approaches (Fig 1). In the SNP-centric approach, we consolidate single-ancestry SNP-level
(SA-SNP) summary data from multiple SA-GWAS to generate trans-ancestry SNP-level
(TA-SNP) summary statistics. These statistics are aggregated to derive trans-ancestry gene-
level (TA-gene) summary statistics, which are then combined across the gene set for the path-
way analysis using the ARTP framework. The gene-centric approach aggregates SA-SNP sum-
mary data within each gene from each SA-GWAS, producing single-ancestry gene-level (SA-
gene) summary statistics. These statistics are subsequently unified across different SA-GWAS
to form TA-gene summary statistics, using the ARTP framework for the pathway analysis.
Finally, the pathway-centric approach integrates p-values from pathway analyses across each
SA-GWAS. Below, we first summarize the ARTP method and then detail each of the proposed
SNP-centric, gene-centric, and pathway-centric procedures.

Summary of ARTP

ARTP is designed to aggregate association evidence across multiple correlated components
when testing against a global null hypothesis, which asserts that no component is associated
with the outcome. In various testing scenarios, these components may be individual SNPs
within a gene for gene-based tests or distinct genes within a pathway for pathway-based tests.
The ARTP method initiates by aggregating the strongest ¢ association signals from all compo-
nents under consideration, where c is a threshold selected from an ordered sequence of
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candidate values {ci,k = 1,. . .,K}, with ¢;<- - -<cg. ARTP uses a computationally efficient
resampling to the empirical p-value for these aggregated association signals at each predeter-
mined threshold. The pivotal statistic for the final test is the smallest p-value identified among
these candidate thresholds (called the minP statistic). In the final step, ARTP repurposes the
initially generated samples to evaluate the significance level of the minP statistic, ensuring that
the testing procedure is accurately calibrated with a well-controlled Type I error rate.

Here is a summary of the ARTP algorithm:

. Obtain the association p-value for each component with the outcome and compile them

into a vector po = (Po,1,P0,25- - -Po.q)-

. Use a resampling-based procedure to simulate M replicas of p, under the global null

hypothesis, denoted as p,, = (p,, 1, Ppuor - - s Pg)s M = 1,..., M.

. Arrange the elements in p, in ascending order, denoted as py (;),i = 1,. . .,q. For each thresh-

old ¢, calculate the Negative Log Product (NLP) statistic as

k
Wo.k:_zlogpoxmk: 1,....K. (1)
i=1

. Repeat Step 3 for each resampled p,,,, obtaining their NLP statistics as w,, s,/ = 1,.. ..M,

k=1,.. K

. Estimate the empirical p-value for the observed NLP statistic wy x as

e {Wpp > wyom=1,... M}
0k M+1

k=1,....K. 2)

. Similarly, estimate the empirical p-value for the resampled NLP statistic w,, x as

_ Wi > Wk m' € {0,..,M},and m’ # m} m

= =1
S M+1

. Mk=1,....K. (3)

. Determine the minimum p-value (minP) statistic for the observed NLP p-values as

T, = min, ;. ;> and for the resampled NLP p-values as
T,=min ¢, ,,m=1...,M.

. Finally, estimate the p-value for the minP statistic T, as

{T,>T,,m=1,... .M}
T =
0 M+1

Next, we plan to expand ARTP to facilitate TA-pathway analysis.

SNP-centric TA-pathway analysis procedures

In this SNP-centric TA-pathway analysis strategy, we begin by aggregating SNP-level summary
data from various SA-GWAS to create TA-SNP summary statistics. We then employ the
ARTP procedure to integrate these TA-SNP statistics for the final pathway analysis. Although
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this integration treats TA-SNP statistics as if they were derived from a single SA-GWAS, we
have adjusted the resampling algorithm to accommodate the fact that these statistics are com-
piled from summary data over multiple SA-GWAS.

Definition of TA-SNP summary statistic

The TA-SNP summary statistic for the i-th SNP, denoted as s;, can be constructed in various
ways. One commonly employed method is through the inverse variance weighting (IVW)
meta-analysis approach, designated as s;"". This statistic is defined as

L
=3 el )
=1

where o|" is the weight given to the I-th study, calculated by

1
L — ©

/ 2
(0 L 1
T; 21:1 <1'(_I))

' is unavailable, " defaults to zero. The optimal use of s

In cases where z." VW is predicated
on the assumption of a consistent SNP effect across diverse ancestries. For SNPs exhibiting

effect heterogeneity, an alternative summary statistic, s, is proposed:

max I
S = {Igllaé)L(|Z,()| (7)

Since z” values are independent and normally distributed, we can derive the corresponding
p-values for sV and s™ analytically.

Beyond these, we explore methods for combining p-values, which are handy for integrating
signals of varying strengths from diverse sources. On classical method is Fisher’s p-value com-
bination. A more recent advancement is the weighted-Fisher (wFisher) method, which amal-
gamates p-values across studies by adjusting for disparities in sample size[42]. For the p-value

pfl) associated with z”, we define
L
wFisher __ —1 ()
s = Z Gk,,z(Pi ), (8)
=1

where G, ,(x) denotes the cumulative distribution function of the gamma distribution with a
shape parameter k, = L' and a scale parameter set to 2. Here, 7, is the sample size of the I-th

study, # is the total sample size of all L studies. In the context of case-control studies, n, is cal-
culated as the harmonic mean of the number of cases and the number of controls. The result-
ing statistic, s}, follows a gamma distribution characterized by a shape parameter L and a

scale parameter of 2.

Steps for assessing T A-gene p-values

IVW  _max
b b

For a gene with g SNPs, we select a suitable TA-SNP summary statistic (e.g.,s " ",s" , or

s"Fisher) to calculate (so,1,5,2- - -»S0,4) from the observed z-scores " ... ,zé’)),l =1,...L,across L

SA-GWAS. The resulting p-values, denoted as po = (po,1,P0,2- - --Po,q)> are introduced as inputs
in the initial step of the ARTP procedure. To compute NLP statistics, we choose a set of K
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predetermined SNP-level thresholds ¢; <- - -<c, typically by letting K = 2 with thresholds at ¢,
=landc,=2.

For the I-th SA-GWAS, we use a set of reference genomes, such as those from the 1000
Genomes Project [43], to construct the correlation matrix of SNP genotypes within a gene.
This matrix is then used to estimate the variance-covariance matrix V” of the z-score vector
@ ..., zé”). Under the global null hypothesis, the z-score vector follows a multivariate nor-
mal distribution N(0,V%*) [24,40]. From each population, we sample M replicates of this z-
score vector according to (0,V"). By pooling these samples from L populations, we obtain M
replicates of TA-SNP summary statistics (s,s,15. - -»Sm,q)-m = 1,.. ..M, and their corresponding
p-valuesasp, = (p,.1sPpos -+ »Pmg)s M = 1,..., M. This is achieved in Step 2 of the ARTP
procedure. Subsequent steps of ARTP utilize the outcomes of the two initial phases to deter-
mine the TA-gene p-value 7,. Furthermore, as in Step 8, the p-value for the resampled minP
statistic T, can be estimated as

{r,, >r,,m€{0,...,M},m' # m}
= m =
m M—|—1 )

T 1,...,M. 9)

These values serve as simulated instances of 7, under the null hypothesis, providing a basis
for the pathway-level analysis.

The aforementioned procedure requires generating M samples of the z-score vector for
each ancestral population based on their respective multivariate normal distributions—a pro-
cess that can be computationally intensive, especially when performing TA-pathway analysis
with three or more SA-GWAS. This process can be simplified when s""" is used to compute
TA-SNP summary statistics, as their covariance matrix under the null hypothesis can be
directly estimated. Specifically, for any two correlated SNPs i and 7/, we have

i

L
cov(st™, ) = 3 ool cov(zl, &), (10)
=1

where cov(z”, zf,’)) is estimated from the empirical correlation coefficient of their genotypes

observed in the [-th population’s reference genomes. With this covariance matrix, we can
directly generate TA-SNP summary statistics (s,,,1s. . -»Sm,q)> 7 = 1,.. ..M, and proceed with the
remaining steps of the ARTP procedure.

Steps for assessing T A-pathway analysis p-value

The procedure outlined in the previous section is applied to each of the ] genes within the
pathway to obtain their TA-gene p-values, designated as 7y, j = 1.. . .,J. The corresponding
resampled counterparts under the null distribution obtained by (9) are defined as 7,,,,
m=1,...,M,j=1,...]J. Toaccount for potential correlation between z-scores for SNPs across
different genes within the /-th population, we jointly generate z-scores for SNPs in all corre-
lated genes using a multivariate normal distribution N(0,V"), where V" is the estimated vari-
ance-covariance matrix for these SNPs’ z-scores in the /-th population. This approach enables
the concurrent assessment of TA-gene p-values 7, ; for correlated genes and 7,,,; for the m-th
generated z-score vector.

To apply the ARTP procedure for the final assessment of pathway-outcome association, we
set po = (70,1,70,2>- - --To) in Step 1, and for Step 2, p,,, is set as (T,,.1,Tm25- - »Trny) M =1,.. ,M.In
Step 3, we employ a set of K’ gene-level thresholds d, < -+ < d,, to compute the NLP statis-
tics. We recommend setting K’ = 10 and d, = kmax(1, (5] ).k =1,...,10. Subsequent steps
are executed as prescribed within the ARTP framework to derive the final p-value for the TA-
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pathway analysis. The optimal threshold d,,, where &, ;, = min, ., ;. identifies the subset
of genes that collectively contribute the most significant pathway assocation signal. These
genes may serve as valuable candidates for further research.

