The DNA of Enterprise: Genetic Endowments,
Entrepreneurship and Wealth Distribution™

Qianyu Yang' Naijia Guo* Weilong Zhang®
March 27, 2026

Latest version: link

Abstract

Entrepreneurship is central to both the level and persistence of wealth inequality.
This paper studies the role of genetic endowments in shaping entrepreneurial selection,
intergenerational mobility, and wealth concentration by combining polygenic score evidence
with a structural overlapping-generations model. We show that genetic endowments for
educational attainment and risk tolerance drive both entry into entrepreneurship and long-run
survival. Quantitatively, they explain about 28 percent of intergenerational persistence and a
comparable share of worker-to-entrepreneur transitions. At the individual level, they account
for about 28 percent of the variation in lifetime entrepreneurial duration and 17 percent
of lifetime utility. Genetic mechanisms are critical for the extreme right tail: eliminating
intergenerational genetic transmission reduces the wealth gap between the top 0.1 percent
and the bottom 90 percent by over 90 percent. A policy experiment relaxing credit constraints
reveals strong gene-by-environment interactions: gains are initially concentrated among
high-endowment individuals, but become more broadly shared in the long run through

dynastic wealth accumulation and intergenerational transfers.
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1 Introduction

Entrepreneurship is central to understanding both the level and persistence of wealth inequality.
Entrepreneurs operate technologies that scale nonlinearly with capital and skill, allowing them
to leverage resources and generate disproportionately large returns (Rosen, 1981; Akcigit et al.,
2018; Aghion et al., 2019). As a result, entrepreneurial activity is a key driver of the extreme
right tail of the wealth distribution, where a small fraction of individuals accumulates outsized
fortunes! Understanding who becomes an entrepreneur and who remains successful over time
is therefore essential for explaining not only wealth inequality, but also its persistence across
generations.

Arobustempirical nding is that entrepreneurship itself is highly persistent across generations:
the children of entrepreneurs are signi cantly more likely to become entrepreneurs (Dunn and
Holtz-Eakin, 2000; Lindquist et al., 2015; Hvide and Oyer, 2018). This intergenerational
persistence suggests that the forces driving entrepreneurial selection also shape the dynastic
transmission of wealth at the top. Traditional explanations emphasize the transmission of human
capital, nancial resources, and family networks (Holtz-Eakin et al., 1994b,a; Dunn and Holtz-
Eakin, 2000; Fairlie and Robb, 2007). However, a substantial portion of this persistence remains
even after conditioning on education, wealth, and observable skills (Levine and Rubinstein,
2017Db), pointing to additional mechanisms that sustain entrepreneurial dynasties and, in turn,
wealth concentration.

One important and long-standing mechanism underlying this intergenerational persistence is
the genetic link between parents and children. While the role of innate ability has long been
recognized in economics, it has historically been di cult to measure directly and therefore
remainsan elephantin the room in explaining entrepreneurial dynasties and wealth persistence.
Recent advances in molecular genetics now make this mechanism empirically accessible. Recent
advances in molecular genetics provide a direct measure of genetic endowment, o ering new
insights into intergenerational transmission. Polygenic scores, indices that aggregate the small
e ects of thousands of genetic variants, serve as economically meaningful proxies for traits
linked to education, risk tolerance, and other characteristics relevant to entrepreneurial behavior
(Rietveld et al., 2013; Okbay et al., 2016; Lee et al., 2018; Hill et al., 2019; Okbay et al., 2022).
These measures enable researchers to observe the genetic endowments of both parents and
children, thereby allowing for the explicit analysis of biological transmission (Kong et al., 2018;
Houmark et al., 2020). These data allow us to directly observe the genetic endowments of both
parents and children, opening the door to a systematic analysis of how biological transmission
contributes to entrepreneurial selection, persistence, and wealth accumulation.

We address this gap by analyzing how genetic endowments a ect the intergenerational

1See, for example, Quadrini, 1999; Cagetti and De Nardi, 2006a; Saez and Zucman, 2016; Fagereng et al.,
2020; Bach et al., 2020.

2Early evidence from twin and family studies suggests that entrepreneurial propensity has a substantial heritable
component; see, for example, Nicolaou and Shane (2010) and Lindquist et al. (2015). However, these approaches
identify heritability without directly observing the underlying traits.
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persistence of entrepreneurship and the distribution of wealth. We rst provide empirical
evidence documenting the relationship between speci c polygenic scores and entrepreneurial
selection and performance. We then develop an overlapping generations model that embeds
multi-dimensional genetic endowments into a general equilibrium life-cycle framework, in
which entrepreneurship is modeled as an endogenous occupational choice subject to credit
constraints. Finally, we conduct counterfactual experiments to quantify the contribution of
genetic endowments to intergenerational mobility and wealth inequality.

We rst conduct a systematic empirical analysis of a broad set of polygenic scores to
identify which dimensions of genetic endowment are most relevant for entrepreneurial behavior.
Polygenic scores for educational attainment and risk tolerance emerge as the strongest predic-
tors of entrepreneurial entry, measured usid 43pfrom Okbay et al. 2022 anéb ( ass:
from Karlsson Linnér et al. 2019. Individuals with higher scores along these dimensions
are signi cantly more likely to select into entrepreneurship. Furthermore, the returns to both
the educational-attainment and risk-tolerance polygenic scores are substantially larger in en-
trepreneurship than in paid employment, suggesting that these traits are di erentially rewarded
across occupations. Accordingly, we incorporate these two polygenic scores as predetermined
measures of genetic endowment in the structural model.

In our model, individuals make consumption, savings, and occupational choices. Parents
additionally make decisions about investments in and transfers to their children. Genes directly
a ect the productivity of workers and entrepreneurs. They can also in uence the formation of
pre-market traits proxies for human capital which in turn a ect productivity and preferences
across occupations. The model incorporates three intergenerational channels. First, individuals
inherit genetic endowments directly from their parents. Second, gene environment interaction
operates through parental skill investments (i.e., genetic nurture ), whereby parents adjust
their investments in human capital in response to their children's genetic traits. Third, parents
provide inter vivos transfers that relax children's nancial constraints and thereby a ect entry
into entrepreneurship. Through these channels within a life-cycle setting, we quantify how
inherited traits shape occupational choice, business performance, and the evolution of dynastic
wealth trajectories.

We estimate the model using the simulated method of moments, combining two complemen-
tary longitudinal datasets: Understanding Society and the National Child Development Study.
The former provides rich information on labor market outcomes and entrepreneurial activity,
including a subsample of parent child pairs with genetic data available for both generations. The
latter o ers detailed information on parental investments, childhood skill formation, and genetic
data for children.

The model matches a rich set of targeted moments: the share of entrepreneurs, the earnings
pro les of workers and entrepreneurs across genetic endowments, patterns of parental investment
and transfers, and the Gini coe cients for income and wealth. It further replicates several

3Consistent with the literature, we de ne entrepreneurs as business owners with incorporated status, distin-
guishing them from the broader self-employed.



untargeted moments, including the intergenerational elasticities of earnings and consumption
and top wealth shares across the distribution, providing out-of-sample validation of its core
mechanisms. Notably, it closely matches the top 1% wealth share, one of the most demanding
features of the wealth distribution to replicate.

Our estimation shows that genetic endowments for educational attainment and risk tolerance
play important roles in entrepreneurial selection and performance. Individuals with higher
polygenic scores along these dimensions exhibit greater productivity in entrepreneurship than in
paid employment and also derive higher non-pecuniary bene ts from business ownership.

After estimation, we begin by conducting counterfactual analyses to assess the importance of
genetic endowment. First, we shut down the intergenerational genetic link, which eliminates
dynastic sorting while preserving individual-level genetic heterogeneity. Second, we further
shut down all genetic heterogeneity by removing genetic inputs from all parts of the model. This
exercise yields two major ndings.

Our analysis yields two main ndings. First, genetic endowments play a dual role in shaping
both intergenerational mobility and individual lifetime outcomes. At the intergenerational level,
the transmission of genetic traits reinforces entrepreneurial persistence, while the stochastic
nature of inheritance generates worker-to-entrepreneur transitions. Quantitatively, genetic
endowments explain approximately 28 percent of entrepreneurial persistence and a comparable
share of transitions from worker families into entrepreneurship. These e ects are substantially
stronger when persistence is de ned in terms of sustained entrepreneurial activity, indicating
that genetic mechanisms primarily govern long-run survival rather than entry. This pattern is
consistent with theories of entrepreneurial selection and creative destruction, which emphasize
that only individuals with traits suited for innovation, scaling, and strategic adaptation survive
over extended horizons (Akcigit et al., 2018; Aghion et al., 2019).

Given their importance in shaping intergenerational mobility, genetic endowments also
play a meaningful role in explaining lifetime variation in economic outcomes. In particular,
they account for about 28 percent of the variation in entrepreneurial duration, re ecting their
central role in sustaining entrepreneurial activity over the life cycle. This, in turn, translates into
more modest but nontrivial contributions to broader outcomes, explaining roughly 6 percent
of the variation in lifetime earnings and about 17 percent of the variation in lifetime utility.
These ndings connect to a large structural literature showing that a substantial share of lifetime
inequality can be attributed to initial heterogeneity (Keane and Wolpin, 1997; Huggett et al.,
2011; Todd and Zhang, 2020). Our results provide a structural interpretation of part of this
heterogeneity: genetic endowments constitute an important component of initial conditions, but
they account for only part of the overall variation in lifetime outcomes.

Second, genetic mechanisms are central to explaining extreme wealth concentration. In the
benchmark economy, individuals in the top 0.1 percent hold wealth roughly 270 times that of
the bottom 90 percent. Eliminating intergenerational genetic transmission reduces this ratio
dramatically to around 20, while further removing genetic heterogeneity lowers it only slightly.
These patterns indicate that dynastic transmission of entrepreneurial-relevant traits is the primary



driver of the extreme right tail, while the broader wealth distribution is largely una ected.

These results speak naturally to theories that attribute top income and wealth inequality to
the emergence of superstar entrepreneurs. Models of scale and talent, beginning with Rosen
(1981), show how small di erences in ability can generate disproportionately large rewards
when production technologies are scalable. Empirical work (e.g., Gabaix and Landier, 2008;
Kaplan and Rauh, 2013) further documents how market scale ampli es returns at the very
top. Our ndings provide a dynastic foundation for this mechanism: persistent transmission of
entrepreneurial-relevant traits sustains extreme wealth concentration across generations.

Consistent with this interpretation, we observe strong sorting of genetic types across the
wealth distribution. Individuals with high entrepreneurial-relevant genetic endowments are
substantially over-represented in the top 0.1 percent, while those with low endowments are
under-represented. This pattern indicates that entry into and persistence at the very top is not
random, but re ects systematic selection on traits associated with entrepreneurial success.

Third, we study a policy experiment that relaxes credit constraints and interpret it as a
gene-by-environment interaction. We assess the policy's impact both in the short run and in the
long run. The short-run e ect captures the response of the next generation given the existing
distribution of genetic endowments, while the long-run e ect compares the benchmark steady
state to the new steady state after intergenerational dynamics have fully adjusted.

The e ects of this policy di er sharply across horizons. The key distinction arises from
the extensive margin of entrepreneurship. In the long run, substantially more individuals enter
entrepreneurship, and this expansion accounts for a large share of the aggregate gains. By
contrast, the intensive margin existing entrepreneurs scaling up their businesses responds
similarly in both the short run and the long run.

The underlying mechanisms also di er across horizons. In the short run, the gains are driven
primarily by a self-accumulation e ect: individuals bene t directly from relaxed borrowing
constraints by accumulating more wealth and expanding or entering entrepreneurship. In the
long run, however, dynastic channels become central. Increased parental support, particularly
through inter vivos transfers, and to a lesser extent through parental investment, plays a dominant
role in enabling entry into entrepreneurship for the next generation. This shift highlights that
the long-run impact of nancial policies operates largely through intergenerational wealth
transmission rather than immediate individual responses.

Related literature This paper contributes to three strands of literature.

First, our paper connects to the structural entrepreneurship literature. A robust empirical
nding is the strong intergenerational persistence of entrepreneurship (Lindquist et al., 2015;
Hvide and Oyer, 2018). Classic evidence highlights human capital and nancial capital as
important drivers, since parental self-employment and wealth strongly predict entrepreneurial
entry among children (Holtz-Eakin et al., 1994b,a; Dunn and Holtz-Eakin, 2000; Fairlie and
Robb, 2007). Yet these explanations do not fully account for sources of persistence. Even after
conditioning on wealth, networks, and observed skills, substantial variation remains (Levine and



Rubinstein, 2017b). Adoption studies provide especially compelling evidence: both pre-birth
genetic inheritance and post-birth rearing environments shape entrepreneurial transmission
(Lindquist et al., 2015). However, this literature typically treats heterogeneity as exogenous
and does not model its intergenerational origins (Hamilton, 2000; Hamilton et al., 2019; Guo
and Leung, 2021). Our contribution is to provide a structural framework in which inherited
genetic endowments shape both entrepreneurial selection and performance, and to quantify how
biological transmission contributes to entrepreneurial dynasties.

Second, the paper contributes to the emerging literature integrating molecular genetic
measures into economics. Polygenic scores have been shown to predict education, income, and
wealth (Rietveld et al., 2013; Okbay et al., 2016; Lee et al., 2018; Okbay et al., 2022). Recent
work highlights the importance of gene environment interaction and genetic nurture in shaping
economic outcomes (Kong et al., 2018; Barth et al., 2020; Houmark et al., 2024; Arold et al.,
2025; Biroli et al., 2026a). However, without an explicit causal framework, correlations between
polygenic scores and economic outcomes are di cult to interpret (Durlauf and Rustichini, 2023).
Structural modeling is therefore essential to quantify how genes operate through economic
channels.

The papers closest to ours are Barth et al. (2022a) and Rustichini et al. (2023). Rustichini
et al. (2023) demonstrates that polygenic scores correlate strongly with educational attainment
and intergenerational mobility but does not model the economic mechanisms linking inherited
traits to occupational choice or wealth accumulation. Barth et al. (2022a) incorporates genetic
endowments as a source of initial heterogeneity in a life-cycle model of consumption and savings
with portfolio decisions. Our key advance is to embed genetic transmission within an explicit
intergenerational structure using an overlapping generations framework, allowing us to quantify
the distinct channels including genetic inheritance, parental investments, and parental transfers

through which genetic endowments a ect persistence.

Third, our paper relates to the literature on wealth concentration and the role of en-
trepreneurship and innovation in generating the fat right tail of the wealth distribution. Standard
heterogeneous-agent models struggle to replicate the extreme concentration of wealth without
introducing additional mechanisms such as entrepreneurial risk, credit constraints, or persistent
heterogeneity (Krusell and Smith, 1998; De Nardi, 2004). A large body of work emphasizes that
entrepreneurship and innovation are central engines of top wealth accumulation (Quadrini, 1999).
Models of innovation-driven growth and superstar dynamics show that scalable technologies
and innovation rents can generate highly skewed income and wealth distributions (Aghion et al.,
2009; Akcigit et al., 2018). Recent work further highlights the importance of identifying and
cultivating high-ability individuals for innovation-driven growth (Aghion et al., 2019). Empirical
evidence also shows that extraordinary returns and selection into high-return entrepreneurial
activities are central drivers of wealth concentration at the top (Saez and Zucman, 2016; Fagereng
et al., 2020; Bach et al., 2020).

