
The genetic basis of endometriosis and comorbidity with other pain and inflammatory 

conditions

Authors

Nilufer Rahmioglu1,2*, Sally Mortlock3, Marzieh Ghiasi4, Peter L Møller 5, Lilja Stefansdottir 6, 

Geneviève Galarneau7, Constance Turman8, Rebecca Danning9, Matthew H Law10,11, Yadav Sapkota12, 

Paraskevi Christofidou13, Sini Skarp14, Ayush Giri15, Karina Banasik16, Michal Krassowski1,2, Maarja 

Lepamets17, Błażej Marciniak18, Margit Nõukas17, Danielle Perro2, Eeva Sliz19,20, Marta Sobalska-

Kwapis18, Gudmar Thorleifsson6, Nura F Topbas-Selcuki2, Allison Vitonis21,22, David Westergaard16, 

Ragnheidur Arnadottir 23, Kristoffer S Burgdorf24, Archie Campbell25, Cecilia SK Cheuk1,2, Caterina 

Clementi7, James Cook26, Immaculata De Vivo8, Amy DiVasta21,27, Dorien O28,29, Jacqueline F 

Donoghue30, Todd Edwards15, Pierre Fontanillas31, Jenny N Fung3, Reynir T Geirsson23, Jane E 

Girling30,32, Paivi Harkki33, Holly R Harris34, Martin Healey30, Oskari Heikinheimo33, Sarah Holdsworth-

Carson30, Isabel C Hostettler35,36,37, Henry Houlden36, Sahar Houshdaran38, Juan C Irwin38, Marjo-Riitta 

Jarvelin12,19,39,40, Yoichiro Kamatani41, Stephen H Kennedy2, Ewa Kepka18, Johannes Kettunen19,20,42, 

Michiaki Kubo41, Bartosz Kulig43, Venla Kurra44,45, Hannele Laivuori44,45,46,47, Marc R Laufer21,27,48,49, 

Cecilia M Lindgren1,2,50,  Stuart MacGregor10,51, Massimo Mangino13,52, Nicholas G Martin53, Charoula 

Matalliotaki54, Michail Matalliotakis54, Alison D Murray55, Anne Ndungu1,2, Camran Nezhat56, 

Catherine M Olsen57, Jessica Opoku-Anane38, Sandosh Padmanabhan58, Manish Paranjpe59, Maire 

Peters60,61, Grzegorz Polak62, David J Porteous25, Joseph Rabban63, Kathyrn M Rexrode64,65, Hanna 

Romanowicz66, Merli Saare60,61, Liisu Saavalainen33, Andrew J Schork67,68,69, Sushmita Sen38, Amy L 

Shafrir21,27, Anna Siewierska-Górska19, Marcin Słomka19, Blair H Smith70, Beata Smolarz66, Tomasz 

Szaflik43, Krzysztof Szyłło43, Atsushi Takahashi41,71, Kathryn L Terry8,21,22, Carla Tomassetti28,29, Susan A 

Treloar53, Arne Vanhie28,29, Katy Vincent2, Kim C Vo38, David J Werring35, Eleftheria Zeggini72,73,74, Maria 

I Zervou75, DBDS Genomic Consortium*, FinnGen Study*,   The Celmatix Research Team*, The 

23andMe Research Team*, Sosuke Adachi74, Julie E Buring9,65, Paul M Ridker9,65, Thomas 

D’Hooghe29,77,78, George N Goulielmos75, Dharani K Hapangama79, Caroline Hayward80, Andrew W 

Horne81, Siew-Kee Low82, Hannu Martikainen83,84,85, Daniel I Chasman9,65, Peter AW Rogers30, Philippa 

T Saunders86, Marina Sirota59,87, Tim Spector13,Dominik Strapagiel18, Joyce Y Tung31, David C 

Whiteman57, Linda C Giudice38, Digna R Velez-Edwards15, Outi Uimari83,84,85, Peter Kraft8,88, Andres 

Salumets60,61,17,89, Dale R Nyholt53,90, Reedik Mägi17, Kari Stefansson6,91, Christian M Becker2, Piraye 

Yurttas-Beim7, Valgerdur Steinthorsdottir6, Mette Nyegaard5,92, Stacey A Missmer8,21,27,93†, Grant W 

Montgomery3†, Andrew P Morris94†, Krina T Zondervan1,2†*.       †These authors jointly supervised this 

work.
* Correspondence: krina.zondervan@wrh.ox.ac.uk and nilufer.rahmioglu@well.ox.ac.uk

1

mailto:krina.zondervan@wrh.ox.ac.uk
mailto:nilufer.rahmioglu@well.ox.ac.uk


Affiliations
1 Wellcome Centre for Human Genetics, University of Oxford, Oxford, UK.
2 Oxford Endometriosis CaRe Centre, Nuffield Department of Women’s and Reproductive Health, 

John Radcliffe Hospital, University of Oxford, Oxford, UK.
3 The Institute for Molecular Bioscience, The University of Queensland, Brisbane, Queensland, 

Australia.
4 Department of Epidemiology, College of Human Medicine, Michigan State University, Grand Rapids, 

MI, USA.
5 Department of Biomedicine, Aarhus University, Aarhus, Denmark.
6 deCODE genetics/Amgen, Reykjavik, Iceland.
7 Celmatix Inc. New York, NY USA.
8 Department of Epidemiology, Harvard T.H. Chan School of Public Health, Boston, MA, USA.
9 Division of Preventive Medicine, Brigham and Women's Hospital, Boston MA, USA.
10 Statistical Genetics, QIMR Berghofer Medical Research Institute, Brisbane, Queensland, Australia.
11 School of Biomedical Sciences, Faculty of Health, and Institute of health and Biomedical 

Innovation, Queensland University of Technology, Kelvin Grove, Queensland, Australia.
12 Department of Epidemiology and Cancer Control, St. Jude Children’s Research Hospital, Memphis, 

TN, USA.
13 Department of Twin Research and Genetic Epidemiology, St. Thomas' Hospital, Kings College 

London, London, UK.
14 Northern Finland Birth Cohorts, Faculty of Medicine, University of Oulu, Oulu, Finland.
15 Department of Obstetrics and Gynecology, Institute of Medicine and Public Health, Vanderbilt 

Genetics Institute, Vanderbilt Epidemiology Center, Vanderbilt University Medical Center, Nashville, 

TN, USA.
16 Novo Nordisk Foundation Center for Protein Research, Faculty of Health and Medical Sciences, 

University of Copenhagen, Copenhagen, Denmark.
17 Estonian Genome Centre, Institute of Genomics, University of Tartu, Tartu, Estonia.
18 Biobank Lab, Department of Oncobiology and Epigenetics, Faculty of Biology and Environmental 

Protection, University of Lodz, Łódź, Poland.
19 Computational Medicine and Center for Life Course Health Research, Faculty of Medicine, 

University of Oulu, Oulu, Finland.
20 Biocenter Oulu, University of Oulu, Oulu, Finland.
21 Boston Center for Endometriosis, Boston Children's Hospital and Brigham and Women's Hospital, 

Boston, MA, USA.

2



22 Obstetrics and Gynecology Epidemiology Center, Brigham and Women's Hospital and Harvard 

Medical School, Boston, MA, USA.
23 Department of Obstetrics and Gynecology, Landspitali University Hospital, Reykjavik, Iceland.
24 Department of Clinical Immunology, Copenhagen University Hospital, Copenhagen, Denmark.
25 Centre for Genomic and Experimental Medicine, Institute of Genetics & Cancer, University of 

Edinburgh, Western General Hospital, Edinburgh, UK.
26 Department of Biostatistics, University of Liverpool, Liverpool, UK.
27 Division of Adolescent and Young Adult Medicine, Department of Medicine, Boston Children's 

Hospital and Harvard Medical School, Boston, MA, USA.
28 Department of Obstetrics and Gynaecology, Leuven University Fertility Centre, University Hospital 

Leuven, Leuven, Belgium.
29 KULeuven (University of Leuven), Department of Development and Regeneration, Organ systems, 

Leuven, Belgium.
30 University of Melbourne Department of Obstetrics and Gynaecology, Royal Women's Hospital, 

Melbourne, Australia.
31 23andMe, Inc. Sunnyvale, CA, USA.
32 Department of Anatomy, School of Biomedical Sciences, University of Otago, New Zealand
33 Department of Obstetrics and Gynecology, University of Helsinki and Helsinki University Hospital, 

Helsinki, Finland
34 Program in Epidemiology, Division of Public Health Sciences, Fred Hutchinson Cancer Research 

Center, Seattle, WA, USA.
35 Stroke Research Centre, University College London, Institute of Neurology, London, UK.
36 Neurogenetics Laboratory, The National Hospital of Neurology and Neurosurgery, London, UK.
37 Department of Neurosurgery, Klinikum rechts der Isar, Technical University Munich, Munich, 

Germany.
38 Center for Reproductive Sciences, Department of Obstetrics, Gynecology & Reproductive Sciences, 

University of California, San Francisco, San Francisco, CA, USA.
39 Unit of Primary Health Care, Oulu University Hospital, Oulu, Finland.
40 Department of Life Sciences, College of Health and Life Sciences, Brunel University London, 

Uxbridge, Middlesex, UK.
41 Center for Integrative Medical Sciences, RIKEN, Yokohama, Japan.
42 Institute for Health and Welfare, Helsinki, Finland
43 Department of Operative Gynecology and Oncological Gynecology, Polish Mother's Memorial 

Hospital - Research Institute, Łódź, Poland.

