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Abstract
The pharmacological management of musculoskeletal pain starts with NSAIDs, followed by weak or
strong opioids until the pain is under control. However, the treatment outcome is usually unsatisfying due
to inter-individual differences. To investigate the genetic component of treatment outcome differences,
we performed a genome-wide association study (GWAS) in ~ 23 000 participants with musculoskeletal
pain from the UK Biobank. NSAID vs. opioid users was compared as a reflection of the treatment
outcome of NSAIDs. We identified one genome-wide significant hit in chromosome 4 (rs549224715, P = 
3.88×10− 8). Suggestive significant (P < 1×10 − 6) loci were mapped to 28 target genes, including eight
genes linked to neuropathic pain processes or musculoskeletal development. Pathway and network
analyses identified immunity-related processes and a (putative) central role of EGFR. However, this study
lacked power and should be viewed as a first step to elucidate the genetic background of musculoskeletal
pain treatment.

1. Introduction
Chronic musculoskeletal pain is one of the most frequent causes of suffering and disability 1. The nature
of musculoskeletal pain can be nociceptive or neuropathic, for which the corresponding pain
management differs. The treatment of nociceptive musculoskeletal pain follows the WHO three-step
analgesic ladder 2: the first treatment step is non-opioid analgesics, such as non-steroidal anti-
inflammatory drugs (NSAIDs); the second step is weak opioids for mild to moderate pain, such as
tramadol; the third step is strong opioids for moderate to severe pain, such as morphine.

Unfortunately, effective pain management is challenged by inter-individual differences, with unsatisfied
pain treatment rates ranging from 34 to 79% 3. The underlying factors of ineffective pain treatment are
multifactorial, including demographic characteristics (age, sex, socioeconomic status) 4, 5, lifestyle
(smoking and alcohol intake) 6, comorbidities (psychological status) 7, and genetic factors. The genetic
background of pain treatment outcomes has been investigated using candidate gene approaches. Some
drug-metabolizing genes are associated with treatment outcomes for specific drugs, e.g., CYP2D6 and
codeine 8. In addition, genes implicated in pain (sensitivity) may contribute to pain treatment outcomes
because greater pain sensitivity is associated with increased opioid use 9 and poorer chronic pain
treatment outcomes 10.

However, none of these findings predict pain treatment outcomes sufficiently to optimize pain treatment
in a clinical setting. Furthermore, these studies are limited by small gene panel and sample size and
report contradictory results 11. The most investigated genetic variant is the 118A to G basepair change in
the OPRM1 gene. Genetic variants in OPRM1 are thought to influence the opioid response by altering the
µ-opioid receptor binding affinity of exogenous opioid ligands, such as morphine 12. The G allele was
associated with higher opioid dosing 13, 14 but shown to be protective against pain in other studies 15, 16.
Therefore, definitive conclusions on these genetic associations cannot be drawn yet, and a non-
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hypothesis driven approach in a large population is needed. Except for several recent, successful large-
scale GWASs of chronic pain phenotypes 17–19, the number of GWASs focusing on pain treatment
outcomes is still limited. Moreover, the most frequently used phenotype in GWASs investigating pain
treatment is the response to certain drugs for acute pain (e.g., analgesic requirement or pain relief score
after surgery 20, 21), but long-term pain treatment outcomes are less investigated.

This study sought to identify genetic variants associated with long-term pain treatment outcomes in
people with musculoskeletal pain from the UK Biobank. A GWAS was performed including subjects
treated according to the WHO analgesic ladders, and comparisons were made between NSAID and opioid
users as a reflection of pain treatment outcomes.

2. Method
We conducted a GWAS comparing NSAID users and opioid users using data from the UK Biobank, and
post-GWAS analyses were performed for suggestively significant (P < 1×10− 6) signals.

2.1 Study population
The UK Biobank is a general population cohort with over 0.5 million participants aged 40–69 recruited
across the United Kingdom (UK) 22. Recently released primary care (general practitioners, 'GPs') data
provides longitudinal structured diagnosis and prescription data, which were used for phenotype
definition. UK Biobank obtained informed consent from all participants.

2.2 Phenotype definition
To define the pain treatment outcome, we first extracted all musculoskeletal pain patients with pain
prescriptions (NSAIDs and opioids) from the GP data (see Supplementary data 1 and 2 for diagnosis and
prescriptions codes included in this study). Only participants with a musculoskeletal pain diagnosis
record and a pain prescription record occurring on the same date were included for analysis to ensure
that the prescriptions are indeed for musculoskeletal pain treatment.

