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Abstract

We study the aggregate productivity effects of firm-level financial frictions.
Credit constraints affect not only production decisions, but also household-
level schooling decisions. In turn, entrepreneurial schooling decisions im-
pact firm-level productivities, whose cross-sectional distribution becomes en-
dogenous. In anticipation of future constraints, entrepreneurs under-invest in
schooling early in life. Frictions lower aggregate productivity because talent is
misallocated across occupations, and capital misallocated across firms. Firm-
level productivities are also lower due to schooling distortions. These effects
combined account for between 36% and 68% of the U.S.-India aggregate pro-
ductivity difference. Schooling distortions are the major source of aggregate
productivity differences.
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1 Introduction

Total Factor Productivity (TFP) is the single most important factor accounting
for the large cross-country income differences we see in the data (Klenow and
Rodríguez-Clare, 1997; Hall and Jones, 1999; Caselli, 2005; Hsieh and Klenow,
2010). We evaluate the quantitative significance of financial frictions as a source of
TFP differences. Entrepreneurs face a standard collateral constraint when raising
business capital. Our main contribution is to consider also the role of entrepreneurial
schooling decisions, and how they interact with financial frictions.

We view entrepreneurial human capital as a main determinant of firm-level
productivity. Consistent with the evidence we provide, skills vary widely among
entrepreneurs, with the more educated ones being better managers, more aware
and skilled at implementing better management practices (Bloom and Reenen,
2007), and therefore operate more productive businesses. In this setting, future
entrepreneurs under-invest in schooling in anticipation of credit constraints. They
do so because investing in schooling is not very productive in small-sized firms, and
also because the opportunity cost of schooling investments is high when resources
could be used instead to build up collateral. In other words, entrepreneurs don’t
invest much in education since they realize they will be running a small family
business; they prefer instead to work hard in order to save more. Further, schooling
investments get misallocated. That is, those entrepreneurs with the best productivity
potential are the ones who feel compelled to reduce schooling investments the most.
We find that these two effects, schooling under-investment and schooling misallo-
cation, play a very important quantitative role in accounting for the U.S.-India TFP
difference. They jointly contribute to most of the model-generated variation.

Our model bridges two literatures/frameworks. One is a model of entrepreneur-
ship with credit constraints, along the lines of Buera and Shin (2013) and Midrigan
and Xu (2014), among others.1 The other is a model of human capital accumulation
along the lines of Erosa et al. (2010) and Manuelli and Seshadri (2014).

Like in the existing literature on entrepreneurship with credit constraints, finan-
1Other references include Castro et al. (2004, 2009), Jeong and Townsend (2007), Erosa and

Hidalgo-Cabrillana (2008), Amaral and Quintin (2010), Buera et al. (2011), Greenwood et al.
(2013), Moll (2014), Cole et al. (2016), and Moll et al. (2017).
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cial frictions generate misallocation of talent across occupations. Poor individuals
talented at entrepreneurship choose to become workers, since their firms would op-
erate at an inefficiently small scale. Other individuals, not so talented at managing
and operating a production technology, find it advantageous to do so if sufficiently
wealthy. Further, capital gets misallocated across those individuals that do decide
to become entrepreneurs. This is because with credit constraints firm size depends
on entrepreneurial wealth, not just firm-level productivity. On top of these well-
understood effects of credit constraints, our framework generates additional ones,
stemming from adjustments in entrepreneurial schooling choices and in the dis-
tribution of firm-level productivities. A key feature of our setup is precisely that
the distribution of firm-level productivities becomes endogenous, determined by
entrepreneurial-level schooling decisions.

We quantify the role of these different effects of credit frictions on TFP. In line
with the previous literature, we first calibrate our model to the U.S. and consider a
scenario where the only fundamental difference between the U.S. and India is the
overall degree of financial frictions. In this case, our model accounts for 36% of the
U.S.-India TFP difference. A second calibration also lets the average productivity of
the human capital accumulation technology vary across the U.S. and India in order
to match the average years of schooling difference across these two countries. This
results in a significant amplification of the effect of frictions, namely entrepreneurial
schooling under-investment, and the model accounts for 68% of the observed TFP
difference.

Our modelling of schooling decisions follows Erosa et al. (2010) and Manuelli
and Seshadri (2014). These papers emphasize the role of cross-country TFP differ-
ences in generating variation in human capital outcomes (Manuelli and Seshadri,
2014, also consider cross-country variation in relative prices of capital and demo-
graphics). Our model shares the feature that, in addition to time, expenditure in
goods (or resource-based education quality) is also a key input into the human cap-
ital accumulation process. As in these papers, the education quality margin in our
model leads workers to invest less in education in countries with lower wages (due
to tighter credit frictions in our case). In our paper credit frictions also discour-
age schooling investments among entrepreneurs, by reducing the marginal return to

3



those investments. The latter mechanism is independent from the presence of an ed-
ucation quality margin in the human capital accumulation process.2 More generally,
rather than studying the implications of a given exogenous degree of cross-country
TFP differences for schooling outcomes, our key contribution is to highlight the
role of entrepreneurial schooling decisions in shaping TFP, when entrepreneurs are
subject to financial frictions.

Bhattacharya et al. (2013) also consider entrepreneurial investment in managerial
skills, in a setting with exogenously given distortions in firm size. Larger distortions
discourage skill investments by managers. As in their paper, the distribution of
firm-level productivities in our model arises endogenously from entrepreneurial
investments in human capital. In contrast to their framework, firm size distortions are
endogenous here, and depend on the wealth distribution. In our model, constrained
entrepreneurs under-invest in schooling partially in order to self-finance. This
mitigates physical capital misallocation across firms, a mechanism also emphasized
by Midrigan and Xu (2014).

