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SUMMARY

The endometrium, essential for reproduction, undergoes cyclical shedding, remodeling, and regeneration. 

Using a large endometrial transcriptomic dataset (n = 206), we identified RNA splicing and transcript iso

form-level changes across the menstrual cycle and in endometriosis, findings not seen in gene-level ana

lyses. Transcriptomic differences were most pronounced in the mid-secretory (receptive) phase in endome

triosis samples. By integrating genotype data, we found evidence of cis-genetic effects on splicing in 

endometrium, identifying 3,296 splicing quantitative trait loci (sQTLs) with the majority of genes with sQTLs 

(67.5%) not discovered in the gene level eQTLs analysis, indicating the splicing-specific effects. Integrating 

the sQTLs with the endometriosis genome-wide association study (GWAS) data, we identified two genes 

(GREB1 and WASHC3) that were significantly associated with endometriosis risk through genetically regu

lated splicing events. Overall, this study detected transcript isoform-level and RNA splicing level specific 

changes, providing insights into the dynamic changes in transcriptomic regulation in endometrium and its 

association with endometriosis.

INTRODUCTION

Endometrium is a specialized tissue that undergoes dynamic 

changes in cellular composition and function across the men

strual cycle and plays a pivotal role in preparation for implanta

tion and maintenance of pregnancy.1 Endometrium is thought 

to be the source of cells initiating many cases of endometriosis, 

a common gynecological disorder affecting 11% of reproductive 

aged women.2,3 Endometriosis is associated with symptoms, 

such as pelvic pain and infertility, severely impacting the quality 

of life of those affected and resulting in a heavy economic burden 

to society.2,4,5

Transcriptomic regulation in endometrium and its association 

with endometriosis are not fully understood, with previous endo

metrial studies focusing on gene-level expression analysis in 

both bulk and single-cell resolution RNA sequencing (RNA-seq) 

methods.3,6,7 Alternative splicing that can generate multiple 

mRNAs from a single gene through variation in transcript usage 

and alternative splicing plays an important role in creating a tran

scriptome with diverse functions and expanding the proteome 

complexity.8 Extensive studies have demonstrated that the coor

dination of alternative splicing networks contribute to tissue 

development and cell differentiation in a cell-type- and/or tis

sue-specific manner.9–12 Moreover, the associations between 

human diseases and altered splicing have been widely reported 

in cancers, and muscular dystrophies, neurological diseases, 

and myelodysplastic syndromes.13–15 Compared with gene-level 

expression analysis, individual transcript-level changes in a sin

gle gene and post-transcriptional modifications like alternative 

RNA splicing, which are more directly related to the downstream 

functional protein isoforms, have received little attention in repro

ductive medicine. Recent studies on more than 200 samples3,16

have found no evidence for differentially expressed genes in 

endometrium between women with and without endometriosis 

using both microarray and high-throughput RNA-seq technolo

gies. Therefore, transcript level analyses could add to our under

standing of the RNA splicing landscape in human endometrium 

and may also provide insights into endometriosis pathology.

Genome-wide association studies (GWASs) have identified 

genetic risk factors associated with endometriosis risk.17 Howev

er, the molecular mechanisms and target genes that link genetic 

risk factors to this increased risk remain poorly understood.17

Similar to other complex disorders, the majority of disease asso

ciated genetic variants fall within noncoding regions of the 
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genome and causal variants may regulate gene expression and 

RNA splicing of corresponding coding gene targets.18,19 Despite 

discovery of a large number of expression quantitative trait loci 

(eQTLs) where genetic variation affects gene-level expression, 

few target genes has been linked to genetic variants identified 

using GWAS,20 suggesting a role for other fundamental mecha

nisms where genetic variants regulate RNA splicing (sQTL). Dis

covery of sQTLs in different tissues provides a valuable resource 

to identify specific candidate risk genes for diseases using tran

scriptome-wide association studies.20–22 The role of sQTLs in 

endometrium and related diseases such as endometriosis has 

not been studied.20

Here, using genotypes and RNA-seq from endometrial sam

ples from 206 women of European ancestry, we characterized 

and compared transcript isoform-level and RNA splicing varia

tions with gene-level expression in endometrium across the 

menstrual cycle and its association with endometriosis. We 

investigated genetic effects on RNA splicing in endometrium, 

and prioritized genes with splicing events regulated by variants 

associated with endometriosis via transcriptome-wide associa

tion study analysis. Taken together, this study expands our un

derstanding of transcriptional and genetic regulation in human 

endometrium and provides insights for pathogenic mechanisms 

contributing to endometriosis and related infertility.

RESULTS

Transcriptomic changes in endometrium across the 

menstrual cycle

Dissecting the mechanisms of dynamic transcriptomic changes 

in endometrium throughout the menstrual cycle in response to 

fluctuating hormones can provide insights into molecular mech

anisms influencing endometrium in health and disease.

Multi-level transcriptomic profiling reveals widespread 

changes across the cycle

To capture the full complexity of transcriptomic regulation 

across the menstrual cycle, we examined differential gene-level 

expression (DGE), transcript-level expression (DTE), transcript 

usage (DTU), and splicing (DS), between menstrual cycle phases 

(mid-proliferative [MP], early secretory [ES], mid-secretory [MS], 

and late secretory [LS]), as each analysis provides complemen

tary insights into distinct layers of gene regulation, including 

expression magnitude, isoform variation, and alternative splicing 

events. Table 1 shows detailed information on patient numbers, 

menstrual cycle phases, and endometriosis status. Following 

correction for multiple testing, we observed significant differ

ences at all four transcriptomic levels (DGE, DTE, DTU, and 

DS) across the menstrual cycle (Tables S1, S2, S3, and S4). 

Fold changes estimated by the DGE analysis were consistent 

with previously published microarray datasets16 for the compar

ison between ES vs. MS (correlation coefficient [R] = 0.98, 

p < 2.2e − 16) and MS vs. LS (R = 0.96, p < 2.2e − 16) (Figure S1).

Phase-specific dynamics in transcript and splicing 

regulation

Similar to the gene-level results in the previous microarray 

study,16 we observed that the biggest transcriptomic changes 

at transcript- and splicing-levels occurred between MP vs. ES, 

followed by ES vs. MS and MS vs. LS (Figure 1A). Only a small 

number of DGE, DTE, DTU, and DS genes changed consistently 

across all menstrual cycle phase comparisons, the majority of 

differences were observed between specific phases. Notably, 

at the DTU level, the cross-phase overlap was greatly attenu

ated, suggesting that alternative transcript usage may confer 

some phase specificity. By looking at the transcripts with evi

dence of DTE across all phases, we observed sets of transcripts 

whose expression decreases from the proliferative phase to the 

ES phase and then gradually increases throughout the secretory 

phase and sets of transcripts whose expression changes in the 

opposite direction (Figure S2), similar to patterns of gene-level 

changes reported previously.16 This demonstrates the dynamic 

and variable nature of transcriptomic changes at both gene 

and transcript levels throughout the menstrual cycle.

Transcript isoform and splicing analyses reveal 

additional layers of regulation

We also compared genes with evidence of DGE, DTE, DTU, and 

DS to determine whether transcript isoform-level and alternative 

splicing analyses can detect genes that would have not been 

found by gene-level expression analysis. By comparing tran

scriptomic changes between MP and MS phases (Figure 1B), 

we found 11,912 genes with changes at the DGE level, 11,930 

genes at the DTE level, 2,347 genes at DTU level, and 3,205 genes 

at the DS level (false discovery rate [FDR] <0.05). Further compar

isons showed that many of the genes with evidence of transcript- 

level and splicing changes were not discovered by the DGE anal

ysis, including 576 (24.5%) of DTU genes, 865 (27.0%) of DS 

genes, and 1536 (12.9%) of DTE genes, indicating transcript iso

form-level and splicing-specific changes. The remaining genes 

were also identified through gene-level expression analysis, con

firming that the observed effects are consistent with the overall 

pattern of gene expression. Additionally, pathway analysis found 

that genes detected only by transcript isoform-level and splicing 

analyses (Bonferroni <0.05) were enriched in biologically mean

ingful pathways, including hormone regulation and cell growth 

(Figures 1C and S1). Together, the identification of transcript iso

form-level and splicing specific changes adds to our understand

ing of molecular regulation across the menstrual cycle.