Pain treatment outcomes were defined as a dichotomous score (case/control): NSAID users were defined
as controls and opioid users as cases. Opioid users were analyzed as a whole because the strong opioid
user group is small (n = 365) and assuming mechanistic similarities between weak and strong opioids.
Participants who did not meet the following two quality control (QC) steps were removed. First,
participants with only one treatment event were removed to safeguard the inclusion of only participants
with relatively long-term treatment. Second, a chronological check was applied for the first prescription of
each ladder to ensure that the treatment ladder was correctly followed, i.e., opioids followed initial NSAID
use. As the GP data is longitudinal, by using this definition, we could distinguish between patients who
stay at NSAID treatment and who go to the next level of the analgesic ladder. The following text will refer
to this phenotype as pain treatment outcomes.

2.3 Genome-wide association study
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A GWAS was conducted using binary phenotypes, i.e., NSAID users (controls) versus opioid users (cases).
For markers on the autosomal chromosomes and PAR region of the X chromosome, GWAS on pain
treatment outcomes was conducted using a linear function in GCTA 23, adjusting for age, sex, BMI,
depression history, smoking status, drinking frequency, assessment center, genotyping array, and the first
ten principal components (PCs). Markers on the non-PAR region of the X chromosome were analyzed by a
sex-stratified analysis in the XWAS 24. A p-value less than 5 × 10− 8 was considered genome-wide
significant, and P-values between 1 × 10− 6 and 5 × 10− 8 were defined as suggestively significant. Details
on genotyping and quality control methods, covariates definition, and heritability/power calculation can
be found in supplementary materials.

To examine the nature of pain between groups, all NMP diagnosis codes were grouped into one of the
following categories: inflammatory, mechanical, and mechanism not specified. The percentage of
subjects in each diagnosis category was compared by a χ² test.

Besides the binary case/control analysis, three additional analyses were performed: a GWAS using an
ordinal outcome (NSAID, weak opioid, and strong opioid users), a subtype GWAS focusing on
inflammatory pain, and a GWAS with a less stringent phenotype definition for validation purposes.
Details on these analyses can be found in the supplementary materials.

2.4 Functional annotation

2.4.1 Bayesian fine-mapping of lead loci
Lead SNPs were analyzed using Bayesian fine-mapping in PAINTOR 25 to identify the most likely causal
SNPs in each locus. PAINTOR calculates the posterior probability (PP) of causality for SNPs in each
genomic region by leveraging the strength of association (Z score) and the LD pattern. The 1000
Genomes (Phase 3) were used for LD matrix calculation. The calculated PP for each SNP was sorted
from high to low, and variants together reaching a PP of 0.95 were used to define 95% credible sets.

2.4.2 Functional annotation of SNPs present in the 95%
credible sets
SNPs in the 95% credible sets were annotated for regulatory functions in HaploReg v4.1 26. The analyzed
regulatory functions were (1) the presence of exonic, nonsynonymous variants in high LD (r2 ≥ 0.8), (2)
overlap with epigenetic histone marks of active enhancers (H3K4me1 and H3K27ac) and active
promoters (H3K4me3 and H3K9ac), and (3) the sensitivity to DNase. As histone marker overlap is tissue-
specific, relevant cell lines were selected from the complete data set (see Table S1). Besides regulatory
functions, potential pleiotropy effects (previously reported associations with other phenotypes) of the
variants were investigated in Haploreg. For SNPs not available in Haploreg, proxy SNPs were obtained by
LD proxy (https://ldlink.nci.nih.gov/). For loci containing more than ten likely causal variants, only the
lead SNP and SNPs with the maximum posterior probability (PPmax) of the SNPs in one locus were
annotated.
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2.5 Gene mapping
To map suggestively significant (P-value < 1 × 10− 6) GWAS SNPs and SNPs in LD (LD > 0.6) with them to
genes, three strategies were adopted in FUMA: positional mapping, expression quantitative trait loci
(eQTL) mapping, and chromatin interaction mapping. For the positional mapping, SNPs were mapped to
known protein-coding genes based on physical distance (within a 10 kb window). For eQTL mapping,
SNPs were mapped to genes up to 1 Mb away based on known cis-eQTLs. As gene expression is tissue-
specific, we selected the following tissues for mapping: brain, muscle, kidney, liver, nerve, skin, and
fibroblast. Significant eQTLs were defined as eQTLs with a false discovery rate (FDR) < 0.05. Finally,
chromatin interactions were assessed. Chromatin interaction can occur in two genomic regions that are
spatially close when DNA folds together, even if the genomic regions are at a long-range physical
distance. Genes in regions of chromatin interaction containing candidate SNPs were assessed in the
same tissues as the eQTL mapping. An FDR < 1 × 10− 6 was defined as a significant interaction.