Depending on which TA-SNP statistic is used, the corresponding SNP-centric pathway
analysis procedures are termed SNP-IVW, SNP-max, and SNP-wFisher. Each strategy is suited
to specific scenarios: SNP-IVW is effective when different ancestry groups share functional
SNPs with similar effects, while SNP-wFisher and SNP-max are tailored for situations involv-
ing different functional SNPs or varying effects across groups.

Gene-centric TA-pathway analysis procedures

In this gene-centric strategy, we first obtain SA-gene p-values within each SA-GWAS using
ARTP. For each gene, these p-values are then integrated across all SA-GWAS to compute the
TA-gene p-values. These TA-gene p-values serve as the foundation for the subsequent TA-
pathway analysis.

For the [-th SA-GWAS, we apply ARTP to obtain its SA-gene p-values rff}, j=1...,],
U]

myjo
ues across various SA-GWAS, we consider the weighted Fisher’s method and the minimum p-
value approach, with the latter using the smallest SA-gene p-value across populations for subse-

along with M simulated replicat,,.,m =1,...,M,j=1,...,]. To synthesize TA-gene p-val-

quent pathway analysis. Using the chosen method, we combine ‘cé{j) e rﬁf} for gene j and
obtain its TA-gene p-value 7y . In parallel, we use the same method to synthesize (‘cfi)j, cee ‘552)

to form 1, ;, the TA-gene p-value for the m-th simulated replica, wiht m = 1,.. ..M.

For the final TA-pathway analysis, we employ the ARTP framework once more, initializing
Po as (To,1,To,2s- - -»To) in Step 1. For Step 2, p,,, is specified as (T, 1,Tim 25 - »Tm), form=1,..,
M. The subsequent steps of the ARTP procedure are then carried out routinely to obtain the
TA-pathway p-value. Similar to the SNP-centric procedure, the threshold d,,, where
Eop = min, o & 1> can be used to identify the most significant subset of genes.

Depending on the method used to derive the TA-gene p-value, we refer to the final proce-
dure as Gene-wFisher or Gene-minP. Under the TAGC assumption, Gene-wFisher is pre-
ferred over Gene-minP, as it better aligns with the expectation that a gene is either unrelated
or consistently associated with the outcome across each of the populations considered.

Pathway-centric and composite TA-pathway analysis procedures

One natural pathway-centric strategy is to combine SA-pathway analysis p-values (based on
ARTP) across different ancestry populations using the weighted Fisher’s method, referred to
as Path-joint. Path-joint is expected to be particularly suitable for scenarios where the TAGC
assumption is markedly contravened, such as settings where there are no overlapping causal
genes across different ancestry groups. However, as noted in the Introduction, such situations
are unlikely to occur in practice.

Additionally, we can employ the Aggregated Cauchy Association Test (ACAT) to construct
a composite test that integrates p-values from various pathway analysis methods. The ACAT
procedure offers a flexible framework for combining p-values from correlated statistical tests
through an analytical formula [44]. This formula evaluates the tail-end distribution of the com-
posite statistic, effectively bypassing the need for computationally intensive permutation pro-
cedures. We consider ACAT-IVW-wFisher, which applies ACAT to merge results from the
SNP-centric SNP-IVW and the gene-centric Gene-wFisher procedures. Designed to leverage
the strengths of both SNP-IVW and Gene-wFisher, ACAT-IVW-wFisher is expected to deliver
consistent and robust performance across diverse settings. SNP-IVW is advantageous when all
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considered ancestry groups share identical functional SNPs with similar effects, whereas
Gene-wFisher is likely effective under the broader TAGC assumption. However, a notable lim-
itation of the ACAT test is its inability to provide insights into which specific genes contribute
to the detected pathway association, as it only yields the final pathway association p-value with-
out detailed gene-level analysis. To obtain specific gene-level signals, we must still rely on
results from Gene-wFisher and SNP-IVW.

Results
Simulation study designs

In our simulation study, we used simulated genotype data with realistic LD patterns from five
continental populations—African (AFR), American (AMR), East Asian (EAS), European
(EUR), and South Asian (SAS). This data, comprising approximately 19.2 million SNPs for
120,000 individuals per population [41], was generated in alignment with the 1000 Genomes
Project [43]. These simulated subjects served as the source population for each ancestry group
under consideration. Our analysis focused on a pathway involving 100 genes located on chro-
mosome 21, with the assumption that genotypes on SNPs from distinct genes are independent
within each study population.

We considered a pathway analysis consisting of five case-control studies, each drawn from
one of the five continental populations. We specified their sample sizes as follows: 4,000 from
AFR, 6,000 from AMR, 6,000 from EAS, 10,000 from EUR, and 4,000 from SAS, with an equal
number of cases and controls. Additionally, we extracted a reference set of 500 samples from
each population. Our simulations focused on relatively common SNPs, with minor allele fre-
quencies (MAF) exceeding 1%, within each population. It should be noted that SNP sets ana-
lyzed from each population are not identical, as an SNP considered common in one
population may be rare in another. Upon generating the genotypes for cases and controls, we
applied a standard logistic regression model to each SNP to derive summary statistics, which,
along with the reference samples, were used for the pathway analysis.

To assess the Type I error rate of all considered procedures, we randomly drew genotype
data from each continental population, assigning it to cases and controls within each case-con-
trol study. We generated and analyzed 10,000 replicates of these studies across five continental
populations, applying the designated pathway analysis procedures to their summary data.
Besides binary outcome, we also conducted similar simulation studies for a continuous out-
come, maintaining the same sample size configuration as used in the binary outcome simula-
tion study.

For the power evaluation, we considered a general binary disease model in our simulation
studies. For the I-th population, where / = 1 to 5 corresponds to AFR, AMR, EAS, EUR, and
SAS respectively, out of the 100 genes in the considered pathway, we hypothesized that the dis-
ease risk was modulated by a subset of 10 causal genes, indexed by R, each harboring a single
functional SNP. The disease risk model for I-th population was given as,

logit[Pr(Y = 1|G")] = o + Z ﬁ(l)g)ﬁl), (11)

fer®

where g}l) represents the genotype for the functional SNP within the causal gene feR?. In this
model, we assumed a consistent effect size, 8, for all functional SNPs within each population.
The intercept a” was calibrated to reflect a low disease prevalence in the I-th population.

We evaluated the power of our proposed methods across four risk model settings: one
Common Risk Model and three Distinct Risk Models 1, 2, and 3.
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Under the Common Risk Model setting, we assumed all five continental populations
shared the same disease risk model. Specifically, this entailed an identical set of causal genes
(i.e., RO = {1,2,...,10}] = 1,...5), the same functional SNPs centrally located within each of
these causal genes, and a uniform effect size (ﬁ(l) =0.06,l = 1,...5), applied across the five
populations.

In each of the three Distinct Risk Model settings, every study population followed its unique
disease risk model. In Distinct Risk Model 1, the risk models for the five populations shared the
same set of causal genes and the same set of functional SNPs, yet they exhibited varied effect sizes,
with 8 = -0.084, -0.06, -0.06, 0.06, and 0.084 for [ = 1,. . .,5, respectively. In Distinct Risk Model
2, while five risk models shared the same set of causal genes, they had different functional SNPs
in each causal gene, maintaining the same effect size configuration as in Distinct Risk Model 1.
Lastly, Distinct Risk Model 3 introduced a unique set of causal genes for each population
(RY ={1,2,...,10},R? = {6,7,...,13},R® = {7,8,...,16},RY = {10,11,...,19},
and R® = {13,14,.. .,22}). In this model, even when populations shared a causal gene, they had
different functional SNPs within that gene, with effect sizes following the same configuration as
in Distinct Risk Model 1. Settings under Distinct Risk Models 1 and 2 adhered to the TAGC
assumption, as they utilized the same set of functional genes across each population. However,
Distinct Risk Model 3 deviated from the TAGC assumption by introducing a partially overlap-
ping set of causal genes, where each population had some unique genes but also shared some
with others.

To evaluate the power of the proposed methods under each of the four settings, we simu-
lated 2000 datasets for pathway analysis. Each dataset included five case-control studies, one
from each continental population, with the previously mentioned sample sizes. Genotypes for
each gene within these studies were generated using the algorithm given by [29], using the sim-
ulated genome data provided by [41]. Within each setting, we examined two distinct scenarios:
the first assumed that genotypes at the functional SNPs were measured and available for analy-
sis, while the second, more realistic scenario, dealt with situations where genotypes at these
functional SNPs were inaccessible, either because they were not measured or were excluded
during LD filtering processes.

Furthermore, we conducted two additional series of simulation studies under the four pre-
viously described risk models, with some modifications to ensure that the power of the proce-
dures remained within a reasonable range. These simulations considered a pathway
comprising 100 genes, including either 20 or 40 causal genes, in contrast to the initial set of 10
causal genes, as detailed in S1 Text.