3



44 Department of Obstetrics and Gynecology, Tampere University Hospital, Tampere, Finland. 
45 Faculty of Medicine and Health Technology, University of Tampere, Tampere, Finland.
46 Medical and Clinical Genetics, University of Helsinki and Helsinki University Hospital, Helsinki, 

Finland.
47 Institute for Molecular Medicine Finland, Helsinki Institute of Life Science, University of Helsinki, 

Helsinki, Finland.
48 Division of Gynecology, Boston Children's Hospital and Harvard Medical School, Boston, MA, USA.
49 Department of Obstetrics, Gynecology, and Reproductive Biology, Brigham and Women's Hospital 

and Harvard Medical School, Boston, MA, USA.
50 Big Data Institute at the Li Ka Shing Centre for Health Information and Discovery, University of 

Oxford, Oxford, UK.
51 Faculty of Medicine, University of Queensland, Queensland, Australia.
52 NIHR Biomedical Research Centre at Guy’s and St Thomas’ Foundation Trust, London, UK.
53 Genetic Epidemiology, QIMR Berghofer Medical Research Institute, Brisbane, Queensland, 

Australia.
54 Third Department of Obstetrics and Gynecology, Aristotle University of Thessaloniki, Thessaloniki, 

Greece.
55 The Institute of Medical Sciences, Aberdeen Biomedical Imaging Centre, University of Aberdeen, 

Aberdeen, UK.
56 Center For Special Minimally Invasive and Robotic Surgery, Camran Nezhat Institute, Palo Alto, CA, 

USA. 
57 Department of Population Health, QIMR Berghofer Medical Research Institute, Brisbane, 

Queensland, Australia.
58 Institute of Cardiovascular and Medical Sciences, University of Glasgow, Glasgow, UK.
59 Bakar Computational Health Sciences Institute, University of California, San Francisco, CA, USA.
60 Institute of Clinical Medicine, Department of Obstetrics and Gynecology, University of Tartu, Tartu, 

Estonia.
61 Competence Centre on Health Technologies, Tartu, Estonia.
62 1st Department of Oncological Gynecology and Gynecology, Medical University of Lublin, Poland.
63 Department of Pathology, University of California, San Francisco, CA, USA.
64 Division of Women’s Health, Brigham and Women’s Hospital, Boston MA, USA
65 Harvard Medical School, Boston, MA, USA.
66 Laboratory of Cancer Genetics, Department of Clinical Pathomorphology, Polish Mother's 

Memorial Hospital - Research Institute, Łódź, Poland.

4



67 Institute of Biological Psychiatry, Mental Health Center, Sct. Hans, Mental Health Services, 

Copenhagen, Denmark.
68 The Lundbeck Foundation Initiative for Integrative Psychiatric Research, Copenhagen, Denmark.
69 Neurogenomics Division, The Translational Genomics Research Institute (TGEN), Phoenix, AZ, USA.
70 Division of Population Health and Genomics, Ninewells Hospital and Medical School, University of 

Dundee, Dundee, UK.
71 Research Institute, National Cerebral and Cardiovascular Center, Osaka, Japan.
72 Institute of Translational Genomics, Helmholtz Zentrum München - German Research Center for 

Environmental Health, Neuherberg, Germany.
73 Wellcome Sanger Institute, Hinxton, United Kingdom. 
74 TUM School of Medicine, Technical University of Munich and Klinikum Rechts der Isar, Munich, 

Germany.
75 Section of Molecular Pathology and Human Genetics, Department of Internal Medicine, School of 

Medicine, University of Crete, Heraklion, Greece.
76 Department of Obstetrics and Gynecology, Niigata University Graduate School of

Medical and Dental Sciences, Niigata, Japan.
77 Global Medical Affairs Fertility, Research and Development, Merck, Darmstadt, Germany.
78 Department of Obstetrics, Gynecology and Reproductive Sciences, Yale School of Medicine, New 

Haven, CT, USA.
79 Department of Women's and Children's Health, Institute of Life Course and Medical Sciences, 

University of Liverpool, Liverpool, UK.
80 MRC Human Genetics Unit, Institute of Genetics and Cancer, University of Edinburgh, Western 

General Hospital, Edinburgh, UK.
81 MRC Centre for Reproductive Health, University of Edinburgh, Institute for Regeneration and 

Repair, Edinburgh, UK.
82 Cancer Precision Medicine Center, Japanese Foundation for Cancer Research, Tokyo, Japan.
83 Department of Obstetrics and Gynecology, Oulu University Hospital, Oulu, Finland. 
84 Research Unit of Clinical Medicine, University of Oulu, Oulu, Finland.
85 Medical Research Center Oulu, Oulu University Hospital, Oulu, Finland.
86 Centre for Inflammation Research, University of Edinburgh, Institute for Regeneration and Repair, 

Edinburgh, UK.
87 Department of Pediatrics, University of California, San Francisco, CA, USA.
88 Program in Genetic Epidemiology and Statistical Genetics, Harvard T.H. Chan School of Public 

Health, Boston, MA, USA.

5



89 Division of Obstetrics and Gynecology, Department of Clinical Science, Intervention and 

Technology (CLINTEC), Karolinska Institutet and Karolinska University Hospital, Stockholm, Sweden.
90 School of Biomedical Sciences, Faculty of Health, and Centre for Genomics and Personalised 

Health, Queensland University of Technology, Brisbane, Queensland, Australia.
91 Faculty of Medicine, School of Health Sciences, University of Iceland, Reykjavik, Iceland.
92 Department of Health, Science and Technology, Aalborg University, Aalborg, Denmark.
93 Department of Obstetrics, Gynecology, and Reproductive Biology, College of Human Medicine, 

Michigan State University, Grand Rapids, MI, USA.
94 Centre for Genetics and Genomics Versus Arthritis, Centre for Musculoskeletal Research, The 

University of Manchester, Manchester, UK.

* A List of authors and their affiliations appears at the end of the paper.

6



Abstract

Endometriosis is a common condition associated with debilitating pelvic pain and infertility. 

A genome-wide association study meta-analysis, including 60,674 cases and 701,926 

controls of European and East Asian descent, identified 42 genome-wide significant loci 

comprising 49 distinct association signals. Effect sizes were largest for stage III/IV disease, 

driven by ovarian endometriosis. Identified signals explained up to 5.01% of disease 

variance and regulated expression or methylation of genes in endometrium and blood, 

many of which were associated with pain perception/maintenance (SRP14/BMF, GDAP1, 

MLLT10, BSN, NGF). We observed significant genetic correlations between endometriosis 

and 11 pain-conditions including migraine, back, and multisite chronic pain (MCP), as well as 

inflammatory conditions including asthma and osteoarthritis. Multi-trait genetic analyses 

identified substantial sharing of variants associated with endometriosis and MCP/migraine. 

Targeted investigations of genetically regulated mechanisms shared between endometriosis 

and other pain-conditions are needed to aid the development of new treatments and 

facilitate early symptomatic intervention. 
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Endometriosis is an inflammatory condition occurring in 5-10% of women of reproductive 

age associated with debilitating pelvic pain and infertility1. It is characterized by the 

presence of endometrial-like tissue outside the uterus, mainly on pelvic organs. Definitive 

diagnosis requires visualization of lesions during surgery, resulting in a delay in diagnosis 

that globally averages 7 years from symptom onset2. Treatments are limited to surgical 

removal of disease and adhesions, or hormonal treatments which can have problematic 

side-effects. Endometriosis is a heterogeneous condition, typically classified according to 

revised American Society of Reproductive Medicine (rASRM) criteria based on surgical 

visualisation of disease. Stage I/II disease features superficial peritoneal lesions and minimal 

adhesions, and stage III/IV more extensive disease including cystic ovarian endometriosis 

(endometrioma), and extensive scarring, fibrosis and adhesions3. Presence of deep 

endometriosis (lesions with >5mm depth that can infiltrate bowel, ureter, bladder, including 

rectovaginal lesions) is not accounted for in the rASRM staging algorithm. 

Causes of endometriosis remain largely unknown, but the condition has an estimated 

heritability of ~ 50%4,5 with ~26% estimated due to common genetic variation6. Nine 

genome-wide association studies (GWAS) of endometriosis in women of European and East 

Asian ancestry have been reported to date7. The largest comprised 17,045 cases and 

191,596 controls and identified 19 distinct associations at genome-wide significance 

(p<5x10-8) mapping to 13 loci separated by >1Mb8, together explaining 1.75% of phenotypic 

variance for endometriosis. Although positional evidence has suggested potential 

involvement of sex-steroid hormone signalling, WNT signaling, cell adhesion/migration, cell 

growth/carcinogenesis and inflammation-related pathways, the regulatory effects of most 

of these loci in tissues relevant to endometriosis have yet to be determined. Moreover, the 
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causal variants driving the identified association signals and their functional involvement in 

mediating the underlying pathogenic mechanisms are unknown. 

Previous GWAS analyses have highlighted that effect sizes of most known risk-variants are 

larger for rASRM stage III/IV disease3,8, but associations with specific phenotypic 

characteristics in this broad classification (e.g. cystic ovarian endometriosis (endometrioma), 

advanced scarring, fibrosis and adhesions) are unclear. Sub-phenotype analyses focused on 

infertility, pain symptomatology, and surgical phenotypes beyond rASRM stage could help 

decipher causal mechanisms contributing to various components of the complex underlying 

pathophysiology and ultimately better targeted treatments. 

Here, we report results elucidating the pathogenesis of endometriosis and its association 

with sub-phenotypes derived from the largest GWAS meta-analysis of endometriosis to 

date, including 60,674 cases and 701,926 controls of European and East Asian ancestry, 

followed by fine-mapping of causal variants and comprehensive investigation of their 

functional effects in endometrium, blood and other relevant tissues, as well as sub-

phenotype and comorbidity analyses.

Results

We conducted a meta-analysis of 24 GWAS with a total effective sample size of 206,106 

(60,674 cases and 701,926 controls) of European (98%: Europe, USA, Australia), and East 

Asian (2%: Japan) ancestry. In 12 GWAS, women had surgically confirmed endometriosis 

including 3,916 with rASRM stage I/II and 4,045 with rASRM stage III/IV disease; in 9 studies, 

3,060 cases had known infertility in addition to endometriosis (Supplementary Table 1). 
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Each GWAS dataset was imputed up to 1000 Genomes (1000G P3v5), Haplotype Reference 

Consortium (HRC r1.1 2016) or population-specific whole genome sequence data, and 

standardised quality control was performed (Methods; Supplementary Table 2). Meta-

analysis was conducted for 10,401,531 SNPs under a fixed-effects model with inverse-

variance weighting for overall, rASRM stage I/II, rASRM stage III/IV and endometriosis 

associated infertility (Extended Data Fig. 1-2).

