
Polygenic contribution to cannabis use disorder
shared with and independent of ADHD: a GWAS-by-
subtraction approach
Marta Ribasés 

Vall d'Hebron Research Institute (VHIR), Universitat Autònoma de Barcelona https://orcid.org/0000-
0003-1039-1116
Judit Cabana-Domínguez 

Vall d'Hebron Research Institute (VHIR) https://orcid.org/0000-0002-4732-7284
Natalia Llonga 

Vall d'Hebron Research Institute (VHIR), Universitat Autònoma de Barcelona https://orcid.org/0000-
0003-4325-6201
Silvia Alemany 

vhir https://orcid.org/0000-0002-7925-6767
Triinu Varvas 

Estonian Genome Centre, Institute of Genomics, University of Tartu https://orcid.org/0009-0000-9321-
9367
Laura Vilar-Ribó 

UCSD https://orcid.org/0000-0001-8758-523X
Uxue Zubizarreta-Arruti 

Vall d'Hebron Research Institute (VHIR) https://orcid.org/0009-0005-2267-6196
Pau Carabí-Gassol 

Vall d'Hebron Research Institute (VHIR) https://orcid.org/0000-0001-9105-2946
Manuel D. Rodríguez-Romero 

Vall d'Hebron Research Institut
Valeria Macias-Chimborazo 

Vall d'Hebron Research Institut
Christian Fadeuilhe 

Hospital Universitari Vall d'Hebron (IIS-IR-HUVH)
Corrales Montse 

Department of Mental Health, Hospital Universitari Vall d'Hebron
Vanesa Richarte 

Hospital Universitari Vall d'Hebron (IIS-IR-HUVH)

https://doi.org/10.21203/rs.3.rs-11569749/v1
https://doi.org/10.21203/rs.3.rs-11569749/v1
https://orcid.org/0000-0003-1039-1116
https://orcid.org/0000-0003-1039-1116
https://orcid.org/0000-0002-4732-7284
https://orcid.org/0000-0003-4325-6201
https://orcid.org/0000-0003-4325-6201
https://orcid.org/0000-0002-7925-6767
https://orcid.org/0009-0000-9321-9367
https://orcid.org/0009-0000-9321-9367
https://orcid.org/0000-0001-8758-523X
https://orcid.org/0009-0005-2267-6196
https://orcid.org/0000-0001-9105-2946


Silvia Amoretti 
Bipolar and Depressive Disorders Unit, Institute of Neuroscience, Hospital Clinic, University of

Barcelona, Barcelona, Spain https://orcid.org/0000-0001-6017-2734
Lara Grau-López 

Hospital Universitari Vall d'Hebron
Daigre Constanza 

Department of Mental Health, Hospital Universitari Vall d'Hebron
Ros-Cucurull Elena 

Department of Mental Health, Hospital Universitari Vall d'Hebron
Palma-Alvarez Raúl 

Department of Mental Health, Hospital Universitari Vall d'Hebron
Alex Segura 

Vall d'Hebron Institut de Recerca https://orcid.org/0000-0002-9398-2183
Skojo Matea 

Vall d'Hebron Research Institute (VHIR), Universitat Autònoma de Barcelona
Bru Cormand 

Universitat de Barcelona https://orcid.org/0000-0001-5318-4382
Fernàndez-Castillo Noèlia 

Universitat de Barcelona
Kadri Kõiv 

University of Tartu https://orcid.org/0000-0001-5286-2014
Kelli Lehto 

Estonian Genome Centre, Institute of Genomics, University of Tartu https://orcid.org/0000-0003-2735-
7643
Josep Antoni Ramos-Quiroga 

Hospital Universitari Vall d'Hebron. https://orcid.org/0000-0003-1622-0350
María Soler Artigas 

Vall d'Hebron Research Institute https://orcid.org/0000-0002-3213-1107

Article

Keywords:

Posted Date: November 6th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-11569749/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://orcid.org/0000-0001-6017-2734
https://orcid.org/0000-0002-9398-2183
https://orcid.org/0000-0001-5318-4382
https://orcid.org/0000-0001-5286-2014
https://orcid.org/0000-0003-2735-7643
https://orcid.org/0000-0003-2735-7643
https://orcid.org/0000-0003-1622-0350
https://orcid.org/0000-0002-3213-1107
https://doi.org/10.21203/rs.3.rs-11569749/v1
https://creativecommons.org/licenses/by/4.0/


Additional Declarations: Yes there is potential Competing Interest. CF has received fees to give talks for
Takeda, Rubio, Casen-Recordati and Idorsia. JARQ was on the speakers’ bureau and/or acted as
consultant for Biogen, Janssen-Cilag, Idorsia, Novartis, Shire, Takeda, Bial, Shionogi, Sincrolab, Novartis,
BMS, Medice, Rubió, Uriach, Technofarma and Raffo in the last 3 years. He also received travel awards
(air tickets + hotel) for taking part in psychiatric meetings from Idorsia, Janssen-Cilag, Rubió, Shire,
Takeda, Shionogi, Bial and Medice. The Department of Psychiatry chaired by him received unrestricted
educational and research support from the following companies in the last 3 years: Janssen- Cilag, Shire,
Oryzon, Roche, Psious, Idorsia, Neuraxpharm, Exeltis, and Rubió. MR received travel awards (air tickets +
hotel) for taking part in psychiatric meetings from Rubió. All other authors declare no biomedical
financial interests or conflicts of interest.



1

Polygenic contribution to cannabis use disorder shared with and independent of ADHD: a GWAS-

by-subtraction approach 

Judit Cabana-Domínguez1,2,3,4,&, Natalia Llonga1,2,3,4,&, Silvia Alemany1,2,3, Triinu Varvas5, Laura 

Vilar-Ribó6, Uxue Zubizarreta-Arruti1,2,3,4, Pau Carabí-Gassol1,2,3,4, Manuel Donato Rodríguez-

Romero1,2,3,4, Valeria Macias-Chimborazo1,2,3, Christian Fadeuilhe1,2,3,7, Montse Corrales1,2,3,7, 

Vanesa Richarte1,2,3,7, Silvia Amoretti1,2,3, Lara Grau-López2,3,8, Constanza Daigre2,3,8, Elena Ros-

Cucurull2,8, Raúl Felipe Palma-Alvarez2,3,8, Àlex Gozález-Segura1,2,3, Matea Skojo1,2,3, Bru Cormand4, 

9,10,11, Noèlia Fernàndez-Castillo4,9,10,11, Kadri Kõiv5, Kelli Lehto5, Estonian Biobank Research Team5, 

Josep Antoni Ramos-Quiroga1,2,3,7, María Soler Artigas1,2,3,4,*, Marta Ribasés1,2,3,4,*

1 Psychiatric Genetics Unit, Group of Psychiatry, Mental Health and Addiction, Vall d�Hebron 

Research Institute (VHIR), Instituto de Investigación Sanitaria Acreditado Instituto de 

Investigación - Hospital Universitario Vall d'Hebron (IR-HUVH), Barcelona, Spain. 
2 Department of Mental Health, Hospital Universitari Vall d'Hebron, Barcelona, Catalonia, Spain. 

