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A B S T R A C T

Background: Caffeine, alcohol, nicotine and cannabis are commonly used psychoactive substances. While the use
of these substances has been previously shown to be genetically correlated, causality between these substance
use traits remains unclear. We aimed to revisit the genetic relationships among different measures of SU using
genome-wide association study (GWAS) summary statistics from the UK Biobank, International Cannabis
Consortium, and GWAS & Sequencing Consortium of Alcohol and Nicotine use.
Methods: We obtained GWAS summary statistics from the aforementioned consortia for ten substance use traits
including various measures of alcohol consumption, caffeine consumption, cannabis initiation and smoking
behaviours. We then conducted SNP-heritability (h2) estimation for individual SU traits, followed by genetic
correlation analyses and two-sample Mendelian randomisation (MR) studies between substance use trait pairs.
Results: SNP h2 of the ten traits ranged from 0.03 to 0.11. After multiple testing correction, 29 of the 45 trait
pairs showed evidence of being genetically correlated. MR analyses revealed that most SU traits were not
causally associated with each other. However, we found evidence for an MR association between regular
smoking initiation and caffeine consumption 40.17 mg; 95 % CI: [24.01, 56.33] increase in caffeine intake per
doubling of odds in smoking initiation). Our findings were robust against horizontal pleiotropy, SNP-outliers,
and the direction of causality was consistent in all MR analyses.
Conclusions: Most of the substance traits were genetically correlated but there is little evidence to establish
causality apart from the relationship between smoking initiation and caffeine consumption.

1. Introduction

1.1. Observational associations between use of substances

Caffeine, alcohol, nicotine and cannabis are among the most com-
monly used psychoactive substances worldwide (Gowing et al., 2015).
Observational studies frequently associate the use of two or more of
these substances. High phenotypic correlations are found between the

use of caffeine, alcohol, nicotine and cannabis (Kendler et al., 2008)
during adolescence. Smoking initiation is positively associated with
coffee consumption (Swanson et al., 1994; Treur et al., 2016). Cannabis
use is associated with increased alcohol consumption (Wardell et al.,
2018), but also with less success in quitting tobacco smoking (Vogel
et al., 2018).
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1.2. Genetic associations between use of substances

Genetic influences play an important role in the use of multiple
substances. Twin studies reported a wide range of heritability estimates
of substance use phenotypes: 0.39−0.51 for coffee consumption
(Luciano et al., 2005; Vink et al., 2009), 0.44−0.48 for the initiation of
cannabis use (Verweij et al., 2010; Vink et al., 2010), - 0.75−0.44 for
the initiation of smoking (Chang et al., 2018; Maes et al., 2004; Vink
et al., 2005), and 0.24−0.53 for a range of alcohol consumption and
alcohol use disorder phenotypes (Chang et al., 2018; Grant et al., 2009;
Sartor et al., 2009; van Beek et al., 2012).

Recent genetic association studies based on the variation in single
nucleotide polymorphisms (SNPs) provide the support that the genes
underlying use of one substance are overlapping with those underlying
use of other substances. For instance, coffee consumption (Coffee and
Caffeine Genetics Consortium et al., 2015) is genetically correlated with
various dimensions of cigarette smoking, including smoking initiation
(rG: 0.28), persistence (rG: 0.25) and number of cigarettes per day (rG:
0.44) (Nivard et al., 2016; Treur et al., 2017). Number of drinks con-
sumed per week is correlated with different stages of smoking, such as
initiation (rG: 0.40 (Chang et al., 2019)), cigarettes per day (rG ranging
from 0.07 (Liu et al., 2019) to 0.44 (Nivard et al., 2016)), and smoking
cessation (rG: 0.10 (Chang et al., 2019)). Lifetime cannabis use is also
genetically correlated with smoking initiation, alcohol consumption,
and alcohol dependence (Pasman et al., 2018). While these studies were
able to demonstrate the common genetic influences underlying sub-
stance use, it remains unclear whether the co-occurring conditions are
driven by pleiotropy (i.e., the same set of genes influences multiple
traits) or causality (i.e., one trait is causally associated with the other).