While this literature points to the importance of scalable innovation technologies, selection,
and dynastic persistence in generating the fat right tail, the structural source of such persistent



talent remains largely unspeci ed. Our ndings suggest that inherited genetic di erences
constitute an important microfoundation for this persistent heterogeneity. By shaping both
entrepreneurial entry and the returns to entrepreneurial activity, genetic endowments help explain
how innovation-driven superstar dynamics translate into sustained wealth concentration across
generations.

The remainder of the paper is organized as follows. Section 2 presents reduced-form evidence
on the relationship between genetic endowments and entrepreneurial outcomes. Section 3
develops an overlapping-generations model that integrates genetics into economic decision-
making. Section 4 describes the estimation strategy and discusses identi cation. Section 5
presents the main results from the estimated model, including a quanti cation of the genetic
channels. Section 6 presents and discusses the policy experiment. Section 7 concludes.

2 Empirical Insights

Our analysis hinges on the UK Household Longitudinal Study (UKHLS(Understanding Society))
as the primary dataset for examining links between genetic endowments and career trajectories,
including entrepreneurial choices over the life cycle. UKHLS o ers rich annual data on income,
employment, education, health, well-being, and attitudes, as well as ne-grained occupational
histories. Crucially, it distinguishes entrepreneurs running incorporatedfroma other forms

of self-employment like sole proprietorship or partnerships. This distinction is central, as
highlighted in the literature: incorporated entrepreneurs are more likely to engage in innovation
and rm growth, while unincorporated self-employment often re ects necessity or exible labor
supply decisions rather than entrepreneurial ambition (Hurst and Pugsley, 2011; Levine and
Rubinstein, 2017a). Recognizing this heterogeneity is therefore essential for understanding the
role of genetic endowments in shaping career dynamics and risk-taking behavior.

Among the 9,920 genotyped individuals, our core analytic sample includes 7,029 with
complete data on education, self-employment, and savings. The availability of genetic data from
970 child parent pairs further enhances our ability to explore intergenerational mechanisms
such as genetic nurture and assortative mating. A detailed summary of the available genetic
endowments is provided in Appendix Table A.1.

Complementing this, the National Child Development Study (NCDS) follows all children
born in Britain during a single week of March 1958. It records detailed measures of parental
investments, such as parental time, school quality, and family background, alongside the
development of children's cognitive and non-cognitive skills. Later waves capture education,
occupation, and earnings. Genetic data were added through the age 44/45 Biomedical Survey,
enabling the construction of polygenic scores (PGSs). The unique strength of the NCDS lies in its
ability to connect early-life investments with genetic endowments and adult outcomes, o ering
insights into how family environments shape skill formation and individual heterogeneity.

4This is identi ed through indicators such as business account preparation for tax purposes.
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In combination, the NCDS links genetics with parental investments and lifetime earnings,
while UKHLS captures career trajectories and entrepreneurial choices with the added advantage
of intergenerational genetic data.

2.1 Selection of Polygenic Scores

We measure genetic endowments using polygenic scores (P@Bdhe best of our knowledge,

there is no validated polygenic score designed speci cally for entrepreneurial choice. This is
unsurprising, as entrepreneurship is a multifaceted outcome shaped not only by initial genetic
endowments but also by post-birth environments, including parental investment, education, and
family background. We therefore begin by empirically identifying the speci ¢ genetic traits that
distinguish entrepreneurs from workers. We examine whether entrepreneurs and workers share
the same genetic distributions and, if not, which traits drive these di erences.

By combining annual career-choice data with genetic information, we nd that entrepréneurs
exhibit distinct genetic pro les compared to workers. Figure 1 displays the PGSs that di er
signi cantly between the two groups. Measured in standard deviation units relative to the
population mean, entrepreneurs possess, on average, a statistically signi cant 17% higher score
for educational attainmen¥q ( 43p and a 13% higher score for risk toleranég ( asg). Beyond
these two prominent traits, PGSs related to health (longevity, major depression), personality, and
income also exhibit statistically signi cant, though smaller, distributional di erences.

We further investigate the association between each PGS and the probability of ever entering
entrepreneurship by estimating the following logistic regression:

PriEntrepreney=1°= Uy, UPGS, WPCs, UsSEXg, e (1)

whereEntrepreneyis an indicator for whether individu@has ever been an entrepreneur.
The coe cient U; captures the association between a one-standard-deviation increase in the
polygenic score and the log-odds of entrepreneurial entry, conditional on g&teh&) @nd the

top ten genetic principal componenB®{g). These principal components account for population
strati cation (systematic genetic di erences across ancestry groups that may correlate with
socioeconomic factors and otherwise bias estimates) (Price et al., 2006).

Figure 2 summarizes these relationships. Two polygenic scores emerge as particularly robust
predictors. First, the educational attainment P&S((435 Okbay et al. 2022) exhibits a strong
positive association with entrepreneurship, consistent with the role of cognitive ability and human
capital in venture creation. Second, the risk-tolerance P6$ £sg. Karlsson Linnér et al.
2019) is strongly predictive, as it captures genetic variation in willingness to bear uncertainty,
which is central to business formation.

For our structural analysis, we focus on these two scores for both empirical and theoretical

SDetailed information on the construction and validation of these genetic measures is provided in Appendix A.
5The entrepreneur group includes individuals ever observed running their own business; the remainder are
classi ed as workers.



Figure 1: Di erences in the Distribution of PGSs Between Entrepreneurs and Workers

Note: This gure compares the mean values of polygenic scores (PGSs) between individuals who have ever
been self-employed and those who have always worked for someone else. Bars represent the di erence in group
means with 95% con dence intervals. Traits include educational attainment, risk tolerance, income, personality,
mental health, and longevity. Educational attainment and risk tolerance exhibit the largest positive di erentials for
entrepreneurs.

reasons. Empirically, they exhibit the largest and most statistically signi cant di erences between
entrepreneurs and wage workers. Theoretically, they proxy for human capital and risk attitudes,
two concepts with deep foundations in the entrepreneurship literature (Levine and Rubinstein,
2018; Kihlstrom and La ont, 1979; Koudstaal et al., 2016). While other polygenic scores
show some correlation with entrepreneurship, their magnitudes are smaller and the economic
mechanisms are less clear. Thereféte( 43pand% ( agsprovide the most direct means to
identify how genetic endowments shape entrepreneurial selection through the distinct channels
of human capital accumulation and risk preferences.

2.2 The Genetic Landscape of Entrepreneurs

To identify the mechanisms driving the relationship between genetic endowments and economic
outcomes, we stratify our sample into four groups based on a median split of polygenic scores
for educational attainmen®{ ( 43p and risk tolerance% ( agg). This approach allows us to
document how the interaction between these genetic traits correlates with family background,
human capital accumulation, and occupational choice. Table 1 presents these descriptive
gradients.

Occupational Choice and Earning$Ve nd a distinct genetic gradient in entrepreneurship.
As shown in Panel A of Table 1, the propensity to become an entrepreneur rises with both
genetic dimensions, peaking at 13.3% for individuals in the Hgh- 43p high% ( ags:-group.
This group also exhibits the highest average earnings and the signi cant earnings dispersion



Figure 2. Associations Between PGSs and the Probability of Ever Being an Entrepreneur

Note: Standardized coe cients are estimated from separate logistic regressions of ever being an entrepreneur
on individual polygenic scores (PGSs). Each regression controls for gender and the top 10 genetic principal
components. PGSs are grouped into six domains: intelligence, mental health, risk-related behavior, physical
health, socioeconomic status (SES), and height/weight. Each bar displays the absolute value of the estimated
association, with horizontal lines indicating 95% con dence intervals. Yellow bars denote positive associations
and blue bars negative ones. The red bar highlights the educational attainment PGS. Statistically signi cant
estimates are marked with red asterisks. Abbreviations: MDD = major depressive disorder; CAD = coronary
artery disease; FEV = forced expiratory volume (lung function).

typical of entrepreneurial risk. In contrast, those with low endowments in both dimensions earn
substantially less and are the least likely to enter entrepreneurship.

Gene-Environment Correlation®anel B highlights a strong mechanical driver of persistence:
the correlation between genetic endowments and family background (often termed passjve
Individuals with high% ( 43pare signi cantly more likely to hail from families with high
parental human capital and entrepreneurial experience. For instance, the proportion of fathers
with a university degree is more than double for individuals in the Bigl-43pgroups compared
to the low9 ( 43pgroups. This gradient extends to parental occupation: individuals with the
highest combined genetic endowments for risk and education are notably more likely to have a
parent who was an entrepreneur.
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Direct Genetic TransmissiorPanel C con rms that these patterns are driven by biological
transmission rather than solely by environmental correlation. Children with %ighysp
and% ( agshave parents who possess similarly high polygenic scéteg Z3Dand% ( ZSB):,
con rming that the intergenerational correlation in outcomes is partly rooted in the inheritance
of productivity-enhancing traits.

Human Capital and InvestmenEinally, Panel D elucidates how these initial endowments
translate into pre-market di erences. We construct standardized measures of cognitive and
non-cognitive skills at age 16. The gradient is stark: individuals in the top half &fotlie;sp
distribution score approximately 0.5 standard deviations higher in cognitive skills than their
lower-ranked peers.

Crucially, the data on parental investments suggests a mechanisgmiofcementor
evocativeA ). Using a standardized index of parental time investment measured at ages 7,
11, and 16, we nd that parents invest signi cantly more time in children with high genetic
endowments. This implies that parental behavior ampli es, rather than compensates for, genetic
di erences, creating a powerful channel for the persistence of inequality.
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Table 1: Descriptive statistics by PGS group

% ( 43D
Low (<50%) High (>50%)
% ( asB: Low High Low High
Panel A: Individual characteristics
Ever became entrepreneur (prop.) 0.103 0.111 0.122 0.133
Earnings (2015 ¢)
Mean 18,418 18,971 21,245 22,204
Std. dev. 14,722 16,151 17,646 18,841
Panel B: Family background (measured at age 14)
Father's characteristics
University degree (prop.) 0.047 0.058 0.096 0.115
Entrepreneur (prop.) 0.040 0.045 0.043 0.059
Mother's characteristics
University degree (prop.) 0.031 0.042 0.049 0.078
Entrepreneur (prop.) 0.004 0.007 0.006 0.008
Parents' household income (2015 ¢)* 18,862 18,580 19,063 19,516
Panel C: Parental genes
% ( ;':3D(std.) -0.282 -0.271 0.296 0.277
% ( pgg.(Std.) -0.109 0.143 -0.108 0.135
Panel D: Parental investments and pre-market outcomes
Pre-market outcomes
University degree (prop.) 0.270 0.312 0.430 0.471
Risk-taking (0 10 scale) 4.896 5.242 5.041 5.315
Cognitive skills at 16 (std.) -0.257 -0.283 0.265 0.275
Non-cognitive skills at 16 (std.) -0.031 -0.205 0.154 0.085
Parental investments (std.)
Investment at age 7 -0.169 -0.147 0.177 0.136
Investment at age 11 -0.161 -0.182 0.169 0.171
Investment at age 16 -0.146 -0.156 0.145 0.156

Notes: This table presents descriptive statistics for individuals grouped by median splits of their polygenic scores
(PGS) for educational attainmenb(( 43p) and risk preferencef ( ags). Earnings are annual gross income in

2015 British pounds. Variables labeled (prop.) are proportions. Variables labeled (std.) are standardized to
have a mean of 0 and a standard deviation of 1 in the full sample. Parental geiie? @re the standardized
average of both parents' scores. Parental investments represent a standardized index of time investment derived

from teacher and parent reports. An * indicates metrics from the NCDS sample; others are from Understanding
Society.

2.3 Reduced-Form Evidence on Entrepreneurial Entry and Earnings

To move beyond simple correlations, we present reduced-form evidence on how genetic
endowments shape entrepreneurship through education, risk preferences, and family background.
Table 2, columns (1) (3), examines the determinants of entrepreneurial entry. The results
reveal that polygenic scores for educational attainm#n{ (;3p and risk tolerance% ( asg)
are both signi cant predictors, though they appear to operate through distinct channels. Cru-
cially, genetic e ects persist even after controlling for their phenotypic counterparts (years of
education and measured risk preference). This suggest$otiiaispand% ( agsin uence
entrepreneurship through mechanisms beyond observed human capital and self-reported risk
attitudes. The residual e ect & ( 43plikely re ects broader cognitive traits, such as executive
function and processing speed, which support entrepreneurial learning and strategy beyond
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formal schooling (Okbay et al., 2022). Similar¥ ( asgfemains signi cant after controlling
for risk preference, aligning with its known correlation with personality traits like extraversion
and opennesgdraits that are robust predictors of rm creation (Hamilton et al., 2019).

When we introduce family background controls (Column 3), distinct transmission patterns
emerge. The coe cient or% ( 43p becomes statistically insigni cant, suggesting that its
in uence on entry operates primarily through the family environment speci cally, the resource
advantages associated with parental background (genetic nurture). In contrast, the coe cient on
% ( agsfemains signi cant and stable, indicating a more direct genetic in uence that is less
dependent on family socioeconomic status.

We next examine how these genetic endowments translate into economic returns. Table 2,
columns (4) (9), compares the determinants of log earnings across occupational contexts:
wage employment (columns 4 6) versus entrepreneurial ventures (columns 7 9). The results
reveal substantially higher returns to genetic endowments in entrepreneurship, particularly for
individuals with high% ( 43pand% ( ass-

For risk tolerance% ( asg), entrepreneurs earn approximately 7% more per one-standard-
deviation increase in the polygenic score. This premium persists even after controlling for
education, risk preferences, and family background. The mechanism likely re ects the alignment
between genetic traits and the nature of the task: individuals with%igh,sgimay be better
equipped to thrive in uncertain environments, launching more ambitious ventures or investing
more aggressively to capture upside potential opportunities that are largely absent in wage
employment.

Educational genetic$4 ( 43p also exhibit stark occupational di erences. In the wage sector,
the returns td ( s43pdecline dramatically as controls are added: a one-standard-deviation
increase raises earnings by 7.8% without controls but only 1.8% with controls. This indicates
that for workers, the genetic advantage is largely mediated through formal education and family
background. In contrast, entrepreneurs enjoy much larger premiums (12.1% without controls) that
remain substantial (6.5%) even after all controls are included. This pattern sugge%ts(thab
captures valuable non-cognitive skills such as strategic reasoning and adaptability that are
particularly rewarded in the complex, self-directed environment of business ownership. These
genetic advantages appear to be most valuable in ventures requiring strategic investment and
innovation, where formal credentials matter less than actual capability.