3 Biomedical Network Research Centre on Mental Health (CIBERSAM), Madrid, Spain. 

4 Department of Genetics, Microbiology, and Statistics, Faculty of Biology, Universitat de 

Barcelona (UB), Barcelona, Spain.

5 Estonian Genome Centre, Institute of Genomics, University of Tartu, Estonia. 

6 Department of Psychiatry, University of California San Diego, La Jolla, CA, USA 

7 Department of Psychiatry and Forensic Medicine, Universitat Autònoma de Barcelona (UAB), 

Barcelona, Catalonia, Spain 

8 Addiction and Dual Diagnosis Unit, Department of Psychiatry, Hospital Universitari Vall 

d'Hebron, Barcelona, Catalonia, Spain 

9 Centro de Investigación Biomédica en Red de Enfermedades Raras (CIBERER), Instituto de Salud 

Carlos III (ISCIII), 28029 Madrid, Spain. 

10 Sant Joan de Déu Research Institute (IRSJD), Esplugues de Llobregat, Catalonia, Spain 

11 Institute of Biomedicine of the University of Barcelona (IBUB), Barcelona, Catalonia, Spain. 

& These authors contributed equally. 

*Corresponding authors: Marta Ribasés and María Soler Artigas. Psychiatric Genetics Unit, Vall 

d�Hebron Research Institute (VHIR), Department of Psychiatry Hospital Universitari Vall d�Hebron, 

Passeig Vall d�Hebron, 119-129, 08035 Barcelona, Spain Phone: +34 934894162. 

marta.ribases@vhir.org and maria.soler@vhir.org. 



2

ABSTRACT

Cannabis use disorder (CUD) is a heterogeneous condition characterized by different patterns of 

comorbidity and clinical presentation, yet the genetic contributors to this heterogeneity remain 

poorly understood. CUD frequently co-occurs with attention-deficit/hyperactivity disorder 

(ADHD), reflecting, in part, their shared genetic liability. Distinguishing the genetic component of 

CUD that operates through ADHD from the component independent of ADHD may help clarify 

whether these two components differ in their association with substance-use phenotypes, 

psychiatric traits, and broader health outcomes. We applied genomic structural equation 

modeling�based GWAS-by-subtraction to large-scale ADHD and CUD genome-wide association 

studies to characterize these two CUD components and investigate their genetic and phenotypic 

association profiles. The ADHD-independent component accounted for approximately 35% of 

CUD SNP-based heritability and included three genome-wide significant loci. Although both 

components showed genetic correlations with substance dependence and risk-taking behaviors, 

they exhibited distinct patterns of genetic correlation with substance use phenotypes, other 

mental disorders, and health outcomes. In a phenome-wide association study of 114,410 

Estonian Biobank participants, both genetic components were associated with multiple health 

conditions, but the ADHD-related genetic component generally showed larger effects. Across two 

clinical samples, polygenic score generated with both components further revealed distinct 

associations with the comorbidity between ADHD and substance use disorders (SUD). Both scores 

were associated with SUD among individuals without ADHD. In contrast, only the polygenic score 

for the ADHD-related component (PGSadhd) was associated with ADHD and comorbid ADHD and 

SUD, with the strongest association observed in the comorbid group. Mediation analysis further 

indicated that ADHD diagnosis accounted for approximately 20% of the association between 

PGSadhd and SUD. Together, these findings demonstrate that ADHD-related and ADHD-

independent components of CUD have distinct genetic and phenotypic association profiles, 

suggesting that genetic heterogeneity may contribute to the clinical heterogeneity of SUD. This 

framework may help guide further research into the etiology and clinical presentation of the 

disorder. 

INTRODUCTION 
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Substance use disorders (SUD) and attention-deficit/hyperactivity disorder (ADHD) are both 

prevalent, co-occurring mental health conditions that significantly influence the course and 

severity of the disorders and long-term outcomes in affected individuals1,2. Cannabis is the most 

common illicit drug used by individuals with ADHD, who are up to two times more likely to 

consume cannabis compared to individuals without ADHD and have nearly three times greater 

risk for experiencing cannabis use disorder (CUD) than the general population3. Also, adolescents 

with problematic cannabis use, cannabis abuse and CUD receive a diagnosis of ADHD in more 

than 30% of the cases4. Furthermore, persistent ADHD has been associated with an increased 

likelihood of substance dependence in young adulthood, in a longitudinal study 5. Together, these 

findings support the idea that ADHD may contribute to the development of CUD.  

A major contributor to the high rates of comorbidity between ADHD and CUD is the shared 

genetic liability underlying both conditions6. ADHD and CUD are highly polygenic, with many 

variants exerting an individual small influence on risk and single nucleotide polymorphism-based 

heritability (h2
SNP) around 14% and 6.7%, respectively7,8. Recent research has shown a strong 

positive genetic correlation between ADHD and CUD (rg = 0.57) and Genomic Structural Equation 

Modeling (GenomicSEM) suggests a latent genetic factor encompassing the two disorders9,10. 

Also, a multivariate genome-wide association study (GWAS) of ADHD and CUD identified 36 

genome-wide significant loci, 17 of them novel for both disorders, and highlighted genes with 

increased expression across brain tissues and developmental stages10. Polygenic score (PGS) 

analyses further support these findings. Individuals with CUD exhibit higher PGS for ADHD 

compared to controls11. Also, individuals with comorbid ADHD and CUD show a greater genetic 

load of common variants for both disorders, in addition to an increased burden of rare variants, 

than individuals with ADHD without CUD10. Stratification of individuals with ADHD by their PGS 

for CUD also revealed that those in the highest quartile of polygenic risk for CUD have a 22% 

absolute risk of developing comorbid CUD versus 1.6% risk for controls10.  

Although ADHD and CUD show substantial genetic overlap, distinguishing the ADHD-related 

genetic component of CUD from the residual component independent of ADHD may help clarify 

whether these components contribute differently to the clinical heterogeneity of CUD. Here, we 

applied GWAS-by-subtraction to summary statistics from the largest GWAS datasets currently 

available7,8,12 to derive an ADHD-shared component of CUD and a residual ADHD-independent 

component. We then characterized these components using complementary analyses 

(Supplementary Figure 1): genetic-correlation analyses to compare the similarity of their 

genome-wide association profiles, and a population-based phenome-wide association study 
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(PheWAS) to test their polygenic score (PGS) associations with a broad range of recorded 

diagnoses. Finally, we examined associations with ADHD, substance use disorders (SUD), and their 

co-occurrence in two clinical samples. Together, these analyses aimed to characterize the genetic 

architecture of CUD in relation to ADHD and determine whether the two components exhibit 

distinct genetic and phenotypic association profiles.

