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1. Introduction
Over the last two decades, the social and biomedical sciences have witnessed an explosion
of research on the fetal origins hypothesis,1–4 also referred to as the developmental origins of health
and disease. A large body of research demonstrates that the benefits of healthy prenatal
development, commonly proxied by birth weight, cascade out across the life course and affect
valued economic, educational, and health outcomes.5–14 In this way, the circumstances of mothers
in one generation can powerfully shape the distribution of resources and opportunity in the next.
Like virtually all human characteristics,16 variation between individuals in prenatal
development is produced by a combination of both genetic and environmental factors.17 However,
genetic factors largely remain a “black box” in existing models of life course development.18
Genetic factors are typically relegated to the error term19 or differenced out entirely using a quasiexperimental identification strategy.20 In the fetal origins hypothesis literature, the predominant
approach has been to study monozygotic twins with a family fixed effect model, thereby
comparing differences in birth weight between twins to differences in outcomes between twins.
Consistently, the heavier twin of the pair is more likely to have greater cognitive ability, higher
wages, and improved adult health.
Understanding how environmental exposures and individual differences interact to shape
neonatal health and human development has been a recent focus of empirical economics and
sociology.21,22 Policymakers tasked with adjudicating between potential public policies benefit not
only from an understanding of the effects of specific interventions but also from a broader
conceptualization of the underlying causal model at hand. While the prenatal development
literature’s now-common family fixed effects strategy using twins eliminates confounding from
omitted genetic factors, it fails to identify how those genetic factors enter into the chain of events
that produces birth weight and downstream outcomes. Thus, precious little is known about the
ways in which genetic endowments influence prenatal development and whether genetic
influences on prenatal development translate into positive life course development.
An increased understanding of the role that genetic factors play in the causal model that
connects prenatal development to valued outcomes across the life course is useful to researchers
and policymakers for a few reasons. First, genetic and environmental influences may not be
additive and instead might interact in shaping an individual’s prenatal development.18,23,24 Second,
genetic and environmental influences on prenatal development may have different implications
for future life course development. For example, while increases in birth weight due to
environmental factors have been shown to boost valued economic, educational, and health
outcomes, increases in birth weight due to genetic factors may not induce the same benefits.
Historically, social scientists have been limited in their ability to empirically grapple with
individual genetic factors, as the human genome was unobservable to researchers until the turn of
the 20th century. Fortunately, recent decreases in the cost of DNA sequencing and computational
developments in the processing of large amounts of genetic data have spurred new discoveries in
the genetics of complex, behavioral traits. Novel insights from molecular genetics allow new
avenues for social scientists to model genetic influences on human behavior.26,27 This year, a
genome-wide association study has led to the discovery of specific genetic variants that predict a
child’s birth weight.17 Following the extant literature, we use birth weight as a proxy for healthy
prenatal development.
In this paper, we summarize these newly identified genetic variants related to birth weight
into individual-level linear indices called polygenic scores. We combine these scores with a
genetically informed longitudinal study of pregnant mothers and their resulting children to test a
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series of hypothesis regarding genetic influences on birth weight. Specifically, we ask three main
questions: First, do child genetic factors predict birth weight and does this association in part
represent a causal effect? Second, do environmental factors, such as maternal body mass index
and gestational age, moderate the relationship between child genetics and birth weight? Third, do
child genetics related to birth weight predict socioemotional and cognitive development in
childhood?
2. GWAS and Birth Weight
The advent and proliferation of a key tool, the genome-wide association study (GWAS),
has ushered in remarkable developments to our understanding of the genetics of complex traits
and the biology of human behavior and disease.28,29 A GWAS probes the relationship between a
trait and regions of the genome via large data sets containing individual-level information on
genotype and phenotype.30 A recent study conducted parallel GWAS on the maternal and fetal
genetic influences on birth weight using data on over 500,000 individuals and revealed new
insights about the genetic underpinnings of prenatal development.17 The authors identified 190
independent regions of the genome that are significantly associated with birth weight at a statistical
threshold of 5E-8 (representing a Bonferroni correction for approximately one million independent
hypotheses, or genetic loci, tested). A child’s polygenic score generated from these GWAS results
explains roughly 4% of the variance in birth weight in independent samples (author’s calculations).
