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Exploring potential causal genetic variants and genes for endometrial 
cancer: Open Targets Genetics, Mendelian randomization, and 
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Background: Endometrial cancer (EC) is the most common gynecological malignancy in developed 
countries, with incidence rates continuing to rise globally. However, the precise mechanisms underlying EC 
pathogenesis remain largely unexplored. This study aims to prioritize genes associated with EC by leveraging 
multi-omics data through various bioinformatic methods.
Methods: We utilized the Open Targets Genetics (OTG) database to pinpoint potential causal variants and 
target genes for EC. To explore the pleiotropic effects of gene expression on EC, we applied the Summary-
based Mendelian Randomization (SMR) using summary data from a genome-wide association study (GWAS) 
on EC and expression quantitative trait loci (eQTL) data from the Consortium for the Architecture of 
Gene Expression (CAGE). We also conducted a cross-tissue transcriptome-wide association study (TWAS) 
employing sparse canonical correlation analysis (sCCA). Results from the sCCA TWAS and single-tissue 
TWAS for 22 tissues were combined using the aggregated Cauchy association test (sCCA + ACAT) to 
identify genes with cis-regulated expression levels linked to EC.
Results: The OTG database recognized 15 genomic loci showing independent association with EC. Gene 
prioritization highlighted nine genes with relatively high locus-to-gene (L2G) scores (≥0.5), the majority of 
which aligned with those identified using the closest gene. Colocalization analysis identified 11 additional 
genes at these loci. Our SMR analysis revealed two genes, EVI2A and SRP14, exhibiting a significant 
pleiotropic association with EC. Cross-tissue TWAS identified 31 genes whose expression was significantly 
associated with EC after correction for multiple testing, with four genes (EIF2AK4, EVI2A, EVI2B, and NF1) 
also confirmed by gene colocalization in the OTG analysis.
Conclusions: We confirmed the involvement of EVI2A in the pathogenesis of EC and identified several 
other genes that may contribute to EC development. These findings offer new insights into the genetic 
mechanisms underlying EC and may inform future research and therapeutic strategies.
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Introduction

Endometrial cancer (EC) is a malignancy of the inner 
epithelial lining of the uterus and stands as the most 
common gynecological malignancy in developed countries. 
The incidence of EC is increasing globally (1), posing a 
growing challenge to public health systems. EC significantly 
impacts patients’ quality of life (2), contributing to 
increasing morbidity and mortality rates (3). Despite recent 
advances in understanding genetic diversity and identifying 
key drivers of various pathogenic states, achieving enhanced 
therapeutic precision in EC treatment remains a formidable 
challenge (4). Early detection and effective treatment are 
crucial for improving outcomes and mitigating the disease’s 
impact on patients’ lives.

Many risk factors for EC have been identified, 
including advanced age, obesity, exposure to radiation, and 
infertility, particularly in the presence of polycystic ovarian  

syndrome (5). EC exhibits a heterogeneous pathophysiology, 
with genetics playing a pivotal role in predisposition and 
pathogenesis. A family history of EC increases the risk 
by 2–3 times (6). Positive genetic correlations have been 
observed between EC and traits such as type 2 diabetes, 
body mass index (BMI), and related anthropometric 
characteristics, while negative correlations exist with age 
at menarche and years of schooling (7). These findings 
suggest that shared genetic backgrounds influence traits 
related to obesity or genetically linked to BMI, with BMI 
demonstrating a causal effect on EC risk in Mendelian 
randomization analysis (8).

Candidate gene studies have identified modest-
risk variants in genes such as ESR1, TERT, CLPTM1L, 
CYP19A1, and HNF1B (9-12). Genome-wide association 
studies (GWASs) have pinpointed common genetic variants 
(minor allele frequency >1%) in about 20 potential risk loci, 
including regions near the HNF1B, CYP19A1, and SOX4 
genes (7,13). Functional analysis of GWAS loci revealed 
non-coding regions enriched for EC risk variants (7), with 
locus-specific studies highlighting KLF5 and HNF1B as 
crucial susceptibility genes (12,14).

