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ABSTRACT

It is well established that birth weight is affected by the child’s genetic
endowments and maternal smoking during pregnancy. Here, we
investigate whether an interaction between genetic endowments and
maternal smoking on birth weight exists. We instrument the maternal
smoking decision with a genetic variant (rs1051730) located in the
nicotine receptor gene CHRNA3 and deal with the underreporting of
maternal smoking by using a biomarker of nicotine collected during
pregnancy. We confirm that genetic endowments and maternal smoking
negatively affect the child’s birth weight. However, we do not find
evidence of meaningful interactions between genetic endowments and
maternal smoking.
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I. Introduction

Early life experiences matter. The fetal origins literature has convinc-
ingly established that a wide range of prenatal exposures, including stress, pollution,
maternal risky health behaviors, and nutrition, have long-term consequences (Currie
2009; Almond and Currie 2011; Almond, Currie, and Duque 2018). Likewise, the be-
havior genetics literature has established that all relevant life outcomes are partially
heritable, with the vast majority of outcomes being influenced by many genetic var-
iants, each with a tiny effect (Turkheimer 2000; Chabris et al. 2015; Polderman et al.
2015). The current consensus is therefore that both genes and the environment are
important, and the traditional nature versus nurture debate is obsolete (Turkheimer
2000; Heckman 2007). However, whereas it is repeatedly argued that life outcomes
result from a complex interplay between genes and environment (Rutter 2006; Al-
mond, Currie, and Duque 2018), estimations of the actual interaction between genes
and the environment remain rare.
We move beyond the nature versus nurture debate by investigating how birth

weight is influenced by the interaction between genes and a critical prenatal environ-
mental exposure: maternal smoking. Birth weight is an important predictor of new-
born and infant survival and is associated with later life health and outcomes such as
cognitive development, educational attainment, and earnings (Black, Devereux, and
Salvanes 2007; Royer 2009; Figlio et al. 2014; Bharadwaj, Lundborg, and Rooth
2018; Trejo 2020). As a consequence, it also affects health and socioeconomic out-
comes of the next generation (Currie and Moretti 2007). Birth weight is the most
commonly used barometer among pregnancy outcomes (Conti et al. 2018), and it
comes with the advantage (compared to later-life outcomes) that its value is easily at-
tributed to genes and environmental exposures in a specific period, that is, the time
in utero.
Previous studies have convincingly established that genetic endowments influence

the risk of being born with low birth weight (Horikoshi et al. 2013, 2016; Warrington
et al. 2019). In Online Appendix A.4, we replicate the evidence by Trejo (2020) that
these genetic endowments for birth weight also affect later-life physical and cognitive
outcomes in our analysis sample, showing that genetic variation provides a relevant
source of variation in birth weight. Likewise, a body of literature points at maternal
smoking during pregnancy as a significant and important determinant of birth weight
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(Sexton and Hebel 1984; Kramer 1987a,b; Hamilton 2001; Ringel and Evans 2001;
Bharadwaj, Johnsen, and Løken 2014; Lien and Evans 2005; Banderali et al. 2015;
Simon 2016; Yang, Millard, and Smith 2020).1 Our innovation compared with this
literature is to study the interaction between genetic endowments and maternal smok-
ing during pregnancy in determining the child’s birth weight.
Estimating gene-by-environment (G × E) interplay first and arguably foremost rep-

resents an advance in the fundamental understanding of how nature and nurture inter-
act in shaping life outcomes (Biroli et al. 2022).2 Second, the study of G × E
interplay may help to identify environments or policies that reduce genetic disadvan-
tage. For example, Barcellos, Carvalho, and Turley (2018) show how an educational
policy reform reduced obesity, particularly for those with a high genetic risk, and
both Fletcher (2012) and Slob and Rietveld (2021) show how tobacco control poli-
cies moderate genetic effects on smoking. These studies illustrate how G × E inter-
play analyses provide valuable and previously hidden information on whether
interventions are helping particular groups of disadvantaged individuals (Raffington,
Mallard, and Harden 2020). Finally, G × E interplay can shed new empirical light on
theoretical predictions. A key prediction from the theory of human capital formation
is “dynamic complementarity,” where later-life investments are complementary to
higher values of the stock of human capital (for example, Cunha and Heckman
2007). Since birth weight is arguably the first realization of one’s human capital,
studying whether investments during pregnancy (for example, not smoking) exacer-
bate or compensate for genetic advantages can uncover properties of the production
function for human capital.
Our main analysis sample comes from the Avon Longitudinal Study of Parents

and Children (ALSPAC), a UK cohort study of children born in the early 1990s. The
data are uniquely suited to answer our research question since both the mothers and
their children are genotyped, a nurse administered the child’s birth weight, and ma-
ternal smoking was not just self-reported but additionally biochemically validated us-
ing biomarkers. The main limitation of the ALSPAC data is that the sample is
relatively small, with around 5,000 mother–child pairs for whom we observe both
genotypes, and only around 2,500 mother–child pairs for whom the nicotine bio-
marker is available. Therefore, we additionally exploit data from the much larger UK
Biobank. In this sample, we have to rely on some proxy and self-reported variables,
but its size (around 250,000 individuals) makes it appealing to replicate our key
findings.

1. See Mejdoubi et al. (2014) for an exception, where despite a modest reduction in cigarette smoking during
pregnancy in an intervention group, no effects on birth outcomes were found.
2. We focus in our study on the impact of genes, that is, the sequence of molecules in the DNA, which does
not change over the lifetime. There exists a related literature on how maternal smoking induces epigenetic ex-
pression in offspring (for example, Joubert et al. 2016). Epigenetics is the study of gene expression (active vs.
inactive genes) that do not involve changes in the underlying DNA sequence. Epigenetic expression could be
a mechanism through which the effect of maternal smoking arises, and additionally it provides a potential
mechanism through which genes and the environment interact. However, because of possible behavioral ad-
justments of the mother or child during pregnancy, and because epigenetic expressions are often occurring at
genetic loci that do not exhibit variation across humans, epigenetic expression alone is not a sufficient condi-
tion for the presence of gene-by-environment interactions in birth weight.
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To proxy genetic endowments, we construct a polygenic score for birth weight us-
ing the results of the latest genome-wide association study (GWAS) on birth weight
(Warrington et al. 2019). This polygenic score represents the best linear genetic pre-
dictor for birth weight and can be interpreted as one’s genetic predisposition for high
or low birth weight. In empirically establishing how the effect of maternal smoking
differs by the child’s genetic endowments, we have to address two commonly dis-
cussed issues with regards to smoking. First, relying on self-reported data about
smoking is problematic given the stigma associated with this behavior. Especially
during a pregnancy, it is likely that women misreport their smoking habits in surveys.
To tackle this issue, we compare the self-reported measures of smoking with a mea-
sure of cotinine, a biomarker of nicotine, collected from the mothers while they were
pregnant. This approach has been used before to determine actual smoking during
pregnancy (Tappin, Ford, and Schluter 1997; Lindqvist et al. 2002) and to study the
impact of smoking on newborns’ health (Li et al. 1993; Wang et al. 1997). In our
data, the prevalence of self-reported smoking is 22 percent, while 31 percent of the
mothers had enough cotinine in their urine during their pregnancy to be considered
active smokers. We show that in our data misreporting leads to overestimation of the
effect of smoking, which suggests that mothers who smoke and report smoking are
different from the ones who smoke but do not report smoking.
Second, smoking mothers are likely to be different from the nonsmoking mothers

in many ways that we cannot account and correct for in a regular regression frame-
work (for example, Bradford 2003). Possible factors include how careful they are
during their pregnancy, if their pregnancy was planned, and how acquainted they are
with the available prenatal care. All these factors are typically unobserved in survey
data, and hence their omission from the regression model will bias the estimation of
the effect of maternal smoking on children’s outcomes. Some studies tackle this issue
by exploiting variation in cigarette taxes across states (Evans and Ringel 1999), the
introduction of smoking bans (Bharadwaj, Johnsen, and Løken 2014), or randomized
nurse visits (Mejdoubi et al. 2014) as exogenous factors impacting smoking behavior
during pregnancy. In this study, we instrument the number of cigarettes smoked during
pregnancy with a genetic instrumental variable (IV): the genetic variant rs1051730 lo-
cated in the nicotine receptor gene CHRNA3 (Tyrrell et al. 2012; Wehby et al. 2012;
Van Kippersluis and Rietveld 2018a; Yang, Millard, and Smith 2020). This so-called
single nucleotide polymorphim (“SNP,” pronounced “snip”) has consistently been as-
sociated with the number of cigarettes smoked per day, also during pregnancy (Bierut
2010; Furberg et al. 2010; Liu et al. 2010), and its biological function is well under-
stood. We find that this SNP is independent of maternal and paternal characteristics
and that it consistently reduces offspring birth weight among mothers who smoke, but
that it is unrelated to the child’s birth weight among nonsmoking or former-smoking
mothers. Together, these tests are consistent with the intensity of smoking being the
single channel through which the IV affects the outcome.
Our IV analyses show that, on average, an extra cigarette per day during preg-