1.3. Causality in the genetic risk of substance use

Mendelian randomisation (MR) studies typically use genetic var-
iants as instrumental variables (IVs) to estimate the causal effect of an
exposure on a related outcome (Davey Smith and Hemani, 2014). Given
that variation in substance use behaviour is heritable, we can identify
suitable genetic instruments through large scale GWAS to perform
causal inferences. MR is subject to three assumptions (Burgess et al.,
2015b): (1) the genetic instrument should be reliably associated with
the exposure, (2) the instrument should not be associated with (un)
measured confounders, and (3) the instrument should not influence the
outcome other than through the exposure. Among a variety of MR ap-
proaches available in the literature, the two-sample MR approach
(Burgess et al., 2015a) is particularly efficient when individual-level
data on both the exposure and outcome traits are unavailable in the
same set of individuals. Two-sample MR allows higher statistical power
to be leveraged across larger genome-wide association study (GWAS)
datasets for both the exposure and the outcome.

The intertwining causal relationships between the use of different
substances have been examined by a limited number of studies
(Bjørngaard et al., 2017; Verweij et al., 2018). While MR analysis
causally associated genetic liability of heavier smoking with higher
coffee consumption in current smokers (N = 10,951∼16,243)
(Bjørngaard et al., 2017), a more recent and larger MR study found
little evidence for causal associations between alcohol (N = 112,117),
caffeine (N = 92,501), cannabis (N = 32,330) and nicotine use (N =
38,181 in cigarettes per day; N = 74,035 in smoking initiation)
(Verweij et al., 2018). However, the power in this study to detect subtle
effect sizes remained limited.

1.4. Aims

In this study, we aim to revisit the genetic relationships among
different measures of substance use using GWAS summary statistics
from larger samples which recently became available. After removal of
sample overlap (e.g., 23andme and UKB), sample sizes range from N =

25,153 to N = 296,735. We investigated genetic correlations between
ten phenotypes representing the initiation or use of alcohol, caffeine,
cannabis and nicotine through large scale studies conducted in the UK
Biobank (UKB) cohort, International Cannabis Consortium (ICC)
(Pasman et al., 2018), and GWAS & Sequencing Consortium of Alcohol
and Nicotine use (GSCAN) (Liu et al., 2019). We then investigated the
causal associations between some of these traits using two-sample MR.

2. Materials and methods

2.1. Measures

GWAS summary statistics were available for ten traits from three
samples, including (1) number of drinks consumed per week (GSCAN), (2)
estimated standard drinks per week (UKB), (3) caffeine consumption (mg/
day) per day (UKB), (4) cannabis initiation (ICC), (5) regular smoking
initiation (GSCAN), (6) age at initiating regular smoking (GSCAN), (7,8)
cigarettes smoked per day (GSCAN, UKB), (9) pack-years of smoking
(UKB), and (10) smoking cessation (GSCAN). Note that among the ten
traits, we included two similar traits for quantitative use of alcohol (i.e.,
number of drinks consumed per week, and estimated standard drinks per
week) and two identical traits for quantitative smoking measured sepa-
rately in the GSCAN and UKB for internal validation. We provided the
definitions of the ten traits in Table 1. See definitions of substance use
phenotypes in the supporting information for full details.

2.2. Analyses

In this study, we estimated SNP heritability (SNP h2), examined
pairwise genetic correlations, and then followed up with a two-sample
MR analysis to evaluate evidence for causality. We curated each GWAS
dataset and removed all sample overlap by removing overlapping in-
dividual studies to avoid biased causal estimates from the MR analysis.
The details of these analyses are described below.

