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Abstract

Background. Genetic research on nicotine dependence has utilized multiple assessments that are in weak agreement.
Methods. We conducted a genome-wide association study (GWAS) of nicotine dependence defined using the Diagnostic and Statistical
Manual of Mental Disorders (DSM-NicDep) in 61,861 individuals (47,884 of European ancestry [EUR], 10,231 of African ancestry, and
3,746 of East Asian ancestry) and compared the results to other nicotine-related phenotypes.
Results. We replicated the well-known association at the CHRNA5 locus (lead single-nucleotide polymorphism [SNP]: rs147144681,
p = 1.27E�11 in EUR; lead SNP = rs2036527, p = 6.49e�13 in cross-ancestry analysis). DSM-NicDep showed strong positive genetic
correlations with cannabis use disorder, opioid use disorder, problematic alcohol use, lung cancer, material deprivation, and several
psychiatric disorders, and negative correlations with respiratory function and educational attainment. A polygenic score of DSM-NicDep
predicted DSM-5 tobacco use disorder criterion count and all 11 individual diagnostic criteria in the independent National Epidemiologic
Survey on Alcohol and Related Conditions-III sample. In genomic structural equation models, DSM-NicDep loaded more strongly on a
previously identified factor of general addiction liability than a “problematic tobacco use” factor (a combination of cigarettes per day and
nicotine dependence defined by the Fagerström Test for Nicotine Dependence). Finally, DSM-NicDep showed a strong genetic correlation
with a GWAS of tobacco use disorder as defined in electronic health records (EHRs).
Conclusions.Our results suggest that combining the wide availability of diagnostic EHR data with nuanced criterion-level analyses of DSM
tobacco use disorder may produce new insights into the genetics of this disorder.

Introduction

Nicotine use and nicotine dependence (or tobacco use disorder) are
influenced by both genetic liability and environmental factors
(Le Foll et al., 2022; MAES et al., 2004). Several different smoking-
related phenotypes have been studied, including smoking initiation
(SmkInit) (Saunders et al., 2022), cigarettes per day (CPD)
(Saunders et al., 2022), the Fagerström Test for Nicotine Depend-
ence (FTND) (Quach et al., 2020), problematic tobacco use (PTU)
(Hatoum et al., 2022), tobacco use disorder defined by codes from
the International Classification of Diseases (ICD-based tobacco use
disorder [ICD-TUD]) (Toikumo et al., 2024, and nicotine depend-
ence (Loukola et al., 2014) defined by the Diagnostic and Statistical
Manual of Mental Disorders (DSM-NicDep) (Table 1).

Genome-wide association studies (GWASs) of nicotine use
behaviors have largely focused on phenotypes that are easily ascer-
tained through self-report questionnaires (e.g. When did you start
smoking?, Are you a current smoker?, and How many cigarettes do
you smoke in a day?). The largest GWASs of tobacco smoking
behaviors to date identified 140 loci associated with CPD
(N = 784,353) and 1,346 loci related to the initiation of regular
smoking (SmkInit; N ~ 3.38 million) (Saunders et al., 2022).

GWASs of nicotine dependence phenotypes have generally been
smaller. Some GWASs of nicotine dependence-related phenotypes
have focused on data collected from short questionnaires, such as
the FTND (Quach et al., 2020). The FTND is a six-item question-
naire that includes cigarettes smoked per day as an ordinal indica-
tor. The largest GWAS of FTND (defined as 0–3 for mild, 4–6 for
moderate, and 7–10 for severe dependence) identified five loci
(Quach et al., 2020). Given the strong genome-wide genetic correl-
ation betweenCPD and FTND (rg = 0.95) (Quach et al., 2020), these
GWASs were combined into a single phenotype, PTU, in another
study (Hatoum et al., 2022) using multi-trait analysis of GWAS.

A recent GWAS meta-analysis of ICD-TUD from electronic health
records (see Table 1) reached nearly 900,000 samples and identified
88 loci (Toikumo et al., 2024), all of which had been implicated in
prior smoking-related GWASs. ICD-TUD showed moderate gen-
etic correlations with CPD (rg = 0.44) (Toikumo et al., 2024) and
FTND (rg = 0.63).

