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ABSTRACT

Recent studies suggest that smoking and lower educational attainment may have genetic influences in common.
However, little is known about the mechanisms through which genetics contributes to educational inequalities in
adolescent and young adult smoking. Common genetic liabilities may underlie cognitive skills associated with
both smoking and education, such as IQ and effortful control, in line with indirect health-related selection ex-
planations. Additionally, by affecting cognitive skills, genes may predict educational trajectories and hereby
adolescents’ social context, which may be associated with smoking, consistent with social causation explana-
tions. Using data from the Dutch TRAILS Study (N = 1581), we estimated the extent to which polygenic scores
(PGSs) for ever smoking regularly (PGSgmok) and years of education (PGSgpy) predict IQ and effortful control,
measured around age 11, and whether these cognitive skills then act as shared predictors of smoking and
educational level around age 16, 19, 22, and 26. Second, we assessed if educational level mediated associations
between PGSs and smoking. Both PGSs were associated with lower effortful control, and PGSgpy also with lower
1Q. Lower IQ and effortful control, in turn, predicted having a lower educational level. However, neither of these
cognitive skills were directly associated with smoking behaviour after controlling for covariates and PGSs. This
suggests that IQ and effortful control are not shared predictors of smoking and education (i.e., no indirect health-
related selection related to cognitive skills). Instead, PGSsmok and PGSgpuy, partly through their associations with
lower cognitive skills, predicted selection into a lower educational track, which in turn was associated with more
smoking, in line with social causation explanations. Our findings suggest that educational differences in the
social context contribute to associations between genetic liabilities and educational inequalities in smoking.

1. Introduction

academic track (Boer et al., 2022). Educational trajectories remain
strongly associated with smoking after leaving the educational system,

Lower education has been consistently associated with higher risks of
smoking over the life course (Alves et al., 2023). In selective educational
systems like in the Netherlands, which are defined by an early selection
into different educational tracks based on academic aptitude, educa-
tional inequalities in smoking emerge already in early adolescence (de
Looze et al., 2013). For example, in 2021, 22.5% of Dutch adolescents
(mean age 13.9) in the lower vocational track reported ever exper-
imenting with smoking and 5.5% reported daily smoking, whilst that
was only the case for respectively 11.1% and 0.4% of adolescents in the
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and some, but not all, studies even found increases in educational in-
equalities in smoking between late adolescence and young adulthood
(Alves et al., 2023).

Educational inequalities in smoking are thought to emerge in the
context of a complex interplay between differences in the social envi-
ronment and individual differences (e.g., in genetics and cognitive
skills), which is not well understood. For example, currently little is
known about the mechanisms, including those related to genetically
influenced phenotypes, as well as the social context, through which
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genetic factors may contribute to educational inequalities in smoking in
adolescence and young adulthood. This is surprising, given that recent
studies have found substantial genetic correlations between smoking
and educational attainment (Jang et al.,, 2022; Quach et al., 2020;
Wedow et al., 2018), which suggests that genetic variants associated
with smoking and lower educational attainment to some extent overlap.
This phenomenon is known as pleiotropy and means that genetic dis-
positions for smoking are also associated with lower educational
attainment, and, similarly, genetic dispositions for lower educational
attainment are also associated with smoking, inducing genetic correla-
tions between both phenotypes (Jang et al., 2022). Genetic dispositions
for observed outcomes like educational attainment or smoking can be
measured with polygenic scores (PGSs). PGSs sum up the effects of a
person’s many genetic variants on an outcome of interest, or phenotype,
using effect sizes estimated in large genome-wide association studies
(GWASs) (Allegrini et al., 2022).

Two types of mechanisms may link correlated genetic risk factors for
smoking and lower educational attainment to educational inequalities in
smoking (i.e., phenotypic correlations between lower education and
smoking behaviours). First, genetic dispositions for smoking and lower
educational attainment may influence phenotypic characteristics prox-
imally associated with both smoking and lower educational attainment,
which can therefore be considered shared risk factors of both. These may
include cognitive skills known to be associated with both smoking and
educational outcomes, such as IQ (Brody, 1997; Daly and Egan, 2017;
Weiser et al., 2010) and effortful control (Daly et al., 2016; deBlois and
Kubzansky, 2016; Piehler et al., 2012; Veronneau et al., 2014). The
phenomenon that individual characteristics (e.g., genetic risk factors,
cognitive skills) related to health behaviours (e.g., smoking) also influ-
ence the chance that individuals end up in a certain educational tra-
jectory is known as indirect health-related selection in the public health
literature (Mackenbach, 2012). If these characteristics are genetically
influenced phenotypes directly associated with both smoking and edu-
cation (in this case, cognitive skills), this mechanism is also called
confounding pleiotropy in the genetics literature (Davies et al., 2019).
Alternatively, and also consistent with indirect health-related selection,
it is possible that genetic variants affect smoking and education through
separate phenotypic mechanisms, which is known as horizontal pleiot-
ropy (Davies et al., 2019).

In a second type of developmental mechanism, like in the first type of
mechanism, genes predict into which educational trajectory adolescents
are selected, including by means of predicting cognitive skills in child-
hood. However, unlike in the first type of mechanism, educational dif-
ferences in the social context then drive associations between genetic
risk factors and smoking behaviour. This is referred to as social causa-
tion in the public health literature (Mackenbach, 2012). If genetic var-
iants predict one of the two phenotypes of interest (e.g., educational
level), which in turn influences the other phenotype of interest (e.g.,
smoking), this is also referred to as vertical pleiotropy in the genetics
literature (Davies et al., 2019). More specifically, adolescents entering
the lower educational tracks are much more likely to encounter smoking
peers, as classroom social norms in these tracks more strongly encourage
smoking (de Looze et al., 2013; Huisman and Bruggeman, 2012; Peeters
et al., 2021), making these adolescents more likely to initiate tobacco
use themselves. Educational trajectories substantially predict which
socio-occupational groups young adults enter (e.g., in terms of occupa-
tional class, prestige, and income) (Andersen & Van De Werfhorst, 2010;
Behrens et al., 2016; Bol, 2015), and associated differences in social
norms, privileges, and stressors, all of which may influence educational
differences in smoking behaviour in young adulthood (Huisman et al.,
2005; Schaap et al., 2008).

Consistent with both types of mechanisms, associations between
PGS:s for lower educational attainment and smoking, and between PGSs
for smoking and lower educational attainment have been found
repeatedly across studies (Hicks et al., 2021; Pasman et al., 2021; Sal-
vatore et al., 2020; Wedow et al., 2018). These associations, which are
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also referred to as cross-phenotype associations in the genetics literature
(Solovieff et al., 2013), may even persist after adjusting for the overlap
between PGSs (Hicks et al., 2021). For example, associations between a
PGS for having ever smoked regularly and educational attainment, and
between a PGS for years of education and smoking remained statistically
significant after mutually adjusting for both PGSs (Hicks et al., 2021).
This suggests that both PGSs are uniquely related to variance in later
smoking and educational attainment and thus should be considered
simultaneously when investigating developmental cascades from ge-
netic variants to educational inequalities in smoking.

