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SUMMARY
Nearly all trait-associated variants identified in genome-wide association studies (GWASs) are noncoding.
The cis regulatory effects of these variants have been extensively characterized, but how they affect gene
regulation in trans has been the subject of fewer studies because of the difficulty in detecting trans-expres-
sion quantitative loci (eQTLs).We developed trans-PCO for detecting trans effects of genetic variants on gene
networks. Our simulations demonstrate that trans-PCO substantially outperforms existing trans-eQTL map-
ping methods. We applied trans-PCO to two gene expression datasets from whole blood, DGN (N = 913) and
eQTLGen (N = 31,684), and identified 14,985 high-quality trans-eSNP-module pairs associated with 197 co-
expression gene modules and biological processes. We performed colocalization analyses between
GWAS loci of 46 complex traits and the trans-eQTLs. We demonstrated that the identified trans effects can
help us understand how trait-associated variants affect gene regulatory networks and biological pathways.
INTRODUCTION

More than 90% of genome-wide association studies (GWASs)

loci are located in noncoding regions of the genome and are

thought to affect human traits by regulating gene expression.1–5

Nearly all of the studies to date have focused on understanding

the effects of trait-associated variants on gene expression in cis,

which only include effects on genes that are near the associated

loci. However, multiple lines of evidence suggest cis-regulatory

effects capture only a small proportion of the heritability of com-

plex traits and diseases. We previously hypothesized that trans-

expression quantitative loci (eQTLs), despite having very small

effects on each individual gene, may cumulatively account for

a large proportion of trait variance.6 Indeed, our modeling indi-

cates that trans-eQTL effects account for twice as much genetic

variance in complex traits as cis-eQTL effects.6 Thus, establish-

ing a representative map of genetic variants and their trans ef-

fects is a critical step toward understanding complex trait and

disease genetics.

Two major challenges have precluded trans-eQTL discovery.

First, trans-eQTL mapping is extremely prone to false positives

due to mapping errors that cause short sequences to map to ho-

mologous regions of the genome.7 The second challenge is by

far more difficult to overcome: trans-eQTLs are challenging to

detect compared to cis-eQTLs because (1) they have much

smaller effect sizes than cis-eQTLs6 and (2) a genome-wide

search of trans-eQTLs involves a huge number of statistical

tests, resulting in a heavy burden of multiple testing corrections.
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Previous work suggests that trans-eQTLs generally affect the

expression levels of multiple genes.8,9 The co-regulation and co-

expression patterns of genes driven by trans-eQTL have long

been recognized. There are a few studies that aimed to identify

trans-eQTLs of co-expressed genes. For example, Rotival

et al.10 used independent component analyses to identify co-

expression gene sets, and subsequently tested for the enrich-

ment of trans signals in the gene sets by hypergeometric tests.

More recently, Kolberg et al.11 tested associations between

SNPs and an ‘‘eigengene’’ (essentially the primary principal

component, PC1) of gene modules that captures the co-expres-

sion pattern. Nonetheless, PC1 has very limited power at identi-

fying genetic effects (see below). Dutta et al.12 leveraged canon-

ical correlation analysis to identify trans associations between

multiple disease-associated SNPs and multiple genes by inte-

grating with GWAS signals. However, the method has different

goals from identifying trans-eQTLs of multiple genes in specific

tissues (e.g., it is useful for identifying ‘‘core’’-like disease genes

and processes for a specific disease; see below).

Our main goal was to develop a method for detecting trans-

eQTLs associated with multiple genes in a gene module by using

multivariate association. Multivariate association methods tend

to be more powerful than univariate association methods. De-

tecting trans-eQTLs of gene modules containing multiple co-

regulated genes can also potentially improve power by reducing

multiple testing burdens, because the number of tested gene

modules is much less than the number of genes. However, there

are caveats. First, sequence similarity among distinct genomic
pril 10, 2024 ª 2024 The Author(s). Published by Elsevier Inc. 1
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Figure 1. Three main steps of trans-PCO

pipeline

First, trans-PCO preprocesses RNA-seq data to

reduce false positive trans-eQTL associations.

Second, genes are grouped into gene sets, such as

co-expression modules or biological pathways.

Lastly, trans-PCO tests the association between

SNPs and gene sets by using PCO.
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regions can lead to severe false positive discovery issues in

trans-eQTL mapping.7 This is especially problematic in mapping

trans-eQTLs of co-expression genemodules because genes can

be falsely clustered due to sequence similarities.7,13 Second, the

naive way of using a single component, such as the first gene

expression PC, to represent the gene modules can significantly

reduce power. Although the PC1 captures the largest amount

of total variance in gene expressions, it can be powerless in de-

tecting significant associations than higher-order PCs.14,15

To combat this, we propose trans-PCO, a flexible approach

that uses the PC-based omnibus test15 (PCO) to combine multi-

ple PCs and improve power to detect trans-eQTLs. Trans-PCO

also carefully filters sequencing reads and genes based on

mappability across different regions of the genome to avoid false

positives due to multimapping.7,16,17 By default, trans-PCO uses

gene sets identified by weighted gene co-expression network

analysis (WGCNA),18 which clusters co-expressed genes by us-

ing the correlations of gene expression levels. It also accepts

user-defined sets—for example, genes that belong to the

same Gene Ontology,19 Kyoto Encyclopedia of Genes and Ge-

nomes pathway,20 or protein complex.21

We applied trans-PCO to gene expression data from the

Depression Genes and Networks study16 (DGN, sample size

N = 913) and the eQTLGen study9 (sample size N = 31,684) to

identify trans-eQTLs associated with co-expression gene mod-

ules and well-defined biological processes in whole blood. All

trans-eQTLs that are associated with gene co-expression net-

works and biological pathways can be found at http://www.

networks-liulab.org/transPCO.

RESULTS

Overview of the method
The trans-PCO method consists of three main steps (Figure 1).

First, trans-PCO preprocesses RNA sequencing (RNA-seq)

data to reduce false positive trans-eQTL associations due to

read multimapping errors. Specifically, trans-PCO removes all

of the sequencing reads mapped to low mappability regions of

the genome (mappability score < 1; STAR Methods) before

profiling gene expression levels. These procedures substantially

reduce the occurrence of false positive trans-eQTLs due to

sequencing alignment errors.7,17 When only summary-level

data are available (e.g., eQTLGen dataset9), trans-PCO dynam-

ically excludes from the module any genes that are cross-map-

pable to genes within 100 kb of the tested SNP.
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Second, trans-PCO groups genes into

clusters. By default, trans-PCOdetermines

the gene groupings by using WGCNA18 to
identify co-expression modules from gene expression levels

(STAR Methods). We remove covariates and confounders

(STAR Methods) from gene expression levels before grouping

gene modules. This step is necessary to ensure that the gene

modules are not primarily driven by confounding factors.

Trans-PCO also allows customization of the gene groups or

sets—for example, genes in the same pathway or protein-pro-

tein interaction network19–21 can be grouped into user-defined

gene modules.

Lastly, trans-PCO tests for association between each

SNP and the expression levels of the genes in each gene mod-

ule by adapting the PCO method, which combines multiple

gene expression PCs by using six PC-based statistical tests

(STAR Methods). Each PC-based test combines multiple PCs

uniquely, which allow signals under various genetic architec-

tures to be captured. PCO evaluates the six PC-based tests

and takes the minimum p value as the final test statistic. The

final p values are computed according to Liu and Lin15 (also

see STAR Methods). Only PCs with eigenvalues lk > 0.1 are

used in trans-PCO (Figure S1; Methods S1). To avoid identi-

fying associations driven by cis effects, we excluded from the

module all of the genes on the same chromosome as the test

SNP. To correct for multiple testing, we performed 10 permuta-

tions to establish an empirical null distribution of p values

(Methods S1).

Trans-PCOoutperforms existingmethods in simulations
We performed simulations to evaluate the power of trans-PCO in

detecting trans-eQTLs associated with multiple genes. We pri-

marily compared the power to (1) the standard univariate test

(‘‘MinP’’) and (2) the PC1-based test (Kolberg et al.11; STAR

Methods). We used a co-expression gene module consisting

of 101 genes from the DGN dataset (module 29). In power simu-

lations, we simulated a proportion of 101 genes in the module to

be causal with nonzero effects generated from a point normal

distribution (STAR Methods). We simulated the trans genetic

variance to be 0.001, which is a low and realistic per SNP herita-

bility for trans effects. In null simulations, all SNPs effects have

the same trans genetic variance but zero average effects

(STAR Methods).

Trans-PCO significantly outperformed the univariate test and

the PC1 method across different sample sizes and proportions

of causal genes (Figure 2). Specifically, the power of trans-

PCO increases rapidly with increasing sample sizes. At a sample

size of 800, assuming 30% of genes have causal effects in the

http://www.networks-liulab.org/transPCO
http://www.networks-liulab.org/transPCO


Figure 2. Power of trans-PCO across different sample sizes and

causal gene proportions, in comparison to PC1 and univariate (MinP)
methods

Points show average power across 1,000 simulations. Error bars representing

95%confidence intervals (CIs) are plotted, butmany are too small to be visible.

See numerical results in Table S2.

(A) Power comparison across various sample sizes. Trans-genetic variance

was simulated to be 0.001, and the proportion of causal genes in the gene

module was 30%.

(B) Power comparison across different proportions of causal genes in the gene

module. The simulated sample size was 500.
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genemodule, the power of trans-PCO is 74%, compared to 15%

for the univariate test and 0.0018% for the PC1 method

(Figure 2A).

We also compared the power of each method across various

causal gene proportions using a fixed sample size (500). All 3

methods have little power in detecting trans-eQTLs when the

proportion of causal genes is below 10%. However, above

this threshold, the power of trans-PCO increases dramatically:

36% at 30% causal genes and 86% at 50% causal genes. In

contrast, the univariate and the PC1 methods remain almost

powerless for nearly all of the simulated scenarios (Figure 2B).

We note that the PC1 method appears to be almost powerless

across the scenarios, which agrees with the previous observa-

tion that the PC1 can be less powerful than higher-order PCs

in GWASs.22 Simulation results at various genetic variances

can be found in the supplemental information, including at

extremely low proportions of causal genes and high trans ef-

fects (Figure S2). We found that the univariate method only out-

performs trans-PCO when the proportion of causal genes is

extremely low, such as only one causal gene in the entire

gene set, and the trans effects are large. Trans-PCO gains

more power when there are >1 causal gene because it aggre-

gates multiple weak effects to improve power. Null simulations

demonstrated that all three methods are well controlled for false

positive inflations (Figure S3).

We included comparisons to two additional methods:

ARCHIE, proposed by Dutta et al.,12 and a method by Rotival

et al.10 (Figures S4 and S5; Methods S2). We showed that

ARCHIE is not powerful at detecting trans-eQTL effects from a

SNP to multiple genes, which are the effects for which trans-

PCO was designed (Figure S4). We note that the main goal of

ARCHIE is to identify trait-specific gene sets associated with

GWAS loci, whereas trans-PCO is designed to map trans-eQTLs

for any user-specified gene sets in specific tissues or cell types

(discussion; Figure S4; Methods S2). The method of Rotival

et al.10 is based on the PC1-based approach, and we showed
that the method has limited power at identifying weak trans-

eQTL effects (Figure S5; Methods S2).

Trans-PCO identifies 3,899 trans-eSNP-module pairs
associatedwith co-expression genemodules in theDGN
dataset
We used trans-PCO to identify trans-eQTLs associated with co-

expression gene modules in RNA-seq data from whole-blood

samples of the DGN cohort (N = 913).16 WGCNA18 identified

166 co-expression gene modules, with the number of genes

in each module ranging between 625 (module 1 [M1]) and 10

(M166) (Table S1). We then performed genome-wide scans of

trans-eQTLs for each gene module. At a 10% false discovery

rate (FDR), trans-PCO identified significant trans-eQTLs for

102 of 166 gene modules, corresponding to 3,899 significant

trans-eSNP-module pairs (Table S3). Many trans-eSNPs are

in linkage disequilibrium (LD). Using LD clumping to group

trans-eSNPs into LD-independent loci (R2 < 0.2), we found

202 trans-loci-module pairs (Figures 3A and S6; Tables S3

and S4).

We compared trans-eQTL signals detected in DGN by

trans-PCO to signals identified by the univariate method in

Battle et al.16 Of the 12,132 genes analyzed by trans-PCO,

the univariate method detected 326 significant trans-eSNP-

gene pairs for 128 genes at 5% FDR.16 At the same FDR level,

trans-PCO identified 3,031 significant trans-eSNP-gene mod-

ule pairs for 75 gene modules. We compared the magnitude of

the significant trans-eQTL effects detected by trans-PCO and

the univariate method. More specifically, we compared the

maximum univariate Z scores of SNPs and each gene in sig-

nificant trans-eSNP-module pairs identified by trans-PCO to

the Z scores of significant trans-eSNP-gene pairs by the uni-

variate method. We found that the maximum Z scores of

trans-PCO signals are much smaller than Z scores of the uni-

variate method signals (Figure 3B), indicating that our multi-

variate approach can detect much smaller trans effects than

univariate methods.

We also applied the PC1 method (Kolberg et al.11) to DGN

and identified 1,483 significant trans-eSNP-module pairs (55

trans-loci-module pairs) at 10% FDR, and 1,464 pairs (99%)

were detected by trans-PCO (Figure S7A). Notably, in total,

trans-PCO identified more than twice the signals of the

PC1 method. However, the PC1 method identified more sig-

nals than expected because it was previously shown to be

powerless in the simulations. We note that we simulated

weak effects and sparse causal proportions to better reflect

common and realistic trans effects, and the PC1 method is

powerless in these settings. We performed additional simula-

tions with large effects and high causal proportions, and ef-

fects with aligned direction of the PC1,15 and the PC1

method achieved 50% power as trans-PCO or even the

best power (Figures S8 and S9; Methods S2). In addition,

we found in the DGN dataset that the univariate Z scores

of trans signals detected by the PC1 method are larger

than those of trans-PCO signals (Figures S7B–S7D). There-

fore, the trans signals detected by the PC1 method are likely

of strong trans effects, and trans-PCO is able to detect addi-

tional weak trans effects.
Cell Genomics 4, 100538, April 10, 2024 3



Figure 3. Trans-PCO identifies trans-eQTLs associated with co-expression gene modules in DGN

(A) Significant trans-eQTL signals associated with 166 co-expression modules in DGN. Chromosomal positions of trans-eSNPs are on the x axis, and gene

modules are on the y axis. Point sizes are �log10(p) values of significant trans-eQTLs. Purple and orange represent odd and even chromosomes, respectively.

