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Abstract

We investigate the education polygenic score (PGS), an index based on genetic data
that predicts years of formal education. Based on the National Longitudinal Study
of Adolescent to Adult Health, we find that an education PGS has a beneficial ef-
fect on multiple health-related outcomes in young adulthood both indirectly though
education and directly. In addition, we find that socioeconomic status (SES) moder-
ates the relationship between the PGS and health outcomes so that individuals with
particularly low SES typically do not experience health benefits from the education
PGS. We decompose the effect of the PGS with respect to education, early health,
and cognitive and noncognitive skills and find that the beneficial effects of PGS work
through formal education, early health, and early skills, among other channels. Fi-
nally, after controlling for education PGS and unobserved heterogeneity on top of
more traditional controls, we still find that education is associated with better health
outcomes, which adds evidence to the debate about the causal link between educa-
tion and health.
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outcomes
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1 Introduction

There is a quickly growing availability of genetic data, creating new research opportuni-
ties for economists. We study a measure of genetic endowment that predicts education—
an education polygenic score (PGS). PGSs are popular due to their strong predictive
power and more robust results across populations than for specific genes (Benjamin
et al., 2011). Yet we still know little about how PGSs interact with the environment, the
predictive power of PGSs outside the outcomes they are designed to predict, and the
mechanisms through which they affect outcomes. An education PGS, which measures
an individual’s genetic predisposition for completing formal schooling, has particularly
important socioeconomic implications. This paper studies the effect of an education PGS
on health-related outcomes, its interaction with socioeconomic status (SES) in childhood,
and the mechanisms behind these effects.

We have four main contributions. First, we show that an education PGS predicts
health and a variety of health-related behaviors not only through formal education but
also directly.! One practical implication from this finding is that an education PGS does
not make a valid instrument for the effect of education on health contrary to a growing
literature using this instrument. Our result holds for a variety of health outcomes after
controlling for cognitive and noncognitive skills and unobserved heterogeneity. Second,
we show that the education PGS exhibits differential effects depending on childhood
SES: for a number of health outcomes we observe beneficial effects of the education PGS

on health for high-SES subjects only.> Third, our mediation model reveals the mecha-

'Even the indirect effect of the PGS on health through education is not guaranteed
ex ante given the fact that the causal status of the relationship between education and
health-related outcomes is controversial, as we discuss in Section 2.

2We focus on measures of SES that imply major socioeconomic hardship in childhood
to examine the effect of an SES “bottleneck.” Our SES dummy takes the value of 1 if the
respondent’s family experienced at least one of three proxies for low SES in childhood:
living in an unsafe neighborhood, receiving government assistance, or having trouble
paying bills.



nisms through which the education PGS works, which allows us to better understand
the score itself. Finally, we contribute to the debate on the causal effect of education on
health by ruling out important genetic confounders.

We demonstrate our results non-parametrically in Figure 1. Panel (a) shows that the
education PGS has a statistically significant difference by education level both distribu-
tively and on average. So, the education PGS indeed predicts formal education. Panel
(b) shows that for the high-SES sub-sample, a higher polygenic score is associated with
better health in young adulthood. Panel (c) shows that the same association is weaker for
the low-SES sub-sample. Later, once we control for both observed and unobserved het-
erogeneity in our main model, we still find a strong association between the education
PGS and general health for the high SES group, but do not find even a weak association
for the low-SES group.

We are not the first to study the effects of an education PGS on outcomes other than
education. Barth et al. (2018) find that an education PGS also explains large amounts of
variation in stock market returns and wealth inequality. They offer suggestive evidence
that an education PGS may capture aspects of individual information-processing that
affects decisions, such as conceptions of probability and risk aversion. This evidence is
in line with our results, as better planning and risk aversion are complementary with
health. Additionally, Belsky et al. (2016) find that the score is related to several socioeco-
nomic outcomes, as well as various skill dimensions, but do not find associations with
health. Our paper broadens the set of known outcomes that are affected by the educa-
tion PGS by showing its effects on multiple health-related outcomes in young adulthood.
Economists have also examined the impact of education as a moderator of genetic effects
itself, namely the effect of a mental health PGS on depression (Amin et al., 2019).

Our results also contribute to better understanding of Mendelian Randomization
(MR), a technique of using genetic variables as instruments for the traits they predict.

Already, studies in several fields, including economics, have made use of the score as
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an instrument for estimating the effect of education on health outcomes (Bockerman
et al., 2017; Davies et al., 2019; Tillmann et al., 2017). By showing that the education PGS
has direct effects on an array of health outcomes, including general health, we provide
evidence that the exclusion restriction is violated in these studies, undermining their
explanatory potential (Munafo et al., 2019; von Hinke et al., 2016). Our specific find-
ings about Education PGS as an invalid instrumental variable for health outcomes are in
line with the general criticism of the MR approach by DiPrete et al. (2018), who offer a
method of estimating the upper and lower bounds of the causal effect that works even
in the case when the instrument is invalid.

We use data from The National Longitudinal Study of Adolescent to Adult Health
(Add Health), which follows a cohort of individuals who were in either middle or high
school in 1996, and who are now young adults. We study a variety of health outcomes
related to general and mental health, substance use, exercise, and body weight. We only
study whites due to limited genetic data availability for non-whites.

We start our empirical analysis by estimating a reduced form model similar to other
models of gene-environment interaction in the literature by including an interaction
term between a PGS and the environment (e.g., Bierut et al., 2018). In this model we find
associations between the education PGS and health-related outcomes. Another novel
result is a substantial interaction between the education PGS and childhood SES. This
interaction implies that the education PGS tends to predict better health only for those
with high SES. Thus, a reduced-form parametric model shows results that are similar
to nonparametic results from Panels (b) and (c) of Figure 1. This result is in line with
the environmental bottleneck hypothesis, which suggests that adverse environments can
limit the benefits of productive genes (Fletcher, 2019). Fletcher finds that poor parental
health can limit the effects of a genetic predisposition towards educational attainment on
actual education. Schmitz and Conley (2017) find that reductions in educational attain-

ment as a result of Vietham-era conscription are larger for individuals with lower edu-



cation polygenic scores, providing evidence that a combination of experiencing severe
environmental conditions and having an unfavorable genetic endowment is particularly
harmful.

