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ABSTRACT  110 
Genetic research on nicotine dependence has utilized multiple assessments that are in weak 111 
agreement. We conducted a genome-wide association study of nicotine dependence defined 112 
using the Diagnostic and Statistical Manual of Mental Disorders (DSM-NicDep) in 61,861 113 
individuals (47,884 of European ancestry, 10,231 of African ancestry, 3,746 of East Asian 114 
ancestry) and compared the results to other nicotine-related phenotypes. We replicated the 115 
well-known association at the CHRNA5 locus (lead SNP: rs147144681, p =1.27E-11 in 116 
European ancestry; lead SNP = rs2036527, p = 6.49e-13 in cross-ancestry analysis). DSM-117 
NicDep showed strong positive genetic correlations with cannabis use disorder, opioid use 118 
disorder, problematic alcohol use, lung cancer, material deprivation, and several psychiatric 119 
disorders, and negative correlations with respiratory function and educational attainment. A 120 
polygenic score of DSM-NicDep predicted DSM-5 tobacco use disorder and 6 of 11 individual 121 
diagnostic criteria, but none of the Fagerström Test for Nicotine Dependence (FTND) items, in 122 
the independent NESARC-III sample. In genomic structural equation models, DSM-NicDep 123 
loaded more strongly on a previously identified factor of general addiction liability than did a 124 
“problematic tobacco use” factor (a combination of cigarettes per day and nicotine dependence 125 
defined by the FTND). Finally, DSM-NicDep was strongly genetically correlated with a GWAS of 126 
tobacco use disorder as defined in electronic health records, suggesting that combining the 127 
wide availability of diagnostic EHR data with nuanced criterion-level analyses of DSM tobacco 128 
use disorder may produce new insights into the genetics of this disorder. 129 
 130 
INTRODUCTION  131 

Nicotine use and nicotine dependence (or tobacco use disorder) are influenced by both 132 
genetic liability and environmental factors1,2. Several different smoking-related phenotypes have 133 
been studied, including smoking initiation3, cigarettes per day3, the Fagerström Test for Nicotine 134 
Dependence (FTND)4, problematic tobacco use5, tobacco use disorder defined by codes from 135 
the International Classification of Diseases (ICD-TUD)6, and nicotine dependence7 defined by 136 
the Diagnostic and Statistical Manual of Mental Disorders (DSM-NicDep) (Table 1).  137 

Genome-wide association studies (GWAS) of nicotine use behaviors have largely 138 
focused on phenotypes that are easily ascertained through self-report questionnaires (e.g., 139 
when did you start smoking?, are you a current smoker?, and how many cigarettes do you 140 
smoke in a day?). The largest genome-wide association studies (GWAS) of tobacco smoking 141 
behaviors to date identified 140 loci associated with cigarettes per day (CPD; N = 784,353)3.   142 

GWAS of nicotine dependence phenotypes have generally been smaller. Some GWAS 143 
of nicotine dependence-related phenotypes have focused on data collected from short 144 
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questionnaires such as the Fagerström Test for Nicotine Dependence (FTND4). The FTND is a 145 
6-item questionnaire which includes cigarettes smoked per day as an ordinal indicator. The 146 
largest GWAS of FTND (defined as 0–3 for mild, 4–6 for moderate, and 7–10 for severe 147 
dependence) identified 5 loci4. Given the strong genome-wide genetic correlation between CPD 148 
and FTND (rg=0.95)4, these GWAS were combined into a single phenotype, problematic 149 
tobacco use (PTU), in another study5 using multi-trait analysis of GWAS (MTAG). A recent 150 
GWAS meta-analysis of ICD-TUD from electronic health records (EHR; see Table 1) reached 151 
nearly 900,000 samples and identified 88 loci6, all of which had been implicated in prior 152 
smoking-related GWAS. ICD-TUD showed modest genetic correlations with cigarettes per day 153 
(rg = 0.44)6 and FTND (rg = 0.63). 154 