Additionally, EC was reported to be associated with 
several mutations that vary across its subtypes, involving 
genes such as PTEN, PIK3CA/PIK3R1, CTNNB1, ARID1A, 
K-RAS as well as BRCA1/2 and Lynch syndrome genes like 
MLH1, MSH2, MSH6, and PMS2 (15-20). These genes are 
implicated in various molecular functions, such as tumor 
suppression, cell proliferation and differentiation, chromatin 
remodeling, and DNA mismatch repair. Transcription 
analysis has further revealed potential key genes implicated 
in EC. For instance, research on early-stage EC identified 
over 900 differentially expressed transcripts, with four genes 
validated by quantitative polymerase chain reaction (PCR), 
including RORB, IHH, DLGAP5, and MELK (21). Another 
study utilizing system bioinformatics analysis identified four 
genes related to EC: TOP2A and ASPM were upregulated, 
while EFEMP1 and FOXL2 were downregulated in EC 
tissues or cells (22). Single-cell transcriptomic analysis 
has uncovered oncogenic subpopulation signature 
genes that contribute to the pathological processes in 
endometrial carcinoma, providing deep insights into tumor 
heterogeneity (23). Additionally, analysis of transcription 
factor binding regulatory patterns has shown an association 
between specific genes with EC development, indicating 
that transcription factor binding site analysis is effective in 
screening for cancer-associated genes (24).

Despite these advances, it is estimated that over 1,000 
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independent risk loci exist for EC (25), with only a small 
fraction identified to date. While GWASs have significantly 
advanced our understanding of EC’s genetic basis, they 
often fall short in systematically prioritizing causal variants 
and elucidating their functional roles. The scarcity of 
integration between GWAS and functional genomics 
data further limits our understanding of EC’s genetic 
architecture. Our study addresses these gaps by leveraging 
the Open Targets Genetics (OTG) database to identify 
and prioritize causal genetic variants (26). Additionally, 
we utilize Summary-based Mendelian Randomization 
(SMR) to explore pleiotropic associations (27) and cross-
tissue transcriptome-wide association studies (TWASs) (28)  
to link cis-regulated gene expression to EC risk. These 
integrative approaches aim to enhance our understanding 
of EC’s genetic mechanisms, potentially informing targeted 
therapeutic strategies. We present this article in accordance 
with the STROBE-MR reporting checklist (available at 

https://tcr.amegroups.com/article/view/10.21037/tcr-24-
887/rc).

Methods

Editorial policies and ethical considerations

This study utilized publicly available GWAS summary 
results for EC and expression quantitative trait loci (eQTL) 
data. The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013). The analytical 
process employed in this study is detailed in Figure 1.

Data sources

GWAS data for EC
The GWAS summary data for EC were sourced from 
a recent genome-wide association meta-analysis, which 
included 17 studies identified through the Endometrial 

Figure 1 Flow chart for the bioinformatic analyses. (A) OTG analysis; (B) SMR analysis using CAGE eQTL data for blood; and (C) cross-
tissue TWAS. ACAT, aggregated Cauchy association test; CAGE, Consortium for the Architecture of Gene Expression; eQTL, expression 
quantitative trait loci; LD, linkage disequilibrium; OTG, Open Targets Genetics; sCCA, sparse canonical correlation analysis; SMR, 
Summary-based Mendelian Randomization; SNP, single nucleotide polymorphism; TWAS, transcriptome-wide association study; EC, 
endometrial cancer; GWAS, genome-wide association study.
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Cancer Association Consortium (ECAC), the Epidemiology 
of  Endometrial  Cancer Consortium, and the UK  
biobank (7). The meta-analysis encompassed a total of 
121,885 participants of European ancestry, including 
12,906 EC cases and 108,979 country-matched controls. 
Genotyping was done using various arrays, such as the 
“OncoArray” genotyping chip, the Illumina Human 
OmniExpress array, and the Illumina Human 660W array. 
Genotype data underwent quality control and imputation 
using the 1000 Genome Project v3 reference panel or 
the combined 1000 Genome Project v3 and UK10K 
reference panels. An additive genetic model was assumed 
by all participating studies, with population stratification 
accounted for using relevant principal components. GWAS 
results from individual studies were combined using a fixed-
effect inverse-variance weighted meta-analysis. The GWAS 
summary data can be downloaded at https://www.ebi.ac.uk/
gwas/studies/GCST006464.

eQTL data
We utilized the Consortium for the Architecture of Gene 
Expression (CAGE) eQTL summary data derived from 
peripheral blood samples of 2,765 participants (29). The 
data can be accessed at https://yanglab.westlake.edu.cn/
data/SMR/cage_eqtl_data_hg19.tgz.

