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Abstract
Is the allocation of human capital between entrepreneurs and workers a

key determinant of aggregate productivity and income? How pervasive are

its implications for macro-development? Analyzing international survey

data unveils a new empirical fact: there is a strong positive link among the

mean-adjusted rate of entrepreneurship for higher educated individuals

and output per worker or total factor productivity (TFP). Further focus

on the U.S. reveals an asymmetric U-shaped pa�ern between schooling

and selection into entrepreneurship, while average business outcomes are

strictly increasing for more educated �rm owners/managers. I rationalize

these �ndings in a versatile heterogeneous-agent model with occupational

and educational choices. Under the hypothesis that entrepreneurial human

capital may enhance productive capacities via costly technology adoption,

the entrepreneurship-education nexus has �rst-order aggregate and dis-

tributional consequences. �antitative explorations suggest sizeable and

persistent misallocation losses due to inadequate complementarity between

idiosyncratic talent and human capital. �is novel channel can o�en account

for a major share of cross-country income di�erences vis-à-vis the U.S., as it

drastically a�ects both factor accumulation and endogenous TFP formation.
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I. Introduction

Entrepreneurship is renowned as a major driver of economic development for more

than a century, dating back to the pivotal works of Schumpeter (1911) and Knight (1921).

Since then an expansive array of research has emerged o�ering a fundamental insight:

who becomes an entrepreneur is paramount. Occupational choices are not only deter-

mined by but also determine macroeconomic outcomes, as the allocation of resources

between and within occupations governs total factor productivity (TFP) and output.

A substantial body of literature studies economies in which heterogeneous agents

may become entrepreneurs who create �rms and shape productive capacities. In such

se�ings, the decision to own and run a �rm usually hinges on di�erences in abil-

ity/productivity; risk aversion; wealth and access to credit; taste for entrepreneurship;

or a combination of the above. �e sources of heterogeneity have a crucial bearing on

occupational sorting, hence on the macroeconomy and �rm size distributions.
1

However, there is scant research on the nature and impact of occupational choices

due to heterogeneity in conventional human capital, as proxied by years of formal edu-

cation. I advocate for greater emphasis on how di�erences in entrepreneurship rates by

educational a�ainment can arise, and how they a�ect long-run economic outcomes. In

the sphere of macroeconomics, even less endeavor has been devoted to understanding

the aggregate and distributional consequences of the entrepreneurship-human capital

nexus. I argue that these are critical research gaps that need to be further explored.

Is the allocation of human capital between entrepreneurs and workers a key determinant
of aggregate productivity and income? If so, how pervasive are its implications for macro-
development? �is study combines evidence and quantitative theory aiming to address

these inquires. To the best of my knowledge, this is the �rst paper that a�empts to

enrich the discussion in the relevant literature by raising these questions.

�e study has empirical, theoretical, and quantitative objectives. At the outset, I

seek to establish whether the allocation of human capital between entrepreneurs and

workers is empirically linked to economic development across nations. �e search for

such evidence is non-trivial as it requires large samples of high-quality harmonized

survey data at the individual level. I address this precondition by constructing an ex-

tensive micro-level dataset covering nearly 100 countries, with repeated cross-sectional

samples drawn from annual Global Entrepreneurship Monitor (GEM) adult population

surveys. To begin tackling the question in quantitative terms, I introduce a simple statis-

1
A cornerstone of this line of research can be traced back to the seminal article by Lucas (1978),

along with subsequent work by Calvo and Wellisz (1980) and Rosen (1982), where occupational decisions

are guided by di�erences in (latent) managerial ability. Parallel to those e�orts, Kihlstrom and La�ont

(1979) and Kanbur (1979) emphasized the relevance of risk aversion in choosing between occupations

and analyzed the consequent general equilibrium e�ects. Later contributions by Evans and Jovanovic

(1989), Banerjee and Newman (1993), and Aghion and Bolton (1997), to name a few, paved the road

to the modern literature by stressing the importance of wealth heterogeneity and �nancial frictions.

Some a�ention has also been drawn to the role of di�erences in non-pecuniary bene�ts/tastes related to

business ownership, as in Hurst and Pugsley (2015) and Poschke (2018). More generally, the idea that the

allocation of entrepreneurial talent is instrumental for economic growth has been examined by Baumol

(1990) in a historical context, and further explored by Murphy, Shleifer, and Vishny (1991), among others.

1



tic called the ERGON (Entrepreneurship Rate of Graduates Over National rate) index:

the normalized/mean-adjusted rate of entrepreneurship for higher educated individu-

als. Merging the GEM dataset with national-level data reveals a new empirical fact:

the ERGON index varies strongly positively and signi�cantly with output per worker,

as well as with estimated Hicks-neutral TFP. In other words, higher educated people

in richer and more productive countries become entrepreneurs at rates signi�cantly

higher than those in poorer countries. �ese �ndings are robust a�er controlling for

variables that are known to be �rmly connected with development, such as countries’

overall rate of entrepreneurship and average human capital in the labor force.

Focusing further on the U.S. economy, I utilize 11 waves of nationally representa-

tive samples drawn from the Survey of Consumer Finances (SCF), spanning a period

of 30 years. I document large di�erences in various economic and demographic char-

acteristics across entrepreneurs and workers in the U.S. labor force, as well as within

entrepreneurs. Special a�ention is given to variations stemming from formal educa-

tion. I �nd the relationship between the rate of entrepreneurship and educational at-

tainment to be non-linear and time-varying, exhibiting an asymmetric U-shape with

its le� branch declining over time. Moreover, U.S. entrepreneurs are more educated

than workers on average, and this di�erence is somewhat increasing over time. Among

active �rm owners/managers, higher education is strongly positively associated—not U-

shaped—with numerous measures of business outcomes, such as pre-tax pro�ts (both

hourly and total), sole proprietorship income, and �rm employment size. Conditioning

on a rich set of observables—experience, hours worked, health condition, willingness to

take �nancial risk, past and future inheritances, marital status, sex, race, and others—

the robustness of the descriptive results is con�rmed through reduced-form regressions

under proper repeated imputation inference (RII).

�e above stylized facts cannot be jointly accommodated by existing theories without

imposing strong distributional assumptions or implausible restrictions on primitives,

and thus warrant closer investigation. I develop a versatile dynamic general equilib-

rium model with the aim of rationalizing the empirical �ndings, and at the same time,

operating within a framework that can be broadly consistent with aggregate and survey

data. �e overarching goal is to understand the importance of the allocation of human

capital between entrepreneurs and workers in determining cross-country di�erences in

endogenous TFP and output.
2

Simultaneously, an empirically relevant theory should be

able to generate realistic predictions across important micro and macro aspects, ranging

from the �rm size distribution to cross-sectional income and wealth inequality.

To organize the discourse, I propose a micro-founded heterogeneous-agent model

that features occupational and educational choices, along with incomplete markets and

2
�e emphasis follows from a well-known consensus in the literature. Cross-country variations in

output per worker are not primarily driven by variations in physical or human capital, but are mostly de-

termined by some form of unexplained (Solow-type) residual, o�en called total factor productivity (TFP);

see Klenow and Rodrı́guez-Clare (1997); Presco� (1998); Hall and Jones (1999); Hendricks (2002); and

Caselli (2005). �e contribution of TFP seems to be all-important—but in the absence of an endogenous

theory of TFP, it simply becomes a “measure of our ignorance”.
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the option of some �nancial frictions. Upon entering the labor force, individuals di�er in

three dimensions (state variables): entrepreneurial ability, liquid assets, and human cap-

ital. �e la�er is accumulated endogenously prior to joining the labor force, with agents

choosing the amount of time to invest in formal schooling. For the reasons explained

below, I argue that incorporating my elaborations to the workhorse model would be

bene�cial to the growing literature on entrepreneurship and macroeconomics, both in

terms of theoretical predictions and quantitative performance. Conditional on the new

hypothesis I introduce, the proposed theory remains valid and �exible without the need

for any atypical assumptions on preferences and technologies, and without presuppos-

ing any dependence between entrepreneurial talent and human capital at the population

level. In principle, the main results hold under any sequence of joint distributions.

At the crux of the analysis lies the following hypothesis: there exists a disembodied

technology that coalesces entrepreneurial ability and human capital to form the fun-

damental “e�ective productivity” that is ultimately used in production. �e output of

this process is assumed to entail positive complementarity between idiosyncratic abil-

ity and education. To reap the underlying bene�ts at each point in time, active �rm

managers face a costly intratemporal technology choice. Technology adoption enables

them to complement their talent with the skills and competences that education entails.

Among equally talented entrepreneurs in equilibrium, those with higher education will

be at least as productive. Put simply, entrepreneurial human capital may serve as an

additional factor of production under some constraints.
3

Competitive equilibria encompass threshold levels of education beyond which agents

choose to adopt the technology. Aggregate total factor productivity is a pivotal en-

dogenous quantity determined by occupational and technological choices, with en-

trepreneurial human capital being a key component. Concurrently, new generations

make their schooling decisions before entering the labor force based on expectations

about future income streams and factor prices. �e la�er are largely a�ected by prevail-

ing occupational pa�erns and technology adoption choices; therefore, the outlook on

entrepreneurial success will directly in�uence the accumulation of human capital for

all individuals. �ese two mechanisms, together with their ensuing general equilibrium

e�ects, form the main channels through which the entrepreneurship-education nexus

has �rst-order consequences for macro-development.

�e degree of complementarity between factors of production in the disembodied

technology is of primary interest. Ceteris paribus, it is the central parameter governing

the shape and form of the entrepreneurship-human capital relationship, which has a

major impact on multiple facets of the macroeconomy—the structure of endogenous

TFP, the number of workers and entrepreneurs, the future accumulation of human cap-

ital. �e complementarity parameter is not presumed to be constant across economies

3
As discussed later in more detail, one can view the potential input of entrepreneurial human capital

as a source of �rm-speci�c intangible capital. �is leads to interpreting the e�ects of technology adop-

tion as contributions to �rms’ organization capital, e.g., Presco� and Visscher (1980);Atkeson and Kehoe

(2005); or more speci�cally to their managerial capital, e.g., Bruhn, Karlan, and Schoar (2010).
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or over time. In fact, a main message is that cross-country di�erences in aggregate

TFP and per capita output are driven by di�erences in the capacity of nations to foster

synergy between entrepreneurial ability and human capital.

�e quantitative analysis focuses on stationary competitive equilibria, the recursive

formulation of which corresponds to a (continuous-time) Mean Field Game without

common noise. �e model is fully solved numerically using an implicit upwind �nite

di�erence scheme based on the e�cient methods of Achdou et al. (2022).

�e model economy is calibrated to U.S. data and is able to closely match key mo-

ments across varied dimensions. �is is achieved without relying on unconventional

speci�cations or functional forms, and without producing unconventional parameter

values compared to the pertinent literature. �e calibration exercise is also successful

in replicating a range of non-targeted moments capturing salient features of aggregate

and survey data. �e results feature, for instance, large dispersion in business out-

comes that approximate �rm size distributions; widespread wealth inequality with the

appropriate concentration of assets in the hands of entrepreneurs; substantial income

inequality without any shocks to human capital or labor earnings; empirically plau-

sible cross-sectional variation in educational a�ainment; and sensible �rm dynamics.

Notably, the relationship between the rate of entrepreneurship and educational a�ain-

ment arises as of an asymmetric U-shaped form like the one found in the data, under a

modest degree of complementarity upon technology adoption.

Further model-based assessment illustrates the quantitative importance of the two

mechanisms put forward by the theory. �e goal is to obtain a clearer picture about the

magnitude and decomposition of implied long-run output di�erences with respect to

the U.S. (baseline calibration). �e �rst experiment involves varying only the comple-

mentarity parameter—in essence emulating a series of economies with ower ERGON

index, but otherwise similar in terms of preferences, processes, technologies, and pa-

rameters. Ceteris paribus shi�s in the entrepreneurship-education nexus generate up

to −45% output vis-à-vis the U.S. �ese sizeable and persistent di�erences are mostly

driven by endogenous TFP, accompanied by considerable variation in educational at-

tainment leading to lower human capital of workers.

In a similar vein, the second experiment involves varying only a prior distribution-

related parameter—in essence emulating a series of economies with uniformly lower

educational a�ainment, but otherwise similar. �e rami�cations are far-reaching when

considering ceteris paribus variations in schooling, which can alone account for up to

about −70% output per person engaged. Such abundant di�erences arise not only due

to economies with lower aggregate/average human capital having less productive work-

ers, but also because a less educated labor force will eventually result in less productive

entrepreneurs and �rms. �is is a new perspective on how prevalent the role of human

capital can be for macro-development, and complements recent work o�ering explana-

tions such as quality-adjusted education and varying returns to experience.
4

4
See for example Schoellman (2012), Manuelli and Seshadri (2014), and Lagakos et al. (2018).
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To get even more precise about the extent of international income di�erences the

model can explain, I vary key parameters as above to target related moments for a se-

lected group of countries. All in all, �ndings suggest that economies di�er markedly in

their ability to complement entrepreneurial talent with the bene�ts that human capi-

tal can o�er. �is leads to a direct misallocation channel that has drastic implications

for both factor accumulation and aggregate TFP formation, and sheds light on a novel

proximate cause of cross-country output di�erences over the long run.

Related Literature. �is paper relates and contributes to several strands of literature.

In terms of empirics, this is the �rst study documenting the fact that di�erences in

entrepreneurship rates by educational a�ainment associate with cross-country output

and (Hicks-neutral) TFP di�erences. Moreover, it adds to an expanding branch of liter-

ature studying the determinants of selection into entrepreneurship and entrepreneurial

performance. For the important case of the U.S., some prominent examples are Evans

and Leighton (1989), Hamilton (2000), Moskowitz and Vissing-Jørgensen (2002), Hurst

and Lusardi (2004), Hipple (2010), and Levine and Rubinstein (2017). For the cases of

the UK and OECD countries, two noteworthy examples are Blanch�ower and Oswald

(1998) and Blanch�ower (2000); see also the references therein.

Most relevant studies do not examine potential non-linearities in the relationship be-

tween education and entrepreneurship, and those few that do �nd suggestive evidence,

do not elaborate on the subject. In fact, more o�en than not, the estimated relationships

are found to be particularly weak and not at all decisive. �is is indeed a primary �nding

in Van der Sluis, van Praag, and Vijverberg (2008), who survey a considerable portion

of the empirical literature on educational a�ainment and entrepreneurship in industrial

countries, and report that the impact of formal schooling on entry is largely statistically

insigni�cant. Such a �nding is not necessarily surprising, since an underlying U-shaped

association could easily lead to insigni�cant estimates of linear coe�cients.
5

One noteworthy exception is the work of Poschke (2013), which brings to the fore-

front new evidence about the prevalence of the U-shaped relationship between the

likelihood of individuals engaging in entrepreneurship and their level of education or

other measures of ability. In addition, it explicitly considers how self-selection into en-

trepreneurship can arise predominantly from the bo�om and top of the ability distribu-

tion, using a labor market search structure embedded in Roy-type model of occupational

choice with two-dimensional heterogeneity (general productive ability and �rm-level

productivity). �e study focuses primarily on explaining the aforementioned together

with additional facts akin to �rm entry/exit snd entrepreneurial returns; however, it ab-

stains from exploring any implications for macro-development and cross-country out-

put/TFP di�erences, which is the central focus of the present paper. In addition, the

author relies on a modeling framework that is quite di�erent to the approach I employ;

5
Upon entertaining linear speci�cations and controlling for a wide range of covariates along with

RII bootstrapped standard errors, my �ndings also suggest strongly positive and signi�cant coe�cients

on education of the entrepreneur, which arise because the non-monotonic relationship is asymmetric.
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does not consider endogenous human capital formation and its interactions with oc-

cupational choices; and many of his main results depend crucially on the assumption

that people with higher ability are endowed with productivity draws from �rst-order

stochastic dominant distributions, whereas a similar equilibrium result about e�ective

productivities arises endogenously in my model through technology choices and with-

out presupposing any distributional dependence at the population level.

In regard to the dynamic general equilibrium framework I contribute to, the model

expands on a number of antecedents. �e approach I follow is inspired by the more

recent dynamic literature on entrepreneurship and macroeconomics, spearheaded by

the important contributions of Cage�i and De Nardi (2006), Banerjee and Moll (2010),

Buera, Kaboski, and Shin (2011), Buera and Shin (2013), Midrigan and Xu (2014), and

Moll (2014), among others.
6

Relative to these papers, which are most o�en concerned

with the impact of �nancial frictions on the macroeconomy and the wealth distribution,

my elaborations feature a more general environment set in continuous time with three-

dimensional heterogeneity, endogenous schooling choices/human capital formation, an

intratemporal technology choice for entrepreneurs, as well as the new hypotheses dis-

cussed above concerning the role of entrepreneurial human capital.

�ere is a rather limited amount of research exploring the link between entrepreneur-

ship and conventional human capital (in the Becker-Mincer view), and it is particularly

distinct in terms of core research questions and methodologies. Below I will brie�y

draw a�ention to some notable studies that are partially related to this paper in cer-

tain aspects. �e idea that entrepreneurial/managerial human capital—measured using

formal education—may enter as a separate factor of production that raises �rm-level

productivity has been put forward by Gennaioli et al. (2013), integrated in their famous

“Lucas-Lucas” spatial model, and shown to be an important determinant of regional

development. Mestieri, Schauer, and Townsend (2017) build and quantify a detailed dy-

nastic life-cycle heterogeneous-agent model to study how households’ schooling invest-

ments and occupational choices impact each other inter-generationally and over time,

with the analysis heavily involved in the persistent e�ects of market incompleteness

and credit constraints. Furthermore, Gomes and Kuehn (2017) and more recently Allub,

Gomes, and Kuehn (2023) stress the aggregate consequences of occupational choices

and skilled-unskilled labor under capital-skill complementarity, demonstrating how en-

hancing the human capital of the labor force can lead to higher average �rm size and

total factor productivity, and how these underlying forces interact non-trivially with �-

nancial frictions. By complementing and extending this set of views, the present study

argues that e�ective �rm productivity is the combination of entrepreneurial ability and

accumulated human capital coming together through costly technology adoption, and

shi�s the focus on endogenous aggregate TFP formation and on the importance of the

entrepreneurship rate by educational a�ainment for macro-development.

6
As this literature is too extensive to cover, please see the excellent surveys of �adrini (2009) and

Buera, Kaboski, and Shin (2015).
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�e rest of the paper is outlined as follows. Section II contains the empirical contri-

butions of the paper and sets the stage by presenting new motivating facts from inter-

national and U.S. survey data. Section III provides a detailed exposition of the model

economy along with the recursive formulation of its stationary competitive equilib-

rium. Section IV presents a number of theoretical results and o�ers insights into how

occupational and educational choices unfold. Upon obtaining numerical solutions, Sec-

tion V parametrizes and calibrates the model to the U.S. economy. Section V I car-

ries out a further quantitative exploration with emphasis on the implications of the

entrepreneurship-education nexus for macro-development. Section V II brie�y sum-

marizes the study and o�ers concluding remarks and suggestions for future work.

II. Motivating Facts and Empirical Analysis

Not all entrepreneurs are created equal. Heterogeneity ma�ers in various ways, and

this paper argues that human capital is a principal factor. In the absence of readily avail-

able motivating facts, one needs to uncover whether there is observational evidence in

support of the inquiries the study poses. �e underlying assumption throughout is that

formal educational a�ainment proxies a primary measure of human capital fairly well.

As an initial pass, the �rst subsection seeks to address the following empirical ques-

tions: Is there a strong cross-country correlation between the mean-adjusted rate of en-

trepreneurship for higher educated individuals and output per worker? Does the same

apply to estimated TFP? Are these relationships robust upon conditioning on some

key variables related to macro-development? By analysing an international micro-

level dataset consisting of survey data from nearly 100 countries, in conjunction with

national-level data, the answer to all three inquiries is a resounding yes.
Focusing further on the U.S. economy, the next subsections throw some light on

the aspect of heterogeneity in educational a�ainment across active entrepreneurs and

wage earners, as well as within entrepreneurs. I document that di�erences in years of

schooling are critical in explaining both selection into entrepreneurship and systematic

variations in business outcomes. �e results are robust upon conditioning on a wide-

ranging set of demographic and personal characteristics in reduced-form regressions.

II.1. Cross-Country Analysis and the ERGON Index

International micro-level data. I construct an extensive dataset with repeated

adult population surveys over the period 2009−2019, collected annually by the Global

Entrepreneurship Monitor (GEM).
7

GEM data collection employs a standardized method-

ology across participating countries in order to produce comparable and nationally rep-

7
�e GEM consortium was founded in 1999 as a joint research project between Babson College and

London Business School, and since then has expanded its presence through collaborations with numerous

academic institutions, national organizations, market research �rms, and government agencies in more

than 100 countries. �e quality of GEM data and the consistency of corresponding �ndings with those

observed using alternative sources has been documented by several studies; see Poschke (2018) and the

references therein. For more information on methodology, see h�ps://www.gemconsortium.org.
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resentative samples. �is approach is particularly suitable for the purposes of our anal-

ysis. All surveys report individuals’ level of educational a�ainment according to the

International Standard Classi�cation of Education (ISCED), a harmonized framework

administered by UNESCO for comparing educational quali�cations across countries.