 155 
Table 1. Definitions of different smoking-related phenotypes discussed in this 156 
manuscript, the acronyms used to represent them, and the relevant GWASs used in 157 
analyses. 158 
 159 

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 the 
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 for TUD: 
F17.200). 38632388 

Nicotine dependence DSM-NicDep 

Seven criteria designed to assess clinical 
features of dependence, including 
tolerance and problems caused by using 
cigarettes; at least 3 of the 7 criteria must 
be endorsed to reach a diagnosis of 
nicotine dependence. NA 

Problematic tobacco use PTU 
A combination of FTND and CPD GWAS, 
produced using MTAG. 34750568 

 160 
Our study was motivated by epidemiological and clinical data supporting nosological 161 

distinctions between FTND and ICD or DSM-based diagnoses, including some studies that 162 
suggest qualitative and quantitative differences in associations between DSM- and FTND-163 
defined nicotine dependence and some psychopathology8,9. The FTND is brief, and thus easily 164 
and frequently collected. It has been especially prioritized in clinical trials of tobacco 165 
cessation10,11, likely because FTND scores correlate well with relapse and treatment response 166 
and the scale places a great deal of emphasis on physiological aspects of dependence (e.g., 167 
items related to tolerance and withdrawal12). On the other hand, both ICD- and DSM-based 168 
nicotine dependence include criteria related to physical and psychological (and social, in DSM-169 
5) impairment due to nicotine/tobacco use, as well as behaviors directed at seeking and using 170 
nicotine to the exclusion of other activities. Neither FTND nor the ICD-TUD diagnostic 171 
classification maps perfectly to DSM-NicDep13,14. 172 
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While many large GWAS meta-analyses of substance use disorders have relied on 173 
cases defined using clinical criteria recommended by DSM or ICD classification, the few GWAS 174 
of DSM-NicDep to date have been relatively small7.  We conducted a large meta-analysis of 175 
DSM-NicDep, combining data across 16 cohorts and multiple genetic ancestries. The largest 176 
analyses of psychiatric traits have focused on individuals whose genetics most closely resemble 177 
the European ancestry subset of the 1000 genomes project, so we assessed the genetic 178 
correlations between DSM-NicDep and other substance use phenotypes, psychiatric disorders, 179 
and related phenotypes in that subset. We also compared the correlations of the various 180 
nicotine dependence related measures (DSM-NicDep, ICD-TUD, and PTU) and other substance 181 
use disorders (cannabis use disorder, problematic alcohol use, and opioid use disorder) by 182 
fitting a previously published common factor model (the Addiction-risk-factor15) to the data using 183 
genomic structural equation modeling. Finally, we tested whether a polygenic score for DSM-184 
NicDep was associated with DSM-5 tobacco use disorder and its 11 diagnostic criteria, and 4 of 185 
the 6 FTND criteria, in a large, independent sample, the National Epidemiologic Survey on 186 
Alcohol and Related Conditions-III (NESARC-III) cohort.  187 

