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Key Points 

Question: Can we advance gene discovery for substance use disorders (SUDs) by 
incorporating information about correlated outcomes related to behavioral disinhibition?  
 
Findings: Combining genetic effects common to SUDs and behavioral disinhibition in a 
multivariate genome-wide association study of > 2.2 million individuals identified 708 genomic 
risk loci and accounted for more variance in SUD phenotypes compared with modeling each set 
of phenotypes separately.  
 
Meaning: SUDs and behavioral dysregulation are influenced by a common set of common 
variants; modeling their joint contributions improves power for genetic discovery and polygenic 
prediction.   
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Abstract 
Importance: Substance use disorders (SUDs) frequently co-occur with each other and with 
other traits related to behavioral disinhibition, a spectrum of outcomes referred to as 
externalizing. Nevertheless, genome-wide association studies (GWAS) typically study individual 
SUDs separately. This single-disorder approach ignores genetic covariance between SUDs and 
other traits and may contribute to the relatively limited genetic discoveries to date. 
 
Objective: To identify the most effective model for capturing genetic relationships between 
SUDs and externalizing phenotypes, optimizing the detection of genetic influences on SUDs 
while maintaining specificity.  
 
Design: We used Genomic SEM to estimate SNP effects on a broad factor representing liability 
to externalizing and SUDs, on factors representing liability to behavioral disinhibition and SUDs 
separately, and on residualized SUDs. Subsequent gene-based, tissue expression, and 
polygenic score (PGS) analyses were used to compare the ability of these alternative 
approaches to identify genetic influences on SUDs.  
 
Setting: This study was carried out from May 2023 - September 2024.  
 
Participants: We used GWAS summary statistics based on samples of European ancestry from 
previous studies of externalizing and SUD phenotypes in the main multivariate GWAS (N > 2.2 
million). We used two independent samples to estimate polygenic associations, a family-based 
sample enriched for substance use problems (COGA; N = 7,530) and a population-based 
sample representative of the United States, (All of Us; N = 77,442). 
 
Exposures: N/A 
 
Main Outcomes and Measures: Across the three factors (Externalizing; SUDs; Behavioral 
Disinhibition) and four residualized SUDs (alcohol, tobacco, opioid, and cannabis), we 
compared the number, putative function, previous associations of significant genomic risk loci 
and genes, and variance explained by polygenic scores in substance use outcomes.  
 
Results: We identified genomic risk loci and genes uniquely associated with Externalizing that 
are relevant to the neurobiology of substance use. Genes identified for residual SUDs were 
involved in substance-specific processes (e.g., metabolism). The Externalizing PGS accounted 
for the most variance in substance outcomes relative to the PGS for the other factors and 
residual PGS appeared to capture substance specific signals.  
 
Conclusions and Relevance: Our findings suggest that modeling both a broad genetic liability 
to externalizing behaviors and substance-specific liabilities enhances the detection of genetic 
effects related to SUDs and explains more variance in substance use outcomes. 
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SUDs frequently co-occur, and twin studies indicate that this overlap is due in large part 
to shared genetic influences. This shared genetic influence, which broadly impacts SUD risk, 
accounts for up to 74-80% of the genetic influences on alcohol use disorders and 62-74% of 
genetic influences on other substance use disorders1,2, with the remaining genetic risk being 
substance specific. Despite this, gene-identification efforts most commonly study SUDs 
individually, potentially hampering our ability to identify genes involved in SUDs. More recently, 
multivariate genome-wide association studies3,4 (GWAS) have been applied to SUDs, providing 
further evidence that most genomic risk is shared5.  

SUDs also frequently co-occur with other psychiatric disorders and behavioral traits 
characterized by behavioral disinhibition, such as childhood conduct disorder, adult antisocial 
behavior, and personality traits related to impulsivity6,7. Here too, twin data suggest that shared 
genetic influences contribute to this overlap, with these traits and disorders loading together with 
SUDs on a common underlying shared genetic factor8,9. In twin studies, this underlying latent 
factor is highly heritable (~80%), moreso than any of the disorders or traits studied individually. 
In the psychological literature, this spectrum of behaviors and disorders, including SUDs, is 
typically referred to as Externalizing7,10. 