RESULTS 

SNP-based heritability and genetic overlap between CUD and ADHD 

The esƟmated SNP heritability (h2
SNP) on the liability scale was 7.5% (s.e.=0.4) for CUD and 17.6% 

(s.e.=0.8) for ADHD, and there was a strong posiƟve geneƟc correlaƟon between them (rg=0.61, 

s.e.=0.027 P=8.2e-116) (Supplementary Table 1). This significant geneƟc correlaƟon was 

consistent with the straƟfied cross-phenotype Q-Q plots, where p-values for one trait were 

ploƩed condiƟoning on different associaƟon strengths for the other trait (Supplementary Figure 

2). A stronger leŌward deflecƟon from the null expectaƟon was observed when condiƟoning by 

increased levels of associaƟon for both phenotypes. 

Univariate MiXeR revealed that both CUD and ADHD are highly polygenic, with 6,097 variants 

(s.e.=442) and 7,459 variants (s.e.=311) explaining 90% of h2
SNP of CUD and ADHD, respecƟvely 

(Supplementary Table 2 and Supplementary Figure 2). We found that 95% of CUD-influencing 

variants are shared with ADHD (5,805 variants (s.e.=434); Dice coefficient=0.86), with a high 

proporƟon of variants showing concordant direcƟon of the effect (76%) (Supplementary Table 2 

and Supplementary Figure 2). 

GWAS-by-subtraction 

We dissected the genetic variation in CUD by the genetic variation in ADHD applying GWAS-by-

subtraction with GenomicSEM on summary statistics from GWAS on ADHD and CUD7,8

(Supplementary Table 3a, Supplementary Figure 3).

The SNP heritability for the non_adhd contribution to CUD (h2
SNP-non_adhd) was estimated as 3.1% 

(s.e.=0.2), indicating that the non_adhd latent factor accounts for a substantial part of the total 

variance, around 35%, in CUD (Supplementary Table 1). There was no evidence of residual 

stratification or confounding leading to an inflation of test statistics, with a LD score regression 

intercept of 1.00 (s.e.=0.007) and a ratio of 0.0024 (s.e.=0.042), which indicates that most of the 
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deviation from the null in the distribution of the test statistics reflects polygenicity 

(Supplementary Table 1 and Supplementary Figure 4).   

Overall, results were consistent after sensitivity analysis allowing for moderate causal effect of 

CUD on ADHD (Spearman�s correlation coefficient r=0.93; P-value=5.4e-12) (Supplementary 

Table 3b and Supplementary Figure 5). The GWAS on non_adhd identified three independent loci 

that were previously associated with CUD with weaker effect and consistent direction of the 

association, but not with ADHD (Figure 1 and Supplementary Table 4). The functional annotation 

of variants associated with the non_adhd factor revealed over-representation of SNPs lying in 

introns (11.2%; P=1.7e-17), intergenic regions (69.2%; P=9.9e-12) as well as upstream (3.1%; 

P=0.012) and downstream of known genes (2.7%; P=0.044) (Supplementary Figure 6). Notably, 

95.1% of the significant variants tagged eQTLs in brain, 86.6% were located in open chromatin 

regions (minimum chromatin state ≤ 7), 1.3% were predicted to affect the binding of transcription 

factors (RegulomeDB scores from 1b to 2c), and 4.9% were potentially deleterious (CADD score 

> 12.37) (Supplementary Table 5). The three loci identified were previously related (P<5e-08) with 

CUD, smoking (e.g., smoking status, smoking initiation, lifetime smoking and smoking cessation), 

risk-taking behavior (number of sexual partners) and mental disorders or related traits (major 

depressive disorder, bipolar disorder, schizophrenia, neuroticism and externalizing behavior) 

(Supplementary Table 6). Variants associated with the non_adhd factor mapped to 108 unique 

genes significant enriched in interesting gene-sets from the GWAScatalog including brain 

morphology and mental disorders (Supplementary Table 7). The gene-based analysis identified 

three significantly associated genes for the non_adhd factor, CLU, TAF12 and RHOAs 

(Supplementary Table 8), while no significant gene-sets were found after multiple comparison 

correction. 

Genetic correlations for adhd and non_adhd factors 

The adhd and non_adhd factors showed significant differences in their pattern of genetic 

correlation with many disorders and traits (Supplementary Table 9 and 10). 

SUD, risk taking and smoking behavior 

Adhd and non_adhd genetics showed a similar relationship with risk-taking behaviors and 

substance use disorders, both factors being associated with higher risk tolerance, risk-taking, and 

number of sexual partners and increased risk for alcohol and opioid dependence. However, 

non_adhd showed positive and stronger genetic correlation with substance use than adhd, which 

showed genetic correlations either of smaller magnitude (e.g., lifetime cannabis use and alcohol 
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drinks per week) or in opposite direction (e.g., alcohol use). In contrast, adhd correlated with 

smoking-related traits (e.g., age of smoking initiation, ever smoker, smoking cessation, smoking 

initiation and cigarettes per day), whereas genetic correlations with non_adhd were of smaller 

magnitude for all of them, including for cigarettes per day that was non-significant (Figure 2 and 

Supplementary Table 10).  

Mental disorders, personality, cognition and other traits 

For most mental disorders and related traits (7 out of 10), adhd and non_adhd displayed 

significantly different pattern of genetic correlation. The genetic correlations for adhd were 

similar, but generally of higher magnitude, to genetic correlations identified for CUD. Adhd

showed a negative genetic correlation with anorexia nervosa but positively correlated with other 

mental disorders and related traits including antisocial behavior, anxiety disorder, autism 

spectrum disorder (ASD), bipolar disorder, depression, loneliness, schizophrenia and suicide 

attempt. Non_adhd genetic correlations were either of smaller magnitude than adhd (e.g., 

antisocial behavior, depression and suicide attempt), in the opposite direction (e.g., ASD) or non-

significant (e.g., anorexia nervosa, anxiety disorder and loneliness). Notably, schizophrenia 

displayed a stronger positive genetic correlation with non_adhd, while bipolar disorder showed 

similar positive genetic correlation with both addiction factors (Figure 3 and Supplementary Table 

10). 

Both adhd and non_adhd factors displayed a negative correlation with cognitive outcomes (e.g., 

cognitive performance, educational attainment or intelligence quotient), as well as with 

subjective well-being, neuroticism, longevity, and age at first intercourse, with genetic 

correlations for adhd being of higher magnitude than for non_adhd. Also, BMI and overweight 

and obesity showed positive correlation with adhd, but displayed opposite pattern of correlation 

or no genetic correlation with non_adhd, respectively. Finally, number of children showed a 

positive correlation with both genetic factors, but of higher magnititude for adhd than for non-

adhd (Figure 3 and Supplementary Table 10). 