Socials scientists have already begun unpacking GWAS findings for the genetic factors
that influence other complex traits like education.18,31,32 However, few studies have used polygenic
scores to follow up on the recent birth weight GWAS findings. This paper is a first step in
understanding how these genetic discoveries fit into the models of health and human development
studied by social scientists. In section A1 of the appendix, we discuss some limitations with the
current state of the genetics literature and the resulting interpretational challenges.
3. Data
3a. Born in Bradford
We use an analytic sample drawn from the Born in Bradford (BiB) study, a longitudinal
multi-ethnic birth cohort study of the impact of environmental, psychological and genetic factors
on maternal and child mental and physical health.33 The full BiB cohort consists of ~12,500 women
recruited from 2007 to 2010 across ~13,800 pregnancies, which resulted in ~13,900 children. The
BiB cohort is roughly equal parts White British and Pakistani. A strength of the BiB study is its
unusually rich, clinical and administrative measures, which begin during pregnancy and continue
through when the children are in primary school. At birth, genetic samples were assayed from a
subsample of consenting mothers and children. Clinical healthcare records were collected for
mothers and longitudinal administrative educational records were collected for children.
3b. Sample Restriction
Although a strength of the cohort, ancestral diversity raises issues in studies of genetic
prediction (Duncan et al., 2018). Because we generate polygenic scores for birth weight using
results from genome-wide association studies of individuals of European ancestry,17 we first
restrict our sample to mothers and children who self-identified as British and were also of
European ancestry (as identified via the first 2 principal components of individual genotype).34
Our analytic sample was further restricted to mothers and children of European ancestry for who
genetic data and test scores are available (N = ~3,000 mother-child dyads).
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3c. Non-Genetic Measures
To capture the salient aspects of the child’s prenatal environment, we use measures of the
mother’s physical health, mental health, and socioeconomic conditions during pregnancy from a
maternal intake survey. We also employ measures of child health at birth using clinical medical
records. Finally, we index child physical and cognitive development through in-school
assessments and clinical growth measures. See Section A2 of the appendix for more details on the
non-genetic measures used in this study.
3d. Genetic Measures
We used Illumina HumanCore Exome 12 and 24 BeadChip arrays (Version 1/1.1; Illumina,
Hayward, CA) to assay common single-nucleotide polymorphism variation from the genomes of
children in BiB using umbilical cord bloods. To calculated polygenic scores, we matched child
genotypes from the Born in Bradford data with the most recent GWAS results for birth weight
reported by the Early Growth Genomics Consortium17. For each genotype, we counted the number
of birth weight-associated alleles (0, 1, or 2), multiplied this count by the effect size estimated in
the original genome-wide association study, and then summed weighted counts across all
genotypes to calculate each BiB participants’ polygenic score. All genome-wide analyses were
performed using Plink.35
4. Methods
4a. Are child genetic factors associated with birth weight and does this association represent,
in part, a causal effect?
To test if mother and child polygenic scores are independently associated with birth weight,
we first use only unrelated individuals and fit the following model for child i in family j:
̂ 𝑗M + 𝛼̂2 𝑃𝐺𝑆
̂ 𝑖𝑗F + 𝑿𝒊𝒋 𝚯
̂ + 𝜖𝑖𝑗
𝑙𝑛(𝐵𝑊𝑖𝑗 ) = 𝛼̂0 + 𝛼̂1 𝑃𝐺𝑆
(4a.i)
ln(𝐵𝑊𝑖𝑗 ):Naturallogarithmofbirthweightofchild𝑖 infamily𝑗
̂ 𝑖𝑗F :Fetalbirthweightpolygenicscoreforchild𝑖infamily𝑗
𝑃𝐺𝑆
𝑿𝒊𝒋 : Vectorofindividual𝑖covariatesincludingsex, age, andthefirst10PCsofgenotype

In all of our analyses using polygenic scores, we follow the genetics literature and control
for child sex, age and the first ten principal components of European ancestry genotype to account
for population stratification and increase robustness of our findings.34 The association between a
child’s polygenic score and birth weight cannot be interpreted as a causal effect. However,
conditional on parental genotype, child genotype is randomly assigned through a process known
as genetic recombination.40 Thus, family fixed effect regression models that compare genetic
differences in siblings to phenotypic differences in siblings are the gold standard for testing
whether genetic differences are causally related to outcomes.32,36–39 In that vein, we next use only
sibling pairs and fit the following model for child i in family j with a family fixed effect:
̂ 𝑖𝑗F + 𝑿𝒊𝒋 𝚯
̂ + 𝛾𝑗 + 𝜖𝑖𝑗
ln(𝐵𝑊𝑖𝑗 ) = 𝛼̂0 + 𝛼̂1 𝑃𝐺𝑆
(4a.ii)
𝛾𝑗 :Family𝑗fixedeffect

4b. Do environmental factors moderate the relationship between child polygenic score and
birth weight?