Refining GWAS signals and potential causal genes
To identify potential causal variants and target genes for 
EC, we utilized the OTG database (30) (accessed March 
17, 2023). This online resource integrates GWAS and 
functional genomics data to systematically identify and 
prioritize likely causal genetic variants and genes for 
various traits. We searched the term ‘Endometrial cancer’ 
in OTG, which then calculated a 95% credible set for each 
locus independently associated with EC. The credible set 
represents a group of genetic variants that are 95% likely 
to contain the true causal variant, assuming that only one 
causal variant exists and has been measured. To prioritize 
putative causal genes from association signals, OTG offers 
several approaches: (I) closest genes, which identifies the 
gene closest to the transcription start site; (II) locus-to-
gene (L2G) score, which ranks genes based on a machine 
learning algorithm trained on over 400 gold-standard 
positive GWAS loci out of 133,441 loci from all available 
GWAS studies. An L2G score ranges from 0 to 1, with 
1 indicating the highest confidence in assigning a gene 
to a trait at a given locus; and (III) colocalization, which 
identifies molecular traits that colocalize with EC at a 

specific locus. OTG also reports other traits that colocalize 
with EC at a given locus based on previous GWAS studies.

Statistical analysis

SMR analysis
The Mendelian analysis was conducted using the method 
as implemented in the software SMR (27). SMR applies the 
principles of MR integrating GWAS and eQTL summary 
statistics to explore the pleiotropic association between gene 
expression and a trait. In SMR, the effect of gene expression 
on the trait was estimated by using the top cis-eQTL as the 
instrumental variable. The SMR analysis was performed 
following a similar approach as described in a previous 
publication (31), using default parameter settings (Table S1).  
Multiple testing was adjusted using the false discovery rate 
(FDR).

Cross-tissue TWAS analysis
To further investigate genes whose cis-regulated expression 
is associated with EC, we conducted a cross-tissue 
TWAS using the Functional Summary-based Imputation 
(FUSION) (32). This approach integrates GWAS summary 
statistics for EC with pre-computed gene expression 
weights. Unlike single-tissue TWAS, the cross-tissue 
TWAS leverages gene expression data from multiple tissues 
through sparse canonical correlation analysis (sCCA-
TWAS) (28). This method enhances the power to detect 
trait-associated genes while controlling the type I error 
in the absence of an association. Specifically, three sCCA 
features were generated, each treated as repeated measures 
of gene expression across tissues. The TWAS method was 
applied for each sCCA feature, including only those that 
passed the heritability assessment. Additionally, a set of 
22 tissues was chosen, and TWAS was executed for each 
one. Subsequently, the results of the sCCA TWAS and 
single-tissue TWAS were consolidated with the aid of the 
aggregated Cauchy association test (sCCA + ACAT) (33).  
Pre-computed weights using the Genotype-Tissue 
Expression (GTEx) V8 were utilized for both the sCCA 
features and the 22 tissues (34). We applied FDR to correct 
for multiple testing in the sCCA + ACAT results.

Data curation and statistical/bioinformatical analysis 
were performed using R version 4.2.3 (https://www.
r-project.org/), PLINK 1.9 (https://www.cog-genomics.
org/plink/1.9/), SMR (https://yanglab.westlake.edu.cn/
software/smr/#Overview) and FUSION (http://gusevlab.
org/projects/fusion/).

https://www.ebi.ac.uk/gwas/studies/GCST006464
https://www.ebi.ac.uk/gwas/studies/GCST006464
https://yanglab.westlake.edu.cn/data/SMR/cage_eqtl_data_hg19.tgz
https://yanglab.westlake.edu.cn/data/SMR/cage_eqtl_data_hg19.tgz
https://cdn.amegroups.cn/static/public/TCR-24-887-Supplementary.pdf
https://www.r-project.org/
https://www.r-project.org/
https://www.cog-genomics.org/plink/1.9/
https://www.cog-genomics.org/plink/1.9/
https://yanglab.westlake.edu.cn/software/smr/#Overview
https://yanglab.westlake.edu.cn/software/smr/#Overview
http://gusevlab.org/projects/fusion/
http://gusevlab.org/projects/fusion/
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Results

Basic information of the summarized data

In the SMR analyses, the CAGE eQTL data included 
2,765 participants and 8,521 probes. Following allele 
frequencies checking among the datasets and LD pruning, 
approximately 6.5 million SNP were deemed eligible for 
the SMR analysis. For the multi-tissue TWAS analysis, 
around 8.5 million SNPs were used as the input. Detailed 
information is provided in Table 1.