2.6 Post-GWAS analysis
We conducted the following post-GWAS analysis: pathway enrichment analysis and genetic correlation
analysis (for details see supplementary materials).

3. Results

3.1 GWAS
After quality control, we identified 12 726 NSAID users (control) and 11 089 opioid users (cases) in the UK
Biobank dataset. Table 1 summarizes the demographics of the cases and controls, and all tested
covariates were found to be significantly different (P < 0.0001).

There were 9 435 994 SNPs available for GWAS analysis after quality control. The genomic control value
(lambda) was 1.008. One intergenic locus located at chr4 reached genome-wide significance, in which the
most significant SNP was rs549224715 (P = 3.92 × 10− 8) (Fig. 1, Table 2). Seven loci surpassed the
suggestive P-value threshold (P < 1 × 10− 6), and no other independent SNPs (SNPs remaining significant
after conditioning on lead SNPs in the locus) were identified in each locus. The SNP heritability was 0.16
(P-value = 0.16). A GWAS was conducted using ordinal phenotypes (NSAID, weak opioid, and strong
opioid users), and the results were consistent with the GWAS using binary outcomes (Figure S1).

We conducted a subtype GWAS in patients with inflammatory pain to investigate if a more homogeneous
phenotype would yield additional signals and a secondary GWAS with less strict criteria for diagnosis
definition to validate our results (see supplementary materials). However, we did not find any genome-
wide significant loci or overlapped suggestively significant loci with the GWAS using binary outcomes as
described in detail above (Figure S2, Figure S3, Table S7, Table S8).

3.2 Functional annotation
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3.2.1 Statistical fine-mapping of loci and functional
annotation of SNPs
As GWAS signals can caused by SNPs in linkage disequilibrium with the likely causal SNPs, we
calculated the posterior probability for variants in each genomic locus and created 95% credible sets (see
methods). In five out of eight loci, the lead SNPs in the locus had the maximum PP (PPmax) (Figure S4).

Since all variants in the 95% credible sets were in non-coding regions, the regulatory effects of these
variants were investigated by examining overlap with epigenomic markers of active enhancers or
promoters in Haploreg. The results suggested that most genetic variants were potentially involved in
transcriptional regulatory modulation (Figure S4).

We assessed whether the SNPs in the 95% credible sets were previously reported to be associated with
other traits. However, no pleiotropic effects were identified.

3.2.2 Gene mapping
After mapping GWAS candidate SNPs (SNPs that are in LD (r2 > 0.6) of any independent significant
SNPs) to genes, a total of 28 unique mapped genes were identified (Table 3). Five genes were mapped by
genomic location, nine genes were identified by cis-eQTL mapping, 18 genes were annotated as SNPs in
regions where 3D chromatin interactions occurred, and four genes were identified by at least two
mapping strategies.

3.3 Pathway enrichment
Pathway enrichment analysis in IPA prioritized 15 significant pathways with an FDR < 0.05, in which the
top prioritized pathways were mainly implicated in the immunological response. (Table S3).

The network analysis yielded a total of 25 prioritized networks. The top network contained 33 genes with
the EGFR protein in the center. EGFR remained in the center after merging the five networks with the
lowest P-value (Table S4, Figure S5).

3.4 Genetic correlation with other traits
The genetic correlation analysis did not yield significant correlations (Bonferroni corrected P-value < 8.39
× 10− 5). The top correlated trait was overall health rating (rg = 0.5316, P = 0.0087), followed by years of
schooling 27 (rg = -0.5431, P = 0.0102) (Table S5). However, among the nominally significant correlations
(P < 0.05), we found an overrepresentation of pain and socioeconomic status traits compared to the other
traits (43.48% vs. 8.55%, P = 3.35 × 10− 12, Table S6).