Mestieri et al. (2017) is the closest to our paper. They emphasize the same
overall mechanism as we do: credit market imperfections affect entrepreneurial
investments in both the firm and in human capital, in a way that can help understand
production outcomes and household heterogeneity in developing countries. They
provide evidence for Mexico consistent with our shared view: family wealth does
matter for both kinds of investment, with poorer entrepreneurs running smaller
businesses, and sacrificing their offspring education when operating a “modern
sector” firm. They build a quantitative model similar to ours in spirit, featuring
dynastic overlapping generations. The main difference between our two papers is
in the focus. Their goal is to assess, in a model calibrated to Mexico, the life-cycle
dynamics of entrepreneurship (increasing rates of entrepreneurship and increasing
modern firm size over an individual’s life cycle) and the sources of household

2An extensive literature deals with educational decisions under credit constraints. An early
example is Galor and Zeira (1993), and more recent developments are in Lochner and Monge-
Naranjo (2011) and Córdoba and Ripoll (2013). As in these papers, our credit constraints also act as
a direct mechanism lowering education, namely among poorer individuals. The central role of credit
constraints in our model, however, is in affecting entrepreneurial, not worker, schooling decisions.
In other words, rather than increasing current schooling costs for poor workers, credit constraints in
our model act primarily on lowering the net future benefit of schooling for poor entrepreneurs.
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inequality (human capital investment under borrowing constraints generates high
levels of income inequality and intergenerational persistence). Our focus is instead to
assess the cross-country total factor productivity implications, in a model calibrated
to the U.S. and India.

Finally, our paper is also related to the resource misallocation literature, namely
Restuccia and Rogerson (2008), Hsieh and Klenow (2009), and Bartelsman et al.
(2013). These authors examine the aggregate productivity consequences of misal-
location generated by firm-specific taxes and subsidies. These taxes and subsidies
are effectively stand-in, generic distortions, meant to capture deeper allocative prob-
lems. Our model concentrates on one such allocative problem: malfunctioning
credit markets. We provide an explicit mapping between fundamental distortions
coming out of our model, which have a structural interpretation, and the stand-in
taxes and subsidies that are typically considered in this literature. In the process, we
extend Hsieh and Klenow’s (2009) framework for measuring the extent of resource
misallocation. In our case, in addition to distortions to cross-firm input allocation,
there are also distortions impacting physical productivity relative to the frictionless
benchmark. The latter are induced by talent misallocation and by distortions to
entrepreneurial schooling investments, and play the largest quantitative role.

The paper is organized as follows. Section 2 describes the model. Section 3
derives the aggregate productivity effects of distortions. Section 4 presents evidence
on the significance of schooling for entrepreneurship. Section 5 describes the
calibration procedure. Section 6 presents the quantitative results, and Section 7
concludes. The Appendices contain detailed information about the formal definition
of equilibrium, some analytical properties of the model, the mapping between model
and data, and the numerical procedure.

2 Model

2.1 The Environment

Consider an economy with measure one of altruistic dynasties. We abstract from
differences in country size. Each individual lives for 2 periods, childhood and
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adulthood. The household, composed of a child and an adult parent, is the decision
unit (unitary household model). We call childhood the period when schooling and
investment decisions are made, and adulthood the period when the individual’s main
economic activity is carried out. Households value stochastic aggregate household
consumption streams according to

E0

∞∑︁
𝑡=0

𝛽𝑡𝑢 (𝑐𝑡) , (1)

where 𝛽 ∈ (0, 1) is the time and generation discount factor. The period utility
function 𝑢 is of class 𝐶2, strictly increasing, strictly concave, and satisfies the usual
Inada condition.

In anticipation of our recursive formulation, we use primes to denote variables
pertaining to the next generation, whereas those without primes refer to the current
one. The household starts the period with wealth 𝜔, and a draw of the child’s
abilities, current learning ability 𝑧 > 0, and future entrepreneurial ability 𝑥 > 0.
The inter-generational ability transmission is governed by a first-order Markov chain
with transition probabilities 𝜋 (𝑧′, 𝑥′|𝑧, 𝑥).

Given the current state (𝜔, 𝑧, 𝑥), the household makes four decisions. First, it
decides today’s investment in the child’s education, by choosing schooling time 𝑠
and schooling expenditures 𝑒 to produce human capital according to

ℎ = 𝐴ℎ𝑧

(
𝑠𝜂𝑒1−𝜂

)𝜉
, (2)

with 𝜂 ∈ [0, 1] and 𝜉 ∈ [0, 1). 𝐴ℎ captures the aggregate efficiency of the schooling
sector, which we set to 1 in benchmark case.

We follow Erosa et al. (2010) and Manuelli and Seshadri (2014) in considering
expenditures as an input to human capital accumulation in addition to student time.
This allows a worker’s schooling time to increase with wages. With the presence of
expenditures, higher wages increase the marginal gain from schooling investments
by more than the marginal cost, since the price of the goods input is invariant to the
wage.3

3As in Erosa et al. (2010), this also relies on the presence of tuition costs, which we also model.
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Second, the household decides today’s saving for next period, by purchasing
bonds in net amount 𝑞 at unit price 1/(1 + 𝑟). We assume ability shocks are
uninsurable.4 Third, it decides the child’s occupation for next period, whether to
become an entrepreneur or a worker. Workers supply their human capital at the going
wage rate. Entrepreneurs manage their own firms and are the residual claimants of
profits. Fourth, if the decision is to become an entrepreneur next period then the
household also needs to raise capital, possibly with external funds, and hire labor in
order to run the firm.

All production is carried out by entrepreneurs according to

𝑦 = 𝑥ℎ1−𝛾
(
𝑘𝛼𝑙1−𝛼

)𝛾
, (3)

with 𝛼, 𝛾 ∈ (0, 1), where 𝑘 and 𝑙 denote the physical capital and labor inputs. It
is convenient to define entrepreneurial, or firm-level productivity as 𝑎1−𝛾 ≡ 𝑥ℎ1−𝛾,
where 𝑥 is determined by luck and ℎ is the entrepreneur’s human capital level.
Physical capital depreciates at rate 𝛿 ∈ (0, 1).