However, we take this framework a step further in our main model by accounting for
mechanisms behind these effects and for endogeneity. Results of the main model confirm
the bottleneck role of childhood SES for health development detected in the reduced-
form model and measure the role of early skills and early health as the mechanisms
behind this effect. In order to model the mechanisms we estimate a set of recursive
equations that model skills, early health, education, and health outcomes. We explicitly
control for multidimensional skills and for unobserved heterogeneity.

It is a common concern in the literature that effects of genetic scores are confounded
by family background, since parents and children share some of their genetic endow-
ments. For instance, some aspects of intelligence, which we show is captured in the
education PGS, are heritable. Belsky et al. (2016) find that high-SES families tend to have
children with higher education polygenic scores. However, Lee et al. (2018) find that the
education PGS still predicts educational attainment among siblings after controlling for
tamily fixed effects. We minimize these concerns by explicitly controlling for a large set
of background variables, as well as census tract-level crime, education, unemployment,
and poverty rate. We also perform an alternative estimation using family fixed effects
based on 230 families who have at least two children surveyed by Add Health. Similar
to Amin et al. (2019), who study a mental health PGS based on the same Add Health
dataset, we find the family fixed effect approach to be greatly underpowered.

Our model also contributes to a separate body of literature on the relationship be-
tween education and health, the causal status of which is still debated (see Section
2). One possible confounding factor in education-health studies is genetic endowment,
which may be strongly predictive of both education and health (Boardman et al., 2015).

We find that even after controlling for the education PGS, which we show to be predictive



of both education and health, education still exhibits large and statistically significant
associations with a variety of health outcomes. Accounting for a major potential con-
founder in addition to other important controls strengthens the evidence that education

has a causal effect on health.

2 Related Literature

In this section we continue discussing our paper in light of the literature.

Some results in the literature suggest that there might be a relationship between
education polygenic scores and health. Marioni et al. (2016) suggests that an education
PGS may contribute to health, but the authors” evidence regarding this specific question
is indirect. The authors use data on European cohorts and show that a child’s education
PGS is predictive of parental longevity. They suggest that some genetic mechanism
captured in a child’s education PGS might be relevant to determining parental health,
since parents and children have common genetic traits.

In a related paper, Barcellos et al. (2018), who focus on the role of education in
reduction of genetic risk of obesity, find a weak association between the education PGS
and blood pressure, as well as an association between the education PGS and a weighted
average of blood pressure, body size, and lung function. Unlike this paper, the authors
do not study general health and health behaviors, do not interact PGS with SES, and do
not decompose the effects of PGS with respect to their mediators.

Understanding the relative contributions of genetic endowment, environment, and
gene-environment interactions to health outcomes is crucial to understanding health
capital formation (Heckman, 2007), which is a fundamental economic question (e.g.,
Galama and Van Kippersluis, 2018; Grossman, 2006). Among possible environmental
factors, SES can be expected to be a strong and policy-relevant environmental influence

(Strauss and Thomas, 2007). Additionally, previous work has shown that SES moderates



the effects of a number of polygenic scores. Bierut et al. (2018) show that SES moderates
the effect of a smoking PGS on actual smoking outcomes. Papageorge and Thom (2018)
tind that an education PGS is associated with higher education gains when children have
high SES. However, to the best of our knowledge, we are the first to study the interaction
between an education PGS and childhood SES in predicting health outcomes.

Avinun (2019) finds a mediating role of an individual’s SES in the positive association
between education PGS and lower depression. Our paper has a different focus, as we
study an interaction of PGS with childhood SES (which is parental SES at the time
of child development) as a measure of a child’s developmental bottleneck rather than
mediation though a person’s own SES later in life.> Also, we study not only depression
but seven other health outcomes as well as education.

Cognitive and noncognitive skills are important determinants of both health-related
outcomes and education (e.g., Cunha and Heckman, 2007). Cognitive skills have been
shown to predict better health (e.g., Auld and Sidhu, 2005; Bijwaard et al., 2015). Also,
economists have begun to pay increasing attention to noncognitive skills, and have
shown that they are important determinants of health-related outcomes (e.g., Conti et al.,
2010; Savelyev and Tan, 2019). We examine whether the effects of the PGS on health
works through skills and find evidence of such an effect.

We also contribute to the debate about the effect of education on health. Apart from
regressions conditional on observable controls and propensity score methods, there are
three major methods used to identify the causal effect of education on health-related
outcomes: (1) the use of randomized or natural experiments as sources of exogenous
variation; (2) the use of family fixed effects or twin fixed effects; (3) the explicit modeling

of unobserved heterogeneity.* All these methods have their advantages and disadvan-

3We partly address individual SES mediation as well, as individual education can be
viewed as a measure of individual SES.

4This approach is also referred to as “structural,” as it assumes specific structure
linking observed and latent variables.



tages, as discussed below. Literatures (1) and (2) lead to results that contradict each other.
Literature (3) tends to find effects of education on health, but the concern with this lit-
erature is whether all confounders are fully controlled. This paper diminishes concerns
about results from literature (3) by adding a powerful genetic confounder in addition
to detailed observable controls, cognitive and noncognitive skills, and accounted unob-
served heterogeneity, and still finds strong associations between education and health.
Below we briefly explain results of literatures (1-3).

In literature (1), the use of randomized controlled experiments in education is usually
limited to early childhood education (Conti et al., 2016). Natural experiments have a
well-defined source of variation, but they only identify the local treatment effect and
may suffer from lack of validity, lack of monotonicity, and weakness of instruments (e.g.,
Heckman and Vytlacil, 2007). Literature (1) mostly relies on changes in compulsory
schooling laws as a source of exogenous variation, though rare exceptions exist, like
the use of military draft avoidance (Buckles et al., 2016). Results of these papers differ
greatly. For instance, some (e.g., Lleras-Muney, 2005; van Kippersluis et al., 2011) find
a strong effect of education on health-related outcomes, while others (e.g., Albouy and
Lequien, 2009; Clark and Royer, 2013; Mazumder, 2008; Meghir et al., 2018) find none.
Likely reasons for these differences include weakness of compulsory schooling laws as
an instrument for a number of countries including the US, confounding influences of
other reforms, and differences in effects by population, cohort, and sex (Galama et al.,
2018).