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To test which mechanisms might moderate the relationship between child polygenic scores
and birth weight, we fit the model for child i in family j for a variety of candidate prenatal
environmental features:
̂ 𝑖𝑗F + 𝛼̂2 𝐸𝑛𝑣𝑖𝑗 + 𝛼̂3 (𝑃𝐺𝑆
̂ 𝑗F ∗ 𝐸𝑛𝑣𝑖𝑗 ) + 𝑿𝒊𝒋 𝚯
̂ + 𝜖𝑖𝑗
𝑙𝑛(𝐵𝑊𝑖𝑗 ) = 𝛼̂0 + 𝛼̂1 𝑃𝐺𝑆
(4b.i)

The tested prenatal environmental features include maternal body mass index and
gestational age. To the extent that 𝛼̂3 in Equation 4b.i is statistically significant, we have evidence
that the change in the conditional expectation associated with the change in a given neonatal
environment on birth weight depends on child genetics (i.e. a gene-environment interaction).
4c. Do child genetic factors related to birth weight predict other developmental outcomes?
To test if child genetics predict other outcomes, we fit the model for child i in family j:
̂ 𝑖𝑗F + 𝑿𝒊𝒋 𝚯
̂ + 𝜖𝑖𝑗
𝐷𝑒𝑣𝑖𝑗 = 𝛼̂0 + 𝛼̂1 𝑃𝐺𝑆
(4c.i)
𝐷𝑒𝑣𝑖𝑗 :Developmentaloutcomeforchild𝑖infamily𝑗

The tested child human capital development outcomes include measures of socioemotional
development, cognitive development, and registered special educational needs. Socioemotional
development is measured at age 5 and cognitive development is measure at age 7. To the extent
that 𝛼̂1 and in Equation 4c.i are positive and statistically significant, we have evidence that child
genetic factors that influence birth weight are also positively associated with downstream human
capital development.
Finally, to test if, child genetics predict other outcomes net of birth weight, we fit the
following model for child i in family j:
̂ 𝑖𝑗F + ln(𝐵𝑊𝑖𝑗 ) + 𝑿𝒊𝒋 𝚯
̂ + 𝜖𝑖𝑗
𝐷𝑒𝑣𝑖𝑗 = 𝛼̂0 + 𝛼̂1 𝑃𝐺𝑆
(4c.ii)

5. Preliminary Results
Our initial analyses show that a child’s genetic factors significantly predict their birth
weight. Sibling analyses demonstrate that a portion of this association represents a causal effect.
Further, our analyses provide preliminary evidence for a gene-environment interaction between
birth weight polygenic score and both maternal body mass index and gestational length.
Specifically, for babies born to mothers with high body mass index, a marginal increase in
polygenic score is associated with a larger increase in birth weight than babies born to mothers
with low body mass index. In addition, for babies that spend a longer time in the womb, a marginal
increase in polygenic score is associated with a larger increase in birth weight than babies that
spend relatively less time in the womb. Figure 1 provides a graphical depiction of these results.
[Insert Figure 1 Here]
Our analyses provide preliminary evidence that the genetics of birth weight are associated
with healthy cognitive and socioemotional development in early childhood. Babies with higher
birth weight polygenic scores have increased socioemotional scores at age five, increased cognitive
measures at age seven, and are less likely to be categorized by their school as special education.
Figure 2 provides a graphical depiction of these results.
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[Insert Figure 2 Here]
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Appendix
A1. Limitations and Interpretational Challenges
Given the fraught history of discourses regarding individual genetic differences in human
health and abilities 41, we aim to follow the good example set by Papageorge and Thom (2017)
and be explicit about the interpretational limitations of our molecular genetic analyses.
