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Abstract

The longstanding debate over whether human capabilities and skills are shaped more by “nature” or

“nurture” has been revitalized by recent advances in genetics, particularly in the use of polygenic scores

(PGSs) to proxy for genetic endowments. Yet, we argue that PGSs embed not only direct genetic effects

but also indirect environmental influences, raising questions about their validity for causal analysis. We

show that these conflated measures can mislead studies of gene–environment interactions, especially

when parental behavior responds to children’s genetic risk. To address this issue, we construct a new

latent measure of genetic risk that integrates individual genotypes with diagnostic symptoms, using

data from the National Longitudinal Study of Adolescent to Adult Health linked to restricted individual

SNP-level genotypes from dbGaP. Exploiting multiple sources of variation—including the Mendelian

within-family genetic randomization among siblings—we find consistent evidence that parents com-

pensate by investing more in children with higher genetic risk for ADHD. Strikingly, these compen-

satory responses disappear when genetic risk is proxied by the conventional ADHD PGS, which also

yields weaker—and in some cases reversed—predictions for long-run outcomes. Finally, we embed our

latent measure of genetic endowments into a standard dynamic structural model of child development.

The model shows that both parental investments and latent genetic risk jointly shape children’s cogni-

tive and mental health development, underscoring the importance of modeling the dynamic interplay

between genes and environments in the formation of human capital.
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1 Introduction

The question of whether differences in human capital arise primarily from genetic endowments (“nature”)

or environmental influences (“nurture”) is one of the oldest debates in the social sciences, dating back at

least to Galton (1874)’s work on heredity and later shaped by seminal contributions in psychology, so-

ciology, and economics. In recent years, this classic debate has been revitalized by advances in genetics

and the increasing availability of large-scale data linking genotypes to health outcomes. Following the

completion of the Human Genome Project (Lander et al., 2001) and the emergence of genome-wide as-

sociation studies (GWAS) in the mid-2000s (Manolio et al., 2009), researchers have developed polygenic

scores—sums of trait-associated genetic variants (single-nucleotide polymorphisms, SNPs), each weighted

by its GWAS-estimated effect. In standard GWAS analyses, these effects are obtained by regressing the

trait of interest on each SNP, controlling for relevant covariates. Polygenic scores thus aggregate the small

contributions of many SNPs into a single predictive index for an individual. Since their introduction, they

have been applied to a broad array of complex traits, spanning health, psychological, behavioral, economic,

and educational outcomes.

These advances in quantitative genetics have sparked a growing literature exploring the interplay be-

tween genetic and environmental factors and their causal impact on educational attainment. The focus of

quantitative inquiry has shifted from merely decomposing outcome variance explained by genetic variation

to addressing a more fundamental causal question: to what extent do differences in genetic endowments

cause variation in children’s outcomes, and how do they moderate the heterogeneous effects of environ-

mental influences across individuals?

In this paper, we argue that advancing toward a causal analysis of the interplay between genetic en-

dowments and environments—often referred to as gene–environment (G × E) interactions—requires a

fundamental rethinking of how these endowments are measured. Standard polygenic scores (PGSs) are

constructed as weighted sums of trait-associated genetic variants, with each variant assigned a “reduced-

form” weight that captures its statistical association with the outcome of interest. We show that these

estimated weights conflate different mechanisms: they reflect not only the direct influence of genetic vari-

ation on the trait but also indirect pathways through which genetic factors shape mediating environmental

conditions.

Crucially, when the goal is to identify the causal G × E interaction—that is, how
∂E[Y |G,E]

∂G varies

with E, where Y can represent any outcome such as test scores, educational attainment, or intermediate

inputs in a child’s skill production like parental investment—using polygenic scores (PGSs) to measure G
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can confound true genetic variation with endogenous variation in E. Because PGS weights themselves

incorporate information about the environment, they cannot be treated as fixed in a hypothetical causal

counterfactual. Instead, these weights are endogenously shaped byE, which may itself respond to changes

in G. For example, family and parental influences, which play a pivotal role in children’s skill formation

(Heckman and Mosso, 2014), may adjust in response to shifts in genetic endowment.

To make progress on these challenges, we undertake two complementary tasks. First, we begin by

constructing a novel measure of latent genetic predisposition that combines observed genotypes with

early-life phenotypes that are informative of a given trait, avoiding the conventional polygenic score, as

we are concerned that it attaches behaviorally confounded weights to the genetic variants. Second, we

develop a structural model of child development that allows for direct genetic effects from the endogenous

behavioral responses they induce in the family environment. In our dynamic model, parents make invest-

ment decisions in the presence of their child’s latent genetic risk and in response to their child’s evolving

cognitive ability and mental health.

We apply this framework to study how genetic predisposition to Attention-Deficit/Hyperactivity Dis-

order (ADHD)—a neurodevelopmental condition affecting more than 11% of children in the United States

(Visser et al., 2014)—influences children’s cognitive and mental health development. ADHD provides an

ideal setting to study the interplay between nature and nurture on child development. It is highly heritable,

with twin studies attributing about 74% of its variation to genetic differences (Faraone and Larsson, 2019),

yet its phenotypic expression—and the consequences of that expression for children’s skill formation—is

shaped by environmental factors, including family context, parenting practices, behavioral interventions,

and broader social environments (Staff et al., 2023; Claussen et al., 2024). In terms of policy relevance,

ADHD is also associated with many adverse long-run economic outcomes, including early school exit

(Fleming et al., 2017), lower post-secondary attainment (Loe and Feldman, 2007), higher unemployment

(Rietveld and Patel, 2019), and increased risk of criminal involvement (Fletcher and Wolfe, 2009).

Our empirical analyses draw on the integration of two complementary datasets. First, we use the

National Longitudinal Study of Adolescent to Adult Health (Add Health), a nationally representative panel

that follows a cohort of adolescents from middle and high school into adulthood. Add Health provides

rich longitudinal data on individual behavior, family environment, educational attainment, labor market

outcomes, and survey-based measures of behaviors predictive of ADHD, as well as ADHD diagnoses. Most

respondents consented to genetic data collection, and conventional polygenic scores are available within

the core dataset. However, SNP-level genotype data on children in Add Health are only accessible through
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the restricted-use Database of Genotypes and Phenotypes (dbGaP).
1

We merge this SNP-level genetic data

from dbGaP with the Add Health survey to construct our final analysis dataset.

We construct measures of each child’s cognitive skills, mental health, and parental investment from

multiple survey-based indicators, applying the Bartlett scoring procedure to extract the underlying latent

traits. Our main innovation is the development of a latent measure of genetic risk for ADHD. Instead of

relying on the conventional ADHD PGS from Demontis et al. (2019)—which can embed environmental bias

through its dependence on diagnosed cases and the associated non-random variation in parenting practices

and home environments—we treat individual SNPs as noisy indicators of underlying genetic risk. We also

incorporate the same 18 behavioral symptoms physicians use to diagnose ADHD in children as additional

noisy proxies.

To guide the development of our structural model, we conduct a series of regression analyses that

exploit within-family Mendelian randomization, leveraging genetic differences across siblings (Gray and

Wheatley, 1991; Davey Smith and Ebrahim, 2003). The random assortment of alleles at conception gen-

erates variation in genetic endowments among siblings, providing a natural experiment that enables the

identification of causal effects free from confounding due to shared familial genetic heritage. Although

siblings inherit much of their genetic material from their parents, Mendelian randomization—rooted in

the principles established in the mid-19th century by Gregor Mendel, often regarded as the founder of

modern genetics—captures the random variation in genetic traits that arises within families.

We examine how parents adjust their investments in response to random variation in their child’s ge-

netic risk for ADHD. We find suggestive evidence of compensatory behavior: parents systematically invest

more in siblings with higher genetic risk. We then extend this analysis to examine long-run outcomes in

adulthood and find that our measure of latent genetic risk for ADHD predicts ADHD diagnosis, arrests, and

illicit drug use. By contrast, when we replicate these analyses using the ADHD polygenic score (ADHD

PGS), the results diverge: parental investments no longer respond to children’s genetic risk, the predic-

tive power for actual ADHD diagnosis falls by two-thirds, and the effects on adult outcomes reverse in

sign. These discrepancies are consistent with our earlier discussion that PGSs may embed environmental

influences in their construction, thereby generating bias, and they underscore the need for caution when

relying on the PGS as a proxy for genetic risk in economic and behavioral research.

Motivated by these findings, we develop and estimate a structural model in which parents choose

investments in response to their child’s cognitive ability, mental health, and latent genetic risk for ADHD.

1

Single nucleotide polymorphisms (SNPs) are the most common type of genetic variation across individuals. Each SNP represents

a difference in a single DNA building block and serves as a basic unit in genome-wide analyses. See Section 2 for more details.

3



In turn, both cognitive and mental health skills evolve dynamically as functions of parental investments,

genetic endowments, and current skill levels. The evolution of skills follows a technology with dynamic

complementarities across inputs. Siblings differ in genetic risk and initial endowments but share a family-

level unobservable that may be correlated with both, influencing their skill development over time.

We estimate the model via indirect inference, matching simulated and empirical moments from both

pooled and within-family regressions. This approach ensures that we leverage the same identifying varia-

tion as in our reduced-form analysis, including the quasi-random genetic variation generated by Mendelian

randomization across siblings. The framework thus integrates reduced-form evidence with structural es-

timation, enabling us to quantify the causal role of genetic endowments in shaping parental behavioral

responses and to conduct counterfactual quantitative exercises.

Our model shows that genetic endowment is a critical input in the production of both cognitive abil-

ity and mental health during adolescence. Genetic risk for ADHD directly hinders the development of

each skill and indirectly shapes outcomes through parental responses, as parents compensate with greater

investment. The estimated production functions reveal positive complementarities between genetic en-

dowment and existing skills, meaning that current skill levels amplify the effect of genetics. As a result,

when we take a step back in the dynamic process, today’s parental investments not only raise current

skills but also shape how genetic endowments will influence child development in the future. We also find

negative complementarities between genetic endowment and parental investments, implying that, all else

equal, returns to parental investments are higher for children with greater genetic risk. Taken together,

these patterns highlight the dynamic nature of early disadvantage: genetic risk affects both the level of

skills and their marginal productivity, with consequences shaped by how families adapt their behavior in

response.

To benchmark our findings against the conventional approach of using the PGS as the measure for

genetic endowment, we re-estimate the model using the ADHD PGS in place of our latent genetic ADHD

risk measure. This alternative specification yields substantially different results. The estimated direct ef-

fect of genetic endowment on skill formation reverses sign, and the behavioral response to genetic risk

attenuates. The complementarity between genetics and cognitive skills is attenuated by 74%. As a result of

these differences, the model produces divergent predictions about the long-run effects of genetic endow-

ment. For instance, increasing genetic endowment by 10% in the model estimated with our latent measure

raises adult cognitive skills by approximately 0.07 standard deviations and raises adult mental health by

0.3 standard deviations. Conversely, this same increase in genetic endowment in a model estimated with

the standard PGS decreases cognitive skills in adulthood by 0.14 standard deviations and increases adult
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mental health by 0.03 standard deviations. Consistent with our reduced-form evidence, these differences

highlight how conventional genetic proxies, which conflate genetic and environmental influences, are sus-

ceptible to bias and can distort conclusions about the role of nature in skill formation.

Related literature. Our paper relates to several strands of the literature on child development and human

capital formation. First, we contribute to work that studies the interplay between nature and nurture in

early skill formation (Cunha and Heckman, 2007, 2008; Cunha, Heckman and Schennach, 2010). Within

this framework, we continue to build on the seminal work of Becker and Tomes (1979), in which parental

investment in time and resources is conceptualized as a key component of the nurture environment (Todd

and Wolpin, 2007; Cunha and Heckman, 2008; Del Boca, Flinn and Wiswall, 2014; Caucutt et al., 2020;

Attanasio et al., 2020; Attanasio, De Paula and Toppeta, 2025; Agostinelli and Wiswall, 2025; Agostinelli

et al., 2025). These studies show that parental behavior can amplify or attenuate children’s initial skill

endowments, and that these responses account for a significant share of the disparities in human capital

observed in adulthood.

We extend this strand by developing a structural model of child development that embeds both genetic

endowment and parental investment within a multidimensional technology of skill formation. The model

allows for dynamic complementarities and substitution between nature and nurture, and explicitly incor-

porates how parental investment decisions respond to a child’s endowments. Using ADHD as an empirical

application, we quantify how variation in genetic risk interacts with parental behavior to shape the joint

evolution of cognitive skills and mental health across adolescence.

The second strand of literature our work relates to examines how genetic endowments interact with

environments in the development of human capital. Early work relied on twin and adoption designs to

separately identify the role of heredity and the role of the environment (Sacerdote, 2002; Krueger and

Ashenfelter, 1992; Plug and Vijverberg, 2003; Sacerdote, 2007). More recently, the advent of polygenic

scores has enabled economists to use GWAS results to construct individual-level measures of genetic risk

and genetic endowments, which have been used to study the role of nature in labor and health economics

(Domingue et al., 2015; Barth, Papageorge and Thom, 2020; Amin et al., 2021; Bertoni, Marin-Lopez and

Sanz-de Galdeano, 2023; Jeong et al., 2024). This work has also combined polygenic scores with twin

and sibling designs and leveraged parental genotype data to separate direct genetic effects from environ-

mentally mediated ones (Sanz-de Galdeano and Terskaya, 2022; Cawley et al., 2023; Houmark, Ronda and

Rosholm, 2024; Muslimova et al., 2024). Relative to this strand, we leverage rich data on adolescents’ geno-

types and phenotypes to construct a latent genetic measure that separates direct genetic influence from
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environmental mediation. We then embed this measure in a structural model with endogenous parental

investment to quantify how gene–environment interactions shape the joint evolution of cognitive skills

and mental health in adolescence.

Finally, our work relates to a growing literature that incorporates genetic endowments into structural

models of human capital formation. These studies build on the skill formation framework of Cunha and

Heckman (2007) and Cunha, Heckman and Schennach (2010) and extend it to allow for variation in en-

dowments and in the productivity of parental and environmental inputs (Rustichini et al., 2023; Houmark,

Ronda and Rosholm, 2024; Bolt et al., 2025). To the best of our knowledge, Barth, Papageorge and Thom

(2020) is the only remaining paper that embeds genetics into a dynamic structural model, although their

focus is on the role of genetics in wealth accumulation during adulthood. Each of these studies relies on

the educational attainment polygenic score (Lee et al., 2018). We instead focus on ADHD and use the De-

montis et al. (2019) polygenic score as the conventional benchmark in our setting. Relative to this prior

work, we develop a new measure of genetic endowment that does not rely directly on the polygenic score

and show that the latter is susceptible to omitted variable biases. We then compare two versions of the

same structural model, one incorporating our measure and the other the conventional polygenic score,

and find that the latter produces different implications for parental investment responses and the long-run

evolution of cognitive skills and mental health.

The rest of the paper is organized as follows. Section 2 provides an overview of genetic mechanisms

and discusses potential biases that arise when using polygenic scores to measure pure genetic endowment.

Section 3 describes our data and presents results from the causal inference analysis. Section 4 develops a

structural model of child development with endogenous parental investment decisions in the presence of

genetic endowments. Section 5 outlines our estimation strategy and presents the results. Section 6 exam-

ines the discrepancies that emerge when comparing our latent measure of genetic risk to the conventional

polygenic score. Finally, Section 7 concludes.

2 Genetics

2.1 A Brief Primer on Genetics

This section offers a concise overview of key concepts and recent advances in genetics. Benjamin et al.

(2024) provides a comprehensive discussion of these developments.

Human DNA is distributed across 23 pairs of chromosomes and consists of sequences of the nucleotide

bases adenine (A), cytosine (C), guanine (G), and thymine (T). Each human cell contains approximately
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Figure 1: The Process of Mendelian Inheritance for Single-Nucleotide Polymorphisms

Maternal Base-Pair Sequence:

Paternal Base-Pair Sequence:

Potential Child Sequence:

Set of Potential SNP Values:

TT AA TT AA AT

TT AA AT AT AT

TT AA TT

AT

AT

AA

TT

AT

AA

{0} {2} {0, 1} {1, 2} {0, 1, 2}

Notes: The above figure displays a single-nucleotide polymorphism occurring at some base-pair locus for theoretical pairs of parents. We

consider a SNP with adenine and thymine possible realizations. Children’s potential sequence realizations are displayed in the third row, with

the corresponding SNP values beneath.

3 billion base pairs, where the bases form complementary pairs: adenine pairs with thymine (A-T), and

cytosine pairs with guanine (C-G). These base-pair locations collectively constitute the human genome.