In the current study, we leverage genetic correlations among SUDs and related 
behavioral disinhibition phenotypes to improve power to detect genetic effects on SUDs11. This 
builds our previous work12, in which we modeled the relationship between SUDs and behavioral 
disinhibition traits. The best fitting models were (1) a common factor in which all SUDs and traits 
related to behavioral disinhibition loaded onto a single factor, and (2) a two-factor model in 
which the factor representing shared SUD risk correlated .9 with a latent factor underlying other 
disorders and traits related to behavioral disinhibition. Here, we extend this work by conducting 
multivariate genomic analyses from data on > 2.2 million individuals of these three factors, 
representing broad externalizing, behavioral disinhibition, and SUDs.  

The value of jointly analyzing genetically correlated traits to improve power is evidenced 
by previous multivariate genomic investigations, including from our group, in which we analyzed 
seven externalizing related traits and identified over 550 independent genetic loci that were 
significantly associated with broad externalizing risk. Nevertheless, use of an overly broad 
model may result in identification of genetic variants that are related to psychopathology more 
broadly, rather than specific to SUDs. Thus, in the current study, we carry forward both the 
common and two-factor models from our previous work and evaluate the ability of each to 
increase gene-identification for without sacrificing specificity of SUDs. To evaluate power, we 
compared the magnitude of genetic signal, number of significant genomic risk loci and genes, 
and variance accounted for by resulting polygenic scores. To evaluate specificity, we explored 
the functions and previous associations of identified risk loci and genes and differential tissue 
expression and polygenic prediction of specific phenotypes in two independent samples.  

 
Methods 

 Results are reported using STREGA reporting guidelines13. 
Multivariate GWAS 
 We used Genomic SEM11 to estimate SNP effects in two models (Figure 1), identified in 
our recent paper12, which were drawn from previous separate GWAS of externalizing14 and 
addiction risk3 with a total sample size of 2,219,357 individuals (Supplementary Table 1). In our 
two-factor model, the SUD factor included problematic alcohol use PAUD)15, problematic 
tobacco use (PTU)4, opioid use disorder (OUD)16, and cannabis use disorder (CUD)17. The 
remaining non-SUD indicators from the original externalizing model (attention deficit 
hyperactivity disorder [ADHD]18, risk taking [RISK]19, number of sexual partners [NSEX]19, age at 
first sex [FSEX]19, smoking initiation [SMOK]20, and cannabis initiation [CANN]21) loaded onto a 
behavioral disinhibition factor (boxes B and C in Figure 1). In our common factor model, all 
behavioral disinhibition phenotypes and SUDs loaded onto a common externalizing factor (Box 
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A in Figure 1). We retained the same GWAS as were used in the respective original multivariate 
GWAS except in the case of OUD, for which a better powered GWAS was available.  

We performed multivariate genome-wide association analyses by estimating SNP effects 
on each of the latent factors (boxes A, F, and G in Figure 1) and the residual SUDs in the single 
factor model (boxes B-E in Figure 1). These residual GWAS capture genetic influences unique 
to that disorder after accounting for what it shared with other behavioral disinhibition phenotypes 
and SUDs. All GWAS included only individuals whose genomes were most similar to those from 
reference panels sampled from Europe (hereto referred to as “EUR”). Clumping was performed 
in Functional Mapping and Annotation of Genome-Wide Association Studies (FUMA) version 
1.6.122 using an r2 threshold of ≥ 0.6 to define independent significant SNPs, a second threshold 
of r2 

≥ 0.1 to define lead SNPs, and a maximum distance between LD blocks of 250kb to merge 
into a locus.  