Refining GWAS signals and potential causal genes

OTG identified 15 genomic loci showing independent 
association with EC (Table 2), located on chromosomes 
1, 2, 6, 8, 9, 11, 12, 13, 15, and 17. The number of 
genetic variants in a credible set varies from 1 (locus 8 on 
chromosome 8) to 91 (locus 6 on chromosome 6). Gene 
prioritization using the L2G identified nine genes with 
relatively high L2G scores (≥0.5), including BCL11A, 
SOX4, HEY2, DMRTA1, WT1, SSPN, SH2B3, TBX3, 
and CYP19A1. Most of these genes were also identified 
using the closest gene. Additionally, colocalization analysis 

identified 11 additional genes that colocalize at these loci 
(Table 2). Several traits, such as endometrioid histology, 
menorrhagia, and sex hormone-binding globulin levels, 
were found to colocalize with EC at these loci.

Pleiotropic association with EC

Our SMR analysis identified four genes, tagged by six 
probes, that showed potential pleiotropic associations with 
EC (Table 3; Table S2), including SKAP1 [ILMN_1751400, 
β (SE) =−0.18 (0.03), PSMR =7.19×10−8; Figure 2], EVI2A 
[ILMN_2369018, β (SE) =0.10 (0.02), PSMR=2.70×10−6; 
ILMN_1733579, β (SE) =−0.16 (0.02), PSMR=1.09×10−5; 
Figure S1], SRP14 [ILMN_1809347, β (SE) = −0.41 (0.09), 
PSMR=8.49×10−6; Figure S2], and SNX11 [ILMN_1683950, 
β (SE) =0.14 (0.03), PSMR=1.80×10−5; ILMN_1696051, β 
(SE) =0.18 (0.04), PSMR =2.65×10−5; Figure 2]. However, 
two genes, SNX11 (tagged by two probes) and SKAP1, 
had low HEIDI P values, suggesting that their pleiotropic 
associations might result from linkage between the top 
associated cis-eQTL and two distinct causal variants, one 
affecting gene expression and the other affecting trait 
variation. The remaining two genes, EVI2A (tagged by 
two probes) and SRP14, passed the HEIDI test, indicating 
a true pleiotropic association. These two genes were also 
identified through gene prioritization using the closest gene 
and colonization in OTG analysis. Notably, EVI2A, tagged 
by ILMN_2369018, also withstood stringent Bonferroni 
correction (0.05/8,521=5.87×10−6).

Cis-regulated gene expression in association with EC

The cross-tissue sCCA + ACAT analysis for EC was based 
on TWAS results from 22 issues (Table S3). We identified 
significant associations with EC (FDR <0.05) in 19 out of the 
22 examined tissues (Table S3), involving 39 unique genes. 
Notably, SNX11 was the most frequently associated gene, 
appearing in 14 tissues, followed by EIF2AK4 in 10 tissues  
and RP5-890E16.2 in 7 tissues. The multi-tissue TWAS 
using sCCA + ACAT revealed 31 significant genes whose 
expression was associated with EC after correction for 
multiple testing (FDR <0.05), with TNFAIP8L3, HECTD4, 
and EIF2AK4 emerging as the top three genes (Table 4). 
Of these, EVI2A was also identified by SMR analysis and 
gene prioritization using the closest gene approach in the 
OTG analysis. Additionally, four of the genes (EIF2AK4, 
EVI2A, EVI2B, and NF1) were also identified by gene co-

Table 1 Basic information of the eQTL and GWAS data

Data source
Total number  

of participants

Number of eligible 
genetic variants  

or probes

SMR

eQTL 2,765 8,521

GWAS 121,885 6,495,864

Cross-tissue TWAS

eQTL 101 11,389

GWAS 121,885 8,514,454

GWAS data used by Open 
Target Genetics 

121,885 NA

The eligible numbers of genetic variants for SMR and cross-
tissue TWAS differ due to filtering procedures: the number of 
genetic variants for SMR is the final number of SNPs that pass 
the initial filtering as specified in Table S1 while the number 
for cross-tissue TWAS represents the overall potentially 
eligible genetic variants in TWAS analyses in different tissues. 
eQTL, expression quantitative trait loci; GWAS, genome-
wide association studies; SMR, Summary-based Mendelian 
Randomization; TWAS, transcriptome-wide association study; 
NA, not available.

https://cdn.amegroups.cn/static/public/TCR-24-887-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-24-887-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-24-887-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-24-887-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-24-887-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-24-887-Supplementary.pdf
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Table 2 Refining GWAS signals and potential causal genes using OTG