Literature (2) relies on fixing a large number of unobserved confounders that are
shared by twins or siblings. However, estimates based on these methods are highly
sensitive to measurement error in education (e.g., Ashenfelter and Krueger, 1994) and
could be confounded by unobserved health differences among siblings or twins in their
early life. Also, external validity of results based on these methods might be challenging.

Just as for literature (1), there are contradictory results for literature (2). Some papers



tind substantial effects (e.g., Lundborg et al., 2016; Savelyev et al., 2019; van den Berg
et al., 2015), while some other find little to no effects (e.g., Amin et al., 2015; Behrman
etal., 2011; Madsen et al., 2010). Differences in results could be partly related to different
model specifications and partly due to differences by population, cohort, and sex.

Literature (3) explicitly models relationships between observed and unobserved con-
founders, education, and health-related outcomes. These methods tend to better pre-
serve statistical power than methods (1) and (2), and, unlike (1), do not limit results to
local average treatment effects. The biggest concern with this literature is its ability to
account for all important confounders.

Important confounders that are explicitly accounted for in literature (3), usually
though factor modeling to account for measurement error, include major human ca-
pabilities: health, cognitive skills, and noncognitive skills (Bijwaard et al., 2015; Conti
and Heckman, 2010; Savelyev and Tan, 2019). Savelyev (2019) and Hong, Savelyev, and
Tan (2019) also account for latent unobserved heterogeneity in addition to latent human
capabilities. The innovation of this paper is that in addition to controls that have been
used in this literature, we account for the education PGS, a strong genetic confounder,
and still find strong conditional associations between education and health-related out-

comes.

3 Data

We use the National Longitudinal Study of Adolescent to Adult Health (Add Health).
This panel dataset follows roughly 20,000 individuals and contains detailed information
on their family background, health outcomes, skills, and education. The respondents
were first surveyed in 1995-1996, when they were in grades 7-12, and were followed
into young adulthood. The most recent data that are used in this paper, Wave IV, were

collected when participants were 24-32 years old.



Add Health participants were drawn from a sample of selected high schools. High
schools were randomly chosen by stratifying schools within the Quality Education Data-
base according to several demographic factors, and weighting the probability that they
would be selected according to their enrollment. One middle school feeder school was
randomly selected for each selected high school, weighted proportionally to its size.
Respondents were chosen randomly after being stratified according to grade, sex, and
school. The sample is considered nationally representative (Harris, 2013).

Our sample size is constrained by the availability of genetic data. About 9,000 Add
Health study participants took part in genotyping, 5,728 of whom are white. We per-
form this analysis only for individuals who self-identify as white due to data limitations

described below.

Education and Health Outcomes We study three education thresholds: high school
dropout, high school graduate, and college graduate. Previous work on health returns to
education has shown that having a Bachelor’s degree is particularly predictive of health
(Buckles et al., 2016; Savelyev, 2019). Distinguishing between high school dropouts and
high school graduates allows us to quantify health effects of the PGS for individuals
through an additional education margin. There is extensive evidence that high school
graduation has substantial health benefits (Freudenberg and Ruglis, 2007).

All of the health outcomes in this study are measured in Wave IV. Self-reported health
has been shown to be predictive of mortality, and it is an essential measure of overall
health (Idler and Benyamini, 1997). We also study three binary variables related to sub-
stance use: heavy marijuana use, smoking tobacco, and heavy drinking. Finally, we
analyze two lifestyle variables, “obesity” and “no exercise,” and two mental health vari-
ables, “having suicidal thoughts” and “depression.” See Table 1 for variable definitions

and descriptive statistics.
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Polygenic Scores Although the effect of a genetic endowment is contingent on envi-
ronmental factors, such as family characteristics and educational institutions, polygenic
scores are still predictive across environments, however some heterogeneity in effect
sizes exists. We use a PGS constructed by Lee et al. (2018) using information from 1,271
individual genetic characteristics that are predictive of education® and based on a sample
of 1.1 million individuals of European descent. The PGS predicts about 11% of variation
in years of education completed among a validation sample that includes Add Health
data (Lee et al., 2018). Given that the formula for this education PGS was determined
with no use of the Add Health Dataset, Panel (a) of Figure 1 is further proof of external
validity and high predictiveness of the education PGS.

A major methodological concern is that a PGS may exhibit bias, or provide decreased
statistical power, if population stratification is not controlled for, since the functions of
genes vary by anthropological background (Price et al., 2006). Therefore, our study is
based only on those who self-report being “white,” since the education PGS is con-
structed from a sample of individuals with European ancestry. Additionally, we control
for principal components of genetic ancestry. This is a standard method of controlling
for population stratification, which is recommended for Add Health users. Specifically,
Add Health suggests using the first five principle components, which we follow (Harris
and Braudt, 2018).

Polygenic scores are constructed by regressing a large set of individual genetic char-
acteristics on an outcome of interest, and keeping only coefficients with very low p-
values in order to control for the familywise error rate. The coefficients are then used
to weight the contribution of each single genetic variation to the overall PGS. For each

individual, a PGS is constructed by creating a weighted sum all of the relevant genes an

>The genetic characteristics are single-nucleotide polymorphisms (SNPs), which are
nucleotides at a particular location on the genome that represent variation among hu-
mans.
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individual possesses (Domingue et al., 2015).> We standardize the PGS for the estimation

sample prior to model estimation (see Table 1 for descriptive statistics).