"Karlsson Linnér et al. (2019) report genetic correlations of 0.51 with extraversion and 0.33 with openness.
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Table 2: Determinants of Entrepreneurial Entry and Earnings

Entrepreneurial Entry Log Earnings (Workers) Log Earnings (Entrep.)
(1) (2) (3) (4) (5) (6) (7) (8) (9)
% ( 43D 0.01*** 0.01** 0.00 0.08** 0.02*** 0.02** 0.12*** 0.06*** 0.07***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.02) (0.02) (0.02)
% ( AsB: 0.01* 0.01* 0.01* 0.01** -0.01** -0.01*** 0.08*** 0.07*** (.07***
(0.00) (0.00) (0.00) (0.00) (0.00) (0.00) (0.02) (0.02) (0.02)
Years of education 0.01***  0.00 0.13*** (Q,12*** 0.12*** (.11***
(0.00) (0.00) (0.00)  (0.00) (0.01) (0.01)
Risk preference 0.02%** (Q,01*** 0.03*** 0.03*** 0.04**x (0.04***
(0.00) (0.00) (0.00) (0.00) (0.01) (0.01)
Phenotypic Controls a /] (/] %] %) 0]
Family SES Controls /] /] /]
Observations 7,118 7,118 7,118 127,900 127,900 127,900 3,722 3,722 3,722

Notes: This table reports regression estimates for the determinants of entrepreneurial entry and earnings. Columns
(1) (3) estimate a linear probability model for ever being an entrepreneur. Columns (4) (6) examine log earnings
for wage workers, and Columns (7) (9) examine log earnings for entrepreneurs. Phenotypic controls include age,
age squared, years of education, and self-reported risk preference. Family SES controls include parental education
and occupational status. Standard errors are in parenthesesY®®p, ** pY0.05, * py0.1.

3 Model

The model consists of two main building blocks. First, the skill formation process captures
the interplay between nature and nurture during childhood, following Houmark et al. (2024).
Skill heterogeneity is summarized by pre-market types, which determine initial labor-market
productivity upon entry at age 24. Second, we incorporate entrepreneurship decisions within a
general equilibrium overlapping-generations (OLG) framework, following Cagetti and De Nardi
(2006b, 2009), allowing individuals to self-select into di erent career paths based on inherited
wealth and multidimensional abilities. The formal speci cation appears in the subsequent
subsections.

Environment and Timeline The economy is modeled in a dynastic overlapping-generations
framework where each perid@ispans six years. The life cycle consists of three active stages
from age 24 to 60, followed by retirement (Figure 3). Before age 24, individuals are dependent
children living in their parents' households, and all decisions are made by parents. State variables
associated with children are denoted by the supers2riphile those without superscripts refer

to parents.

Agents enter the model at age 22X 1) as independent adults, characterized by genetic
endowmen®, accumulated human capitgland inherited asse@. In this stage, they observe
their productivity shocl; and decide on consumption, savings, and entrepreneurial entry.

At age 30 @= 2), agents enter parenthood. The child's genetic endowreistrealized,
and the household expands to include a dependenttiiktween ages 30 and 48€ 2 5),

8We assume a single child born at a deterministic period to maintain computational tractability, a common
simpli cation in the quantitative OLG literature (e.g., Daruich, 2018; Lee and Seshadri, 2019). While we recognize
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in addition to consumption, saving, and occupational choices, parents allocate time to parental
investment that shapes the child's skill formation.

At age 54 @ = 6), the child reaches adulthood. Their pre-market tgpeand initial
productivity shockD% are realized. Observing these, the parent then makes a on@tene
vivostransferof to launch the child's independent household, remains active for one nal period,
and then retires at age 60.

Figure 3: Model Timeline

Enter Model g® and)’ realized, _
Endowments 6— g—@, shocksDy then make transfep?  EXit Model
PARENT 24(9=1) 30(9=2) 54 (9= 6) 60(9=7)
. 1 Without : 2 WithA 3. Chidis _
Stage A Child . Dependent Child  Independent : Retirement
Entrepreneurship 3 ]
Decisions Parental Investmenté

Consumption & Savingf ; . :

0 24(9= 1) 30(9=2)

CHILD t f }
62 realized Enter Model

Endowmentd 6°— g— Gg, shocks

Preferences Households derive utility from two distinct sources: pecuniary consumption and
the non-pecuniary bene ts associated with entrepreneurship. The per-period ow utility for an
independent individual of ag@and typeg is given by:

21 W
- — 9 —
*129_|9’go_ﬁ/\/’ 19 D 9- Ya (2)
where2g denotes consumption ahd represents the occupational choice.

The rst term captures the pecuniary utility derived from consumption, which is assumed
to be homogeneous across all individuals and governed by the relative risk aversion parameter
W The second terml,, captures the non-pecuniary utility of entrepreneurship, which is
heterogeneous across di erent pre-market type3 his component captures preferences for
autonomy and risk-taking, re ecting the idea that individuals often pursue entrepreneurship for
reasons beyond purely nancial gain (Hamilton, 2000; Hurst and Pugsley, 2011; Koudstaal et al.,
2016).

Genetics We focus on two dimensions of genetic endowment, measured by polygenic scores:
educational attainmen®q ( 43p and risk tolerance% ( agg). Following Barth et al. (2022b)
and to maintain computational tractability, we discretize each score at the sample median into

that endogenizing the fertility decision or allowing for multiple children born at di erent stages of the life cycle
would provide richer dynamics, we leave these as further extensions.
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High (H) and Low (L) categories. This discretization also allows us to remain agnostic about
whether individuals observe their exact polygenic scores: agents are assumed not to know their
precise genetic endowments, but to infer their coarse type (high versus low) and condition
decisions on this information. This yields a state space of four composite genetic types:

6=1% (430 % ( age 2 FLH-HO—1H- o—1| —Ho—1| | °¢p

The intergenerational transmission of these traits is governed by a Markov transition matrix,
162 j 6°, estimated directly from parent-child pairs. This matrix, visualized in Figure 4,
encapsulates the dual nature of genetic inheritance. First, the diagonal elements capture
intergenerational persistencg@arents with favorable genetic endowments are statistically more
likely to pass these traits to their o spring, creating a biological foundation for dynasties. Second,

the o -diagonal elements capture th@ndomness of the genetic transmissiexden parents with
extreme genetic advantages face non-negligible probabilities of having children with di erent
genetic pro les. This stochasticity is crucial, as it allows the model to distinguish between
deterministic dynasty e ects and probabilistic genetic transmission.

Pre-market Types and Their Formation We use pre-market types to capture heterogeneity
present at labor market entry (age 24). The pre-market type acts as a central mediator
linking genetic endowments to pre-market productivity. While separate production functions
for educational attainment and risk preferences would be ideal, we preserve computational
tractability by compressing these dimensions into a one-dimensional type, which substantially
reduces the state space while retaining the key economic channels. To recover a parsimonious
set of latent types, we applymeans clustering to observed educational attainment and risk
tolerance, following Bonhomme et al. (2019); Jolivet and Postel-Vinay (2025).

In practice, we model type formation using a multinomial logit for the realized gy T,
conditional on the parental tyg parental genetic endowmesitthe child's genetic endowment
62, and parental investme8tHKeane and Wolpin, 1997; Todd and Zhang, 2020):

exp )%2 5 )%_6_ g: )%2_@—@, )%_§_6: )%:E'ZQ_SZE.

Prig = 1g%g—6-6-82E |
2T €Xp X, XJ—:_ g, X62—:_@, X6-—6, Xg=g=8=E

3)

Conceptually, the type formation process is designed to accommodate four mechanisms
emphasized in the nature nurture literature (Cunha and Heckman, 2008; Houmark et al., 2024;
Bolt et al., 2025; Biroli et al., 2026Db): direct genetic transmission through the child's inherited
endowmen6?; genetic nurture via the in uence of parental geféseyond biological inheritance;
active gene environment interaction, whereby parental invest®eHesponds td6— 6°; and
passive gene environment interaction, whereby parental gygieapes skill formation conditional
on behavior. This structure captures how genetic and environmental factors jointly determine
early economic potential within a parsimonious state space.
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Production Function Our speci cations allow for two primary channels through which genetic
endowments in uence individual productivity. First, genes a ect the pre-market tgplesough
the G E interactions speci ed in the type formation process (equation 3). Second, conditional
on the pre-market type, we allow genes to have a direct impact on individual productivity. This
direct e ect captures the role of innate ability di erences emphasized in the existing literature
(Lee and Seshadri, 2019).

We specify the e ciency units of ability for occupation 2 f —, g(entrepreneur ; worker
, ) as a function of pre-market heterogeneity, @enetic endowment$), and an idiosyncratic
productivity shock D_g). Formally, the log e ciency units at ag®are given by:

N9 9 = V616, Vgug, Do-l2f—, g (4)

where
Dog=d Do1, [Io [-o N2 0-fZos (5)

The termD_g captures persistent unobserved human capital and career-speci ¢ advantages.
For regular workersD_g represents dining table human capital (informal information and
professional norms transmitted within the family environment). For entreprerf2ugsaptures

speci ¢ business ideas and access to family-based social networks within the business world. To
capture the intergenerational transmission of these unobserved advantages, we assume that when
children reach independence, they inherit their initial productivity Iq?_ell from their parent's

current career shodB_g at the same calendar period following an AR(1) process:

¥,=d?Ds, n-12f—, g (6)

whered? governs the strength of the intergenerational correlation in unobserved ability. This
assumption is economically intuitive as it recognizes that a parent's professional success and
accumulated knowledge create a localized informational environment that bene ts the child at
the start of their own career.

Worker income is determined by the market wage Faend the individual's e ciency units:

H-o = F 5_g° (7)

Entrepreneurial earnings are determined by a static capital choice problem. Entrepreneurs
operate a decreasing-returns-to-scale technology and choose cdpitahximize pro t, subject
to a collateral constraint arising from market incompleterfess:

n o
H_g = max % 5g9:2 1A, X: — (8)
o Ug

1
9The closed-form solution for the optimal unconstrained capital investmentsis # * . With the

59
constraint, the optimal capital is= minf: —0gg.
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where%is aggregate entrepreneurial productivay? 10-1° is the span-of-control parameter
(capital elasticity)Ais the risk-free rate, andis the depreciation rate. The maximum investable
capital,0Og, is determined by a leverage constraint following Evans and Jovanovic (1989) and
Kiyotaki and Moore (1997):

Og Og j0o 9 Og 11, )°g 9)

whereQg denotes the agent's net worth apnd 0 is the parameter governing the maximum
leverage ratio.

Comparing Equation (7) with Equation (8), a fundamental di erence emerges: while worker
productivity is linear in human capital, entrepreneurial productivity can be scaled up through
capital investment. Consequently, an individual's decision to enter entrepreneurship over regular
wage work depends not only on innate talent, encapsulated by genetic endowments and pre-market
types, but also critically on their wealth. Since credit constraints limit the scalability of a business,
the choice is heavily in uenced by dynastic family support via inter vivos tranﬂiars

Budget Constraint Financial markets are incomplete. Households smooth consumption by
trading a risk-free, non-state-contingent asset with refutdowever, they face a strict liquidity
constraint that precludes borrowingg(;  0).

The household's budget constraint evolves over the life cycle to account for speci ¢ milestones.
We model parental investment as a time cost active during the parenthoodxstage (5);
during these periods, the parent diverts a fracBebf their time to child-rearing, proportionally
reducing market earnings. The expenditure side varies by age: standard savings occur in early
adulthood{ 9 5), the intergenerational transf@f is made at the beginning &= 6, and
the saving for retiremerieiire OCCurs at9= 7 after the transfer decision.

The resulting budget constraint is given by:

%29 091 ifl 9 5
11, R0g, Hol 8=Eltr 959 = Og1, 07 if 9=6- (10)
E29 Oretire if 9=7.
where2g denotes household consumption. On the income ${derepresents the potential
market earnings from occupation The term8=E lt, 9 54 captures the cost of parental
investment, modeled as a reduction in e ective labor supply. On the expenditureO%ide,
represents the one-time inter vivos transfer made to the child at the beginnéwg 6fand
OascsAlenotes the terminal savings carried into the retirement phase.

Recursive Formulation

We formulate the household's life-cycle optimization problem recursively. Time is discrete and
indexed by the agent's age Each period follows a speci ¢ sequence of events and decisions
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where, at the beginning of each peri6dthe household observes a vector of predetermined
state variable$ . The composition of g evolves over the life cycle: (1) Independent young
adulthood @= 1): (1 = f6—g—@. (2) The parenthood phas2 ( 9 5): (o= f6—g—& 60,
where6? is the child's realized genetic endowment. (3) Household splitting and independent
child (9= 6): (e = f6—g—d3 6—dg, incorporating the child's realized pre-market type.

The decision-making sequence within each pefgtoceeds in three distinct steps: (1)
Realization of shocks: The agent observes idiosyncratic productivity siigek$D_g—D_¢°
for both potential occupations. (2) Occupational selection: Based on the currer{tshaie
shocksDg, the household chooses its occupatiof2 f —, g (entrepreneurship or wage work)
to maximize the expected present value of lifetime utility. (3) Continuous decisions: Conditional
on the chosen occupation and the resulting income, the household makes continuous decisions
regarding consumptioBg, savingslg 1, and, during the parenthood stage, the level of parental
investmenB8=E

To aid the notation, we introduce the ex-ante value functight o— [3°, which is de ned as
the maximum over the occupation-speci ¢ value functions:

n 0
to' (g =max +¢ (o [P- 4 (- -

where+'91( o ° represents the value of choosing occupatiomnd behaving optimally
thereatfter.

|. Pre-Parenthood: 9= 1 In period 9 = 1 (age 24), the agent enters the model as an
independent young adult. The household is currently childless, but the agent anticipates the
formation of a family in the subsequent perid@K 2). The state vector is given lfy = 16— g—9,

where6 denotes the agent's genetic endowmens, the xed pre-market type, anth represents

initial assets.

The agent observes the current vector of productivity shbglked solves for the optimal
occupationl , consumptior2;, and saving®,. In doing so, the agent forms expectations
over two sources of future uncertainty: the evolution of their own income probgsarn(d the
realization of the child's genetic endowme6£), which occurs at the onset of the next period.

The value function is:

( ( 5 : )
+11(1-BP= max 4+ =max *12;1-g°, V. 16°[6° +l(-B°3 D[ Dy°
I 2f - g 2 62 D
where 162 j 6° represents the intergenerational genetic transition probability de ned in the
Genetics section. The summation ogércaptures the agent's anticipation of their future child's
genetic traits, which will become a state variable in per@od?2.

II: The Parenthood Phase: 9= 2 5 Upon entering parenthoo® ¢ 2), the household
structure expands to include a dependent child. The parent now cares not only for their own

19



consumption and occupational success but also for the future human capital of their child. The
state vector expands to include the child's genetic endowment, which is realized at the onset
of this stage. The state is given by = 16— g—&- 6°, where6? denotes the child's genetic
endowment.

i. Investment Commitment and Early Parenting 9= 2 Inthe rst period of child-rearing,
the parent observes the child's genetic endownéémind chooses a committed level of time
investmenB8=E2 »0-1%that will be sustained throughout the child's dependency. This captures
the following trade-o : increasing parental investméstEenhances the probability of the child
acquiring a high-productivity typg? (via the formation function ), but reduces the parent's
e ective labor supply and current market earnings (via the budget constraint).