2.2.1. Genome-wide association studies (GWAS)
The UKB cohort was the largest contributor to both the GSCAN and

ICCconsortia. To avoid potential inflation of causal estimates in the two-
sample MR framework due to sample overlap, we obtained revised GWAS
estimates for substance use phenotypes reported in the GSCAN and ICC
studies upon removal of UKB and 23andMe participants. Firstly, the five
GSCAN meta-analytic GWAS from previous work (Liu et al., 2019) was
repeated after removing all contributing UKB participants, the 23andMe
participants, and participants from studies that overlapped the ICC sample.
Next, GWAS for cannabis initiation was re-conducted after removing the
23andMe participants in the ICC cohort. Because the ICC contained fewer
individuals than GSCAN and UKB, we prioritised to retain as many cases
from the ICC. Thirdly, we identified 153,501 UKB participants who re-
sponded to the survey concerning their lifetime use of cannabis and ex-
cluded these participants from our UKB GWASs on four continuous traits,
including cigarettes per day, pack-years of smoking, estimated standard
drinks per week, and caffeine consumed per day. The UKB GWAS was
conducted using a Bayesian linear mixed model implemented via the
BOLT-LMM software (version 2.3) (Loh et al., 2015), which takes cryptic
relatedness between participants into account. Covariates included age at
recruitment, sex, and the first ten ancestral principal components (PCs).
SNPs with ambiguous strands and/or a minor allele frequency (MAF)<
0.01 were excluded. Our leave-one-study-out approach in deriving the
genetic summary statistics allowed two-sample MR analyses to be con-
ducted without worrying about potential bias due to sample overlap. All
individuals in the three independent samples ICC, GSCAN and UKB were
of European ancestry.

2.2.2. Heritability estimation and genetic correlations
SNP-h2 was estimated for the ten traits using LD-Score Regression

(LDSC) (B. K. Bulik-Sullivan et al., 2015), which is based on GWAS
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summary statistics. Bivariate genetic correlations (Bulik-Sullivan et al.,
2015) were then calculated using the same software between all pos-
sible pairs of traits, giving a total of 45 combinations of tests. Our
pairwise genetic correlation results were adjusted using Bonferroni
correction with the threshold 0.001 (0.05/45). More details on the SNP-
h2 estimation and the calculation of genetic correlations are provided in
the supporting information (See procedure for heritability estimation
and genetic correlation analyses).

2.2.3. Mendelian randomization
Mendelian randomisation (MR) analyses rely on the use of genetic

instruments to estimate the causal effect of an exposure on a related
outcome. The two-sample MR method (Burgess et al., 2015a) typically
uses data from GWASs that are conducted in two non-overlapping
samples of the same ancestry. This method is efficient because in-
dividual-level data are not required, yet GWAS summary results are
increasingly available from larger studies.

We selected genetic instruments from GWAS data on cannabis in-
itiation, regular smoking initiation, estimated standard drinks per week
and caffeine consumption (as exposures). Traits that had their GWAS
performed on stratified samples (i.e. traits that can only be assessed in a
subset of the population, such as number of cigarettes per day in
smokers) were not considered in the analysis due to the potential pre-
sence of collider bias when interpreting these findings unless the
number of non-users is negligibly low. A more detailed explanation was
provided in the supporting information (See the section avoiding col-
lider bias in Mendelian randomisation findings).

For the MR analyses, we used linkage disequilibrium (LD) based
clumping to obtain a set of independent (genome-wide) significant
SNPs in each dataset using the following criteria: (1) LD R-squared
between instruments< 0.01 (2) minimal distance of 10,000 kb. The
clumping procedure was performed in the software package PLINK
(version: 1.90 beta) (Chang et al., 2015). Following the previously re-
ported procedure (Verweij et al., 2018), we defined our MR instruments
on each of the four exposures at two association criteria: (1) one set of
instruments associated with the exposure of interest at p-value<5e-8
and (2) the other at a less stringent threshold of p-value<1e-5. MR
analyses were conducted for each exposure-outcome pair using both
sets of instruments.

For the first set of the instruments, we calculated the proportion of
phenotypic variance explained by the instruments (R2) for each of the four
exposure traits (i.e., regular smoking initiation, cannabis initiation,
number of standard drinks per week, and caffeine consumption). The R2 of
our instruments ranged from 0.004 to 0.02 (Regular smoking initiation: 8
SNPs, R2 = 0.004; Cannabis initiation: 4 SNPs, R2 = 0.02; Caffeine
consumption: 22 SNPs, R2 = 0.011; Estimated standard drinks per week:
37 SNPs, R2 = 0.008; See Table S3). See the section “strength of genetic
instruments” in the supporting information for the calculation of the R2.