 188 
METHODS  189 
Genome-wide association study of DSM-defined nicotine dependence (DSM-NicDep) 190 
 We performed meta-analyses of GWASs of DSM-defined nicotine dependence 191 
(hereafter referred to as “DSM-NicDep”) across a total of 18 cohorts, three of which included 192 
samples of multiple ancestries, using a sample size-weighted meta-analysis implemented in 193 
METAL16. We used nicotine-exposed controls where possible (see Supplemental Materials for 194 
more details on each cohort). Genetic ancestry similarity was inferred by comparing an 195 
individual’s genome to the genomes from global reference populations using statistical methods 196 
such as principal components analysis, although exact methods varied somewhat across 197 
cohorts. There were 16 cohorts with samples that were most genetically similar to European 198 
ancestry global reference populations, 4 with samples that were most genetically similar to 199 
African ancestry global reference populations, and one cohort whose participants were most 200 
genetically similar to East Asian ancestry global reference populations (hereafter referred to as 201 
European, African, or East Asian ancestries). All GWAS controlled for age, sex, and 10 principal 202 
components; more details, including cohort-specific covariates, are provided in Supplemental 203 
Table 1. Twelve cohorts provided summary statistics, while five cohorts provided individual 204 
genotype and phenotype data for analysis (Supplemental Table 1).  205 
 We used FUMA v1.5.217 to identify independent, genome-wide significant risk loci, 206 
annotate variants, and perform gene-wise analyses via MAGMA18. We used the default FUMA 207 
parameters to define “independent significant SNPs” as those which reached genome-wide 208 
significance (p < 5e-8) and were independent of each other at r2 < 0.6, and “lead SNPs” as 209 
those SNPs that were independent of each other at r2 < 0.1. “Genomic risk loci” were defined 210 
by merging linkage disequilibrium (LD) blocks of independent significant SNPs within a 250 kb 211 
distance. We performed gene mapping in FUMA using positional mapping (based on 212 
ANNOVAR annotations), expression quantitative trait locus (eQTL) mapping (using GTEx V819, 213 
CommonMind20, and Braineac21 data), and chromatin interaction mapping. We also performed 214 
the MAGMA gene, gene-set, and gene expression analyses (using GTEx V8 data).  215 
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We performed follow-up analyses described below (genetic correlations, genomic 216 
structural equation modeling, and polygenic scores) only in the European ancestry data, 217 
because the African and East Asian ancestry subsets were under-powered.  218 

 219 
Genetic correlations with other substance use disorders, psychiatric disorders, and 220 
other relevant phenotypes 221 
 We used linkage disequilibrium score regression (LDSC22,23) to estimate the SNP-222 
heritability of DSM-NicDep and the genetic correlations between DSM-NicDep and other 223 
substance use phenotypes, using published GWASs of problematic alcohol use (PAU24), 224 
Fagerström Test for Nicotine Dependence (FTND4), ICD-based tobacco use disorder (ICD-225 
TUD6), problematic tobacco use (PTU, a combination of FTND and cigarettes per day15), 226 
cannabis use disorder (CanUD25), opioid use disorder (OUD26), smoking initiation 3, smoking 227 
cessation 3, and cigarettes per day3. We also estimated genetic correlations between DSM-228 
NicDep and other phenotypes including psychiatric disorders, behavioral traits, respiratory 229 
health, and socioeconomic status-related phenotypes. Details on the individual GWAS used in 230 
genetic correlation analyses are provided in the Supplemental Methods. We further tested 231 
whether genetic correlations for DSM-NicDep and FTND were different from each other using a 232 
block-jackknife method23,27.  233 

 234 
Genomic structural equation modeling 235 
 We applied confirmatory factor analysis to the covariance matrix generated by LDSC 236 
using genomic structural equation modeling (genomic SEM28) with weighted least squares 237 
estimation. As in Hatoum et al.5, the indicators were allowed to load freely on a single latent 238 
factor (Addiction-Risk-Factor), but updated the OUD26, PAU24, and CanUD25 GWAS. We 239 
compared Addiction-Risk-Factor models with DSM-NicDep, PTU, or ICD-TUD as the tobacco-240 
related indicator. The variance of the common latent factor was scaled to 1.0.  241 
 242 
Polygenic score analyses 243 
 We created polygenic scores for DSM-NicDep and FTND in the European ancestry 244 
subset of the NESARC-III sample. NESARC-III was genotyped using the Affymetrix Axiom® 245 
Exome Array29, which limited our ability to impute SNPs due to lack of appreciable non-exonic 246 
coverage and resulted in some regions with low SNP densities. Details of QC and imputation 247 
are available in the Supplemental Materials. We used PRS-CS30, a Bayesian method that 248 
uses continuous shrinkage priors to weight SNP effect sizes, and used the ‘auto’ function, which 249 
allows the global scaling parameter to be automatically learned from the data. We then used the 250 
‘score’ function in Plink 1.931 to create polygenic scores for DSM-NicDep and FTND in 251 
NESARC-III. The associations between DSM-5 tobacco use disorder, endorsement of the 11 252 
individual diagnostic criteria, and 4 of the 6 FTND criteria (excluding cigarettes per day and 253 
smoking when ill) in NESARC-III (N = 12,482; Ncases = 4,205) and the polygenic scores for DSM-254 
NicDep and FTND were estimated using logistic regression models in R, covarying for age, sex, 255 
and 10 within-ancestry principal components. Both polygenic scores were included jointly as 256 
predictors in the same model.  257 