Nearly all of the base-pair locations across the human genome are identical in the population; however,

the variation that occurs at less than 1% of locations induces the observed and unobserved differences in

humans. Whenever a particular base-pair location experiences sizable variation in the realized nucleotide,

it is referred to as a single-nucleotide polymorphism (SNP).
2

SNPs are often measured based on the number

of reference minor alleles present at a given base-pair location, meaning they can take values of 0, 1, or 2,

depending on whether an individual has zero, one, or two copies of the minor allele.

Figure 1 displays an example of a hypothetical SNP at some base-pair location for five different pairs of

parents. Each column shows the possible set of genetic endowments a child could receive based on their

parents’ SNPs. Importantly, this inheritance process is independent between parents and across siblings.

The first two columns demonstrate instances in which siblings would share SNPs with certainty. The last

three columns provide examples of within-family randomization. For example, a child born to a mother

with TT and a father with AT will have, in expectation, AT with probability 0.5 and TT with probability

0.5.
3

Over the last two decades, geneticists have conducted genome-wide association studies (GWAS) to

determine whether any SNPs predict a particular trait of interest, such as heart disease or schizophrenia.

In a standard GWAS, the sample includes a large number of treated (those with the trait) and control (those

2

Here, “sizable” refers to at least 1% of the human population.

3

The child receives T from their mother with certainty and receives adenine from their father 50% of the time. Therefore, the

possible SNP realizations for the child are AT, AT, TT, and TT.
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without) participants. The researchers then estimate J equations of the form

yi = β0j + β1jSNPij + νij , (1)

where yi is the trait of interest, SNPij ∈ {0, 1, 2} is SNP j ∈ {1, ..., J} of participant i, and νij is the

associated error in the estimating equation.
4

Since the coefficients of interest {β1j}Jj=1 are recovered

independently of one another, the second step of the GWAS estimation process involves an adjustment

procedure (e.g., LDpred3) that accounts for the conditional effect of SNPj given the effect of all other

SNPs, {SNPj′}j′ ̸=j . Due to the fact that hundreds of thousands of SNPs may be tested in a single GWAS,

a SNP is considered statistically significant only if its associated p-value is less than or equal to 5× 10−8
.

The collection of adjusted coefficients are used to construct polygenic risk scores—indexes for the trait

of interest that allow the full set of SNP realizations to be expressed as a single summary statistic. The

polygenic score of participant i takes the linear form

PGSi =
J∑
j=1

ωjSNPij , (2)

where ωj is the adjusted weight attached to SNP j in determining the trait. Recent studies have detected

significant SNPs—and subsequently constructed polygenic risk scores—for educational attainment (Lee

et al., 2018), the Big Five personality types (Lo et al., 2017), ADHD (Demontis et al., 2019, 2023), dyslexia

(Doust et al., 2022), and risky behavior (Karlsson Linnér et al., 2019), among many others.

The recent availability of polygenic scores has allowed social scientists to study important questions

that incorporate genetic information without having direct access to complete DNA data. In economics,

the majority of work that incorporates genetic information focuses on the effects of a polygenic risk score

for educational attainment (Barth, Papageorge and Thom, 2020; Houmark, Ronda and Rosholm, 2024; Sanz-

de Galdeano and Terskaya, 2022; Cawley et al., 2023). However, recent work has started to adopt polygenic

scores of heritable traits and diseases directly (Bertoni, Marin-Lopez and Sanz-de Galdeano, 2023; Jeong

et al., 2024).

2.2 The Problem with Polygenic Scores

Ultimately, we would like to determine the relative impact of nature, nurture, and their possible joint

influence on children’s outcomes. Following seminal work in Cunha and Heckman (2007), measures of

4

A refined version of this model includes a small set of control variables, usually age and sex only.
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parental investment are used as proxies for “nurture.” The recent advent of large-scale GWAS has provided

economists with improved measures of “nature” via the polygenic score. A key assumption in genoeco-

nomics work is that these polygenic scores are unbiased proxy indexes for some latent genetic measures.

In this section, we detail why this is unlikely to be the case and how this misspecification may yield biased

estimates of genetic treatment effects.

To illustrate our point, and consistent with much of the recent economics literature, we first consider

a child i’s educational attainment as the outcome of interest (yi). For simplicity, suppose that educational

attainment is produced via an additively separable production function that depends, in part, on nature

(genetics, gi) and nurture (parental investment, Ii). Here, genetics are not proxied by some uni-dimensional

score but instead refer to the full vector of SNPs that partially influences yi. In other words, gi := SNPi =

[SNPi,1, . . . , SNPi,J ]′. We write the underlying educational attainment production function as

yi =
J∑
j=1

α1,jSNPij + α2Ii +
J∑
j=1

α3,jSNPijIi + ηi, (3)

where α1,j captures the direct effect of a particular SNP j on yi, α2 captures the direct return to parental

investment, and α3,j captures the possible complementarity between SNP j and investment. The final term

ηi is the error term. Finally, in the model, parents make endogenous investment decisions in part due to

their child’s genetic endowments according to some underlying structural equation,

Ii = f(SNPi), (4)

where f(·) is a general function of the child’s genetics. Our argument does not rely on any particular

parametric form of f(·). As written, we focus on the simplest case without family-specific unobserved

heterogeneity. All of our results still hold in this setting, as long as parental investments respond to genetic

variation in endowments across siblings.

Recall from Equation 2 that the polygenic score includes the weights ωj , which are measured as the

estimated marginal effect of SNPj on educational attainment yi (
∂E[yi|SNPj ]
∂SNPj

). However, in the above model,

combining Equation 3 and Equation 4, this marginal effect can be derived as

ωj ≡
∂E[yi | SNPj ]

∂SNPj
= α1,j + α2

∂E[f(· | SNPj)]
∂SNPj

+ α3,jE[f(· | SNPj)] +
J∑
j=1

α3,jSNPij
∂E[f(· | SNPj)]

∂SNPj
.

(5)

The right-hand side of Equation 5 shows that the marginal effect of one particular SNP may be determined
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by more than its direct effect (α1,j) alone. If parents endogenously make investment decisions on the basis

of their child’s genetic endowment, then the effect of SNPj on the outcome of interest is a function of this

behavioral response. Furthermore, if the interplay between nature and nurture is such that increases to

parental investment amplify or mitigate the effect of SNPj (α3,j ̸= 0), then estimates of ωj will be further

biased from the omission of environmental factors. In particular, α3,j ̸= 0 suggests that children’s environ-

ments fundamentally shape the expression of their genes, thereby complicating the presumed separation

between the effects of nature and nurture (see also Heckman, 2008, on this issue).

Equation 5 also has broader implications for the pitfalls of relying on polygenic scores. Suppose a

researcher seeks to estimate the effect of genes on parental investment using the PGS:
5

Ii = γ0 + γ1PGSi + εi (6)

= γ0 + γ1

J∑
j=1

ωjSNPij + εi (from Equation 2)

= γ0 + γ1

J∑
j=1

Ψj(Ii, SNPi;α)SNPij + εi , (from Equation 5)

where, in the last step, we abbreviate the full definition of ωj from Equation 5 as Ψj(·). As shown in Equa-

tion 6, estimating this regression model with OLS—even when relying solely on within-family Mendelian

randomization across siblings—yields biased estimates of the nurture response to nature. The bias arises

from endogeneity due to simultaneity: parental investments influence the PGS measure itself. Put differ-

ently, regressing proxies of nurture on the PGS score produces biased estimates because the PGS partly

reflects nurture, with parental investment appearing on both sides of the estimating equation. The direc-

tion of this bias depends on how investments shape the weights of the polygenic score. This source of

bias helps explain why the recent literature on parental responses to children’s genetic endowment has

reached mixed conclusions.
6,7,8

5

The same reasoning applies to the case of the genetic determinants of ADHD considered later in this paper.

6

For instance, Breinholt and Conley (2023) find that parents invest more in children with higher polygenic scores for educational

attainment, whereas Sanz-de Galdeano and Terskaya (2022) report the opposite.

7

In bridging this discussion with our empirical setting of child development in the presence of ADHD, we note that polygenic

scores for ADHD have recently become available to researchers. Economists have begun implementing these score into their

analyses to determine the effects of ADHD on outcomes like income in adulthood (Rietveld and Patel, 2019) and medical diag-

noses (Bertoni, Marin-Lopez and Sanz-de Galdeano, 2023). However, these scores are based on the Demontis et al. (2019) GWAS,

which has since been updated by Demontis et al. (2023). Their larger meta-analysis, which pools data from more individuals

and has greater power to detect small effect sizes, finds that only half of the previously identified SNPs remain significant. This

suggests that the original GWAS is prone to Type I error, potentially biasing the polygenic scores derived from it. Polygenic

scores derived from Demontis et al. (2023) are not currently available to researchers.

8

This potential bias also arises in within-family sibling regression designs, to the extent that parental investments respond to

genetic variation in endowments across siblings. In the empirical section below, we demonstrate the empirical relevance of this

bias across different model specifications.
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An open question, therefore, is how—if at all—parents adjust their investments in response to their

children’s genetic endowments. The magnitude and direction of this behavioral response are key to as-

sessing the extent to which polygenic scores provide inadequate measures of children’s latent genetic

endowments. To address this, the next section describes the data and empirical strategy we employ to

estimate the causal effect of children’s genetics on parental investment decisions.

3 Data and Empirical Results

3.1 Data

We rely on data from The National Longitudinal Study of Adolescent to Adult Health (Add Health) to

conduct our analyses. Add Health ran school-based surveys on a nationally representative sample of 90,118

middle and high school students between 1994 and 1995. A subset of this sample (20,745 adolescents)

participated in an additional at-home survey, which formed the longitudinal sample. Approximately 85%

of this sample had a parent or guardian participate in a separate parent interview in 1994-1995. These

two at-home surveys provide us with detailed information on children’s and parents’ age, race, gender,

education level, and socioeconomic status. Add Health subsequently conducted four additional follow-

up surveys on the longitudinal sample in 1996 (Wave II), 2001-2002 (Wave III), 2008-2009 (Wave IV), and

2016-2018 (Wave V). For this study, we focus on the first four waves of Add Health.

Add Health is suitable to address our research question for several reasons. First, the data set includes

rich information that allows us to construct longitudinal measures of both latent cognitive skills and latent

mental health in children. We use information on students’ academic performance in the first two waves

to construct measures of latent cognitive skill levels. In order to construct measures of mental health,

we leverage the fact that Add Health asks adolescents a battery of questions related to depression and

depressive tendencies. We use 19 survey questions in both Waves I and II related to depression.
9

Add Health also offers unique survey data on how often parents participate in various activities with

their children, which we use to construct a latent measure of parental investment. We further group these

activities into two categories of investment. The first (activity investment) includes activities like playing

sports, shopping, and going to the movies, while the second (emotional investment) includes activities like

talking about a romantic partner or a personal problem. We measure all of the aforementioned latent

measures (skills, mental health, and parental investment) via the Bartlett factor score, following Heckman,

9

Some examples of these questions include: “How often was the following true during the past week or month? You felt de-

pressed.” and “How often was the following true during the past week? You felt that you could not shake off the blues, even

with help from your family and your friends.”
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Pinto and Savelyev (2013).

Another benefit of using Add Health is its explicit focus on ADHD. In Wave III, respondents retro-

spectively report on 18 behavioral indicators of hyperactivity and inattentiveness that they experienced

between ages 5 and 12. These questions correspond directly to the 18 diagnostic criteria for ADHD out-

lined in the Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition (DSM-5), which physicians

use to assess ADHD in children. Appendix B lists these diagnostic criteria in detail.

Perhaps the most attractive feature of the survey for our purposes is the fact that Add Health asked

respondents for a saliva sample in Wave IV. Approximately 80% of adult respondents consented to hav-

ing their genetic information stored and made available to researchers. The standard Add Health dataset

includes three genetic measures pertinent to our study: an ADHD polygenic score constructed from the

Demontis et al. (2019) genome-wide association meta-analysis, an indicator for whether the respondent

has the 7R allele of the DRD4 gene, and an indicator for the presence of the 10R allele of the DAT1 gene.

These two genes have been found to be associated with ADHD in the genetics literature (Turic, Swanson

and Sonuga-Barke, 2010).

In addition, we utilize restricted-access DNA-level data on Wave IV respondents provided by the

database of Genotypes and Phenotypes (dbGaP). These data include nearly one million SNP realizations

for nearly 10,000 Add Health respondents. From this, we obtain 21 SNPs identified as predictive of ADHD,

19 of which were identified by Demontis et al. (2023), with the remaining two coming from Demontis et al.

(2019). We combine the SNP-level genetic data with the retrospective ADHD behavioral data to construct

our measure of latent ADHD risk. In practice, we create a Bartlett factor score that incorporates as mea-

sures the 18 hyperactive/inattentive tendencies, the 21 SNPs identified in Demontis et al. (2019, 2023), and

the DRD4 and DAT1 alleles.

Finally, Add Health also includes two questions related to ADHD diagnosis. The first, asked in Wave III,

is: “For which of the following conditions have you taken prescription medication in the past 12 months?

Attention problems or ADD or ADHD.” The second, asked in Wave IV, is: “Has a doctor, nurse, or other

health care provider ever told you that you have or had attention problems or ADD or ADHD?” Although

these measures are informative, we do not use them directly to identify ADHD status in children, as they

are subject to screening and diagnostic biases.
10

By contrast, our latent ADHD measure, which integrates

genetic variation with retrospective reports of inattentive and hyperactive tendencies, captures predispo-

10

For example, ADHD diagnoses were much less common in the 1990s than today, making the diagnosed subsample in Add

Health an unrepresentative reflection of the underlying population at risk for the disorder. Moreover, Table 1 shows that in

the Add Health sample, diagnosed children differ substantially from their peers across several demographic and socio-economic

dimensions, including race and family income.
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sition independently of access to diagnosis.
11

For validation, we classify respondents as diagnosed if they

answer “Yes” to either question, and demonstrate that our latent measure strongly predicts this outcome.
12

Looking ahead to our model of child development, we seek to include cognitive skills, mental health,

and genetics in the multidimensional technology of skill formation. In order to ensure that the stock of

each of these inputs has a positive monotonicity interpretation, we negate our mental health and genetic

measures. “Mental health” is constructed from survey questions related to depression, so the negated score

will indicate lower levels of depression and therefore higher levels of mental health. In a similar fashion,

the negated ADHD score will carry a positive interpretation, meaning that children with a high propensity

for ADHD will belong to the left of the distribution. For consistency, we also negate the ADHD polygenic

score.

Finally, Add Health over-samples siblings. As will be discussed in Section 3.3, the large number of full

sibling pairs is imperative for our causal inference strategy. Add Health also provides detailed information

about whether sibling pairs are dizygotic (fraternal) or monozygotic (identical) twins, which is important

to control for in a model of genetic and environmental interplay.

3.2 Analysis Sample

We restrict our analysis sample to the 6,987 respondents for whom we have valid measures of ADHD

risk, parental investment, cognitive skills, and mental health. Table 1 presents descriptive statistics of

the analysis sample in the first two columns. In the next two columns, we present the same statistics

for the subsample of respondents that have a full sibling in Add Health, including twins and non-twins.

The siblings sample comprises 23% of the overall sample. The final two columns restrict to those with an

ADHD diagnosis on record (5% of the analysis sample). In Table A2 through Table A4, we additionally

report summary statistics about the measures used for each latent factor across these three groups.

Panel A reports demographic characteristics of the respondents. In comparing the different segments

of the sample, several patterns emerge. Despite comprising approximately half of the total sample, female

respondents only make up 38% of the diagnosed sample. This is consistent with national trends that show

boys are two times as likely to receive an ADHD diagnosis compared to girls. The diagnosed sample

also contains a greater proportion of white respondents (84%) compared to the overall sample (62%). The

diagnosed sample also reports slightly lower GPA’s compared to respondents not diagnosed with ADHD.

11

The retrospective design may still introduce recall bias. Adults who were diagnosed with ADHD as children may be more likely

to overstate their childhood hyperactivity, while those without a diagnosis may understate such behaviors.

12

In Section 3.3, we show that our measure has greater predictive power in our Add Health sample for ADHD diagnoses than the

available ADHD PGS.
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Table 1: Descriptive Statistics

Analysis Sample Siblings Sample Diagnosed Sample

Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.