nancy reduces birth weight by 20–40 grams. These point estimates are considerably
larger than the reduction of 9–14 grams we find in ordinary least squares (OLS) re-
gressions. While our IV estimates could be biased upwards by the underreporting of
smoking in the first stage (the effect of SNP rs1051730 on smoking), auxiliary
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analyses suggest that even under extreme underreporting, the point estimates in the
IV regression are still larger than in the OLS regression. Another explanation of why
IV estimates could be larger than OLS estimates lies in the restrictive assumption
that our IV (SNP rs1051730) exclusively influences smoking during pregnancy.
While we present evidence that smoking during pregnancy is plausibly the dominant
channel through which our IV influences birth weight, we cannot rule out that the IV
also influences birth weight through smoking-induced health problems or assortative
mating pre-pregnancy. This provides an alternative explanation for why the IV esti-
mates are somewhat larger than our OLS estimates and also warrants a prudent inter-
pretation of our findings as the effect of prenatal smoking as opposed to smoking
during pregnancy only. Nevertheless, our estimates corroborate earlier findings that
prenatal maternal smoking reduces birth weight and go beyond earlier findings in
carefully assessing the sign and magnitude of the bias due to the misreporting of
smoking.
Despite the robust negative relationship between maternal smoking and birth

weight, we do not find evidence of significant heterogeneity in the effect of maternal
smoking on birth weight by the child’s genetic predisposition for birth weight. While
in ALSPAC the confidence interval of the interaction term does not rule out sizable
heterogeneity, our replication analysis in the UK Biobank provides a rather precisely
estimated zero for the interaction effect. Our results therefore suggest that maternal
smoking as well as genetic endowments influence birth weight in an additive fashion,
and there is no meaningful moderation effect of one on the other. In other words,
even a strong genetic predisposition for high birth weight does not cushion the nega-
tive effects that maternal smoking during pregnancy bring about.
Our study contributes to at least two streams of literature. First, it contributes to

the literature on the effects of maternal smoking on offspring birth weight (for exam-
ple, England et al. 2001; Tappin et al. 2015). Low birth weight is strongly associated
with worse later-life health and socioeconomic outcomes, and maternal smoking has
been identified as the most significant modifiable risk factor for the incidence of low
birth weight in developed countries (Kramer 1987a,b; Almond, Chay, and Lee 2015).
We contribute to this literature by exploiting the unique features of the ALSPAC
data that enable us to simultaneously address the underreporting and endogeneity of
maternal smoking. In doing so, we obtain a more reliable estimate of the average re-
duction in birth weight as a result of maternal smoking. Moreover, we are the first to
investigate treatment effect heterogeneity related to the child’s genetic predisposition
for low birth weight.3 Heterogeneity of treatment effects by genotype is not merely
important to better understand differential responses to maternal smoking, but addi-
tionally has important intergenerational implications. If the effect of maternal smok-
ing consistently affects certain groups with a specific genetic predisposition more,

3. There is, however, one study analyzing heterogeneity in the effect of maternal smoking on the child’s birth
weight bymaternal genotype (Wang et al. 2002), but this study focuses on maternal rather the offspring geno-
type, relies on specific maternal candidate genes rather than a polygenic score, and does not take into account
the endogeneity of maternal smoking decisions. Moreover, Trejo (2020) analyzes interactions between the
child’s polygenic score for birth weight and maternal socioeconomic status and BMI, but does not take into
account the endogeneity of these maternal characteristics.
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then these effects will propagate through generations, potentially increasing inequal-
ities in future generations.
A second literature to which we contribute is a still small but emerging litera-

ture analyzing G × E interactions by exploiting exogenous environmental expo-
sures (Biroli et al. 2022). Whereas G × E studies have been around for a long
time in the medical and social sciences, estimating meaningful interactions is of-
ten prohibited since genes and the environment tend to be correlated. For exam-
ple, individuals with certain genetic predisposition may self-select into certain
environments, and parental genes are not just transmitted to children but addition-
ally shape the rearing environment for their children (Kong et al. 2018). These
sources of so-called gene–environment correlation pose a threat to the identifica-
tion of G × E and can only be tackled using exogenous variation in environmental
exposures. Here we instrument the environmental exposure maternal smoking by
a maternal genetic variant, and we show that this genetic variant is independent
of the child’s genetic predisposition for birth weight. As such, by exploiting exog-
enous variation in the environmental exposure, we contribute to the literature
seeking to improve our understanding of the interplay between genes and the envi-
ronment in shaping life outcomes (for example, Schmitz and Conley 2017; Barcellos,
Carvalho, and Turley 2018).
The remainder of our study is organized as follows. The next section describes

our main data set, ALSPAC, and the variables we utilize from it. In Section III,
we detail our identification strategy. In Section IV, we present our main empirical
results, including a number of sensitivity analyses. Section V present the results
of our replication study in the UK Biobank. The final section discusses our find-
ings and concludes.

II. Data

In this section, we introduce our main data set, and we define and op-
erationalize the variables used in our analyses.

A. The Avon Longitudinal Study of Parents and Children

The Avon Longitudinal Study of Parents and Children (ALSPAC) is a prospective
and longitudinal study of children and parents (Boyd et al. 2013; Fraser et al. 2013).
The data collection started during pregnancy with the aim to monitor children from
fetal life through infancy into adolescence and young adulthood. All mothers residing
in Bristol, Avon, United Kingdom, with an expected delivery date between April 1,
1991 and December 31, 1992, were eligible to take part in ALSPAC. The mothers
and their partners were recruited for the study soon after the confirmation of the
pregnancy. Details of their social background, attitudes towards healthcare, and psy-
chological well-being were obtained by self-completion questionnaires. The clinical
course of pregnancy and childbirth were recorded from medical case notes. A total
of 14,541 eligible pregnant women were enrolled at baseline. From these pregnan-
cies, 13,988 children were alive at 12 months of age. Maternal blood and urine were
collected during pregnancy, and the same samples were later collected from their
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children. Finally, both mothers and their children were genotyped. The data set com-
prises 9,115 genotyped mothers and 9,048 genotyped children. Fraser et al. (2013)
provide more details about this study.4

Our analysis of the average treatment effect of maternal smoking is restricted to a
baseline sample of 7,598 mother–child pairs, which corresponds to pairs with informa-
tion about the maternal genotypes, as well as about the outcome and main explanatory
variable (the number of cigarettes smoked per day). We call this Baseline Sample 1. To
study the heterogeneous effects of maternal smoking we further restrict Baseline Sam-
ple 1 to mother–child pairs with nonmissing child genotypes, which leaves us with
5,006 mother–child pairs. This constitutes Baseline Sample 2. Additional analyses fur-
ther restrict the sample to mother–child pairs for which the mother supplied a urine sam-
ple. Cotinine measurements in this subsample are used to correct smoking misreporting.

B. Variables

1. Outcome variable

The main outcome of interest in our study is birth weight of the child. The weight
was obtained from routine hospital birth records. We restricted our analyses to chil-
dren alive at one year of age, which corresponds in our sample to the exclusion of
babies with a birth weight of less than 640 grams. Table 1 shows that for the 7,598
children in our first baseline sample the mean birth weight is 3,406 grams.

2. Main explanatory variables

The main environmental explanatory variables are measures for maternal smoking. We
use a binary indicator for regularly smoking during pregnancy, as well a continuous
variable reflecting the intensity of smoking in terms of the average number of ciga-
rettes smoked per day during pregnancy. Given that our proposed instrumental variable
is more closely associated with the number of cigarettes per day rather than the binary
indicator of smoking (see Section III below), most of our analyses will be based on the
intensive margin (that is, the number of cigarettes smoked per day). Both variables are
self-reported. However, we correct for self-reporting by considering the levels of co-
tinine in urine collected from the mothers when they were pregnant.
Smoking regularly: At 18 weeks of gestation women were asked to report whether

they smoked regularly or not during the first three months of their pregnancy. Table 1
shows that 22 percent of mothers classified themselves as regular smokers.
Number of cigarettes smoked per day: During their pregnancy, women were asked

to report the number of cigarettes per day they smoke presently. The timing varied from as
early as eight to 42 weeks of gestation. Table 1 shows that the average number of ciga-
rettes smoked per day is 2.02. This number reflects both smokers and nonsmokers.
The average number of cigarettes smoked per day among smokers is 10.80 (not
shown).