GWAS meta-analysis reveals 42 loci for endometriosis

We identified 42 genome-wide significant loci (p<5x10-8) for overall endometriosis, 31 of 

which have not been previously reported (Fig. 1, Supplementary Table 3, Extended Data 

Figs. 1-2); 12 of the 42 loci were significant at a more stringent p<5x10-9 threshold, 

suggested as more appropriate for whole genome sequence data. Following earlier 

observations of a greater genetic contribution to rASRM stage III/IV endometriosis9, we 

conducted sub-phenotype analyses including rASRM stage III/IV (4,045 cases/379,890 

controls), rASRM stage I/II (3,916 cases/184,006 controls) and endometriosis-associated 

infertility (3,060 cases/242,555 controls). No additional genome-wide association signals 

were detected in sub-phenotype analyses; of the 42 loci, eight reached genome-wide 

significance for stage III/IV, one for endometriosis-associated infertility but none for stage 

I/II. However, lead SNPs at 38/42 genome-wide significant loci showed larger effect sizes in 

stage III/IV vs. stage I/II analysis, and of these, 6 with non-overlapping 95% confidence 

intervals between the sub-phenotypes (KDR/4q12, SYNE1/6q25.1, 7p15.2/7p15.2, CDKN2-

BAS1/9p21.3, SLC19A2/1q24.2, IGF1/12q23.2) (Fig. 1; Supplementary Table 3; 

Supplementary Figs. 1-2).
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Of the 42 genome-wide significant loci, we observed nominally significant between-study 

heterogeneity for 11 loci (p-overall heterogeneity <0.05, 2.1 loci expected) in the overall 

endometriosis meta-analysis; for six loci this was explained by case ascertainment and two 

by ancestry (Supplementary text; Supplementary Tables 4-6; Supplementary Figs 3-5). 

Sensitivity analyses to test the impact of small datasets and the inclusion of male controls in 

sex-combined analyses did not alter the results (Supplementary text; Supplementary Table 

7, Extended data Figs 1e and 3). 

Multiple association signals at endometriosis risk loci

To identify the presence of multiple distinct associations at the 42 genome-wide significant 

loci, we conducted approximate conditional analysis based on summary meta-analysis 

results restricted to European ancestry GWAS. Four loci had multiple distinct associations 

after conditioning (p<5x10-8; see Methods) including three with two signals (GREB1/2p25.1, 

CDKN2-BAS1/ 9p21.3, IGF1/12q23.2); and SYNE1/6q25.1 with five signals (Supplementary 

Table 3). In total, 49 index SNPs representing distinct associations were identified across the 

42 endometriosis loci (Supplementary Table 8; Supplementary Fig. 6). 

The phenotypic variance for overall endometriosis explained by the 42 lead SNPs was 1.62% 

vs. 1.98% by the 49 index SNPs. Meta-analysis limited to datasets with surgically/medically 

ascertained cases, less prone to misclassification bias and potentially including women with 

more severe symptoms, showed that the 42 lead SNPs explained 3.99% of endometriosis 

variance, and the 49 index SNPs 4.79%. For stage III/IV disease, the 42 lead SNPs explained 

4.10% and 49 index SNPs 5.01% of disease variance (Supplementary Table 9).
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Fine-mapping of endometriosis association signals

To identify potential causal variants, we performed fine-mapping based on the European 

ancestry-specific meta-analysis results; 99% credible sets were constructed assuming a 

single causal SNP driving each of the 49 distinct association signals (Supplementary Table 

10-12; see Methods). For seven association signals, credible SNP sets containing 10 SNPs 

were observed. Fine-mapping uncovered 6 “high-confidence” variants (posterior probability 

(π) >50% to be causal): rs71575922 in SYNE1 and rs73625113 in ESR1; rs6456259 in LNC-

LBCS; rs6970537 in HOXA10 and rs3803042 1kb downstream of HOXC10; and rs73241342 in 

LINC00629 (Supplementary Table 13). All were in non-coding regions.  

Genetic regulation of expression and methylation at endometriosis risk loci

Genes located within ±200kb of each of the 49 index SNPs were enriched for expression in 

endometrium, smooth muscle (Human Protein Atlas) and uterus (GTex) (see Supplementary 

text;  Extended  Data  Figs.  4a-d).  To  identify  specific  genes  regulated  by  the  49  distinct 

endometriosis association signals, we analysed four expression quantitative trait loci (eQTL) 

datasets: 1)  a gene expression microarray study of 229 endometrial samples10; 2) a meta-

analysis  of  RNAseq-based  eQTL  datasets  including  368  endometrial  samples  (11 and 

Supplementary Tables 34-35; see Methods); 3) RNAseq expression data from 129  uterus 

tissue  samples  from  GTEx;  and  4)  data  from  31,684  blood  samples  from  the  eQTLGen 

Consortium12. We  also  associated  SNPs  in  the  endometriosis  risk  regions  with  DNA 

methylation  of  nearby  CpG sites  in  endometrium and  blood using  previously  published 

mQTL datasets (Supplementary Table 17).13,14  
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Summary data-based Mendelian Randomisation (SMR)15 was used to identify genes whose 

expression (eQTL) or methylation (mQTL) levels are associated with endometriosis due to 

the effects of a common genetic variant (either by direct causal or pleiotropic effects) rather 

than due to linkage disequilibrium (LD). Table 1 summarises the significant eQTL/mQTL SMR 

results across endometriosis GWAS loci, together with evidence from chromatin interactions 

(see  Supplementary  Text,  Supplementary  Tables  14-19,  and  Extended  Data  Figs  5-6  for 

detailed results).  

Observations  that  endometriosis  risk  variants  on  chromosomes  2p25.1  and  12q22  may 

function  through  changes  in  expression/methylation  of  GREB1,  and  VEZT  and/or FGD6, 

respectively,  have  been  reported  previously10,11,16.  Many  of  the  other  potentially  causal 

genes have strong biological support.  Notable was the signal for GDAP1 (GDAP1/8q21.11), 

previously associated with dysmenorrhea severity and neuronal development (Fig. 2)17,18. 

Rs4567029  regulates  methylation  of  probes  near  GDAP1  and  is  in  perfect  LD  with 

rs10283076 that was identified as the variant regulating GDAP1 expression in blood tissue 

(Supplementary  Table  16).  The  SRP14-AS1/15q15.1  locus  harbored multiple  distinct 

association signals in endometrium and blood and chromatin interaction with  BMF (Bcl2 

modifying factor)  (Fig. 3; Supplementary Tables 15,16,18).  BMF encodes for a glycoprotein 

associated with sex hormone binding globulin and regulating bioavailability of oestrogen 

and testosterone19. Variants in SRP14 may also affect endometriosis-associated pain genesis 

and  maintenance  through  regulation  of  DHEA-sulfate  (DHEA-S)  levels20.  DHEA-S  is  a 

neurosteroid functioning as a neurotropin, that can bind and activate nerve growth factor 

(NGF) and brain-derived neurotrophic factor (BDNF)21,22.  BDNF has been shown to regulate 

the maintenance of chronic pain in various chronic disorders23, and its expression appears 
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increased  in  the  eutopic  endometrium  of  women  with  endometriosis  compared  to 

controls24,25.  The expression of  NGF, one of our other GWAS loci, has been suggested to 

partly  mediate  local  nerve  density  around  endometriosis  lesions,  associated  with 

dyspareunia26.

We next investigated whether the endometriosis-associated genes identified through SMR 

analyses (Table 1) are expressed in specific cell types. We used the large GTEx single cell 

expression database, although this was limited to cellular components from 8 tissues not 

including endometrium, ovary or blood (see Methods). Of the 23 genes, 18 were expressed 

in cells included in the GTEx single cell database, (Extended Data Fig. 7). BMF, GDAP1, 

MLLT10, TRA2A, SRP14, SYNE1, and VEZT and were expressed in neuronal and 

neuroendocrine cells. CALCRL, MLLT10, SYNE1, TRA2A, and VEZT were expressed in 

adipocytes, endothelial cells and fibroblasts and a cluster of genes including ARL14EP, ESR1, 

SYNE1, MLLT10, TRA2A and VEZT were expressed in immune cells, most commonly B cells 

and T cells. Epithelial cells expressed ABO, ESR1, MLLT10, TRA2A, SRP14, SYNE1, and VEZT.  

The SMR results from endometrium and blood implicated several causal genes associated 

with mechanisms of pain perception and maintenance (SRP14/BMF, GDAP1, MLLT10, BSN,  

NGF).  We  next  investigated  the  association  of  the  GWAS  loci  with  sub-phenotypes  of 

endometriosis, including pelvic pain, in more detail.

Sub-phenotype associations at risk loci

Given the generally stronger GWAS associations with rASRM stage III/IV endometriosis 

(Supplementary Tables 3 and 9), we first explored whether certain surgical or clinical 
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features of endometriosis were driving these associations. We compared effect sizes of the 

42 lead SNPs for stage III/IV disease with endometrioma, deep lesions and superficial 

peritoneal lesions using eight studies (6,502 cases/57,407 controls; Supplementary Table 20) 

with surgical sub-phenotype information (see Methods). We observed the largest 

correlation between effect sizes for rASRM stage III/IV disease vs. endometrioma (r=0.73), 

compared to deep lesions (r=0.42) and superficial peritoneal lesions (r=0.15; Fig. 5). None of 

the lead SNPs were significantly associated with a surgical sub-phenotype after Bonferroni 

correction (0.05/42=1.19x10-3); nominal associations (p<0.05) included 7 SNPs for 

endometrioma, 6 for superficial peritoneal lesions, and 3 for deep lesions (Fig. 5, 

Supplementary Table 21, Supplementary Fig. 7).

When we tested for differences in effect sizes between endometriosis and adenomyosis 

(the growth of endometrium into the myometrium) for each of the 42 endometriosis lead 

SNPs (Supplementary Text: Methods/Results), no significant differences were observed 

(p<1.19x10-3, Supplementary Table 22). Moderate correlations in effect sizes were observed 

between adenomyosis and rASRM stage I/II (r=0.52), superficial lesions (r=0.40) and deep 

lesions (r=0.31), but low correlations with rASRM stage III/IV (r=0.02) and endometrioma 

(r2=0.18; Extended Data Fig. 8).

Epidemiological evidence has consistently shown a lack of correlation between rASRM stage 

III/IV and pelvic pain severity7. Using six studies with pelvic pain sub-phenotype information 

(Supplementary Table 20; four with World Endometriosis Research Foundation (WERF)-

Endometriosis Phenome Harmonisation (EPHect) standardised phenotyping27), the 

correlation of effect sizes of the 42 lead SNPs between rASRM stages and the number of 

15



pelvic pain symptoms as a measure of multi-site pain (see Methods) was weak (Fig. 5; r=0.29 

for rASRM I/II vs. r= -0.01 for rASRM III/IV). All five pain types consistently showed stronger 

correlations in effect sizes with rASRM stage I/II compared to rASRM stage III/IV, particularly 

dysmenorrhea (rASRM I/II r=0.48 vs. rASRM III/IV r=0.19) (Supplementary Fig. 8). For deep 

endometriosis (not well captured by rASRM staging), the strongest correlation was also 

observed with dysmenorrhea (r=0.36; Supplementary Fig. 8) while there was low correlation 

with acyclic pelvic pain (r=0.21), bladder pain (r=0.18), GI/IBS pain (r=0.18) and none with 

dyspareunia (r=-0.01).

