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Abstract 

Endometriosis and fibromyalgia are often comorbid conditions and are part of a 

larger group of conditions known as chronic overlapping pain conditions which share 

many symptoms and pain mechanisms. Endometriosis is a secondary chronic pain 

condition, where there is peripheral pathology underlying the pain, whereas 

fibromyalgia is a primary chronic pain condition, with no known underlying pathology. 

The aim of my thesis is to uncover the shared genetic basis of fibromyalgia and 

endometriosis. To investigate current knowledge of the genetic overlap between 

primary and secondary chronic pain conditions, I conducted a systematic review. I 

identified NGF, ASTN2 and LRP1 as possible pain susceptibility genes with 

pleiotropic effects in both primary and secondary pain conditions. To address the 

knowledge gap in the genetics of fibromyalgia, I conducted a genome-wide 

association study (GWAS) in UK Biobank, which illustrated that different case 

definitions show genetic heterogeneity. To boost power of discovery, I meta-

analysed UK Biobank ICD-based fibromyalgia GWAS with a fibromyalgia GWAS 

from FinnGen. One lead SNP was identified, rs34323745, which nearly reached 

genome-wide significance (p = 7.269 x 10-8). To study the shared genetic basis of 

endometriosis and fibromyalgia, I conducted a multi-trait association study using the 

meta-analysis of fibromyalgia from UK Biobank and FinnGen and the largest 

published meta-analysis of endometriosis to date (Rahmioglu et al., 2023). I 

identified two genome-wide significant hits, rs17082358 on chromosome 2 in the 

SYNE1 locus (p = 1.49 x 10-11) and rs13432756 on chromosome 6 in the GREB1 

locus (p = 6.39 x 10-9). Both loci have previously been associated with 

endometriosis. GREB1 was previously associated with fibromyalgia, but not in a 

large genetic study. Future studies are needed to replicate these findings and to 
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better understand the biology of GREB1 and SYNE1 as shared genes in 

fibromyalgia and endometriosis. 
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Chapter I. Introduction and Aims of Thesis 

1.1. Introduction 

1.1.1. Chronic pain 

Chronic pain is defined as pain that recurs or persists for more than three months. It 

is a burdensome symptom that affects 1 in 3 people in the UK (Chronic pain in adults 

2017, Health Survey for England) with a significant impact on quality of life1. Some 

patients are thought to be more at risk of developing chronic pain, known as pain 

vulnerability2. There are many factors that are thought to underlie chronic pain risk, 

such as genetics, sex, stress, personality, and others. Twin studies have shown 

chronic pain is heritable3–5.  

1.1.2. Classification of chronic pain conditions 

According to the International Classification of Diseases 11th Revision (ICD-11), 

chronic pain can be classified as primary or secondary, depending on whether the 

pain can be attributed to another condition6. Primary chronic pain is a category of 

conditions that have no known underlying cause, and pain is the main symptom. 

Primary pain conditions are classified depending on location of symptoms as 

widespread, visceral, orofacial, and musculoskeletal. Prevalence is estimated to be 

between 1% and 6% in the UK6,7.  

Secondary chronic pain is a group of conditions where pain can be attributed to an 

underlying diagnosis6. According to ICD-11, they are grouped based on location of 

pain as musculoskeletal, visceral, orofacial, or based on origin of pain as post-

surgical, post-traumatic, cancer and neuropathic6. Examples of secondary pain 

conditions include endometriosis, inflammatory bowel disease (IBD), osteoarthritis 

and rheumatoid arthritis (RA). These conditions are common, affecting many people, 
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and complex, the mechanism of action involving multiple biological pathways and 

gene-environment interactions. Although pain is a commonly reported symptom in 

patients with common, complex diseases, not all patients will develop chronic pain 

alongside their condition. This is thought to be due to pain vulnerability: some 

patients are more prone to developing chronic pain than others with the same 

condition2. 

1.1.3. Mechanisms of chronic pain 

Proposed mechanisms of chronic pain include damage to neural tissue (neuropathic 

pain), damage to non-neural tissue (nociceptive pain) or sensitisation either of the 

central or peripheral nervous system to nociceptive stimuli (nociplastic pain). 

Patients can experience mixed pain types. Depending on pain mechanisms, there 

are different pharmacological treatment options. Neuronal pathways implicated in 

nociception are neuronal transmission of painful stimuli from peripheral tissue to the 

spine, descending pain modulatory pathways that inhibit or encourage pain 

transmission from the spine to the brain, and lastly, within central nervous system 

communication that regulates emotional or cognitive responses to pain stimuli8–10.  

The pain mechanism in primary chronic pain conditions is thought to be 

nociplastic11,12. Nociplastic pain arises due to a change in pain perception or a 

change in the nociceptive pathways, without any evidence of peripheral pathology13. 

Common mechanisms include peripheral sensitisation, use-dependent synaptic 

plasticity of spinal neurons, thalamocortical mechanisms of attentional control, 

expectation, and decreased descending inhibition14. In contrast, chronic secondary 

pain mechanisms are largely neuropathic or nociceptive13. Neuropathic pain causes 

include inflammation and auto-immunity, which are present in complex, common 
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conditions, such as endometriosis, IBD and RA14. An example of nociceptive 

secondary pain condition is osteoarthritis6. 

Chronic pain patients experience a reversible decrease in gray matter in different 

brain areas. A non-exhaustive list of brain areas that decrease in gray matter volume 

following chronic pain onset is bilateral medial frontal gyri, bilateral superior frontal 

gyri, right pre- and post- central gyri (including the S1 and primary motor cortex), 

bilateral insula (anterior), right cingulate cortex (dorsal posterior cingulate cortex), 

basal ganglia, thalamus and periaqueductal gray15. Different studies have found 

additional brain areas that are active depending on different aspects of pain, such as 

anticipation, attention, placebo effect, mood disorders, like anxiety and depression 

and pain catastrophising16–20. Descending pathways that facilitate pain are thought to 

fire more in chronic patients21–23. The prefrontal cortex is both an important area for 

emotional regulation of pain and for controlling interactions between brain areas 

involved in nociception. Neurodegeneration of the prefrontal cortex is noted in many 

chronic pain patients, and this is thought to result in decreased inhibition of the 

central nociceptive pathways24. 

1.1.4. Genetics of chronic pain 

Chronic pain as a trait shows moderate to strong genetic influence25–27. Identifying 

which genetic risk factors predispose people to develop chronic pain has been 

researched primarily using linkage analysis and association studies. Researchers 

also used animal models to study the inheritance of pain and analgesic sensitivity in 

different mice strains and model the development of chronic pain2,28.  

The basis of linkage studies is genes being transmitted together from generation to 

generation in a family. The degree of linkage is based on physical distance on the 
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chromosome: genes which are physically closer tend to be inherited together. Many 

gene pairs show an incomplete level of linkage, meaning recombination happens at 

a constant rate between them. Linkage analysis involves studying the transmission 

of alleles of polymorphic genes from typed individuals of a family. Alleles are typed 

throughout the genome of affected and unaffected individuals from a pedigree to 

investigate the segregation between marker and disease. Association between 

marker and disease pinpoints a specific area for further study29. Linkage analysis 

studies are most useful when examining single gene disorders because the mode of 

inheritance is known, and there is a clear relationship between genotype and 

phenotype. Researchers have looked at rare, single gene pain disorders that result 

in insensitivity to pain, known as allodynia. Examples include hereditary sensory and 

autonomic neuropathies, the familial hemiplegic migraine disorders, and neurological 

channelopathies presenting as paroxysmal pain disorders2,28. Linkage studies have 

identified mutations in these patients which impact proteins such as ion channels 

(KCNS1), neurotrophic factors (NGFB), enzymes (COMT), and receptors (OPRM1, 

5HTR2A)8,28,29. 

There are many genetic and environmental factors that play a part in pathogenesis 

of chronic pain condition30. Having two copies of an allele at one locus is no longer 

enough to cause disease, unlike in the case of monogenic disorders. While having a 

family member with chronic pain certainly increases risk of developing chronic pain, 

most cases are sporadic. It is thought chronic pain heritability is in part due to 

common polymorphic sites, also known as variants or single nucleotide 

polymorphisms (SNPs), which accumulate and increase the risk to develop the 

condition28,30. Individually, common variants (with a frequency of more than 1%) are 

thought to have only a modest contribution to increasing risk of disease (Odds ratios 
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from 1.05-1.2)31. This follows because if the effect of the variant would be detrimental 

to health, it would be selected against, which would eliminate it from the population. 

However, many causal variants are thought to be pleiotropic, meaning they are 

involved in multiple conditions. Complex diseases are also thought to be polygenic, 

meaning the risk from carrying different, common alleles that are associated with 

disease stacks up in additive fashion. The percentage of heritability due to common 

variants is usually low and there are other genetic risk factors that must be 

considered to explain the whole portion of genetic variability of complex diseases. 

One hypothesis is these common variants contribute to disease by acting as 

modifiers to other, rare variants30. Distinct, highly penetrant rare variants have been 

identified for many complex diseases, such as psychiatric disorders, due to exome 

and whole genome sequencing2,30. Nonetheless, common genetic variants are 

thought to play an important role in causing disease, however, often the case 

number is not great enough to detect associations32. 

Since linkage analysis studies have limited use in complex diseases, association 

studies are now the common tool being used. The basis of association studies is 

linkage disequilibrium. This phenomenon occurs when alleles within a haplotype are 

inherited together more often than they are not, due to recombination. Association 

studies were often used to fine map a region of interest thought to be causal to 

disease33. This region is mapped in both cases and controls, and allele frequencies 

are compared using chi-squared test or Fisher’s exact test34. These candidate gene 

studies are often subject to bias, most obvious being selecting which region of 

interest to analyse, rather than looking at the whole genome. They also suffer from a 

lack of reproducibility. There are thought to be high rates of type I and type II errors 

in these studies33. 



Common genomic pathways between endometriosis and fibromyalgia 
 

Page 17  
 

Genome-wide association studies (GWAS) are a useful approach for studying 

common, complex diseases, including chronic pain. They involve a genome-wide 

scan of a panel of known SNPs, in a large number of cases and controls in order to 

identify common variants that predispose to developing a disease. Information on 

potential causal variants that are not measured directly can be recovered by 

imputation. Imputation is an inference based on nearby SNP and haplotypes derived 

from a fully sequenced reference panel35.  

GWAS have uncovered many genetic variants which provided useful insights into the 

biology and heritability of chronic pain conditions and have offered suitable treatment 

targets36. However, to date, none of the GWAS in complex conditions like 

endometriosis has focused on chronic pain. 

Large GWAS were conducted into both primary and secondary pain conditions. 

There have been numerous genes associated with chronic pain, particularly for 

musculoskeletal conditions and migraine, that affect a range of biological pathways, 

including neurotransmission, immune function, metabolism, protein degradation, 

cellular growth, and others. Limitations of GWAS include clinical definitions of 

chronic pain phenotypes; lack of reproducibility, especially in animal models; and 

study size28,36,37. Several neuroimaging studies have successfully linked brain 

changes during chronic pain with genetics, by looking at catecholamine and 

serotonergic pathways8. 

GWAS can point to new drug targets and improve our understanding of chronic pain 

mechanisms, but they also lead to many loci being associated to disease, without 

shedding light into the causal relationship between common variants and disease. 

Novel methods can now be used to infer causal relationships. A recent study on the 
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shared genetics of chronic pain conditions showed, using latent causal variable 

analysis, that psychological traits have a genetic causal effect on chronic pain traits 

and vice versa38. Depression and anxiety-related traits increased the risk of chronic 

back, neck/shoulder, hip, knee, abdominal, headache and widespread pain, whereas 

chronic back pain, facial pain and headaches had genetic causal effects upon 

depression and anxiety38. Mendelian randomisation is another method which can be 

used to infer causality39. As an example, in the latest meta-analysis of endometriosis, 

MR was used in conjunction with methylation and expression quantitative trait loci 

information to identify genes directly causal to endometriosis40. 

1.1.5. Fibromyalgia 

Fibromyalgia syndrome is a chronic primary pain condition, according to ICD-116. It 

is characterised by diffuse musculoskeletal pain in at least 4 of 5 body regions and in 

at least 3 or more body quadrants (as defined by upper–lower/left–right side of the 

body) and is associated with sleep and affective disturbances. The nature of the pain 

is nociplastic, meaning a lack of underlying pathology in the affected tissues, and 

spontaneous or evoked pain, accompanied by allodynia and/or hyperalgesia41,42. 

Current diagnoses criteria used are the American College of Rheumatology (ACR) 

2010 (revisited in 2016) and a multidimensional fibromyalgia diagnosis framework 

created by the collaboration between Analgesic, Anesthetic, and Addiction Clinical 

Trial Translations Innovations Opportunities and Networks public-private partnership 

with the U.S. Food and Drug Administration and the American Pain Society, known 

as AAPT criteria, published in 2018. They largely agree, with the AAPT being more 

controversial. They both evaluate the generalisability of pain, sleep disturbances and 

fatigue, using different criteria43–45. The ACR 2016 updated criteria are: 
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(1) The presence of widespread pain, defined as pain in at least 4 out of 5 

regions. 

(2) Symptoms have been present at a similar level for at least 3 months. 

(3) Widespread pain index (WPI) ≥ 7 and symptom severity scale (SSS) score ≥ 

5 or a WPI of 4 - 6 and SSS score ≥ 9. 

(4) A diagnosis of fibromyalgia does not exclude the presence of other clinical 

diagnosis(23). 

Prevalence of fibromyalgia is around 2% worldwide, but estimates vary across the 

globe and depending on diagnostic criteria used46. It is widely recognised as 

predominantly a female syndrome; however, recent unbiased studies revealed a less 

drastic, 1.5:1 female to male ratio. Age at diagnosis is between 50 and 60 years old, 

however this is contested, with patients of all ages now receiving a diagnosis of 

fibromyalgia47. 

Comorbidities often include regional pain syndromes, such as irritable bowel 

syndrome, dysmenorrhea, chronic headaches, and mental health disorders, like 

anxiety and depression, but also adverse early-life events and post-traumatic stress 

disorder43. 

Patients with fibromyalgia are thought to have an imbalance between nociceptive 

and anti-nociceptive signalling pathways, with a decrease in descending inhibitory 

pathways, coupled with an increase in excitatory neurotransmitters in brain areas 

related to pain, as well as decreased threshold for pain in the peripheral tissues. 

Neuroinflammation and small fibre neuropathy are thought to be the drivers behind 

peripheral sensitisation43,48–50. 



Common genomic pathways between endometriosis and fibromyalgia 
 

Page 20  
 

1.1.6. Genetics of fibromyalgia 

Heritability of fibromyalgia is estimated to be ~50%, with a clear pattern of increased 

familial risk ratios. The first-degree relatives of fibromyalgia patients are eight times 

more likely to have fibromyalgia compared to family members of healthy controls, 

and they also report very high rates of other chronic pain conditions12. 