Transcript isoform-level and splicing specific changes 

in endometriosis

Building on our initial analyses across the menstrual cycle, we 

next explored whether isoform-specific regulatory changes 

could underlie transcriptomic differences in endometriosis. 

Table 1. Number of patients by menstrual cycle phase and 

endometriosis case-control status

Menstrual cycle phase Control Case Combined

Menstrual (M) 5 9 14

Early-proliferative (EP) 2 3 5

Mid-proliferative (MP) 16 56 72

Late-proliferative (LP) 10 12 22

Early-secretory (ES) 10 21 31

Mid-secretory (MS) 14 27 41

Late-secretory (LS) 6 15 21

Total number of samples 63 143 206
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Our previous studies focusing on gene-level expression identi

fied no differentially expressed genes at FDR <0.05 between 

endometriosis cases and controls.3,16 In this study, we included 

the menstrual cycle as a covariate and identified 18 genes (Bon

ferroni adjusted p < 0.05) showing significant evidence of tran

script isoform-level and splicing-specific dysregulation associ

ated with endometriosis (Tables 2 and S5). One gene ZNF217 

has been functionally related to hormone regulation and 

involved in estrogen receptor α (ERα)-mediated signal transduc

tion in breast cancer cells and breast tumor samples.23 ZNF217 

encodes distinct protein isoforms due to the presence or 

absence of exon 4.24 We identified a differentially spliced intron 

cluster in ZNF217, including decreased exon 4-skipping (ΔPSI = 

− 6.4%) in endometriosis (Figure S3).

Co-expression networks captured changes for 

endometriosis at the MS phase

We also placed transcriptomic changes within a systematic 

context by performing a weighted gene correlation network 

analysis (WGCNA),25 to identify any co-expressed groups of 

Figure 1. Transcriptomic change across the menstrual cycle 

(A) Venn plots show gene-level overlaps of differential gene expression (DGE), differential transcript expression (DTE), differential transcript usage (DTU), and 

differential splicing (DS) at FDR <0.05 in three consecutive phase comparisons (cp) (cp1: mid-proliferative [MP] vs. early secretory [ES], cp2: ES vs. mid-secretory 

[MS], cp3: MS vs. late secretory [LS]). 

(B) Venn diagram showing gene-level overlaps (FDR <0.05) identified through the four transcriptomic analyses in the comparison of MP vs. MS. 

(C) Enriched pathways for up-regulated genes that were only at transcript isoform-level and not detected by DGE analysis. Pathway names are shown on the y 

axis and the enrichment factor on the x axis. The circle size indicates the number of genes, and the color bar indicates the adjusted p value.
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transcripts associated with endometriosis. Results identified 30 

co-expressed transcript modules. Only two modules showed sig

nificant association with endometriosis; however, this association 

was not significant after correcting for multiple testing (Figure S4). 

This result was consistent with our individual transcript level results 

where only one transcript passed multiple testing at FDR <0.05.

Surprisingly, using the consensus WGCNA in which the same 

modules were identified in each menstrual cycle phase, we iden

tified that most of those modules showed a different association 

pattern with endometriosis at each of the four phases (Figure 2). 

For example, among the top 13 endometriosis associated mod

ules, most were down-regulated in endometriosis at ES phase 

and up-regulated in MS and LS phases, represented by the 

different color shading in Figure 2. Specifically, the MS phase 

captured the greatest number of transcriptomic changes, with 

significant change for 15 modules following correction for multi

ple testing (FDR <0.05) (Table S6). Changes for one module re

mained significant following Bonferroni correction. These results 

suggest that some gene sets have different roles at different 

menstrual phases and may only be associated with endometri

osis at a specific menstrual cycle phase.

To verify these network results at an individual transcript level, 

we plotted ten transcripts contributing most to differences for the 

module most associated with endometriosis at MS phase (MEd

arkolivegreen, Beta = − 0.55, Bonferroni p < 0.05). Compared 

with the MP phase, all top ten transcripts were significantly 

down-regulated in endometriosis samples compared with con

trols at ES, MS, and LS phases (Figures 3A and S4). Pathway 

analysis of the 181 transcripts (161 genes) in this module re

vealed that genes were highly enriched for pathways related to 

fallopian tube and other ciliated cell types and infertility related 

pathways (Figure 3B). Therefore, this result not only highlighted 

the important transcriptomic changes at the MS phase but 

also provided evidence for further investigation of endometriosis 

related infertility.

Distinct transcriptomic alterations in endometriosis 

during the mid-secretory phase

Enrichment of isoform- and splicing-level changes in the 

mid-secretory phase

The identification of transcript-level WGCNA network alterations 

in endometriosis at the MS phase prompted us to further assess 

individual levels of transcriptomic dysregulation at this phase. 

When restricting our transcriptomic level analysis to the MS 

phase, we identified a larger number of altered transcripts than 

prior to restriction. This includes DTE for 261 transcripts in 250 

genes and DTU for 165 transcripts in 115 genes and 62 alterna

tively spliced genes (FDR <0.05) between women with and 

without endometriosis. A proportion also passed the Bonferroni 

threshold (Bonferroni p < 0.05), including 11 DTE in 11 genes, 39 

DTU in 29 genes, 11 DS events in 11 genes (Table S7).

Considering the smaller sample size in this analysis when re

stricting samples to the MS phase (n = 41), we evaluated the 

inflation of all three analyses and found it comparable with ana

lyses using the full sample size (n = 206; Figure S5). Additionally, 

we also explored transcriptomic changes between women with 

and without endometriosis at the MP phase (n = 72) but identified 

few differences between women with and without endometri

osis. These included four DTE, 12 DTU, and three DS events at 

Bonferroni p < 0.05 (Table S8). The results are consistent with 

the WGCNA network analysis above, suggesting the MS phase 

captures the most transcriptomic changes.

Predicted functional consequences of dysregulated 

transcript isoforms and splicing

Using protein domain mapping analysis, we found the altered 

transcripts usage or splicing were predicted to either affect 

Table 2. Genes with evidence of transcript-level and splicing dysregulations associated with endometriosis at Bonferroni <0.05

Gene TranscriptID/IntronCluster p value adj_pvalue bf_pvalue Evidence

ARHGEF12 ENST00000532823.5 6.02E-08 0.004 0.004 DTE

TM7SF3 ENST00000543088.5 4.64E-08 0.001 0.001 DTU

NAPG ENST00000580224.5 9.48E-08 0.001 0.003 DTU

SLC25A46 ENST00000513807.5 1.94E-07 0.001 0.006 DTU

RRP7BP ENST00000566851.5 1.52E-07 0.001 0.005 DTU

NEK11 ENST00000508196.5 5.70E-07 0.003 0.018 DTU

CEP44 ENST00000296519.6 7.69E-07 0.003 0.024 DTU

IMPA1 ENST00000518188.5 7.45E-07 0.003 0.023 DTU

DET1 ENST00000444300.1 1.39E-06 0.004 0.044 DTU

KCNJ16 chr17:clu_5500_NA 3.43E-08 0.002 0.002 DS

ZNF217 chr20:clu_59545_NA 1.09E-07 0.002 0.005 DS

KANTR chrX:clu_13599_NA 1.54E-07 0.002 0.007 DS

PAQR5 chr15:clu_16538_NA 1.92E-07 0.002 0.009 DS

LINC01948 chr5:clu_20866_NA 3.62E-07 0.003 0.017 DS

TSNAXIP1 chr16:clu_48897_NA 6.57E-07 0.004 0.031 DS

NCALD chr8:clu_24890_NA 6.70E-07 0.004 0.031 DS

PARN chr16:clu_47322_NA 7.45E-07 0.004 0.035 DS

INTU chr4:clu_8460_NA 9.89E-07 0.005 0.046 DS
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known protein domain sequences, produce long non-coding 