Our study was motivated by epidemiological and clinical data
supporting nosological distinctions between FTND-defined and
ICD- or DSM-based diagnoses, including some studies that suggest
qualitative and quantitative differences in the associations between
DSM- and FTND-defined nicotine dependence and some psycho-
pathology (Breslau & Johnson, 2000; Brook, Koppel, & Pahl, 2009).
The FTND is brief and, therefore, easily and frequently collected. It
has been especially prioritized in clinical trials of tobacco cessation
(Ramon, Morchon, Baena, & Masuet-Aumatell, 2014; Tashkin
et al., 2011), likely because FTND scores correlate well with relapse
and treatment response, and the scale places a great deal of emphasis
on physiological aspects of dependence (e.g. items related to toler-
ance andwithdrawal [Baker, Breslau, Covey, & Shiffman, 2012]). On
the other hand, both ICD- and DSM-based nicotine dependence
include criteria related to physical and psychological (and social, in
DSM-5) impairment due tonicotine/tobacco use, aswell as behaviors
directed at seeking and using nicotine to the exclusion of other
activities. Neither FTND nor the ICD-TUD diagnostic classification
maps perfectly to DSM-NicDep (Moolchan et al., 2002; Mweni-
fumbo & Tyndale, 2011).

Many large GWAS meta-analyses of substance use disorders
have relied on cases defined using clinical criteria recommended by
the DSM or ICD classification. However, the few GWASs of DSM-
NicDep to date have been relatively small (Loukola et al., 2014).We
conducted a large meta-analysis of DSM-NicDep, combining data
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across 16 cohorts and multiple genetic ancestries. The largest
analyses of psychiatric traits have focused on individuals whose
genetics most closely resemble the European ancestry (EUR) subset
of the 1,000 Genomes Project. Therefore, we assessed the genetic
correlations between DSM-NicDep and other substance use pheno-
types, psychiatric disorders, and related phenotypes in that subset.We
also compared the correlations of the various nicotine dependence-
related measures (DSM-NicDep, ICD-TUD, and PTU) and other
substance use disorders (cannabis use disorder [CanUD], problematic
alcohol use [PAU], and opioid use disorder [OUD]) by fitting a
previously published common factormodel (the Addiction-Risk-Fac-
tor) (Hatoum et al., 2023) to the data using genomic structural
equation modeling (SEM). Finally, we tested whether a polygenic
score (PGS) for DSM-NicDep was associated with DSM-5 tobacco
use disorder and its 11 diagnostic criteria and 4 of the 6 FTND criteria
in a large, independent sample – the National Epidemiologic Survey
on Alcohol and Related Conditions-III (NESARC-III) cohort.

Methods

GWASs of DSM-NicDep

We performed meta-analyses of GWASs of DSM-defined nicotine
dependence (hereafter referred to as “DSM-NicDep”) across a total
of 18 cohorts, 3 of which included samples of multiple ancestries,
using a sample size-weighted meta-analysis implemented in
METAL (Willer, Li, & Abecasis, 2010). We used nicotine-exposed
controls where possible (see Supplemental Materials for more
details on each cohort). The deCODE and Finnish Twin Cohort
samples were entirely of EUR. For other cohorts, genetic ancestry
similarity was inferred by comparing an individual’s genome to the
genomes from global reference populations using statistical
methods such as principal components analysis. Specifically, all
Psychiatric Genomics Consortium cohorts included in this meta-
analysis used the 1,000 Genomes Phase 3 as a reference panel for
defining ancestries based on principal components, as did the Thai
sample. There were 16 cohorts with samples that were most gen-
etically similar to EUR global reference populations, 4 with samples
that were most genetically similar to African ancestry (AFR) global
reference populations, and 1 cohort whose participants were most
genetically similar to East Asian ancestry (EAS) global reference

populations (hereafter referred to as European, African, or East
Asian ancestries). All GWASs controlled for age, sex, and 10 prin-
cipal components, except for the Minnesota Center for Twin and
Family Research (MCTFR) cohort, which covaried for 20 principal
components, and the deCODE cohort, which controlled for popu-
lation stratification by adjusting for a genome-wide inflation factor;
more details, including cohort-specific covariates, are provided in
Supplemental Table 1. Twelve cohorts provided summary statistics,
while five cohorts provided individual genotype and phenotype
data for analysis (Supplemental Table 1).