Panel A: Child Demographics

Female 0.541 0.498 0.525 0.500 0.376 0.485

White 0.696 0.460 0.708 0.455 0.903 0.296

Black 0.213 0.410 0.189 0.392 0.079 0.264

Age 15.50 1.708 15.58 1.661 15.43 1.648

Twin 0.092 0.289 0.401 0.490 0.091 0.289

GPA 2.799 0.745 2.831 0.753 2.522 0.738

Panel B: Mother Demographics

Household Income ($1,000’s) 47.42 50.03 47.23 60.30 51.84 46.91

Investment –0.000 1.295 0.008 1.269 0.023 1.360

Investment (Activity) –0.000 1.675 0.027 1.618 0.025 1.783

Investment (Emotional) 0.000 1.367 –0.011 1.359 0.029 1.426

Married 0.745 0.436 0.754 0.431 0.753 0.432

College Educated 0.242 0.428 0.218 0.413 0.241 0.428

Panel C: Health Characteristics

Mental Health 0.000 1.059 –0.043 1.074 –0.148 1.169

ADHD Diagnosis 0.053 0.225 0.052 0.221 1.000 0.000

Hyperactivity Count 1.734 1.972 1.692 1.903 3.780 2.641

Inattentiveness Count 1.200 1.887 1.244 1.924 3.626 2.797

ADHD PGS 0.022 1.000 0.052 1.016 –0.143 1.033

Latent ADHD Factor 0.000 1.047 –0.010 1.047 –1.271 1.337

Observations 6,987 1,608 372

Notes: The above table presents summary statistics for different sub-samples of the Add Health survey. The analysis sample refers to those who

agreed to take part in the Wave IV DNA sample. We maintain this restriction in the next two groupings as well. The sibling sample refers to

those with at least one full sibling linkage or one twin linkage in Add Health. The diagnosed sample includes adolescents that are coded as having

ADHD through at least one of the following ways: taken medication for ADHD in the past 12 months (Wave III) or have had a doctor say they

have ADHD (Wave IV). Hyperactivity and impulsivity counts come from retrospective survey responses about respondents’ own behavior during

childhood. The polygenic score is provided by Add Health and is derived from Demontis et al. (2019). Listed observations refer to the greatest

possible sample size. Some measures, like those in Panel B, have fewer observations due to non-response in the Add Health.

Panel B provides summary statistics for respondents’ mothers. We find little discrepancy between the

analysis sample and the sibling subsample, but again note differences in the ADHD group. Mothers with

diagnosed children report household incomes that are 9% higher than the analysis sample average. These

same parents are also more likely to report that they invest in their child, as measured by both time and

emotional investment factors. We find little evidence of differences in the propensity for these mothers to

be married or highly educated.

Lastly, Panel C reports average characteristics related to respondents’ health, including measures of

mental health, genetics, and behavioral manifestations of ADHD. A little more than 5% of the overall

sample has an ADHD diagnosis, which is close to national trends between 1997 and 2008 (Boyle et al.,

2011). Those with a diagnosis report significantly higher counts of hyperactive and inattentive tendencies.
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These respondents have ADHD polygenic scores that are 14% of a standard deviation (0.14σ) above average.

Similarly, those with a diagnosis have a much higher propensity for ADHD and depression, as measured

by our latent factor scores for each.

3.3 Empirical Results

ADHD is linked to a number of negative outcomes for children in both the short- and long-run. Recent

work inside and outside of economics have found that children diagnosed with ADHD are more likely to

exit school before age 16 (Fleming et al., 2017), less likely to obtain post-secondary education (Loe and

Feldman, 2007), more likely to incur unemployment (Rietveld and Patel, 2019), and more likely to commit

crime in adulthood (Fletcher and Wolfe, 2009). However, establishing a causal link between ADHD and

any of these outcomes is difficult for several reasons, which we detail below.

First, ADHD is a latent characteristic that exists on a spectrum in individuals. It is “identified” by

physician diagnoses, but not all children are screened for ADHD and not all physicians diagnose identically

(Marquardt, 2022). These biases make ADHD diagnosis unsuitable as a pure measure of latent ADHD

risk. In fact, analyses that rely on ADHD diagnosis status will recover the treatment effects induced by a

diagnosis, rather than the direct, causal effect of ADHD. For this reason, we construct our own measure

of ADHD risk using children’s genotypes (relevant SNPs and genes) and phenotypes (ADHD behavioral

tendencies). We benchmark analyses that use this latent factor score against analyses that instead use the

Demontis et al. (2019) polygenic score to test for discrepancies in results stemming from differences in

these two measures.

Finally, given our focus on the gene–environment interplay—where children’s environments may

shape the expression of their genes, and genetic predispositions may in turn influence parents’ invest-

ment decisions—we estimate how parental investments respond to genetic factors and run regressions of

children’s adult outcomes to assess the long-run effects of genetic endowments during adolescence.

For our first set of motivating empirical results, we begin our analysis by first estimating the following

linear model using ordinary least squares (OLS),

yi = αgi + β′xi + εi, (7)

where yi denotes the outcome for adolescent i, gi is the adolescent’s latent (negated) risk for ADHD, xi is

a vector of controls—including age, gender, race, twin status, maternal education, and, most importantly,

our measures of latent cognitive skill and latent mental health—and εi is the error term.
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Our parameter of interest is α, the conditional association between children’s genetic risk for ADHD

and a given outcome. To estimate this relationship, we control for latent cognitive and non-cognitive (in

our framework, mental health) skills, following the literature that underscores the importance of account-

ing for these latent factors in shaping both child development and parental investment decisions (Cunha

and Heckman, 2007; Cunha, Heckman and Schennach, 2010; Agostinelli and Wiswall, 2025). When parental

investment (Ii) is used as an outcome variable (yi), the specification reduces to a reduced-form represen-

tation consistent with the investment equation commonly employed in the child development literature,

which relates parental investment to latent measures of children’s skills. Our contribution is to extend this

framework by explicitly incorporating genetic risk. In addition, the pooled specification leverages vari-

ation across both siblings and unrelated individuals, thereby improving estimation precision relative to

the more restrictive within-family specification introduced later. This precision gain is particularly valu-

able given the small effect sizes typically observed in genome-wide association studies (GWAS). However,

although these controls help mitigate potential confounding, we remain cautious in assigning a causal

interpretation to the parameter α.

Panel A of Table 2 reports OLS estimates of the pooled specification in Equation 7, using parental

investment as the dependent variable. We iteratively introduce controls across columns (1)–(5) to examine

how the coefficient on genetic risk evolves with the sequential inclusion of controls. Focusing on column

(5), which includes the full vector of controls, we find that parents increase investment by roughly 0.04

standard deviations in a child with a one-standard deviation higher risk of ADHD (p-value=0.023).
13

This

association is consistent with parents using endogenous investments as a compensatory response to higher

genetic risk for ADHD.

Although these pooled OLS estimates are informative about the association between parental invest-

ment and genetic risk, our ultimate goal is to obtain a causal relationship. A meta-analysis of twin studies

shows that ADHD has a heritability rate of 74% on average (Faraone and Larsson, 2019), meaning that

nearly three-fourths of the variation in ADHD is attributable to differences in genetic realizations across

individuals. It is therefore important to control for parental genetic influence when determining a causal

link between ADHD and some outcome of interest. There are two main strategies employed in the liter-

ature to control for parental genetic influence, both of which require genetic information on full-sibling

pairs. In the first strategy, researchers use available information on the population-wide distribution of

genes at a certain base-pair location and the realization of these genes between sibling pairs to impute the

13

Because we negate our measure of genetic risk, higher values of gi correspond to lower ADHD risk, so a positive coefficient

indicates greater investment in children at lower genetic risk.
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parental gene pool in a process called “Mendelian imputation of parental genotypes” (Young et al., 2022). In

the second, researchers utilize a within-family design that differences out all environmental-specific fixed

effects shared between siblings, including parental genotypes and ADHD heritability. Carvalho (2025)

shows that these two strategies deliver very similar estimates, suggesting that our choice between them is

not consequential. Given this result, we rely on the within-family approach to conduct our analysis.

We estimate within-family regressions that leverage the random allocation of genetic endowments

across siblings. As shown in Figure 1, conditioning on parental genotypes ensures that the residual vari-

ation in children’s genetic risk for ADHD is driven solely by Mendelian randomization. The trade-off,

however, is a substantial reduction in sample size, which lowers the statistical precision of some estimates.

Restricting the analysis to linked full siblings in Add Health, we estimate the following within-family

specification:

yif = γgi + β′xi + φf + εif , (8)

where yif is some outcome for adolescent iwho belongs to family f , φf is a family-specific fixed effect, εif

is the error term, and the controls are as before.
14

Our parameter of interest is γ, which we interpret as the

causal effect of a one-standard deviation reduction in ADHD risk on the outcome, under the assumption

that unobserved confounders linked to genetic variation are constant within families (across siblings).

Panel B of Table 2 reports the within-family estimates of Equation 8, again using parental investment

as the dependent variable. In the most saturated specification, we find that parents allocate investments

differentially across siblings based on their relative genetic risk for ADHD. We find that parents invest

more in children with greater latent risk for ADHD, suggesting a compensatory response to this risk. Al-

though only marginally significant, our point estimates indicate that parents reduce investment by roughly

0.08 standard deviations in a child whose sibling has a one-standard deviation higher risk of ADHD (p-

value=0.080). Importantly, Table A5 demonstrates that this compensatory pattern is robust to alternative

choices in constructing the latent factor.

In comparing the two approaches, we find that the within-family coefficient is nearly double the pooled

estimate. One possible explanation is that the pooled model combines both within- and between-family

variation, and the latter can attenuate the estimated relationship if unobserved family characteristics are

correlated with both genetic risk and parental investment. By conditioning on family fixed effects, the

within-family design removes these unobserved family-level confounders and identifies the underlying

compensatory response. This difference highlights the standard bias–variance trade-off: pooled OLS yields

14

Because we focus on full siblings, the within-family model absorbs shared demographic attributes. We therefore omit race and

maternal education but otherwise retain all previously listed controls.
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Table 2: Empirical Results for Parental Investment using Latent Genetic Risk for ADHD

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

Panel A: Pooled OLS

Latent Genetic Factor 0.001 –0.002 –0.035 –0.035 –0.036

(0.015) (0.015) (0.016) (0.016) (0.016)

Observations 6,987 6,987 6,987 6,987 6,987

Panel B: Within-Family

Latent Genetic Factor –0.049 –0.047 –0.081 –0.081 —

(0.044) (0.044) (0.047) (0.047)

Observations 1,608 1,608 1,608 1,608

Cognitive Control ✓ ✓ ✓ ✓ ✓

Mental Health Control ✗ ✓ ✓ ✓ ✓

Demographic Controls ✗ ✗ ✓ ✓ ✓

Twin Control ✗ ✗ ✗ ✓ ✓

Maternal Education Control ✗ ✗ ✗ ✗ ✓

Notes: This table presents within-family fixed effects regression results with latent parental investment as the dependent variable and our latent

measure of (negated) ADHD risk as the independent variable of interest. “Cognitive Control” refers to the latent factor for cognitive skills,

measured in Wave I. “Mental Health Control” refers to the latent factor for depression (mental health), measured in Wave I. “Demographic

Controls” include gender, age, and a quadratic term for age. “Twin Control” includes an indicator for whether the respondent is a twin. “Maternal

Education Control” is an indicator for whether the child’s mother is college-educated. Within-family specifications omit race and maternal

education due to multicollinearity. Standard errors are clustered at the family level.

more precise estimates but is likely biased by unobserved heterogeneity, whereas within-family models

reduce bias at the cost of higher variance, driven by smaller sample sizes (77% smaller in our case).

Regardless of specification, the evidence points to compensatory behavior by parents in response to

increases in children’s genetic risk for ADHD. As discussed above, such behavioral responses of nurture to

nature complicate the interpretation of PGS as a “pure” measure of genetic endowments. To address this

concern, we next examine whether our findings replicate when we substitute our latent genetic factor with

the conventional ADHD polygenic score (PGS) from Demontis et al. (2019). Specifically, we re-estimate

Equation 7 and Equation 8, replacing gi with the (negated) PGS. The results are reported in Table 3.

We reverse our findings under the PGS-based model. In the pooled specification, a one–standard

deviation decrease in the PGS is associated with a 0.04 standard deviation increase in parental invest-

ment (p-value=0.024). This sign reversal implies the opposite interpretation: rather than compensating for

higher genetic risk, parents appear to reinforce existing differences in genetic endowment. By contrast,

the within-family specification shows no systematic relationship between genetic risk and investment,

suggesting that parents do not adjust investments differentially across siblings on the basis of genetic risk.

Following our discussion of simultaneity bias induced by estimating investment equations with the PGS

(Section 2.2), this result is in line with the hypothesis that information about parental investment is in-
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Table 3: Empirical Results for Parental Investment using ADHD PGS

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

Panel A: Pooled OLS

PGS 0.040 0.040 0.042 0.042 0.035

(0.016) (0.016) (0.015) (0.015) (0.015)

Observations 6,987 6,987 6,987 6,987 6,987

Panel B: Within-Family

PGS –0.007 –0.008 –0.003 –0.003 —

(0.070) (0.070) (0.071) (0.071)

Observations 1,608 1,608 1,608 1,608

Cognitive Control ✓ ✓ ✓ ✓ ✓

Mental Health Control ✗ ✓ ✓ ✓ ✓

Demographic Controls ✗ ✗ ✓ ✓ ✓

Twin Control ✗ ✗ ✗ ✓ ✓

Maternal Education Control ✗ ✗ ✗ ✗ ✓

Notes: This table presents within-family fixed effects regression results with latent parental investment as the dependent variable and the

(negated) ADHD PGS from Demontis et al. (2019) as the independent variable of interest. “Cognitive Control” refers to the latent factor for

cognitive skills, measured in Wave I. “Mental Health Control” refers to the latent factor for depression (mental health), measured in Wave I.

“Demographic Controls” include gender, age, and a quadratic term for age. “Twin Control” includes an indicator for whether the respondent is

a twin. “Maternal Education Control” is an indicator for whether the child’s mother is college-educated. Within-family specifications omit race

and maternal education due to multicollinearity. Standard errors are clustered at the family level.

cluded in the PGS and attenuates the corresponding point estimates of genetic effects. This is of concern

because researchers may reach diametrically opposed conclusions about the role of parental investment

depending solely on which measure of genetic risk they adopt.
15

In our final reduced-form empirical exercise, we consider the longer-run effects of ADHD. Following

the literature on the impacts of ADHD in adulthood, we consider three classes of outcomes: labor, social,

and health. Our labor market outcomes include the future stock of human capital (as measured by our

latent factor for cognitive skills), number of years of education, employment, and log income. We include

as social outcomes an indicator for being married in adulthood and an indicator for ever being arrested. For

health outcomes, we consider an indicator for realized ADHD diagnosis status, the future stock of mental

health (again as measured by our negated latent factor for depression), and illicit drug use. We measure

drug use with a Bartlett factor score that uses adolescents’ self-reported recent usage of illicit drugs as

measures. We show estimates of these long-run, within-family equations in Table 4.

As before, we consider both our own latent ADHD score and the PGS as separate proxies for underlying

risk. We do not find any statistically significant impact of ADHD on labor outcomes using either measure.

15

Table A9 presents similar results for overall investment, activity-based investment, and emotional investment by genetic mea-

sure. See Section 3.1 for details on the construction of these measures.
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Table 4: Within-Family Model Estimates of ADHD on Long-Run Outcomes

Panel A: Education/Labor Measures

Future Skills Education (Years) Employed (Log) Income

(1) (2) (3) (4) (5) (6) (7) (8)

Latent Factor Score 0.018 0.079 0.006 0.096

(0.034) (0.073) (0.012) (0.120)

Polygenic Score –0.024 0.112 0.008 0.033

(0.044) (0.106) (0.017) (0.178)

Observations 1,315 1,608 1,602 1,556

Panel B: Social Measures

Ever Married Ever Arrested

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

Latent Factor Score 0.019 –0.043

(0.021) (0.018)

Polygenic Score –0.005 0.015

(0.026) (0.024)

Observations 1,607 1,604

Panel C: Health Measures

ADHD Diagnosis Future Mental Health Illicit Drug Use

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

Latent Factor Score –0.068 0.038 –0.105

(0.012) (0.037) (0.049)

Polygenic Score –0.023 0.077 0.048

(0.012) (0.052) (0.058)

Observations 1,608 1,508 1,608

Notes: Each regression includes controls for child age, age squared, gender, initial skills, initial mental health, and twin status. The polygenic

score is provided by Add Health and is derived from Demontis et al. (2019). Robust standard errors clustered at the family level are presented in

parentheses. Future skills and future depression are measured in the Wave II, illicit drug use is a latent factor score that uses multiple measures

of illicit drug use in Wave III, and all other outcomes are measured by Wave IV.