RNAs, or generate transcript subject to nonsense mediated 

mRNA decay (NMD). Examples of predicted functional conse

quences include TNC, FBLN2, PSEN2, MALAT1, FN1, and 

LEF1 (Figures 4, S6, and S7). Those genes have reported asso

ciations with endometriosis and/or infertility through hormone 

regulation or cellular processes, including cell adhesion, prolif

eration, invasion, and signal transduction.26–37 For instance, in 

FBLN2 (Figures 4A and 4B), skipping an exon (chr3:13621775- 

13621915, hg38) which encodes the EGF-like calcium-binding 

domain (PF07645), results in a shorter transcript isoform 

(ENST00000295760) with distinct functions compared to other 

FBLN2 protein isoforms.38–40 This gene has also been shown 

to be regulated in ectopic and eutopic endometrium of a rat 

model of endometriosis.34 Other genes have been discussed 

in the discussion section. Pathway analysis identified that these 

genes were enriched in pathways related to endometriosis 

pathogenesis. For example, genes with differential splicing in 

the MS phase were significantly enriched in cells of mesen

chymal origin, endothelial cells, extracellular matrix, and cell 

migration whereas genes with differential transcript usage 

were significantly enriched in protein binding pathways attach

ment (Figure S8). Genes with differential transcript expression 

were significantly enriched in pathways related to regulation of 

cell signaling and adhesion (Figure S8).

Genetic regulation of RNA splicing in endometrium

After evaluating the transcriptomic dysregulation in endome

trium between women with and without endometriosis, we 

next sought to identify candidate genes for endometriosis risk 

with genetically driven effects on RNA splicing. To do this, we 

first incorporated the corresponding genotype data to map the 

genetic regulation of RNA splicing (also called splicing quantita

tive trait loci or sQTL) in endometrium. We then integrated sQTL 

data with endometriosis GWAS summary statistics to perform a 

transcriptome-wide association study, prioritizing endometriosis 

risk genes likely mediated by cis-regulatory genetic effects on 

endometrial RNA splicing.

Mapping genetic effects on RNA splicing

We tested the association between splicing events and 

6,230,993 genotyped and imputed SNPs in the same 206 Euro

pean individuals using two complementary strategies, THISTLE 

and LeafCutter. Analyzing transcript isoform abundance as the 

phenotype (THISTLE), we identified 1,433 cis-sQTL SNPs (FDR 

Figure 2. Transcript co-expression network association with endometriosis 

Four heatmap plots demonstrating different association patterns between transcript co-expression clusters (y axis) and endometriosis (x axis) at four different 

menstrual cycle phases, which from left to right are mid-proliferative (MP), early secretory (ES), mid-secretory (MS), and late secretory (LS) phases. Transcript 

network clusters on the y axis are represented by different color names while their correlation with endometriosis is represented by specific color shading ranging 

from green (negative correlation) to red (positive correlation).
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<0.05) associated with 1,442 genes (sGenes) (Table S9), and 

when using the intron excision ratio as the phenotype 

(LeafCutter and QTLtools), we identified 2,072 cis-sQTL SNPs 

(FDR <0.05) associated with 1,727 genes (Table S10). In total, 

we identified 3,296 cis-sQTL SNPs associated with 2,427 genes. 

Of these, 1,038 cis-sQTL SNPs identified through LeafCutter and 

QTLtools and 715 cis-sQTL SNPs identified using THISTLE 

passed the more stringent Bonferroni threshold of 0.05. Detec

tion of a greater number of sQTLs using LeafCutter and QTLtools 

compared to THISTLE was in line with the observations in the 

recent paper from Ting et al. (2022),20 although with a larger sam

ple size, we expect the number of sQTLs identified by THISTLE 

would be greater than that by LeafCutter.20 Approximately, 50% 

of sGenes identified using THISTLE, were also identified by 

LeafCutter and QTLtools (Figure S9), supporting the accuracy 

of both methods and results. Examples of genes identified using 

Figure 3. Expression of transcript isoforms and enriched pathways in the endometriosis associated module during the mid-secretory phase 

(A) Boxplots show four transcripts with changing expression (y axis = transcript count) between women with and without endometriosis at four menstrual cycle 

phases (x axis; mid-proliferative (MP), early secretory (ES), mid-secretory (MS), and late secretory (LS)). These are the top four weighted transcripts in the top 

associated module (MEdarkolivegreen) with endometriosis at MS phase (Bonferroni p < 0.05). *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001 estimated from 

differential expression analyses using negative binomial generalized linear models in DESeq2. 

(B) Pathway enrichment results for genes involved in the most significantly associated module (MEdarkolivegreen) with endometriosis at MS phase. Pathway 

names are shown on the y axis and the enrichment factor on the x axis. The circle size indicates the number of genes, and the color bar indicates the adjusted 

p value.
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both methods include the association between rs16826279 

and splicing in CDC42 (Figure S10), a gene which has been 

consistently reported to be associated with endometriosis 

risk.41 However, the sGenes and sQTLs that do not overlap 

demonstrated the benefit of using a combination of the two 

sQTL mapping strategies to capture evidence of RNA splicing.

Splicing-specific genetic effects

To identify potential splicing specific effects sQTLs were 

compared to gene level eQTLs in endometrium. For this compar

ison, we considered 2,472 sGenes (FDR <0.05) identified through 

both sQTL mapping strategies aforementioned (Tables S9 and 

S10), with the 3,276 endometrial eQTL genes (FDR <0.05) identi

fied from our previous study with the same endometrial RNA-seq 

data and genotype dataset.3 We found that of those 2,472 

sGenes, 789 (32.5%) genes were also detected in the eQTL anal

ysis, indicating the consistent effects on overall gene expression. 

However, the majority of sGenes (67.5%) discovered only in the 

sQTLs analysis suggest splicing-specific effects.

Similarity of genetic effects on splicing between tissues

Understanding the similarity in genetic regulation of RNA splicing 

between endometrium and other tissues is important to illustrate 

endometriosis etiology and the potential for shared transcrip

tomic profiles between biologically similar tissues. The rb
42

method was used to estimate the correlation of genetic effects 

at the top-associated cis-sQTLs between endometrium and 48 

GTEx tissues. Overall, we observed a positive correlation be

tween tissues, with rb ranging from 0.86 to 0.90 (Figure S9), 

which is higher and less variable than an estimated rb ranging 

from 0.54 to 0.72 by using cis-eQTLs in endometrium and 

GTEx tissues.3 This result was consistent with previous data in 

GTEx which indicates that genetic effects on splicing tend to 

be shared more between tissues when compared with expres

sion.43 Similar to the correlation estimated between cis-eQTLs,3

reproductive and digestive tissues shared the highest correlation 

of genetic effects on splicing with endometrium.

Enrichment of eQTLs and sQTLs for endometriosis 

GWAS signals

To assess whether the large number of identified cis-sQTLs 

could be used to capture molecular effects of genetic risk vari

ants associated with endometriosis, we looked for enrichment 

of top cis-sQTL SNPs (FDR <0.05) among endometriosis 

GWAS SNPs. We also measured the enrichment of cis-eQTLs3

(FDR <0.05) in the endometriosis GWAS and compared this with 

cis-sQTLs. Both lead cis-sQTL and eQTL SNPs were enriched 

for much stronger associations with endometriosis when 

compared with genome-wide genetic variants (Figure 5). This 

suggested the importance of annotating GWAS variants using 

QTL data source.

Figure 4. RNA splicing and transcript usage changes between women with and without endometriosis at mid-secretory phase 

(A) A significant DS intron cluster in FBLN2 (clu_40887_NA, Bonferroni p < 0.05) shows decreased exon 11 (chr3:13621775-13621915, hg38) skipping (ΔPSI = 

− 14.8%) in endometriosis. Each curved line represents one splicing event and ΔPSI (delta percent spliced in) represents splicing change. 

(B) Whole gene view of FBLN2 with mapped transcript isoforms (Tx) and protein domains (Dm). The dashed line highlights the differentially spliced region in (A), 

while red rectangle indicates the transcript affected by the exon 11 skipping, along with its associated protein domains. 