Genetic polymorphisms were identified in serotonergic (5-HTT, COMT, SLC64A4, 

HTR2A); catecholaminergic (Dopamine D4 receptor, µ1 opioid receptor, RGS4 and 

β-2 adrenergic receptor); cannabinoid (CNR1) and GABA (GTPCH A receptor, 

GABRB3) signalling pathways, as well as ion channels involved in nociception 

(TRPV2, SCN9A)43,51,52.  

The largest published GWAS for fibromyalgia has less than 1000 cases. The authors 

did not find any genome-wide significant associations (p<5*10-8), however, they 

identified a copy number variation, that is, a deletion or duplication of a section of a 

chromosome, in NRXN3, a neuronal cell surface protein involved in cell-cell 

adhesion, and a nominal association for MYTL1, a neuronal specific transcription 

factor, which was replicated in another cohort53. 

Linkage studies confirmed a strong genetic component in fibromyalgia, and 

suggested linkage of fibromyalgia to the chromosome 17p11.2-q11.2 region54. A 

large candidate gene study by Smith et al. (2012) identified three genes potentially 

involved in fibromyalgia mechanisms, GABRB3 (rs4906902, p = 3.65 × 10−6), TAAR1 

(rs8192619, p = 1.11 × 10−5); and GBP1 (rs7911, p = 1.06 × 10−4). The association 

between TAAR1 and fibromyalgia was replicated using a second independent cohort 

of fibromyalgia patients55. TAAR1 is an intracellular G-protein coupled receptor, 

which binds to trace amines and is expressed in low amounts in several different 
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brain regions, namely pituitary, prefrontal cortex, hypothalamus, hippocampus, 

amygdala, dorsal raphe nucleus and ventral tegmental area. It is also expressed in 

immune cells and thyroid. It interacts with other monoaminergic systems in the brain 

to either potentiate or inhibit the response of neurons to monoamines, in a brain 

region dependent manner56. It is thought to play a role in increasing sensitivity to 

pain57. Its role in chronic pain may also be connected to its function in the reward 

system56.  

1.1.7. Endometriosis 

Endometriosis is a common, complex disorder, in which tissue resembling the 

endometrium grows outside of the uterus, mainly in the pelvic area including the 

ovaries, ligaments and peritoneal surfaces as well as the bowel and bladder58.  

Histological presentation varies from superficial peritoneal lesions to endometriosis 

cysts and nodules and can be accompanied by scarring and adhesions. Importantly, 

endometriosis associated pain is not correlated with disease severity58. Women with 

endometriosis present with generalized pain in the pelvis and bowel, indicating a 

widespread visceral hypersensitivity and pain independent of lesion location59. 

The current understanding of pain mechanisms in endometriosis includes a pro-

inflammatory environment caused by retrograde menstruation in the peritoneal 

cavity. Pro-inflammatory cytokines and chemokines, such as PGE2, NGF, IL-8, IL1β, 

CCL5 and TNFα are elevated in the peritoneal fluid of patients. Long-term exposure 

to a pro-inflammatory environment can lower the threshold of activation of peripheral 

afferents, leading to peripheral sensitisation59.  

Brains of endometriosis patients present with a loss in gray matter volume in areas 

thought to be important for pain processing, such as thalamus or insula58. 
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Endometriosis has a strong genetic component (heritability = ~50%)25. The largest 

meta-analysis of GWAS includes 22 studies and identified 42 genome-wide 

significant loci associated with endometriosis. Causal links were identified between 

associated variants and endometriosis, with pathways implicated in hormone 

signalling, uterine development, oncogenesis, inflammatory cell adhesion and 

angiogenesis40. Although chronic pain is a common symptom of endometriosis, not 

all patients experience pain, and even amongst those who do, experiences are 

varied60. Therefore, identifying which of these loci is associated with pain or with 

another process in the pathophysiology of endometriosis is not straightforward. 

1.1.8. Chronic overlapping pain conditions 

Chronic pain conditions that are commonly co-morbid are called chronic overlapping 

pain conditions (COPCs). This concept has been recognized by the National 

Institutes of Health and was initially highlighted in an Institute of Medicine report on 

“Relieving Pain in America”. The report acknowledged that some common or highly 

prevalent chronic pain conditions appear to coexist. These conditions are also more 

likely to affect women61. 

The list of recognised COPCs includes fibromyalgia, temporomandibular joint 

disorder, interstitial cystitis/painful bladder syndrome, irritable bowel syndrome, 

endometriosis, vulvodynia, chronic low back pain, chronic migraine, and chronic 

tension-type headache62.  

Twin studies suggest that approximately 50% of the risk of developing these 

conditions is genetic, and 50% is environmental63. 

In addition to pain, other common symptoms include fatigue, sleep impairment, 

problems with cognition, physical dysfunction, disturbances in affect (e.g., anxiety, 
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anger, depression).  They more often affect women and are thought to have shared 

biopsychosocial mechanisms. Mechanisms of pain amplification or hyperalgesia 

seen in COPCs are thought to be the result of either peripheral and/or central 

sensitisation. These conditions appear to be related to such an extent that patients 

share more clinical signs and symptoms across pain conditions than within a specific 

pain condition62,64. This has prompted researchers and clinicians to think about 

COPCs as one condition, where pain manifests in different bodily regions during a 

patient’s life7. Although there is increased prevalence of fibromyalgia in 

endometriosis patients, the mechanisms shared between these COPCs have not 

been identified65,66. 

1.2. Aims 

The aim of this thesis is to identify the shared genetics of endometriosis and 

fibromyalgia.  

In Chapter II, I conduct a systematic review of the current literature on genome-wide 

association studies in primary pain conditions and identify shared variants with 

secondary pain conditions. Fibromyalgia is a primary musculoskeletal pain condition 

and endometriosis is a secondary visceral pain condition. Genome-wide association 

studies have not been conducted specifically for pain, which makes identifying pain-

related genes difficult. By focusing on primary pain conditions and then overlapping 

common variants with secondary pain conditions, I gathered evidence for the 

involvement of identified variants in chronic pain mechanisms. This is particularly 

relevant as for many of these variants, their role in chronic pain is unknown. 

In Chapter III, I conduct a GWAS of fibromyalgia using UK Biobank cases and 

controls and then meta-analyse results with FinnGen GWAS. This is the largest 
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meta-analysis of fibromyalgia GWAS to date, which will contribute to furthering the 

knowledge of the genetic basis of fibromyalgia. 

In Chapter IV, I focus on exploring the shared genetics of fibromyalgia and 

endometriosis using genetic correlation, multi-trait association analysis and 

functional annotation of identified shared variants. This will shed light on shared pain 

mechanisms between these conditions. 

 

Chapter II. Systematic review of genome-wide association studies 

of primary pain conditions 

2.1. Rationale of systematic review 

Patients with complex diseases, such as endometriosis, rheumatoid arthritis, and 

inflammatory bowel disease often report pain alongside their condition6. Presently, 

no genome-wide association study has looked specifically at genetic signals 

underlying pain in these patients. However, many GWAS have been conducted for 

these conditions and have subsequently returned a plethora of genome-wide 

significant SNPs28. Current evidence suggests some patients are thought to be more 

at risk of developing chronic pain alongside these conditions2. However, due to the 

complexity of these diseases, uncovering which genetic variants contribute to pain 

vulnerability is difficult. To this end, I systematically reviewed the evidence that 

genetic variants associated with more than one primary chronic pain condition were 

also associated with endometriosis, osteoarthritis, RA and IBD, using publicly 

available GWAS results. The hypothesis tested in this review is that there is a 

common framework of pain genes impacted by common variants, which predisposes 

people to pain, regardless of tissue of origin of the chronic pain. Another hypothesis 
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is that determining genetic loci associated with multiple primary pain conditions will 

provide stronger evidence for their involvement in pain processes.  

2.2. Methods 

2.2.1. Aims 

The main aim of this systematic review is to query the available literature and identify 

variants potentially implicated in pain vulnerability in complex conditions. 

The first aim was to evaluate the extent of overlap between genetic loci that are 

genome-wide significantly associated with primary pain conditions, by reviewing data 

from GWAS studies and performing correlation analysis, taking account of linkage 

disequilibrium between variants at the loci. 

The second aim was to investigate whether primary pain associated variants are 

also in linkage disequilibrium with GWAS hits from endometriosis, osteoarthritis, RA, 

IBD. 

The third aim was to review the biology of these variants of interest in the context of 

chronic pain mechanisms. 

2.2.2. Eligibility criteria 

This review is limited to genome-wide association studies due to the large number of 

participants, stringent quality control and high coverage of the human genome. 

There were no participant restrictions based on age, sex, or ancestry. 

Studies were included if they sought to determine associations between a primary 

pain condition and genetic variants. Primary pain conditions for which there are 

available genome-wide association studies are shown in Table 1.  
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Table 1. List of primary pain conditions for which genome-wide association studies 

have been performed and are available in GWAS Catalog67. 

Trait No. of genome-

wide association 

studies 

No. of 

independent 

associations 

Study size average 

(range) 

Chronic back pain 2 7 313,145 (158,025 - 

468,265) 

Fibromyalgia 1 0 503 

Chronic widespread 

pain 

2 0 133,327 (16,815 - 

249,843) 

Multisite chronic 

pain 

3 50 258,433 (178,556 - 

387,649) 

Complex regional 

pain syndrome 

1 0 230 

Irritable bowel 

syndrome 

5 4 163,907 (1,570 - 

455,321) 

Dysmenorrhea 2 5 8,812 (5,734 - 11,891) 

Migraine 10 49 77,700 (285 - 375,752) 

Cluster headaches 2 4 4,324 (458 - 8,191) 

Temporomandibular 

joint disorder 

3 3 13,703 (3,030 - 10,153) 

 

2.2.3. Search strategy 

The systematic review was registered and accepted for inclusion in PROSPERO 

(Lucinescu et al., 2021) in August 2021 (PROSPERO ID Number: 

CRD42021270393). 

Electronic searches were conducted in the GWAS Catalog, which is a vast, curated 

database of peer reviewed GWAS, updated regularly and publicly available67. The 

GWAS Catalog search was performed four times between the 26th of July 2021 and 

2nd of November 2021. The search terms were “chronic pain”, “pain”, “irritable bowel 

syndrome”, “headache” and “temporomandibular joint disorder”.  
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2.2.4. Selection process 

GWAS Catalog performs weekly literature scans of studies that include a primary 

GWAS analysis, defined as array-based genotyping and analysis of 100,000+ pre-

QC SNPs selected to tag variation across the genome and without regard to gene 

content. Exclusion criteria are studies published in a language other than English, 

candidate gene studies, studies using customized gene-based arrays without a 

clearly described GWAS methodology and studies that measure somatic variation 

(e.g., cancer). Every study is assessed for eligibility by independent curators. 

Literature scans were formerly performed manually in Pubmed, and since 2018, they 

have been perfomed using a machine learning classifier67. 

This study does not include any new GWAS data. Studies need to have publicly 

available summary statistics to be included. The GWAS Catalog uses traits to 

categorise similar studies. Traits are ontology terms used to classify the outcome, 

such as disease, phenotype, measurement, or drug response. Studies represent 

entries in the GWAS Catalog. Multiple traits may be registered for the same 

publication.  

Searches were performed for each term. Then, duplicate traits/studies were 

removed. Next, the studies were screened using a two-step process. Firstly, the 

studies were screened by Title/Abstract for eligibility. Secondly, the remainder of 

studies were retrieved and subjected to a full-text screen. A consensus check was 

completed by the rest of the reviewers (my supervisors) to verify whether the 

identified traits/studies were eligible. 
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2.2.5. Quality assessment of studies 

Quality assessment of the studies was performed once at the time of curation in the 

database and once after screening, using a modified STrengthening the REporting of 

Genetic Association studies (STREGA) framework (Supplementary Tables 1 and 2). 

The STREGA initiative builds on the Strengthening the Reporting of Observational 

Studies in Epidemiology (STROBE) Statement68. It adds genetic association study 

specific checklist items to help reporting in these studies and in assessing the 

strength of evidence. 

2.2.6. Data items and collection process 

Relevant information for each trait was extracted directly from the GWAS Catalog 

database. Extracted information included: associated SNPs, chromosomal location, 

risk allele, p-value, odds ratio, beta, confidence intervals, mapped gene, reported 

trait and the trait registered in the GWAS Catalog67. 

Information about the studies was extracted and consisted of publication date, 

journal, title, reported trait, trait(s) assigned by GWAS Catalog, discovery sample 

description, replication sample description, discovery sample number and ancestry, 

replication sample number and ancestry, and association count67. 

2.2.7. Linkage disequilibrium between variants 

We measured correlation between biallelic variants from the GWAS located in 

genomic proximity to one another by calculating r2 within the 1000 genomes 

reference panel using the LDlink website online tool LDpair69,70.  

Reference populations were: African (African/African American/Afro-Caribbean), Ad 

Mixed Americans (Latin/Hispanic), East Asian (East Asian) and European (European 

and Norfolk Islanders). 
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2.2.8. Data synthesis 

The list of variants was subsetted based on ethnicity of participants. Then, each new 

table was sorted based on chromosomal location. For each pair of variants, r2 and D’ 

were calculated using the LDpair option on LDlink website using the correct 

reference population (see above)70. D’ is a measure of linkage disequilibrium 

whereas r2 is a measure of correlation between SNPs that takes into account allele 

frequency. We can only talk about correlation if the SNPs are on the same 

chromosome, therefore variants on different chromosomes were excluded. Non-

biallelic variants or variants not on human genome build 38 were excluded. A 

threshold of 0.8 for r2 was considered moderate to high evidence of correlation, 

according to literature, whereas 1.0 is considered complete correlation (the SNPs 

are the same). 

For the list of selected variants, Phenoscanner was queried for reported associations 

(P < 5 × 10−8) with other traits and conditions 

(http://www.phenoscanner.medschl.cam.ac.uk/; July 2021). PhenoScanner is a 

curated database holding publicly available results from large-scale GWAS71,72. 

Parameters were set to an r2 of 0.5, European ancestry as reference population and 

the p-value threshold at 5 x 10-8, as customary for GWAS studies. The r2 threshold 

selected indicates modest evidence of correlation. 

The list of variants was then annotated in Functional Mapping and Annotation of 

Genome-Wide Association Studies (FUMA) using SNP2GENE function73. The 

SNP2GENE function takes GWAS summary statistics as an input and provides 

functional annotation for all SNPs in genomic areas identified by lead SNPs. FUMA 

accepts as input a comma-separated file of GWAS summary statistics with the rsID, 

p-value, chromosomal position, and effect allele. In addition, beta and odds ratio 

http://www.phenoscanner.medschl.cam.ac.uk/
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values were provided where known. A p-value threshold of lead SNPs was set to 5 x 

10-8 and the reference panel population was set to 1000G Phase3 EUR. Only 

positional gene mapping was selected. Next, GENE2FUNC function was selected 

with the list of suggested gene mappings provided by SNP2GENE. GENE2FUNC 

function provides gene specific annotation by producing a heatmap, calculating 

differentially expressed gene sets in different tissue types and providing biological 

context for the genes. The rest of the analyses were performed using R Statistical 

Software (v4.1.2; R Core Team 2021)74. The R package phenoscanner was used to 

query the PhenoScanner database71,72. 