(B) Comparison of the magnitude of significant trans-eQTLs effects detected by trans-PCO and the univariate method. The x axis shows signal categories: trans-

PCO specific signals (Trans-PCO), univariate test specific signals (Univariate), and signals identified by bothmethods (Both). Themaximum Z scores of each SNP

and each gene in a gene module is used to represent the SNP-module pair. The numbers on top are the number of signals in each category. Line type represents

the target type of signals (gene module vs. single gene). The y axis is the absolute value of the Z scores of the signals.

(C) Colocalization of trans-eQTLs and cis-e/sQTLs. The gray bar represents the trans-region used for colocalization analyses. The bar highlighted in blue rep-

resents the trans-region colocalized with cis-sQTLs, red for cis-eQTLs, and mixed color for either cis-eQTLs or cis-sQTLs.

(D) Colocalization of trans-eQTLs of M66 and cis-eQTLs of NFKBIA.

(E) Functional annotations of gene sets facilitate functional interpretation of trans-eQTL signals. The trans-eQTLs near NFKBIA and IKZF1 are associated with

several gene modules. The bar plots show the functional enrichments in modules. The numerical values of enrichments are in Table S7.
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Trans-eQTLs are enriched in variants with cis-
regulatory effects on transcription factors
We found that only 31 trans-eSNPs (1%) are in coding regions,

suggesting that a very small proportion of trans-eQTLs affect

gene expression levels in trans by altering protein coding se-

quences. Several studies have shown that trans-eQTLs have

cis-regulatory effects, affecting the expression levels or splicing

of nearby genes9,16; thus, we evaluated our identified trans-eQTLs

for concomitant cis-regulatory activity. We first overlapped trans-

eSNPs with cis-eQTLs and cis-splicing QTLs (cis-sQTLs) in

DGN.23 Of the 2,955 trans-eSNPs (Table S3), we found that

71% are significant cis-eSNPs in DGN and 46% are significant

cis-sSNPs, together accounting for 73% of all trans-eSNPs. To

further examine whether the cis and trans effects are driven by

the same variant, we performed colocalization analysis of

trans-eQTLs with cis-eQTLs and cis-sQTLs using coloc24
4 Cell Genomics 4, 100538, April 10, 2024
(STAR Methods). Specifically, we first grouped trans-eSNP-

gene module pairs into 179 trans-region-gene module pairs,

based on 200-kb fixed-width regions (STAR Methods). We then

performed colocalization analyses between the trans-eQTLs and

cis-eQTLs/cis-sQTLs. We found that 51 of 179 trans regions colo-

calized with a cis-eQTL (the posterior probability of colocalized

signals PP4 > 0.75; Figures 3C and S10). A total of 41 trans-re-

gions colocalized with a cis-sQTL. Overall, 60 trans-regions

shared causal variantswith at least one cis-eQTL or cis-sQTL (Fig-

ure 3C; Table S5), confirming that trans-eQTL effects are generally

mediated through cis-gene regulation. In addition, a large fraction

of trans-loci (66%) do not colocalize with cis-eQTLs or cis-sQTLs.

Although power may have limited our ability to detect colocaliza-

tion of some trans-eQTLs and cis-eQTLs, there may also exist un-

known trans-regulatory mechanisms, independent of cis-gene

expression or splicing, which is subject to future studies.
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We also investigated the types and functions of genes that are

likely tomediate trans-eQTLeffects.We found that thegenesnear-

est trans-eQTLs are highly enriched in ‘‘RNA polymerase II tran-

scription regulatory region sequence-specific DNA binding’’

(adjusted p = 1:263 10� 3) and ‘‘DNA-binding transcription

factor activity’’ (adjusted p = 1:393 10� 3; Table S6), suggesting

that transcription factors are important mediators of trans-eQTL

effects. Indeed, trans-PCO identified and replicated several well-

known master trans regulators in blood, such as IKZF1,17,25,26

NFKBIA,17 NFE2,9,17,27 and PLAGL117,26 (Figure 3A). We also

found colocalization of these trans-eQTLs with cis-eQTLs at the

NFKBIA,NFE2, andPLAGL1 loci (Figures 3DandS10), supporting

the conclusion that these genes are likely the cis-mediating genes.

High-quality map of trans-eSNP to gene module
associations improves functional interpretation
Most of the genemodules used in trans-PCO have functional an-

notations, which allows us to interpret the functional roles of the

trans-eQTLs identified by themethod. We first functionally anno-

tated the 166 co-expression modules using g:Profiler,28 which

performs functional enrichment analysis on gene sets using pre-

defined Gene Ontology and pathway annotations. This allowed

us to annotate 131 of the 166modules with at least 1 significantly

enriched Gene Ontology or pathway (Table S7).

These annotations helped us interpret the function of identified

trans effects. For example, the trans-eQTL signal near IKZF1 (on

chromosome 7) is significantly associated with 27 gene mod-

ules. IKZF1 encodes a transcription factor, IKAROS, that be-

longs to the family of zinc finger DNA-binding proteins.29 The

IKZF1 (IKAROS) trans-target gene M159 is significantly enriched

in the ‘‘positive regulation of transcription of Notch receptor

target’’ (adjusted p = 6:823 10� 3; Figure 3E).Wewere reassured

to find that it previously had been found that IKAROS is a

repressor of many Notch targets, and our trans-eQTL signal

further supports the trans regulation of Notch signaling pathway

by IKAROS.30 IKZF1 trans-target M3 is significantly enriched in

theGeneOntology term ‘‘defense response to virus’’ (Figure S11;

adjusted p = 8:73 10� 31), andM35 is significantly enriched in the

innate immune system (adjusted p = 4:093 10� 17). These data

support the conclusion that the IKZF1 locus plays a trans-regu-

latory role in immune responses (Figure 3E). The trans-eQTLs

nearNFKBIA, which encode nuclear factor (NF)-kB inhibitor sub-

unit A, are significantly associated with M66 (p < 1:83 10� 7).

Interestingly, we found that M66 is highly enriched in NF-kB

signaling pathway (adjusted p = 8:353 10� 5; Figure 3E), which

supports the trans-regulation of the NF-kB signaling pathway

by NFKBIA. The complete list of trans-eQTLs signals and func-
Figure 4. Colocalization of trans-eQTLs with GWAS loci of 42 complex

(A) The number of colocalized trans-regions associated with co-expression gene

colocalized trans-loci over 179 trans-regions.

(B) Heatmap of the number of colocalized trans-regions associated with co-exp

represent the number of colocalized regions.

(C) Colocalization of mean platelet volume-associated locus near ARHGEF3 and

(D) Heritability enrichment of M4 in blood traits. Error bars are 95% CIs.

(E) Heatmap of the number of colocalized trans-regions associated with MSigDB

(F) Colocalization of GWAS loci-associated red blood cell traits and trans-eQTLs a

are associated with heme metabolism in trans. Numerical results can be found in
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tional annotations of trans-target gene modules can be found

in Tables S4 and S7.

Trans-PCO identifies 965 trans-eSNP-module pairs
associated with well-defined biological processes
To further demonstrate the utility of trans-PCO, we applied trans-

PCO to 50 Human Molecular Signatures Database (MSigDB)

hallmark gene sets, which represent well-defined biological pro-

cesses,19 including DNA repair, coagulation, heme metabolism,

and Notch signaling (Table S8). Each gene set contains between

32 and 200 genes. In DGN, we identified 965 significant trans-

eSNP-module pairs, corresponding to 41 gene sets and 120

trans-loci-module pairs (R2 < 0.2), at a 10% FDR level (Fig-

ure S12; Tables S3 and S9).

Trans-eQTLs associated with well-defined biological pro-

cesses facilitate the interpretation of the trans-eQTL signals.

For example, we identified several trans-eQTL signals at the

NLRC5 locus (Table S9). The trans-target gene set is the ‘‘inter-

feron alpha response’’ gene set, suggesting trans regulation from

NLRC5 to the interferon signaling pathway. Earlier studies have

confirmed that NLRC5 is a master regulator for major histocom-

patibility complex (MHC) class II genes and negatively regulates

the interferon signaling pathway.31,32 The trans-eQTL signals

also validated our previous interpretations of trans-eQTLs

associated with co-expression gene modules. For example, in

agreement with our analysis of co-expression modules, we

found that the IKZF1 locus is significantly associatedwith several

immune-related biological processes, such as interferon-

gamma response (Figure 3E; Table S9).

Trans-PCO improves understanding of trans-regulatory
effects of disease-associated loci
To understand the trans-regulatory effects of genetic variants

associated with complex traits, we performed colocalization

analysis of trans-eQTL signals with GWAS loci of 46 complex

traits and diseases, including 29 blood traits and 8 other com-

mon complex traits (e.g., height, body mass index) from the

UK Biobank,27,33 provided by Neale Lab (http://www.nealelab.

is/uk-biobank/), and 9 autoimmune diseases23,34–40 (Table S10;

STAR Methods).

We grouped the trans-eSNPs into 200-kb regions (or trans-

regions) for colocalization analyses (STAR Methods). The

3,899 trans-eQTLs associatedwith co-expression genemodules

were grouped into 179 trans-region-module pairs. Of the 46

complex traits, 42 have at least 1 GWAS loci colocalized with 1

of 179 trans-region-module pairs. On average across all of

the traits, 8.8% of trans-loci colocalize with GWAS loci
traits with at least 1 colocalization region

modules with GWAS loci. The proportion of colocalization is the proportion of

ression gene modules with GWAS loci between each module and trait. Tiles

trans-eQTL of M4.

hallmark gene sets with GWAS loci.

ssociated with heme metabolism. Six loci associated with red blood cell traits

Table S14. Colocalization plots of the other loci are in Figure S13.

http://www.nealelab.is/uk-biobank/
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(Figure 4A; Table S11). We observed a higher proportion of co-

localization with blood traits (mean proportion 12.0%) than non-

blood traits (mean proportion 1.5%). Although we expect some

higher proportions of colocalization with blood traits to occur in

a whole-blood sample, our results may also indicate some resid-

ual effects due to cell composition, despite corrections for cell

composition using both gene expression PCs and estimated

cell-type proportions,16 such that some trans-eQTLs may regu-

late the abundance of cell proportions and therefore are associ-

ated genes that are specifically expressed in certain cell types

(discussion). Our results are consistent with a recent study by

the eQTLGen consortium, which has shown that trans-eQTLs

in whole blood reflect a combination of cell-type composition

and intracellular effects.9

Nevertheless, we found several trans-eQTLs that colocalized

with GWAS loci, which revealed specific interpretable pathways

or functional gene sets (Figure 4B; Table S12). For example,

trans-eQTLs associated with co-expression M4 colocalized

with 24 of 29 blood traits (Figure 4B). M4 is highly enriched for

genes involved in platelet activation (adjusted p = 1:123

10� 12; Figure S11; Table S7). One of the colocalized trans-

eSNPs associated with M4 is in the introns of the ARHGEF3

gene (Figure 4C), which has been shown to play a significant

role in platelet size inmice.41 To further support the interpretation

of colocalized signals, we estimated heritability enrichment of

M4 in blood traits using stratified LDscore regression42 (S-

LDSC; Figures 4D and S13). We reasoned that an enrichment

of trait heritability near genes in a module would strongly support

the involvement of a module in the genetic etiology of a trait.

Strikingly, we found that M4 is significantly enriched in the heri-

tability of multiple blood traits, and that the enrichment was

especially strong for platelet traits such as platelet distribution

width (odds ratio [OR] = 6:5, p = 7:03 10� 5) and mean platelet

volume (OR = 6:7, p = 1:23 10� 5; Figure 4D; Table S13). In addi-

tion, we evaluated whether M4 genes are significantly enriched

in genes associated with platelet traits, identified by transcrip-

tome-wide association studies (TWASs). There are 1,339 unique

genes significantly associated with platelet traits in the UK

Biobank.43 M4 genes are significantly enriched in TWAS genes

associated with platelet traits (88 overlap genes, p = 6.7 3

10�10, Fisher’s exact test), which further supports the role of

M4 in platelet traits. Finally, we identified that the ARHGEF3 lo-

cus is significantly associated with the MSigDB coagulation hall-

mark gene set (Table S9). These findings strengthen themodel in

which genetic variation near ARHGEF3 affects the expression

levels of multiple genes that are involved in platelet biology and

that also harbor nearby genetic variation associated with platelet

traits.

We also performed colocalization analysis of trans-

eQTLs-associated MSigDB hallmark gene sets (Figure 4E;

Table S14). One of the gene sets represents heme metabolism,

which is an essential process underlying erythroblast differenti-

ation and red blood cell counts. We found that six trans-eQTL

loci of heme metabolism significantly colocalized with GWAS

loci associated with red blood cell traits, such as hemoglobin

concentration, red blood cell count, and reticulocyte count

(PP4 = 0.76–1.00; Figures 4F and S14; Table S14). We found

that the genes in the gene sets are significantly enriched in
TWAS-significant genes associated with hemoglobin levels

in the UK Biobank (35 overlap genes, p = 8.1 3 10�4, Fisher’s

exact test), which further supports the role of the hallmark

gene set in red blood cell traits. Our results provide evidence

that these six loci regulate heme metabolism in trans, which is

an essential process underlying erythroblast differentiation

and red blood cell counts.

In another example, we found a trans-eQTL near IKZF1 for M3

that colocalizes with 11 blood traits, 7 of which are related to

white blood cells (Table S12). As mentioned previously, M3 is

significantly enriched for Gene Ontology terms, including ‘‘de-

fense response to virus’’ (adjusted p = 8:73 10� 31) and ‘‘nega-

tive regulation of viral processes’’ (adjusted p = 1:073 10� 17;

Table S7). The enrichments are driven by many genes related

to interferon (e.g., IFI6, IFI16, IRF7), which are proteins released

by host cells in response to the presence of viruses and indicate

immune-related functions (Tables S1 and S7). In addition, our

heritability analysis of genes in M3 identified enrichments for

multiple traits associated with blood cell-type count, including

neutrophil count (OR = 2:3, p = 1:73 10� 4) and white blood

cell count (OR = 2:1, p = 1:33 10� 4, Figure S15). Our analyses

support that the white blood cell associated locus IKZF1 regu-

lates immune-response pathways in trans.