To characterize differences in statistical power among the multivariate GWAS, we 
examine the mean χ2, λGC, and number of genome-wide significant risk loci for each factor and 
residual SUD. We evaluated the novelty of our findings by comparing the genomic risk loci 
identified in our analyses to 1) loci identified in the original externalizing and addiction risk 
GWAS and 2) loci previously identified for substance use phenotypes in the GWAS literature. 
This latter test was performed by comparing the genomic risk loci for our factors and correlated 
SNPs (r2 > 0.1) to those in the NHGRI-EBI GWAS Catalog23 (version e111_r2024-05-05). Finally, 
we assessed the relative performance of our two models by comparing the degree of 
heterogeneity of SNP effects. We did so by calculating QSNP heterogeneity statistics, which can 
be used to identify SNPs that have an effect on one or more indicator phenotypes that is better 
explained by pathways independent of the factor. If a factor is truly capturing the majority of 
genetic variance shared among its indicator phenotypes, there will be few QSNP loci relative to 
the number of factor loci. 
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Figure 1. Path diagrams of models used in the current analyses. Box A represents the broad 
Externalizing factor onto which all behavioral disinhibition and SUD phenotypes load. Boxes B-E 
represent residual SUD phenotypes. Boxes F and G represent narrower factors reflecting 
Behavioral Disinhibition and SUD phenotypes, respectively. Single headed arrows indicate 
factor loadings whereas the double headed arrow indicates a correlation between the two 
factors.  
 
Biological annotation 

Gene-based methods. We used three methods to identify genes associated with the 
three latent genomic factors. First, we used multi-marker analysis of genomic annotation 
(MAGMA; version 1.08)24, in which genome-wide SNPs were mapped to 18,235 protein-coding 
genes from Ensembl v102, and SNPs within each gene were jointly tested for association with 
each factor. We evaluated Bonferroni corrected significance adjusted for the number of genes 
(one sided p < 2.74x10-6). Next, we used MetaXcan25 to conduct a Transcriptome-Wide 
Association Study (TWAS) using genetically regulated expression models from GTEx v826. This 
analysis leveraged GWAS summary statistics to estimate gene-trait associations. Within-tissue 
Bonferroni correction was applied to identify statistically significant TWAS genes. Finally, we 
used summary-data-based Mendelian randomization (SMR)27 to 1) test the extent to which gene
expression mediated the relationship between SNPs and the phenotype and 2) distinguish 

6
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causality and pleiotropy models from the linkage model using the heterogeneity in dependent 
instruments (HEIDI) test. The latter test was used to identify genes that are more likely to be 
functionally relevant to the phenotype and should therefore be prioritized for follow up. We 
identified genes of interest as those that met SMR test Bonferroni correction significance 
threshold and had a HEIDI test p-value > .05.  

To account for differences in gene-based mapping methods and ensure higher 
confidence in the genes associated with each factor, we further evaluated the intersection of 
genes that were identified in all three gene-based analyses. As our primary goal is to improve 
gene-identification for SUDs, we explored the specificity of genes associated with each factor as 
well as evidence that these genes are relevant to the neurobiological pathways implicated in 
SUDs. To do this, we quantified the number of genes that were unique to each factor (i.e., 
associated with one factor and not the other two factors) and explored the traits with which 
these genes have been previously associated. We also used MAGMA to identify genes 
associated with each residual SUD phenotype. 

Tissue expression. We also used MAGMA tissue expression analysis to test the 
relationship between expressed genes in brain, liver, and lung tissues and genetic associations 
across the three factors. We used weights from GTEx v8 for 15 brain, liver, and lung tissue 
types26. We report standardized beta coefficients of the associations to highlight any differences 
in direction or magnitude of associations across the three factors.   
 
Polygenic scores 

We calculated polygenic scores from GWAS of each latent genomic factor 
(Externalizing, Behavioral Disinhibition, and SUD) among EUR individuals from the 
Collaborative Study on the Genetics of Alcoholism (COGA; N =7,530), a multi-site family-based 
study28 and All of Us (Nmax = 77,442), a national cohort study29,30 (see Supplementary Material 
for addition sample description). We also calculated PGS for the residual SUD phenotypes 
(alcohol, opioid, tobacco, and cannabis use disorders) in COGA. These analyses allowed us to 
compare the total variance explained by each of the PGS and identify the specificity, or loss 
thereof, in polygenic prediction of substance use phenotypes. In COGA we included phenotypes 
related to substance initiation, consumption, and use disorders. In All of Us we analyzed 
diagnoses of alcohol use disorder, tobacco use disorder, other drug disorder (DUD; i.e., use 
disorder for all other drugs, including opioids or cannabis), major depressive disorder, bipolar 
disorder, and schizophrenia using phecodes in participants’ linked electronic health records 
(EHR). We included data from release 7 (May 6, 2018 to February 23, 2023) on those with 
available EHR and whole genome sequence data. 