4. ALSPAC’s study website contains details of all the available data through a fully searchable data dictio-
nary and variable search tool; see http://www.bristol.ac.uk/alspac/researchers/our-data/ (accessed September
12, 2024).
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Cotinine: During the first three months of pregnancy, a urine sample was col-
lected and tested for cotinine. Cotinine is the predominant metabolite of nicotine
(Langone, Gjika, and Van Vunakis 1973) and is used as a biomarker for expo-
sure to tobacco smoke. While nicotine has a half-life of about two to three
hours—meaning that two hours after ingestion, half of the nicotine disappears
from one’s body—cotinine has a half-life of approximately 12–20 hours (Kim
2016). This implies that cotinine remains in the body for a much longer period
than nicotine, which is the typical test substance in standard tobacco tests. How-
ever, there is no consensus on the most appropriate threshold for identifying ac-
tive smokers from cotinine data. We choose to reclassify women with high
cotinine levels during pregnancy as active smokers using a reasonable yet con-
servative threshold of 100 ng/mL. In Online Appendix A.1, we provide an in-
depth discussion about cotinine thresholds.
Smoking regularly (adjusted): This variable is created by recoding the Smok-

ing regularly measure. Mothers are reclassified as smokers if they have more

Table 1
Descriptive Statistics of the Main Analysis Sample (ALSPAC)

Mean SD Min. Max. N

Outcome Variable

Birth weight (grams) 3,406.24 556.60 703 5,600 7,598

Main Explanatory Variables

Smoking regularly 0.22 0.42 0 1 7,417
Smoking regularly (adjusted) 0.31 0.46 0 1 2,777
Number of cigarettes smoked per day 2.02 5.09 0 51 7,598
Number of cigarettes smoked per day
(adjusted)

4.96 6.64 0 51 3,784

Cotinine (ng/mL) 743.76 1,923.57 0 24,674 2,844
Birth weight PGS (child) 0.00 1.00 –3 3 5,006

Instrumental Variable

rs1051730 0.67 0.67 0 2 7,598

Control Variables

Mother’s birth weight (grams) 3,269.01 601.43 909 6,108 4,541
Mother’s age (years) 28.47 4.66 15 44 7,598
Mother’s marital status (married = 1) 0.78 0.41 0 1 7,540
Mother’s education (categories) 3.65 1.61 0 6 5,484
Mother’s social class (categories) 2.85 1.07 1 6 6,141
Grandmother’s education (categories) 2.45 1.29 1 5 4,267

Notes: SD, standard deviation; Min., minimum; Max., maximum; PGS, polygenic score.
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than 100 ng/mL of cotinine in their urine. Compared to the self-reported measure, we
classify 31 percent instead of 22 percent of the mothers as smokers (see Table 1).5

Number of cigarettes smoked per day (adjusted): This variable is created by
(i) assuming that people who reported a positive number of cigarettes during preg-
nancy reported their smoking behavior truthfully (this assumption is relaxed in Sec-
tion IV), (ii) running a simple OLS regression between the number of cigarettes and
the value of cotinine in urine for those who reported to have smoked a positive num-
ber of cigarettes, and (iii) predicting the number of cigarettes based on that regression
for the ones who claimed to have smoked zero cigarettes but had a cotinine value
higher than 100 ng/mL. According to this adjustment, the mean number of cigarettes
smoked per day is 4.96 instead of 2.02 (Table 1). Again, this number reflects the
number of cigarettes smoked by smokers and nonsmokers. The average adjusted
number of cigarettes smoked per day among smokers is 10.55.
Polygenic score for birth weight: The other main explanatory variable of

interest—the variable that we use to interact with the maternal smoking variables—is
the child’s polygenic score (PGS) for birth weight. Recent advances in genetics, such
as the completion of the Human Genome Project in the early 2000s and the advent
of inexpensive genotyping chips, have made it possible to identify linkages between
a person’s genetic endowments and important life outcomes, such as health and so-
cioeconomic status (Beauchamp et al. 2011; Visscher et al. 2017). Due to these ad-
vances, it is now possible to construct credible measures of “nature” for many traits;
those measures are called polygenic scores.
The human genome consists of more than 3.2 billion nucleotides located on

23 pairs of chromosomes (Lehrer and Ding 2017). These nucleotides come in
four varieties: adenine (A), guanine (G), cytosine (C), and thymine (T). Approx-
imately 99.6 percent of the nucleotides are identical between two randomly se-
lected individuals (Kidd et al. 2008). However, there are particular positions in
the genome where individuals can have different nucleotides. The most common
type of such genetic variation is called a single nucleotide polymorphism
(SNP), and SNPs constitute the main source of genetic differences between indi-
viduals. At each SNP location there can be two different nucleotides. It is com-
mon to measure SNPs by counting the number of minor alleles (the nucleotide
that occurs least frequently in the population) that an individual carries. Hence,
a SNP can take the values 0, 1, or 2. Taking the minor or major allele as refer-
ence is to some extent arbitrary but does not affect downstream analyses. How-
ever, summing up the number of reference alleles is common because virtually all
genetic variants contribute additively to genetically influenced traits (Pazokitor-
oudi et al. 2021). There are approximately 85 million SNPs in the human genome
with a minor allele frequency >1 percent (1000 Genomes Project Consortium
2015). In some rare cases, a difference at a specific locus on a chromosome can
single-handedly lead to a disease; Huntington’s disease is an example. However,
the vast majority of human (behavioral) traits are polygenic, meaning they are in-
fluenced by multiple genetic polymorphisms with each having a tiny effect

5. The self-reported smoking prevalence in the subsample for which we have cotinine measurements is 20
percent.
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(Chabris et al. 2015). A polygenic score is constructed by adding up the individ-
ual SNPs, where each SNP is weighted by the strength of the association be-
tween the SNP and the outcome variables as estimated in a GWAS (Dudbridge
2013). The underlying rationale is that based on GWAS results, you can assign
weights of relative importance to each SNP. Then, with a polygenic score (PGS),
one can exploit the joint predictive power of multiple SNPs for a particular
outcome.
The predictive power of PGSs increases with the sample size of the underlying

GWAS (Dudbridge 2013). Therefore, meta-analysis techniques are used to make
GWASs as large as possible (Visscher et al. 2017). However, to avoid overfitting
in PGS analyses, it is necessary to exclude the prediction sample from the GWAS
meta-analysis used to construct the PGS. Therefore, in our study, we used the
summary statistics of Warrington et al. (2019) to retrieve the relevant SNPs and
their weights. Importantly, ALSPAC was excluded from this meta-analysis. The
weights were subsequently corrected for linkage disequilibrium (LD; structural
correlation across SNPs in the genome) using the software LDpred (Vilhj�almsson
et al. 2015). The resulting PGS is a continuous measure that represents the pro-
pensity to be born with a high birth weight as determined by the child’s geno-
types. This measure was standardized in such a way that the mean is zero and the
standard deviation is one in the analysis sample. Online Appendix A.2 and Online
Appendix A.3 present more details about the genotyping procedure and construc-
tion of the PGS. Importantly, SNP rs1051730 (and SNPs in the same genetic re-
gion) were excluded from the polygenic score because we use this SNP as our
instrumental variable (see Section 3 and Online Appendix A.7).
Figure 1 shows that, despite a lot of individual variation, the PGS for birth

weight predicts actual birth weight in our sample. This figure also suggests that a
linear relationship between the variables provides a reasonable fit with the data.
The difference between the bottom and top decile of the PGS is around 400 grams
in birth weight, and we can explain around 4.8 percent of the variation in birth
weight with the PGS.

3. Instrumental variable

As we will elaborate on in the next section, we instrument the number of cigarettes
smoked per day with a SNP of the mother, namely SNP rs1051730, which is located
in the nicotine receptor gene CHRNA3. This genomic region located in the chromo-
some 15 cluster of virtually adjacent nicotinic receptor genes (CHRNA3, CHRNA5,
and CHRNB4) was identified in all genome-wide association studies of smoking as a
risk factor for the intensity of smoking defined by the number of cigarettes smoked
per day (for example, Furberg et al. 2010; Liu et al. 2019). Both the CHRNA3 and
CHRNA5 genes are expressed in regions of the human brain involved in, among
others, reward and emotion (Berrettini 2013). Our variable rs1051730 is equal to
zero if the mother carries no adenine (A) nucleotide for SNP rs1051730, one if the
mother carries one A nucleotide, and two if the mother carries two A nucleotides.
The adenine nucleotide of rs1051730 has consistently been associated with an in-
creased number of cigarettes consumed per day. In our baseline sample, 45 percent
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of mothers do not carry any A nucleotides for this SNP, 44 percent have one A nu-
cleotide, and the remaining 11 percent of the mother carry two reference alleles.