Of the 42 lead SNPs, two were significantly associated (p<1.19x10-3) with pain sub-

phenotypes: SYNE1/6q25.1 and WT1/11p14.1 (Supplementary Fig. 8; Supplementary Table 

21). The WT1/11p14.1 lead SNP was associated with earlier onset (age <18 years) 

dysmenorrhea (p=7.86x10-4, OR=1.57 (1.21-2.04)). WT1 encodes a transcription factor 

involved in the development of the urogenital system and female fertility28. The lead SNP at 

SYNE1/6q25.1 was associated with dysmenorrhea (p=5.00x10-5, OR=1.49 (1.23-1.80)), 

dyspareunia (p=3.5x10-4, OR=1.48 (95% CI: 1.19-1.83); severe dyspareunia p=3.17x10-4, 

OR=2.07 (95% CI: 1.40-3.08)) and acyclical pelvic pain (p=1.14x10-3, OR=1.44 (1.16-1.80)). 

This locus includes multiple genes involved in sex-steroid hormone signalling, SYNE1, ESR1 

and CCDC170, harboring multiple variants previously associated with female hormone-

dependent diseases29. We identified two high-confidence variants, rs71575922 (π=0.997) 

intronic to SYNE1 and rs73625113 (π=0.506) intronic to ESR1, driving two of the five 

association signals at the SYNE1/6p25.1 locus (Supplementary Table 13). These risk-variants 

are in strong LD (r2>0.8) with variants driving expression of ESR1 and DNA methylation near 

ESR1 and SYNE1, and also with rs2941739 identified as a variant regulating ESR1 expression 
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in blood (Table 1; Fig. 4). ESR1 expression has been correlated with expression of seven 

other genes across this region in endometrium30. Oestrogen is essential for the growth of 

endometriotic lesions, and affects inflammation, which likely influences endometriosis-

associated pain7. In addition to the role of ESR1 in the sex hormone pathway, it also 

regulates expression of COMT which encodes for a key enzyme (catechol-O-

methyltransferase) in catabolic pathways of pain-relevant neurotransmitters such as 

dopamine, epinephrine, shown to play a role in pain vulnerability and modulation in animal 

and human studies31-33. 

Lead SNPs at a further 12 loci showed nominal evidence of association (p<0.05) with pain 

sub-phenotypes including 8 with dysmenorrhea, 6 with dyspareunia, 6 with bladder pain, 4 

with acyclical pelvic pain and 3 with GI/IBS pain (Supplementary Table 21). The rs12441483 

variant in SRP14-AS1/15q15.1 which functions through regulation of expression of SRP14 

gene in blood (Table 1; Supplementary Table 16) was nominally associated (p<0.05) with 

dysmenorrhea, dyspareunia, acyclic pain, and GI/IBS pain, and with experiencing >2 types of 

pain (Supplementary Table 21). These analyses revealed many biologically interesting 

candidate regions for pain development and maintenance in endometriosis that require 

further exploration in larger datasets and other ancestry groups.

Genetic correlation: Endometriosis and other conditions

Endometriosis has been associated with a wide range of reproductive, metabolic, 

immune/inflammatory, and other chronic pain comorbidities1. To investigate the potential 

for a shared biological basis underlying these phenotypes, we estimated genetic correlations 

(rg) between endometriosis and 32 traits/diseases with European ancestry-based GWAS 
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results available using LD score regression (LDSC)34,35. Sample sizes for the GWAS varied from 

4,533 cases for coeliac disease to 98,389 cases for back pain (Supplementary Table 23). 

Of nine immune/inflammatory conditions tested, asthma (rg=0.17, p=6.41x10-4), and 

osteoarthritis (rg=0.24, p=2.50x10-8) showed significant (Bonferroni correction, p<1.67x10-3) 

positive genetic correlations with endometriosis, suggesting a likely shared genetic 

component. Using the data available, none of the autoimmune conditions showed 

significant genetic correlation with endometriosis (Fig. 6, Supplementary Table 24). 

Significant genetic correlation between endometriosis and excessive/irregular menstruation 

(rg=0.69, p=8.14x10-14), shorter cycle length (rg=-0.26, p=6.65x10-5), earlier age at menarche 

(rg=-0.11, p=8.96x10-8) and risk of uterine fibroids (rg=0.40, p=3.54x10-19) was observed, 

confirming previous epidemiological findings and consistent with increased exposure to 

menstruation and hormones36,37,38. Earlier age at natural menopause (rg=-0.25, p=6.09x10-11) 

and younger age at first birth (rg=-0.35, p=1.11x10-22) were also genetically correlated with 

risk of endometriosis (Fig. 6). Age at first birth is a complex trait influenced by both 

sociological and biological factors, including oestrogen regulation and age at menarche, 

which could explain the association observed39. 

The increased prevalence of other pain conditions among women with endometriosis-

associated pelvic pain has been well recognised40,41. The experience of dysmenorrhea and 

acyclic pelvic pain symptoms associated with endometriosis is associated with sensitization 

of the nervous system40,42-44, increasing the risk of other pain conditions, and this 

sensitization - or a susceptibility to developing it - could be genetically mediated. We 
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investigated the genetic correlation between endometriosis and 12 different pain conditions 

available from the UK Biobank (Fig. 6, Supplementary Table 24). All showed significant 

(p<1.56x10-3) positive correlations with endometriosis, including migraine (rg=0.29, 

p=1.05x10-16), headache (rg=0.26, p=4.88x10-17), dorsalgia (rg=0.45, p=9.52x10-16), multi-site 

chronic pain (rg=0.43, p=5.19x10-71) and chronic back pain (rg=0.33, p=2.89x10-24) Restricting 

the analysis to women with surgical and/or medically confirmed endometriosis (N=8,390) 

did not alter the results (Extended Data Fig. 9, Supplementary Table 25). Analysis of the 

genetic correlation of endometriosis and 19 brain imaging phenotypes from 7,916 up to 

8,427 women in the UK Biobank45 provided no evidence that the shared susceptibility 

between endometriosis and other pain conditions is regulated through genetically 

underpinned alterations in brain structure or resting state activity (rg -0.12 to 0.23, with 

17/19 < |0.1|), although we recognise that power is low (Extended Data Fig. 10, 

Supplementary Table 26-28). 

We investigated if endometriosis-associated variants in the 99% credible sets for each 

distinct endometriosis signal were associated with any of the genetically correlated 

traits/conditions at genome-wide significance, using Phenoscanner and GWAS Catalog46. 

This revealed 10 genome-wide significant variants shared with 11 different traits and 

conditions (Supplementary Table 29). Three variants were shared with pain traits: 

rs1352889 at BSN/3p21.31 and rs10828249 at MLLT10/10p12.31 with multi-site chronic 

pain; and rs12030576 at NGF/1p13.2 with migraine and dysmenorrhea. Loci shared with 

uterine fibroids (3), menstrual cycle length (2), age at menarche (1), age at menopause (1), 

BMI (2), type 2 diabetes (1), and asthma (1) are discussed in Supplementary Text. Detailed 
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genomic enrichment analyses for endometriosis with each of these traits and conditions is 

required to fully elucidate the biological basis for their genetic correlations.

Multi-trait analysis: Endometriosis and pain conditions

We conducted multi-trait analysis of GWAS (MTAG) between endometriosis and two of the 

most strongly genetically correlated pain traits with large-scale GWAS data available: multi-

site chronic pain (MCP) (rg=0.43) and migraine (rg=0.29). The MTAG methodology leverages 

genetic correlation between traits to improve power to detect association in genome-wide 

analyses47. The MTAG analysis identified 52 genome-wide significant lead SNPs for 

endometriosis, 18 of which were not reported in our single trait meta-analysis 

(Supplementary Table 30); 12 MCP and/or migraine-associated lead SNPs mapped within 

500Kb of endometriosis lead SNPs, 9 of which were tagging the same signal (r2>0.5) (Table 

2). Four of the 12 were shared across all three conditions (RAB9BP1/5q21.2, 

MLLT10/10p12.31, OLFM4/13q14.3, NOL4L/20q11.21), 6 between endometriosis and MCP 

(FAF1/1p32.3, PAPPA2/1q25.2, AFF3/2q11.2, BSN/3p21.31, JADE2/5q31.1, PTPRO/12p12.3) 

and 2 between endometriosis and migraine (NGF/1p13.2, FSHB/11p14.1) (Table 2). 

The 9 shared lead SNPs between endometriosis and MCP or migraine are eQTLs in diverse 

tissues (Supplementary Tables 31-32). Rs1352889 regulates the expression of multiple genes 

(UBA7, AMT, RNF123, ARIH2) involved in the ubiquitin system, an important cellular 

mechanism that may be associated with the immune-mediated survival of endometrium 

implants in ectopic locations48. Recent studies have suggested that ubiquitin system failures 

are implicated in chronic, mainly neuropathic pain (pain caused by a lesion or disease of the 

somatosensory system) and inflammatory pain49. Other eQTLs include rs12580862 
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regulating expression of RERG (RAS-like Estrogen Regulated Growth Inhibitor), which is 

induced by estrogen receptors to promote proliferation and survival of endometriotic 

cells50; and rs4071559 in the 5-prime-UTR of ARL14EP,  regulating expression of ARL14EP 

which controls export of major histocompatibility class (MHC) II molecules involved in 

initiation of immune response (Table 1). MHCII-restricted T-helper cells appear to play an 

important role in the development of clinical symptoms associated with neuropathic pain51 

and there is increasing interest in the role of MHCII gene polymorphisms in the susceptibility 

to chronic neuropathic pain after nerve injury. ARL14EP is located adjacent to FSHB, which 

encodes follicle-stimulating hormone (FSH) β polypeptide; both genes harbour variants 

associated with sex hormone regulation and numerous reproductive traits52-55, suggesting 

the potential co-regulation of hormone and immune responses at this locus. Neuroimmune 

mechanisms underlie many chronic pain conditions and this co-regulation could contribute 

to the increased prevalence of these conditions in women and the frequent observation 

that symptoms (including non-pelvic chronic pain) vary with hormonal state56,57.