Research on the developmental mechanisms contributing to the
cross-phenotype associations mentioned above is limited. For example,
little is known about the processes through which genetic predictors of
lower educational attainment are associated with smoking. Only one
study among adults found that the association between a PGS for years
of education and smoking was partially explained by educational
attainment, rather than differences in cognitive ability (Wedow et al.,
2018). To our knowledge, this finding has thus far not been replicated in
adolescents, which is an important omission given that some research
suggests that the contribution of genetics and the environment to
smoking behaviour may vary over the course of development (Kendler
et al., 2008). Concerning associations between genetic predictors of
smoking and educational outcomes, a study among adolescents found
that academic motivation, disciplinary problems, and grade point
average (GPA) partially mediated the association between a PGS for
smoking and educational attainment. These mediating characteristics
were also correlated with tobacco use (Hicks et al., 2021). Another study
that focussed on associations between PGSs and cognitive skills related
to educational attainment (rather than educational attainment directly)
found no associations between a PGS for smoking and cognitive ability
and executive functioning (Paul et al., 2022). These studies provide
mixed evidence on the explanatory mechanisms contributing to
cross-phenotype associations between PGSs for smoking and educa-
tional attainment. Notably, to our knowledge, no study has thus far
explored the interplay between genetic liabilities for smoking, cognitive
skills, and educational level in the development of educational in-
equalities in smoking in adolescents and young adults.

1.1. Aim

In this study, the developmental pathways through which correlated
genetic dispositions are associated with educational inequalities in
smoking throughout adolescence and young adulthood were investi-
gated. Hereby, this study provides novel insights into the mechanisms
underlying the phenotypic associations between educational level and
smoking behaviour. We first evaluated whether cross-phenotype asso-
ciations exist between a PGS for smoking and lower educational
attainment, and a PGS for lower educational attainment and smoking, to
determine the presence of any form of pleiotropy. Second, we studied
the role of indirect health-related selection as developmental pathway
linking PGSs to educational differences in smoking. To do so, we eval-
uated the extent to which both PGSs predict IQ and effortful control
measured in childhood (around age 11), and whether these cognitive
skills in turn act as shared predictors of both educational level and
smoking behaviour in adolescence and young adulthood. We also
evaluated whether PGSs serve as shared predictors of smoking and
educational level through other mechanisms than IQ and effortful con-
trol, which might point at indirect health-related selection via pheno-
typic mediators we have not measured. Subsequently, we conducted
sequentially adjusted regression analyses of associations between
educational level and smoking. If indirect health-related selection
related to genetic influences and/or cognitive skills is present, these
associations should weaken once controlled for PGSs, 1Q, and effortful
control. Third, we examined the extent to which associations between
PGSs and smoking are mediated by the educational trajectories into
which adolescents are selected based on their genetic differences, and
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hereby educational differences in the social context, consistent with
social causation explanations. Our longitudinal approach allows us to
consider all phases of adolescent development simultaneously, as the
associations between genetic factors, educational level, and smoking
may differ across age groups.

2. Methods
2.1. Study population

The TRacking Adolescents’ Individual Lives Survey (TRAILS) is a
prospective cohort study based in the Netherlands, consisting of a
population cohort recruited from primary schools (N = 2229), and a
clinical cohort of adolescents recruited from psychiatric outpatient
clinics (N = 543), followed from around age 11 onwards. We used data
collected during the first six (biennial or triennial) assessment waves,
which spanned the period between around age 11 and age 26. The
population cohort was invited from 135 schools in the provinces of
Groningen, Friesland, and Drenthe, of which 122 decided to participate
(de Winter et al., 2005). The clinical cohort consists of adolescents who
had been referred to child and adolescent psychiatric outpatient clinics
at any point in their life before age 11 for consultation or treatment. The
initial response rate was 76% for the general population cohort and 43%
for the clinical cohort. A detailed description of TRAILS can be obtained
elsewhere (Oldehinkel et al., 2015).

2.2. Genotyping

DNA was available for N = 1694 participants and was collected from
blood samples (N = 1334) or, in a minority of participants (N = 360),
from buccal swabs (wave 3: general population cohort; wave 2: clinical
cohort), and extracted using a manual salting out procedure as discussed
in Miller et al. (1988). The Golden Gate Illumina BeadStation 500 and
the Infinium™ HumanCytoSNP-12 v2.1 BeadChip platforms (Illumina
Inc., San Diego, CA) were used for genotyping. The quality of the gen-
otyping was checked for SNP call rate (>95%), minor allele frequency
(>1%), Hardy-Weinberg equilibrium (p > 1x10_6), sample call rate
(>95%), and heterozygosity (<4SD from mean). Subsequently, datasets
were merged, checked for genotype concordance, and imputed using the
Haplotype Reference Consortium’s global reference panel on the Mich-
igan Imputation Server (Das et al., 2016; McCarthy et al., 2016). Next,
we removed participants where at least one parent was born abroad (N
= 97). This was done because PGSs based on currently available GWAS,
which are mainly based on European-ancestry samples, have inferior
prediction accuracy when applied to other ethnic groups (Lee et al.,
2018; Mostafavi et al., 2020). Unfortunately, detailed information on
participants’ ancestry allowing to distinguish between participants with
European and non-European migration backgrounds was not available,
which is why we decided to exclude all participants with at least one
parent born abroad. Lastly, for the small number of sibling pairs in
TRAILS, one sibling per pair was randomly removed if genetic data were
available for both (N = 16), leading to a final sample of N = 1581
participants.

2.3. Smoking

Adolescents and young adults were asked to report on their tobacco
use in the previous four weeks. Responses were recoded to approximate
the average number of cigarettes smoked per day. At wave 3 (around age
16), adolescents’ answers were coded as follows: 0 (non-smokers), 1
(less than one cigarette per day), 3 (1-5 cigarettes per day), 8 (6-10
cigarettes per day), 15 (11-20 cigarettes per day), 21 (>20 cigarettes per
day). From wave 4 to wave 6 (age around 19-26), response options were
expanded to capture heavy smoking in more detail: O (non-smokers), 1
(less than one cigarette per day), 3 (1-5 cigarettes per day), 8 (6-10
cigarettes per day), 15 (11-20 cigarettes per day), 25 (21-30 cigarettes
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per day), 31 (>30 cigarettes per day).
2.4. Cognitive skills

Childhood cognitive skills were captured by effortful control and the
Intelligence Quotient (IQ) assessed around age 11 (wave 1). Effortful
control was assessed using the corresponding subscale from the parent-
report Early Adolescent Temperament Questionnaire (EATQ-R), which
consists of 11 items with 5 response categories (Cronbach’s alpha =
0.86) (Oldehinkel et al., 2004). IQ was estimated using the Block Design
and Vocabulary subtests of the Revised Wechsler Intelligence Scale for
Children (WISC-R) (Brunnekreef et al., 2007).