We used PRS-CS31 to adjust original GWAS beta weights for linkage disequilibrium and 
Plink232 to construct each PGS from these weights. We evaluated the incremental R2/pseudo-R2 
(ΔR2) attained by adding the polygenic score to a regression with baseline covariates (e.g., age, 
sex, and ancestry PCs). We used least squares regression for continuous outcomes and logistic 
regression for categorical ones and adjusted the standard errors in COGA to account for the 
family structure. We estimated 95% CIs for ΔR2 using bootstrapping (1,000 iterations).  
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Results 

Multivariate GWAS 
  
 
 
 
 
 
 
 
 
 
 

After merging across the ten sets of summary statistics, 5,963,905 SNPs were available 
for analysis. Table 1 shows the mean χ2, λGC, LD score intercept, and number of genome-wide 
significant risk loci for each factor and residual phenotype. Relative to the Behavioral 
Disinhibition and SUD factors, the Externalizing factor GWAS produced higher mean χ2 and  λGC 

values, suggesting that it is better powered to detect genetic influences.  
We identified 708, 631, and 48 genomic risk loci for the Externalizing, Behavioral 

Disinhibition, and SUD factors, respectively (Figure 2; Supplementary Table 2). Of the 708 
Externalizing loci and their correlates within LD regions (r2 > .1), 187 (26%) were not identified in 
the previous Externalizing14 or Addiction Risk3 GWAS and 424 (60%) were not previously 
associated with a substance use trait. Although we identified the greatest number of risk loci 
using the broad Externalizing factor, we observed an increased number of hits for Behavioral 
Disinhibition and SUD relative to their original multivariate GWAS as well. Of the 631 Behavioral 
Disinhibition loci and their correlates, 94 (15%) were not identified in the previous Externalizing 
GWAS. Similarly, of the 48 SUD loci and their correlates, 33 (69%) were not identified in the 
previous Addiction Risk GWAS, and 6 (13%) were not previously associated with any substance 
use trait in the GWAS Catalog. Finally, we identified 14, 23, and 1 genomic risk loci for the 
residual AUD, PTU, and CUD phenotypes, respectively, whereas the residual OUD GWAS did 
not identify any genome-wide significant hits (Supplementary Table 3). Many of these loci were 
mapped to genes involved in metabolism or receptor activity of specific substances. For 
example, residual AUD loci were mapped to genes in the alcohol dehydrogenase family 
(ADH1B, ADH4, ADH5, ADH6), which is involved in metabolism of alcohol and other related 
substances, and loci for residual PTU were mapped to genes in the nicotinic acetylcholine 
receptor family of proteins (CHRNA3, CHRNA5, CHRNA6, CHRNB3, CHRNB4).  

We also performed SNP-level tests of heterogeneity (QSNP) to investigate the extent to 
which SNPs identified with the factors had consistent, pleiotropic effects on the constituent 
indicators of that factor. We identified 134 and 112 QSNP for the Externalizing and two-factor 
Behavioral Disinhibition and SUD model, respectively. Only one QSNP loci from the Externalizing 
model overlapped with any of the 708 genomic risk loci identified for that factor. This was 
rs4702, a noncoding transcript variant located in the gene FURIN that has previously associated 
with OUD33. Similarly, only three significant loci from the Behavioral Disinhibition and SUD 
model were QSNP loci. These loci were rs4702 and rs1229984, a missense variant in ADH1B 
associated with alcohol phenotypes34,35, and rs13135092, an intronic variant located in 
SLC39A8 also previously associated with AUD36. Of the 38 loci identified across all four residual 
SUDs, 14 overlapped with QSNP loci from the Externalizing and/or SUD factor, highlighting the 
pattern that QSNP loci represent substance-specific genetic effects.  