Discussion 

In this study we identified 42 loci with 49 distinct signals associated with endometriosis, a 3-

fold increase from previous studies8. Most had larger effect sizes for stage III/IV disease, and 

combined they explained 5.01% of stage III/IV disease variance. Our sub-phenotype analysis 

provided evidence that the presence of ovarian endometriosis drives the larger effect sizes 

for stage III/IV disease at least in part, with a genetic basis that is distinct from other disease 

manifestations. While we did not observe significant differences in effect sizes between 

endometriosis and adenomyosis (sometimes referred to as “endometriosis of the uterus”)58, 

the correlation of effects was highest with stage I/II endometriosis and superficial peritoneal 
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lesions suggesting a shared pathogenesis of these subtypes, or their associated symptoms, 

with adenomyosis. Important caveats are the potential for misclassification of ICD-defined 

adenomyosis as controls59 (although this will have applied similarly to endometriosis 

diagnoses) and the modest sample size of adenomyosis-only cases. 

The SMR analyses linking variants at the identified risk loci to expression and DNA 

methylation differences in endometrium and blood identified numerous functional insights 

into the mechanisms through which endometriosis association signals are mediated. 

Potentially causal relationships were observed with genes expressed in endometrium 

(SRP14, HOXB9, TRA2A, with previous evidence confirmed for VEZT/FGD9 and GREB1) 11,14,60 

and in blood (including ABO, ESR1/SYNE1, GDAP1, FSHB, MLLT10, SRP14-AS1, WNT4). Many 

of these genes are expressed in different cell types relevant to endometriosis pathogenesis, 

including neuronal cells, immune cells, and epithelial cells; eQTL studies associating genetic 

variants to cell-specific expression patterns in endometrium and peritoneal fluid are needed 

to dissect differential regulation at a cellular level.  

The genes causally related to endometriosis risk variants have functions in sex-hormone 

driven signalling, uterine development, oncogenesis, inflammatory adhesion molecules and 

angiogenic factors. Particularly notable, however, was the link of many of the genes 

identified, such as SRP14/BMF, GDAP1, MLLT10, BSN, NGF, as well as ‘hormone regulators’ 

SYNE1/ESR1 and FSHB, to mechanisms of pain perception and maintenance.  Our genetic 

correlation analysis highlighted significant correlations between endometriosis and 11 pain 

conditions - including migraine, headache, dorsalgia, chronic back pain and MCP. Multi-trait 

analysis of GWAS summary statistics between endometriosis, MCP and migraine, 
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highlighted many additional genome-wide significant variants, 12 mapping within 500Kb 

across diseases and 9 tagging the same association signals. These results provide support to 

the hypothesis that the presence of endometriosis can result in pain through interlinked 

activation of hormonal, immune, and neuronal pathways as is seen in other chronic pain 

conditions61. It also provides strong support for further investigation of the mechanisms 

underlying the genetically regulated comorbidity between endometriosis and other types of 

pain, both to aid the development of new treatments that facilitate early intervention and 

rationalise the repurposing of currently available therapies. 

We also observed significant genetic correlations between endometriosis and two 

inflammatory conditions: asthma and osteoarthritis. Asthma has previously been associated 

with endometriosis in epidemiological studies62,63, and a shared genetic target with was 

recently highlighted64. Endometriosis has also previously been linked epidemiologically to 

increased risk of joint inflammation, but mainly in relation to rheumatoid arthritis, an auto-

immune condition65, and not osteoarthritis characterised by auto-inflammation66. This link 

has not been fully explored as the onset of osteoarthritis would typically post-date an 

endometriosis diagnosis by several decades, and many musculoskeletal cohorts do not 

capture detailed women’s health data.  Given that osteoarthritis also appears to be 

associated with fluctuations in sex hormones67 a more detailed exploration into the 

genetically driven shared pathogenesis of these conditions is warranted.

Our results demonstrate genetic underpinning of shared pathogenesis of endometriosis 

with other chronic pain conditions, as well as other inflammatory conditions. Our 

identification of a range of genes with strong evidence for causal association with 
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endometriosis, should inform new avenues of targeted research into gene-specific 

mechanisms of pain and pathogenesis, with the potential to identify new - or repurposing of 

existing - treatment targets for this debilitating, enigmatic disease. 
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Tables

Table 1. Significant SMR results based on eQTL and mQTL analyses in endometrium and 

blood in identified GWAS loci regions and the respective genes identified through chromatin 

interactions.

GWAS locus
SMR identified gene 
(QTL type, tissue and SMR SNP)* Genes with chromatin interaction

WNT4/1p36.12 WNT4 (mQTL blood, rs55938609) C1QC, C1QB, C1QA

GREB1/2p25.1
GREB1 (mQTL endometrium, rs59129126) LPIN1, PDIA6, C2orf50, KCNF1, NTSR2, E2F6, 

GREB1%, AC092687.4, AC099344.1GREB1 (mQTL blood, rs59129126)
BMPR2/2q33.1 CALCRL (eQTL blood, rs8176580) SLC40A1, ZSWIM2
CD109/6q13 CD109 (mQTL blood, rs2917883) COL12A1

ID4/6p22.3
LNC-LBCS (eQTL endometrium, rs17483277) RNF144B
HLA-H (eQTL blood, rs147947139) -
HCG4P6 (eQTL blood, rs147947139) -

SYNE1/6q25.1

ESR1 (eQTL blood, rs2941739)
MYCT1

ESR1 (mQTL blood, rs862346)

SYNE1 (mQTL blood, rs2881823) IYD, ESR1, CCDC170, MYCT1, VIP, ARMT1, 
RMND1, ZBTB2

FAM120B/6q27 LINC00574 (mQTL blood, rs1532389) FAM120B, DLL1

7p15.2/7p15.2 TRA2A (eQTL endometrium, rs10238290) OSBPL3, GSDME, KLHL7, IGF2BP3, GPNMB, 
NUP42, MALSU1, TRA2A, CYCS

GDAP1/8q21.11
GDAP1 (eQTL blood, rs10283076)

PI15
GDAP1 (mQTL blood, rs4567029)

ABO/9q34.2 ABO (eQTL blood, rs550057) GTF3C4, DDX31, CACFD1, SLC2A6, OBP2B, 
MYMK, FAM163B, ADAMTSL2

MLLT10/10p12.13 MLLT10 (mQTL blood, rs12251016) SPAG6, COMMD3, MSRB2, ARL5B, BMI1, 
MIR1915HG, NSUN6, COMMD3-BMI1

FSHB/11p14.1
FSHB (mQTL blood, rs11031040) ARL14EP, BDNF
ARL14EP (mQTL blood, rs12271187) ARL14EP, BDNF

VEZT/12q22 VEZT (eQTL endometrium, rs7296348)

VEZT, NTN4, EEA1, METAP2, NR2C1, SOCS2, 
USP44, PLXNC1, SNRPF, CRADD, CEP83, 
UBE2N, FGD6, NDUFA12, PLEKHG7, 
LINC02410, AC073655.2

HOXC10/12p13.13 HOXC-AS2 (mQTL blood, rs3803042) HOXC8, GPR84, HOXC5, HOXC4

SRP14-AS1/15q15.1

SRP14 (eQTL endometrium, rs4770) BMF, EIF2AK4, IVD, KNSTRN, PLCB2, PAK6, 
BAHD1, DISP2, FSIP1, BUB1B, GPR176, 
LINC02694, C15orf56, ANKRD63, PHGR1, 
BUB1B-PAK6

SRP14-AS1 (mQTL blood, rs12441483)

BMF (mQTL blood, rs7162269)
EIF2AK4, IVD, KNSTRN, PLCB2, PAK6, SRP14, 
BAHD1, DISP2, FSIP1, BUB1B, GPR176, 
C15orf56, ANKRD63, PHGR1, BUB1B-PAK6

SKAP1/17q21.32
HOXB9 (eQTL endometrium, rs2938475)

COPZ2, NFE2L1, CDK5RAP3, HOXB6, HOXB8, 
HOXB5, HOXB3, HOXB1, CALCOCO2, SKAP1, 
PRAC1, HOXB13, ATP5MC1, UBE2Z, HOXB9, 
TTLL6, HOXB2, HOXB4, SP6, HOXB7

LGALS9B (eQTL blood, rs9912844) -
*Full SMR results are presented in supplementary tables 15-18. % In bold are genes for which there is 
also QTL evidence.
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Table 2. Lead SNPs mapping within 500Kb for endometriosis and pain traits (multi-site chronic pain and migraine) from MTAG analysis.

Locus
Traits% SNP Chr Position (bp)

Fr
q

Mtag 
beta

Mtag 
se

Mtag
p-value

Pairwise LD 
(r2)&

Other eQTLs in GTEx V8 
and eQTLGEN#

FAF1/1p32.3*
ENDO rs17387761 1 51078089

0.
28 0.016

0.00
3 3.19x10-8

1

DMRTA2 in esophagus-
mucosa; EPS15 in skin, 
subcutaneous adipose, 

skeletal muscle, tibial nerve, 
tibial artery; FAF1 in blood 

and skeletal muscle

 

MCP rs17387761 1 51078089
0.
28 0.015

0.00
2 2.24x10-10

NGF/1p13.2
ENDO rs12030576 1 115817221

0.
35 -0.023

0.00
3 1.41x10-16

0.06 N/A
 Migrain

e rs2078371 1 115677183
0.
88 -0.024

0.00
3 2.58x10-12

PAPPA2/1q25.2*
ENDO rs34390425 1 175003074

0.
77 0.018

0.00
3 1.93x10-8

0.52

MRPS14 in skeletal muscle, 
thyroid, cultured 

fibroblasts,visceral and 
subcutaneous adipose; 

RABGAP1L in muscularis and 
gastroesophageal junction 
esophagus, thyroid, skin, 

pancreas, RP11-160H22.5 in 
thyroid, testis, whole blood, 
heart, colon, small intestine, 

brain cortex.