Simulation results

In Table 1, we show the performance of various procedures at the nominal Type I error rate of
0.05, for both the binary and continuous outcome. These findings confirm that all procedures
properly maintain their Type I errors.

Fig 2 presents power comparison results within the setting featuring 10 causal genes within
the considered pathway. Under the Common Risk Model, where genotypes at functional SNPs
are accessible, Fig 2 shows that the SNP-centric approach, SNP-IVW, significantly outper-
forms other gene-centric and SNP-centric methods. This superiority is expected as SNP-IVW
employs summary statistics from various ancestry-specific populations through the inverse
variance-weighted method, which is optimal when SNP effect sizes are consistent across popu-
lations. Moreover, even when genotypes at functional SNPs are unavailable, SNP-IVW main-
tains its efficacy. Notably, under the Common Risk Model, the composite test ACAT-IVW-
wFisher achieves performance comparable to SNP-IVW in both scenarios.
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Table 1. Assessment of Type I error rates across pathway analysis procedures using 10,000 simulated datasets.

Binary Outcome Continuous Outcome

Method alpha = 0.05 alpha = 0.01 alpha = 0.05 alpha = 0.01
Path-AFR 0.047 0.010 0.051 0.010
Path-AMR 0.043 0.009 0.052 0.011
Path-EAS 0.047 0.009 0.050 0.009
Path-EUR 0.049 0.009 0.048 0.009
Path-SAS 0.044 0.009 0.053 0.011
Path-joint 0.046 0.009 0.049 0.010
Gene-wFisher 0.045 0.009 0.052 0.010
Gene-minP 0.048 0.009 0.050 0.011
SNP-wFisher 0.049 0.010 0.055 0.010
SNP-max 0.046 0.010 0.051 0.011
SNP-IVW 0.046 0.009 0.052 0.012
ACAT-IVW-wFisher 0.049 0.009 0.056 0.012

Note: Path-AFR, Path-AMR, Path-EAS, Path-EUR, and Path-SAS refer to single-ancestry (SA) pathway analyses of African, American, East Asian, European, and South
Asian GWAS, respectively. Path-joint represents a meta-analysis of SA-pathway analysis results. Gene-wFisher and Gene-minP are gene-centric trans-ancestry (TA)
pathway analyses utilizing the weighted Fisher’s method and the minimum p-value approach, respectively. SNP-centric TA-pathway analyses are represented by SNP-
wFisher, SNP-max, and SNP-IVW, which are based on the weighted Fisher’s method, the maximum of absolute z-score values, and the inverse variance weighting

method, respectively. ACAT-IVW-wFisher is a composite test that combines results from SNP-IVW and Gene-wFisher.

https://doi.org/10.1371/journal.pgen.1011322.t001

Across the three Distinct Risk Model settings, Gene-wFisher and ACAT-IVW-wFisher con-
sistently demonstrate robust performance, particularly when genotypes at functional SNPs are
unavailable. In Distinct Risk Model 1, SNP-wFisher demonstrates similar performance to
Gene-wFisher when genotypes for shared functional SNPs are available. However, in scenarios
where genotypes are not accessible—and in Distinct Risk Models 2 and 3, which involve differ-
ent sets of functional SNPs—SNP-wFisher’s performance noticeably lags behind that of Gene-
wFisher and ACAT-IVW-wFisher. In Distinct Risk Model 3, where the TGAC assumption is
violated due to partially overlapping sets of functional genes between populations, Gene-
wFisher and ACAT-IVW-wFisher show a slightly advantage over Path-joint.

To evaluate the impact of unequal case-to-control ratios on statistical power, we conducted
a new set of simulations with different case and control sizes across each ancestry population.
Specifically, the number of cases was set to 1,100 for AFR and SAS, 1,650 for AMR and EAS,
and 5,000 for EUR. For each population, the number of controls was set to ten times the num-
ber of cases, except for EUR, where the control size matched the case size. As shown in Fig A
in S1 Text, the observed power levels of all methods are similar to those in Fig 2, where each
GWAS had an equal number of cases and controls. This similarity was anticipated, as both sets
of GWAS for each ancestry population had the same effective sample size, calculated as four
times the harmonic mean of the number of cases and the number of controls. It is well-estab-
lished that in a simple logistic regression model with a single risk factor, the power to detect
the factor—assuming a constant effect size—is directly proportional to the effective sample
size. Our findings confirm that this principle holds true in more complex pathway analyses,
reinforcing the importance of effective sample size as a critical determinant of statistical
power.

Simulation results for pathways containing 20 and 40 causal genes are presented in Figs B
and C in S1 Text. These results support similar conclusions to those drawn from the pathway
with 10 causal genes. In summary, our simulation studies have demonstrated that the efficacy
of pathway analysis methods is heavily influenced by the inherent risk models present across
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Fig 2. Power comparisons for pathway analyses of a 100-gene pathway with 10 causal genes and a 1:1 case-control ratio. Power is estimated from 2,000
replicates at a type I error rate of 0.05. Detailed method descriptions can be found in the footnotes of Table 1.

https://doi.org/10.1371/journal.pgen.1011322.9002

various populations. In practical settings, where the complete measurement of genotypes
for functional SNPs may not be feasible, and considering the diversity in risk models across
populations, we recommend the combined use of Gene-wFisher and SNP-IVW methods to
address a wide range of practical scenarios effectively. Additionally, we advocate for the use
of the composite test, ACAT-IVW-wFisher, as a formal method to integrate the strengths
of both approaches, thereby enhancing the robustness and comprehensiveness of the
analysis.
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Real data analysis

We performed pathway analyses on multi-ancestry GWAS summary data for schizophrenia
[45]. The GWAS summary data was accessed from the Psychiatric Genomics Consortium
(PGC) website, comprising 53,386 cases and 77,258 controls of European ancestry, 14,004
cases and 16,757 controls of East Asian ancestry, and 6,152 cases and 3,918 controls of African
ancestry. Reference genomes from the 1000 Genomes Project included 503 European, 504 East
Asian, and 661 African samples. To uncover novel signals and avoid results being dominated
by well-established loci, from each GWAS, we excluded SNPs with genome-wide significant p-
values (i.e., p-value less than 5x10~%), as well as their neighboring SNPs within a 500 kb radius.
Additionally, we adjusted for population stratification by rescaling the variance of the coeffi-
cient estimates using the inflation factor A. The values for A were 1.7 for Euroepan, 1.2 for East
Asian, and 1.04 for African GWAS, respectively.

Our analysis encompassed a total of 6,970 pathways from the C2 curated gene sets in the
Molecular Signatures Database (MsigDB) [46], which includes 1,632 REACTOME pathways
[47]. After filtering and merging with the schizophrenia GWAS data, the median number of
genes in a pathway is 27, and the 75th percentile is 61. We limited our analysis to pathways
containing fewer than 500 genes. The results of the pathway analysis across all methods are
summarized in S1 Table. For each method, we applied a global significance threshold of
7.17x107%, as determined by the Bonferroni correction for multiple testing. For each SA-G-
WAS, we performed pathway analysis using ARTP, identifying 55 significant pathways in the
European GWAS (Path-EUR), 11 in the East Asian GWAS (Path-EAS), and none in the Afri-
can GWAS (Path-AFR). As expected, the number of significant pathways detected correlated
with the effective sample size of each SA-GWAS.

In the TA-pathway analysis, various procedures yielded highly consistent results when
comparing the log-transformed p-values. For instance, the Pearson correlation coefficients for
these log p-values were 0.95 between Gene-wFisher and Path-joint, 0.92 between Gene-
wFisher and SNP-IVW, and 0.89 between Path-joint and SNP-IVW. However, due to differ-
ences in their statistical power, these methods identified varying numbers of significant path-
ways. The SNP-centric method, SNP-IVW, detected 179 significant pathways, while the gene-
centric approach, Gene-wFisher, identified 207 significant pathways. The pathway-centric
approach, Path-joint, found 125 significant pathways. Notably, ACAT-IVW-wFisher, which
integrates the strengths of both SNP-centric and gene-centric approaches, identified 214 sig-
nificant pathways, slightly outperforming Gene-wFisher (214 vs. 207).

In Fig 3, we illustrate the interrelationships among the sets of significant pathways identi-
fied by five pathway analysis approaches (Path-EAS, Path-EUR, Gene-wFisher, SNP-IVW, and
Path-joint) using a Venn diagram. Notably, the Gene-wFisher and SNP-IVW methods com-
plement each other, each identifying over 40 unique pathways not detected by the other. Com-
bined, these two methods identified 247 unique pathways, encompassing all 214 pathways
detected by ACAT-IVW-wFisher. Additionally, among the 125 significant pathways uncov-
ered by Path-joint, 120 are also identified by Gene-wFisher.

To facilitate interpretation, we concentrated on significant pathways within the REAC-
TOME database. We identified 37 significant REACTOME pathways using either the Gene-
wFisher or SNP-IVW methods (Figs D-AN in S1 Text). The heatmap for the 33 pathways iden-
tified by Gene-wFisher is shown in Fig 4. In this heatmap, rows represent pathways ordered by
their p-values as provided by Gene-wFisher, while columns represent genes that are included
in at least one of these significant pathways and have gene-level p-values less than 0.005. S2
and S3 Tables list the pathways and genes shown in Fig 4. Similarly, the heatmap for the 23
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the footnotes of Table 1.
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significant pathways detected by SNP-IVW is shown in Fig AO in S1 Text, with corresponding
pathways and genes detailed in 54 and S5 Tables.