(C) Boxplot for three transcripts of TNC displaying transcript usage change, with * indicating nominally significant p < 0.05 while **** indicating Bonferroni sig

nificant p < 0.05 estimated using Dirichlet-multinomial (DM) models in DRIMSeq for DTU analysis. y axis represents the proportional contribution of each 

transcript to the gene’s overall expression. 

(D) Whole gene view of TNC with mapped Tx and Dm.
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Endometriosis risk genes with genetically driven effects 

on splicing in endometrium

Endometrial cis-sQTLs were leveraged to further prioritize risk 

genes underpinning variant-endometriosis associations from 

the latest large-scale GWAS analysis on endometriosis17 using 

summary data-based Mendelian randomization (SMR).44 Using 

the cis-sQTLs generated through LeafCutter and QTLtools, 

SMR analyses identified six genetically regulated splicing 

events in four genes (ARL14EP, GREB1, WASHC3, and RP11- 

624M8.1) that were significantly associated with endometriosis 

risk (FDR <0.05), with only two genes GREB1 and WASHC3 

passing the HEIDI test (p_HEIDI >0.05) (Table S11). We found 

that two genetically regulated splicing events (a: exon 15 skip

ping; b: intron excision) in GREB1 were significantly associated 

with endometriosis risk (Figure 6A). By further annotating the 

splicing events (Figures 6B–6D), we found that the alternative 

exon 15 encodes a stop codon resulting in a truncated transcript 

isoform (ENST00000381483), which is different from the full- 

length transcript (ENST00000381486). WASHC3 was associ

ated with endometriosis through the genetic regulation of exon 

6 skipping in WASHC3 (Figure S11). We further found that ge

netic regulated exon 6 skipping in WASHC3 might affect the pro

duction of a specific transcript isoform (ENST00000538761) 

subject to NMD. The GREB1 associated variant, rs12470971, 

was an intronic variant within GREB1, and the WASHC3 associ

ated variant, rs143511013, was located in a non-coding tran

script exon of LINC02456, both positioned more than 10 bp 

from canonical splice sites and without predicted direct splicing 

effects based on SpliceAI analysis. Furthermore, rs12470971 is 

over 5 kb from the exon 15 skipping event in GREB1, and 

rs143511013 is over 16 kb from the exon 7 skipping event in 

WASHC3. Additionally, no signal passed FDR tests in the SMR 

when using cis-sQTLs from THISTLE when using the corre

sponding genotype and transcript usage ratio matrix.

DISCUSSION

In this study, we conducted transcriptome analysis and 

genome-wide sQTL mapping within human endometrium using 

endometrial RNA-seq and genotype data. By employing diverse 

analytical approaches, including DTE, DTU, and DS, we investi

gated multiple layers of transcriptomic regulation in both healthy 

and diseased endometrium. Notably, 30% of genes regulated at 

transcript level across the menstrual cycle were undetected by 

standard gene-level expression analyses and were enriched in 

hormonally responsive and cell growth pathways. Our phase- 

specific analysis of the MS phase, a critical window of endome

trial receptivity, revealed unique, context-specific splicing dif

ferences between women with and without endometriosis. 

Similarly, sQTL analysis revealed distinct genotype-dependent 

splicing events that are often overlooked by traditional ap

proaches that average across genotypes. Several of these 

splicing events were linked to known endometriosis risk loci, 

providing insights into the genetic regulation of splicing and its 

potential role in endometriosis pathogenesis. Together, our 

findings emphasize the complementary nature of multi-layered 

transcriptomic approaches and highlight transcript-level and 

splicing regulation as key contributors to endometrial function 

and disease, offering potential target genes for endometriosis 

treatment and research.

More than half of women with infertility also have endometri

osis.45 It has been suggested that the association between 

endometriosis and infertility is due to decreased endometrial 

receptivity and defective implantation at the MS phase, but the 

causal effects remain unclear.46,47 The identification of transcrip

tomic changes associated with endometriosis in the MS phase 

suggests cellular dysregulation at the MS phase might be related 

to endometriosis pathogenesis and infertility. For example, there 

was a transcript switch in PSEN2 (Figure S6), a member of the 

Notch pathway, involved in the cellular regulation and transition 

during the window of uterine receptivity.48 PSEN2 has been 

identified as a potential receptor of protopanaxadiol that could 

improve endometriosis associated infertility and miscarriage.49

We also found one TNC transcript that encodes a truncated pro

tein isoform that was significantly up-regulated at transcript-us

age level in endometriosis at the mid-secretory phase (Figure 4). 

Previous studies have demonstrated functional differences of 

TNC protein isoforms in tumors compared with normal tis

sue.50,51 Interestingly the TNC gene encoded protein, tenascin 

C, classified as an adhesion-modulating protein, is also elevated 

in eutopic endometrial tissue in endometriosis when compared 

with controls.52 Tenascin C protein concentrations have been 

suggested as a potential serum biomarker to distinguish endo

metriosis from abnormal pain at the secretory phase.52 The func

tion of TNC protein isoforms have not been investigated in endo

metriosis. Taken together, genes with evidence of RNA splicing 

and transcript alternations in endometriosis may serve as poten

tial biomarkers and therapeutic targets, especially considering 

the promising translational value of RNA splicing in clinical 

applications.53,54

Figure 5. QQ-plots shows enrichment of both lead endometrium cis- 

sQTL and cis-eQTL SNPs (FDR <0.05) among endometriosis GWAS 

signals
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Most splicing variants associated with endometriosis were 

not uniquely expressed in the MS phase but showed case con

trol differences only during this phase, suggesting a potential 

phase-specific disease effect. These splicing changes may be 

driven by dynamic hormonal, molecular, and epigenetic factors 

that fluctuate across the menstrual cycle. Steroid hormones 

have been shown to influence alternative splicing in a context- 

specific manner through multiple mechanisms, including regu

lating splicing factor expression, recruiting co-regulatory pro

teins, altering splicing of key regulators, and modulating 

transcriptional elongation.55 In addition, epigenetic modifica

tions such as DNA methylation and histone marks can influence 

transcription and splice site selection by affecting chromatin 

accessibility and transcriptional kinetics, contributing to differ

ential splicing across menstrual phases.56,57 These effects 

may also be modulated by changes in cell type composition 

across the cycle.

We also investigated genetic regulation of RNA splicing in 

endometrial tissue by mapping sQTLs using two complementary 

methods (THISTLE and LeafCutter & QTLtools). Most genes 

identified in the sQTL mapping analysis (67.5%) (FDR <0.05) 

were not detected in the eQTL analysis, also suggesting specific 

genetic regulation of splicing in the endometrium. As shown in 

this study, sQTLs in endometrium were enriched in endometri

osis GWAS statistics, indicating the important contribution of 

sQTLs in mediating genetic effects. Using the endometrium 

sQTL data generated in this study along with the publicly avail

able sQTL data in GTEx tissues, we highlight the shared genetic 

effects on RNA splicing between endometrium and reproductive 

and digestive tissues, such as ovary, colon, and esophagus. This 

supports observations of the genetic correlation and shared ge

netic risk between endometriosis and gastrointestinal disorders 

and ovarian cancer.58–61 Endometrial sQTLs are a valuable 

resource to further investigate other molecular mechanisms 

and inform diagnostic and therapeutic strategies for reproduc

tive diseases.

Lastly, by integrating endometrial sQTL data and endometri

osis GWAS summary statistics,41 we prioritized two genes 

(GREB1 and WASHC3) associated with endometriosis risk 

through genetically driven effects on RNA splicing. This con

trasts with previous eQTL studies in endometrium3 that did 

not detect genetic effects on expression of both genes, high

lighting the added resolution offered by transcript level analysis. 