SES We create a dummy variable indicating whether an individual reports experienc-
ing at least one of three situations that are indicative of a particularly low family SES:
whether they lived in an unsafe neighborhood, whether their family received govern-
ment assistance (such as welfare), and whether their family had difficulty paying bills.
About 32% of the sample has low SES according to this definition, which is a large popu-
lation (see Table 2). The qualitative measures we use are intended to capture hardship in
childhood. This is a similar approach taken by other authors in this literature, including
Papageorge and Thom (2018) and Bierut et al. (2018). We use a dummy variable, rather
than an index, due to concerns about the linearity of effects. We show in Section 5 that

this measure of SES has advantages over family income.

Cognitive and Noncognitive Skills Although there are multiple alternative taxonomies
for representing noncognitive skills, one well-established and comprehensive represen-
tation of noncognitive skills is the Big Five Personality taxonomy. Most noncognitive
skills map into the Big Five in some manner (Borghans et al., 2008). The Big Five skills
are Openness, Conscientiousness, Extraversion, Agreeableness, and Emotional Stability.
Openness is a propensity to be open to new experiences and ideas; Conscientiousness
is a propensity to follow rules and plan the future; Extraversion is a propensity to be
active and social; Agreeableness is a propensity to behave friendly towards others; and
Emotional Stability is a propensity to control one’s emotions. Since skills are malleable
over the lifecycle (e.g., Borghans et al., 2008; Fletcher and Schurer, 2017), we model skills
measured during the first wave of the Add Health study to avoid capturing reverse

causality.

®The linkage disequilibrium regression method is used to avoid double counting cor-
related genetic effects.
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Table 2: SES Measures and Background Controls

Full sample Low SES High SES

Standard Standard Standard
Average deviation Average deviation Average deviation

Low SES Measures

Unsafe neighborhood 0.064 0.245 0.202 0.401 0.000 0.000
Received assistance 0.210 0.407 0.666 0.472 0.000 0.000
Trouble paying bills 0.121 0.327 0.381 0.486 0.000 0.000
Low SES dummy 0.319 0.466 1.000 0.000 0.000 0.000

Background Controls
College-educated parent 0.521 0.500 0.434 0.496 0.552 0.497
Cigarettes smoked in house  0.471 0.499 0.588 0.492 0.417 0.493
Family income (log) 3.705 0.762 3.284 0.812 3.896 0.654
Only child 0.045 0.208 0.040 0.195 0.048 0.214
First born 0.319 0.466 0.283 0.451 0.336 0.472
Second born 0.308 0.462 0.281 0.450 0.321 0.467
Third born 0.117 0.322 0.125 0.331 0.114 0.317
Number of siblings 2.548 1.942 3.000 2277 2.337 1.724
Low birth weight 0.086 0.280 0.095 0.293 0.081 0.273
Rural 0.365 0.482 0.373 0.484 0.361 0.480
Suburban 0.392 0.488 0.332 0.471 0.421 0.494
Urban 0.223 0.417 0.260 0.439 0.206 0.405
Parents married 0.796 0.403 0.642 0.480 0.867 0.340
Meals with parents(® 4987 2307 4775 2451 5086  2.230
South 0.362 0.481 0.404 0.491 0.342 0.475
Northeast 0.154 0.361 0.157 0.364 0.153 0.360
West 0.145 0.352 0.120 0.325 0.156 0.363
Midwest 0.339 0.474 0.319 0.466 0.349 0.477
Male 0.473 0.499 0.448 0.497 0.484 0.500
Age Wave I: 10-12 0.098 0.297 0.097 0.296 0.098 0.297
Age Wave I: 13-14 0.325 0.469 0.336 0.472 0.320 0.467
Age Wave I: 15-16 0.384 0.486 0.395 0.489 0.379 0.485
Age Wave I: 17-19 0.189 0.391 0.166 0.372 0.199 0.399
Hispanic 0.061 0.240 0.099 0.298 0.045 0.207
Genetic ancestry PC®) Yes Yes Yes

Census Regional Variables
Crime rate (per 100,000) 4724 2540 4776 2792 4700 2414
Education rate(® 0.227 0.130 0.198 0.115 0.241 0.134
Unemployment rate 0.064 0.024 0.068 0.025 0.063 0.023
Poverty rate 0.115 0.091 0.144 0.106 0.101 0.079

Estimation Sample Size 3,813 1,215 2,598

Notes: Calculations are based on the AddHealth data. We control for five principal components
describing ethnic origin. @ Number of evening meals. ® Five principle components (PC). ©
Percentage of adults with college degree.
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We use the factor model described in Section 4. Due to data limitations, we are not
able to study early Agreeableness and Openness, but we account for early Conscientious-
ness, Extraversion, Emotional Stability, and Intelligence using measures obtained when
the Add Health cohort was in grades 7-12. We used the same measures as proposed by
psychologists using Add Health data (Young and Beaujean, 2011).

We also use three measures of cognitive skills to construct factor scores for Cognition.
We use participant scores on the Add Health Picture Vocabulary Test, recent science
grades, and recent math grades as measures for intelligence. The Add Health Picture
Vocabulary test is a shortened version of the Peabody Picture Vocabulary Test. See Table

A-1 in the Appendix for the list of measures of each cognitive and noncognitive skill.

Controls for Family Background, Geographic Information, and Initial Health We
control for a range of background variables that could influence education and health.
These variables describe parental education, smoking in the household, family income,
birth order, family structure, birth weight, degree of urbanization, marital status of par-
ents, cohort, and ancestry. Additionally, we control for several tract-level census vari-
ables: the crime rate, education rate, unemployment rate, and poverty rate of the re-
spondent’s census-tract. Together, these variables capture a large amount of information
about the respondent’s family and social environment. Lastly, we control for biological

sex (male or female), as reported in Wave 1. See Table 2 for descriptive statistics.