We conducted two-sample MR analysis using the R package
TwoSampleMR curated from the MR-Base platform (Hemani et al.,
2018). First, we harmonised each pair of clumped exposure and raw
outcome GWAS, which ensures that the effect of an SNP on the ex-
posure trait and the effect of that SNP on the outcome trait correspond
to the same allele. Next, the causal associations were then evaluated
using the fixed effect inverse-variance weighted (IVW) estimator
(Burgess et al., 2013) from an exposure to an outcome, and in the other
direction if reverse causality could possibly exist. We tested the asso-
ciation in a total of 23 pairs of exposure and outcome traits. Multiple
testing correction was applied using Bonferroni correction with a
threshold of 0.002 (0.05/23). For binary exposures, we presented the
causal estimates to reflect an average change in the outcome per dou-
bling of odds in the prevalence of the exposure.

2.2.4. Sensitivity analyses
We reported our main MR findings using estimates derived from the

IVW estimator. Subsequently, we conducted different sensitivityTa
bl
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analyses, with different underlying assumptions, to examine how robust
the IVW estimates are. These alternative MR methods make weaker
assumptions on instrument validity and horizontal pleiotropy than the
IVW method which in turn allows further triangulation of causality
(Burgess and Thompson, 2017; Verbanck et al., 2018). In brief, for each
exposure-outcome pair, we conducted heterogeneity tests, MR-Egger
regression, weighted median, and weighted mode in addition to the
IVW estimator. Cochran’s Q statistics were derived from the IVW or
MR-Egger estimates to detect the presence of heterogeneous causal ef-
fects among the genetic instruments, an indication of potential viola-
tions of the third assumption (i.e. horizontal pleiotropy) (Greco et al.,
2015). MR-Egger regression (Bowden et al., 2015, 2016b) relaxes the
third assumption of the IVW analysis that the average pleiotropic effect
is zero by allowing a non-zero intercept. A non-zero intercept means
that the IVW estimate is biased (Burgess and Thompson, 2017). The
weighted median method (Bowden et al., 2016a) allows up to 50 % of
the instruments to be invalid. The weighted mode method relaxes the
third assumption in a different manner from the MR-Egger regression
and weighted median and is recommended to be used in combination
with other sensitivity analyses (Hartwig et al., 2017).

To evaluate bias due to heterogeneity of causal effect among in-
struments, we further applied two additional analyses: the leave-one-
out MR analysis (Burgess et al., 2017), and the Mendelian randomiza-
tion pleiotropy residual sum and outlier (MR-PRESSO; Verbanck et al.,
2018), where the lack of presence of heterogeneity would suggest that
MR estimates are unlikely to be driven by SNP outliers. The rationale
behind each of these six sensitivity analyses are further elaborated in
the supporting information (see the section Procedure for two-sample
Mendelian randomisation analyses).

Scaling differences between the exposure and outcomes used in the
MR analyses were removed (See the section Effect estimate conversion
in the supporting information for details).

3. Results

3.1. SNP heritability and genetic correlations

The ten substance use traits show strong evidence of being heritable,
with SNP h2 estimates ranging from 0.033 to 0.109 (Table S1). We
observe strong evidence of genetic overlap in 29 out of the 45 trait pairs
(Fig. 1; Table S2) after accounting for multiple testing, with positive
correlation coefficients ranging from 0.157 to 0.941 and negative cor-
relation coefficients ranging from -0.821 to -0.196. Negative coeffi-
cients were only seen in the correlations between age of initiation of
regular smoking and the other nine traits (see Fig. 1).

3.2. Two-sample Mendelian randomisation analyses and sensitivity analysis

For each exposure investigated, we adopted two sets of instruments:
(i) instruments including SNPs with genome-wide significance (SNP-
exposure) to control for weak instrument bias; (ii) a less stringent set of
instruments defined at SNP-exposure p-value< 1e-5 to leverage better
trait prediction using more SNPs.

