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Abstract

To provide insights into the biology of opioid dependence (OD) and opioid use (i.e., exposure, 

OE), we completed a genome-wide analysis comparing 4,503 OD cases, 4,173 opioid-exposed 

controls, and 32,500 opioid-unexposed controls, including participants of European and African 

descent (EUR and AFR, respectively). Among the variants identified, rs9291211 was associated 

with OE (exposed vs. unexposed controls; EUR z=−5.39, p=7.2×10−8). This variant regulates the 

transcriptomic profiles of SLC30A9 and BEND4 in multiple brain tissues and was previously 

associated with depression, alcohol consumption, and neuroticism. A phenome-wide scan of 

rs9291211 in the UK Biobank (N>360,000) found association of this variant with propensity to 

use dietary supplements (p=1.68×10−8). With respect to the same OE phenotype in the gene-based 

analysis, we identified SDCCAG8 (EUR+AFR z=4.69, p=10−6), which was previously associated 

with educational attainment, risk-taking behaviors, and schizophrenia. In addition, rs201123820 

showed a genome-wide significant difference between OD cases and unexposed controls (AFR 

z=5.55, p=2.9×10−8) and a significant association with musculoskeletal disorders in the UK 

Biobank (p=4.88×10−7). A polygenic risk score (PRS) based on a GWAS of risk-tolerance 

(N=466,571) was positively associated with OD (OD vs. unexposed controls, p=8.1×10−5; OD 

cases vs. exposed controls, p=0.054) and OE (exposed vs. unexposed controls, p=3.6×10−5). A 

PRS based on a GWAS of neuroticism (N=390,278) was positively associated with OD (OD vs. 

unexposed controls, p=3.2×10−5; OD vs. exposed controls, p=0.002) but not with OE (p=0.67). 

Our analyses highlight the difference between dependence and exposure and the importance of 

considering the definition of controls in studies of addiction.

Keywords

Opioids; Substance; Abuse; Genetics; Genome-wide association study

INTRODUCTION

The prevalence of opioid dependence (OD) is at epidemic levels and significantly affects 

public health and social and economic well-being. The use of opioid medications for 

analgesia is common, and opioids are considered a gold standard for pain control. However, 

they are also highly addictive, and are, along with heroin1, the leading contributors to the 

ongoing epidemic of opioid misuse and the high rate of fatal overdoses2–4.
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Understanding the biology of human responses to opioids may lead to effective preventive 

strategies and treatments to reduce OD and its harmful consequences. Human genetic 

research has the potential to dissect the basis of inter-individual variability in the response to 

opioid exposure (i.e., whether an individual develops dependence on opioids). Genome-wide 

association studies (GWAS) of large cohorts have identified a number of risk loci and 

molecular pathways involved in the predisposition to numerous psychiatric disorders and 

behavioral traits5, 6. Previous OD GWAS included up to 10,000 participants and identified 

genome-wide significant (GWS) associations in KCNG2, KCNC1, APBB2, CNIH3, and 

RGMA7–10. However, there was no consistency across the previous OD GWAS with respect 

to the individual GWS loci, probably due to the limited statistical power and differences in 

case and control definitions in the context of polygenic architecture (thousands of causal loci 

with small effect).

Another key potential contributor to the lack of consistency in findings from prior GWAS is 

that different study designs were used. The most relevant design variation is related to the 

assessment of opioid exposure in controls. Two different control definitions have been 

considered: i) individuals exposed to opioids (OE) medically or illegally who did not 

develop OD; or ii) individuals without an OD diagnosis who were not assessed for opioid 

exposure. Although including individuals not exposed to opioids in the control group 

increases the overall sample size, it also potentially adds noise by including individuals who 

would have been likely to become OD if exposed, given the highly addictive nature of opioid 

drugs. Furthermore, exposure to opioids is a behavioral trait per se, and likely to be 

associated with its own specific genetic architecture, which may be different between licit 

and illicit exposure. Opioid use is rarer than the use of many other substances and it is often 

observed in individuals affected by severe mental and physical illnesses11, 12. Comparisons 

of OD cases with predominantly unexposed controls is likely to confound genetic risk for 

exposure to opioids with genetic factors specific to the transition to OD. Indeed, at least one 

prior smaller GWAS7 found that comparisons of OD cases to controls with significant 

exposure and from similar neighborhoods resulted in a GWS finding while comparisons 

with general population controls did not identify any GWS variants.