However, siblings with greater latent risk for ADHD are more likely to ever be arrested—a result that

does not replicate with the PGS. Both measures generate sensible point estimates for the probability of

being diagnosed with ADHD, though the PGS effect size is attenuated to roughly one-third of the estimate

obtained using our latent measure. Finally, siblings with higher latent genetic risk are more likely to use

illicit drugs, a pattern again not replicated with the PGS.

Although our estimates provide suggestive evidence on the long-run impacts of ADHD genetic risk and

outcomes, they should be interpreted with caution. As our previous results indicate, genetic influences that

are apparent in adolescence may diminish over time, particularly if families actively respond to early dif-

ferences. Parents may compensate for or even fully offset these disparities through targeted investments,

making long-run outcomes less directly attributable to genetic variation. In this sense, reduced-form es-

timates risk overstating persistent genetic effects, as they conflate initial endowments with the successful
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efforts of parents to narrow developmental gaps. To more carefully disentangle these forces, in Section 4

we develop a structural framework that embeds genetic risk within the broader process of skill formation

and explicitly models the endogenous parental response.

4 A Dynamic Model of Child Development

4.1 Environment and Initial Conditions

Our goal is to develop a model that explains how children’s skills evolve under the joint influence of

genetic endowments (nature) and parental investments (nurture). We extend the prior literature on struc-

tural models of parental investments and skill formation by explicitly incorporating genetics (Del Boca,

Flinn and Wiswall, 2014; Caucutt and Lochner, 2020; Caucutt et al., 2020; Agostinelli et al., 2024; Mullins,

2025). The model features families consisting of one parent and two siblings. Although parental invest-

ment decisions are assumed to be independent across siblings, the siblings are connected through a shared

unobserved family-level factor and through correlated skill and genetic endowments. The model tracks

skill development throughout adolescence, from t = 1 to t = T = 6, corresponding to grades 7 through

12.
16

In a similar fashion to Cunha, Heckman and Schennach (2010), we consider skills as multidimensional.

Denote by θi,t = (θCi,t, θHi,t) the stock of cognitive skills and mental health held by child i in period t.

Each adolescent is also endowed with an immutable genetic stock, gi. Cognitive skills, mental health, and

genetics are all defined as “goods,” meaning that an increase in the stock of any attribute is assumed to be

beneficial to the child. Thus, adolescents with high levels of depression have low levels of θHi,t and those

with a high risk for ADHD have a low endowment of gi. Finally, parents in the model are able to influence

the development of skills via period-specific endogenous investment decisions, Ii,t.

Consistent with our empirical analysis, we allow for heterogeneity by race (r) and gender (s). We

also incorporate unobserved family-level heterogeneity, ψ, which is shared by siblings i and j. The initial

conditions are specified as a four-dimensional joint distribution that may vary across (r, s) groups:



ln θC0
ln θH0
ln g

lnψ


∣∣ (r, s) ∼ N (µr,s,Σr,s). (9)

16

The choice of this age range is not essential to the theoretical framework but reflects the availability of data, which is collected

during these years of the child’s schooling.
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This formulation captures systematic differences across race-gender groups while allowing for unobserved

correlation structures in accumulated skills at the outset of the model.

4.2 The Technology of Skill Formation

With the initial conditions established, we are ready to develop a theory for how skills develop across

adolescence. We follow Agostinelli and Wiswall (2025) in adopting a trans-log specification of the skill

technology, which provides flexibility in the sign of static complementarity between each of the included

inputs. For a skill type k ∈ {C,H}, we write

ln θki,t+1 = lnAkf(i) + αk1 ln θCi,t + αk2 ln θHi,t + αk3 ln gi + αk4 ln Ii,t

+ αk5(ln θki,t · ln gi) + αk6(ln θki,t · ln Ii,t) + αk7(ln gi · ln Ii,t).
(10)

The first line in Equation 10 captures the direct effect of each input on the future production of skill k. For

example, αk1 > 0 suggests that ln θCi,t is a productive input and leads to increases in the future stock of

skill k. The second line in the technology equation captures possible input complementarity. For instance,

αk5 > 0 indicates that the marginal return to skill k increases with g. Similarly, a positive value of αk7

reflects gene × environment interplay, indicating that the effectiveness of parental investment depends on

the child’s genetic endowment.

The term lnAkf(i) denotes the total factor productivity (TFP) of the skill-formation technology, which

is skill-type specific (k) and depends on the family environment f(i). We parameterize TFP as a function

of unobserved family-level heterogeneity:

lnAkf(i) = αkA,0 + αkA,1 lnψf(i). (11)

Since this heterogeneity is shared by siblings (ψf(i) = ψf(j)), TFP is constant within families; that is,

Akf(i) = Akf(j).

4.3 The Parent’s Problem

4.3.1 Utility

We assume that parents in our model are paternalistic, meaning they derive utility directly from their

children’s skills. Parents face a trade-off between the benefits of having more skilled children, which

requires higher levels of investment through the skill formation technology, and the costs associated with
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that investment. We specify the parent’s period-specific utility as

ui,t = γ1 ln θCi,t + γ2 ln θHi,t + γ3Ii,t + γ4I
2
i,t lnψf(i). (12)

The parameters γ1 and γ2 reflect the relative importance that parents place on cognitive skills and mental

health. The term γ3 < 0 captures the disutility that parents experience from increasing investment in their

child’s development. Lastly, γ4 accounts for potentially convex investment costs and allows for hetero-

geneity in the disutility of costly investment through the interaction with lnψf(i). In other words, this

term captures family-level unobserved heterogeneity in the determinants of parental investments, which

also enters the technology of skill formation.

We highlight a key feature of our utility specification that greatly simplifies both solving and esti-

mating the model. As specified, our framework is equivalent to one in which parents evaluate each child

independently. Specifically, for parents with multiple children i and j, utility is additively separable in

the skill levels of each child (ui,t and uj,t). This implies that parents choose child-specific investments in-

dependently across siblings. Introducing within-family complementarities in parental investments across

siblings would substantially increase computational complexity. Although understanding how genetics

interact with family-wide investment decisions and family composition is a promising direction for future

work, we believe our approach is the right first step for studying the measurement of genetic endowments

and their role in shaping conclusions about gene–environment interactions. In our model, siblings are

linked only through shared family-level heterogeneity (ψ), which induces correlation in their skill endow-

ments, but are otherwise treated as independent.

4.3.2 Recursive Formulation of the Parent’s Problem

Parents choose an optimal investment level for child i in each period t. The technology of skill formation

links skills in period t+ 1 to the stock of skills in period t, parental investments in period t, and a child’s

genetic endowment. In other words, the technology of skill formation defines how a child’s skills evolve

over time due to current endowments and parental choices. We can therefore write the parent’s investment

problem recursively,

Vt(θCi,t, θHi,t | ψf(i)) = max
Ii,t≥0

{
u
(
Ii,t, θ

C
i,t, θ

H
i,t | ψf(i)

)
+ βVt(θCi,t+1, θ

H
i,t+1 | ψf(i))

}
, (13)

where V (·) is the value function with cognitive skills and mental health as endogenous state variables,

while u(·) is the period utility (Equation 12).
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We follow Del Boca, Flinn and Wiswall (2014) in writing the parent’s continuation utility after their

child finishes high school as

VT (θCi,T , θHi,T ) = γ1 ln θCi,T + γ2 ln θHi,T , (14)

which captures the continuation value beyond the model’s time horizon, reflecting parents’ perspective

on their child’s development.

Adult outcomes for child i are thus taken as outside the scope of the model. Taken together, this frame-

work provides a parsimonious yet flexible way to study how parents respond to differences in children’s

skills and genetic endowments, and how those responses shape the development of human capital during

adolescence.

5 Estimation

We estimate our model using indirect inference, specifically through the Simulated Method of Moments

(SMM). In practice, this involves replicating and matching a targeted set of moments from the Add Health

data within the model’s simulations. In what follows, we present the additional parametric restrictions

(Section 5.1) and the identifying assumptions (Section 5.2), describe the moments targeted in the SMM

procedure (Section 5.3), report the parameter estimates (Section 5.4), and assess the model’s fit to the data

(Section 5.5).

5.1 Additional Parameterization

We now detail the normalizations and parameter restrictions imposed on the parametric distribution of

the initial conditions during the estimation of the model. As discussed in Equation 9, skills, genetics, and

family-level heterogeneity are jointly distributed with a 4-by-1 mean vector µr,s and a 4-by-4 covariance

matrix Σr,s, both varying by race and gender. In total, this specification entails 56 free parameters. To

maintain tractability in estimation, we impose additional restrictions that reduce the dimensionality of the

parameter space.

The first three components of the mean vector in Equation 9, µr,s = [µC,r,s, µH,r,s, µg,r,s, µψ,r,s], are

obtained directly from the data as the group-specific conditional means of the measured initial conditions

for (log) cognitive skills, mental health, and genetics (reported in Panel A of Table A14). The fourth com-

ponent, corresponding to the mean of (log) family-level heterogeneity (lnψ), is estimated freely by (r, s)

group within the SMM procedure. For identification, we normalize this mean to zero for Black female chil-

dren, who serve as the reference group. Consequently, the estimated means of family-level heterogeneity
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for all other (r, s) groups are expressed relative to this benchmark. As an additional normalization, we

set the variance of family-level heterogeneity to one (σ
2,(r,s)
ψ = 1). We further restrict this unit variance

to be identical across all (r, s) groups, which saves three parameters relative to the alternative approach

of normalizing variance for only one reference group. Given our normalizations and assumption on the

variance of lnψ, the covariance matrix takes the following form,

Σr,s =



σ
2,(r,s)
C σ

(r,s)
C,H σ

(r,s)
C,g σ

(r,s)
C,ψ

σ
(r,s)
C,H σ

2,(r,s)
H σ

(r,s)
H,g σ

(r,s)
H,ψ

σ
(r,s)
C,g σ

(r,s)
H,g σ

2,(r,s)
g σ

(r,s)
g,ψ

σ
(r,s)
C,ψ σ

(r,s)
H,ψ σ

(r,s)
g,ψ 1

 . (15)

The leading 3× 3 block of Σr,s corresponding to the variance covariance matrix of (lnC0, lnH0, ln g) is

estimated directly from the data for each (r, s) type.

The covariances involving the family-level unobserved heterogeneity lnψ are estimated within the

SMM procedure. We assume that the correlations between lnψ and each of the other variables are in-

variant across groups, ρC,ψ, ρH,ψ, ρg,ψ are constant over (r, s). This restriction implies that, rather than

estimating three separate covariances for each of the four (r, s) groups, we estimate only three common

correlation parameters. As a result, the number of free parameters falls by nine, reducing the dimen-

sionality of the estimation problem and improving tractability. Importantly, this does not mean that the

covariances between family-level unobserved heterogeneity and a child’s initial endowments of skills and

genes are constant across groups; instead, it constrains their structure as follows:

σ
(r,s)
C,ψ = ρC,ψ · σ(r,s)C · σ(r,s)ψ , σ

(r,s)
H,ψ = ρH,ψ · σ(r,s)H · σ(r,s)ψ , σ

(r,s)
g,ψ = ρg,ψ · σ(r,s)g · σ(r,s)ψ ,

where σ
(r,s)
X ≡

√
σ
2 (r,s)
X denotes the standard deviation ofX ∈ {C,H, g, ψ} in group (r, s), and σ

(r,s)
X,ψ the

corresponding covariance. Finally, we fix the discount factor in Equation 13 at β = 0.96. All other param-

eters introduced in Section 4 are left free for estimation. We now turn to the details of our identification

strategy.

5.2 Identification

We model parental investment as an endogenous response to children’s cognitive ability, mental health,

and genetic endowment. To identify the structural parameters, we exploit multiple sources of variation,

including the random allocation of genetic endowments across siblings and the longitudinal structure of
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the Add Health data, which provides repeated measures of skills and parental investment during adoles-

cence. In the discussion that follows, we provide a heuristic account of identification, which relies on the

joint restrictions imposed by the full set of moments, rather than a one-to-one mapping between moments

and parameters.

One source of identification comes from within-family differences in genetic endowment. Full siblings

inherit genetic material randomly from their parents, conditional on the parental genotype. This biolog-

ical process generates quasi-random variation in genetic endowment across siblings, which we treat as

exogenous conditional on family background and initial skill levels.
17

By exploiting these sibling-level

differences, we hold constant all shared family and environmental unobserved heterogeneity, allowing us

to isolate the impact of genetic endowments on parental investment and adolescent outcomes.

Bringing this logic into our empirical framework, we account for unobserved family-level heterogene-

ity by estimating within-family fixed-effects regressions, which exploit within-family Mendelian random-

ization of genetic endowments, and using the resulting auxiliary coefficients as targets in our SMM proce-

dure. This variation is particularly informative for identifying parental preferences, behavioral responses

to genetic variation, and differences in skill endowments.

We complement the within-family variation with pooled variation, captured through auxiliary regres-

sion coefficients that incorporate differences across families. These moments help match broader popu-

lation patterns. Although they do not permit a causal interpretation, they are particularly valuable for

uncovering the role of family-level unobserved heterogeneity in shaping parental investments, as well

as for highlighting components of the skill production function that warrant stronger empirical support,

such as interaction effects and nonlinearities. By targeting both within-family and pooled moments, we

combine credible identification of causal responses with an accurate replication of population-level rela-

tionships between investments, skills, and endowments.

We allow for heterogeneity in initial conditions by modeling the joint distribution of cognitive skills,

mental health, genetic endowments, and family-level unobserved heterogeneity. This distribution is per-

mitted to vary by children’s race and gender. The initial conditions for cognitive skills, mental health, and

genetic endowments are directly identified in the data through the mean and variance–covariance struc-

ture of the observed measures. By contrast, heterogeneity in parental investments across families, together

with its cross-sectional correlation with children’s endowments, identifies the parameters governing the

distribution of family-level heterogeneity and its structural correlation with children’s endowments, both

across and within sibling pairs.

17

See Section 2.1 for a detailed description of this inheritance mechanism.
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Finally, we identify the parameters of the skill production function by leveraging variation in the dy-

namic evolution of cognitive and mental health skills over time, as a function of the current stock of

cognitive skills, mental health, genetic endowments, and parental investments. By jointly exploiting these

dynamic relationships—both across families and within families—we are able to recover the parameters

that govern the process of human capital accumulation.

5.3 Targeted Moments

First, we estimate outside the model a subset of the initial conditions—the joint distribution of cognitive

skills, mental health, and genetic endowment—outside the model and separately for each of the four race-

by-gender subgroups. This step simplifies the estimation process for the remaining structural parameters.
18

Each latent skill is constructed using Bartlett factor scores, following Heckman, Pinto and Savelyev (2013),

which combine multiple noisy indicators into an unbiased predictor. We apply the same procedure to build

a latent measure of parental investment. Initial skills are measured at 7th grade, which we set as t = 0 in

the model.

For the SMM estimation, we target a set of estimated coefficients from several auxiliary regression

models. Table 5 reports the full set of regression-based moments used in the procedure, organized into

four conceptual blocks that mirror the structure of the model. The first block captures the age profile

of skill accumulation in childhood by pooling regressions of cognitive and mental health outcomes on

age, thereby identifying the parameters that govern skill development during adolescence. The second

and third blocks consist of pooled and within-family regressions of parental investment on child skill

and genetic endowments. These moments identify parental preferences for each child, the cost of invest-

ment as specified in the utility function (Equation 12), and the structural correlation between family-level

unobserved heterogeneity and children’s skills and genetic endowments. In particular, the comparison

between pooled and within-family regression results on parental investments highlights the extent of bias

induced by endogeneity—arising from unobserved family-level heterogeneity and its correlation with child

skills and genetic endowments—which in turn informs the model’s identification of this structural corre-

lation. The fourth block includes reduced-form regressions for skill formation—estimated in both pooled

and within-family specifications—which provide information on the skill production technology, including

complementarities and interaction effects between inputs.