Phenotype Mean χ2 λGC GWS Risk Loci 

Externalizing 3.45 2.58 708 
Behavioral Disinhibition 3.26 2.49 631 
SUD 1.42 1.34 48 
Residual AUD 1.21 1.18 14 
Residual OUD 1.10 1.09 0 
Residual PTU 1.25 1.18 23 
Residual CUD 1.03 1.04 1 
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Figure 2.  Manhattan plots of (top to bottom) Externalizing, Behavioral Disinhibition, and SUD. 
Brown points represent novel SUD loci (loci not previously associated with a substance use 
trait). Top loci are mapped to the nearest gene using ANNOVAR37 annotation.  
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Biological annotation 
 Identifying genes for latent genomic factors. MAGMA identified 1325, 1125, and 69 
genes associated with Externalizing, Behavioral Disinhibition, and SUD, respectively. Metaxcan 
identified 3463, 3078, and 207 genes. SMR and HEIDI tests prioritized 977, 868, and 20 genes 
for Externalizing, Behavioral Disinhibition, and SUD, respectively. The intersection of genes 
identified by these two methods resulted in 142, 127, and 5 high confidence genes significantly 
associated with Externalizing, Behavioral Disinhibition, and SUD, respectively (Figure 3a; 
Supplementary Table 4). We found 38 unique genes for Externalizing, 23 for Behavioral 
Disinhibition, and 3 for SUDs (Figure 3b).  Of the 38 genes unique Externalizing genes, 34 
(89%) have been previously associated with a substance use phenotype (e.g., initiation, 
consumption, or use disorder),23 including CDH12, which has been associated with nicotine 
dependence, and KLHL29, which has been associated with cannabis, nicotine, and alcohol use. 
Of the three unique SUD genes, PPP6C has been associated with CUD, AUD, and OUD. In 
addition, we identified 44, 26, and 3 genes that were not identified in their respective original 
GWAS.  
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Figure 3. (a) Venn diagrams showing the overlap of genes identified by the MetaXcan, SMR, 
and MAGMA analyses for Externalizing (blue), Behavioral Disinhibition (orange), and SUD 
(yellow). (b) upset plot showing intersecting sets of high confidence genes (those identified by 
all three gene-based methods) across Externalizing, Behavioral Disinhibition, and SUD.  
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Identifying genes for residual SUDs. We also used MAGMA to identify genes 
associated with the four residual SUDs. We found 34, 38, and 1 genes associated with residual 
AUD, PTU, and OUD, respectively (Supplementary Table 5). We did not identify any significant 
genes associated with residual CUD. The genes associated with residual SUDs were unique to 
that phenotype, meaning that there were no overlapping genes identified across residual SUDs. 
We saw substance-specificity in the genes associated with the residual SUD phenotypes. The 
majority of genes identified for the residual SUDs were previously associated with a substance 
use phenotype and many were associated only with a phenotype for that specific substance. 
For example, of the 34 genes associated with residual AUD, 22 were previously associated with 
any substance use phenotype and 19 of those were previously associated only with an alcohol 
phenotype. 
 Tissue expression. We found little evidence of differential associations across the three 
factors with gene expression in brain, liver, and lung tissues (Supplementary Figure 1). The 
direction of effects was the same across factors, but the magnitude of the associations for SUDs 
was significantly smaller than those for Behavioral Disinhibition and Externalizing, highlighting 
the differences in power, but not evidence of differences in magnitude of association. 
 
Polygenic scores  

Factor PGS. Figure 4a and 4b compare the variance accounted for by each of the factor 
PGS in relevant substance use outcomes in COGA and All of Us (full results in Supplementary  
Tables 8 and 9). EXTPGS explained the most variance in all phenotypes except alcohol initiation 
in COGA and AUD diagnosis in All of Us, although the confidence intervals for the R2 estimates 
overlapped in many instances. BDPGS typically predicted the second most variance, except in the 
case of AUD symptoms and FTND scores in COGA, and AUD in All of Us. In COGA, EXTPGS 

explained between 1.6% (CUD) and 3.3% (AUD) of the variance and SUDPGS explained .39% 
(OUD) and 2.9% (FTND symptoms). In All of Us, EXTPGS explained between 3.1 (AUD) and 
7.1% (PTU) of the variance in SUD diagnosis and SUDPGS accounted for 3.1% (AUD) and 4.4% 
(DUD).  