We leveraged genotypic and phenotypic information from 41,176 participants from 11 

studies that are part of the Psychiatric Genomics Consortium Substance Use Disorder 

working group (PGC-SUD) to investigate genetic differences between OD cases (n=4,503), 

OE controls (n=4,173), and opioid-unexposed (OU) controls (n=32,500) using GWAS and 

polygenic risk score (PRS) analyses. In addition to identifying loci related to OD and OE, 

we also examined whether OD and OE could be differentiated with respect to their 

relationship with genetic liability to risk-taking behaviors and negative personality features 

(i.e., neuroticism), to provide further insights into the genetic architecture underlying opioid 

use and misuse.

MATERIALS AND METHODS

Study Design

This study leveraged the individual genotypic and phenotypic data available from the 

cohorts participating in the PGC-SUD workgroup. There is growing support for the idea that 
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the genetic architecture of substance exposure is different from that of substance 

dependence13, 14. Based on these previous findings, we hypothesized that OD and OE are 

biologically different and therefore focused the present opioid study on three association 

tests: i) difference between opioid dependent (DSM-IV) and opioid exposed; ii) difference 

between opioid dependent and opioid unexposed, and iii) difference between opioid exposed 

and opioid unexposed. The results of these analyses provided information regarding the 

genetic differences between OD and OE.

Cohorts and Phenotype Definitions

Of the 11 studies from the PGC-SUD workgroup, seven were case-control studies and four 

were family-based studies (Supplementary Table 1; Supplementary Methods). Lifetime OD 

diagnoses was based on DSM-IV OD criteria15 and were derived either from clinician 

ratings or semi-structured interviews. The two control groups included OE controls 

(individuals without a lifetime OD diagnosis who were exposed to opioids at least once) and 

OU controls (individuals with no lifetime OD diagnosis who were not exposed to opioids). 

Lifetime opioid exposure included both licit, prescribed opioids and those used outside 

appropriate medical care. Some, but not all, studies distinguished between these forms of 

exposure. This study, which involved the analysis of de-identified data, was approved by the 

institutional review board (IRB) at Yale University School of Medicine and was conducted 

in accordance with all relevant ethical regulations. Each contributing study obtained 

informed consent from participants and ethics approvals for their study protocols from their 

respective review boards in accordance with applicable regulations.

Quality control and imputation

Individual genotype information was available for each subject. The Ricopili pipeline16 

(https://github.com/Nealelab/ricopili) was used for the QC and imputation of the case-

control cohorts. Most family-based cohorts were analyzed with the Picopili pipeline17 

(https://github.com/Nealelab/picopili), which is designed to conduct genome-wide meta-

analyses accounting for family structure. The genetic data from the Collaborative Studies on 

the Genetics of Alcoholism were imputed independently as previously described18 because 

of the need in that study to merge data on members of large multiplex families who were 

genotyped across multiple genotyping arrays.

Details regarding the QC criteria were reported previously17. Briefly, after initial sample and 

variant QC, population outlier samples were excluded, and each retained individual was 

assigned to a specific ancestry on the basis of the principal components derived from 

genome-wide data. The 1000 Genomes Project Phase 3 reference panel19 was used as a 

reference for the ancestry assignment. Based on genetic information, we identified 9,591 and 

31,585 individuals of African and European descent, respectively. Other ancestry groups 

were not investigated due to the limited number of informative subjects. The final QC 

criteria included variant filters for call rate, heterozygosity, and departure from Hardy–

Weinberg equilibrium expectations (HWE), performed within each ancestry group in each 

cohort stratified by genotyping array. We also used sample QC filters for cryptic relatedness 

and for departures from reported pedigree structures. Imputation was performed using 

SHAPEIT220 and IMPUTE221, and the 1000 Genomes Project Phase 3 reference panel, 
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which includes five continental groups19. High-quality imputed SNPs were retained for the 

association analysis, filtering for imputation INFO score > 0.8 and minor allele frequency 

(MAF) > 0.01 before analysis. After imputation, we tested for duplicated samples and 

cryptic relatedness among the cohorts analyzed. The association analysis was conducted 

considering variants present in at least 80% of the cohorts investigated (Supplementary 

Table 2).