We used FUMA v1.5.2 (Watanabe, Taskesen, van Bochoven, &
Posthuma, 2017) to identify independent, genome-wide significant
risk loci, annotate variants, and perform gene-wise analyses via
MAGMA (de Leeuw, Mooij, Heskes, & Posthuma, 2015). We used
the default FUMA parameters to define “independent significant
single-nucleotide polymorphisms (SNPs)” as those that reached
genome-wide significance (p< 5e�8) andwere independent of each
other at r2 < 0.6, and “lead SNPs” as those SNPs that were inde-
pendent of each other at r2 < 0.1. “Genomic risk loci” were defined
by merging linkage disequilibrium (LD) blocks of independent
significant SNPs within a 250-kb distance. We performed gene
mapping in FUMA using positional mapping (based on ANNO-
VAR annotations), expression quantitative trait locus mapping
(using GTEx V8 [Aguet et al., 2017], CommonMind [Huckins
et al., 2019], and Braineac [Trabzuni et al., 2011] data), and chro-
matin interaction mapping. We also performed theMAGMA gene,
gene-set, and gene expression analyses (using GTEx V8 data).

We performed most follow-up analyses described below
(genomic SEM and PGSs) only in the EUR data because the AFR
and EAS subsets were underpowered.

Genetic correlations with other substance use disorders,
psychiatric disorders, and other relevant phenotypes

We used LD score regression (LDSC) (Bulik-Sullivan et al., 2015;
Bulik-Sullivan et al., 2015) to estimate the SNP-heritability of DSM-
NicDep and the genetic correlations between DSM-NicDep and
other substance use phenotypes, using published GWASs of PAU
(Zhou et al., 2023), FTND (Quach et al., 2020), ICD-TUD
(Toikumo et al., 2024), CPD (Saunders et al., 2022), cannabis
ever-use (Pasman et al., 2018), CanUD (Levey et al., 2023), OUD

Table 1. Definitions of different smoking-related phenotypes discussed in this article, the acronyms used to represent them, and the relevant GWASs used in
analyses

Smoking phenotype
Shorthand name used
in current manuscript Phenotype definition

Relevant GWAS
PubMed ID

Smoking initiation SmkInit Whether someone has ever been a regular smoker. 36477530

Cigarettes per day CPD Number of cigarettes smoked per day. 36477530

Fagerström Test for Nicotine Dependence FTND A six-item questionnaire assessing quantity of cigarettes
smoked and compulsion to use, resulting in an ordinal
measure of nicotine dependence.

33144568

Tobacco use disorder ICD-TUD Binary diagnosis defined using International Classification of
Disease (ICD) codes (ICD 10 code F17.200; F17.200).

38632388

Nicotine dependence DSM-NicDep Seven criteria designed to assess clinical features of
dependence. Including distress and problems caused by
using cigarettes, at least 3 of the 7 criteriamust be endorsed
to reach a diagnosis of nicotine dependence.

NA

Problematic tobacco use PTU A combination of FTND and CPD GWAS, produced using multi-
trait analysis of GWAS.

34750568
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(Deak et al., 2022), SmkInit (Saunders et al., 2022), and smoking
cessation (Saunders et al., 2022). We also estimated genetic correl-
ations between DSM-NicDep and other phenotypes, including
psychiatric disorders, behavioral traits, respiratory health, and
socioeconomic status-related phenotypes. Details on the individual
GWAS used in genetic correlation analyses are provided in the
Supplemental Methods. We further tested whether genetic correl-
ations for DSM-NicDep and FTND were different from each other
using a block-jackknife method (Bulik-Sullivan, Finucane, et al.,
2015; Coleman et al., 2020).