4 Methods

We first estimate a reduced form model of the PGS-SES interaction, comparable to the

economic literature on gene-environment interactions (e.g., Bierut et al., 2018; Fletcher,
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2019; Schmitz and Conley, 2017). The model is specified as follows:
Hj = ayp + a PGS + a3 SES + agt PGS - SES + a5 X +{, k=1,..,8, (1)

where H; denotes a latent propensity for health outcome Hj in a logit model, so that
Hy = 1if Hf > 0 and Hy = 0 otherwise. For continuous outcomes H;| = Hy. PGS
denotes the education PGS; SES, the binary low SES status; and (i, an idiosyncratic
error term. The vector of controls X is limited in this model to principal components,
region variables, cohort variables, and sex to make this specification comparable with
the literature (Bierut et al., 2018).

In addition to model (1), we also estimate our main model. We start with a factor
model for early skills. We follow a paper by psychologists Young and Beaujean (2011)
who propose measures of early Conscientiousness (C), Extraversion (E), and Emotional
Stability (ES) based on available measures of personality in the first wave of Add Health.
We also estimate a factor of early Cognition (G) based on a cognitive test and school
achievements.” We predict Barlett’s factor scores as estimates of skills. Factor scores pro-
vide estimates of latent variables and can be used for statistical inference when properly
estimated (Anderson and Rubin, 1956).8

The factor model is specified as follows:
M]S :ﬁ%/]—{—ﬁi]@S—{—]’]]S, ]: 1,...,]5, (2)

where ©7 is a latent skill, such that s € {C,E,ES,G}; MJS- is the j-th measure of skill s; J°

is the total number of measures of skill s; Bj ; is the intercept, p7 ; is the factor loading,

’See Table A-1 of the Appendix for the list of measures of skills. We reanalyzed
measures by Young and Beaujean (2011) using our own exploratory and confirmatory
factor analysis and confirm that their model is well-specified.

8We choose factor scores over latent factors for practical reasons. The choice hardly
affects results but greatly decreases the computational intensity of the model, which is
computationally intensive even with the use of factor scores.
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and 17]? is the error term. We make the standard assumption that 17;1 1 #? for any
s1,52 € {C,E,ES,G} and any pairof jand [, j = 1,..., J5; 1 = 1, ..., ]2, except for the case
where s; = s and j = [, and that error terms are independent of latent factors. Each
latent variable is normalized to have mean zero. For each type s of a factor, we make a
standard normalization: ] ; = 1. In marking our notarizations we make sure that skills
have the usual interpretation without a loss of generality.” From this factor model we
calculate a vector of Bartlett factor scores. Bartlett’s method provides unbiased factor
score estimates based on maximum likelihood techniques (Yung and Yuan, 2013).

We simultaneously estimate a model of initial skill and health formation, education
choices, and a health outcome, using a full maximum likelihood estimation. We take
advantage of the sequential nature of early skill and initial health formation, schooling
decisions, and health outcomes in young adulthood. Genes are determined at concep-
tion, family SES in childhood is determined by parental choices and background, early
skills and initial health are formed before schooling decisions are made, and schooling
occurs before adult health outcomes are realized. It is plausible that later outcomes
do not affect early outcomes conditional on background controls and unobserved het-
erogeneity. These exclusion restrictions lead to recursive equations. Simultaneously
estimating a system of equations provides both gains in efficiency and allows us to con-
trol for unobserved heterogeneity, ;.. We control for unobserved heterogeneity using the
semi-parametric heterogenity model (Heckman and Singer, 1984).19 Mroz (1999) shows
that such control for unobserved heterogeneity is effective for solving the endogeneity
problem in a recursive nonlinear system of equations. We interpret this control for unob-
served heterogeneity as capturing important personal, family, or genetic characteristics

outside of what is explicitly controlled for.

For instance, more emotionally-stable people have a higher (not lower) score for
“Emotional Stability.”

10The model is also known as latent class analysis (Aitken and Rubin, 1985), discrete
factor approximation (Mroz, 1999), discrete factor random-effects model (Gilleskie, 2014),
and finite mixture modeling of unobserved heterogeneity (Cameron and Trivedi, 2005).
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The sub-model for outcomes is the following;:

Hy = ag + a1PGS + a;SES + az3PGS - SES + a3 X + yup, + €p, 3)
©° = by + bjPGS + b5SES + b3PGS - SES + b3 X + pes +€os, s € {C,E,ES,G} (4)
D] = co; + c1yPGS + ¢3;SES + ¢3;PGS - SES + ¢y X + ¢50 + ¢ Hp

+cyHo - SES+up, +€p,, 1=1,3 (5)
H = dox + d1xPGS + dpSES + d3 PGS - SES + dy X + d5® + dgi Ho

+d7yHo - SES +dg Dy + doy D1 - SES + dyo D3 + d11xD3 - SES

+4np, +e€n, k=1,..8, (6)

where we use the same notation as in model (1), as well as: Hy, early health; ©, the
vector of skills; D;, the latent propensity to dropout from high school (for | = 1) or to
complete Bachelor’s degree or above (for | = 3). We do not need to have a separate
model for high school graduation (for I = 2), as probabilities of these three levels of
education sum up to one. Also, high school graduation is the omitted binary variable
in Equation (6). We make the standard assumption that unobserved heterogeneity is
independent of controls (van den Berg, 2001). Unlike vector X in Equation (1) the
vector X represents the complete set of available background controls (see Table 2). Due
to computational limitations, we estimate the model separately for each health related
outcome Hy. Symbols €po, €@, €p,, and €y, represent idiosyncratic error terms.

We present a visualization of our main model (2-6) in Figure 2, which shows causal
links between variables from early life, school years, and mid-life, relationships between
observed and latent variables, and interaction effects.