National-level data. �e pooled GEM dataset is merged with aggregate data coming

from the latest version of the Penn World Table (PWT 10.01) by Feenstra, Inklaar, and

Timmer (2015). In what follows, I consider the geometric mean of variables relative to

the U.S. over the time period dictated by GEM data availability.
8

I obtain Hicks-neutral TFP estimates for each country by carrying out a development

accounting exercise in levels, using an extension of the Hall and Jones (1999) methodol-

ogy.
9

Instead of positing a Cobb-Douglas aggregate production function, I incorporate

heterogeneous entrepreneurs/producers and workers, along with decreasing returns to

scale in the spirit of Lucas (1978) in order to sustain a non-degenerate �rm distribution.

In this way I employ a framework that is consistent with entrepreneurship and occupa-

tional choice, and simultaneously re�ects the model structure employed in this paper.

Please refer to Appendix C for further details.

Identi�cation of entrepreneurs in the GEM dataset. A nontrivial issue is how

to identify entrepreneurs in survey data. I re�ne a common and quite uncontroversial

approach, e.g., Hamilton (2000), Moskowitz and Vissing-Jørgensen (2002), Cage�i and

De Nardi (2006), which is also consistent with the identi�cation scheme I employ for

the U.S. in the next subsection. I classify as entrepreneurs all survey respondents that

(i) report being self-employed as their primary occupation; (ii) are currently the owner

and manager of a business; (iii) personally own all or part of the business; (iv) have

received wages, pro�ts, or payments in kind from the business. I shall refer to self-
employed business owners/managers (SEBO) simply as entrepreneurs. Likewise, I shall

refer to everyone else as workers/wage-earners. I consider only respondents who par-

ticipate in the labor force, which excludes individuals who are retired, homemakers,

students, and those who haven’t reported their work status.

ERGON index. �e intent is to construct a simple statistic that is informative about

the allocation of human capital between entrepreneurs and workers, and that does not

neglect cross-country di�erences in average levels of self-employment and education.

I propose a measure that I call the ERGON index (Entrepreneurship Rate of Graduates

Over National rate), de�ned for each country i as

ERi(educ ≥ S)

ERi(total)
=
µ(Ei | educ ≥ S)

/
µ(Ωi | educ ≥ S)

µ(Ei)
/
µ(Ωi)

(1)

8
Speci�cally, “output per worker” refers to output-side real GDP at chained PPPs divided by num-

bers of people engaged (rgdpo/emp), relative to the U.S. Apart from dealing with issues of multiplicative

relationships and serial correlation, an additional advantage of the geometric mean is its invariance to

whether we consider average of ratios or ratios of averages.

9
�e Hall-Jones decomposition exempli�es the so-called calibration approach and is o�en used a

natural benchmark. For similarly in�uential contributions, see Klenow and Rodrı́guez-Clare (1997) and

Caselli (2005), as well as the references therein for previous important work.
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Figure 1: ERGON Index VS Output Per Worker and Productivity
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Table 1: OLS Regressions; Robustness of Observed Relationships

Dependent variable: relative output per worker (log)

Covariates (1) (2) (3)

ERGON index (log) 1.316*** 0.997*** 0.513***

(0.122) (0.144) (0.134)

Entrepreneurship rate (log) −0.346*** −0.215***

(0.090) (0.066)

PWT human capital index 1.049***

(0.128)

Observations 96 96 89
Adjusted R2 0.500 0.575 0.748

Dependent variable: relative Hicks-neutral TFP (log)

Covariates (1) (2) (3)

ERGON index (log) 1.095*** 0.651*** 0.421**

(0.109) (0.117) (0.127)

Entrepreneurship rate (log) −0.495*** −0.384***

(0.056) (0.053)

PWT human capital index 0.547***

(0.129)

Observations 89 89 89
Adjusted R2 0.472 0.649 0.701

Notes: Robust standard errors in parentheses. All regressions include intercepts (omi�ed for brevity).

*** p < 0.01;
** p < 0.05.
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where µ(E) := measure of entrepreneurs and µ(Ω) := measure of the labor force. �e

index essentially quanti�es the mean-adjusted rate of entrepreneurship for higher edu-

cated individuals. For example, a value of 1.10 means that among the echelons of people

with higher education, we observe a 10% higher entrepreneurship rate compared to the

national average. Accordingly, lower values indicate that—in relative terms—more ed-

ucated people become entrepreneurs at lower rates.

To complete the construction of the ERGON index one needs to choose a thresh-

old above which individuals are considered higher educated, or “graduates” as in the

acronym. Given that the vast majority of people with tertiary education in less devel-

oped countries do not pursue a four-year Bachelor’s degree, I argue that an appropriate

threshold is S = ISCED level 5, as reported in the harmonized GEM datasets. People

of ISCED level 5 education are those with at least short-cycle tertiary education, which

typically corresponds to at least 14 years of schooling.

Figure 1 plots the ERGON index against output per worker relative to the U.S. (le�

panel) and estimated Hicks-neutral TFP (right panel) in the logarithmic scale. OLS ��ed

values and their corresponding t-statistics and R2
are also included. In both cases, the

observed relationships are remarkably strong: the ERGON index is undoubtedly posi-

tively associated with development pa�erns among nations. �ese variations can also

account for about half of the variance in relative output per worker and TFP, a goodness-

of-�t that is notably high. Moreover, one would like to examine whether the above re-

sults are su�ciently robust to the inclusion of variables that are ubiquitously relevant

for macro-development. As evidenced by Table 1, their signi�cance holds �rmly even

a�er controlling for the overall entrepreneurship rate calculated using GEM data, as

well as average human capital proxied by the PWT human capital index.

Although these observational �ndings cannot be taken as evidence for causality, it is

hard to overlook their sheer magnitude and robustness or to easily reconcile them with

existing theories. Why do higher educated people in richer and more productive coun-

tries become entrepreneurs at rates signi�cantly higher than those in poorer countries?

�e model economy presented in Section III provides a quantitative theory of how the

above �ndings can arise endogenously in general equilibrium and assesses their impli-

cations for macro-development. But before that, let’s delve into the U.S. economy and

take a closer look at how di�erences in educational a�ainment in�uence individuals’

selection into entrepreneurship and a variety of business outcomes. �ese are indeed

salient features that a pertinent theory should be also able to explain.

II.2. Further Focus on the U.S.

U.S. survey data. I consolidate a comprehensive dataset with nationally representa-

tive samples, collected triennially by the Survey of Consumer Finances (SCF) over the

period 1989 − 2019. I do not consider the two waves prior to 1989 (1983 and 1986) as

those surveys are known to be of lower overall quality, do not include multiply imputed

missing data, and do not ask a number of questions related to entrepreneurship.

10



�ere are at least three key advantages to utilizing this dataset. First, it is crucial

to have many nationally representative samples that adequately capture demographic

and occupational characteristics, educational a�ainment, as well as the full distribution

of income and wealth. Second, the survey design is bene�cial to the study’s goal since

the over-sampling of the wealthy results in more observations of entrepreneurs. �ird,

and perhaps chie�y, SCF interviewers ask a variety of important questions on each par-

ticipant’s business activities, which enables more precise identi�cation of households

associated with entrepreneurship and their business outcomes. �e main disadvantage

is the lack of a panel structure; however, this is not vital to the purpose of the study.

�ere is a number of methodological aspects that need to be taken into account when

working with SCF data, especially those related to multiple imputation. �e theory on

proper statistical inference in such se�ings, called repeated imputation inference (RII),

is well-understood; see the original contribution of Rubin (1987) as well as Van Buuren

(2018) for a good example of more recent advances. Details can be found in Appendix C.

Identi�cation of U.S. entrepreneurs in the SCF dataset. �e approach I follow is

inspired by Cage�i and De Nardi (2006) among others, but instead of relying solely upon

the answers of the arbitrarily de�ned “household head”, I take into account both the

respondent (R) and the spouse/partner (S/P).
10

I classify as entrepreneurs the households

in which either R or S/P meets the following four criteria: (i) engages in some form of

self-employment as their primary occupation,
11 (ii) owns or shares ownership in at least

one privately-held business, (iii) has an active management role in at least one business,

and (iv) the net value of actively managed businesses in greater than zero. As in the

previous section, I refer to self-employed business owners (SEBO) simply as entrepreneurs;
the rest of the labor force is referred to as workers or wage-earners.

�e above classi�cation is fairly noncontroversial since the mapping of related mod-

els to data calls for entrepreneurs to have an investment stake in their business and to

be working as managers with some span of control over hired capital and labor. �e re-

quirement of self-employment eliminates people who are predominantly employed by

someone else and only help in a business as mere pastime. �e requirement of owning

at least part of the business helps not counting as entrepreneurs people who are tem-

porarily self-employed or switching between jobs. �e requirement of a managerial role

in at least one �rm phases out potentially wealthy individuals who may participate in a

business only as passive investors. Also note that this de�nition does not discriminate

against the legal status of business. More details can be found in Appendix C.

10
Although most empirical analyses using the SCF have considered the personal characteristics of

the “head of the PEU”, it is important to realize that the respondent and the head in couple households

are not necessarily interchangeable. R is identi�ed by the SCF sta� in the initial screening interview as

the more �nancially knowledgeable person. For mixed-sex couple households, the SCF always assigns

the title to the male partner, and for same-sex couple households the older person in the partnership is

assigned that title. �ere is no reason why to simply assume that the head’s demographic and personal

characteristics (e.g., sex, race, age, experience) correspond to those of the SEBO in the household.

11
To be more precise, the SCF provides the following answers relating to self-employment status: i)

Self-employed; other closely held business owned by PEU; ii) Partnership; law �rm; medical/dental part-

nership; other non-publicly traded business in which R/S/P has an interest; iii) Consultant / Contractor.
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Figure 2: U.S. Entrepreneurship Rate by Educational Attainment

1989-2019
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Sources: Survey of Consumer Finances and author’s calculations.

Notes: Dashed lines represent weighted quadratic regression ��ed values using entrepreneurship rates over the full

set of educational a�ainment; a bin sca�er of raw data for six educational a�ainment categories (indicated by x-axis

labels) is used to reduce visual clu�er. Full pooled sample (le� panel) and two consecutive subsamples (right panel).

Figure 3: Average Years of Education: U.S. Entrepreneurs vs Workers
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Sources: Survey of Consumer Finances and author’s calculations.

Notes: Connected markers refer to weighted arithmetic means by occupational group. Sample means and standard

errors are calculated under RII using all 5 SCF implicates for every observation and all 999 SCF bootstrap replicate

draws and weights. Shaded areas represent 95% con�dence intervals for the mean.
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Table 2: Within-Entrepreneur Heterogeneity by Educational Attainment

Years of Education (pooled 1989–2019 Sample)

Variable

[0, 8] (8, 12) 12 (12, 16) 16 (16, 21]

Total business income (> 0) 53, 302 64, 625 82, 502 93, 122 188, 941 260, 210

Total business income 38, 831 45, 332 54, 886 64, 102 129, 745 195, 047

Sole proprietorship income 26, 014 33, 849 38, 948 42, 098 59, 181 100, 865

Total business income per hour (> 0) 23.4 35.1 54.9 64.5 114.5 229.0

Total business income per hour 17.1 24.5 37.0 42.0 78.6 170.5

Sole proprietorship income per hour 12.5 19.9 28.1 33.3 34.2 60.2

Firm employment size (> 0) 5.4 6.3 8.2 16.8 49.1 80.9

Firm employment size 3.4 4.1 5.7 10.9 35.5 62.1

Firm net value per employee 85, 725 90, 667 137, 249 140, 997 209, 560 233, 104

Main business ownership share 0.92 0.91 0.91 0.89 0.82 0.77

Potential years of experience 35.1 33.4 30.7 27.8 26.9 27.5

Self-employed years of experience 14.6 13.6 12.7 11.0 11.1 12.8

Prior worker years of experience 20.5 19.8 18.1 16.8 15.7 14.8

Risk willingness (1− 4) 1.59 1.66 1.94 2.18 2.36 2.37

Health (1− 4) 3.32 3.28 3.35 3.37 3.50 3.52

Ever received inheritance (0/1) 0.18 0.17 0.26 0.30 0.34 0.36

Expect to receive inheritance (0/1) 0.10 0.12 0.16 0.22 0.26 0.25

Male (0/1) 0.92 0.82 0.76 0.68 0.72 0.77

Married (0/1) 0.89 0.77 0.85 0.79 0.83 0.82

White/Caucasian (0/1) 0.66 0.75 0.84 0.83 0.85 0.86

Notes: All statistics refer to weighted arithmetic means, calculated under RII using all 5 SCF implicates for every observation

and all 999 SCF bootstrap replicate draws and weights. All monetary variables (measures of income and net �rm value) are

in�ation-adjusted to 2019 U.S. dollars by the SCF sta�.
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II.3. �ree Facts about U.S. Entrepreneurs

Fact 1: �e rate of entrepreneurship by educational a�ainment follows an approximate
U-shape in the full sample; closer to a J-shape in more recent years.

Figure 2 documents the relationship between the share of the U.S. labor force engag-

ing in entrepreneurship (SEBO) and completed years of formal education. �e le� panel

contains estimates using the pooled sample for 1989 − 2019; the right panel splits the

sample roughly in half and shows estimates for the periods 1989−2004 and 2007−2019.

Note that the bin sca�er points correspond to raw data for six educational a�ainment

categories, and the dashed lines represent (weighted RII) quadratic regression ��ed val-

ues of entrepreneurship rates against educational a�ainment over the full set of points.

In relative terms, active entrepreneurship is characterized mostly by individuals from

the extremes of the education distribution. Such an occupational choice pa�ern results

in an approximately U-shaped relationship in the full sample, but this masks an impor-

tant additional fact. When we look at the two consecutive subsamples, the shape of the

relationship changes from a clear U-shape to something closer to a J-shape. In other

words, among people with few years of schooling, less and less of them select into en-

trepreneurship in more recent years. Meanwhile, among higher educated people in the

labor force, entrepreneurship rates are consistently high.

Fact 2: Entrepreneurs are more educated than workers on average.

�e evolution of average years of formal schooling for U.S. entrepreneurs and work-

ers is shown in Figure 3. Mean di�erences in educational a�ainment across occupational

groups are extensive and somewhat widening over time. �e plo�ed 95% RII con�dence

intervals for the mean act as visual t-tests and suggest very high statistical signi�cance.

A discrepancy of 0.8 − 0.9 years of schooling on average should be considered abun-

dant, not only within a country’s labor force but also across di�erent countries.
12

Fact 3: Average entrepreneurial outcomes are strictly increasing—not U-shaped—in the
educational level of the �rm owner/manager.

Table 2 presents weighted RII averages for various business outcomes along six edu-

cational a�ainment categories to facilitate the comparison. In terms of annual business

income reported to the IRS, I consider total business income, which may include earn-

ings from incorporated or unincorporated businesses, as well as sole proprietorship

income. �ese are also reported in per-hour terms a�er dividing income quantities by

12
One can consult the September 2021 version of the Barro and Lee (2013) educational a�ainment

dataset for population aged 25-64. Over the period 1995−2015, if we compare average years of schooling

in some of the world’s richest advanced economies such as Ireland, Denmark, Sweden, Germany, Aus-

tralia, and Japan, to some less advanced and/or upper-middle income countries such as Hungary, Poland,

Lithuania, Latvia, Kazakhstan, and Ukraine, the di�erences are less or equal to 0.9 years of schooling.

A di�erence of 0.5 years or less can be obtained if we look at some of the relatively successful African

countries such as Tunisia, Egypt, and Namibia, and compare them to much poorer countries like the

Republic of the Congo, Syria, and Cameroon.
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the annual labor supply of the �rm/owner manager (number of working weeks times

number of working hours per week) and then take averages. Estimates for average

�rm employment sizes are provided; these include the number of employed workers

for �rms with at least one paid employee, as well as for all �rms. To capture the extent

of tangible and intangible capital accumulation, I calculate the average �rm net value

per employee in each educational category.
13

�e table also displays average di�erences

in potential experience (age - years of education - 6) and its components, in addition to

some personal and demographic characteristics of the �rm owner, ranging from self-

reported willingness to take �nancial risk and health status (indices in ascending order)

to sex, race, and marital status. �ese factors together with numerous others will be

included in the reduced-forms regressions below.

A clear message stands out. Entrepreneurs with higher educational a�ainment—

more human capital in the conventional sense—fare be�er on average across a range

of business outcomes. �is is yet another stylized fact that a relevant theory should

be able to explain in a robust manner. Notably, there is no prima facie evidence that

business outcomes are strictly increasing in educational a�ainment because more edu-

cated �rm owners own a larger share of their main business, but the opposite pa�ern

prevails. �ey are also not typically associated with either more years of self-employed

experience or have they worked more as wage-earners in the past.

Finally, Table C2 in the appendix documents ample di�erences in various personal

and demographic characteristics across U.S. entrepreneurs and workers. In a nutshell:

entrepreneurs have more years of potential experience in the labor market; they work

more and for longer on a yearly basis; they score be�er when it comes to self-assessing

their general health condition; and they report higher willingness to take �nancial

risk. �ere seem to be no systematic di�erences in their rates of retirement or dis-

ability. Additionally, they are predominantly married (or in a civil union), male, and

White/Caucasian, although this has been steadily changing over the 21
st

century in line

with demographic shi�s. For example, Black/African-American and Hispanic/Latino

populations that have been underrepresented in the entrepreneurial group are catching

up in the second part of the subsample, whereas the Other Race category, consisting

mostly of Asian people, has been equally represented in both groups. �ere is no doubt

that many of the above disparities deserve a deeper look, and some of them have already

been studied in the cited literature.

II.4. Some Reduced-form Evidence

�e descriptive results show dramatic di�erences along the dimension of educational

a�ainment, both between and within occupational groups. It is nonetheless possible

that these di�erences stem from sources aside from education. It could be the case, for

example, that highly educated individuals actually work longer hours and have more job

13
Firm net value for businesses where the household has an active interest is de�ned by the SCF as

net equity if the business were sold today, minus loans, plus value of personal assets used as collateral.

15



market experience, or that educated entrepreneurs are on average healthier and more

risk-loving. In such cases the apparent impact of education could be biased upward, so

one would want to control for additional confounding variables.

In order to further sort out the e�ect of formal education on the rate of entrepreneur-

ship and entrepreneurial outcomes, this section presents reduced-form results (Probit

and OLS) for pertinent outcome variables. I consider regressions of the form
14

yi = β0 + β1 · educi + β2 · educ2
i +Xiγ + Γs + Γo + Γs × Γo + Γt + εi

where Xi is a rich set of controls such as potential experience, annual hours worked,

self-reported health condition, willingness to take risk, past and future inheritances,

marital status, sex, race, and others. I also control for sector �xed e�ects (Γs), occupa-

tion �xed e�ects (Γo), their interactions (Γs × Γo), and year �xed e�ects (Γt).

�e coe�cients β1 and β2 are of primary interest. Results are reported in Table C3

and con�rm the robustness of Fact 1 presented above. In Probit regressions with the

binary outcome SEBO = {0, 1} as the dependent variable, both hypotheses β̂1 = 0

and β̂2 = 0 are strongly rejected so that a non-linear relationship emerges even a�er

controlling for a wide range of factors. �e exact combination of signs and magnitudes

of (β̂1, β̂2) determine the vertex and consequently the shape and asymmetry of the

parabola within the support of educ.

�e OLS regressions in Table C4 in the appendix con�rm the robustness of Fact 3.

Considering hourly total business income (similar results for other business income

measures), the coe�cient β̂1 is strongly positive in linear speci�cations, but becomes

insigni�cant in all quadratic speci�cations, and at the same time the hypothesis β̂2 6= 0

cannot be rejected. Hourly entrepreneurial income does not appear to be U-shaped but

instead strictly increasing and convex in educational a�ainment.

All in all, the evidence suggests that very successful entrepreneurs without higher

formal education are the exception rather than the rule, which can be useful in address-

ing a famous myth surrounding business success. Re�ecting on the link between edu-

cation and entrepreneurial achievements, one may be tempted to conclude that they are

unrelated or even inversely related. Famous examples of extraordinary entrepreneurs

who happen to be college dropouts come to mind: Paul Allen, Michael Dell, Larry Elli-

son, Bill Gates, Steve Jobs, Steve Wozniak, Mark Zuckerberg. One could even consider

famous high school dropouts such as Richard Branson, Amancio Ortega, and Francois

Pinault. But such examples are so memorable exactly because they are so rare. �ey

form a subset made by tail events, with a relatively small measure compared to the set

of entrepreneurs, and this is yet another reason why their cases are so exceptional.