The value function for this stage is:

1
+21 (- = max 4, = max_ *12;l-g°, V  +3!(3-B;8=E3 D;jD,°
1 2f - g f2,-8= Dy
ii. Intermediate Parenting Periods: 9=3 4 Intheintermediate parenting periods, the level
of parental investmer@=HEs no longer a choice variable but a xed obligation pre-determined at
9= 2. It acts as a parameter in the budget constraint, reducing available labor time. The state
vector remaing ¢ = 16— g—&- 6°, and the value function is:

( ( 1 )

+91(9—Ea;8=l‘5=I max +4 =max * 12q l-g°, V +91%(91—[3 1;8=E3 Dg 1 j D
-, g 9 DQl

ii. Final Co-residence and Type Realization: 9= 5 Period9 = 5is the nal stage of
co-residence . At the end of this period, the child's pre-market t7peill be realized. The
parent forms expectations over this realization based on the formation fuRttighj (s—8=E
following equation 3, which depends on the cumulative e ect of parental investment, family
background, and genetic endowments.
The value function incorporates this transition into the next generation's independence:
( ( 1 o)

+51(5—Ia;8=E=I max + = max * 125;1-g°, V 51 (6—° Prig?j (s—8=8 D5 jDx°
™ g 5 I% gZ

)

Here, 3! © denotes the joint continuation value at the beginning of pefied6, when the
child becomes independent. The state ve€tarollects the parent's and child's states prior to
separation.

[ll. Transition to Independence and Intergenerational Transfers: 9= 6 The child becomes

independent at this stage (age 24). The household's optimization problem unfolds in two
sequential steps. First, the parent determines the intergenerational wealth transfer when their
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child becomes independent. Second, conditional on this transfer, the parent makes nal labor
supply and retirement saving decisions.

i. Optimal Inter-Vivos Transfers  Upon the realization of the child's pre-market tygeand
initial productivity shocksD%, the parent solves a capital allocation problem to determine the
optimalinter vivostransfer,Of. This decision is driven by the trade-o between the parent's
remaining life-cycle needs (retirement) and their altruistic concern for the child's initial wealth.
The chosen transf@f acts as the decision variable that decompd@gesto separate state vectors
for the parent(s) and the independent child%):

%( 6= 16— gle,a{ o}io (Parent's Post-Transfer State)
y4
02

16— gG5— 6— %0 ot 06
I {z (2=162-g- 6] ° (Child's Initial State)
(e {z}
Child's Initial Asset
where0Bs denotes the total consolidated wealth available to the household at @sxi6d
Formally, the parent maximizes a weighted sum of their own continuation value and the

child's expected value:
( 1 )
Fl(e— P = max +l(e—B°, _V +1(3-B°3 DDy
0 07 G 0

The parameter governs the degree of altruism. The integral captures the expectation over the
child's initial productivity shocks&?1 following the AR(1) process speci ed in equation 6. We
allow D% to be correlated with the parent's current shakkre ecting the intergenerational
persistence of unobserved ability beyond what is explained by genetics and pre-market types.

ii. Late-Career Decisions and Preparation for Retirement Following the transfer, the
household reverts to a single-agent structure. The parent's remaining assiis &g Of.
The agent then solves a standard consumption-savings and occupational choice problem for this
nal active period, knowing that the next stage is retirement.

The value function is given by:

+el(e-@° = max +5 =maxf* 125/1-9°, q'Oascsrg’d
-9
Here,q'0ascsp@ captures a terminal value representing the utility derived from consumption
during the retirement phase (ages 60+), which depends on the retirement £a4pgand the

agent's type.
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Equilibrium

A stationary recursive competitive equilibrium consists of a set of pfiEesdy, a set of household
decision rules, and a stationary probability measurg— D over the state space, such that:

Individual Optimality: Given factor pricesF—A, the decision rules for occupatidn,
consumptior?, saving=0® and capital investmentsolve the household's dynamic programming
problems de ned in the Recursive Formulation section.

Corporate ProductionThere exists a representative non-entrepreneurial (corporate) rm
that produces output using a standard Cobb Douglas technology:

= Uplu_

where is corporate capital and is corporate labor. Pro t maximization implies that factor
prices equal their marginal products:

U ul

F=1 0 — - A=U — Xe

Labor Market Clearing:The demand for labor by the corporate sector equals the aggregate

supply of e ciency units from households choosing wage work:
1

! = I£) 1(-D=, g S (-D3< Y(-D-
wherels ¢ is the indicator function for the occupational choice.

Capital Market Clearing:The total supply of nancial assets from all households equals the

sum of capital demanded by the corporate sector and the entrepreneurial sector:
1 1

= 0Y-D3< (-D It 1 p= ¢! H(~D3< 1(-Do

Here, the rstintegral represents the aggregate net worth of the economy, and the second integral
captures the capital employed privately by entrepreneurs.

Stationary Distribution:The distribution< is invariant, satisfying:
1

< 1SU° = YL(-DS-U° 3< 1(-D

for all Borel sets'S-U°, consistent with the optimal decision rules and the exogenous stochastic
processes for shocks and genetic transmission.
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4 Estimation and Identi cation

This section outlines the estimation strategy used to discipline the model. We proceed in
three steps. First, we calibrate standard parameters, namely the interest rate, depreciation rate,
and credit constraint, using established estimates from the literature. Second, we estimate the
pre-market type formation equation and the genetic transmission processes outside the structural
model, constructing intergenerational transition matrices from Understanding Society. Third, we
estimate the remaining structural parameters using the Simulated Method of Moments (SMM),
linking each parameter to targeted earnings, wealth, occupational, and intergenerational moments.
We simulate the model economy to its stationary equilibrium and choose parameters to minimize
the distance between model-implied steady-state moments and their empirical counterparts.

An important advantage of this strategy is its exibility in combining moments from multiple
data sources. As detailed in Table 3, the model is disciplined using childhood investment patterns
from the NCDS together with life-cycle earnings and occupational outcomes from Understanding
Society.

When forming the weighting matrix, we do not use the fully optimal weighting matrix.
Instead, we weight each moment by the inverse of its sampling variance. Del Boca et al. (2014)
shows that this estimator remains consistent in large samples. Relative to computing the optimal
weighting matrix, this approach substantially reduces computational burden. Moreover, Altonji
and Segal (1996) argues that e ciency gains from the optimal weighting matrix may be limited
in nite samples.
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Table 3: Model Parameters, Identi cation Strategy, and Data Sources

Parameter Description Targeted Empirical Moments

Source

Panel A: Calibrated Parameters following the literature

A
X

j

Annual risk-free interest rate4.69%

Depreciation rate 6%
Credit constraint 0.22

Jorda et al. (2019)
Cagetti and De Nardi (2006b)
Evans and Jovanovic (1989)

Panel B: Parameters Estimated Outside the Model (First-stage)

192j o
162j60

Type formation function Logit regressions of types on observables
Genetic transmission matrix Markov matrix of PGS from parent to child

NCDS
Understanding Society

Panel C: Parameters Estimated via SMM (Second-stage)

Worker Sector Technology

By_ 1o Worker ability pro le Mean worker earnings by gene grodpngoments) & pre-market typ& (noments)
F Wage per e ciency unit Aggregate mean worker earnin@js{oment)
dr—Tfg Worker income shock Autocorrelation & Std. dev. of worker earnigsigments)
Entrepreneurial Sector Technology
K_1to Entrepreneurial ability Mean entrep. earnings by gene grodpr(oments) & pre-market typ& (noments)
pro le
% Entrepreneurial TFP Aggregate mean entrepreneur earriingsrpient)
a Return to capital Income Gini (1 moment)
d —f Entrepreneur income shock  Autocorrelation & Std. dev. of entrepreneur ear@ingsifents)

Intergenerational Transmission of Income Shocks
1D§ j Ds®  Shock transmission Parents OccupatiorChildren Occupationd moments)

Preferences and Demographics

\Y,
W

1

Discount factor
Risk aversion
Altruism factor Mean inter-vivos transfers (noment)

Non-pecuniary utility Fraction of entrepreneurs by type and gedesofnents)

Aggregate saving ratio & Wealth Gin2 (noments)

Macro Aggregates

U

Corporate TFP

Capital share Clears labor and capital markets at equilibrium piced

Understanding Society
Understanding Society
Understanding Society

Understanding Society
Understanding Society

WID
Understanding Society

Understanding Society

Understanding Society & WID

Nolan et al. (2020)
Understanding Society

Understanding Society

Notes: This table summarizes the model parameters and their corresponding moments. Panel A lists parameters calibrated to standard values in the literature. Panel B lists parameters estimated directly from the data out of
the model in a rst step. Panel C lists parameters estimated via Simulated Method of Moments (SMM) by minimizing the distance between model-generated moments and data moments. The column Targeted Empirical
Moments speci es which data moments primarily identify each parameter. WID: Global database of income and wealth inequality. NCDS: 1958 British birth cohort study. Understanding Society: Annual UK household

panel survey.



4.1 Pre-set Parameters

We set the annual risk-free interest rate at 4.69%, following the long-run evidence in Jorda et al.
(2019). The capital depreciation rate is calibrated at 6% annually, consistent with Cagetti and
De Nardi (2006b). Following Evans and Jovanovic (1989), we impose a credit constraint that
limits entrepreneurial borrowing to 1.22 times the entrepreneur's net worth. These parameter
values align with established estimates in the structural entrepreneurship literature and provide a
conservative baseline for our analysis.

4.2 Estimation Outside the Model

l. Type Identi cation and Formation  Under our assumptions, individuals enter the labor
market with multidimensional heterogeneity in educational attainment and risk preferences.
Ideally, the model would treat education and risk preference as separate state variables in order
to trace the distinct channels associated Witl{ 43pand% ( ags: However, allowing both
dimensions to evolve jointly would substantially expand the state space and make the structural
solution computationally infeasible.

To preserve tractability while retaining the key economic channels, we summarize this
heterogeneity using a discrete set of latent types identi ed uiaeans clustering, following
Bonhomme et al. (2019) and Jolivet and Postel-Vinay (2025). This approach o ers two
advantages. First, by clustering individuals to minimize within-group dispersion in education and
risk preferences, the procedure maps observed cross-sectional variation into a small number of
empirically grounded types consistent with the model structure. Second, because the clustering
is implemented outside the structural model, it substantially reduces computational burden while
ensuring that the classi cation re ects meaningful patterns in the data.

Formally, we de ne a vector of individual-speci ¢ characteristicg for each individual
82 fl—e+e++—¢ comprising years of education and risk preference. Tneeans algorithm
partitions individuals into latent types by solving:

€}
min k<g <1?80k2—
f2g2fl-see-g? o

where< 1?4 denotes the cluster-speci c mean vector &ndkrepresents the Euclidean norm.
We recover two distinct types, summarized in Tabl€ 4 Low pre-market types are

characterized by lower educational attainment, lower risk taking and lower earnings, while High

pre-market types display systematically higher outcomes across all three dimensions.

ODetailed identi cation results are provided in Appendix C.1.
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Table 4: Empirical Characteristics of Pre-market Types

Type Education Risk Taking Earnings
(years) (0 10) (2015 ¢)

Low pre-market type 17.13 4.4 14,184

High pre-market type 20.30 6.2 27,929

Notes: Means of education, risk-taking score, and earnings for the two latent
types identi ed via: -means clustering on Understanding Society data.

Next, we estimate the type formation process speci ed in Equation 3 using richer childhood
information from the National Child Development Study (NCDS). This equation links a child's
realized type @) to their genetic endowmenté?), parental typed), and parental investments
(8=FkE We construct a composite parental investment index from NCDS measures of time and
school inputs. Using maximum likelihood, we estimate the parameters of the multinomial logit
model governing the probability that a child becomes a high pre-market type.

The results, reported in Appendix Table C.1, indicate that parental investment is the strongest
predictor of type formation. Moreover, the child's own genetic endowment and the parental type
also generate signi cant in uence, validating the multiple transmission channels embedded in
our model.

II. Genetic Inheritance Process We estimate the genetic transmission process by constructing
separate probability transition matrices for the intergenerational transmission agpand

% ( ags: Estimating the two processes separately is supported by two pieces of empirical evidence.
First, our analysis shows that the distributior26f( aggis statistically indistinguishable across

the bottom and top halves of tBé ( s3pdistribution, and vice versa. Second, genetic research
indicates that educational attainment and risk tolerance are shaped by largely distinct polygenic
architectures (Plomin and von Stumm, 2018; Visscher et al., 2017). Together, this evidence
justi es modeling the transmission &b ( 43pand% ( asgas independent processes, which
substantially reduces computational complexity.

We estimate the transition matrices using 970 parent child genetic pairs from Understanding
Society. All PGS measures are discretized and corrected for measurement error (see Appendix
A.2 for details). Figure 4 presents the estimated transition probabilities.

Two key patterns emerge. First, both PGSs display strong intergenerational persistence:
parents with high PGSs are signi cantly more likely to have children with high PGSs. Second,
substantial randomness remains: parents with extreme PGS values still have non-negligible
probabilities of having children with moderate or opposite PGS values. This re ects the genetic
inheritance process, which combines persistence with randomness.

Figure A.1 in Appendix A.2 reports Kolmogorov Smirnov tests comparing PGS distributions across splits of
the other PGS. In both Understanding Society and the NCDS, we fail to reject the null of identical distributions.
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Figure 4. Markov transition matrices of PGS (paréntchild).

Parent High Parent High

Parent Low 29% Parent Low 34%

Child High Child Low Child High Child Low
% ( 43pTransition Matrix (Parent Child) % ( ags-Transition Matrix (Parent Child)

4.3 Estimation of key Structural Parameters via SMM

We estimate the remaining structural parameters using the Simulated Method of Moments
(SMM). Panel C of Table 3 summarizes the mapping between parameters and empirical moments.
Identi cation follows a simple economic logic: each parameter is disciplined by the data feature

it directly governs in equilibrium.

Production and Earnings: The worker and entrepreneurial e ciency-unit functions
(5-,— b-) determine how the e ective units of human capital supplied in each occupation
vary across genes, types. Mean earnings by gene group and pre-market type identify the level
and slope of these pro les because changes in ability directly scale earnings conditional on
occupation.

The income shock parameteds ¢ f| ) are identi ed from earnings autocorrelations and cross-
sectional dispersion. The persistence parantkteoverns how strongly current earnings predict
future earnings in occupatidn, making it tightly linked to observed life-cycle autocorrelation.

The variance parametér controls transitory and permanent volatility, which maps directly
into the cross-sectional variance of earnings.