GREB1, an estrogen-responsive gene that mediates interac

tions between estrogen receptors and corresponding proteins, 

has variants significantly associated with endometriosis risk in 

women from the GWAS studies.17,41 Our results show that 

rs12470971 is associated with exon 15 skipping in GREB1, re

sulting in a truncated transcript isoform (ENST00000381483), 

and previous work suggests that different GREB1 isoforms 

can differentially regulate cellular proliferation in hormone- 

responsive tissues such as breast cancer cells.62 This raises 

the possibility that genetic regulation of GREB1 splicing could 

contribute to endometriosis pathogenesis via altered protein 

isoforms in the endometrium. Notably, while rs12470971 lies 

within an intron of GREB1, it was not predicted to directly 

impact splicing using the SpliceAI tool and was located more 

than 5 kb from the splicing event and 10 bp from canonical 

splice sites, suggesting that the splicing effect may be mediated 

through more complex regulatory mechanisms. Interestingly, 

rs12470971 is in high LD with rs1865573 (r2 = 0.98) a variant 

located in a predicted enhancer in uterus and reported to be 

associated with endometriosis risk through its cis-genetic regu

lation of GREB1 methylation in endometrium and an sQTL in 

ovary57 Both variants are in high LD with rs11674184 (r2 = 

0.76) previously associated with risk for both endometriosis 

and clear cell ovarian cancer.55 This finding further suggests a 

potential interaction between genetically regulated splicing 

and methylation at GREB1 locus, contributing to both risk of 

endometriosis and ovarian cancer.

The WASHC3 locus has not been previously linked to endo

metriosis risk. In our analysis, we identified that rs143511013 

was associated with exon 6 skipping in WASHC3, and this 

SNP is in high LD with the index SNP (rs10860864, r2 = 0.95) 

located in the IGF1 locus downstream of WASHC3 on chromo

some 12 and associated with endometriosis risk from the latest 

endometriosis GWAS.17 Although rs143511013 resides in a non- 

coding exon of LINC02456 and is not predicted to directly affect 

splicing, protein mapping analysis demonstrated that exon 3 

skipping in WASHC3 is associated with the production of a spe

cific transcript isoform (ENST00000538761), which functions in 

NMD, a translation-dependent mRNA surveillance mechanism. 

Recent Mendelian randomization analysis has also reported as

sociations between WASHC3 plasma protein levels and endo

metriosis risk.63 Together, these results suggest WASHC3 may 

play a role in endometriosis pathogenesis and illustrate how 

non-coding variants can modulate splicing indirectly, via mech

anisms like RNA-binding protein interactions or long-range chro

matin effects, typical of sQTLs.43

The splicing changes observed in endometriosis, particularly 

during the mid-secretory phase, may reflect functionally relevant 

disruptions in endometrial biology. Genes such as GREB1, 

WASHC3, PSEN2, and TNC showed differential splicing or iso

form usage, implicating pathways involved in cell signaling, 

adhesion, and hormonal response. While direct links between 

genetic risk variants and splicing remain complex, evidence, 

Figure 6. Genetic control of RNA splicing in human endometrium and transcriptome-wide association 

(A) SMR results show the association of GREB1 with endometriosis through the cis-effect of rs12470971 on splicing events in GREB1. The top track shows 

− log10(p-values) of SNPs from the endometriosis GWAS. The middle track shows − log10(p-values) from the cis-sQTLs analysis through Leafcutter and 

QTLtools. The bottom track shows the gene annotation in this region. 

(B) Whole view of GREB1 with mapped transcripts (Tx) and protein domains (Dm). The region highlighted in the red rectangle indicating the spliced region which 

contains two splicing events associated with different genotypes of rs12470971 (FDR <0.05) in (C). 

(C) Association between sQTL rs12470971 genotypes and splicing events a (exon 15 skipping) and b (intron excision). The blue number represents the average 

PSI (percent spliced in) value for the splicing event in each genotype of rs12470971. 

(D) Violin plot shows the association between different rs12470971 genotypes (x axis) and PSI value (y axis) of splicing event a.
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including our identification of splicing alterations in GREB1, a 

gene near known endometriosis and ovarian cancer risk loci, 

supports this as a plausible mechanism. Recent endometriosis 

GWAS studies have also shown that SNPs in noncoding regions 

like lncRNAs can influence splicing and RNA metabolism.64

These findings highlight the intersection of genetic, epigenetic, 

and transcriptomic regulation in a tissue- and phase-specific 

context, underscoring the importance of splicing analyses in un

derstanding endometriosis pathogenesis.

Limitations of the study

There are several limitations to these results. Firstly, the accu

racy of transcript-level analysis and RNA splicing measurement 

using a transcript usage ratio strategy is limited by the short-read 

RNA-seq which cannot precisely characterize full-length tran

script isoforms. This could be improved by the emerging long- 

read sequencing technology, which can sequence single reads 

of 30 kb or longer covering the full length of most transcripts.65

Secondly, the power of the sQTL analysis and the following tran

scriptome-wide association analysis are dependent on the sam

ple size of the endometrial dataset. Despite of the sample being 

large relative to existing transcriptomic datasets in human endo

metrium, more powerful datasets will be required to capture and 

validate QTLs with smaller effects. Thirdly, endometriosis is a 

heterogeneous disease with variation in clinical presentation 

and response to treatment that suggests the presence of sub- 

phenotypes of disease. To better understand the potential role 

of transcriptomic regulation in the endometrium in endometriosis 

and related infertility, larger sample sizes with detailed sub- 

phenotype information, including fertility information, will be 

required. Finally, our study identified candidate genes with tran

script-level and splicing changes in endometriosis with strong 

statistical support and many of them were also predicted to 

affect protein isoforms. Functional validation studies of these ef

fects on transcript regulation will be required elucidated the mo

lecular mechanism and their role disease.

In conclusion, this comprehensive transcriptome-wide anal

ysis and genome-wide sQTL analysis add important biological 

knowledge and evidence to our understanding of dynamic 

changes in human endometrium throughout the menstrual cycle, 

as well as associations between transcriptomic changes and 

endometriosis. The endometrial sQTL dataset generated is a 

valuable resource to pinpoint the precise mechanism by which 

genetic variants are associated with other reproductive diseases.

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources should be directed to and will 

be fulfilled by Dr Sally Mortlock (s.mortlock@imb.uq.edu.au).

Materials availability

This study did not generate new unique reagents.

Data and code availability

• Data: The RNA-seq data on which this analysis was based are deposited 

in GEO: GSE234354. Endometriosis GWAS summary statistics from the 

International Endometriosis Genetics Consortium is not publicly avail

able due to data restrictions. GWAS summary statistics containing 

data from 23andMe, Inc. were made available under a data use agree

ment that protects participant privacy. Please contact dataset-request@ 

23andme.com or visit research.23andMe.com/collaborate for more in

formation and to apply to access the data.

• The V8 release of the GTEx sQTL summary data in SMR binary format 

was downloaded from Yang Lab (https://yanglab.westlake.edu.cn/ 

software/smr/#DataResource) and was formatted into text files con

taining all variant-intron associations based on nominal mode.

• Code: The study used standard analysis tools described in the STAR 

Methods and the key resources table with parameter settings applied 

in these analyses.

• Any additional information required to analyze the data reported in this 

work paper is available from the lead contact Dr Sally Mortlock upon 

request.
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29. Tamm, K., Rõõm, M., Salumets, A., and Metsis, M. (2009). Genes targeted 

by the estrogen and progesterone receptors in the human endometrial cell 

lines HEC1A and RL95-2. Reprod. Biol. Endocrinol. 7, 150.

30. Flores, I., Rivera, E., Ruiz, L.A., Santiago, O.I., Vernon, M.W., and Apple

yard, C.B. (2007). Molecular profiling of experimental endometriosis iden

tified gene expression patterns in common with human disease. Fertil. 

Steril. 87, 1180–1199.

31. Shukla, V., Popli, P., Kaushal, J.B., Gupta, K., and Dwivedi, A. (2018). Uter

ine TPPP3 plays important role in embryo implantation via modulation of 

β-catenin. Biol. Reprod. 99, 982–999.

32. Kobayashi, H., Yamashita, Y., Iwase, A., Yoshikawa, Y., Yasui, H., Kawai, 

Y., Uchida, K., Uno, N., Akatsuka, S., Takahashi, T., et al. (2012). The fer

roimmunomodulatory role of ectopic endometriotic stromal cells in ovarian 

endometriosis. Fertil. Steril. 98, 415–422.e12.