Residual SUD PGS. We next compared the variance explained by the residual SUD 
PGS in substance initiation and use disorders in COGA (Figure 4c). Only the resPTUPGS 

accounted for a significant portion of the variance in any variable, explaining 3.2% of the 
variance in problematic tobacco use. Nevertheless, the R2 estimates for each use disorder 
showed substance specific prediction in use disorders, such that the residual PGS predicted the 
most variance in the use disorder phenotype corresponding to that substance (e.g., resAUDPGS 
predicted the most variance in AUD symptoms etc).  
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Figure 4. Variance explained by the factor PGS in (a) COGA and (b) All of Us. Panel (c) shows 
the variance explained by residual SUD PGS in COGA. We report R2 estimates and 95% 
confidence intervals.  
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Discussion 
Despite evidence that SUDs share phenotypic6 and genetic3,8,12 variance with each other 

and with other traits related to behavioral disinhibition, gene identification efforts typically study 
individual SUDs in isolation. This misses potentially important genetic variance untagged and 
may in part explain the slow progress in gene discovery for SUDs relative to other complex 
behavioral phenotypes38. Here, we drew from the twin literature on the nature of genetic 
influences on SUDs1,2,8 and capitalized on recent advances in multivariate statistical genetic 
methods11, to model the shared genetic architecture of SUDs and other externalizing 
phenotypes with the goal of improving gene discovery for SUDs.  

Our results compellingly demonstrate that modeling genetic covariance of SUDs 
alongside related externalizing traits improves gene discovery for SUDs. In addition, we 
demonstrate that use of the externalizing factor as a gene-identification target did not reduce 
our ability to detect SUD-specific effects. Furthermore, our results indicate that use of a broad 
externalizing factor does not result in loss of specificity for SUD related signal. We base this 
argument on 1) the comparable number of QSNP loci between the two models, suggesting similar 
levels of heterogeneity; 2) the identification of substance use related genes in the Externalizing 
GWAS that were not identified in the GWAS for other factors; 3) lack of evidence for differential 
tissue expression or PGS associations across the three factors; and, in fact, 4) evidence that 
the Externalizing factor was best powered to capture SNP associations and that PGS derived 
from the externalizing factor account for variance in substance related outcomes. Finally, we 
demonstrate that substance-specific genetic associations (e.g., ADH1B, CHRNA5) are 
effectively captured by the residual SUD GWAS, indicating that the most insight into genetic 
influences on SUDs can be obtained by examining both the shared genetic liability to 
externalizing and the residual genetic variance in each SUD.  

The finding that novel insights into the genetic influences on SUDs are best gained by 
studying broad genetic liability to externalizing in conjunction with residual SUD genetic variance 
is consistent with previous structure of psychopathology and twin literature. The importance of 
broad spectra and individual signs and symptoms is emphasized in recent structural models of 
psychopathology (e.g., HiTOP)10,39. Twin studies further support this, as externalizing factors 
capture a large proportion of etiological variance in their indicators, including SUDs, but 
individual disorders often retain a small, but statically significant, proportion of specific 
etiological variance8.  
 
Limitations & Future Directions 
These findings should be interpreted in light of a few limitations. First and foremost, our 
analyses include only data from participants of European ancestry, thereby limiting the 
generalizability of our results. This was a practical choice as we relied on previously published 
GWAS and sufficiently powered GWAS of non-European ancestry samples are not yet available 
for these outcomes. Our group is working to expand to more diverse genomic populations 
(https://osf.io/7pfgj/). Second, our analyses are limited to disorder-level phenotypes and may 
mask symptom specific heterogeneity. Recent phenotypic studies exploring the comorbidity 
between SUDs and among SUDs and other forms of psychopathology suggest symptom-
specific effects, 40-43 which we are unable to model Finally, although SUDs manifest the 
strongest relationships with other externalizing phenotypes, there is evidence of an internalizing 
pathway to problematic substance use44,45 which is not modeled in the current study.  

 
Conclusions 

Modeling a common genetic liability to externalizing resulted in a greater number of 
genomic risk loci, identified novel genes, and produced a polygenic score that accounted for 
more variance in substance use outcomes. Our findings suggest that capitalizing on the shared 
genetic architecture among externalizing phenotypes can advance gene discovery for SUDs.  
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