We also estimated genetic correlations between the AFR
DSM-NicDep GWAS and eight traits for which GWAS data were
available from a reasonably large AFR sample. With a total
sample size <5,000, it was not feasible to estimate meaningful
genetic correlations using LDSC for the DSM-NicDep EAS
samples.

Genomic SEM

We applied confirmatory factor analysis to the covariance matrix
generated by LDSC using genomic SEM (Grotzinger et al., 2019)
with weighted least squares estimation. As presented in Hatoum
et al. (2022)), the indicators were allowed to load freely on a single
latent factor (Addiction-Risk-Factor), but we updated the OUD
(Deak et al., 2022), PAU (Zhou et al., 2023), and CanUD (Levey
et al., 2023) GWASs. We compared Addiction-Risk-Factormodels
with DSM-NicDep, PTU (a combination of FTND and CPD
[Hatoum, Colbert, et al., 2023), or ICD-TUD as the tobacco-
related indicator. The variance of the common latent factor was
scaled to 1.0.

PGS analyses

We created PGSs for DSM-NicDep, FTND, ICD-TUD, and CPD in
the EUR subset of the NESARC-III sample. NESARC-III was
genotyped using the Affymetrix Axiom® Exome Array (Zhang
et al., 2022), which limited our ability to impute SNPs due to a lack
of appreciable nonexonic coverage and resulted in some regions
with low SNP densities. Details of quality control and imputation
are available in the Supplemental Materials. We used PRS-CS (Ge,
Chen, Ni, Feng, & Smoller, 2019), a Bayesian method that uses
continuous shrinkage before weight SNP effect sizes, and used the
“auto” function, which allows the global scaling parameter to be
automatically learned from the data. We then used the “score”
function in Plink 1.9 (Chang et al., 2015) to create PGS for DSM-
NicDep, FTND, ICD-TUD, and CPD in NESARC-III. We used
logistic regressionmodels to estimate associations between the PGS
and endorsement of the 11 individual diagnostic criteria for DSM-5
TUD and 4 of the 6 FTND criteria (excluding CPD and smoking
when ill) in NESARC-III (N = 12,482; DSM-TUD Ncases = 4,205).
Linear regressionmodels were used to estimate associations between
PGSs and the total DSM-5 TUD criterion count and total FTND
criterion count. All regression models covaried for age, sex, and
10 within-ancestry principal components. We first ran a model with
only theDSM-NicDepPGS as a predictor, then amodel with only the
FTND PGS as a predictor, and finally a model where all four PGSs
(DSM-NicDep, FTND, ICD-TUD, and CPD) were included jointly
as predictors.

We also created PGSs for DSM-NicDep, FTND, and CPD in the
BioVU biobank (we did not create a PGS for ICD-TUD, because

BioVU was included in that published GWAS meta-analysis). We
used the methods described above to create the PGS and tested
whether the DSM-NicDep, FTND, and CPD PGS were associated
with ICD-TUD (N = 66,914; Ncases = 9,666) in BioVU in a logistic
regression model that controlled for age, sex, and 10 ancestry
principal components.

Results

GWAS of DSM-NicDep

There were a total of 15 cohorts included in the EURmeta-analysis
(Ncases = 20,923, Ncontrols = 26,961), 4 cohorts included in the AFR
meta-analysis (Ncases = 5,293, Ncontrols = 4,938), and 1 cohort
included in the EAS GWAS (Ncases = 2,007, Ncontrols = 1,739), for
a total cross-ancestry sample size of N = 61,861 (28,223 cases;
Supplemental Table 1). We identified one genome-wide significant
locus, near the cholinergic receptor nicotinic alpha 5 subunit
(CHRNA5) gene on chromosome 15 (lead SNP: rs147144681, p
=1.27E�11 in EUR; lead SNP = rs2036527, p = 6.49e�13 in cross-
ancestry analysis; Supplemental Tables 2 and 3). Using a lifetime
prevalence of 24% (Breslau, Johnson, Hiripi, & Kessler, 2001), we
estimated the liability scale SNP-heritability of DSM-NicDep to be
0.07 (SE = 0.01) in the EUR samples. The estimated liability scale
SNP-heritability was similar in the AFR samples, but with a much
larger standard error (SNP-h2 = 0.08, SE = 0.09).