14
Regressions are based on the entire pooled sample and are weighted by the appropriate SCF sam-

pling weights; estimated parameters are based on repeated imputation inference using all 5 SCF impli-

cates for every observation; bootstrapped standard errors are calculated using 999 SCF bootstrap repli-

cate draws and their respective replicate weights. Results using a Logit speci�cation for selection into

entrepreneurship yield nearly identical results. As before, please refer to Appendix C for more details.
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III. An Economy with Occupational and Educational Choices

�is section presents a model economy where heterogeneous agents make consump-

tion, schooling, and occupational choices to maximize the expected present value of

lifetime utility. Entrepreneurs/�rms maximize pro�ts and face an intratemporal tech-

nology choice that determines the e�ective productivity of an entrepreneur, thus output

and pro�t functions. It starts with a brief overview of the economy’s structure, followed

by a more comprehensive exposition of its components in the next subsections.

III.1. Setup, Demographics, Information

�e model describes a heterogeneous-agent economy with a simple overlapping-

generations structure, set in continuous time under the usual conditions: a complete

probability space (Ω,F ,P) equipped with a right-continuous �ltration {Ft} under com-

mon knowledge. �e sample space is the �xed set Ω = (A× Z×H) ⊂ R3
+, generated

by the joint support of the three state variables discussed below. Admissible controls

are chosen from the space of square-integrable Ft-adapted processes L2(Ω,F ,P).

Heterogeneity. Agents in the continuum are heterogeneous in terms of assets, a∈A,

entrepreneurial ability, z∈Z, and human capital, h∈H, upon entering the labor force,

thereby facing a series of occupational choices between worker and entrepreneur roles.
15

Prior to that, they di�er only in terms of learning a�nity, β∈B, and form their human

capital by choosing the amount of time to invest in formal schooling, S(β) ∈ S.
16

Demographics. I adopt a subtle variation of the Blanchard-Yaari “perpetual youth”

framework as in Blanchard (1985). Individuals face a constant probability of death

throughout their life, η > 0, hence lifetime is a �nite a.s. exponential random variable

with expectation 1/η. Assume that a measure η of both learner and worker/producer

populations perishes per unit of time . At every instant a new cohort of the same mea-

sure is born, so that the size of the labor force is normalized to

∫ t
−∞ ηe

−η(t−τ)dτ = 1.
17

Information structure and timing of decisions. Each member of a cohort born at

time v is endowed with a random draw of learning a�nity (β) from a non-singular in-

variant distribution, Gβ(β), and proceeds by choosing length of schooling, S. In what

follows I retain two simplifying assumptions. First, all learners consume a constant

amount c̄ > 0 of a single good during the time spent in school (normalize u(c̄) = 0), so

15
We can interpret entrepreneurial talent (z) with a wide perspective: the e�ciency in combining fac-

tors of production, the quality of business ideas and management, or the ability to market the consump-

tion good. Human capital (h) in this context is to be viewed more narrowly as part of the Becker-Mincer

view: a unidimensional measure of the bene�ts of formal education embodied in a person—abstracting

from health, on-the-job training, etc. In other words, a set of (inalienable) acquired productive skills that

are valued in the labor market and can be used to generate earnings.

16
Heterogeneity in learning a�nity (β) encapsulates di�erences in �ow utility from education: the

sustained task of going to school, studying, and learning may be burdensome for some, while less arduous

and enjoyable for others. �e idea that this ‘consumption” component of schooling is a notable element

of the value of education dates at least back to Schultz (1963), who argues: “Schooling can contribute

satisfactions either in the present (for example, immediate enjoyment of association with one’s college

fellows), or in the future (increased capacity to enjoy good books).” See also Bils and Klenow (2000).

17
Normalizing the size of the working instead of the total population comes with technical advan-

tages, as we don’t need to seek alternative normalizing constants.
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that no intertemporal decisions are made ∀t ≤ v + S. Second, the initial state (a, z) is

not observed until t = v + S, when each labor force participant starts with a random

draw from the (endogenous) conditional distribution Gt(a, z|h). Educational decisions

are e�ectively made behind a “veil of ignorance” about one’s starting point a�er leav-

ing school, hence agents form rational expectations about the evolution of Gt(a, z|h)

and prevailing factor prices. Alongside dimensionality reduction and spareness, these

conditions highlight the relevance of the model without presupposing any dependence

between entrepreneurial talent and human capital at the population level; see below.

At every t ≥ v+S individuals are in the labor force, supply their time inelastically to

the market, and face a dichotomous occupational choice. �ey decide between becom-

ing workers/employees who earn labor income contingent on their skills (wh), or en-

trepreneurs/ producers who run �rms and earn pro�ts (π(h, a, z)). All work/production

occurs within each time interval, at the end of which consumption decisions are made.

III.2. State Variables, Controls, Preferences

Endogenous states. �e only relevant state during the time spent in school is (con-

stant) individual learning a�nity. Post-schooling, each agent observes two endogenous

state variables: her level of wealth (a), which is optimally determined by forward-

looking behavior; and her (constant) level of human capital, which is determined by

h = eφ(S(β)), ∀t ≥ v + S (2)

In the vein of Hall and Jones (1999) and Bils and Klenow (2000), the function φ (S)

embodies the relative e�ciency of quality-adjusted labor between S and zero years of

schooling, with φ′(S) > 0 capturing Mincerian returns to education.

Exogenous state. Entrepreneurial ability is subject to exogenous idiosyncratic shocks

and evolves stochastically according to some Itô process

dzt = µ̃z(z, t) dt+ σ̃z(z, t) dWt, ∀t ≥ v + S (3)

where the dri� and di�usion functions are globally Lipschitz-continuous. I consider

processes that admit non-singular invariant measures. In addition, due to technological

reasons, every sample path of zt is re�ected both above and below.
18

Note the lack of

dependence between zt and h(S) at the population level, even for t ≥ v + S, as the

increments of the Wiener process (Wt) are independent across time and states.
19

Controls. �e control variables are instantaneous consumption and occupational

choice. Regarding the la�er, I avoid unnecessary complexity by abstracting from costs

18
A necessary and su�cient condition for the existence of an invariant probability measure µx is∫

RAxf(x)µx(dx) = 0, for all càdlàg f(.) in the domain of the in�nitesimal generator Ax. �e natural

assumption of re�ecting barriers gives rise to two Neumann boundary conditions (NBC); see (13) below.

19
�is does not imply independence or uncorrelatedness within each occupational group in equilib-

rium. Even with frictionless capital markets, ability (z) cuto�s still depend on human capital, thus joint

distributions for entrepreneurs (workers) will turn out to have some dependency structure.
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of switching between occupations, as well as from start-up or adjustment costs for the

operation of production technologies. When it comes to entry (exit) into (from) en-

trepreneurship, the only cost is foregone wage income (pro�ts). In conjunction with

the model structure, this implies that maximization between worker/entrepreneur value

functions is equivalent to maximization between labor income/entrepreneurial pro�ts.
20

Preferences. I assume common CRRA preferences over utility �ows from enjoying

a homogeneous consumption good, u(ct) =
c1−γt

1−γ , discounted at the constant rate ρ > 0.

In sum, agents botn in time v seek to maximize the expected present value of their

lifetime utility over admissible controls S(β), ct(h, a, z) ∈ L2(Ω,F ,P)

V̂t(h, a, z) = max
S,ct

∫ v+S

v

e−(ρ+η)(t−v) ψ(β) dt+ Ev

[∫ ∞
v+S

e−(ρ+η)(t−v) u(ct) dt |Fv

]
(4)

s.t. dat = (Yt + (rt + η)at − ct)dt, at ≥ 0, ∀t ≥ v + S (5)

Yt(h, a, z) = max
{
π̃t(h, a, z), wth

}
,∀t ≥ v + S, together with (2), (3) (6)

where (common) expectations are formed conditional on the information set at time v.

�e function ψ(.) parametrizes �ow utility from a�ending school and for simplicity it

depends only on learning a�nity (β). As explained above, occupational choice is fully

embedded in (6), i.e., max{VW(h, a, z), VE(h, a, z)} ⇐⇒ max{π̃t(h, a, z), wth},∀t.

III.3. Factor Markets

Financial market. Physical capital is the only productive asset, depreciating at the

rate δ. �ere exists a large number of competitive �nancial intermediaries that receive

deposits from savers and create capital loans for �rms. �ere are no state-contingent

securities, so the market is fully liquid but incomplete. Agents have access solely to safe

deposits, accruing real interest at the rate rt. Credit transactions are se�led within each

period and everyone faces a common borrowing constraint: at ≥ 0,∀t.21
�e equilibrium

interest rate (rt) is determined endogenously through the supply of assets from savers

and the demand for capital by entrepreneurs. Free entry and the zero-pro�t condition

for intermediaries implies a rental rate equal to the user cost of capital (rt + δ).

Insurance market. Individuals in the model operate under no intergenerational

altruism, so unforeseen bequests may occur because of random death. To circumvent

such issues I follow Blanchard (1985) and assume the existence of a large number of

competitive life insurance companies. Under actuarially fair pricing, each agent buys

an annuity contract that pays a �ow ηat throughout their lifetime, with the insurance

company assuming ownership of any remaining assets upon the agent’s passing.

Collateral constraint. Producers can �nance their capital expenditures (kt) us-

ing either internal funds (at), or external �nancing from intermediaries subject to fric-

20
�is result can be easily proved as a “separation-type theorem” and renders the solution tractable,

as occupational choice is only a control and not a state variable in the next period.

21
�e borrowing constraint gives rise to a state constraint boundary condition (SCBC); see (12) below.
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tions. Due to limited contract enforceability entrepreneurs face a common collateral
constraint, restricting their maximum debt position (dt) to a fraction of their hired cap-

ital. Speci�cally, dt ≤ ϑkt, and since dt=max{kt−at, 0}, the constraint becomes

kt ≤
1

1− ϑ
at, ϑ ∈ [0, 1] (7)

�e parameter ϑ captures the degree of �nancial frictions in the economy, where ϑ = 0

corresponds to �nancial autarky, and ϑ→1 results in a frictionless capital market.
22

Labor market. �e market for human capital is perfectly competitive. Workers sup-

ply labor to �rms inelastically, denominated in units of human capital. Under perfectly

substitutability of inputs, employees receive labor income equal to wtht. �e equilib-

rium e�ective wage rate, wt, is determined endogenously through the supply of human

capital by workers and the demand for labor by entrepreneurs. �is setup captures the

common assumption of e�ciency units of labor, i.e., there is no assortative matching.

III.4. Entrepreneurs and Technology

Entrepreneurs behave competitively in product and factor markets, hiring k units of

physical capital and ` units of human capital to maximize per-period pro�ts. Revenue is

generated via an individual-speci�c technology that turns capital and labor into the ho-

mogeneous consumption good (numéraire). Production takes place intraperiod, during

which individual states are known and �xed, so there can be no default.

Given a wage rate per unit of human capital (w) and a rental rate of capital (r), an

entrepreneur’s indirect pro�t function is

π̃(he, a, z|w, r) = max
k,`≥0

y(he, a, z)− w`− (r + δ)k, s.t. (7) (8)

I expand upon Lucas (1978) and consider the production technology

y(he, a, z) = ζ(he, z)
(
kα`1−α)1−ν

(9)

where he := hi · 1E denotes human capital of entrepreneur i. ν is the span-of-control

parameter inducing diminishing returns to scale as a �rm grows, since it becomes in-

creasingly di�cult for the manager to exert control over production plans. �e input

of entrepreneurship is rival, excludable, and necessary for production.
23

22
�is form of static collateral constraint is quite standard in the relevant literature; e.g., Evans and

Jovanovic (1989), Banerjee and Moll (2010), Buera and Shin (2013), and Midrigan and Xu (2014). It can be

derived from a simple limited enforcement problem. Upon entering a contract, entrepreneurs can renege

on their obligations and embezzle their full debt position; in retaliation, lenders can seize a fraction ϑ of

the �rm’s hired capital. In a zero-pro�t equilibrium, intermediaries will lend only up to the amount they

can recover, hence dt ≤ ϑkt. As Moll (2014) has showed, the collateral constraint can take more general

forms without necessarily a�ecting the core results, as long as the constraint is linear in wealth.

23
Several papers posit the additional assumption of indivisibility, but there is no reason for such

imposition. In se�ings where occupational choices come down to comparing earned income, if we al-

low individuals to work both as workers and entrepreneurs the optimal choice will always be a corner

solution, i.e., they would devote their whole time endowment to one occupation.
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E�ective productivity and technology adoption. �e nature of the function

ζ(z, he) is consequential. I hypothesize the existence of a disembodied technology that

coalesces an entrepreneur’s talent (z) and human capital (he) to form the fundamental

“e�ective entrepreneurial productivity.” �is is of ultimate use in the production pro-

cess. Moreover, it is assumed that ζ(z, he) exhibits positive complementarity between

z and he, i.e., the theorized link function is log-supermodular.

Active entrepreneurs face an intratemporal technology adoption choice in the begin-

ning of every period. Reaping the underlying bene�ts incurs some costs due to the

complexity conjoined with adopting the technology. To keep things uncomplicated

while retaining interesting results, I propose the following speci�cation:

ζ(he, z) :=

{
z at no cost

zhωe at cost κ·y(he, a, z), κ ∈ (0, 1)
(10)

Upon adoption, the form of ζ(z, he) is quite familiar to economists as a baseline as-

sumption: an isoelastic function that is uniformly continuous on any convex set in R2
+.

In principle, one can allow the cost function to take more general forms. I would,

however, argue against a �xed adoption cost in this se�ing. �e technological expan-

sion of a �rm is naturally associated with a variety of expenses, ranging from higher

infrastructure, legal, accounting, and incorporation costs, to the need for enhancing

management practices and keeping up with increased competition. I also embrace the

assumption of a proportionally constant tradeo� denominated in common units of out-

put for at least two reasons. First, it leads to more transparent analytical solutions;

second, it results in be�er identi�cation of the parameter κ because of a global mini-

mum property of the entrepreneurship rate by human capital; see Proposition 1.

�e complementarity parameter ω (elasticity) is of primary interest, and importantly,

it is not presumed to be constant across economies or over time. In fact, one of the main

messages of the paper is that di�erences in TFP and output per worker across countries

are driven by di�erences in the complementarity between entrepreneurial talent and

human capital, which also determines variations in the ERGON index.

Intuition and related concepts. A few remarks are in order regarding the hypoth-

esis I introduce and how it relates to certain established concepts in the literature. I

postulate that entrepreneurial human capital may serve as an additional factor of pro-

duction under some constraints. �is standpoint is an enrichment of the classic papers

by Lucas (1978) and Rosen (1982), and most of their epigones. �e central assumption

in these studies is that some entrepreneurs/�rms are more e�cient than others at all

levels of output, due to some unobserved aspect such as “talent for managing”. I argue

that this aspect is also related to the accumulated (general-purpose) human capital of

the entrepreneur, which can become a source of competitive advantage for the �rm.

To gain further intuition, one can interpret the disembodied technology and the ef-

fect of technology adoption as another perspective on the theory of organization capital,
a form of �rm-speci�c intangible capital. �e inceptive paper of Presco� and Visscher
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(1980) draws a�ention to the importance of �rms expanding their stock of information

in order to broaden their production possibilities. Atkeson and Kehoe (2005) concen-

trate on manufacturing plants and regard organization capital as a function of plant-

speci�c productivity and age, the accumulation of which yields substantial rents to the

�rm owner. �is paper advocates the idea that more educated individuals may choose

to complement their entrepreneurial talent with the skills and competences that human

capital entails, thereby enhancing the organization capital of the �rm they own and run.

�is view can also be linked to even more speci�c subcomponents of intangible capital

such as managerial capital; see Bruhn, Karlan, and Schoar (2010).

III.5. Recursive Formulation and Stationary Competitive Equilibrium

Let V (h, a, z) = E
[∫∞

v+S
e−(ρ+η)(t−v)u(ct) dt

]
be the value function of an agent in the

labor force with state vector (h, a, z). Henceforth I restrict my a�ention to stationary

competitive equilibria, i.e., ∂V/∂t = 0. �e optimal control problem admits a recursive

representation, with solutions characterized by a Hamilton-Jacobi-Bellman equation

together with a set of boundary conditions over the state space:

(ρ+ η)V (h, a, z) = max
c∈C

u(c)+ Va(h, a, z) (Y(h, a, z)) + (r + η)a− c)

+ Vz(h, a, z)µ̃z(z) +
1

2
Vzz σ̃

2
z(z) (11)

ρV (h, a, z) = max
c∈C

u(c) +AV (h, a, z) (11)

Va(h, a, z) ≥ u′ (Y(h, a, z)) ∀z, h (SCBC for a = 0) (12)

Vz(h, a, z) = Vz(h, a, z̄) = 0 ∀a, h (NBC for z and z̄) (13)

lim
t→∞

e−ρtat Va(h, a, z) = 0 ∀h, a, z (TVC) (14)

�e aggregate state of the economy is fully captured by the non-singular endogenous

joint distributionGt(h, a, z)24
, with corresponding density g(h, a, z), which satis�es the

stationary Kolmogorov Forward (or Fokker-Planck) equation:

0 =− ∂

∂a

[
d̃(h, a, z) g(h, a, z)

]
− ∂

∂z

[
µ̃z(z) g(h, a, z)

]
+

1

2

∂2

∂z2

[
σ̃2
z(z) g(h, a, z)

]
− ηg(h, a, z) + η

∫∫
A Z

gh(h) g(a, z|h) dadz (15)

= Bg(h, a, z) + ηgh(h) (15)

gh(h) = gβ
(
υ−1(h)

) ∣∣∣∣dυ−1(h)

dh

∣∣∣∣ , h := υ(β) = eφ(S(β))
(16)

24
By virtue of structure and the absence of aggregate shocks, a weak law of large numbers applies and

the dynamics of the state distribution are deterministic. To avoid potential measurability problems one

can appeal to the WLLN theorems of Uhlig (1996). Frequency and probability distributions coincide on

subsets of positive measure, thus multiple integration over Ω yields aggregate quantities. �e σ-�niteness

of spaces and the measurability of all functions in the present se�ing allows to switch from multiple to

repeated integration by the Fubini-Tonelli theorem.
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together with the boundary condition,

0 = −d̃ g
∣∣∣∣
A

−
(
µ̃z −

1

2

∂

∂z
σ̃2
z

)
g

∣∣∣∣
Z

(17)

�e marginal distribution of human capital, gh(h), is obtained via a composite Jacobian

transformation using the single-valued inverse forh. �e term d̃(h, a, z) := (Y(h, a, z)+

(r+η)a− c̃(h, a, z)) denotes optimal savings (optimal control dri�). Note that the addi-

tional boundary condition (17) ensures the adjointness of the KFE di�erential operator

B to the HJB in�nitesimal generator A; see Appendix A. �at is, B = A∗.

A stationary recursive competitive equilibrium consists of a value function

V (h, a, z): Ω 7→ R;Ft-adapted policy functions c̃(h, a, z), d̃(h, a, z),
˜̀(h, a, z), k̃(h, a, z),

Y(h, a, z): Ω 7→ R+ and S(β): B 7→ R+; factor prices (w, r); and a non-singular joint

distribution function G(h, a, z): (Ω,F) 7→ [0, 1], such that,

1) Given prices, the value function and policy functions solve the optimal control

problem (11) with boundary conditions (12)–(14);

2) Given prices, entrepreneurs/�rms maximize pro�ts with factor demand functions

given by (20) and (21);

3) All markets clear;∫∫∫
HAZ

a dG(h, a, z) =

∫∫∫
HEAEZE

k̃ dG(h, a, z) (physical capital
/
assets)

∫∫∫
HWAWZW

h dG(h, a, z) =

∫∫∫
HEAEZE

˜̀dG(h, a, z) (human capital
/
labor)

∫∫∫
HEAEZE

ỹ dG(h, a, z) =

∫∫∫
HAZ

c̃ dG(h, a, z) + δK(r, w) (net goods)

4) �e joint density of human capital, wealth, and entrepreneurial ability, g(h, a, z),

satis�es the Kolmogorov-Forward equation (15) with boundary condition (17).

where XE :={xi ∈ X : i is an entrepreneur} ⊂ X; XW :=Ω\XE,∀X = {H,A,Z}.
Obtaining an equilibrium amounts to solving a pair of coupled, nonlinear, second-

order partial di�erential equations (HJB and KFE). Classical PDE solutions are not guar-

anteed to hold in this se�ing, as the non-convexities induced by occupational and tech-

nology choices give rise to convex kinks. �e appropriate solution method requires the

powerful theory of constrained viscosity solutions; see Crandall and Lions (1983).

�e assumption of a continuum of non-atomic agents that face idiosyncratic—but not

aggregate shocks—and interact strategically only through the incentives actuated by a

common set of prices (w, r) is a typical case of what Lasry and Lions (2007) call a Mean
Field Game without common noise.
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IV. �eoretical Results

LEMMA 1: Net �rm output can be expressed as:

ỹ = zh̃
(
k̃ α ˜̀1−α

)1−ν
(18)

h̃ := 1
h≤~

+ 1
h>~

(
he
~

)ω
(19)

where, given any joint distributionG(z, h), ∃ ~(κ, ω) =
(

1
1−κ

)1/ω such that entrepreneurs
choose to adopt the disembodied technology if and only if h ≥ ~.