Phenome-wide association study in the Estonian Biobank (EstBB) 

We constructed genome-wide polygenic scores for the two genetic factors estimated by GWAS-

by-subtraction (PGSadhd and PGSnon_adhd) and performed a PheWAS to test their association with 

1,092 electronic health record�based ICD-10 codes in a total of 114,410 individuals from the 

EstBB.
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The association of both PGSadhd and PGSnon_adhd with ADHD diagnosis (F90; 0.01% of the individuals 

with ADHD; n=1,174) revealed that only PGSadhd was associated with the disorder (OR= 1.33, 95% 

CI 1.29-1.37; P=2.72e-21), whereas no association was observed for PGSnon_adhd. In addition to 

ADHD diagnosis, the PheWAS revealed evidence of associaƟon of PGSadhd and/or PGSnon_adhd with 

192 additional ICD-10 codes (21 mental health, 123 general health, and 48 external causes) aŌer 

Bonferroni correcƟon for mulƟple tesƟng (Supplementary Table 11). Of those, a total of 15 were 

associated with PGSnon_adhd, which included mental and behavioral disorders due to alcohol and 

multiple drug use; emotional or behavioral reaction to severe stress; self-harm as intentional self-

poisoning by exposure to drugs, external causes such as accidents related to poisoning (including 

alcohol and other drugs) or fractures; as well as other health and lifestyle-related problems and 

infectious diseases such as chronic hepatitis (Supplementary Table 11).

When we examine ICD-10 codes associated to either PGSadhd and/or PGSnon_adhd in the PheWAS to 

assess differences in effect sizes, we idenƟfy significant differences for 81 diagnosƟc codes aŌer 

Bonferroni correcƟon for mulƟple tesƟng (0.05/193=2.59e-04), reflecƟng disƟnct paƩerns of 

associaƟon between the two genome-wide polygenic score profiles. In all cases PGSnon_adhd 

showed associaƟons in the same direction as PGSadhd, but with smaller effect sizes. The only 

excepƟon was abnormaliƟes of breathing (R06), which exhibited an opposite paƩern of 

associaƟon between PGSadhd and PGSnon_adhd. Overall, the medical conditions showing the 

strongest evidence of differential effect sizes were obesity (E66; P=1.56e-38), dorsalgia (M54; 

P=1.48e-21), gastro-oesophageal reflux disease (K21; P1.14e-19), mononeuropathies of upper 

limb (G56; P=2.89e-19), headache syndromes (G44; P=4.46e-18) and type 2 diabetes mellitus 

(E11; P=5.37e-15) (Figure 4 and Supplementary Table 12a).  

Focusing on mental health condiƟons, we found that, in addiƟon to ADHD (F90), nicoƟne 

dependence (F17), other mental disorders due to known physiological condiƟon (F06), and eaƟng 

disorders (F50) were only associated with PGSadhd. In contrast, depression-related traits (F32 and 

F33), anxiety disorders (F41), and emoƟonal or behavioral reacƟon to severe stress (F43) showed 

associaƟon with both PGSs in the same direcƟon but with stronger effects for PGSadhd (Figure 4 

and Supplementary Table 12a). 

Polygenic score analyses in ADHD and/or SUD clinical samples 

To investigate the contribution of the adhd and non_adhd genetic components in the comorbidity 

between SUD and ADHD, we conducted PGS analyses constructed on CUD (PGSCUD) and the two 
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genetic components estimated through GWAS-by-subtraction (PGSadhd and PGSnon_adhd) in two 

independent clinical datasets comprising individuals with SUD and/or ADHD, as well as controls.  

In the SUD clinical sample, all three PGS were positively associated with SUD, with similar effect 

sizes in the overall SUD sample and the SUD-only subgroup. In contrast, among individuals with 

comorbid SUD and ADHD (SUD+ADHD), SUD was positively associated with PGSCUD and PGSadhd,, 

but not with PGSnon_adhd. Notably, the effect of PGSadhd was approximately 60% larger in comorbid 

cases than in either of the other SUD groups. Consistently, PGSadhd explained a greater proportion 

of the phenotypic variance in the comorbid group, with liability R2 increasing from 2.1% in the 

overall SUD sample and 1.7% in the SUD-only subgroup to 3.07% in the comorbid group (Figure 

5a and Supplementary Table 13a). 

In the ADHD clinical sample, PGSCUD was positively associated with ADHD in both the overall ADHD 

sample and in individuals with comorbid SUD (ADHD+SUD), but not in the ADHD-only group. 

PGSadhd was positively associated with ADHD across all groups, with an effect approximately twice 

as large in individuals with comorbid SUD than in those with ADHD alone. PGSadhd explained 

approximately 3.2 times more phenotypic variance in the comorbid group than in the ADHD-only 

group (2.3% vs. 0.7%). In contrast, PGSnon_adhd was not associated with ADHD in any of the groups 

(Figure 5b and Supplementary Table 13b).  

In comorbid cases, we found no significant differences in the effects of any of the PGS depending 

on whether the primary diagnosis for treatment seeking was SUD (SUD+ADHD) or ADHD 

(ADHD+SUD) (Supplementary Table 14), and both datasets were therefore meta-analyzed and 

considered together in subsequent analyses (n=461). Upon meta-analysis, PGSCUD and PGSadhd

were positively associated with the comorbid condition compared with controls (P<6.42e-08), 

whereas PGSnon_adhd was not (Supplementary Table 14). Figure 6 summarizes the contrasting 

profiles of the two CUD components across clinical presentations: PGSadhd was associated with 

every presentation, with the strongest effect in comorbid cases, whereas PGSnon_adhd was 

associated with SUD-only cases but not with ADHD-only or comorbid cases. When compared with 

ADHD-only cases, comorbid cases displayed higher genetic load for PGSCUD and PGSadhd, but not 

for PGSnon_adhd (Supplementary Table 15). 

To further investigate whether ADHD diagnosis mediated the association between genetic liability 

to ADHD and SUD, we conducted a causal mediation analysis in the pooled clinical datasets. 

PGSadhd, was associated with ADHD diagnosis (OR=1.22, 95% CI 1.13�1.32; P=2.8e-07; 

Supplementary Table 16a), and ADHD diagnosis was associated with higher odds of SUD 
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(OR=3.83, 95% CI 3.03�4.84; P=4.2e-29; Supplementary Table 16b). In the causal mediation 

analysis (Supplementary Table 16c), each 1-SD increase in PGSadhd was associated with a 3.6 

percentage-point higher probability of SUD (total effect=0.036, 95% CI 0.025�0.046; P<2e-16). Of 

this, 0.70 percentage points were mediated by ADHD diagnosis (ACME=0.0070, 95% CI 0.0025�

0.0115; P=2e-03) and 2.9 percentage-points were direct (ADE=0.0286, 95% CI 0.019�0.037; P<2e-

16), corresponding to a proportion mediated of 19.8% (95% CI 7.7�31.7; P=2e-03).  