 258 
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RESULTS  259 
Genome-wide association study of DSM-defined nicotine dependence  260 
 There were a total of 15 cohorts included in the European ancestry (EUR) meta-analysis 261 
(Ncases = 20,923, Ncontrols = 26,961), four cohorts included in the African ancestry (AFR) meta-262 
analysis (Ncases = 5,293, Ncontrols = 4,938), and one cohort included in the East Asian ancestry 263 
(EAS) GWAS (Ncases = 2,007, Ncontrols = 1,739), for a total cross-ancestry sample size of N = 264 
61,861 (28,223 cases; Supplemental Table 1). We identified one genome-wide significant 265 
locus, near the cholinergic receptor nicotinic alpha 5 subunit (CHRNA5) gene on chromosome 266 
15 (lead SNP: rs147144681, p-value =1.27E-11 in European ancestry; lead SNP = rs2036527, 267 
p-value = 6.49e-13 in cross-ancestry analysis; Supplemental Tables 2 & 3). Using a lifetime 268 
prevalence of 24%32, we estimated the liability scale SNP-heritability of DSM-defined nicotine 269 
dependence (DSM-NicDep) to be 0.07 (SE = 0.01) in the European ancestry samples.  270 

In the MAGMA gene-based analysis of the European ancestry data, three genes were 271 
significant after multiple testing corrections: CHRNA5, CHRNA3, and IREB2 (Supplemental 272 
Table 4). Three gene-sets were significantly associated: 273 
“GOBP_TRANSCRIPTION_BY_RNA_POLYMERASE_III”, 274 
“GOMF_PRE_MRNA_5_SPLICE_SITE_BINDING”, and 275 
“REACTOME_HIGHLY_CALCIUM_PERMEABLE_NICOTINIC_ACETYLCHOLINE_RECEPTO276 
RS”. None of the 30 tissue types from GTEx v8 were significant. 277 
 278 
Genetic correlations with substance use and other phenotypes 279 
 In the EUR data, DSM-NicDep was strongly correlated with the other measures of 280 
nicotine dependence (rgs with FTND, PTU, and ICD-TUD ranged from 0.77 to 1.01). The genetic 281 
correlations between DSM-NicDep and published GWASs of substance use disorders were of 282 
moderate-to-high magnitude: cannabis use disorder (CanUD), problematic alcohol use (PAU), 283 
and opioid use disorder (OUD; rg = 0.64 – 0.84). Overall, DSM-NicDep was significantly 284 
correlated with 23 of the 26 phenotypes tested (Figure 1; Supplemental Table 5). Compared 285 
to the other tobacco-related phenotypes, DSM-NicDep showed the strongest correlations with 286 
many traits, albeit with wider confidence intervals due to smaller sample size. When correcting 287 
for 24 comparisons, the genetic correlations between DSM-NicDep and smoking initiation, 288 
cannabis ever-use, CanUD, and the Townsend deprivation index were significantly larger (p < 289 
0.002) than the corresponding genetic correlations between FTND and these phenotypes.  290 
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 291 
Figure 1. Comparing genetic correlations (rg) for DSM-NicDep, FTND, ICD-TUD, and PTU 292 
with other traits in European ancestry data. Traits include other substance use disorders 293 
(CanUD = cannabis use disorder25; OUD = opioid use disorder26; PAU = problematic alcohol 294 
use24,  ICD-TUD = ICD-based tobacco use disorder6), substance use behaviors (CanUse = 295 
cannabis ever-use33; DPW = drinks per week3; SmkInit = smoking initiation3, SmkCessation = 296 
smoking cessation3, CPD = cigarettes per day3), psychiatric disorders and other mental health 297 
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phenotypes (ADHD = attention deficit hyperactivity disorder34; PTSD = post-traumatic stress 298 
disorder35), biomarkers (Cot+HC = cotinine + 3-hydroxycotinine36), lung health-related traits 299 
