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Abstract

This paper investigates how genetic endowments influence lifetime earnings using a dynamic life

cycle model and longitudinal data from a cohort tracked from birth to retirement. We examine genetic

impacts on skill formation as well as choices of parental investments, educational attainment, and

occupation. A one standard deviation increase in the polygenic score for educational attainment raises

lifetime earnings by 18.9%. Although part of this effect is due to genetic endowments impacting skill

formation, the majority is due to genetic endowments impacting choices. Extending our analysis

to include polygenic scores for additional traits reveals other channels through which they operate.

Furthermore, our estimates show that genetic endowments and investments are substitutes in the

production of earnings during early childhood but are complements later in life, highlighting the

crucial importance of early-life interventions to effectively mitigate genetic inequalities.

Keywords: Polygenic Scores, Educational Attainment, Life Time Earning, Cognitive Skills

JEL codes: I24, J24, C38

*We are very grateful to James Heckman, Kevin Thom, Joseph Hotz and seminar participants at Chicago, Cambridge,
Barcelona, Sussex, Taartu, CUHK Conference on Human Capital, and Bristol for helpful discussions and comments. Fund-
ing from the Economic and Social Research Council (“Centre for Microeconomic Analysis of Public Policy at the Insti-
tute for Fiscal Studies” (RES-544-28-50001), “Intergenerational transfers, insurance, and the transmission of inequality”
(ES/V001248/1), and the Keynes Fund for this work is gratefully acknowledged. We are grateful to the Centre for Longi-
tudinal Studies (CLS) for the use of these data and to the UK Data Service for making them available. The opinions and
conclusions expressed are solely those of the authors and do not represent the opinions or policy of the ESRC. Any errors are
the authors’ own.

†University of Bristol and Institute for Fiscal Studies
‡University of Cambridge and Institute for Fiscal Studies
§University of Cambridge
¶University of Cambridge
||University of Cambridge

1



1 Introduction

What is the relative importance of nature and nurture in generating lifetime outcomes? To address this

question, recent studies using genetic data have found significant associations between genetic endow-

ments and income and wealth (Barth et al. (2020); Papageorge and Thom (2020)). Much less is known

about how genetic endowments influence lifetime outcomes. Do genetic endowments cause some indi-

viduals to be more skilled? How much do choices of individuals and their families matter? And how

much do interactions between choices and genetic endowments matter?

In this paper, we take a model-based approach to address the following question: through which

channels do genetic endowments influence lifetime earnings, and how do these channels interact over

the life cycle? We develop and estimate a dynamic life cycle model that captures the impact of genetic

endowments on lifetime earnings through investments of parental time and school quality, cognitive

and non-cognitive skill development, and educational and occupational choices. We disentangle these

channels and quantify their respective contributions to the association between genetic endowments and

earnings.

We model production functions for skill formation and parental investment decisions during child-

hood similarly to Houmark et al. (2024), but expand skills from a single dimension to both cognitive and

non-cognitive skills. In adulthood, the model incorporates educational and occupational choices, along

with an earnings determination equation, akin to Heckman et al. (2006). To our knowledge, this is the

first study to integrate both childhood and adulthood stages to analyze genetic influences across the entire

life cycle.

Our model is estimated using data from the National Child Development Study (NCDS) which tracks

a cohort of individuals born during a single week in Great Britain in 1958 from birth to the present day.

The NCDS provides extensive data on childhood environment, skill development, educational and occu-

pational choices, as well as earnings throughout adulthood. Additionally, the NCDS includes molecular

genetic data. The combination of genetic data with a panel that is followed over the whole life cycle

provides a unique opportunity to understand the channels behind the relationship between genes and

lifetime earnings. This allows us to capture how genetic endowments and childhood environment impact

skill development, later life choices, and earnings. In particular, we estimate whether the influence of a

genetic endowment on earnings is primarily due to its influence on skill development or whether it is due

to its influence on a different channel such as educational or occupational choice.

We calculate polygenic scores (PGSs), which are individuals’ genetic predispositions for outcomes
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such as educational attainment, mental health, and risk tolerance. This allows us to capture a range of

genetic pathways influencing lifetime earnings. For our main analysis we use the polygenic score that

predicts educational attainment (EA PGS). We find that a one standard deviation increase in the EA PGS

is associated with a 22.6% increase in lifetime earnings.

We distinguish three key channels through which the EA PGS is associated with lifetime earnings:

First, the EA PGS directly impacts skill formation and earnings through pathways other than choices or

family background - a one standard deviation increase in EA PGS leads to an 8.8% increase in earnings

through this channel. Second, the EA PGS impacts choices, including both parental choices (time-

and school quality investments which affect skill development) and individuals’ own choices (education

and occupation choices). A one standard deviation increase in EA PGS additionally leads to a 10.1%

increase in earnings through this second channel. Third, the EA PGS may correlate with the childhood

environment – for example, parents of children with high EA PGS may be more likely to live in areas

with better schools. This correlation, known as Family Genetic Associations, is associated with a 3.7%

earnings increase per one-standard-deviation rise in the EA PGS. Since we do not interpret family genetic

associations as causal, our preferred estimate focuses on the “direct genetic effect,” combining only the

first two channels. Thus, our results suggest a total lifetime earnings increase of 18.9% per one-standard-

deviation rise in the EA PGS.

We further decompose the impact on skill formation and earnings into primary effects (e.g., higher

EA PGS increases skills holding subsequent choices fixed) and impacts on subsequent choices (e.g.,

those higher skills lead to further parental investments, which further increases future skills, educational

attainment and ultimately lifetime earnings). In fact, almost half (3.8%) of the impact of the EA PGS

on earnings through skill formation reflects this effect on subsequent choices. Including this to the

previously mentioned impact of EA PGS on choices (10.1%) brings the overall impact through choices

to 13.9%. This suggests that most of the influence of genetic endowments on lifetime earnings operates

through their impact on choices rather than directly through skill formation. This highlights the potential

for policy to shape outcomes by modifying the constraints and opportunities that influence these choices.

We present results separately for men and women, uncovering moderate gender differences in the

relationship between the EA PGS and lifetime earnings. The direct genetic effect of a one-standard-

deviation increase in the EA PGS on lifetime earnings is 17.0% for men and 19.9% for women. These

gender differences are mainly due to the fact that high EA PGS women tend to work more hours and

have greater financial returns to educational and occupational choices.
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We extend the model to include additional polygenic scores. While the EA PGS remains the strongest

predictor of lifetime earnings, the mental health and risk tolerance PGSs also have notable effects. Unlike

the EA PGS, which operates primarily by increasing skills and education, the mental health and risk

tolerance PGSs operate by directly increasing wages and work hours, conditional on skills and education.

Finally, we examine how the EA PGS interacts with the environment. A growing literature has fo-

cused on measuring whether genetic endowments and resource inputs are substitutes or complements in

the production of skills and earnings, with some studies finding evidence of substitutability and others

finding evidence of complementarity. Most of these studies focus on only one stage of the lifecycle

and use a limited set of inputs. In this paper, we reconcile some of the apparently conflicting results in

the literature by showing that the EA PGS and parental investments are substitutes in early childhood

(consistent with Arold et al. (2023) and Attanasio et al. (2025)), and become complements in adult-

hood (consistent with Papageorge and Thom (2020)). Time investments in children have higher returns

for those with a low EA PGS than for those with a high EA PGS, indicating genetic endowments and

parental investments are substitutes in the production of skills. However, this substitutability diminishes

with age, giving way to growing complementarity in adulthood. This finding of increasing complemen-

tarity with age is consistent with the finding that the complementarity of skills and investments in the

production of later skills rises with age, as reviewed in Heckman and Mosso (2014). For example, an

additional year of education increases lifetime earnings by 9.7% for individuals with an EA PGS below

the median, compared to 12.3% for those with an EA PGS above the median. These results highlight

the importance of early interventions, as later-life remediation is less effective in closing gaps linked to

genetic differences.

The rest of this paper proceeds as follows. Section 2 relates our work to previous literature. Section

3 describes how we measure genetic endowments. Section 4 describes the data and documents descrip-

tive statistics on genetic endowments, education, skills, investments, and family background. Section 5

outlines our model and Section 6 presents our main as well as additional results. Section 7 concludes.

2 Literature

This paper marries insights from both the genetics and skill development literatures.

The genetics literature investigates the link between genetic endowments and economic outcomes

in adulthood. In a pioneering study, Papageorge and Thom (2020) examine the relationship between
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the EA PGS and labor market outcomes, finding that the EA PGS significantly predicts earnings, even

when conditioning on educational attainment. They also analyze occupational choices, showing that

individuals with a higher EA PGS are more likely to engage in non-routine and interactive tasks and

less likely to perform routine tasks. Similarly, Barth et al. (2020) finds that the EA PGS predicts wealth

even when conditioning on educational attainment and labor income. They propose that a higher EA

PGS leads to enhanced financial decision-making skills. While most studies on genetics and economic

outcomes focus on the EA PGS (Papageorge and Thom (2020); Barth et al. (2020, 2022); Carvalho

(2024); Okbay et al. (2022)), our analysis includes PGSs for mental health and risk preference to explore

their incremental roles in explaining lifetime earnings. We find that the polygenic scores for mental

health and risk tolerance directly increase wages and work hours conditional on skills and education.

This is in contrast to the EA PGS which primarily operates through skill formation and education. This

indicates that different genetic endowments impact lifetime earnings through different channels.

The skill development literature focuses on how genetic endowments interact with various invest-

ments in forming skills across the life cycle. Previous evidence suggests that genetic endowments shift

how family background (Figlio et al., 2017; Houmark et al., 2022; Ronda et al., 2022), parental time

(Houmark et al., 2024), and school inputs (Barcellos et al., 2021; Arold et al., 2023) affect skill devel-

opment and earnings. We extend this body of work by analyzing the dynamic interplay between genetic

endowments and different types of investments over time in the production of skills and earnings over the

lifecycle. Specifically, we find that investments and genetic endowments function as substitutes during

early childhood. However, this substitutability diminishes with age, leading to increased complementar-

ity in adulthood, where investments become more productive for individuals with higher genetic endow-

ments. This pattern aligns with evidence showing that returns to college are higher for more able and

motivated students (Cameron and Heckman, 2001; Cunha et al., 2006; Eisenhauer et al., 2015). Overall,

our findings on the growing importance of complementarity support the notion that early intervention is

crucial for reducing inequalities created by differences in genetic endowments, as later-life remediation

proves less effective (Cunha et al., 2006; Heckman and Mosso, 2014; Cunha et al., 2010). Our study

contributes to this literature by directly measuring initial endowments using genetic data.

Our paper also builds on the literature highlighting the role of initial unobserved heterogeneity in

driving lifetime inequality (Keane and Wolpin, 1997; Huggett et al., 2011). Recent work shows that

much of this heterogeneity reflects pre-market skill differences (Todd and Zhang, 2020; Bolt et al., 2024;

Lochner and Park, 2024). As a result, a growing strand of lifecycle models explicitly considers parents’
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and children’s investment decisions and traces their effects on skill formation and later outcomes (Heck-

man et al., 2006; Daruich, 2018; Lee and Seshadri, 2019; Caucutt and Lochner, 2020). We add to these

studies by directly measuring initial conditions using genetic data.