2.2 Household’s Problem

We focus on stationary equilibria, in which prices and the cross-sectional distribution
over individual states are time-invariant. Denote by 𝑤 the wage rate (unit price
of human capital) and by 𝑟 the real interest rate. We begin by formulating the
household’s problem conditional on the child’s occupational choice. Notice that,
since all uncertainty is resolved at the start of an individual’s life, the occupational
choice can be made right then.

Conditional on the child becoming a worker next period, the worker-household’s

Tuition costs prevent the marginal gains and costs from an additional year of schooling to both vary
proportionally with the current level of human capital, allowing schooling years to vary with both
learning ability 𝑧 and, via school quality adjustments, wages.

4Given our assumption on the resolution of uncertainty, saving is contingent upon the child’s
abilities, namely next period’s entrepreneurial ability. We abstract from precautionary saving behav-
ior associated with entrepreneurial ability risk in order to streamline the analysis. This allows us to
characterize the household investment decisions via simple non-arbitrage conditions.
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(worker, for short) problem can be written recursively as:

𝑣𝑤 (𝜔, 𝑧, 𝑥) = max
𝑐,𝑒,𝑠,𝑞

{
𝑢 (𝑐) + 𝛽

∑︁
𝑧′,𝑥′

𝜋 (𝑧′, 𝑥′|𝑧, 𝑥) 𝑣 (𝜔′, 𝑧′, 𝑥′)
}

(Pw)

subject to (2) and

𝑐 + 𝑤𝑠𝑙 + 𝑒 + 1
1 + 𝑟 𝑞 = 𝑤𝜓ℎ (1 − 𝑠) + 𝜔 (4)

𝑠 ≤ 𝑠 (5)

𝑞 ≥ −𝜆𝜙max{𝜔, 0} (6)

𝜔′ ≡ 𝑤ℎ + 𝑞. (7)

Equation (4) is the budget constraint. The term 𝑤𝑠𝑙 + 𝑒 is the direct cost of investing
in the child’s education, tuition fees𝑤𝑠𝑙 (𝑙 is the total teacher input per unit of student
time, a parameter) plus expenditures in education quality 𝑒. Teacher’s effective time
is not an input into human capital production, only student time is. Expenditures
in goods capture direct costs such as books and computers. On the right-hand-side,
𝑤𝜓ℎ (1 − 𝑠) is the child’s labor earnings, where 𝜓 ∈ (0, 1) captures increasing labor
earnings over an individual’s lifetime due to experience.

Equation (5) is the child’s time constraint. We impose an upper bound 𝑠 ≤ 1 for
quantitative purposes, since individuals do not normally spend their entire early life
studying.

Households are subject to an inter-period household credit constraint given by
(6). They can only contract debt up to a multiple 𝜆𝜙 ≥ 0 of their wealth.5 When
𝜙 = 0 no borrowing is allowed, and investment must be funded out of the household’s
wealth; when 𝜙 = ∞ (provided 𝜆 > 0, which we assume) access to household credit
is unconstrained. Equation (7) defines the initial wealth of the next household in the

5This constraint can be motivated by a simple static limited enforcement problem. Suppose a
household decides whether to default on the loan repayment −𝑞. The only penalty is that financial
intermediaries may seize a fraction 𝜈 ∈ [0, 1] of initial wealth 𝜔 > 0, net of 𝑞. Intermediaries then
require that the gain from defaulting does not exceed the cost, that is −(1 − 𝜈)𝑞 ≤ 𝜈𝜔. This yields
(6) with 𝜙𝜆 ≡ 𝜈/(1− 𝜈) ≥ 0. The main advantage from using this simple specification is tractability.
It shares with self-enforcing limits based on dynamic incentives (Kehoe and Levine, 1993) the key
feature that richer households are able to borrow more.
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dynastic line, conditional on the fact that next period’s parent will be a worker.
Similarly, conditional on the child becoming an entrepreneur next period, the

entrepreneur-household’s (entrepreneur, for short) problem reads:

𝑣𝑒 (𝜔, 𝑧, 𝑥) = max
𝑐,𝑒,𝑠,𝑞

{
𝑢 (𝑐) + 𝛽

∑︁
𝑧′,𝑥′

𝜋 (𝑧′, 𝑥′|𝑧, 𝑥) 𝑣 (𝜔′, 𝑧′, 𝑥′)
}

(Pe)

subject to (2)–(6) and a new definition of household’s wealth based upon en-
trepreneurial profits

𝜔′ ≡ Π (𝑞, ℎ, 𝑥) + 𝑞, (8)

where

Π (𝑞, ℎ, 𝑥) = max
𝑘,𝑙≥0

{
𝑎1−𝛾

(
𝑘𝛼𝑙1−𝛼

)𝛾
− (𝑟 + 𝛿) 𝑘 − 𝑤𝑙

}
(Pf)

subject to
𝑘 ≤ 𝜆 𝑞

1 + 𝑟 , (9)

with 𝜆 ≥ 1. Entrepreneurs hire capital and labor to maximize profits, subject to
an intra-period capital constraint. The maximum level of capital an entrepreneur
can employ in production is given by a multiple 𝜆 of the household’s second period
assets, which acts as collateral.6 When 𝜆 = 1 no external funding is allowed, and
capital is solely determined by internal funds. When 𝜆 = ∞ financial markets work
perfectly, and capital is not constrained by wealth.

Financial frictions affect the model via (6) and (9). The parameter 𝜆 governs the
overall extent of financial frictions in the economy, whereas 𝜙 controls the household
credit constraint. We choose this formulation to reflect the possibility that seizing

6We assume future profits are not pledgable as collateral. Constraint (9) therefore implies that
households that borrow today will not be able to run a firm tomorrow. As a result, only children
from sufficiently wealthy backgrounds can aspire to become entrepreneurs. Similarly to (6), the
constraint (9) may be motivated by a simple static limited enforcement problem. As in Buera and
Shin (2013), suppose households borrow 𝑘 from financial intermediaries against collateral 𝑞/(1+ 𝑟),
and then have a decision whether to default. The only penalty is that intermediaries may seize the
entire collateral, plus a fraction of 𝜅 of 𝑘 . No default requires (1 − 𝜅)𝑘 ≤ 𝑞/(1 + 𝑟), which yields
(9) with 𝜆 ≡ 1/(1 − 𝜅) ≥ 1. Related work using identical collateral constraints include Evans and
Jovanovic (1989), Moll (2014) and Moll et al. (2017).
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wealth upon default, for example, might be easier for one type of credit compared to
the other. In our quantitative analysis we let 𝜆 vary across countries while fixing 𝜙.