Optimal factor demands depend on individual state vectors (he, a, z) and are given by:

˜̀(he, a, z) = (zh̃)
1
ν

(
α(1− ν)

r̂t + δ

)α(1−ν)
ν
(

(1− α)(1− ν)

wt

) 1−α(1−ν)
ν

(20)

k̃(he, a, z) = (zh̃)
1
ν

(
α(1− ν)

r̂t + δ

) 1−(1−α)(1−ν)
ν

(
(1− α)(1− ν)

wt

) (1−α)(1−ν)
ν

(21)

�e entrepreneur-speci�c shadow interest rate is de�ned as r̃t(he, a, z) = rt + λ(he, a, z)

where λ(.) ≥ 0 is the Lagrange multiplier on the collateral constraint, and corresponds to:

r̃t(he, a, z) =


rt if a > (1− ϑ) (zh̃)

1
ν

(
α(1− ν)

rt + δ

)1−(1−α)(1−ν)
ν

(
(1− α)(1− ν)

wt

)(1−α)(1−ν)
ν

(
(zh̃)

1
ν

1
1−ϑa

) ν
1−(1−α)(1−ν)(

(1− α)(1− ν)

wt

) (1−α)(1−ν)
1−(1−α)(1−ν)

α(1− ν)− δ otherwise

(22)

�e ensuing technology choice has an intuitive interpretation: for low levels of hu-

man capital, individuals choose to fully rely on their entrepreneurial ability in the pro-

duction process, whereas more educated individuals will choose to complement their

idiosyncratic talent with the bene�ts stemming from their accumulated human capital.

Ceteris paribus, “more productive entrepreneur = more talented or more educated”. In

equilibrium, ~ is the threshold level above which human capital enhances the agent’s

productivity—a local threshold externality inducing a non-convexity.

In the presence of a certain wealth heterogeneity in the economy, the second part

of Lemma 1 establishes that collateral constraints will alter the production scale and

pro�ts of some entrepreneurs. �is shows up in the shadow cost of funds25
each capital-

constrained producer is facing, i.e., through the size of the multiplier λ(he, a, z). As the

demand for capital and labor is strictly increasing in z and h̃, agents on the higher end

of both distributions are being disproportionately a�ected. �e dispersion of marginal

products thus creates a persistent case of capital misallocation on the intensive margin.

25
�is is the terminology that Midrigan and Xu (2014) use and their work contains similar results.
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IV.1. Occupational Choices & the Entrepreneurship-Human Capital Nexus

As in many studies in the literature, an object of interest is the productivity cuto�

above which individuals decide to become entrepreneurs. In contrast to most studies,

this threshold is neither unique for all agents, nor does it hinge on wealth alone, but

also depends on the level of human capital in a non-linear way. Each cuto� is jointly

determined by a three-dimensional �ctitious marginal agent that is indi�erent between

becoming an entrepreneur or a wage worker. A �rst �nding is summarized below.

LEMMA 2: (a) �e entrepreneurial ability threshold for unconstrained agents (r̂ = r) is
independent of assets and given by

z(he) =


hνe

(w
ν

)ν [
(1− ν)

(
α

r + δ

)α(
1− α
w

)1−α
]ν−1

∀he ≤ ~

hν−ωe ~ω
(w
ν

)ν [
(1− ν)

(
α

r + δ

)α(
1− α
w

)1−α
]ν−1

∀he > ~

(23)

�erefore, z(he) is strictly increasing in human capital ∀he ≤ ~, and under the condition
ω > ν, it is strictly decreasing ∀he > ~.

(b)�e entrepreneurial ability threshold for each constrained agent i depends on her assets,
ai < (1− ϑ)k(ai, z, he), and is given by

zc(he, ai) =


h1−υ
e

(
w

1− υ

) 1
1−υ
[(

ai
1− ϑ

)α̂ ( υ
w

)υ
− ai(r + δ)

1− ϑ

]υ−1

∀he < ~

h1−υ−ω
e

~−ω

(
w

1− υ

) 1
1−υ
[(

ai
1− ϑ

)α̂ ( υ
w

)υ
− ai(r + δ)

1− ϑ

]υ−1

∀he ≥ ~

(24)

υ := (1− α)(1− ν), α̂ := α(1− ν). �erefore, zc(he, a) is strictly increasing in human
capital ∀he ≤ ~, and under the condition ω > α+ν−αν, it is strictly decreasing ∀he > ~.

Lemma 2 demonstrates that occupational choices depend on human capital non-

monotonically, under a necessary and su�cient condition. Considering individuals

with human capital less than ~, breaking even requires draws from a progressively

higher part of the entrepreneurial talent distribution. In contrast, as long as the com-

plementarity parameter ω is not too low, higher human capital when h > ~ makes

entry into entrepreneurship progressively easier (in terms of z-cuto�s) since pro�ts

grow faster than labor income in that direction of h. �e results also show that the

tightness of the collateral constraint will impact occupational choices and the alloca-

tion of talent for individuals who would be constrained should they decided to become
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entrepreneurs. For a given wealth level, tighter borrowing conditions make it more dif-

�cult for pro�ts to match foregone labor income, inducing a higher cuto� for z. Com-

bining the above leads to a central theoretical result of the paper, namely, the behavior

of the entrepreneurship rate by educational a�ainment.

PROPOSITION 1: For any sequence of equilibrium prices {wt, rt}t∈R+ , joint distributions
{Gt(h, a, z)}t∈R+ , and collateral constraint ϑ∈ [0, 1], there exists a non-increasing mea-
surable function χ(ϑ) : [0, 1] 7→ [ν, α + ν − αν], such that the entrepreneurship rate by
human capital is:

• strictly decreasing ∀h ∈ H almost surely, if and only if ω < χ(ϑ);

• strictly decreasing ∀h < ~(κ, ω) and strictly increasing ∀h ≥ ~(κ, ω) almost surely,
if and only if ω > χ(ϑ);

• strictly decreasing ∀h < ~(κ, ω) almost surely, and anything goes ∀h ≥ ~(κ, ω), if
and only if ν < ω ≤ χ(ϑ).

where ~ =
(

1
1−κ

)1/ω.

�e conclusions of Proposition 1 are stark, �exible, and in line with the empirical �nd-

ings under minimal restrictive assumptions. �e pivotal condition bears on the comple-

mentarity parameter in tandem with �nancial frictions; it requires ω to be larger than

an endogenous cuto� value that is non-decreasing in ϑ, meaning that tighter �nancial

markets dictate a larger ω to achieve entrepreneurship rates that are increasing some-

where in the support of human capital. �ese results hold under any joint distribution

for (z, h) that is non-�at almost everywhere in its support. �e steepness and curvature

of this relationship will obviously depend on the magnitude of parameters, but the main

consequences are nonetheless clear-cut. For example, the probability of being an active

entrepreneur in this economy will arise as asymmetric U-shaped in the second case of

Proposition 1, with the lowest probability occurring right on the threshold ~(κ, ω).

�is global minimum property o�ers not only a sharp theoretical prediction but also

an empirical advantage. Given a mapping between years of schooling and human cap-

ital, ~ is an identi�able parameter determined by observables—either directly from de-

scriptive data or through a reduced-form model—that can be calibrated or estimated

using standard structural methods. �is makes the model particularly a�ractive to use

with micro-level datasets as well as for cross-country analysis.

PROPOSITION 2: For any sequence of equilibrium prices {wt, rt}t∈R+ , joint distribu-
tions {Gt(h, a, z)}t∈R+ , and collateral constraint ϑ∈ [0, 1], the expected value of any en-
trepreneurial outcome X (production plans, pro�ts, capital and labor demands) is strictly
increasing in human capital with probability one. �at is, ∂ E[X|E,he]

∂he
> 0 ∀h ∈ H a.s..
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Proposition 2 establishes a prevalent result in the empirics of Section II (Fact 3): the

central tendency of business outcomes is monotonically increasing in the educational

a�ainment of the �rm owner/entrepreneur. �e result is guaranteed to hold irregardless

of the value of ω, and the level of the cost κ is extraneous to the core prediction.

�is occurs for two reasons. For h < ~, there is a self-selection e�ect: choosing

entrepreneurship to wage work implies higher draws from the z-distribution as h in-

creases. For h ≥ ~, technological choices lead to a rightward shi� of the e�ective

productivity distribution; i.e., for the same level of z, the “more educated” distribution

dominates the “less educated” one in the �rst-order stochastic dominance sense.

IV.2. Educational Choices

To derive optimal schooling choices, it is straightforward to maximize (4) subject to

the intertemporal (lifetime) budget constraint∫ ∞
v+S

e−R(S,t)ct dt ≤ av+S +

∫ ∞
v+S

e−R(S,t) Yt dt, R(S, t) :=

∫ t

v+S

(rτ + η)dτ (25)

which holds almost surely, so it will also hold in expectation. �e necessary �rst-order

condition can be rearranged to yield

ψ(β)

Ev [u′(cv+S)]
+ Ev

[∫ ∞
v+S

e−R(S,t) ∂

∂S
Y(v + S) dt

]
=

Ev [u(cv+S)]

Ev [u′(cv+S)|]
+ Ev[d̃v+S] (26)

where rational expectations are taken at time v regarding the evolution of the joint

distribution and prices. �e le�-hand side represents the expected marginal bene�t of

the Sth
period of schooling (expressed in time v+S units)—the sum of �ow utility from

a�ending school and the present value of future income gains. �e right-hand side is

the expected marginal cost of the Sth
period of schooling (also in time v+S units)—the

sum of foregone utility from not joining the labor force and the opportunity cost of time

spent in school, d̃S = YS + (rS + η)aS − cS . When expected marginal cost rises faster

than marginal bene�t, or vice versa, the above �rst-order condition is also su�cient. In

a stationary equilibrium where prices are constant, the market discount factor becomes

simply R(S, t) = (r + η)(t − S) and heterogeneity in schooling choices re�ect solely

di�erences in learning aptitude (β).

�e most interesting aspect is how prevailing macroeconomic conditions a�ect edu-

cational choices through prices and expected quantities. �ese are largely determined

by occupational choices and the allocation of human capital between entrepreneurs

and workers, we should thus expect to have rich interactions. For example one would

like to assess the importance of complementarity between entrepreneurial talent and

human capital, which has a direct impact on expected future income gains and con-

sumption/savings. �e quantitative analysis below reveals that the in�uence of ω is

indeed central to promoting more investment in schooling.
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IV.3. Aggregate Output and Total Factor Productivity

�e model admits an endogenous aggregate production function in the sense of a

stable relationship among per-person-engaged net total output, aggregate human capi-

tal of workers, aggregate physical capital, and the rate of entrepreneurship. Total factor

productivity appears in the form of a re�ned Solow-type residual, which depends di-

rectly on occupational, educational, and technology adoption choices.

PROPOSITION 3: In equilibrium, the production side of the economy aggregates and net
total output per person engaged can be expressed as

Y =

(
E
[(
zh̃
) 1
ν
(
r̂(h, a, z) + δ

)− α̂
ν

∣∣∣E])α̂+ν

(
E
[(
zh̃
) 1
ν
(
r̂(h, a, z) + δ

)− (α̂+ν)
ν

∣∣∣E])α̂

︸ ︷︷ ︸
Total Factor Productivity

µ(E)ν
(
KαH1−α)1−ν

(27)

where expectations are taken with respect to the conditional distributionG(h, a, z|E),K is
aggregate physical capital,H is aggregate human capital of workers, µ(E) is the measure
of entrepreneurs in the labor force, and α̂ := α(1− ν).
In the absence of �nancial frictions (ϑ→ 1), net total output per person employed becomes

Y∗ =

(
E
[(
zh̃
) 1
ν

∣∣∣E∗])ν

︸ ︷︷ ︸
Total Factor Productivity

µ(E∗)
ν
(
Kα
∗H

1−α
∗
)1−ν

(28)

Note that the adopted de�nition of TFP is closer to “true TFP” as opposed to conven-

tionally measured counterparts. It is important to highlight this demarcation as, more

o�en than not, studies include some function of the entrepreneurship rate in their de�-

nition of TFP. �e measure µ(E) re�ects number of people, which is a measurable factor

of production in and of itself. �is perspective is also shared by Hopenhayn (2014).

What are the implications for macro-development? Proposition 3 establishes that the

entrepreneurship-education nexus, and thus the allocation of human capital between

entrepreneurs and workers, is paramount for long-run output and TFP di�erences. �e

key is the formation of individual e�ective productivities through technology adoption

choices, which depends critically on the degree complementarity.

First, an economy with su�ciently high ω is able to permanently boost aggregate de-

mand for physical and human capital beyond what its capabilities would dictate in the

absence of technology adoption (low ω environment). Second, equilibrium aggregation

leads to an endogenous TFP term that is a positive function of zh̃: a Hölder mean with

exponent 1/ν—also known as generalized mean—of entrepreneurs’ e�ective productiv-

ities weighted by the appropriate conditional distribution. Such a high-ω economy is
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also characterized by higher entrepreneurship rates for higher levels of education, i.e.,

higher ERGON index. Net output is thus determined both by how many entrepreneurs

are active in the economy (extensive margin/µ(E)), and by what type of entrepreneurs

they actually are (intensive-margin/TFP).

To gain more perspective on how the entrepreneurship-education nexus in linked

to macro-development, consider two economies that have the same endowments, pa-

rameters, and are identical in every other way apart from the prevailing degree of com-

plementarity ω. Some illustrative guidance is provided by Figure 4. In the low-ω econ-

omy (ω < χ(θ)) the entrepreneurship rate by educational a�ainment is (endogenously)

strictly decreasing, and TFP is low due to the lack of technology adoption by �rms. In

the relatively high-ω economy (ω > χ(θ)), e.g. the U.S., some active entrepreneurs

adopt the disembodied technology, reinforce their e�ective productivities, and promote

aggregate factor and TFP formation. I call this channel the comparative advantage e�ect.
Furthermore, increased demand for workers pushes the equilibrium e�ective wage rate

higher, which sorts out less productive �rms and results in even more enhanced TFP.

I call this channel the wage/general equilibrium e�ect. In theory, the corresponding fall

in µ(E) may be large enough to counteract the positive impact of the wage e�ect, but

in practice it is not so under realistic parameter restrictions.

Lastly, the following indication about existing frameworks is worth mentioning. Con-

sider similar macro models with occupational choice that involve two distinct dimen-

sions of productivity—entrepreneurial (z) and worker (h) ability—but do not allow

for complementarities and do not impose any ex-ante statistical dependence. In such

cases, the entrepreneurship rate by human capital will necessarily be strictly decreas-

ing: higher labor income (wh) leads to a higher opportunity cost at each point in time,

which leads to higher z-cuto�s that occur with lower probability.

V. Calibrating the Model to U.S. Data

Solving the full model requires a PDE numerical scheme that yields unique viscosity

solutions to the HJB and KF equations. To that end, I employ the implicit upwind �nite

di�erence method of Achdou et al. (2022), which is monotone, consistent, and stable in

the Barles-Souganidis sense. All computational details are relegated to Appendix B.
26

�e model economy is calibrated to U.S. data for the period 1989−2019. �e length of

a period is taken to be one year to allow for internal consistency with aggregate, survey,

and �rm-level data. �e calibration strategy is on the side of parsimony; I reduce the

number of degrees of freedom �rst by preassigning values to �ve conventional and well-

accepted parameters in the literature, second by estimating one parameter that can be

inferred from the SCF data used in the empirical section. �e model is then disciplined

via the joint calibration of eight parameters that are less standard, thus of principal

interest. Before doing so, the section proceeds by specifying some functional forms.

26
Apart from the thorough numerical appendix of Achdou et al. (2022), many useful details can be

also found in Nuño and Moll (2018).
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Figure 4: Entrepreneurship Rate along h: High vs Low Complementarity
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Notes: �is illustrative diagram depicts the fraction of the labor force opting into entrepreneurship for each level of

human capital h. �e curve for the “high ω economy” is drawn for the case of ω > ω(ϑ) ∈ [ν, α + ν − αν]. �e

curve for the “low ω economy” is drawn for the case of ω < ω(ϑ). �e la�er case also describes macro models that

do not allow for complementarities human capital/labor ability and productivity/entrepreneurial outcomes, or do

not impose any functional relationship between the distributions of z and h.

V.1. Speci�cation of Functional Forms

Itô process for zt. Entrepreneurial ability is assumed to obey the di�usion process

d log zt = ϕz(µz − log zt)dt+ σzdWt (29)

�is is an Ornstein-Uhlenbeck (O-U) process in natural logs—the continuous-time ana-

logue of a log AR(1) process—with dri� µz , speed of reversion (persistence) governed

by ϕz , and innovation dispersion σz . By Itô’s lemma, the process in levels becomes

dzt =

[
ϕz(µz − log zt) +

1

2
σ2
z

]
zt dt+ σzzt dWt (30)

Due to mean-reversion and the properties of Wt, the marginal stationary distribution

is log-normal: log zt ∼ N (µz,
σ2
z

2ϕz
). Since the distribution of shocks to entrepreneurial

ability predominantly shapes the �rm size distribution in the model, this result is rather

empirically relevant; see for example Kondo, Lewis, and Stella (2021).
27

27
Using an extensive con�dential Census Bureau panel dataset, one of the main stylized facts the

authors establish is that “a lognormal �ts both �rm and establishment size employment distributions

be�er than the commonly used Pareto, even far in the truncated upper tail.” �is is an important empirical
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Human capital formation. �e functional form connecting individual schooling

choices (Si) to stocks of human capital (hi) needs to be speci�ed. I draw upon a standard

practice in the literature, e.g., Hall and Jones (1999), Caselli (2005), and consider the

following bijective map

hi = eφ(Si), φ(S) =


0.117·S if S ≤ 5

0.117·5 + 0.097(S − 5) if 5 < S ≤ 10

0.117·5 + 0.097·5 + 0.075·(S − 10) if 10 < S

(31)

�e assumption of a piecewise-linear function is made to reconcile the log-linearity of

wages and schooling at the country level with the observed concavity of this relation-

ship across countries, e.g., Psacharopoulos (1994), with coe�cient values drawn from

conventional Mincerian returns-to-schooling estimates. �is is an updated version of

the Hall-Jones/Caselli approach in two minor ways. FIrst, I use more recent average

Mincerian estimates reported by Psacharopoulos and Patrinos (2004) for sub-Saharan

Africa, the world as a whole, and the OECD, respectively. Second, I assume that the

function changes slope a�er the 5th
and 10th

year of schooling, as opposed to the 4th

and 8th
. �is is to account for the prevalent increase in educational a�ainment across

the globe in the decades since these studies were wri�en.

Utility during schooling and distribution of learning a�nity. �e functional

form of utility from a�ending school in (4) needs to be speci�ed. To keep things trans-

parent and uncomplicated, I assume that ψ(.) is a function that depends only on indi-

vidual learning a�nity and of the same power form as utility from consumption

ψ(β) =
β1−γ

1− γ
(32)

Finally, regarding individuals’ endowment of learning a�nity upon birth, random draws

from a lognormal distribution is a rather conventional choice: log β ∼ N (B, σ2
β).

V.2. Parametrization and Calibration

To sum up, the model requires 14 parameter values to be pinned down. On the house-

hold side: ρ, γ, and η. �ree technological parameters: α, δ, and ν. �ree parameters

characterizing the O-U process for entrepreneurial ability: µz, σz, φz . Two parameters

determining the distribution of learning a�nity and thus of human capital: B, σβ . �e

extent of �nancial frictions captured by ϑ. �e level of the complementarity parameter

ω, and the technology adoption cost κ. A more thorough discourse is provided below.

Assigned parameters. �e set of assigned parameters is {α, γ, δ, η, µz}. Values

for the �rst three are fairly canonical in the macro-development literature. I �x the

coe�cient of relative risk aversion to γ = 1.5; the annual capital depreciation rate is

�nding that casts doubt on the conventional wisdom that the U.S. �rm size distributions are adequately

approximated by a Pareto distribution with a shape parameter close to one (Zipf’s law).
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set to δ = 0.06; the elasticity of output with respect to capital is chosen to be α =

0.36, which, in the presence of moderate �nancial frictions, results in an aggregate

capital share of income slightly above 0.34 for the U.S. �e Poisson death rate is set

to η = 0.01667 implying an average “lifetime” of about 60 years (ages 6 to 66). As

normalization, the dri� of entrepreneurial ability is µz = 0, which simply translates to

a zero-mean process in logs.

Estimated parameter. I make use of the theoretical results in Section IV together

with the Probit reduced-form results for the U.S. in Section II to identify and infer the

technology adoption cost (κ). Proposition 1 established that, for su�ciently high ω, the

entrepreneurship rate by human capital a�ains its global minimum at ~ =
(

1
1−κ

)1/ω
.