Significant variant gene associations were downloaded from Genotype-Tissue 

Expression (GTEx) Portal Release V8 on 1 February 202275. Genes regulated by the 

variants of interest or variants in LD with them were extracted, alongside p-value, 

tissue, and gene information. Then, the Human Pain Genetics Database (HPGD) 

and two endometrium eQTL studies were searched with the list of variants of 

interest76–78. 

2.3. Results 

2.3.1. Study selection 

The GWAS Catalog was queried for primary chronic pain conditions. Six hundred 

eighty-seven studies were returned, and 151 duplicate studies were removed. After 

screening the Title/Abstract, 410 studies not related to chronic pain were excluded 

because they did not meet inclusion criteria. The remainder of 126 studies were 

retrieved and subjected to a full-text screen. Seventy-seven studies were excluded 

for not investigating primary chronic pain traits. Finally, a total of 49 studies met the 
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eligibility criteria (Figure 1). For a full list of included studies and quality assessment, 

see Supplementary Tables 2 and 3. 

 

Figure 1. PRISMA flow-chart of the systematic review. 

2.3.2. Study characteristics 

In terms of ancestry of the participants, 39 (79.59%) of the studies had European 

participants, 11 (22.44%) had East Asian participants, 3 (6.12%) had African 

American, African, or Afro-Caribbean participants and 3 (6.12%) had Hispanic/Latin 

American ancestry. 

2.3.3. Evidence of correlation between primary pain conditions 

GWAS in primary pain conditions yielded either no significant associations (p < 5 x 

10-8), in the case of fibromyalgia, chronic widespread pain or complex regional pain 

syndrome, or many independent associations, in the case of multisite chronic pain or 

migraine (Table 1). Associations extracted from the GWAS Catalog were first filtered 
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to remove variants with a p-value greater than than 5 x 10-8. Table 2 shows the list of 

variants that represent the same loci (through LD > 0.8) associated with more than 

one primary pain condition. 

2.3.4. Evidence of genetic correlation between primary pain conditions and 

other traits 

Next, other traits associated with the final list of variants were extracted from 

Phenoscanner database71,72. The resulting traits were categorised into vascular, 

haematological, pharmacological, respiratory, immunological, anthropometric, and 

other (see Supplementary Table 4). The most frequently reported associations 

between a trait and the variants of interest were pharmacological (most common 

being “Medication for pain relief, constipation, heartburn: none of the above” and 

“Medication for pain relief, constipation, heartburn: paracetamol”) (Figure 2).  

Table 2. List of variants in linkage disequilibrium associated with different primary 

pain traits (r2 > 0.8). 

Variant 

 

Position Mapped gene Trait 1 Trait 2 

rs12134493 1:115134562 LINC01765 Migraine Headache 

rs7523086, 

rs7544256 

1:115280766 NGF-AS1 Dysmenorrhea Migraine 

rs10166942

, rs2362290 

2:233916086 TRPM8, MSL3P1 Migraine Headache 

rs9349379 6:12903725 PHACTR1 Migraine Headache 

rs7775721, 

rs11153082 

6:96609103, 

6:96611790 

FHL5 Migraine without 

aura 

Cluster headache 

rs6478241 9:116490350 ASTN2 Migraine without 

aura 

Multisite chronic 

pain 

rs11172113 12:57133500 LRP1 Migraine Headache 

 



Common genomic pathways between endometriosis and fibromyalgia 
 

Page 33  
 

Variant rs7523086 intronic to NGF gene correlates with a variant (rs12030576) 

associated with endometriosis in the largest meta-analysis of endometriosis GWAS 

to date (r2 = 0.978)40. 

FUMA was queried with the list of variants from Table 2 to annotate the variants and 

to map them to genes73. Then, Phenoscanner database was queried with the list of 

genes provided by FUMA (Table 3)71,72. Results implicate NGF, LRP1 and ASTN2 in 

rheumatoid arthritis, and ASTN2 in ulcerative colitis and osteoarthritis. According to 

the heatmap of tissue-specific gene expression from FUMA, ASTN2 and LRP1 are 

highly expressed in brain tissues (Figure 3). Although lowly expressed in brain 

tissues and spinal cord, NGF is expressed in various gynaecological tissues, 

including the uterus, fallopian tubes, and cervix. 

 

Figure 2. Chord plot of variants of interest (top, rsids) and the traits they are 

associated with according to Phenoscanner71,72. 
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Figure 3. Heatmap of genes of interest in 53 tissue types from GTEx version 8. Figure 

was produced by FUMA73. 

Table 3. Mapped genes for the variants of interest with the FUMA tool with SNP2GENE 

option73. 

Variant ID Location Mapped gene 

rs12134493 1:115677946  n/a 

rs7523086 1:115280766 NGF 

rs10166942 2:233916086  n/a 

rs9349379 6:12903725  n/a 

rs7775721 6:96609103  n/a 

rs6478241 9:116490350  ASTN2 

rs7544256 1:115280766  n/a 

rs2362290 2:233916086 TRPM8 

rs11153082 6:96611790 UFL1, FHL5 

rs11172113 12:57133500 LRP1, STAT6 

 

2.3.5. Expression quantitative trait loci analysis 

The variants of interest regulate the expression of many genes in different tissues, 

however no relevant tissue eQTLs were highlighted by the GTEx analysis75. Dorsal 

root ganglia are involved in ascending transmission of pain signals and descending 

modulation of pain, therefore the Human Pain Genes database of DRG eQTLs was 

investigated. Similarly, since one variant of interest is associated with endometriosis, 
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two endometrium eQTL databases were investigated. No statistically significant 

dorsal root ganglia or endometrium eQTLs were found76–78. 

2.4. Discussion 

2.4.1. Key findings 

In this systematic review of the published literature, GWAS were performed for a 

range of primary pain conditions, with different success rates in identifying 

associated loci. Migraine and multisite pain are well represented traits in terms of 

case numbers, with many associated genetic variants, whereas fibromyalgia GWAS 

was underpowered and did not identify any genome-wide significant associations. 

Amongst the correlated variants between different primary pain conditions, many 

were between migraine and chronic headaches, one between multisite pain and 

migraine and one between dysmenorrhea and migraine. Other traits associated with 

the correlated variants included many anthropometric, pharmacological, and 

immunological traits. One variant intronic to NGF was also associated with 

endometriosis from a recent endometriosis meta-analysis which at the time of the 

review was not part of the GWAS Catalog40. FUMA mapped these variants to NGF, 

LRP1 and ASTN2. No relevant eQTLs could be identified in brain, endometrium, or 

dorsal root ganglia; however there is evidence of these genes being expressed in 

brain and reproductive tissues. 

In this systematic review, these genes were shown to influence multiple pain traits 

and may be involved in a common pain vulnerability framework for chronic pain 

conditions: LRP1 (associated with migraine, headache, and RA), NGF (associated 

with dysmenorrhea, migraine, RA and endometriosis) and ASTN2 (associated with 

migraine, multisite chronic pain, osteoarthritis, RA and ulcerative colitis).  
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NGF has been previously hypothesised to contribute to pelvic pain in endometriosis 

by sensitisation of afferent pathways in the peritoneal cavity59. Moreover, NGF 

expression is upregulated in cerebrospinal fluid of migraine patients79. There is 

evidence of central sensitisation being an important pain mechanism in migraine and 

endometriosis8,80,81. Therefore, NGF could be involved in both central and peripheral 

sensitisation mechanisms. Tissue specific gene expression in GTEx showed NGF is 

expressed in gynaecological organs, consistent with a peripheral sensitisation 

mechanism in chronic pain. Expression in brain tissues appeared low. 

LRP1 is a cell surface receptor that is involved in the proliferation of vascular smooth 

muscle cells and plays a role in indirectly decreasing neurodegeneration and 

neuropathic pain by attenuation of the neuroinflammatory environment. A study by 

Alban et al., (2008) has shown LRP1 activation can indirectly decrease neuropathic 

pain by attenuation of the inflammatory environment through inhibition of MAPK c-

Jun N-terminal kinase and p38-pathway82. By inhibiting these pathways, LRP1 

represses expression of TNF-α, IL-1β, and IL-6. Many neuropathies are associated 

with TNF-α and IL-6 activation. Interestingly, MAPK pathway activation is observed 

in endometriosis and is thought to be involved in every step of the endometrioma 

formation: migration, implantation, growth, and proliferation83. Moreover, LRP1 

polarizes microglial cells and macrophages from a proinflammatory phenotype (M1) 

to an anti-inflammatory phenotype (M2), attenuating the neuroinflammatory 

environment84. Its role in migraine and chronic headaches remains unknown, but 

LRP1 appears to be highly expressed in brain tissues and spinal cord, according to 

GTEx (v8)75. 

ASTN2 plays a role in glial-guided migration that appears important for development 

of the laminar architecture of cortical regions in the brain. A study by Inoue et al., 
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(2021) implicated two SNPs within ASNT2 in opioid analgesia. Its role in chronic pain 

is presently unknown85. ASTN2 appeared to be expressed moderately in brain 

tissues, according to GTEx (v8)75. 

2.4.2. Limitations 

There are limitations of this systematic review. Firstly, it is unlikely that GWAS can 

uncover all genetic determinants of a disease. The inheritance of complex diseases 

is thought to be only in part the result of common genetic variants. Rare variants also 

play an important role. The genetic variant burden model illustrates one of the 

proposed mechanisms (see Chapter I)86. Moreover, discovery of common genetic 

variants associated with chronic pain requires very large numbers of cases, which so 

far have not been achieved. Some chronic pain GWAS were underpowered (e.g., 

fibromyalgia). Secondly, there are differences in diagnostic criteria for primary pain 

conditions between different studies, which can impact the study selection process 

and consequent results.  

2.4.3. Conclusions and Future directions 

This systematic review of the current literature on primary pain variants involvement 

in secondary chronic pain points to NGF, LRP1 and ASTN2 as potential chronic pain 

vulnerability genes. Here, I show they have been associated with both primary and 

secondary pain conditions and are expressed in relevant tissues for chronic pain. 

Future research should focus on understanding how these genes are involved in 

chronic pain pathways and how they give rise to comorbid chronic pain conditions. 
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Chapter III:  Genetic analysis of fibromyalgia in UK Biobank 

3.1. Rationale 

The previous chapter identified that the largest published GWAS of fibromyalgia to 

date was underpowered (<500 cases) and did not identify any genome-wide 

significant hits (p < 5 x 10-8)87. UK Biobank and FinnGen are large databases of 

500,000 participants, each providing genomic and diagnostic data88,89. In order to 

boost power of the detection of genetic associations with fibromyalgia, I conducted a 

large, sex stratified GWAS of ~ 5,000 fibromyalgia cases from UK Biobank and a 

meta-analysis with a GWAS of fibromyalgia of ~3,000 cases from FinnGen. 

Furthermore, I investigated the heterogeneity of different fibromyalgia case 

definitions in UK Biobank and compared different GWAS methods to select the most 

appropriate one. 

3.2. Methods 

3.2.1. The UK Biobank 

The UK Biobank is a large-scale biomedical database and research resource 

containing genetic, lifestyle and health information from half a million UK 

participants88. Cases were identified using self-reported data (collected at 

recruitment or in an online follow-up questionnaire), hospital diagnosis data (by data-

linkage to hospital records with ICD10/ICD9 codes) and primary care records (by 

linkage to general practice data with read codes v2 and v3). At the Biobank 

recruitment visit (2006-2010), and in subsequent UK Biobank clinic follow-ups in 

2012-2013 or 2014-2019, participants were asked via touch screen questionnaire 

about ‘serious medical conditions previously diagnosed by a doctor’. If participants 

reported a medical condition, they are asked during a verbal interview with a nurse to 
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state the condition(s) (Data field 20002). These participants were referred to as 

unprompted self-reports. Participants could also be diagnosed with a condition 

during a hospital admission and coded in the primary or secondary ICD-10 diagnosis 

or primary or secondary ICD-9 diagnosis (Data fields 41202, 41203, 41204, 41205). 

These participants were referred to as hospital ICD9/ICD10 cases. Participants also 

completed follow-up questionnaires regarding their pain (Category 154). Ethnicity 

was reported under Field 21000 (White British: 1001). 

3.2.2. Participants 

Fibromyalgia cases were defined by combining data from hospital in-patient 

diagnosis of fibromyalgia either recorded with ICD10 (M797) or the equivalent ICD9 

codes (72910-72919), from self-reported answer in the baseline questionnaire (Code 

1542), from self-reported previous diagnosis of fibromyalgia (Field 120009, “Ever 

had fibromyalgia syndrome”) or from primary care data that is collected from events 

that general practice staff record to support clinical care (Table 4).  

Most fibromyalgia cases from the ICD cohort come from codes M79.79 

(Fibromyalgia at unspecified site: 421 cases) and M79.70 (Fibromyalgia at multiple 

sites: 83). Most fibromyalgia cases from primary care were driven by codes: X75rx 

(1666 cases), N248. (381), N2401 (278), N2139 (177) and N2121 (126). 

3.2.3. UK Biobank GWAS of fibromyalgia 

Due to the low numbers of other ethnic groups in UK Biobank (484 non-White or 

other White, 5433 White British), only White British cases were included. Sex-

stratified (females-only and males-only) GWAS was conducted in BOLT-LMM and 

REGENIE. Sex-combined GWAS was conducted in BOLT-LMM, REGENIE and 

SAIGE to compare results. 
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Table 4. Fibromyalgia case and control definitions in UK Biobank for genome-wide 

association study.  

 

Genotype quality control (QC) and imputation was performed in UK Biobank 

centrally. The genotype QC and imputation is described in detail in Bycroft et al. 

They provide a list of samples failing QC due to missingness, sex mismatch and/or 

high heterozygosity which were excluded from further analysis90. Participants who 

retracted their consent were also excluded. Genotype QC briefly included keeping 

only those variants with an imputation quality score of more than 0.3, minor allele 

frequency (MAF) >= 0.01, genotypes without significant deviation from Hardy-

Weinberg Equilibrium test (p > 10−6), biallelic and non-ambiguous SNPs. Additional 

genotype QC for (1) SAIGE: a minor allele count cut-off of at least 20 were kept; (2) 

REGENIE: the genotype files were processed using PLINK2 to filter out SNPs with 

minor allele frequency (MAF) below 1%, genotype missingness above 10% and 

Filter description N cases N controls Code Code name

Hospital ICD-10 518 487859 M797 Fibromyalgia

Hospital ICD-9 532 487845 72910:72919
Myalgia and myositis, 

unspecified

Unprompted self-reported 1389 486988 1542 Fibromyalgia

DHQ self-report Pain 3922 484455 120009
Ever had fibromyalgia 

syndrome (Yes)

Primary Care data 5917 482460

N240., N2401, 

N2405, N2406, 

N240z, X708C, 

X75rx, .M4A9, 

N239., N248., 

N2480, XE1IQ, 

.M4B., .M4BZ, 

N2121, N240z

Fibromyalgia or fibrositis

Total all ancestry 5917 482460

White British ancestry 5433 409782

Sex-combined GWAS 5433 409782

Females-only GWAS 4512 215744

Males-only GWAS 921 228148
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Hardy-Weinberg equilibrium p-value exceeding 10-15, and samples with more than 

10% missingness91–93. 