Our dynamic framework, which integrates genetic endowments, offers a novel bridge across the liter-

atures described above. To our knowledge, only two studies have combined genetic data with a dynamic

model: Houmark et al. (2024) examines the joint evolution of skills and parental investments until age

7, and Barth et al. (2022) analyze wealth accumulation in adulthood by incorporating genetic variation.

Rather than estimating the impact of genetic endowments on either childhood or adulthood outcomes in

isolation, we assess the influence of genetic endowments on outcomes across the life cycle. By using

data that follows the same individuals from birth to retirement, we can measure how the nature-nurture

interplay generates long-lasting effects throughout a person’s lifetime. Furthermore, our approach al-

lows us to quantify different channels, thus contributing to our understanding of the link between initial

genetic endowments and lifetime earnings.

3 Genetic Endowment

We measure genetic endowments using polygenic scores. In this section, we describe polygenic scores

and their construction. Much of the information presented here follows Papageorge and Thom (2020)

and Houmark et al. (2024).

The human genome is organized into thread-like structures called chromosomes. Most individuals

inherit 23 chromosomes from each biological parent, and thus have 23 pairs of chromosomes. These

chromosomes are made of Deoxyribonucleic acid (DNA) – molecules that contain instructions that allow

organisms to develop, grow, and function. Our DNA has a double helix structure and is made up of a

sequence of the following paired building blocks, known as nucleotides: adenine (A), which is always

paired with thymine (T); and guanine (G), which is always paired with cytosine (C). At most base sites

(of which there are approximately three billion), almost all humans have the same nucleotide. However,

there are some base sites where variations are common in the population. For example, at a specific

base site in a given chromosome, 95 percent of individuals may have guanine (G), which is bonded to

cytosine (C) on the opposite strand while the remaining 5 percent instead have the less common adenine

(A) which is bonded to thymine (T) on the other strand. Such common genetic variants are called single-

nucleotide polymorphisms (SNPs), and can lead to changes in the observed outcome of the individual,
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as the altered genetic structure may lead to the development of different proteins.

Because individuals inherit two sets of chromosomes– one from each parent–at each SNP an individ-

ual can have either two As, two Gs, or one A and one G. Thus we can summarize the information at each

SNP by the number of occurrences of the less common nucleotide at a given base-site. If, for example,

the less common nucleotide in the population at a given SNP was A, the count value of the SNP for a

given individual could be 0, 1, or 2, corresponding to 0, 1, or 2 occurrances of A (rather than G).

To understand which SNPs are related to variations in outcomes, researchers conduct Genome-Wide

Association Studies (GWASs) to estimate associations between individual SNPs and an outcome of in-

terest in a “GWAS training sample”. A GWAS typically proceeds by gathering data on J SNPs, and

estimating J separate regressions :

yi = b
y
0 j +b

y
j SNPi j + e

y
i j; j 2 f1;2; :::;Jg (1)

where yi is an outcome of interest (e.g., educational attainment) for individual i, SNPi j 2 f0;1;2g mea-

sures the number of the less common variant (e.g., A) possessed by individual i for SNP j and b
y
0 j is

an intercept term. Separate regressions for each of the J SNPs are estimated because one typically has

many more SNPs than observations in a training sample.

The J individual regressions for outcome y estimated in the GWAS training sample produce a set

of estimated coefficients b̂
y
j – one for each SNP.1 Researchers then use the estimated coefficients to

construct a predicted score that captures an individual’s genetic pre-disposition for outcome y. These

scores are called “polygenic scores” as they usually depend on a large number of different SNPs.

Whilst in the past, only a subset of SNPs were included in the construction of the polygenic score,

based on their significance level, evidence now suggests that using all SNPs produces better out-of-

sample prediction (Okbay et al. (2016)). We thus use all of the SNPs and their corresponding b̂
y
j s to

construct polygenic scores. A polygenic score for an outcome of interest is constructed by multiplying

each SNP by its estimated effect sizes, denoted by b̂
y
j , and summing over all of these objects:

dPGS
y
i =

J

å
j=1

b̂
y
j SNPi j (2)

1If SNPs were uncorrelated with one another, estimating the J separate regressions (one for each SNP) would provide
unbiased estimates of the b

y
j parameters. However, SNPs are correlated with one another, meaning that the b̂

y
j parameters

are biased. Researchers thus adjust the estimated beta coefficients to account for the correlations between SNPs using the
Bayesian LDpred procedure of Vilhjálmsson et al. (2015), which has been shown to perform better out of sample than other
methods (Okbay et al. (2016)). We use these corrected estimates to construct our polygenic scores.
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Appendix B contains more details on the construction of our polygenic scores and the genome-wide

association studies that they are based on.

3.1 Measurement Error in PGS

The estimated coefficients b̂
y
j in equation (2) may vary across different genome-wide association studies

due to sampling variability. Let the “true” (population level) PGS be represented as

PGSy
i =

J

å
j=1

b
y
j SNPi j (3)

where b
y
j is the “true” impact of SNPi j on outcome yi; b

y
j differs from its estimate b̂

y
j since b̂

y
j is derived

from a sample. Using equations (2) and (3) yields:

dPGS
y
i = PGSy

i +
J

å
j=1

(b̂ y
j �b

y
j )SNPi j (4)

= PGSy
i + e

y
i :

Becker et al. (2021) show that standard methods for constructing polygenic scores result in b̂
y
j s which

are noisy and unbiased estimates of the b
y
j s. Thus, any differences between b̂

y
j and b

y
j represent classical

measurement error. Since e
y
i = å

J
j=1(b̂ y

j � b
y
j )SNPi j is a linear combination of differences in the b̂

y
j s

and b
y
j s, e

y
i will also be classical measurement error. Consequently, using dPGS

y
i as a regressor instead of

PGSy
i introduces attenuation bias, thus underestimating its explanatory power. Appendix C shows how

we adjust for measurement error in polygenic scores.

4 Data

Our data come from the National Child Development Study (NCDS).2 The dataset covers the full pop-

ulation of children born in Britain in one particular week of March 1958 and continues to follow them

to this day. The NCDS is a globally-unrivalled resource for social scientists in its combination of in-

formation about investments in early childhood with information on cognitive and non-cognitive skills,

mental health, educational outcomes, occupational attainment, and later-life earnings. Recently, genetic

information on the cohort has also been obtained. To the best of our knowledge, it is the only dataset in

2The NCDS is provided by the Institute of Education at University College London (2024).
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the world that provides detailed information on early-life parental investments received and earnings of

the same individuals over their entire working life. This allows us to understand the relationship between

genetic endowments, childhood investments, and lifetime earnings. The data include multiple measures

of children’s cognitive and non-cognitive skills, parental time, and school quality investments in multiple

waves. This allows us to adopt latent factor models to measure common factors using these noisy mea-

sures rather than assuming that skills, parental time and school quality investments can be adequately

captured by one particular measure.

The initial survey at birth has been followed by subsequent surveys at ages 7, 11, 16, 23, 33, 42,

50 and 55.3 The data from childhood includes information on several measures of cognitive and non-

cognitive skills, parental investments, number of siblings, parental education, and parental income. Later

waves of the study include educational outcomes, occupational choices, earnings, and hours of work.

Appendix Table 7 gives a list of all the different cognitive and non-cognitive skill, time investment, and

school quality investment measures we use. Details of sample selection and variable construction are in

Appendix A.

Our Polygenic Scores: The NCDS contains comprehensive genetic information from the age 44/45

Biomedical Survey, which collected blood and saliva samples from 6,431 NCDS participants. Using

these data, we construct polygenic scores (PGS) for 54 outcomes, including cognition, mental health,

risk-related factors, socioeconomic status (SES), physical health, and anthropometric measures (such as

height and weight).4 These 54 outcomes were selected due to the availability of large-scale GWAS data

and because their corresponding outcomes are recognized as significant factors influencing income.

Lifetime Earnings: We observe gross weekly earnings in every survey wave, which we convert to a

monthly measure. We impute monthly earnings if employed for each month between survey waves by

first regressing earnings on an individual fixed effect and educational attainment interacted with a time

fixed-effect. Next, using the NCDS employment activity histories, we set earnings in a month equal

to this (imputed) value if the individual was employed in that month and zero if an individual was not

employed. Our measure of lifetime earnings is the (undiscounted) sum of all real monthly earnings

between 33 and 55. While earnings data are available at younger ages, we chose to measure earnings

starting at age 33 because most individuals have completed their education by this age.

3The age-46 survey is not used in any of the subsequent analysis as it was a more limited telephone interview only.
4A detailed description of the construction of the PGS, as well as a list of these 54 outcomes and their references are

provided in Appendix B.
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4.1 Associations between lifetime earnings and various polygenic scores

While most studies in economics use a single polygenic score, geneticists have calculated polygenic

scores for many outcomes that predict lifetime earnings. We first document the association between log

lifetime earnings and different polygenic scores by estimating the following regressions:

lnYi = a
y
0 +a

y
1PGSy

i +a
y
2PCi +a

y
3SEXi + e

y
i (5)

where a
y
1 represents the key coefficient, capturing the association between the PGS for outcome y and

log lifetime earnings lnY . The variable SEXi indicates the individual’s gender, and PCi denotes the first

10 principal components of the SNPs in the NCDS, which we describe in more detail below.

Figure 1 presents estimated values of a
y
1 in the NCDS data. The values in the graph indicate the

standardized effects of each PGS on lifetime earnings. The top panel shows that among all PGSs, the

one for educational attainment (EA PGS) from Okbay et al. (2022) shows the strongest association with

lifetime income: one standard deviation increase in EA PGS is associated with a 15.13% increase in

lifetime earnings, making it our baseline for comparison.

The next panel highlights the strong correlation between lifetime earnings and PGSs related to cog-

nitive skills (such as childhood IQ, intelligence, and cognitive performance). Other panels show positive

correlations between earnings and PGSs for better mental health, high-risk behaviors, better physical

health, higher socioeconomic status, and favorable anthropometric measures. These findings align with

existing literature, such as Kweon et al. (2024), among others.

To our knowledge, there is no widely used polygenic score (PGS) specifically for individual life-

time earnings. This is partly because lifetime earnings is a complex outcome influenced by various

non-genetic factors such as education, labor market conditions, family background, and social policies.

Another reason is the absence of large-scale genome-wide association studies (GWAS) focused on life-

time earnings. Although some datasets, like the UK Biobank, include household income information

and have been used to create PGSs for household income (e.g., Hill et al. (2016)), we are not aware of

any study directly linking individual lifetime earnings to genetic data.
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Figure 1: Associations between selected PGS and life-time earnings

Note: This figure presents the standardized effects of polygenic scores (PGSs) from various genome-wide association studies (GWAS) on lifetime earnings, conditional on
top 10 genetic principle components and gender. PGSs are grouped into six categories: Intelligence-Related, Mental Health, Risk-Related, Physical Health, SES-Related,
and Height/Weight. Each bar represents a PGS, with the horizontal line indicating the estimated effect size and error bars depicting 95% confidence intervals. The red
bar highlights the correlation between the PGS for educational attainment and earnings. Yellow bars indicate positive correlations with earnings, while blue bars represent
negative correlations. Statistically significant effects are marked with red asterisks. MDD stands for major depressive disorder; CAD stands for coronary artery disease;
FEV for forced expiratory volume (measure of lung function).