The span-of-control paramete) (determines how entrepreneurial returns scale with capital
and ability. A highera ampli es heterogeneity in entrepreneurial outcomes, increasing upper-tail
dispersion. Hence, the earnings Gini coe cient is particularly informative alaout

We identify d? using intergenerational occupational and earnings correlations. Intuitively, a
higherd? implies that children of highly productive parents begin their careers with systematically
higher latent productivity, increasing the probability of entering similar occupations and
generating stronger parent child earnings persistence. In the model, this parameter primarily
governs the cross-generational correlation in occupational status and income ranks. We therefore
disciplined? using moments that capture parent-to-child transitions in occupation and earnings,
as reported in Understanding Society.

Preferences and Wealth Accumulatiohe discount factor\{) governs intertemporal
smoothing. A higheW raises aggregate saving and shifts the wealth distribution to the right.
The aggregate saving rate therefore disciplines the level of patience in the economy.
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Risk aversion\y shapes precautionary saving and portfolio allocation. Higliacreases
bu er-stock behavior, a ecting wealth dispersion even conditional on income risk. The joint use
of the saving rate and the wealth Gini separates time preference from curvature in utility.

The altruism parameter ) directly a ects inter-vivos transfers. Because transfers are a
forward-looking choice driven by dynastic preferences, their mean level is highly sensitive to
__and relatively insensitive to other parameters, making it a clean identifying moment. Given
measurement limitations in the inter-vivos transfer data within Understanding Society, we instead
rely on the empirical moment from Nolan et al. (2020) to discipline this moment.

Non-Pecuniary ReturnsThe non-pecuniary utility of entrepreneurshiig) captures oc-
cupational tastes beyond nancial returns. Conditional on genes and types, expected pro ts
alone cannot explain observed entry rates. The residual variation in entrepreneurial participation
therefore identi esly by reconciling observed occupational choices with predicted income
di erences.

Macro Discipline: Corporate TFP () scales aggregate production and thus pins down
equilibrium wage and return levels. The capital share paramdiegydverns the division of
income between labor and capital. Matching observed factor prices and the aggregate capital
income share therefore disciplines these macro parameters.

Implementation proceeds as follows. For a given parameter vector, we solve the model for its
stationary equilibrium and compute steady-state moments. Parameters are chosen to minimize
the weighted distance between model-implied and empirical moments listed in Table 3. The
identi cation strategy thus exploits the structural mapping between preferences, technology, and
equilibrium distributions of income, wealth, and occupations.

4.4 Model Fit
|. Targeted Moments

The model closely matches the empirical moments targeted in estimation. Figure 5 presents
the t for life-cycle earnings. The model reproduces the earnings structure both within and
across occupations. In particular, it captures the substantial earnings premium for entrepreneurs
with favorable genetic endowments (Hiéh ( 43pand High% ( agg) and the pronounced gap
between high and low pre-market types.

Importantly, the model matches not only mean earnings but also their dynamics. The
simulated standard deviation and serial correlation align well with the data, replicating the higher
volatility and lower persistence of entrepreneurial earnings relative to paid employment.

Figure 6 evaluates the t for parental investment and type formation. Panel A shows that the
model reproduces the gradient in pre-market type formation across parental genes and types.
Panel B con rms that the model correctly predicts that investments are highest for children with
high % ( 43p This aligns with the theoretical mechanism where both parental characteristics
(resources and type) and child endowments (returns to investment) jointly shape human capital
accumulation.
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Figure 5: Model Fit: Earning Pro le
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Notes: The gure compares simulated and empirical earnings moments (in ¢,10,000s) for Regular Workers (top
panel) and Entrepreneurs (bottom panel). LL/LH/HL/HH denote genetic endowment combinations (e.g., LL = low
% ( a3pand low% ( ags). LowT/HighT denote low and high pre-market types. Avg is mean earnings, Std is the
standard deviation, and Corr is the serial correlation of earnings.
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Figure 6: Model Fit: Parental Investment and Type Transmission
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Notes: The gure compares simulated moments with data targets. Panel A shows the share of children becoming
high pre-market types conditional on parent's state. X-axis labels denote parent's gefasd— % (ags) and
pre-market type (e.g., LL-LowT = Low-Low genes, Low pre-market type). Panel B shows the mean standardized
parental investment received by children conditional on child's genetic endowment (e.g., C-LL = Child with
Low-Low genes).

Figure 7: Model Fit: Entrepreneurship Shares, Transfers, Savings and Gini
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Notes: Panel A displays the share of entrepreneurs by genes (LL/LH/HL/HH), pre-market type (LowT/HighT), and
intergenerational transition probabilities (W-E = Worker parent to Entrep. child, E-E = Entrep. to Entrep.). Panel B
displays the mean inter-vivos transfer (in ¢,10,000s), aggregate savings ratio, wealth Gini, and income Gini. Blue
bars represent model simulation; Red bars represent data targets.

Figure 7 assesses occupational choice, transfers, savings, and inequality. Panel A shows that

individuals with high education and risk genetic types are signi cantly more likely to select
into entrepreneurship. The model also captures strong intergenerational persistence: children of
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entrepreneurs are nearly twice as likely to become entrepreneurs as children of workers. Panel B
demonstrates that the model matches average inter-vivos transfers, aggregate savings rates, and
wealth and income inequality.

Overall, the model delivers a tight t across earnings, investment behavior, occupational
sorting, and intergenerational transmission. These results support the quantitative validity of the
framework and the central mechanisms linking genetic endowments, parental investment, and
entrepreneurial choice.

Il. Untargeted Moments

As shown in Table 5, the model generates realistic levels of intergenerational persistence in
earnings, consumption, and pre-market types. The implied intergenerational elasticity of earnings
(IGE) is 0.47, well within the empirical range for the UK (0.24 0.59) and close to estimates that
correct for measurement error, such as 0.43 in (Dearden et al., 1997; Gregg et al., 2017).

Our estimate lies toward the upper end of the empirical range because mobility in the
model is computed using lifetime permanent income, free of measurement error and transitory
uctuations. In contrast, many empirical studies estimate IGE using annual earnings, which
are attenuated by temporary shocks and life-cycle bias. This attenuation mechanically biases
estimated elasticities downward. When empirical work instead approximates permanent income,
as in Dearden et al. (1997) and Gregg et al. (2017), estimated elasticities rise substantially. That
the model reproduces these higher persistence levels without directly targeting them indicates
that the intergenerational transmission mechanisms embedded in the model are quantitatively
disciplined.

Table 5: Model Fit: Untargeted Intergenerational Mobility Moments

Moment Model Data

Intergenerational elasticity of earnings (IGE) 0.47 0.43
Intergenerational elasticity of consumption 0.52 0.50
Intergenerational correlation of pre-market type 0.18 0.21

Notes: The table reports model-implied untargeted intergenerational moments alongside empirical benchmarks.
The earnings elasticity is based on Gregg et al. (2017). The consumption elasticity benchmark is drawn from Bolt

et al. (2024) and Gallipoli et al. (2020). The correlation of pre-market type is estimated using the Understanding

Society sample employed in this paper.

The model also replicates salient features of the wealth distribution. Jointly matching
intergenerational mobility and wealth concentration is important because long-run inequality
depends both on the transmission of economic status across generations and on the ampli cation
of heterogeneity at the top of the distribution. Table 6 compares simulated top wealth shares to
the World Inequality Database (WID) (Alvaredo et al., 2017). We rely on WID because wealth
at the very top is typically not observed in survey data due to top-coding and under-reporting.
This limitation is present in the Understanding Society data used in our analysis, where extreme
wealth observations are censored. By combining survey information with tax administrative
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records, WID provides a more accurate representation of the upper tail. At the same time,
aggregates for the bottom 90% remain consistent with population benchmarks.

Matching the upper tail is non-trivial, as canonical heterogeneous-agent models with thin-
tailed shocks struggle to generate the observed concentration of wealth and imply upper tails that
evolve too slowly absent scale e ects and selection. Canonical heterogeneous-agent models with
thin-tailed shocks struggle to generate the observed concentration of wealth. Luttmer (2016) and
Gabaix et al. (2016) show that absent scale e ects and selection, upper tails evolve too slowly
relative to the data. The superstar literature rationalizes extreme outcomes through persistent
heterogeneity and nonlinear returns (e.g., (Rosen, 1981; Gabaix and Landier, 2008)). Consistent
with this view, Fagereng et al. (2020) and Bach et al. (2020) document that a small fraction of
households undertakes concentrated idiosyncratic risk and accounts for a disproportionate share
of aggregate wealth.

Table 6: Top Wealth Shares: Model vs. WID Data

Model Data (WID)
Top wealth shares
Top 1% 0.22 0.21
Top 10% 0.47 0.55
Top 20% 0.62 0.70
Top 50% 0.89 0.95
Top 90% 1.00 1.00

Notes: This table compares the model-generated wealth distribution moments with
empirical benchmarks. The empirical data for top wealth shares is from the World
Inequality Database (WID) (Alvaredo et al., 2017). Note that "Top X%" implies the
cumulative share of wealth held by the wealthiest X% of the population.

Our framework endogenizes these forces through selection into scalable entrepreneurial
technologies that amplify persistent ability heterogeneity and generate nonlinear wealth dynamics.
Building on De Nardi (2004), we combine persistent ability heterogeneity, entrepreneurial
selection, and nancial frictions to generate a fat right tail. We advance this literature by mapping
permanent ability to measurable genetic endowments. In our model, a small subset of agents
with entrepreneurial genes (high risk tolerance and high education attainments) self-select
into entrepreneurship. This concentrates exposure to idiosyncratic risk and generates large
wealth innovations at the top. The model therefore captures these features endogenously, without
requiring exogenous heavy-tailed shocks or directly targeting top wealth moments.

5 Understanding the Importance of Genetic Heterogeneity

Incorporating genetic heterogeneity into an OLG framework is essential for understanding two
closely related economic phenomena: the persistence of entrepreneurship across generations
and the formation of extreme wealth inequality. Both are inherently dynamic and dynastic, and
neither can be explained adequately in static or representative-agent models. In our benchmark
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economy, genetic endowmen® 6hape outcomes through three distinct but interacting structural
channels:
Genetic InheritanceGenetic endowments evolve according to:

62 1j 60

This induces a direct correlation in latent abilities across generations: parents with high genetic
endowments are statistically more likely to have o spring with high genetic potential. Unlike
nancial transfers, this transmission is persistent and unavoidable, making it a natural mechanism
for dynastic sorting.

Type formationPre-market types are formed via:

Prig?® = 1g%6°—6—g-8=E

Both the child's genest?) and parental gene$) interact with parental investmer<f to
determine the probability of becoming a high-skill pre-market type. This channel captures the
complementarity between nature and nurture: nancial resources matter, but their e ectiveness
depends on underlying genetic traits.

Earnings and returnsGenetic endowments directly a ect productivity for workers and
entrepreneurs:

n 0
H o =F5_¢6°-g-D° and H 4 = Jmax. % 5916°—d—D°: 2 1A X:

This generates persistent heterogeneity in labor e ciency and entrepreneurial productivity,
allowing otherwise similar agents to experience sharply di erent income and wealth trajectories.

To quantify the contribution of genetic mechanisms, we implement the sequential decomposi-
tion illustrated in Figure 8. The model features two distinct sources of genetic variation, parental
genes 6) and child genesé?), and the decomposition is designed to isolate their separate roles.

First, we shut down the intergenerational genetic link (Model Model 2). We replace
the conditional inheritance distribution® j 6° with the unconditional population distribution

1 j §° and remove parental genes from the type-formation function. This counterfactual

preserves individual-level genetic heterogeneity but eliminates dynastic sorting. Initial genetic
endowments are therefore randomly assigned rather than transmitted across generations.

Second, we shut down individual genetic heterogeneity (Model Blodel 3) by removing
genetic inputs from both the type-formation and earnings functions and assigning all agents the
population-mean genetic endowmer@? € 6) Because the intergenerational link has already
been removed, this step isolates the one-generation e ect of cross-sectional genetic variation.

Crucially, each counterfactual economy is solved by simulating the model forward until
convergence to a new steady state consistent with the modi ed genetic structure. The pre-market
typesg or initial inter vivos transfer$:, are adjusted endogenously in the new steady state.
Changes in the distribution of pre-market types and initial wealth therefore act as key mediating
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channels through which genetic mechanisms a ect wealth inequality and intergenerational
persistence. Iterating the model to the new steady state allows us to capture the full, long-run
impact of genetic endowments, rather than only their temporary e ects.

Figure 8: Decomposition Strategy: Isolating Genetic Channels

Model 1: Benchmark Model 2: No Intergenerational Model 3: No Genetic
Genetic Link Heterogeneity
(Full Genetic Mechanism) (Shutdown Intergenerational Link) (Shutdown Individual Heterogeneity,
1. 62 1je° 1. 62 Ljge 1.6°=6
2. Prg®° = 1¢?j6°-6-g—8=E 2. Prg® = 1¢?j6>G-—g—8%E 2. Prg® = 1¢?jg5 G- g—8%E
3. =F5 16°-g-D° 3. =F5 16°-¢g-D° 3. =F5 1g-g-D°
4. H =% 5162—¢—DO 21 A X: 4. H =% 5162—¢—DO 21 A X: 4.+ =%51§id—00: a1 A
§mm R R L LR e R >
E ect of Intergenerational E ect of Individual
Genetic Link Own Genetic Ability

5.1 Impact on Intergenerational Persistency in Entrepreneurship

The structural estimates in Table C.3 clarify the mechanisms behind the self-selection of
individuals with stronger genetic endowments into entrepreneurship. Individuals with higher
% ( 43pand% ( agsface stronger incentives to sort into entrepreneurship because these traits
are associated with more favorable entrepreneurial returns relative to paid employment. In
particular, the entrepreneurial return is substantially higher for the #tighs3p high-%6 ( ass:

group than for individuals with less favorable genetic endowments, by roughly 40 percentage
points, whereas the corresponding worker return di erences are much smaller. Entry is also
shaped by nonpecuniary considerations: individuals who become high pre-market types, such as
those with higher educational ability or greater risk tolerance, receive a positive utility bene t
from business ownership, while low types face a negative one. Taken together, these estimates
imply that genetic endowments a ect both entrepreneurial selection and performance by raising
the expected payo to entrepreneurship, both in monetary terms and through the nonpecuniary
value of running one's own business.

Our decomposition exercises further show that genetic heterogeneity is a central driver
of long-run entrepreneurial persistence and an important determinant of intergenerational
mobility. Table 7 reveals a clear distinction between entrepreneantayandlong-term survival
Genetic mechanisms play a limited role in the decision to attempt entrepreneurship, but they are
substantially more important for sustaining entrepreneurial activity over time.

Entry versus survivalPanel A shows that when entrepreneurship is de ned narrowly as
ever attempting entry (row 1), eliminating genetic heterogeneity (model 3 relative to model 1)
reduces intergenerational persistence by only 2.7%. This modest e ect suggests that entry is
largely shaped by non-genetic forces, such as nancial access, inherited networks, or market
opportunities.