33. Aston, K.I., Uren, P.J., Jenkins, T.G., Horsager, A., Cairns, B.R., Smith, A. 

D., and Carrell, D.T. (2015). Aberrant sperm DNA methylation predicts 

male fertility status and embryo quality. Fertil. Steril. 104, 1388–1397.e1-5.

34. Matalliotaki, C., Matalliotakis, M., Rahmioglu, N., Mavromatidis, G., Mata

lliotakis, I., Koumantakis, G., Zondervan, K., Spandidos, D.A., Goulielmos, 

12 iScience 28, 113207, September 19, 2025 

iScience
Article

ll
OPEN ACCESS

https://doi.org/10.1016/j.isci.2025.113207
https://doi.org/10.1016/j.isci.2025.113207
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref1
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref1
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref1
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref2
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref2
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref2
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref3
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref3
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref3
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref3
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref4
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref4
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref4
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref5
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref5
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref6
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref6
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref6
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref6
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref7
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref7
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref7
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref7
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref8
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref8
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref9
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref9
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref10
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref10
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref10
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref10
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref11
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref11
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref11
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref11
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref12
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref12
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref12
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref12
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref13
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref13
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref14
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref14
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref15
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref15
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref15
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref15
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref15
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref16
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref16
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref16
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref16
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref16
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref17
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref17
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref17
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref17
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref18
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref18
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref18
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref18
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref19
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref19
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref19
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref19
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref20
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref20
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref20
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref21
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref21
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref21
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref22
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref22
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref22
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref23
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref23
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref23
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref23
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref24
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref24
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref24
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref24
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref25
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref25
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref26
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref26
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref26
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref26
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref27
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref27
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref27
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref28
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref28
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref28
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref28
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref29
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref29
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref29
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref30
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref30
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref30
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref30
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref31
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref31
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref31
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref32
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref32
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref32
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref32
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref33
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref33
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref33
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref34
http://refhub.elsevier.com/S2589-0042(25)01468-3/sref34


G.N., and Zervou, M.I. (2019). Role of FN1 and GREB1 gene polymor

phisms in endometriosis. Mol. Med. Rep. 20, 111–116.

35. Cardoso, J.V., Perini, J.A., Machado, D.E., Pinto, R., and Medeiros, R. 

(2020). Systematic review of genome-wide association studies on suscep

tibility to endometriosis. Eur. J. Obstet. Gynecol. Reprod. Biol. 255, 74–82.

36. Hiskey, M., Chinn, Z., Cohen, C., and Hanley, K. (2016). LEF1 overexpres

sion is associated with preneoplastic and neoplastic glands of the endo

metrium. Am. J. Clin. Pathol. 146.

37. Koler, M., Achache, H., Tsafrir, A., Smith, Y., Revel, A., and Reich, R. 

(2009). Disrupted gene pattern in patients with repeated in vitro fertilization 

(IVF) failure. Hum. Reprod. 24, 2541–2548.

38. Zhang, H., Hui, D., and Fu, X. (2020). Roles of fibulin-2 in carcinogenesis. 

Med. Sci. Monit. 26, e918099.
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STAR★METHODS

KEY RESOURCES TABLE

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Participant information

Information on sample collection has been previously published by Mortlock et al. 2020.3 Briefly, informed consent was obtained 

from 206 women of European ancestry aged 18-49 years, including 143 with endometriosis (cases) and 63 without endometriosis 

(controls) recruited at the Royal Women’s Hospital (RWH) (n=184) and Melbourne IVF Clinic (IVF) (n=22).3 Inclusion criteria for indi

viduals in RWH was based on the result of laparoscopic surgery in response to suspected endometriosis with pelvic pain as the pri

mary symptom, while selected individuals in IVF were undergoing treatment for subfertility. The study received approval from the 

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

RNA-seq raw data for endometrial 

tissue

Teh et al.66 GSE234354

Endometrial sQTL data This study Tables S9 and S10

Endometrial eQTL data Mortlock et al.3 http://reproductivegenomics.com.au/shiny/ 

eeqtl2/

GTEx sQTL V8 release in SMR binary 

format

GTEx consortium43 and Yanglab https://yanglab.westlake.edu.cn/software/ 

smr/#DataResource

Endometriosis GWAS summary 

statistic

International Endometriosis Genetics Consortium 

Rahmioglu et al.17

GCST90205183

Endometriosis GWAS summary 

statistic

International Endometriosis 

Genetics Consortium 

Sapkota et al.41

N/A (Not publicly available due to 

23andMe data restrictions, but can 

contact author for request process)

Software and algorithms

Salmon Patro et al.67 https://combine-lab.github.io/salmon/getting_ 

started/

tximport (v1.18) Soneson et al.68 https://bioconductor.org/packages/release/ 

bioc/vignettes/tximport/inst/doc/tximport.html

edgeR (v3.32.1) Robinson et al.69 https://bioconductor.org/packages/ 

release/bioc/html/edgeR.html

DESeq2 (v1.30.1) Love et al.70 https://bioconductor.org/packages/ 

release/bioc/html/DESeq2.html

DRIMSeq Nowicka et al.71 https://bioconductor.org/packages/ 

release/bioc/html/DRIMSeq.html

LeafCutter Yang et al.22 http://davidaknowles.github.io/leafcutter/

Gviz (v1.34.1) Hahne et al.72 https://bioconductor.org/packages/ 

devel/bioc/vignettes/Gviz/inst/doc/Gviz.html

ensembldb (v2.14.1) Rainer et al.73 https://bioconductor.org/packages/ 

release/bioc/html/ensembldb.html

WGCNA Langfelder et al.25 https://horvath.genetics.ucla.edu/html/ 

CoexpressionNetwork/Rpackages/WGCNA/ 

Tutorials/

gprofiler2 (v0.6.4) Kolberg et al.74 https://cran.r-project.org/web/packages/ 

gprofiler2/vignettes/gprofiler2.html

THISTLE Qi et al.20 https://yanglab.westlake.edu.cn/ 

software/osca/#THISTLE

QTLtools Delaneau et al.75 https://qtltools.github.io/qtltools/

WASP Van de Geijn et al.76 https://github.com/bmvdgeijn/WASP/

SMR Zhu et al.44 https://yanglab.westlake.edu.cn/ 

software/smr/#DataResource

SpliceAI Jaganathan et al.77 https://spliceailookup.broadinstitute.org/
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Human Research Ethics Committees of the Royal Women’s Hospital (Projects 11–24 and 16–43), Melbourne IVF (Project 05–11), and 

the University of Queensland (2020/HE002852). All participants provided informed consent.

METHOD DETAILS

Sample information

Endometrial tissue samples were collected from all 206 women by curettage during investigative laparoscopy surgery, followed by 

the surgical diagnosis of endometriosis status for RWH women or self-reported endometriosis status for women undergoing treat

ment for subfertility from the IVF clinic. Menstrual cycle phase of each endometrial biopsy was assessed by an experienced pathol

ogist and categorised into seven different phases described previously.3 The endometrial tissue was collected into RNALater (Life 

Technologies, USA) and subsequently frozen at -80◦C before later being used for RNA extraction and next generation sequencing. 

A whole blood sample was collected from each individual prior to the laparoscopic surgery and prepared for DNA extraction and 

genotype analysis.

RNA sequencing

RNA extraction was performed using the Allprep DNA/RNA Mini Kit (Qiagen, CA). RNA quality and concentration was assessed, and 

libraries were generated using the Illumina TruSeq Stranded Total RNA Gold protocol. Libraries were sequenced at a length of 75 bp 

pair-ended reads to a mean depth of 37,490,673 reads on the Illumina HiSeq4000 platform for 178 RWH samples, and 120 bp pair- 

ended reads to a mean depth of 30,818,062 reads on the Illumina HiSeq2000 platform for 28 IVF samples.3

Genotyping

DNA was extracted from blood samples and genotyping was performed using HumanCoreExome or Infinium PsychArray chips 

(Illumina, USA) for all 206 individuals as described previously.3

QUANTIFICATION AND STATISTICAL ANALYSIS

RNA quantification

The quality of reads was assessed, and trimming was performed as described previously.3 Subsequently, the mapping-based mode 

in Salmon67 was used for an accurate quantification of transcript abundance. Briefly, the salmon index for the endometrium transcrip

tome was built using both the GRCh38 reference transcriptome from GENCODE release 38 and the latest GRCh38 genome reference 

from NCBI. Transcript abundance was then quantified using the index with parameters of –gcBias for fragment-level GC bias correc

tion and -l -A for automatic library type detection.