2.5. Educational level

The Dutch educational system is characterized by an early (age
11-12) selection into a secondary educational track, based on cognitive
tests and the advice of the primary school. There are four tracks in the
Dutch educational system, each consisting of a specific type of secondary
school followed by tertiary education at the corresponding level (Fig. 1):
(1) lower vocational track, (2) intermediate vocational track, (3) higher
vocational track, (4) academic track. In addition, there is a special ed-
ucation track, followed by students unable to attend regular education.
This track was collapsed with the lower vocational track in our analyses.
While in secondary education, adolescents can be recommended by their
school to move between educational tracks, depending on their aca-
demic performance. Furthermore, after attaining specific milestones of
their track, students can become eligible to continue their education in
the next higher track. For example, students who finish the intermediate
vocational track with an MBO level 4 diploma may continue their ed-
ucation by attending a University of Applied Sciences of the higher
vocational track. Overall, a proportion of students was mobile mainly
between adjacent educational tracks: 26.70% of adolescents moved to a
different track between wave 3 and 4, 26.88% between wave 4 and 5,
and 12.51% between wave 5 and 6, respectively. 41.83% of participants
were in a different educational track around age 26 (wave 6) than
around age 16 (wave 3). Educational track membership was assessed at
each wave by asking for participants’ current enrolment, as well as their
highest completed diploma. Participants who finished the final diploma
of a given track received the value corresponding to that level for all
subsequent waves, unless they continued education at a higher level.

If information on current and completed education was not available
at waves 3 or 4, retrospective event history calendars completed at wave
3 and wave 5 were used to ascertain adolescents’ educational level at
these waves. It was not possible to classify participants who had not been
in education for a longer period, whose educational level was not clas-
sifiable in terms of one of the four tracks described above (e.g., because
of education abroad), whose educational level was assessed incom-
pletely, who did not respond to questions on education, or who had left
the educational system permanently (wave 3: N = 206, 13.32%; wave 4:
N =222, 14.82%, wave 5: N = 240, 16.49%, wave 6: N = 342, 24.95%).
Education was considered as missing for these participants.

2.6. Polygenic scores (PGSs)

PGSs for smoking (PGSsmok) and educational attainment (PGSgpy)
were computed as the weighted sum of alleles using LDPred
(Vilhjalmsson et al., 2015). Weights (i.e., effect sizes) for PGSgpy were
obtained from a large GWAS for years of schooling completed (Edu-
Years; N = 1,131,881; 1271 genome-wide significant loci), based on the
total sample with the exception of 23andme (Lee et al., 2018). Weights
for PGSgmok were calculated based on a large GWAS for having ever
smoked regularly (SmkInit; N = 1,232,091; 378 associated variants),
also based on the total sample with the exception of 23andme (Liu et al.,
2019). In prediction analyses, EduYears was able to explain 11-13% of
the variance in educational attainment (Lee et al., 2018). SmkInit
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Fig. 1. The Dutch educational system.

accounted for approximately 4% of variance in ever smoking regularly
(Liu et al., 2019). The weights were multiplied by the inverse of the
linkage disequilibrium scores, as calculated by LDPred from the com-
bined data set of the TRAILS general population and clinical cohort. The
most liberal threshold (fraction of causal variants = 1.00) including all
SNPs was used, in line with suggestions that this approach best captures
the genetic architecture of complex phenotypes, such as education and
smoking (Boyle et al., 2017). PGSs were z-score transformed to facilitate
interpretability. Higher scores on PGSgmox represent higher genetic risk
for smoking, and higher scores on PGSgpy represent higher genetic risk
for lower educational attainment.

2.7. Covariates

Environmentally mediated effects of parental genotypes on offspring
phenotypes can induce ‘backdoor paths’ confounding associations be-
tween individual genotypes and phenotypes. This type of confounding,
which is also known as dynastic effects (Morris et al., 2020; Pingault
et al.,, 2022), was addressed by controlling for parental educational
attainment and smoking. To assess parental educational attainment, the
responding parent was asked about their own and their partner’s highest
educational attainment (wave 1), of which the mean was taken: 1
(elementary education), 2 (lower tracks of secondary education), 3
(higher tracks of secondary education), 4 (higher vocational education),
5 (university). For smoking, the responding parent was asked about their
own and their partner’s tobacco use in the preceding year (wave 1).
Answers were recoded to 0 (neither parent smokes daily), 1 (one parent
smokes daily), 2 (both parents smoke daily). We further adjusted for age
at baseline, sex, and cohort type (i.e., clinical vs. general population
cohort).

2.8. Missing data handling

We performed attrition analyses to evaluate the extent to which
dropout may have influenced our findings. Attrition analyses showed

that at wave 6 13.28% (N = 210) of our analytic sample no longer
participated in the study. Higher scores on both PGSs, lower IQ, lower
effortful control, male sex, lower parental education, parental and
adolescent smoking, and lower educational level were significantly
related to dropout (Table S1). Similar differences were found when
comparing participants with classifiable educational level to those
whose educational level could not be determined (Table S2). Missing
values were addressed using multiple imputations by chained equations
under fully conditional specification (van Buuren, 2007) and under the
assumption of missingness at random. 90 imputed datasets were created
with 50 iterations between datasets.

2.9. Analytical approach

We conducted structural equation models (SEM) in Mplus 8.10 to
represent the hypothesized relationships between PGSs, cognitive skills
around age 11, and educational level and smoking from around age 16
to 26 (Fig. 2). Separate models were conducted to predict educational
level and smoking in each age group (i.e., around age 16, 19, 22, and
26). We first also ran separate models for each PGS, and then combined
PGSsyok and PGSgpy in a single model to account for their overlap and
to explore whether each PGS contains variance uniquely associated with
educational level and smoking. All regression coefficients were adjusted
for all covariates (i.e., parental education and smoking, adolescent age
at baseline, sex, and cohort type). We evaluated the potential develop-
mental mechanisms linking PGSs to educational inequalities in smoking
by computing total, direct, and indirect effects using the ‘model indirect’
(mediation) command in Mplus. Besides our SEM models based on
Fig. 2, we conducted sequentially adjusted regression models of asso-
ciations between educational level and smoking around age 16, 19, 22,
and 26, to explore the extent to which these associations are explained
by individual differences in PGSs, IQ, and effortful control. Smoking was
modelled using negative binomial regression to accommodate the zero-
inflated nature of this outcome (Allison, 2012). Linear regressions were
used to predict IQ, effortful control, and educational level.
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Non-normality was accounted for by using robust maximum likelihood
(MLR).
We conducted our analyses in three steps:

1.) To determine the existence of cross-phenotype associations (and
therefore any form of pleiotropy), we calculated the total effects
(i.e., combination of direct and all indirect effects) of PGSsyox
and PGSgpy on both smoking and educational level around age
16, 19, 22, and 26.