(FEV1 = forced expiratory volume in 1 second), risk tolerance37, socioeconomic status-related 300 
traits (Edu attainment = educational attainment38; TDI = Townsend deprivation index), executive 301 
function (EF39), and anthropometric measures (BMI = body mass index40; height41). * indicates 302 
rgs that significantly differ between DSM-NicDep and FTND at  = 0.002 (Bonferroni correction 303 
for 24 comparisons). 304 
 305 
Genomic structural equation models of broad addiction liability 306 
 In the EUR data, we found that a common genetic factor model with DSM-NicDep, PAU, 307 
OUD, and CanUD as indicators, similar to the Addiction-Risk-Factor presented in Hatoum et 308 
al.4, fit the data well (Figure 2A; Supplemental Table 6). There were two differences between 309 
the Hatoum et al. Addiction-Risk-Factor and our modified model: (1) we used larger, more 310 
recent versions of the OUD26, PAU24, and CanUD25 GWASs; and (2) we removed the residual 311 
correlation between PAU and OUD, as this path was no longer significant. We compared the 312 
model with DSM-NicDep as the tobacco-related indicator (Figure 2A) to one where DSM-313 
NicDep was substituted by the original problematic tobacco use (PTU) GWAS meta-analysis 314 
(FTND + CPD) from Hatoum et al.4 (Figure 2B; Supplemental Table 7), and one where 315 
NicDep was substituted by ICD-TUD6 (Figure 2C; Supplemental Table 8). Each of the 316 
modified models fit the data well, but the loading for DSM-NicDep was the largest of the three 317 
tobacco-related indicators, almost 3-fold larger than the loading for PTU in the equivalent model 318 
(0.86 vs. 0.30).  319 
 320 
A. 321 

 322 
B. 323 
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 324 
 325 
C. 326 

 327 
 328 
Figure 2. A modified Addiction-Risk-Factor model. This model is patterned upon the 329 
common factor model in Figure 1A of Hatoum et al., 2022, but updated with new, larger versions330 
of the OUD26, PAU24,25, and CanUD GWAS and using 3 different phenotypes for tobacco 331 
GWAS. Panel A: DSM-NicDep. Panel B: PTU5 GWAS. Panel C: ICD-TUD6. Significant 332 
loadings at p < 0.05 are represented by *. Addiction-rf�=�The Addiction-Risk-Factor; OUD = 333 
opioid use disorder; PAU = problematic alcohol use; CanUD = cannabis use disorder; DSM-334 
NicDep = nicotine dependence; ICD-TUD = ICD-based tobacco use disorder. 335 
 336 

ns 
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Polygenic scores for DSM-NicDep and FTND 337 
 A polygenic score (PGS) for DSM-NicDep was significantly associated with DSM-5 338 
tobacco use disorder in the European ancestry subset of the NESARC-III sample (beta = 0.07, 339 
SE = 0.02, p-value = 5.11e-3; Ncases = 4,205), as was a polygenic score for FTND (beta = 0.07, 340 
SE = 0.02, p-value = 3.11e-3). Results from item-level logistic regression models are shown in 341 
Figure 3. The DSM-NicDep PGS was associated with 6 of 11 criteria, as was the FTND PGS, 342 
although only 3 of these criteria were associated with both (TimeSpent, Problems, and 343 
Withdrawal). The FTND PGS was associated with 3 of the 4 FTND items, as expected, while 344 
the DSM-NicDep PGS was not associated with any FTND items. Failure to fulfill major role 345 
obligations (Fail) and Use of larger amounts or for longer than intended (Larger) were unrelated 346 
to both PGS after multiple testing correction. Despite these apparent disparities, estimates were 347 
not significantly different for the DSM-NicDep and FTND PGS.  348 
 349 