 

MCP rs5015737 1 174421995
0.
72 0.013

0.00
2 1.50x10-8

AFF3/2q11.2*
ENDO rs10165991 2 100508385

0.
46 0.015

0.00
3 7.43x10-9

0.04 N/A
 

MCP rs13031851 2 100492261
0.
62 0.013

0.00
2 2.86x10-9

BSN/3p21.31
ENDO rs1352889 3 49652148

0.
17 0.026

0.00
3 9.20x10-14

1

AMT, APEH, ARIH2, C3orf62,  
CACNA2D2, CCDC36, CCDC71,  
CDHR4, CTD-2330K9, DAG1,  
DALRD3, FAM212A, GMPPB,  

GPX1, HEMK1, HYAL3,  
IMPDH2, IP6K1, KLHDC8B,  
LAMB2, MON1A, MST1R,  

NAT6, NCKIPSD, NDUFAF3,  
NICN1, P4HTM, PRKAR2A,  

QRICH1, RBM6, RHOA,  
RNF123, RP11-3B7.1, TCTA,  

TRAIP, UBA7, WDR6 in  
diverse tissues.

 

MCP rs11709734 3 49745235
0.
82 -0.02

0.00
3 1.53x10-12

RAB9BP1/5q21.2
* ENDO rs12055234 5 104037760

0.
33 0.017

0.00
3 4.30x10-9

N/A

 MCP rs77960 5 103964585 0. 0.016 0.00 4.45x10-12 0.95
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 Migrain
e rs77960 5 103964585

0.
31 0.015

0.00
2 4.12x10-10 0.95

JADE2/5q31.1*
ENDO rs329124 5 133865452

0.
57 0.016

0.00
3 4.19x10-9

1
JADE2 in tibial nerve, 
LINC01843 in cultured 

fibroblasts. 
MCP rs329124 5 133865452

0.
58 0.012

0.00
2 9.63x10-9

MLLT10/10p12.3
1 ENDO rs7098100 10 21834536

0.
35 0.024

0.00
3 1.47x10-18

CASC10 in skin, artery, testis, 
cerebellum; MLLT10 in skin; 

NEBL in blood
 

MCP rs12253527 10 21819824
0.
32 0.017

0.00
2 3.78x10-13 0.86

 Migrain
e rs10828249 10 21824727

0.
33 0.014

0.00
2 1.16x10-9 0.95

FSHB/11p14.1
ENDO rs4071559 11 30344725

0.
16 -0.043

0.00
4 6.57x10-32

0.004
ARL14EP in tibial nerve, 

esophagus muscularis and 
mucosa, thyroid, testis, hear Migrain

e rs75411314 11 30828136
0.
57 -0.012

0.00
2 2.98x10-8

PTPRO/12p12.3
ENDO rs12580862 12 15395548

0.
67 -0.022

0.00
3 1.58x10-14

1 RERG in lung, esophagus 
muscularis

 
MCP rs12580862 12 15395548

0.
68 -0.014

0.00
2 7.16x10-10

OLFM4/13q14.3*
ENDO rs9536408 13 53964346

0.
45 -0.015

0.00
3 3.53x10-8 RP11-24H2.3 in brain - 

amygdala, brain -anterior 
cingulate cortex; PCDH8 in 
brain -anterior cingulate 

cortex, salivary gland.

 
MCP rs2587363 13 53915933

0.
57 -0.015

0.00
2 9.33x10-13 0.52

 Migrain
e rs9536415 13 53993661

0.
55 0.014

0.00
2 8.61x10-11 0.8

NOL4L/20q11.21
* ENDO rs6119880 20 31105594

0.
24 0.019

0.00
3 8.45x10-10

COMMD7 in skeletal muscle; 
NOL4L in pancreas, thyroid, 

tibial nerve; RP11-410N8.4 in 
testis; TM9SF4 in cultured 

fibroblasts; TSPY26P in skin, 
thyroid.

 MCP rs6119880 20 31105594
0.
23 0.016

0.00
3 3.42x10-10 1

Migrain
e rs293570 20 31105023

0.
65 -0.014

0.00
2 4.07x10-10 0.7

*Risk variants identified for endometriosis that were not identified at genome-wide significance in univariate GWAS analysis. %ENDO: endometriosis, MCP: 
multi-site chronic pain. &LD with lead endometriosis SNP is reported. ^Supplementary Table 31 for details of the eQTL results for the respective SNPs. 
#Supplementary Table 32 for extended eQTL results for each respective SNP.
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Figure Legends
Fig. 1. Circular Manhattan plots for genome-wide association analysis for overall 

endometriosis, rASRM stage III/IV disease, rASRM stage I/II disease and infertility.

Circular Manhattan plots for genome-wide association analysis for overall endometriosis 

(blue), revised American Society of Reproductive Medicine (rASRM) stage III/IV disease 

(green), rASRM stage I/II disease (orange), and endometriosis associated infertility (yellow). 

Genome-wide significant signals are marked in red and their chromosomal location is 

denoted with dotted grey lines. The 6 loci with significantly larger effect sizes in rASRM 

stage III/IV vs. rASRM stage I/II analysis are annotated in green.

Fig. 2.  GDAP1/8q21.11 regional association results and  summary data-based mendelian 

randomisation  (SMR)  evidence  based  on  expression  (eQTL)  and  methylation  (mQTL) 

quantitative trait loci data in blood. 

a)  Illustration of the regional  association plot for the  GDAP1/8q21.11 locus. eSMR blood 

single  nucleotide  polymorphism  (SNP):  SMR  SNP  identified  as  causal  for  endometriosis  

utilizing the eQTL data from blood tissue. mSMR blood SNP: SMR SNP identified as causal for 

endometriosis utilizing the mQTL data from blood tissue. b) SMR significant blood based 

eQTL for GDAP1 and mQTL of probe cg23779890 located in GDAP1 gene are shown. c) The 

genic content and locations for the region are illustrated.  

Fig. 3.  SRP14-AS1/15q15.1 regional association results and SMR evidence based on eQTL 

and mQTL data in endometrium and blood. 

a)  Illustration  of  the  regional  association  plot  for  the  SRP14-AS1/15q15.1  locus.  eSMR 

endometrium SNP: SMR SNP identified as causal for endometriosis utilizing the eQTL data 

from  endometrium;  mSMR  blood  SNP:  SMR  SNP  identified  as  causal  for  endometriosis 
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utilising the mQTL data from blood tissue. eSMR blood SNP: SMR SNP identified as causal for 

endometriosis utilizing the eQTL data from blood tissue. SMR SNPs not passing the HEIDI-

heterogeneity  test  are  annotated  in  black.  b)  SMR significant  eQTLs  and  mQTLs  in  the 

SRP14-AS1/15q15.1  locus  along  with  SRP14 promoter  associated  chromatin  loops  with 

anchor points containing the lead SNP and the SMR SNPs. SMR significant SNPs associated 

with expression of SRP14 in endometrium and blood (eQTL), methylation at cg27155939 in 

blood (mQTL), and endometriosis are shown in black and the associated SRP14/CpG target is 

shown in red. Valid promoter associated chromatin loops were generated from  H3K27Ac 

HiChIP libraries from a normal immortalized endometrial cell  line (E6E7hTERT) and three 

endometrial cancer cell lines (ARK1, Ishikawa and JHUEM-14)68.

Fig. 4. SYNE1/6q25.1 regional association results with 5 distinct signals and SMR evidence 

based eQTL and mQTL data in endometrium and blood.

Illustration  of  the  regional  association  plot  for  the  SYNE1/6q25.1  locus  that  includes  5 

distinct  signals  from  approximate  conditional  analysis.  On  the  plot  are  also  the  SMR  

significant  eQTL  and  mQTLs  from  endometrium  and  blood  tissue  along  with  promoter 

associated chromatin loops with anchor points containing the lead SNP and the SMR SNPs. 

Multiple distinct signals significantly associated with endometriosis were identified in this 

region and r2 values displayed are relative to the closest lead SNP. eSMR endometrium SNP: 

SMR SNP identified as causal for endometriosis utilizing the eQTL data from endometrium;  

mSMR endometrium SNP: SMR SNP identified as causal for endometriosis utilizing the mQTL 

data from endometrium; mSMR blood SNP: SMR SNP identified as causal for endometriosis 

utilising the mQTL data from blood tissue. eSMR blood SNP: SMR SNP identified as causal for 

endometriosis utilizing the eQTL data from blood tissue. SMR SNPs not passing the HEIDI-
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heterogeneity test are annotated in black. SMR significant SNPs associated with expression 

of  ESR1 in  blood  (eQTL),  methylation  at  cg24075332  (mQTL1),  cg14416726  (mQTL2), 

cg18745416 (mQTL3) and cg01066157 (mQTL4) in blood, and endometriosis are shown in 

black  and  the  associated  ESR1/CpG  targets  are  shown  in  red. Ovarian  enhancers  were 

available  from  the  Roadmap  Epigenomics  Project.  Valid  promoter  associated  chromatin 

loops  were  generated  from  H3K27Ac  HiChIP  libraries  from  a  normal  immortalized 

endometrial cell line (E6E7hTERT) and three endometrial cancer cell lines (ARK1, Ishikawa 

and JHUEM-14)68.

Fig. 5. Correlation of the effect sizes of lead SNPs between rASRM disease stage and 

surgical subtypes and extended of pelvic pain.

Correlation between the effect sizes of 42 endometriosis associated lead SNPs comparing 

rASRM stage III/IV disease vs. surgical subtypes (endometrioma; deep lesions; superficial 

lesions; panels a-c) and rASRM stage I/II, rASRM stage III/IV, deep lesions vs. risk of 

reporting more than 2 types of pelvic pain (panels d-f). Loci nominally associated (p<0.05) 

with individual sub-phenotypes are annotated with locus name and larger circles. Circle size 

represent significance level of correlation: Larger circles have smaller p-values and smaller 

circles have larger p-values. Solid black line represents the linear regression line, dotted 

black line is the x=y reference slope, dotted grey lines x=1 and y=1 are reference to odds 

ratio (OR). The grey error band represents 95% confidence interval. Test statistics including 

p-values for all the associations are provided in Supplementary Table 21.

Fig. 6. Genetic correlation between endometriosis and 32 immune/inflammatory, pain, 

reproductive, and metabolic traits/conditions.
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Genetic correlation between endometriosis and 32 immune/inflammatory, pain, 

reproductive, and metabolic traits/conditions using linkage disequilibrium score regression 

analysis (LDSC). Heritability of each trait is noted in parenthesis on the x-axis. The 

significance threshold is adjusted for multiple testing using Bonferroni correction. Significant 

(p<1.56x10-3) correlations are denoted with a red asterisk (*). Bars present the genetic 

correlation (rg) for each trait in relation to endometriosis and the error bars are standard 

errors. The exact p-values are provided in Supplementary Table 24.
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Methods

Ethics statement
All human research was approved by the relevant Institutional Review Boards and 

conducted according to the Declaration of Helsinki. All participants provided written 

informed consent. Study level ethical statements are provided in the Supplementary 

Information.