We also incorporate moments that capture heterogeneity in parental responses across demographic

groups. Specifically, we estimate regressions of investment on race, gender, and their interaction to iden-

18

The computation of the standard errors accounts for the parameter uncertainty introduced by this first-step procedure.
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Table 5: Main Sources of Identification for Model Parameters

Model Characteristic Regression Specification

I. Evolution of Skills Across Adolescence θki = βk0 + βk1 t+ εki

II. Endogenous Investment Decision Ii,t = β0 + β1 ln θCi,t + β2 ln θHi,t + β3 ln gi + εi,t

Ii,f,t = βF0 + βF1 ln θCi,t + βF2 ln θHi,t + βF3 ln gi + φf + εi,f,t

III. Technology of Skill Formation ln θki,t+1 = βθ,k0 + βθ,k1 ln θCi,t + βθ,k2 ln θHi,t + βθ,k3 ln gi + βθ,k4 ln Ii,t
+βθ,k5 (ln θCi,t · ln Ii,t) + βθ,k6 (ln θHi,t · ln Ii,t) + βθ,k7 (ln gi · ln Ii,t)

+βθ,k8 (ln θCi,t · ln θHi,t) + βθ,k9 (ln θCi,t · ln gi) + βθ,k10 (ln θHi,t · ln gi) + εθ,ki,t

ln θki,f,t+1 = βF,k0 + βF,k1 ln θCi,t + βF,k2 ln θHi,t
+βF,k3 ln gi + βF,k4 ln Ii,t + βF,k5 (ln gi · ln θki,t) + φf + εF,ki,f,t

IV. Heterogeneity in Investment Ii,t = βx0 + βx1x
f
i + βx2x

b
i + βx3 (x

f
i · xbi) + εxi

Notes: This table provides an overview of the targeted moments used in the Simulated Method of Moments (SMM) procedure. Consistent with

Section 4, we denote by θk
i,t

the stock of skill k ∈ {C,H} for child i in period t. The term φf is a family fixed effect. The indicator xf
i

(xb
i
) takes

on the value 1 if child i is female (Black). In pooled regressions, we control for gender, race, age, and age squared. We omit race controls in within-

family specifications. When simulating the empirical moments, we include these controls but do not include their corresponding coefficients as

moments to target. Similarly, we do not target regression intercepts in characteristic groups II, III, or IV.

tify mean differences in family-level unobserved heterogeneity, which translate into heterogeneity across

subgroups in the preference cost of parental investments.

In simulations, each child i is paired with a unique sibling j, and both share family-level heterogeneity,

ψf(i) = ψf(j), which enters both the utility function and the skill production technology. The simulated

sample replicates the empirical panel design, and we estimate pooled and fixed effects regressions on the

simulated data using the same specifications as in the Add Health data. Denote the vector of model param-

eters by Ω. Let M denote the vector of empirical moments and M(Ω) the corresponding model-simulated

moments. The SMM estimator is obtained by minimizing the quadratic distance between empirical and

simulated moments, as follows:

Ω̂ = argmin
Ω

(
M −M(Ω)

)′(
M −M(Ω)

)
. (16)

We compute standard errors using a nonparametric bootstrap. Specifically, we draw 100 bootstrap sam-

ples of the Add Health data (resampling with replacement) to generate 100 alternative realizations of the

targeted moments and the initial-condition parameters estimated outside the model. For each bootstrap

sample, we re-estimate the model to recover a new parameter vector. Standard errors are then calculated

as the standard deviation of the bootstrap empirical distribution of these parameter estimates. This proce-
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dure captures the sampling uncertainty associated with both the initial conditions—estimated outside the

model—and the structural parameters estimated within the model.

5.4 Parameter Estimates

Table 6 displays the results of our main parameter estimates.
19

Panel A reports the estimated utility pa-

rameters, while Panel B (Panel C) presents the parameters governing the technology of skill formation for

cognitive skills (mental health).

Turning to Panel A, our estimates suggest that parents value their children’s cognitive skills and mental

health almost equally. We find that investment is costly and that this disutility increases with the latent

family-level heterogeneity. We interpret this heterogeneity as unobserved family disadvantage, consistent

with our negative estimates in the skill formation technology showing that this variable adversely affects

skill development—a point we return to later in this section.

Consistent with the child development literature, Panel B shows that lagged cognitive skills have a

strong and persistent effect on future cognitive skills. Lagged mental health also contributes meaningfully,

at roughly 7% the size of the direct cognitive skill effect. The direct effect of a child’s genetic endowment is

sizable and statistically significant, amounting to approximately 10% of the cognitive skill effect. Parental

investment is a significant and productive input in the technology. We also find evidence of positive and

significant complementarities: the interaction between cognitive skills and genetic endowment, as well as

that between cognitive skills and investment. These estimates suggest that the effectiveness of investment

and genetic factors are amplified in children with higher levels of cognitive skills. The negative interaction

between genetic endowment and investment is consistent with our reduced-form evidence in Section 3.3

and helps explain why parents exert less effort when their children have higher genetic endowments (i.e.,

lower ADHD risk).

The results for the mental health production function (Panel C) closely mirror those for cognitive skill

formation. Lagged mental health is the most productive input in the production of future mental health,

followed by genetic endowment and cognitive skills. The direct effects of genetic endowment and lagged

cognitive skills are each approximately 16% the size of the direct effect of lagged mental health. In terms

of input complementarities, we find that mental health is more productive among children with higher

genetic endowments, as indicated by the positive coefficient on the interaction term (αH5 ). In contrast,

investment becomes slightly less productive at higher levels of mental health and genetic endowment, as

19

Table A15 presents additional estimates, including the race-by-gender-specific means (µr,s) and scalar correlations (ρr,s) be-

tween initial conditions and the family-level heterogeneity.
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Table 6: Parameter Estimates

Panel A: Utility

Cognitive Skills (γ1) 0.501

(0.033)

Mental Health (γ2) 0.455

(0.044)

Investment (γ3) –0.496

(0.054)

Heterogeneous Taste for Investment (γ4) –0.213

(0.017)

Panel B: Technology of Skill Formation (Cognitive)

Cognitive Skills (αC1 ) 0.546

(0.031)

Mental Health (αC2 ) 0.038

(0.013)

Genetic Endowment (αC3 ) 0.052

(0.009)

Investment (αC4 ) 0.024

(0.011)

Cognitive Skills × Genetic Endowment (αC5 ) 0.072

(0.015)

Cognitive Skills × Investment (αC6 ) 0.021

(0.012)

Genetic Endowment × Investment (αC7 ) –0.009

(0.012)

Total Factor Productivity Constant (αCA,0) –0.100

(0.019)

Unobserved Family-Level Heterogeneity (αCA,1) –0.074

(0.007)

Panel C: Technology of Skill Formation (Mental Health)

Cognitive Skills (αH1 ) 0.076

(0.018)

Mental Health (αH2 ) 0.479

(0.024)

Genetic Endowment (αH3 ) 0.078

(0.010)

Investment (αH4 ) 0.013

(0.012)

Mental Health × Genetic Endowment (αH5 ) 0.017

(0.018)

Mental Health × Investment (αH6 ) –0.010

(0.013)

Genetic Endowment × Investment (αH7 ) –0.012

(0.010)

Total Factor Productivity Constant (αHA,0) 0.101

(0.011)

Unobserved Family-Level Heterogeneity (αHA,1) –0.049

(0.007)

Notes: The above table shows the estimates of the parent utility specification (Panel A) and the technology of skill formation for cognitive skills

(Panel B) and mental health (Panel C). Standard errors in parentheses are obtained from 100 family-clustered non-parametric bootstraps of the

estimation procedure.
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reflected in the negative coefficients on αH6 and αH7 . These results imply that investment is most effective

in improving mental health among children with lower baseline mental health and greater genetic risk for

ADHD.

5.5 Model’s Fit

Table A16 through Table A20 report direct comparisons between the targeted empirical moments and the

simulated moments generated at the model optimum. Each table corresponds to a distinct set of auxiliary

regression coefficients used in the SMM procedure. Overall, the model successfully replicates the targeted

moments. We briefly summarize the results below.

Table A16 focuses on moments related to the evolution of skills during adolescence (Model Charac-

teristic I in Table 5). The intercepts are closely reproduced and we match the sign of the slope coefficient

for mental health closely. The model overestimates the slope coefficient in the cognitive skill regression,

although this targeted moment is itself imprecisely estimated.

Table A17 presents moments that inform the identification of parents’ endogenous investment deci-

sions. We consider both a pooled regression and a within-family specification of the reduced-form invest-

ment equations. In both cases, the model closely matches both the sign and magnitude of each coefficient.

The model is also able to replicate the pattern of parents demonstrating a higher propensity to compensate

against genetic risk in the within-family specification. Finally, the model captures the shift in the regression

coefficient between pooled and within-family specifications, indicating that it recovers the correct corre-

lation between family-level unobserved heterogeneity and children’s skills and genetic endowments—the

mechanism generating the discrepancy between the two empirical estimates.

Table A18 and Table A19 evaluate the model’s ability to replicate reduced-form skill production func-

tions for cognitive skills and mental health. Each specification includes a pooled regression with rich

interaction terms and a simpler within-family version. Across all regressions, the model replicates the di-

rect returns to inputs with high accuracy. It also matches most of the complementary returns, with small

deviations in sign when the empirical coefficients are close to zero.

Finally, Table A20 compares regression coefficients related to heterogeneity in parental investment.

The model aligns well with the data, capturing the pattern that parents invest more in daughters than they

do sons, as well as the fact that Black parents tend to invest more on average in our sample. Our model

is further able to replicate the negative coefficient attached to the interaction between female and Black

child indicators.
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6 Genetic Measures and Parents’ Behavior

In Section 3.3, we showed that the reduced-form evidence on parental responses to children’s genetic

endowments either disappears or reverses when we replace our latent measure of genetic risk with the

conventional polygenic score (PGS). In this section, we examine the extent to which relying on the PGS to

measure gi affects the estimation of our model and, by extension, whether it alters the model’s predictions

about parental investment decisions and their implications for subsequent skill formation. To do so, we

re-estimate the structural model via SMM using the exact same empirical moments described in Table 5,

replacing the latent genetic factor with the PGS for ADHD. We present the results of this exercise in

Section 6.1. In Section 6.2, we then conduct counterfactual analyses to assess the influence of genetic

endowments and the role of parental investment under the two models.

6.1 Model Estimates with PGS

To examine whether the discrepancies identified in Section 3.3 persist in our structural framework, we

re-estimate the full model described in Section 4, using the PGS for ADHD from Demontis et al. (2019)—

available in the Add Health data—as our measure of gi. Let MPGS denote the set of empirical moments

constructed from Add Health using the PGS, and let MPGS(Ω) represent the corresponding simulated mo-

ments generated by the model given parameter vector Ω.
20

As before (Equation 16), parameter estimates

are obtained by solving the following SMM problem:

Ω̂PGS = argmin
Ω

(
MPGS −MPGS(Ω)

)′
W

(
MPGS −MPGS(Ω)

)
. (17)

Table 7 presents the results of the estimation procedure.
21

For convenience, the first column reproduces

the original estimates derived from our latent factor for the genetic risk of ADHD. Column (2) presents

the accompanying estimates from a model that uses the PGS. The two approaches yield notably different

results. In the discussion that follows, we focus on three key mechanisms to guide our comparison of the

results: (i) the returns to genetics; (2) the returns to investment; and (3) parents’ preferences.

The returns to genetics. Panel B shows that, in our preferred model, a one-standard deviation increase

in genetic endowment (i.e., a one-standard deviation reduction in the genetic risk for ADHD) increases the

production of cognitive skills at approximately 10% of the rate associated with lagged cognitive skills. By

20

The use of the PGS affects only the subset of moments derived from auxiliary regressions that include genetic endowment. All

other moments remain identical across the two estimation procedures.Table A21 compares the set of moments involving genetic

variables used in Equation 16 with those used in Equation 17.

21

Table A22 presents additional estimates related to the unobserved family heterogeneity by race and gender. We do not find

substantial differences between models.
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Table 7: Parameter Estimates by Genetic Endowment Measure

Latent Factor PGS

(1) (2)

Panel A: Utility

Cognitive Skills (γ1) 0.501 0.489

(0.033) (0.105)

Mental Health (γ2) 0.455 0.104

(0.044) (0.040)

Investment (γ3) –0.496 –0.468

(0.054) (0.065)

Heterogeneous Taste for Investment (γ4) –0.213 –0.220

(0.017) (0.036)

Panel B: Technology of Skill Formation (Cognitive)

Cognitive Skills (αC1 ) 0.546 0.568

(0.031) (0.056)

Mental Health (αC2 ) 0.038 0.049

(0.013) (0.031)

Genetic Endowment (αC3 ) 0.052 –0.076

(0.009) (0.026)

Investment (αC4 ) 0.024 0.020

(0.011) (0.028)

Cognitive Skills × Genetic Endowment (αC5 ) 0.072 0.019

(0.015) (0.025)

Cognitive Skills × Investment (αC6 ) 0.021 0.021

(0.012) (0.029)

Genetic Endowment × Investment (αC7 ) –0.009 –0.009

(0.012) (0.022)

Total Factor Productivity Constant (αCA,0) –0.100 –0.100

(0.019) (0.028)

Unobserved Family-Level Heterogeneity (αCA,1) –0.074 –0.072

(0.007) (0.030)

Panel C: Technology of Skill Formation (Mental Health)

Cognitive Skills (αH1 ) 0.076 0.092

(0.018) (0.026)

Mental Health (αH2 ) 0.479 0.470

(0.024) (0.051)

Genetic Endowment (αH3 ) 0.078 –0.006

(0.010) (0.022)

Investment (αH4 ) 0.013 0.007

(0.012) (0.022)

Mental Health × Genetic Endowment (αH5 ) 0.017 0.028

(0.018) (0.024)

Mental Health × Investment (αH6 ) –0.010 –0.010

(0.013) (0.031)

Genetic Endowment × Investment (αH7 ) –0.012 –0.012

(0.010) (0.025)

Total Factor Productivity Constant (αHA,0) 0.101 0.099

(0.011) (0.033)

Unobserved Family-Level Heterogeneity (αHA,1) –0.049 0.001

(0.007) (0.029)

Notes: The above table shows the estimates of the parent utility specification (Panel A) and the technology of skill formation for cognitive skills

(Panel B) and mental health (Panel C). Column (1) corresponds to a model that uses our latent factor measure of the genetic risk for ADHD,

whereas column (2) corresponds to the same model that instead uses the Demontis et al. (2019) PGS for ADHD. Standard errors in parentheses

are obtained from 100 family-clustered non-parametric bootstraps of the estimation procedure.

33



contrast, the PGS-based model produces a counterintuitive result: the same increase in genetic endow-

ment decreases future cognitive skills at a rate equivalent to 13% of the effect of lagged cognitive skills.

Consistent with the reduced-form results presented in Section 3.3, we therefore reverse our findings when

relying on the PGS. Although Panel C does not present the same reversal of effects, our preferred specifica-

tion suggests that genes are a productive input in the production of mental health, whereas the PGS-based

model suggests that genes have no direct effect on mental health.
22

In addition to these direct effects, the interaction between lagged skills and genetic endowment (cap-

tured by αk5) provides insight into how the persistence of skills varies with one’s genetic endowment. In

the latent factor specification, we estimate a large, positive complementarity between cognitive skills and

genetic endowment, which is reduced by 74% in the PGS model and no longer statistically significant. This

reduction implies that, relative to the latent factor specification, the PGS model predicts a smaller marginal

return to investing in low-risk children with higher cognitive skills, weakening the incentives for parents

to direct resources toward them. These differences are less pronounced in the mental health technology.

The returns to investment. Panel C reveals that a model that uses the PGS to measure genetic en-

dowment predicts a return to investment on mental health that is 54% of the return predicted by a model

that uses our latent factor. The same coefficient for cognitive skills shows a similar reduction in returns

(17%). It is also important to consider the differences in the dynamic returns to lagged skills (Cunha and

Heckman, 2008). In the model, the dynamic return to investment depends not only on the direct effect of

investment, but also on how investment interacts with existing skills (αk6) and, indirectly, on how those

skills evolve through their interaction with genetic endowment (αk5). The latent factor specification pro-

duces larger estimates of αC5 and identical estimates of αC6 , implying that investment in children with high

cognitive skills and low genetic risk generates greater future skill accumulation by increasing the produc-

tivity of current skills. In contrast, the smaller values in the PGS model dampen this compounding effect,

reducing the model’s predicted long-run gains from investment in these children. Again, the differences

across specifications are less pronounced for the mental health technology.
23

Parents’ preferences. In our preferred specification, parents value their children’s cognitive skills and

mental health approximately equally. In contrast, the PGS-based model implies that parents value cogni-

tive skills roughly five times as much as mental health. This reduction in preferences for mental health

22

These findings are consistent with Table A21 wherein the reduced-form technology of skill formation shows a dampened effect on

the direct returns to genetics. In the within-family specification of the auxiliary regression, the sign reverses between measures

of genetic endowment.

23

This attenuation in dynamic returns is consistent with Table A21, where the coefficients on the direct effect of investment, the

interaction of investment with cognitive skills, and the interaction of investment with mental health in the pooled specifications

are all smaller when using the PGS. In the within-family specifications, the coefficient on cognitive skills interacted with genetic

endowment also reverses sign.
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is explained by the reduction in how parental investments respond to changes in mental health in the

PGS-based, within-family investment regression (Panel A of Table A21). Because parents make a single

investment decision that affects both skills simultaneously, this shift in relative preferences changes the

overall marginal benefit of investment in ways that interact with the differences in the estimated technol-

ogy of skill formation. These combined differences in preferences and technology have direct implications

for how parental investment responds to changes in genetic endowment, which we explore in the following

section.