Given equation (31) we can determine the level of the resulting threshold externality (~)

in the data. �e average estimate from Probit regressions suggests that the minimum

of the U-shaped relationship occurs at 9.25 years of schooling. Having obtained the

numerical grid for human capital hi, i = 0, 1, . . . , 20, I set κ = 1− 1/(eφ(9.25))ω.

Discussion of calibrated parameters. �ere remain eight parameters to be jointly

calibrated for the model to best �t eight relevant moments in the data. �e vector under

consideration is {ν, ϑ, σz, σβ, φz, ρ, B, ω}. Most calibrated parameter values are easily

comparable and close to alternative estimates in the relevant literature.

{ν |= entrepreneurship rate in the labor force}. �e span-of-control parameter governs

the shape and scale of production possibilities and pro�t functions, hence is paramount

when in comes to occupational decisions. �is conclusion can be also reached by ob-

serving the dominant role of ν in Lemma 2. In SCF samples from Section II , the fraction

of entrepreneurs has remained relatively stable over the thirty years, hovering around

10.5 percent of the labor force. �is average value is markedly close to the arithmetic

mean of 10.4 percent for the U.S. entrepreneurship rate over 1990 − 2009, as inferred

from Current Population Survey (CPS) data reported by Hipple (2010).
28

�e calibrated value ν = 0.232 is somewhat higher compared to economies without

�nancial frictions and/or with a corporate sector (around 0.15 − 0.20), but it is not so

in comparison to the germane class of models. For instance, the calibration of Buera,

Kaboski, and Shin (2011) to the U.S. economy results in ν = 0.21 (α+ θ = 0.79 in their

model), which in turn generates an entrepreneurship rate of only 5 percent.

{ϑ |= External �nance-to-GDP ratio} To calibrate the extent of �nancial market im-

perfections via the collateral constraint, a relevant data counterpart is the external

�nance-to-GDP ratio. It is de�ned as domestic credit provided to the private sector

as a share of GDP with data coming from World Bank’s Global Financial Development

Database (GFDD).
29

�is moment has been widely used in a multitude of studies; see

for example Midrigan and Xu (2014), Moll (2014) and the references therein.

28
�is number corresponds to the sum of the incorporated plus unincorporated self-employed divided

by total employment in all non-agricultural industries; see Table 1 and Table 2 in Hipple (2010). Results

are identical to the �rst decimal point whether calculating the average of ratios or the ratio of averages.

29
I use the September 2022 version of the GFDD database, which is publicly available at

h�ps://www.worldbank.org/en/publication/gfdr/data/global-�nancial-development-database.

32

https://www.worldbank.org/en/publication/gfdr/data/global-financial-development-database


�e calibrated value of ϑ = 0.864 is not too far from the perfect-credit benchmark,

but still implies moderate �nancial frictions. It is worth noting that the calibration takes

a more conservative stance by not considering the U.S. a frictionless economy.

{(σz, σβ) |= (dispersion of log TFP, total income Gini coe�cient)} Distributional scale

parameters—the standard deviation of entrepreneurial ability shocks and standard de-

viation of learning a�nity—are the dominant sources of variation among production

plans and total income. It is thus palpable to match the cross-sectional dispersion of

U.S. �rms’ TFP together with the Gini coe�cient for total (earned plus passive) income.

Regarding the former, a benchmark choice is given by the summary statistics on

�rms’ log productivity dispersion in Foster, Haltiwanger, and Syverson (2008), speci�-

cally their measure of “traditional TFP” in Table 1 (0.21). �is is also in line with Halti-

wanger (2011), who states that the bulk of empirical evidence suggests “. . . estimates of

the standard deviation of innovations to productivity shocks of about 0.20 (in terms of

log total factor productivity).” I choose the average of the two values (0.205).

Regarding the la�er, I consult data from the U.S. Bureau of Economic Analysis (BEA)

on the distribution of personal income. �e average of available estimates for 2000 −
2019 is 0.446; I set the target value to 0.430 to correct for the fact that income inequality

has been somewhat lower in the period 1989− 2000.
30

{φz |= �rm entry/exit rate}�e persistence of entrepreneurial ability is by and large

the main driver of �rm dynamics in this se�ing. As such, I choose to target the average

U.S. entry rate for 1989 − 2019(0.11), based on annual observations from the latest

Business Dynamics Statistics (BDS) dataset.
31

�e calibrated value e−ϕz =0.901 is reasonable and falls right between the estimates

of Asker, Collard-Wexler, and De Loecker (2014) for the U.S. using an AR(1) speci�cation

for (the log of) TFPR, and the corresponding values from the replication of Hsieh and

Klenow (2009) using their dataset.
32

{ρ |= real rate of return on capital}�e household discount rate, ρ, is set to match

an average real interest rate of 4 percent per annum, a value commonly used in the

literature. �e calibrated value of ρ = 0.091 implies an economy with fairly impatient

agents, a result that is quite standard in the sphere of incomplete-market models with

entrepreneurship. For instance, the baseline calibration of Cage�i and De Nardi (2006)

requires a (discrete time) discount factor of β = 0.865 to match a 6.5 percent equilib-

rium interest rate; the model of Buera and Shin (2013) targets a 4.5 percent interest rate

and requires a discount factor of β = 0.904.

{B |= mean years of schooling}�e distribution of learning a�nity, assumed to be

log β ∼ N (B, σ2
β), is the primary source of variation in educational choices among

individuals. �e location parameter B governs the central tendency of the distribution

30
I use the December 2022 version of the BEA release, which is publicly available at

h�ps://www.bea.gov/data/special-topics/distribution-of-personal-income.

31
I use the economy-wide dataset of the 2021 BDS release, which is publicly available at

h�ps://www.census.gov/data/datasets/time-series/econ/bds/bds-datasets.html.

32
See Table 1 at h�p://www.johnasker.com/ACWDLcomment.pdf.
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and is calibrated so that the model matches average years of schooling in the data. �e

full SCF dataset indicates an average of 13.83 among labor force participants, and Barro

and Lee (2013) data for population aged 25−64 suggest 13.30 for the period 1990−2015.

I choose to target 13.50 years of schooling and the resulting value is B = 0.106.

{ω |= ERGON index} Much of the analysis in Section IV is about the allocation of

human capital between occupational groups induced by technology adoption choices.

�ese depend crucially on the degree of complementarity between entrepreneurial abil-

ity and human capital. �erefore a natural target is the ERGON index, de�ned as

ERi(educ≥14years)
ERi(total)

in line with the motivating facts presented in Section II . �e calibrated

value is ω = 0.515. Although there is no reference paper we can compare this value to,

it results in the isoelastic function ζ(he, z) exhibiting moderate diminishing returns.

V.3. Baseline Model Output

Table 3 reports the output of the calibration exercise and summarizes the parametriza-

tion. �e model is able to match the targeted moments very closely. As emphasized

above, this is achieved prudently by targeting only as many moments as parameters,

through typical functional speci�cations, and without producing unconventional pa-

rameter values. Although strong local �rst-order identi�cation is rather di�cult in this

class of non-linear general equilibrium models, good performance in varied dimensions

shows that the selected moments are su�ciently informative about the calibrated pa-

rameters so that the objective function is not locally �at.

In terms of non-targeted moments, the model is able to generate quite reasonable

results across a wide range of aspects, as evidenced in Table 4. To begin with, the

predicted rate of entrepreneurship by educational a�ainment follows the data fairly

well. Replicating such a highly disaggregated and non-linear relationship is intricate; it

requires ge�ing both endogenous occupational and educational choices right (the law

of total probability has to hold). �is is indeed one of the model’s accomplishments,

especially given its parsimony and unconditional independence between z and β.

Another feature of the U.S. economy the model can come close to is the �rm size dis-

tribution by employment size. Although not perfect, the match should be considered

adequate as it is non-targeted and o�en notoriously hard to a�ain. �e main discrep-

ancy is found at the right tail of the distribution, which is expected since I am not

assuming a Pareto or extreme-value distribution for z.

Finally, it seems fair to say that the model is also doing reasonably well in generat-

ing additional non-targeted cross-sectional moments. For instance, it predicts substan-

tial total income (earned plus capital income) inequality, with realistic concentrations

across di�erent quintiles; sizeable wealth inequality, with the appropriate large share

of wealth in the hands of entrepreneurs together with realistic occupational represen-

tations at the top wealth decile; as well as accurate within-entrepreneurs heterogeneity

with respect to completed years of schooling.
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Table 3: Model Calibration Summary; Targeted Moments and Parametrization

Targeted Moments Data Model Data Source

Entrepreneurship rate in the labor force 0.105 0.105 SCF & CPS

External �nance-to-output ratio 1.650 1.650 GFDD/World Bank

Dispersion of (log) TFP 0.205 0.205 Foster et al. (2008) & Haltiwanger (2011)

Total income Gini coe�cient 0.430 0.425 BEA/CPS ASEC

Firm entry/exit rate 0.110 0.110 BDS

Real rate of return on capital 0.040 0.040 Standard

Mean years of schooling 13.50 13.50 Barro and Lee (2013) & SCF

ERGON index 1.161 1.210 SCF

Calibrated Parameters Value Comment

Span-of-control parameter (ν) 0.232 See text

Collateral constraint (ϑ) 0.864 See text

Dispersion of entrep. ability shock (σz) 0.204 See text

Scale parameter of learning a�nity (σβ) 0.167 See text

Autocorrelation of entrep. ability z (e−φz) 0.901 See text

Subjective discount rate (ρ) 0.091 See text

Location parameter of learning a�nity (B) 0.106 See text

Complementarity between z and he (ω) 0.515 See text

Assigned & Estimated Parameters Value Comment

Elasticity of output w.r.t. capital (α) 0.360 Standard

Capital depreciation rate (δ) 0.060 Standard

Coe�cient of relative risk aversion (γ) 1.500 Standard

Mean (log) entrepreneurial productivity (µz) 0.000 Normalization

Poisson death rate (η) 0.017 60 years until retirement

Technology adoption cost (κ) 0.402 Estimated from Probit-RII regressions
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Table 4: Model Calibration Output; Non-Targeted Moments

Non-Targeted Moments Data Model Source

Entrepreneurship rate by educational attainment
Years of education: [0− 8] 0.080 0.080 SCF

Years of education: (8− 12) 0.072 0.070 SCF

Years of education: 12 0.091 0.088 SCF

Years of education: (12− 16) 0.094 0.097 SCF

Years of education: 16 0.121 0.121 SCF

Years of education: (16, 20] 0.156 0.149 SCF

Firm size distribution
Employment size: 1− 9 0.769 0.780 BDS

Employment size: 10− 19 0.115 0.126 BDS

Employment size: 20− 99 0.096 0.090 BDS

Employment size: 100+ 0.020 0.004 BDS

Total Income distribution statistics
Share received by top 20% 0.505 0.514 BEA/ CPS ASEC

Share received by middle 20% 0.141 0.132 BEA/ CPS ASEC

Share received by bo�om 20% 0.052 0.077 BEA/ CPS ASEC

Mean-to-median ratio 1.465 1.494 BEA/ CPS ASEC

Wealth distribution statistics
Share owned by entrepreneurs 0.437 0.434 SCF

Share of entrepreneurs in top 10% 0.394 0.400 SCF

Ratio of mean assets; entrepreneurs to workers 6.876 6.463 SCF

Miscellaneous statistics
Job destruction rate: deaths 0.046 0.041 BDS

Fraction of entrepreneurs with ≤ 12 years education 0.329 0.329 SCF

Fraction of entrepreneurs with ≥ 16 years of education 0.438 0.455 SCF
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VI. �antitative Exploration

�is section features some model-based evidence illustrating the quantitative impor-

tance of the central mechanisms put forward by the theory. �e main exercises consist

of varying key parameters of interest in order to gauge the magnitude and decompo-

sition of implied long-run output di�erences relative to the U.S. (baseline calibration).

�ese counterfactuals highlight the ceteris paribus nature of the misallocation argument:

countries with otherwise identical structure and endowments a�ain strictly worse out-

comes because they are unable to put their resources to their most e�cient use.

�e model gives rise to a “development accounting” framework in levels by equation

(27), as real output per person employed in country i can be equivalently expressed as
33

Y = A(E|ω,B, ϑ)i︸ ︷︷ ︸
TFP contribution

µ(E)
ν

1−α̂
i

(
Ki

Yi

) α̂
1−α̂

H
1− ν

1−α̂
i α̂ := α(1− ν) (33)

with the contribution of TFP being the endogenous term Ai := Z
1

1−α̂
i , and where Zi is

the Hölder-type weighted mean term of e�ective productivities among active producers

as in equation (27). �e terms “TFP” and “worker human capital” used in upcoming

�gures refer to the �rst and last term of (33), respectively.

VI.1. �e Impact of Complementarity on Macro-Development

�e �rst counterfactual experiment involves varying the degree of complementar-

ity (ω) between entrepreneurial ability and human capital—essentially the elasticity of

the disembodied technology upon adoption—all else being equal. By doing so one can

e�ectively simulate a series of economies that di�er only with respect to a crucial under-

lying driver of the entrepreneurship-human capital nexus, in order to compare certain

aspects of the resulting stationary equilibria. Speci�cally, I consider economies char-

acterized by strictly lower values of ω compared to the U.S. in the baseline calibration,

thus exhibiting strictly lower ERGON indexes.
34

�e results of the �rst exercise are summarized in Figure 5; the outcomes of the U.S.

calibration are normalized to one (top right corner). Starting with the le� panel compar-

ing output per person employed (“GDP”) together with two components accounting for

almost all of its variation, namely, total factor productivity (“TFP”) and human capital

of workers (“worker H”), against the a�ained ERGON index.

To begin with, moderate ceteris paribus shi�s in the entrepreneurship-education nexus

can generate sizeable and persistent misallocation losses up to 45% less vis-á-vis the U.S.

Moreover, most of these di�erences are due to endogenous TFP formation, with the role

of accumulated worker human capital being second but markedly important.

33
See Klenow and Rodrı́guez-Clare (1997), Hall and Jones (1999), and the references therein for rea-

sons why it is preferred to express the development accounting equation in terms of capital-output ratios.

34
To remain consistent with the motivating facts of Section II and the calibration of section V , the

ERGON index is once again de�ned as
ERi(educ≥14years)

ERi(total) .
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Figure 5: The Impact of Complementarity (ω) on Macro-Development
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Notes: Stationary equilibria of the model obtained by varying the complementarity pa-

rameter ω from 0.515 (U.S. calibration) to 0.282, ceteris paribus.

Why does lower complementarity entail such considerable long-term losses in out-

put per laborer? �ere are three major forces at play. First, a lower ω increases the

cuto� value ~ = (1/(1− κ))1/ω
above which entrepreneurs choose to adopt the disem-

bodied technology. Such a drastic impact on equilibrium technology adoption restrains

productive capacities among �rms with talented managers, and in turn maps into sub-

dued aggregate TFP formation. Second, lower complementarity is an impediment to

the accumulation of human capital by future generations. Observe that both sides of

equation (26) depend positively on ω, which a�ects both the present value of expected

future income gains and the expected foregone utility from not joining the labor force,

thus leading to lower schooling choices for any level of learning a�nity.

�ird, there are important general equilibrium e�ects associated with changes in en-

trepreneurship rates by education—as discussed in the context of Figure 4—that have

additional implications for the �rm size distribution. Speci�cally, a lower ω exerts si-

multaneous downward pressure on the aggregate demand for labor by entrepreneurs

and on the aggregate supply of human capital by the rest of the labor force. � equilib-

rium e�ective wage rate (w) drops substantially, which successively alters the pa�erns

of occupational choice. Lower labor income dampens the opportunity cost of running

a �rm and induces plenty of less talented individuals to become entrepreneurs. Such

a critical mass of small �rms leads to a reduced average �rm size, and in conjunction

with weakened technology adoption by more able entrepreneurs, the reduction is re-

�ected even more strongly among larger �rms. In other words, lower degrees of com-

plementarity lead to higher overall rates of entrepreneurship together with �rm size

distributions that are more concentrated towards smaller and less productive �rms.
35
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As a reminder, in this se�ing average �rm size is simply pinned down by (1− µ(E))/µ(E).
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Figure 6: The Impact of Aggregate Human Capital on Macro-Development
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Notes: Stationary equilibria of the model obtained by varying the location parameter B
of learning a�nity, from B = 0.106 (U.S. calibration) to −0.760, ceteris paribus.

VI.2. �e Impact of Aggregate Human Capital on Macro-Development

�e second exercise involves the simulation of a series of economies with less edu-

cated labor forces, all else being equal. �e setup of the model does allow one to carry

out such an experiment in a simple and transparent manner, as explained in Section V .

Recall that the distribution of learning a�nity is log β ∼ N (B, σ2
β); since heterogeneity

in random draws of β governs individual-level variations in optimal schooling choices,

the location parameter B determines the central tendency of educational a�ainment.

By varying only the distributional parameter B the model will endogenously generate

di�erent total/average years of schooling. �e results of this exercise are summarized

in Figure 6, with the outcomes of the U.S. calibration being normalized to one.

Responding to realistic variations in B, lower total/average years of schooling en-

gender long-run di�erences of up to about −70% output per laborer. It is certainly no

surprise that lower educational a�ainment has a considerable in�uence on macroeco-

nomic activity through the conventional channel of accumulated worker human cap-

ital. What is indeed notable is how startling these di�erences come to be due to the

additional impact of endogenous TFP formation, which accounts for a large share in

the decline of output. �is sizeable e�ect is primarily a result of the intensive-margin

nature of technology adoption decisions: A lower stock of human capital leads to less

available entrepreneurial human capital that can contribute to �rms’ productive capac-

ities, even when there is enough scope for complementarity between education and

idiosyncratic ability (high ω) as in this exercise.
36
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Recall that a conventional heterogeneous-agent model in which human capital accumulation alters

only worker’s productivity would not be able to generate similar aggregate TFP dynamics.
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Table 5: Accounting For Cross-Country Output Differences Vis-à-Vis the U.S.

Country Share of Output p.w. Difference explained by

varying only ω varying (ω,B) varying (ω,B, ϑ)

Italy — median in 5
th

quintile 89.0% 96.2% 100.1%

Poland — median in 4
th

quintile 71.7% 72.9% 92.3%

Malaysia — median in 3
rd

quintile 59.8% 60.5% 71.2%

Peru — median in 2
nd

quintile 31.6% 32.8% 47.5%

Bangladesh — median in 1
st

quintile 22.1% 32.0% 40.3%

Additional Countries

Sweden — 5
th

income quintile 99.2% 99.4% 99.9%

Canada — 5
th

income quintile 99.1% 99.1% 99.8%

Japan — 4
th

income quintile 98.9% 99.3% 99.7%

Greece — 4
th

income quintile 79.8% 83.2% 97.4%

Egypt — 3
rd

income quintile 56.2% 66.7% 94.8%

Argentina — 3
rd

income quintile 50.1% 52.6% 81.3%

Brazil — 2
nd

income quintile 44.2% 50.3% 63.5%

Colombia — 2
nd

income quintile 42.9% 49.7% 61.5%

China — 1
st

income quintile 34.0% 36.2% 38.9%

India — 1
st

income quintile 27.3% 39.0% 49.5%

Notes: Each quantitative experiment for each county follows the strategy of the U.S. calibration: varying

only ω targets the ERGON index (GEM); varying (ω,B) targets the ERGON index and average years of

schooling (Barro-Lee); and varying (ω,B, ϑ) targets the ERGON index, average years of schooling, and

the external �nance-to-output ratio (GFDD).

Moreover, parallel to the previous quantitative exercise there are signi�cant general

equilibrium forces a�ecting the �rm size distribution. A novel implication of the model

is that uniformly lower educational a�ainment depresses not only the aggregate supply

of human capital, but also the aggregate demand for labor. Since the entrepreneurship-

education nexus is similar to the U.S. in this exercise—meaning that a signi�cant fraction

of entrepreneurs adopts the disembodied technology—the decline in aggregate labor de-

mand dominates and the market-clearing e�ective wage rate moves permanently lower.

Lower labor income at each level of human capital decreases the opportunity cost of en-

trepreneurship and leads to a larger number of less-able producers running smaller and

less productive �rms. In this sense, and in relation to the �rst counterfactual, it essen-

tially re�ects the other side of the same coin.
37
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To all of the above counterfactuals, it should be mentioned that the capital-output ratios, interest

rates, investment rates, and related moments are virtually the same as in the U.S. calibration.
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VI.3. Accounting For Cross-Country Output Di�erences

In light of the pervasive implications brought out by the counterfactuals, it would be

instructive to get a clearer picture of how important the underlying mechanisms are in

explaining actual cross-country di�erences in output per worker. �e idea is to examine

the model’s ability to account for income gaps vis-à-vis the U.S. by varying only a limited

subset of components. First I vary the degree of complementarity (ω) to target the

ERGON index of country i (GEM data); second both (ω,B) to target the ERGON index

and average years of schooling (Barro-Lee data); third (ω,B, ϑ) to target the previous

two moments together with the external �nance-to-GDP ratio (GFDD data).