Taken together, our functional map of trans-eQTLs revealed

concrete examples where genetic variants associated with com-

plex traits also influence a biological pathway or a coherent set of

genes with similar functions. Thus, trans-eQTL of gene sets have

the potential to reveal trans-regulatory mechanisms underlying

complex traits and diseases. The complete list of colocalization

signals for each trait can be found in Table S12.

Summary statistics-based trans-PCO identified 10,167
trans-eSNP-module pairs in eQTLGen
We developed summary statistics-based trans-PCO to increase

its applicability to gene expression datasets of large sample

sizes, such as eQTLGen9 (N = 31,684, whole blood). To ensure

that summary statistics-based trans-PCO signals are well

controlled for test statistics inflation and false positives, we

added two steps to the original pipeline. First, we carefully

selected gene sets to minimize the noise when approximating

the gene correlation matrices. When only summary statistics

are available, the correlation matrix of each gene set is approx-

imated with the correlations of Z scores of the insignificantly

associated SNPs of each gene. A low ratio of SNPs to genes

(<50) results in a noisy approximation of correlation matrices

and test statistics inflation (Figure 5A; STAR Methods; Methods

S3). Therefore, we only used gene modules with ratios >50 to

test for trans-eQTLs, which we show are well controlled for infla-

tion (Figures 5A and S16). Second, we removed genes in the

module that were cross-mappable to the test SNP loci (STAR

Methods) in the association test to reduce false positives caused

by multimapping reads.

The eQTLGen study performed the standard univariate trans-

eQTLmapping on a subset of 10,317GWASSNPs, and the sum-

mary statistics of these trans-eQTLs are available. We applied

the summary statistics-based trans-PCO to these summary sta-

tistics to identify trans-eQTLs-associated co-expression gene

modules and MSigDB hallmark gene sets.
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Figure 5. Trans-PCO identifies trans-eQTLs associated with co-expression gene modules and MSigDB hallmark gene sets in eQTLGen

(A) Summary statistics-based trans-PCO is well controlled for test statistics inflations.We show genemodule 1 (size 625) as an example. SNP-to-gene ratios used

for correlationmatrix estimation are in different shapes and colors. Red-yellow shades represent higher ratios (R50), and blue shades represent lower ratios. Gray

area shows 95% CIs. Trans-PCO used a minimum ratio of 50.

(B) 8,199 significant trans-eSNP-module pairs associated with co-expression modules in eQTLGen. Chromosomal positions of trans-eSNPs are on the x axis and

gene modules are on the y axis. Point sizes are �log10(p) values of significant trans-eQTLs.

(C) The majority of hub SNPs targeting >10 genes in the original eQTLGen study are identified by trans-PCO. The light blue bar represents the total number of

trans-eQTLs in the original eQTLGen study at 5% FDR level. The dark blue bar represents the trans-eQTLs also detected by trans-PCO under Bonferroni

correction that are associated with co-expression modules or MSigDB gene sets. The bar at right shows the trans-eQTLs detected only by trans-PCO.

(D) The HLA locus is associated with several immune-related gene modules in trans. The bar plots show the functional enrichment of co-expression gene

modules.
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Of the 166 co-expression gene modules identified in DGN, we

used 129 modules with reliable correlation matrix approxima-

tions to ensure that the trans-eQTL signals were well controlled

for inflation (Figures 5A and S16; STAR Methods; Methods S3).

Similarly, of the 50 MSigDB hallmark gene sets, we only used

11 gene sets with accurate correlation matrix approximations

(Figure S17). In total, there were 4,533 genes in the tested co-

expression gene modules and hallmark gene sets. For co-

expression gene modules, we identified 8,116 trans-eSNP-

gene co-expression module pairs, corresponding to 2,161

eQTLGen test SNPs and 122 gene modules (Figure 5B;

Tables S3 and S15). For hallmark gene sets, we found 2,051 sig-

nificant trans-eSNP-hallmark gene set pairs, corresponding to

1,018 SNPs and all 11 hallmark gene sets, using Bonferroni

correction (Tables S3 and S16). In eQTLGen, we did not perform

LD clumping on trans-eSNPs because they were GWAS

SNPs associated with different traits and diseases. The univari-

ate method used in eQTLGen9 identified 1,050 hub SNPs target-
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ing >10 genes at 5% FDR, 89% of which were also identified by

trans-PCO (Figure 5C).

The large sample size in eQTLGen improves the power of

trans-eQTL detection. Of the 3,899 significant trans-eSNP-co-

expression module pairs in DGN, 38 pairs were also tested in

eQTLGen. We did find that all 38 trans signals were replicated

in eQTLGen (under a replication p value cutoff of 0.1/38;

Table S17) and all association p values were highly significant

(p < 10� 12; Figure S18). In contrast, most of the trans-eQTL sig-

nals in eQTLGen were not found in DGN. For example, of the

7,577 SNP-module pairs analyzed in both datasets, there were

7,291 pairs (96%) that were uniquely identified in eQTLGen

(defined as at least 1 MB away from trans-eQTL SNPs in DGN).

This is not surprising because the association p values are

much smaller in the eQTLGen dataset due to the larger sample

size (Figure S19). Similarly, 8 significant trans-eSNP–hallmark

gene set pairs in DGN were tested in eQTLGen, and all of

them were replicated. We also compared eQTLGen signals by
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trans-PCO to those identified by ARCHIE in Dutta et al.12 (Fig-

ure S4; Methods S2).

The nearest genes of eQTLGen trans-eQTLs are significantly

enriched in DNA-binding activity (adjusted p = 3:733 10� 4)

and transcription factor binding (adjusted p = 1:743 10� 7), as

well as immune responses such as cytokine receptor activity

(adjusted p = 7:273 10� 7) or MHC class II receptor activity

(adjusted p = 9:933 10� 5; Figure 5B; Table S18). We found

that the enrichment of immune responses was driven by trans-

eQTLs in the human leukocyte antigen (HLA) region on chromo-

some 6 (e.g., HLA-DRA,HLA-DRB1; Table S15) or near cytokine

receptor genes (e.g., IL23R, IL1R1, CXCR4; genes on the che-

mokine receptor gene cluster region: CCR2, CCR3, CCR5,

etc.). These trans-eQTLs are associated with several autoim-

mune diseases, such as type 1 diabetes, autoimmune thyroid

diseases, cutaneous lupus erythematosus, and inflammatory

bowel disease (Table S15). The trans-PCO signals help us

understand the trans-regulatory mechanism of these loci. For

example, we found that the trans-target gene modules of the

HLA loci are enriched in immune-related functions, such as cyto-

kine production (M44), B cell differentiation (M54), immunoglob-

ulin E (IgE) binding (M60), tumor necrosis factor signaling

pathway (M62), T cell activation (M63 and M87), and cytokine

signaling pathway (M62 and M76; Figure 5D). The IL23R locus

is associated with cytokine signaling pathway (M76) in trans.

The chemokine receptor genes were associated with several

gene modules, including cytokine production (M44), IgE binding

(M60), and T cell activation (M87). These trans-eQTL signals sup-

port the conclusion that genetic loci associated with autoim-

mune disease regulate immune-related pathways in trans.

DISCUSSION

In summary, we developed a powerful method, trans-PCO, to

detect trans-eQTLs associated with expression levels of co-ex-

pressed or co-regulated genes. The multivariate approach of

trans-PCO can detect much smaller trans effects and is substan-

tially more powerful than existing methods.

We thoroughly compared the performance of trans-PCO

versus other methods, such as the PC1-based method by Kol-

berg et al.,11 ARCHIE by Dutta et al.,12 and Rotival et al.10 (Fig-

ures 2, S4, S5, and S7–S9; Methods S2). Trans-PCO- and the

PC1-based method are both designed to identify individual

trans-eQTLs of any gene sets containing multiple genes, and

the comparison between them is straightforward. However,

ARCHIE is different and not directly comparable to the other

two methods for several reasons (see more discussions in

Methods S2). First, ARCHIE captures only trait-specific trans-

regulations, by testing significance against a null hypothesis

based on a subset of genetic variants that are trait associated.

In contrast, trans-PCO identifies trans-eQTLs under the general

null hypothesis with no additional assumptions. Second, trans-

PCO and ARCHIE are designed to capture different trans-regu-

latory effects. ARCHIE is powerful when multiple disease-asso-

ciated variants have weak effects on a single gene or multiple

disease-associated variants have weak effects on multiple

genes (Figure 2 in Dutta et al.12), which are not co-regulated by

a shared trans genetic locus. In contrast, trans-PCO is designed
to capture weak trans signals of a variant on multiple co-regu-

lated genes (Figure S4; Methods S2). Third, ARCHIE identifies

components consisting of multiple trait-associated SNPs and

multiple genes, without knowing the exact trans-eQTL SNP

driving the trans-regulation. It is hard to further study trans-reg-

ulatory mechanisms of the trans-eQTLs. Fourth, ARCHIE takes

all of the genes as input and infers gene sets that are trans-regu-

lated by disease-associated variants, whereas trans-PCO is flex-

ible to be applied to any user-defined gene set of interest to iden-

tify trans-eQTLs. In summary, trans-PCO and ARCHIE have

different goals and are designed for detecting different types

of trans signals. However, we thoroughly compared ARCHIE

and trans-PCO in both simulations and real data analyses

(Methods S2). We believe that these comparisons will provide in-

sights into when and how these methods should best be used.

Trans-eQTLs identified in bulk tissues can be a combination of

cell composition trans-eQTLs, which are driven by cell-type pro-

portions, and intracellular trans-eQTLs, which capture trans-reg-

ulatory effects in a single cell type. In our analysis of DGN data-

set, we included the estimated cell proportions as covariates, in

addition to gene expression PCs, to obtain higher proportions of

intracellular trans-eQTLs. Co-expression gene modules could

also capture cell proportion effects. In our study, we removed

cell proportions from gene expression levels before clustering

genes into co-expression modules. Although this can correct

for cell proportion effects in the co-expression modules to

some extent, we note that it does not guarantee their complete

removal.

Many studies, including ours, seek to avoid cell composition

effects. However, by closely examining trans-eQTLs discovered

in our study, we think that cell composition trans-eQTLs can also

be biologically interesting. For example, the IKZF1 locus is signif-

icantly associated with several gene modules enriched with viral

defense and other immune-related functions in trans. The locus

is also significantly associated with white blood cell proportions.

Given the general function of white blood cells in fighting infec-

tions, these observations raise the possibility that the trans-

eQTLs near IKZF1 regulate antiviral activity by affecting white

blood cell-type proportion. Supporting this hypothesis, we found

earlier that genetic variants near IKZF1 are also associated with

expression levels of genes in M159, which are enriched in genes

involved in the Notch signaling pathway. The Notch signaling

pathway plays a central role in cell proliferation, cell fate, and

cell differentiation44; thus, our analyses reveal a plausible

mode of action whereby genetic variants near IKZF1 affect mul-

tiple immune-related functions by influencing white blood cell-

type proportions.

Identifying the network effects of genetic variants not only

shed light on molecular mechanisms of complex associated

loci, but it can also have important translational applications.

First, genes that are associated with disease-relevant path-

ways can serve as evidence for therapeutic targets of the dis-

ease. In a preliminary analysis, we examined whether allergy

drug targets are more likely to be associated with immune-

related gene sets. Among a total of 142 gene sets used for

trans-eQTL identification in eQTLGen, 19 were defined as im-

mune related. We used 55 launched allergy drug target

genes from the Broad Institute Drug Repurposing Hub
Cell Genomics 4, 100538, April 10, 2024 9
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(https://repo-hub.broadinstitute.org/repurposing), 5 of which

are near allergy-associated loci in eQTLGen. Interestingly, we

found all 5 targets to be associated with immune-related

gene sets (Table S19). Detailed analyses can be found in

STAR Methods and Methods S4. Although the enrichment is

not statistically significant (p = 0.12, Fisher’s exact test;

Table S20), it is likely due to the small number of drug targets

included in our analyses. In addition, we observed that the

trans-gene modules of drug targets converge to gene sets

whose functions are highly relevant to allergy. For example,

three drug targets (IL3, UGT3A1, and SLC37A4) are associated

with gene sets enriched for the B cell signaling pathway. Sec-

ond, network effects of disease variants can be used for repur-

posing existing drug compounds to new diseases. Drug repur-

posing can substantially reduce cost and time to develop new

treatments. If the gene expression profile of an existing drug

is enriched for genes in the trans-network of associated loci

of another disease, it can serve as evidence for repurposing.

We believe comprehensive catalogs of trans-networks effects

in human cell types and tissues will serve as important re-

sources for the interpretation of trans-regulatory effects of dis-

ease-associated loci as well as translation applications. There-

fore, we made all of the trans-PCO trans-eQTL signals, with

functional annotation of the gene sets, publicly available,

downloadable, and browsable in http://www.networks-liulab.

org/transPCO.

Limitations of the study
A limitation of multivariate association tests, including trans-

PCO, is that they do not explicitly identify which genes in the

gene sets are significantly associated with the test SNP.

Although functional annotations of gene sets facilitate our under-

standing of the trans-eQTL signals, it is possible that the genes

driving trans associations are different from the genes driving

functional enrichment of the gene sets. Therefore, the biological

interpretation of trans-eQTL signals should be supported with

other evidence before it is considered definitive. However, there

are exploratory analyses that can help prioritize genes in the

network that are key drivers of the underlying signal. For

example, by examining the univariate association p values be-

tween the trans-eQTL SNP and each gene in the network, the

user can prioritize genes with the most significant p values as

likely trans-targets. Furthermore, the users can also use the p1

statistics on the univariate p values to estimate the proportion

of genes that have true trans effects in the network. Although

the exact molecular mechanism requires further validation, the

large number of trans-eQTLs identified by trans-PCO in our study

opens up new opportunities to understand complex traits-asso-

ciated loci and underlying mechanisms.
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d All original code, related to the trans-PCO pipeline and code to reproduce analyses presented in this work are publicly available
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DOIs are listed in the key resources table.

d Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

METHOD DETAILS

Trans-PCO pipeline
Data processing

Trans-PCO removes all reads that are mapped to low mappability regions, in addition to multi-mapped reads marked by alignment

tools before quantifying gene expression levels. More specifically, we downloaded themappability of 36-mer of the reference human
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genome computed by the ENCODE project and defined genomic regions with a mappability score <1 (i.e., 36-mers that could be

mapped to two ormore different genomic regions) as lowmappability regions.We removed readsmapped to lowmappability regions

allowing 2 mismatches.