11



Figure 1 shows that EA PGS is the strongest predictor of lifetime earnings. For this reason, we

focus on this polygenic score for most of the paper. However, many other polygenic scores also have

statistically significant associations with earnings. In Section 8.3 we use multivariate analysis to further

consider the importance of these additional polygenic scores.

4.2 Differences and family background, choices, and outcomes by EA polygenic

score

To understand what drives the strong association between the EA PGS and lifetime earnings, we now

turn to documenting gradients between the EA PGS and potential determinants of lifetime earnings. In

Figure 2, we split the sample into those with an EA PGS above the median and those with an EA PGS

below the median. We then show how lifetime earnings as well as determinants of lifetime earnings

differ between these two groups. Appendix Table 5 lists all gradients for the variables we use in our

analysis.

Lifetime Earnings: Figure 2 shows that individuals in the lower 50% of the EA PGS distribution

earn on average 20,180 GBP, compared to 25,300 GBP for those in the upper 50%.

Occupation: We classify reported occupation at age 33 as one of the following four groups: (1)

Higher and intermediate managerial, administrative and professional occupations; (2) Supervisory, cleri-

cal, and junior managerial, administrative and professional occupations; (3) Skilled manual occupations;

and (4) Semi-skilled and unskilled manual occupations, and unemployed. Those with a higher EA PGS

are much more likely to work in “higher and intermediate managerial, administrative and professional

occupations”.

Educational Attainment: We measure educational attainment using an individual’s highest quali-

fication at age 33. Those with compulsory education are assigned to have left school at age 16, those

with post-compulsory education at age 18, and those with some university education at age 21. The right

panel reveals that those in the bottom half of the EA PGS distribution spend 1.22 fewer years in school

compared to those in the top half.

Cognitive Skills: We measure cognitive skills using scores from cognitive skill tests administered to

all NCDS sample members at ages 7, 11, and 16, as well as teacher evaluations of student performance at

age 16. Figure 2 displays the scores for the reading and math tests at age 16 by EA PGS. As anticipated,

children with a higher EA PGS demonstrate better cognitive skills. Whilst those in the top half of the EA

PGS distribution have an average math score of 50/100, those in for the lower half of the distribution have
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an average math score below 40/100. This represents more than a half of a standard deviation difference

in scores.

Non-Cognitive Skills: In all childhood waves, the child’s teacher was asked to describe the child’s

behaviors which we use to capture socio-emotional skills. We conduct an exploratory factor analysis

and find that out of 14 specific behaviors, the following best capture socio-emotional skills: (1) child has

low perseverance, (2) child is hostile to other children, (3) child is not well behaved, (4) child is hostile

towards adults (5) child is often miserable/depressed (6) child is irritable. We observe that issues are

reported less frequently by teachers for students in the top half of the EA PGS distribution compared to

those in the bottom half. For example, Figure 2 shows that those with a high EA PGS are less likely to

be irritable or depressed.
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Figure 2: Descriptive Statistics by EA PGS: Family Background, Investments, and Socio-Economic Outcomes

Note: This figure groups individuals into those above and below median EA PGS and presents group means for several relevant variables. It also presents 95% confidence
intervals. These confidence intervals for “age when left school” and “mother’s age when left school” are so small that they are not visible. The final sample size is 4,789.
Earnings (in thousands) are reported as annual values, adjusted to 2014 prices.
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Parental Investments: The NCDS has detailed measures of the parental investments received by

cohort members during childhood at ages 7, 11, and 16. These measures come from different sources –

some are from surveys of parents, others from surveys of school teachers and headteachers.

1. Time investment: Figure 2 shows teachers’ responses to a question about how interested parents

are in their children’s education (very interested, a little interested, not interested at all) at age 16.

It shows significant differences in teacher’s responses by EA PGS. For instance, 32% of mothers

whose children are in the bottom half of the EA PGS distribution are considered “very interested”

in their child’s education, compared to 51% in the top half. For fathers, these figures are 28% and

49%, respectively.

2. School quality: Figure 2 shows that cohort members belonging to the top half of the EA PGS

group are more likely to attend independent (private) schools at age 16. Moreover, Table 5 in the

Appendix shows that those with a high EA PGS are more likely to attend schools where: parents

are involved in educational meetings, student-teacher ratios are low, a high fraction of students

undertake GCEs (General Certificate of Education, an optional exam for progressing to further

education) and complete their secondary education.

Family Background: We capture family background using four variables: the number of siblings,

mothers’ and fathers’ years of education, and parental income.5 Figure 2 shows that those with a high

EA PGS grow up in different families compared to those with a low EA PGS. For example, those with

a high EA PGS on average have mothers with 0.6 more years of education than those with a low EA

PGS. The differences are statistically significant. Lastly, parental income is higher for those with high

EA PGS.

In summary, individuals with a high EA PGS tend to have higher occupational and educational at-

tainment, cognitive and non-cognitive skills, receive more investments during childhood and come from

more privileged family backgrounds. We now turn to our model which helps us understand how these

different parts play together in generating the association between earnings and EA PGS we observe.

Before doing so, we will briefly discuss how causal genetic effects can be identified given the data we

have.
5Our parental income measure aggregates net-of-tax values from fathers’ earnings, mothers’ earnings, and other income

sources. For more information, refer to Appendix A.1.1.
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5 Identifying Causal Genetic Effects

Genetic endowments are associated with earnings for two main reasons. First, the child’s genetic endow-

ment may cause them to have higher earnings, known in the genetics literature as the direct genetic effect

(see e.g. Kong et al. (2018)), which is our primary interest. Second, genetic endowments and earnings

might be correlated due to family genetic associations. In this section we describe the source of such

family genetic associations and how we disentangle these associations from direct genetic effects.

Family genetic associations arise for two reasons. First, genetic endowments are correlated with

environmental factors which affect earnings. For example, individuals from specific populations share

particular genes and may live and work in the same region. Individuals from these specific populations

may earn more due to their region of residence (due to local economic shocks, for example) rather

than their genes, leading to a spurious association between their genetic endowments and their earnings.

This spurious gene-environment correlation is called “population stratification”. Failure to account for

population stratification may lead us to spuriously find that genes cause these higher earnings. To address

this, we follow the genetics literature (Price et al. (2006)) and perform principal components analysis

on the SNPs of the NCDS. We predict the first ten principal components (PCs) for each individual and

include them as control variables in our regression analysis. By including them in the analysis, we reduce

potential confounding from population stratification due to systematic genetic differences across ancestry

groups that may also be correlated with socioeconomic variables, which in turn bias the estimated effect

of PGSs on labor market outcomes.

Second, individuals with a high EA PGS often have parents with a high EA PGS. It may not be the ge-

netic endowment of children, but the genetic endowment of parents impacting their children’s outcomes,

leading to “passive gene-environment correlation”. An example of passive gene-environment correlation

is “genetic nurture” (Bates et al. (2019); Kong et al. (2018)), where high EA PGS parents provide an

environment that enhances their child’s learning and career prospects, leading to higher educational at-

tainment and lifetime earnings.6 Our identification strategy also mitigates such bias stemming from the

influence of parental genes: Consider equation (5) augmented to include parental genes in addition to

6Parents’ genetic endowments may be associated with environmental advantages stemming from their family lineage -
a phenomenon termed “dynastic effects” (Nivard et al. (2024)). These inherited benefits could further enhance a child’s
educational achievement. Biroli et al. (2022) characterize this dynamic as a manifestation of passive gene-environment
correlation.
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the child’s genes. To simplify the exposition, we focus on EA PGS, and drop the i subscripts:

lnY = q0 + q1PGSEA| {z }
direct genetic effect

+qmPGSEA
m +q f PGSEA

f| {z }
family genetic associations

+e (6)

where PGSEA
m and PGSEA

f are the polygenic scores of the sample member’s mother and father.

Conditional on parental genes, a child’s genes are random. Thus, one can recover the direct ef-

fect, q1, by OLS regression when controlling for PGSEA
m and PGSEA

f (see Biroli et al. (2022) for more

details).7 While controlling for parents’ genetic endowments allows one to estimate the causal effect

of children’s genetic endowments on their outcomes, information on parents’ genes is not available in

the NCDS. Fortunately, Houmark et al. (2024) show that the estimate of q1 remains largely unchanged

when parental educational attainment is used in place of PGSEA
m and PGSEA

f in equation (6). Therefore,

parental education attainment can be used as a proxy for PGSEA
m and PGSEA

f when these genetic data are

unavailable.

More formally, we assume that mother’s education, Edum, is a linear function of mother’s EA PGS

and family background factors: Edum = f0 + f1PGSEA
m + f2F̄FF + uEdu

m , where FFF includes: education

of each parent, income, number of siblings, the first 10 genetic principal components, and gender; F̄FF

represents all family background factors from FFF except mother’s education. Making similar assumptions

for father’s education, we can invert the above equation to approximate parental genes using the following

specification:

PGSEA
m = y0;m +y1;mFFF +uPGS

m

PGSEA
f = y0; f +y1; f FFF +uPGS

f

Combining the above equations with equation (6) yields

lnY = q
�
0 + q1PGSEA| {z }

direct genetic effect

+ q
�
2 FFF|{z}

family genetic associations

+e
� (7)

where q �2 = qmy1;m +q f y1; f . Thus, including family background captures the variation related to family

7However, we cannot disentangle genetic nurture from social stratification, even with parent’s polygenic scores since
parents’ genes may be correlated with unobserved local environments. Thus, even with information on parents’ genes, we
cannot recover the causal impact of parents’ genes on child outcomes. Our goal instead is to recover the impact of the
children’s genes on their lifetime outcomes, which is captured by the parameter q1.
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genetic associations, allowing us to identify the direct genetic effect.

6 The Model

In this section, we develop a life cycle model that allows an individual’s genetic endowment to influence

skill formation, parental investment, educational decisions, occupational choices, and earnings. Our

framework marries the framework of Houmark et al. (2024) who model skill development during child-

hood and Heckman et al. (2006) who model educational and occupational attainment. In the childhood

phase, we model skill production functions and parental investment choices. In the adulthood phase,

we model educational and occupational choices, along with an earnings equation. We allow the genetic

endowment to directly affect choices, skills, and earnings. To our knowledge, this is the first study to

integrate both childhood and adulthood stages to analyze genetic influences across the entire life cycle.

Throughout, we assume log linear models. While this is a strong assumption, Bolt et al. (2025) test

for non-linearities in skill production and earnings using NCDS data, and find little evidence against

the log linear specification we use here. For this reason we focus on the more parsimonious log linear

specification, which is easier to interpret.

For clarity and simplicity, we omit the subscript i, denoting an individual, throughout this section.