Study-level analyses

The meta-analysis included 24 datasets, which in total contribute 58,961 cases, and 700,345 

controls of mainly European ancestry and one dataset from Japanese ancestry (1,713 cases: 

1,581 controls).  Case and control ascertainment and study descriptions are summarised in 

Supplementary table 1. The datasets were genotyped with various genotyping arrays and 

each dataset was subject to sample and variant quality controls, genomic control 

adjustments where genomic inflation factor is reported per study (Supplementary Table 2). 

For each GWAS, samples were pre-phased and imputed up to reference panels from the 

1000 Genomes Project (phase 1, March 2012 release; phase 3, October 2014 release)69,70, 

Haplotype Reference Consortium71, or population-specific whole-genome sequencing72,73 

(Supplementary Table 2). SNVs with poor imputation quality were excluded from 

downstream association analyses (Supplementary Table 2). Association with endometriosis 

was evaluated in a regression framework, under an additive model in the dosage of the 

minor allele, with adjustment for study-specific covariates (Supplementary Table 2). Allelic 

effects and corresponding standard errors that were estimated from a linear (mixed) model 

were converted to the log-odds scale74. Study-level association summary statistics (P-values 

and standard error of allelic log-ORs) were corrected for residual structure, not accounted 
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for in the regression analysis, by means of genomic control75 if the inflation factor was >1 

(Supplementary Table 2). Genome-wide association analyses were conducted for overall 

endometriosis and sub-phenotype GWAS analyses were conducted for stage I/II, stage III/IV, 

infertile endometriosis case groups in studies with the respective case categorisation 

(Supplementary Table 1). 

Meta-analyses

To increase power, accuracy of effect estimates and generalisability between studies, GWAS 

summary statistics were combined in a meta-analysis. Variants were first filtered at the 

study level for: MAF>0.5%, SE<10, info>0.4 or r2>0.3. The summary statistics for each study 

were genomic control corrected to adjust for any residual population structure. Per-variant 

estimates collected from each individual study from 60,674 cases and 701,926 controls, for 

10,401,531 SNPs were meta-analysed using the inverse variance weighting fixed-effects 

method implemented in METAL76.  We conducted additional sub-phenotype meta-analyses 

including (1) Stage III/IV endometriosis (4,045 cases), (2) Stage I/II endometriosis (3,916 

cases), (3) Infertile endometriosis (3,060 cases). Post meta-analysis, we excluded variants 

that were not present in more than 50% of the total effective sample size (N=8,163,508 

SNPs). We maintained the conventional genome-wide significance threshold 5x10-8. 

Moreover we conducted two meta-analysis for sensitivity testing: (1) a meta-analysis of 

datasets including >300 cases (15 studies of the 24) for overall endometriosis to ensure 

smaller studies are not contributing noise, (2) a meta-analysis of GWAS with only female 

controls (N cases=44,176: N controls=657,747) and a meta-analysis of GWAS with mixed 

female and male controls (N cases=5,222: N controls=44,176) with the ‘sex-differentiated’ 
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function in GWAMA77 to estimate heterogeneity in allelic effect sizes due to sex differences 

in the controls sets. Significant heterogeneity was defined as 0.05/42=1.19x10-3.

Evaluating the source of heterogeneity in allelic effects on endometriosis across GWAS via 

meta-regression

For each lead SNV, we modelled allelic log-ORs across GWAS in a linear regression 

framework, weighted by the inverse of the variance of the effect estimates, incorporating 

the following covariates: (i) an indicator variable representing the ancestry of the study 

(European or East Asian); and (ii) two indicator variables representing case ascertainment in 

the study (Self-reported, medical records, mixed (Medical records and self-reported). In this 

modelling framework, we tested for heterogeneity in allelic effects on endometriosis 

between GWAS that is: (i) due to ancestry (after adjustment for case ascertainment); (ii) due 

to ascertainment (after adjustment for ancestry); and (iii) due to other unmeasured 

confounders (residual after accounting for ancestry and case ascertainment).

Multiple association signals at endometriosis risk loci (GCTA)

We defined a locus as the chromosomal regions 500 kb up- and down-stream of the lead 

SNP. If we had more than one lead SNP within 500Kb up- and down-stream we combined 

these into one locus. To identify the presence of distinct associations at genome-wide 

significant loci, we conducted approximate conditional analysis based on summary meta-

analysis results restricted to European ancestry GWAS (because the approximation requires 

a reference for LD, which is not consistent across ancestry groups) in GCTA software78. We 

used 1000G P3v5 European population as the reference panel. We utilised genome-wide 

significance p<5x10-8. For loci with a single signal of association, we defined the index SNP as 

the lead SNP from the multi-ancestry unconditional analysis. For loci with multiple signals of 
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association, we defined index SNPs as having the minimum p-value in the European 

conditional approximate analysis. 

Liability-scale variance explained by the endometriosis risk variants 

Based on the liability threshold model79, we estimated the proportion of variance explained 

by SNPs using the effective allele frequency and odds ratio from GWAS analysis of European 

ancestry meta-analysis80. We assumed population prevalence of 8%, 2.5%, 5.5% and 2.5% 

for overall endometriosis, stage III/IV endometriosis, stage I/II endometriosis and infertile 

endometriosis, respectively9,81,82.

Fine-mapping association signals as endometriosis risk loci. 

Within each locus, for each distinct signal, we first approximated the Bayes’ factor in favour 

of endometriosis association of each SNV using summary statistics from the European 

ancestry-specific meta-analysis. Specifically, the Bayes’ factor for the th SNV at the th 

distinct association signal is approximated by

 

where  and  denote the estimated allelic effect (log-OR) and corresponding variance from 

the meta-analysis83. In loci with multiple distinct signals of association, summary statistics 

were obtained from the approximate conditional analysis after adjusting for all other index 

variants in the fine-mapping region. In loci with a single association signal, summary 

statistics were obtained from the unconditional meta-analysis.  The parameter  denotes the 

prior variance in allelic effects, taken here to be 0.0483.
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Within each locus, for each distinct signal, we then calculated the posterior probability of 

driving the endometriosis association for each SNV under a uniform prior model for causal 

variants. Specifically, for the th SNV at the th distinct signal, the posterior probability is given 

by , where  is the Bayes’ factor in favour of association. We then derived a 99% credible set84 

for the th distinct association signal by: (i) ranking all SNVs according to their posterior 

probability ; and (ii) including ranked SNVs until their cumulative posterior probability 

attains or exceeds 0.99.

Functional annotation of variants within 99% credible sets. 

Variants within the credible sets for each of the 49 distinct signal associated with 

endometriosis were annotated using Ensembl Variant Effect Predictor (VEP) 

(https://github.com/Ensembl/ensembl-vep%20401). PhastCon, Grantham, GERP and 

PolyPhen predictions for all coding variants were accessed via the Exome Variant server 

(https://evs.gs.washington.edu/EVS/) and from SIFT (https://sift.bii.a-star.edu.sg/). 

Moreover, the web-based software platform, FUMA85, was used to annotate 99% credible 

sets. Variants were annotated with Combined Annotation Dependent Depletion (CADD) 

scores, RegulomeDB scores, chromatin states and chromatin interactions using reference 

datasets available in the software. SNPs were also annotated to valid promoter associated 

chromatin loops generated from H3K27Ac HiChIP libraries from a normal immortalized 

endometrial cell line (E6E7hTERT) and three endometrial cancer cell lines (ARK1, Ishikawa 

and JHUEM-14)86. We determined if SNPs fell within chromatin interaction anchor points 

that interacted with the promoter of a gene.
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Enrichment of gene expression across tissues and pathways

Tissue Enrichment

To determine if genes located in loci associated with endometriosis risk were enriched in 

particular tissues we conducted a tissue enrichment analysis. Genes with a transcription 

start site (TSS) within ±200kb of each of the 49 index SNPs were tested for enrichment in 

specific tissues using the TissueEnrich R package87.  TissueEnrich uses a hypergeometric test 

approach to calculate tissue-specific gene enrichment using the available Human Protein 

Atlas (HPA) dataset containing RNA-Seq data across 35 human tissues88 and GTEx 

dataset containing RNA-Seq data across 29 human tissues89.

Quantitative Trait Loci (QTL) and Summary-based-data Mendelian Randomization (SMR) 

To test for causality or pleiotropy between a variant, expression of a gene and risk of 

endometriosis we performed SMR analysis15. The SMR was applied using cis-QTL summary 

statistics for tissues enriched for genes in risk loci, as shown in our previous analysis. This 

included cis-eQTLs summary statistics from endometrium11,90, uterus91 and cis-mQTL 

summary statistics from endometrium14. A proportion of QTLs are shared and correlated 

between tissues92,93, as such, we repeated the analysis in a large blood eQTL dataset94 and 

mQTL dataset13 as a proxy. 

We conducted a meta-analysis for eQTLs in endometrium using a previously published eQTL 

dataset11 generated on an Australian cohort (N=206) and an eQTL dataset from a UK cohort 

(N=163) (Supplementary Table 34-35) consisting of endometrial samples from a total of 369 

women for 1MB around the 42 lead SNPs. The Australian dataset contained 6,230,993 

genotyped and imputed SNPs and 17,255 genes with CPM>0.22 (~10 counts) in 90% 
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samples. The UK dataset contained 7,179,995 genotyped and imputed SNPs and 18,152 

genes with CPM>0.22 in 90% samples. Both RNA-sequencing datasets were aligned to 

GRCh38 and underwent TMM normalisation and log2 transformation using the edgeR R 

package95.  eQTL analysis was performed using the nominal pass method in QTLTools96, the 

cis distance was set of 1Mb and data was adjusted to match a normal distribution (--

normal). Flow cell, lane, menstrual cycle stage and endometriosis status were included as 

covariates in the analysis of the Australian dataset. Principal components 1-3 generated 

from RNAseq data were included as covariates in the analysis of the UK dataset. Effect 

alleles were harmonised between the datasets. The two eQTL datasets were meta-analysed 

for the 1MB region around the 42 lead SNPs using the software tool OSCA (OmicS-data-

based Complex trait Analysis)97 and secondary signals were identified using conditional 

analyses utilising QIMIRHCS as the LD reference cohort in GCTA-COJO78.