BOLT-LMM has been historically successfully applied to thousands of phenotypes in 

UK Biobank, yielding many genome-wide significant associations. It uses a Bayesian 

linear mixed effects model to fit the data. It was shown to be reliable and fast when 

applied to large biobanks. However, linear mixed models can result in inflated Type I 

error rates due to unbalanced case-control ratios, like in the case of most binary 

traits in UK Biobank94. BOLT-LMM was performed using array type as covariate. 

BOLT-LMM computes a genetic relationship matrix at the time of the computation, 

therefore principal components were not included as covariates94. The command 

was run using --lmmForceNonInf option, which computes an association statistic for 

both infinitesimal and non-infinitesimal models, however, for the rest of the analysis, 

only the non-infinitesimal model was considered94. 

SAIGE uses a logistic regression mixed model with saddle-point approximation, 

which is meant to minimise false positives and improve power of detection of true 

associations, even at small allele frequencies. SAIGE for binary traits fits a null 

logistic mixed model, calculates a genetic relationship matrix (GRM), and performs 

single-variant association analyses with saddle-point approximation. Step one of 

SAIGE consists of deriving the genetic relationship matrix and fitting the model, 

using a pruned list of SNPs from PLINK2 software92. Covariates included were array 

type and the first 10 principal components. Options used were: LOCO = FALSE and 

tauInit = 1,0. Step two involves performing single-variant association tests with 

saddle-point approximation, which accounts for case-control imbalances, such as the 

ones occurring in UK Biobank. 
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REGENIE comprises two steps: step one uses a whole genome regression model in 

blocks of SNPs to reduce the number of dimensions; then in step two it tests a larger 

set of markers (from imputation) for association with the phenotype based on 

predictions from step one. It is the faster than SAIGE and has similar effect size 

estimates when applied to binary traits95. Covariates included array type and the first 

ten principal components. Step one was ran with binary trait option (--bt), and 

genotype block size 1000 (--bsize 1000). Step two was run with binary trait option (--

bt), genotype block size 400 (--bsize 400) and approximate Firth likelihood ratio test 

for p-values less than 0.01 (--firth --approx --pThresh 0.01), which is faster than exact 

Firth correction. The Firth correction removes much of the bias that arises when 

using maximum likelihood estimates, and compared to saddle-point approximation, it 

controls for inflated effect size estimates95. 

Sex-combined, female specific and male specific signals were identified by 

extracting lead SNPs utilising FUMA (p < 5 x 10-7), then comparing p-values and 

effect sizes between females, males, and sex combined populations. If a lead SNP 

was nominally significant (p < 10-5) in females but not in males, it was considered a 

female-specific signal, and vice versa.  

3.2.4. Sensitivity analysis 

SNP-based heritability is the proportion of variation in the trait that can be explained 

by additive effects of commonly occurring genetic variants. There is limited data on 

SNP-heritability of chronic pain conditions in UK Biobank, available from the Neale 

Lab Heritability browser96. From their data, there are differences in SNP-heritability 

between different data sources: ICD-10, ICD-9 and self-reported. Low SNP-

heritability in self-reported data could be caused by a lack of proper case definition. 

A previous study has shown self-reported data in UK Biobank is correlated with 
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hospital data and combining them reliably improves power to detect associations97. 

To address the potential discrepancies between hospital and self-reported data, 

sensitivity analyses were conducted involving separate GWAS of the different case 

definitions. 

The goal of sensitivity analyses was to ascertain whether self-reported cases, and 

primary care cases are congruent with hospital-episode identified cases of 

fibromyalgia in terms of genetical correlation and effect size of top signals. Briefly, all 

cases with a clinical diagnosis of fibromyalgia, either through primary care or hospital 

in patient diagnosis, were allocated to one case group; self-reported cases, either at 

recruitment or in follow-up questionnaires, were assigned to a second group, with the 

controls (the UK Biobank cohort with no record of fibromyalgia) split evenly and 

randomly between the two case groups. There were 3131 clinically confirmed 

fibromyalgia cases and 2627 self-reports. Then, the two summary statistics were 

used to compute pair-wise genetic correlation using Linkage Disequilibrium Score 

Regression (LDSC) (see below). In the next sensitivity analysis, all cases with a 

primary care level diagnosis (N = 2788) were assigned to one group and hospital 

diagnoses were assigned into a second group (N = 532). Controls were filtered out 

for different sources of fibromyalgia diagnosis and split evenly and randomly into two 

cohorts. 

3.2.5. FinnGen 

FinnGen is a large public-private collaboration which combines genomic data with 

digital healthcare records of 500,000 participants89. Samples include previous 

disease-specific research cohorts (200,000) and prospective participant samples 

(300,000), from biobanks across Finland. The collaboration brought together 

samples from six regional hospitals, private healthcare and blood donation biobanks. 
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3.2.6. Participants 

The FinnGen population has been described elsewhere89. The definitions of FinnGen 

disease end points and their respective controls for each release are available at 

https://www.finngen.fi/en/researchers/clinical-endpoints, and FinnGen end points can 

also be browsed at https://r5.risteys.finngen.fi/.  

Fibromyalgia cases were defined using HILMO registry (in-patient and outpatient 

primary and secondary diagnoses: ICD10) (M79.7) and Cause of death registry 

(immediate, underlying and contributing causes of death on the death certificate with 

ICD10 codes). In total, there are 3284 Finnish participants with diagnosed 

fibromyalgia. After genotype quality control, there were 3166 cases, of which 2956 

females and 210 males.  

Quality control included filtering individuals with genetically inferred sex not matching 

the reported sex in registries, high genotype missingness (>5%) and excess 

heterozygosity (±4 standard deviations) and filtering variants with high missingness 

(>2%), low Hardy–Weinberg equilibrium (P <1 × 10–6), minor allele count < 3, 

imputation INFO scores of <0.6 and MAF values of <0.01. 

3.2.7. FinnGen GWAS of fibromyalgia 

Sex-combined GWAS of fibromyalgia was performed by FinnGen using the whole 

genome regression model method REGENIE (version 2.2.4), using sex, age, 

genotyping batch and ten principal components as covariates95. Summary statistics 

of fibromyalgia GWAS are publicly available from FinnGen Release 9. 

3.2.8. Meta-analysis of FinnGen and UK Biobank fibromyalgia 

The ICD-based diagnosis of fibromyalgia sex-combined GWAS results from UK 

Biobank and FinnGen were included in a meta-analysis (Ncases = 3,698; Ncontrols = 

https://www.finngen.fi/en/researchers/clinical-endpoints
https://r5.risteys.finngen.fi/


Common genomic pathways between endometriosis and fibromyalgia 
 

Page 45  
 

699,009). Meta-analysis of 6,109,036 markers was carried out using the inverse 

variance weighting fixed-effects method implemented in METAL98. First, variants 

were filtered at the study level for MAF > 1% and MAF < 99%, and non-ambiguous, 

biallelic SNPs. METAL was run with default options98. The results were genomic 

controlled. A filter was introduced to remove SNPs which were present in less than 

half the total sample size to ensure the SNPs are present in both datasets. A meta-

analysis p-value of < 5 x 10−8 was selected as the significance threshold for 

association. 

3.2.9. Genetic correlation 

LD score regression was performed using LDSC v1.0.1 

(https://github.com/bulik/ldsc)99. The LDSC command-line tool 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)100. The 

tool allows computing LD scores using GWAS summary statistics, SNP-heritability 

estimates, and genetic correlation between multiple traits. Summary statistics were 

prepared for analysis using the munge_sumstats.py function of LDSC.  

3.3. Results 

3.3.1. Cohort characterisation 

Fibromyalgia in UK Biobank is characterised by a middle aged, female 

preponderance, of similar BMI and educational background and who mostly self-

report as having at least a fair overall health (Table 5). The ICD only cohort and the 

clinical cohort have reported significantly worse health ratings than the primary care 

https://github.com/bulik/ldsc
https://data.broadinstitute.org/alkesgroup/LDSCORE/eur_w_ld_chr.tar.bz2
https://data.broadinstitute.org/alkesgroup/LDSCORE/w_hm3.snplist.bz2
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only cohort and self-reported respectively, using the Pearson’s X2 test with one 

degree of freedom (ICD - Primary care: X2 = 120.76, p-value = 2.2 x 10-16; Clinical - 

Self-reported: X2 = 51.89, p-value = 5.88 x 10-13). The clinical cohort also reported 

differences in educational attainment compared to the self-reported cohort, using 

Pearson’s X2 test with seven degrees of freedom (X2 = 294.65, p-value = 2.20 x 10-

16). No statistically significant differences were found between ICD-only cohort 

versus primary care-only cohort (X2 = 5.2, p-value = 0.64). Pearson’s X2 test with 

one degree of freedom identified a statistically significant sex difference between 

ICD-only and primary care-only cohorts, however the percentage of females to 

males is very similar (82.7% versus 82.2%). Therefore, this does not suggest a 

clinically significant finding. Similarly, when conducting Welch’s two-sample t tests 

for age and BMI, there appear to be statistically significant differences, however 

examining the means does not prompt to a clinically meaningful observation that can 

be drawn from these differences (ICD - Primary care: tAge = -2.89, pAge = 4.00 x 10-3, 

tBMI = 5.31, pBMI = 1.54 x 10-7; Clinical - Self-reported: tAge = 3.59, pAge = 3.32 x 10-4, 

tBMI = 4.38, pBMI = 1.22 x 10-5)(Table 5). 

3.3.2. Genome-wide association analysis in UK Biobank 

To detect sex specific genetic differences in fibromyalgia, GWAS were run 

separately for males (N = 921), females (N = 4512) and sex-combined (N = 5433) in 

UK Biobank including cases ascertained from clinic and self-reported resources to 

maximise power of detection (Figure 4). Lambda values for genomic control were: λ 

= 1.048 (sex combined), λ = 1.047 (females) and λ = 1.00 (males). 
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Table 5. Sociodemographic descriptives of fibromyalgia cases in UK Biobank by case 

ascertainment category. 

     Clinical (ICD + 
Primary care) 

 

Item ICD Primary care Self-reported 

Total 532 2788 3131 2627 

Demographics         

Females 440 (82.7%) 2291 (82.2%) 2587 (82.6%) 2150 (81.8%) 

Males 67 497 544 477 

Age 55 56 57 55 

Ethnicity (White 
British) 

442 2479 2857 2503 

BMI 30.6 28.93 28.42 29.09 

Health Rating (%)         

Fair and up 49.81 75.90 73.52 81.80 

Poor 44.36 23.06 25.42 17.62 

N/a 5.83 1.04 1.05 0.57 

Education Level 
(%)         

A level (and 
above) 

29.32 30.42 32.06 12.37 

GCSE 24.43 22.63 24.30 5.08 

Other 
(vocational) 

18.05 19.3 20.25 69.81 

None 22.37 25.79 26.76 11.27 

 

In females, a total of 34 lead SNPs were identified at a more stringent nominal 

threshold of association (p < 5 x 10-6) and no genome-wide significant hits were 

identified. In males, one genome-wide significant SNP was discovered on 

chromosome 17 (rs75888727, p = 3.9 x 10-8). A total of 46 lead SNPS were identified 

for males (p < 5 x 10-6). In sex combined GWAS, one variant approached 

significance on chromosome 2 (rs146396094, p = 8.9 x 10-8) and 27 lead SNPs were 

identified (p < 5 x 10-6). Comparing the effect sizes for the top lead SNPs (p < 5 x 10-

7) between males, females and sex-combined, revealed similar effect sizes and 

consistently small p-values (p < 5 x 10-5) between female and sex combined top 

associations (Table 6). Top male signals were not present in either female GWAS or 
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sex combined. This suggests distinct male and female genetic drivers of disease. 

The lead SNPs were located in non-coding regions, either intronic or intergenic, 

according to annotations performed in FUMA. Then lead SNPs were mapped 

positionally to genes by FUMA. The strongest signal for females and sex combined 

data sets was located in the COMMD1 locus, and for males, in the ARSG locus. The 

top genes associated with fibromyalgia in females were: COMMD1, RIBC2, INO80C 

and SLC39A11. For males, the top genes were ARSG, ANKRD20A9P, EPHA1-AS1 

and LOC105377114. 
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Figure 4. Sex-stratified Miami Plot of fibromyalgia in UK Biobank. Female only GWAS 

results given as a Manhattan plot on the top and male only GWAS results given as a 

Manhattan plot on the bottom. Each dot on the plot is a SNP and significance of 

association is given on Y-axis. Red-dashed line represents genome-wide significance 

threshold (p<5x10-8), and the blue line represents a relaxed threshold for nominal 

significance (p<5x10-5).   
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Table 6. Top lead SNPs (p < 10-7) of female-only, male-only, and sex-combined 

genome-wide association studies of fibromyalgia in UK Biobank. 

 

SN
P

CH
R
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ETA

SE
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B
ETA

SE
P

B
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SE
G

en
e
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33069644
T
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2.10E-07

-0.150
0.029

3.00E-01
-0.083

0.081
2.80E-07

-0.160
0.030

SLC39A
11

rs75888727
17

66394252
A

0.99
1.87E-03

0.012
0.098

3.90E-08
-1.486

0.270
1.11E-03

-0.247
0.105

A
R
SG

rs146160292
13

19447663
T

0.97
5.20E-02

-0.149
0.076

3.10E-07
-1.097

0.214
1.10E-04

-0.319
0.083

A
N
KR

D
20A

9P

rs11763230
7

143108841
C

0.79
9.00E-01

0.003
0.025

9.10E-07
0.351

0.071
2.80E-02

0.061
0.028

EPH
A
1-A

S1
rs147685768

3
61378601

A
0.98

7.80E-01
-0.021

0.074
4.40E-07

-1.045
0.207

1.80E-02
-0.189

0.080
LO

C10537711

rs191424008
1

214953032
G

0.97
9.70E-01

-0.002
0.060

6.80E-07
-0.832

0.168
3.70E-02

-0.135
0.065

intergenic

rs7289955
22

45812562
T

0.67
4.80E-07

0.113
0.022

8.10E-01
0.015

0.063
4.60E-06

0.111
0.024

R
IB
C2

rs2185301
14

51441277
T

0.71
9.50E-07

-0.113
0.023

5.20E-01
-0.042

0.065
2.30E-06

-0.118
0.025

intergenic

rs118050321
12

125064554
C

0.93
9.90E-07

-0.201
0.041

7.60E-01
0.035

0.115
2.10E-05

-0.189
0.044

intergenic

rs55677935
2

62228013
C

0.98
1.10E-07

-0.438
0.083

6.90E-01
-0.095

0.234
3.40E-07

-0.457
0.090

CO
M
M
D
1

rs146396094
2

62278808
A

0.98
2.20E-07

-0.422
0.081

2.40E-01
-0.273

0.230
8.90E-08

-0.219
0.041

CO
M
M
D
1

rs76511846
3

4005132
G

0.90
1.90E-05

-0.150
0.035

na
na

na
9.10E-07

-0.090
0.020

intergenic

Fem
ale

 (N
 = 4314)

M
ale (N

 = 921)
Sex Co

m
b

in
ed

 (N
 = 5314)



Common genomic pathways between endometriosis and fibromyalgia 
 

Page 51  
 

3.3.3. BOLT-LMM, REGENIE and SAIGE comparison 

Here, I have compared my results from BOLT-LMM with SAIGE and REGENIE 

which showed mostly similar results in terms of p-value and effect size of lead SNPs. 