PGSsmok and PGSgpy on smoking from around age 16 to 26
sequentially mediated by IQ or effortful control around age 11
and educational level, assessed at the same age as smoking (i.e.,
around age 16, 19, 22, and 26) (paths a/h/m, b/i/m, ¢/h/m, and
d/i/m). We also considered indirect effects of PGSs on smoking
via educational level which were not also mediated by IQ or
effortful control (paths f/m and k/m).

2.) To assess the role of indirect health-related selection, we first 2.10. Sensitivity analyses
evaluated whether the PGSs predicted IQ and effortful control at
around age 11, and whether these cognitive skills then acted as We repeated the SEM models with smoking recoded as binary vari-
shared predictors of smoking and educational level measured able capturing daily smoking (yes/no) using the WLSMV estimator and
around ages 16, 19, 22, and 26. We therefore compared the in- probit regression. These models were also able to treat educational level
direct effects of PGSgmox and PGSgpy on educational level as ordinal variable. Currently, it is not possible to conduct mediation
mediated by IQ and effortful control (paths a/h, b/i, ¢/h, d/i) to analysis with categorical mediators combined with outcomes modelled
the indirect effects of PGSsyok and PGSgpy on smoking, mediated with negative binomial regression in Mplus. In mediation models it is
by IQ and effortful control, but not educational level (paths a/g, usually preferable to measure mediators and outcomes in consecutive
b/j, ¢/g, and d/j). Second, we evaluated direct effects of PGSs on waves. However, the time lags between measurements in TRAILS are
smoking (paths e and 1) and educational level (paths f and k). If rather long (about three years). This means that adolescents are
significant direct effects of a PGS on both smoking and educa- frequently in different social contexts in one wave compared to the next.
tional level are found, this could, for instance, point at indirect To adequately assess the consequences of educational level in terms of
health-related selection through other phenotypic mechanisms smoking, a fairly short time interval between measurements is prefer-
than IQ or effortful control. Lastly, we explored potential changes ~ able. This is why we modelled educational level and smoking contem-
in associations between educational level and smoking (path m) poraneously in our main analyses. Nevertheless, we conducted
after controlling for PGSs, IQ, and effortful control in sequentially sensitivity analyses in which we allowed for one wave time lag between
adjusted regression models. measurements of educational level and smoking, to assess whether the

3.) To evaluate the extent to which genes are associated with selec- choice of time lags affected our results. Furthermore, we assessed

tion into different educational tracks, and hereby different social
contexts, which may then predict smoking behaviour (consistent
with social causation), we estimated the indirect effects of

whether results differed if the analytical sample was restricted to par-
ticipants of the general population cohort (N = 1248). Lastly, we con-
ducted a complete case analysis to assess how our way of handling
missing data affected results.
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3. Results
3.1. Descriptive statistics

Descriptive statistics of the study sample are presented in Table 1.
Adolescents’ tobacco use increased from around age 16 to around age
22, and decreased again from around age 22 to 26. Lower educational
level was consistently associated with more smoking in all age groups.
The correlation between PGSgyiox and PGSgpy was r = 0.29.

3.2. Structural equation models

3.2.1. Cross-phenotype associations

As expected, both PGSgyox and PGSgpy were strongly associated
with their respective phenotypes, as indicated by significant total effects
on smoking and, respectively, educational level in all age groups (Ta-
bles 2 and 5). Associations between PGSgyox and smoking were similar
around age 16 and 19, increased slightly by around age 22, and then
decreased again by around age 26. Associations between PGSgpy and
educational level were similar at all measurement occasions. Significant
cross-phenotype associations were also found (Tables 3 and 4). PGSgpy
had significant total effects on smoking at all measurement occasions,
which decreased in strength as adolescents became young adults and
remained significant after controlling for PGSsyok. Similarly, PGSsmox
had significant total effects on educational level over the entire follow
up, which increased between around age 19 and 22. However, the
weaker total effects of PGSsyok on education around age 16 and 19 did
not survive adjustment for PGSgpy.

3.2.2. PGSs and cognitive skills as shared predictors of smoking and
education

PGSsmok and PGSgpy significantly predicted lower effortful control
(paths b and d), whereas PGSgpy, but not PGSsyok, also predicted lower
1Q (path c) (Figs. 3-4). Both higher IQ and effortful control were, in turn,
associated with a higher educational level (paths h and i). Accordingly,
we found significant indirect effects of PGSgpy on lower education via
both lower IQ and effortful control (paths c/h and d/i), and of PGSsyox
on lower education via lower effortful control only (path b/i) (Tables 4
and 5). However, when considering direct associations between cogni-
tive skills and smoking, we found only one significant direct association
between higher effortful control and less smoking around age 22 (path j)
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when controlling for PGSgpy but not PGSgyox (Fig. 3B). This association
did not lead to any significant indirect effects of PGSgpy on smoking via
effortful control but not educational level (path d/j) (Table 3). We found
no direct associations of IQ with smoking, and therefore also no signif-
icant indirect effects of PGSs on smoking via IQ besides those via
educational level (path c¢/h/m) (Tables 2 and 3).

We found significant direct effects of PGSgyox and PGSgpy on both
smoking and educational level, suggesting that both PGSs serve as
shared predictors of smoking and education through mechanisms other
than IQ and effortful control. PGSgpy had significant direct effects on
educational level in all age groups (Table 5), as well as on smoking
around age 16 and 19 (Table 3). PGSsyox had very large direct effects on
smoking (Table 2), and smaller direct effects on educational level in all
age groups, be it that the direct effect of PGSgyox on educational level
around age 16 was no longer significant after adjusting for PGSgpy
(Table 4). Lastly, sequentially adjusted regression models (Table S3)
revealed only very minor changes in associations between lower
educational level and smoking, with the largest reduction in the asso-
ciation between educational level and smoking around age 16 after
controlling for PGSs. In the fully adjusted models, the association be-
tween educational level and smoking increased from about age 16 to 19
and remained stable from age 19 onwards.