Data analysis

The association analysis was conducted stratifying each cohort by ancestry (i.e., African and 

European ancestries) and genotyping array. For case–control studies, imputed dosages were 

entered in a logistic regression. For family-based studies, logistic mixed models were used to 

analyze hard-called best-guess genotypes. The association analyses were adjusted for sex 

and the within-ancestry top 10 principal components to account for possible confounding by 

population stratification. To investigate differences between OE and OD, three phenotype 

definitions were considered: i) OD cases vs. OE controls (ODexposed; n=4,503 and 4,173, 

respectively); ii) OD cases vs. OU controls (ODunexposed; n=4,238 and 17,700, respectively; 

iii) OE controls vs. OU controls (OEcontrols; n=4,173 and 32,500). As explained in the 

Supplementary Methods, we removed some of the cohorts from the ODunexposed meta-

analysis due to the deflation (λGC<0.9) caused by the low number of cases and the small 

case-control ratio. For each phenotype, meta-analyses of the results across the different 

cohorts were conducted in METAL with weights proportional to the square-root of the 

sample size for each study22. The effective sample size of each cohort was calculated based 

on the case-control ratio and the relatedness matrix. Ancestry-specific (African-ancestry and 

European-ancestry) and trans-ancestry meta-analyses were conducted. Heterogeneity was 

evaluated across all cohorts and between study designs.

To investigate the loci identified in the individual GWAS further, we performed a phenome-

wide scan considering 4,082 traits assessed in up to 361,194 participants from the UK 

Biobank using previously generated GWAS association summary data23. Details regarding 

QC criteria and GWAS methods of this previous analysis are available at https://github.com/

Nealelab/UK_Biobank_GWAS/tree/master/imputed-v2-gwas. Briefly, the association 

analyses for all phenotypes were conducted using regression models available in Hail 

(available at https://github.com/hail-is/hail) including the first 20 ancestry principal 

components, sex, age, age2, sex×age, and sex×age2 as covariates. We applied a false 

discovery rate (FDR) multiple testing correction (q<0.05) to account for the number of 

variants and phenotypes tested. Additionally, we investigated the associations of the loci we 

identified here with respect to 27 non-duplicated traits related to mental and behavioral 

disorders attributable to use of alcohol, cannabis, and tobacco (Supplementary Table 3). This 

information was derived from large-scale summary association data collected by the GWAS 

Atlas (available at https://atlas.ctglab.nl/)24. We also conducted a gene-based phenome-wide 

scan across 4,756 available datasets in the GWAS Atlas. A Bonferroni correction accounting 

for the number of traits tested was applied to this gene-based analysis (p<1.05×10−5).

Linkage disequilibrium (LD) score regression25 was performed to estimate the heritability 

explained by common SNPs (h2
g) in the European-ancestry meta-analysis of case-control 
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and family-based cohorts. The inclusion of related subjects may affect the LD score 

regression results due to the residual effect of family structure on the summary association 

data. To limit this potential confounder, the analyses was limited to variants assessed in more 

than 80% of the total sample and considering the effective sample size adjusted for both 

case-control ratio and family structure. The heritability analysis was not conducted on 

African-specific and trans-ancestry meta-analyses, because LD score regression is not 

suitable when analyzing GWAS summary data derived from admixed populations25. LD 

score regression analysis was performed considering HapMap3 SNPs26 and LD scores 

computed from the 1000 Genomes Project reference for European populations. Conversion 

of h2
g estimates from observed scale to liability scale was performed accounting for the 

difference between population prevalence (ODexposed=1%, ODunexposed=1%, and 

OEcontrols=5%) and sample prevalence (ODexposed=55%, ODunexposed=22%, and 

OEcontrols=12%).

Gene-based association, enrichment analysis for molecular pathways, Gene Ontologies (GO) 

annotations and tissue-specific transcriptomic profiles were conducted using the MAGMA 

tool27 implemented in the FUMA platform28. Information regarding molecular pathways 

and GO annotations was derived from MsigDB v6.229. Tissue-specific transcriptomic 

profiles were derived from GTEx V730 and BrainSpan31. A Bonferroni multiple testing 

correction was used to control for the number of tests conducted in each enrichment 

analysis. GTEx data were also used to verify whether the GWS loci identified affect the 

transcriptomic regulation of the surrounding genes. To evaluate the effect across multiple 

tissues, we considered multi-tissue expression quantitative trait locus (eQTL) data. These 

were calculated using Meta-Tissue 32. This meta-analytic approach calculates a posterior 

probability (m value) that an effect exists in each of the tissues tested assuming that the 

eQTL effect is consistent across the affected tissues. M values>0.9 indicate that the tissue 

was predicted to show the eQTL association.