The household’s occupational choice for the child next period is then

𝑣 (𝜔, 𝑧, 𝑥) = max {𝑣𝑤 (𝜔, 𝑧, 𝑥, ) , 𝑣𝑒 (𝜔, 𝑧, 𝑥)} . (10)

Appendix A defines the stationary recursive competitive equilibrium.

3 Aggregate Productivity Implications of Financial
Frictions

Our first task is to obtain expressions illustrating how financial frictions affect invest-
ment decisions in our model. We show in particular how the capital constraint that
entrepreneurs anticipate later in life while producing distorts schooling investments
when young. We then use the expressions encapsulating such distortions to derive
the aggregate TFP implications.

3.1 Production

Conditional on their human capital, entrepreneurs hire labor and capital to maximize
profits. The presence of the capital constraint implies the profit function:

Π (𝑞, ℎ, 𝑥) =

Π∗ (ℎ, 𝑥) if 𝑞 ≥ 𝑞∗ (ℎ, 𝑥) (unconstrained)

Π𝑐 (𝑞, ℎ, 𝑥) else (constrained),

where 𝑞∗ (ℎ, 𝑥) is a threshold level of assets beyond which the capital constraint does
not bind. Appendix B provides the expressions for threshold assets, as well as for
the constrained and unconstrained profit functions. The constrained profit function
is increasing in accumulated assets since a higher 𝑞 allows the entrepreneur to raise
more capital and increase the scale of the firm closer to its optimal level.
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3.2 Schooling/Saving Decisions

Individuals can invest either through bonds, or by spending time and resources
on schooling. Our timing assumption allows us to characterize these different
investment opportunities in terms of simple non-arbitrage equations that transpire
from the first-order optimality conditions for problems (Pw) and (Pe) with respect
to 𝑠, 𝑒, and 𝑞 (Appendix C). Schooling time is an implicit function 𝑠 = 𝑠(𝑒) of
schooling expenditures,

𝑤
(
𝑙 + 𝜓ℎ

)
=

𝜂

1 − 𝜂
𝑒

𝑠
,

where 𝑠 is strictly increasing in 𝑒 since both inputs are complements. Replacing in
(2) yields human capital ℎ = ℎ(𝑒).

Our key non-arbitrage condition equates the returns to saving and to human
capital accumulation:

(1 − 𝜂) 𝜉 ℎ
𝑒
𝜔′

2 (𝑞, ℎ, 𝑥) = (1 + 𝑟) 𝑝𝑒𝜔′
1 (𝑞, ℎ, 𝑥) , (11)

where 𝜔′
1 and 𝜔′

2 are the partial derivatives of future wealth with respect to the
first and the second arguments, capturing the returns to saving and to human cap-
ital, respectively. For convenience we denote the shadow unit price of schooling
expenditures by

𝑝𝑒 = 𝑝𝑒 (𝑒) ≡ 1 − 𝑤𝜓 (1 − 𝑠) (1 − 𝜂) 𝜉 ℎ
𝑒
, (12)

which equals the unit of foregone consumption net of the marginal increase in first-
period earnings. Specializing (11) for each occupation allows us to characterize the
optimal schooling decisions for workers and entrepreneurs.

3.2.1 Worker-Household

For workers we have

𝜔′
1 (𝑞, ℎ, 𝑥) = 1 and 𝜔′

2 (𝑞, ℎ, 𝑥) = 𝑤. (13)
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Since wages are linear in worker’s human capital, returns to human capital accumu-
lation are constant. An interior optimum for schooling expenditures solves:

𝑤

1 + 𝑟 (1 − 𝜂) 𝜉 ℎ
𝑒
= 𝑝𝑒 . (14)

The left-hand-side is the discounted future benefit of investing an extra unit of the
final good on education, which is the wage rate times the marginal increase in human
capital. The right-hand-side is the marginal cost.

When the borrowing constraint binds (𝑞 = −𝜆𝜙𝜔), optimal expenditures cannot
be pinned-down by (11), and are instead the solution to a dynamic optimization
problem. Schooling investments are then a function not just of learning ability, but
also of current wealth 𝜔.

3.2.2 Entrepreneur-Household

The capital constraint (9), together with the condition that 𝑘 ≥ 0, implies that
entrepreneurs will always have 𝑞 > 0 and therefore the constraint on household
credit will never bind. We have:

𝜔′
1 (𝑞, ℎ, 𝑥) =


1 + 𝜕Π𝑐

𝜕𝑞
(𝑞, ℎ, 𝑥) if constrained

1 if unconstrained,
(15)

and

𝜔′
2 (𝑞, ℎ, 𝑥) =


𝐵 (𝑞) 1−𝛾

1−𝛾(1−𝛼)𝑎
1−𝛾

1−𝛾 (1−𝛼) ℎ−1 if constrained,

𝐴𝑥
1

1−𝛾 if unconstrained,
(16)

where the expressions for 𝐵(𝑞) and 𝐴, which depend on parameters and equilibrium
prices, are given in Appendix B. From here we can deduce how the marginal returns
to physical and human capital accumulation vary with the entrepreneur’s saving 𝑞.