This model consists of standard components, identification of which is well estab-
lished. The factor model (2) is standard and has at least three measures of each factor
and all necessary normalizations, which leads to its identification (Anderson and Ru-

bin, 1956). Equations (3-6) have a recursive structure, which contributes to identifica-
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Figure 2: Diagram of the Main Model Conditional on Background Variables X

M D

prenatal and early life school years !young adulthood

Notes: The diagram represents model (2-6) conditional on background variables X.
Rounds and ellipses represent latent variables. Rectangles represent observables. Ar-
rows ending in a rectangle or round denote causal links. Arrows ending in the middle
of another arrow denote interactions. Notation of variables matches the notation in
equations (2-6): u is unobserved heterogeneity; Hy and O represent early general health
and skills. M is a vector of skill measures, which include measures of cognition and
personality; D* is a latent propensity for education; D is chosen highest education level;
H} is a latent propensity to have health-related outcome of type k; Hy is health outcome
of type k; €po, €o, €p, €H, represent idiosyncratic error terms.
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tion conditional on idiosyncratic error terms being uncorrelated among recursive parts
(Maddala, 1983). Unobserved heterogeneity terms p helps to satisfy this condition by
controlling for common correlation across outcomes conditional on observables.

Our main model allows us to follow a standard decomposition technique and de-
compose the conditional expectation of Hy with respect to mediators of education PGS.
In particular, by taking a derivative of the conditional expectation of Hy with respect to
the education PGS and applying the chain rule, we can get two parts of the effect of the
education PGS on health outcome k: an indirect effect (I Ey) that works though education
and the direct effect (DEy), which goes though other channels. These components can be
further decomposed. In particular, it is useful to separate parts of the direct effect that

are explained though developmental mediators: skills and health.

IE; =(dgy + dox SES)(}_ &1 (b5 + bSSES)
S

+ (C¢1 + €71SES) (a1 + a3SES) + (€11 + ¢31SES))

+ (dok + d11kSES) () &3 (b] + b3SES)
S

+ (863 + €73SES) (a1 + a3SES) + (813 + €33SES)) 7)

DEy =) d% (b} + b3SES) + (di + d7SES) (a1 + a3SES) + (dix + dSES).  (8)
S NV

o early health other channels

early skills

Here tildes above coefficients denote marginal coefficients in logit models, which are
proportional to corresponding model coefficients.

We impute missing control variables and factor scores to increase estimation sample
size and statistical power using the well-established MCMC multiple imputation proce-
dure, which is known to preserve the variance-covariance matrix of variables (Schafer,

1999).
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5 Results

Below we first explore the interaction of the education PGS and SES using a reduced-
form regression comparable with the literature. Then we analyse results of the main
model, which controls for a full set of background controls, cognitive and noncogni-
tive skills, early health, and unobserved heterogeneity. Results of the main model are
consistent with results of the reduced-form regression and provide insights about the

mechanisms behind the observed effects.

Exploring Interactions using a Reduced-Form Regression Here we estimate model
(1) to explore the associations between health outcomes, the education PGS, and the
interaction between PGS and SES. Our main SES measure is similar to the one used in
Bierut et al. (2018) in that we summarize three qualitative measures of major socioeco-
nomic adversities, with the difference being that we use a binary variable instead of an
index taking values 0, 1, 2, and 3 to avoid model misspecification induced by a possible
nonlinear effects of the SES index.

Table 3 presents results for model (1) using two alternative measures of SES. In Panel
A we use the low SES dummy. In Panel B we use the logarithm of family income.

In Panel A of Table 3, the education PGS consistently shows statistically significant
and strong associations with health-related outcomes. An exception to this pattern is the
lack of a relationship between the education PGS and suicidal thoughts.

As expected, low SES is adversely related to health, while income is positively as-
sociated with health. This confirms a well-known relationship, and we show that this
relationship survives conditioning on genetic endowment related to education, mea-
sured by the education PGS. Note that even though income has the advantage of being
continuous and is not an ad hoc measure of SES, its predictive power is inferior to that of
our binary SES measure. Income does not predict marijuana use or depression, while the

binary variable does. This difference may reflect the fact that the low SES variable specif-
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ically captures severe economic hardship, while income captures many other margins of
well-being, which are potentially less relevant.

Finally, in four out of eight cases, we can see a statistically significant and strong in-
teraction between the education PGS and SES (see Panel A). Additionally, the interaction
for heavy drinking is borderline statistically significant and the estimate of the coefficient
has a sign consistent with the other interactions. The signs of these interaction effects
are always such that interaction with low SES cancels the health-beneficial effect of the
education PGS, a result to be confirmed by using our main model. Our results comple-
ment those by Bierut et al. (2018), as we find similar interaction effects but for a different
type of PGS (we use the education PGS, not smoking PGS) and different outcomes (we
use a variety of health-related outcomes, not only smoking tobacco). This study also
complements the results of Papageorge and Thom (2018), who use an interaction with
childhood SES to study education as an outcome.

In contrast with the low SES dummy, the interaction with income provides only
one interaction effect, which is statistically significant at the 10% level. This result is
consistent with the bottleneck hypothesis (Fletcher, 2019): low SES provides a good
approximation for severely constrained conditions, whereas a substantial part of log
income variation is outside the area of severe environmental constraints.

We also explore family fixed effect estimates documented in Table A-2 of the Ap-
pendix, but find out that they suffer from low statistical power, the same result that
Amin et al. (2019) have based on the same dataset but a model using different PGS score
and different outcome. Even the effect of the education PGS on education is not pre-
cisely determined. Statistical power is greatly diminished compared to our main model
for two reasons: (1) restriction of identifying variation to within family variation and (2)
a dramatic decrease in the sample size: only about 230 families who have at least two

children surveyed by Add Health contribute to the estimation.
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The Effect of the Education PGS on Health-Related Outcomes by SES All results
discussed from this point are based on the main model (2-6), which allows for superior
controls compared to the reduced-form regression model (1). The superior controls in-
clude a substantially larger set of observable background controls, the cognitive factor,
multiple noncognitive factors, early health, and unobserved heterogeneity. Under the
assumptions of the model the results can be viewed as causal. A conservative interpre-
tation of the results would be as associations conditional on a large number of essential
observables and unobservables.

We start with aggregated results. Table 4 shows the total effect of the education PGS
on education and health-related outcomes by SES level and a decomposition of this effect
with respect to education into direct and indirect effects based on formulas (7) and (8).