6.1 Childhood Stage: Skill Development and Parental Investments

During childhood, both cognitive and non-cognitive skills develop through a dynamic process influenced

by parental investments, school quality, and genetic endowments. We divide this process into four deci-

sion periods: age 0 (t = 1), age 7 (t = 2), age 11 (t = 3), and age 16 (t = 4). For each period, we estimate

cognitive and non-cognitive skill formation equations and parental time and school quality investment

equations.

Skill formation process: Next period cognitive (Ct+1) and non-cognitive (NCt+1) skills are influenced

by current skills (Ct and NCt), parental time and school quality investments (invt and sqt), polygenetic

scores (PGS), and family background (FFF). We adopt the log-linear technology specification:

lnCt+1 = d
C
0;t +d

C
1;t lnCt +d

C
2;t lnNCt +d

C
3;t ln invt +d

C
4;t lnsqt +d

C
5;tPGS +d

C
6;tFFF +uC

t

lnNCt+1 = d
N
0;t +d

N
1;t lnCt +d

N
2;t lnNCt +d

N
3;t ln invt +d

N
4;t lnsqt +d

N
5;tPGS +d

N
6;tFFF +uN

t

(8)
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where E[uC
t j lnCt ; lnNCt ; ln invt ; lnsqt ;PGS;FFF ] = E[uNC

t j lnCt ; lnNCt ; ln invt ; lnsqt ;PGS;FFF ] = 0. Follow-

ing Houmark et al. (2024), genes potentially affect skill accumulation through three channels. First,

genetic endowments may directly affect skill accumulation, irrespective of parental time and school

quality investments. The terms dC
5;tPGS and d NC

5;t PGS capture this channel. Second, genetic endowments

affect skill accumulation via their impact on previously determined skills (dC
1;t , dC

2;t , d NC
1;t , d NC

2;t ). Third,

genes impact skill accumulation through their influence on parental time (dC
3;t , d NC

3;t ) and school quality

investment (dC
4;t , d NC

4;t ). In addition to these three channels, we include family background variables FFF to

account for family genetic associations.

Parental investments: Following previous work by Agostinelli and Wiswall (2024) and Attanasio

et al. (2020), we model parental time and school quality investments as reduced form functions of the

current stock of skills, the genetic endowments of the child, and family background:

ln invt+1 = h
I
0;t +h

I
1;t lnCt +h

I
2;t lnNCt +h

I
3;tPGS +h

I
4;tFFF +uI

t

lnsqt+1 = h
S
0;t +h

S
1;t lnCt +h

S
2;t lnNCt +h

S
3;tPGS +h

S
4;tFFF +uS

t

(9)

where E[uI
t j lnCt ; lnNCt ;PGS;FFF ] = E[uS

t j lnCt ; lnNCt ;PGS;FFF ] = 0. Genes potentially affect investments

through two channels. First, the child’s genetic endowment might directly affect their preferences and

behavior (e.g., by enjoying being read stories or enjoying cognitively stimulating play) which in turn

affects parental choices (through the parameters h I
3;t ,h

S
3;t). Second, parents make investment decisions in

response to the child’s existing stock of skills (h I
1;t ;h

I
2;t , hS

1;t ;h
S
2;t) which in turn is partially determined

by the child’s genetic endowment. Together, these two channels illustrate how parental investments

respond to the child’s genetic makeup, referred as the nurture of nature effect in Houmark et al. (2024).

Several papers have shown that parental investments and children’s EA PGS are correlated (Breinholt and

Conley (2020) and Sanz-de Galdeano and Terskaya (2019)). In addition, different parents have different

income, educational attainment, and family structure, leading to different constraints and have different

preferences for investments (h I
4;t and hS

4;t).
8

8It is worth noting that the nurture of nature effect combines both evocative gene-environment correlation and active
gene-environment correlation (Plomin et al., 1977). For example, children with a high EA PGS may be calmer and thus
evoke higher investments by their parents (evocative gene-environment correlation, Biroli et al. (2022)). At the same time,
children with a high EA PGS may actively select into better environments, for example by choosing to attend a better quality
school (active gene-environment correlation). Because we cannot separately identify these two interactions, we refer to their
combined impact as the nurture of nature effect.
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Initial conditions: Lastly, we define the initial cognitive skill level at age 0 as a function of the child’s

polygenic score, family background, and a shock.9

6.2 Adulthood Stage: Education, Occupational Choices, and Earnings

In the adulthood stage, individuals choose their educational attainment and occupation. These choices

are shaped by the skills developed during childhood as well as genes. The ultimate outcome, lifetime

earnings, depends on these choices, accumulated skills, and genes.

Education decision We assume educational attainment (Edu) depends on both cognitive and non-

cognitive skills at age 16, genetic endowment, and family background.

Edu = g
E
0 + g

E
1 lnC16 + g

E
2 lnNC16 + g

E
3 PGS + g

E
4 FFF +uE : (10)

The above equation captures two important roles played by genes. First, it captures the impact of genetic

endowments on education through skills accumulated during childhood. Second, by including PGS

directly, it captures potential effects of genetic endowments on individual preferences, motivation, or

attitudes toward education, even after accounting for skills. For instance, some individuals may have a

genetic predisposition for curiosity or perseverance, which could lead them to pursue higher education

regardless of their existing skill levels.

Occupation choice: We model occupation choices as a function of an individual’s skill levels, educa-

tional attainment, genes, and family background:

1focc = Og= g
O
0 + g

O
1 lnC16 + g

O
2 lnNC16 + g

O
3 Edu+ g

O
4 PGS + g

O
5 FFF +uO (11)

where occupation is one of the four categories O 2 fmanagerial & professional, supervisory & clerical,

skilled manual, semi-skilled & unskilled g and 1focc = Og is an indicator equal to 1 if the individual’s

occupation is O. We estimate equation (11) using linear probability models, one for each of the four

potential occupations O.10 In addition to skills, education, and family background, we allow for a direct

9While the NCDS provides some measures of cognitive skills at birth, it does not include data on non-cognitive skills at
that stage. As a result, we set non-cognitive skills at birth to zero.

10We use a linear specification rather than a non-linear one (e.g., probit or logit) because it provides more transparent and
trackable decomposition results. All predicted probabilities are between 0 and 1 in this analysis, suggesting that non-linearity
stemming from the the discrete nature of occupational choice is not a significant concern.
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genetic impact on occupational choices. This may reflect how genes influence individuals’ perceptions

of opportunities and risks. For example, someone with a genetic predisposition for optimism or future-

oriented thinking might be more inclined to choose occupations with back-loaded rewards or higher

risks.

Lifetime Earnings: We assume that log lifetime earnings (lnY ) are a function of occupational choice,

educational attainment, skill levels, genetic endowment, and family background:

lnY = a0 +a1occ+a2Edu+a3 lnC16 +a4 lnNC16 +a5PGS +a6FFF +uY (12)

where a5 captures any additional channels that genetic endowments may have on earnings. For instance,

genetic factors may affect preferences for specific work environments or tolerance for stress and job

demands, leading to different earnings trajectories even within the same occupation.

In the occupation, education, and earning equations, we include the family background variables FFF .

This is to address family genetic associations arising, for example, from high income and high EA PGS

parents encouraging their child to attend university, irrespective of the child’s genetic predisposition.

7 Estimation & Decomposition

7.1 Correcting for measurement error

We do not observe skills and investments directly, but instead observe multiple error-ridden measures

of the underlying latent skills and investments. We account for this measurement error when estimating

the above equations by using different measures as instruments for each other, following Agostinelli

and Wiswall (2024). We assume the measurement errors are independent of all variables in the model

(including investments, skills, education and other variables), all other measurement errors, and are

independent over time. As outlined in Section 3.1, we also correct for measurement error in our polygenic

scores. More details can be found in Appendix C.
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7.2 Decomposition

7.2.1 Decomposition: Framework

We use our model to decompose the association between genetic endowments and lifetime earnings into

the three channels illustrated in Figure 3. The first channel accounts for the effect of genetic endowments

on skills and earnings. The second channel accounts for the effect of genetic endowments on choices, i.e.

investments, education, and occupation. We interpret these channels as capturing causal, or direct genetic

effects. The third channel accounts for family genetic associations, i.e. all other non-causal correlations

between genetic endowments and earnings.

Skill production and earnings channel: The first channel accounts for the effect of genetic endow-

ments on skills at different ages and earnings. Specifically, we ask how much lifetime earnings would

change if we increased genetic endowments in the skill production functions and earnings equation,

holding previous choices constant. This channel is represented by the green arrows on the left side of

Figure 3.

We can further decompose this channel into primary effects and effects on subsequent choices. Pri-

mary effects represent the immediate impact of genetic endowments on skills (through terms dC
5 PGS and

d N
5 PGS in equation (8)) and earnings (through the term a5PGS in equation (12)), holding future deci-

sions constant. Effects on subsequent choices arise from the resulting changes in future decisions. For

example, higher skills may attract more parental investment. These additional investments may further

boost skill development and thus earnings.

Choice equation channel: The second channel captures genetic effects via the choice equations (shown

by the blue arrows on the right side of Figure 3). This channel captures the influence of genetic en-

dowments on the decisions made by individuals and their parents, holding current skills and family

background constant. Through this pathway, genetic endowments shape outcomes by affecting parental

investments as well as educational and occupational choices. These decisions then impact skill develop-

ment, occupational paths, and ultimately, lifetime earnings.

In the choice equation channel, we also consider primary effects and effects on subsequent choices.

The primary effect captures the immediate impact of genetic endowments on decisions such as parental

investments (through the terms h I
3;tPGS and hS

3;tPGS in equation 9). These decisions subsequently im-

pact skills and thus earnings. Note that future decisions are held constant in what we call primary effects.
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Figure 3: Timing Structure

The effect on subsequent choices, in contrast, accounts for the effect of investments on cognitive skills

which further affect educational attainment and thus lifetime earnings.

Family association channel: Finally, as mentioned above, there may be correlations between chil-

dren's genetic endowments and family background. For example, a high EA child may have a high EA

mother who invests a lot of time irrespective of the child's genetic endowment. We also quantify to what

extent these family associations matter.

7.2.2 Decomposition: Implementation

We decompose the direct genetic effect into a skill production/earnings equation channel and a choice

equation channel. Each channel can be further decomposed into primary effects and effects on subse-

quent choices. This section describes how we quantify these channels using the impact of the EA PGS

on skills at age 7 as an example.

We begin by predicting the relationship between the EA PGS and earnings for each individual. We

�rst predict skills at birth and then parental investments at age 7. These predictions are then used to
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predict skills at age 7, followed by parental investments at age 11, and so on. To quantify the importance

of a given channel, we increase the EA PGS by one standard deviation in the corresponding equations

of interest and calculate the change in earnings. For example, to measure how much of the effect of the

EA PGS on lifetime earnings operates through cognitive skills at age 7, we counterfactually increase the

EA PGS by one standard deviation in the age 7 cognitive skill equation for all individuals and predict the

resulting counterfactual age 11 investments (which respond to the higher skill levels), age 11 skills, age

16 investments, age 16 skills, education, occupation, and lifetime earnings.