Based on the MR associations, regular smoking initiation and caf-
feine consumption were the only exposure-outcome pair that showed
evidence for a causal association across both instrument thresholds
(Table S4). The effect estimates were broadly similar across other MR
models (Table S4), with minimal evidence of bias due to SNP hetero-
geneity (MR-PRESSO global test: Table S5; leave-one-out analysis:
Table S6) or directional pleiotropy (MR Egger intercept p-value 0.85),
ensuring robustness of the IVW finding for regular smoking initiation on
caffeine consumption (Table 2). In our reverse direction of MR analysis,
we did not observe evidence for a causal effect of caffeine consumption
on regular smoking initiation (Table S4).

To benchmark the MR results, we performed phenotypic associa-
tions. See the section Phenotypic associations and definitions of some

covariates used in phenotypic associations in the supporting informa-
tion for details and Table S7 for results.

4. Discussion

In this study, we comprehensively evaluated the genetic relation-
ships between the use or initiation of ten traits measuring different
aspects of use for four commonly used substances alcohol, caffeine,
cannabis and nicotine. Our pairwise genetic correlation results showed
significant genetic overlap between most of the trait pairs (29 out of the
45). We further investigated the causal associations between regular
smoking initiation, cannabis initiation, caffeine consumption, or the
number of standard drinks per week (as exposures) and the other
substance use traits (as outcomes) using various two-sample MR
methods and sensitivity analyses. We found evidence for a positive
causal effect of regular smoking initiation on caffeine consumption,
with two-fold increased prevalence of smoking initiation associated
with increased consumption of caffeine up to 40.17 mg, an equivalent
to the caffeine in about half a cup of coffee. Although this effect size
might not reach the magnitude to be of high clinical relevance, none-
theless our findings attempt to provide an explanation to answer
whether the observed links are a product of confounding or reflect a
true causal nature.

4.1. Genetic correlations

The observed pattern of genetic correlations was consistent with
previous studies on smaller GWAS samples (Nivard et al., 2016; Treur
et al., 2017). Substantial genetic overlap was detected between pack-
years of smoking and each of the other nine traits. To our knowledge,
past studies have not reported LD-based genetic correlation between
this trait and alcohol, caffeine or cannabis use. Similarly, regular
smoking initiation was correlated with almost every other trait, except
for cigarettes per day in the UKB sample. However, regular smoking
initiation was genetically correlated with cigarettes per day in GSCAN.
These inconsistent correlations were likely due to the sample size dif-
ference between the UKB (N = 25,153) and GSCAN (N = 122,027).

We found moderate genetic correlations between regular smoking
initiation and cannabis initiation (rG: 0.4), and between GSCAN ci-
garettes per day and caffeine consumed per day (rG: 0.41), but no
significant genetic correlation between cannabis initiation and caffeine
consumption (rG: −0.02; Table S2). Likewise, Nivard et al. (2016)
observed a high genetic correlation between cannabis initiation and
smoking initiation (rG: 0.83; SE: 0.15), between cigarettes per day and
coffee consumption (rG: 0.44; SE: 0.17), but limited evidence for a
genetic overlap between coffee consumption and cannabis initiation
(Nivard et al., 2016). Treur et al., 2017 reported an rG of 0.28 between
smoking initiation and coffee use (Treur et al., 2017). The pattern in our
genetic correlations was similar to those studies, but our correlation
coefficients were slightly lower than their estimates. We detected a
modest genetic correlation between regular smoking initiation and
cannabis initiation; however, this result would require further valida-
tion. Moreover, our analyses revealed substantial overlap in the genetic
architecture between alcohol consumption and smoking-related traits,
such as regular smoking initiation, and pack-years of smoking.

4.2. Genetic evidence for a causal association between liability to smoking
initiation and caffeine consumption

Although we observed an abundance of genetic correlations be-
tween regular smoking initiation and several other substance use traits,
we only detected evidence supporting a causal association between
regular smoking initiation and caffeine consumption via MR. Our MR
analysis showed that genetic liability to initiating regular smoking
causally influenced caffeine consumption, with a doubling in odds of
regular smoking initiation associated with increased consumption of
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caffeine up to 40.17 mg. While strong evidence for this causality was
only seen in the weighted median model (Table S4) but not in the other
two sensitivity analyses MR-Egger regression (Table S4) and weighted
mode (Table S4), the direction of causality was similar across all the MR
estimators. Our results yield similar conclusions to findings from
Bjørngaard et al. (2017) where the authors reported that each addi-
tional cigarette consumed per day was associated with 0.1 more cups of
coffee intake (Bjørngaard et al., 2017).