6.2 The Implications of Genetic Measures on Model Predictions

To evaluate the implications of the model for the role of genetic endowments and parental investment in

skill formation, we conduct a quantitative exercise that exogenously increases each child’s genetic endow-

ment by 10%. For each skill type k ∈ {C,H}, we estimate the average treatment effect of this increase

under two distinct scenarios. In a slight abuse of notation, let θkT (gi, Ii) denote the final stock of skill k for

child i as a function of their genetic endowment gi and the full path of parental investments across adoles-

cence, Ii := {Ii,t}Tt=0. Let gi denote the baseline genetic endowment and g′i = 1.1× gi the counterfactual

one. Let Ii and I ′
i analogously denote the baseline and counterfactual sequences of endogenous parental

investment.

The first object of interest is the direct effect of increasing gi, which holds parental investment fixed at

its baseline level. Formally, we define

τkg := E
[
ln θkT (g′i, Ii)− ln θkT (gi, Ii)

]
. (18)

This treatment effect τkg captures the mechanical contribution of genetic endowment to the production of

skill k, abstracting entirely from behavioral responses. The second object, which we refer to as the total

effect, allows parents to respond optimally to the updated value of gi in each period. We define this effect

as

τkg,I := E
[
ln θkT (g′i, I ′

i)− ln θkT (gi, Ii)
]
. (19)

This expression incorporates both the direct influence of genetic endowments and the indirect effect op-

erating through endogenous parental investment. We report both effects in standard deviation units, nor-

malizing the average treatment effect on log skill by the standard deviation of baseline log skill in period T .

This provides us with a scale-free measure that can be compared across skill types and model specifications.

Importantly, we can use these two effects to construct a measure of the relative importance of parental
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Figure 2: Effects of Increasing Genetic Endowment by 10%, by Genetic Measure
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Notes: Each panel reports the effect of increasing genetic endowment gi by 10% on (a) cognitive skills (green) and (b) mental health (blue). Effects

are computed as the log-difference in outcomes between counterfactual and baseline levels, normalized in terms of the population-level standard

deviation of final (log) skills at baseline. Within each panel, the first two bars show the total effect (τC
g,I
, τM
g,I

), which allows for a endogenous

parental investment response. The next two bars show the direct effect (τCg , τMg ), which fixes parental investment to the baseline level. We

consider two different measure for genetic endowment: our latent factor for genetic risk of ADHD (solid outline) and the ADHD polygenic score

from Demontis et al. (2019) (dotted outline).

investment in response to changes in genetic endowment. In particular, the ratio τkg,I/τ
k
g captures the

degree to which the total impact of increased genetic endowment is amplified (or attenuated) by endoge-

nous parental behavior. A value greater than one indicates that parents reinforce the effect of improved

endowment through increased investment, while a value less than one implies that parental responses par-

tially offset the direct genetic advantage. This ratio therefore provides insight into the complementarity

(or substitutability) between parental investment and genetic endowment in the production of child skills.

Figure 2 reports the total and direct effects of increasing gi on each skill type under both measures of

genetic endowment. The results differ markedly between the latent-factor and PGS-based specifications.

Using our preferred measure, a 10% increase in genetic endowment raises terminal cognitive skills by about

0.07 standard deviations and terminal mental health by about 0.3 standard deviations.
24

In contrast, under

the PGS-based model, the same change reduces cognitive skills by roughly 0.14 standard deviations and

increases mental health by only 0.03 standard deviations.

Comparing total and direct effects reveals how parental behavior mediates these impacts. For the latent

factor, the direct effect on cognitive skills is about 12% larger than the total effect, implying parents reduce

investments when genetic endowments improve. For the PGS, the direct effect is about 5% smaller than the

24

While the estimated effect is large, this finding aligns with evidence that depression is more prevalent in adults with ADHD,

with reported prevalence as high as 53.3% (Fu et al., 2025).
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Figure 3: Relative Contribution of Investment in Mediating Genetic Effects, by Skill Type and Measure
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Notes: This figure plots the ratio τk
g,I
/τkg , where τkg captures the direct effect of increasing gi by 10% while holding investment fixed, and τk

g,I

allows for parental reoptimization. Each line displays this ratio by baseline skill decile, separately for our latent factor measure of genetic risk

and for the polygenic score (PGS) from Demontis et al. (2019). Panel (a) displays this ratio for cognitive skills and panel (b) displays this value for

mental health.

total, suggesting parents increase investments instead. In other words, a model based on the latent factor

predicts that parents compensate against genetic risk, whereas a model based on the PGS predicts that

parents reinforce genetic advantages through greater investment. These opposing behavioral inferences—

along with the PGS model’s counterintuitive negative cognitive effect—underscore the potential limitations

of polygenic scores as proxies for genetic endowment.

We next compare the heterogeneity in the contribution of parental investment to mediating genetic

effects, τkg,I/τ
k
g , across the two measures of genetic endowment. Figure 3 summarizes these results by

deciles of initial skill endowments. Panel (a) presents the results for cognitive skills, and Panel (b) shows

the corresponding patterns for mental health.

Consistent with our reduced-form findings (Table 2), we find that, under our preferred specification,

this ratio ranges from 0.75 in the lowest to 0.91 in the highest decile of initial cognitive skills. This pattern

indicates that parents reduce their investment in response to higher genetic endowments, with the contri-

bution of parental investments in mediating genetic effects being considerably stronger among children at

the lower end of the cognitive skill distribution. In contrast, when relying on the PGS, we obtain ratios ex-

clusively greater than one—reversing the pattern observed in the latent-factor model. In other words, the

way genetic endowment is measured leads to conflicting conclusions about both the direction of parental

responses and the role of parental investments in mediating genetic influences on skill formation.
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Figure 4: Relative Contribution of Investment by Cross-Skill Type and Measure
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Notes: This figure plots the ratio τk
g,I
/τkg , where τkg captures the direct effect of increasing gi by 10% while holding investment fixed, and τk

g,I

allows for parental reoptimization. Each line displays this ratio by cross baseline skill decile, separately for our latent factor measure of genetic

risk and for the polygenic score (PGS) from Demontis et al. (2019). Panel (a) displays this ratio for cognitive skills as a function of the initial

mental health decile and panel (b) displays this value for mental health as a function of the initial cognitive skill decile.

The heterogeneity analysis in our preferred model reveals that the extent to which parental investments

mediate genetic effects on skill formation diminishes at higher initial skill levels. By contrast, the PGS

yields a more uniformly increasing profile, with mediation effects that strengthen modestly across deciles

of initial skills.

For mental health, both measures indicate compensatory behavior. Under our preferred specification,

the profile is relatively flat around 0.9, suggesting that the extent to which parental investments mediate ge-

netic effects on mental health is largely homogeneous across the distribution of initial mental health skills.

In contrast, the PGS exhibits a concave-down pattern, implying that mediation effects are most pronounced

near the tails of the distribution. Overall, these results underscore that the choice of genetic measure can

substantially affect both the magnitude and direction of inferred parental investment responses, as well as

the implied consequences for genetic influences on skill formation.

In Figure 4, we extend the analysis to cross-skill dynamics by plotting the ratio τkg,I/τ
k
g for skill k as

a function of the initial decile of the other skill, k′ ̸= k. Panel (a) shows how the total effect on cognitive

skills varies with baseline mental health, while Panel (b) shows the converse pattern for mental health as

a function of initial cognitive skills.

For cognitive skills, the latent-factor measure starts below one and rises modestly with baseline mental

health, consistent with mild compensatory investment that weakens at higher mental health levels. In
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Figure 5: Heterogeneity in Effects by Race and Gender
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Notes: Each panel reports the effect of increasing genetic endowment gi by 10% on (a) cognitive skills (green) and (b) mental health (blue). Effects

are computed as the log-difference in outcomes between counterfactual and baseline levels, normalized in terms of the population-level standard

deviation of final (log) skills at baseline. We show these effects by each (r, s) group for race r and gender s. Within each panel, the first eight

bars show the total effect (τC
g,I
, τM
g,I

), which allows for a endogenous parental investment response. The next eight bars show the direct effect

(τCg , τMg ), which fixes parental investment to the baseline level. We consider two different measure for genetic risk: our latent factor for genetic

risk of ADHD (solid outline) and the ADHD polygenic score from Demontis et al. (2019) (dotted outline).

contrast, the PGS profile lies slightly above one and remains largely flat, indicating limited variation in

investment responses across deciles.

We conclude this section by examining effect heterogeneity on the basis of race and gender. Figure 5

repeats the analyses conducted in Figure 3 separately by the four race-gender groups. In panel (a), we

focus on the effect of a 10% increase in gi on terminal (log) cognitive skills. Across both genetic measures,

we find little variation across race and gender. However, in turning our attention to mental health in panel
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(b), we find stark differences. The latent factor exhibits a clear gender-based pattern—namely, an increase

in genetic endowment leads to larger mental health gains for male adolescents, with little evidence of

additional race-based heterogeneity. The PGS-based model does not generate this pattern; instead, Black

adolescents share similar effect sizes regardless of gender.

Taken together, these findings provide empirical support for the identification concerns outlined in

Section 2.2. As shown in Equation 5 and Equation 6, PGS can yield biased estimates of the causal effects

of genetic endowments when parental investments are endogenous and gene–environment interactions

are present. This arises because PGS combine direct genetic effects with indirect effects operating through

parental responses and environmental complementarities, introducing simultaneity and omitted-variable

bias. Consistent with this prediction, we find that estimates from the PGS-based model differ substantially

from those obtained using our latent genetic factor. In particular, the PGS model generates contrasting

counterfactual predictions about skill formation and the contribution of genetics to inequality in skills

among children, relative to our preferred specification based on the latent-factor measure of genetic en-

dowment. Overall, these results underscore the risks of treating polygenic scores as exogenous proxies

for genetic endowments and highlight the importance of explicitly modeling behavioral responses and

gene–environment interplay.

7 Conclusion

This paper develops and estimates a structural model of child development that separately identifies direct

genetic effects from endogenous behavioral responses by parents. We construct a novel latent measure of

genetic endowment by treating individual SNPs as noisy indicators of underlying risk and anchoring this

measure to the 18 behavioral criteria used to diagnose ADHD. This approach mitigates the environmental

biases inherent in polygenic scores. Embedding this measure within a dynamic model of skill formation

and parental investment, we show that parents respond to greater genetic risk with increased investment,

particularly when children begin with lower cognitive skills or poorer mental health.

Our findings demonstrate that conventional polygenic scores, which conflate genetic and environ-

mental factors, yield misleading inferences about the role of nature in skill formation. Using the PGS in

place of our latent measure reverses the estimated direction of genetic effects and substantially attenu-

ates complementarities between endowment and other inputs. These discrepancies affect predictions of

long-run outcomes and have implications for how researchers interpret gene–environment interactions.

More broadly, our work contributes to the literature on human capital formation by showing how genetic
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endowments and parental behavior jointly shape skill development in adolescence. By separating nature

from nurture in both measurement and modeling, this framework provides new tools to inform future re-

search and policy aimed at improving adolescent development and designing interventions that help close

achievement gaps linked to early-life disadvantage.
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Online Appendix

A Additional Tables

Table A1: Reproduction of Table 1 in Demontis et al. (2023)

Genomic Position Freq. Freq.

locus Chr. (bp) rs ID A1 A2 Odds Ratio Cases Controls

1 1 44076469 rs549845 G A 1.082 0.321 0.326

2 2 145714354 rs1438898 A C 1.065 0.762 0.769

3 3 20724204 rs2886697 G A 1.061 0.634 0.643

4 3 43691501 rs9877066 G A 0.888 0.944 0.951

5 3 49916710 rs7613360 C T 0.948 0.598 0.614

6 3 51884072 rs2311059 G A 0.944 0.314 0.308

7 3 71499401 rs17718444 C T 1.063 0.695 0.660

8 3 87015142 rs114142727 C G 1.285 0.988 0.988

9 4 112217523 rs17576773 C T 1.101 0.888 0.880

10 4 147099654 rs6537401 G A 0.945 0.660 0.655

11 5 87854395 rs4916723 A C 0.918 0.553 0.573

12 5 103964585 rs77960 G A 0.929 0.665 0.682

13 5 144474779 rs10875612 C T 0.947 0.483 0.470

14 6 70858701 rs2025286 A C 0.947 0.553 0.550

15 7 67685754 rs73145587 A T 1.107 0.910 0.901

16 7 114158954 rs9969232 G A 0.934 0.344 0.382

17 8 93277087 rs7844069 T G 1.057 0.428 0.399

18 8 145802447 rs4925811 T G 0.944 0.515 0.531

19 10 8784773 rs11255890 C A 1.054 0.389 0.401

20 10 106453832 rs11596214 G A 1.054 0.597 0.569

21 11 28602173 rs2582895 C A 1.075 0.634 0.618

22 12 89771903 rs704061 T C 0.946 0.554 0.560

23 14 98690923 rs76284431 T A 0.922 0.847 0.842

24 16 61966703 rs1162202 C T 1.063 0.630 0.606

25 18 5871800 rs76857496 C A 1.083 0.870 0.859

26 18 50625779 rs7506904 G A 0.946 0.343 0.372

27 20 21250843 rs6082363 T C 1.073 0.296 0.291

Notes: This table displays the material presented in Table 1 in Demontis et al. (2023) for the SNPs used in our analysis. We omit several columns

from the original table to preserve space, including information on the p-value, the recovered standard error, and indicators for whether the gene

is new relative to those found in Demontis et al. (2019). Two additional SNPs (rs11420276 and rs5886709) not present in the above table but found

to be significant in Demontis et al. (2019) are used in the analysis.
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Table A2: Descriptive Statistics—Latent Factor Measures of Cognitive Skills and Mental Health

Analysis Sample Siblings Sample Diagnosed Sample

Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.

Panel A: Cognitive Skills

English Grade 2.842 0.959 2.874 0.965 2.508 0.986

Math Grade 2.671 1.026 2.724 1.018 2.414 1.059

Social Studies Grade 2.864 0.984 2.892 0.995 2.591 1.001

Science Grade 2.817 0.978 2.832 0.993 2.575 1.003

Panel B: Mental Health

Bothered by things that don’t usually bother you 0.518 0.708 0.530 0.720 0.570 0.765

Didn’t feel like eating 0.471 0.713 0.492 0.720 0.446 0.719

Could not shake off the blues 0.409 0.712 0.417 0.736 0.495 0.832

Felt you were not just as good as other people 1.101 1.002 1.146 1.008 0.970 0.959

Trouble keeping mind on what you were doing 0.825 0.809 0.865 0.816 1.073 0.953

Felt depressed 0.522 0.752 0.529 0.743 0.608 0.835

Felt too tired to do things 0.739 0.745 0.752 0.745 0.761 0.780

Did not feel hopeful about the future 1.162 0.971 0.981 0.720 1.094 0.937

Thought life had been a failure 0.195 0.513 0.208 0.538 0.253 0.565

Felt fearful 0.327 0.569 0.327 0.575 0.387 0.677

Not happy 0.857 0.801 0.874 0.810 0.901 0.800

Talked less than usual 0.558 0.731 0.586 0.745 0.595 0.807

Felt lonely 0.465 0.702 0.483 0.704 0.551 0.706

People were unfriendly 0.412 0.627 0.426 0.612 0.540 0.728

Did not enjoy life 0.754 0.849 0.775 0.860 0.772 0.846

Felt sad 0.583 0.682 0.580 0.676 0.613 0.712

Felt disliked by people 0.415 0.636 0.433 0.637 0.476 0.721

Hard to get started doing things 0.636 0.696 0.648 0.711 0.726 0.734

Life not worth living 0.147 0.474 0.157 0.497 0.180 0.516

Observations 6,987 1,608 372

Notes: The above table presents summary statistics for different sub-samples of the Add Health survey. The analysis sample refers to those who

agreed to take part in the Wave IV DNA sample. We maintain this restriction in the next two groupings as well. The sibling sample refers to

those with at least one full sibling linkage or one twin linkage in Add Health. The diagnosed sample includes adolescents that are coded as having

ADHD through at least one of the following ways: taken medication for ADHD in the past 12 months (Wave III) or have had a doctor say they

have ADHD (Wave IV). Panel A grades are measured from 0 to 4. Panel B presents the 19 depression survey questions used to construct our

mental health latent factor score. These are measured on a scale of 0 to 3, with 3 indicating strongly agree.