The three methods were compared in terms of effect size, standard error, and p-

value (Figure 5 and Table 7).  Due to the computational speed of REGENIE and its 

previously reported lower inflated effect sizes, this method was utilised for the rest of 

the analysis.  

 

 

 

Figure 5. Manhattan plots of clinical diagnosis of fibromyalgia GWAS using different 

methods: BOLT-LMM (A), REGENIE (B) and SAIGE (C). Blue line suggests a nominal 

threshold of significance (p<10-5). 

B. 

C. 

A. 
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Table 7. Independent lead SNPs (p<10-7) from the assessment of three GWAS methods 

using clinical fibromyalgia UK Biobank cases. EA, effect allele. Missing values for 

several SNPs in SAIGE columns are due to them failing extra QC that SAIGE employs. 

 

3.3.4. Sensitivity analyses by case ascertainment method 

Sensitivity analyses were conducted to assess heterogeneity of the different case 

definitions of fibromyalgia in UK Biobank. Firstly, GWAS was conducted using 

clinically diagnosed cases of fibromyalgia only, and self-reports only. Top signals 

with the characteristic trail of SNPs underneath can be seen on chromosomes 1, 3 

and 7 for clinical diagnosed fibromyalgia (Figure 6). Top signals from self-reported 

GWAS of fibromyalgia can be seen on chromosomes 8, 11 and 16 (Figure 6). QQ 

plots and genomic inflation factors were as expected: λGC = 1.047 (clinical 

diagnoses) and λGC = 1.029 (self-reports) (Figure 7). Lead SNPs appear not to be 

shared across the two GWAS (Table 8). Instead, the top signals for each GWAS 

appear to be unique to each cohort.  

LDSC analysis showed the two data sets are 77.8% genetically correlated. SNP-

heritability of clinically diagnosed fibromyalgia GWAS was 11.44%, whereas for self-

reported cases it was 8.13%. A summary of sample characteristics between hospital-

confirmed cases and self-reported cases is seen in Table 5. Both cohorts have a 

SNP CHR BP EA EAF P BETA SE P BETA SE P BETA SE
rs148959249 3 3978283 A 0.055 1.50E-06 0.295 0.061 3.53E-07 0.286 0.056 8.31E-07 0.253 0.050

rs74702184 3 65627458 C 0.125 4.70E-05 0.168 0.041 4.52E-07 0.196 0.039 2.29E-06 0.174 0.036

rs72923554 2 193518421 T 0.042 8.40E-07 0.333 0.068 6.95E-07 0.323 0.065 1.81E-06 0.281 0.056

rs12131421 1 5472626 A 0.051 2.20E-06 -0.295 0.062 7.52E-07 -0.290 0.059 2.01E-07 -0.330 0.066

rs58228855 1 161671774 C 0.927 1.40E-07 -0.310 0.059 1.20E-05 -0.224 0.051 2.92E-05 -0.202 0.047

rs11216628 11 117794515 G 0.054 2.60E-07 0.354 0.069 1.99E-05 0.257 0.060 3.32E-05 0.233 0.054

rs143362105 17 71005035 A 0.990 2.80E-07 -0.742 0.144 1.39E-06 -0.696 0.144

rs12672727 7 139354457 A 0.928 4.10E-07 0.275 0.054 1.11E-05 0.220 0.050 3.60E-06 0.247 0.055

rs10988763 9 102076659 A 0.051 1.00E-05 -0.127 0.029 8.31E-07 -0.131 0.027 4.01E-07 -0.136 0.027

rs977395 3 3968679 C 0.938 2.30E-06 -0.283 0.060 9.41E-02 -0.046 0.027 7.74E-07 -0.246 0.048

REGENIEBOLT-LMM SAIGE
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similar age, female:male ratio, BMI, and ethnic background. Differences are 

observed for the self-reported overall health rating and educational attainment. 

Clinical cases appear to have worse self-reported health ratings. 

 

Figure 6. Miami plot of sensitivity analysis between clinical-confirmed fibromyalgia 

GWAS (top, labelled Hospital), and self-reported GWAS (bottom) 
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Table 8. Top 15 lead SNPs (p < 5 x 10-6) of clinical fibromyalgia GWAS and self-

reported fibromyalgia GWAS. EA, effect allele. 

 

Next, separate GWAS were conducted for the different sources of clinical diagnoses 

of fibromyalgia, namely hospital (ICD based) and primary care (read codes based) to 

further delve into case ascertainment-based heterogeneity within the clinically 

diagnosed case group (Figure 8). Q-Q plots and genomic inflation factors were as 

expected: λGC = 1.018 (ICD) and λGC = 1.032 (primary care) (Figure 9). Several lead 

SNP CHR BP EA P BETA SE P BETA SE

rs12131421 1 5472626 A 2.45E-07 -0.327 0.066 9.3E-01 0.006 0.063

rs977395 3 3968679 T 9.40E-07 -0.242 0.048 1.2E-01 -0.091 0.058

rs75824901 17 6804102 A 9.56E-07 -0.624 0.140 6.9E-01 0.047 0.118

rs10988763 9 102076659 A 1.03E-06 -0.131 0.027 5.2E-01 0.019 0.029

rs77382989 13 39848089 G 1.14E-06 -0.788 0.183 7.9E-01 0.038 0.142

rs72945436 6 106034914 C 1.32E-06 0.217 0.044 9.3E-01 -0.005 0.051

rs1419863 7 34537783 A 1.52E-06 0.123 0.025 4.9E-01 0.019 0.028

rs12672727 7 139354457 C 1.68E-06 -0.254 0.055 7.2E-01 -0.020 0.054

rs72923554 2 193518421 T 1.72E-06 0.281 0.056 7.9E-02 -0.123 0.070

rs7546521 1 229103599 G 1.88E-06 0.240 0.049 9.7E-01 0.002 0.059

rs74702184 3 65627458 T 1.97E-06 0.175 0.036 1.2E-01 0.066 0.042

rs7209250 17 71029699 C 9.07E-02 0.058 0.035 8.6E-08 0.194 0.035

rs4782356 16 88597767 G 1.48E-01 -0.046 0.032 1.5E-06 0.165 0.034

rs34455020 6 168837096 A 4.38E-01 0.098 0.126 1.3E-06 0.558 0.106

rs7841134 8 13603585 T 7.93E-01 0.015 0.057 1.0E-06 -0.334 0.072

CLINICAL (HES+PRIMARY) SELF-REPORTED

Figure 7. Q-Q plots of clinical-confirmed fibromyalgia GWAS (left) and self-

reported fibromyalgia GWAS (right). 
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SNPs could be observed in the primary care GWAS, namely on chromosomes 3, 5 

and 9. No lead SNPs were identified in the hospital diagnosed fibromyalgia only 

GWAS, potentially due to low case numbers (Figure 8, Table 9). 

 

Figure 8. Miami plot of ICD-based fibromyalgia GWAS (top) versus primary care 

fibromyalgia GWAS (bottom). The blue line indicates suggestive level of significance 

(p<10-5). 
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The lack of nominal or significant associations in the ICD-based diagnosis of 

fibromyalgia GWAS is not surprising given that there are just over 500 ICD 

diagnosed fibromyalgia cases in the UK Biobank. However, since none of the top 

signals in the primary care data were at least nominally significant in the ICD GWAS, 

there is the possibility the ICD cohort and the primary care cohort presenting 

different ends of the spectrum for fibromyalgia severity or there are issues around 

clinical diagnosis of the condition between the two categories (Table 9). The 

FinnGen cohort defined fibromyalgia cases utilising ICD codes only. I have 

compared the effect sizes and p-values of lead SNPs with ICD-based fibromyalgia 

GWAS from FinnGen (Table 9). Surprisingly, neither UK Biobank fibromyalgia ICD 

GWAS nor FinnGen fibromyalgia GWAS lead signals are shared with each other. 

However, as FinnGen utilises ICD codes to identify the fibromyalgia cohort, the rest 

of the analysis will focus on the ICD cohort of UK Biobank. 

Figure 9. Q-Q plots of ICD-based fibromyalgia GWAS (left) and primary care 

fibromyalgia GWAS (right). 
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Table 9. Lead SNPs (p<10-6) of fibromyalgia primary care GWAS, ICD GWAS and 

FinnGen GWAS. 

 

3.3.5. Meta-analysis of fibromyalgia 

Meta-analysis between UK Biobank (N cases = 532, N controls = 240,656) and 

FinnGen (N cases = 3166, N controls = 470,515) was conducted utilising the ICD-

defined case selection. Lambda GC for the meta-analysis was 1.013. The meta-

analysis revealed one lead signal, rs34323745, was identified on chromosome 7 in 

the intronic region of GPNMB, that almost reached genome-wide significance (OR = 

1.19, 95% CI: [1.13, 1.26], p = 7.27 x 10-8) in the meta-analysis (Figure 10). There 

are also 6 nominal signals passing the p < 5 x 10-6: (1) lead rs114790411 on 

chromosome 2 (p = 7.42 x 10-7), (2) lead rs3801680 on chromosome 7 (p = 4.88 x 

10-7), (3) lead rs11721715 on chromosome 4 (p = 4.29 x 10-6), (4) lead rs12524339 

on chromosome 6 (p = 2.78 x 10-6). (5) lead rs10796307 on chromosome 10 (p = 

1.42 x 10-6), (6) on chromosome 20 rs12481416 (p = 2.54 x 10-7).  

The lead nominal SNPs from meta-analysis were annotated utilising large scale 

eQTL maps from GTEx, eQTLGen and BRAINEAC. The top SNP on chromosome 7, 

SNP CHR BP EA EAF P BETA SE P BETA SE P BETA SE

rs12131421 1 5472626 A 0.051 2.06E-07 -0.361 0.073 6.84E-02 -0.316 0.173 1.93E-02 0.149 0.064

rs446207 9 102077408 A 0.606 5.01E-07 0.146 0.029 8.69E-01 0.013 0.079 2.79E-01 0.033 0.031

rs72945436 6 106034914 C 0.103 6.45E-07 0.241 0.047 8.17E-01 -0.033 0.141

rs116874789 12 6034400 C 0.060 7.60E-07 -0.318 0.067 4.79E-01 0.114 0.160 6.76E-01 0.033 0.079

rs6005014 22 26718993 G 0.041 8.49E-07 0.319 0.062 8.96E-01 0.025 0.192 7.59E-01 0.026 0.083

rs7961473 12 25513333 T 0.831 8.92E-07 -0.188 0.038 7.13E-01 -0.040 0.109 1.23E-01 0.070 0.046

rs11714831 3 65659142 G 0.174 1.04E-06 0.174 0.035 4.38E-01 -0.079 0.102 3.68E-01 0.034 0.038

rs141412360 11 1847486 A 0.019 1.36E-06 0.444 0.086 7.25E-01 0.100 0.285 9.18E-02 -0.168 0.100

rs114162268 5 153120461 T 0.015 1.82E-06 0.480 0.094 6.96E-01 -0.125 0.320

rs78847386 16 21165368 A 0.030 9.49E-01 0.005 0.084 9.98E-07 0.868 0.156 2.22E-01 0.099 0.081

rs114790411 2 11247351 A 0.031 9.12E-01 -0.009 0.082 1.43E-06 0.831 0.152 2.55E-02 0.242 0.109

rs6045664 20 1940145 C 0.947 6.80E-01 0.018 0.045 6.41E-01 0.058 0.124 1.65E-07 -0.320 0.061

rs12481416 20 5587336 T 0.069 9.19E-01 -0.006 0.056 1.67E-01 -0.217 0.157 2.80E-07 -0.329 0.064

rs147764067 16 18057228 G 0.030 2.73E-01 0.108 0.099 8.48E-01 -0.052 0.270 1.42E-06 -0.485 0.101

rs7236724 18 55652171 C 0.618 1.95E-01 0.038 0.029 9.53E-01 -0.005 0.080 1.95E-06 -0.142 0.030

PRIMARY CARE ICD FINNGEN
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rs34323745, is an eQTL in several tissues potentially relevant to fibromyalgia: blood 

(eQTLGen)101, frontal cortex, putamen, temporal cortex and average expression 

across ten brain regions (BRAINEAC)(Table 10)102.  

The lead signal was mapped to several genes, according to eQTL mapping: KLHL7, 

GPNMB, FAM126A, IGF2BP3, MALSU1, TOMM7 and NUPL2. In particular, 

expression of GPNMB is regulated by rs34323745 in brain tissues. GTEx revealed 

that rs34323745 is also an eQTL in pituitary gland, cerebellum, and skeletal muscle 

(Table 11). 

Figure 10. Manhattan plot for meta-analysis of fibromyalgia. Blue line represents a 

nominal threshold of significance (p<10-5). Red line represents genome-wide 

significance (p<5x10-8). 

To test the hypothesis that the differences between primary care GWAS and ICD 

GWAS in UK Biobank were due to the low number of cases in the latter cohort, I 

compared the GWAS results from primary care to the meta-analysis, which added an 

additional ~3,000 cases of fibromyalgia. Even with this boost in power, there are no 

shared lead signals between the two GWAS (Figure 11).  
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Table 10. Expression quantitative trait loci for the rs34323745, the top GWAS signal in 

the fibromyalgia GWAS meta-analysis. Results were obtained from GTEx Portal (v8)75. 