In theMAGMA gene-based analysis of the EUR data, three genes
were significant after multiple testing corrections: CHRNA5,
CHRNA3, and IREB2 (Supplemental Table 4). The following three
gene sets were significantly associated: “GOBP_TRANSCRIPTION_
BY_RNA_POLYMERASE_III,” “GOMF_PRE_MRNA_5_SPLICE_
SITE_BINDING,” and “REACTOME_HIGHLY_CALCIUM_PER
MEABLE_NICOTINIC_ACETYLCHOLINE_RECEPTORS.” None
of the 30 tissue types from GTEx v8 were significant.

Genetic correlations with substance use and other phenotypes

In the EUR data, DSM-NicDep was strongly correlated with the
other measures of nicotine dependence (rgs with FTND and
ICD-TUD ranged from 0.81 to 1.01). The genetic correlations
between DSM-NicDep and published GWASs of substance use
disorders were of moderate-to-high magnitude: CanUD, PAU,
and OUD (rg = 0.64–0.84). Overall, DSM-NicDep was signifi-
cantly correlated with 23 of the 26 phenotypes tested (Figure 1
and Supplemental Table 5). Compared to the other tobacco-
related phenotypes, DSM-NicDep showed the strongest correl-
ations with many traits, albeit with wider confidence intervals
(CIs) due to smaller sample sizes. When correcting for 24 com-
parisons, the genetic correlations between DSM-NicDep and
SmkInit, cannabis ever-use, CanUD, PAU, and the Townsend
Deprivation Index were significantly larger (p < 0.002) than the
corresponding genetic correlations between FTND and these
phenotypes.

Presumably due to the smaller sample size of the AFR data
(reflected in the imprecise estimate of SNP-heritability,
SNP-h2 = 0.08, SE = 0.09), the standard errors of the genetic
correlations were quite large (Supplemental Table 6). However,
the genetic correlation between DSM-NicDep and ICD-TUD in
the AFR ancestry was significant at p < 0.05 (rg = 0.58, p = 0.024)
(Toikumo et al., 2024).
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Genomic structural equation models of broad addiction liability

In the EUR data, we found that a common genetic factor model with
DSM-NicDep, PAU, OUD, and CanUD as indicators, similar to the

Addiction-Risk-Factor presented in Hatoum et al., (2022), fit the data
well (Figure 2a and Supplemental Table 7). There were two differ-
ences between the Hatoum et al. Addiction-Risk-Factor and our
modified model: (1) We used larger, more recent versions of the
OUD (Deak et al., 2022), PAU (Zhou et al., 2023), andCanUD (Levey
et al., 2023) GWASs; and (2) we removed the residual correlation
between PAU and OUD, as this path was no longer significant. We
compared the model with DSM-NicDep as the tobacco-related indi-
cator (Figure 2a) to one where DSM-NicDep was substituted by the

Figure 1. Comparing genetic correlations (rg) for DSM-NicDep, FTND, ICD-TUD, and CPD
with other traits in European ancestry data. Traits include other substance use
disorders (CanUD, cannabis use disorder [Levey et al., 2023]; OUD, opioid use
disorder [Deak et al., 2022]; PAU, problematic alcohol use [Zhou et al., 2023]; ICD-
TUD, ICD-based tobacco use disorder [Toikumo et al., 2024]), substance use behaviors
(CanUse, cannabis ever-use [Pasman et al., 2018]; DPW, drinks per week [Saunders
et al., 2022]; SmkInit, smoking initiation [Saunders et al., 2022]; SmkCessation, smoking
cessation [Saunders et al., 2022]), psychiatric disorders and other mental health
phenotypes (ADHD, attention deficit hyperactivity disorder [Demontis et al., 2023];
PTSD, post-traumatic stress disorder [Nievergelt et al., 2019]), biomarkers (Cot +
HC, cotinine +3-hydroxycotinine [Buchwald et al., 2021]), lung health-related traits
(FEV1, forced expiratory volume in 1 s), risk tolerance (Linnér et al., 2019),
socioeconomic status-related traits (Edu attainment, educational attainment [Lee
et al., 2018]; TDI, Townsend Deprivation Index]), executive function (EF [Hatoum,
Morrison, et al., 2023]), and anthropometric measures (BMI, body mass index [Yengo
et al., 2018]; height [Yengo et al., 2022]). * indicates rgs that significantly differ between
DSM-NicDep and FTND at α = 0.002 (Bonferroni correction for 24 comparisons).