Locus Lead variant P value Odds ratio
95% 

confidence 
interval

Credible  
set size

LD set  
size

Closest 
gene

L2G
Overall 

L2G 
score

Colocalized  
genes

1 1_37607755_T_C 3.58×10−8 1.23 1.1–1.3 5 4 GNL2

2 2_60670444_G_A 3.39×10−8 1.26 1.2–1.4 14 24 PAPOLG BCL11A

3 6_21648854_G_A 4.15×10−16 0.87 0.84–0.90 2 3 SOX4 SOX4

4 6_125687226_A_G 2.91×10−10 0.91 0.88–0.93 91 185 HEY2 HEY2

5 8_128587032_C_G 3.11×10−12 0.86 0.82–0.89 1 46 MYC

6 9_22207038_T_C 6.38×10−9 0.85 0.80–0.89 17 30 CDKN2B DMRTA1

7 11_32468118_C_T 1.33×10−8 1.09 1.1–1.1 23 70 WT1 WT1

8 12_26273405_G_A 1.10×10−9 1.11 1.1–1.2 6 13 BHLHE41 SSPN BHLHE41

9 12_111446804_T_C 1.14×10−10 1.10 1.1–1.1 7 19 SH2B3 SH2B3 HVCN1, TRAFD1

10 12_114776743_C_T 3.47×10−9 1.10 1.1–1.1 7 19 TBX3 TBX3

11 13_73238004_C_T 2.70×10−17 0.86 0.83–0.89 4 7 KLF5

12 15_40029923_T_C 5.07×10−9 1.09 1.1–1.1 34 29 SRP14 EIF2AK4, SRP14, 
CCDC32

13 15_51261712_A_G 3.30×10−14 1.12 1.1–1.2 34 102 CYP19A1 CYP19A1 CYP19A1

14 17_31319014_G_A 4.29×10−8 0.91 0.88–0.94 71 337 EVI2A NF1, EVI2A, EVI2B, 
RAB11FIP4, OMG

15 17_48216874_C_A 4.66×10−9 1.10 1.1–1.1 63 96 SNX11

Odds ratio was calculated with respect to the alternative allele; Closest gene means the gene with the closest transcription start site; 
colocalized genes mean the genes which colocalize at this locus with PP(H4) ≥0.95 and log2(H4/H3) ≥log2(5). Credible size means the 
number of variants in the 95% credible set at this locus; LD set size means the number of variants in LD (R2 ≥0.7) with this lead variant; 
L2G means the genes prioritized by the locus-to-gene model with score ≥0.5. GWAS, genome-wide association study; OTG, Open Target 
Genetics; LD, linkage disequilibrium; L2G, locus-to-gene.

Table 3 The probes showing potential pleiotropic association with EC in the SMR analysis*

Probe Gene CHR Top SNP PeQTL PGWAS Beta SE PSMR PHEIDI Q value

ILMN_1751400 SKAP1 17 rs2938483 3.32×10−68 1.49×10−8 −0.185 0.034 7.19×10−8 1.25×10−5 0.0006

ILMN_2369018 EVI2A 17 rs7505 2.26×10−151 1.85×10−6 0.102 0.022 2.70×10−6 0.379 0.012

ILMN_1809347 SRP14 15 rs17722526 1.41×10−13 2.46×10−8 −0.410 0.092 8.49×10−6 0.225 0.023

ILMN_1733579 EVI2A 17 rs2525570 3.63×10−58 4.80×10−6 −0.161 0.037 1.09×10−5 0.425 0.023

ILMN_1683950 SNX11 17 rs62064953 2.15×10−77 1.05×10−5 0.140 0.033 1.80×10−5 2.49×10−6 0.031

ILMN_1696051 SNX11 17 rs12949879 3.09×10−49 1.17×10−5 0.179 0.043 2.65×10−5 5.61×10−5 0.038

*, the GWAS summarized data can be downloaded at https://www.ebi.ac.uk/gwas/studies/GCST006464. The CAGE eQTL data can 
be downloaded at https://cnsgenomics.com/data/SMR/#eQTLsummarydata. PeQTL is the P value of the top associated cis-eQTL in the 
eQTL analysis, and PGWAS is the P value for the top associated cis-eQTL in the GWAS analysis. Beta is the estimated effect size in SMR 
analysis, SE is the corresponding standard error, PSMR is the P-value for SMR analysis and PHEIDI is the P value for the HEIDI test. Q-value 
is the adjusted P value using FDR. CAGE, Consortium for the Architecture of Gene Expression; CHR, chromosome; EC, endometrial 
cancer; eQTL, expression quantitative trait loci; FDR, false discovery rate; GWAS, genome-wide association study; HEIDI, heterogeneity in 
dependent instruments; SE, standard error; SMR, summary data-based Mendelian randomization; SNP, single-nucleotide polymorphism.

https://www.ebi.ac.uk/gwas/studies/GCST006464
https://cnsgenomics.com/data/SMR/#eQTLsummarydata
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localization in the OTG analysis. Therefore, EVI2A stands 
out as the gene identified consistently across all three 
analyses. 