Following thorough read removal, trans-PCO quantifies gene expression levels as Transcript Per Million (TPM). Gene expression

levels were first quantile normalized across samples, and then normalized to a standard normal across genes. We also filtered out

genes that are not protein-coding or lincRNA genes. Finally, to control for potential confounding factors and capture the co-ex-

pressed gene modules mainly driven by genetic effects, we regressed out covariates from the expression profiles. The typical co-

variates may include biological and technical covariates, such as genotype PCs, expression PCs, and blood cell type proportions

etc.16,17

Identification of gene co-expression networks

By default, trans-PCO uses WGCNA18 to construct gene co-expression modules, where genes are connected through correlations

among their residualized expression levels. WGCNA uses hierarchical clustering to cut the network into separate gene modules with

highly correlated expression levels. We used the default parameter settings, except that we specified the minimum module size

parameter (‘minModuleSize’) to 10 to obtain small gene modules. Trans-PCO also takes other pre-defined gene sets, such as genes

in the same pathway or biological processes.

Multivariate association test

We test if a genetic variant is associated with genes in a module through trans regulations using the multivariate model as follows,

½y1/yK � = G½b1/bK � + covariates+ e

whereG is the dosage of a reference allele representing the genotype of an SNP, bk is the effect of the SNP on k-th gene in themodule

with K genes, and yk is the expression level of the k-th gene. To test if an SNP of interest is significantly associated with the module,

we test the null hypothesis,

H0 : b1 = / = bK = 0

We use a PC-based omnibus test (PCO),15 which is a powerful and robust PC-based approach aiming at testing genetic associ-

ation with multiple genes with no prior knowledge of the true effects.

Specifically, PCO combines multiple single PC-based tests in linear and non-linear ways, corresponding to a range of causal re-

lationships between the genetic variant and genes, to achieve higher power and better robustness. A single PC-based test (most

commonly the first primary PC1) is,

TPCk
= mk

TZ�N
�
mk

Tb; lk
�
; 1 % k%K

where Z is a K31 vector of univariate summary statistic Z scores of the SNP for K genes in a module, mk is the k-th eigenvector of the

covariance matrix SK3K of Z, lk is the corresponding eigenvalue, and b represents the true causal effect. PCO combines six PC-

based tests, including,

PCMinP = min1% k%Kpk ; and PCFisher = � 2
XK

k = 1

logðpkÞ;

where pk is the p value of TPCk
. These two tests take the best p value of single PC-based tests and combine multiple PC p values as

the test statistic. Other tests include,

PCLC =
XK

k = 1

TPCk

lk
;WI =

XK

k = 1

TPCk

2;Wald =
XK

k = 1

TPCk

2

lk
;VC =

XK

k = 1

TPCk

2

l2k

which are linear and quadratic combinations of each single PC-based test weighted by eigenvalues. The six tests achieve best power

in specific genetic settings with different true causal effects.15 PCO takes the best p value of the PC-based tests as the final test

statistic,

TPCO = min pfPCMinP;PCFisher;PCLC;WI;Wald;VCg

to achieve robustness under unknown genetic architectures while maintaining a high power. The p value of PCO test statistics can be

computed by performing an inverse-normal transformation of the test statistics,

pTPCO = 1 � P
�
min F� 1

�
pfPCMinP;PCFisher;PCLC;WI;Wald;VCg

�
> F� 1

�
Tobs
PCO

��

where F� 1 denotes the inverse standard normal cumulative distribution function. The p value can be efficiently computed using a

multivariate normal distribution as described in Liu et al.15

To prevent cis-regulatory effects from driving the identified trans associations between an SNP and module, we removed genes in

the module that are on the same chromosome as the tested variant. In addition, to avoid false positive signals in trans associations
e2 Cell Genomics 4, 100538, April 10, 2024
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due to alignment errors, we discarded RNA-seq reads that are mapped to multiple locations or poorly mapped genomic regions

(mappability score <1)16,17 before quantifying gene expression levels. We calculated the summary statistic Z scores using

TensorQTL.45

Simulation
We performed simulations to evaluate power and type I error of trans-PCO, a univariate test (‘‘MinP’’) and a primary PC-based test

(‘‘PC1’’). The PC1 based test takes only the first PC as the proxy of a gene module and uses it as the response variable to test for

genetic variants with significant associations. The MinP method uses the minimum p value across genes in the module to represent

the association of the gene module. More specifically, the test statistics of the PC1method is TPC1
= m1

TZ � Nðm1
Tb;l1Þ, where Z is

the vector of z scores between the SNPs and each individual gene, m1 is the first eigenvector of the covariance matrix SK of the K

genes, l1 is the corresponding eigenvalue, and b represents the true causal effect. The p value of PC1 test statistics is computed

based on Nðm1
Tb; l1Þ. The test statistics of the MinP method is TMinP = minfpg

1;/; pg
Kg, where pg

i is the association p value of

gene i. The p value of MinP test statistics is PMinP = TMinP 3 K, which uses Bonferroni correction.

We used a real gene module containing 101 genes (Module 29) from the DGN dataset in our simulations. The correlation matrix of

the 101 genes isS101. In null simulations, we simulated Z scores of 107 SNPs from the null distribution, ZNULL � Nð0;S101Þ. We applied

the three methods to the simulated Z scores and evaluated the p values to validate if the statistical tests are well calibrated for type I

error.

In power simulations, we simulated 10k Z scores of SNPs from the alternative distribution,

ZAlt � N
� ffiffiffi

n
p �

b101g;0�T ;S101

�

where n is the sample size, b is a 101g-long vector representing the causal effect of an SNP on 101 genes, and g is the proportion of

true target genes in the module with non-zero effects. We generated bk from a point normal distribution, where bk � Nð0;s2bÞ for pro-
portion g, and bk = 0, otherwise. The trans-genetic variance is s2b, which is a low and realistic per SNP heritability for trans effects. By

default, we set the sample size n to be 500, 30% genes (30) in the module are true trans target genes, and s2b to be 0.001.

To evaluate how three tests perform across different genetic architectures, we simulatedmultiple scenarios across varying sample

sizes, target gene proportions, and genetic variances. Specifically, we looked at the cases where sample size is 200, 400, 600, and

800, causal genes proportion is 1%, 5%, 10%, 30%, and 50%, and genetic variance is 0.002, 0.003, 0.004, 0.005, and 0.006. We

simulated 10k SNPs and performed 1000 simulations. To control the false discovery rate, we corrected the p values for multiple

testing based on the simulated empirical null distribution of p values, to keep it consistent with themethod used in the RNA-seq data-

set (Methods S1).We set significance levels at 10%FDR to be consistent with real data analysis. We computed power as the average

proportion of significant tests out of 10,000 simulated SNPs across 1000 simulations. An association is significant if its adjusted p

value is lower than 0.1. We computed power as the average proportion of significant tests out of 10,000 simulated SNPs across

1000 simulations.

Genotype QC of DGN dataset
We analyzed an RNA-seq dataset from whole blood.16 We performed a series of QC on individuals, genotypes, RNA-seq reads, and

genes before quantifying gene expression profiles. The QC of RNA-seq data and quantifying gene expression is included in the pre-

processing steps of trans-PCO (see above). For individual-level QC, we removed related individuals from 922 samples and kept 913

individuals in total for further analysis. For genotype-level QC, we used SNPs with genotyping rate >99%, minor allele

frequency >5%, and Hardy-Weinberg equilibrium < 10� 6. The detailed procedures were described in Liu et al.17

Summary-statistics-based trans-PCO
The eQTLGen Consortium9 has conducted the largest cis- and trans-eQTLs association analyses in blood to date. Specifically,

31,684 samples were tested for over 11 million SNPs across 37 cohorts. The summary statistics of trans-eQTLs are available for

10,317 trait-associated SNPs on 19,942 genes.

We applied our pipeline trans-PCO to eQTLGen summary statistics, using the same 166 co-expression gene modules defined in

DGN dataset. We searched for trans-eQTLs among 10,317 SNPs.

The eQTLGen summary statistics are marginal Z scores meta-weighted across multiple cohorts. Most Z scores are from studies

where the RNA-seq reads with mappability issues were not filtered out before quantifying gene expression profiles. Therefore,

directly applying trans-PCO to the summary statistics can lead to false positive signals, which are driven by the cross-mappability

between the genes in the module and the cis-gene of the test SNP. In order to reduce false positive trans signals, we removed

from the gene module genes that are cross-mappable to the cis-gene (within 100kb) of the test SNP, which is a common practice

used in previous studies.7,16,46 We further removed genes on the same chromosome as the test SNP to prevent the detected trans

effects from being dominated by cis regulations.

The gene expression profiles are not available in eQTLGen. Therefore, to estimate the gene correlationS of a module, we searched

among eQTLGen SNPs for SNPs insignificantly associated with the module (null SNPs) (see Methods S3 for details, Figure S20). We

observed that there are less null SNPs that can be found for large modules. And simulations show that the low ratio of the number of
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null SNPs used forS estimation to themodule size leads to false positive signals (Methods S3). Therefore, we removed 37 genemod-

ules with ratios lower than 50. Finally, we performed trans-PCO on the remaining 129 gene modules.

QUANTIFICATION AND STATISTICAL ANALYSIS

Colocalization of trans-eQTLs and GWAS loci
To define a region to perform colocalization, we first selected the trans-eQTL with themost significant p value and expanded a 200kb

flanking genomic region centered at the lead SNP as a region to perform colocalization analysis. We then moved on to the next most

significant SNP and expanded a 200kb flanking region. We stopped searching for lead SNPs when all trans-eQTLs were included.

This resulted in 255 trans region-module pairs. As two adjacent regions could correspond to the same colocalization signal, we

marked adjacent regions as a region group if their lead SNPs were within 200kb, which generated 179 trans-region–module pairs

in total. We ran colocalization analysis between each 200kb trans region and GWAS loci of 46 complex traits using the R package

coloc,24 assuming there is at most one causal variant for each region. We used the default priors and 0.75 as the PP4 cutoff for sig-

nificant colocalizations. We defined a merged region group as being colocalized with a trait if any of its 200kb sub-regions has sig-

nificant colocalization with the trait. We visualized the colocalized regions using LocusCompareR.47

Colocalization of trans-eQTLs and cis-e/sQTLs
We performed colocalization analysis between trans-eQTLs and cis-eQTLs (cis-sQTLs) of genes near the trans-eQTLs. We used the

same 179 trans-region–module pairs defined in the colocalization analysis of GWAS loci. For a trans loci, we searched for the genes

within 500 kb around the lead trans-eQTLs of the loci, and used these genes to perform colocalization. We used summary statistics of

cis-eQTLs and cis-sQTLs in the DGN dataset from Mu et al.23 We ran coloc24 with default priors and 0.75 as PP4 cutoff.

Trait heritability enrichment in gene modules
To investigate whether a genemodule is enriched for trait heritability, we applied stratified LD score regression42 (S-LDSC) to 166 co-

expression gene modules and 46 complex traits and diseases. Specifically, for each module we defined the annotation set as the

SNPs within genomic regions of genes in the module and also a 500 base-pair window around the genes. We also included 97 an-

notations from the baseline model. Partitioned heritability enrichment was calculated as the proportion of trait heritability contributed

by SNPs in the module annotation over the proportion of SNPs in that annotation.

Association of drug targets with disease-relevant gene sets regulated in trans

To show the translational application of trans-PCO results, we examined whether drug targets are more likely to be associated with

disease-relevant pathways or gene sets in trans (Methods S4). We first downloaded drug targets of various diseases from The Broad

Institute Drug Repurposing Hub (https://repo-hub.broadinstitute.org/repurposing). We then examined whether the drug targets are

near any SNPs that have significant trans associations with immune-related gene co-expressionmodules or hallmark gene sets in the

eQTLGen dataset.
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Supplemental Methods

Method S1. Trans-PCO on individual level RNA-seq data (Related
to STAR Methods)

Estimating correlation matrix
To implement trans-PCO on a pair of SNP and gene module, we need two pieces of information,
(i) z-score vector of the SNP on each individual genes in the module, and (ii) estimated of theΣ
module. In the analysis of DGN dataset1, we calculated the summary statistic z-scores using
TensorQTL2 as described in Method details.

In the analysis of DGN dataset1, we calculated the summary statistic z-scores using TensorQTL2

as described in Method details.which performs ultrafast trans-QTL mapping. We included 74
biological and technical factors as covariates, including 5 genotype PCs, 10 expression PCs,
and the estimated blood cell type proportions etc1,3. In order to search along the whole genome
for trans-eQTLs of gene modules, we calculated genome-wide z-scores for every gene included
in all modules (over 10k genes).

There are two ways to estimate of a gene module4. The first way is to use correlation matrix ofΣ
the residualized gene expression levels,

,Σ = 𝑐𝑜𝑟(𝑌|𝑐𝑜𝑣𝑎𝑟𝑖𝑎𝑡𝑒𝑠)
where is the residual gene expression levels after regressing out covariates. We𝑌|𝑐𝑜𝑣𝑎𝑟𝑖𝑎𝑡𝑒𝑠
used this estimation when gene expression profiles are available, as in the case of DGN.

The other way to estimate is to use the covariance matrix of insignificant z-scores (nullΣ
z-scores) across genes in the module4,

,Σ = 𝑐𝑜𝑟(𝑍)
where is the z-score matrix of null independent SNPs and genes in the module. We used this𝑍
estimation when only summary statistics are available, as in the analysis of eQTLGen. More
specifically, we collected a large set of independent null SNPs, took the z-scores of SNPs
across module genes, and calculated the sample covariance matrix using z-scores over the
independent null SNPs. See more details in “Summary statistics based trans-PCO”.