A PRS analysis was conducted to test the genetic overlap with behavioral traits that could 

differentiate between OD and OE status using the PRSice software33. Risk-taking and 

neuroticism were selected as we expected they would capture genetic susceptibility to early 

versus later stages of opioid use and misuse. For polygenic profile scoring, we used 

summary statistics generated from large-scale GWAS of risk tolerance (N= 466,571)34 and 

neuroticism (N=390,278)35. We considered multiple association P value thresholds (PT < 

5×10−8, 10−7, 10−6, 10−5, 10−4, 0.001, 0.05, 0.1, 0.3, 0.5, 1) for SNP inclusion to identify the 

best-fit for each target phenotype tested. The PRS were calculated after using P-value-

informed clumping with a LD cut-off of R2 = 0.3 within a 500 kb window and excluding the 

major histocompatibility complex region of the genome because of its complex LD 

structure. The PRS were calculated considering unrelated subjects of European descent 

available in both case-control and family-based cohorts (ODexposed Neffective=3,038; 

ODunexposed Neffective=4,728; and OEcontrols Neffective=5,376). The PRS were fitted in 

regression models with adjustments for sex and the top 10 within-ancestry principal 

components. We applied FDR multiple testing correction (q<0.05) to correct for the number 

of thresholds tested.
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RESULTS

SNP-Heritability Estimates Comparing OD and OE Traits

The GWAS meta-analyses of ODexposed, ODunexposed, and OEcontrols phenotypes included up 

to 4,503 OD cases (African-ancestry=1,231; European-ancestry=3,272), 4,173 OE controls 

(African-ancestry=1,297; European-ancestry=2,876), and 32,500 OU controls (African-

ancestry=7,063; European-ancestry=25,437). Significant SNP-heritability was observed for 

ODunexposed (liability-scale h2
g=0.28, SE=0.1; population prevalence=0.01, sample 

prevalence=0.22), but not for ODexposed (liability-scale h2
g=−0.08, SE=0.08; population 

prevalence=0.01, sample prevalence=0.55) and OEcontrols (liability-scale h2
g=0.05, SE=0.1; 

population prevalence=0.05, sample prevalence=0.12). Moderate genome-wide inflation was 

observed in the European-specific meta-analyses, but genomic control using lambda or the 

LD score regression intercept did not affect the significance of any variants in the GWAS 

meta-analyses (Supplementary Table 4; Supplementary Methods).

Opioid Dependence vs. Exposed and Unexposed Controls

In the ODexposed analysis, which is the comparison most relevant to dependence liability 

given exposure but also the one that most constricted the sample size, no association 

survived the genome-wide significance threshold (p=5×10–8). Additionally, there were no 

significant enrichments for GO annotations, molecular pathways, nor tissue-specific 

regulation. The ODunexposed comparison identified a GWS association in the African-

ancestry meta-analysis, rs201123820 on chromosome 18 (z=5.55, p=2.9×10–8; Figure 1A; 

Table 1; see Supplementary Table 5 for ancestry-specific results for each genome-wide 

significant variant). With respect to this locus, no heterogeneity was observed among the 

cohorts included in the meta-analysis (heterogeneity: I2=0, p=0.473; Supplementary Table 

6). This variant did not show significant genetic associations with traits related to other 

addictive substances (Supplementary Table 3). The gene-based association analysis 

identified a GWS gene in the same genomic region, C18orf32 (p=1.8×10–6; Table 1; 

Supplementary Figure 1A). Additionally, in the African-ancestry meta-analysis, we also 

observed an enrichment for adipose tissue (beta=0.04, p=4.21×10–4; Figure 2A) and 

GO:0034498 – early endosome to Golgi transport (beta=1.01, p=5.1×10–8). In the trans-

ancestry meta-analysis, we observed significant enrichment for specific adult stages of brain 

development (37 y; beta=0.06, p=6.22×10–4; 15 y; beta=0.06, p=0.001; 36yrs: beta=0.06, 

p=0.002; Figure 2B) and GO:0007143~female meiotic division (beta=0.73, p=1.08×10–7). 

In the European-ancestry ODunexposed GWAS meta-analysis, no result survived multiple 

testing correction.

To extend the phenotypic breadth of our findings, we conducted a phenome-wide scan 

(4,082 traits tested; Supplementary Table 7) identified in 361,194 participants of European 

descent from the UK Biobank. Rs201123820 was identified in the African-ancestry 

ODunexposed GWAS meta-analysis. Although this variant was not significant in the 

European-ancestry meta-analysis (Supplementary Table 5), Rs201123820 has reasonably 

similar MAF in African and European populations (1000 Genomes Project: AFR 

MAF=0.024; EUR MAF=0.042). In UK Biobank cohort, we observed several associations 

for rs201123820 (FDR q<0.05; Figure 3, center panel; Supplementary Table 7) including 
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postprocedural musculoskeletal disorders (UK Biobank Field ID: 41202 “Diagnoses – main 
ICD10 [M96]”, p=4.88×10−7), other disorders of the musculoskeletal system and connective 

tissue (UK Biobank Field ID: 41270 “Diagnoses - ICD10 [M13_MUSCULOSKELEOTH]”, 

p=1.25×10−5), postpartum care and examination (UK Biobank Field ID: 41202 “Diagnoses - 
main ICD10 [Z39]”, p=3.74×10−5), and auto-refraction measurements for eye prescription 

(UK Biobank Field ID: 5159 “3mm asymmetry index (right)”, p=6.54×10−5).