4. Control variables

Although we exploit random-like and exogenous variation that only influences the
number of cigarettes smoked by the mother, we include some control variables for
three reasons. First, we would like to compare our IV results to the results of an ordi-
nary OLS regression with control variables. Second, the control variables act as a sen-
sitivity analysis for our IV regression. Since an instrumental variable should not be
correlated with the control variables, including the control variables should not change
the coefficient of interest. Third, including control variables that explain some of the
variation in the outcome could help to increase precision. The control variables only in-
volve characteristics of mother and grandmother, as these are the only variables possi-
bly preceding offspring genetic endowments and birth weight. They include maternal
birth weight, maternal age, maternal marital status, maternal education, maternal social
class, and grandmother’s education (see Online Appendix A.6 for definitions and Table
1 for descriptive statistics). All control variables are included as (and when necessary
transformed into) categorical variables with a dummy for each category, including a
category for missing values (see Online Appendix A.6 for details). Finally, the first
four principal components of the mother’s genetic relationship matrix are included to

Figure 1
Relationship between Birth Weight and the Polygenic Score (PGS) for Birth Weight
in ALSPAC
Notes: Estimated using a nonparametric regression with a kernel density function for continuous covariates.
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control for subtle forms of “population stratification,” that is, systematic relationships
between the prevalence of genetic variants and environments in subpopulations (Price
et al. 2006; Rietveld et al. 2014). We also included the offspring sex in our analyses as
a sensitivity analysis, and the results were very similar.6

III. Identification Strategy

Our interest is in the effect of the number of cigarettes smoked per
day during pregnancy (CM) on the child’s birth weight (BC). Note that we use the
subscript C to denote the child’s variables and the subscript M to denote those of the
mothers. A conventional OLS regression of the form

(1) BC ¼ α + βCM + X0
CλC + X0

MλM + ε

where XC and XM represent the child’s and maternal control variables as defined in
Section II, respectively, is unlikely to produce an unbiased coefficient β. As already
touched on, the number of cigarettes smoked per day CM is subject to endogeneity
concerns as a result of measurement error and omitted variables. To address the en-
dogeneity of maternal smoking during pregnancy arising from omitted variables, we
resort to an instrumental variable (IV) approach. In particular, we instrument the av-
erage number of cigarettes smoked per day CM with SNP rs1051730, which has been
consistently linked with smoking intensity (for example, Furberg et al. 2010; Liu
et al. 2019) while being plausibly exogenous to offspring birth weight. The applica-
tion of genetic instrumental variables is often referred to as Mendelian Randomiza-
tion (Smith 2003; Von Hinke et al. 2016).
In terms of equations, our identification strategy is therefore as follows. We use

the following two equations:

(2) BC ¼ α + βĈM + X0
CλC + X0

MλM + ε

(3) CM ¼ γ + δZM + X0
CψC + X0

MψM + η

where ZM denotes maternal SNP rs1051730 used as instrumental variable, and ε and η
denote the error terms. A causal interpretation of the resulting two-stage least squares
(2SLS, or Mendelian randomization) estimates relies on three critical assumptions
(see for example, Von Hinke et al. 2016), which we discuss in detail below.
First, our instrumental variable should have a strong effect on the endogenous vari-

able of interest: δ 6¼ 0. Several GWAS studies have robustly replicated the associa-
tion between SNP rs1051730 and smoking intensity (Furberg et al. 2010; Liu et al.
2010, 2019). This SNP is known colloquially among researchers as “Mr. Big” be-
cause of its consistently estimated large effect size.7 In our sample, as we will show
below, the first-stage estimate is positive and statistically significant, with the effec-
tive F-statistic values consistently in the range 15–25. Therefore, the relevance

6. Results are available upon request.
7. Sometimes, SNP rs16969968 is used instead of SNP rs1051730, as these SNPs are in almost perfect link-
age disequilibrium with each other, meaning that they are almost perfectly correlated in the human genome.
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assumption seems to hold for our instrument (Olea and Pflueger 2013; Andrews,
Stock, and Sun 2019).
Second, our instrumental variable should be independent of confounding factors.

An important advantage of using genetic variants as instruments is that they are ran-
domly distributed at conception, conditional on population stratification variables, or,
more stringently, parental genotype or family fixed effects. Therefore, the indepen-
dence assumption is likely to hold when using SNPs as instruments (Smith et al.
2007), in particular in our ALSPAC sample, which is a very homogeneous sample
from a relatively small geographic area. Moreover, we focus on mothers from Euro-
pean ancestry only, and thus a correlation between smoking-related genetic variants
and the error term of the outcome Equation 2 is unlikely. Although not a proof, it is
reassuring that our instrumental variable is not correlated to any of the background
variables of the mother or child (see Section IV). Naturally, there is a mechanical
correlation between the maternal SNP and the child’s polygenic score for birth
weight since the child’s polygenic score for birth weight includes all SNPs, including
rs1051730. The correlation between the SNP and the polygenic score for birth weight
is, however, very modest and statistically insignificant since this SNP only represents
one out of many SNPs in the polygenic score (see Online Appendix A.7 for details).
Still, in our main analyses we exclude the entire genetic region in which SNP
rs1051730 resides from the polygenic score for birth weight such that the maternal
SNP and the child’s polygenic score are orthogonal. However, all of our results are
insensitive to whether we include or exclude this specific linkage disequilibrium
(LD) region from the polygenic score.8

Third, our instrumental variable is only allowed to impact the child’s birth weight
through maternal smoking. The so-called exclusion restriction is the most challenging
one when employing genetic variants as instrumental variables as typically the bio-
logical function of a certain gene is not completely known and one cannot rule out
so-called “biological pleiotropy”—that is, the same SNP affecting multiple outcomes
(Lawlor et al. 2017). The main advantage of using SNP rs1051730 is that its biologi-
cal function is well understood. It is known to cause an amino acid change in the
alpha-5 subunit of the nicotinic receptors, and experiments have found that this
change alters the responsiveness of the nicotinic receptors to nicotine (Bierut and Ce-
sarini 2015). Hence, the SNP relates to nicotine dependence and the channel through
which the SNP affects children’s outcomes is plausibly maternal smoking. In accor-
dance with this mechanism, when we stratify the sample according to whether the
mother smoked during pregnancy (for example, Van Kippersluis and Rietveld
2018a,b), we do find a strong association between our IV and birth weight among
smoking mothers, whereas there is no significant relationship among nonsmoking or
former-smoking mothers. Even though the stratification into these subgroups may be
endogenous, we believe this result (shown in Section IV.B) is reassuring and sug-
gests that the exclusion restriction holds in our model.
Although instrumenting the average number of cigarettes smoked per day during

pregnancy with our genetic instrument goes a long way in tackling the endogeneity
of maternal smoking, there are still two issues with employing the IV in a 2SLS

8. Results are available upon request.
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setup. First, while we are confident that our SNP solely affects maternal smoking, we
cannot rule out an effect of pre-pregnancy smoking on offspring birth weight
through, for example, mother’s health or assortative mating. Second, since our cotin-
ine measures are limited to 2,844 observations from the first trimester only, the possi-
ble misreporting of smoking affects our first stage and hence 2SLS results. Therefore,
our main analyses are based upon the reduced form of the 2SLS approach (that is, the
intention-to-treat effect of the SNP on offspring birth weight):

(4) BC ¼ τ + κZM + X0
CπC + X0

MπM + σ

The reduced form does not rely on the possibly biased self-reported smoking
measures, and a significant coefficient κ is a necessary condition for a causal effect
of the instrumented variable (maternal smoking) on the outcome (birth weight). Still,
we also present 2SLS results using various measures of maternal smoking in the first
stage, to assess what a reasonable first stage (denominator) would be to scale our re-
duced form (numerator) effects into a plausible 2SLS estimate.
In order to assess the interaction between genes—as measured by the child’s PGS

for birth weight—and maternal smoking, we amend our Regressions 2, 3, and 4 by
including a linear interaction term between the maternal SNP and the child’s poly-
genic score.9 Additionally, we estimate Models 2, 3, and 4 separately for four quar-
tiles of the PGS for birth weight to allow for possible nonlinearities in the interaction
between the child’s genes and maternal smoking.