Figure 2. A modified Addiction-Risk-Factor model. This model is patterned upon the
common factor model in Figure 1A of Hatoum et al., 2022, but updated with new, larger
versions of the OUD (Deak et al., 2022), PAU (Zhou et al., 2023), and CanUDGWAS (Levey
et al., 2023) and using three different phenotypes for tobacco GWAS. (a) DSM-NicDep.
(b) PTU (Hatoum et al., 2022) GWAS. (c) ICD-TUD (Toikumo et al., 2024). *Significant
loadings at p < 0.05. Addiction-rf, the Addiction-Risk-Factor; CanUD, cannabis use
disorder; DSM-NicDep, nicotine dependence; ICD-TUD, ICD-based tobacco use
disorder; OUD, opioid use disorder; PAU, problematic alcohol use.

Psychological Medicine 5

https://doi.org/10.1017/S0033291725100883 Published online by Cambridge University Press

http://doi.org/10.1017/S0033291725100883
https://doi.org/10.1017/S0033291725100883


original PTU GWAS meta-analysis (FTND + CPD) from Hatoum
et al.4 (Figure 2b and Supplemental Table 8), and one where NicDep
was substituted by ICD-TUD (Toikumo et al., 2024) (Figure 2c and
Supplemental Table 9). Each of the modified models fit the data well,
but the loading for DSM-NicDep was the largest of the three tobacco-
related indicators, almost threefold larger than the loading for PTU in
the equivalent model (0.86 vs. 0.30).

PGSs for DSM-NicDep, FTND, CPD, and ICD-TUD

Results from the item-level logistic regression models in the EUR
subset of the NESARC-III sample are shown in Figure 3. As the sole
PGS predictor (Figure 3a and Supplemental Table 10), the DSM-
NicDep PGS was significantly associated with all 11 DSM criteria
(pFDR < 0.05) and 2 of the 4 FTND items (how soon after waking is
the first cigarette smoked, and whether one smokes more frequently
during the early hours of the day). The DSM-NicDep PGS was also
associated with the total number of endorsed DSM-5 TUD criteria (β
= 0.116, SE = 0.025, pFDR = 7.1e�5, variance explained = 0.17%) and
total number of endorsed FTND items (β = 0.033, SE = 0.010,
pFDR = 0.003, variance explained = 0.08%). When the FTND PGS
was the sole predictor, it was associated with all 4 FTND items and
9 of 11DSMcriteria (Figure 3b), aswell as the total number of endorsed
DSM-5 TUD criteria (β = 0.118, SE = 0.025, pFDR = 7.2e�6, variance
explained = 0.2%) and total number of endorsed FTND items
(β = 0.052, SE = 0.010, pFDR = 1.3e�6, variance explained = 0.2%;
Supplemental Table 11).When all four PGSwere included as predictors
(Figure 3c and Supplemental Table 12), the DSM-NicDep PGS was no
longer associatedwith any individualDSMor FTND items nor the total
criterioncounts.Overall, the ICD-TUDPGSwas the strongest predictor
of endorsement of individual DSM and FTND items, but the variance
explainedwas still quite small (maximumvariance explained=0.716%).