To calculate the share of the income gap between county i and the U.S. accounted for

by the model in each quantitative exercise j, Sij , I proceed as follows. Let mij be the

model-generated output per worker in country i (relative to the U.S.) under exercise j,

and let di be relative output per worker in the data. �en, Sij =
log(1/xij)

log(1/xij)+log(xij/di)
.
38

A key observation is that varying only ω can alone account for an ample share of

cross-country di�erences. Indeed, for each country above the second income quintile it

can explain more than half of the income gap. When it comes to poorer countries like

Bangladesh or India the gap explained is much smaller, suggesting the need for more

radical modi�cations of the baseline model. Apart from generating large drops in ag-

gregate TFP, these variations in ω are also able to close much of the gap in educational

a�ainment, as evidenced by the limited explanatory power from adjustingB. Account-

ing for di�erences in �nancial frictions is undoubtedly crucial in line with numerous

studies, but at least for the countries considered and without taking into account aggre-

gate transitions, the marginal gains from varying ϑ are not as extensive as those coming

from ω. All in all, the results further substantiate the central prediction of the theory:

the mechanism governing the e�ective use and allocation of entrepreneurial human

capital plays a crucial role in the determination of cross-country income di�erences.

VII. Summary and Concluding Remarks

Entrepreneurship and human capital are widely recognized drivers of economic per-

formance. At the same time, the allocation of resources between and within occupations

shapes total factor productivity and output. �is paper raises new points of inquiry and

uses a mix of empirics and theory to address them: Is the allocation of human capital

between entrepreneurs and workers a key determinant of aggregate productivity and

income? How pervasive are its implications for macro-development?

�ere are three main messages emerging from this study. First, robust empirical ev-

idence from international survey data suggests that higher educated people in richer

and more productive countries become entrepreneurs at rates signi�cantly higher than

those in poorer countries. Further focus on the U.S. economy, again at the micro-level,

38
As appropriate, Sij is de�ned in terms of log-factors of income gaps and adheres to the underlying

ratio scale; it is strictly decreasing in xij with Sij = 1 at xij = di and Sij = 0 at xij = 1. Surprisingly,

it is not too uncommon to encounter erroneous calculations using gross factors or an inconsistent scale.
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shows that the relationship between schooling and the rate of entrepreneurship exhibits

an asymmetric U-shaped form, while average business outcomes are strictly increasing

for more educated �rm owners/managers. �ese stylized facts cannot be easily or ade-

quately explained by existing theories, and thus deserve more thorough investigation.

Second, a versatile heterogeneous-agent model with occupational and educational

choices is able to rationalize the empirical �ndings, while remaining broadly consis-

tent with aggregate and survey data. A central hypothesis is that the costly adoption

of a disembodied technology enables individuals to enhance their idiosyncratic ability

with the competences of their human capital. In general equilibrium, the extent of tech-

nology adoption determines the contribution of entrepreneurial human capital in �rms’

productivities, which is a key component of endogenous TFP. As new generations build

skills through schooling and form expectations about their future prospects as work-

ers/entrepreneurs, the above mechanism also a�ects the accumulation of human capital

economy-wide. An important insight is that the entrepreneurship-education nexus has

�rst-order aggregate and distributional consequences.

�ird, the calibrated model does well in replicating a wide spectrum of targeted and

non-targeted U.S. moments, thereby capturing salient features of micro and macro data.

�antitative explorations illustrate how di�erent allocations of human capital between

occupational groups can lead to sizeable and persistent losses in TFP and output, with

additional results accentuating the role of human capital in the process of develop-

ment. �e analysis indicates that if economies di�er in their capacities to complement

entrepreneurial talent with the bene�ts that human capital can o�er, there are drastic

implications for both factor accumulation and TFP formation that shed light on a novel

proximate cause of long-run cross-country output and productivity di�erences.

Moving forward, I would suggest three avenues for future research. In terms of em-

pirics, there is more work to be done in exploring the link between entrepreneurship

and educational a�ainment, along with establishing further stylized facts. Analyses

mirroring this study’s for the U.S. can be carried out for other countries to uncover

whether similar results apply. It would also be useful to examine how these relation-

ships evolve over time by exploiting detailed panel survey data. Regarding the expand-

ing literature on the role of entrepreneurship in macroeconomics, I would advocate for

pu�ing more emphasis on the dimension of education/human capital and technology

adoption. Pertinent elaborations can bene�t the quantitative performance of workhorse

heterogeneous-agent models without high computational costs, and enable them to ac-

count for a range of facts that current practices mostly ignore. Finally, much remains to

be learned about the nature of the hypothesized disembodied technology and its ensu-

ing impact on productivity. It would be constructive to formulate new theories on the

origin of the complementarity process at a more granular level, which could be related

to sector-speci�c e�ects or possibly to deeper cultural considerations. Altogether, the

entrepreneurship-human capital nexus seems crucial in understanding various aspects

of macro-development. In my opinion, this is an issue worth pursuing.
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Appendix A: Proofs and Derivations

Proof of Lemmas 1 and 2: We start by deriving entrepreneurial factor demands

under the general productivity function ζ(he, z), without specifying the impact of tech-

nology adoption yet. Optimal demands for capital and labor correspond to

k̃(he, a, z) =
α (1− ν)

r̃ + δ
ỹ(he, a, z) (A1)

˜̀(he, a, z) =
(1− α)(1− ν)

w
ỹ(he, a, z) (A2)

�e entrepreneur-speci�c shadow interest rate is r̃t(he, a, z) = rt + λ(he, a, z), where

λ(.) ≥ 0 is the Lagrange multiplier on the collateral constraint. In the unconstrained

case when an individual possess assets a > (1− ϑ)k̃(he, a, z), we have λ = 0 and thus

r̃ = r. Manipulating through yields the optimal level of production,

ỹ(he, a, z) = ζ
1
ν

[(
α(1− ν)

r̃ + δ

)α(
(1− α)(1− ν)

w

)1−α
] 1−ν

ν

(A3)

We can recover unconstrained factor demands by plugging A3 into A1 and A2,

k̃(he, z) = ζ
1
ν

(
α(1− ν)

r̃ + δ

) 1−(1−α)(1−ν)
ν

(
(1− α)(1− ν)

w

) (1−α)(1−ν)
ν

(A4)

˜̀(he, z) = ζ
1
ν

(
α(1− ν)

r̃ + δ

)α(1−ν)
ν
(

(1− α)(1− ν)

w

) 1−α(1−ν)
ν

(A5)

Solving for the multiplier λ(he, a, z) allows to express the shadow interest rate as,

r̃t(he, a, z) =


rt if a > (1− ϑ) ζ

1
ν

(
α(1− ν)

rt + δ

)1−(1−α)(1−ν)
ν

(
(1− α)(1− ν)

wt

)(1−α)(1−ν)
ν

(
ζ

1
ν

1
1−ϑa

) ν
1−(1−α)(1−ν)(

(1− α)(1− ν)

wt

) (1−α)(1−ν)
1−(1−α)(1−ν)

α(1− ν)− δ otherwise

�e indirect pro�t function for unconstrained entrepreneurs is given by,

πuc(he, z) = ζ
1
ν ν

[
(1− ν)

(
α

r + δ

)α(
1− α
w

)1−α
] 1−ν

ν

(A6)

�e indirect pro�t function for constrained entrepreneurs depends on their wealth level

and for a < (1− ϑ)k(he, a, z) is given by,

πc(he, a, z) = (1− υ)

[
ζ

(
a

1− ϑ

)α(1−ν) ( υ
w

)υ] 1
1−υ

− a(r + δ)

1− ϑ
(A7)

where υ := (1− α)(1− ν).
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Using the above results, it is now straightforward to use the indirect pro�t functions

and set up the marginal conditions for occupational choice. Se�ing up the equations

πuc(he, z | r, w) = whe and πc(he, a, z | r, w) = whe, using A6 and A7, and manipulat-

ing through to solve for z, yields the desired results. �

A quick note on the proofs to follow. It is clear that the set of entrepreneurs can be

partitioned as E = Euc ∪ Ec, Euc ∩ Ec = ∅. �e superscripts stand for capital “uncon-

strained” and “constrained.” In addition, conditioning on the set Euc or Ec is shorthand

for the σ-algebra generated by the truncated random variables given by Lemma 3. To

reduce notational in the next proof, I will also use shorthand notation based on dis-

cretized probability distributions, with the understanding that the calculations involve

proper integrals over speci�c domains, e.g., P [h = k] refers to

∫ k2
k1
g(h) dh.

Proof of Proposition 1: �e object of interest is the fraction of the labor force with

human capital h = j ∈ hmin . . . hmax that opts into entrepreneurship. First, we can

break this fraction down to the sum of unconstrained (Euc) and capital-constrained

(Ec) entrepreneurs, as the two sets are disjoint:

P [E ∩ h = k]

P [h = k]
=
P [(Euc ∪ Ec) ∩ h = k]

P [h = k]
=
P [(Euc ∩ h = k]

P [h = k]
+
P [(Ec ∩ h = k]

P [h = k]
(A8)

Using the rules of conditional probability and the conditions for occupational choice,

P [E ∩ h = k]

P [h = k]
=
P [(Euc|h = k]P [h = k]

P [h = k]
+
P [(Ec ∩ h = k]P [h = k]

P [h = k]

= P [(Euc |h = k] + P [(Ec |h = k]

= P [z > zuc(hk) |h = k] P [ai > a∗(z, hk) | z > zuc(hk), h = j]

+ P [z > zc(ai, hk) |h = k] P [ai ≤ a∗(z, hk) | z > zc(ai, hk), h = k]

= (1 − Θk)′(1 −Gz[z
uc(hk)]) + Θk

′(1 −Gz[z
c(ai, hk)]) (A9)

where the vector of Θ’s and complementary cdf’s are de�ned accordingly to express the

previous equality as a non-negative linear combination (0 ≤ Θi ≤ 1) of non-negative

functions (0 ≤ (1 − Gz(zj)) ≤ 1) for every pair of (ai, zj). �e cuto�s for the tail

distributions are determined by the conditions given in Lemma 3. It is now simple to

derive necessary and su�cient conditions for A9 to be strictly decreasing/increasing

in the domain of human capital. Note that we can safely deduce strict (instead of only

weak) monotonicity of A9 because of strict monotonicity of Gz(z): a non-singular cdf

is strictly increasing on its support if the support is a �nite interval, and in our case z

has indeed compact support because of re�ecting barriers.

[Θ = 0 (ϑ → 1)] �is is the case when equation (23) characterizes the solution.

�e cuto� zuc(h) is weakly increasing in human capital for h ≤ ~, and for ω > ν,

it is weakly decreasing for h > ~. If the marginal CDF of z is strictly increasing (no

�at intervals), then the object of interest is strictly decreasing for h ≤ ~ and strictly
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increasing for h > ~. �erefore, the necessary and su�cient condition is simply ω > ν.

[Θ = 1 (ϑ = 0)]] �is is the case when equation (24) applies and is analogous to the

previous one with the only exception that the parameter restriction is di�erent. �e

necessary and su�cient condition in this case is simply ω > ν + α− αν.

[0 ≤ Θ ≤ 1] �e general case is analyzed using the continuity of A9. All functions

are decreasing for h ≤ ~, so we only need to analyze the region above the threshold.

For a given level of �nancial frictions ϑ and thus a vector Θk for every h, there exists

some ω̂ ∈ [ν, ν + α − αν] such that both components of A9 are strictly increasing in

h for all h > ~. Since any non-negative linear combination of non-negative decreasing

(increasing) functions is itself decreasing (increasing), and since both components have

the same minimum in H, the result follows. �

Proof of Proposition 2: For every entrepreneurial outcomeX(h, a, z) – net produc-

tion, capital demand, labor demand, pro�ts – the focus is on the evolution of the condi-

tional (truncated) expectation along the dimension of human capital: ∂ E[X|E, he]/∂he.
To save space I will illustrate the proof for the case of indirect pro�t functions, with the

procedure for every otherX(h, a, z) being analogous. �e key observation is that every

outcome X(h, a, z) is homogeneous of the same degree, as well as strictly increasing

and convex in z by the Envelope theorem. It is helpful to consider the case Euc and Ec

separately, as well as the cases he ≤ ~ and he > ~.

[Euc and he ≤ ~] For unconstrained entrepreneurs without technology adoption, the

conditional expectation involves only a function of the random variable z > zuc(he).

From the �rst part of Lemma 3, we know that zuc(he) is strictly increasing for all he ≤
~, and πuc(z) is strictly increasing and convex in z, hence ∂zuc(he)/∂he > 0 implies

∂ E[πuc(z)|E, he]/∂he > 0. To see this more clearly, use the de�nition of the truncated

expectation together with the Leibniz integral rule to derive

∂ E[πuc(z)|z > zuc]

∂he
=
∂ E[πuc(z)|z > zuc]

∂zuc

=
gz(z

uc)

1−Gz(zuc)
{E[πuc(z)|z > zuc]− πuc(zuc)} > 0 (A10)

where the term in curly brackets is always positive due to Jensen’s inequality together

with truncation from below. It is clear that this holds for all non P-null sets.

[Euc and he > ~] For unconstrained entrepreneurs with technology adoption, using

a similar argument as above together with the homogeneity property of indirect pro�ts,

it su�ces to consider how the lowest e�ective productivity ζ(zuc, he) evolves along he.

�at is, ∂ζ(zuc(he))/∂he > 0 =⇒ ∂ E[πuc(z)|E, he]/∂he > 0. By Lemmas 2 and 3,

ζ(zuc(he)) ∝ h1−ν
e , which is strictly increasing in he.

[Ec and he ≤ ~] For constrained entrepreneurs without technology adoption, the

same arguments as above apply, mutatis mutandis. We employ the second part of

Lemma 3 and we work along the dimension of assets by conditioning on each ai. If

we analyze the conditional (truncated) expectation point-by-point, then we can also
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understand the total expectation E [πc(he, a, z)] =
∑

i E [πc(he, z|ai)]P(ai). As above,

∂ E[πc(z)|z > zc, ai]

∂he
=
∂ E[πc(z)|z > zc, ai]

∂zc

=
ga,z(z

c)

1−Ga,z(zc)
{E[πc(z)|z > zc, ai]− πc(zc)} > 0 (A11)

where the term in curly brackets is always positive due to the same reasons as before.

[Ec and he > ~] For constrained entrepreneurs with technology adoption, as in the

unconstrained case, it su�ces to consider how the lowest e�ective productivity evolves

along he. By Lemmas 2 and 3, it is clear that ζ(zuc, he|ai) is strictly increasing in he.

By integrability and the partition property of E , we can directly apply the law of total

expectation to obtain,

E [X|E , he] = E [X|Euc, he ≤ ~]P(Euc, he ≤ ~) + E [X|Euc, he > ~]P(Euc, he > ~)

+ E [X|Ec, he ≤ ~]P(Ec, he ≤ ~) + E [X|Ec, he > ~]P(Ec, he > ~)

Since we have shown that all conditional expectations on the rhs are strictly increasing

in he almost surely, so is any positive linear combination of them. �

Proof of Proposition 3: Aggregate physical capital (K) and aggregate human cap-

ital (H) can be derived using the expressions in Lemma 1 as follows:

K =

∫∫∫
H×A×Z

k̂(he, a, z) dG(h, a, z)

=

∫∫∫
H×A×Z

(zh̃e)
1
ν (r̃(h, a, z) + δ)−

α̂+ν
ν dG(h, a, z) α̂

α̂+ν
ν Ψ

1−(α̂+ν)
ν (A12)

H =

∫∫∫
H×A×Z

̂̀(he, a, z) dG(h, a, z)

=

∫∫∫
H×A×Z

(zh̃e)
1
ν (r̃(h, a, z) + δ)−

α̂
ν dG(h, a, z) α̂

α̂
ν Ψ

1−α̂
ν (A13)

where α̂ ≡ α(1− ν) and Ψ ≡ (1−α)(1−ν)
w

. It is also useful to derive the factor-only part

of aggregate net output:

(
KαH1−α)1−ν

=

(∫
Ω

(zh̃e)
1
ν (r̃ + δ)−

α̂+ν
ν dG

)α̂(∫
Ω

(zh̃e)
1
ν (r̃ + δ)−

α̂
ν dG

)1−(α̂+ν)

α̂
α̂
ν Ψ

1−(α̂+ν)
ν

(A14)

where for notational simplicity I use the shorthand

∫
Ω

for the triple integral.
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�en, aggregate output (real GDP) per person engaged can be expressed as,

Y =

∫∫∫
H×A×Z

zh̃
(
k̃(he, a, z)α ˜̀(he, a, z)1−α

)1−ν
dG(h, a, z)

=

(∫
Ω

(zh̃e)
1
ν (r̃ + δ)−

α̂
ν dG

)
α̂
α̂
ν Ψ

1−(α̂+ν)
ν

=

(∫
Ω

(zh̃e)
1
ν (r̃ + δ)−

α̂
ν g(h, a, z|E)dh da dz

)α̂+ν

(∫
Ω

(zh̃e)
1
ν (r̃ + δ)−

(α̂+ν)
ν g(h, a, z|E)dh da dz

)α̂

(
1−G(h, a, z)

)ν (
KαH1−α)1−ν

=

(
E
[(
zh̃
) 1
ν
(
r̂(h, a, z) + δ

)− α̂
ν

∣∣∣E])α̂+ν

(
E
[(
zh̃
) 1
ν
(
r̂(h, a, z) + δ

)− (α̂+ν)
ν

∣∣∣E])α̂
µ(E)ν

(
KαH1−α)1−ν

(A15)

By following the same procedure and using the fact that r̃(h, a, z) = r, we can derive

aggregate output in the frictionless case (ϑ→ 1) :

Y∗ =

(
E
[

(zh̃)
1
ν |E∗

])ν

µ(E∗)
ν
(
Kα
∗H

1−α
∗
)1−ν

(A16)

where K∗ =

∫∫
HE×ZE

(zh̃e)
1
ν dG(h, z)

(
α̂

r + δ

) α̂+ν
ν

Ψ
1−(α̂+ν)

ν (A17)

H∗ =

∫∫
HE×ZE

(zh̃e)
1
ν dG(h, z)

(
α̂

r + δ

) α̂
ν

Ψ
1−α̂
ν (A18)

�

Existence and uniqueness of a non-singular joint density. It is very common

in the literature to simply posit the existence and uniqueness of a joint density g(.),

but there is no need for such imposition. It is straightforward to prove it in a fairly

general se�ing with multiple Itô processes, Xi, i = 1, . . . , n. �e only assumptions one

needs to retain are the standard Lipschitz continuity conditions for the existence and

uniqueness of SDE solutions for each univariate process. �en, it is known that each

induced measure µi is absolutely continuous w.r.t. Lebesgue measure λ. By absolute

continuity and σ-�niteness, it follows that the product measure µn := µ1 × · · · × µn is

absolutely continuous w.r.t. to n-dimensional Lebesgue measure λn. As µn << λn, the

Radon-Nikodym theorem ensures the existence and uniqueness λn-almost everywhere

of a joint density g(x1, . . . , xn), which is simply the Radon-Nikodym derivative of the

induced product measure w.r.t. λn.
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Necessary KFE boundary condition. �e purpose of this short proof is to es-

tablish an important theoretical result in this se�ing, and to highlight the necessity

of boundary conditions so that the desired result holds. �e procedure is instructive

and straightforward as in Gabaix et al. (2016). �e domain of both in�nitesimal gen-

erators A and B is the Hilbert space L2(Ω): the space of square-integrable continu-

ous functions v equipped with the appropriate inner product. In our case, the inner

product between two real continuous trivariate functions v(x) and w(x) is de�ned as〈
v, w

〉
=
∫∫∫

v(x)w(x) d3x. To prove the adjointness of A and B we need to show

that

〈
v,Bg

〉
=
〈
Av, g

〉
, for all v ∈ L2(Ω), which implies that B = A∗. As before, the

use of the Fubini-Tonelli theorem is crucial.