Transcript-level counts, abundance and effective transcript lengths were generated from Salmon transcript-level abundances in 

the R package tximport v1.18.068 for the subsequent differential transcript expression (DTE) and differential transcript usage (DTU) 

analysis. The scaling option dtuScaledTPM, which was designed for DTU analyses by scaling transcript-per-million (TPM) abun

dance, was used to generate counts from abundance. Alternatively, by setting countsFromAbundance = ‘‘scaledTPM’’, we also 

generated adjusted counts for each transcript for the following DTE analysis by accounting the potential differential transcript usage 

within the gene, which is also the outstanding feature of tximport to improve the gene-level analysis.68 For this reason, the same 

parameter was also applied for the gene-level counts for the following differential gene expression (DGE) analysis between menstrual 

cycle phases.

Differential transcript/gene analysis

To assess the differential transcript and gene expression (DTE/DGE), the filterByExpr function implemented in edgeR (v3.32.1) was 

used to filter low-expressed transcripts or genes. The filtered tximport output which contained a count matrix, length matrix and co

variate matrix, were then imported into the DESeqDataSetFromTximport function implemented in the DESeq2 R package (v1.30.1) to 

generate the DESeq2 data frame for the differential expression analyses using negative binomial generalized linear models. Differ

ences between women with and without endometriosis were tested as well as between menstrual cycle phases. Batch effects 

derived from flow-cell and lane were included as covariates in all models and the menstrual cycle phase and endometriosis status 

were included as covariates when comparing between women with and without endometriosis and menstrual phases, respectively, 

to correct for the known confounders. Only transcripts passing a multiple-testing threshold of Benjamini-Hochberg FDR < 0.05 were 

considered as significantly differentially expressed. Meanwhile, a more stringent Bonferroni test was also performed in this study. We 

focused our differential expression analysis on four pairwise comparisons among menstrual cycle phases: mid-proliferative vs. early 

secretory (MP vs. ES), early secretory vs. mid-secretory (ES vs. MS), mid-secretory vs. late secretory (MS vs. LS), and mid-prolifer

ative vs. mid-secretory (MP vs. MS). These comparisons were selected based on two considerations: (1) each phase included a 

sufficient sample size (more than 20 samples), and (2) our previous microarray study16 indicated minimal transcriptomic differences 

between the proliferative phases. To control for multiple testing, a stringent Bonferroni correction was applied, using a significance 

threshold of P < 0.05 divided by the maximum number of transcripts/genes tested across the four comparisons, and then multiplied 

by 4 to account for the number of pairwise tests.
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Differential transcript usage analysis (DTU)

We extended the differential analysis to investigate RNA splicing. Currently, there are two main strategies to quantify alternative RNA 

splicing including DRIMSeq, focusing on transcript-level quantification, and LeafCutter, focusing on intron-excision event. 

DRIMSeq71 was designed specifically for DTU analysis. By assuming a Dirichlet-multinomial distribution for each gene, DRIMSeq 

calculated a gene-wise precision parameter. To address the complexity of the human transcriptome such as the diversity and num

ber of transcripts per gene which may lead to a higher FDR compared to simpler organisms,71 we used the function dmFilter imple

mented in DRIMSeq R package (v1.18.0) to filter out lowly expressed transcripts prior to the DTU analysis. Transcripts with <10 

counts in at least the total number of samples in the smaller group, or for which their expression proportion for a single gene was 

smaller than ten percent, were removed. Additionally, genes with less than 10 counts in 90% of samples were also excluded. The 

remaining transcripts were used as an input for DRIMSeq for the DTU analysis. As recommended in the DTU analysis workflow pre

sented by Michael I. Love et al.,78 the stageR R package (v1.12.0) which allows detection of both the genes containing evidence of 

DTU and the included transcripts participating in the DTU, and Post-hoc which helps to avoid the excess of FDR bounds because of 

the sensitivity of DRIMSeq to detect DTU, were both applied following DRIMSeq analysis. The same comparisons and covariates 

were applied as in the DTE analysis. Transcripts with a final adjusted p-value less than 0.05 were considered as significantly differ

entially used between women with and without endometriosis. Meanwhile, the same Bonferroni correction strategy was also applied 

as in the DTE analysis above.

Differential splicing (DS) analysis

As mentioned above, differential RNA splicing analysis was also conducted by Leafcutter,22 which focuses on uncovering alternative 

intron excision events by using short RNA-sequencing reads that span exon-exon junctions, without estimating transcript abundance 

and without requiring transcript annotations. Leafcutter was used to identify clusters of alternative excised introns across samples 

and then to compare intron usage in terms of percentage splicing intron (PSI) changes across an entire cluster to detect differential 

splicing between women with and without endometriosis and between menstrual cycle phases using the Dirichlet-Multinomial gener

alized linear model. To reduce the number of tests, the rarely used introns present in less than five samples were removed, and small 

clusters supported by less than 20 reads in at least four individuals in each group were also filtered out. The same comparisons, co

variates, and Bonferroni correction strategy were applied as in the DTE and DTU analyses.

Protein domain mapping

Genes with transcriptomic changes like DTU or DS were mapped onto transcripts using Gviz (v1.34.1)72 and ensembldb (v2.14.1)73

bioconductor R packages. Protein domain datasets from Smart79 and Pfam80 and Superfamily81 were used to map protein coordi

nates onto transcript coordinates using the proteinToGenome function of ensembldb.

Transcript co-expression network analysis

To place the transcriptomic changes within a system-level network architecture and further investigate the molecular mechanisms of 

endometriosis we applied the weighted gene correlation network analysis (WGCNA)25 to transcript level quantifications in this study. 

WGCNA analysis, which takes the relationship between measured transcripts into consideration, has been widely accepted to 

explore the system-level functionality of expression profiles.82 The filtered transcript matrix generated during the DTE analysis using 

the DESeq2 R package was used as input for the WGCNA analysis. As suggested, the variance stabilizing transformation (vst) func

tion implemented in DESeq2 was performed to generate the normalized transcript-level count matrix. To assess the effects of co

variates PCA plots for each covariate were generated using plotPCA function and then all covariates including batch effects derived 

from flow-cell and lane and the menstrual cycle phase were corrected using the empiricalBayesLM implemented in WGCNA R pack

age (v1.70.3). The lowest soft-threshold power β which achieves the approximate scale-free topology of R2 > 0.8 was selected to 

calculate adjacency. We then used the implemented function blockwiseModules to construct signed networks and detect modules 

or correlated transcripts. Specifically, the hierarchical clustering tree (dendrogram) of transcripts was constructed using hierarchical 

clustering based on dissimilarity, 1-Topological Overlap Matrix (TOM). Modules were defined using the dynamic cut tree with a deep

Split of 2 and robust correlation method biweight midcorrelation (bicor), minimum module size of 30 and mergeCutHeight of 0.25. The 

association between each module and endometriosis status was assessed using a linear regression model. Only an association with 

FDR < 0.05 was considered significant.

Given that endometrium is a complex tissue and undergoes different menstrual cycle phases which has been reported to strongly 

influence gene expression,16 we proposed that there might be different expression patterns between women with and without endo

metriosis in various menstrual cycle phases. Expression differences that occur only in a particular menstrual cycle phase may not be 

detected when combining endometrium samples at different phases together. To address this hypothesis, the consensus WGCNA 

analysis was conducted at four menstrual cycle phases with sample sizes >20 to build transcript-modules separately and identify 

their associations with endometriosis at each phase. This includes the mid-proliferative (MP (n=72)), early secretory (ES (n=31), 

mid-secretory (MS (n=41)) and late secretory (LS (n=21)) phases. Following the same filtering and normalization process as the stan

dard WGCNA analysis above, a total number of 45,027 common transcripts expressed at four phases remained and 58 transcript 
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modules were subsequently identified. Similarly, the association between each module and endometriosis status at each phase was 

assessed using linear regression models. The Benjamini-Hochberg test was used for the correction of multiple testing (FDR < 0.05).