To identify the primary effect of the increased cognitive skills at age 7 on lifetime earnings, we

increase the EA PGS by one standard deviation in the age 7 cognitive skill equation, holding future

choices (age 11 and 16 investments and educational and occupational attainment) constant. With these

choices “switched off,” any change in earnings is driven solely by the primary effect of greater age 7

skills on age 11 and 16 skills. To calculate the effect on subsequent choices, we predict how the higher

age 7 cognitive skills impact these future choices (and their impact on subsequent skills) and how this

ultimately impacts lifetime earnings.

We adopt a similar approach to quantify the magnitude of other channels. When assessing the effect

of genetic endowments on lifetime earnings through skill production, we add one standard deviation to

the EA PGS in the skill equations at ages 7, 11, and 16. When assessing the primary effect on lifetime

earnings through the earnings equation, we add one standard deviation to the EA PGS in the earnings

equation only.11 Similarly, when assessing the effect of genetic endowments on lifetime earnings through

choice equations, we add one standard deviation to the EA PGS in the equations for parental time invest-

ment, school quality (at ages 7, 11, and 16), and in the education and occupation choice equations.

Decomposition example For example, a one-standard-deviation increase of the PGS in the age 16

cognitive skill equation changes log earnings by

dlnY
dlnC16

¶ lnC16

¶PGS
=

�
¶ lnY
¶occ

docc
dlnC16

+
¶ lnY
¶Edu

dEdu
dlnC16

+
¶ lnY

¶ lnC16

�
¶ lnC16

¶PGS

=
�

a1(gO
1 + gO

3 gE
1 ) + a2gE

1| {z }
Effect on subsequent choices

+ a3|{z}
Primary effect

� ¶ lnC16

¶PGS
(13)

11Note that there is no effect through subsequent choices here, as lifetime earnings is our �nal outcome.
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Alternatively, a one-standard-deviation increase of the PGS in the education equation changes log earn-

ings by

dlnY
dEdu

¶Edu
¶PGS

= ( a1
docc
dEdu

+
¶lnY
¶Edu

)
¶Edu
¶PGS

= ( a1gO
1| {z }

Effect on subsequent choices

+ a2|{z}
Primary effect

)
¶Edu
¶PGS

(14)

In our linear model, the contribution of each channel to the direct genetic effect of the PGS on earnings

is orthogonal to the contribution of every other channel. Since the shares of the direct genetic effect that

operate through cognitive skills, education, and occupation are pairwise orthogonal, the overall direct

genetic effect is simply the sum of these channel-speci�c components.

8 Results

In this section we �rst discuss our main results which are based on the dynamic model described above

and use EA PGS as the polygenic score. We then extend the analysis by (1) gender differences in

the relationship between the EA PGS and earnings, (2) including more PGSs (mental health and risk

tolerance), and (3) evaluating heterogeneity in the returns to investments for those with a high versus low

EA PGS.

We present estimates of equations (8)-(12) of the model in Tables 14 and 15 of Appendix E. In

this section we focus on the implications of these estimates for understanding the links between genetic

endowments and lifetime earnings.

8.1 Main Results

Table 1 shows that a one standard deviation increase in the EA polygenic score is associated with an

increase in lifetime earnings of 22.57%. We decompose this association into three parts: 1) the part

attributable to the skill formation and earnings equations, 2) the part attributable to the choice equations

(parental time investments, school quality, educational, and occupational choices), and 3) family genetic

associations. Since we do not interpret family genetic associations as causal, our preferred estimate is

the “direct genetic effect”, which includes only the �rst two parts. It shows that a one standard increase

in the EA PGS increases lifetime earnings by 18.90%.
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The effect of genetic endowments on skill formation and earnings equationsColumn (1) of Table 1

shows that increasing the EA PGS by one standard deviation in the skill formation and earnings equations

increases lifetime earnings by 8.78%. Most of this effect is through the impact of the EA PGS on

skills. Raising the EA PGS by one standard deviation in the skills equations increases earnings by

5.69%. Increasing the EA PGS by one standard deviation in the earnings equation (and holding skills,

educational attainment, and occupation constant) increases lifetime earnings by 3.09%. Thus, most of

the direct genetic effect of the EA PGS on lifetime earnings is due to earlier measured skills and choices.

We now turn to the impact of the EA PGS on lifetime earnings via its impact on skill formation.

Increasing the EA PGS in the skill formation equations increases lifetime earnings for two reasons.

First, the EA PGS impacts skills directly, which in turn impacts earnings, which we call the primary

effect. Column 2 of Table 1 shows that a one standard deviation increase in the EA PGS in the skill

equations leads to a 1.89% increase in lifetime earnings through this primary effect. Second, those skill

improvements subsequently affect investment, educational, and occupational choices. For instance, a

higher EA PGS may increase cognitive skills at one age, increasing parental investments or educational

attainment at later ages. Column 3 shows that this effect through subsequent choices contributes an

additional 3.80% to lifetime earnings, making it more important than the primary effect.

We further decompose the impact of the EA PGS on skill formation at different ages and its down-

stream effect on lifetime earnings. Appendix Table 11 shows the impact of increasing the EA PGS by

one standard deviation at each age. The largest effect arises when increasing the EA PGS in the age-7

skill formation equation, which increases lifetime earnings by 2.76%. This comes from a large impact

on subsequent choices (1.91%), meaning that a considerable part of the association between the EA

PGS and lifetime earnings is because the EA PGS increases age-7 skills, which in turn increases future

parental investments as well as educational and occupational attainment.

The effect of genetic endowments through choice equationsThe EA PGS also in�uences lifetime

earnings through the choice equations. Table 1 shows that a one standard deviation increase in the EA

PGS in the investment, educational, and occupational choice equations increases lifetime earnings by

10.12%, more than half of which is attributable to educational attainment. A one standard deviation

increase in the EA PGS in the educational choice equation (controlling for other variables) increases

lifetime earnings by 5.64%. Of this, 3.67% is the primary effect of education on lifetime earnings, while

an additional 1.68% arises from the impact of education on subsequent occupational choices. Note that
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Table 1: Change in Lifetime Earnings when increasing EA PGS by 1 Standard Deviation

Total Primary Effect through
effect effect subsequent choices
(1) (2) (3)

Increasing EA PGS by 1 SD in skill formation / earnings equations:
Earnings 3.09% 3.09% –
Skills 5.69% 1.89% 3.80%
Subtotal: 8.78% 4.98% 3.80%
Increasing EA PGS by 1 SD in choice equations:
Investments 2.90% 0.95% 1.95%
Education 5.35% 3.67% 1.68%
Occupation 1.87% 1.87% –
Subtotal: 10.12% 6.49% 3.63%
Direct Genetic Effects: 18.90% 11.47% 7.43%
Family Genetic Association: 3.68%
Total Genetic Association: 22.57%

Notes: This table shows the impact of increasing EA PGS by one standard deviation on lifetime earnings. Total effect is the
effect through increasing EA PGS by one standard deviation in a given equation, then calculating its impact on subsequent
skills, choices, and earnings. Primary effect is the effect through increasing PGS EA by one standard deviation and calculating
its impact on skills and earnings, holding future choices constant. Bold numbers indicate signi�cance at the 95% con�dence
level. Con�dence intervals are obtained via bootstrapping with 250 repetitions. The sample size is 4,789.

because the educational choice equation accounts for cognitive skills and family background, the EA

PGS captures the impact of genetic endowments on education choices for reasons beyond skill or family

background differences. This suggests that unobserved factors, such as preferences for education or

unmeasured academic motivation, play a signi�cant role in the gene-lifetime earnings relationship.

The EA PGS also raises earnings through the parental time and school quality investment equations,

although these effects are smaller than the one through the educational attainment equation. A one

standard deviation increase in the EA PGS in the investment equations leads to a 2.90% increase in

lifetime earnings. Because investments affect earnings only by �rst improving skills, we separate their

impacts into two components. The primary effect reported in column 2 shows that these skill increases

subsequently increase lifetime earnings by 0.95% because skills directly increase lifetime earnings. The

effect through subsequent choices in column 3 captures the impact of the resulting skill increase on

lifetime earnings through subsequent education and occupation choices. This is more important than the

primary effect, increasing earnings 1.95%.

Finally, the EA PGS in�uences occupational attainment and thus earnings. Individuals with higher

EA PGS scores choose occupations that are higher paid, conditional on differences in skills and edu-

cational attainment. As a result, a one standard deviation increase in the EA PGS in the occupational
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choice equation raises lifetime earnings by 1.87%.

In summary, the EA PGS affects earnings both through skill formation and choices. Overall, its

impact via the choice equations is larger than its impact through skills and earnings. Furthermore, the

majority of the effect through skills arises because skills subsequently in�uence educational and occu-

pational choices. When combining the EA PGS effect in the choice equations (10.12%) with its effect

in the skill equations through subsequent choices (3.80%), the total effect through choices is 13.92%.

Thus, most of the EA PGS impact on lifetime earnings comes from choices, either directly in the choice

equations or indirectly via skill-driven decisions.

The association between genetic endowments and family circumstancesLastly, the role of fam-

ily genetic associations (through passive genetic effects and population strati�cation) is small: a one

standard deviation increase in the EA PGS is associated with only a 3.68% increase in lifetime earn-

ings through family genetic associations. In other words, of the 22.57% increase in lifetime earnings

from a one standard deviation increase in the EA PGS,3:68%
22:57% = 16:3% is due to these family genetic

associations.

Our estimates of the role of family genetic associations are broadly in line with those of other studies

that use parental EA PGS to control for family genetic associations. Houmark et al. (2024) �nd that

family genetic associations explain 40-80% of the link between cognitive skills and genes, and 57-90%

of the relationship between investments and genes. In Appendix D, we demonstrate similarly large

effects of family genetic associations on cognitive skills and investments at the ages they study. We

also show that the in�uence of family genetic associations on lifetime earnings is much smaller than

on investments and skills for several reasons. First, while their analysis focuses on skill development

through age 7, we examine skill development through age 16. Family genetic associations play a greater

role in shaping skills at younger ages than at older ages. Second, while family genetic associations with

age-7 skills are large, those skills have a modest effect on lifetime earnings. For example, Appendix Table

11 shows that the increase in cognitive skills at age 7 from a one standard deviation increase in the EA

PGS increases lifetime earnings by 2.76%. Third, these family genetic associations have much smaller

effects on educational and occupational choices, which are the key determinants of lifetime earnings.

Appendix D further compares our estimates of the in�uence of EA PGS on educational attainment,

with and without our family background controls. It also shows Okbay et al. (2022) and Kong et al.

(2018)'s estimates of EA PGS on educational attainment, with and without controlling for parental EA

28



PGS. The decline in the share of variation explained by EA PGS falls by similar proportion in both

our estimates using family background and theirs using parental EA PGS, giving us con�dence that our

family background variables capture much of the variation caused by family genetic associations.

8.2 Gender differences

In this section, we examine gender differences in how the EA PGS in�uences lifetime earnings. The

EA PGS should have the same distribution for men and women since the EA PGS only uses SNPs

on autosomal chromosomes, which are inherited from parents independently of an individual's sex. In

Appendix Figure 1, we con�rm that the EA PGS distributions for men and women are indeed very

similar. Thus, any observed gender differences in the association between PGS and outcomes must stem

from gene - environment interactions or links to sex chromosomes, rather than differences in the PGS

distribution by gender.12 For example, societal norms, expectations, and disparities in access to resources

can in�uence how genetic potential is expressed, leading to gendered patterns in outcomes.