Proposition 1. Given ℎ, capital-constrained entrepreneurs (with 𝑞 < 𝑞∗ (𝑥, ℎ)) face
a higher marginal return to physical capital accumulation and a lower marginal
return to human capital accumulation than unconstrained entrepreneurs (with 𝑞 ≥
𝑞∗ (𝑥, ℎ)).
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Proof. The first part follows from (15), the fact that 𝜕Π𝑐 (𝑞, ℎ, 𝑥) /𝜕𝑞 is decreasing
in 𝑞, and that 𝜕Π𝑐 (𝑞∗ (ℎ, 𝑥) , ℎ, 𝑥) /𝜕𝑞 = 0. The second part follows from (16), the
fact that 𝐵 (𝑞) is increasing in 𝑞, and that

𝐵 (𝑞∗ (ℎ, 𝑥)) 1 − 𝛾
1 − 𝛾(1 − 𝛼) 𝑎

1−𝛾
1−𝛾 (1−𝛼) ℎ−1 = 𝐴𝑥

1
1−𝛾 .

□

The first part of Proposition 1 comes from the fact that, for capital-constrained
entrepreneurs, saving relaxes the capital constraint and allows them to expand their
firms closer to the optimal unconstrained scale. The second part holds because
human and physical capital are complements in production. Capital-constrained
entrepreneurs employ less physical capital, making human capital less productive.

Proposition 1 establishes the central mechanism in our paper, that the anticipation
of the capital constraint distorts saving and schooling decisions of entrepreneurs
early in life. Constrained households therefore have an incentive to save more and
invest less in education compared to unconstrained ones.

Substituting 𝜔′
1 and 𝜔′

2 for unconstrained entrepreneurs into (11) yields their
condition for optimal schooling expenditures:

𝐴

1 + 𝑟 (1 − 𝜂) 𝜉 𝑎
𝑒
= 𝑝𝑒 .

This condition is analogous to (14), with the left-hand side representing now the
discounted marginal increase in future profits from investing an additional unit of
the final good on schooling.

For constrained entrepreneurs we obtain:

𝐵 (𝑞)
1 + 𝑟 (1 − 𝜂) 𝜉 1 − 𝛾

1 − 𝛾(1 − 𝛼)
𝑎

1−𝛾
1−𝛾 (1−𝛼)

𝑒
= 𝑝𝑒

(
1 + 𝜕Π

𝑐

𝜕𝑞
(𝑞, ℎ, 𝑥)

)
.

Compared to the unconstrained case, the marginal gain from investing in education is
lower, and decreasing returns set in faster (Proposition 1). The marginal cost is also
higher, since investing in education sacrifices wealth accumulation, which lowers
firm capital and hence profits. Optimal spending in education therefore depends on
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household wealth, via saving 𝑞. More wealth helps relax the capital constraint, and
reduces investment and schooling distortions.

3.3 Input Misallocation and Firm–Level Productivity Effects

We now characterize the input misallocation and the firm–level productivity effects
stemming from the capital constraint. We borrow from the existing literature on
input misallocation, namely Hsieh and Klenow (2009), to map these effects into
aggregate TFP.

Our strategy follows in two steps. First, we show that the generic production
distortions considered by Hsieh and Klenow (2009) have a structural interpretation
in terms of our model. Second, we generalize their framework in the sense that
model-based TFP differences are decomposed into not just an input misallocation
effect, but also firm–level productivity effects. The latter features the distortions
introduced via entrepreneurial investments in human capital. We are ultimately able
to obtain a decomposition of the aggregate total factor productivity (TFP) effects
into easily interpretable components.

3.3.1 Basic Model Wedges

Focus on entrepreneurs. The capital constraint introduces what amounts to individual-
level wedges on the optimal conditions for saving and human capital expenditures.
We call these structural distortions basic model wedges. We then show how they
map into proxy, or stand-in misallocation wedges. The latter look like the generic,
non-structural wedges featured in much of the misallocation literature, for example
Restuccia and Rogerson (2008), Hsieh and Klenow (2009) and Bartelsman et al.
(2013), among many others.

We summarize the effect of the capital constraint on an entrepreneur’s optimality
conditions (Appendix C) via two basic individual-specific wedges, labeled 𝜏𝑞 and
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𝜏ℎ. That is, we can rewrite these conditions simply as

𝑢′ (𝑐) = 𝛽 (1 + 𝑟)
(
1 + 𝜏𝑞

) ∑︁
𝑧′,𝑥′

𝜋 (𝑧′, 𝑥′|𝑧, 𝑥) 𝑣1 (𝜔′, 𝑧′, 𝑥′) , (17)

𝑝𝑒𝑢
′ (𝑐) = 𝛽 (1 − 𝜂) 𝜉 (1 − 𝜏ℎ) 𝐴

𝑎

𝑒

∑︁
𝑧′,𝑥′

𝜋 (𝑧′, 𝑥′|𝑧, 𝑥) 𝑣1 (𝜔′, 𝑧′, 𝑥′) . (18)

As long as basic wedges subsume the distortions affecting the marginal value
of saving and human capital, (15) and (16), then these simple optimality conditions
deliver the solution to the original problem. The appropriate wedges, which are
functions of the current individual state, are defined by comparing the optimality
conditions for constrained and unconstrained entrepreneurs:

𝜏𝑞 =

{
𝜕Π𝑐 (𝑞,ℎ,𝑥)

𝜕𝑞
if constrained,

0 if unconstrained,

𝜏ℎ =

{
1 − 𝐵(𝑞)

𝐴

1−𝛾
1−𝛾(1−𝛼)𝑎

− 𝛼𝛾

1−𝛾 (1−𝛼) if constrained.
0 if unconstrained,

The wedge 𝜏𝑞 ≥ 0 acts like a subsidy to saving, capturing the fact that whenever
the capital constraint binds, an increase in saving today relaxes it and increases
profits tomorrow. The wedge 𝜏ℎ ∈ [0, 1] acts like a tax on the returns to schooling,
capturing the fact that human capital is less productive for constrained entrepreneurs.
They have lower physical capital, which is complementary to human capital.