IV. Results

In this section we present our main empirical results. We start by dis-
cussing the results of the conventional OLS regressions. Thereafter, we discuss the
IV results using the maternal SNP as instrumental variable and assuming homoge-
neous effects. Finally, we turn our attention to the heterogeneity analyses using inter-
action terms between the PGS for birth weight and maternal smoking and using
stratification by quartiles of the child’s PGS for birth weight.

A. OLS Regression Results

Table 2 presents the results of OLS regressions in which the child’s birth weight (in
grams) is the outcome variable, and the number of cigarettes smoked per day is the
explanatory variable. All specifications consistently show a statistically significant as-
sociation between the number of daily cigarettes smoked by the mother and the
child’s birth weight, with every daily cigarette smoked associated with a reduction
between 8 and 15 grams in birth weight. The coefficient of the PGS for birth weight
is stable across specifications and statistically significant at the 1 percent level. Every

9. In the reduced form, therefore, we effectively interact the maternal SNP with the child’s PGS, which con-
stitutes a so-called gene–gene (G × G) interaction. However, since we provide evidence below that plausibly
the single channel through which the maternal SNP impacts the child’s outcomes is maternal smoking during
pregnancy, this G × G interaction effectively reflects a gene–environment (G × E) interaction.
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standard deviation increase in the PGS increases one’s birth weight by around
105–119 grams, consistent with the findings of, for example, Trejo (2020). The inter-
action between the number of cigarettes smoked per day and the child’s polygenic
score for birth weight is very small and not statistically significant. Similar patterns
are found when using the binary indicator for whether the mother smoked or not dur-
ing pregnancy. Online Appendix A.8 presents these results.
An interesting result stemming from Table 2 is that the correction of the self-reported

smoking measure using cotinine levels lowers the coefficients from –13.4 to –9.4 (and
from –144.7 to –57.8 on the extensive margin; see Online Appendix A.8).10 Analyses
presented in Online Appendix A.9 may explain why measurement error in the smoking
variable biases the effect away from zero. These analyses show that mothers who smoke,
as indicated by their cotinine level, but who do not report to be smokers, are more simi-
lar to the nonsmoking mothers than to self-reported smoking mothers. One possible ex-
planation is that the mothers who smoke and choose not to report are more aware of the
dangers of smoking and therefore more reluctant to report smoking. However, while be-
ing better informed about smoking, they might be more careful overall during their preg-
nancy compared with mothers who report to be smoking. An alternative explanation
could be that since our cotinine variable comes from a single measurement somewhere
during pregnancy, it is a poorer measure of the average number of cigarettes per day
smoked throughout pregnancy than the self-reported measure. However, this does not ex-
plain the pattern for the extensive margin of smoking in Online Appendix A.8 since in
this case updating the smoking status with this measure implies an unambiguous im-
provement with respect to the original classification.

B. IV Regression Results Assuming Homogeneity

1. First stage

We start by analyzing the results of the first stage of our instrumental variable strategy
in Table 3. The most important result is that our instrument has a significant and strong
impact on maternal smoking intensity during pregnancy. A reference allele is estimated
to increase the number of cigarettes per day by around half a cigarette. Hence, women
with two reference alleles (about 11 percent of the sample) smoke on average one extra
cigarette per day, an increase of 18 percent relative to the mean of our adjusted mea-
sure of the number of cigarettes smoked per day. In each specification, the coefficient
for SNP rs1051730 is significant at the 1 percent significance level, and the effective
F-statistic is at least 15 in each specification. The effective F-statistic (Olea and
Pflueger 2013) drops the assumption of homoskedasticity, and it is therefore considered
more appropriate than the standard F-statistic. One can also note that the coefficient is
larger (albeit with larger standard errors) in the specification in which we only include
mothers with a measure of cotinine (Columns 3 and 4). These differences suggest that
our adjustment of the number of cigarettes indeed reduces measurement error in our
treatment variable.

10. A similar decrease is still apparent when we analyze the self-reported smoking measure in the reduced
sample for which we observe cotinine measurements. Results are available upon request.
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2. Reduced form

Columns 1–2 in Table 4 show the reduced forms in our Baseline Sample 1. The coef-
ficients imply that having one A allele of the SNP rs1051730 decreases offspring
birth weight by on average 17 grams. The effect is statistically significant at the
10 percent level. The reduced form in the sample of 8,399 mothers—where we do
not impose the baseline restriction of observing maternal smoking—reveals a reduced
form of –19 grams, significant at the 5 percent level (not shown). We therefore con-
clude that our reduced form result supports the interpretation that maternal smoking
causally reduces offspring birth weight. Reassuringly, the result remains stable when
we add the maternal control variables. These results further support our assumption
that this particular SNP is likely to be as good as randomly assigned in the relatively
homogeneous population residing in the Avon area from which the ALSPAC partici-
pants were drawn.
To investigate the independence assumption more formally, we assess the relation-

ship between the maternal SNP and the control variables in Table 5. In Online
Appendix A.10, we also verify that these variables are not correlated to the interac-
tion term. We conclude that the instrument is uncorrelated with the control variables
(nor with some other relevant background characteristics; see Online Appendix A.10),
although we acknowledge that the set of variables analyzed is not exhaustive.
To gauge the validity of the exclusion restriction of our instrumental variable, we

evaluated if the SNP has any effect on the outcomes of mothers who should not be
affected by the SNP. Nonsmokers constitute such a sample, as the SNP rs1051730 is
associated with the intensity of smoking. If the SNP has an impact on birth weight
among children of mothers who did not smoke during pregnancy, then it suggests
that there must be at least one other pathway other than smoking through which the
instrument affects offspring birth weight (Van Kippersluis and Rietveld 2018a,b).

Table 3
Results of the OLS (First Stage) Regressions Explaining Smoking in ALSPAC

#Cigarettes Smoked
per Day

#Cigarettes Smoked
per Day (Adjusted)

(1) (2) (3) (4)

rs1051730 0.5** 0.4** 0.6** 0.6**
(0.1) (0.1) (0.2) (0.1)

Control variables No Yes No Yes
R-squared 0.004 0.132 0.005 0.202
Effective F-statistic 25.3 27.2 15.6 15.1
N 7,598 7,598 3,784 3,784

Notes: Coefficients are displayed with robust standard errors in parentheses. Column 1–2 use the
self-reported smoking measure, and Column 3–4 the self-reported smoking measure corrected using
cotinine levels. All regressions correct for genetic relatedness among the mothers using the first four
principal components of the genetic relationship matrix. +p < 0.1, *p < 0.05, **p < 0.01.
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The existence of such a pathway would violate the exclusion restriction. In Columns
3–6 of Table 4, we estimate the reduced form in stratified subsamples based on the
cotinine threshold we previously defined for active smoking (stratifying on basis of
the self-reported smoking status gives very similar results). Columns 3–4 indicate
that the relationship between the SNP rs1051730 and birth weight is negative (and
statistically significant in Column 4) among smoking mothers, whereas Columns 5–6
indicate that this relationship is positive, close to zero, and nonsignificant among
nonsmoking mothers. This result supports the idea that the SNP impacts birth weight
solely through smoking intensity and not through other pathways.

Table 4
Results of the OLS (Reduced Form) Regressions Explaining Birth Weight in
ALSPAC

Baseline
Sample 1

Smokers (Cotinine >
100 ng/mL)

Nonsmokers (Cotinine
< 100 ng/mL)

(1) (2) (3) (4) (5) (6)

rs1051730 –16.7+ –16.7+ –42.9 –66.9* 8.5 9.3
(9.6) (9.5) (29.3) (29.4) (17.8) (17.6)

Control variables No Yes No Yes No Yes
R-squared 0.001 0.040 0.005 0.124 0.002 0.074
N 7,598 7,598 828 828 2,014 2,014

Notes: Coefficients are displayed with robust standard errors in parentheses. All regressions correct for
genetic relatedness among the mothers using the first four principal components of the genetic relation-
ship matrix. +p < 0.1, *p < 0.05, **p < 0.01.