Multiple testing correction
In the case of analyzing DGN dataset, we tested the genome-wide associations of 166
co-expression gene modules. To correct for multiple testing, we used the empirical null
distribution. Specifically, we first randomly permuted sample labels and obtained the null
summary statistics across SNPs and genes. Then, we calculated the associations for each pair
of SNPs and modules using the null z-scores, and used the p-values as the empirical null
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distribution. Finally, we corrected each observed p-value by counting how many null tests fall
below the observed p-value. We did ten permutations and used the average corrected p-values
to claim significance (FDR<0.1). By using the empirical null distribution to correct p-values, we
are able to control the false positive rate and preserve the LD structure among SNPs as well as
the correlation structure within modules.

PCs included in trans-PCO
Trans-PCO tests multiple genes jointly by combining multiple PC’s of the genes. However, it is
not always best to use all PC’s, as suggested by Liu et al.4, due to the tradeoff between
statistical power and numerical stability. Particularly, for a large module with highly correlated
genes, the correlation matrix would be close to being ill-conditioned. Therefore, theΣ
eigenvalues of the last few PC’s would be very small, which can lead to inflated test statistics.
For example, VC test (one of the six tests PCO constructs its test statistics on),

,𝑉𝐶 =
𝑘=1

𝐾

∑
𝑇

𝑃𝐶
𝑘

2

λ
𝑘
2

is weighted by the inverse of eigenvalues, where is the module size, is k-th eigenvalue, and𝐾 λ
𝑘

is the k-th PC test statistic. The VC test can be numerically unstable if it includes the last𝑇
𝑃𝐶

𝑘

few PC’s that have very small eigenvalues.

As a matter fact, we observed a few modules with very small eigenvalues (Figure S1). To
investigate how including PC’s with small eigenvalues affects the association tests, we did
simulations where we performed tests incorporating different numbers of PC’s. We found that by
including PC’s with extremely small eigenvalues, the p-values of null tests were inflated.
Therefore, instead of combining all PC’s, we discarded the last few PC’s with extremely small
eigenvalues and used only the top PC’s with eigenvalues larger than 0.01.

Method S2. Compare trans-PCO with existing methods (Related
to STAR Methods, Figure 2, and Figure 3)
We compared trans-PCO to a few other methods, including the primary PC method proposed by
Kolberg et al.7, ARCHIE method proposed by Dutta et al.8, and a method proposed by Rotival et
al.10. We provided thorough comparisons to the three methods in simulations and/or real data
analyses.

Compare trans-PCO and primary PC method
The Kolberg et al. method7 applies the similar idea of first constructing co-expression modules
and then testing associations between a variant and a group of genes. The method essentially
uses the first primary PC (PC1) of a gene module to represent the co-expression pattern among
genes. Specifically, the method first infers gene co-expression modules using two types of
methods - co-expression clustering (WGCNA and funcExplorer) or matrix factorisation (PLIER,
ICA and PEER) methods. Each gene co-expression module is represented by a single
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‘eigengene’ that captures the co-expression correlation within the module. As noted in Kolberg
et al.7, the ‘eigengene’ is essentially PC1 of a gene module or highly correlated with PC1.

Apply the primary PC method to DGN dataset

To compare the primary PC method7 that includes only the first PC in the test and trans-PCO
that combines multiple PC’s, we also applied the primary PC approach to detect trans-eQTLs of
the RNA-seq dataset (DGN). Specifically, the test statistic we used to test a pair of SNP and
gene module is,

,𝑇
𝑃𝐶

1

= µ
1

𝑇𝑍

where is the z-score vector of the SNP over the gene module, is the eigenvector of the first𝑍 µ
1

PC. The idea is to utilize the first PC of the module as a one-dimensional proxy phenotype to
represent the module and then test its association with SNPs.

The procedure of applying the primary PC method to DGN is similar to that of applying
trans-PCO. Specifically, we started with the processed gene expression profiles by removing
RNA-seq reads that were poorly mapped or cross-mapped to multiple genomic regions (see
Methods). We then regressed out the biological and technical covariates as in trans-PCO. We
obtained the first PC from the residual gene expression levels to calculate the test statistic. We
also constructed the co-expression gene network from the residualized expression levels, and
tested the same set of 166 co-expression gene modules defined as in DGN dataset. We also
removed genes from the tested module that are located on the same chromosome as the tested
SNP, to avoid the confusion of cis effects. We then performed a genome-wide scan of
trans-eQTLs of 166 modules using the primary PC method. We corrected for multiple testing
based on the empirical null distribution of p-values obtained by permuting sample labels. We did
ten permutations. An association is claimed to be significant if the average corrected p-value is
under 0.1.

Performance comparison in simulations and real dataset

Previous studies have shown that PC1 has very limited power in identifying genetic effects on
multiple genes, even though PC1 captures the largest amount of total variance in gene
expression levels. Higher order PCs may have better power than PC1, but it is hard to predict
which PCs to use to achieve the best power, as achieving high powers depends on not only a
good representative of a gene module, but also the true genetic effects of variants on genes in
the module, which is unknown in practice. Therefore, to achieve high and robust power, we
used the omnibus PC-based test (PCO), which uses multiple PCs and combines these PCs in
several linear and nonlinear ways to capture various genetic effects under different genetic
architectures4.

We performed a thorough comparison of our method and Kolberg et al. both in simulation
(Figure 2, Figure S2, Figure S9, Figure S8, Methods ‘Simulation’) and real data analysis (Figure
S7, Supplementary Note ‘Apply the primary PC method to DGN dataset’). In simulations, we
showed that the PC1 approach (i.e. Kolberg et al) indeed had limited power for detecting
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trans-eQTLs associated with multiple genes’ expression levels. For example, in Figure 2, the
PC1 approach had a power of 0.0018% versus 74% of trans-PCO at the sample size of 800
under a specific but realistic simulation setting. In Figure S2, we showed that PC1 also had very
limited power (near 0% power) in comparison to trans-PCO and the univariate approach under
various simulation settings of genetic variance. We also applied the Kolberg et al. method to the
real dataset DGN. In summary, Kolberg et al. method identified a much less number of trans
signals than trans-PCO. More specifically, it identified 1483 significant trans-eSNP–module pairs
(55 trans-loci–module pairs) at 10% FDR, and 1464 pairs (99%) were detected by trans-PCO
(Figure S7). Overall, Kolberg et al. method identified 38% of trans signals detected by
trans-PCO (Figure S7).

While this result supports that trans-PCO is more powerful than Kolberg et al. method, there
were more signals detected by Kolberg et al. method in real data than expected from simulation
results, where it remains powerless across almost all simulation settings. To address the
discrepancy between the Kolberg et al. method performance in simulations versus real data, we
performed additional simulations and analyses with real data (Figure S7, Figure S9, Figure S8).

We note that we simulated weak trans effects and sparse causal proportions in the simulations
in order to better reflect common and realistic trans effects. To further represent general use
cases, we did not specify the direction of the genetic effects on genes in a module in relation to
the primary PC of the module. Although Kolberg et al. method remains powerless in these
general simulation settings, we showed in additional simulations that it can have good statistical
power in some specific cases. For example, statistically, PC1 can also have good statistical
power when the trans effects align with the direction of PC1. To demonstrate this, we performed
simulations under the assumption that the genetic effect vector perfectly aligns with the primary
PC direction. We found that Kolberg et al. method has higher power than trans-PCO and MinP
methods under this special circumstance (Figure S9). However, it is impossible to predict
whether the directions would align in real data as the true genetic effects are unknown.

Additionally, we found that the Kolberg et al. method also gains power when the genetic effects
are substantially large and the proportion of causal genes in the gene module is high. We
performed simulations, where the genetic variance is 0.2 and the proportion of causal genes is
100%, the method has 50% power of identifying signals (Figure S8). Therefore, we expect some
trans signals that are detected by the Kolberg et al. method in real data are likely to be among
the strongest trans effects. We compared the univariate z-scores of trans-eQTLs detected by
trans-PCO and the Kolberg et al. method (Figure S7B-D). We found that signals identified by the
Kolberg et al. method have higher z-scores than signals detected by trans-PCO, supporting that
the Kolberg et al. method detected those strong trans effects in real data, whereas trans-PCO
detected additional trans signals with much weaker effects.

We did not apply the Kolberg et al. method to eQTLGen dataset, because their method is not
applicable to summary-statistics level data. In contrast, trans-PCO can be applied to both raw
individual level expression/genotype dataset and summary-statistical level data.
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Through simulations and real data analyses, we conclude that trans-PCO is much more
powerful than Kolberg et al. at identifying trans-eQTLs of gene sets. In addition, trans-PCO has
wider applications as it does not require individual level data of gene expression and genotypes.

Compare trans-PCO and ARCHIE
We compared trans-PCO to the ARCHIE method proposed in Dutta et al.8. ARCHIE is a
summary statistic-based method with the goal of identifying sets of gene expressions
trans-regulated by sets of known trait-related SNPs. The key output of ARCHIE is ARCHIE
components, which are a set of selected genes and a set of trait-relevant SNPs whose linear
combinations have a high canonical correlation (cc-value) due to trait-specific trans regulations.
Specifically, Dutta et al.8 analyzed genetic variants associated with 29 traits using eQTLGen
summary statistics. The authors made ARCHIE components of three traits (Figure S4) publicly
available, including prostate cancer, schizophrenia, and ulcerative colitis.

ARCHIE and trans-PCO are designed with different goals and usages. First, trans regulations
captured by ARCHIE components reflect only trait-specific associations. ARCHIE uses only
variants specific to a specific trait as input and finds trans regulations by these variants.
Additionally, ARCHIE tests significance against a competitive null hypothesis, which
characterizes all trait-associated variants and reflects general trans regulations not specific to
any trait, as trait-associated variants are expected to be enriched for trans-eQTLs8. Therefore, a
p-value under the competitive null hypothesis reflects the significance of trait-specific patterns.
In contrast, trans-PCO identifies all trans-eQTLs of given tissues and cell types under the
general null hypothesis assuming no trans effects. In addition, using ARCHIE to perform
genome-wide scan of trans-eQTLs in a non-trait specific manner can be challenging, as
non-trait specific p-value is not computable in current implementation of the method and it will
be extremely computational challenging (due to the computational intensive resampling
procedure and difficulty of manipulating whole-genome LD matrices).

Second, trans-PCO and ARCHIE are designed to capture different trans-regulatory effects
(Figure S4A). As shown in ARCHIE simulations8, it is powerful in the case where one gene has
multiple weak trans effects or more complicated trans effects between multiple SNPs and
multiple genes. For example, multiple GWAS variants converge onto the core genes through
trans regulation) or multiple disease–associated variants have weak effects on multiple genes
(Figure 2 in Dutta et al.). In fact, they observed that a majority of novel genes they found have
multiple weak trans associations with variants selected in ARCHIE components. In contrast,
trans-PCO is powerful in detecting trans signals where a SNP has weak trans effects on multiple
gene expressions as shown in our simulations, for example, a transcription factor has trans
effects on multiple target genes.

Third, another difference lies in the way gene sets (modules) are defined by two methods for
evaluating associations. Specifically, ARCHIE takes all genes as input and infers gene sets as
gene components, whereas trans-PCO is flexible to be applied to any user-defined gene set
(module) of interest, such as biological pathways or processes.
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Lastly, ARCHIE identifies components, consisting of multiple trait-associated SNPs and multiple
genes. The interpretation of an ARCHIE component is that sets of gene expressions are trans
regulated by sets of trait-associated variants, without knowing which exact variant drives the
association. ARCHIE components make it useful for identifying genes involved in traits through
trans regulation, but not to identify trans-eQTL SNPs. In contrast, trans-PCO identifies
associations between a single variant and multiple genes, which makes it easier to interpret
trans signals (e.g., whether a trans-eQTL is a cis-eQTL or cis-sQTL, or whether the nearest
gene to the top trans-eQTL is a transcription factor). Although ARCHIE can also be applied to
single-variant cases, the power is extremely low (Figure S4E).

The differences in goals and usages of ARCHIE and trans-PCO make them not directly
comparable. However, to give readers and users insights on when and how each method
should be used, we compared their performance using three strategies: (1) in simulations, we
evaluated how well ARCHIE can detect regular trans-eQTL signals between a single SNP and a
gene set, and (2) in eQTLGen, we evaluated how well trans-PCO can replicate signals detected
by ARCHIE, and (3) we compared trans signals reported by trans-PCO and ARCHIE in the
eQTLGen datasets. The details of the three comparisons are as below.

Comparison of performance in simulations

To evaluate how well ARCHIE can detect regular trans-eQTL signals from a single SNP, we
applied ARCHIE to our simulation settings as described in Methods. To recapitulate, we used a
real co-expression gene module consisting of 101 genes from DGN dataset. We simulated
z-scores from a normal distribution using the correlation matrix of the gene module, sample size
500, causal gene proportion 30% with 30 genes being true target genes, and genetic variance
0.001 as parameters. Trans-PCO has a power of 36% under this setting.

To run ARCHIE, three main inputs are needed8, including (1) , column-correlations of geneticΣ
𝐺𝐺

variants, (2) , column-correlations of gene expressions, and (3) , cross-covariance matrixΣ
𝐸𝐸

Σ
𝐺𝐸

between variants and gene expressions. In our simulation settings, we tested one variant at a

time. Therefore, . We set , and we approximate with . We usedΣ
𝐺𝐺

= 1 Σ
𝐸𝐸

= Σ
101

Σ
𝐺𝐸

𝑍
101

𝑁

various genetic variances ranging from 0.002 to 0.006. For each scenario, 1000 simulations
were performed.

ARCHIE calculated cc-values (Figure S4B) that measure the trans association between each
variant and gene sets across 1000 simulations and scenarios. ARCHIE also selected genes
(Figure S4C) from the 101 input genes to be target genes in ARCHIE components. While only
30% of genes have true trans effects, ARCHIE selected nearly all 101 genes in the ARCHIE
component (Figure S4C). To calculate the p-value of a cc-value, we simulated an empirical null
distribution of cc-values by simulating one million null z-scores. Then, an empirical p-value is
calculated to be the expected number of null cc-values larger than the observed cc-value
(Figure S4D). We found that ARCHIE p-values are deflated across genetic variances (Figure
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S4D). To calculate power, p-values were adjusted for multiple testing to control the false positive
rate using R package ‘qvalue’9 (FDR < 0.05, Figure S4E).