4. Discussion
To our knowledge, this is the first GWAS reporting on long-term pain treatment outcomes. We identified
one genome-wide significant hit and seven loci with suggestive significance. Although pain or pain
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treatment is characterized by sex differences, i.e., females are more vulnerable to pain and opioid use 5,
no significant signals were found on the X chromosome. The functional link between the genome-wide
significant SNP (rs549224715) on chr4p11 and pain treatment outcome remains unclear. The nearest
gene, CWH43, is associated with Seckel Syndrome, characterized by growth delays before birth. Another
gene, TXK, was mapped by eQTL to this SNP and played a role in regulating the adaptive immune
response 28. Therefore, this association is worth further validation and investigation.

This study is the first to report the narrow-sense heritability of the NSAID treatment outcome. Our study
indicates that NSAID treatment outcome has a moderate heritability, although the P-value is insignificant.
The insignificant P-value could be due to the lack of power of GWAS results. Since there are no
comparable previous results, we examined whether the heritability is in line with the heritability of
response to opioid analgesics or chronic pain. The heritability in our study is in agreement with the
heritability of opioid response (60% in cold pressor induced pain and 12% in heat pressor) in a twin study
29 and chronic pain (0.08 to 0.31) 7. One possible reason for the low heritability is that the narrow-sense
heritability only captures the additive genetic components of common variants without the contributions
of non-additive effects, rare variants, and structural variants. Another reason could be that pain treatment
outcome is a highly complex phenotype with other contributing factors such as employment status and
psychological factors 30.

Most variants in the 95% credible sets showed potential transcription regulatory functions, which aligns
with research indicating that epigenetic changes are involved in chronic pain 31 and pain treatment 32.
Some preliminary published results indicate that epigenetic restructuring can happen in response to
opioid analgesic use. For instance, hypermethylation in both the promoter region of a candidate gene
(OPRM1) and global DNA methylation was observed after opioid use 33, 34.

In total, we pinpointed 28 genes that linked to the identified SNPs based on physical, eQTL, and
chromatin interaction mapping. Four identified genes are prioritized as these are involved in neuropathic
pain. NPTX2 was identified by both eQTL mapping and gene-based analysis with the lowest P-value (2.71
× 10− 5) (Table S2). This gene encodes a member of the neuronal pentraxins family, which are involved in
excitatory synapse formation. NPTX2 is thought to play a role in anxiety 35 and is downregulated in the
brain in induced chronic neuropathic pain 36 and induced endometriosis 37 mouse models. The other
three genes are involved in: spinal sensitization and neuropathic pain states after peripheral nerve injury
38, 39 (THBS4); synaptic plasticity associated with chronic inflammatory pain 40 and neuropathic pain
processing after nerve injury 41 (HOMER1); nerve injury-induced membrane receptor trafficking in dorsal
root ganglions in neuropathic pain conditions 42 (IPCEF1). In addition, we identified four genes linked to
muscular or skeletal dystrophy: CMYA5, SGCB, TMEM130, and FN1. These genes are of interest as
musculoskeletal dystrophy is characterized by pain.

In addition, no candidate genes were implicated in the metabolism and working mechanisms of NSAIDs,
which could indicate that participants are more likely to use opioids because of pain or disease
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progression. However, our results do not exclude the role of those genes in pain treatment outcomes. One
reason is that the subcategories in NSAIDs, such as non-selective NSAIDs and selective COX-2 inhibitors,
were analyzed as a whole, which may dilute their effect on the pain treatment outcomes difference.
However, stratified analyses per drug were impossible as the groups would become too small to obtain
sufficient power. No variants involved in opioid processing were identified in line with our expectation
because our phenotype is a proxy for NSAIDs treatment outcome. The other possible reason is that rare
variants in drug-metabolizing genes can contribute significantly to treatment response differences 43. Our
study had 80% power to identify SNPs with a risk allele frequency of 5% and genotypic relative risk of
1.135, but we lack the power to detect variants with lower frequencies or smaller effect sizes. Therefore, it
would be interesting to investigate the effect of rare variants in a larger sample with a Next-Generation
Sequencing-based method.

Although no correlations with pain treatment outcomes remained significant after Bonferroni correction,
the enrichment of top correlations with nominal significance was perhaps expected. The
overrepresentation of pain phenotypes indicates that opioid users tend to have more chronic and severe
pain conditions 44. The correlations between pain treatment outcomes and education/occupation also
matched reports that people carrying out strenuous occupations (jobs involving heavy manual or
physical work) are more likely to report pain 18, 45. Our study indicates that people with strenuous
occupations are more likely to require analgesics at a higher step on the analgesic ladder.