 

Gencode Id Gene Symbol SNP Id P-Value NES Tissue

ENSG00000230658.1 KLHL7-AS1 rs34323745 1.20E-08 -0.43 Nerve - Tibial

ENSG00000136243.16 NUPL2 rs34323745 1.10E-07 0.52 Brain - Cortex

ENSG00000230658.1 KLHL7-AS1 rs34323745 4.10E-07 -0.59 Brain - Cortex

ENSG00000136235.15 GPNMB rs34323745 4.20E-07 0.57 Brain - Nucleus accumbens (basal ganglia)

ENSG00000230658.1 KLHL7-AS1 rs34323745 4.10E-06 -0.27 Muscle - Skeletal

ENSG00000230658.1 KLHL7-AS1 rs34323745 1.10E-05 -0.46 Pituitary

ENSG00000230658.1 KLHL7-AS1 rs34323745 1.60E-05 -0.54 Brain - Nucleus accumbens (basal ganglia)

ENSG00000136235.15 GPNMB rs34323745 1.90E-05 0.39 Brain - Cortex

ENSG00000196683.10 TOMM7 rs34323745 1.90E-05 0.13 Nerve - Tibial

ENSG00000136243.16 NUPL2 rs34323745 4.10E-05 0.33 Brain - Cerebellum

Gene P FDR Tissue Database

KLHL7 5.35E-25 0 eQTLGen_cis_eQTLs eQTLGen

GPNMB 4.57E-139 0 eQTLGen_cis_eQTLs eQTLGen

NUPL2 2.27E-148 0 eQTLGen_cis_eQTLs eQTLGen

GPNMB 1.81E-03 0.029 Frontal Cortex BRAINEAC

GPNMB 4.24E-05 0.003 Putamen BRAINEAC

GPNMB 3.47E-04 0.006 Temporal cortex BRAINEAC

GPNMB 1.81E-03 0.029 average across all 10 brain tissues BRAINEAC

Table 11. Expression quantitative trait loci for rs34323745, the lead GWAS signal in 

the fibromyalgia GWAS meta-analysis. Results were obtained from FUMA, using 

eQTLGen and BRAINEAC databases. False Discovery Rate (FDR) was calculated by 

FUMA. 
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Figure 11. Miami plot of GWAS meta-analysis of fibromyalgia (top) versus primary 

care GWAS (bottom). Blue line represents a nominal threshold of significance (p<10-

5). Red, dotted line represents genome-wide significance (p<5x10-8). 

3.4. Discussion 

In this chapter, I have completed a sex stratified GWAS of fibromyalgia in UK 

Biobank, which revealed different male and female signals; compared different 

methods for conducting GWAS and selected REGENIE as the most appropriate for 

further analysis; conducted sensitivity analysis and showed different fibromyalgia 

case definitions have dramatically different genetic signals, and lastly, I have 

conducted a meta-analysis of fibromyalgia GWAS using FinnGen. The meta-analysis 

has revealed that rs34323745 in the GPNMB locus was almost genome-wide 

significant (p = 7.269 x 10-8). 

3.4.1. Sex-specific genetic signals for Fibromyalgia in UK Biobank 

Sex-stratified GWAS of fibromyalgia in UK Biobank has highlighted different male- 

and female-specific signals. Although not statistically significant, the most prominent 

signal in female and sex-combined GWAS is an intronic SNP in COMMD1 gene. 
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This gene encodes for a protein involved in copper metabolism, and in protein 

degradation of NF-κB, which results in downregulation of TNF-induced 

inflammation103,104. Moreover, COMMD1 has been shown to have an anti-

inflammatory role in murine myeloid cells and its expression is decreased in IBD 

patients105. 

The top male signal is intronic to ARSG gene, a lysosomal sulfatase with no obvious 

connection to pain pathways. The Manhattan plot indicates the signal might be a rare 

variant or a spurious association, because the SNPs in proximity do not have a 

similarly low p-value. Indeed, variant rs75888727 has a MAF of 1%. Given the low 

number of cases in males, the UK Biobank and FinnGen male to female ratio is 

heavily skewed towards a female preponderance of fibromyalgia. However, a recent 

study found evidence of fibromyalgia being underdiagnosed in males47.  

3.4.2. Fibromyalgia case definition: Heterogeneity and possible data 

discrepancies 

Sensitivity analyses have revealed there is heterogeneity between the different 

fibromyalgia case definitions. This suggests, firstly, that there are important 

differences between the self-reported data and the clinically diagnosed cohort. 

Cohort characteristics appear similar between the two groups, except for overall 

health rating at the time of recruitment and educational attainment, which varied 

between the two groups: ICD versus Primary care and Clinical diagnosis versus Self-

reported fibromyalgia. ICD-based diagnosis of fibromyalgia and overall clinical 

diagnosis of fibromyalgia cohorts appear to have worse self-reported overall health 

ratings. This could indicate the two cohorts may have more comorbidities. However, 

this difference may also not be clinically relevant as we do not have this information 

at the time of diagnosis, but rather at the time of recruitment. A few potential 
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explanations for this discrepancy between cohorts are the self-reports are subject to 

recall bias, under- or overrepresentation of certain subpopulations in the case pool, 

etc. There is also the possibility some of the self-reports are not true fibromyalgia 

cases, however both questions in the baseline and follow up questionnaire ask 

specifically if the person was previously diagnosed by a doctor. Another surprising 

difference concerns the genetic heterogeneity between hospital diagnosed patients, 

referred to as the ICD cohort, and primary care cases. Most clinical records of 

fibromyalgia are from primary care. Although general practitioners are not likely to 

diagnose fibromyalgia themselves, the diagnostic code is potentially a consequence 

of a letter from a specialist. It is possible a hospital record of fibromyalgia, which has 

been performed by a rheumatologist, might indicate a more severe case. In this 

case, it is possible the patients with hospital diagnosis of fibromyalgia have other 

chronic pain conditions. However, neither hospital nor primary care records are 

complete, and it is likely diagnoses were lost for many of the patients. For primary 

care, records were only retrieved for two thirds of participants, however the coverage 

and completeness of records is not known. When participants move, their records 

may not be updated.  

Another possibility is that the diagnostic criteria between ICD, primary care and even 

FinnGen GWAS changed between the different categories of patients. Both ICD10 

data and American College of Rheumatology criteria date back to the early 1990s, 

with updated criteria being published by American College of Rheumatology in 

2010/2011 and 2016. The biggest difference in diagnostic criteria is that the latest do 

not use a tender point site count, but rather use a widespread pain index and a 

symptom severity scale49. It could be hypothesised that either the different case 

definitions represent different severity degrees on a continuous “fibromyalgia-ness” 
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scale, or rather different musculoskeletal disorders are being misdiagnosed as 

fibromyalgia. The concept of “fibromyalgia-ness” was introduced by Wolfe in 2019 

and it involves rethinking of this syndrome as a continuous distribution of symptoms, 

such as fatigue and non-articular pain sites combined into a symptom intensity 

score106. 

3.4.3. Functional annotation of nominal associations with fibromyalgia 

There was one lead SNP which almost reached genome-wide significance in the 

ICD-coded fibromyalgia GWAS meta-analysis. The SNP, rs34323745, has been 

mapped to multiple genes using eQTL analysis. It is possible it regulates the 

expression of many genes in a tissue-dependent manner. Of interest for fibromyalgia 

is GPNMB, a gene expressed in many brain tissues and microglia, involved in 

modulating neuroinflammation. It is thought to mainly have an anti-inflammatory 

effect. Moreover, its expression is increased in many neurodegenerative 

conditions107. In peripheral tissues, its expression is increased in macrophages 

involved in pro-inflammatory conditions108. 

Given the first GWAS meta-analysis results for fibromyalgia in this chapter showed a 

promising lead SNP and the epidemiological link of increased co-morbidity with 

endometriosis, in the next chapter, I will investigate the genetic correlation between 

the meta-analysis of fibromyalgia and the largest published meta-analysis of 

endometriosis, and then perform multi trait association analysis of fibromyalgia and 

endometriosis in order to boost the power of detection of genome-wide significant 

signals in fibromyalgia.  
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Chapter IV. Genetic sharing of endometriosis and fibromyalgia 

4.1. Introduction 

Increased comorbidity between endometriosis and other chronic pain conditions is 

well recognised, with mechanisms widely accepted to include central and peripheral 

sensitisation59,61,62,66. People with endometriosis can experience pain in different 

ways, most commonly generalised pain in the pelvis and bowels59,109. Although 

endometriosis lesions were thought to be the cause of pain, their removal does not 

improve pain in about a quarter of patients110. Endometrial fragments are thought to 

flow back into the peritoneum due to retrograde menstruation, where they attach, 

create blood vessels, and become innervated, which ensures their survival58,59,111. 

The innate immune system is recruited to the site and creates a pro-inflammatory 

environment to clear out the fragment112. Failing to clear them, inflammation does 

not subside, and sensory nerves undergo changes due to persistent activation. 

Long-lasting nociceptive signalling from the lesions strengthens the communication 

between periphery and central nervous system and lowers the threshold for 

activation59,80,113,114. Lastly, some women experience chronic generalized 

hypersensitivity across visceral organs, due to potential cross talk between 

reproductive tract nerves (splanchnic, pelvic, and pudendal) with nearby organs115. 

Similarly, fibromyalgia-associated pain mechanisms are thought to be peripheral and 

central sensitisation116. The increased comorbidity between the two conditions has 

been demonstrated previously65,66. People with endometriosis are at higher risk of 

subsequently developing fibromyalgia, according to a Swedish study by Pardo et al. 

(2019) (incident rate ratios = 2.83, 95% CI: 1.96 – 4.08)117. Another study showed 

people with endometriosis to have higher rates of fibromyalgia than the general 

female US prevalence (5.9 versus 3.4%, P < 0.0001)118.  
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The largest GWAS meta-analysis of endometriosis, conducted by Rahmioglu et al., 

(2023), contains 24 studies, including UK Biobank, totalling 60,674 cases and 

701,926 controls) of European (98%—Europe, USA, Australia) and East Asian 

(2%—Japan) ancestry40. They have shown that endometriosis is genetically 

correlated with migraine (rg = 0.29), dorsalgia (rg = 0.45), multisite chronic pain (rg = 

0.43) and chronic back pain (rg = 0.33) in the UK Biobank. Therefore, endometriosis 

is genetically correlated with musculoskeletal chronic pain traits in the UK Biobank.  

These previous studies point to the possibility of genetic sharing between 

endometriosis and fibromyalgia. However, the genetic sharing between fibromyalgia 

and endometriosis has not been investigated in depth. In this chapter, I explore the 

genetic relationship between endometriosis and fibromyalgia utilising the GWAS 

meta-analysis of fibromyalgia results from the previous chapter with the GWAS 

meta-analysis of endometriosis from Rahmioglu et al., (2023) to discover further 

novel genetic variants for fibromyalgia40. 

4.2. Methods 

4.2.1. Meta-analysis of endometriosis GWAS 

The endometriosis meta-analysis conducted by Rahmioglu et al., (2023) included 24 

studies, 12 of which had surgically confirmed endometriosis cases and 15 which had 

more than 300 cases40. Summary statistics are publicly available for a total of 21,779 

European ancestry cases and 449,087 European ancestry controls. Meta-analysis 

was conducted for 7,542,693 SNPs under a fixed-effects model with inverse 

variance weighting using METAL98. Here I utilised the European ancestry based 

GWAS meta-analysis summary statistics. 
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4.2.2. Meta-analysis of fibromyalgia GWAS 

I utilised the European ancestry fibromyalgia GWAS meta-analysis I conducted in 

Chapter III including 3,698 cases with ICD-based diagnosis and 699,009 controls 

from UK Biobank and FinnGen datasets. FinnGen biobank uses ICD-10 diagnosis to 

define fibromyalgia cases. UK Biobank reports varied sources for fibromyalgia case 

definition. However, due to heterogeneity of these different sources, only ICD-10 

cases were selected for the meta-analysis, in line with the FinnGen case definition 

(see Chapter III). 

4.2.2. SNP-heritability estimation and genetic correlation using LD-score 

regression 

Genetic correlation between fibromyalgia meta-analysis and endometriosis meta-

analysis was conducted using LD-score regression (see Chapter III, Methods, SNP-

heritability estimation using LD-score regression)99. Both summary statistics were 

prepared for analysis using the munge_sumstats.py function of LDSC. A statistically 

significant threshold of 0.05 was considered. 

SNP-heritability scores for fibromyalgia were converted from the observed scale to 

the liability scale by providing the --sample-prev (disease prevalence in the sample) 

and --pop-prev (disease prevalence in the population) flags in the ldsc.py function. 

Prevalence for fibromyalgia in the general population was estimated at 2%, from the 

scientific literature, and in the meta-analysis at 0.5%47,50. Prevalence of 

endometriosis in the general population was estimated at 8%, and in the meta-

analysis at 8%40,58. 
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4.2.3. Multi-trait association analysis 

A joint genetic analysis of endometriosis and fibromyalgia was conducted using 

multi-trait analysis of GWAS (MTAG)119. MTAG assumes genetic correlation 

between the traits investigated and allows better effect size estimates by improving 

power of detection. SNPs were first filtered out from both datasets if they had 

MAF = <0.01, were mapped to the same chromosomal positions, had different alleles 

between datasets, had MAF differences of >0.2 between datasets or non-autosomal 

location. Only SNPs that were shared between the GWAS analyses were utilized in 

the analysis. Z scores (log(OR/SE)) were computed for all SNPs. After variant 

filtering, a total of 1,104,043 variants were included in the analysis. Sample overlap 

between GWAS results was accounted for using bivariate LD score regression. In 

the results, MTAG provided trait-specific effect estimates for each SNP, and the 

resulting p-values that can be interpreted and used like those in single-trait GWAS. 

Lastly, MTAG calculated maxFDR for each trait. 

4.2.4. Biology of fibromyalgia MTAG variants 

FUMA takes GWAS summary statistics as input and outputs functional annotations 

of variants73. It was also utilised to identify the lead SNPs at the selected p < 10-5 

threshold. In terms of functional annotation, the lead variants were mapped to genes 

positionally, then, in a separate analysis, they were mapped according to whether 

they were eQTLs for particular genes in the largest blood eQTL database, eQTLGen, 

and the largest brain eQTL database, BRAINEAC101,102. Tissue gene expression 

information was obtained from GTEx version 875. FUMA was utilised to compute 

tissue-based differentially expressed gene sets and to perform gene enrichment 

analysis. Significant gene sets were identified if the Bonferroni corrected p-value was 

less than 0.05. 
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4.3. Results 

4.3.1. Fibromyalgia and endometriosis are strongly genetically correlated 

LD-score regression analysis utilising endometriosis and fibromyalgia GWAS meta-

analysis results estimated the conditions are strongly genetically correlated (rg = 

0.46, Z-score: 8.05, p = 8.52 x 10-16). The SNP-heritability for fibromyalgia was 

estimated as 14.52% and for endometriosis as 26.98%. 