Specifically, we note three important caveats regarding our use of polygenic scores for birth
weight.
First, the GWASs from which we derive our allelic weights are associational in nature.
Thus, our polygenic scores do not capture only the causal effect of an individual’s genes. In
particular, GWAS are at risk for confounding from omitted variables related to what geneticist call
population stratification. Population stratification refers to the fact that an individual’s genome
contains fine grain information about their place in the intricate structure of a population42–44,
meaning that GWASs for complex traits may partly identify genes related to confounding
environmental variables such as ancestry, geography, or socioeconomic status. Including the first
ten principal components of individual genotype has been shown to be an effective strategy for
reducing confounding due to population stratification34, but some concerns remain.
Second, we restrict our sample to mothers and children of European ancestry. We do this
because interpreting polygenic score analyses in diverse samples is not currently feasible (Martin
et al. 2017). Moreover, because the birth weight GWAS from which we derive our polygenic
scores was conducted in European individuals, predictions in other groups has been shown to be
diminished 45. While we recognize the importance of research in more diverse samples, we can
only responsibly move as quickly as the developments in human genomics. We therefore consider
our analysis as a first step in considering the role of the genes in the production of birth weight and
human capital. Because both environmental exposures46,47 and the distribution of birth weight48
vary across ancestries, we emphasize that the results in this paper apply only to European ancestry
individuals.
Third, our polygenic scores contain large amounts of measurement error. It is therefore
impossible to use the current birth weight polygenic score to draw conclusions about the relative
importance of genetic endowments versus environmental factors for birth weight and downstream
human capital accumulation. Nonetheless, as others have pointed out,18 polygenic scores allow for
the testing of the direction of interaction effects. As sample sizes for genetic discovery increase
and geneticists hone their statistical methodologies, the amount of measurement error in polygenic
scores will approach zero. At that point, polygenic scores may be useful tools for controlling out
genetic factors in studies of the environment or decomposing the variance between genetic and
environmental factors. Given that the causal processes that connect prenatal development to human
capital accumulation within families may differ from the causal processes between families, results
from family fixed effect designs using monozygotic twins may fail to fully generalize. Thus, future
advances in molecular genetic data may play an important role in controlling for genetic factors in
studies of unrelated individuals.
A2. Non-Genetic Measures
Maternal Prenatal Characteristics
Body Mass Index: Maternal body mass index was calculated using height and weight
measurements that were directly assessed by medical staff at 26-28 weeks gestation.
Socioeconomic Status: Maternal socioeconomic status is measured by the first principle
component of five maternal characteristics measured at 26-28 weeks gestation: educational
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attainment, receipt of mean-tested governmental benefits, neighborhood Index of Multiple
Deprivation, partner cohabitation, and home ownership.
Health at Birth
Birth Weight: Child birth weight was clinically assessed by hospital staff at delivery and
recorded in grams.
Gestational Age: Child gestational age was obtained from maternal clinical pregnancy
records.
Size for Gestational Age: A child was deemed small or large for their gestational age if
their birth weight was below 10th percentile or above 90th percentile birth weight for their
gestational age, respectively.
Child Development.
Subjective Child Socioemotional Development: Subjective child development is measured
through the Early Years Foundation Stage Profile (EYFSP), a teacher-led observational
assessment conducted towards the end of the child’s first year at school. The profile is completed
at the end of the child’s first year in school, when they are usually five years old. The profile
measures children’s attainment in seven main areas of learning: communication and language;
expressive arts and design; literacy, mathematics; physical development; personal, socio and
emotional development and understanding the world. Teachers completed the assessment for each
child based on their knowledge and observations of that child. Subscales scores were summed and
standardized within sample to be mean 0 and standard deviation 1.
Objective Child Cognitive Development: Objective academic achievement was assessed
using the Key Stage 1 Assessment, a standardized test towards administered at the end of a child’s
third year in school when the children are typically seven years old. The Key Stage 1 Assessment
includes math, reading and science subscales. Subscale scores were summed and standardized
within sample to be mean 0 and standard deviation 1.
Child Special Needs: A binary indicator for whether a child has a documented special
educational need was extracted from the child’s educational records when the child was seven
years old.
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