DISCUSSION 

Strengthening results of observational and genetic studies, we confirm substantial genetic 

overlap between ADHD and CUD, and, for the first time, characterize the genetic influences on 

CUD that are shared with, as well as independent of, the genetic liability of ADHD. 

In addition to evidence that meeting diagnostic criteria for ADHD increases the risk of SUD, we 

found that individuals with SUD exhibit a higher polygenic burden for ADHD compared to 

controls, regardless of the presence of comorbid ADHD. These results extend previous findings 

of substantial genetic overlap between the two disorders and further support the contribution of 

an ADHD-dependent genetic component to SUD risk, independently of a formal ADHD diagnosis.  

Focusing on the genetic influences on CUD shared with ADHD, we found that this genetic 

component was associated with both SUD and ADHD across the clinical samples, with the 

strongest effect observed in the comorbid condition. This pattern of association suggests that the 

ADHD-related genetic component may be particularly relevant to SUD risk among individuals with 

ADHD, extending prior research highlighting the substantial shared genetic liability underlying the 

increased risk of SUD in this population1,13. These findings also align with previous research 

suggesting that the effect of the genetic liability to ADHD on CUD is largely direct, with only a 

small proportion mediated by genetic liability to cannabis use itself10. Furthermore, mediation 

analysis indicated that the ADHD diagnosis accounted for approximately 20% of the association 

between PGSadhd and SUD, consistent with the idea that the ADHD-related polygenic burden may, 

at least in part, increase SUD risk through the manifestation of ADHD.  

Beyond the contribution of an ADHD-shared genetic component, we identified genetic influences 

of CUD that are independent of the genetic liability of ADHD. This ADHD-independent genetic 

component is associated with SUD particularly in the absence of comorbid ADHD, and shows no 

significant association with ADHD, regardless of SUD status, confirming that GWAS-by-

subtraction effectively isolated genetic variance in CUD that is independent of ADHD. It accounts 

for approximately 35% of the genetic variance in CUD and comprises three distinct loci previously 
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identified in the original GWAS on CUD8. They include a lead signal nearby CHRNA2, which 

encodes the nicotinic acetylcholine receptor alpha-2 subunit that has been widely associated with 

CUD14,15, as well as a locus near RPSAP2, a gene associated with intelligence16 and major 

depressive disorder17. Additionally, this ADHD-independent component shows a stronger 

correlation with substance use-related phenotypes than the ADHD-shared genetic component, 

which aligns with prior findings of a lower genetic correlation between ADHD and cannabis use

compared to that between ADHD and CUD10. 

Notably, both ADHD-shared and independent genetic components influencing CUD displayed 

similar genetic correlations with risk-taking behaviors and substance dependence. However, the 

ADHD-related genetic influences show significantly higher genetic correlation with other mental 

disorders and adverse health outcomes compared to genetic influences that are independent of 

ADHD. This disƟnct paƩern of associaƟon between the two geneƟc components was also 

observed in the PheWAS, in which the ADHD-related component exhibited larger effect sizes than 

the ADHD-independent load in ICD-10 codes spanning both mental and non-mental health 

condiƟons, as well as external causes of morbidity and mortality. Overall, these results align with 

evidence from GenomicSEM of shared liability encompassing ADHD, CUD and other psychiatric 

disorders, and suggest a substantial portion of the negative health outcomes associated with CUD 

are influenced by the genetic architecture shared with ADHD. These findings also provide further 

evidence of genetic effects contributing, at least in part, to the increased risk of CUD in individuals 

with ADHD 18, as well as to the higher rates of comorbidity between ADHD, CUD and other co-

occurring medical conditions 1,6,19,20. 

Several considerations are noteworthy. First, our PGS analyses did not account for substance-

specific SUD, ADHD symptoms or other comorbid conditions. Given that there are substance-

specific patterns of genetic overlap with ADHD21 and that specific ADHD symptom profiles, along 

with co-occurring disorders, influence substance use outcomes22, further research focusing 

specifically on CUD, while considering clinical heterogeneity, are warranted. Second, comorbidity 

patterns in individuals with ADHD change across the lifespan23. As the ADHD dataset includes 

children and adults, the group that did not meet diagnostic criteria for SUD at the time of 

recruitment may include individuals at risk of developing SUD later in life. Further studies 

considering the age of onset for both ADHD and SUD, as well as longitudinal designs are needed 

to further investigate genetic effects contributing to maladaptive cannabis use and the 

development of CUD in individuals with ADHD. Third, our results may not be generalizable to non-
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European ancestries due to the lack of large datasets for non-European individuals, particularly 

for ADHD.  

CONCLUSION 

In conclusion, we characterized the genetic influences on CUD that are shared with, as well as 

independent of, the genetic liability of ADHD. While both genetic components of CUD are 

associated with risk-taking behaviors and substance dependence, they contribute differently to 

the comorbidity between ADHD and SUD, and exhibited different patterns of association with 

substance use, other mental disorders, and overall health outcomes. Together, these findings 

provide new insights into the polygenic architecture of CUD, suggest that genetic heterogeneity 

may contribute to its clinical heterogeneity and offer a framework to further investigating the 

etiology and clinical presentation of the disorder. 

MATERIALS & METHODS 

GWAS summary statistics 

Summary statistics from the largest GWAS meta-analysis to date on CUD in individuals with 

European ancestry (N effective=161,053 individuals)8 and ADHD7 were used. Because of sample 

overlap between the CUD and ADHD datasets, we removed the effect of two studies from the 

ADHD GWAS meta-analysis (Barcelona: 572 cases and 425 controls and Yale-Penn: 182 cases and 

1,315 controls), which provided a restricted PGC + iPSYCH ADHD sample of 37,937 cases and 

185,103 controls (N effective= 101,521 individuals) that was used in all analyses. This restriction 

was implemented to reduce potential dependence between the discovery summary statistics 

used to derive the GWAS-by-subtraction components and the clinical datasets used in 

subsequent analyses. 

Clinical datasets: sample description, clinical assessment and genotyping 

Two independent clinical datasets were considered to assess the polygenic contribution of CUD 

to ADHD and/or SUD. All participants were of European ancestry, which was confirmed through 

principal component analysis (PCA) using genetic data. The study was approved by the Clinical 

Research Ethics Committee (CREC) of Hospital Universitari Vall d�Hebron and methods were 

performed in accordance with the relevant guidelines and regulations. Written informed consent 

was obtained from all participants or their parents/caregivers before inclusion in the study.



12

Substance use disorder clinical sample: 

A total of 1,426 individuals with SUD for at least one of the following drugs: cocaine, opiates, 

cannabis and sedatives (23.5% female, mean age=45.2 years, s.d.=10.2) were recruited at the 

Addiction and Dual Diagnosis Unit in the Hospital Univeritari Vall d'Hebron in Barcelona, Spain. 