Table 5
Results of the OLS (Reduced Form) Regressions Explaining the Control Variables
in ALSPAC

Mother’s
Birth
Weight

Mother’s
Age

Mother’s
Marital
Status

Mother’s
Education

Mother’s
Social
Class

Grandmother’s
Education

rs1051730 –19.5 –0.0 –0.0 –0.1 0.0* 0.1
(13.3) (0.0) (0.0) (0.0) (0.0) (0.1)

R-squared 0.001 0.001 0.001 0.001 0.001 0.000
N 4,541 7,540 4,267 5,484 6,141 7,598

Notes: Coefficients are displayed with robust standard errors in parentheses. All regressions correct for
genetic relatedness among the mothers using the first four principal components of the genetic relation-
ship matrix. +p < 0.1, *p < 0.05, **p < 0.01.
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We acknowledge that these placebo tests are not sufficient to validate our exclu-
sion restriction for at least two reasons. First, rejecting a nonzero effect among a
group that should not be affected by the IV is obviously not evidence for a precise
zero direct effect among the subgroup that is affected. Hence, this test can never vali-
date the exclusion restriction. Second, the stratification into smokers and nonsmokers
itself could naturally be endogenous to the IV. This implies that our group of mothers
who do not smoke might be a slightly selected group of women who, despite having
this SNP, decided not to smoke during pregnancy. It could be that this endogenous
stratification biases the effect of the SNP on child’s outcomes downwards, since this
is a group of resilient mothers who do not smoke despite having the SNP. However,
in Online Appendix A.11, we show that the distribution of the effect allele between
smokers and nonsmokers is not significantly different. Therefore, we conclude that
selection into the group of smokers or nonsmokers based on the SNP is not likely to
be a major factor of concern. In sum, the absence of any effect among the group of
nonsmoking mothers in Columns 3–6 of Table 4 is consistent with the validity of our
exclusion restriction, and the striking difference in sign and magnitude of the effect
of the SNP on the child’s outcome between smokers and nonsmokers supports a
causal interpretation of the intensity of maternal smoking on birth weight of the
offspring.

3. 2SLS

Having provided evidence in support of the IV assumptions, and to interpret the mag-
nitude of the reduced form effects in terms of number of cigarettes, we now move to
the 2SLS results in Table 6. There are several patterns that emerge. First, all the IV
estimates point estimates are remarkably stable, regardless of the measure of smoking
one utilizes. The estimates imply that one extra cigarette per day reduces offspring
birth weight by around 36–40 grams.
Second, consistent with the validity of the independence assumption, the point esti-

mates are hardly affected by the inclusion of control variables. If anything, in con-
trast with the OLS estimates from Section IV.A, correction of the number of
cigarettes smoked per day based on cotinine levels slightly increases rather than de-
creases the magnitude of the estimates in absolute value. However, the differences
between the unadjusted and adjusted measures are not statistically significant.
Third, and strikingly, the coefficients are considerably larger than in the baseline

OLS regressions, although the confidence intervals span values from close to zero to
almost 75 grams and thus cover the OLS estimates. The fact that the IV point esti-
mates are larger than the OLS estimates is somewhat surprising if one considers the
reduction in the coefficient by adding control variables to the OLS regression. This
would suggest that omitted variables would bias the OLS estimates upwards, not
downwards. However, the larger IV point estimates could possibly be explained by
the IV results being less prone to random measurement error. An additional explana-
tion could be that the local average treatment effect (LATE) among compliers (that
is, the mothers on the margin induced to smoke by their genotype) is larger in
magnitude than the average treatment effect on the treated (ATT) that OLS seeks
to estimate.
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Another explanation could be a subtle violation of the exclusion restriction in
terms of the timing of exposure. We are confident that our IV (SNP rs1051730) ex-
clusively influences maternal smoking. However, since genotypes are fixed at con-
ception, it is plausible that the SNP affects maternal smoking not just during but also
already before pregnancy. If there is any effect of maternal smoking pre-pregnancy
(for example, through worse health or assortative mating) on offspring birth weight,
the 2SLS coefficients will be overestimated. In Online Appendix A.12, we explore
the relative importance of pre-pregnancy versus during-pregnancy smoking. The find-
ings suggest that smoking during pregnancy is the dominant channel, but we cannot
rule out a modest impact of pre-pregnancy smoking on offspring birth weight, poten-
tially inflating our 2SLS results.
Finally, it could be that there still exists measurement error in our adjusted meas-

ures for the number of cigarettes smoked per day. This would attenuate the OLS esti-
mates, yet plausibly leads to an overestimation of the IV estimates. This is because
in the IV estimation, only the first stage includes the number of cigarettes smoked,
and the resulting attenuated coefficient appears in the denominator of the 2SLS esti-
mates and thus inflates the IV estimate. In Online Appendix Section A.13, we drop
the assumption that people who reported a positive number of cigarettes reported cor-
rectly. Rather, we assume that they underreported this number. However, even when
on average mothers underreport the number of cigarettes smoked per day by ten, the
IV point estimate is still somewhat larger than the OLS estimate, and it is estimated
to be around –20 grams for every daily cigarette smoked during pregnancy.
Multiplying these IV estimates by the average number of cigarettes smoked per

day among smoking mothers (around ten), would imply that offspring birth weight
among smoking mothers is around 200–400 grams lower than among nonsmoking
mothers. While these estimates are surrounded by pretty large uncertainty, they are in
the same ballpark as earlier estimates by Lien and Evans (2005, 182 grams), Evans
and Ringel (1999, 356 grams), and Kataoka et al. (2018, 320–435 grams). Still, the
estimates do seem large compared to other well-known risk factors for birth weight,

Table 6
Results of the 2SLS Regression Explaining Birth Weight in ALSPAC

(1) (2) (3) (4)

#Cigarettes smoked per day �36.7+ �37.9+
(21.1) (21.7)

#Cigarettes smoked per day (adjusted) �36.5+ �38.5
(21.4) (23.9)

Control variables No Yes No Yes
Effective F-statistic 25.3 27.2 15.6 15.1
N 7,598 7,598 3,784 3,784

Notes: Coefficients are displayed with robust standard errors in parentheses. All regressions correct for
genetic relatedness among the mothers using the first four principal components of the genetic relation-
ship matrix. +p < 0.1, *p < 0.05, **p < 0.01.
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such as nutrition (for example, Almond, Hoynes, and Schanzenbach 2011; Barber
and Gertler 2008) and stress (Aizer 2011; Currie and Rossin-Slater 2013; Black,
Devereux, and Salvanes 2016; Persson and Rossin-Slater 2018; Doyle, Schurer, and
Silburn 2022). Therefore, since the 2SLS estimates rely on an imperfect measure of
smoking in the first stage, and on the exclusion restriction that the single channel
through which the SNP affects birth weight is smoking during pregnancy, we report
our heterogeneity results on basis of the reduced form only in the next subsection.

C. Reduced Form Regression Results Assuming Heterogeneity

Our final analysis in the ALSPAC sample seeks to assess whether the effect of
maternal smoking during pregnancy affects children differently with respect to
their genetic propensity to be born with low or high birth weight. To estimate a
genuine G × E interaction, one requirement is that the polygenic score for birth
weight solely captures downstream effects of the child’s genetic variation and is
not reflecting aspects of the in utero environment shaped by, for example, maternal
genetic characteristics. To be sure, the effects of the polygenic score on outcomes
do not need to be purely biological and are often mediated by environmental re-
sponses to genetic risk. For example, high or low values for the polygenic score for
birth weight could be associated with conditions such as preeclampsia or pregnancy
diabetes, and this induces a different type of prenatal care. The child’s polygenic
score may also capture SNPs associated with, for instance, morning sickness, which
in turn influence the mother’s behavior during pregnancy. In these examples, the
polygenic score triggers environmental and behavioral reactions, but these effects
are still downstream consequences of genetic factors and can give rise to genuine
gene-by-environment interactions.
What would be a concern to our interpretation is if maternal genetic risk for low

birth weight induces the mother to alter her behavior or seek different forms of pre-
natal care. Through the inheritance of genetic risk, these differences in in utero envi-
ronments would be correlated to the offspring polygenic score but would not be
downstream consequences. This would challenge our interpretation of a G × E esti-
mate. In Online Appendix A.5, we explore the relationship between the child’s poly-
genic score for birth weight and prenatal care in detail. We conclude that the child’s
polygenic score for birth weight is uncorrelated to prenatal care and maternal behav-
ior, at least after conditioning on the maternal polygenic score.11 This provides reas-
surance that our design enables the estimation of putative G × E effects.
Table 7 presents the reduced form regression in which we interact the maternal

SNP rs1051730 with the child’s polygenic score for birth weight. Note that we multi-
ply the child’s PGS by –1 to make sure both variables have negative effects on the
outcome variable, facilitating the interpretation of the interaction term.