ARCHIE was not able to identify significant tests in any of 1000 simulations in our simulation
settings, even at the largest genetic variance of 0.006 (Figure S4D). This result is not surprising,
as ARCHIE is not designed to detect the type of trans signal trans-PCO is designed to detect.
Trans-PCO is designed to identify weak trans effects from a single SNP to a set of genes, for
example, from a cis-eQTL of a transcription factor gene to multiple co-regulated genes;
therefore, in our simulation settings, one SNP has weak trans effects on multiple genes with
co-regulated expressions. However, ARCHIE is designed to detect trans effects where multiple
SNPs have weak effects on one gene (for example, multiple GWAS variants have weak trans
effects on a single gene) or more complicated trans effects between multiple SNPs and multiple
genes (see Figure 2, Dutta et al.8).

Dutta et al.8 performed simulations to evaluate the power of ARCHIE in simulation settings that
ARCHIE is designed for. More specifically, in contrast to our simulation settings, ARCHIE
simulations simulated multiple SNPs to have weak trans effects on a single gene (the simple
model in Figure 2 of Dutta et al.8) and a more complex model where multiple SNPs having weak
trans effects on multiple genes (the complex model in Figure 2 of Dutta et al.8). However, the
simulation was complicated and was not easy to replicate without the original source code
(which is not publicly available). To perform fair comparisons between the two methods, we
seeked alternative approaches to evaluate whether trans-PCO could replicate ARCHIE signals
in real data analyses (i.e. eQTLGen dataset), rather than in simulations. The details can be
found in the following two sections.

Apply trans-PCO to ARCHIE selected gene sets

Another way we used to compare trans-PCO and ARCHIE was to evaluate whether trans-PCO
can identify the trans signals identified by ARCHIE in the eQTLGen dataset. In eQTLGen, Dutta
et al.8 identified gene sets that are significantly associated with disease–associated variants of
29 traits through trans regulation, though only results for three traits were publicly available.
Specifically, 2 (resp. 1 and 2) selected gene sets were identified to have significant trans
associations with prostate cancer (resp. schizophrenia and ulcerative colitis)–associated
variants, respectively (Figure S4I). Each component contains a set of variants and a set of
genes that are associated through trans association. Since trans-PCO is designed to identify
trans-eQTLs of user-specified gene sets, we applied trans-PCO to gene sets in the five
components, and identified the genetic variants associated with the gene sets. We then
compared the genetic variants identified by trans-PCO to those by ARCHIE. The goal is to
check if trans-PCO could replicate ARCHIE signals.

We applied trans-PCO to eQTLGen summary statistics and used ARCHIE-selected gene sets
as gene modules. There are five ARCHIE gene sets for three traits (Figure S4). We performed
trans-PCO on the five gene sets and calculated association p-values across all eQTLGen
variants. The procedure of applying summary-statistics–based trans-PCO is described in the
previous section. To estimate the correlation matrix for a gene set, we used the sample
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correlation among genes using independent null variants, which are defined to have p-values
smaller than 1e-4 for all genes in the set (Figure S4F). The ratio between the number of null
SNPs and number of genes is high (minimum ratio=53), indicating the estimation of the
correlation matrix should be accurate enough to avoid false positive inflation (Figure S16 and
Figure S17). We test only trans variants that are either more than 5Mb away from genes in the
set or on different chromosomes, to be consistent to the definition used in Dutta et al.8. P-values
were adjusted for multiple testing to control the false positive rate by Bonferroni correction (FDR
< 0.05, Figure S4G, Figure S4H).

Among five components, four had significant trans associations by trans-PCO with at least one
of ARCHIE selected variants in the same component (Figure S4H). Therefore, trans-PCO
replicated 80% of the trans signals identified by ARCHIE at 5% FDR. In total, ARCHIE identified
134 variants in the five components. Trans-PCO replicated a large proportion
(min:36.5%~max:85.1%) of the variants for component 1’s (C1’s) for the three diseases (Figure
S4H). Only one out of the 13 variants (7.7%) were replicated by trans-PCO for component 2
(C2) of prostate cancer. Nonetheless, trans-PCO identified 1655 additional significant
trans-eQTL SNPs at 5% FDR ranging from 65 to 640 for each set (Figure S4G).

In summary, by applying trans-PCO to the five ARCHIE identified gene sets in eQTLGen, we
identified 1702 trans-eQTL SNPs. ARCHIE identified 134 variants, and 47 (35%) variants are
common to both methods. Trans-PCO replicated at least one variant for the corresponding gene
set in four out of the five components (Figure S4H). We also found trans-PCO has a better
replication of variants in C1’s than C2’s (36.5%-85.1% in C1 vs. 0%-7.7% in C2).

Comparison of eQTLGen signals

We compared trans-PCO and ARCHIE by directly comparing the eQTLGen signals detected by
the two methods. ARCHIE identified gene sets that are significantly associated with
disease–associated variants of 29 traits, though only results for three traits were publicly
available. There were five significant ARCHIE components for the three traits. Each component
contains a set of SNPs and a set of genes, and the set of SNPs are correlated to the set of
genes through trans regulation.

We also applied trans-PCO to eQTLGen summary statistics as described in the previous
section. We analyzed 129 co-expression gene modules and identified 8116 significant
trans-eSNP–gene co-expression module pairs, corresponding to 2161 eQTLGen test SNPs and
122 gene modules.

To check if ARCHIE signal components found in eQTLGen were replicated by trans-PCO, we
checked (1) if ARCHIE selected genes are included in the significant trans target gene modules
identified by trans-PCO (Figure S4I), and (2) if ARCHIE selected variants are replicated as
trans-eQTL SNPs by trans-PCO (Figure S4J). Among selected genes by ARCHIE, all of those
included in our eQTLGen analysis were included in a significant trans-eQTL module by
trans-PCO (Figure S4I). Among selected variants by ARCHIE, 31% (40 out of 129 included
variants) were also replicated as significant trans signals by trans-PCO (Figure S4J). We note
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that failing to replicate the remaining ARCHIE signals does not indicate poor performance of
trans-PCO for detecting trans-eQTLs, as trans-PCO detected 15x more trans-eQTL SNPs than
ARCHIE. ARCHIE and trans-PCO are designed to detect different trans signals: ARCHIE is
designed to identify trans signals in which a target gene has weak trans effects from multiple
SNPs (for example from multiple GWAS SNPs to a single gene, as modeled in ARCHIE
simulations, Figure 2 of Dutta et al.8), whereas trans-PCO is designed to detect trans effects
from one SNP to multiple genes (for example trans effects from a master regulator to multiple
downstream genes).

In summary, we compared trans-PCO to ARCHIE in both simulations and in real data analyses.
While both are more powerful than the univariate trans-eQTL method (Figure 2 of our main text
and Figure 2 of Dutta et al.8), trans-PCO and ARCHIE are designed to detect different types of
weak trans-eQTL signals. Our comparison results also support that trans-PCO and ARCHIE are
powered at detecting different trans-eQTL signals. For example, ARCHIE has no power to
detect weak trans effects from one SNP to multiple genes in the simulation analyses; while
trans-PCO detects a lot more trans-eQTL SNPs for the same gene sets than ARCHIE, it only
replicate part of the trans-eQTL SNPs selected by ARCHIE. There are also other differences
between ARCHIE and trans-PCO (see Discussion in the main text), for example, ARCHIE
signals are disease specific and the main goal is to identity trans genes associated disease
associated variants, whereas trans-PCO signals are not disease specific and can be used to
perform genome-wide scans of trans-eQTLs and produce comprehensive catalogs of
trans-eQTLs in various tissues and cell types. trans-PCO can be applied to identify trans-eQTL
SNPs of any user-defined gene sets; in contrast, ARCHIE takes all genes as input and infers a
subset of genes trans regulated by the variants.

Compare trans-PCO and Rotival et al.
We compared trans-PCO to the method proposed in Rotival et al.10, which is to identify
trans-eQTLs of co-expressed gene sets, and shares the same goal as trans-PCO. Therefore,
we used simulations to demonstrate the Rotival et al. method has minimal power to identify
weak trans effects. We will first describe how the Rotival et al. method works and then
demonstrate the performance of the method in simulations.

The Rotival et al. method consists of four main steps: (1) Independent Component Analyses
(ICA), a matrix factorisation method, is used to infer components representing co-expression
patterns from the expression of all genes; (2) ICA components are then tested against all SNPs
to filter out non-suggestive associations (p value>1e-7); (3) for the remaining components and
SNPs, a subset of genes contributing strongly to each component are selected as a gene
module; (4) for a pair of gene module and a SNP, a significant association is identified if the
genes in the module are enriched in genes that are individually associated to the SNP
(univariate p-value<1e-5) compared to all other background genes outside the module. The
enrichment is tested using the hypergeometric test.

We want to note two points in the comparison of Rotival et al. method and trans-PCO. First,
filtering out non-suggestive associations in step (2) can lead to loss of power for identifying
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trans-eQTLs. Second, enrichment analysis to quantify the associations between a gene module
and a SNP has limited power at detecting weak trans signals. We elaborate our points as
follows.

First, we note that filtering associations of ICA components and SNPs in step 2 can be a major
power limiting step. To calculate the association between an ICA component and a SNP, the
factor loadings of the ICA component are used as the component (or module) profile. As
observed in Kolberg et al.7, the factor loadings of matrix factorisation (or eigengenes) is highly
correlated with the first primary PC (PC1) of gene modules defined by co-expression clustering
analysis. However, we and others have shown that PC1 has very limited power for detecting
trans genetic effects between co-regulated gene sets and variants (see more discussions on
PC1 having limited power in the comparison with PC1). Therefore, many trans signals would
have weak associations with PC1, and thus would be removed from the remaining signals used
in following steps to identify final trans signals.

Additionally, we note that the enrichment analysis by hypergeometric test is less powerful at
detecting weak trans effects. As stated above, Rotival et al. essentially uses hypergeometric
tests to identify trans-eQTL SNP-component associations, which are expected to have an
enrichment of weak trans effects. We therefore performed simulations to evaluate the
performance of the enrichment test used by Rotival et al., assuming genes representing
co-expression module are already known. The simulations were adapted from the original
simulations evaluating the power of trans-PCO as described in Methods (“Simulation”). We first
simulated the z-scores between a SNP and genes in a gene module, following the𝐾 = 101
distribution , where is sample size (N = 500), is a vector representing the true𝑁

𝐾
( 𝑛β,  Σ

𝐾×𝐾
) 𝑛 β

effect sizes of the SNP on genes and is the residualized expression correlation matrix of𝐾 Σ
𝐾×𝐾

101 genes from a real gene module of DGN dataset. Among genes, a proportion of them𝐾 γ
are causal with non-zero effects. Therefore, we generated from a point normal distribution,β

𝑘

where for proportion , and , otherwise.β
𝑘
~𝑁(0,  σ2

𝑏
) γ (γ = 1%,  5%, 10%, 30% 𝑎𝑛𝑑 50%) β

𝑘
= 0

The trans genetic variance is set to be 0.001 as default. We also tried larger variances, 0.01,σ2
𝑏

0.05, 0.1, and 0.2. We simulated 10k SNPs for each simulation and 1k simulations.

To check if target causal genes are enriched in genes included in the module, we also simulated
the “background” genes, i.e. genes outside the module. We assume genes outside the module
are independent and there are no target causal genes. We simulated 12,001 background genes
(12,102 genes used in DGN dataset, subtracted by 101 genes included in the module) from
standard normal distribution with zero effects. To define significant individual associations for
enrichment, we used p-value cutoff 1e-5 to be consistent with Rotival et al.. Then the
enrichment p-value of a SNP for the gene module was calculated by the hypergeometric test.
P-values were adjusted using ‘qvalue’ at FDR<0.1. Power was calculated as the proportion of
SNPs that were identified to be significant among 10k SNPs.
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As shown in Figure S5, Rotival et al. has minimal power at detecting trans associations in the
case of weak effects. Under the setting where genetic variance is 0.001, the enrichment test has
no power across all causal proportions, while trans-PCO has much higher power, for example,
power is 37% when 30% genes are true target genes. We note that the enrichment test can
have power for detecting trans-eQTLs when the trans effects are large (which is not common for
trans-eQTLs). For example, when genetic variance is 0.01, the enrichment test has a power of
32% when 5% genes are target causal genes. Trans-PCO has a higher power of 64% under the
same setting. In the case of even larger genetic variances, e.g. 0.1 and 0.2, the enrichment test
has a comparable power with trans-PCO. In summary, the enrichment test does not have power
to detect multiple weak trans effects.

In summary, we thoroughly compared the performance of trans-PCO versus the three methods.
It is clear that trans-PCO significantly outperforms the existing approaches for mapping
trans-eQTLs of coexpressed gene sets. While the co-regulation patterns of genes by
trans-eQTLs have long been recognized, trans-PCO provides a powerful and elegant solution to
mapping trans-eQTLs of these gene sets. Trans-PCO method was carefully made into an
easy-to-use and reproducible pipeline. It is flexible and can be applied to both RNA-seq data
with genotypes or summary statistics, and the user can define various gene sets (e.g. biological
pathways or processes) as modules of interest. Our map of trans effects can also be used in
follow up analysis, such as colocalization, to improve our understanding how trait associated
loci impact gene regulatory networks and pathways through trans regulatory effects.

Method S3. Summary statistics based trans-PCO (Related to
STAR Methods)
In the case where only summary statistics are available, in order to perform multivariate
association test between a SNP and a gene module, we approximated of the module byΣ
calculating the sample covariance matrix of z-scores over a large set of independent null SNPs4

(see previous section). More specifically, we selected independent SNPs that are insignificantly
associated (P < 1e-4, Figure S20) with all genes in the module, collected the z-scores of genes
over these independent null SNPs, and calculated the sample correlation matrix.

We applied trans-PCO to eQTLGen summary statistics5. Specifically, we grouped eQTLGen
genes into 166 co-expression modules as defined using DGN dataset. There are only 10,317
trait associated SNPs analyzed in eQTLGen that have full summary statistics for all genes
available. Therefore, we searched for independent null SNPs of modules among the limited set
of SNPs. One issue is that less SNPs were found to have insignificant associations with all
genes in larger modules, which means a low ratio of independent null SNPs over module size
for these modules (Figure S16).