3.3.2 Proxy Production Wedges

We now recast the firm’s problem as in Hsieh and Klenow (2009). We call it the
proxy firm problem:

Π = max
𝑘,𝑙≥0

{
(1 − 𝜏𝑎) 𝑝 (𝑎∗)1−𝛾

(
𝑘𝛼𝑙1−𝛼

)𝛾
− (1 + 𝜏𝑘 ) (𝑟 + 𝛿) 𝑘 − 𝑤𝑙

}
, (Pf′)

where we define potential productivity as (𝑎∗)1−𝛾 ≡ 𝑥 (ℎ∗)1−𝛾, with ℎ∗ being the
human capital level that would emerge if the capital constraint did not bind, and 𝑝
the output price, which may be normalized to 1 in our setup.
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We label 𝜏𝑎 and 𝜏𝑘 the individual-level proxy wedges, in the sense that they stand
in for the fundamental distortions affecting the economy. 𝜏𝑎 captures distortions
along the potential revenue (i.e. based on potential productivity) vs cost margin,
whereas 𝜏𝑘 captures distortions along the capital vs labor input cost margin. Our
task is now to infer proxy wedges from basic wedges, through the unique mapping
between the two. The proxy firm problem (Pf′) yields the same solution as the
original one (Pf) when

1 − 𝜏𝑎 =
(
ℎ

ℎ∗

)1−𝛾

1 + 𝜏𝑘 = 1 + 𝜁

𝑟 + 𝛿 ,

where 𝜁 is the multiplier on the capital constraint.
Applying the Envelope theorem and using the definition of 𝜏𝑞:

1 + 𝜏𝑘 = 1 +
𝜏𝑞 (1 + 𝑟)
𝜆 (𝑟 + 𝛿) .

Under certain parametric restrictions, 𝜏𝑎 is also an explicit function of basic
wedges, which helps build intuition. This is the case when 𝜓 = 0, so that 𝑝𝑒 = 1.
Further assuming that the time constraint is slack, optimal schooling time 𝑠 is
proportional to expenditures 𝑒. We then obtain

1 − 𝜏𝑎 =
(
1 − 𝜏ℎ
1 + 𝜏𝑞

) (1−𝛾) 𝜉
1−𝜉

.

The last two expressions allow us to structurally interpret the two proxy wedges.
First, 𝜏𝑘 ≥ 0 amounts to a tax on capital, since the capital constraint increases the
shadow rental price of capital. Second, 𝜏𝑎 ∈ [0, 1] amounts to a reduction in a firm’s
physical output, since the capital constraint decreases actual firm-level productivity
𝑎1−𝛾 below potential, by discouraging entrepreneurial schooling investments. The
total disincentive to investing in human capital is captured by the composite dis-
tortion (1 − 𝜏ℎ)/(1 + 𝜏𝑞). It amounts to a positive tax since (i) capital-constrained
entrepreneurs run smaller firms, reducing the returns to investing in human capital,
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and (ii) for these households, accumulating wealth relaxes the capital constraint, and
therefore commands a higher return compared to investing in human capital.7

We can get further insight when 𝑙 = 0 (and 𝜓 > 0), assuming again a slack time
constraint, in which case

1 − 𝜏𝑎 =
(
1 − 𝜏ℎ
1 + 𝜏𝑞

) 1−(1−𝛾−𝜂) 𝜉
𝜉 (1−𝛾)2

(
𝑝∗𝑒
𝑝𝑒

) 1−(1−𝛾−𝜂) 𝜉
𝜉 (1−𝛾)2

, (19)

where 𝑝∗𝑒 is defined as the shadow unit price of schooling expenditures ignoring
credit constraints. Although a closed form is not available (𝑝𝑒 is itself a function
of basic distortions), this formulation helps illustrate the role of 𝐴ℎ in amplifying
the effect of basic distortions on the composite 𝜏𝑎. A lower 𝐴ℎ decreases the
entrepreneur’s ability to generate first-period earnings out of a given investment in
human capital, making schooling more expensive, see (12). Both 𝑝𝑒 and 𝑝∗𝑒 therefore
increase, with the effect on 𝑝𝑒 being stronger since entrepreneurs spend more time
working early in life when credit frictions are active. 𝜏𝑎 therefore increases for given
basic wedges. In short, when the environment makes it difficult for entrepreneurs
to self-finance when young, our basic mechanism is amplified: they cannot build
sufficient collateral, which hurts schooling. It follows from this same reasoning that
entrepreneurs with high learning ability 𝑧 (and higher potential productivity) also
face larger distortions, generating a misallocation of schooling investments which
will negatively impact aggregate productivity.

The production technology underlying the stand-in problem (Pf′) is
𝑦 ≡ (1 − 𝜏𝑎) (𝑎∗)1−𝛾 (

𝑘𝛼𝑙1−𝛼
)𝛾. We follow Foster et al. (2008) and Hsieh and

Klenow (2009) in defining a firm’s (actual) physical productivity TFPQ and revenue
7Why do financial frictions generate a disincentive to human capital accumulation (𝜏𝑎 > 0)? Why

don’t frictions encourage entrepreneurs to invest more in schooling, and therefore generate higher
first-period labor earnings per working time? Both are in fact feasible options for entrepreneurs
in our model to generate higher savings and more self-financing. However, frictions increase the
shadow interest rate (𝜏𝑞 > 0), and the non-arbitrage condition (11) needs to hold. Since investment
in schooling exhibits decreasing marginal returns, this can only be the case if schooling declines.
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productivity TFPR as8

TFPQ ≡ 𝑦(
𝑘𝛼𝑙1−𝛼

)𝛾 = (1 − 𝜏𝑎) (𝑎∗)1−𝛾

TFPR ≡ 𝑝𝑦

𝑘𝛼𝑙1−𝛼
.

TFPR captures firm-specific deviations from marginal product equalization, and
therefore the extent of capital misallocation.

From the optimality conditions

𝛾(1 − 𝛼)
(
𝑘

𝑙

)𝛼
TFPR = 𝑤

𝛾𝛼

(
𝑘

𝑙

)𝛼−1
TFPR = (1 + 𝜏𝑘 ) (𝑟 + 𝛿) ,

we obtain that revenue productivity

TFPR ∝ (1 + 𝜏𝑘 )𝛼 .