3.2.3. PGSs as predictors of educational trajectories, and educational
trajectories as predictors of smoking

Large proportions of the associations between PGSgpy and smoking
were mediated by being in a lower educational track. The proportions
mediated increased from less than 40% around age 16 to around
60-80% in young adulthood (Table 3). PGSgpy was strongly associated
with a lower IQ and less effortful control in childhood (paths ¢ and d),
which then predicted selection into a lower educational track (paths h
and i). PGSgpy also significantly predicted selection into a lower
educational track via other, unmeasured mechanisms (path k). Having a
lower educational level, in turn, predicted more smoking behaviour
(path m). Accordingly, all indirect effects of PGSgpy on smoking via
educational level were significant throughout adolescence and young
adulthood (i.e., paths ¢/h/m, d/i/m, and k/m), and remained so after
adjusting for PGSgyoxk (Table 3).

Mediation by educational level was also present for the associations
between PGSgyox and smoking, but the corresponding indirect effects
tended to be smaller than the indirect effects of PGSgpy on smoking via

Table 1
Characteristics of adolescents and young adults in the TRAILS Study.
Wave 1 Wave 3 Wave 4 Wave 5 Wave 6

N participants 1581 1547 1498 1455 1371

Male sex, N (%) 821 (51.93) 798 (51.58) 770 (51.40) 748 (51.41) 690 (50.33)

Age, mean (SD) 11.08 (0.54) 16.15 (0.68) 19.02 (0.60) 22.17 (0.66) 25.70 (0.65)

Parental education, mean (SD) 3.15 (0.88)

Parental smoking, mean (SD) 0.64 (0.77)

Clinical cohort, N (%) 333 (21.06)

1IQ, mean (SD) 99.71 (14.67)

Effortful control, mean (SD) 3.11 (0.72)

PGSgpy, mean (SD) 0.00 (1.00)

PGSsnmok, mean (SD) 0.00 (1.00)
Correlation PGSgpy and PGSsyox 0.29

Educational level, N (%)
Lower vocational & special education 322 (24.01) 162 (12.70) 128 (10.53) 82 (7.97)
Intermediate vocational 372 (27.74) 441 (34.56) 322 (26.50) 257 (24.98)
Higher vocational 303 (22.60) 364 (28.53) 478 (39.34) 398 (38.68)
Academic 344 (25.65) 309 (24.22) 287 (23.62) 292 (28.38)

Smoking, mean (SD)
All levels 2.30 (5.13) 3.42 (6.55) 3.57 (6.67) 2.65 (5.47)
Lower vocational & special education 4.14 (6.68) 6.57 (9.45) 8.09 (10.21) 6.08 (8.08)
Intermediate vocational 2.35 (5.10) 3.75 (6.42) 4.66 (6.93) 3.02 (5.61)
Higher vocational 1.23 (3.43) 2.01 (4.57) 2.24 (4.79) 1.91 (4.19)
Academic 0.70 (2.73) 1.21 (3.48) 1.18 (3.53) 0.72 (2.67)

SD = standard deviation.
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Total, direct, and indirect effects of PGSgyox on smoking around age 16, 19, 22, and 26 in the TRAILS study; potential mediators were measured around age 11 (IQ and
effortful control) and concurrently with smoking (educational level); linear and negative binomial regression models (MLR estimator; beta-coefficient, standard error,

p-value).

Smoking around age 16

Smoking around age 19 Smoking around age 22 Smoking around age 26

Model 1

Total effect

Direct effect

Total indirect effect
Specific indirect effects

PGSspox—effortful control—smoking
PGSsvox—1Q—smoking
PGSsmok—education—smoking

PGSsmox—effortful control—education—smoking

PGSsmox—I1Q—education—smoking

Model 2

Total effect

Direct effect

Total indirect effect
Specific indirect effects

PGSsmox—effortful control—smoking
PGSspox—1Q —smoking
PGSsmok—education—smoking

PGSsmox—effortful control—education—smoking

PGSspox—1Q—education—smoking

0.375 (0.075), <0.001
0.322 (0.074), <0.001
0.053 (0.016), 0.001

0.008 (0.008), 0.345
—0.001 (0.003), 0.641
0.030 (0.012), 0.016
0.014 (0.005), 0.004
0.003 (0.005), 0.543

0.322 (0.075), <0.001
0.295 (0.075), <0.001
0.027 (0.015), 0.062

0.005 (0.006), 0.454
0.004 (0.005), 0.353
0.016 (0.011), 0.158
0.010 (0.004), 0.022
—0.007 (0.005), 0.157

0.358 (0.064), <0.001
0.296 (0.062), <0.001
0.062 (0.017), <0.001

0.008 (0.006), 0.201
—0.001 (0.002), 0.655
0.038 (0.013), 0.004
0.014 (0.005), 0.003
0.003 (0.006), 0.542

0.299 (0.064), <0.001
0.265 (0.063), <0.001
0.033 (0.015), 0.028

0.005 (0.005), 0.284
0.003 (0.004), 0.364
0.023 (0.012), 0.060
0.010 (0.004), 0.018
—0.008 (0.005), 0.150

0.423 (0.067), <0.001
0.353 (0.065), <0.001
0.071 (0.016), <0.001

0.009 (0.006), 0.140
0.000 (0.001), 0.960
0.047 (0.013), <0.001
0.012 (0.004), 0.002
0.003 (0.005), 0.543

0.384 (0.068), <0.001
0.345 (0.066), <0.001
0.039 (0.016), 0.013

0.007 (0.005), 0.181
0.000 (0.003), 0.951
0.029 (0.012), 0.019
0.009 (0.004), 0.017
—0.006 (0.004), 0.149

0.306 (0.069), <0.001
0.233 (0.067), <0.001
0.073 (0.018), <0.001

0.009 (0.007), 0.165
0.000 (0.002), 0.839
0.049 (0.015), 0.001
0.012 (0.004), 0.003
0.003 (0.005), 0.543

0.266 (0.069), <0.001
0.224 (0.068), 0.001
0.042 (0.017), 0.012

0.007 (0.005), 0.205
0.001 (0.003), 0.690
0.032 (0.014), 0.022
0.009 (0.004), 0.019
—0.006 (0.004), 0.151

Boldface denotes statistical significance at p < 0.05. Models 1 are adjusted for sex,

tionally adjusted for PGSgpy.

Table 3

age, cohort type, parental education, and parental smoking; Models 2 are addi-

Total, direct, and indirect effects of PGSgpy on smoking around age 16, 19, 22, and 26 in the TRAILS study; potential mediators were measured around age 11 (IQ and
effortful control) and concurrently with smoking (educational level); linear and negative binomial regression models (MLR estimator; beta-coefficient, standard error,

p-value).