SMR was performed using these QTL datasets alongside results from the endometriosis 

meta-analysis of European cohorts in this study. For analyses containing endometrial QTLs, 

Oxford and Melbourne cohorts were removed from the meta-analysis to ensure GWAS and 

endometrial eQTL datasets were independent. A total of 531 probes and 571 genes were 

included from the array and RNA-Seq endometrial eQTLs respectively and SMR p-value 

thresholds of 9.42x10-5 (0.05/531) and 8.76x10-5 (0.05/571) were applied to determine 

significance. Heterogeneity of effect sizes in cis-eQTL regions can result from colocalization 

and LD between multiple casual SNPs. Heterogeneity was tested using the HEIDI 

(heterogeneity in dependent instruments) test. A HEIDI p-value of <0.05/m_SMR_sig, where 

m_SMR_sig is the number of genes that passed the SMR P-value threshold, suggests 

heterogeneity in the SNP effects in the region. The SMR and HEIDI test was repeated using 
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eQTLs for 15,513 genes (PeQTL<5x10-8) from the eQTLGen blood dataset94 and an SMR P-value 

threshold of 3.22x10-6 and using eQTLs for 939 (PeQTL<5x10-8) genes with from GTEx uterus91 

and an SMR P-value threshold of 5.33x10-5. 

Any association between endometriosis risk variants and regulation of methylation was also 

tested using SMR and HEIDI. Two mQTL datasets were used including an endometrial mQTL 

dataset14 (7,803 probes with PmQTL<5x10-8) and large blood mQTL dataset13 (93,154 probes 

with PmQTL<5x10-8). SMR p-value thresholds of 6.41x10-6 and 5.37x10-7 were applied to the 

endometrial and blood SMR results respectively. 

As described previously for the 99% credible set, significant variants from the SMR analysis 

were annotated with CADD scores, RegulomeDB scores, chromatin states and chromatin 

interactions using reference datasets available in the FUMA85 software. Similarly, SNPs were 

also annotated to promoter associated chromatin loops from endometrial (E6E7hTERT) and 

three endometrial cancer cell lines (ARK1, Ishikawa and JHUEM-14)86.

The genes identified from the SMR analysis (N=23) were annotated for cell-type specific 

expression utilising GTEx multi-gene single cell viewer. This is a visualization tool which helps 

explore single cell expression data for a list of genes from various cell types. The GTEx single 

cell data is generated from 8 tissues including, breast, esophagus mucosa, esophagus 

muscularis, heart, lung, skeletal muscle, prostate and skin from 25 archived, frozen tissue 

sample from 16 donors of GTEx project98. We determined an arbitrary cut-off of detection in 

at least 10% of the respective cells and looked at patterns of expression in these cells.
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Sub-phenotype analysis

To determine if any of the endometriosis GWAS meta-analysis associations were driven by 

particular surgical or clinical features we tested for association of the lead 42 SNPs with 17 

sub-phenotypes summarised in three groups: Surgical sub-phenotypes, symptom sub-

phenotypes and common morbidity sub-phenotypes. Definitions of the sub-phenotypes, 

their data sources and study-level statistical analyses are described in detail in the 

supplementary information: methods. The meta-analysis was performed using an inverse 

variance weighted approach conducted with METAL software76. I2 measures were reported 

to estimate heterogeneity between studies included for each sub-phenotype analysis 

(Supplementary Table 21). Descriptive statistics were generated as forest plots for SNP-sub-

phenotype associations using the forestplot package in R99. Correlation and scatter plots of 

sub-phenotype association effect sizes were generated using R. Due to the lack of 

independence between women contributing to the different phenotypic analyses, no formal 

statistical tests could be conducted.

Genetic correlation using Linkage Disequilibrium (LD) score regression

To determine the genetic correlation between endometriosis and related traits, we 

performed linkage disequilibrium (LD) score regression using LDSC v1.0.1 

(https://github.com/bulik/ldsc)34,35. The software was installed on local secure cluster 

GenomeDK. The LDSC program was run using precomputed European LD scores available 

from Broad Institute 

(https://data.broadinstitute.org/alkesgroup/LDSCORE/eur_w_ld_chr.tar.bz2), with 

calculations limited to SNPs from HapMap3 

(https://data.broadinstitute.org/alkesgroup/LDSCORE/w_hm3.snplist.bz2). Summary 
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statistics for 49 traits were downloaded and grouped in five categories, relating to the 

immune system/inflammation, pain, reproduction, obesity and brain volume. All summary 

statistics were prepared for analysis by determining the effect allele and using the 

munge_sumstats.py function of LDSC (Supplementary Tables 23 and 26). Bonferroni 

correction was applied to determine significant correlations, resulting in an adjusted p-value 

threshold of p<1.56x10-3 (0.05/32) for disease/traits; p<2.63x10-3(0.05/19) for brain volume 

and function traits. A list of all summary statistics can be found in supplementary table 24 

and 27. Both analyses were repeated with only medically confirmed endometriosis GWAS 

(N=8,390 cases) as sensitivity analyses (Supplementary Table 25 and 28).

Liability scale SNP heritability was calculated using LDSC by using the --sample-prev (disease 

prevalence in the sample) and --pop-prev (disease prevalence in the population) flags in the 

ldsc.py function. This enables the function to convert binary trait heritability estimates from 

the observed scale. Population prevalence was primarily obtained from the paper 

presenting the sumstat. In cases where this was not possible, prevalence was taken from 

suitable scientific literature as seen in supplementary table 23.

Phenoscanner analysis 

For all coding variants within the credible sets for each of the 49 distinct signals associated 

with endometriosis we searched for reported associations (P<5x10-8) with other traits and 

conditions using Phenoscanner46 (http://www.phenoscanner.medschl.cam.ac.uk/) (February 

2020) and GWAS catalog (https://www.ebi.ac.u/gwas/home) (December 2019).
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Multi-trait analysis (MTAG) between endometriosis and pain conditions

Samples. The summary GWAS results from the latest European ancestry GWAS meta-

analysis was requested and obtained (1) for migraine excluding 23andMe and UKBB 

datasets including 38,094 migraine cases and 210,211 controls100, (2) for multi-site chronic 

pain from UKBB including 240,651 individuals101. For endometriosis, the European ancestry 

GWAS meta-analysis results are utilised for this analysis.

Preprocessing of GWAS data. The following SNPs were filtered out: (1) SNPS with 

MAF=<0.01 from all datasets, (2) Multiple SNPs mapping to identical chromosome positions 

among datasets, (3) SNPs with conflicting alleles among datasets, (4) SNPs with MAF 

differences of >0.2 among datasets, (5) SNPs not on the autosomes.  Only SNPs that are 

shared between the GWAS analyses were utilised in the analysis. Z-scores (log(OR/SE)) were 

computed for all SNPs. After variant filtering, a total of 5,945,867 common SNPs between 

endometriosis, migraine and MCP were included in the MTAG analysis.

Multi-trait analysis of GWASs. MTAG is a generalisation of standard inverse-variance 

weighted meta-analysis framework. It takes pre-processed GWAS summary statistics from 

multiple traits. Here, MTAG was utilised to run a meta-analysis including endometriosis, 

MCP and migraine. Birvarite LD score regression was used as part of MTAG analysis to 

account for possibly unknown sample ovarlap between GWAS results of different traits. In 

the results, MTAG outputs trait-specific effect estimated for each SNP and resulting p-value 

can be interpreted and used like those in single-trait GWAS47.

Identification of significant shared genetic risk variants. For each trait, significant lead SNPs 

were identified based on (1) achiving a genome-wide significant p-value (p<5x10-8), (2) being 

500Kb away from each other and, (3) being independent (r2<0.1). Then, the lead SNPs 

associated with respective traits (i.e. from endometriosis and MCP) that sit within 500Kb 
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were identified and LD between them was checked. If the LD between lead SNPs of 

respective traits were r2>=0.8, they were deemed shared loci between those traits.

Data availability

Summary results for the top 10,000 SNPs included in the entire Genome-wide Association 

Study (GWAS) meta-analysis are provided in Supplementary Table 33. Summary statistics 

from the endometriosis meta-analysis excluding 23andMe is available from: EBI GWAS 

Catalog Study Accession GCST90205183. GWAS summary statistics from 23andMe, Inc were 

made available under a data use agreement that protects participant privacy. Please contact 

dataset-request@23andme.com or visit research.23andMe.com/collaborate for more 

information and to apply to access the data. The UK endometrium eQTL dataset (N=163) 

1MB around each 42 lead SNPs is provided in Supplementary Table 34-35.

Code availability

We utilised publicly available software in all the analyses. These are listed with appropriate 

citations in the methods.

Statistics and Reproducibility

No statistical method was used to predetermine sample size. We used the largest sample 

size of endometriosis cases and controls with GWAS data available to us. Within each 

contributing study, data were excluded on the basis of well-established individual and 

variant quality control (QC) procedures to remove poor quality genotypes, samples and 

variants. These QC procedures are described in Supplementary Table 2 for each study. We 

did not conduct replication since we had already brought together all study data available to 
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us via meta-analysis. All reported association signals were checked to confirm that effects 

were not driven by false positives in single studies. Randomisation was not performed. 

Within each study, covariates were adjusted for to account for potential confounding. 

Covariate adjustments are reported in Supplementary Table 2. Group allocation was not 

relevant to this study, so blinding was not necessary.
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	The genetic basis of endometriosis and comorbidity with other pain and inflammatory conditions
	Endometriosis is a common condition associated with debilitating pelvic pain and infertility. A genome-wide association study meta-analysis, including 60,674 cases and 701,926 controls of European and East Asian descent, identified 42 genome-wide significant loci comprising 49 distinct association signals. Effect sizes were largest for stage III/IV disease, driven by ovarian endometriosis. Identified signals explained up to 5.01% of disease variance and regulated expression or methylation of genes in endometrium and blood, many of which were associated with pain perception/maintenance (SRP14/BMF, GDAP1, MLLT10, BSN, NGF). We observed significant genetic correlations between endometriosis and 11 pain-conditions including migraine, back, and multisite chronic pain (MCP), as well as inflammatory conditions including asthma and osteoarthritis. Multi-trait genetic analyses identified substantial sharing of variants associated with endometriosis and MCP/migraine. Targeted investigations of genetically regulated mechanisms shared between endometriosis and other pain-conditions are needed to aid the development of new treatments and facilitate early symptomatic intervention.
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