The pathway enrichment and network analysis should be interpreted carefully as the input consisted of
nominally significant genes from the GWAS analysis. Top prioritized pathways were mainly implicated in
immunity-related processes. One of the identified pathways was retinoic acid-mediated apoptosis
signaling. Studies on the link between this pathway and pain are inconsistent. Retinoic acid (RA)
administration can reduce chemotherapy-induced neuropathy 46 or inhibit prostaglandin synthesis in
astrocytes 47, an important mediator of inflammation and pain signaling. In contrast, topical application
of RA can induce retinoid-elicited irritation 48. The network analysis emphasizes the role of EGFR (a
member of the ErbB family of receptors) in pain treatment outcomes. Some links between EGFR and pain
can be found in the literature. For instance, EGFR inhibition can block inflammatory chronic pain
progression in preclinical studies 49 and relieve neuropathic pain in clinical settings 50, suggesting that
the role of EGFR in pain treatment outcomes is worth further investigating.

Our subtype GWAS focusing on inflammatory pain did not identify genes linked to inflammation, nor did
it strengthen the associations found in our primary GWAS. This could be explained by the loss of power
due to the decreased sample size, and it could also indicate that inflammatory factors may not be a
predictor of the severity of NMP 51. The secondary analysis aimed to validate the GWAS findings in a
more heterogeneous group. However, we could not replicate our findings. Unfortunately, replicating the
results in other independent cohorts is difficult due to the limited number of publicly available large-scale
data similar to UK Biobank and the lack of cohorts measuring long-term pain treatment outcomes.
However, it is still worth exploring the genetic background of pain treatment outcomes in a large cohort
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with a specific pain treatment outcomes definition, such as the ongoing Pain Predict Genetics cohort in
our center (NCT02383342).

By utilizing a derived phenotype in the UKB, a large sample size with long-term pain treatment outcomes
to NSAIDs was available for analysis. However, it is difficult to validate this derived phenotype and assess
pain chronicity because of a lack of appropriate diagnosis codes for pain in the current International
Classification of Diseases (ICD). Despite the limitations in phenotype definition, the group characteristics
are similar to previous publications, with a roughly even share of NSAID users and opioid users in the
population 52, and the reported risk factors for using opioids are also in line with previous literature 44, 52.

In conclusion, we identified one locus achieving genome-wide significance for a derived pain treatment
outcome phenotype. Some identified genes could be linked to neuropathic pain and musculoskeletal
development. However, this study should be viewed as an initial stepping stone for future research.

Declarations

Acknowledge
The authors thank Ward De Witte for assistance with data analysis. This research has been conducted
using the UK Biobank Resource under Application Number 52524. The authors are grateful to the UK
Biobank participants for making such research possible. Funding information

S.L. was supported by China Scholarship Council (CSC) Grant number 201908130179. This work was
carried out on the Dutch national e-infrastructure with the support of SURF Cooperative. This work is part
of the research programme Computing Time National Computing Facilities Processing Round pilots 2018
with project number 17666, which is (partly) financed by the Dutch Research Council (NWO).

Data availability
Summary statistics of the primary analysis are available at DANS archive
(https://doi.org/10.17026/dans-xns-un6c).

Gene mapping results are available at FUMA (https://fuma.ctglab.nl/browse/378).

Author contributions
Song Li analyzed the data and prepared the manuscript. Geert Poelmans contributed to the pathway and
network analysis and revised the manuscript. Regina L.M. van Boekel contributed to the phenotype
definition and revised the manuscript. Marieke J.H. Coenen conceptualized the study, supervised the
overall project and revised the manusrcript. All authors approved the final version of the manuscript.



Page 10/14

Conflicts of interest disclosures
The authors declare that they have no conflicts of interest.

References
1. Ehrlich GE. Back pain. J Rheumatol Suppl 2003; 67: 26-31.

2. El-Tallawy SN, Nalamasu R, Salem GI, LeQuang JAK, Pergolizzi JV, Christo PJ. Management of
Musculoskeletal Pain: An Update with Emphasis on Chronic Musculoskeletal Pain. Pain Ther 2021;
10(1): 181-209.