Smoking around age 16

Smoking around age 19 Smoking around age 22 Smoking around age 26

Model 1

Total effect

Direct effect

Total indirect effect

Specific indirect effects
PGSgpy—effortful control—smoking
PGSgpy—I1Q—smoking
PGSgpy—education—smoking
PGSgpy—effortful control—education—smoking
PGSgpy—I1Q—education—smoking

0.338 (0.076), <0.001
0.227 (0.076), 0.003
0.111 (0.026), <0.001

0.008 (0.010), 0.423
—0.031 (0.020), 0.129
0.068 (0.018), <0.001
0.018 (0.006), 0.002
0.048 (0.011), <0.001

0.330 (0.058), <0.001
0.214 (0.060), <0.001
0.116 (0.022), <0.001

0.009 (0.007), 0.194
—0.023 (0.015), 0.142
0.067 (0.016), <0.001
0.017 (0.005), 0.001
0.045 (0.009), <0.001

0.255 (0.057), <0.001
0.112 (0.059), 0.057
0.142 (0.023), <0.001

0.013 (0.007), 0.069
—0.003 (0.015), 0.834
0.081 (0.017), <0.001
0.015 (0.004), 0.001
0.036 (0.007), <0.001

0.234 (0.066), <0.001
0.097 (0.069), 0.158
0.136 (0.027), <0.001

0.011 (0.008), 0.152
—0.013 (0.017), 0.469
0.085 (0.020), <0.001
0.015 (0.005), 0.001
0.038 (0.008), <0.001

Model 2

Total effect

Direct effect

Total indirect effect

Specific indirect effects
PGSgpy—effortful control—smoking
PGSgpy—I1Q—smoking
PGSgpy—education—smoking
PGSgpy—effortful control—education—smoking
PGSgpy—IQ — education—smoking

0.272 (0.077), <0.001
0.172 (0.077), 0.026
0.099 (0.026), <0.001

0.007 (0.009), 0.444
—0.026 (0.021), 0.227
0.059 (0.017), <0.001
0.014 (0.005), 0.007
0.046 (0.011), <0.001

0.262 (0.061), <0.001
0.152 (0.062), 0.015
0.110 (0.022), <0.001

0.007 (0.006), 0.247
—0.019 (0.016), 0.229
0.061 (0.016), <0.001
0.014 (0.005), 0.005
0.047 (0.010), <0.001

0.171 (0.059), 0.004
0.036 (0.061), 0.551
0.134 (0.024), <0.001

0.009 (0.006), 0.148
—0.001 (0.016), 0.956
0.075 (0.017), <0.001
0.012 (0.004), 0.004
0.039 (0.008), <0.001

0.179 (0.067), 0.007
0.050 (0.070), 0.478
0.129 (0.026), <0.001

0.010 (0.007), 0.167
—0.008 (0.018), 0.664
0.076 (0.019), <0.001
0.012 (0.004), 0.006
0.039 (0.008), <0.001

Boldface denotes statistical significance at p < 0.05. Models 1 are adjusted for sex,
tionally adjusted for PGSgpox-

educational level, and not always remained significant after adjusting
for PGSgpy (Table 2). PGSgyox predicted lower effortful control (path b),
which was subsequently associated with being in a lower educational
track (path i). PGSgyox was also associated with lower education via
other mechanisms than IQ or effortful control that we have not
measured (path f). Lower educational level in turn predicted increased
risks of smoking (path m), as described above. Accordingly, indirect
effects of PGSgpox on smoking via lower effortful control and lower
education (path b/i/m), as well as via other unmeasured predictors of
lower education were found in all age groups (path f/m) (Table 2). After
adjusting for PGSgpy, indirect effects of PGSgyox via educational level
but not effortful control on smoking around age 16 and 19 were no

age, cohort type, parental education, and parental smoking; Models 2 are addi-

longer significant (path f/m), while the indirect effects via effortful
control and educational level remained significant (path b/i/m). Also,
the total indirect effect (i.e., indirect effect via IQ, effortful control, and
educational level combined) of PGSgyox on smoking around age 16 was
no longer significant after adjusting for overlap with PGSgpy.

3.3. Sensitivity analyses

Analyses with education evaluated as ordinal variable and daily
smoking (yes/no) as outcome (Figs. S1-S2, Tables S4-S7), those with
smoking measured one wave after educational level (Figs. S3-S4,
Tables S8-S9), and those restricted to participants of the general
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Total, direct, and indirect effects of PGSsyox on educational level around age 16, 19, 22, and 26 in the TRAILS study; potential mediators were measured around age 11
(IQ and effortful control); linear and negative binomial regression models (MLR estimator; beta-coefficient, standard error, p-value).

Educational level around age

Educational level around age

Educational level around age ~ Educational level around age

16

19

22

26

Model 1
Total effect
Direct effect
Total indirect effect
Specific indirect effects

PGSspox—effortful control—educational

level
PGSsmox—1Q—educational level

—0.094 (0.026), <0.001
—0.060 (0.021), 0.005
—0.034 (0.015), 0.019
—0.028 (0.008), 0.001

—0.007 (0.011), 0.538

—0.091 (0.023), <0.001

—0.062 (0.019), 0.001
—0.029 (0.012), 0.019

—0.023 (0.007), 0.001

—0.006 (0.009), 0.539

—0.105 (0.023), <0.001
—0.079 (0.020), <0.001

—0.025 (0.011), 0.017
—0.021 (0.006), 0.001

—0.005 (0.008), 0.539

—0.107 (0.024), <0.001
—0.082 (0.022), <0.001
—0.024 (0.011), 0.020
—0.020 (0.006), 0.001

—0.005 (0.008), 0.539

Model 2
Total effect
Direct effect
Total indirect effect
Specific indirect effects

PGSsmox—effortful control—educational

level
PGSsmok—1Q—educational level

—0.038 (0.026), 0.149
—0.033 (0.022), 0.133
—0.005 (0.014), 0.725
—0.020 (0.008), 0.010

0.016 (0.010), 0.134

—0.043 (0.023), 0.062
—0.039 (0.020), 0.048
—0.004 (0.012), 0.724
—0.017 (0.007), 0.010

0.013 (0.009), 0.135

—0.055 (0.023), 0.017
—0.051 (0.021), 0.014
—0.004 (0.010), 0.668

—0.015 (0.006), 0.011

0.011 (0.007), 0.136

—0.057 (0.024), 0.019
—0.054 (0.022), 0.015
—0.004 (0.010), 0.723

—0.014 (0.006), 0.011

0.011 (0.007), 0.137

Boldface denotes statistical significance at p < 0.05. Models 1 are adjusted for sex, age, cohort type, parental education, and parental smoking; Models 2 are addi-

tionally adjusted for PGSgpy.