Simulations to evaluate and eliminate signal inflations
We wanted to look into if a low ratio of independent null SNPs over module size can lead to
noisy estimation of correlation matrix and inflated signals for larger modules. Therefore, we
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performed simulations to evaluate the p-values distribution of null tests given various Σ
estimations using a range of ratios.

We chose a gene module of size from 166 DGN co-expression modules and the𝐾
corresponding estimated by DGN gene expression profiles. We first simulated 10k null SNPsΣ

𝐾

with insignificant associations from as the test set. We then generated z-score𝑍
𝐾

∼ 𝑁(0,  Σ
𝐾

)

matrix of null SNPs from ( ) as a training set to be used for𝑍
𝑚×𝐾

𝑚 Σ
𝐾

𝑍
𝑚×𝐾

∼ 𝑁(0,  Σ
𝐾

) Σ
𝐾

estimation. To look at the how using various ratios of independent null SNPs over module size (

) affects signal identification, we estimate a series of using the sample correlation of𝑚/𝐾 Σ
𝐾

^

under various number of null SNPs ( ). Lastly, we tested the 10k null SNPs by applying𝑍
𝑚×𝐾

𝑚

trans-PCO using the estimated by various ratios. To look at how affects trans-PCOΣ
𝐾

^
𝑚/𝐾 Σ

𝐾

^

p-values, we plotted QQ-plot of p-values of all ratios. We performed simulations for𝑚/𝐾
modules of various sizes, including module 1-11, 15, 20, 30, 40, 50, 60, 70, 90, 100, 150, 166.
We used various ratios, including 1, 5, 10, 50, 100, 150 (Figure S16).𝑚/𝐾

We observed that low ratio can result in inflated null signals, especially for ratios under 50.𝑚/𝐾
Therefore, in order to control signal inflations and avoid false positive signals, we removed
those large modules with low ratios under 50 (Figure S16) from the following trans-eQTLs𝑚/𝐾
detection. As a result, we removed 37 co-expression gene modules and performed trans-PCO
on the remaining 129 modules.

Other modifications to summary statistics based trans-PCO
We made several other modifications to trans-PCO to make it feasible when only summary
statistics are available. We used a more conservative multiple testing correction method,
Bonferroni correction, to correct for multiple testing. It is not possible to use the permutation
based correction as in analyzing DGN dataset, because no individual level data is available.
Therefore, we corrected p-values by multiplying 10,317 (the number of tested SNPs) and 129
(the number of tested gene modules).

We also removed genes from the module that are located on the same chromosome as the
SNP, in order to avoid cis effects. Additionally, we removed genes cross-mappable with any cis
genes within 100kb of the tested SNP. This is to reduce false positive trans-eQTLs due to
possible sequence errors when calculating summary statistics from RNA-seq reads without
carefully filtering out problematic reads.

As a summary, we made a few modifications to summary statistics based trans-PCO, to ensure
the trans signals are well controlled for test statistics inflation and false positives. First, we
estimated the correlation matrix of modules using a large number of independent null SNPs (P <
1e-4). Second, we considered only 129 modules that have accurate estimated correlations (

) for signal detections. Third, we tested the associations between SNPs and genes in𝑚/𝐾 > 50
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the module that are on different chromosomes as the SNPs. Fourth, we removed genes from
the module that are cross-mappable with any cis genes of the SNP (<100kb).

Method S4. Drug targets are associated with immune-related
gene sets in trans (Related to STAR Methods)
We focused on the disease allergy, because it is immune-related given our analyzed gene
expression datasets are from blood tissue. It has a relatively large number of drug target genes
(55 launched targets), 5 of which are near (within 1Mb) allergy associated SNPs in eQTLGen
(~10k SNPs used for trans analysis). We identified SNPs that are significantly associated with
allergy using allergy GWAS summary statistics (Table S10, p-value<5e-8). We then examined
whether these 5 drug targets are near any SNPs that have significant trans associations with
immune-related gene co-expression modules or hallmark gene sets in the eQTLGen dataset.
Among a total of 142 gene sets (129 co-expression gene modules and 11 hallmark gene sets)
used in eQTLGen analysis, 19 were defined as immune-related. Interestingly, we found that all 5
drug target genes near allergy loci are associated with an immune-related gene set through
trans regulation. Details of the targets and their associated immune-relevant gene sets can be
found in Table S19. While the enrichment of allergy drug targets in trans-eQTLs of
immune-related gene sets is not statistically significant (P=0.12, Fisher’s exact test; Table S20),
it is likely due to the small number of drug targets in the analyses. Additionally, it is encouraging
to see that the gene sets associated with the drug targets are highly relevant to allergy, for
example, B cell receptor signaling pathway is associated with three of the drug targets.
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Supplemental Figures
Figure S1. Distribution of eigenvalues of gene module 1. Related to STAR Methods.

Figure S2. Simulation results at various genetic variances, including at extremely low
proportions of causal genes. Related to Figure 2.

Figure S3. Quantile-quantile plot of P values from null simulations. Related to Figure 2.

Figure S4. Comparison of trans-PCO and ARCHIE. Related to Figure 2 and Figure 3.

Figure S5. Comparison of trans-PCO and Rotival et al.. Related to Figure 2 and Figure 3.

Figure S6. Trans-PCO analyses of co-expression gene modules in DGN. Related to Figure 3.

Figure S7. Comparison between trans-eQTLs detected by trans-PCO and PC1 methods.
Related to Figure 3.

Figure S8. Simulation scenario when parameters are large. Related to Figure 2.

Figure S9. Simulation scenario when PC1 has the highest power. Related to Figure 2.

Figure S10. Colocalization of trans-eQTLs and cis-eQTLs at (A) NFE2 and (B) PLAGL1 loci.
Related to Figure 3.

Figure S11. Gene ontology enrichment of co-expression gene modules (A) M3 and (B) M4.
Related to Figure 3.

Figure S12. 965 trans-eSNP-module pairs in DGN associated with 50 MSigDB hallmark gene
sets representing well-defined biological processes. Related to Figure 3.

Figure S13. Heritability enrichment of all gene modules in all traits. Related to Figure 4.

Figure S14. Colocalization of trans-eQTLs of the heme metabolism and various red blood traits.
Related to Figure 4.

Figure S15. Heritability enrichment of gene module M3 in blood traits estimated by S-LDSC.
Related to Figure 4.

Figure S16. Summary-statistic–based trans-PCO is well controlled for test statistics inflation.
Related to Figure 5.

Figure S17. Ratio of independent null SNPs over module size across 50 MSigDB
biological processes. Related to Figure 5.
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Figure S18. The trans-PCO P values in eQTLGen are much smaller than in DGN. Related to
Figure 5.

Figure S19. Associations at the ARHGEF3 locus with gene modules in both DGN and
eQTLGen. Related to Figure 5.

Figure S20. P value cutoff to define null SNPs for gene modules. Related to STAR Methods.
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Figure S1. Distribution of eigenvalues of gene module 1. Related to STAR Methods. We
use gene modules 1 as an example. PC’s are shown on the x-axis. The eigenvalues are
shown on the y-axis. The dashed line represents the eigenvalue cutoff (0.01) we used to
define PC’s included in the test. We can see the last few PC’s have extremely small
eigenvalues.
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Figure S2. Simulation results at various genetic variances. Related to Figure 2. (A) We
compared the power of trans-PCO, PC1, and MinP methods under genetic variances
0.002, 0.003, 0.004, 0.005, 0.006. We used the same gene module as in Figure 2. We
simulated sample size to be 500 and the proportion of target genes with non-zero effects
in the gene module to be 30%. Power was computed from 10k SNPs across 1000
simulations. The error bars are 95% confidence intervals. Many are too small to be
visible. (B) Various genetic variances at extremely low proportions of causal genes.
Simulation scenarios when univariate test can be more powerful than multivariate test
trans-PCO. We compared the power of trans-PCO and MinP methods under large effect
sizes with high levels of sparsity. Specifically, we simulated the proportion of target
genes with non-zero effects to be 1%, 5%, and 10%, and large genetic variances to be
0.01, 0.05, 0.1, and 0.2. We used the same gene module as in Figure 2 and simulated the
sample size to be 500. Power was computed from 10k SNPs across 1000 simulations.
P-values are from the Wilcoxon test to compare two group means. We observe that
univariate method (“MinP”) has significantly higher power than multivariate method
(“trans-PCO”) when the sparsity level is high and effect sizes are large. For example, in
the case of large genetic variance (varb=0.05) and one gene being causal (casual
proportion 1%), MinP has significantly higher power than trans-PCO (p-value=1e-8). As
causal genes increase, both MinP and trans-PCO have increased power. To be noted, in
the case of small genetic variance (varb=0.01) with weak effects, trans-PCO gains more
power than MinP as it aggregates multiple weak effects to improve power.
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Figure S3. Quantile-quantile plot of P values from null simulations. Related to Figure 2.
We simulated 10 million null SNPs with zero effects for genes in the simulated gene
module (same as Figure 2 and Figure S2). We tested the trans association of simulated
SNPs with gene modules using trans-PCO, PC1, and MinP methods and calculated the P
values. Colors represent different methods.
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Figure S4. Comparison of trans-PCO and ARCHIE in Dutta et al.8. Related to Figure 2 and
Figure 3. (A) Trans-PCO and ARCHIE are designed to capture different trans regulatory
effects. (B)-(E) Simulation comparison. (B) Distribution of ARCHIE cc-values across
various genetic variances. (C) Number of selected genes by ARCHIE across various
genetic variances. Red line indicates the number of true target genes, i.e. 30. (D) QQ plot
of empirical p-values across various genetic variances. (E) Distribution of adjusted
p-values across various genetic variances. Red line shows FDR level 0.05. (E)-(G)
Trans-PCO on ARCHIE selected gene sets. (F) X-axis shows significant ARCHIE
components for three traits, prostate cancer (Prosc), Schizophrenia, and Ulcerative
Colitis (UC). C1 and C2 mean the first and second component. Each component is a pair
of selected genes set and variants set. Y-axis shows the size of ARCHIE gene sets (light)
and the number of independent null variants (dark) used to estimate correlation matrix of
the gene sets. (G) P-values (with Bonferroni correction) of each variant and ARCHIE gene
set by trans-PCO. Each panel is an ARCHIE component. Red cross indicates variants
selected by ARCHIE. Grey line shows FDR level 0.05. (H) Number of ARCHIE variants
across components that are also significant by trans-PCO (dark). (I)-(J) Comparison of
eQTLGen signals by trans-PCO and ARCHIE. (I) Number of selected genes across
ARCHIE components. Lightest blue (Selected) represents the number of selected genes
by ARCHIE of each component. Darker blue (Included) represents the selected genes
included in trans-PCO eQTLGen analysis. Darkest (Signal) represents genes included in
a significant trans target gene module by trans-PCO. All ARCHIE selected genes that are
analyzed by trans-PCO are in significant trans gene modules by trans-PCO. (J) Number of
selected variants across ARCHIE components. Labels are similar as in (I).

20



Figure S5. Comparison of trans-PCO and Rotival et al.10. Related to Figure 2 and Figure 3.
We compared the power of trans-PCO and the method proposed in Rotival et al. across
various causal proportions under different genetic variances. Specifically, we simulated
the proportion of target genes with non-zero effects to be (1) high levels of sparsity 1%,
5%, 10%, and (2) low levels of sparsity 30%, and 50%, and genetic variances to be (1)
small effect 0.001, and (2) large effect 0.01, 0.05, 0.1, and 0.2. We used the same gene
module as in Figure 2 and simulated the sample size to be 500. Rotival et al. method used
a hypergeometric test to calculate enrichment p-values. P-values were corrected by
‘qvalue’ to control false positive rate at 10%. Power was computed from 10k SNPs across
1000 simulations.
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Figure S6. Trans-PCO analyses of co-expression gene modules in DGN. Related to Figure
3. (A) Size distribution of co-expression gene modules. (B)-(C) The number of trans-eQTL
signals associated with co-expression modules (B) per module and (C) per chromosome.
Red points represent the number of trans-eSNPs. Blue points represent the number of LD
independent loci (R2<0.2).
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Figure S7. Comparison between trans-eQTLs detected by trans-PCO and PC1 method.
Related to Figure 3. (A) Signal comparison of PC1 and trans-PCO. The first column
shows there are 2435 trans-eSNP-module signal pairs that are detected only by
trans-PCO not by PC1. The second column shows there are 1464 trans pairs identified by
both trans-PCO and PC1. The last column shows 19 trans signals are identified only by
PC1. The horizontal bars on the left show the total number of trans signals identified by
trans-PCO and PC1, respectively. (B)-(D) Z-scores comparison of PC1 and trans-PCO
signals. Mean comparisons were performed by Wilcoxon test. We divided the trans-QTLs
into three categories, trans-PCO specific signals in red, trans-PCO and PC1 shared
signals in blue, and PC1 specific signals in yellow. We compared the z-scores of the
three types of trans-eQTLs, in terms of (B) the absolute z-scores of signals for all genes
in gene modules, (C) the maximum absolute z-scores of signals across genes in gene
modules, (D) the minimum absolute z-scores of signals across genes in gene modules.
We can see PC1 specific signals have higher z-scores than signals detected by only
trans-PCO or both methods, supporting that trans-PCO can detect much weaker trans
genetic effects.
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Figure S8. Simulation scenario when parameters are large. Related to Figure 2. We used
the same gene module as in Figure 2. We simulated the genetic variance to be as large as
0.2, the proportion of target genes with non-zero effects in the gene module to be 100%,
and the sample size to 800. Power was computed from 10k SNPs across 1000
simulations. Green points represent the mean power. Each dot represents a simulation.
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Figure S9. Simulation scenario when PC1 has the highest power. Related to Figure 2. As
proved in Liu et al.4, PC1 method performs best in the case where the effects vector of
SNP on genes in the module align with the first eigenvector of the gene module. We used
the same gene module as in Figure 2. We simulated the effect of SNPs on genes in the

module to be , where is the genetic variance with value 0.001, is the firstσ2
𝑏
µ

1
σ2

𝑏
µ

1

eigenvector of the gene module. We simulated the sample size to be 500, and the
proportion of target genes with non-zero effects in the gene module to be 30%. Power
was computed from 10k SNPs across 1000 simulations. The error bars are 95%
confidence intervals.
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Figure S10. Colocalization of trans-eQTLs and cis-eQTLs at (A) NFE2 and (B) PLAGL1
loci. Related to Figure 3. Each sub plot represents a genomic region that has a shared
causal variant for the corresponding trans target gene module and cis gene. The plot title
gives (1) the coloc region, which is defined as the trans target gene module and the lead
trans-eQTL in this region, (2) the cis gene near the trans-eQTL, (3) the number of SNPs in
the region, (4) PP4.
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Figure S11. Gene ontology enrichment of co-expression gene modules (A) M3 and (B) M4.
Related to Figure 3. We used four term categories to look at the enrichment in gene
modules6, including GO:MF, GO:BP, KEGG, and REAC. Categories are shown in colors.
The y-axis shows the adjusted enrichment p-values. We highlighted a few most
significant and interesting enrichment terms.
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Figure S12. 965 trans-eSNP-module in DGN associated with 50 MSigDB hallmark gene
sets representing well-defined biological processes. Related to Figure 3. (A) Number of
genes in the hallmark gene sets. Names of the biological processes are shown on the
x-axis. Sizes are shown on the y-axis. (B) Trans-eQTLs of the biological processes. The
gene sets are shown on the y-axis. The chromosome position of their corresponding
trans-eQTLs is on the x-axis. Colors represent odd and even chromosomes to better
distinguish the positions. Point size represents the P value of each pair of (trans-eSNP,
gene set).
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Figure S13. Heritability enrichment of all gene modules in all traits. Related to Figure 4.
Each row represents a trait. Traits are colored based on the trait types, including white
blood cell traits, red blood cell traits, platelet traits, immune diseases, and other traits.
Gene modules are shown on the x-axis. We only show the modules that have at least one
colocalized region with a trait. Each tile shows the P values of trait heritability
enrichments. The rows and columns are clustered based on the heritability enrichment.
We can see traits of the same type share similar heritability enrichment patterns.