In contrast, once persistence is de ned in terms of sustained activity, genetic mechanisms
become quantitatively important. We de ne astablished entrepreneas an individual who
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Table 7: The Impact of Genetic Heterogeneity on Entrepreneurial Mobility and Persistence

Durations Benchmark No Intergen. No Individual Model 3 - Model 1
Genetic Links  Genetic Heterog. % Di erence
(Model 1) (Model 2) (Model 3)
Panel A: Entrepreneurial Persistence (Entrep. Pareht Entrep. Child)
(1). Ever Entrepreneur 0.1949 0.1966 0.1897 -2.67%
(2). 25% Career Time 0.0607 0.0559 0.0437 -28.01%
(3). Half Career Time 0.0382 0.0331 0.0192 -49.74%
Panel B: Worker-to-Entrepreneur Transition (Worker Parerit Entrep. Child)
(1). Ever Entrepreneur 0.1096 0.1110 0.1001 -8.67%
(2). 25% Career Time 0.0246 0.0250 0.0176 -28.46%
(3). Half Career Time 0.0076 0.0077 0.0050 -34.21%

Notes: This table compares the benchmark model (Model 1) with two counterfactual speci cations. Model 2
removes the intergenerational genetic link while preserving cross-sectional genetic heterogeneity. Model 3 removes
individual (cross-sectional) genetic heterogeneity entirely. All entries report the probability that a child becomes an
entrepreneur, conditional on the parent's occupation, distinguishing between entrepreneurial persistence (Panel A)
and worker-to-entrepreneur transition (Panel B). The last column reports the percentage change in Model 3 relative
to the benchmark, calculated #dodel 3 Model 1°<Model 1 De nitions: (1) ever entrepreneur (at least one
entrepreneurial attempt); (2) at least 25% of career spent in entrepreneurship; (3) at least 50% of career spentin
entrepreneurship.

spends at least 25% of their working life in entrepreneurship (12 model years), consistent with
the average duration of entrepreneurial activity in the UK. Under this de nition, the probability
that children of entrepreneurial parents remain entrepreneurs declines by 28% (row 2), and by
nearly 50% when persistence is instead de ned as remaining active for at least half of the working
life (row 3). These magnitudes indicate that genetic heterogeneity primarily governs long-run
survival rather than initial participation. Entrepreneurial dynasties therefore persist not only
because rms or wealth are transferred, but also because traits conducive to entrepreneurship
are transmitted across generations and repeatedly selected over time. This interpretation aligns
with theories of continuous competitive screening (Akcigit et al., 2018; Aghion et al., 2019):
only individuals with traits suited for innovation, scaling, and strategic adaptation survive over
extended horizons. When genetic heterogeneity is removed, the model can still generate entry,
but it fails to replicate sustained multi-decade entrepreneurial careers, even when nancial
advantages remain.

Worker-to-entrepreneur transitioriRanel B highlights a complementary channel operating
through transitions into entrepreneurship among children from non-entrepreneurial families.
Eliminating genetic heterogeneity reduces the probability that a worker's child becomes an
established entrepreneur by 28.5%, and reduces long-duration entrepreneurial careers by more
than one third. In the benchmark economy, some children from non-entrepreneurial families draw
genetic types that are well suited for entrepreneurship and overcome limited parental resources.
This re ects the inherently stochastic nature of genetic inheritance: even when neither parent is
an entrepreneur, children may realize trait combinations conducive to entrepreneurial activity.
Once cross-sectional genetic variation is removed, this channel disappears, and entrepreneurial
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outcomes become more tightly tied to inherited nancial conditions rather than individual traits.
As a result, transitions from worker families into entrepreneurship decline, even as dynastic
persistence weakens.

Intergenerational link versus individual (cross-sectional) heterogeneity. While the compar-

ison between Model 1 and Model 3 captures the overall e ect of genetic heterogeneity, it does
not distinguish between its underlying channels. To separate these mechanisms, we introduce
Model 2 as an intermediate speci cation, which allows us to disentangle the intergenerational
genetic link from within-generation (cross-sectional) genetic heterogeneity. Table 7 makes this
comparison transparent. The di erence between Model 1 and Model 2 isolates the role of the
intergenerational genetic link, while the di erence between Model 2 and Model 3 captures the
contribution of individual genetic heterogeneity.

For entrepreneurial persistence (Panel A), especially for sustained established entrepreneurs,
the gap between Model 2 and Model 3 is large, indicating that individual (cross-sectional) genetic
heterogeneity is crucial for surviving repeated competitive selection. The gap between Model 1
and Model 2 is also economically meaningful, showing that dynastic transmission reinforces
long-run continuity by aligning inherited nancial preparedness with entrepreneurial ability. The
two channels are therefore quantitatively comparable in sustaining entrepreneurial persistence
among established entrepreneurs. Small improvements

By contrast, for worker-to-entrepreneur transitions (Panel B), the (2) (3) di erences dominate
the (1) (2) di erences. The ability of children from non-entrepreneurial families to become
established entrepreneurs depends primarily on within-generation dispersion in entrepreneurial
traits rather than on inherited dynastic advantages. This re ects the stochastic nature of genetic
inheritance: even when neither parent is an entrepreneur, some individuals draw genetic types
suited for entrepreneurship and overcome limited parental resources. Removing cross-sectional
genetic heterogeneity largely shuts down this transition channel, whereas removing only the
intergenerational link has a much smaller e ect.

Taken together, these results clarify how genetic mechanisms can simultaneously reinforce
entrepreneurial persistence and generate worker-to-entrepreneur transitions. The intergenerational
genetic link mainly strengthens dynastic continuity, while cross-sectional genetic heterogeneity
creates the within-generation variation that allows individuals from non-entrepreneurial families
to enter entrepreneurship. An OLG economy can therefore exhibit both persistent entrepreneurial
families and continued entry from worker families because these two genetic channels operate
through distinct but complementary mechanisms.

5.2 Impact on Individual Lifetime Outcomes

The previous section documents the importance of genetic endowments in explaining intergen-
erational occupational transitions, including both entrepreneurial persistence and worker-to-
entrepreneur transitions. This suggests that genetic heterogeneity may account for a substantial
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share of variation in occupational choices. We therefore quantify how important initial genetic
endowments are in shaping occupational dynamics over the life cycle, and how these di erences
translate into variation in lifetime earnings and lifetime utility.

Table 8 reports the share of variance in each outcome attributable to genetic endowments.
The reported contributions are computed by comparing outcomes in the benchmark economy
(Model 1) with those in a counterfactual economy without genetic heterogeneity (Model 3),
holding all other model features xed.

We begin with entrepreneurial activity duration, which summarizes both entry into en-
trepreneurship and the duration of entrepreneurial spells over the life cycle. Genetic heterogeneity
explains 27.6% of the variance in the fraction of the working life spent as an entrepreneur. This
large contribution is consistent with earlier evidence that genetic endowments are particularly
important for sustaining entrepreneurial activity over time, especially in determining who
becomes and remains as an established entrepreneur.

We next turn to lifetime earnings. Genetic heterogeneity explains 6.3% of the variance in
lifetime earnings, closely matching reduced-form evidence in Bolt et al. (2025), which nds that
polygenic scores account for roughly 5% of lifetime earnings variation. This alignment provides
support for the model's quantitative mapping from genetic endowments to economic outcomes.

Table 8: Variance Explained by Genetic Heterogeneity

Outcome Variable Variance Explained (%)
Entrepreneurial Duration 27.6%
Lifetime Earnings 6.3%
Lifetime Utility 16.8%

Notes: This table reports the percentage of cross-sectional variance in key life-cycle outcomes
attributed to genetic heterogeneity. The values are computed by comparing the variance
in the baseline economy (Model 1) to that in a counterfactual economy in which genetic
heterogeneity is shut down (Model 3). Entrepreneurial Duration is de ned as the fraction of
the working life cycle an individual spends as an entrepreneur. Lifetime Earnings is the net
present value (NPV) at age 24 of labor income discounted at the interest tafetime

Utility is the net present value (NPV) at age 24 of the discounted sum of ow utilities,
discounted using the subjective discount fadfor

Finally, we assess welfare implications. Genetic heterogeneity accounts for 16.8% of the
variance in lifetime utility. This relates to a large structural literature that attributes substantial
welfare dispersion to unobserved heterogeneity, often nding that it explains a large share of
variation in lifetime utility (Huggett et al., 2011; Keane and Wolpin, 1997; Todd and Zhang,
2020). Our results provide an interpretation of part of this latent component: measured genetic
endowments account for a nontrivial share of lifetime utility inequality.

5.3 Impact on Extreme Wealth Concentration

Figure 9 shows that the e ects of genetic mechanisms are highly concentrated at the extreme
upper tail of the wealth distribution. In the benchmark economy (blue curve), the top 0.1%
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exhibits a pronounced fat right tail and substantial within-group dispersion. Shutting down
the intergenerational genetic link leads to a sharp compression in both average wealth and
within-bin variance for this group (green curve). Removing the remaining cross-sectional genetic
heterogeneity compresses the distribution further (red curve). By contrast, the corresponding
e ects for the top 0.5% and top 1% groups are modest, and the distribution of the bottom 90%
remains largely unchanged. Genetic mechanisms therefore operate primarily at the extreme
upper tail, with limited in uence on the rest of the distribution.

Table 9 quanti es these patterns. In the benchmark economy (Model 1), households in the
top 0.1% hold, on average, wealth equal to 276 times that of the bottom 90%. This level of
concentration is consistent with empirical evidence from administrative tax data and rich lists,
where the top 0.1% command wealth levels several hundred times larger than the broad middle
of the distribution (Saez and Zucman, 2016). The benchmark calibration therefore matches the
degree of extreme right-tail concentration observed in the data.

Eliminating the intergenerational genetic link (Model 2) reduces the top 0.1% wealth ratio
sharply, from 276 to 19.8. Removing the remaining cross-sectional genetic heterogeneity (Model
3) lowers it further to 15.2. These results indicate that dynastic genetic transmission accounts
for the bulk of extreme concentration at the very top. In contrast, for the top 0.5% and top 1%
bins, mean wealth ratios decline only modestly. Panel B shows a similarly stark pattern for
dispersion: within-bin variance in the top 0.1% is largely eliminated once the intergenerational
link is removed, while variance in the bottom 90% remains nearly unchanged. This highlights a
strong nonlinearity, whereby genetic mechanisms disproportionately a ect the extreme right tail.

The model implies that reaching the extreme upper tail is a gradual dynastic process unfolding
over generations. High-wealth status is sustained through the formation of pre-market types,
persistent sorting into high-return entrepreneurial activities, and the accumulation of inter vivos
transfers that reinforce advantages over time. Maintaining such positions requires repeatedly
drawing genetic types suited for entrepreneurship across generations. When this transmission
channel is removed, the cumulative process breaks down, leading to a sharp compression of both
average wealth and dispersion at the very top.

Figure 10 provides a complementary perspective by illustrating the composition of genetic
types across wealth tiers. High high (HH) types, those with both Bigk 43pand high% ( ase:
are substantially over-represented at the extreme upper tail, while low low (LL) types are
under-represented. This pattern re ects that HH individuals possess the genetic traits most
conducive to entrepreneurial success and sustained high returns. The concentration of HH
types at the top is therefore not incidental but arises from systematic sorting driven by genetic
endowments. These patterns provide additional evidence that genetic ability is an important
force behind persistent wealth accumulation across generations, consistent with the model's
mechanism in which repeated selection of high-ability entrepreneurial types sustains dynastic
wealth at the top.
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Figure 9: Wealth Distribution under Di erent Genetic Transmission Mechanisms

Notes: This gure presents kernel density estimates of the wealth distribution across four wealth quantile segments. The left panel shows three tail distributions conditional on
assets exceeding the 99.9th (top 0.1%), 99.5th (top 0.5%), and 99.0th (top 1%) percentiles. The right panel illustrates the distribution for the bottom 99% of the population (the
main body). The horizontal-axis reports assets normalized by the population median in the benchmark economy. The blue density corresBendbrmathmodel. The

green density represents the counterfactual WitHntergenerational Genetic Linkvhich shuts down the transmission of genetic endowments from parents to children. The red
density represents the counterfactual viNth Genetic Heterogeneitin which all agents share the mean genetic endowment.



These results speak naturally to theories that attribute the rise in top income and wealth
inequality to the emergence of superstar entrepreneurs and managers. Models of scale and
talent, beginning with Rosen (1981), show how small di erences in ability can translate into
disproportionately large rewards when technologies exhibit convex returns or scalable impact.
Empirical work on top executives and business owners (e.g., Gabaix and Landier, 2008; Kaplan
and Rauh, 2013) documents how expanding market scale ampli es payo s at the very top. Our
framework shows that genetically founded persistence in entrepreneurial abilities is critical
for sustaining superstar outcomes across generaltionse counterfactual exercises therefore
point to a nuanced conclusion: genetic mechanisms are central for explaining extreme wealth
concentration at the top, while the broader economy remains largely una ected by genetic
sorting.

Figure 10: Genetic Type Composition Across Four Wealth Tiers

Notes: This gure shows the distribution of genetic types across wealth tiers. Each bar reports the proportion
of individuals within a given wealth tier belonging to one of four genetic types de ned by polygenic scores for
educational attainmen®{ ( 43p) and risk tolerance% ( agg): HH (blue, high high), ,LH
(green, low high), and LL (red, low low). Wealth tiers are de ned as the top 0.1%, top 1%, top 10%, and the full
population. The vertical axis reports the share of each genetic type within each tier.

Finally, it is important to interpret correctly the disparity betweap and »3in Table 9.
The relatively small marginal contribution of own genetic heterogeneity)( compared to the
intergenerational link (12), does not imply that individual genes are unimportant. Rather, the
two counterfactuals operate over di erent horizons. The column measures the e ect of
removing genetic variation within a single generation, conditional on the dynastic link already
being eliminated. By contrast,;> captures the cumulative removal of multi-generational
transmission operating through type formation, occupational sorting, and inter vivos transfers.
The dominance of the intergenerational genetic link therefore re ects the cumulative, long-run

12A comprehensive comparison of economic outcomes across Models 1 through 3 can be found in Appendix
Table D.1.
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Table 9: Wealth by Percentile Bin: Mean Wealth Ratios and Within-Bin Variance

Model 1 Model 2 Model 3

Percentile Bin (Benchmark) (No Intergeneratiot 12 (No Genetic 23 13
Genetic Link) Heterogeneity)

Panel A: Mean Wealth Ratio (Multiples of the Bottom-90% Population Mean)
Top 0.1% 276.0 19.83 92.8% 15.21 1.7% 94.5%
Top 0.1 0.5% 11.66 11.36 2.6% 10.64 6.2% 8.8%
Top 0.5 1.0% 9.264 9.130 1.4% 8.765 3.9% 5.4%
Top 1.0 10.0% 4.748 4.723 0.5% 4.601 26% 3.1%
Panel B: Within-Bin Wealth Variance (Normalized by Model 1 Within-Bin Variance)
Top 0.1% 1.000 0.000 100.0% 0.000 0.0% 100.0%
Top 0.1 0.5% 1.000 0.811 18.9% 0.465 34.6% 53.5%
Top 0.5 1.0% 1.000 0.949 5.1% 0.900 49% 10.0%
Top 1.0 10.0% 1.000 1.006 -0.6% 0.905 10.1% 9.5%
Bottom 90% 1.000 1.032 -3.2% 0.989 43% 1.1%

Notes:Panel A reports mean wealth within each percentile bin, expressed as multiples of the bottom 90% population
mean. Panel B reports within-bin wealth variance, normalized by the corresponding variance in Model 1 (so Model
1 equals 1.000 in all bins). 12, 23, and 13 denote percentage changes de nedld®del 1 Model 2+«Model 1,

IModel 2 Model P*Model 1, and*Model 1 Model +Model 1, respectively. For the top 0.1%, within-bin
variance in Models 2 and 3 is negligible relative to the benchmark, resulting in normalized values close to zero.

ampli cation of genetic advantages in an OLG economy.