Table 5

Total, direct, and indirect effects of PGSgpy on educational level around age 16, 19, 22, and 26 in the TRAILS study; potential mediators were measured around age 11
(IQ and effortful control); linear and negative binomial regression models (MLR estimator; beta-coefficient, standard error, p-value).

Educational level around age

Educational level around age

Educational level around age  Educational level around age

16

19

22

26

Model 1

Total effect

Direct effect

Total indirect effect

Specific indirect effects
PGSgpy—effortful control—educational

level
PGSgpy—I1Q—educational level

—0.256 (0.026), <0.001
—0.131 (0.022), <0.001
—0.125 (0.015), <0.001
—0.034 (0.009), <0.001

—0.091 (0.011), <0.001

—0.220 (0.023), <0.001
—0.114 (0.020), <0.001
—0.106 (0.013), <0.001
—0.029 (0.008), <0.001

—0.077 (0.010), <0.001

—0.230 (0.023), <0.001
—0.142 (0.021), <0.001
—0.089 (0.011), <0.001
—0.025 (0.007), <0.001

—0.063 (0.009), <0.001

—0.230 (0.025), <0.001
—0.142 (0.023), <0.001
—0.088 (0.011), <0.001
—0.024 (0.006), <0.001

—0.063 (0.009), <0.001

Model 2

Total effect

Direct effect

Total indirect effect

Specific indirect effects
PGSgpy—effortful control—educational

level
PGSgpy—1Q—educational level

—0.246 (0.027), <0.001
—0.122 (0.023), <0.001
—0.124 (0.016), <0.001
—0.029 (0.009), 0.001

—0.095 (0.012), <0.001

—0.209 (0.024), <0.001
—0.104 (0.021), <0.001
—0.105 (0.013), <0.001
—0.024 (0.008), 0.001

—0.081 (0.010), 0.010

—0.217 (0.024), <0.001
—0.129 (0.022), <0.001
—0.088 (0.012), <0.001
—0.021 (0.007), 0.001

—0.067 (0.009), <0.001

—0.215 (0.026), <0.001
—0.128 (0.024), <0.001
—0.087 (0.012), <0.001
—0.020 (0.006), 0.002

—0.067 (0.009), <0.001

Boldface denotes statistical significance at p < 0.05. Models 1 are adjusted for sex, age, cohort type, parental education, and parental smoking; Models 2 are addi-

tionally adjusted for PGSsyox-

population cohort were largely consistent with our main analyses
(Figs. S5-S6, Tables S10-S13). We found some significant direct asso-
ciations between cognitive skills and smoking in models evaluating PGSs
separately, which all lost significance once both PGSs were included in
the models. Only in the complete case analysis we found a weakly sig-
nificant direct association (p = 0.044) of IQ on smoking around age 16
that survived adjustment for both PGSs, be it that this association did not
result in a significant indirect effect of either PGS on smoking. Other-
wise, the complete case analyses were mostly consistent with our main
results (Figs. S7-S8, Tables S14-517).

4. Discussion
4.1. Summary of results

We investigated the developmental pathways through which genetic
dispositions contribute to educational inequalities in smoking
throughout adolescence and young adulthood. Genetic vulnerability for
smoking (PGSsymok) was associated with having a lower educational
level throughout adolescence and young adulthood. Similarly, a PGS for

having a lower educational attainment (PGSgpy) was associated with
smoking in all age groups. Associations between PGSgyox and lower
education strengthened, while associations between PGSgpy and smok-
ing weakened as adolescents became young adults. Most of these asso-
ciations remained significant after mutually adjusting for both PGSs.
Whereas PGSgyox and PGSgpy were both significantly associated with
lower effortful control, and PGSgpy also with lower IQ, direct associa-
tions between cognitive skills and smoking were absent once controlled
for covariates and both PGSs. This suggests that cognitive skills largely
do not serve as shared predictors of educational level and smoking.
Accordingly, changes in associations between educational level and
smoking after adjusting for IQ and effortful control were negligible,
suggesting that the role of indirect health-related selection related to
these variables may be minor. Instead, associations between both PGSs
and smoking seemed partially driven by educational differences in the
social context. Partly through associations with lower cognitive skills,
PGSgpy and PGSsyok predicted selection into a lower educational track,
which in turn predicted increased smoking behaviour, consistent with
social causation explanations.
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Fig. 3. The associations of PGSgyok (A) and PGSgpy (B) with smoking around age 16, 19, 22, and 26 in separate models; potential mediators were IQ and effortful
control (around age 11) and educational level measured concurrently with smoking; linear and negative binomial regression models (MLR estimator; beta-coeffi-

cient).

*p < 0.05; **p < 0.01; ***p < 0.001. All regressions were adjusted for age, sex, cohort type, parental education, and parental smoking. Separate models were used to
predict smoking around age 16 (Mj6), 19 (M19), 22 (M), and 26 (Mae). Educational level was measured concurrently with smoking.

4.2. Interpretation of findings

Most of our results do not support the indirect health-related selec-
tion hypothesis in relation to cognitive skills. Whilst both IQ and
effortful control were strongly associated with educational level, neither
of these cognitive skills showed significant direct associations with
smoking behaviour once controlled for covariates and both PGSs. Past
studies on direct associations of cognitive skills with smoking have
yielded inconsistent results, with some research still finding substantial
independent associations after adjusting for educational level (Daly and
Egan, 2017; Davies et al., 2017; Sanderson et al., 2019). Differences in
time lags between assessments of cognitive skills, educational level, and
smoking, as well as in the measures used to capture educational level

and cognitive skills may have contributed to this heterogeneity in re-
sults. Future research could focus on further disentangling under what
conditions measures of cognitive skills remain associated with smoking,
net of differences in the social context. It is also possible that other
genetically influenced aspects of impulsivity, such as sensation-seeking,
are stronger proximal risk factors for smoking than effortful control
(Mitchell and Potenza, 2014).

Consistent with the idea that there may be other genetically influ-
enced phenotypic shared predictors of both smoking behaviour and
education than IQ and effortful control, we found small reductions in
associations between lower education and smoking after controlling for
PGSs, as well as some significant direct effects of PGSs simultaneously on
smoking and educational level. It is also possible that genetic variants
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Fig. 4. The associations of PGSgpy and PGSgyox with smoking around age 16, 19, 22, and 26 in models combining both PGSs; potential mediators were IQ and
effortful control (around age 11) and educational level measured concurrently with smoking; linear and negative binomial regression models (MLR estimator; beta-

coefficient).