 350 
Figure 3. Polygenic scores (PGS) for FTND and DSM-NicDep predict individual DSM-5 351 
nicotine use disorder and FTND criteria in the European ancestry subset of the NESARC-352 
III sample. Filled circles represent estimates that were significant after FDR correction, while 353 
open circles represent estimates that were not significant after FDR correction. Hazardous = 354 
Recurrent use in physically hazardous situations; Fail = Recurrent use resulting in failure to fulfill 355 
major role obligations at work, school or home; Tolerance = Marked need for increased amount 356 
to get same effect, or diminished effect of same amount; TimeSpent = Great deal of time spent 357 
in activities necessary to obtain or use; GiveUp = Important recreational, social or occupational 358 
activities given up or reduced; Problems = Use despite knowledge of persistent/recurrent 359 
physical/psychological problems; Larger = Taken over larger amounts/longer periods than 360 
intended; Withdrawal = Withdrawal syndrome or use to relieve/avoid syndrome; Cutdown = 361 
Persistent desire or unsuccessful attempts to cutdown or control use; Crave = Craving, or 362 
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strong urge or desire to use; Social = Persistent use despite recurring social/interpersonal 363 
problems caused or exacerbated by use; FTND1_within30min = How soon after you wake up 364 
do you smoke your first cigarette?; FTND2_prohibited = Do you find it difficult to refrain from 365 
smoking in places where it is forbidden?; FTND3_morning = Which cigarette would you hate 366 
most to give up?; FTND5_waking = Do you smoke more frequently during the first hours after 367 
waking than during the rest of the day? 368 
 369 
 370 
DISCUSSION 371 

In this first cross-ancestry GWAS of DSM-NicDep (N = 61,861), we replicated the well-372 
known CHRNA5 risk locus. DSM-NicDep was genetically correlated with other substance use 373 
disorders, smoking-related phenotypes, and psychiatric disorders. DSM-NicDep was more 374 
closely related to the genetic underpinnings of other DSM- or ICD-defined substance use 375 
disorders than was PTU (problematic tobacco use, a phenotype that combined FTND and 376 
cigarettes per day).  377 

ICD and DSM criteria focus on physical and psychological (and social, in DSM-5) 378 
impairment due to substance use, and are, for the most part, identical across substances. 379 
FTND, on the other hand, places greater emphasis on physiological aspects of dependence 380 
(e.g., items related to tolerance and withdrawal12). Because most GWAS of substance use 381 
disorders utilize ICD and DSM criteria, we hypothesized that this discrepancy might underlie the 382 
lower genetic correlation observed between nicotine dependence and other substance use 383 
disorders in prior twin and genome-wide correlation studies that used FTND6. Indeed, the 384 
loading for DSM-NicDep in the Addiction-Risk-Factor genomic SEM was nearly 3 times that of 385 
the loading for PTU (0.83 vs. 0.30) (Figure 1). Notably, the loadings for OUD and PAU also 386 
increased in our model (0.83 to 1.0, and 0.58 to 0.81, respectively), likely due to the larger 387 
sample sizes of these more recent GWAS. We also noted no significant residual correlation 388 
between OUD and PAU in our analysis. 389 