Among these 37 pathways, ten are associated with the Signal Transduction group as defined
by REACTOME. This group is crucial for enabling cells to perceive and respond to internal
and external stimuli, facilitating communication within and between cells. An example of
these pathways is the Rho GTPase cycle pathway (Fig AF in S1 Text), which includes genes
essential for the regulation and activation of Rho GTPases. Studies have demonstrated that
Rho GTPases play critical roles in neuronal development, structural plasticity, and cytoskeletal
dynamics—processes that are frequently disrupted in schizophrenia. Importantly, several
genetic variants in the Rho GTPase cycle pathway are significantly associated with schizophre-
nia, and experimental models have shown that mice carrying mutations in genes such as Arh-
gap10 from this pathway exhibit cognitive deficits and morphological abnormalities relevant
to schizophrenia [48,49].

Furthermore, nine significant pathways belong to the REACTOME top-level groups:
Metabolism, Metabolism of Protein, and Metabolism of RNA. These groups are crucial for the
synthesis, modification, and breakdown of vital biomolecules necessary for cellular growth,
maintenance, and energy production. Lipid metabolism abnormalities in schizophrenia and
other neuropsychiatric disorders have emerged as a mechanism contributing to disease risk
[50]. For instance, a concerted synaptic neuron and astrocyte program (SNAP) decline involv-
ing abnormal cholesterol synthesis has recently been implicated in aging and schizophrenia
[51]. One of the nine detected pathways is the metabolism of carbohydrate pathway (Fig W in
S1 Text), which comprises genes encoding enzymes essential for complex carbohydrate meta-
bolic processes. Evidence suggests a strong link between schizophrenia and carbohydrate
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Fig 4. Heatmap of gene-level p-values for selected genes across 33 significant REACTOME pathways associated with schizophrenia detected by the Gene-
wFisher method. This heatmap displays gene-level p-values for 115 unique genes, as detailed in S3 Table, across 33 significant REACTOME pathways listed in
S2 Table. Each gene, with a p-value below 0.005 as estimated by the Gene-wFisher method, is featured on the x-axis, while pathways are displayed on the y-axis,
organized by their respective p-values. Each row in the heatmap corresponds to one significant pathway, with color intensity of each cell reflecting the gene-
level p-value on a -log; scale. Cells for genes not included in a pathway are shaded blue.

https://doi.org/10.1371/journal.pgen.1011322.9g004

metabolism [52]. This connection likely stems from imbalances between oxidative and antioxi-
dant processes that impair the brain’s energy production capacity, contributing to early schizo-
phrenia symptoms. The pivotal role of carbohydrate metabolism dysregulation in
schizophrenia’s pathophysiology is further supported by a study showing altered metabolite
levels linked to lipid and energy metabolism in patients with schizophrenia [53].

Additionally, six pathways within the Cell Cycle group were identified. This group encom-
passes REACTOME pathways critical for cell progression through various phases of the cell
cycle, including G1, S, G2, and M. Noteworthy among these is the Cell Cycle Checkpoints
pathway, which comprises a network of 243 genes responsible for monitoring and regulating
the cell cycle at specific checkpoints (Fig I in S1 Text). A search through the Schizophrenia
Gene Resource (SZGR 2.0) database [54] revealed that more than 68 of these genes are listed,
indicating a notable enrichment of schizophrenia-relevant genes in this pathway.

Other significant pathways fall under REACTOME’s top-level groups such as Chromatin
Organization, Immune System, and Neuronal System. For example, the chromatin-modifying
enzymes pathway (Fig L in S1 Text), crucial for epigenetic alterations particularly in histone
methylation, has been linked to schizophrenia through dysfunctions in enzymes like histone
methyltransferases and demethylases. These disturbances have been significantly associated
with the disease in multiple GWAS analyses, highlighting their role in its development and
progression [55-58]. Moreover, the antigen processing ubiquitination proteasome degrada-
tion pathway (Fig D in S1 Text), an essential component of the ubiquitin-proteasome system,
plays a key role in the targeted degradation of proteins. Research has shown that antipsychotic
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medications modulate the expression of specific proteins within this pathway, such as
PSMD12, UBFD1, and COPS8. Disruptions in this system can lead to the accumulation of
damaged or dysfunctional proteins, contributing to the pathogenesis of schizophrenia [59].

In the analyses described above, we assigned SNPs to their respective genes if they were
within 50 kb of the gene boundary. However, this distance-based SNP-gene assignment strat-
egy may not capture certain SNPs that influence gene expression from more than 50 kb away.
To address this limitation, we employed an alternative SNP-gene assignment strategy that
leverages tissue-specific genotype-expression relationships [60].

For our schizophrenia study, we utilized pre-established genotype-expression models
derived from GWAS and cortex-specific gene expression data from the Genotype-Tissue
Expression (GTEx) project [61]. Given the limited availability of cortex tissue samples
(n = 205), the database provided only 6073 genes whose expression could be reliably predicted
by their respective sets of SNPs, each with heritability estimate p-values below 0.01. These gene
expression-based SNP-gene assignments were then incorporated into our pathway analysis
procedures, enabling a focused reevaluation of each pathway based solely on the 6073 identi-
fied genes.

This alternative approach proved less effective than the distance-based strategy. For
instance, the ACAT-IVW-wFisher method identified 214 significant pathways using the dis-
tance-based rule, but only 64 pathways (with 30 overlapping) under the gene expression-based
assignment rule. Similarly, SNP-IVW identified 179 versus 71 pathways, and Gene-wFisher
identified 207 versus 38 pathways using the two different assignment rules. Detailed results are
available in S6 Table. The primary limitation is the restricted set of genes available for pathway
analysis, which may become more impactful as more data from the cortex becomes available.

Discussion

We have developed a comprehensive framework for conducting pathway analysis using sum-
mary data from multi-ancestry GWAS. Within this framework, we evaluated various TA-path-
way analysis strategies, including SNP-centric, gene-centric, and pathway-centric approaches.
Through extensive simulation studies, we found that, within the SNP-centric approaches,
SNP-IVW, and within the gene-centric approaches, Gene-wFisher, are particularly effective at
detecting pathway associations under certain conditions. The composite approach, ACA-
T-IVW-wFisher, which integrates results from SNP-IVW and Gene-wFisher, demonstrates
the most robust performance across a wide range of underlying phenotype models where the
TAGC assumption holds or is partially met. We applied these new procedures to analyze
multi-ancestry GWAS data on schizophrenia, detecting significantly more pathways than tra-
ditional methods.

Our analysis identified 37 significant REACTOME pathways associated with schizophrenia.
Among these, ten pathways involve signal transduction, essential for cells to respond to envi-
ronmental changes through internal and intercellular signaling. Nine pathways belong to the
metabolism process, crucial for synthesizing, modifying, and breaking down vital biomole-
cules necessary for cellular functions and energy production. Additionally, six pathways per-
tain to the cell cycle, which is integral for the proper progression and division of cells. We also
identified significant pathways related to chromatin organization and the immune and neuro-
nal systems. As discussed in the Real Data Analysis Section, a number of those pathways are
supported by additional evidence linking them to schizophrenia. Beyond those REACTOME
pathways, our analysis also detected over 100 other pathways from various sources, including
those from KEGG. Notably, the KEGG Axon Guidance Pathway (p-value = 2.25x10™” by
ACAT-IVW-wFisher), critical for neuron development and synaptic function, is pivotal in
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understanding schizophrenia pathology. These findings enhance our understanding of the
biological underpinnings of schizophrenia.

While the proposed TA-pathway analysis methods are tailored for scenarios where the
TAGC assumption is generally valid, as evidenced in the Distinct Risk Model 3 setting, both
ACAT-IVW-wFisher and Gene-wFisher remain effective even when this assumption is not
fully met. In extreme cases, such as when no overlapping causal genes exist across different
ancestry groups, the pathway-centric method, Path-joint, appears to be more appropriate. For
instance, in a simulation resembling Distinct Risk Model 3 but with completely distinct gene
sets for each population, Path-joint slightly outperformed ACAT-IVW-wFisher. Although it is
feasible to further enhance the composite test by incorporating results from Path-joint, along
with those from SNP-IVW and Gene-wFisher for even more robust performance, we believe
such modifications are generally unnecessary given the overall reliability of the TAGC assump-
tion in typical applications.

Our procedures are nonparametric in nature, as they do not rely on any underlying
model for the trait under study. On the other hand, the linear mixed model has become a
widely adopted tool for modeling the collective effects of genetic variants on complex traits.
This model has been extended to jointly model the polygenic effects across multi-ancestry
populations, establishing a foundation for trans-ancestry single-SNP analysis. Moreover, it
provides a mechanism to enhance single-ancestry single-SNP analysis in underrepresented
populations (e.g., South Asian) by leveraging large-scale GWAS data from well-studied
ancestry populations (e.g., European). The linear mixed model framework is also suitable
for developing TA-pathway analysis procedures. However, this transition to a model-based
approach introduces several unknown parameters, most critically the variance-covariance
matrix of SNP effect sizes across different populations. These matrices are typically assumed
to be consistent or to exhibit a local structure. The success of TA-pathway analysis proce-
dures that utilize this model hinges on the precise estimation of these parameters. There-
fore, further investigations are crucial to assess the robustness of such parametric
procedures in pathway analysis settings, focusing on their sensitivity to the underlying
model assumptions and errors in parameter estimation, and examining how these factors
affect their performance across diverse genetic backgrounds.