Discussion

In this study, we sought to prioritize genes associated 

with EC using multiple analytical methods. EVI2A 
was consistently identified across all three approaches, 
confirming its role in the pathogenesis of EC. The use 
of different analytical tools also highlighted several other 
genes that may contribute to the etiology of EC, offering 
valuable insights into its underlying mechanisms.

A prior multi-tissue TWAS study utilized cis-eQTL 

Figure 2 Pleiotropic association of EVI2A with EC. Top plot, grey dots represent the −lg(P values) for SNPs from the GWAS of EC, 
with solid rhombuses indicating that the probes pass HEIDI test. Middle plot, eQTL results. Bottom plot, location of genes tagged by the 
probes. EC, endometrial cancer; eQTL, expression quantitative trait loci; GWAS, genome-wide association study; HEIDI, heterogeneity in 
dependent instruments; SMR, Summary-based Mendelian Randomization; SNP, single nucleotide polymorphism
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summary statistics and gene expression data from various 
tissues, including subcutaneous adipose, visceral omentum 
adipose, ovary, uterus, vagina, and whole blood (GTEx 
V8) (35). Our approach, employing sCCA TWAS + ACAT 
method, differs from the earlier study in several significant 
ways: (I) the original TWAS was based on six tissues, while 
our sCCA TWAS drew on TWAS results for three cross-
tissue features and 22 individual tissues; (II) our sCCA 
TWAS + ACAT approach aggregates results using ACAT, 
in contrast to the S-MultiXcan and Joint-Tissue Imputation 
(JTI) employed by the original study. The sCCA TWAS + 
ACAT method has been demonstrated to provide superior 
statistical power (28). The significance of our study lies in 
several key findings. We reaffirmed the association of three 
genes as identified by the S-MultiXcan-based TWAS in the 
original study, namely EVI2A, SNX11, and EEFSEC. We 
also confirmed the association of four genes determined 
by the multi-tissue TWAS analysis using JTI, including 
EEFSEC, EIF2AK4, SNX11, and NPIPB6. Additionally, our 
study identified new genes potentially linked to EC, such as 
TNFAIP8L3, HECTD4, and RP5-890E16.2. These findings 
help enhance our understanding of EC’s genetic landscape 
and inform the development of new therapeutic targets.

The three bioinformatic methods, namely OTG, SMR, 
and sCCA + ACAT, all leverage the same GWAS data on 
EC (7) but differ significantly in their approaches. The 
OTG database integrates GWAS and functional genomics 
data to systematically identify and prioritize likely causal 
genetic variants and genes. SMR, in contrast, combines 
GWAS and eQTL data from a single tissue (peripheral 
blood in our study) to infer potential causal relationships 
between gene expression and EC, using genetic variants as 
instrumental variables. Meanwhile, sCCA + ACAT analyzes 
gene expression across multiple tissues, enhancing the 
detection of gene-trait associations by incorporating data 
from various tissue types, thus providing a broader view of 
gene expression related to EC. 

Our study confirms the involvement of EVI2A in the 
pathogenesis of EC through various bioinformatical 
approaches, aligning with the findings from previous studies 
(7,35). The EVI2A gene, also known as ecotropic viral 
integration site 2A, is located on chromosome 17q11.2 
and is potentially associated with other proteins within 
a cell surface receptor complex on the membrane (36). 
Research suggests that EVI2A functions as an oncogene (37),  
with notable overexpression observed in oral tongue 