11. Controlling for the mother’s polygenic score for birth weight may potentially remove some of the direct ge-
netic effect we attempt to estimate because of the mechanical correlation between the mother’s and child’s poly-
genic score and the fact that the same weights were used to construct the two polygenic scores. Therefore, we
abstain from routinely controlling for the mother’s polygenic score in the main analyses. However, the results re-
main very similar upon inclusion of this variable in the models (see Online Appendix A.5 Table A7).
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In this model, both the direct effect of the SNP as well as the interaction term are
nonsignificant, with both coefficients relatively close to zero. Apparently, the drop in
sample size because of the restriction to include mother–child pairs for which the
child’s genotypes are observed causes the main effect of the SNP to be insignificant
and smaller in magnitude compared to the estimate in Table 4. The effect of the PGS
for birth weight is again significant at the 1 percent level with a similar coefficient
compared with the OLS results. Even though the magnitude of the interaction term is
very small (especially compared to the main effect of the PGS), concluding the ab-
sence of meaningful interactions between genes and maternal smoking in causing
birth weight would be premature for two reasons.
First, Table 7 presents only the rather restrictive form of a multiplicative linear in-

teraction, whereas nonlinear interaction could also be present. To investigate possible
nonlinear interactions, we run the regression from Table 4 separately for subsamples
based on quartiles of the distribution of the child’s PGS of birth weight. The full set
of regression results are available in Online Appendix A.14, but Figure 2 (left) pre-
sents a graphical summary of the results. This figure again shows no evidence of
meaningful heterogeneity in the effect of maternal smoking on the child’s birth
weight.
A second reason why we cannot firmly state the absence of G × E interactions is

that we may simply lack statistical power to detect it. The confidence intervals of the
reduced form effect among the four quartiles of the PGS in Figure 2 (left) are rather
wide, and the first-stage results in these samples are below conventional thresholds
(see Online Appendix A.14 Table A25). Therefore, even though these results provide
tentative evidence that strong interactions between a child’s polygenic score for birth
weight and maternal smoking do not exist, they are not conclusive. For this reason,
we replicate these reduced form results in Section V using the much larger UK

Table 7
Results of the OLS (Reduced Form) Regression Explaining Birth Weight in
ALSPAC

(1) (2)

rs1051730 –1.4 –3.4
(10.9) (10.8)

(–1) Birth weight PGS (child) –113.5** –103.0**
(10.1) (10.0)

rs1051730 × (–1) Birth weight PGS (child) –3.3 –5.8
(10.5) (10.4)

Control variables No Yes
R-squared 0.045 0.086
N 5,006 5,006

Notes: Coefficients are displayed with robust standard errors in parentheses. PGS, polygenic score. All
regressions correct for genetic relatedness among the mothers using the first four principal components
of the genetic relationship matrix. +p < 0.1, *p < 0.05, **p < 0.01.

Dias Pereira, Rietveld, and van Kippersluis 421

by
 g

ue
st

 o
n 

M
ay

 9
, 2

02
6.

 C
op

yr
ig

ht
 2

02
2

D
ow

nl
oa

de
d 

fr
om

 

https://jhr.uwpress.org/content/60/2/400/tab-supplemental
https://jhr.uwpress.org/content/60/2/400/tab-supplemental


Biobank to assess whether the absence of evidence can be attributed to low statistical
power.

V. Replication

In this section, we provide the results of the replication analysis using
data from the UK Biobank (UKB).

A. Data and Variables

The UKB is a UK data set collected with the aim of improving the prevention, di-
agnosis, and treatment of a wide range of serious and life-threatening illnesses.
The UKB recruited approximately 500,000 people aged between 40–69 years in
2006–2010 from across the UK to take part in this project. They have undergone
measurements and provided detailed information about themselves, as well as
blood, urine, and saliva samples. Genotyping has been undertaken on all 500,000
participants. More information on the genetic section of the UKB can be found in
Bycroft et al. (2017).
The UKB does not have the level of measurement detail as ALSPAC. For our rep-

lication purposes, the main data limitations are as follows. First, the UKB does not
provide the average number of cigarettes smoked during pregnancy nor a cotinine

Figure 2
Results of the Reduced Form OLS Regressions Explaining Birth Weight Based on
Quartiles of the Distribution of the Child’s Polygenic Score (PGS) for Birth Weight
Notes: The figure display the coefficients with their robust 95 percent confidence intervals in ALSPAC and
UK Biobank (UKB). More details about these regressions are available in Online Appendix A.14.
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measure for cross validation. Second, it only has genetic information on the individ-
ual itself, and no family members were targetly genotyped.12 Finally, no information
about the socioeconomic background of the mothers is available, ruling out the possi-
bility to add control variables to the model. Nevertheless, the sample size of the
UKB is much larger than that of ALSPAC, enabling us to assess whether lack of sta-
tistical power is driving the absence of evidence of significant G × E interactions in
birth weight in the main analyses with the following variables that are available.

1. Birth weight

Participants were asked to enter their own birth weight. Given that all individuals
were alive past one year old, no outliers were removed. The mean birth weight is
3,325 grams, and the standard deviation is 665 grams.

2. Maternal smoking around birth

Participants were asked the following question: “Did your mother smoke regularly
around the time when you were born?” They could reply with yes or no. This vari-
able was collected from all participants except from those who indicated they were
adopted as a child. Thirty percent of respondents answered “yes.”

3. rs1051730

This variable is equal to zero if the individual carries no A’s nucleotide for SNP
rs1051730, one if they carry one one A nucleotide, and two if they carry two A nu-
cleotides. In the sample, around 45 percent do not carry any A nucleotides, 44 per-
cent carry one A nucleotide, and the remaining 11 percent carry two A alleles. Note
that this distribution is exactly the same as in ALSPAC. Online Appendix A.2 pro-
vides more details on the quality control of the genetic data. Importantly, in the UKB
analyses, we rely on the individual’s SNP rather than the preferred maternal SNP to
instrument the maternal smoking decision during pregnancy. Essentially, this ap-
proach uses the child’s SNP as a proxy for the maternal SNP, which in turn is an in-
strumental variable for maternal smoking during pregnancy. While this may seem
far-fetched, Yang, Millard, and Smith (2020) provide compelling evidence that with
this strategy it is possible to detect causal effects of maternal smoking on offspring
birth weight. It relies on (i) Mendel’s law that children randomly inherit 50 percent
of the maternal genes and (ii) the same exclusion restriction as before that the single
causal channel of the nicotine receptor gene is the intensity of smoking. Since unborn
children clearly did not make any smoking decisions, it is plausible that the only
reason why the child’s SNP affects their birth weight is through maternal smok-
ing. While obviously using a child’s SNP as a proxy for their mother’s SNP is

12. The UKB has a small subsample of mother–child pairs who both volunteered to participate. This
subsample consists of approximately 4,400 families (Young et al. 2022), which is a smaller sample than
our main analysis sample from ALSPAC and therefore is not suitable to assess the robustness of our
results.
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introducing some measurement error, the additional power gained by the sample
size enables us to replicate our main findings in ALSPAC using a larger sample.

4. Polygenic score for birth weight

We use the summary statistics of Warrington et al. (2019) depleted of the UKB to re-
trieve the relevant SNPs with their weights. We construct the PGS using the software
LDPred (Vilhj�almsson et al. 2015). The predictive power of the PGS is 1.6 percent,
and individuals in the lowest decile of the PGS distribution have on average a birth
weight 300 grams lower than those in the highest decile. The R-squared of the PGS
is lower in the UKB than it is in ALSPAC since the UKB was the largest sample in
the GWAS. However, since the UKB is our holdout cohort for this analysis, we are
forced to deplete the GWAS summary statistics from the UKB to avoid overfitting.
Online Appendix A.3 presents more details about the construction of the PGS.

5. Principal components

We add the first 20 principal components of the genetic relationship matrix, as pro-
vided by the UKB, to control for subtle population stratification (Price et al. 2006;
Rietveld et al. 2014).
The inclusion of these control variables to our models does not qualitatively influ-

ence any of our results.