In our TA-pathway analysis, we utilize testing statistics designed for the self-contained null
hypothesis. Another commonly used null hypothesis is the competitive null hypothesis, which
asserts that genes within the pathway are no more associated with the outcome than those out-
side it. The choice of the most appropriate null hypothesis for genomic studies remains a sub-
ject of debate [62-64]. Recently, a novel null hypothesis was proposed that integrates the self-
contained and competitive hypotheses. This unified hypothesis stipulates that the proportion
of truly associated genes within a pathway must be less than a certain threshold, ¢, which can
be determined post hoc [65]. Given the merits of different null hypotheses, it would be advan-
tageous to develop TA-pathway analysis procedures tailored to each hypothesis and assess the
performance of SNP-centric, gene-centric, and pathway-centric strategies within these varied
frameworks. This area represents a promising direction for future research.

In summary, we have developed a suite of flexible procedures for TA-pathway analysis.
Building upon the original ARTP2, which was designed for SA-pathway analysis, we have
expanded its capabilities to include these new procedures. The upgraded package, now called
ARTP3, supports both SA-pathway and TA-pathway analyses through a user-friendly inter-
face. As multi-ancestry GWAS data become increasingly available, we anticipate that ARTP3
will prove to be an invaluable tool for exploiting data from diverse populations to identify
pathways that contribute to disease susceptibility.

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1011322  October 23, 2024 17/22


https://doi.org/10.1371/journal.pgen.1011322

PLOS GENETICS

Trans-ancestry pathway analysis framework for GWAS data from diverse populations

Supporting information

S1 Text. Supplementary notes and figures.
(DOCX)

S1 Table. Results of pathway analyses across 6,970 pathways.
(XLS)

S2 Table. Thirty-three significant REACTOME pathways identified by the Gene-wFisher
method.
(XLS)

§3 Table. One hundred fifteen genes with gene-level P-values below 0.005 in the thirty-
three significant REACTOME pathways identified by the Gene-wFisher method.
(XLS)

$4 Table. Twenty-three significant REACTOME pathways identified by the SNP-IVW method.
(XLS)

S5 Table. Ninety-one genes with gene-level P-values below 0.005 in twenty-three signifi-
cant REACTOME pathways identified by the SNP-IVW method.
(XLS)

S6 Table. Results of pathway analyses across 6,476 pathways using SNP-gene assignments
derived from GTEx gene expression models.
(XLS)

Author Contributions

Conceptualization: Kai Yu.

Data curation: Xiaoyu Wang, Xing Hua, Jubao Duan, Kai Yu.

Formal analysis: Sheng Fu, Xiaoyu Wang, Xing Hua, Devika Godbole, Kai Yu.
Investigation: Sheng Fu, Bin Zhu, Haoyu Zhang, Jianxin Shi, Kai Yu.

Methodology: Sheng Fu, William Wheeler, Jubao Duan, Bin Zhu, Lu Deng, Fei Qin, Haoyu
Zhang, Jianxin Shi, Kai Yu.

Project administration: Kai Yu.

Resources: Jubao Duan, Haoyu Zhang, Jianxin Shi, Kai Yu.

Software: Sheng Fu, William Wheeler, Xiaoyu Wang, Xing Hua, Devika Godbole.
Supervision: Kai Yu.

Validation: Sheng Fu, Xiaoyu Wang, Xing Hua, Kai Yu.

Visualization: Sheng Fu, Xiaoyu Wang, Devika Godbole, Kai Yu.

Writing - original draft: Sheng Fu, Kai Yu.

Writing - review & editing: Sheng Fu, William Wheeler, Xiaoyu Wang, Xing Hua, Devika
Godbole, Jubao Duan, Bin Zhu, Lu Deng, Fei Qin, Haoyu Zhang, Jianxin Shi, Kai Yu.

References

1. MacArthur J, Bowler E, Cerezo M, Gil L, Hall P, Hastings E, et al. The new NHGRI-EBI Catalog of pub-
lished genome-wide association studies (GWAS Catalog). Nucleic Acids Res. 2017; 45(D1):D896—

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1011322  October 23, 2024 18/22


http://journals.plos.org/plosgenetics/article/asset?unique&id=info:doi/10.1371/journal.pgen.1011322.s001
http://journals.plos.org/plosgenetics/article/asset?unique&id=info:doi/10.1371/journal.pgen.1011322.s002
http://journals.plos.org/plosgenetics/article/asset?unique&id=info:doi/10.1371/journal.pgen.1011322.s003
http://journals.plos.org/plosgenetics/article/asset?unique&id=info:doi/10.1371/journal.pgen.1011322.s004
http://journals.plos.org/plosgenetics/article/asset?unique&id=info:doi/10.1371/journal.pgen.1011322.s005
http://journals.plos.org/plosgenetics/article/asset?unique&id=info:doi/10.1371/journal.pgen.1011322.s006
http://journals.plos.org/plosgenetics/article/asset?unique&id=info:doi/10.1371/journal.pgen.1011322.s007
https://doi.org/10.1371/journal.pgen.1011322

PLOS GENETICS

Trans-ancestry pathway analysis framework for GWAS data from diverse populations

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

D901. Epub 20161129. https://doi.org/10.1093/nar/gkw1133 PMID: 27899670; PubMed Central
PMCID: PMC5210590.

Visscher PM, Wray NR, Zhang Q, Sklar P, McCarthy MI, Brown MA, Yang J. 10 Years of GWAS Dis-
covery: Biology, Function, and Translation. Am J Hum Genet. 2017; 101(1):5-22. https://doi.org/10.
1016/j.ajhg.2017.06.005 PMID: 28686856; PubMed Central PMCID: PMC5501872.

Watanabe K, Stringer S, Frei O, Umicevic Mirkov M, de Leeuw C, Polderman TJC, et al. A global over-
view of pleiotropy and genetic architecture in complex traits. Nat Genet. 2019; 51(9):1339-48. Epub
20190819. https://doi.org/10.1038/s41588-019-0481-0 PMID: 31427789.

Abdellaoui A, Yengo L, Verweij KJH, Visscher PM. 15 years of GWAS discovery: Realizing the promise.
Am J Hum Genet. 2023; 110(2):179-94. Epub 20230111. https://doi.org/10.1016/j.ajhg.2022.12.011
PMID: 36634672; PubMed Central PMCID: PMC9943775.

Popejoy AB, Fullerton SM. Genomics is failing on diversity. Nature. 2016; 538(7624):161—4. https://doi.
org/10.1038/538161a PMID: 27734877; PubMed Central PMCID: PMC5089703.

Sirugo G, Williams SM, Tishkoff SA. The Missing Diversity in Human Genetic Studies. Cell. 2019; 177
(1):26-31. https://doi.org/10.1016/j.cell.2019.02.048 PMID: 30901543; PubMed Central PMCID:
PMC7380073.

Rosenberg NA, Huang L, Jewett EM, Szpiech ZA, Jankovic I, Boehnke M. Genome-wide association
studies in diverse populations. Nat Rev Genet. 2010; 11(5):356—66. https://doi.org/10.1038/nrg2760
PMID: 20395969; PubMed Central PMCID: PMC3079573.

Gurdasani D, Barroso |, Zeggini E, Sandhu MS. Genomics of disease risk in globally diverse popula-
tions. Nat Rev Genet. 2019; 20(9):520-35. Epub 20190624. https://doi.org/10.1038/s41576-019-0144-
0 PMID: 31235872.

Peterson RE, Kuchenbaecker K, Walters RK, Chen CY, Popejoy AB, Periyasamy S, et al. Genome-
wide Association Studies in Ancestrally Diverse Populations: Opportunities, Methods, Pitfalls, and Rec-
ommendations. Cell. 2019; 179(3):589-603. Epub 20191010. https://doi.org/10.1016/j.cell.2019.08.
051 PMID: 31607513; PubMed Central PMCID: PMC6939869.

Woijcik GL, Graff M, Nishimura KK, Tao R, Haessler J, Gignoux CR, et al. Genetic analyses of diverse
populations improves discovery for complex traits. Nature. 2019; 570(7762):514—8. Epub 20190619.
https://doi.org/10.1038/s41586-019-1310-4 PMID: 31217584; PubMed Central PMCID: PMC6785182.

Sakaue S, Kanai M, Tanigawa Y, Karjalainen J, Kurki M, Koshiba S, et al. A cross-population atlas of
genetic associations for 220 human phenotypes. Nat Genet. 2021; 53(10):1415-24. Epub 20210930.
https://doi.org/10.1038/s41588-021-00931-x PMID: 34594039.

Fatumo S, Chikowore T, Choudhury A, Ayub M, Martin AR, Kuchenbaecker K. A roadmap to increase
diversity in genomic studies. Nat Med. 2022; 28(2):243-50. Epub 20220210. https://doi.org/10.1038/
541591-021-01672-4 PMID: 35145307; PubMed Central PMCID: PMC7614889.