Table 4 Significant genes identified by sCCA + ACAT

Genes Overall P Min P FDR

EEFSEC 2.48×10−6 6.49×10−7 0.004

HECTD4 4.60×10−8 5.13×10−9 3.65×10−4

EIF2AK4 8.55×10−8 1.34×10−8 4.14×10−4

ATF7IP2 3.15×10−6 5.10×10−7 0.005

EIF3CL 1.50×10−5 1.74×10−6 0.015

EIF3C 1.95×10−5 1.92×10−6 0.018

COPZ2 2.39×10−5 4.22×10−6 0.018

SNX11 5.02×10−7 3.31×10−8 0.002

LRRC37A16P 4.14×10−5 5.52×10−6 0.026

TEFM 2.26×10−6 1.74×10−7 0.004

NUPR1 2.32×10−5 4.19×10−6 0.018

RP5-890E16.2 1.04×10−7 1.41×10−8 4.14×10−4

NFE2L1 1.32×10−6 2.26×10−7 0.003

CBX1 7.25×10−5 1.51×10−5 0.041

TNFAIP8L3 4.99×10−9 9.98×10−10 7.92×10−5

ADSSL1 8.36×10−5 4.05×10−5 0.046

FAM46C 4.99×10−5 4.99×10−5 0.030

HNRNPA3P9 1.32×10−6 3.31×10−7 0.003

NAV3 9.20×10−5 4.60×10−5 0.047

BPTF 3.13×10−5 1.16×10−5 0.023

RUVBL1 1.25×10−5 3.12×10−6 0.013

NCOA7 4.06×10−5 1.02×10−5 0.026

SEC61A1 3.65×10−5 1.63×10−5 0.025

EVI2A 3.65×10−6 2.23×10−6 0.005

NOL11 2.20×10−5 1.10×10−5 0.018

C1orf74 6.00×10−6 2.00×10−6 0.007

PRR15L 2.12×10−5 7.18×10−6 0.018

EVI2B 9.59×10−6 4.80×10−6 0.011

NF1 4.23×10−6 3.28×10−6 0.006

NPIPB6 6.00×10−5 2.11×10−5 0.035

GTF2IRD2P1 9.11×10−5 3.24×10−5 0.047

Overall P is the P value from sCCA + ACAT; Min P is the minimal 
P value from single-tissue TWAS. ACAT, aggregated Cauchy 
association test; FDR, false discovery rate; sCCA, sparse 
canonical correlation analysis; TWAS, transcriptome-wide 
association study.
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squamous cell carcinoma (38) and osteosarcoma (OS) (39). 
High EVI2A expression was associated with worse overall 
survival in patients with OS, while EVI2A knockdown has 
been shown to suppress cell proliferation and migration in 
OS by inactivating the MEK/ERK signaling pathway (39), 
a pathway integral to cell proliferation, differentiation, 
apoptosis, migration, and cancer progression (40-42). In 
mice, multiple leukemogenic retroviruses integrate near 
the EVI2A gene in lymphocytes, altering its expression 
and suggesting a possible role as a tumor suppressor in 
lymphocytes (43). Moreover, initial evidence indicates that 
EVI2A may influence B cell receptor (BCR) signaling, 
possibly contributing to the dynamic assembly of BCR 
clusters (44). The gene’s proximity to NF1, a well-known 
tumor suppressor, further supports the hypothesis that 
dysregulation of EVI2A could affect NF1 function or 
expression, thereby influencing tumorigenesis (45). Previous 
research highlighted the genetic variant rs1129506 in EVI2A 
as a novel variant associated with EC (7). Additionally, two 
other genetic variants in EVI2A, rs9894648 and rs3837848, 
have been linked to sex hormone-binding globulin levels 
(SHBG) and testosterone levels (46), factors genetically 
associated with EC risk. Despite these findings, the precise 
function of EVI2A remains poorly understood, warranting 
further investigation to clarify its role in EC pathogenesis. 

Our study also identified the SNX11 gene, known as 
sorting nexin family member 11, through OTG and multi-
tissue TWAS analysis. Located on chromosome 17q21.32, 
SNX11 is part of the sorting nexin family, which contains 
a phox (PX) domain crucial for intracellular trafficking. 
Structural studies of human SNX11 revealed a novel 
extended PX domain (PXe), featuring two additional 
α-helices beyond the conventional PX domain. This PXe 
is essential for inhibiting the vacuolation activity induced 
by SNX10 (47), which can disrupt cellular processes, 
including endosomal and lysosomal trafficking, thereby 
affecting endosome homeostasis (48). SNX11 interacts with 
various phosphoinositides, showing a strong preference for 
binding to phosphatidylinositol 3-phosphate (PtdIns3P), 
a key marker of endosomal membranes. This suggests 
that SNX11 plays a vital role in endosomal trafficking and 
sorting, a function vital for maintaining cellular homeostasis 
by regulating protein movement and degradation within 
the cell (49). Prior research identified the genetic variant 
rs882380 in SNX11 as a novel variant associated with EC (7). 
Further, SNX11 has been identified as a potential target for 
EC risk variation through enhancer-promoter chromatin 
looping analysis (50). Lead credible variants (CVs) from 