Appendix Page 2



Table A3: Descriptive Statistics—Latent Factor Measures of Genetic Risk

Analysis Sample Siblings Sample Diagnosed Sample

Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.

rs1438898 1.611 0.563 1.613 0.563 1.538 0.602

rs2886697 1.423 0.661 1.412 0.664 1.368 0.709

rs7613360 0.703 0.679 0.703 0.671 0.798 0.745

rs17718444 1.460 0.626 1.461 0.627 1.444 0.631

rs114142727 1.982 0.138 1.983 0.140 1.968 0.205

rs17576733 1.795 0.434 1.820 0.404 1.788 0.435

rs6537401 0.526 0.639 0.507 0.639 0.608 0.646

rs4916723 0.669 0.679 0.687 0.690 0.707 0.710

rs77960 0.489 0.632 0.489 0.629 0.581 0.678

rs2025286 0.970 0.716 0.952 0.718 0.879 0.688

rs73145587 1.804 0.424 1.812 0.419 1.777 0.466

rs4925811 0.821 0.719 0.846 0.722 0.960 0.720

rs11255890 1.045 0.743 1.020 0.730 0.898 0.712

rs11596214 1.264 0.702 1.247 0.701 1.196 0.674

rs2582895 1.176 0.709 1.178 0.715 1.247 0.671

rs704061 0.966 0.708 1.001 0.705 0.949 0.685

rs76284431 0.271 0.485 0.284 0.491 0.266 0.478

rs1162202 1.330 0.693 1.308 0.696 1.258 0.695

rs76857496 1.778 0.449 1.789 0.441 1.739 0.469

rs11420276 1.474 0.629 1.428 0.640 1.392 0.662

rs5886709 0.831 0.704 0.772 0.697 0.860 0.702

Made careless mistakes 0.992 0.783 1.012 0.778 1.522 0.939

Difficulty sustaining attention 0.615 0.790 0.626 0.800 1.495 0.989

Didn’t listen when spoken to 0.537 0.720 0.551 0.730 1.011 0.934

Failed to finish work 0.588 0.740 0.603 0.755 1.202 0.960

Difficulty organizing tasks 0.598 0.730 0.606 0.729 1.285 1.012

Avoided work with sustained focus 0.497 0.701 0.509 0.707 1.027 0.957

Lost necessary things 0.695 0.760 0.698 0.760 1.250 1.009

Easily distracted 0.997 0.896 0.999 0.896 1.906 0.965

Forgetful 0.765 0.782 0.818 0.791 1.317 1.015

Squirmed in seat 1.221 0.971 1.254 0.953 1.957 0.945

Left seat in classroom 0.412 0.719 0.409 0.709 0.987 1.037

Felt restless 0.788 0.806 0.799 0.802 1.551 0.980

Difficult to do fun things quietly 0.633 0.819 0.642 0.826 1.196 1.070

Felt “on the go” 0.956 0.927 0.945 0.929 1.522 1.018

Talked too much 1.140 1.069 1.055 1.034 1.608 1.150

Blurted answers before question complete 0.871 0.870 0.844 0.837 1.255 1.034

Difficulty waiting turn 0.665 0.806 0.639 0.795 1.228 1.040

Felt spiteful/vindictive 0.441 0.689 0.438 0.670 0.720 0.915

DRD4 0.399 0.569 0.404 0.575 0.360 0.529

DAT1 1.500 0.619 1.507 0.612 1.484 0.607

Observations 6,987 1,608 372

Notes: The above table presents summary statistics for different sub-samples of the Add Health survey. The analysis sample refers to those who

agreed to take part in the Wave IV DNA sample. We maintain this restriction in the next two groupings as well. The sibling sample refers to

those with at least one full sibling linkage or one twin linkage in Add Health. The diagnosed sample includes adolescents that are coded as having

ADHD through at least one of the following ways: taken medication for ADHD in the past 12 months (Wave III) or have had a doctor say they

have ADHD (Wave IV). SNPs are measured from 0 to 2. The inattentive and hyperactive measures are retroactively asked about the respondent

when they were ages 5-12. Each question asks how often the respondent did the stated activity/pattern and is measured from 0 to 3, with 0

indicating “never or rarely” and 3 indicating “very often.” The two additional genes are also measured from 0 to 2.
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Table A4: Descriptive Statistics—Latent Factor Measures of Parental Investment

Analysis Sample Siblings Sample Diagnosed Sample

Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.

Gone shopping 0.742 0.438 0.735 0.441 0.691 0.463

Played a sport 0.091 0.287 0.088 0.284 0.091 0.289

Gone to religious service 0.397 0.489 0.427 0.495 0.349 0.477

Talked about dating/party 0.484 0.500 0.463 0.499 0.484 0.500

Gone to movie, play, etc. 0.270 0.400 0.272 0.445 0.315 0.465

Had talk about personal problem 0.403 0.490 0.386 0.487 0.409 0.492

Had serious argument about behavior 0.343 0.475 0.305 0.460 0.435 0.496

Talked about school work/grades 0.641 0.480 0.659 0.474 0.629 0.484

Worked on project for school 0.135 0.342 0.142 0.349 0.164 0.371

Talked about other things in school 0.552 0.497 0.563 0.496 0.554 0.498

Observations 6,987 1,608 372

Notes: The above table presents summary statistics for different sub-samples of the Add Health survey. The analysis sample refers to those who

agreed to take part in the Wave IV DNA sample. We maintain this restriction in the next two groupings as well. The sibling sample refers to

those with at least one full sibling linkage or one twin linkage in Add Health. The diagnosed sample includes adolescents that are coded as having

ADHD through at least one of the following ways: taken medication for ADHD in the past 12 months (Wave III) or have had a doctor say they

have ADHD (Wave IV). Investment measures are binary.
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Table A5: Within-Family Estimates for Parental Investment, by Latent Factor Measure

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

Latent Genetic Endowment –0.081 –0.081 –0.103 –0.045 –0.071

(0.047) (0.050) (0.045) (0.044) (0.064)

Observations 1,608 1,608 1,608 1,608 1,608

Various Components of the Latent Genetic Endowment Measure:

SNPs ✓ ✓ ✓ ✓ ✓

DAT1 and DRD4 ✓ ✗ ✓ ✓ ✓

Hyperactivity Phenotypes ✓ ✓ ✗ ✓ ✗

Inattentiveness Phenotypes ✓ ✓ ✓ ✗ ✗

Notes: This table reports within-family fixed effects regression estimates, where the dependent variable is latent parental investment and the key

independent variable is the genetic endowment measure associated with ADHD risk. The included controls are fixed across columns. Column (1)

reproduces the results using our preferred specification. Column (2) omits the DAT1 and DRD4 gene realizations. Columns (3) and (4) omit the

stated subset of phenotypes. Column (5) omits all phenotypes.
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Table A6: Within-Family Estimates for Parental Investment and Latent Genetic Endowment for ADHD

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

Panel A: Total Investment

Full Sample –0.049 –0.047 –0.081 –0.081

(0.044) (0.044) (0.047) (0.047)

Non-Black Sample –0.075 –0.073 –0.119 –0.120

(0.047) (0.047) (0.049) (0.050)

Black Sample 0.061 0.069 0.125 0.115

(0.116) (0.111) (0.109) (0.109)

Panel B: Emotional Investment

Full Sample –0.055 –0.044 –0.088 –0.088

(0.053) (0.052) (0.056) (0.056)

Non-Black Sample –0.073 –0.066 –0.122 –0.124

(0.058) (0.057) (0.061) (0.061)

Black Sample 0.021 0.044 0.093 0.079

(0.124) (0.111) (0.115) (0.116)

Panel C: Activities Investment

Full Sample –0.026 –0.039 –0.055 –0.055

(0.057) (0.058) (0.058) (0.057)

Non-Black Sample –0.064 –0.070 –0.090 –0.089

(0.064) (0.064) (0.063) (0.063)

Black Sample 0.134 0.106 0.149 0.150

(0.133) (0.135) (0.130) (0.131)

Cognitive Control ✓ ✓ ✓ ✓

Mental Health Control ✗ ✓ ✓ ✓

Demographic Controls ✗ ✗ ✓ ✓

Twin Control ✗ ✗ ✗ ✓

Notes: This table presents within-family fixed effects regression results with latent parental investment as the dependent variable and our latent

measure of (negated) ADHD risk as the independent variable of interest. “Cognitive Control” refers to the latent factor for cognitive skills,

measured in Wave I. “Mental Health Control” refers to the latent factor for depression (mental health), measured in Wave I. “Demographic

Controls” include gender, age, and a quadratic term for age. “Twin Control” includes an indicator for whether the respondent is a twin. Standard

errors are clustered at the family level. The full sample contains 1,608 observations while the non-Black sample contains 1,304 observations and

the Black sample contains 304 observations.
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Table A7: Within-Family Estimates for Parental Investment and ADHD PGS

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

Panel A: Total Investment

Full Sample –0.007 –0.008 –0.003 –0.003

(0.070) (0.070) (0.071) (0.071)

Non-Black Sample 0.070 0.069 0.083 0.083

(0.077) (0.077) (0.079) (0.079)

Black Sample –0.337 –0.336 –0.352 –0.373

(0.165) (0.166) (0.170) (0.169)

Panel B: Emotional Investment

Full Sample 0.011 0.011 0.023 0.024

(0.078) (0.078) (0.078) (0.079)

Non-Black Sample 0.069 0.068 0.088 0.089

(0.090) (0.090) (0.092) (0.092)

Black Sample –0.213 –0.209 –0.208 –0.236

(0.155) (0.152) (0.155) (0.154)

Panel C: Activities Investment

Full Sample –0.028 –0.028 –0.040 –0.040

(0.080) (0.080) (0.079) (0.080)

Non-Black Sample 0.065 0.066 0.062 0.061

(0.085) (0.085) (0.084) (0.084)

Black Sample –0.472 –0.478 –0.522 –0.524

(0.225) (0.222) (0.223) (0.223)

Cognitive Control ✓ ✓ ✓ ✓

Mental Health Control ✗ ✓ ✓ ✓

Demographic Controls ✗ ✗ ✓ ✓

Twin Control ✗ ✗ ✗ ✓

Notes: This table presents within-family fixed effects regression results with latent parental investment as the dependent variable and the

(negated) ADHD PGS from Demontis et al. (2019) as the independent variable of interest. “Cognitive Control” refers to the latent factor for

cognitive skills, measured in Wave I. “Mental Health Control” refers to the latent factor for depression (mental health), measured in Wave I.

“Demographic Controls” include gender, age, and a quadratic term for age. “Twin Control” includes an indicator for whether the respondent is

a twin. Standard errors are clustered at the family level. The full sample contains 1,608 observations while the non-Black sample contains 1,304

observations and the Black sample contains 304 observations.
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Table A8: Pooled Estimates by Investment Type and Family Type

Investment Investment (Activities) Investment (Emotional)

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

Panel A: Analysis Sample

Latent Factor Score –0.036 –0.050 –0.029

(0.016) (0.020) (0.017)

Polygenic Score 0.035 0.019 0.036

(0.015) (0.019) (0.016)

Observations 6,987 6,987 6,987

Panel B: Black Sample

Latent Factor Score –0.076 –0.075 –0.071

(0.037) (0.046) (0.039)

Polygenic Score 0.074 0.034 0.079

(0.034) (0.042) (0.036)

Observations 1,490 1,490 1,490

Panel C: Non-Black Sample

Latent Factor Score –0.025 –0.043 –0.017

(0.017) (0.022) (0.019)

Polygenic Score 0.023 0.013 0.023

(0.017) (0.022) (0.018)

Observations 5,497 5,497 5,497

Notes: This table presents OLS regression results with the dependent variable the stated type of investment and the variable of interest either the

latent factor or polygenic score for ADHD. Each regression includes controls for child age, age squared, gender, race, initial skills, initial mental

health, twin status, and mother’s education. The polygenic score is provided by Add Health and is derived from Demontis et al. (2019). Panels

B and C present the same results for Black and non-Black children, respectively. These regressions omit race controls. Robust standard errors

clustered at the family level are presented in parentheses.
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Table A9: Within-Family Estimates by Investment Type and Family Type

Investment Investment (Activities) Investment (Emotional)

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

Panel A: Analysis Sample

Latent Factor Score –0.081 –0.055 –0.088

(0.047) (0.057) (0.056)

Polygenic Score –0.004 –0.041 0.022

(0.071) (0.079) (0.079)

Observations 1,608 1,608 1,608

Panel B: Black Sample

Latent Factor Score 0.115 0.150 0.079

(0.109) (0.131) (0.116)

Polygenic Score –0.373 –0.524 –0.236

(0.169) (0.223) (0.154)

Observations 304 304 304

Panel C: Non-Black Sample

Latent Factor Score –0.120 –0.089 –0.124

(0.050) (0.063) (0.061)

Polygenic Score 0.083 0.061 0.089

(0.079) (0.084) (0.092)

Observations 1,304 1,304 1,304

Notes: This table presents OLS regression results with the dependent variable the stated type of investment and the variable of interest either

the latent factor or polygenic score for ADHD. Each regression includes controls for child age, age squared, gender, initial skills, initial mental

health, and twin status. The polygenic score is provided by Add Health and is derived from Demontis et al. (2019). Panels B and C presents the

same results for Black and non-Black children, respectively. These regressions omit race and maternal controls. Robust standard errors clustered

at the family level are presented in parentheses.

Appendix Page 9



Table A10: OLS Estimates of ADHD on Long-Run Outcomes

Panel A: Education/Labor Measures

Future Skills Education (Years) Employed (Log) Income

(1) (2) (3) (4) (5) (6) (7) (8)

Latent Factor Score 0.050 0.162 0.001 0.065

(0.011) (0.023) (0.003) (0.032)

Polygenic Score 0.022 0.167 0.005 0.070

(0.010) (0.023) (0.003) (0.031)

Observations 4,949 6,987 6,957 6,739

Panel B: Social Measures

Ever Married Ever Arrested

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

Latent Factor Score 0.001 –0.038

(0.006) (0.006)

Polygenic Score –0.009 –0.016

(0.006) (0.005)

Observations 6,983 6,950

Panel C: Health Measures

ADHD Diagnosis Future Depression Illicit Drug Use

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

Latent Factor Score –0.059 0.078 –0.110

(0.004) (0.013) (0.015)

Polygenic Score –0.007 0.027 –0.024

(0.003) (0.012) (0.013)

Observations 6,987 5,480 6,981

Notes: Each regression includes controls for child age, age squared, gender, race, initial skills, initial mental health, twin status, and maternal

education. The polygenic score is provided by Add Health and is derived from Demontis et al. (2019). Robust standard errors clustered at the

family level are presented in parentheses. Future skills and future depression are measured in the Wave II, illicit drug use is a latent factor score

that uses multiple measures of illicit drug use in Wave III, and all other outcomes are measured by Wave IV.
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Table A11: Within-Family Estimates of ADHD on Long-Run Outcomes for Black Families

Panel A: Education/Labor Measures

Future Skills Education (Years) Employed (Log) Income

(1) (2) (3) (4) (5) (6) (7) (8)

Latent Factor Score 0.107 0.311 0.026 0.195

(0.078) (0.149) (0.025) (0.245)

Polygenic Score 0.087 –0.005 –0.024 –0.459

(0.075) (0.171) (0.047) (0.538)

Observations 246 304 302 283

Panel B: Social Measures

Ever Married Ever Arrested

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

Latent Factor Score 0.037 –0.072

(0.053) (0.042)

Polygenic Score 0.020 0.096

(0.070) (0.051)

Observations 304 302

Panel C: Health Measures

ADHD Diagnosis Future Mental Health Illicit Drug Use

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

Latent Factor Score –0.039 0.158 0.019

(0.018) (0.122) (0.096)

Polygenic Score –0.030 0.092 0.082

(0.032) (0.140) (0.065)

Observations 304 277 304

Notes: Each regression includes controls for child age, age squared, gender, initial skills, initial mental health, and twin status. The polygenic

score is provided by Add Health and is derived from Demontis et al. (2019). Robust standard errors clustered at the family level are presented in

parentheses. Future skills and future depression are measured in the Wave II, illicit drug use is a latent factor score that uses multiple measures

of illicit drug use in Wave III, and all other outcomes are measured by Wave IV.
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Table A12: Within-Family Estimates of ADHD on Long-Run Outcomes for Non-Black Families

Panel A: Education/Labor Measures

Future Skills Education (Years) Employed (Log) Income

(1) (2) (3) (4) (5) (6) (7) (8)

Latent Factor Score 0.003 0.030 0.001 0.079

(0.038) (0.082) (0.013) (0.133)

Polygenic Score –0.036 0.118 0.019 0.169

(0.052) (0.125) (0.018) (0.186)

Observations 1,069 1,304 1,300 1,273

Panel B: Social Measures

Ever Married Ever Arrested

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

Latent Factor Score 0.013 –0.034

(0.023) (0.020)

Polygenic Score –0.003 –0.004

(0.028) (0.027)

Observations 1,303 1,302

Panel C: Health Measures

ADHD Diagnosis Future Depression Illicit Drug Use

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

Latent Factor Score –0.072 0.018 –0.134

(0.013) (0.038) (0.055)

Polygenic Score –0.026 0.081 0.043

(0.014) (0.056) (0.069)

Observations 1,304 1,231 1,304

Notes: Each regression includes controls for child age, age squared, gender, initial skills, initial mental health, and twin status. The polygenic

score is provided by Add Health and is derived from Demontis et al. (2019). Robust standard errors clustered at the family level are presented in

parentheses. Future skills and future depression are measured in the Wave II, illicit drug use is a latent factor score that uses multiple measures

of illicit drug use in Wave III, and all other outcomes are measured by Wave IV.
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Table A13: Group-Level Differences in ADHD Latent Factor Measures

SNP Count Hyperactive Count Inattentive Count

(1) (2) (3)

Black Female 1.201 1.378 0.911

Black Male 1.204 1.906 1.472

Non-Black Female 1.153 1.716 0.955

Non-Black Male 1.142 2.216 1.716

Notes: The above table displays the group-level means for the total counts of each type of measure used in the construction of our latent ADHD

factor score. Column (1) denotes the average number of SNPs that an adolescent has across the 21 relevant SNPs obtained from Demontis et al.