Columns (1) and (2) show beneficial effects of the education PGS on education, which
are similar across SES level (see Panel C for no statistically significant differences in ef-
tects by SES level). For six health-related outcomes (health, heavy drinking, marijuana
use, obesity, no exercise, and depression) we can see statistically significant total effects
of the education PGS for high SES and no such effects for low SES (compare total effects
in Panel A and Panel B). The corresponding regression coefficients tend to be large for
high SES and small for low SES!, which suggests that statistically insignificant effects
for low SES are driven not by standard deviation of estimators but by either nonexistent
or negligible effects. The difference in total effects by SES for these outcomes, shown
in Panel C, tends to be either statistically significant or borderline statistically signifi-
cant. These results confirm the substantial gene-SES interaction that favors the high-SES
individuals, which we have seen based on the reduced form model.!?

Further, for each SES level, we decompose the total effect into an indirect effect (work-

Obesity is the only exception where the statistically insignificant estimate is large in
magnitude.

2The only exception is smoking, for which we can see statistically significant and
comparable effects for both levels of SES. Also, we see no effects for both SES levels for
the “suicidal thoughts” variable.

24



"S9}EWNSO GHS YSIY pue MO[ Uom}aq ST DUSIPFI ey TOAS] % O “x “TOAI] % G ‘s TOAS] % T ‘s ([OAS] SDURIYIUSIS [OLSHLIS
9)edIPUL SYSLIA)SY "S[OIU0D JO 39S 933[d0d Y} UO [EUOHIPUOD dIk SIMNSII [[V “eiep YIEIHPPY Y} U0 paseq aIe sUoe[nde)) :SajoN

(£00°0) (€10°0) (LI10°0)  (Z10°0) (£00°0) (020°0) (910°0) (G€0°0) (900°0) (120°0)
600°0- «¥20°0 81070 €000- 9100 910°0- LI00  «x GZ0°0- 900°0- G000 [eior, v
(800°0) (€10°0) (II0°'0)  (810°0) (£00°0) (610°0) (910°0) (9€0°0) - -
800°0- 8100 « 0200 Q00°0-  «x 9100 910°0- 9100  #+980°0- - - P11 V
(200°0) (€00°0) (€00°0)  (#00°0) (200°0) (900°0) (#00°0) (010°0) - -
100°0- «x 9000 200°0- 2000 0000 0000 1000 1100 - - }oa11pu] V
(e)POUSIOHI(
(900°0) (010°0) (6000)  (F10°0) (S00°0) (Z10°0) (€10°0) (0€0°0) (S00°0) (810°0)
Q00°0- 200°0- €000 ¢c00- T00°0  #xx 990°0- 200°0- 9000 =+ C100-  «xx 72070 [eioL
(900°0) (010°0) (6000)  (F10°0) (G00°0) (910°0) (€10°0) (I€0°0) - -
¥00°0- €00°0- 0100 610°0- 9000  «xx Z¥0°0- 7000 200 - - 39939 10311
(200°0) (€00°0) (€00°0)  (#00°0) (200°0) (S00°0) (€00°0) (600°0) - -
100°0- 1000 %+ 900°0- €000~ % G00°0- s+x 6T0°0- %9000~ +xx6C00 - - 39939 30aITpU]
SHS MOT -~
(700°0) (800°0) (£000)  (010°0) (700°0) (I10°0) (600°0) (610°0) (€00°0) (I10°0)
700°0 xxx 9C0°0" % PLO0-  « 610707 #xx STO0"  sxx 0900~ 5+ 800~ «xx [80°0 « 9000~ xxx 69070 [B10L,
(#00°0) (800°0) (£000)  (010°0) (#00°0) (I10°0) (600°0) (610°0) - -
7000 «xx 0C0°0- 010°0- FIO0-  «x0T00- «xx I1€0°0- TT0°0- s+ 79070 - - J99§J9 32311
(100°0) (200°0) (I00°0)  (200°0) (100°0) (€00°0) (200°0) (700°0) - -
OOOO KKk MOOOl KKk ¢OOO| *¥ m_,OOO| KKk m_,OOO| K¥% @ﬁOOl K¥% BOOOl KKK BﬁOO - - uumwww uuwhﬁﬁﬂ
SHS Y31y
(1)) (6) (8) (2) 9) (Q) (%) (©) () (1)
syySnoy], uorssardo(] oswIaXg  9S9qQ asn odoeqol, Jupjuriq  YIesy modoip dA0qe 10
[erpomg ON euenfurejy 3upjowrg  AAesp] [ooyds Y3 S, Ioppyoeyg

SOWIOJINQ) PRILRY-YI[EOH UO §HJ Uonednpy JO S109JJq [€10], Pue “10211puf 10211 F 9[qel.

25



ing through education) and the direct effect (working through channels other than edu-
cation). The indirect effect tends to be similar for high and low-SES individuals (compare
indirect effects in Panels A and B), but the direct effect shows differences for a number
of outcomes.

Panel C of Table 4 estimates and tests the differences by SES, which are interaction
effects. A Total in Panel C of Table 4 is an analogue of the interaction term in Panel A
of Table 3. The statistically significant reduced-form interaction terms are 8-28% larger
than the corresponding and more reliable results from Panel C of Table 4. This difference
should be the result of controlling for a larger set of observables, for multiple skills, and
for unobserved heterogeneity in the main model on which Table 4 is based. The level
of statistical significance is preserved relative to Table 3 for all outcomes except for “no
exercise,” for which a statistically significant interaction effect at the 10% level becomes
borderline statistically significant based on the main model.

We can see from Panel C of Table 4 that the only statistically significant interaction for
the indirect effect can be observed for depression, which means that education induced
by genetic endowments tends to contribute to health in a similar way by SES.

In contrast, for the direct effect the role of the interaction tends to be important. The
interaction is statistically significant for general health, marijuana use, and no exercise
(see Panel C). In addition, for depression, the interaction is borderline statistically sig-
nificant, which corresponds to large and statistically significant direct effect for high SES
(Panel A) and statistically insignificant effect for low SES individuals (Panel B).