blood eQTL data also pointed to 17q21.32, with rs882380 
being among the top eQTLs (50). A phenome-wide 
association study (PheWAS) revealed associations between 
the SNX11 and various phenotypic categories, such as 
cardiovascular disorders, diabetes, and sex hormones (35). 
However, our comprehension of SNX11’s precise role is 
limited, particularly in relation to EC. Therefore, further 
research is needed to elucidate the roles of SNX11 in the 
pathogenesis of EC.

Our multi-tissue TWAS identified several genes 
previously linked to EC through cis-expression analysis. 
For example, the TEFM gene, located on chromosome 
17q11.2, demonstrated a significant association with 
EC (P=1.74×10−7). TEFM encodes the mitochondrial 
transcription elongation factor, which enhances the 
process iv i ty  of  mitochondria l  RNA polymerase ,  
POLRMT (51). Mitochondria, given their critical roles 
in cellular metabolism, apoptotic regulation, maintenance 
of redox balance, and the activation of integrated stress 
responses and associated immune responses (52), have 
become a focal point in cancer research. Previous research 
identified a genetic variant in TEFM (rs1129506) as being 
associated with EC [odds ratio (OR) =0.91, 95% confidence 
interval (CI): 0.88–0.94, P=4.3×10−8] (7). Additionally, 
elevated TEFM expression has been shown to promote 
growth and metastasis in hepatocellular carcinoma by 
activating reactive oxygen species (ROS) and extracellular 
signal-regulated kinase (ERK) signaling (53). Despite these 
findings, the precise role of TEFM in the pathogenesis of 
EC remains unclear, underscoring the need for further 
investigation.

Our study has several limitations. While we identified 
multiple genes showing pleiotropic association with EC, 
we were unable to directly compare the expression of 
these genes between EC patients and the control group 
due to the lack of relevant gene expression data. Future 
studies should investigate gene expression changes to 
better understand the potential pathogenic mechanisms 
involved. The incidence of EC varies across ethnicities, 
suggesting ethnic-specific genetic architecture. However, 
the GWAS summary data in our analyses were derived 
from participants of European ancestry, and we also lacked 
ethnicity-specific gene expression and eQTL data. As 
a result, our findings may not be generalizable to other 
ethnic groups, underscoring the need for further studies 
to compare gene expression across different populations. 
Previous research suggests that the SMR approach performs 
well with a sample size of 1,000 for eQTL summarized 
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data and 10,000 for GWAS summarized data (27). Given 
this, power is not a significant concern as our study utilized 
CAGE eQTL data from 2,765 subjects and GWAS 
summarized data from 121,885 subjects. The sample size 
of available uterus eQTL data is limited (e.g., n=150 in 
GTEx V8). Therefore, we used the CAGE eQTL data 
from peripheral blood. Since eQTL data are tissue-specific, 
future studies with larger sample sizes for uterus eQTL data 
are needed to validate our findings. Similarly, we employed 
the multi-tissue TWAS approach (i.e., sCCA TWAS + 
ACAT) rather than a tissue-specific TWAS (e.g., uterus) 
due to the limited sample size of available eQTL data for 
the uterus. Although the sCCA TWAS + ACAT method 
offers substantially higher power than traditional single-
tissue TWAS methods in identifying genes with genetically 
predicted expression associated with a trait, it may obscure 
genetic associations that are tissue-specific, which may be 
crucial for understanding the specific pathways involved in 
EC and for developing targeted prevention and treatment 
strategies. The multi-tissue TWAS provided only tissue-
specific test statistics (Table S3) without the overall effect 
size and the corresponding direction due to its cross-tissue 
nature. The number of eligible probes used in the SMR 
analyses was limited. Moreover, the FDR approach used 
to correct for multiple testing could result in overlooking 
significant genes. Consequently, we could not rule out the 
possibility of missing some important genes.

Conclusions 

In conclusion, we confirmed the involvement of EVI2A in 
the pathogenesis of EC and also identified additional genes 
that may contribute to the etiology of EC. Further research 
is essential to investigate the functions of these genes and 
to clarify the specific mechanisms underlying the etiology  
of EC.
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