In a model that included DSM-NicDep, FTND, and CPD PGSs
as joint predictors, the DSM-NicDep PGS was significantly associ-
ated with TUD in the EUR subset of the BioVU biobank (odds ratio
[OR] = 1.013, 95% CI = [1.01, 1.016], p = 5.7e�18), as was the PGS
for CPD (OR = 1.017, 95% CI = [1.014, 1.02], p = 1.3e�31). The
PGS for FTND was also significantly associated, but with an even
smaller effect size (OR = 1.006, 95% CI = [1.003, 1.009],
p = 1.6e�5). Altogether, the PGS explained 0.58% of the variance
in ICD-TUD, while the DSM-NicDep PGS alone explained 0.12%
of the variance in ICD-TUD after accounting for the variance
explained by the other PGS (Supplemental Table 13).

Discussion

In this first cross-ancestry GWAS ofDSM-NicDep (N= 61,861), we
replicated the well-known CHRNA5 risk locus. DSM-NicDep was

Figure 3. Polygenic scores (PGSs) for DSM-NicDep (a), FTND (b), and DSM-NicDep,
FTND, ICD-TUD, and CPD (c) predict individual DSM-5 nicotine use disorder and FTND
criteria and total criterion or item counts, respectively, in the European ancestry
subset of the NESARC-III sample. Filled circles represent estimates that were
significant after FDR correction, while open circles represent estimates that were
not significant after FDR correction. Hazardous = Recurrent use in physically

hazardous situations; Fail = Recurrent use resulting in failure to fulfill major role
obligations at work, school, or home; Tolerance = Marked need for increased amount
to get the same effect or diminished effect of the sameamount; TimeSpent = Great deal of
time spent in activities necessary to obtain oruse;GiveUp= Important recreational, social,
or occupational activities given up or reduced; Problems = Use despite knowledge of
persistent/recurrent physical/psychological problems; Larger = Taken over larger
amounts/longer periods than intended; Withdrawal = Withdrawal syndrome or use to
relieve/avoid syndrome; Cutdown = Persistent desire or unsuccessful attempts to cut
downor control use; Crave=Cravingor strongurge ordesire to use; Social = Persistentuse
despite recurring social/interpersonal problems caused or exacerbated by use;
FTND1_within30min = How soon after you wake up do you smoke your first cigarette?;
FTND2_prohibited = Do you find it difficult to refrain from smoking in places where it is
forbidden?; FTND3_morning = Which cigarette would you hate most to give up?;
FTND5_waking = Do you smoke more frequently during the first hours after waking
than during the rest of the day?
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genetically correlated with other substance use disorders, smoking-
related phenotypes, and psychiatric disorders. In genomic SEM
analyses, we found that DSM-NicDep was more closely related to
the genetic underpinnings of otherDSM- or ICD-defined substance
use disorders than PTU (a phenotype that combined FTND and
CPD measures).

ICD and DSM criteria focus on physical and psychological (and
social, in DSM-5) impairment due to substance use and are mostly
identical across substances. FTND, on the other hand, places
greater emphasis on physiological aspects of dependence (e.g. items
related to tolerance and withdrawal [Baker et al., 2012]). Because
most GWASs of substance use disorders utilize ICD and DSM
criteria, we hypothesized that this discrepancy might underlie the
lower genetic correlation observed between nicotine dependence
and other substance use disorders in prior twin and genome-wide
correlation studies that used FTND. Indeed, the loading for DSM-
NicDep in the Addiction-Risk-Factor genomic SEM was nearly
three times that of the loading for PTU (0.83 vs. 0.30) (Figure 1).
Notably, the loadings for OUD and PAU also increased in our
model (0.83–1.0 and 0.58–0.81, respectively), likely due to the larger
sample sizes of these more recent GWAS. We also noted no
significant residual correlation between OUD and PAU in our
analysis.