Absent frictions, 𝜏𝑞 = 𝜏ℎ = 0 and 𝑝𝑒 = 𝑝∗𝑒 for every individual. Therefore 𝜏𝑎 =
𝜏𝑘 = 0. In this case the distribution of TFPR is degenerate, and the distribution of
TFPQ reflects only individual heterogeneity in abilities among households selecting
into entrepreneurship. With frictions, the distribution of TFPR becomes dispersed,
reflecting physical capital misallocation, and the distribution of TFPQ shifts to
the left, reflecting lower levels of entrepreneurial human capital for constrained
entrepreneurs. These features become more pronounced with a tighter capital
constraint.

Figure 1 plots the distributions of TFPR and TFPQ in our model, for both the
U.S. and the India (benchmark) calibrations. A tighter capital constraint in India
generates significant misallocation and firm–level productivity effects. The standard

8On the surface 𝜏𝑎 looks similar to the revenue distortion 𝜏𝑦 of Hsieh and Klenow (2009),
however it plays a different role in our setting. 𝜏𝑎 is a wedge between potential and actual physical
productivity, reflecting the effect of lower schooling investments. It is thus part of the definition of
TFPQ, whereas 𝜏𝑦 would be part of the definition of TFPR. In fact, in our model there are no revenue
distortions as defined by Hsieh and Klenow (2009).
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deviation of log TFPR is three times higher in India, and average TFPQ is about
25% lower. The standard deviation of TFPQ is also higher in India, due to poorer
selection and thus an extended left tail of low productivity entrepreneurs that only
find it profitable to produce when financial frictions are severe (hence when input
prices are lower). These are the two main salient features highlighted by Hsieh and
Klenow (2009) when comparing the empirical distributions of TFPR and TFPQ in
the U.S. and India (and China). Our model is consistent with this evidence.

3.4 Aggregate Productivity

Now we provide a connection between the distributions of TFPR and TFPQ, and
aggregate TFP. The final good sector admits an aggregate production function (see
Appendix D):

𝑌 = TFP
(
𝐾𝛼𝐿1−𝛼

)𝛾
,

where 𝑌 ≡ 𝑚
∫
𝑀
𝑦𝑑Ψ, 𝐾 ≡ 𝑚

∫
𝑀
𝑘𝑑Ψ, and 𝐿 ≡ 𝑚

∫
𝑀
𝑙𝑑Ψ, with 𝑀 the set of

individual states selecting into entrepreneurship, Ψ the cross-sectional distribution
over individual states, and𝑚 ≡

∫
𝑀
𝑑Ψ the entrepreneurship rate. TFP is an aggregate

of individual physical productivities and distortions

TFP ≡ 𝑚1−𝛾

[∫
𝑀
𝑎∗

(
1−𝜏𝑎

(1+𝜏𝑘)𝛼𝛾
) 1

1−𝛾
𝑑Ψ

]1−𝛾(1−𝛼)

[∫
𝑀
𝑎∗

(
1−𝜏𝑎

(1+𝜏𝑘)1−𝛾 (1−𝛼)

) 1
1−𝛾

𝑑Ψ

]𝛼𝛾 . (20)

We can rewrite it as

TFP = 𝑚1−𝛾
∫
𝑀

(
TFPQ

TFPR′

TFPR′

) 1
1−𝛾

𝑑Ψ, (21)

with TFPR′ ≡ TFPR (1 + 𝜏𝑘 )𝛼(𝛾−1) ∝ (1 + 𝜏𝑘 )𝛼𝛾, and where TFPR′ is a geometric
average of marginal products of capital and labor which normalizes the weights on
TFPQ. The presence of decreasing returns to scale (𝛾 < 1) makes these weights
differ very slightly from TFPR. Expression (21) is very similar to the one obtained
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(a) TFPR and TFPQ in the U.S.
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(b) TFPR and TFPQ in India

Figure 1: Revenue and physical productivity distributions in the model
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in Hsieh and Klenow’s (2009) accounting framework. However, here distortions do
impact TFPQ.

To build intuition for these effects, consider the case in which (𝑎∗)1−𝛾, (1 − 𝜏𝑎),
and (1 + 𝜏𝑘 ) are jointly log-normally distributed across firms. This yields:

log TFP = (1 − 𝛾) log𝑚︸          ︷︷          ︸
Specialization

+ (1 − 𝛾) logE𝑀
[
TFPQ

1
1−𝛾

]
︸                             ︷︷                             ︸

Firm–level productivity

−

1
2
𝛼𝛾 (1 − 𝛾 + 𝛼𝛾)

1 − 𝛾 var𝑀 (log (1 + 𝜏𝑘 ))︸                                            ︷︷                                            ︸
Capital misallocation

, (22)

where firm–level productivity is now further decomposed as

logE𝑀
[
TFPQ

1
1−𝛾

]
=

logE𝑀𝑎∗︸     ︷︷     ︸
Potential productivity

+ logE𝑀 (1 − 𝜏𝑎)
1

1−𝛾︸                  ︷︷                  ︸
Schooling under-investment

+ cov𝑀 (log 𝑎∗, log (1 − 𝜏𝑎))︸                            ︷︷                            ︸
Schooling misallocation

. (23)

The first term in (22) is the gain from specialization. Due to decreasing returns to
scale, aggregate productivity rises when output is produced by a larger number of
smaller firms. The remaining terms illustrate two channels through which firm-
level distortions induced by credit frictions reduce the aggregate TFP. Capital
misallocation, associated with the dispersion in 𝜏𝑘 , is due to the lack of equalization
of marginal products of capital across firms. This is the effect normally emphasized
in the literature, e.g. Hsieh and Klenow (2009).

Our main focus is on the consequences for firm–level productivity. Here 𝜏𝑎
lowers average firm-level physical productivity, by introducing a gap between actual
(TFPQ) and potential ((𝑎∗)1−𝛾) physical productivities, reflecting lower human
capital investments by constrained entrepreneurs. This generates further aggregate
TFP effects from financial frictions, beyond capital misallocation.