Inclusion criteria were age over 18 years old and abuse or dependence according to the DSM-IV 

criteria. The Conners� Adult ADHD Diagnostic Interview for DSM-IV (CAADID) was used to assess 

ADHD comorbidity in 1,037 participants (73%), 223 of which fulfilled criteria for ADHD (21.5%). 

Full description of the clinical assessment can be found in Vilar-Ribó et al.24. The control sample 

consisted of 2,309 unrelated blood donors recruited from the Blood and Tissues Bank of 

Barcelona (37.5% females, mean age=45.8 years-old, s.d.=13.7). Chronic alcoholism, intravenous 

drugs use, and recent cocaine consumption (past four months) were exclusion criteria for blood 

donation. Genomic DNA was isolated from whole blood by the salting-out procedure and 

genotyped with the Illumina Infinium Global Screening Array-24 version 2 (GSA v2) (Illumina, CA, 

San Diego, USA) in three different waves. 

Attention-deficit/hyperactivity disorder clinical sample: 

An in-house sample of 1,789 subjects with ADHD (31.5% female, mean age=27.8 years, s.d.=13.3) 

was recruited at the ADHD Program in the Hospital Univeritari Vall d'Hebron in Barcelona, Spain. 

Children were interviewed using clinical history and the Diagnostic Interview Schedule for 

Affective Disorders and Schizophrenia for School-Age Children 6-18 years�Lifetime Version DSM-

IV (K-SADS-PL). The assessment of ADHD diagnosis in adults was based on symptomatology using 

the Conner�s Adult ADHD Diagnostic Interview for DSM-IV (CAADID-II). The presence of comorbid 

disorders was assessed with the Structured Clinical Interview for DSM-IV Axis I and II Disorders 

(SCID-I and SCID-II). Exclusion criteria was IQ<70; pervasive developmental disorders; a history or 

the current presence of a condition or illness, including neurologic, metabolic, cardiac, liver, 

kidney, or respiratory disease; a chronic medication of any kind; birth weight ≤ 1.5 kg; and other 

neurological or systemic disorders that might explain ADHD symptoms. Information about 

lifetime substance use was collected by a psychiatrist with the SCID-I from half of the adult 

participants (48.4%; n=867), 235 of which fulfilled criteria for SUD (27.4%). More information 

regarding the clinical assessment can be found in Rovira et al. 25. The control sample consisted of 

3,002 unrelated blood donors recruited from the Blood and Tissues Bank of Barcelona (48.9% 

female, mean age=52.3 years, s.d.=16.3). ADHD symptomatology was excluded under the 

following criteria: 1) having been diagnosed with ADHD previously and 2) answering positively to 

the life-time presence of the following ADHD symptoms: a) often has trouble in keeping attention 
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on tasks, b) usually loses things needed for tasks, c) often fidgets with hands or feet or squirms in 

seat, and d) often gets up from seat when remaining in seat is expected. Genomic DNA was 

isolated from whole blood by the salting-out procedure or from saliva samples or buccal swabs 

collected using Oragene DNA OG-500 or OC-175 kits, respectively (DNA Genotek). Genotyping 

was run in seven different genotyping waves with the Illumina HumanOmni1-Quad BeadChip for 

wave 1, Illumina HumanOmni2.5-8 BeadChip for wave 2, Illumina Infinium PsychArray-24 

BeadChip for wave 3, GSA_v2 for waves 4 to 6 or GSA_v3 for wave 7 (Illumina). 

Estonian Biobank (EstBB): sample description and genotyping   

EstBB is a volunteer-based biobank covering approximately 20% of the adult population in Estonia 

(N=212,000; 66% female; mean year of birth 1971)26. The activities of the EstBB are regulated by 

the Human Genes Research Act, which was adopted in 2000 specifically for the operations of the 

EstBB. Individual level data analysis in the EstBB was carried out under ethical approval 1.1-

12/3455 from the Estonian Committee on Bioethics and Human Research (Estonian Ministry of 

Social Affairs), using data according to release application 6-7/GI/17033 from the EstBB. EstBB 

participants were genotyped at the Core Facility of Genomics, University of Tartu, using four 

revisions of the Illumina GSA array (GSAMD-24v1, GSAMD-24v2, ESTchip-1_GSAv2, ESTchip-

2_GSAv3) across 17 genotyping batches, each containing a minimum of ~1,000 samples. 

Imputation and quality control 

For the clinical datasets, pre-imputation quality control (QC) was done with the PLINK 2.0 27 and 

included individual and variant filtering based on the following parameters: variant call rate >0.95 

(before individual filtering), individual call rate >0.98, autosomal heterozygosity deviation 

(|Fhet|<0.2), variant call rate >0.98 (after individual filtering), SNP Hardy-Weinberg equilibrium 

(HWE; P>1e−10 in cases and P>1e-06 in controls) and minor allele frequency (MAF)>0.01. Genetic 

outliers were identified by PCA using PLINK 2.0 and the mixed ancestry 1000G reference panel 28. 

Ancestry outliers were identified separately within each genotyping wave during pre-imputation 

quality control. Depending on the genotyping wave, individuals were excluded if their principal 

component (PC) values for PC1 or PC2 were greater than 1, 2, or 3 SD from the corresponding 

wave-specific mean.. Related and duplicated samples were identified by the �KING-robust kinship 

estimator� analysis in PLINK 2.0 29 and one individual from each pair of subjects with kinship 

coefficient >0.0884 was excluded. Imputation was done with McCarthy tools, for data 

preparation, and the Michigan Imputation Server 30, using the Haplotype Reference Consortium 

(HRC_Version_r1.1_2016) reference panel (GRCh37/hg19). After imputation, we only kept SNPs 
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with an imputation INFO score >0.8, MAF >0.01 and SNP call rate >0.95. Then, samples from the 

five GWAS waves were merged and only SNPs present in all of them, with MAF >0.01, SNP call 

rate >0.95 and differential case/control missingness rate <0.2 in the overall sample were 

considered for subsequent analyses.

For the EstBB, QC procedures were performed for each batch separately. At the sample level, 

individuals with a call rate <0.95 and/or a sex mismatch between genotype and phenotype data 

were excluded. At the variant level, genotypes were removed if they failed one of the following 

filters: call rate >0.95, HWE P >1e-4, Illumina cluster separation >0.4, and Illumina GenTrain score 

>0.6. Genotyping data was processed using the GRCh37 human genome reference. To control for 

potential genotyping batch effects, variants showing inconsistent allele frequencies across 

batches were removed. Specifically, variant allele frequencies were calculated for each 

genotyping batch containing more than 10,000 samples (9 batches in total). The mean allele 

frequency across these batches was then computed, and variants with frequencies deviating by 

more than 5% from the mean in any batch were excluded from the combined dataset. Only single-

nucleotide variants (SNVs) were retained for imputation. Among these, AT, GC, and rare variants 

(MAF<0.01) were removed. For SNVs typed by more than one probe, genotype concordance 

between different probes within each sample was assessed, and variants with discordant calls 

were removed on a per-sample basis. This was followed by another round of a variant-level 95% 

call rate filter. After QC, all genotyping batches were merged into a single cohort dataset. 