Morris AP. Transethnic meta-analysis of genomewide association studies. Genet Epidemiol. 2011; 35
(8):809—-22. https://doi.org/10.1002/gepi.20630 PMID: 22125221; PubMed Central PMCID:
PMC3460225.

Magi R, Horikoshi M, Sofer T, Mahajan A, Kitajima H, Franceschini N, et al. Trans-ethnic meta-regres-
sion of genome-wide association studies accounting for ancestry increases power for discovery and
improves fine-mapping resolution. Hum Mol Genet. 2017; 26(18):3639-50. https://doi.org/10.1093/
hmg/ddx280 PMID: 28911207; PubMed Central PMCID: PMC5755684.

Turley P, Martin AR, Goldstein G, Li H, Kanai M, Walters RK, et al. Multi-ancestry meta-analysis yields
novel genetic discoveries and ancestry-specific associations. bioRxiv. 2021.

Xiao J, Cai M, Yu X, Hu X, Chen G, Wan X, Yang C. Leveraging the local genetic structure for trans-
ancestry association mapping. Am J Hum Genet. 2022; 109(7):1317-37. Epub 20220616. https://doi.
org/10.1016/j.ajhg.2022.05.013 PMID: 35714612; PubMed Central PMCID: PMC9300880.

Shi H, Burch KS, Johnson R, Freund MK, Kichaev G, Mancuso N, et al. Localizing Components of
Shared Transethnic Genetic Architecture of Complex Traits from GWAS Summary Data. Am J Hum
Genet. 2020; 106(6):805—17. Epub 20200521. https://doi.org/10.1016/j.ajhg.2020.04.012 PMID:
32442408; PubMed Central PMCID: PMC7273527.

Sutton AJ, Higgins JP. Recent developments in meta-analysis. Stat Med. 2008; 27(5):625-50. https://
doi.org/10.1002/sim.2934 PMID: 17590884.

Han B, Eskin E. Random-effects model aimed at discovering associations in meta-analysis of genome-
wide association studies. Am J Hum Genet. 2011; 88(5):586-98. https://doi.org/10.1016/j.ajhg.2011.
04.014 PMID: 21565292; PubMed Central PMCID: PMC3146723.

Lee CH, Eskin E, Han B. Increasing the power of meta-analysis of genome-wide association studies to
detect heterogeneous effects. Bioinformatics. 2017; 33(14):i379—-i88. https://doi.org/10.1093/
bioinformatics/btx242 PMID: 28881976; PubMed Central PMCID: PMC5870848.

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1011322  October 23, 2024 19/22


https://doi.org/10.1093/nar/gkw1133
http://www.ncbi.nlm.nih.gov/pubmed/27899670
https://doi.org/10.1016/j.ajhg.2017.06.005
https://doi.org/10.1016/j.ajhg.2017.06.005
http://www.ncbi.nlm.nih.gov/pubmed/28686856
https://doi.org/10.1038/s41588-019-0481-0
http://www.ncbi.nlm.nih.gov/pubmed/31427789
https://doi.org/10.1016/j.ajhg.2022.12.011
http://www.ncbi.nlm.nih.gov/pubmed/36634672
https://doi.org/10.1038/538161a
https://doi.org/10.1038/538161a
http://www.ncbi.nlm.nih.gov/pubmed/27734877
https://doi.org/10.1016/j.cell.2019.02.048
http://www.ncbi.nlm.nih.gov/pubmed/30901543
https://doi.org/10.1038/nrg2760
http://www.ncbi.nlm.nih.gov/pubmed/20395969
https://doi.org/10.1038/s41576-019-0144-0
https://doi.org/10.1038/s41576-019-0144-0
http://www.ncbi.nlm.nih.gov/pubmed/31235872
https://doi.org/10.1016/j.cell.2019.08.051
https://doi.org/10.1016/j.cell.2019.08.051
http://www.ncbi.nlm.nih.gov/pubmed/31607513
https://doi.org/10.1038/s41586-019-1310-4
http://www.ncbi.nlm.nih.gov/pubmed/31217584
https://doi.org/10.1038/s41588-021-00931-x
http://www.ncbi.nlm.nih.gov/pubmed/34594039
https://doi.org/10.1038/s41591-021-01672-4
https://doi.org/10.1038/s41591-021-01672-4
http://www.ncbi.nlm.nih.gov/pubmed/35145307
https://doi.org/10.1002/gepi.20630
http://www.ncbi.nlm.nih.gov/pubmed/22125221
https://doi.org/10.1093/hmg/ddx280
https://doi.org/10.1093/hmg/ddx280
http://www.ncbi.nlm.nih.gov/pubmed/28911207
https://doi.org/10.1016/j.ajhg.2022.05.013
https://doi.org/10.1016/j.ajhg.2022.05.013
http://www.ncbi.nlm.nih.gov/pubmed/35714612
https://doi.org/10.1016/j.ajhg.2020.04.012
http://www.ncbi.nlm.nih.gov/pubmed/32442408
https://doi.org/10.1002/sim.2934
https://doi.org/10.1002/sim.2934
http://www.ncbi.nlm.nih.gov/pubmed/17590884
https://doi.org/10.1016/j.ajhg.2011.04.014
https://doi.org/10.1016/j.ajhg.2011.04.014
http://www.ncbi.nlm.nih.gov/pubmed/21565292
https://doi.org/10.1093/bioinformatics/btx242
https://doi.org/10.1093/bioinformatics/btx242
http://www.ncbi.nlm.nih.gov/pubmed/28881976
https://doi.org/10.1371/journal.pgen.1011322

PLOS GENETICS

Trans-ancestry pathway analysis framework for GWAS data from diverse populations

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Turley P, Walters RK, Maghzian O, Okbay A, Lee JJ, Fontana MA, et al. Multi-trait analysis of genome-
wide association summary statistics using MTAG. Nat Genet. 2018; 50(2):229-37. Epub 20180101.
https://doi.org/10.1038/s41588-017-0009-4 PMID: 29292387; PubMed Central PMCID: PMC5805593.

Sun R, Hui S, Bader GD, Lin X, Kraft P. Powerful gene set analysis in GWAS with the Generalized
Berk-Jones statistic. PLoS Genet. 2019; 15(3):e1007530. Epub 20190315. https://doi.org/10.1371/
journal.pgen.1007530 PMID: 30875371; PubMed Central PMCID: PMC6436759.

Yoon S, Nguyen HCT, Yoo YJ, Kim J, Baik B, Kim S, et al. Efficient pathway enrichment and network
analysis of GWAS summary data using GSA-SNP2. Nucleic Acids Res. 2018; 46(10):e60. https:/doi.
org/10.1093/nar/gky175 PMID: 29562348; PubMed Central PMCID: PMC6007455.

Zhang H, Wheeler W, Hyland PL, Yang Y, Shi J, Chatterjee N, Yu K. A Powerful Procedure for Path-
way-Based Meta-analysis Using Summary Statistics Identifies 43 Pathways Associated with Type ||

Diabetes in European Populations. PLoS Genet. 2016; 12(6):e1006122. Epub 20160630. https://doi.
org/10.1371/journal.pgen.1006122 PMID: 27362418; PubMed Central PMCID: PMC4928884.

de Leeuw CA, Neale BM, Heskes T, Posthuma D. The statistical properties of gene-set analysis. Nat
Rev Genet. 2016; 17(6):353—64. https://doi.org/10.1038/nrg.2016.29 PMID: 27070863.

Pan W, Kwak IY, Wei P. A Powerful Pathway-Based Adaptive Test for Genetic Association with Com-
mon or Rare Variants. Am J Hum Genet. 2015; 97(1):86—98. Epub 20150625. https://doi.org/10.1016/j.
ajhg.2015.05.018 PMID: 26119817; PubMed Central PMCID: PMC4572508.

de Leeuw CA, Mooij JM, Heskes T, Posthuma D. MAGMA: generalized gene-set analysis of GWAS
data. PLoS Comput Biol. 2015; 11(4):e1004219. Epub 20150417. https://doi.org/10.1371/journal.pcbi.
1004219 PMID: 25885710; PubMed Central PMCID: PMC4401657.

Wang K, Li M, Hakonarson H. Analysing biological pathways in genome-wide association studies. Nat
Rev Genet. 2010; 11(12):843-54. https://doi.org/10.1038/nrg2884 PMID: 21085203.

YuK, Li Q, Bergen AW, Pfeiffer RM, Rosenberg PS, Caporaso N, et al. Pathway analysis by adaptive
combination of P-values. Genet Epidemiol. 2009; 33(8):700-9. https://doi.org/10.1002/gepi.20422
PMID: 19333968; PubMed Central PMCID: PMC2790032.

Wang K, Li M, Bucan M. Pathway-based approaches for analysis of genomewide association studies.
Am J Hum Genet. 2007; 81(6):1278-83. https://doi.org/10.1086/522374 PMID: 17966091; PubMed
Central PMCID: PMC2276352.

loannidis JP, Ntzani EE, Trikalinos TA. 'Racial’ differences in genetic effects for complex diseases. Nat
Genet. 2004; 36(12):1312-8. Epub 20041114. https://doi.org/10.1038/ng1474 PMID: 15543147.