Exposed vs. Unexposed Controls

In GWAS meta-analysis of OEcontrols in the European-ancestry cohort, we observed a gene-

based association for the BEND4 locus that was GWS in the gene-based test (p=9.9×10−6; 

Table 1; Supplementary Figure 1B). In the BEND4 gene region, we identified a genetic 

association that nearly reached GWS: rs9291211 on chromosome 4 (z=−5.38, p=7.2×10–8; 

Figure 1B; Table 1). With respect to this locus, no heterogeneity was observed among the 

cohorts (heterogeneity: I2=0, p=0.879; Supplementary Table 6). This variant (or LD proxies 

in the same ancestry group) was identified in previous GWAS of behavioral traits: alcohol 

consumption (rs4501255, LD proxy r2=0.94, p=5×10–10)36; neuroticism (rs9291211, 

p=2×10–8)35; and helping behavior (rs2880666, LD-proxy r2=0.77, p=5×10–7)37. 

Additionally, rs9291211 is an eQTL for SLC30A9 and BEND4 in multiple tissues (GTEx 

multi-tissue eQTL p = 1.2×10−26 and 2.88×10−9, respectively). The rs9291211×SLC30A9 
eQTL (i.e., rs9291211 regulating the SLC30A9 expression) showed a posterior 

probability>90% in seven brain tissues (amygdala m=0.99; anterior cingulate cortex m=1; 

caudate m=1; cortex m=0.99; hypothalamus m=1; nucleus accumbens m=1, putamen 

m=0.99; Supplementary Figure 2A). The rs9291211×BEND4 eQTL showed posterior 

probabilities>90% in two brain tissues (caudate m=0.9; cortex m=1; Supplementary Figure 

2B). We found significant association of rs9291211 with additional traits from the GWAS 

Atlas24 that were related to addictive substances including “alcohol usually taken with 
meals” (p=3.02×10−8), “frequency of consuming six or more units of alcohol” 

(p=2.78×10−4), “alcohol intake frequency” (p=5.91×10−4), and “cigarettes per day” 

(p=0.004) (Supplementary Table 3). The European-ancestry OEcontrols meta-analysis also 

showed enrichment for several brain development stages: post-conception weeks 9 

(beta=0.04, p=1.28×10−4), 8 (beta=0.032, p=0.001), and 12 (beta=0.04, p=0.002) (Figure 

2C). No result in the association and the enrichment analyses based on the African-ancestry 

OEcontrols GWAS meta-analysis survived multiple testing correction.

Although rs9291211 showed only a “suggestive” GWS association with the OEcontrols 

phenotype, it was the strongest signal responsible for the significant BEND4 gene-based 

association. Accordingly, we tested its phenotypic spectrum in UK Biobank. This variant 

was associated with 22 phenotypes (FDR q<0.05; Figure 3, upper panel; Supplementary 

Table 7), which included dietary habits (e.g., UK Biobank Field ID: 6179 “Mineral and other 
dietary supplements [None of the above]”, p=1.68×10−8), anthropometric traits (e.g., UK 

Biobank Field ID: 1687 “Comparative body size at age 10”, p=7.58×10−8), behavioral traits 

(e.g., UK Biobank Field ID: 20127 “Neuroticism score”, p=3.12×10−6), physical outcomes 

(e.g., UK Biobank Field ID: 6152 “Hay fever, allergic rhinitis or eczema”, p=3.49×10−5), 

reproductive function (UK Biobank Field ID: 3581 Age at menopause [last menstrual 
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period], p=8.40×10−5), and cognitive tests (e.g., UK Biobank Field ID: 404 “Reaction time 
[Duration to first press of snap-button in each round]”, p= 8.82×10−5).

Based on the gene-based and eQTL analyses, we also investigated the phenotypic spectrum 

of SLC30A9 and BEND4. In line with the shared effect of rs9291211, we observed 

associations surviving multiple-testing correction (p<1.05×10−5) in both gene-based 

phenome-wide scans (Supplementary Table 8). Among the 14 common associations, we 

observed: “alcohol usually taken with meals” (BEND4 p=6.5×10−11; SLC30A9 
p=3.59×10−6), “neuroticism sum score” (BEND4 p=1.92×10−8; SLC30A9 p=3.63×10−7), 

and “depressive symptoms” (BEND4 p=6.24×10−7; SLC30A9 p=3.58×10−6).