It is important to note that our genetic causality analyses do not
warrant a definitive conclusion on (non-)causality due to existing
shortfalls of our study design. Firstly, genetic correlation analyses
conducted using the LD-score regression technique assumes a strong
degree of polygenicity (such that LD-scores are informative) for each of
the trait evaluated. Whilst our MR-approach complements the LD-score
restriction on polygenicity as long as instruments explain sufficient
phenotypic variance, MR analyses typically require large sample sizes

to enable an adequately powered analysis. Finally, causal estimates
derived via MR assumes a lifelong predisposition of the exposure. These
findings are not necessarily compatible with results from intervention
studies (such as RCTs) that evaluate a temporal change in substance use
on the outcome of interest. In lieu of these limitations, the wide CIs
around some of the MR findings would remain consistent with a clini-
cally relevant causal effect.

It remains unclear which biological mechanism underlies the posi-
tive causal association between regular smoking initiation and caffeine
consumption. One possible biological explanation pertains to the cy-
tochrome P450 1A2 (CYP1A2) enzyme that is induced by tobacco
smoking(Pelkonen et al., 2008). Caffeine is primarily metabolised by
the CYP1A2 enzyme (Pelkonen et al., 2008), which can be induced by
cigarette smoking via the aryl hydrocarbon receptor (AHR; Butler et al.,
1989). Smoking accelerates caffeine metabolism (Joeres et al., 1988;
Langmann et al., 2000) and ultimately increases caffeine consuming

Fig. 1. Pair-wise genetic correlation coefficients between ten GWAS on substance use or initiation from three samples. Sizes of coloured squares are in proportion to
the magnitude of the correlations that remained significant after the correction for multiple testing using Bonferroni correction. Correlations that did not survive
multiple testing are shown in white background. Abbreviated sample names: (1) GSCAN: GWAS & Sequencing Consortium of Alcohol and Nicotine use, (2) ICC:
International Cannabis Consortium, (3) UKB: UK Biobank. Abbreviated trait names: (1) DPW: Drinks consumed per week, (2) ESDPW: Estimated standard drinks per
week, (3) caffeine: Caffeine consumed per day, (4) CI: Cannabis initiation, (5) SI: Regular smoking initiation, (6) AI: Age at initiation of regular smoking, (7) CPD:
Cigarettes smoked per day, (8) PYOS: Pack years of smoking, and (9) SC: Smoking cessation.

L.-H. Chang, et al. Drug and Alcohol Dependence 210 (2020) 107966

5



behaviour. While the pleiotropic function of CYP1A2 might explain the
postulated link between smoking and caffeine intake, none of our in-
struments for smoking was located in or nearby CYP1A2 nor AHR,
making this explanation unlikely. Findings from recent meta-analyses
of GWAS have shown that substance use traits are highly polygenic
(Minica et al., 2018; Pasman et al., 2018; Prom-Wormley et al., 2017;
Walters et al., 2018), which means the variation of the traits is likely to
be influenced by many genetic variants that has yet to reach genome-
wide significance, which are plausible candidate for MR instruments.
The present study cannot reliably distinguish forms of (e.g. vertical and
horizontal) pleiotropy (for instance the effect of CYP1A2 variants on
coffee and smoking) via statistical techniques given the limited number
of instruments. These efforts ought to be revisited when more instru-
ments become available, where clear assessments can be done to dissect
the strong relationship between substance use and other risk factors in
multivariate frameworks.

5. Conclusion

Our findings showed that the majority of the substance use pheno-
types exerted moderate to strong genetic correlations, supporting the
notion of a common genetic influence across these behaviours.
However, mendelian randomization only revealed evidence for a causal
link between regular smoking initiation and caffeine consumption, with
two-fold increased prevalence of smoking initiation associated with
increased consumption of caffeine up to 40.17 mg, an amount which is
equivalent to the caffeine in about half a cup of coffee. Our findings
suggest that the association between most addictive substances are
likely explained by a common genetic liability but does not warrant
strong evidence for a causal relationship.
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