B. Results

In this subsection we present our IV results with and without assessing treatment ef-
fect heterogeneity. For reasons of brevity, the OLS results are presented in Online
Appendix A.8. Since the intensity of smoking during pregnancy was not reported in
the UKB, it is not possible to replicate our first-stage results from ALSPAC directly.
We can only check the relationship between the instrument and the smoking status of
the mother on the extensive margin (smoking vs. not smoking). However, given the
nature of the biological mechanism triggered by SNP rs1051730, this effect is ex-
pected to be much weaker. Nonetheless, if we run this first-stage regression (not
shown), the coefficient is 0.004 and statistically significant at the 5 percent signifi-
cance level. This result suggests that for each effect allele an individual is carrying
the probability of the mother smoking around birth is 0.4 percent higher.
In Table 8, we present the reduced form effect of our IV on the birth weight of

the respondent, for the full sample and stratified subsamples by smoking status of
the mother. Some respondents did not report the smoking status of their mother,
and therefore the subsamples do not sum up to the full sample. In the full sample,
one effect allele of the SNP decreases birth weight by around 6 grams on average
(Column 1). However, the effect is –17 grams in the subsample of individuals
with a smoking mother (Column 2) and nonsignificant in the subsample of indi-
viduals with a nonsmoking mother (Column 3). Our results are consistent with
those of Yang, Millard, and Smith (2020) and very close in magnitude to what
they found: –18 grams for individuals with a smoking mother and –2 grams for
individuals with a nonsmoking mother. The small differences might be explained
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by the fact that the authors used SNP rs16969968 as a proxy instrument. This
SNP is in almost perfect linkage disequilibrium with SNP rs1051730.
We cannot readily compare the reduced forms in the UKB and ALSPAC because

we use the child’s SNP (as a proxy-instrument) in UKB and the maternal SNP in
ALSPAC. Still, given the random inheritance of SNPs, we can gauge the similarity
of effect sizes. In ALSPAC, the correlation between rs1051730 among mothers and
their children is 50.7 percent, and an additional A allele of the mother for this SNP is
associated with a 16.7-gram decrease of the offspring birth weight (Table 4). In the
UKB, an additional A allele of the child for this SNP is associated with a 5.7-gram de-
crease of birth weight. Hence, we may expect a partial correlation between the A allele
of the child and birth weight in the UKB of �16.7 × 0.507 = �8.5 grams. It is reassur-
ing that this number is within the confidence interval of what we find in the UKB.
Given that we do not have a measure of the average number of cigarettes smoked

during pregnancy in the UKB data set, we rely on the first stage estimated in ALSPAC
(0.6; see Columns 3–4 of Table 3) to infer an IV estimate. A manually computed two-
sample two-stage least squares (TS2SLS) estimate would be �5.7 × 2/0.6 = �19
grams. Therefore, a rough estimate is that an average daily cigarette reduces birth
weight by around 20 grams. This effect is somewhat smaller than what we find in our
main analysis in ALSPAC, but pretty close to the estimates we find in ALSPAC after
taking into account measurement error in self-reported smoking.
The results in the previous subsection indicate that the UKB is a suitable (second-

best) sample to estimate the causal effect of maternal smoking on offspring birth
weight. However, our main interest is in assessing the presence of heterogeneity of
the treatment effect in the UKB. Column 4 of Table 8 presents the reduced form
results including the interaction. The main effects of the SNP and the PGS are

Table 8
Results of the OLS (Reduced Forms) Regressions Explaining Birth Weight in UK
Biobank

Full
Sample

Smoking
Mothers

Nonsmoking
Mothers

Full
Sample

(1) (2) (3) (4)

rs1051730 �5.7** �17.3** �1.3 �5.9**
(2.0) (4.0) (2.4) (2.0)

(–1) Birth weight PGS (child) �83.0**
(1.8)

rs1051730 × (–1) Birth
weight PGS (child)

1.0
(2.0)

R-squared 0.001 0.001 0.001 0.016
N 256,702 67,915 160,530 256,702

Notes: Coefficients are displayed with robust standard errors in parentheses. PGS, polygenic score. All
regressions correct for genetic relatedness using the first twenty principal components of the genetic rela-
tionship matrix. +p < 0.1, *p < 0.05, **p < 0.01.
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significant, but, as in ALSPAC, the interaction term is close to zero. However, in con-
trast with the ALSPAC results, the standard error of the interaction term is now also
very small, allowing us to rule out interaction terms outside the –1 to 3 gram band-
width with 95 percent confidence. Further, the stratification of the reduced form effect
by quartiles of the PGS shown in Figure 2 (right) further supports the claim of no
meaningful interaction effect between the birth weight PGS and maternal smoking.
Figure 2 shows remarkably narrower confidence intervals in the UKB than in
ALSPAC but similarly shows no clearly discernible patterns. Moreover, the effect es-
timates across quartiles are not significantly different from each other. Overall, we
take this as evidence that statistical power was not the main driver of the lack of evi-
dence for an interaction effect in ALSPAC.

VI. Discussion and Conclusion

In this study, we show that maternal smoking as well as one’s genetic
predisposition contribute to offspring birth weight. In particular, we find that a one-
cigarette increase in the average number of cigarettes smoked per day reduces birth
weight, with point estimates varying from around 20 grams (UKB and ALSPAC with
underreporting correction) to 40 grams (ALSPAC without underreporting correction).
A one standard deviation increase in the polygenic score increases birth weight by
around 80 (UKB) to 120 (ALSPAC) grams. Despite the strong and well-established
main effects, our results suggest that there is no meaningful interaction effect among
these two drivers of birth weight. Hence, maternal smoking does not exacerbate ge-
netic inequalities, and even a high genetic predisposition to birth weight does not
cushion or dampen the damaging environmental exposure of maternal smoking.
These findings contribute to the literature on the genetic and environmental deter-

minants of offspring birth weight, an important barometer of pregnancy outcomes
(Trejo 2020) and arguably the first observed realization of one’s human capital. By us-
ing innovative identification strategies that simultaneously address measurement error
and endogeneity concerns, our results reemphasize the damaging effects of smoking
during pregnancy. Moreover, we highlight the role of genetic endowments implied in
birth weight. Our main contribution is to show the absence of heterogeneity in the effect
of maternal smoking according to the child’s genotype. Hence, our results suggest that
both nature (here measured by the polygenic score for birth weight) as well as nurture
(here measured by maternal smoking during pregnancy) impact birth weight, but we do
not find evidence of meaningful interactions or complementarities between the two.
Three main limitations should be acknowledged. First, birth weight is not the only

relevant early-childhood outcome, and many genetic and environmental drivers could
influence later life outcomes without affecting birth weight (Conti et al. 2018).
Therefore, we cannot rule out meaningful interactions between genes and maternal
smoking decisions for other life outcomes. In auxiliary analyses, we investigated the
effect on weeks of gestation and whether the child is alive one year after birth in
ALSPAC, but we did not detect meaningful main effects or interactions.13 Future

13. Results are available upon request.
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studies may want to analyze whether such effects exist, as well as their size, in
sufficiently powered analyses.
Second, it has been argued that maternal smoking before pregnancy may affect oo-

cyte quality and thereby birth outcomes (for example, Oyesanya et al. 1995). Moreover,
maternal smoking before pregnancy may influence partner choice or general health sta-
tus of the mother (Sutton 1980; Agrawal et al. 2006), both of which could indepen-
dently affect offspring birth weight. If true, this would represent an effect of maternal
smoking before pregnancy, and our estimates should be interpreted as the effect of all
prenatal smoking exposure rather than just exposure to smoking during pregnancy.
Finally, the polygenic score for birth weight is not a perfect measure of the child’s

genetic endowments for birth weight. It only captures common SNPs and not rare
variants or other genetic variation across humans. Moreover, the polygenic score is
constructed on the basis of a GSAS that is pooling various cohorts exposed to differ-
ent environmental conditions. Mills, Barban, and Tropf (2020) therefore argue that a
polygenic score may actually overweigh SNPs that are particularly resilient to envi-
ronmental conditions, which would go against finding a significant G × E effect
when using a polygenic score. The limited sample size and sparsity on control varia-
bles of the GWAS discovery analysis may also introduce measurement error in poly-
genic scores, and possibly a bias as a result of the omission of parental genotype
from the GWAS. If parental genes influence the child’s birth weight through other
mechanisms than purely inheritance of genes, these other mechanisms would be cap-
tured in the polygenic score too. Nevertheless, within-family predictions with the
polygenic score show that such bias is not a major concern for the polygenic score
for birth weight, and interactions with other (endogenous) maternal characteristics
such as BMI have been found (Trejo 2020).
However, what could be an issue is that the predictive power of the polygenic

score for birth weight does not fully explain the heritability of birth weight
(Warrington et al. 2019). With a more predictive polygenic score, small (inter-
action) effects may become statistically detectable, and hence it would be inter-
esting to repeat our estimations as soon as results of a new GWAS on birth
weight become available. We caution that these results are not to be expected in
the next few years, as we draw on a very recent GWAS on birth weight to con-
struct our polygenic scores, and it usually takes several years for the GWAS
sample size to be sufficiently expanded to conduct a new GWAS.
Therefore, we believe that the present study contains the most comprehensive

analysis of the impact of the heterogeneous impact of maternal smoking on birth
weight by genetic endowments that is achievable today. As such, it can also serve
as a template for future G × E studies on related exposures and outcomes.
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