In the trans-ancestry GWAS meta-analysis of OEcontrols, we observed an additional single-

variant GWS association, rs12461856 on chromosome 19 (z=−5.61, p=2.1×10−8; Figure 1C; 

Table 1). With respect to this locus, no heterogeneity was observed among the cohorts 

included in the meta-analysis (heterogeneity: I2=0, p=0.554; Supplementary Table 6). This 

variant did not show significant genetic associations with traits related to other addictive 

substances (Supplementary Table 3). In the UK Biobank, no novel phenotypic associations 

with rs12461856 survived multiple testing correction (FDR q<0.05; Figure 3, bottom panel; 

Supplementary Table 7). A gene-based GWS association was identified for SDCCAG8 on 

chromosome 1 (p=1.4×10−6, Table 1; Supplementary Figure 1C). In the gene-based 

phenome-wide scan, we observed 77 traits associated with SDCCAG8 that survived multiple 

testing correction (p<1.05×10−5; Supplementary Table 8). Among them, we observed strong 

associations for schizophrenia (p=2.5×10−12) and risk taking (p=1.1×10−9). With respect to 

the molecular pathways, significant enrichments were also observed for GO:0017069~small 
RNA binding (beta=0.65, p=5.4×10−7) and a curated gene set related to genes 

downregulated 6 h after induction of HoxA5 expression in a breast cancer cell line (Standard 

name: CHEN_HOXA5_TARGETS_6HR_DN; beta=1.37, p=8.6×10−6).

Polygenic Risk Score Analysis

We also used PRS to compare the three opioid-related phenotypes – dependence (with 

exposed controls – ODexposed – and with unexposed controls – ODunexposed) and exposure in 

non-dependent individuals (OEcontrols). Similarly to other addictive substances, illicit opioid 

users would be expected to have greater propensity to risk-taking behaviors, impulsivity, and 

stress responsivity than unexposed subjects38. Accordingly, we derived a PRS from the 

large-scale GWAS (N=466,571) conducted by the Social Science Genetic Association 

Consortium (SSGAC) on risk tolerance, which was defined as the tendency, preparedness, or 

willingness to take risks in general34. The PRS analysis was conducted on European-

ancestry subjects only due to the well-known lack of large-scale GWAS in other ancestry 

groups39. The risk-tolerance PRS was positively associated with OD when contrasted with 

unexposed controls (ODunexposed: Neffective=4,728, PT=1, z=3.94, p=8.1×10−5, FDR 

q=0.003), whereas OD contrasted with exposed controls displayed only a trend (p<0.1; 

ODexposed: Neffective=3,038, PT=1, z=1.93, p=0.054, FDR q=0.13). OE (OEcontrol: 

Neffective=5,376, PT=0.05, z=3.57, p=3.6×10−5, FDR q=0.003) was also significant for the 

risk-tolerance PRS.
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We also tested PRS derived from a large-scale GWAS of neuroticism (N=390,278)35. This 

behavioral trait represents a tendency to negative affect and was previously observed to be 

genetically correlated with several psychiatric disorders, including SUDs17, 40, major 

depression41, and posttraumatic stress disorder42. Consistent with our expectation of genetic 

liability to negative affect being related to dependence but not exposure alone, the 

neuroticism PRS was associated with dependence compared with unexposed (ODunexposed: 

Neffective=4,728, PT=0.001, z=4.16, p=3.2×10−5, FDR q=5.76×10−4) and dependence 

compared with exposed controls (ODexposed: Neffective=3,038, PT=0.001, z=3.1, p=0.002, 

FDR q=0.016), but not with exposed vs unexposed controls (OEcontrols: Neffective=5,376, 

PT=0.5, z=−0.42, p=0.671, FDR q=0.919).

Figure 4 shows the association of risk-taking and neuroticism PRS (Panels A and B, 

respectively) across the cohorts included in the meta-analyses. We did not observe 

significant heterogeneity (Supplementary Table 9), which indicates that the meta-analytic 

results were driven by the sizes of the samples investigated and not by the different 

recruitment strategies.

DISCUSSION

We investigated the genetic architecture of opioid-related traits in informative cohorts. Our 

comparison of opioid dependence (OD) compared with unexposed (ODunexposed) and 

exposed (ODexposed) controls, as well as of opioid exposure among controls (OEcontrols) 

provides new insights into opioid addiction. We identified GWS loci and genes for 

ODunexposed and OEcontrols, and found these variants to be associated with health relevant 

traits in the UK Biobank. Most critically, our PRS analyses highlighted distinctions between 

exposed and unexposed controls, as well as the progression from exposure to dependence. 