Approximately 307K SNVs passed all QC filters and were used for phasing and imputation. The 

dataset was phased reference-free using Eagle v2.4.1. Subsequent imputation of the pre-phased 

data was performed with Beagle v5.4 (beagle.22Jul22.46e.jar), using a population-specific 

haplotype reference panel derived from whole-genome sequencing data of 2,056 Estonian 

individuals31. SNPs with MAF <0.01, palindromic and HWE p <1e-04 were removed for subsequent 

analyses. 

Statistical analyses 

SNP-based heritability and genetic overlap 

We estimated the SNP-based heritability (h2
SNP) and the genetic correlation between CUD and 

ADHD using Linkage Disequilibrium Score Regression (LDSC_v1.0)32. All analyses were restricted 

to Hapmap3 SNPs and conversion of h2
SNP estimates for CUD and ADHD from observed scale to 

the liability scale was done using a population prevalence of 5% for CUD and for ADHD7,33. MiXeR 

(https://github.com/precimed/mixer) was used to calculate the number of trait-influencing SNPs 
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with the univariate model, and the genetic overlap between traits with the bivariate model using 

default settings34. The Dice coefficient explains the proportion of shared SNPs between traits, and 

the Akaike Information Criterion (AIC) was used to determine the model fit 

(https://github.com/precimed/mixer?tab=readme-ov-file#aic-bic-interpretation)  

GWAS-by-subtraction 

We dissected genetic variation in CUD by genetic variation in ADHD applying GWAS-by-

subtraction12 with Genomic Structural Equation Modeling (GenomicSEM)35 on summary statistics 

from GWAS on CUD8 and ADHD7 using default settings.  We constructed a two-factor model, 

where CUD and ADHD were regressed on the first latent factor (adhd), representing genetic 

variance in ADHD, and CUD was further regressed on the second factor (non_adhd), representing 

the residual genetic variance in CUD (Supplementary Figure 2). By construction, the two latent 

factors were uncorrelated, so the non_adhd factor represented genetic variation in CUD that is 

not accounted for by the adhd factor. Then, the two latent factors (adhd and non_adhd) were 

regressed on individual SNPs, which resulted in two paths of association with CUD: (i) SNP effects 

on CUD that are fully mediated by adhd and (ii) SNP effects on CUD that are independent of adhd, 

and generated two new GWAS: ADHD (adhd) and non-ADHD (non_adhd) contributions to CUD. 

The effective sample size (Neffective) of adhd and non_adhd GWAS was estimated using the 

method described by Demange et al. 12. The main analysis model assumed a causal effect of the 

genetic liability of ADHD on CUD, which was followed by a sensitivity analysis allowing for 

moderate bidirectional causality, considering a standardized effect size of 0.2 of CUD on ADHD. 

The correlation between Z-statistics of genome-wide significant hits for adhd and non_adhd in 

the main versus the alternative model was assessed with a Spearman correlation test. 

For loci with more than two secondary lead variants (P-value<5e-08) in less than 1Mb, we further 

checked independency. Independent lead variants were identified through clumping (r2 = 0.05, 

kb = 5000) using PLINK 1.09 and the 1,000 Genomes Project Phase 3 European reference panel 

(http://www.internationalgenome.org/) and conditional analyses using COJO implemented in 

Genome-wide Complex Trait Analysis (GCTA)36. Overlap between non_adhd lead variants and 

genome-wide significant variants identified in the original GWAS on ADHD or CUD was assessed 

according to distance (previous lead SNPs within +/-500kb from any of the non_adhd lead SNPs) 

and linkage disequilibrium (r2>0.05), and further confirmed using conditional analysis using COJO.  

The functional annotation of genome-wide significant variants (lead SNPs or SNPs in LD (r2≥0.6) 

with a lead SNP and a P-value <0.05) was conducted with FUMA (https://fuma.ctglab.nl/) 
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considering CADD scores, RegulomeDB scores and chromatin stages 37�40. Variants were 

annotated to known brain eQTLs using information in the genotype tissue expression (GTEx v8) 

portal 41, BRAINEAC  42, PsychENCODE 43 and CommonMind Consortium (CMC/CMC) 44. Traits and 

disorders associated with the annotated SNPs in previous GWAS (P<5e-08) were identified using 

information from the GWAS catalog 45. SNPs were annotated to genes based on physical proximity 

(using the default parameters), brain eQTL (based on GTEx v8, BRAINEAC, PsychENCODE and 

CMC/CMC) and chromatin interaction using FUMA. These genes were used in gene-set 

enrichment analyses using the GENE2FUNC module of FUMA. Enrichment was tested among the 

predefined sets of differentially expressed genes in GTEx v8 (54 tissue types) and Brainspan (29 

different ages of samples and 11 general developmental stages) using hypergeometric test with 

protein coding genes as background genes. Genes were also tested for enrichment in gene-sets 

from NHGRI-EBI GWAS Catalog. P-values were corrected for multiple comparisons using 

Benjamini–Hochberg False Discovery Rate (FDR) method (adj-P-value < 0.05). Gene-based and 

gene-set analyses were performed using MAGMA v1.08 implemented in FUMA considering the 

full summary statistics from adhd and non_adhd. Genome-wide significance was assessed 

through Bonferroni correction for the number of genes (adj-P-value=0.05/18,305 genes=2.7e-06) 

and FDR for gene-sets tested, including Gene ontology biological process (GO), KEGG, Reactome 

(adj-P-value <0.05).

Genetic correlations 

We explored genome-wide genetic correlations between adhd and non_adhd and 35 phenotypes 

across nine categories using LDSC_v1.032 (Supplementary Table 9). We used GWAS summary 

statistics including both males and females of European ancestry. If several GWAS were available 

for the same disorder, we chose the study with the largest effective sample size (N 

effective=4/(1/Ncases+1/Ncontrols)). We used GenomicSEM to test whether genetic correlations 

with these traits differed between adhd and non_adhd. Models tested the null hypothesis that 

trait genetic correlations with adhd and non_adhd could be constrained to be equal using a χ2

test following the method described by Demange et al.12. P-values were corrected for multiple 

comparisons using the FDR method (adj-P-value < 0.05).  

Phenome-wide association study in the Estonian Biobank (EstBB) 

PGS-based phenome-wide association study (PheWAS) was conducted in the EstBB cohort46. 