〈
v,Bg

〉
=

∫∫∫
Ω

v

[
− ∂

∂a
(d̃ g)− ∂

∂z
(µ̃z g) +

1

2

∂2

∂z2
(σ̃2

z g)− ηg
]
d3x

= −
∫
H

∫
Z

v(d̃g)

∣∣∣∣
A

dz dh

︸ ︷︷ ︸
∆1=0

+

∫∫∫
Ω

(
vad̃− η

)
g d3x

+

∫
H

∫
A

v

(
−µ̃z g +

1

2

∂

∂z
(σ̃2

z g)

) ∣∣∣∣
Z

da dh

︸ ︷︷ ︸
∆2=0

+

∫∫∫
Ω

vz

(
µ̃z g −

1

2

∂

∂z
(σ̃2

z g)

)
d3x

=

∫∫∫
Ω

(
vad̃+ vzµ̃z − η

)
g d3x−

∫
H

∫
A

1

2
σ̃2
z g vz

∣∣∣∣
Z

da dh

︸ ︷︷ ︸
∆3=0

+

∫∫∫
Ω

1

2
vzzσ̃

2
z g d

3x

=

∫∫∫
Ω

(
vad̃+ vz µ̃z +

1

2
vzzσ̃

2
z − η

)
g d3x

=
〈
Av, g

〉
I use integration by parts to get the second equality, and once again to obtain the

third equality. We need the term ∆3 = 0, which requires the boundary conditions

vz(h, a, z) = vz(h, a, z̄) = 0. When v(.) is the value function V (h, a, z), these bound-

ary conditions are automatically satis�ed because the re�ecting barriers in [z, z̄] imply

the corresponding NBC (13) . Finally, the boundary condition (17) is due to the fact that

(∆1 + ∆2) = 0 needs to be satis�ed.
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Appendix B: Numerical Methods

To solve the model numerically I use an implicit upwind �nite di�erence scheme sim-

ilar to Achdou et al. (2022). In this part of the appendix I summarize the most important

features of the employed numerical methods.
39

B1. Construction of Grids

�e value functions are approximated on the state space (A×Z×H), discretized at

(I × J ×K) grid points. I use a standard uniform grid for the entrepreneurial ability

(z) process on the interval [0.5797, 4.1658], at 30 equidistant grid points. �e re�ecting

barriers are chosen such that Gz(z) = 0.1111 and Gz(z̄) = 0.9993, with Gz(.) being

the stationary lognormal distribution under the calibrated mean and variance.

�e approximation for h is necessarily made on a non-uniform grid in view of the

nonlinear mapping between schooling and human capital (31). �e grid consists of

21 points, one for every full year of education: S = 0, 1, 2, . . . , 20. �e bounds are

determined by the mapping itself: h = 1 and h̄ = 6.1719.

I work with a non-equispaced grid of 200 points for the dimension of assets (a). As it

is well-known in our �eld or in computational physics and �nance, it is o�en useful to

adapt the grid in order to drastically improve the accuracy of �nite di�erence calcula-

tions. Moreover, it is an established result that in Bewley-Aiyagari model economies the

value function displays signi�cant curvature in low-wealth regions (near the borrow-

ing constraint), whereas it becomes approximately linear for larger values of wealth.

To concentrate the mesh in areas where the value function is more sensitive, I use an

a�ne transformation to construct a grid that is around 20 times more dense (compared

to a uniform grid) in its �rst third, around 10 times more dense towards the middle,

and progressively more sparse for larger asset holdings. Finally, there are two actions

I take to determine an appropriate upper bound for assets. i) �e resulting grid covers

the full support of the stationary wealth distribution, so that the last grid point results

in ga(amax) ≈ 10−22
. ii) �e upper bound does not a�ect the saving decisions of the

highest-type agents with non-zero measure. One of the lowest upper bounds that sat-

is�es the above is ā = 11, 000.

B2. Hamilton–Jacobi–Bellman Equations

Denote by ∆x+
(∆x−) the forward (backward) inter-grid distances for each variable

x = a, z. To make notation easier to read I use the shorthand Vi,j,k := V (ai, zj, hk).

At each point on the grid the �rst-order partial derivatives of Vi,j,k are computed with

39
A good list of additional references can be found in the numerical appendix of Achdou et al. (2022).

My computer programs is also based on the very useful set of codes and notes of Benjamin Moll and his

collaborators, which can be found at h�ps://benjaminmoll.com/codes/.
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either a forward or a backward �nite di�erence approximation,

∂Fa Vi,j,k :=
Vi+1,j,k − Vi,j,k

∆a+
∂Ba Vi,j,k :=

Vi,j,k − Vi−1,j,k

∆a−

∂Fz Vi,j,k :=
Vi,j+1,k − Vi,j,k

∆z+
∂Bz Vi,j,k :=

Vi,j,k − Vi,j−1,k

∆z−

(B1)

and the second-order partial derivatives using a central di�erence approximation,

∂zzVi,j,k :=
Vi,j+1,k − 2Vi,j,k + Vi,j−1,k

(∆̃z)2
(B2)

where (∆̃z)2 := 1
2
(∆z+ + ∆z−) · (∆z+ · ∆z−). Note that in the simplest case of

equispaced grids, (∆̃z)2
reduces to (∆z)2

. �e backward and forward di�erence ap-

proximations for savings—the optimal control dri�—are de�ned as

sFi,j,k := Yi,j,k + rai − (u′)−1(∂Fa Vi,j,k)

sBi,j,k := Yi,j,k + rai − (u′)−1(∂Ba Vi,j,k)
(B3)

Analogously, de�ne the discretized forward and backward Hamiltonians,

HF
i,j,k := u(cFi,j,k) + ∂Fa Vi,j,k s

F
i,j,k

HB
i,j,k := u(cBi,j,k) + ∂Ba Vi,j,k s

B
i,j,k

(B4)

Non-convexities may result in value functions that are not strictly concave in the en-

dogenous state variable. In fact, it gives rise to a convex kink, so problems may come up

in the approximation of the optimal dri� when we have both sFi,j,k > 0 and sBi,j,k < 0.

A fast and reliable solution comes from the �eld of computational physics: a so-called

upwind scheme. �e main idea is to use a forward di�erence whenever the dri� of each

state variable is positive, and a backward di�erence whenever the dri� is negative. In

our case, the appropriate upwind scheme is the following approximation,

v′i,j = v′i,j,F
(
1{si,j,F>0}1

unique
i + 1{Hi,j,F≥Hi,j,B}1

both
i

)
+ v′i,j,B

(
1{si,j,B<0}1

unique
i + 1{Hi,j,F≤Hi,j,B}1

both
i

)
+ v̄′i,j 1{si,j,F≤0≤si,j,B}

(B5)

where the indicator 1bothi is de�ned for the “problematic case” in which both si,j,F > 0

and si,j,B < 0, and the indicator 1
unique
i is de�ned for the “unproblematic” cases si,j,F <

0 and si,j,B > 0, as well as si,j,F < 0 and si,j,B < 0.

Pu�ing it all together, the implicit upwind �nite di�erence approximation reads,

V n+1
i,j,k − V n

i,j,k

∆
+ (ρ+ η)V n+1

i,j,k = u
(
cni,j,k

)
+ ∂Fa V

n+1
i,j,k

(
sFni,j,k

)+
+ ∂Ba V

n+1
i,j,k

(
sBni,j,k

)−
+ ∂Fz V

n+1
i,j,k

(
µ̃zj
)+

+ ∂Bz V
n+1
i,j,k

(
µ̃zj
)−

+
1

2
σ̃2
zj
∂zzV

n+1
i,j,k

(B6)
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Superscripts denote the iteration counter; the positive and negative part of the dri� is

f(x)+ = max{f(x), 0} and f(x)− = −min{f(x), 0}, respectively. Notice both the n

superscript on the LHS and the n+ 1 superscripts on the RHS to see why the scheme is

(semi)-implicit, keeping in mind that the HJB equation is solved backwards in time.
40

�e result is an (I × J ×K)-dimensional system of equations that can be expressed

in matrix form and solved very e�ciently using sparse matrix procedures. Substitute

for the partial derivative approximations and rearrange to get,

V n+1
i,j,k − V n

i,j,k

∆
+ ρV n+1

i,j,k = u
(
cni,j,k

)
+ V n+1

i−1,j,k α
n
i,j,k + V n+1

i,j,k

(
βni,j,k + χzj + χhk

)
+ V n+1

i+1,j,k γ
n
i,j,k

+ V n+1
i,j−1,k φ

z
j + V n+1

i,j+1,k ψ
z
j

(B7)

�e auxiliary variables (αn, βn, γn) are encoding information about agents’ optimal

savings, i.e., the dri� of the endogenous state (in the absence of a di�usion term), at

each iteration and each sets of grid points (i, j, k),

αni,j,k := −
(
sBni,j,k

)−
∆a−

, βni,j,k := −
(
sFni,j,k

)+

∆a+
+

(
sBni,j,k

)−
∆a−

− η, γni,j,k :=

(
sFni,j,k

)+

∆a+
(B8)

and the auxiliary variables (φz, φh, χz, χh, ψz, ψh) are encoding information about the

dri� and di�usion of the exogenous state at each grid point,

φzj = −
(µ̃zj)

−

∆z−
+

σ̃zj
2(∆z)2

, χzj =
(µ̃zj)

−

∆z−
−

(µ̃zj)
+

∆z+
−

σ̃zj
(∆z)2

, ψzj =
(µ̃zj)

+

∆z+
+

σ̃zj
2(∆z)2

(B9)

Using the above de�nitions, the discretized system can be represented in matrix form,

1

∆

(
vn+1 − vn

)
+ ρvn+1 = un + An vn+1

(B10)

where vn+1 = vec(Vn+1), vn = vec(Vn), and un = vec(un). �e (very sparse) matrix

An =
(
Ãn + Z̃

)
is of size (I × J × K) × (I × J × K). It is understood that the

“HJB operator,”A, is the in�nitesimal generator of the joint stochastic process (a, z, h).

Such a di�erential operator can be thought of as the in�nite-dimensional analogue of a

continuous time transition matrix. �e matrix An
is the discretized version ofA. Hence,

the elements of An
satisfy the three properties of a proper Markov transition rate matrix

(or intensity matrix): i) 0 ≤ −qii ≤ ∞; ii) 0 ≤ qij, ∀ i 6= j; iii)
∑

i qij = 0, ∀ i.
Finally, re-express the system as a sparse system of linear equations of the general

form Qx = b, so that the system can be solved for vn+1
in one step,

Qnvn+1 = bn,where Qn :=

(
1

∆
+ ρ

)
I−An, bn := un +

1

∆
vn (B11)

40
In contrast to explicit schemes being computationally slow because of the Courant-Friedrichs-Lewy

(CFL) condition, this semi-implicit scheme achieves fast convergence because it allows for arbitrarily an

large time step. Under value function iteration, the term

V n+1
i,j,k−V n

i,j,k

∆ → 0 as V n+1
i,j,k → V n

i,j,k .
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B3. Computational Algorithm for the Stationary Equilibrium

I solve for the stationary equilibrium of the model using an extension of the iterative

methods described in Achdou et al. (2022). �e main di�erences are that the model (i)
involves guessing and updating expectations with respect to measurable functions of

random variables; (ii) it requires iteration on two prices (w, r) until all markets clear.

1) Guess the equilibrium interest rate rl for l = 0, 1, 2, . . . on a reasonable inter-

val [rmin, rmax] with initial guess rmin ≤ r0 ≤ rmax. Guess the equilibrium

wage rate wl for l,= 0, 1, 2, . . . on a reasonable interval [wmin, wmax] with initial

guess wmin ≤ w0 ≤ wmax. Guess initial values for the conditional expectations

E
[
f(a, z)|h; rl, wl

]
, for all relevant measurable functions f(.).

2) Given guesses for factor prices, solve the Hamilton-Jacobi-Bellman equation for

agents in the labor force using the implicit FD upwind scheme explained in the

previous section.

3) Given guesses for factor prices and expectations, as well as solutions to the HJB

equations, solve the optimal schooling problems for newborn agents and obtain

the marginal density of human capital gh(h).

4) Solve the stationary Kolmogorov-Forward equation in line with the implicit FD

upwind scheme and obtain the joint density g(h, a, z).

5) Compute the resulting expectations with respect to the joint density g(h, a, z)

and check if they coincide with the guesses. If not, update them accordingly for

the next iteration.

6) Compute the excess demand for physical capital/assets and the excess demand

for labor/human capital, and check whether both markets clear. If not, update rl

and wl accordingly for the next iteration.

7) Repeat steps 2 through 6 until markets clear and expectations converge.
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Appendix C: Data, Measurement, and Additional Tables

C1. Development Accounting and Cross-Country Data

Below I describe a variant of the standard development accounting exercise, e.g., Hall

and Jones (1999), Caselli (2005), used for Hicks-neutral TFP calculations in Figure 1. �e

di�erence is that I incorporate heterogeneous entrepreneurs/producers and workers,

along with decreasing returns to scale in the spirit of Lucas (1978) in order to sustain a

non-degenerate �rm distribution. �e intent is to have a framework that is consistent

with entrepreneurship and occupational choice, while re�ecting the model structure

employed in this paper. Net output aggregation in country i corresponds to the model

presented in Section IV without �nancial frictions (when ϑ→ 1). Speci�cally,

Yi = Zi
(
Kα
i H

1−α
i

)1−ν
µi(E)ν (C1)

where Ki is the stock of physical capital; Hi is the stock of worker human capital; µ(E)

is the rate of entrepreneurship; and Z is the ν-Hölder mean of e�ective productivities

among active producers. Following Hall and Jones (1999), the accounting equation is

given by expanding the expressing the above in terms of capital-output ratios,

Yi = Ai

(
Ki

Yi

) α̂
1−α̂

h
1− ν

1−α̂
i µi(E)

ν
1−α̂ (1− µi(E))1− ν

1−α̂ (C2)

where hi is average human capital per worker in country i and α̂ = α(1−ν). I carry out

a development accounting exercise in levels using (C2) under conventional parameter

values, α = 0.36 and ν = 0.20. A�er accounting for the observable factors, I obtain the

(endogenous) residual Ai := Z
1

1−α̂
i that is interpreted as TFP.

Measurement. Observations coming from PWT 10.01 data are geometric means of

their levels relative to the U.S. as dictated by the availability of GEM data for 2009−2019.

“Output per worker” refers to output-side real GDP at chained PPPs divided by num-

bers of people engaged (rgdpo/emp). �e capital-output ratio corresponds to (cn/cgdpo).
Average worker human capital is measured by the PWT human capital index (hc). �e

entrepreneurship rate is calculated as the fraction of self-employed business owners-

managers in the labor force using the pooled sample of GEM data for each country.

All countries with available GEM–PWT data are included apart from three small sets

of exceptions. First, as it is common in the literature, I omit countries with very low

numbers of labor force participants (< 150, 000 persons). �e two countries excluded

are Belize and Barbados. Second, to mitigate the risk of analyzing samples of potentially

lower quality, I do not consider exceedingly poor countries, de�ned as those with rela-

tive output per worker < 1/64 of the U.S. �e two countries excluded are Ethiopia and

Malawi. �ird, I leave out exceedingly resource-rich countries, de�ned as those with

total natural resources rents≥ 25% of their GDP (World Development Indicators). �e

�ve countries excluded are Angola, Oman, Qatar, Saudi Arabia, and the UAE.
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Table C1: GEM Adult Population Survey Data Details

Country code | name Survey years Obs Country code | name Survey years Obs

ARG | Argentina 2009−2018 14, 505 JOR | Jordan 2009, 2016, 2019 2, 956
ARM | Armenia 2019 1, 330 JPN | Japan 2009−2014, 2017−2019 13, 707
AUS | Australia 2010, 2011, 2014−2019 9, 639 KAZ | Kazakhstan 2014−2017 5, 854
AUT | Austria 2012, 2014, 2016, 2018 13, 931 KOR | South Korea 2009−2013, 2015−2019 13, 070
BEL | Belgium 2009−2015 12, 326 LBN | Lebanon 2009, 2015−2018 9, 045
BFA | Burkina Faso 2014−2016 5, 275 LTU | Lithuania 2011−2014 5, 506
BGD | Bangladesh 2011 541 LUX | Luxembourg 2013−2019 9.994
BGR | Bulgaria 2015−2018 6, 093 LVA | Latvia 2009−2013, 2015−2019 14, 025
BIH | Bosnia & Herzegovina 2009−2014, 2017 6, 784 MAR |Morocco 2009, 2015−2019 8, 465
BLR | Belarus 2019 1, 594 MDG |Madagascar 2017−2019 5, 487
BOL | Bolivia 2010, 2014 2, 363 MEX |Mexico 2010−2017, 2019 20, 481
BRA | Brazil 2009−2019 31, 440 MKD | North Macedonia 2010, 2012−2016, 2019 6, 052
BWA | Botswana 2012−2015 4, 486 MNE |Montenegro 2010 1, 129
CAN | Canada 2013−2019 17, 168 MYS |Malaysia 2009−2017 12, 454
CHE | Switzerland 2009−2019 17, 628 NAM | Namibia 2013 1, 187
CHL | Chile 2009−2019 55, 251 NGA | Nigeria 2011−2013 4, 846
CHN | China 2009−2019 32, 521 NLD | Netherlands 2009−2019 21, 627
CMR | Cameroon 2014−2016 4, 867 NOR | Norway 2009−2015, 2019 14, 194
COL | Colombia 2009−2019 34, 583 PAK | Pakistan 2010−2012, 2019 3, 257
CRI | Costa Rica 2010, 2012, 2014 3, 099 PAN | Panama 2009, 2011−2019 14, 295
CYP | Cyprus 2016−2019 5, 538 PER | Peru 2009−2018 13, 130
CZE | Czech Republic 2011, 2013 5, 496 PHL | Philippines 2013−2015 3, 650
DEU | Germany 2009−2019 40, 677 POL | Poland 2011−2019 24, 281
DNK | Denmark 2009−2012, 2014 9, 064 PRT | Portugal 2010−2016, 2019 11, 052
DOM | Dominican Republic 2009 2, 016 PSE | Palestine 2009−2012 4, 239
DZA | Algeria 2009, 2011−2013 6, 214 ROU | Romania 2009−2015 8, 417
ECU | Ecuador 2009, 2010, 2012−2019 13, 278 RUS | Russia 2009−2014, 2016−2019 17, 694
EGY | Egypt 2010, 2012, 2015−2019 10, 291 SDN | Sudan 2018 1, 120
ESP | Spain 2009−2019 169, 512 SEN | Senegal 2015 1, 707
EST | Estonia 2012−2017 9, 683 SGP | Singapore 2011−2014 5, 503
FIN | Finland 2009−2016 13, 457 SLV | El Salvador 2012, 2014, 2016 3, 004
FRA | France 2009−2014, 2016−2018 11, 947 SRB | Serbia 2009 1, 626
GBR | United Kingdom 2009−2019 71, 087 SVK | Slovakia 2011−2019 13, 053
GEO | Georgia 2014, 2016 1, 255 SVN | Slovenia 2009−2019 16, 819
GHA | Ghana 2010, 2012, 2013 5, 132 SWE | Sweden 2010−2019 24, 310
GRC | Greece 2009−2019 14, 047 SYR | Syria 2009 2, 148
GTM | Guatemala 2009−2011, 2013−2019 15, 892 THA |�ailand 2011−2018 13, 998
HKG | Hong Kong 2009, 2016 3, 766 TTO | Trinidad & Tobago 2010−2014 6, 004
HRV | Croatia 2009−2019 13, 542 TUN | Tunisia 2009, 2010, 2012, 2015 5, 163
HUN | Hungary 2009−2016 12, 065 TUR | Turkey 2010−2013, 2016, 2018 19, 937
IDN | Indonesia 2013−2018 17, 994 TWN | Taiwan 2010−2019 15, 110
IND | India 2012−2019 13, 928 UGA | Uganda 2009, 2010, 2012−2014 9, 339
IRL | Ireland 2010−2019 14, 043 URY | Uruguay 2009−2018 12, 390
IRN | Iran 2009−2019 18, 871 USA | United States 2009−2019 28, 990
ISL | Iceland 2009, 2010 4, 360 VEN | Venezuela 2009, 2011 2, 932
ISR | Israel 2009, 2010, 2012−2019 14, 961 VNM | Vietnam 2013−2015, 2017 6, 654
ITA | Italy 2009, 2010, 2012−2019 14, 216 ZAF | South Africa 2009−2017, 2019 12, 707
JAM | Jamaica 2009−2014, 2016 10, 619 ZMB | Zambia 2010−2013 3, 678

Notes: �ese are the countries considered in the empirical section of the paper, for which there exist available data in

both the PWT 10.01 and GEM datasets for the period 2009−2019. “Obs” denotes the total number of (unweighted) GEM

adult population survey observations in each country that were used for calculations, which include persons belonging to

the labor force with non-missing educational a�ainment responses. A person belongs to the labor force if they work full-

time/part-time for someone else or if they are self-employed according to the GEM harmonized work status (GEMWORK);

the categories excluded from the labor force are “retired, disabled,” “homemaker,” “student,” “not working,” and “other”.
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Table C2: Descriptive Statistics: U.S. Entrepreneurs vs Workers

Pooled 1989–2004 Sample Pooled 2007–2019 Sample

Variable
non-SEBO

(N1=13,932)

SEBO

(N2=5,187)

p-value of

di�erence

non-SEBO

(N1=16,601)