6 Policy Experiments: Relaxing Credit Constraints

Using our uni ed OLG framework with genetic heterogeneity, we study how relaxing credit
constraints a ects aggregate output and human capital investment across genetic types. We
interpret this policy experiment through the lens of gene-by-environment interaction: nancial
frictions constitute an important part of the economic environment in which genetic endowments
translate into entrepreneurial choice, business expansion, and wealth accumulation. A relaxation
of credit constraints therefore changes how initial genetic advantages map into economic
outcomes.

We evaluate this policy along two horizons. In the short run, we introduce a one-time
relaxation of the borrowing constraint at the benchmark steady state and simulate the economy
one generation forward to measure the immediate e ect on the succeeding generation. In the
long run, we allow the economy to evolve under the new borrowing limit until it converges
to a new steady state, and compare this new equilibrium with the original benchmark. This
distinction is important because the same policy can interact with genetic heterogeneity very
di erently over time.

In the short run, relaxing nancial frictions tends to amplify the payo to favorable genetic
endowments. Individuals with stronger entrepreneurial-relevant traits are better positioned to
take immediate advantage of improved borrowing access: they are more likely to scale up existing
businesses and more likely to enter entrepreneurship when credit becomes more available. As
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a result, the policy initially delivers larger gains to those with higher genetic advantage. In
the long run, however, this ampli cation weakens. As the economy evolves over generations,
individuals with less favorable genetic endowments bene t from improved preparation through
increased parental investment and larger inter vivos transfers. These dynastic adjustments
enhance their readiness for entrepreneurship and relax e ective nancial constraints for their
o spring. Consequently, the bene ts of relaxed credit access become more broadly shared across
genetic types, and the mapping from genetic advantage to entrepreneurial outcomes becomes
less steep in the new steady state.

Sources of Output GrowttWe begin by decomposing the changes in total output between
the counterfactual and the baseline. Total output is de ned as the aggregate earnings for all
workers and entrepreneurs, given the prevailing distribution of age and genetic types. Relaxing
credit constraints raises aggregate output through two channels. The intensive margin captures
the expansion of production by incumbent entrepreneurs who increase their scale of operation
when borrowing limits are relaxed. The extensive margin captures occupational reallocation:
looser collateral requirements make entrepreneurial entry nancially feasible for individuals
who would otherwise remain workers.

Panels (a) and (b) of Figure 11 report incremental output relative to the benchmark in the
short and long run, respectively. Across both horizons, the high-high (HH) genetic type (high
% ( 43pand high% ( agg) contributes the most to aggregate growth, whereas the low-low
(LL) type contributes the least. This pattern is consistent with Table C.3, which documents a
substantial productivity penalty for low genetic endowments in entrepreneurship and a large
premium for high endowments. Individuals with stronger genetic traits are therefore better
positioned to convert improved credit access into productive expansion.

A comparison of Panels (a) and (b) reveals a clear di erence between short-run and long-
run. Intensive-margin gains are similar in the short and long run, indicating that incumbent
entrepreneurs respond immediately to relaxed credit constraints. In contrast, extensive-margin
gainis limited in the short run, especially for low-genetic types who remain e ectively constrained
despite the policy change. Over time, however, these households accumulate net worth, which
relaxes e ective credit constraints for the next generation. This dynastic accumulation process
enables their o spring to exploit improved nancial access and enter entrepreneurship in the
long run.

Dynastic AccumulationWe next examine how dynastic responses amplify output growth.
Panels (c) and (d) of Figure 11 decompose aggregate output growth into three channels: (1)
investment e ect, de ned as changes in parental time investment, (2) transfer e ect, de ned
as changes in inter vivos transfers, and (3) the self-accumulation e ect, de ned as changes in
wealth accumulation conditional on initial endowments. To isolate each mechanism, we conduct
counterfactual simulations in which parental investment and inter vivos transfers are sequentially
xed at their benchmark levels while credit constraints are relaxed. The residual change in output
is attributed to the self-accumulation channel.

In the short run, output growth is driven almost entirely by the self-accumulation e ect
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as current agents respond to relaxed borrowing limits. Changes in parental investment and
transfers play a negligible role. In the long run, however, the composition of growth di ers
sharply across genetic types. For high-genetic individuals, the self-accumulation channel
remains dominant: their productivity advantage allows them to capitalize on improved credit
access without substantial reliance on dynastic resources. For low-genetic typés (lagb

and/or low% ( asg), however, inter vivos transfers become the primary driver of output growth,
overtaking the self-accumulation channel. This asymmetry indicates that disadvantaged groups
are primarily constrained by limited collateralizable wealth, not by credit access.
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Figure 11: Changes in Total Output by Relaxing Credit Constraints

(a) Incremental Output: Extensive vs Intensive margin (One-generation E ect) (b) Incremental Output: Extensive vs Intensive margin (Long-run e ect)

144

(c) Incremental Output: Dynastic Accumulation (One-generation E ect) (d) Incremental Output: Dynastic Accumulation (Long-run E ect)

Notes: This table reports two decompositions of incremental total output (aggregate earnings) following the relaxation of credit constraints across genetic groups. Incremental
output is de ned as the di erence between the new and benchmark economies, normalized by benchmark total earnings. Panels (a) (b) decompose output into the intensive
margin (earnings growth of incumbent entrepreneurs previously constrained by wealth) and the extensive margin (output gains from workers switching into entrepreneurship due
to improved credit access). Panels (c) (d) decompose output into three channels: (i) parental time investment, (ii) inter vivos transfers, and (iii) the self-accumulation e ect,
de ned as changes in wealth accumulation conditional on initial endowments. The investment e ect captures output changes driven by parental investment adjustments; the
transfer e ect captures the additional contribution of changes in cash transfers; the remaining self-accumulation e ect re ects gains from relaxed credit constraints while holding
initial endowments xed. Genetic groups are de ned%y( types: HH (High% ( 43p type/High% ( ags:type), HL (High/Low), LH (Low/High), and LL (Low/Low). The
one-generation e ect refers to the immediate response one period ahead, while the long-run e ect captures the transition to the new stationary equilibrium.



7 Conclusion

This paper analyzes the role of genetic endowments in shaping entrepreneurial decisions,
intergenerational mobility, and wealth inequality. By integrating polygenic scores for educational
attainment % ( 43p and risk tolerance% ( asg) into a structural overlapping-generations
framework, we quantify how inherited traits a ect entrepreneurial selection, persistence, and
dynastic wealth accumulation, and disentangle the roles of intergenerational genetic transmission
and individual genetic heterogeneity.

Our analysis yields three main insights. First, genetic endowments play a dual role in shaping
both intergenerational mobility and individual lifetime outcomes. They generate heterogeneous
returns across occupations and are a key determinant of entrepreneurial selection and long-
run survival. At the intergenerational level, genetic transmission reinforces entrepreneurial
persistence, while stochastic inheritance generates worker-to-entrepreneur transitions. At the
individual level, genetic heterogeneity explains a substantial share of variation in entrepreneurial
duration and more modest but nontrivial shares of lifetime earnings and utility. These ndings
suggest that genetic endowments are an important component of initial heterogeneity, though
they do not account for the full extent of lifetime inequality.

Second, genetic mechanisms are central to explaining extreme wealth concentration. Our
decomposition shows that the intergenerational genetic link is the primary force sustaining the
extreme right tail of the wealth distribution. Eliminating this link reduces the wealth advantage
of the top 0.1 percent relative to the bottom 90 percent by more than 90 percent, while the rest
of the distribution is largely una ected. This pattern indicates that extreme wealth re ects a
dynastic process in which entrepreneurial-relevant traits are repeatedly selected and ampli ed
across generations, providing a micro-foundation for theories of superstar-driven inequality.

Third, the impact of nancial policies depends critically on both the time horizon and
the interaction with genetic heterogeneity. Relaxing credit constraints ampli es the returns to
favorable genetic endowments in the short run, as high-ability individuals are better positioned to
scale up and enter entrepreneurship. In the long run, however, dynastic adjustments, particularly
through inter vivos transfers, expand entrepreneurial entry and attenuate the mapping from
genetic endowments to economic outcomes. The key di erence between short- and long-run
e ects arises from the extensive margin of entrepreneurship, while intensive-margin responses
are similar across horizons. These results highlight that the long-run impact of nancial
policy operates primarily through intergenerational wealth transmission rather than immediate
individual responses.

Our framework is subject to several limitations that point to directions for future research.
First, as an initial step, we focus on polygenic scores for educational attainment and risk tolerance,
while other dimensions of genetic endowment may also play important roles in shaping economic
behavior. Second, the model adopts a simpli ed family structure with a single parent and one
child. Extending the framework to incorporate two parents and multiple children would allow
for richer within-household interactions and strategic allocation of resources. Third, the timing
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of fertility is taken as given. Endogenizing fertility decisions would provide additional insights
into how genetic endowments and economic incentives jointly shape family formation and
intergenerational outcomes.

Overall, our ndings show that genetic heterogeneity is an important driver of entrepreneurial
persistence and extreme wealth concentration, butits e ects are mediated by economic institutions.
Policies that a ect access to capital and intergenerational resource transmission can either
amplify or mitigate the economic consequences of genetic di erences, shaping both mobility
and inequality over the long run.
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Appendices

A Genetic Endowments

This study measures genetic endowments using polygenic scores (PGSs) calculated from
estimated e ect sizes of genetic variants obtained through genome-wide association studies
(GWAS).

The human genome comprises 23 pairs of chromosomes inherited from biological parents.
These chromosomes, composed of DNA, carry genetic instructions encoded by nucleotide
sequences: adenine (A), thymine (T), guanine (G), and cytosine (C). While most nucleotide sites
are identical across humans, certain sites called single-nucleotide polymorphisms (SNPs) vary
across populations. Each SNP has a common allele and a less common allele. Individuals inherit
two alleles at each SNP, one from each parent, resulting in SNP values of 0, 1, or 2 that indicate
the number of less common alleles present.

To identify how SNPs relate to speci ¢c outcomes such as educational attainment, researchers
conduct GWAS that regress outcomes on individual SNPs across large training samples,
estimating an e ect size (coe cient) for each SNP. The estimated coe cients, denotegy
are used to construct polygenic scores for each individual by summing weighted SNP values:

~

O
% (5= Yy (#%se (11)
=1

where% ( 8His the polygenic score for outconk#for individual 8§ and(# %gis the number of
the less common alleles at SNP

Recent evidence (e.g., Okbay et al. (2016)) suggests that including all SNPs, rather than only
signi cant ones, improves prediction accuracy. Following this approach, | construct PGSs using
all SNPs to capture an individual's genetic endowments toward speci ¢ outcomes.

The Understanding Society dataset provides comprehensive genetic information from blood
and saliva samples collected from 9,961 participants. The dataset includes 24,214,238 SNPs
based on the hg38 genome build. Using PLINK2 and following the standard pipeline in Choi
et al. (2020), We utilize publicly available GWAS summary statistics to construct polygenic
scores for 48 traits among 9,920 individuals who pass quality control. These traits include
educational attainment, risk tolerance, mental health, socioeconomic status (SES), physical
composition, height, and weight.
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Table A.1: GWAS Studies Used for Polygenic Score (PGS) Construction

Outcome

GWAS Study

Cognitive and Educational Outcomes
Educational Attainment
Cognitive Performance
Intelligence
Childhood IQ

Okbay et al. (2022)
Savage et al. (2018)
Hill et al. (2019)
Benyamin et al. (2014)

Mental Health and Personality Traits
ADHD
Mental Health
Major Depressive Disorder (MDD)
Tiredness
Loneliness
Agreeableness
Anorexia Nervosa

Demontis et al. (2019)
Baselmans et al. (2019)
Howard et al. (2019)
Deary et al. (2018)
Day et al. (2018)

De Moor et al. (2012)
Watson et al. (2019)

Risk-related Behaviors
Age at First Sex
Speeding Propensity
Smoking / Ever Smoked
Risk Tolerance / Risk Behavior Composite
Drinks Per Week / Alcohol Use
Cannabis Use
Cigarettes Per Day
Alcohol Dependence

Mills et al. (2021)

Karlsson Linnér et al. (2019)

David et al. (2012); Karlsson Linnér et al. (2019)
Karlsson Linnér et al. (2019)

Karlsson Linnér et al. (2019); Schumann et al. (2016)
Pasman et al. (2018)

Liu et al. (2019)

Walters et al. (2018)

Physical Health and Well-being
Self-Rated Health
Coronary Artery Disease
Obesity / BMI
Forced Expiratory Volume (FEV)
Insomnia / Sleep Duration / Chronotype

Harris et al. (2017)

Schunkert et al. (2011)

Berndt et al. (2013); Yengo et al. (2018)
Soler Artigas et al. (2015)

Jansen et al. (2019); Jones et al. (2016)

Socioeconomic Status (SES) and Demographic Outcomes

Household Income

Age at First Birth

Longevity

Number of Children Ever Born
Townsend Deprivation Index

Hill et al. (2016)
Barban et al. (2016)
Timmers et al. (2019)
Barban et al. (2016)
Hill et al. (2016)

Height/Weight
Birth Weight
Height

Horikoshi et al. (2016)
Yengo et al. (2018)

Notes: This table summarizes the source Genome-Wide Association Studies (GWAS) used to construct the
Polygenic Scores (PGS) employed in our analysis. The selection of studies prioritizes large-scale meta-analyses
with European-ancestry samples to ensure maximal predictive power. Each PGS is calculated as a weighted sum of
risk alleles, where weights correspond to the effect sizes estimated in the respective discovery GWAS listed above.
For outcomes with multiple references, weights are derived from the most recent or comprehensive meta-analysis

available.
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A.1 Measurement Error in PGS and Its Correction

Polygenic scores, as constructed in equation (11), rely on estimated SNP effect sizes \72| from
GWAS. These estimates are subject to sampling variation and may differ from the true underlying

effects Vg. The true PGS for individual § and outcome H can be expressed as:

% (= Vi (#%;

9=1

The constructed PGS uses estimated effect sizes \75| instead of the true V;I, introducing

measurement error. This relationship can be written as:

% G=% ¢ .Y
where YBH = g ,,\7;| V;I" (# %y captures the error component. As shown in Becker et al.
(2021), these SNP coefficient estimates are unbiased but noisy, making the error term Ygl a
classical measurement error. In this study, polygenic scores are discretized, and I focus on their
rank order rather than absolute values. However, measurement error in PGS construction may
alter an individual’s rank within the population distribution.