Use and dependence are behaviors with different relationships to other genetically 

influenced traits, as has been shown for alcohol use vs. alcohol dependence13, 14. To our 

knowledge, no previous study investigated the specific genetic differences between OD and 

OE; our current findings provide the first insights based on genome-wide data into the 

molecular mechanisms by which OE and OD differ. The lack of sufficiently large numbers 

of OD cases and OE controls is a fundamental barrier to facilitating our understanding of the 

biological underpinnings of this serious public health epidemic, as it limited the power of 

what we would regard as the most informative comparison.

With respect to the single-variant associations observed, the strongest bioinformatics support 

from other studies was observed for rs9291211, identified in the European-ancestry GWAS 

meta-analysis of the OEcontrols phenotype. Although it reached only a suggestive GWS 

threshold (p=7.2×10–8), this variant was the leading signal in the significant BEND4 gene-

based association and also showed strong regulatory effects on the brain-specific 

transcriptomic profile of BEND4 and SLC30A9. The function of BEND4 gene is unclear, 

but previous GWAS identified several variants at this locus (including rs9291211) that were 

associated with depression43, alcohol consumption36, autism spectrum disorder43, 

neuroticism35, height44, and helping behavior37. SLC30A9 encodes a zinc transporter 

involved in intracellular zinc homeostasis, which also plays a role in transcriptional 

activation of Wnt-responsive genes45. In previous GWAS, variants located in SLC30A9 gene 
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(rs9291211 is located in BEND4 but also affects SLC30A9 gene expression) were 

associated with neuroticism44 and depression46. The phenome-wide scan of rs9291211 in 

the UK Biobank showed an effect of this SNP on a wide range of complex traits, some with 

an easy-to-conceptualize relationship to OD such as alcohol consumption, neuroticism, 

depression, and anxious feelings. Considering traits related to mental and behavioral 

disorders attributable to use of alcohol, cannabis, and tobacco, we observed that rs9291211 

is associated with alcohol consumption and tobacco smoking and not with dependence-

relevant phenotypes. This support that this variant may have pleiotropic effects across 

consumption of multiple substancs. In our phenome-wide analysis, the strongest results were 

observed with respect to dietary habits: rs9291211*A was positively associated with reduced 

OE risk in the PGC-SUD cohorts and with increased propensity to use dietary supplements, 

such as vitamin and mineral supplements in the UK Biobank. A recent GWAS identified 

several loci associated with dietary habits and indicated a causal relationship between 

educational attainment and healthy eating47. With respect to rs9291211, we also observed a 

nominally significant association with traits related to educational attainment (e.g., UK 

Biobank Field ID: 6138 Qualification [College or University degree], p=0.033). 

Accordingly, we hypothesize that rs9291211 could be involved in the individual variability 

to consume chemicals ranging from dietary supplements to opioids, independent from 

educational attainment.

In the trans-ancestry GWAS meta-analysis of the OEcontrols phenotype comparison, we 

identified GWS loci in the single-variant and the gene-based analyses. No external 

validations were observed for rs12461856 and further studies will be needed to confirm this 

finding. Conversely, SDCCAG8 identified in the gene-based analysis (but not related to any 

individual GWS variants) was shown in studies available in the GWAS catalog48 to have 49 

single-variant associations with educational attainment49, blood-related parameters50, risk-

taking behaviors34, anthropometric traits44, kidney function51, and schizophrenia52. The 

previous associations with behavioral traits support SDCCAG8 as potentially associated 

with behaviors that, in turn, associated with increased risk of OE.

With respect to the ODunexposed phenotype comparison, we identified rs201123820 in the 

African-ancestry meta-analysis. This is a non-coding deletion located 2 kb upstream of 

LOC101928144, an uncharacterized long intergenic non-protein coding RNA. The gene-

based association analysis identified a GWS locus in the same region, C18orf32, a gene 

involved in the activation of the NF-kappaB and MAPK signaling pathways, which play a 

key role in immune and inflammatory responses53. The phenome-wide analysis in the UK 

Biobank, despite its being in a predominantly European cohort, showed a significant 

association of rs201123820 with physical conditions, particularly musculoskeletal disorders. 

This is particularly interesting as opioids are commonly prescribed for pain management in 

musculoskeletal disorders and early use is associated with prolonged work disability54, 

which may be related to the consequences of opioid abuse and/or the severity of the 

underlying disorder that required treatment. While these associations merit replication, this 

result highlights how human genetic research can also be relevant to improve pain 

management protocols.
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The GWS risk loci identified by previous OD GWAS (e.g., KCNG2, CNIH3, and 

RGMA)7–10 were not concordant with the present investigation (Supplementary Table 10). 