Marigorta UM, Navarro A. High trans-ethnic replicability of GWAS results implies common causal vari-
ants. PLoS Genet. 2013; 9(6):e1003566. Epub 20130613. https://doi.org/10.1371/journal.pgen.
1003566 PMID: 23785302; PubMed Central PMCID: PMC3681663.

Guo J, Bakshi A, Wang Y, Jiang L, Yengo L, Goddard ME, et al. Quantifying genetic heterogeneity
between continental populations for human height and body mass index. Sci Rep. 2021; 11(1):5240.
Epub 20210304. https://doi.org/10.1038/s41598-021-84739-z PMID: 33664403; PubMed Central
PMCID: PMC7933291.

LaPierre N, Taraszka K, Huang H, He R, Hormozdiari F, Eskin E. Identifying causal variants by fine
mapping across multiple studies. PLoS Genet. 2021; 17(9):€1009733. Epub 20210920. https://doi.org/
10.1371/journal.pgen.1009733 PMID: 34543273; PubMed Central PMCID: PMC8491908.

LuZ, Gopalan S, Yuan D, Conti DV, Pasaniuc B, Gusev A, Mancuso N. Multi-ancestry fine-mapping
improves precision to identify causal genes in transcriptome-wide association studies. Am J Hum
Genet. 2022; 109(8):1388-404. https://doi.org/10.1016/j.ajhg.2022.07.002 PMID: 35931050; PubMed
Central PMCID: PMC9388396.

Yuan K, Longchamps RJ, Pardinas AF, Yu M, Chen TT, Lin SC, et al. Fine-mapping across diverse
ancestries drives the discovery of putative causal variants underlying human complex traits and dis-
eases. medRxiv. 2023. Epub 20230709. https://doi.org/10.1101/2023.01.07.23284293 PMID:
36711496; PubMed Central PMCID: PMC9882563.

Gao B, Zhou X. MESUSIE enables scalable and powerful multi-ancestry fine-mapping of causal variants
in genome-wide association studies. Nat Genet. 2024; 56(1):170-9. Epub 20240102. https://doi.org/10.
1038/541588-023-01604-7 PMID: 38168930.

Defo J, Awany D, Ramesar R. From SNP to pathway-based GWAS meta-analysis: do current meta-
analysis approaches resolve power and replication in genetic association studies? Brief Bioinform.
2023; 24(1). https://doi.org/10.1093/bib/bbac600 PMID: 36611240.

Zhu X, Stephens M. Large-scale genome-wide enrichment analyses identify new trait-associated
genes and pathways across 31 human phenotypes. Nat Commun. 2018; 9(1):4361. Epub 20181019.
https://doi.org/10.1038/s41467-018-06805-x PMID: 30341297; PubMed Central PMCID:
PMC6195536.

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1011322  October 23, 2024 20/22


https://doi.org/10.1038/s41588-017-0009-4
http://www.ncbi.nlm.nih.gov/pubmed/29292387
https://doi.org/10.1371/journal.pgen.1007530
https://doi.org/10.1371/journal.pgen.1007530
http://www.ncbi.nlm.nih.gov/pubmed/30875371
https://doi.org/10.1093/nar/gky175
https://doi.org/10.1093/nar/gky175
http://www.ncbi.nlm.nih.gov/pubmed/29562348
https://doi.org/10.1371/journal.pgen.1006122
https://doi.org/10.1371/journal.pgen.1006122
http://www.ncbi.nlm.nih.gov/pubmed/27362418
https://doi.org/10.1038/nrg.2016.29
http://www.ncbi.nlm.nih.gov/pubmed/27070863
https://doi.org/10.1016/j.ajhg.2015.05.018
https://doi.org/10.1016/j.ajhg.2015.05.018
http://www.ncbi.nlm.nih.gov/pubmed/26119817
https://doi.org/10.1371/journal.pcbi.1004219
https://doi.org/10.1371/journal.pcbi.1004219
http://www.ncbi.nlm.nih.gov/pubmed/25885710
https://doi.org/10.1038/nrg2884
http://www.ncbi.nlm.nih.gov/pubmed/21085203
https://doi.org/10.1002/gepi.20422
http://www.ncbi.nlm.nih.gov/pubmed/19333968
https://doi.org/10.1086/522374
http://www.ncbi.nlm.nih.gov/pubmed/17966091
https://doi.org/10.1038/ng1474
http://www.ncbi.nlm.nih.gov/pubmed/15543147
https://doi.org/10.1371/journal.pgen.1003566
https://doi.org/10.1371/journal.pgen.1003566
http://www.ncbi.nlm.nih.gov/pubmed/23785302
https://doi.org/10.1038/s41598-021-84739-z
http://www.ncbi.nlm.nih.gov/pubmed/33664403
https://doi.org/10.1371/journal.pgen.1009733
https://doi.org/10.1371/journal.pgen.1009733
http://www.ncbi.nlm.nih.gov/pubmed/34543273
https://doi.org/10.1016/j.ajhg.2022.07.002
http://www.ncbi.nlm.nih.gov/pubmed/35931050
https://doi.org/10.1101/2023.01.07.23284293
http://www.ncbi.nlm.nih.gov/pubmed/36711496
https://doi.org/10.1038/s41588-023-01604-7
https://doi.org/10.1038/s41588-023-01604-7
http://www.ncbi.nlm.nih.gov/pubmed/38168930
https://doi.org/10.1093/bib/bbac600
http://www.ncbi.nlm.nih.gov/pubmed/36611240
https://doi.org/10.1038/s41467-018-06805-x
http://www.ncbi.nlm.nih.gov/pubmed/30341297
https://doi.org/10.1371/journal.pgen.1011322

PLOS GENETICS

Trans-ancestry pathway analysis framework for GWAS data from diverse populations

40.

41.

42,

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Hu YJ, Berndt SI, Gustafsson S, Ganna A, Genetic Investigation of ATC, Hirschhorn J, et al. Meta-anal-
ysis of gene-level associations for rare variants based on single-variant statistics. Am J Hum Genet.
2013; 93(2):236—48. Epub 20130725. https://doi.org/10.1016/j.ajhg.2013.06.011 PMID: 23891470;
PubMed Central PMCID: PMC3738834.

Zhang H, Zhan J, Jin J, Zhang J, Lu W, Zhao R, et al. A new method for multiancestry polygenic predic-
tion improves performance across diverse populations. Nat Genet. 2023; 55(10):1757—68. Epub
20230925. https://doi.org/10.1038/s41588-023-01501-z PMID: 37749244,

Yoon S, Baik B, Park T, Nam D. Powerful p-value combination methods to detect incomplete associa-
tion. Sci Rep. 2021; 11(1):6980. Epub 20210326. https://doi.org/10.1038/s41598-021-86465-y PMID:
33772054; PubMed Central PMCID: PMC7997958.

Genomes Project C, Auton A, Brooks LD, Durbin RM, Garrison EP, Kang HM, et al. A global reference
for human genetic variation. Nature. 2015; 526(7571):68—74. https://doi.org/10.1038/nature15393
PMID: 26432245; PubMed Central PMCID: PMC4750478.

LiuY, Chen S, Li Z, Morrison AC, Boerwinkle E, Lin X. ACAT: A Fast and Powerful p Value Combination
Method for Rare-Variant Analysis in Sequencing Studies. Am J Hum Genet. 2019; 104(3):410-21.
https://doi.org/10.1016/j.ajhg.2019.01.002 PMID: 30849328; PubMed Central PMCID: PMC6407498.

Trubetskoy V, Pardinas AF, Qi T, Panagiotaropoulou G, Awasthi S, Bigdeli TB, et al. Mapping genomic
loci implicates genes and synaptic biology in schizophrenia. Nature. 2022; 604(7906):502—8. Epub
20220408. https://doi.org/10.1038/s41586-022-04434-5 PMID: 35396580; PubMed Central PMCID:
PMC9392466.

Liberzon A, Subramanian A, Pinchback R, Thorvaldsdottir H, Tamayo P, Mesirov JP. Molecular signa-
tures database (MSigDB) 3.0. Bioinformatics. 2011; 27(12):1739—-40. Epub 20110505. https://doi.org/
10.1093/bioinformatics/btr260 PMID: 21546393; PubMed Central PMCID: PMC3106198.

Jassal B, Matthews L, Viteri G, Gong C, Lorente P, Fabregat A, et al. The reactome pathway knowl-
edgebase. Nucleic Acids Res. 2020; 48(D1):D498-D503. https://doi.org/10.1093/nar/gkz1031 PMID:
31691815; PubMed Central PMCID: PMC7145712.

Hada K, Wulaer B, Nagai T, ltoh N, Sawahata M, Sobue A, et al. Mice carrying a schizophrenia-associ-
ated mutation of the Arhgap10 gene are vulnerable to the effects of methamphetamine treatment on
cognitive function: association with morphological abnormalities in striatal neurons. Mol Brain. 2021; 14
(1):21. Epub 20210122. https://doi.org/10.1186/s13041-021-00735-4 PMID: 33482876; PubMed Cen-
tral PMCID: PMC7821731.

Tanaka R, Yamada K. Genomic and Reverse Translational Analysis Discloses a Role for Small
GTPase RhoA Signaling in the Pathogenesis of Schizophrenia: Rho-Kinase as a Novel Drug Target. Int
J Mol Sci. 2023; 24(21). Epub 20231026. https://doi.org/10.3390/ijms242115623 PMID: 37958606;
PubMed Central PMCID: PMC10648424.