To address this concern, I follow the correction approach developed by DiPrete et al. (2018).
Specifically, I construct PGSs for educational attainment (% (43p) and risk tolerance (% (ags:)
from two independent GWAS training samples: one excluding data from the 23andMe cohort
and another based solely on 23andMe data. These two sets of PGS estimates are independent and
derived from non-overlapping samples, ensuring uncorrelated measurement errors. To simplify
notation, let the 23andMe sample be denoted by and the non-23andMe sample by . We

model the estimated polygenic scores for outcome H as:

kK =U,PGS,Y
<k =U,PGS, Y

where PGS represents the true polygenic score, and Y. captures the measurement error for
sample : 2 f g. Following Becker et al. (2021) and DiPrete et al. (2018), these estimates are
unbiased but noisy measures of the true PGS, with errors orthogonal to each other and to the
true score.

Leveraging this property, I project the score from the non-23andMe sample ( ) onto the
score from the 23andMe sample ( ). Suppressing the outcome superscript H for clarity, the
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projection is defined as:

Cov, gk ks
Var,, /cls ” ek

_ Cov,UiPGS ,Y UPGS,Y "
Uf Var,PGS” , Var,Y "

S =

SwU2PGS , Y 7

#
U,U3 Var,PGS”
= PGS
U? Var,PGS” , Var,Y "
I {z }

Since the term in brackets, denoted by , is a constant scaling factor, the projected P preserves
the rank order of the true PGS (ignoring the orthogonal error term in the limit). Therefore, the
percentile rank of an individual’s projected score is identical to that of their true score within the

population distribution.
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A.2 Distributions of % (x5- and % (43p

Figure A.1: Orthogonality Tests of Polygenic Scores across Datasets

KDE of RT PGS (NCDS)

KDE of RT PGS (Understanding Society)

0.40{ |KS:0.0252 [ Top EA PGS 0.404 |KS:0.0272 [ Top EA PGS
P-value: 0.4236 [ Bottom EA PGS P-value: 0.1681 [ Bottom EA PGS
0.35 A 0.35
0.30 A 0.30 A
0.25 A 0.25 A
2 Fol
T ‘@
§0.20 § 0.20
s} s}
0.15 A 0.15 A
0.10 0.10
0.05 0.05
0.00 +— T T T 0.00 -— T
-4 -2 0 2 4 -4 -2 0 2 4
RT PGS RT PGS
(@) % (agg- Distribution by Top/Bottom % (43p Groups
KDE of EA PGS (NCDS) KDE of EA PGS (Understanding Society)
KS: 0.0223 Top RT PGS 0.40- [Ks:0.0254 Top RT PGS
0.40 4 P-value: 0.5791 [1 Bottom RT PGS P-value: 0.2303 Bottom RT PGS
0.35
0.35
0.30 A
0.30 A
0.25 A
.. 0.251 / \ N
= [ \ &
g / £ 0.20
& 0.20 4 \ 8
/
0.15 A 0.15 A
0.10 0.10
\
0.05 0.05 A
/
0.00 1— r T 0.00 r T T
-4 -3 -2 -1 0 1 2 3 4 -4 -2 0 2 4
EA PGS EA PGS

(b) % (43p Distribution by Top/Bottom % (sg5- Groups

Notes: This figure performs orthogonality tests between % (43p and %  (aga- using the NCDS and Understanding
Society datasets. Panel (a) plots the kernel density of % (g5 for individuals in the top and bottom deciles of
the % (43p distribution. Panel (b) plots the kernel density of % (43p for the top and bottom deciles of the
% (ags: distribution. The Kolmogorov-Smirnov (KS) test statistics and corresponding p-values are reported for
each comparison. In all cases, the p-values are sufficiently large (exceeding standard significance levels), indicating
that we cannot reject the null hypothesis that the distributions are identical. This confirms that the two polygenic
scores are empirically orthogonal across different cohorts.

B Data

This study utilizes data from Understanding Society: The UK Household Longitudinal Study
(UKHLS), which builds upon the British Household Panel Survey (BHPS) initiated in 1991
and integrated into UKHLS in 2009. This nationally representative longitudinal panel tracks
individuals annually, providing comprehensive information on household income, employment

status, housing conditions, family structure, health, education, risk attitudes, and well-being.
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Particularly relevant for this research is the genetic subsample, comprising 9,961 individuals
who provided blood samples for DNA extraction. This genetic data enables the construction of
individual-specific polygenic scores (PGSs), which serve as measures of genetic endowments and
can be linked to diverse economic and behavioral outcomes. Table B.1 summarizes the genetic
sample in Understanding Society. Two key advantages of this dataset support the investigation
of genetic effects on entrepreneurial choice within a dynastic framework.

First, the richness of Understanding Society data facilitates comprehensive analysis of
labor-market and intertemporal-choice variables. Among the 9,921 individuals in the genetic
sample who pass quality control, 9,647 report self-employment status, 9,915 report educational
attainment, and 7,178 report saving behavior. Crucially, a core analytical subsample of 7,029
individuals possesses complete data on education, self-employment, and savings, enabling
rigorous analysis of these outcomes in relation to genetic endowments.

Second, the dataset’s capacity to observe genetic relationships within families facilitates
analysis of intergenerational transmission of genetic endowments from parents to offspring.
A total of 970 child—parent pairs have available genetic data: 550 individuals have genetic
information on a biological parent, 392 on a biological child, and 223 on a biological sibling.
Additionally, the dataset contains genetic endowment information for spouses or partners:
2,213 genotyped spouses and 3,509 genotyped partners. These features enable investigation of
mechanisms such as genetic nurture and assortative mating, providing a more comprehensive
understanding of how genetics influence economic outcomes across generations.

This multifaceted structure—combining individual-level genotypic data with extensive
economic and demographic information across multiple generations and family members—makes
Understanding Society an exceptional resource for studying both direct and indirect effects of

genetic endowments on economic behavior.

Table B.1: Sample Size by Information Availability

Sample Category N
Core Analysis Sample

Full genetic sample (post-QC) 9,920

Self-employment information 9,647

Educational attainment 9,915

Saving information 7,178

Child educational attainment 5,930
Linked Biological Relatives

Biological parent genotype linked 550

Biological child genotype linked 392

Biological sibling genotype linked 223

Notes: This table summarizes the sample sizes available for key variables after applying standard genetic Quality
Control (QC) protocols. Full genetic sample refers to individuals with valid genomic data. Linked categories
indicate successful matching of genotype records between the primary respondent and their respective biological
relatives within the dataset.
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B.1 Parent—Child Sample

Figure B.1: Representativeness Test of Parent-Child Subsample
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Notes: This figure compares the distributions of % (43p (left) and % (ags- (right) between the full genotyped
sample and the parent-child linkage subsample. The Kolmogorov-Smirnov (KS) test statistics and corresponding
p-values are reported for each trait (? = 0 5348 for % (43p and ? = 02782 for % (ags:). Since the p-values
significantly exceed conventional significance levels, we fail to reject the null hypothesis that the two distributions
are identical. This confirms that the parent-child subsample is a representative draw from the overall genotyped
population with respect to these polygenic traits.

C Other Model and Identification Details

C.1 Details on Pre-market Type Identification

To identify distinct pre-market types within the sample, I employ a clustering approach based on
pre-market characteristics. The optimal number of clusters is determined using two standard
diagnostic criteria: the Silhouette Analysis (Rousseeuw, 1987) and the Elbow Method (Thorndike,
1953).

As illustrated in Figure C.1, both methods yield consistent results. Panel (a) shows the
average silhouette width, a measure of how similar an object is to its own cluster compared
to other clusters. The score peaks sharply at : = 2, indicating that a two-type configuration
maximizes within-cluster cohesion and between-cluster separation. This is further supported by
the Elbow Method in Panel (b), which plots the within-cluster sum of squares (WCSS) against
the number of clusters. A distinct "elbow" point is observed at two clusters, after which the
marginal reduction in WCSS becomes negligible. Consequently, I categorize the population into
two latent groups: “High” and “Low” pre-market types.
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Figure C.1: Optimal Cluster Number Determination
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Notes: This figure presents the diagnostic plots for determining the optimal number of clusters. Panel (a) displays the
average silhouette width, where a higher value indicates better cluster separation. Panel (b) shows the within-cluster
sum of squares (WCSS) using the elbow method. Both metrics identify : = 2 as the optimal cluster count.

Table C.1 reports the maximum likelihood estimates for the process governing the formation
of these types. The results indicate that a child’s probability of being identified as a High Type
is strongly driven by the intergenerational transmission of genetic endowments and parental
investment. Children with high polygenic scores for both education and risk taking (High
% (a3p, High % (as:) show the strongest propensity toward the High Type (0 61). Notably,
parental genetic endowments also exert significant direct influence, even when controlling for
the child’s own genes, suggesting potential genetic nurture effects.

Furthermore, parental background plays a critical role. Having a “High Type” parent
increases the log-odds of a child becoming a High Type by 1.12. However, the most substantial
predictor is the Parental Investment Index (2 33), highlighting that while genetic and categorical
backgrounds set the baseline, active investment during the developmental stage is the primary

driver of high-capacity type formation.

Table C.1: Parameter Estimates for the Type Formation Process

Variable Coefficient

Child’s Genetic Endowments (vs. Low-Low)
High % 43D> High % (ABB:
High % (430, Low %  (ags:
Low % (43p, High % (ags:

0

0

0.
Parental Genetic Endowments (vs. Low-Low)

0

0

0

High % (43p, High %  (as:
High % (43p, Low % (ass-
Low % (43p, High % (ass-

Parental Background and Investment

High Type Parent (vs. Low) 1.12
Parental Investment Index 2.33
Intercept -2.51

Notes: Maximum likelihood estimates based on NCDS data. Coefficients represent the impact on the log-odds of a
child being classified as a “High” pre-market type. Genetic groups are defined relative to the bottom deciles of the
respective PGS distributions.

63



C.2 Model Fit

Table C.2: Model Fit: Targeted Moments and Simulation Results

Moment Simulated Target

Panel A: Earnings and Inequality
Mean Entrepreneur Income

High % (43p, High % (ass- 12.75 11.59
High % (43[), Low % (ABB: 11.32 10.26
Low % (43p, High % (ass: 10.90 9.59
Low % (43[), Low % (Agg; 9.57 7.64
Autocorrelation 0.66 0.51
Overall Mean 11.25 9.87
Standard Deviation 8.96 9.74
Mean Worker Income
High % (43[), High % (Agg; 7.37 7.59
High % (430, Low % (ass- 7.32 7.30
Low % (43D, High % (ASB: 7.00 6.49
Low % (43D, Low % (Agg; 6.31 6.34
Autocorrelation 0.88 0.82
Overall Mean 6.96 6.95
Standard Deviation 4.62 4.03
Inequality & Financial Decisions
Wealth Gini 0.60 0.63
Income Gini 0.33 0.33
Mean Intergenerational Transfer 1.69 1.79
Mean Saving Ratio 0.125 0.120

Panel B: Entrepreneurship and Transitions
Entrepreneurship Ratio by Group

High % (43[), High % (Agg; 0.122 0.106
High % (430, Low % (ags- 0.135 0.124
Low % (43D, High % (ASB: 0.117 0.114
Low % (43D, Low % (ABB: 0.095 0.091
High pre-market type 0.143 0.143
Low pre-market type 0.080 0.079
Transitions
Worker Parent ¥ Entrep. Child 0.110 0.124
Entrep. Parent ¥ Entrep. Child 0.195 0.190

Panel C: Parental Investment and Type Formation
Parental Investment (Standardized)

Child High % (a3p, High % (ass: 0.50 0.50
Child High % (43D7 Low % (ABB: 0.49 0.50
Child Low % (43p, High %  (ags- 0.46 0.44
Child Low % (43p, Low % (ass: 0.42 0.43
Prob. of Child Becoming High Type (by Parent PGS & Type)
Parent HH PGS (High Type / Low Type) 0.72/0.55 0.65/0.55
Parent HL PGS (High Type / Low Type) 0.68/0.51 0.70/0.49
Parent LH PGS (High Type / Low Type) 0.65/0.47 0.55/0.41
Parent LL PGS (High Type / Low Type) 0.58/0.42 0.58/0.32

Notes: This table reports the targeted moments and the corresponding values generated by the model simulation.
Panel A summarizes earnings profiles, inequality metrics (Gini), and household financial decisions (transfers
and savings). Panel B reports entrepreneurship rates across genetic groups. Panel C details the intergenerational
transmission mechanism, including standardized parental time investment received by children of different
genetic profiles, and the conditional probability of a child becoming a “High pre-market type” based on parental
characteristics. Genetic groups (HH, HL, LH, LL) are defined based on the intersection of % (43p and % (ags: -
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C.3 Estimated Structural Parameters

Table C.3: Estimated Structural Parameters

Parameter Estimate (Std. Err.)
Entrepreneurial Earnings Process
Vi : HH PGS return 0.182 (0.011)
Vi 1. HL PGS return 0.069 (0.009)
Vi 1 : LHPGS return 0.067 (0.017)
Vi 11: LL PGS return -0.214 (0.010)
Vi g6 : High pre-market type return 0.351 (0.015)
Vi .>g: Low pre-market type return -0.022 (0.010)
a: Capital return 0.512 (0.015)
%: Entrepreneurial sector productivity (intercept) -0.153 (0.018)
d : Entrepreneurial ability persistence 0.238 (0.034)
T : Entrepreneurial ability shock std. dev. 0.623 (0.010)
Worker Earnings Process
Vi, : HH PGS return 0.047 (0.002)
Vi . 1: HL PGS return 0.033 (0.002)
Vi . 1 : LH PGS return 0.000 (0.002)
Vi _ 11: LL PGS return -0.142 (0.002)
Vi . 6 : High pre-market type return 0.435 (0.001)
Vi . .>g: Low pre-market type return 0.000 (0.001)
F: Wage rate (intercept) 0.999 (0.001)
d _ : Worker ability persistence 0.801 (0.001)
T_ : Worker ability shock std. dev. 0.383 (0.0004)
Utility Function & Intergenerational Transmission
V: Discount factor 0.990 (0.001)
_: Altruism weight on children’s utility 0.083 (0.001)
W: Coefficient of relative risk aversion 3.081 (0.009)
1,9 ”: Non-pecuniary benefit, High Type 0.0007 (0.00007)
1,91": Non-pecuniary benefit, Low Type -0.0195 (0.0001)
d_ 2: Parent—child worker ability corr. 0.004 (0.013)
d 2: Parent—child entrep. ability corr. 0.950 (0.020)

Notes: Standard errors are reported in parentheses. The estimates are updated based on the structural model
calibration. The discount factor V corresponds to a model period. Genetic groups are defined as: HH = high
% (43p/high% (ags:; HL=high% (43p/low % (ass:; LH=1low % (43p/high% (ags-;LL=1low% (43p/low
% (ase:-
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