Our framework can identify key channels that explain potential gender differences in the relationship

between the EA PGS and lifetime earnings. Table 2 shows that the association between the EA PGS

and lifetime earnings differs substantially between men and women. A one standard deviation increase

in the EA PGS increases lifetime earnings 17.00% for men and 19.89% for women through the direct

genetic effect. Similar to the main results, most of the genetic association stems from a causal genetic

effect; family genetic associations only account for 3.53% for men and 4.80% for women. The effect

of genetic endowments is larger for women due to labor supply. Columns 2 and 5 of Table 2 show

that a one standard deviation increase in the EA PGS increases working hours by 0.59% for men and

4.10% for women. Columns 3 and 6 show that for wages, the effect of genetic endowments is very

similar for men and women. While most men engage in full-time employment throughout their careers,

a signi�cant fraction of women have less attachment to the labor market, often opting for part-time work

or temporarily exiting employment.

The table further reveals that most of these hours differences between men and women are attributable

to education and occupation choices, indicating that women with high a EA PGS investment more in

their education and careers. For example, a standard deviation increase in the EA PGS in the education

equation is associated with a 0.31% decline in hours for men, whereas it leads to a 1.85% increase for

12Note that the exclusion of sex chromosomes from the construction of PGS implies that certain sex-speci�c genetic
pathways, such as those in�uenced by hormonal differences, may not be fully captured in the analysis. Thus, some genetic
contributors to gender disparities are omitted in this study.

29



Table 2: Impact of Increasing EA PGS One Standard Deviation: Decomposition Results by Gender

Male Female

Channel Total Working Wages Total Working Wages
effect Hours effect Hours
(1) (2) (3) (4) (5) (6)

Increasing EA PGS by 1 SD in skill formation / earnings equations:
Earnings 4.25% 0.62% 3.63% 2.07% -1.29% 3.36%
Skills 5.23% 0.25% 4.98% 5.88% 1.60% 4.28%
Subtotal 9.47% 0.87% 8.60% 7.94% 0.30% 7.64%
Increasing EA PGS by 1 SD in choice equations:
Investments 2.73% 0.12% 2.61% 2.64% 0.71% 1.93%
Education 3.49% -0.31% 3.80% 6.77% 1.85% 4.92%
Occupation 1.30% -0.09% 1.39% 2.53% 1.23% 1.30%
Subtotal 7.53% -0.28% 7.80% 11.92% 3.78% 8.14%
Direct Genetic Effects 17.00% 0.59% 16.41% 19.89% 4.10% 15.79%
Family Genetic Association 3.53% 4.80%
Total Genetic Association 20.53% 24.64%

Note: This table shows the effect of a one standard deviation increase in EA PGS on lifetime earnings, reported separately
for men (2,327 observations) and women (2,462 observations). Bold numbers indicate signi�cance at the 95% con�dence
level. Con�dence intervals are obtained via bootstrapping with 250 repetitions.

women. Appendix Tables 13 and 15 indicate that a one standard deviation increase in the EA PGS on

years of education is nearly identical for men and women (0.49 years for men vs. 0.50 years for women).

Thus, the gender differences in hours are due to a stronger positive relationship between education and

hours for women than for men (which has also been documented in Blundell et al. (2016)), rather than

due to gender differences in the relationship between EA PGS and education. Additionally, increasing

the EA PGS by one standard deviation in the education equation raises wages more for women than

for men. Again, this is because the return to education is higher for women than for men, rather than

there being a stronger association between education and the EA PGS for women.13 Thus, even with

comparable educational attainment as predicted by EA PGS, women derive signi�cantly greater �nancial

returns from their education than men (percentage terms).

While the relationship between occupational choice and the EA PGS is similar across genders, occu-

pational choice explains more of the link between the EA PGS and work hours for women, as work hours

vary more by occupation for women than for men. Thus, while a higher EA PGS is similarly associated

with a greater likelihood of working in managerial or professional roles for both genders, the earnings

13The returns to education for women is higher than for men, with an estimated 5% return to a year of education for men,
and a 9% return to a year of education for women (see Appendix Tables 14 for men and 16 for women). These higher returns
for women are due to both higher wage returns as well as increased hours.
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bene�t of being in such positions is signi�cantly larger for women than for men.

Tables with detailed coef�cients for our equations by gender can be found in Appendix E.

8.3 Including multiple PGS

While Figure 1 shows that the PGS for educational attainment is the strongest predictor of lifetime

earnings, many other PGSs also have statistically signi�cant associations with earnings. This raises a

natural question: how much does each PGS contribute to explaining lifetime earnings?

Because some individual SNPs are used to construct multiple PGSs, those PGSs will be correlated

by construction. To address this, we orthogonalize the PGSs so that each predictor captures distinct

genetic information. We apply the Gram-Schmidt process (Golub and Van Loan, 2013): we retain the

EA PGS as is, and project each subsequent PGS onto the previously considered PGSs, conditional on

the 10 genetic principal components, gender and family background. We then subtract the component of

the PGS that was predicted by the previously considered PGSs and use the residual component. Starting

with the EA PGS which has the highest predictive power, we sequentially add the PGS that provides the

largest marginal contribution relative to those already considered, continuing until no new PGS makes

a statistically signi�cant contribution. This procedure yields a new set of uncorrelated predictors, free

from the overlap present in the original PGSs. We then regress earnings on these orthogonalized PGSs.

Each coef�cient re�ects how the unique variation of the newly added PGS explains lifetime earnings

above and beyond the PGSs already considered.

We consider two additional PGSs that have high predictive power and clear mechanisms through

which they affect in�uence lifetime earnings: the mental health PGS (Baselmans et al., 2019) and the

risk tolerance PGS (Karlsson Linnér et al., 2019).14 We examine both their individual contributions to

lifetime earnings and the channels through which these effects operate. Accordingly, we increase the

residualized mental health and risk tolerance PGSs sequentially by one standard deviation in different

equations and evaluate the consequences for lifetime earnings.15

14Interestingly, the relative ranking of PGSs within each group changes after applying the Gram-Schmidt orthogonalization.
For instance, the ADHD PGS shows a stronger raw association with lifetime earnings than the mental health PGS (see Figure
1), but this ranking reverses once we additionally control for the EA PGS and family background (see Appendix Figure 5).
In our analysis, we select the PGS with the highest predictive power from each group, which is the risk tolerance PGS from
the risk-related panel and the mental health PGS from the mental health panel.

15While we can establish a causal effect of the EA polygenic score on various outcomes due to our ability to control for
parental education (as described in Section 5), we cannot do so for the additional polygenic scores since we do not observe
the relevant parental PGSs or outcomes. Nevertheless, we believe that showing results including additional polygenic scores
highlights the potential of these scores to better understand lifetime earnings.
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Table 3 shows that the mental health PGS operates mainly by directly affecting earnings, conditional

on occupation, education, and skills. In particular, increasing both the mental health PGS and EA PGS

by one standard deviation in the earnings equation increases lifetime earnings by 5.71%. In contrast,

increasing only the EA PGS in the earnings equation increases earnings 3.09%. This direct impact of

the mental health PGS on earnings is due to its impact on both hours and wages, whereas the EA PGS

primarily operates by increasing wages. This is intuitive, as it is likely that those with a higher propensity

for mental health problems work fewer hours.

The risk tolerance PGS also operates mainly by directly affecting earnings, conditional on occupa-

tion, education, and skills. Interestingly, however, the risk tolerance PGS in�uences occupational choice

as well. A one standard deviation increase in the risk tolerance PGS raises the likelihood of selecting

a Managerial & Professional job by 1.2%, controlling for other PGSs and covariates. This increases

earnings. Offsetting this, however, is a decrease in in the likelihood of selecting a Supervisory & Clerical

job by 1.40%, which is the second highest paid occupation. Overall, the risk tolerance PGS appears

to polarize occupational choice: it increases the likelihood of selecting high-risk, high-reward positions

such as Managerial & Professional jobs, while reducing the likelihood of choosing more stable, mid-tier

occupations like Supervisory & Clerical jobs.

These results emphasize that not all genetic endowments affect earnings in the same way. While

the EA PGS primarily operates through its effects on skill formation and education, the mental health

and risk tolerance PGSs directly in�uence occupational choices and earnings, but do not signi�cantly

in�uence skill formation or education.

In Figure 4 we extend the analysis by incorporating additional polygenic scores. The left panel

shows the estimated direct effect of (residualized) PGSs that were statistically signi�cant at the 10% level

using the procedure described earlier. A one standard deviation increase in EA PGS increases lifetime

earnings by 18.90%. A one standard deviation increase in mental health (MH) PGS raises lifetime

earnings by 1.87%, to 20.77%. Successively adding (residualized) polygeneic scores for agreeableness,

risk tolerance, forced expiratory volume (a measure of lung function), household income, age of �rst

birth, and birthweight all each increase lifetime earnings by approximately 2%.

These additional scores account for a meaningful share of the variation in lifetime earnings. The EA

PGS alone explains 4.20% of the variation, conditional on family background and the top 10 genetic

principal components. Including the mental health and risk tolerance PGSs adds 0.17%. All PGSs com-

bined explain 4.60% of the variation, representing a 9.5 percent increase in explanatory power relative
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Table 3: Decomposition results including mental health PGS and risk tolerance PGS

EA only EA + MH EA + MH + RT

Total
Effect

Work
Hours

Wages
Total
Effect

Work
Hours

Wages
Total
Effect

Work
Hours

Wages

Increasing PGSs by 1 SD in skill formation / earnings equations:
Earnings 3.09% -0.35% 3.44% 5.71% 1.11% 4.60% 8.08% 2.56% 5.52%
Skills 5.69% 0.93% 4.76% 4.94% 0.81% 4.13% 5.13% 0.82% 4.31%
Subtotal 8.78% 0.58% 8.20% 10.65% 1.92% 8.73% 13.21% 3.38% 9.83%
Increasing PGSs by 1 SD in choice equations:
Investments 2.90% 0.47% 2.43% 3.23% 0.52% 2.71% 3.41% 0.55% 2.86%
Education 5.35% 0.88% 4.47% 5.38% 0.88% 4.50% 5.55% 0.90% 4.65%
Occupation 1.87% 0.50% 1.37% 1.51% 0.44% 1.07% 1.97% 0.66% 1.31%
Subtotal 10.12% 1.85% 8.27% 10.12% 1.84% 8.28% 10.93% 2.11% 8.82%
Direct Genetic Effect 18.90% 2.43% 16.47% 20.77% 3.76% 17.01% 24.14% 5.49% 18.65%
Family Genetic Assoc. 3.68% 3.99% 3.97%
Total Genetic Assoc. 22.57% 24.78% 28.11%

Note: This table shows the impact of increasing PGSs by one standard deviation on lifetime earnings. Bold numbers indicate
signi�cance at the 95% con�dence level. Con�dence intervals are obtained via bootstrapping with 250 repetitions. Abbreviations:
EA = Educational Attainment, MH = Mental Health, RT = Risk Tolerance. There are 4897 observations.

to using the EA PGS alone, shown in the right panel of Figure 4.16 While the EA PGS captures much of

the genetic heterogeneity in earnings, it does not account for all of it.