Functional enrichment of genes and modules

The gprofiler2 R v0.6.4 package was adopted in this study for the pathway analysis of genes with differential spliced cluster or tran

script usages under different conditions. Background genes are selected from all categories. All nine types of background gene sets 

from gprofiler2 were applied, including commonly used Gene Ontology and KEGG pathways. The Benjamini-Hochberg (FDR) mul

tiple testing correction was applied. A pathway was considered significantly enriched at an adjusted-p value < 0.05.

Processing of genotype data

Raw genotype data underwent quality control (QC) based on the outlined protocol.16 The 282,625 SNPs (hg19) remaining following 

QC were phased and imputed on the Michigan Imputation Server. Imputed SNPs were filtered out if they had a low imputation quality 

of R2 < 0.8, missing rate of more than 5%, minor allele frequency of less than 0.01% and Hardy–Weinberg equilibrium < 1 × 10− 6. 

CrossMap (v.0.2.8) was used to lift over SNP positions to Ensembl genome build 38 (GRCh38) and those that failed to remap were 

manually mapped according to the dbSNP151 GRCh38 release 7. A total number of 6,230,993 SNPs remained for subsequent 

analysis.

Splicing quantitative trait loci (sQTL)

After evaluating the transcriptomic dysregulation in endometrium between women with and without endometriosis, we next sought to 

identify any genetic drivers for such changes by investigating the genetic regulation of RNA splicing (also called splicing quantitative 

trait loci or sQTL). As mentioned previously, there are two main strategies to quantify alternative splicing, (1) DRIMSeq focusing on 

transcript-level quantification and (2) Leafcutter focusing on intron-excision event-level. The transcript-level strategy favours detect

ing sQTLs arising from complex splicing events by using an annotated transcript expression ratio as the phenotype. However, the 

intron-excision event-level strategy has the advantage of identifying different sQTLs as it does not rely on transcript annotations 

and can be more sensitive to subtle splicing events. Given that each strategy has its own advantages, we used these two comple

mentary strategies for splicing quantification and subsequent sQTL mapping, in order to capture the overall landscape of genetic 

regulation on splicing.

Briefly, for the transcript-level strategy, the transcript expression matrix used for the DTE analysis above was used as the pheno

type input while the genetic information of the same 206 individuals was used as genotype input for THISTLE (testing for heteroge

neity between transcript-eQTL effects),20 a recently published powerful transcript-level sQTL method. THISTLE tests the association 

of genetic variants with abundance difference between transcripts, which is equivalent to testing the heterogeneity in transcript-eQTL 

effect between transcripts. SNPs within a 1 Megabase (MB) window of the transcript (cis-sQTLs) in either direction were tested. RNA- 

sequencing lane and flow cell were included as technical covariates in the model along with menstrual cycle phase and endometri

osis status. Both nominal and permutation-based procedures were used separately to map sQTLs. Both Benjamini-Hochberg and a 

more stringent Bonferroni test on permutation p-value were used to correct for multiple testing. Any sQTLs at FDR < 5% were consid

ered significant. Bonferroni significant sQTLs were also reported.

For the intron-excision event level strategy, the intron excision ratio matrix generated by leafcutter was used as the phenotype for 

QTLtools.75 Leafcutter only uses reads that cross the junctions, and if a variant is covered by reads that also span injunctions, it may 

lead to spurious associations between genetic variant and intron excision rate. Therefore, read-mapping bias caused by allele-spe

cific reads was removed by applying WASP76 for HISAT2 v2.0.5 alignments. Then, similar to the first two steps of the differential 

splicing analysis, the clusters of alternatively excised introns were identified using alignment results as an input to Leafcutter.22 Leaf

cutter was then used to quantify and normalize the intron excision ratios, which are the proportion of reads supporting each alterna

tively excised intron to total number of reads within its cluster. Introns used in more than 60% of individuals were retained and used as 

the phenotype matrix for the sQTL mapping analysis. The corresponding genotype matrix for the same 206 individuals used for the 

THISTLE analysis was also used for QTLtools to test the associations between genetic variants within 1Mb of introns and corre

sponding intron excision rates. Both nominal pass and adaptive permutations mode (–permute 1000 10000) implemented in 

QTLtools were applied. The permutation p-value from QTLtools was first controlled for the number of introns tested per cluster by 

Bonferroni as a more conservative approach to correct for multiple testing. We then performed both Benjamini-Hochberg and Bon

ferroni testing on the corrected p-value. The number of sQTL was defined as the number of introns clusters with a significant intron 

(FDR < 0.05), and thus we take the minimum p-value of all introns for each cluster. Bonferroni significant sQTLs were also reported.

Similarity of sQTLs between tissues

To measure the similarity of genetic effects on cis-splicing QTLs in endometrium and other tissues, we adopted a summary-data- 

based approach rb
42 using sQTLs identified in our 206 endometrial tissue samples and another 48 GTEx tissues, and further 

compared these with the previously reported similarity of genetic effects on cis-expression between those tissues.3 The V8 release 

of the GTEx sQTL summary data in SMR binary format was downloaded from Yanglab (https://yanglab.westlake.edu.cn/software/ 

smr/#DataResource) and was formatted into text files containing all variant-intron associations based on nominal mode. To avoid 

ascertainment bias, we selected the top cis-sQTLs (nominal p < 5e-8) at gene level in Cells_Cultured_fibroblasts from GTEx as 
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the reference tissue, then extracted those common variant-intron association pairs in endometrium and each of the GTEx tissues, 

and finally calculated the correlation of cis-effects between two tissues. During the analysis, the errors in the estimated sQTL effects 

due to small sample size and sample overlap were corrected by rb, and the direction of sQTL effects was also considered.

Enrichment of sQTLs and eQTLs in GWAS

Previous evidence strongly suggested that RNA splicing serves as a primary link between genetic variation and diseases.83 There

fore, to verify whether endometrium sQTLs can help explain the molecular mechanisms of endometriosis-related variants, we inves

tigated the enrichment of association p-values among the top endometrium sQTLs (FDR < 0.05) identified in this study. The European 

ancestry-based endometriosis GWAS data published in 201741 was used for the enrichment analysis. Specifically, we extracted top 

sQTL SNPs (FDR < 0.05) which were also tested in this GWAS study and then plotted the distribution of -log10(p-value) of their as

sociation with endometriosis. Additionally, to compare with genetic variation explained by gene expression, we also plotted the 

enrichment of endometriosis association p-values among top eQTL SNPs (FDR < 0.05) published previously.3

Transcriptome-wide association analysis

To verify whether genetic variants had a causal effect on endometriosis mediated by splicing or if genetic variants had pleiotropic 

effects on both splicing and endometriosis risk, we applied summary data-based Mendelian randomisation (SMR).44 The SMR 

was conducted by integrating sQTL summary statistics with summary statistics data from European ancestry GWAS meta-analysis 

on endometriosis that was published in 2023.17 HEIDI (heterogeneity in dependent instruments) test, which is implemented in SMR 

and used to distinguish pleiotropy from linkage, was also carried out. We define associations that passed both the SMR test at 

genome-wide significance level (Psmr < Psmr /number of tested transcripts) and HEIDI test at PHEIDI ≥ 0.05 as significant. Given 

the limited power of our sQTL summary data generated from 206 RNA-seq samples, and the presence of secondary signals in mul

tiple endometriosis risk loci, a multi-SNP-based SMR was also carried out by leveraging information from all significant SNPs in each 

region, followed by the HEIDI test.84 Variants significant in the SMR analysis were further annotated using SpliceAI,77 an online deep 

learning tool developed by Illumina that predicts the impact of genetic variants on RNA splicing.
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