3. Bekkering GE, Bala MM, Reid K, Kellen E, Harker J, Riemsma R, et al. Epidemiology of chronic pain
and its treatment in The Netherlands. Neth J Med 2011; 69(3): 141-153.

4. Green CR, Ndao-Brumblay SK, Nagrant AM, Baker TA, Rothman E. Race, age, and gender influences
among clusters of African American and white patients with chronic pain. J Pain 2004; 5(3): 171-
182.

5. Bartley EJ, Fillingim RB. Sex differences in pain: a brief review of clinical and experimental findings.
Br J Anaesth 2013; 111(1): 52-58.

6. Ekholm O, Grønbaek M, Peuckmann V, Sjøgren P. Alcohol and smoking behavior in chronic pain
patients: the role of opioids. Eur J Pain 2009; 13(6): 606-612.

7. Meng W, Adams MJ, Reel P, Rajendrakumar A, Huang Y, Deary IJ, et al. Genetic correlations between
pain phenotypes and depression and neuroticism. Eur J Hum Genet 2020; 28(3): 358-366.

8. Crews KR, Monte AA, Huddart R, Caudle KE, Kharasch ED, Gaedigk A, et al. Clinical Pharmacogenetics
Implementation Consortium Guideline for CYP2D6, OPRM1, and COMT Genotypes and Select Opioid
Therapy. Clin Pharmacol Ther 2021.

9. Samuelsen PJ, Nielsen CS, Wilsgaard T, Stubhaug A, Svendsen K, Eggen AE. Pain sensitivity and
analgesic use among 10,486 adults: the Tromsø study. BMC Pharmacol Toxicol 2017; 18(1): 45.

10. Edwards RR, Doleys DM, Lowery D, Fillingim RB. Pain tolerance as a predictor of outcome following
multidisciplinary treatment for chronic pain: differential effects as a function of sex. Pain 2003;
106(3): 419-426.

11. Cornett EM, Carroll Turpin MA, Pinner A, Thakur P, Sekaran TSG, Siddaiah H, et al.
Pharmacogenomics of Pain Management: The Impact of Specific Biological Polymorphisms on
Drugs and Metabolism. Curr Oncol Rep 2020; 22(2): 18.

12. Kroslak T, Laforge KS, Gianotti RJ, Ho A, Nielsen DA, Kreek MJ. The single nucleotide polymorphism
A118G alters functional properties of the human mu opioid receptor. J Neurochem 2007; 103(1): 77-
87.

13. Reyes-Gibby CC, Shete S, Rakvåg T, Bhat SV, Skorpen F, Bruera E, et al. Exploring joint effects of
genes and the clinical efficacy of morphine for cancer pain: OPRM1 and COMT gene. Pain 2007;
130(1-2): 25-30.



Page 11/14

14. Klepstad P, Rakvåg TT, Kaasa S, Holthe M, Dale O, Borchgrevink PC, et al. The 118 A > G
polymorphism in the human mu-opioid receptor gene may increase morphine requirements in
patients with pain caused by malignant disease. Acta Anaesthesiol Scand 2004; 48(10): 1232-1239.

15. Janicki PK, Schuler G, Francis D, Bohr A, Gordin V, Jarzembowski T, et al. A genetic association study
of the functional A118G polymorphism of the human mu-opioid receptor gene in patients with acute
and chronic pain. Anesth Analg 2006; 103(4): 1011-1017.

16. Fillingim RB, Kaplan L, Staud R, Ness TJ, Glover TL, Campbell CM, et al. The A118G single nucleotide
polymorphism of the mu-opioid receptor gene (OPRM1) is associated with pressure pain sensitivity
in humans. J Pain 2005; 6(3): 159-167.

17. Suri P, Palmer MR, Tsepilov YA, Freidin MB, Boer CG, Yau MS, et al. Genome-wide meta-analysis of
158,000 individuals of European ancestry identifies three loci associated with chronic back pain.
PLoS Genet 2018; 14(9): e1007601.

18. Freidin MB, Tsepilov YA, Palmer M, Karssen LC, Suri P, Aulchenko YS, et al. Insight into the genetic
architecture of back pain and its risk factors from a study of 509,000 individuals. Pain 2019; 160(6):
1361-1373.

19. Johnston KJA, Adams MJ, Nicholl BI, Ward J, Strawbridge RJ, Ferguson A, et al. Genome-wide
association study of multisite chronic pain in UK Biobank. PLoS Genet 2019; 15(6): e1008164.