Such discrepancies are not unexpected, given that these analyses were underpowered, and 

the reported findings are likely to be affected by phenotypic heterogeneity and the random 

variation allowing for discovery of alternate subsets of risk loci in small datasets55, 56.

The available genome-wide data also permitted us to compare the opioid-related phenotypes 

with respect to shared genetic risk of relevant behavioral traits. Although there is variability 

in the effective sample size and therefore statistical power of the phenotypes tested 

(ODunexposed Neffective=4,728; OEcontrols: Neffective=5,376; ODexposed Neffective=3,038), the 

PRS results showed an interesting pattern. The risk-tolerance PRS was positively associated 

with all three phenotypes with the strength of association mostly related to the effective 

sample size of the target sample. The association between OEcontrols and genetic liability to 

risk-taking highlights the importance of accounting for the genetic factors related to the 

individual differences in exposure when examining those contribution to dependence. Such a 

finding would support the hypothesis that the inclusion of exposed controls can “fine-tune” 

our ability to separate loci related to generalized risk-taking from those specific to repeated 

use that lead to opioid dependence. The neuroticism PRS showed positive associations with 

ODunexposed and ODexposed phenotype comparisons. Although it was non-significant, we 

observed a negative association of neuroticism PRS with the OEcontrols phenotype. This 

suggestive negative relationship parallels the rs9291211 result where the allele A was 

associated with reduced OE in the PGC GWAS meta-analysis and increased neuroticism 

score in the UK Biobank. Genetic liability to neuroticism may thus overlap with genetic 

liability to OD but not to OE.

Although several putative single-variant, gene-based, and PRS associations were identified 

based on the different OD and OE phenotypes, the sample size of the current investigation is 

still small, given the polygenic architecture of psychiatric disorders57. Novel studies 

specifically targeting SUDs and assessing opioid-related behaviors will be necessary to 

recruit cohorts informative for OD and OE GWAS. Another important limitation is the 

phenotypic heterogeneity within the opioid exposure sample, which included individual 

exposed to opioids via licit use (i.e., medical prescriptions) and illicit use. There may be 

important differences between these two subgroups (e.g., risk-taking may be more strongly 

associated with illicit exposure). However, several of the cohorts investigated lacked this 

information, and, due to the limited sample size, we were not able to make this comparison. 

In addition, this may have resulted in heterogeneity in the OU controls (i.e., those who 

reported not using opioids illicitly were unassessed for medical exposure). Future large 

opioid-informative datasets will be needed to determine whether illicit and licit opioid 

exposure have distinct effects on the molecular basis of opioid dependence. Finally, while 

the phenome-wide investigation in the UK Biobank provides encouraging support for the 

plausibility of our findings, it may reflect complex pleiotropic effects of these variants on 

multiple traits, including an unmeasured third variable. Replication of these association 

signals with opioid dependence and exposure phenotypes will be required.

In conclusion, we provide a comprehensive genome-wide investigation of opioid-related 

traits, highlighting different molecular mechanisms that could underlie exposure and 
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dependence. These findings draw attention to challenges associated with the use of 

unexposed controls in genetic association studies for OD and potentially for other SUDs 

(where exposure is not widespread, as is the case for alcohol, or more recently marijuana). 

This information should be used to guide the next generation of human genetic studies of 

opioid-related behaviors.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1: 
Regional Manhattan plots of the genetic association identified: rs201123820 in the African-

ancestry ODunexposed GWAS meta-analysis (A); rs92911211 in the European-ancestry 

OEcontrols GWAS meta-analysis (B); rs12461856 in the trans-ancestry OEcontrols GWAS 

meta-analysis (C).
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Figure 2: 
Significant tissue enrichments identified in the African-ancestry ODunexposed meta-analysis 

(A); the trans-ancestry ODunexposed GWAS meta-analysis (B), and the European-ancestry 

OEcontrols GWAS meta-analysis (C).
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Figure 3: 
Manhattan plot of the phenome-wide scan conducted in the UK Biobank with respect to 

rs12461856, rs201123820, and rs9291211 (bottom, center, and upper panels, respectively). 

As indicated in the legend, the phenotypic categories are color coded. Red dashed line 

indicates the significance threshold accounting for the number of variants and phenotypes 

tested (FDR q < 0.05).
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Figure 4: 
Relationship between PRS z scores (A: risk tolerance; B: neuroticism) and effective sample 

size across the opioid-related phenotypes tested. Each circle represents an individual cohort; 

the diamond represents the results from the meta-analysis with respect to the phenotypes 

tested.
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