4.3.2. Multi trait association analysis for fibromyalgia 

Genomic inflation factor for the MTAG of fibromyalgia was = 1.059 (Figure 12). Two 

genome-wide association signals were detected for fibromyalgia following MTAG 

analysis of endometriosis and fibromyalgia meta-analyses: rs17082358, an intronic 

SNP within SYNE1 gene on chromosome 6 (OR: 0.98, 95% CI: [0.985, 0.992], p = 

1.49 x 10-11) and rs13432756, an intronic SNP within GREB1 gene on chromosome 

2 (OR = 1.013, 95% CI: [1.009, 1.017], p = 6.39 x 10-9) (Figures 13, 14). They are 

nominally associated with fibromyalgia in the univariate GWAS analyses; however, 

the strength of the association appears to be driven by the very low p-value in the 

univariate GWAS of endometriosis (Table 12). In addition, there are 22 lead SNPs (p 

< 10-5) for fibromyalgia that are mostly nominally significant (p < 10-3) in the single 

trait GWAS of endometriosis and fibromyalgia (FinnGen) (Table 12). Most lead SNPs 

do not appear to be shared by the univariate GWAS of fibromyalgia in UK Biobank. 

Therefore, most lead SNPs in the MTAG of fibromyalgia are driven by the GWAS of 

fibromyalgia in FinnGen. The mean χ2-statistic for endometriosis was 1.139 and for 

fibromyalgia was 1.054. Max FDR for endometriosis was 0.033 and for fibromyalgia 

was 0.145. Potential false positives are rs72478520, rs74485684 and rs28613416, 

because their p-values are not at least nominally significant in either univariate 

GWAS of fibromyalgia (Table 12). Several SNPs might be non-null for fibromyalgia 
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and null for endometriosis based on high p-values for endometriosis MTAG and 

univariate GWAS meta-analysis (rs11678188 on chr 2, rs3801680 on chr7, 

rs1021715 on chr 5, rs2984646 on chr 5, rs34185333 on chr 7, rs12524339 on chr 6, 

rs17050273 on chr 2). 

Variants of interest were not nominally significant in fibromyalgia MTAG (rs11172113 

on chr 12, rs6478241 on chr 9, rs7523086 on chr 1). I then investigated the loci of 

the genes of interest: NGF, ASTN2 and LRP1 and identified the variants with the 

lowest p-values: rs150043534 on chr 1 (p-value = 0.025), rs923601 on chr 9 (p-value 

= 0.002), and rs1131514 on chr 12 (p-value = 0.0023). These p-values are not 

significant and do not provide evidence for a link between these genes and 

fibromyalgia. It is possible that there are nominally significant variants further away 

from the gene locus that regulate gene expression of the genes of interest. 

Figure 12. Q-Q plot of multi trait association analysis of fibromyalgia. 
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Figure 13. Manhattan plot of multi trait association analysis of fibromyalgia. Dotted 

line represents genome wide significance (p<5x10-8). 
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0.024

0.006
1.03E-03

0.044
0.013

8.46E-04
-0.111

0.033
2.01E-01

-0.120
0.094

1.58E-03
-0.110

0.035

rs12524339
6

143739719
T

0.97
6.02E-06

0.019
0.004

6.31E-02
0.022

0.012
4.11E-01

0.024
0.029

2.78E-06
-0.461

0.098
1.01E-03

-0.753
0.253

8.24E-05
-0.409

0.104

rs72862536
2

154307813
T

0.04
6.19E-06

-0.018
0.004

2.19E-05
-0.045

0.011
4.69E-04

-0.090
0.026

1.33E-03
0.256

0.080
2.91E-02

-0.368
0.169

1.10E-02
-0.224

0.088

rs17050273
2

59810624
A

0.19
8.41E-06

-0.008
0.002

2.23E-02
-0.014

0.006
1.86E-01

-0.019
0.015

1.48E-05
0.159

0.037
5.69E-01

-0.057
0.100

5.82E-06
-0.175

0.039

rs79851790
4

180199103
A

0.06
9.77E-06

-0.014
0.003

7.79E-04
-0.032

0.009
1.11E-02

-0.061
0.024

2.90E-04
0.248

0.068
8.82E-01

-0.022
0.149

4.21E-05
-0.307

0.075
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Table 12. Lead SNPs (p < 10-5) from multi-trait association analysis of fibromyalgia 

(MTAG) versus univariate GWAS of endometriosis (ENDO) and fibromyalgia (meta-

analysis, UK Biobank and FinnGen). EA, effect allele; EAF, effect allele frequency. 
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Figure 14. Regional association plots of SYNE1/6q25.1 (I) and GREB1/2p25.1 (II) loci, 

the top signals identified from the multi trait association analysis (MTAG) of 

fibromyalgia and endometriosis (purple dot). A: Endometriosis MTAG; B: 

Endometriosis meta-analysis; C: Fibromyalgia MTAG; D: Fibromyalgia meta-analysis. 

 

 

I. 

II. 
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4.3.3. Biology of lead signals for fibromyalgia MTAG 

Lead SNPs are located mostly intergenic or intronic. They form distinct clusters 

depending on the heatmap created by FUMA using tissue expression from GTEx 

(v8)73,75. When genes were mapped positionally, several clusters could be observed 

(Figure 15). One cluster represents genes highly expressed everywhere. They 

regulate processes like anchoring the cytoskeleton (MAPRE3, GAS2L1), apoptosis 

(TMEM214), hormone signalling (PREB), post-translational modifications (OST4), 

transcription regulation (EWSR1), translation of mRNAs (PAIP1) and vesicle 

transport (AP1B1)85,120–126. Other highly expressed genes in most of the 54 tissue 

types are RHBDD3, involved in liver development and proteolysis, NNT, important 

for NADPH production, SYNE1, involved in actin skeleton organisation, SMYD2, a 

lysine methylase, AGBL5, a metallocarboxypeptidase and ARL14EP, which controls 

the export of major histocompatibility class II molecules127–132. They are mostly 

located in the cytoplasm and have crucial roles in major cellular processes: 

development, energy production, cytoskeletal regulation and immunity. Another 

interesting cluster involves genes highly expressed in the reproductive tissues: 

cervix, prostate, uterus and vagina. This cluster is formed by the homeobox A family 

of genes (HOXA13, HOXA10, HOXA11), GREB1 and RPRM133–135. The homeobox 

A genes are DNA-binding transcription factors important in development, with 

HOXA11 being involved in uterine development134,136. RPRM is a repressor of the 

mitotic cell cycle133. Lastly, GREB1 is involved in the oestrogen signalling 

pathway135. A third cluster of interest represents genes almost exclusively expressed 

in brain tissues. This cluster includes repressors of cell proliferation (RASL10A and 

CGREF1) and of dendritic growth (DPYSL5)137–139. 
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Figure 15. Heatmap of genes expression for genes of interest in 54 tissue types from 

GTEx v8(56). Lead variants (p < 10-5) from multi trait association analysis were 

mapped positionally to genes by FUMA. Figure was produced from FUMA. 

In Figure 16, genes were mapped based on eQTL evidence, which greatly expanded 

the number of genes being analysed. Similar clusters can be observed as in Figure 

15. At the top of the heatmap, homeobox A genes are clustered within reproductive 

tissues. In the middle, there is the cluster of cells expressed almost exclusively in the 

brain, CGREF1 and DPYSL5. At the bottom of the heatmap lies the cluster of 

ubiquitously expressed genes, with important roles in cell survival, metabolism, 

cytoskeleton structure, transcription and translation, and protein trafficking.  

Gene enrichment analysis, utilising data from the GWAS Catalog, identified brain 

morphology measures as phenotypes that were enriched with 14 target genes that 

were mapped from nominal SNPs associated with fibromyalgia (Figure 17)67. 

Furthermore, genes were enriched in known gene-sets associated with 
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gynaecological conditions such as endometriosis and uterine fibroids which also 

have pain components. 

 

Figure 16. Heatmap of gene expression for genes of interest in 54 tissues from GTEx 

v8(56). Lead variants (p < 10-5) from multi trait association analysis have been mapped 

based on expression quantitative trait loci from BRAINEAC and eQTLGen 

databases(100,101). Figure was produced by FUMA. 
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Top enriched tissues for increased expression of identified target genes were colon 

(padj = 0.009) and bladder (padj = 0.038) (Bonferroni corrected p-value < 0.05) (Figure 

18). 

 

Figure 17. Gene enrichment analysis of GWAS reported genes. The y axis represents 

gene sets with adjusted P-value < 0.05. Figure was produced by FUMA. 
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Figure 18. Differentially expressed gene sets analysis. The gene sets are determined 

by selecting all significant genes, with a Bonferroni corrected p-value < 0.05 and 

absolute log fold change >= 0.58, from a two-sided t test per tissue versus remaining 

tissues. Red bars represent significantly enriched tissues with Bonferroni corrected 

p-values (p < 0.05). Figure was produced by FUMA. 

Shared genome-wide significant loci between fibromyalgia and endometriosis 

The two genome-wide significant loci for fibromyalgia were looked up in the 

endometriosis MTAG results which demonstrated that both rs17082358 intronic to 

SYNE1 and rs13432756 near GREB1 (Figure 14) are shared loci between 

fibromyalgia and endometriosis. The variant, rs17082358, was the top hit in GREB1 

locus in both endometriosis and fibromyalgia. The LD between genome-wide 
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significant lead fibromyalgia variants and genome-wide significant endometriosis 

variants were 0.024 for rs13432756 and rs11674184 in SYNE1 locus, suggesting 

two independent signals in this locus for endometriosis70. 

4.3.4. Biology of shared variants between fibromyalgia and endometriosis 

SYNE1 and GREB1 are two well-established endometriosis loci. GREB1 encodes a 

gene responsible for early response to estrogen signalling in hormone-responsive 

tissues and in cancer135. SYNE1 encodes a modular protein which plays an 

important role in subcellular spatial organization by forming a complex with other 

proteins to connect the nuclear lamina and the cytoskeleton140. The heatmap from 

Figure 14 shows its tissue pattern of expression is ubiquitous, with the highest 

expression levels recorded in the cerebellum and cerebellar hemisphere. GREB1 is 

expressed in low amount in the brain, but highly in reproductive tissues, such as 

ectocervix, endocervix, the fallopian tubes, ovaries, prostate, testis, uterus and 

vagina (Figure 13). According to GWAS Catalog, GREB1 is also associated with 

several reproductive tract-related traits, including uterine fibroids, ovarian cysts, 

testosterone levels, uterine and breast cancer, and even vaginal microbiome 

measurement67. Similarly, SYNE1 is also associated with uterine fibroids and uterine 

cancer140. 

Interestingly, GREB1 has been identified as a predictive gene for fibromyalgia 

identified using differential gene expression between patients with fibromyalgia and 

healthy controls141. SYNE1 has not been studied in the context of fibromyalgia so far. 
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4.4. Discussion 

4.4.1. Genetic correlation 

In this chapter, I have investigated the genetic correlation between fibromyalgia and 

endometriosis and identified novel genetic variants associated with fibromyalgia and 

whether they are shared with endometriosis. I have also touched upon the potential 

shared biology of fibromyalgia and endometriosis. Utilising the largest GWAS meta-

analysis of endometriosis to date (Rahmioglu et al, 2023) and the GWAS meta-

analysis I conducted for fibromyalgia from FinnGen and UK Biobank (see Chapter 

III), they were identified as highly genetically correlated conditions (rg = 0.46)40. This 

is in line with epidemiological evidence showing that these conditions are highly 

comorbid65,117,118,142,143. Both endometriosis and fibromyalgia are complex conditions 

with significant genetic heritability contributing to their risk. Although an exact 

estimate of heritability of fibromyalgia has not been published, a previous twin study 

has shown a strong additive genetic effect (~50%), while another study has shown 

heritability estimates vary with age of diagnosis, being highest in people under 40 

(28%)142,143.  Given this, the significant genetic correlation between the two 

conditions I am highlighting here for the first-time hints to potential shared genetic 

mechanisms. 

4.4.2. Multi trait association analysis 

MTAG is useful in boosting power of detection of associations when conditions are 

highly genetically correlated and has the advantage of running on summary 

statistics119. It makes use of genetically correlated traits to generate trait-specific 

effect estimates for each SNP. False positives can occur if a SNP is truly null for one 

trait but non-null for another. To study this, I investigated mean X2 statistics and 

maxFDR for both traits and compared p-values and effect sizes between the MTAG 
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results for fibromyalgia and the meta-analysis of endometriosis and of fibromyalgia, 

and the univariate GWAS of fibromyalgia from UK Biobank and FinnGen. To identify 

likely false positives, I compared p-values between MTAG and univariate GWAS for 

both traits. Variants with non-significant p-values in the univariate GWAS of 

fibromyalgia, but with very low p-values in the MTAG of fibromyalgia were 

considered likely false positives. The mean Χ2 statistics and maxFDR suggest 

endometriosis meta-analysis is well powered and fibromyalgia MTAG results likely 

have inflated effect sizes and are more likely violating the homogeneous-Ω 

assumption. This suggests MTAG results for fibromyalgia should be interpreted with 

caution and likely contain false positives. Although maxFDR is a method of probing 

whether MTAG effect sizes are inflated and if false positives are likely, replication is 

the best method of assessing whether a SNP is truly associated with the trait 

studied119. 

There were two genome-wide significant associations with fibromyalgia from MTAG 

analysis, namely rs17082358 intronic to SYNE1 on chromosome 6 and rs13432756 

intronic to GREB1 on chromosome 2. rs13432756 is identified as a cis-eQTL in 

blood for PQLC3 (eQTLGen). SYNE1 and GREB1 are both established 

endometriosis genes with important roles in cytoskeletal structure and estrogen 

signalling respectively132,135,144. Given the strength of correlation between 

endometriosis and fibromyalgia, uncovering only two genome-wide significant 

signals is surprising. There are several potential explanations for this finding. Firstly, 

the meta-analysis of fibromyalgia contains two studies that show some 

heterogeneity. The resulting meta-analysis showed very few nominally significant 

hits that could be boosted by MTAG over the threshold of genome-wide significance. 

Secondly, the meta-analysis of fibromyalgia is underpowered compared to the meta-
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analysis of endometriosis. Thirdly, the SNP-heritability of fibromyalgia may be 

overestimated, which can sometimes lead to a very high genetic correlation.  

4.4.3. Biology of variants of interest 

The two genome-wide significant hits are interesting in terms of biology and potential 

link to fibromyalgia. Hormones, especially estrogen, have long been investigated for 

their role in pain modulation and transition from acute to chronic pain. Estrogen’s role 

in pain mechanisms appears to be complex and can either ameliorate pain or lead to 

hyperalgesia145–147. In one study of dysmenorrhea, hormonal contraception was 

found to be slightly protective of comorbidity with fibromyalgia, illustrating a link 

between fibromyalgia and hormone regulation148. However, in a double-blind study of 

17β-oestradiol aimed at reducing pain in postmenopausal women with fibromyalgia, 

they showed no differences between control and treatment group in terms of self-

reported pain, quantitative sensory testing, or cold pressor test results149. Hormonal 

contraception contains progesterone as well as estrogen and according to a study by 

Schertzinger et al. (2018), they showed low progesterone levels were associated 

with increased self-reported pain150. Interestingly, women reported least pain in the 

pressure point test during the luteal phase of the menstrual cycle, where 

progesterone is at its highest, and most pain sensitive in the early follicular phase, 

when progesterone and estrogen are lowest151. 