20. Nishizawa D, Fukuda K, Kasai S, Hasegawa J, Aoki Y, Nishi A, et al. Genome-wide association study
identifies a potent locus associated with human opioid sensitivity. Mol Psychiatry 2014; 19(1): 55-62.

21. Cook-Sather SD, Li J, Goebel TK, Sussman EM, Rehman MA, Hakonarson H. TAOK3, a novel genome-
wide association study locus associated with morphine requirement and postoperative pain in a
retrospective pediatric day surgery population. Pain 2014; 155(9): 1773-1783.

22. Sudlow C, Gallacher J, Allen N, Beral V, Burton P, Danesh J, et al. UK biobank: an open access
resource for identifying the causes of a wide range of complex diseases of middle and old age. PLoS
Med 2015; 12(3): e1001779.

23. Yang J, Lee SH, Goddard ME, Visscher PM. GCTA: a tool for genome-wide complex trait analysis. Am
J Hum Genet 2011; 88(1): 76-82.

24. Ma L, Hoffman G, Keinan A. X-inactivation informs variance-based testing for X-linked association of
a quantitative trait. BMC Genomics 2015; 16(1): 241.

25. Kichaev G, Yang WY, Lindstrom S, Hormozdiari F, Eskin E, Price AL, et al. Integrating functional data
to prioritize causal variants in statistical fine-mapping studies. PLoS Genet 2014; 10(10): e1004722.

26. Ward LD, Kellis M. HaploReg: a resource for exploring chromatin states, conservation, and regulatory
motif alterations within sets of genetically linked variants. Nucleic Acids Res 2012; 40(Database
issue): D930-934.

27. Okbay A, Beauchamp JP, Fontana MA, Lee JJ, Pers TH, Rietveld CA, et al. Genome-wide association
study identifies 74 loci associated with educational attainment. Nature 2016; 533(7604): 539-542.

28. Sommers CL, Rabin RL, Grinberg A, Tsay HC, Farber J, Love PE. A role for the Tec family tyrosine
kinase Txk in T cell activation and thymocyte selection. J Exp Med 1999; 190(10): 1427-1438.



Page 12/14

29. Angst MS, Phillips NG, Drover DR, Tingle M, Ray A, Swan GE, et al. Pain sensitivity and opioid
analgesia: a pharmacogenomic twin study. Pain 2012; 153(7): 1397-1409.

30. Mills SEE, Nicolson KP, Smith BH. Chronic pain: a review of its epidemiology and associated factors
in population-based studies. Br J Anaesth 2019; 123(2): e273-e283.

31. Descalzi G, Ikegami D, Ushijima T, Nestler EJ, Zachariou V, Narita M. Epigenetic mechanisms of
chronic pain. Trends Neurosci 2015; 38(4): 237-246.

32. Lirk P, Fiegl H, Weber NC, Hollmann MW. Epigenetics in the perioperative period. Br J Pharmacol
2015; 172(11): 2748-2755.

33. Sandoval-Sierra JV, Salgado García FI, Brooks JH, Derefinko KJ, Mozhui K. Effect of short-term
prescription opioids on DNA methylation of the OPRM1 promoter. Clin Epigenetics 2020; 12(1): 76.

34. Doehring A, Oertel BG, Sittl R, Lötsch J. Chronic opioid use is associated with increased DNA
methylation correlating with increased clinical pain. Pain 2013; 154(1): 15-23.

35. Chang S, Bok P, Tsai CY, Sun CP, Liu H, Deussing JM, et al. NPTX2 is a key component in the
regulation of anxiety. Neuropsychopharmacology 2018; 43(9): 1943-1953.

36. Wang R, Man Y, Zhou M, Zhu Y, Wang L, Yang J. Neuropathic pain-induced cognitive dysfunction and
down-regulation of neuronal pentraxin 2 in the cortex and hippocampus. Neuroreport 2021; 32(3):
274-283.

37. Li T, Mamillapalli R, Ding S, Chang H, Liu ZW, Gao XB, et al. Endometriosis alters brain
electrophysiology, gene expression and increases pain sensitization, anxiety, and depression in
female mice. Biol Reprod 2018; 99(2): 349-359.

38. Kim DS, Li KW, Boroujerdi A, Peter Yu Y, Zhou CY, Deng P, et al. Thrombospondin-4 contributes to
spinal sensitization and neuropathic pain states. J Neurosci 2012; 32(26): 8977-8987.