Polygenic score (PGS) analyses of individual criteria in NESARC-III revealed an 390 
interesting pattern of associations. First, none of the FTND-specific items were correlated with 391 
the DSM-NicDep PGS, suggesting that the DSM-NicDep PGS captured genetic variance that 392 
was distinct from the FTND items. Second, even though DSM-IV did not include a diagnosis of 393 
nicotine abuse, DSM-5 includes 3 abuse criteria in its diagnosis of Tobacco Use Disorder – of 394 
these, two were unrelated to the DSM-NicDep PGS (Social, Fail) while the third (Hazard) was 395 
significantly associated. Notably, Fail was unrelated to both PGS and was amongst the least 396 
commonly endorsed criteria. Third, while the FTND is presumed to evaluate aspects of both 397 
tolerance and withdrawal, the DSM Tolerance criterion was unrelated to the FTND PGS. In 398 
contrast, Withdrawal as assessed by the DSM was associated with both PGS, while Time to first 399 
cigarette was solely associated with FTND. Taken together, these item-level analyses suggest 400 
that the DSM-NicDep GWAS may have indexed genetic liability to a distinct set of tobacco-401 
related problems than the FTND GWAS. However, many confidence intervals on these 402 
estimates were wide. Future item-level GWAS using novel structural equation modeling 403 
methods that bring together DSM and FTND items might be of high value at parsing whether 404 
genetic and clinical heterogeneity align (Figure 3). 405 
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We expected that DSM-NicDep would be more genetically correlated with 406 
psychopathology than FTND, as has been found in clinical and epidemiological studies8. The 407 
point estimates of our genetic correlation analysis suggested that PTU (CPD + FTND) was the 408 
least associated with most indices of psychopathology, while both DSM-NicDep and ICD-TUD 409 
were more strongly associated with psychosocial indices. DSM-NicDep appeared to additionally 410 
index material deprivation more strongly than the other traits, while all four tobacco GWAS 411 
(DSM-NicDep, ICD-TUD, FTND and PTU) were equivalently related to respiratory (e.g., FEV1, 412 
Lung cancer) and metabolic markers of tobacco exposure.  413 

The largest GWAS of CPD3 identified 140 genomic risk loci, compared with 5 in the 414 
largest GWAS of FTND4 and 1 in the current study of DSM-NicDep. This likely reflects the much 415 
larger sample size in the CPD study. Despite a similar sample size, the FTND GWAS identified 416 
more loci than the current DSM-NicDep GWAS, possibly because that study used a linear 417 
model to analyze a categorical 3-level (mild-moderate-severe) measure while our analyses 418 
relied on binary diagnoses. A recent GWAS of ICD-TUD that had a much larger sample size 419 
than ours (N = 898,680) identified 88 loci6. In the current study, DSM-NicDep was highly 420 
correlated with ICD-TUD. Given their high genetic correlation, future efforts may consider 421 
combining these diagnostic modalities as sources of information on tobacco use disorder.  422 

We did not find any significant loci in the much smaller African or East Asian ancestry 423 
analyses, due to the lack of power. The lack of diversity in genetic data is unfortunate as 424 
nicotine dependence and tobacco use disorder are leading contributors to mortality in worldwide 425 
populations2,42. A related limitation was our inability to conduct sex- and birth cohort-stratified 426 
analyses; rates of tobacco use vary markedly according to both sex and birth cohort, which may 427 
in turn modify the extent to which genetic liability influences risk for DSM-NicDep. Amassing 428 
more genetic datasets with DSM-derived nicotine dependence would enable such valuable 429 
analyses. 430 

In summary, our analyses highlight the importance of considering diagnostic assessment 431 
in genetic studies of substance use disorders. We found that DSM-NicDep was more closely 432 
related to a general addiction liability factor compared to a “problematic tobacco use” phenotype 433 
that combined FTND and CPD. The DSM-NicDep PGS was not significantly associated with 434 
FTND criteria in an independent sample. Compared to FTND, DSM-NicDep was more strongly 435 
genetically correlated with ICD-TUD, smoking initiation, cannabis ever-use, and material 436 
deprivation. Given the strong genetic correlation between DSM-NicDep and ICD-TUD, future 437 
analyses may consider combining data from DSM-NicDep and ICD-based studies of TUD to 438 
maximize sample size for gene discovery.  439 
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