(2019) and Demontis et al. (2023). The hyperactive and inattentive counts refer to the total number of the nine respective behaviors included in

the retrospective ADHD questionnaire that the respondent answered “Often” or “Very Often” to.
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Table A14: Initial Condition Parameters by Race and Gender Estimated Outside the Model

Black Female Non-Black Female Black Male Non-Black Male

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

Panel A: Means

Cognitive Skills (µC ) –0.108 0.231 –0.519 –0.108

(0.071) (0.037) (0.081) (0.044)

Mental Health (µH ) –0.443 0.034 –0.177 0.180

(0.091) (0.036) (0.113) (0.045)

Genetic Endowment (µg) 0.194 0.113 –0.325 –0.342

(0.078) (0.045) (0.089) (0.049)

Panel B: Variance-Covariance

Variance of Cognitive Skills (σ2C ) 0.767 0.968 0.746 1.048

(0.076) (0.049) (0.096) (0.044)

Covariance of Cognitive Skills and Mental Health (σC,H ) 0.212 0.374 0.148 0.203

(0.074) (0.045) (0.088) (0.048)

Covariance of Cognitive Skills and Genetic Endowment (σC,g) 0.070 0.266 0.199 0.275

(0.088) (0.044) (0.123) (0.055)

Variance of Mental Health (σ2H ) 1.250 1.057 1.144 0.671

(0.147) (0.079) (0.209) (0.084)

Covariance of Mental Health and Genetic Endowment (σH,g) 0.128 0.257 0.196 0.189

(0.081) (0.066) (0.127) (0.053)

Variance of Genetic Endowment (σ2g ) 0.836 0.998 1.091 1.171

(0.129) (0.090) (0.174) (0.086)

Notes: The above table reports the unconditional distribution of initial (log) skills by race and gender. Panel A reports group-specific means

while Panel B reports pairwise covariances. Each entry is the group-specific value obtained from the original analytic sample in Add Health.

Standard errors in parentheses are the standard deviations across 100 bootstrap replications of the Add Health data.
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Table A15: Initial Condition Parameters by Race and Gender Estimated Inside the Model (SMM)

Black Female Non-Black Female Black Male Non-Black Male

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

Panel A: Means

Unobserved Heterogeneity Mean (µψ)

0

(normalized)

0.635

(0.133)

0.120

(0.019)

-0.589

(0.072)

Panel B: Variance and Correlation of Family-Level Heterogeneity with Endowment Skills and Genes (common across groups)

Correlation of Cognitive Skill and Family Unobserved Heterogeneity (ρC,ψ) 0.633

(0.032)

Correlation of Mental Health and Family Unobserved Heterogeneity (ρH,ψ) 0.426

(0.031)

Correlation of Genetic Endowment and Family Unobserved Heterogeneity (ρg,ψ) 0.660

(0.044)

Variance of Family Unobserved Heterogeneity (σ2ψ) 1

(normalized)

Notes: The table reports estimated race-by-gender group-specific means for the unobserved family-level heterogeneity (µψ ) and scalar correla-

tions (ρℓ,ψ) between trait ℓ and the unobserved family-level heterogeneity. These correlations are used to construct the covariance terms σ
(r,s)
C,ψ

,

σ
(r,s)
H,ψ

, σ
(r,s)
g,ψ

. The mean for the unobserved family-level heterogeneity for Black female adolescents is normalized to 0. Standard errors are

obtained from 100 family-clustered non-parametric bootstraps.

Appendix Page 15



Table A16: Model Fit – Evolution of Skills Across Adolescence

Data Simulation

(1) (2)

Cognitive Skills
Intercept –0.105 –0.100

Slope –0.001 –0.034

Mental Health
Intercept –0.082 –0.090

Slope –0.046 –0.034

Notes: The above table compares the first four targeted moments in our Simulated Method of Moments (SMM) procedure. These moments are

obtained via pooled regressions with each skill type as the dependent variable and adolescents’ age as the independent variable. Simulation values

refer to the moments generated at the model solution.
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Table A17: Model Fit – Auxiliary Regressions for Parental Investment

Data Simulation

(1) (2)

Panel A: Pooled Specification

Cognitive Skills 0.204 0.242

Mental Health 0.051 0.040

Genetic Endowment –0.035 –0.029

Panel B: Within-Family Specification

Cognitive Skills 0.157 0.086

Mental Health –0.002 0.011

Genetic Endowment –0.081 –0.072

Notes: The above table compares the six targeted moments in our Simulated Method of Moments (SMM) procedure related to investment

decisions. The moments in Panel A are derived from a pooled specification of the estimating equation, whereas those in Panel B are derived

from a within-family version. Both specifications feature parental investment as the dependent variable, with cognitive skills, mental health,

genetic endowment, race, gender, age, and age squared as the independent variables. Within-family regressions omit race controls. Simulation

values refer to the moments generated at the model solution.
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Table A18: Model Fit – Auxiliary Regressions for the Technology of Skill Formation (Cognitive Skills)

Data Simulation

(1) (2)

Panel A: Pooled Specification

Cognitive Skills 0.628 0.590

Mental Health 0.044 0.040

Genetic Endowment 0.061 0.114

Investment 0.031 0.118

Investment × Cognitive Skills 0.020 0.023

Investment × Mental Health 0.003 0.015

Investment × Genetic Endowment –0.017 –0.025

Cognitive Skills × Mental Health 0.042 –0.012

Cognitive Skills × Genetic Endowment 0.043 0.067

Mental Health × Genetic Endowment 0.002 –0.000

Panel B: Within-Family Specification

Cognitive Skills 0.450 0.513

Mental Health 0.044 0.038

Genetic Endowment 0.028 0.069

Investment 0.058 0.082

Cognitive Skills × Genetic Endowment 0.040 0.067

Notes: The above table compares the fifteen targeted moments in our Simulated Method of Moments (SMM) procedure related to the technology

of skill formation for cognitive skills. The moments in Panel A are derived from a pooled specification of the estimating equation, whereas those in

Panel B are derived from a within-family version. Both specifications feature next period cognitive skills as the dependent variable, with the listed

variables, as well as race, gender, age, and age squared, as the independent variables. Within-family regressions omit race controls. Simulation

values refer to the moments generated at the model solution.
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Table A19: Model Fit – Auxiliary Regressions for the Technology of Skill Formation (Mental Health)

Data Simulation

(1) (2)

Panel A: Pooled Specification

Cognitive Skills 0.072 0.032

Mental Health 0.533 0.507

Genetic Endowment 0.082 0.092

Investment 0.026 0.018

Investment × Cognitive Skills 0.007 0.010

Investment × Mental Health –0.011 –0.038

Investment × Genetic Endowment –0.015 –0.034

Cognitive Skills × Mental Health 0.011 0.005

Cognitive Skills × Genetic Endowment –0.003 0.000

Mental Health × Genetic Endowment 0.015 0.018

Panel B: Within-Family Specification

Cognitive Skills 0.077 0.075

Mental Health 0.460 0.496

Genetic Endowment 0.064 0.099

Investment 0.009 0.044

Mental Health × Genetic Endowment 0.072 0.014

Notes: The above table compares the fifteen targeted moments in our Simulated Method of Moments (SMM) procedure related to the technology

of skill formation for mental health. The moments in Panel A are derived from a pooled specification of the estimating equation, whereas those in

Panel B are derived from a within-family version. Both specifications feature next period mental health as the dependent variable, with the listed

variables, as well as race, gender, age, and age squared, as the independent variables. Within-family regressions omit race controls. Simulation

values refer to the moments generated at the model solution.
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Table A20: Model Fit – Heterogeneity in Investment

Data Simulation

(1) (2)

Female 0.404 0.197

Black 0.080 0.105

Female × Black –0.173 –0.247

Notes: The above table compares the three targeted moments in our Simulated Method of Moments (SMM) procedure related to investment

heterogeneity on the basis of gender and race. The moments are derived from a pooled specification of the estimating equation that features

parental investment as the dependent variable, with the listed variables as the independent variables. Simulation values refer to the moments

generated at the model solution.
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Table A21: Auxiliary Regression Coefficients, by Genetic Measure

Pooled Within-Family

Latent Factor PGS Latent Factor PGS

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

Panel A: Endogenous Investment Decisions

Cognitive Skills 0.204 0.191 0.157 0.139

Mental Health 0.051 0.045 –0.002 –0.015

Genetic Endowment –0.035 0.042 –0.081 –0.003

Panel B: Technology of Skill Formation (Cognitive)

Cognitive Skills 0.628 0.637 0.450 0.451

Mental Health 0.044 0.055 0.044 0.050

Genetic Endowment 0.061 0.024 0.028 –0.027

Investment 0.031 0.029 0.058 0.060

Investment × Cognitive Skills 0.020 0.016 — —

Investment × Mental Health 0.003 0.000 — —

Investment × Genetic Endowment –0.017 0.003 — —

Cognitive Skills × Mental Health 0.042 0.049 — —

Cognitive Skills × Genetic Endowment 0.043 0.027 0.040 –0.038

Mental Health × Genetic Endowment 0.002 –0.010 — —

Panel C: Technology of Skill Formation (Mental Health)

Cognitive Skills 0.071 0.088 0.077 0.101

Mental Health 0.533 0.544 0.460 0.443

Genetic Endowment 0.082 0.025 0.064 0.080

Investment 0.026 0.024 0.009 0.010

Investment × Cognitive Skills 0.007 0.003 — —

Investment × Mental Health –0.011 –0.014 — —

Investment × Genetic Endowment –0.015 0.004 — —

Cognitive Skills × Mental Health 0.011 0.018 0.072 0.053

Cognitive Skills × Genetic Endowment –0.003 –0.004 — —

Mental Health × Genetic Endowment 0.015 –0.005 — —

Notes: The above table compares the targeted moments used in the Simulated Method of Moments that depend, in part, on the measure of genetic

risk. Column (1) displays the values for our preferred specification whereas Column (2) displays the same when relying on the polygenic score in

Demontis et al. (2019). Pooled regressions include controls for gender, race, age, and age squared. Within-family regressions omit race controls.

Appendix Page 21



Table A22: Additional Parameter Estimates by Genetic Measure

Latent Factor PGS

(1) (2)

Mean for Non-Black Males (µm,nb) 0.414 0.479

Mean for Black Females (µf,b) 1.121 0.924

Mean for Black Males (µm,b) –0.384 –0.307

Correlation with Family Effect for Non-Black Males (ρm,nb) 0.424 0.545

Correlation with Family Effect for Black Females (ρf,b) 0.128 0.217

Correlation with Family Effect for Black Males (ρm,b) 0.545 0.574

Notes: The above table shows the additional parameter estimates of the model, including the race-by-gender-specific means (µr,s) and scalar

correlations (ρr,s) between initial conditions and the unobserved family fixed effect. Standard errors in parentheses are obtained from 100 family-

clustered non-parametric bootstraps of the estimation procedure.
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B Diagnostic Criteria for ADHD

Below is a reproduction of the corresponding diagnostic criteria outlined in the Diagnostic and Statistical

Manual of Mental Disorders: DSM-V (American Psychiatric Association, 2013).

1. A persistent pattern of inattention and/or hyperactivity-impulsivity that interferes with functioning

or development, as characterized by (1) and/or (2):

(a) Inattention: Six (or more) of the following symptoms have persisted for at least 6 months to

a degree that is inconsistent with developmental level and that negatively impacts directly on

social and academic/occupational activities: Note: The symptoms are not solely a manifestation

of oppositional behavior, defiance, hostility, or failure to understand tasks or instructions. For

older adolescents and adults (age 17 and older), at least five symptoms are required.

i. Often fails to give close attention to details or makes careless mistakes in schoolwork, at

work, or during other activities (e.g., overlooks or misses details, work is inaccurate).

ii. Often has difficulty sustaining attention in tasks or play activities (e.g., has difficulty re-

maining focused during lectures, conversations, or lengthy reading).

iii. Often does not seem to listen when spoken to directly (e.g., mind seems elsewhere, even

in the absence of any obvious distraction).

iv. Often does not follow through on instructions and fails to finish schoolwork, chores, or

duties in the workplace (e.g., starts tasks but quickly loses focus and is easily sidetracked).

v. Often has difficulty organizing tasks and activities (e.g., difficulty managing sequential

tasks; difficulty keeping materials and belongings in order; messy, disorganized work; has

poor time management; fails to meet deadlines).

vi. Often avoids, dislikes, or is reluctant to engage in tasks that require sustained mental

effort (e.g., schoolwork or homework; for older adolescents and adults, preparing reports,

completing forms, reviewing lengthy papers).

vii. Often loses things necessary for tasks or activities (e.g., school materials, pencils, books,

tools, wallets, keys, paperwork, eyeglasses, mobile telephones).

viii. Is often easily distracted by extraneous stimuli (for older adolescents and adults, may in-

clude unrelated thoughts).

ix. Is often forgetful in daily activities (e.g., doing chores, running errands; for older adoles-

cents and adults, returning calls, paying bills, keeping appointments).
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(b) Hyperactivity and impulsivity: Six (or more) of the following symptoms have persisted for at

least 6 months to a degree that is inconsistent with developmental level and that negatively

impacts directly on social and academic/occupational activities: Note: The symptoms are not

solely a manifestation of oppositional behavior, defiance, hostility, or a failure to understand

tasks or instructions. For older adolescents and adults (age 17 and older), at least five symptoms

are required.

i. Often fidgets with or taps hands or feet or squirms in seat.

ii. Often leaves seat in situations when remaining seated is expected (e.g., leaves his or her

place in the classroom, in the office or other workplace, or in other situations that require

remaining in place).

iii. Often runs about or climbs in situations where it is inappropriate. (Note: In adolescents or

adults, may be limited to feeling restless.)

iv. Often unable to play or engage in leisure activities quietly.

v. Is often “on the go,” acting as if “driven by a motor” (e.g., is unable to be or uncomfortable

being still for extended time, as in restaurants, meetings; may be experienced by others as

being restless or difficult to keep up with).

vi. Often talks excessively.

vii. Often blurts out an answer before a question has been completed (e.g., completes people’s

sentences; cannot wait for turn in conversation).

viii. Often has difficulty waiting his or her turn (e.g., while waiting in line).

ix. Often interrupts or intrudes on others (e.g., butts into conversations, games, or activities;

may start using other people’s things without asking or receiving permission; for adoles-

cents and adults, may intrude into or take over what others are doing).

2. Several inattentive or hyperactive-impulsive symptoms were present prior to age 12 years.

3. Several inattentive or hyperactive-impulsive symptoms are present in two or more settings (e.g., at

home, school, or work; with friends or relatives; in other activities).

4. There is clear evidence that the symptoms interfere with, or reduce the quality of, social, academic,

or occupational functioning.

5. The symptoms do not occur exclusively during the course of schizophrenia or another psychotic dis-

order and are not better explained by another mental disorder (e.g., mood disorder, anxiety disorder,
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dissociative disorder, personality disorder, substance intoxication or withdrawal).
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