Next, FUMA identified 22 nominally associated (p < 10-5) fibromyalgia lead SNPs, 

which were mapped to genes either positionally or according to eQTL evidence from 

eQTLGen or BRAINEAC17,73,102. These mapped genes were classified based on 

tissue expression from GTEx v8 into four major clusters: ubiquitous, brain-specific, 

reproductive organ-specific or varied levels of expression throughout visceral 

tissues75. These genes highlight the potential biology relative to fibromyalgia and 
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have varied, integral roles in the cell: from mediating cell survival to metabolism. 

Given they are common variants that affect likely important, non-redundant genes, 

their effect sizes were small (beta < 0.1), pointing to the low burden, common variant 

hypothesis in complex diseases. Moreover, their effects are likely pleiotropic 

between fibromyalgia and endometriosis, with the p-values of the SNPs showing at 

least nominal genome-wide significance in both the meta-analysis of endometriosis 

and fibromyalgia. 

Although many lead SNPs are eQTLs in the blood and brain, a recent study has 

shown that there are important differences between GWAS hits and eQTLs152. The 

authors have shown GWAS hits are near genes with key functional annotations, 

such as transcription factors, and are under strong selective constraint. On the other 

hand, eQTLs tend to localise near promoters of genes without key functions. 

Moreover, the impact of a variant on a gene may be limited to specific conditions, 

such as developmental stage, environmental triggers, or in specific cell types. 

Inferring gene impact from eQTLs is a popular method, however some GWAS hits 

are not eQTLs. This is the case with one of the genome-wide significant variants 

from fibromyalgia MTAG results (rs17082358 from SYNE1 locus). This may also be 

explained by eQTL maps being underpowered to detect associations in disease-

relevant tissues to fibromyalgia. Alternatively, the positional evidence we have 

illustrates SYNE1 or some other near-by genes (e.g. ESR1) as the likely target 

genes which are highly expressed in neuronal and neuroendocrine cells, immune 

cells and epithelial cells. Unlike in the previous study, the lead SNPs are eQTLs 

which impact many genes with key functional roles.  

Differential expression of gene sets analysis showed bowel and bladder as being 

enriched in the genes of interest. A potential explanation for this is many patients 
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with either endometriosis or fibromyalgia have other chronic pain conditions, such as 

irritable bowel syndrome or bladder pain syndrome62. Therefore, it is possible these 

genes are part of a common network of pain genes that affect many different tissue 

types and result in comorbidities. 

4.4.4. Conclusions 

In this chapter, the genetic correlation and shared genetic basis of fibromyalgia and 

endometriosis was explored. Fibromyalgia and endometriosis were shown to be 

strongly genetically correlated, as predicted by their high comorbidity, but given 

limitations from our meta-analysis, this may be an artefact. Compared to the 

previous chapter, where a meta-analysis of fibromyalgia has shown no genome-wide 

significant hits, here I identified two genome-wide significant SNPs, within SYNE1 

and GREB1, respectively, which have been associated previously with 

endometriosis. I identified 22 lead SNPs, which were eQTLs in both blood and brain. 

The mapped genes are widely expressed in many tissues, and many have key 

functional roles. 

Chapter V. Discussion and Conclusions 

5.1. Discussion 

5.1.1. Key findings 

The aim of my thesis is to study the genetic basis of fibromyalgia, generally 

considered a primary pain condition, and its potential shared genetic basis with, 

endometriosis, a secondary pain condition. COPCs are a group of primary and 

secondary pain conditions recognised as important research topics due to their high 

rate of comorbidity and prevalence in society, which includes fibromyalgia and 

endometriosis61,62,153. These two conditions have not been extensively studied 
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together, are often comorbid, and have a strong heritable component (see Section 

1.1)25,50,65,66. Moreover, fibromyalgia has not had a large GWAS performed 

previously, therefore making it an interesting candidate for analysis. 

In the second chapter, I conducted a systematic review of the literature on primary 

pain conditions GWAS. There were several variants with likely pleiotropic effects in 

different primary pain conditions: dysmenorrhea, multisite chronic pain, migraine, 

and chronic headaches. The most likely candidate for future studies is rs7523086, 

intronic to NGF gene. It is associated with endometriosis, migraine, and 

dysmenorrhea and NGF was shown to play a role in inflammation and endometriosis 

associated pain. Its role in the adult central nervous system is an open question, 

however it is important in the development of sensory neurons. Other pain 

vulnerability genes discussed were ASTN2 and LRP1. The latter is known to be 

involved in neuropathic pain and mediates an inflammatory environment in 

endometriosis. By contrast, the role of ASTN2 in chronic pain is not presently known 

and therefore, requires further investigation. This systematic review of primary pain 

conditions GWAS had therefore linked variant rs7523086 and genes NGF, ASTN2 

and LRP1 to multiple pain conditions, strengthening the evidence of association with 

pain, rather than another pathophysiological mechanism of the conditions.  

GWAS reveal a wealth of information about the genetic landscape of chronic pain 

conditions. However, in the case of fibromyalgia, the only published GWAS identified 

was underpowered and did not find any genome-wide associations. Therefore, in 

Chapter III, I investigated the genetics of fibromyalgia in UK Biobank, investigating in 

depth the results from different case definitions and their differences in genetic 

associations between definitions, and conducted a meta-analysis with publicly 

available summary statistics of fibromyalgia from FinnGen.  
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I first aggregated the case definitions of fibromyalgia in order to investigate sex-

specific signals and identified different male and female nominal genetic associations 

with fibromyalgia. Sensitivity analyses revealed genetic heterogeneity between 

clinical records of fibromyalgia from primary and secondary care, and self-reported 

cohorts. These differences were further investigated by looking at different 

population characteristics, such as age, female:male ratio, BMI, ethnicity, a 

subjective rating of overall health or educational attainment. The ICD cohort reported 

significantly worse overall health than primary care cohort, prompting the hypothesis 

that secondary care cases included more severe disease. 

The true cause of genetic heterogeneity between different case definitions is not 

known. Alternative hypotheses for this discovery are that these are false positives 

uncovered by chance; the case definitions represent different musculoskeletal 

conditions; or they are true fibromyalgia cases, but at different points on a 

fibromyalgia severity scale.  

Different methods of conducting GWAS were also compared as part of my thesis. In 

summary, SAIGE and REGENIE tools showed consistent and less inflated effect 

sizes than BOLT-LMM due to their underlying algorithms. REGENIE was 

computationally faster and easier to use and was the GWAS method of choice for 

the present analyses.  

Meta-analysis of fibromyalgia GWAS was performed with the ICD-code identified 

cases from UK Biobank and FinnGen cohorts. One nominal association was 

discovered on chromosome 7, rs34323745, located in GPNMB locus (p = 7.269 x 10-

8).  
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In Chapter IV, I showed that endometriosis and fibromyalgia are genetically 

correlated. Unfortunately, the boost in power conferred by MTAG with endometriosis 

did not add more evidence of association for the top SNP from the meta-analysis. 

Two genome-wide hits were identified with MTAG for fibromyalgia, rs17082358, an 

intronic SNP within SYNE1 gene on chromosome 6 (p = 1.49 x 10-11) and 

rs13432756, an intronic SNP within GREB1 gene on chromosome 2 (p = 6.39 x 10-

9). Only GREB1 was previously associated with fibromyalgia, although the 

mechanism of this finding was not explored, neither was this finding replicated 

before141. These variants, together with the nominally associated variants, point to a 

shared network of genes involved in the pathologies of endometriosis and 

fibromyalgia involving hormonal regulation. They map to genes which show either 

ubiquitous or tissue-specific expression. Ubiquitously expressed genes also have 

key roles in the cell, such as in maintaining the structure of the cytoskeleton, vesicle 

transport, transcription, and translation, etc. Tissue-specific clusters of genes form 

around increased brain or reproductive organs expression.  

In Chapter I, I identified NGF, ASTN2 and LRP1 as potential pain susceptibility 

genes, with important roles in peripheral and central nervous system with NGF being 

associated with migraines and dysmenorrhea. In Chapter IV, I could not identify any 

variants in these genes that are associated with fibromyalgia from the MTAG results. 

However, I identified SYNE1 and GREB1 as shared loci associated with fibromyalgia 

and endometriosis. Both NGF and SYNE1 have been shown to contribute to a pro-

inflammatory environment in the pelvis. Some ovarian cancer patients have a higher 

burden of mutations in this gene which may contribute to a pro-inflammatory 

response140. Similarly, NGF signalling can promote inflammation in endometriosis-

associated pain59. GREB1 codes an early response protein in estrogen signalling 
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and is potentially associated with fibromyalgia, a finding which needs to be 

replicated141. In summary, NGF, GREB1 and SYNE1 are potentially important in 

peripheral physiology of endometriosis, and the latter two, in fibromyalgia as well. 

SYNE1 is also highly expressed in the brain, suggesting a central mechanism of pain 

modulation as well as peripheral. 

5.1.2. Limitations 

One limitation of this study is that when we talk about endometriosis, there is no 

information on the pain status of the patients. Therefore, when we are analysing 

fibromyalgia and endometriosis together, we are not distinguishing between those 

with pain and those without, therefore missing potential important differences. It is 

important for genetic discovery of genes underlying pain susceptibility to categorise 

patients based on pain status. 

Limitations of working with UK Biobank data are the unknown completeness and 

coverage of the primary care and hospital in-patient data. Fibromyalgia numbers are 

therefore likely an underestimate. Prevalence of fibromyalgia in UK Biobank is 

around 1%, whereas in the general population it is estimated to be in the range of 2-

6%. Males are specifically underdiagnosed with fibromyalgia and true male:female 

fibromyalgia ratios are closer to 1:147.  

Another limitation is the heterogeneity between UK Biobank and FinnGen GWAS, 

even when limiting the analysis to the ICD cohort. The source of the heterogeneity is 

not known, and the meta-analysis results should be interpreted with caution. 

A limitation of MTAG analysis is that it assumes that non-null SNPs for one trait are 

also not null for the other trait. SNPs where this assumption is violated could be false 

positives. Indeed, I identified a few potential false positive associations, which were 
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nominal MTAG SNPs where the p-value of association is very low in endometriosis, 

but non-significant in fibromyalgia. The best method to confirm these findings is 

through replication studies, ideally in a bigger cohort. 

5.1.3. Future work 

The pain questionnaire in UK Biobank contains questions from the ACR 1990. This 

is another source of potential fibromyalgia cases in UK Biobank, with the caveat that 

the questions pertain to symptoms in the last three months, and there is no clinical 

evidence on a case-by-case basis that could corroborate the results. However, due 

to time constraints, I focused solely on direct evidence of fibromyalgia. This was 

obtained either by asking if a doctor has told the participant they have a long-term 

illness, if they’ve ever been diagnosed with this condition, or whether there is a 

medical record of a diagnosis. An important conclusion of this work is that 

fibromyalgia in UK Biobank is highly heterogenous between the different diagnostic 

groups and when compared to other fibromyalgia GWAS. If future studies will use 

fibromyalgia data from UK Biobank, this caveat should be considered, and any 

conclusions should be interpreted with caution. 

A hypothesis for the observed genetic heterogeneity is that either hospital or primary 

care cases are more severe. This could be further assessed by studying the overlap 

between the different case definitions and other chronic pain conditions. A higher 

burden of chronic pain conditions could be indicative of more severe cases. 

Primary care data is an important source of cases in UK Biobank. Although there are 

genetic differences between primary care and secondary care cases, they should not 

be discounted as they likely represent real cases. An interesting point of comparison 

would be looking at FinnGen hospital versus primary care genetic heterogeneity. The 
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population size is comparable and the access to patient records is more 

comprehensive than in UK Biobank. Other biobanks, such as Estonian Biobank, 

would also serve as a useful comparison and future work could look at a meta-

analysis between Estonian Biobank, FinnGen and UK Biobank.  

What is evident from Chapters III and IV is the need for larger fibromyalgia cohorts 

with better phenotype information that can be used to design well powered GWAS. 

Current cohort sizes in both UK Biobank and FinnGen are small, and this has 

impacted the power of discovery of genetic associations. What this study has shown 

is that fibromyalgia may be a more heterogeneous condition than thought and this 

has had an impact on the GWAS and meta-analysis conducted here. 

Future analysis could also focus on replicating and putting the results of MTAG into a 

biological context. This could be accomplished with different methods. It was 

previously shown that GWAS hits often do not overlap eQTLs, therefore, different 

annotation resources could involve studying overlap with methylation sites or known 

enhancers. More experiments that cover different developmental stages, cell types 

and different environmental factors could improve detection of eQTLs. In my 

analysis, many nominal associations are eQTLs in a plethora of tissues relevant to 

endometriosis and fibromyalgia, such as brain, skeletal muscle, blood and 

reproductive organs, however, this not the case for one of the top GWAS hits. 

Another idea is to investigate whether the GWAS hits from MTAG are also genome-

wide significant in the image-derived phenotypes GWAS from 40,000 participants of 

UK Biobank154. Focusing on areas with gray matter alterations would narrow the 

focus of the search. These have been studied extensively and examples include 

bilateral medial frontal gyri, bilateral superior frontal gyri, right pre- and post-central 

gyri (including the S1 and primary motor cortex), bilateral insula (anterior), right 
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cingulate cortex (dorsal posterior cingulate cortex), basal ganglia, thalamus, and 

periaqueductal gray15. Next, Mendelian Randomisation could be utilized in patients 

with overlapping endometriosis and fibromyalgia to determine whether variants 

associated with either one is causal to the other condition39.  

In addition to endometriosis and fibromyalgia, there are other comorbid chronic pain 

conditions which could share genetic risk factors. Some COPCs are well represented 

in UK Biobank, such as irritable bowel syndrome, migraine, low back pain, chronic 

tension type headaches and temporomandibular joint disorder. Other comorbidities 

of interest are bladder pain syndrome and vulvodynia, however case numbers in UK 

Biobank are too small for a sufficiently powered GWAS (<500 cases). Other cohorts 

should be considered for genetic analysis of these conditions. Multi-trait analysis of 

all COPCs would be a great source of discovery of common genes involved in 

mechanisms of nociplastic pain. This analysis could also reveal whether genetic 

heterogeneity between different case definitions applies to other chronic pain 

conditions. 

5.2. Conclusions 

There is genetic overlap between endometriosis and fibromyalgia, in the SYNE1 and 

GREB1 loci. These conditions are often comorbid and patients with both could 

benefit from pain treatments that consider all the dimensions of their pain. Lastly, 

fibromyalgia in UK Biobank was shown here to be highly heterogeneous and this 

should be taken into account in further studies. 
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