From linkage with national databases, all ICD-10 main codes derived from electronic health 

records (EHRs) over a 20-year period (2004�2023; N=1,942) were considered for the PheWAS 
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analysis. After excluding sex-specific codes and codes with <100 cases, 1,092 ICD-10 phenotypes 

remained for the association testing. PGS for adhd (PGSadhd) and non_adhd (PGSnon_adhd) were 

computed using PRS-CS with the 1,000 Genomes European reference panel for allele weighting 

and PLINK 2.0 for allele scoring. PGSs were standardized to a mean of 0 and a standard deviation 

of 1. 

Association testing was undertaken separately for PGSadhd and PGSnon_adhd, considering year of 

birth, sex and first 10 genetic PCs as covariates in all the logistic regression models. The 

Bonferroni adjusted P-value across 1,092 phenotypes and two PGSs was used as a significance 

threshold to correct for multiple testing (0.05/1,092*2=2.29e-05). ICD-10 codes significantly 

associated with at least one of the two PGSs were then selected for an additional analysis to 

assess whether PGSadhd and PGSnon_adhd effect sizes differed. A mutually adjusted logistic 

regression model was run including both PGSs and the same covariates described above and then 

a linear hypothesis test was run to assess whether the coefficients of both PGSs were equal using 

the car R package. The Bonferroni adjusted P-value considering the number of ICD-10 codes 

tested was used as a significance threshold to correct for multiple testing. 

Genome-wide Polygenic Score Analysis in the clinical datasets 

PGS analyses were conducted in our in-house clinical samples of SUD (1,426 individuals with SUD 

and 2,309 controls) and ADHD (1,789 individuals with ADHD and 3,002 controls). Cases were 

further stratified according to the presence of comorbid condition as SUD-only (n=814), 

SUD+ADHD, ADHD-only (n=629) and ADHD+SUD (n=238). Subgroup classifications were 

restricted to cases with available information on comorbid diagnoses. When  PGS effect estimates 

were consistent across the two comorbid groups, regardless of the primary diagnosis prompting 

treatment seeking, results from the SUD+ADHD and ADHD+SUD subgroups were combined using 

meta-analysis. 

PGS were constructed using PRS-CS 47, PLINK 2.0 and summary statistics for CUD8, 

adhd and non_adhd. All PGS were computed and standardized to a mean of 0 and a standard 

deviation of 1. The association between PGS and each case-control phenotype was undertaken 

using the full set of controls and the different case subsets for ADHD and SUD samples separately. 

Logistic regression models were used considering age, sex, genotyping waves and 10 genetic PC 

as covariables. The percentage of variance attributable to each PGS was reported as the mean 

percentage of variance calculated as the increase in Nagelkerke�s pseudo-R2 between models 
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with and without the PGS. PGS P-values were corrected for multiple comparisons using the FDR 

method (adj-P-value < 0.05). 

Mediation Analysis

When a significant association between PGSadhd and SUD was observed, we further investigated 

the potential mediating role of ADHD diagnosis in this relationship. Causal mediation analysis was 

conducted using the R package mediation in the pooled sample of unrelated individuals from the 

two clinical datasets (N = 7,173). SUD diagnosis was specified as the outcome, ADHD diagnosis as 

the mediator, and standardized PGSadhd (mean 0, SD 1) as the exposure. Two logistic regression 

models were fitted: a mediator model (ADHD diagnosis ~ PGSadhd + sex + age + genotyping batch 

+ 10 genetic principal components) and an outcome model (SUD diagnosis ~ PGSadhd + ADHD 

diagnosis + sex + age + genotyping batch + 10 genetic principal components). These models were 

used to estimate the average causal mediation effect (ACME; the effect of the PGSadhd on SUD 

operating through ADHD diagnosis), the average direct effect (ADE; the effect not operating 

through ADHD diagnosis), the total effect (ACME + ADE) and the proportion mediated 

(ACME/total effect). Estimates and 95% confidence intervals were obtained with 1,000 quasi-

Bayesian Monte Carlo simulations. The effects estimated in this causal mediation analysis are 

expressed on the probability scale, as the change in the probability of SUD per 1-SD increase in 

PGSadhd. Mediation was inferred when the 95% CI of the ACME excluded zero.  
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FIGURE LEGENDS 

Figure 1. GWAS-by-subtraction results. (a) Miami plot showing results of the non_adhd (top) and 

adhd (bottom) GWAS. Dotted lines indicate statistical significance at p<5e-08. 
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Figure 2. Genetic correlation of CUD, adhd and non_adhd factors with SUD, risk taking and 

smoking behavior. Significant differences (PFDR<0.05) in the magnitude of the correlations 

between adhd and non_adhd factors are indicated with an asterisk. Dots represent genetic 

correlation estimates and error bars represent 95% CI.   

Figure 3. Genetic correlation of CUD, adhd and non_adhd factors with mental disorders, 

personality, cognition and related-traits. Significant differences (PFDR<0.05) in the magnitude of 

the correlations between adhd and non_adhd factors are indicated with an asterisk. Dots 

represent genetic correlation estimates and error bars represent 95% CI.  

Figure 4. Medical conditions showing differential associations with PGSadhd and PGSnon-adhd in 

phenome-wide association analysis considering 114,410 individuals from the Estonian Biobank. 

Forest plot displaying odds ratios (ORs) and 95% confidence intervals (CIs) for the associations 

between selected diagnoses and PGSadhd (orange) and PGSnon_adhd (blue). Only conditions showing 

statistically significant difference in effect between the two polygenic scores are shown. 

Figure 5. Comparison of polygenic scores (PGS) profiles across (a) SUD (1426 cases (814 SUD-only 

and 223 SUD+ADHD) and 2309 controls) and (b) ADHD (1789 cases (629 ADHD-only and 238 

ADHD+SUD) and 3002 controls). Bars represent regression coefficients from logistic regression 

models considering age, sex, GWAS wave and the 10 principal components as covariates and 

error bars are 95% confidence intervals centered on the point estimate. Significant comparisons 

(PFDR<0.05) are indicated with an asterisk.

Figure 6. Effect-size distributions of PGSadhd and PGSnon_adhd in SUD-only, ADHD-only and comorbid 

subtypes. PGSadhd and PGSnon_adhd were tested separately in a logistic regression model comparing 

cases with controls (814 SUD-only cases and 2,309 controls; 629 ADHD-only cases and 3,002 

controls; 461 comorbid cases and 5311 controls), adjusting for age, sex, genotyping wave and the 

first 10 principal components. Effects are expressed as standardized regression coefficients (log-

odds per 1-SD increase in PGS). Densities were obtained by randomly generating normal 

distributions in which the estimate was the mean and the standard error was the standard 

deviation; dashed lines indicate the point estimates. For comorbid cases, results from the meta-

analysis of SUD+ADHD and ADHD+SUD are shown. 
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