In the large, independent BioVU biobank, the DSM-NicDep and
CPD PGS showed significant associations with ICD-TUD of similar
magnitude (ORs= 1.013–1.017), while the associationwith the FTND
PGS was smaller (OR = 1.006). A very small proportion of variance
was explained by the three PGSs (0.58%), reflecting underpowered
GWASs and PGSs that are not currently suitable for individual-level
prediction. PGS analyses of individual criteria in NESARC-III
revealed that theDSM-NicDep PGSwas associatedwith all individual
DSM-5 TUD criteria and two of the FTND-specific items when it was
the only predictor in the model (Figure 3a). However, when all four
tobacco-related PGSs (ICD-TUD, FTND, CPD, and DSM-NicDep)
were included as predictors, DSM-NicDep was no longer associated
with any individual items (Figure 3b), nor the total criterion counts. In
thismulti-PGSmodel, the FTNDPGSwas associatedwith only 1 item
(social, one of the three DSM-IV abuse criteria in the DSM-5 TUD
diagnosis) while the ICD-TUD PGS was associated with 10 of the
11 DSM-5 criteria and all 4 FTND items, consistent with the ICD-
TUD GWAS being much more statistically powerful than FTND or
DSM-NicDep. Future item-level GWASs using novel structural
equation modeling methods that bring together DSM and FTND
itemsmight be of high value in parsing whether genetic and clinical
heterogeneity align.

We expected that DSM-NicDep would be more genetically
correlated with psychopathology than FTND, as has been found
in clinical and epidemiological studies (Breslau & Johnson, 2000).
The point estimates of our genetic correlation analysis suggested
that PTU (CPD+ FTND) was the least associated withmost indices
of psychopathology, while both DSM-NicDep and ICD-TUD were
more strongly associated with psychosocial indices. DSM-NicDep
appeared to additionally index material deprivation more strongly
than the other traits, while all four tobacco GWASs (DSM-NicDep,
ICD-TUD, FTND, and CPD) were equivalently related to respira-
tory (e.g. FEV1 and lung cancer) and metabolic markers of tobacco
exposure.

The largest GWAS of CPD (Saunders et al., 2022) identified
140 genomic risk loci, compared with 5 in the largest GWAS of
FTND (Quach et al., 2020) and 1 in the current study of DSM-
NicDep. This likely reflects the much larger sample size in the CPD
study. Despite a similar sample size, the FTND GWAS identified

more loci than the current DSM-NicDep GWAS, possibly because
that study used a linear model to analyze a categorical three-level
(mild–moderate–severe) measure while our analyses relied on bin-
ary diagnoses. A recent GWAS of ICD-TUD that had amuch larger
sample size than ours (N = 898,680) identified 88 loci (Toikumo
et al., 2024. In the current study, DSM-NicDep was highly correl-
ated with ICD-TUD. Given their high genetic correlation, future
efforts may consider combining these diagnostic modalities as
sources of information on tobacco use disorder.

We did not find any significant loci in the much smaller AFR or
EAS analyses, nor could we precisely estimate SNP-heritability or
genetic correlations due to the limited power. The lack of diversity
in genetic data is unfortunate, as nicotine dependence and tobacco
use disorder are leading contributors to mortality in worldwide
populations (Le Foll et al., 2022; Reitsma et al., 2021). A related
limitation was our inability to conduct sex- and birth cohort-
stratified analyses; rates of tobacco use vary markedly according
to both sex and birth cohort, whichmay in turnmodify the extent to
which genetic liability influences risk for DSM-NicDep. Amassing
more genetic datasets with DSM-derived nicotine dependence
would enable such valuable analyses.

In summary, our analyses highlight the importance of consid-
ering diagnostic assessment in genetic studies of substance use
disorders. We found that DSM-NicDep was more closely related
to a general addiction liability factor compared to a “PTU” pheno-
type that combined FTND and CPD. The DSM-NicDep PGS was
significantly associated with ICD-TUD in an independent biobank
and was associated with individual DSM-5 TUD criteria in another
independent sample. Compared to FTND, DSM-NicDep was more
strongly genetically correlated with ICD-TUD, PAU, SmkInit,
cannabis ever-use, and material deprivation. Given the strong
genetic correlation between DSM-NicDep and ICD-TUD, future
analyses may consider combining data from DSM-NicDep and
ICD-based studies of TUD to maximize sample size for gene
discovery.

Supplementary material. The supplementary material for this article can be
found at http://doi.org/10.1017/S0033291725100883.
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