To summarize, although we can see that interaction effects are smaller and less pre-
cisely determined than we would expect based on reduced-form analysis, the results
are largely preserved when using the main model. Additionally, we learn that indi-
rect effects, which are explained by education, tend to be similar across SES, while the
direct effects, which are not explained by education, tend to be explained by the inter-

action between genetic endowments and SES. Perhaps, apart from education benefits,
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having a high education PGS leads children and young adults to better use family re-
sources for their development (parental knowledge and networks, family wealth, access
to health care, access to certain compulsory schools), but high-SES children have superior

resources to leverage their genetic endowment.

Decomposing Direct Effects Because skills and health are partly genetic (Borghans
et al., 2008), we use formula (8) and decompose the direct effect of Education PGS,
estimates of which we have seen in Table 4, with respect to early health, early skills, and
other channels.

Table 5 shows that skills and health play some role, but a large part of the effect
for high-SES individuals is explained by other channels. The other channels are not
statistically significant for the low-SES group with the only exception of smoking.

We have two conclusions from these results: (1) The education PGS partly influences
adult health through early health and skills; (2) There is a large part of the direct effect
that is explained by SES and not by health or skills. This channel might be partly due to
access to family resources discussed above and, partly, possible incomplete control for
health and skills because of data limitations.

There are several unobserved skills that might add to the estimated contribution
of “other channels.” First, the education PGS may affect not only early health and
early skills, but also risk conceptions in early life, which may not be fully captured
by available measures of skills. Recent evidence suggests that a large portion of an
individual’s risk tolerance is heritable (Linner et al., 2019), and so it might be correlated
with the education PGS. Second, it is possible that the education PGS may not only affect
risk tolerance itself, but may also affect how individuals evaluate risk in the first place.
Barth et al. (2018) show that an education PGS predicts whether individuals distinguish
that scenarios have various degrees of probability. Individuals with higher polygenic

scores may better understand risks associated with health behaviors. Third, the direct
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effect might be partly explained by educational aspirations. Belsky et al. (2016) find
that the education PGS is associated with higher educational aspirations, even from a
young age. It may be possible that the education PGS captured elements such as self-
esteem, confidence, or social ambition, which contribute to both superior health and
better education. Finally, early Agreeableness and Openness were not available in the

data set and can explain a part of the effect though other channels.

Evidence for the Causal Effect of Education on Health and Education-SES Interaction
Table 6 shows the marginal conditional associations between high school dropout status,
completion of a bachelor’s degree or above, and each health outcome. Associations are
relative to high school education, an omitted binary variable. In Panel (A) we find that
Bachelor’s degree is associated with better general health and a smaller likelihood of
adverse health behaviors. Only “having suicidal thoughts” among the studied outcomes
is not associated with Bachelor’s degree. In contrast, high school dropouts have worse
general health than high school graduates. Additionally, they are more likely to smoke
tobacco, use marijuana, and be depressed.

Another result of Table 6 is the interaction between education levels and low SES
status (see Panel (C)). While statistically significant interaction is observed only for a few
variables, it is notable that general health is among them. General health is important, as
it summarizes multiple inputs to the health production function including those which
are unobserved. Results suggest that Bachelor’s degree has higher health returns to low-
SES individuals while dropping out of high school implies a sizable drop in health for
high-SES, but not for low-SES individuals.

One possible interpretation of this result is that the average health and lifestyles of
high-SES high school graduates are already sufficiently high due to parental investments
and the high quality of their compulsory schooling, and so graduation from college con-

tributes less to their health than it contributes to health of low-SES high school graduates,
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for whom college graduation opens new opportunities in terms of lifestyles and health
care quality. In contrast, dropping out of high school puts high-SES individuals into a
position with very limited options for success in life and adversely affects their health
and lifestyle relative to high-SES high school graduates. In contrast, for low-SES indi-
viduals, dropping out of high school might have smaller consequences health-wise, as
schools that they attend are generally low quality anyways (due to segregation caused
by housing prices).

Another result of Table 6 is that completing a Bachelor’s degree reduces depression
for high-SES students but not for low-SES students. Perhaps socioeconomic advance-
ment is associated with additional stress. Also, dropping out of high school increases
depression for high-SES students but not for low-SES students. Socioeconomic decline
might be stressful too.

The main contribution of this table though is that associations between education and
health survive conditioning for a major genetic confounder: the education PGS. Histori-
cally, genes were part of unobservables in studies of education-health relationships, and
controlling for a variable that summarizes hundreds of relevant genes was unimagin-
able until recently. These results contribute to resolving the controversy about the causal

effect of education on health.

6 Conclusions

We find that an education polygenic score exhibits economically relevant effects on a va-
riety of health outcomes both indirectly through education and directly. However, these
effects are substantially moderated by SES, such that individuals who grew up in low-
SES households do not experience the full health benefits of the education PGS. Genes
are unlikely to be a policy variable in the foreseeable future due to ethical, political, and

practical considerations, but we provide evidence that targeting the SES bottleneck may
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allow individuals to achieve better health based on their genetic endowment. Based on
the evidence here, targeting individuals at the low end of the SES spectrum appears to
be an efficient way of boosting health outcomes. We contribute to an understanding
of the mechanisms through which the education PGS works and provide a mediation
model that can be used to guide future research. We also provide additional evidence

that college completion has a causal effect on health.
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A  Appendix

Table A-1: Early Cognitive and Noncognitive Measures

Conscientiousness Emotional Stability
Gathers facts when solving problems Has good qualities
Thinks of alternative ways to solve problems Has a lot to be proud of
Uses systematic methods when solving problems  Likes oneself
Analyzes outcome of solutions to problems Feels like doing things right

Feels socially accepted
Feels loved and wanted

Extraversion Cognition
Feels close to people at school Add Health Picture Vocabulary Test
Feels like a part of the school Recent math grade
Feels socially accepted Recent science grade

Note: Measures are self-reported and taken from the first wave of the Add Health data. The set
of early noncognitive measures is taken from the analysis by Young and Beaujean (2011). Scores
for math and science are imputed from letter grades.
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