SEBO

(N2=5,502)

p-value of

di�erence

Education 13.6 14.4 <.01 14.0 14.9 <.01

Potential experience 22.3 26.5 <.01 24.2 30.7 <.01

Worker experience 21.2 15.7 <.01 23.2 17.4 <.01

Self-employed experience 1.1 10.8 <.01 1.0 13.3 <.01

Annual labor supply 2, 142 2, 418 <.01 2, 109 2, 230 <.01

Health (1− 4) 3.19 3.31 <.01 3.08 3.20 <.01

Risk willingness (1− 4) 1.87 2.14 <.01 1.88 2.17 <.01

Employment variety 3.15 2.98 <.05 3.34 3.08 <.05

Unemployed partner (0/1) 0.25 0.22 <.01 0.26 0.23 <.01

Retired (0/1) 0.007 0.010 <.10 0.02 0.03 <.10

Disabled (0/1) 0.002 0.003 .65 0.010 0.008 .61

Male 0.68 0.77 <.01 0.65 0.73 <.01

Married 0.65 0.82 <.01 0.63 0.82 <.01

White/Caucasian 0.74 0.89 <.01 0.64 0.79 <.01

Black/African-American 0.12 0.03 <.01 0.14 0.05 <.01

Hispanic/Latino 0.09 0.03 <.01 0.12 0.06 <.01

Other race category 0.05 0.05 .96 0.10 0.10 .79

Notes: All statistics refer to weighted arithmetic means. Sample means and standard errors are calculated under RII

using all 5 SCF implicates for every observation and all 999 SCF bootstrap replicate draws and weights. �e equality of

means/proportions is assessed with a weighted, two-sided, unequal-variance hypothesis test.
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Table C3: Weighted Probit Regressions; Probability of Being an Active Entrepreneur

Dependent variable: SEBO = 1

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

Education 0.047*** 0.028*** 0.017*** −0.080 *** −0.036*** −0.037*** −0.039***

(0.0034) (0.0035) (0.0036) (0.0122) (0.0128) (0.0128) (0.0146)

Education
2 (×100) 0.347*** 0.246*** 0.248*** 0.191***

(0.0419) (0.0436) (0.0435) (0.0501)

Potential experience 0.020*** 0.033***

(0.0008) (0.0026)

Potential experience
2 (×100) −0.0224***

(0.0044)

Self-Employed experience 0.073***

(0.0016)

Worker experience −0.002**

(0.0009)

additional controls (1) (2) (3) (4) (5) (6) (7)

Annual labor supply (log) 0.018 0.018 0.086*** 0.076*** 0.125***

(0.0151) (0.0151) (0.0170) (0.0171) (0.0198)

Ever received inheritance (0/1) 0.245*** 0.244*** 0.156*** 0.156*** 0.125***

(0.0199) (0.0199) (0.0200) (0.0202) (0.0230)

Expects to receive inheritance (0/1) −0.010 −0.009 0.080*** 0.078*** 0.073***

(0.0231) (0.0229) (0.0238) (0.0240) (0.0239)

Risk willingness (1−4) 0.133*** 0.136*** 0.168*** 0.166*** 0.174***

(0.0094) (0.0095) (0.0096) (0.0097) (0.0101)

Health (1−4) 0.130*** 0.119*** 0.116*** 0.153*** 0.155*** 0.132***

(0.0177) (0.0178) (0.0178) (0.0185) (0.0185) (0.0196)

Married (0/1) 0.499*** 0.491*** 0.490*** 0.474*** 0.457*** 0.511***

(0.0231) (0.0236) (0.0237) (0.0239) (0.0243) (0.0258)

Male (0/1) 0.106*** 0.088*** 0.078*** 0.083*** 0.093*** −0.100***

(0.0220) (0.0219) (0.0220) (0.0228) (0.0232) (0.0247)

Black (0/1) −0.433*** −0.393*** −0.391*** −0.346*** −0.353*** −0.302***

(0.0323) (0.0329) (0.0329) (0.0336) (0.0337) (0.0368)

Hispanic (0/1) −0.417*** −0.366 *** −0.414*** −0.291*** −0.302*** −0.254***

(0.0368) (0.0358) (0.0367) (0.0384) (0.0384) (0.0429)

Other non-white (0/1) −0.083*** −0.047 −0.056* 0.011 0.010 0.010
(0.0310) (0.0314) (0.0313) (0.0312) (0.0314) (0.0324)

Sector E�ects Yes Yes Yes Yes Yes Yes Yes

Occupation E�ects Yes Yes Yes Yes Yes Yes Yes

Sector × Occupation E�ects Yes Yes Yes Yes Yes Yes Yes

Year E�ects Yes Yes Yes Yes Yes Yes Yes

McFadden’s adjusted R2 0.117 0.152 0.161 0.163 0.186 0.187 0.331

Observations 40, 413 40, 413 40, 413 40, 413 40, 413 40, 413 40, 413

Notes: All regressions are weighted by the appropriate SCF sampling weights. Estimated parameters are based on re-

peated imputation inference using all 5 SCF implicates. Bootstrapped standard errors (in parentheses) are calculated

using all 999 SCF replicate draws and weights, and account for both imputation and sampling variability. All speci�ca-

tions include additional controls for retirement; disability; employment variety; whether S/P is unemployed; and a constant
term, not reported here due to space limitations. *** p <0.01; ** p <0.05; * p <0.1. Results using a Logit speci�cation for

selection into entrepreneurship yield nearly identical results.
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Table C4: Weighted Least Squares Regressions; SEBO Hourly Business Income

Dependent Variable: log hourly business income (> 0)

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

Education 0.079*** 0.076*** 0.075*** −0.047 −0.040 −0.033 −0.047
(0.0078) (0.0078) (0.0080) (0.0332) (0.0357) (0.0319) (0.0315)

Education
2(×100) 0.417*** 0.393*** 0.346*** 0.368***

(0.1126) (0.120) (0.1081) (0.1076)

Worker experience 0.007*** 0.008*** 0.009*** 0.009*** 0.006 0.003 0.002
(0.0024) (0.0024) (0.0023) (0.0023) (0.0083) (0.0075) (0.0075)

Worker experience
2(×100) 0.007 0.014 0.016

(0.0222) (0.020) (0.020)

Self-empl. experience 0.018*** 0.017*** 0.019*** 0.018*** 0.046*** 0.039*** 0.028***

(0.0019) (0.0019) (0.0019) (0.0019) (0.0057) (0.0055) (0.0055)

Self-empl. experience
2(×100) −0.070*** −0.058*** −0.043***

(0.0141) (0.0138) (0.0139)

Business employment size (log) 0.283*** 0.176***

(0.0185) (0.0209)

Net business value (log) 0.167***

(0.0123)

additional controls (1) (2) (3) (4) (5) (6) (7)

Ever received inheritance (0/1) −0.081* −0.080* −0.089** −0.072* −0.045
(0.0435) (0.0434) (0.0438) (0.0432) (0.0413)

Expects to receive inheritance (0/1) −0.035 −0.032 −0.041 −0.008 0.014
(0.0464) (0.0470) (0.0471) (0.0501) (0.0483)

Inherited any business (0/1) 0.221** 0.235** 0.229** 0.181** 0.051
(0.0983) (0.0989) (0.0961) (0.0868) (0.0874)

Risk willingness (1−4) 0.073*** 0.079*** 0.080*** 0.062*** 0.027
(0.0247) (0.0247) (0.0246) (0.0237) (0.0232)

Health (1−4) 0.140*** 0.137*** 0.135*** 0.122*** 0.107*** 0.097**

(0.0376) (0.0377) (0.0375) (0.0381) (0.0386) (0.03888)

Male (0/1) 0.106** 0.104** 0.089** 0.088* 0.014 −0.065
(0.0457) (0.0458) (0.0458) (0.0465) (0.0467) (0.0473)

Black (0/1) −0.240*** −0.250** −0.244*** −0.239*** −0.276*** −0.216**

(0.0886) (0.0885) (0.0885) (0.0887) (0.0898) (0.090)

Hispanic (0/1) −0.003 −0.007 −0.044 −0.055 −0.114 −0.122
(0.0796) (0.0795) (0.0814) (0.0809) (0.0757) (0.0786)

Other non-white (0/1) 0.078 0.070 0.057 0.047 0.047 0.046
(0.0685) (0.0687) (0.0686) (0.0683) (0.0651) (0.0650)

Sector E�ects Yes Yes Yes Yes Yes Yes Yes

Occupation E�ects Yes Yes Yes Yes Yes Yes Yes

Sector × Occupation E�ects Yes Yes Yes Yes Yes Yes Yes

Legal Entity E�ects Yes Yes Yes Yes Yes Yes Yes

Year E�ects Yes Yes Yes Yes Yes Yes Yes

Observations 7, 810 7, 810 7, 810 7, 810 7, 810 7, 810 7, 810
Adjusted R2 0.149 0.154 0.157 0.159 0.165 0.215 0.249
RMSE 1.272 1.268 1.266 1.264 1.260 1.22 1.195

Notes: All regressions are weighted by the appropriate SCF sampling weights. Estimated parameters are based on re-

peated imputation inference using all 5 SCF implicates. Bootstrapped standard errors (in parentheses) are calculated

using all 999 SCF replicate draws and weights, and account for both imputation and sampling variability. All spec-

i�cations include additional controls for �rm ownership shares; number of �rms owned and managed; marital status;
retirement; disability; employment variety; whether S/P is unemployed; and a constant term, not reported here due to

space limitations. *** p <0.01; ** p <0.05; * p <0.1. OLS regressions for di�erent de�nitions of business income as

dependent variables yield similar conclusions.



Table C5: Description of Variables Used in the Survey of Consumer Finances

Variable Measure of SCF Code and Description
Age Individual’s Age X14 (for R) and X19 (for S/P) in the Full Public Dataset.

Education Years of Formal Education X5901, X5905, X5931 (for R) and X6101, X6105, X6111 (for S/P) in the Full

Public Dataset. Variables for “grade completed” and “highest degree earned”

are appropriately combined and translated into years of education, ranging

from 0 to 20.

Potential Experience Years of Potential Experience Age - Education - 6, both de�ned as above.

Self-Employed Experience Years of Experience Working Self-

Employed

X4115, X4515, X4518, X4519, X4535, X4538, X4539 (for R) and X4715, X5115,

X5115, X5118, X5119, X5135, X5138, X5139 (for S/P) in the Full Public Dataset.

Variables are combined to calculate the years of past self-employed experience

for non-SEBO and current self-employed experience for SEBO.

Worker Experience Years of Experience Working as an Em-

ployee (not Self-Employed)

Potential Experience - Self-employed Experience, both de�ned as above.

Labor Income Annual Labor Income X5702 in the Full Public Dataset. Q: “In total, what was your annual income

from wages and salaries, before deductions for taxes and anything else?”

Business Income Annual Entrepreneurial Pro�t X5704 + X5714 in the Full Public Dataset.Q: “In total, what was your net an-

nual income from a sole proprietorship or a farm, before deductions for taxes

and anything else?”. Q: “In total, what was your annual income from other

businesses or investments, net rent, trusts, or royalties, before deductions for

taxes and anything else?”

Earned Income Annual Earned Income Labor Income + Business Income, both de�ned as above.

Active Business Value Hired Capital by Entrepreneur actbus in the Summary Public Dataset. Net equity if (share of) businesses

were sold today, plus loans from the household to business, minus loans from

business to HH, plus value of personal assets used as collateral for business

loans.

Number of Employees Hired Labor by Entrepreneur X3111 + X3211 in the Full Public Dataset. All paid workers in the businesses,

both full-time and part-time, including the entrepreneur, members of his/her

family, and anyone who is working without pay.

Net Worth Total Wealth networth in the Summary Public Dataset. �e sum of total reported �nan-

cial and non-�nancial wealth, minus total reported debt.

Net Worth excl. Business Entrepreneurial Wealth Net of Busi-

ness Interests

networth minus actbus in the Summary Public Dataset. Net Worth minus

the corresponding Active Business Value, both de�ned as above.

Business Share Share of Firm owned by the household X3128 and X3228 in the Full Public Dataset. Q: “What percentage of the busi-

ness do you own?”

Labor Supply Total hours of work in a typical year

(hours per week × weeks per year)

X4110, X4111 (for R) and X4710, X4711 (for S/p) in the Full Public Dataset.

Q: “How many hours do you work on your main job in a normal week?” Q:
“Counting paid vacations as weeks of work, how many weeks do you work

on your main job in a normal year?”

Employment Variety Number of Di�erent Past Employers X4513 (for R) and X5113 (for S/p) in the Full Public Dataset. Q: “Including

any self-employment and your current job, for how many di�erent employers

have you worked in full-time jobs lasting one year or more?”

Inherited Business (0/1) Whether the entrepreneur has inher-

ited any of his/her businesses or not

X3108=3 or X3108=4 or X3208=3 or X3208=4. Q: “How did you �rst acquire

this business; was it bought or invested in, started by you, inherited, given to

you, or some other way?”

Past Inheritance (0/1) Whether the household has received

any substantial inheritance in the past

X5801 in the Full Public Dataset. Q: “Have you ever received an inheritance,

or been given substantial assets in a trust or in some other form? Please do

not include inheritances from a deceased spouse.”
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Future Inheritance (0/1) Whether the household expects to re-

ceive any substantial inheritance in the

future

X5819 in the Full Public Dataset. Q: “Do you expect to receive a substantial

inheritance or transfer of assets in the future?”

Risk Willingness (1–4) Willingness to take Financial Risk X3014 (jointly for R and S/P) in the Full Public Dataset, recoded in inverse

order. Q: “4) Take substantial �nancial risks expecting to earn substantial

returns, 3) Take above average �nancial risks expecting to earn above average

return, 2) Take average �nancial risks expecting to earn average returns, 1)

Not willing to take any �nancial risks”

Health (1–4) Health Condition X6030 (for R) and X6124 (for S/P) in the Full Public Dataset, recoded in inverse

order. Q: “Would you say your health in general is 4) excellent, 3) good, 2) fair,

or 1) poor?”

Retired (0/1) Whether the individual has reported

being retired from a previous job.

X4100=13 or X4100=50 if year≤ 1992 and X6670=7 or X6671=7 . . . or X6677=7

if year>1992 (for R); X4700=13 or X4700=50 if year ≤ 1992 and X6678=7 or

X6679=7 . . . or X6685=7 if year >1992 (for S/P) in the Full Public Dataset.

Disabled (0/1) Whether the individual has reported to

have some disability

X4100=12 or X4100=52 if SCF year ≤ 1992 and X6670=6 or X6671=6 . . . or

X6677=6 if SCF year > 1992 (for R); X4700=12 or X4700=52 if SCF year ≤
1992 and X6678=6 or X6679 =6 . . . or X6685=6 if SCF year> 1992 (for S/P) in

the Full Public Dataset.

Male (0/1) Sex X8021 (for R) and X103 (for S/P) in the Full Public Dataset. Individual has

reported to be male or female.

Married (0/1) Individual is either married or living

with a partner

X8023 (for R) and X105 (for S/P) in the Full Public Dataset. Q: “Are you

currently married or living with a partner, separated, divorced, widowed, or

never been married?”

Unemployed Partner (0/1) Individual is married/living with a

partner who does not work

Married=1 and Labor Supply (of the other) = 0, both de�ned as above. Q: “Are

you currently married or living with a partner, separated, divorced, widowed,

or never been married?”

Race (1–4) Individual’s race racecl4 in the Summary Public Dataset. 1) White or Caucasian (includes

Middle-Easter and Arab), 2) Black or African-American, 3) Hispanic or Latino,

4) Any other race.
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C2. Some Methodological Considerations When Using the SCF

�e SCF is a detailed triennial cross-sectional survey of U.S. households sponsored

by the Board of Governors of the Federal Reserve System in cooperation with the Statis-

tics of Income Division of the IRS. Samples are drawn based on a dual-frame sampling

scheme, �e area-probability sample is selected in three stages in order to provide robust

national coverage of a broad range of behaviors and characteristics, and the list sample

is selected using information from administrative data in order to disproportionately

sample more wealthy households.

As expected in such detailed surveys the data will involve some missing responses, ei-

ther because the interviewee(s) did not provide some answers, or for con�dentiality/non-

disclosure reasons. �e Federal Reserve imputes missing values using a statistical pro-

cedure called multiple imputation.
41

�is procedure replaces each missing or de�cient

value with more acceptable values representing a realistic distribution of possibilities,

with individual imputations generated by drawing repeatedly from an estimate of the

conditional distribution of the data. Imputations are stored as �ve successive impli-
cates of each data record. �us, the total number of observations in each SCF wave is

�ve times the actual number of responses. However, it is critical not to treat all �ve

implicates as independent observations when conducting statistical analysis.

�e SCF is based on a complicated structure and research design, which if ignored,

it is guaranteed to yield errors when computing parameters and standard errors, and

will seriously a�ect any hypothesis tests. �e theory on proper inference in a multi-

ple imputation se�ing is well-understood; see the original work of Rubin (1987) and

Van Buuren (2018) for more recent advancements. Below I summarize some of these

issues and I explain how the current study addresses them.

1) When calculating sample statistics, estimating regressions, or carrying out any

form of analysis, the appropriate SCF survey weights are used; i.e., all reported statistics

correspond to weighted sample estimates. �is is essential in order to obtain accurate

estimates while working with a truly nationally-representative sample.

2) �e SCF contains �ve implicates of every observation; each implicate may or

many not have di�erent values for any variable. To obtain valid point estimates one

must compute the average point estimate across the �ve implicates. For instance, the

correct sample mean/median/variance of a variable should equal the average of the

means/medians/variances across all �ve implicates, or the correct β̂ coe�cient vector

of an OLS regression should be computed as the average of the estimated β̂ vectors a�er

running the model �ve times using each of the implicates.

For the multivariate case, let Q̂ be a k× 1 vector of (properly weighted) estimates of

the parameter vector Q that would have been obtained if no data were missing. Each

imputed data set m = 1, . . . ,M admits an estimate of Q̂, denoted Q̂m, along with a

41
�e SCF research sta� has developed the FRITZ (Federal Reserve Imputation Technique Zeta) model

of multiple imputation, incorporatating insights from the Gibbs sampling algorithm together with sta-

tistical techniques developed in the image processing literature. See Kennickell (2017) for details.
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standard error

√
Wm. �e RII estimate of Q based on M imputed datasets is given by,

Q =
1

M

M∑
m=1

Q̂m (C3)

3) Standard error calculations in the SCF call for special techniques. If we naively

treated each of the �ve implicates as an independent observation, the resulting standard

errors would be substantially smaller and the corresponding hypothesis tests would

overstate the signi�cance of the estimates. �e reason is the following. When using

all M complete-data versions of the potentially incomplete dataset and combine them

into one pooled result, the uncertainty due to the missing data has to be taken into

account. �at is, we need to account for bothwithin-imputation and between-imputation
variability. Within variability is the sampling variance within each implicate; between

variability is the variance contributed across implicates.

Speci�cally, within variability is given by the mean of the squared standard errors

within the imputed data sets

W =
1

M − 1

M∑
m=1

Ŵm (C4)

Between variability is given by the sample variance of the �ve parameters computed

within each implicate

B =
1

M − 1

M∑
m=1

(
Q̂m − Q

)(
Q̂m − Q

)′
(C5)

Finally, the estimate of the total covariance matrix of the parameter vector is given by

V = W +

(
1 +

1

M

)
B (C6)

4) All datasets come with a total of 999 replicates for each variable to simulate the

complex sampling scheme of the SCF. �e vector of replicate variables contains the

number of times an observation was drawn for each replicate, and the bootstrap serves

as a useful analog to the replicate process. For the �rst replicate, keep only the �rst

implicate, and create a dataset with as many copies of each observation as are contained

in the replicate variable. �en compute and store the desired parameter, using the newly

expanded dataset. Repeat with another replicate variable.

C3. More Details on Identifying Entrepreneurs and Workers in the SCF

An essential di�erence between my analysis and Cage�i and De Nardi (2006) is that

they consider entrepreneurs in juxtaposition to the U.S. population, but instead I focus

on households in the labor force. �e need to compare economic outcomes between

SEBO and non-SEBO requires excluding minors and people who are economically in-
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active, e.g., fully disabled persons, fully retired persons, volunteers, etc. I therefore

designate a household to be part of the labor force if either R or S/P satis�es three re-

quirements: (i) reports being economically active in some way, excluding volunteering;

(ii) provides positive annual labor supply (number of weeks worked times hours worked

per week); and (iii) declares non-zero income. �e analysis considers only households

participating in the labor force, i.e., the sum of SEBO and non-SEBO.

Finally, I use the following procedure to decide whether the respondent or the spouse/

partner should be considered the primary entrepreneur or worker. 1) Assign SEBO

status to either R or S/P according to which person has declared to engage in some form

of self-employment. 2) Assign SEBO status to S/P if they participate in the operation of

the business and R is marked as a non-participant. Moreover, to wipe out the possibility

of R working at the business as a hobby, I assign SEBO status to S/P is R has documented

no weeks of active work on their primary job in a normal year, whereas S/P has a non-

zero labor supply on their primary job as self-employed. 3) If both persons are self-

employed in some way, then S/P is assigned as SEBO if the person ful�lls all of the

above criteria and supplies more annual working hours in the current business than R.

Otherwise, R is given the assignment since it is more plausible for the more �nancially

knowledgeable person to be a SEBO. Once this procedure is completed, the demographic

and personal characteristics to be analyzed are assigned to be those of R or S/P.
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