Zhao X, Zhang S, Sanders AR, Duan J. Brain Lipids and Lipid Droplet Dysregulation in Alzheimer’s Dis-
ease and Neuropsychiatric Disorders. Complex Psychiatry. 2023; 9(1-4):154—71. Epub 20231109.
https://doi.org/10.1159/000535131 PMID: 38058955; PubMed Central PMCID: PMC10697751.

Ling E, Nemesh J, Goldman M, Kamitaki N, Reed N, Handsaker RE, et al. A concerted neuron-astro-
cyte program declines in ageing and schizophrenia. Nature. 2024; 627(8004):604—11. Epub 20240306.
https://doi.org/10.1038/s41586-024-07109-5 PMID: 38448582; PubMed Central PMCID:
PMC10954558.

Bryll A, Skrzypek J, Krzysciak W, Szelagowska M, Smierciak N, Kozicz T, Popiela T. Oxidative-Antioxi-
dant Imbalance and Impaired Glucose Metabolism in Schizophrenia. Biomolecules. 2020; 10(3). Epub
20200302. https://doi.org/10.3390/biom10030384 PMID: 32121669; PubMed Central PMCID:
PMC7175146.

Kopylov AT, Stepanov AA, Butkova TV, Malsagova KA, Zakharova NV, Kostyuk GP, et al. Consolida-
tion of metabolomic, proteomic, and GWAS data in connective model of schizophrenia. Sci Rep. 2023;
13(1):2139. Epub 20230206. https://doi.org/10.1038/s41598-023-29117-7 PMID: 36747015; PubMed
Central PMCID: PMC9901842.

Jia P, SunJ, Guo AY, Zhao Z. SZGR: a comprehensive schizophrenia gene resource. Mol Psychiatry.
2010; 15(5):453-62. https://doi.org/10.1038/mp.2009.93 PMID: 20424623; PubMed Central PMCID:
PMC2861797.

Akbarian S, Ruehl MG, Bliven E, Luiz LA, Peranelli AC, Baker SP, et al. Chromatin alterations associ-
ated with down-regulated metabolic gene expression in the prefrontal cortex of subjects with schizo-
phrenia. Arch Gen Psychiatry. 2005; 62(8):829—40. https://doi.org/10.1001/archpsyc.62.8.829 PMID:
16061760.

Focking M, Doyle B, Munawar N, Dillon ET, Cotter D, Cagney G. Epigenetic Factors in Schizophrenia:
Mechanisms and Experimental Approaches. Mol Neuropsychiatry. 2019; 5(1):6—12. Epub 20190215.
https://doi.org/10.1159/000495063 PMID: 31019914; PubMed Central PMCID: PMC6465752.

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1011322  October 23, 2024 21/22


https://doi.org/10.1016/j.ajhg.2013.06.011
http://www.ncbi.nlm.nih.gov/pubmed/23891470
https://doi.org/10.1038/s41588-023-01501-z
http://www.ncbi.nlm.nih.gov/pubmed/37749244
https://doi.org/10.1038/s41598-021-86465-y
http://www.ncbi.nlm.nih.gov/pubmed/33772054
https://doi.org/10.1038/nature15393
http://www.ncbi.nlm.nih.gov/pubmed/26432245
https://doi.org/10.1016/j.ajhg.2019.01.002
http://www.ncbi.nlm.nih.gov/pubmed/30849328
https://doi.org/10.1038/s41586-022-04434-5
http://www.ncbi.nlm.nih.gov/pubmed/35396580
https://doi.org/10.1093/bioinformatics/btr260
https://doi.org/10.1093/bioinformatics/btr260
http://www.ncbi.nlm.nih.gov/pubmed/21546393
https://doi.org/10.1093/nar/gkz1031
http://www.ncbi.nlm.nih.gov/pubmed/31691815
https://doi.org/10.1186/s13041-021-00735-4
http://www.ncbi.nlm.nih.gov/pubmed/33482876
https://doi.org/10.3390/ijms242115623
http://www.ncbi.nlm.nih.gov/pubmed/37958606
https://doi.org/10.1159/000535131
http://www.ncbi.nlm.nih.gov/pubmed/38058955
https://doi.org/10.1038/s41586-024-07109-5
http://www.ncbi.nlm.nih.gov/pubmed/38448582
https://doi.org/10.3390/biom10030384
http://www.ncbi.nlm.nih.gov/pubmed/32121669
https://doi.org/10.1038/s41598-023-29117-7
http://www.ncbi.nlm.nih.gov/pubmed/36747015
https://doi.org/10.1038/mp.2009.93
http://www.ncbi.nlm.nih.gov/pubmed/20424623
https://doi.org/10.1001/archpsyc.62.8.829
http://www.ncbi.nlm.nih.gov/pubmed/16061760
https://doi.org/10.1159/000495063
http://www.ncbi.nlm.nih.gov/pubmed/31019914
https://doi.org/10.1371/journal.pgen.1011322

PLOS GENETICS

Trans-ancestry pathway analysis framework for GWAS data from diverse populations

57.

58.

59.

60.

61.

62.

63.

64.

65.

Gavin DP, Sharma RP. Histone modifications, DNA methylation, and schizophrenia. Neurosci Biobehav
Rev. 2010; 34(6):882—8. Epub 20091030. https://doi.org/10.1016/j.neubiorev.2009.10.010 PMID:
19879893; PubMed Central PMCID: PMC2848916.

Network, Pathway Analysis Subgroup of Psychiatric Genomics C. Psychiatric genome-wide association
study analyses implicate neuronal, immune and histone pathways. Nat Neurosci. 2015; 18(2):199-209.
Epub 20150119. https://doi.org/10.1038/nn.3922 PMID: 25599223; PubMed Central PMCID:
PMC4378867.

Seabra G, de Almeida V, Reis-de-Oliveira G, Crunfli F, Antunes A, Martins-de-Souza D. Ubiquitin-pro-
teasome system, lipid metabolism and DNA damage repair are triggered by antipsychotic medication in
human oligodendrocytes: implications in schizophrenia. Sci Rep. 2020; 10(1):12655. Epub 20200728.
https://doi.org/10.1038/s41598-020-69543-5 PMID: 32724114; PubMed Central PMCID:
PMC7387551.

Gusev A, Ko A, Shi H, Bhatia G, Chung W, Penninx BW, et al. Integrative approaches for large-scale
transcriptome-wide association studies. Nat Genet. 2016; 48(3):245-52. Epub 20160208. https://doi.
org/10.1038/ng.3506 PMID: 26854917; PubMed Central PMCID: PMC4767558.

GTEx v8 multi-tissue expression 2022 [cited 2024 August 28]. Available from: http://guseviab.org/
projects/fusion/#gtex-v8-multi-tissue-expression.

Wu D, Smyth GK. Camera: a competitive gene set test accounting for inter-gene correlation. Nucleic
Acids Res. 2012; 40(17):e133. Epub 20120525. https://doi.org/10.1093/nar/gks461 PMID: 22638577;
PubMed Central PMCID: PMC3458527.

Maciejewski H. Gene set analysis methods: statistical models and methodological differences. Brief
Bioinform. 2014; 15(4):504—18. https://doi.org/10.1093/bib/bbt002 PMID: 23413432; PubMed Central
PMCID: PMC4103537.

Debrabant B. The null hypothesis of GSEA, and a novel statistical model for competitive gene set analy-
sis. Bioinformatics. 2017; 33(9):1271-7. https://doi.org/10.1093/bioinformatics/btw803 PMID:
28453686.

Ebrahimpoor M, Spitali P, Hettne K, Tsonaka R, Goeman J. Simultaneous Enrichment Analysis of all
Possible Gene-sets: Unifying Self-Contained and Competitive Methods. Brief Bioinform. 2020; 21
(4):1302-12. https://doi.org/10.1093/bib/bbz074 PMID: 31297505; PubMed Central PMCID:
PMC7373179.

PLOS Genetics | https://doi.org/10.1371/journal.pgen.1011322  October 23, 2024 22/22


https://doi.org/10.1016/j.neubiorev.2009.10.010
http://www.ncbi.nlm.nih.gov/pubmed/19879893
https://doi.org/10.1038/nn.3922
http://www.ncbi.nlm.nih.gov/pubmed/25599223
https://doi.org/10.1038/s41598-020-69543-5
http://www.ncbi.nlm.nih.gov/pubmed/32724114
https://doi.org/10.1038/ng.3506
https://doi.org/10.1038/ng.3506
http://www.ncbi.nlm.nih.gov/pubmed/26854917
http://gusevlab.org/projects/fusion/#gtex-v8-multi-tissue-expression
http://gusevlab.org/projects/fusion/#gtex-v8-multi-tissue-expression
https://doi.org/10.1093/nar/gks461
http://www.ncbi.nlm.nih.gov/pubmed/22638577
https://doi.org/10.1093/bib/bbt002
http://www.ncbi.nlm.nih.gov/pubmed/23413432
https://doi.org/10.1093/bioinformatics/btw803
http://www.ncbi.nlm.nih.gov/pubmed/28453686
https://doi.org/10.1093/bib/bbz074
http://www.ncbi.nlm.nih.gov/pubmed/31297505
https://doi.org/10.1371/journal.pgen.1011322