30



31



Figure S14. Colocalization of trans-eQTLs of the heme metabolism and various red blood
traits. Related to Figure 4: (A) hemoglobin concentration, (B) red blood cell count, (C)
reticulocyte count. The sub plots show colocalization of trans-eQTLs of heme
metabolism and GWAS loci. The plot title gives (1) the coloc region, which is defined as
the trans target gene module and the lead trans-eQTL in this region, (2) the number of
SNPs in the region, (3) PP4.
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Figure S15. Heritability enrichment of gene module M3 in blood traits estimated by
S-LDSC. Related to Figure 4. The y-axis shows the blood traits. Colors represent trait
types. The heritability enrichment in module 3 is shown on the x-axis. Error bars
represent 95% confidence intervals. Green points indicate that there is significant
colocalization of the gene module 3 and the trait.
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Figure S16 Summary-statistic–based trans-PCO is well controlled for test statistics
inflation. Related to Figure 5. (A) Noisy correlation matrices lead to trans-PCO test
statistics inflation. In addition to the gene module 1 in Figure 5A, we also looked at other
gene modules with different sizes to investigate how the noisy correlation matrix
estimation affects the signal inflation. Here, we show a few more gene modules,
including module 2 with size 591, module 40 with size 74, and module 166 with size 10.
The correlation estimation by different ratios of null SNPs over the module size is
represented by different point shapes and shades. We observe inflated null P values
when correlation matrices were less accurately estimated by lower ratios (of null SNPs
over module size). (B) Size of co-expression gene modules and the number of null SNPs
used to estimate the correlation matrix. Light blue bar shows the module size. Dark blue
bar shows the number of independent null SNPs found in eQTLGen that were used to
estimate the correlation matrix of the gene module. (C) Ratio of null SNPs over module
size across all co-expression gene modules.
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Figure S17. Ratio of independent null SNPs over module size across 50 MSigDB
biological processes. Related to Figure 5. The gene sets are shown on the x-axis. The
ratio is shown on the y-axis. The gene sets are divided into four categories representing
different ratios.
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Figure S18. The trans-PCO P values in eQTLGen are much smaller than in DGN. Related
to Figure 5. We compared the P value of the same pair of SNP and gene module in DGN
and eQTLGen. SNP-module pairs are shown on the x-axis. P values are on the y-axis.
DGN and eQTLGen P values are colored in yellow and red, respectively. We divided the
SNPs into two categories, (1) SNPs identified as trans-eQTLs in both DGN and eQTLGen
(left panel, “Replicated”), (2) SNPs identified as trans-eQTLs only in eQTLGen not in DGN
(right panel, “Not Replicated”). We can observe that, first, trans-PCO P values in
eQTLGen are smaller than P values in DGN. Second, the replicated trans-QTLs have
much smaller P values in DGN than those not replicated.
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Figure S19. Associations at the ARHGEF3 locus with gene modules in both DGN and
eQTLGen. Related to Figure 5. (A) Associations P values of SNP 3:56849749 at the
ARHGEF3 locus with gene modules analyzed in eQTLGen. The Y-axis shows the
association P values in eQTLGen (red) and DGN (yellow). Gene modules are on the
x-axis. This SNP has much smaller P values in eQTLGen than in DGN. (B) Z-scores in
both DGN and eQTLGen of SNP 3:56849749 across genes in gene modules. The X-axis
shows gene modules. The Y-axis shows z-scores of SNP 3:56849749 with the genes in
the corresponding module. DGN and eQTLGen z-scores are shown in red and blue,
respectively. Green dot indicates that the SNP and the gene module is a signal specific to
eQTLGen.
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Figure S20. P value cutoff to define null SNPs for gene modules. Related to STAR
Methods. We show the gene modules on the x-axis. The module sizes are shown on the
lower y-axis. The upper y-axis represents the number of null SNPs in eQTLGen that are
insignificantly associated with all genes in a gene module. Cross shapes represent the
null SNPs. Circles represent the LD independent null SNPs (R2<0.2). Colors show
different p-value cutoffs, 0, 1e-6, 1e-5, 1e-4, 1e-3, 1e-2, and 0.05, to define null SNPs.
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Supplemental Tables
Table S1. 166 co-expression gene modules in DGN. Related to Figure 3.

Table S2. Simulation results in Figure 2. Related to Figure 2.

Table S3. A summary of the number of reported signals. Related to Figure 3 and Figure 5.

Table S4. 3899 significant trans-eSNP-modules pairs in DGN at 10% FDR. Related to Figure 3.

Table S5. Colocalization of trans-eQTLs with cis-eQTLs and cis-sQTLs in DGN. Related to
Figure 3.

Table S6. Gene ontology enrichment of the nearest genes of trans-eQTL loci in DGN. Related to
Figure 3.

Table S7. Functional annotations of 166 gene co-expression modules. Related to Figure 3.

Table S8. 50 MSigDB hallmark gene sets representing well-defined biological states and
processes. Related to Figure 3.

Table S9. 965 significant trans-eSNP-modules pairs in DGN dataset with 50 MSigDB gene sets.
Related to Figure 3.

Table S10. The list of complex traits and diseases used in colocalization analyses with
trans-eQTLs. Related to Figure 4.

Table S11. The number and proportion of trans-eQTLs that colocalized with each complex trait
and disease in Figure 4A. Related to Figure 4.

Table S12. The colocalization results of 179 trans loci with complex traits. Related to Figure 4.

Table S13. Heritability enrichment of blood traits in gene module 4 in Figure 5C. Related to
Figure 4.

Table S14. The colocalization results of trans-eQTL loci of 50 MSigDB hallmark gene sets with
complex traits. Related to Figure 4.

Table S15. 8116 (trans-eSNP, gene module) pairs detected by trans-PCO in eQTLGen. Related
to Figure 5.

Table S16. 2051 significant trans-eSNP-modules pairs for 11 MSigDB gene sets in eQTLGen.
Related to Figure 5.
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Table S17. 38 trans-eQTL signals in DGN that are replicated in eQTLGen. Related to Figure 5.

Table S18. Gene ontology enrichment of the nearest genes of trans-eQTLs loci in eQTLGen.
Related to Figure 5.

Table S19. Allergy drug target genes and their trans associated immune-related gene sets.
Related to STAR Methods.

Table S20. Enrichment of allergy drug targets in trans loci associated with immune-relevant
gene sets. Related to STAR Methods.
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Table S2. Simulation results in Figure 2. Related to Figure 2.

scenario paras method power_mean lower_ci upper_ci

Sample Size 200 Trans-PCO 0.0098943 0.008427764 0.011360836

Sample Size 200 PC1 1.33E-05 1.08E-05 1.58E-05

Sample Size 200 MinP 1.12E-04 7.79E-05 0.000145123

Sample Size 400 Trans-PCO 0.2147116 0.203212419 0.226210781

Sample Size 400 PC1 1.61E-05 1.33E-05 1.89E-05

Sample Size 400 MinP 0.0062486 0.005042673 0.007454527

Sample Size 600 Trans-PCO 0.5188894 0.503889077 0.533889723

Sample Size 600 PC1 1.38E-05 1.12E-05 1.64E-05

Sample Size 600 MinP 0.0491296 0.044182503 0.054076697

Sample Size 800 Trans-PCO 0.7361665 0.723252058 0.749080942

Sample Size 800 PC1 1.76E-05 1.47E-05 2.05E-05

Sample Size 800 MinP 0.1478824 0.138155834 0.157608966

Causal Proportion 0.01 Trans-PCO 1.87E-05 1.57E-05 2.17E-05

Causal Proportion 0.01 PC1 1.30E-05 1.06E-05 1.54E-05

Causal Proportion 0.01 MinP 1.26E-04 2.78E-05 0.000224956

Causal Proportion 0.05 Trans-PCO 0.0021243 0.001133117 0.003115483

Causal Proportion 0.05 PC1 1.41E-05 1.15E-05 1.67E-05

Causal Proportion 0.05 MinP 0.0014167 0.000806123 0.002027277

Causal Proportion 0.1 Trans-PCO 0.0072896 0.005513034 0.009066166

Causal Proportion 0.1 PC1 1.23E-05 9.85E-06 1.48E-05

Causal Proportion 0.1 MinP 0.0029539 0.002246816 0.003660984

Causal Proportion 0.3 Trans-PCO 0.35979 0.345857683 0.373722317

Causal Proportion 0.3 PC1 1.43E-05 1.17E-05 1.69E-05

Causal Proportion 0.3 MinP 0.0184236 0.01608758 0.02075962

Causal Proportion 0.5 Trans-PCO 0.8571084 0.847769449 0.866447351

Causal Proportion 0.5 PC1 1.44E-05 1.16E-05 1.72E-05

Causal Proportion 0.5 MinP 0.0539102 0.04969944 0.05812096

Genetic Variance 0.002 Trans-PCO 0.8662095 0.856884557 0.875534443

Genetic Variance 0.002 PC1 1.57E-05 1.27E-05 1.87E-05

Genetic Variance 0.002 MinP 0.2936808 0.280171348 0.307190252

Genetic Variance 0.003 Trans-PCO 0.9694021 0.965355387 0.973448813

Genetic Variance 0.003 PC1 1.47E-05 1.18E-05 1.76E-05

Genetic Variance 0.003 MinP 0.5978182 0.583051657 0.612584743

Genetic Variance 0.004 Trans-PCO 0.9937744 0.992491074 0.995057726

Genetic Variance 0.004 PC1 1.85E-05 1.51E-05 2.19E-05

Genetic Variance 0.004 MinP 0.8088198 0.79711119 0.82052841

Genetic Variance 0.005 Trans-PCO 0.9983439 0.997521874 0.999165926

Genetic Variance 0.005 PC1 1.78E-05 1.47E-05 2.09E-05

Genetic Variance 0.005 MinP 0.9064 0.898358151 0.914441849

Genetic Variance 0.006 Trans-PCO 0.9997041 0.999550519 0.999857681

Genetic Variance 0.006 PC1 1.93E-05 1.58E-05 2.28E-05

Genetic Variance 0.006 MinP 0.9570192 0.952202712 0.961835688
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Table S3. A summary of the number of reported signals. Related to Figure 3 and Figure 5.

Note DGN Dataset eQTLGen Dataset

Co-expression
gene modules

MSigDB hallmark
gene sets

Co-expression
gene modules

MSigDB hallmark
gene sets

(trans-eSNP,
module)

Number of pairs of a SNP
with significant trans
association and its
corresponding target gene
module 3899 965 8116 2051

(LD independent
trans-loci, module)

Number of pairs of a gene
module and the LD
independent loci of its
corresponding
trans-eSNPs 202 120 NA NA

trans-eSNP

Number of SNPs with
significant trans
associations across all
gene modules 2955 411 2161 1018

LD independent
trans-loci

Number of LD independent
loci of trans-eSNPs with
significant trans
associations across all
gene modules 145 43 NA NA

43



Table S19. Allergy drug target genes and their trans associated immune-related gene
sets. Related to STAR Methods.

Drug target gene Gene set type Gene set index
Selected gene set annotation (see full annotations in Table
S7 and Table S8)

SLC37A4
Co-expression
module M54 B cell receptor signaling pathway

UGT3A1
Co-expression
module M54;M62;M76;M87

B cell receptor signaling pathway;TNFR1-induced NFkappaB
signaling pathway;NF-kappa B signaling pathway;regulation of T
cell activation

IL3
Co-expression
module M54;M108

B cell receptor signaling pathway;Antigen processing and
presentation

IL3 Hallmark gene set

HALLMARK_IL6_J
AK_STAT3_SIGNA
LING;HALLMARK_
NOTCH_SIGNALIN
G

Genes up-regulated by IL6 via STAT3, e.g., during acute phase
response;Genes up-regulated by activation of Notch signaling

ATP5B Hallmark gene set

HALLMARK_IL6_J
AK_STAT3_SIGNA
LING

Genes up-regulated by IL6 via STAT3, e.g., during acute phase
response

FGF1 Hallmark gene set

HALLMARK_IL6_J
AK_STAT3_SIGNA
LING

Genes up-regulated by IL6 via STAT3, e.g., during acute phase
response
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Table S20. Enrichment of allergy drug targets in trans loci associated with
immune-relevant gene sets. Related to STAR Methods.

Fisher’s exact test
P: 0.12

Allergy drug targets near
allergy loci in eQTLGen

Non-allergy drug targets
near loci in eQTLGen

Genes near trans-eQTL of
immune-related gene sets 5 6054

Genes near trans-eQTL of
non-immune-related gene sets 0 3180
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