39. Park J, Yu YP, Zhou CY, Li KW, Wang D, Chang E, et al. Central Mechanisms Mediating
Thrombospondin-4-induced Pain States. J Biol Chem 2016; 291(25): 13335-13348.

40. Tappe A, Klugmann M, Luo C, Hirlinger D, Agarwal N, Benrath J, et al. Synaptic scaffolding protein
Homer1a protects against chronic inflammatory pain. Nat Med 2006; 12(6): 677-681.

41. Obara I, Goulding SP, Hu JH, Klugmann M, Worley PF, Szumlinski KK. Nerve injury-induced changes in
Homer/glutamate receptor signaling contribute to the development and maintenance of neuropathic
pain. Pain 2013; 154(10): 1932-1945.

42. Guan X, Zhu X, Tao YX. Peripheral nerve injury up-regulates expression of interactor protein for
cytohesin exchange factor 1 (IPCEF1) mRNA in rat dorsal root ganglion. Naunyn Schmiedebergs
Arch Pharmacol 2009; 380(5): 459-463.

43. Ingelman-Sundberg M, Mkrtchian S, Zhou Y, Lauschke VM. Integrating rare genetic variants into
pharmacogenetic drug response predictions. Hum Genomics 2018; 12(1): 26.

44. Nguyen TNM, Laetsch DC, Chen LJ, Haefeli WE, Meid AD, Brenner H, et al. Pain severity and
analgesics use in the community-dwelling older population: a drug utilization study from Germany.
Eur J Clin Pharmacol 2020; 76(12): 1695-1707.



Page 13/14

45. Meng W, Adams MJ, Palmer CNA, Shi J, Auton A, Ryan KA, et al. Genome-wide association study of
knee pain identifies associations with GDF5 and COL27A1 in UK Biobank. Commun Biol 2019; 2:
321.

46. Arrieta Ó, Hernández-Pedro N, Fernández-González-Aragón MC, Saavedra-Pérez D, Campos-Parra AD,
Ríos-Trejo M, et al. Retinoic acid reduces chemotherapy-induced neuropathy in an animal model and
patients with lung cancer. Neurology 2011; 77(10): 987-995.

47. Kampmann E, Johann S, van Neerven S, Beyer C, Mey J. Anti-inflammatory effect of retinoic acid on
prostaglandin synthesis in cultured cortical astrocytes. J Neurochem 2008; 106(1): 320-332.

48. Leyden JJ, Grossman R, Nighland M. Cumulative irritation potential of topical retinoid formulations.
J Drugs Dermatol 2008; 7(8 Suppl): s14-18.

49. Martin LJ, Smith SB, Khoutorsky A, Magnussen CA, Samoshkin A, Sorge RE, et al. Epiregulin and
EGFR interactions are involved in pain processing. J Clin Invest 2017; 127(9): 3353-3366.

50. Kersten C, Cameron MG, Bailey AG, Fallon MT, Laird BJ, Paterson V, et al. Relief of Neuropathic Pain
Through Epidermal Growth Factor Receptor Inhibition: A Randomized Proof-of-Concept Trial. Pain
Med 2019; 20(12): 2495-2505.

51. Generaal E, Vogelzangs N, Macfarlane GJ, Geenen R, Smit JH, Dekker J, et al. Basal inflammation
and innate immune response in chronic multisite musculoskeletal pain. Pain 2014; 155(8): 1605-
1612.

52. Miller GF, Guy GP, Zhang K, Mikosz CA, Xu L. Prevalence of Nonopioid and Opioid Prescriptions
Among Commercially Insured Patients with Chronic Pain. Pain Med 2019; 20(10): 1948-1954.

Tables
Table 1 to 3 are available in the Supplementary Files section.

Figures
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Figure 1

Q-Q plot and Manhattan plot of primary analysis for pain treatment outcome. (a) Q-Q plot of the GWAS
results. The red line indicates the distribution under the null hypothesis, and the shaded area indicates the
95% confidence band. (b) Manhattan plot of the GWAS results. The red line corresponds to the genome-
wide significance threshold of 5 × 10-8, whereas the blue indicates the suggestive threshold of 1 × 10-6.
Lead variants are highlighted as orange diamonds. Variants in one locus (within 400 Kb) are highlighted
in orange.
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