16In explaining our results, three key caveats should be considered. First, these associations are correlational rather than
causal, since the analysis did not fully account for all relevant gene -environment interactions and confounding factors.
Second, interpretation of the underlying pathways is limited by pleiotropy, as each PGS might be associated with multiple
traits or behaviors. For example, the PGS for age at �rst sexual intercourse likely re�ects in�uences beyond just risk-taking.
Third, while we account for measurement error in EA PGS, we do not account for measurement error in the other PGS.
Also, the other PGSs are derived from GWASs with smaller sample sizes. Both of factors likely attenuate their estimated
associations with lifetime earnings.
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Figure 4: Explanatory Power of PGSs on Lifetime Earnings

Note: The �gure shows incremental effects of each polygenic score (PGS) on lifetime earnings, adjusted for gender, family background and the top 10 genetic principal
components. The left panel illustrates the marginal effects of individual PGSs on lifetime earnings, while the right panel displays their incremental contributions to the
explained variance (R2). As in Figure 1, PGSs are categorized into six groups: Intelligence, Mental Health, Risk-Related, Physical Health, SES, and Height/Weight. PGSs
are added iteratively, selecting those with the largest effect size while maintaining orthogonality based on the group order. Iteration within a PGS group stops when no
additional PGS within that group is statistically signi�cant (p < 0:10). Once a group iteration is completed, no further PGSs from that group are considered in subsequent
steps. Error bars indicate 95% con�dence intervals. Colors denote PGS categories: blue (Intelligence), green (Mental Health), red (Risk-Related), yellow (Physical
Health), light blue (SES), and teal (Height/Weight).
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8.4 Heterogeneity in returns to investments

Thus far, we have assumed that the marginal effect of genetic endowments is constant across individuals.

This section relaxes that assumption and allows for interactions between genes and the environment.

Emerging evidence suggests that the nature of substitutability or complementarity between genetic en-

dowments and family resources may change when comparing early and later human capital outcomes.

For example, Arold et al. (2023) �nd substitutability between genetic endowments and school quality

in producing early-life human capital outcomes, meaning that school quality provides higher returns for

those with a low genetic endowment. Likewise, Attanasio et al. (2025) study a randomized early child-

hood parenting intervention in Colombia and �nd signi�cantly greater intervention impacts on children

with low PGS, again implying substitutability. In contrast, Papageorge and Thom (2020) �nd comple-

mentarity between genetic endowments and family SES in producing later life outcomes.

Consistent with these �ndings, we also �nd substitutability between genetic endowments and human

capital investments in producing early-life human capital outcomes, but complementarity in shaping

later ones. In particular, we �nd that returns to human capital investments are higher for those with

low EA PGS early in life (before age 16), but returns are higher for those with high EA PGS later in

life. To do this, we divide the sample into those whose EA PGS is below the median and those whose

EA PGS is above it. For each group, we re-estimate the model parameters and predict the changes in

lifetime earnings resulting from increases in human capital investments. For example, we increase time

investments at ages 7, 11 and 16 by one standard deviation for all individuals in the low EA PGS group,

and predict subsequent skills and choices at each age as well as lifetime earnings. Next, we calculate the

percentage increase in lifetime earnings for this group compared to their baseline lifetime earnings. We

then repeat this exercise for the high EA PGS group.

Table 4 shows that parental time investments during childhood yield signi�cantly larger returns for

individuals with a low EA PGS compared to those with a high EA PGS. Speci�cally, a one standard

deviation increase in parental time investment raises lifetime earnings by 15.44% for individuals below

the median EA PGS, compared to 9.56% for those above the median, a difference statistically signi�cant

at the 5% level. This �nding highlights a strong substitutability between early childhood investments

and genetic endowments, suggesting high investments can effectively compensate for lower genetic en-

dowments. These �ndings are consistent with previous research that �nds higher returns to early life

investments among individuals with lower genetic endowments. We extend that previous research by

showing gene-investment interactions have important implications for lifetime earnings in addition to
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Table 4: Heterogeneity in returns to human capital investments

% Change in Below Median Above Median Diff. P-value
lifetime earnings
1 SD more parental 15.44% 9.56% 5.88% 0.04
time investment [11.34%, 19.54%] [5.95%, 14.01%] [-0.30%, 12.00%]

1 SD more 8.02% 7.48% 0.54% 0.35
school investment [5.50%, 11.37%] [4.91%, 10.86%] [-3.15%, 5.18%]

1 additional 9.73% 12.28% -2.55% 0.07
year of education [7.65%, 11.97%] [10.10%, 14.61%] [-5.53%, 0.49%]

Moving to skilled 24.97% 25.32% -0.35% 0.40
occupation [15.92%, 34.14%] [14.44%, 37.53%] [-16.86%, 12.82%]

Note: Estimates report the percentage change in lifetime earnings from a one-standard-deviation increase in each
input, operating through the speci�ed choice channel; bracketed values are 95% con�dence intervals based on 250
bootstrap replications. “1 SD more parental time investment” means one-standard-deviation extra parental time at
ages 7, 11, and 16, while “1 SD more school investment” means the same increase in school inputs at those ages.
“Diff.” is the gap between the below-median and above-median EA PGS groups, and the �nal column gives one-
sided p-values computed from the sign and bootstrap distribution of this difference.

educational outcomes. While returns to school-quality investments are also higher for low PGS individ-

uals than high EA PGS individuals, these differences are small and insigni�cant.

After childhood, however, this substitutability shifts toward complementarity: genetic endowments

become increasingly complementary to educational attainment. An additional year of education raises

lifetime earnings by 9.7% for the low EA PGS group, but by 12.3% for the high EA PGS group. Thus,

individuals with higher genetic endowments receive greater earnings returns from education, consistent

with broader evidence indicating that schooling returns are highest for more capable and motivated stu-

dents (Cameron and Heckman, 2001; Cunha et al., 2006; Eisenhauer et al., 2015). Such complementarity

contributes to social inequality, as those with greater initial endowments reap disproportionately larger

bene�ts from additional education. These differential returns also rationalize why individuals with a

high EA PGS are more likely to pursue higher education - they enjoy higher returns to schooling. Our

results align with Barcellos et al. (2021), who show that the return to an additional year of schooling is

6 percentage points higher for those in the top tercile of the EA PGS distribution than for those in the

bottom tercile.17

This pattern of genetic endowments being substitutes to investments during childhood and comple-

ments to investments later in life provides further support to Heckman and Mosso's (2014) argument

that interventions for disadvantaged children produce the highest returns when interventions begin early,

17This complementarity would be implied by the model in Lee and Seshadri (2019), which posits an “initial learning
ability” which increases returns to adulthood human capital investments.
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while also highlighting the importance of continued investments as children age. While prior studies doc-

ument increasing complementarity between investments and measured skills, we document increasing

complementarity between investments and genetic endowments.

These patterns have signi�cant policy implications. Indeed, complementarity between genetic en-

dowments (or skills) and investments implies that the bene�ts of early investments are fully realized

only if they are reinforced by continued investments later in life. Early interventions are most produc-

tive when they are followed by additional resources in adolescence and adulthood, ensuring that initial

improvements persist into later stages of life (Cunha et al., 2006, 2010; Kautz et al., 2014).

9 Conclusion

This paper uses unique longitudinal data that follow individuals from birth to retirement to examine

how genetic endowments in�uence lifetime earnings. Our focus is on three main channels: (i) skill

formation (cognitive and non-cognitive) and direct effects on earnings, (ii) choices (parental time and

school investments, education, and occupation), and (iii) family genetic associations such as passive

gene-environment correlation.

We �nd that a one standard deviation increase in the polygenic score for educational attainment (EA

PGS) is associated with a 22.6% rise in lifetime earnings. About 19 percentage points of this are driven

by direct genetic effects, while around 3.7 percentage points re�ect family genetic associations. Within

the direct genetic effects, genes primarily exert their in�uence through individual choices, particularly

educational decisions, and through skill formation that further shapes subsequent choices.

Further analysis shows that men and women both bene�t from higher genetic endowments, but

women experience stronger impacts on hours worked, which raises their earnings returns to education.

Additionally, including other polygenic scores - those measuring predispositions to mental health and risk

tolerance - reveals that they raise earnings mainly by in�uencing wages, hours, or occupational choice,

rather than by operating through early skill acquisition. This �nding reveals that genetic endowments are

multifaceted, with each dimension channeling its effects on earnings in distinct ways.

Finally, we show that the returns to early-life investments are particularly high for individuals with

lower genetic endowments, highlighting that childhood is a critical period for reducing disparities asso-

ciated with genetic differences. After childhood, genetic endowments and educational choices tend to

be complementary, so individuals with higher EA PGS reap larger gains from each additional year of
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schooling.

Taken together, our results suggest that policy interventions can be particularly effective if they alter

the choice sets of individuals. Although genes shape early skill development, the much larger effect

comes from choices, such as pursuing education, which are subsequent to those skills. This implies

that if schools, families, or public programs offer the right kind of support and incentives, the long-term

impacts of genetic endowments on earnings can be partially offset. Further research could explore how

different genetic predispositions interact to shape not only education and earnings, but also broader life

outcomes such as fertility or well-being.
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Appendix

A Data

We use the National Child Development Study (NCDS), which is a panel tracking a cohort of individuals

born in the UK in a particular week in March 1958. In this section, we describe how the parental income

and children’s lifetime earnings variables are constructed from the NCDS data, as well as how we select

our analytical sample.

A.1 Variable Construction

A.1.1 Parental Income

Parental income variables are only observed in the third wave of the NCDS, when cohort members are

aged 16. Parental income is the sum of: fathers’ net earnings, mothers’ net earnings and other net income.

Fathers’ and mothers’ earnings and other net income are recorded as interval, or “banded” data. We use

the continuous parental income variables which were imputed by the Institute for Fiscal Studies as part of

an effort to harmonize income variables in different cohort studies (Belfield et al. (2017)). This procedure

can be summarized by three steps. First, income bands identical to the NCDS are created for the 1973,

1974 and 1975 Family Expenditure Survey (FES) data. Second, within each income band, net male, net

female and net other income data are estimated using variables that are thought to be correlated with

income.18 Third, using these prediction equations, each of the three income components are separately

predicted within each income band in the NCDS, using the same key covariates. The sum of the three

net, predicted earnings variables in the NCDS is the measure of parental income that we use.

A.1.2 Life-Time Earnings of Sample Members

NCDS cohort members’ gross wages are observed at ages 23, 33, 42, 50, and 55. Gross earnings are

calculated using usual wages and pay period on the respondent’s main job. Current or last wage variables

are used where usual wages are unavailable.