*p < 0.05; **p < 0.01; ***p < 0.001. All regressions were adjusted for age, sex, cohort type, parental education, and parental smoking. Separate models were used to
predict smoking around age 16 (M), 19 (M;9), 22 (M), and 26 (Mae). Educational level was measured concurrently with smoking.

influence smoking and educational attainment through separate
phenotypic mechanisms (i.e., horizontal pleiotropy) (Davies et al.,
2019). Taken together, our results suggests that indirect health-related
selection related to unmeasured genetically influenced mediators may
still play a role. It is, however, important to note that due to, among
other reasons, the limited power of GWAS, currently PGSs capture only
part of the genetic variance predictive of smoking and educational
attainment (Pingault et al., 2021). Therefore, statistical adjustment for
PGSs likely underestimates the contribution of genetics to associations
between educational level and smoking.

We found that educational level substantially mediated the associa-
tions between PGSgpy and smoking behaviour, and to a lesser extent the
associations between PGSgyox and smoking behaviour. These indirect
effects were partly driven by lower cognitive skills in childhood, which
predicted selection into a lower educational trajectory. Being in a lower
educational trajectory was, in turn, associated with more smoking
behaviour, consistent with social causation explanations. Genes, by
affecting selection into educational tracks, strongly predict adolescents’
options for friendship formation (Huisman and Bruggeman, 2012),
exposure to substance use-related social norms, stressors, and perceived
future prospects, which may all be related to smoking (Elstad, 2010).
Lower educational tracks are more frequently characterized by a culture
of futility (Van Houtte and Stevens, 2008) and lower prospects with
respect to job/income, potentially leading to increased short-term
orientation, and seeking alternative means to attain status amongst
peers, which may include risk behaviours like substance use (Elstad,
2010). Correspondingly, classrooms in the vocational educational tracks
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more strongly feature popularity norms endorsing smoking, and these
norms in turn predict adolescents’ tobacco use within classrooms (Pee-
ters et al., 2021). The importance of peer effects is further highlighted by
social network research demonstrating that the influence of friends on
smoking remains strong, even after controlling for friendship selection
processes, and that friendship network effects contribute to educational
differences in adolescent smoking (Huisman and Bruggeman, 2012). We
found that the association between lower education and smoking
increased between around age 16 and 19, which is consistent with
previous research also showing increases in educational inequalities in
smoking towards young adulthood (Alves et al., 2023; Widome et al.,
2013). Future research could explore how the transition from education
to adult work roles, which often takes place earlier in young adults who
followed the vocational tracks (de Looze et al., 2013), may contribute to
these increases.

4.3. Strengths and limitations

Key strengths of our study are its high response rate, long follow-up,
and consistency of measures over time, allowing to capture multiple
developmental periods simultaneously (Oldehinkel et al., 2015). In
particular, the selective educational system of the Netherlands provided
us a consistent and age-appropriate measure of educational attainment,
as proxy for developing socioeconomic status (SES). That is, the selec-
tion into educational tracks as early as at age 11-12 years means that
Dutch adolescents grow up in distinct educational environments that are
characterized by different social norms, future expectations, cognitive
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resources, and occupational prospects—characteristics that are closely
related to conceptualizations of SES in adulthood. Furthermore, we used
very large GWAS for both smoking and educational attainment to
calculate PGSs, which (unlike PGSs based on older GWAS) predict
similar amounts of variance in phenotypes as many environmental
predictors (Lee et al., 2018; Liu et al., 2019). Our longitudinal approach
allowed to study differences in associations between genetic pro-
pensities, educational level, and smoking behaviours over the course of
development, an area that has not been investigated much in past
research. Lastly, we were able to address dynastic effects as potential
source of confounding by controlling for smoking and educational
attainment in parents.

Nevertheless, our study has several limitations. First, attrition and
missing data may have affected our results. While we addressed missing
data with multiple imputations (van Buuren, 2007), selective missing-
ness in participants with lower educational level, more tobacco use,
higher genetic risk for smoking and lower educational attainment, lower
parental SES, and lower IQ and effortful control (Tables S1 and S2) may
still have influenced our results. Second, to achieve a sufficient sample
size, we combined participants from a clinical with a general population
cohort, which means that the study sample included more participants
with diagnosable psychiatric conditions than would be expected in a
representative population-based sample of adolescents. We addressed
this issue by including cohort type as covariate in all analyses and by
conducting sensitivity analyses that restricted the sample to participants
of the general population cohort. Third, we did not control for past levels
of smoking in our analyses, as our approach was not focussed on
modelling changes in smoking over the course of adolescence, but
instead sought to gain insight into the contribution of correlated genetic
risk factors to the phenotypic correlations between smoking and
educational level that emerge over the course of adolescence. Accord-
ingly, our models could not consider reverse causality in the associations
between educational level and smoking. While reverse causation may be
less plausible given that nicotine is not intoxicating, smoking could still
to some extent be associated with decreases in education, for instance
due to long-term effects of nicotine on the developing brain (Yuan et al.,
2015).

Fourth, our sample did not include any participants of non-Dutch
ethnicity, as large-scale GWAS are currently unavailable for non-
European ethnic groups. PGSs based on GWAS from European-
ancestry samples tend to have inferior prediction accuracy when
applied to other ethnic groups (Lee et al., 2018; Mostafavi et al., 2020),
as the frequency of causal alleles and the extent of linkage disequilib-
rium of SNPs with causal sites differ across populations (Mostafavi et al.,
2020). Multiethnic GWAS are necessary to improve external validity,
and so is further research on the portability of PGSs across (sub-)pop-
ulations. Fifth, currently, PGSs capture only part of the genetic variance
predictive of smoking and educational attainment. This means that we
have only a partial view on the contribution of genetics to the associa-
tion between adolescent educational level and smoking (Pingault et al.,
2021; Wray et al, 2014). At the same time, by providing an
individual-level summary measure of the level of genetic risk for a given
phenotype, PGSs give a unique opportunity to gain novel insights into
the developmental cascades linking correlated genetic risk factors for
smoking and lower educational attainment to later educational differ-
ences in smoking.

5. Conclusion

Correlated genetic liabilities for smoking and lower educational
attainment were significantly associated with both smoking and lower
education throughout adolescence and in young adulthood. There was
little support for an indirect pathway through cognitive skills (i.e., IQ
and effortful control) subsequently acting as shared predictors of
educational level and smoking (i.e., no indirect health-related selection
related to cognitive skills). Instead, PGSs predicted, partly via their
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associations with lower cognitive skills, selection into a lower educa-
tional trajectory, which in turn predicted more smoking. Our findings
shed further light on how social conditions, such as educational differ-
ences in the classroom context, add to the genetic relationship between
smoking and lower educational attainment. The social contexts in the
lower educational tracks (e.g., social norms, peer group composition,
social stressors) may therefore be an important target for interventions.
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