18The following variables are used to estimate income data within each band: year of interview, age left school of mother
and father, employment status of mother and father, age of mother and father, occupation of mother and father, number
of siblings of the cohort member, housing tenure, region, number of rooms in household, number of cars, marital status,
whether benefits are received by household, type of school cohort member attends, interactions between age left school
and occupation of mother and father, interactions between age left school and employment status of mother and father, and
interactions between year of interview and occupation of mother and father.
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Based on NCDS employment spells data from 1974-2013, we apply three criteria for sample selection

as in Gregg et al. (2016). Firstly, cohort members are dropped if less than 60 months of working history

is observed. Secondly, cohort members with no earnings observations across the five survey waves are

dropped. Finally, cohort members who do not have parental income observation from childhood are

dropped.

The crucial step in dealing with this sample is in how we interpret missing and zero earnings figures

for cohort members, which could be due to attrition, item non-response or non-employment. To address

this, we adapt Gregg et al. (2016)’s method of imputing missing earnings at the time of a survey. For this

imputation, earnings are modeled as a function of an individual-specific fixed effect and a categorical

education variable interacted with age of cohort member:

lnYit = fi + c �S�i � t +zit

where S�i = 1 if less than O level, 2 if O level qualification, 3 if A level qualification, 4 if some college

or above.19 Predicted earnings at ages 23, 33, 42, 50, and 55 if working are then dlnYit = f̂i + ĉ � S�i � t.

Monthly earnings are imputed for each month between survey waves using linear interpolation. We then

use the monthly employment history to determine which months an individual was employed. Earnings

for individuals who were out of work in a given month is set to zero. Aggregating monthly earnings

provides an estimate of children’s lifetime earnings.

Table 5 compares individuals in the top and the ones in the bottom halves of the EA PGS distribution,

revealing notable differences across multiple dimensions. Those in the top half have higher average an-

nual earnings (£18,000 vs. £14,600) and are more likely to be in managerial or professional occupations

(46% vs. 25%), while those in the bottom half are more likely to be in skilled manual (23% vs. 14%)

and semi-skilled or unskilled jobs (21% vs. 12%). Educational attainment also differs significantly,

with individuals in the top half leaving school later (19.1 vs. 17.8 years) and exhibiting higher cognitive

skills at age 16 in both reading and math. Parental investment patterns suggest that children in the top

half had more engaged parents, particularly fathers, across childhood and adolescence. School quality

indicators show that students in the top half attending schools with lower student-teacher ratios and a

higher percentage completing school. Family background also differs, as those in the top half of the

PGS distribution have fewer siblings and parents with higher education levels and household incomes

(£27,859 vs. £11,143). These results suggest a strong association between EA PGS and socioeconomic

19O levels and A levels were national exams taken at approximately age 16 and 18 respectively.
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outcomes, with significant disparities in education, occupation, and parental investment shaping long-

term economic prospects.

A.1.3 Imputation of missing skill measures and missing investments

Our latent factors (skills and investments) are estimated using multiple measures. If for a given factor,

all relevant measures are reported missing, we assign this factor a missing dummy. If, however, a subset

(but not all of) the relevant measures are reported, then we impute the remaining measures. For example,

our age-11 cognitive skill factor is constructed from a reading score, a maths score, and a copying score.

If, for a given sample member, we only know the reading score and the copying score, we impute the

maths score and then predict the age-11 cognitive skill factor for that individual.

To impute the missing measures, we use predictive mean matching regression approach of David

et al. (1986) and French and Jones (2011). First, we regress the measure of interest y (for example, a

maths score at age 11) on the other measures relevant to the factor at that age, x (for example, reading and

copying at age 11), yielding y = xb + e . Second, for each sample member i we calculate the predicted

value ŷi = xib̂ , and for each member with an observed value of yi we calculate the residual êi = yi� ŷi.

Third, we sort the predicted value ŷi into deciles. Fourth, for missing observations, we impute ei by

finding a random individual j with a value of ŷ j in the same decile as ŷi, and setting ei = ê j. The

imputed value of yi is ŷi + ê j. Note that there are different combinations of potential missing patterns.

For example, for some individuals we may have the reading and copying score, but not the maths score,

but for others we may have only the maths score, but not the reading and copying score. We iterate

through all potential combinations and impute the other measures as long as at least one measure for the

factor is available. We analogously impute missing investment and school quality measures.

A.2 Sample Selection

The initial wave of the NCDS consists of 18,558 individuals. We impose the following requirements for

individuals to be included in our sample:

• Genetic information observed: 6,312 observations remain.

• Only those from European ancestry: 6,254 observations remain.

• PGS observed and passed quality control: 6,243 observations remain.
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– Excluded individuals with a high rate of genotype missingness – 3 observations dropped.

– Excluded individuals with a high heterozygosity rate – 6 observations dropped.

– Excluded individuals with a first- or second-degree relative in the sample – 2 observations

dropped.

• Lifetime earnings observed: 5,085 observations remain.

• Parental investment and skills observed or imputed: 4,789 observations remain.

The final sample consists of 2,327 males and 2,462 females. Since some individuals have missing

data for certain variables at some waves, we use dummies for missing values and continue to include

these individuals in the analysis.

B Construction of our polygenic scores

The data set includes 7,496,556 SNPs, based on the hg38 genome build. Given that the majority of

GWASs are derived from samples of European ancestry samples (Ware et al., 2018), and the applicability

of Polygenic Scores (PGS) can vary across ancestry groups (Martin et al., 2017). We drop individuals of

non-European descent.

We confront the issue of “population stratification” –that differences in SNP frequency associated

with socioeconomic status may not be the causal effect of those SNPs, but due to other economic factors

associated with different SNP frequencies. For example, Southern and Northern Europeans have different

SNP frequencies and different incomes, but these income differences are likely not caused by genetic

factors. This stratification can bias the causal effect of genes on outcomes. To mitigate this, we include

the first 10 SNP principal components into our analysis, as recommended by Ware et al. (2018), to

account for within-sample SNP variation, enhancing the reliability of our findings.

Using PLINK2, we construct polygenic scores (PGS) for 54 outcomes, including cognition, mental

health, risk-related behaviors, socioeconomic status (SES), physical health, and height/weight. These

scores are based on publicly available GWAS summary statistics, detailed in Table 6.

Figure 1 shows the density for polygenic scores for educational attainment in the NCDS data. It

shows that the PGS is normally distributed for both men and women. Furthermore, using a Kolmogorov-

Smirnov (K-S) test we cannot reject the hypothesis of identical distributions for men and women (p-value

of 0.71).
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Table 5: Descriptive Statistics and Means by EA PGS

Mean Conditional on EA PGS
Variable Mean SD Higher Lower P-value
Earnings
Average annual earnings 16,967 12,945 18,900 15,035 0.00
Average working hours 32.7 12.2 33.34 32.00 0.00
Occupation
Managerial & Professional 0.36 0.48 0.46 0.25 0.00
Supervisory & Clerical 0.24 0.42 0.23 0.25 0.10
Skilled Manual 0.19 0.39 0.14 0.23 0.00
Semi-skilled & Unskilled 0.22 0.41 0.17 0.27 0.00
Education
Age left education 18.5 1.83 19.1 17.8 0.00
Cognitive Skill at Age 16 (Standardized)
Reading 0.00 1.00 0.29 -0.29 0.00
Math 0.00 1.00 0.30 -0.31 0.00
Non-cognitive Skill at Age 16 (Standardized)�
(Do not) Worry about things 0.00 1.00 0.09 -0.09 0.00
(Not) Irritable, touchy 0.00 1.00 0.02 -0.02 0.29
(Not) Miserable, unhappy, tearful 0.00 1.00 0.07 -0.07 0.00
Parental Investment: Time Investment
Fathers very interested at age 7 0.29 0.45 0.36 0.21 0.00
Mothers very interested at age 7 0.42 0.49 0.51 0.34 0.00
Fathers very interested at age 11 0.35 0.48 0.43 0.26 0.00
Mothers very interested at age 11 0.45 0.50 0.54 0.35 0.00
Fathers very interested at age 16 0.40 0.49 0.49 0.31 0.00
Mothers very interested at age 16 0.43 0.49 0.52 0.33 0.00
Parental Investment: School Quality
PTA holds meetings at age 7 0.61 0.49 0.62 0.60 0.43
Student-teacher ratio at age 11 0.05 0.03 0.05 0.05 0.00
Students doing GCEs at age 11 0.27 0.18 0.30 0.25 0.00
Student-teacher ratio at age 16 0.06 0.01 0.06 0.06 0.00
Students doing GCEs at age 16 0.53 0.33 0.58 0.47 0.00
Students completed school 0.62 0.27 0.67 0.57 0.00
Family Background
Number of siblings 1.84 1.36 1.76 1.92 0.00
Father’s age left school 15.5 2.07 15.9 15.1 0.00
Mother’s age left school 15.5 1.56 15.8 15.2 0.00
Parents’ household income 18,966 8,189 19,283 18,718 0.00

Note: This table presents descriptive statistics and mean values by EA PGS, split into top and bottom halves. The final
sample size is 4,789. Income and earnings are reported as annual values, adjusted to 2014 prices. The final column reports
p-values from F-tests, testing the null hypothesis of equality of means between the top and bottom halves.
� Higher values of the standardized cognitive and non-cognitive skill measures at age 16 indicate better abilities in the
corresponding domains. Thus all non-cognitive skill measures are multiplied by -1.
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Table 6: GWAS Studies Used for Polygenic Score (PGS) Construction

Outcome GWAS Study
Cognitive and Educational Outcomes
Educational Attainment Okbay et al. (2022)
Cognitive Performance Savage et al. (2018)
Intelligence Hill et al. (2019)
Childhood IQ Benyamin et al. (2014)
Mental Health and Personality Traits
ADHD Demontis et al. (2019)
Mental Health Baselmans et al. (2019)
Major Depressive Disorder (MDD) Howard et al. (2019)
Tiredness Deary et al. (2018)
Loneliness Day et al. (2018)
Agreeableness De Moor et al. (2012)
Anorexia Nervosa Watson et al. (2019)
Risk-related Behaviors
Age at First Sex Mills et al. (2021)
Speeding Propensity Karlsson Linnér et al. (2019)
Smoking David et al. (2012)
Ever Smoked Karlsson Linnér et al. (2019)
Risk Tolerance Karlsson Linnér et al. (2019)
Drinks Per Week Karlsson Linnér et al. (2019)
Cannabis Use Pasman et al. (2018)
Alcohol Use Schumann et al. (2016)
Cigarettes Per Day Liu et al. (2019)
Alcohol Dependence Walters et al. (2018)
Risk Behavior Composite Karlsson Linnér et al. (2019)
Physical Health and Well-being
Self-Rated Health Harris et al. (2017)
Coronary Artery Disease Schunkert et al. (2011)
Obesity Berndt et al. (2013)
Forced Expiratory Volume (FEV) Soler Artigas et al. (2015)
Insomnia Jansen et al. (2019)
Sleep Duration Jones et al. (2016)
Chronotype Jones et al. (2016)
Socioeconomic Status (SES) and Demographic Outcomes
Household Income Hill et al. (2016)
Age at First Birth Barban et al. (2016)
Longevity Timmers et al. (2019)
Number of Children Ever Born Barban et al. (2016)
Townsend Deprivation Index Hill et al. (2016)
Height/Weight
Body Mass Index (BMI) Yengo et al. (2018)
Birth Weight Horikoshi et al. (2016)
Height Yengo et al. (2018)
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