Equation (23) decomposes the firm–level productivity effect into three elements.
Potential productivity is determined by the selection of households into entrepreneur-
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ship, and thus by the misallocation of talent.9 In addition, it also reflects changes
in entrepreneurial human capital investments due to changes in prices. Schooling
under-investment reflects the fact that financial frictions discourage entrepreneurial
investments in human capital. Schooling misallocation stems from the interac-
tion between selection into entrepreneurship and human capital investments of
entrepreneurs. A negative covariance between potential productivity and 1 − 𝜏𝑎
decreases aggregate TFP, since in this case entrepreneurs with the best talent also
face the largest disincentives to schooling investment, and therefore experience the
largest productivity decline relative to potential.

4 Schooling and entrepreneurial productivity: some
evidence

A key ingredient of our theory is that human capital accumulation by entrepreneurs
increases firm-level productivity. Two related implications are that more educated
entrepreneurs run larger firms, and that they enjoy higher earnings. Cross-sectional
heterogeneity in schooling, our model suggests, may stem from differences in either
learning ability, entrepreneurial ability, or wealth. Our main goal in this section is
to present corroborating evidence showing that human capital is indeed positively
associated to entrepreneurial outcomes. We abstract from the sources of variation
in schooling, and an empirical assessment of causality. Our second goal is to obtain
empirical targets for our calibration exercise.

Evidence is available for the U.S. from the NLSY79. Our starting point is Levine
and Rubinstein’s (2017) sample of individuals aged 25 and over between 1982 and
2012, with available information on employment status. Differently from them,
we restrict attention to the representative sample, and to self-employed individuals
working full-time, full-year. We equate self-employment with entrepreneurship. We
measure firm size with the number of workers, which includes the self-employed
business owner in addition to all paid employees, and is available every other year

9To the extent that all moments in (22) are conditional on the set of entrepreneurs 𝑀 , they are all
affected by misallocation of talent.
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Dependent variable: number of workers (log) paid employees dummy earnings (log)
(1) (2) (3) (4)

years of schooling 0.0400 0.0387 0.0327 0.109
(0.089) (0.112) (0.002) (0.000)

gender and non-white no yes yes yes
cubic experience no no no yes
industry dummies yes yes yes no

number of observations 990 990 990 3,497
𝑅2 0.184 0.189 0.093 0.169

Note: All regressions include year dummies. Industry dummies are for the main job, at the one-digit level
(2000 Census). P–values in parenthesis based upon robust standard errors, clustered at the individual level.

Table 1: Schooling, firm size, and earnings premiums

starting in 2002. Earnings are CPI-deflated yearly wages plus income from business.
Years of schooling is the number of years corresponding to the highest grade attained.

Table 1 contains the results. We start with the effect of entrepreneurial schooling
on firm size. Our baseline regression in the first column is a straightforward firm
size regression, with entrepreneurial schooling as the key determinant. Schooling
has a significant impact on firm size, which is expected to increase by 4% for each
additional year of schooling. Adding gender and race controls makes the coefficient
on schooling barely insignificant at 10%. Many self-employment firms in our sam-
ple, however, only employ the business owner. This is consistent with Levine and
Rubinstein (2017): these self-employed individuals run relatively basic unincorpo-
rated businesses, and tend to be much less educated than those that incorporate.
This suggests that schooling might have a more significant effect along the extensive
margin of firm size. In regression (3) we therefore run a simple linear probability
model along the lines of regression (2), except that the dependent variable is now a
dummy for whether the business has paid employees. In this case the coefficient on
schooling is indeed positive and highly significant, suggesting the extensive margin
to be the most significant and robust effect of entrepreneurial human capital on
business size.

Regression (4) is a basic Mincerian earnings regression among entrepreneurs.
We obtain a significant coefficient of about 11%. This magnitude is in line with
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what literature has found for workers and self-employed confounded (Card, 1999),
although we make no attempt here to control for learning ability. Taken together, we
interpret these findings as providing support for the main ingredient in our model.
They suggest schooling investments do play an important role for entrepreneurial
outcomes, consistent with more educated entrepreneurs being more productive.

Our findings are related to a recent literature, following Bloom and Reenen
(2007), which has been documenting a strong association between cross–firm dif-
ferences in management practices and firm–level productivity levels. This literature
has also uncovered some of the reasons behind the heterogeneity in firm manage-
ment, like differences in manager’s (or employees more generally) ability, but also
differences in the extent of product market competition, and the interaction between
firm–level “hard” technological factors and aggregate–level factors such as contract
enforcement quality, social capital, or institutions favoring dynastic management,
which may limit the scope of decision-making delegation and ultimately firm growth
of more productive firms (Bloom et al., 2016). Our analysis abstracts from delega-
tion, hence from the latter set of factors. In relation to this literature, our focus is
on the role of inside management’s ability for firm–level productivity, namely how
it depends on formal schooling and its determinants.

5 Calibration

Our baseline strategy is similar to Buera and Shin’s (2013) and several others, in the
sense that we first calibrate the model economy to the U.S. and then vary the financial
friction 𝜆, holding the remaining parameters constant, in order to match India’s ratio
of external finance to output. We call this the benchmark India calibration.

We consider an alternative schooling calibration where we also allow the pro-
ductivity of the schooling sector 𝐴ℎ to be lower than 1 in India, in order to match
India’s much lower average years of schooling compared to the U.S. This exercise
is relevant in light of Section 3.3.2, suggesting larger schooling disincentives with
𝐴ℎ < 1. We view 𝐴ℎ < 1 as representing India-U.S. differences in school quality not
captured by our modelling of current/within-cohort expenditures. These could be
due to differences in school infrastructure (like buildings), to differences in school
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institutions (like school accountability and autonomy, public vs private mix), or
even to differences in health infrastructure. All these factors affect how productive
schooling inputs are in generating human capital. See Hanushek and Woessmann
(2011) and Woessmann (2016) for a discussion.

Table 2 has the baseline parameters. The first-order Markov chain governing
abilities is obtained from the discretization of a VAR(1) in logs where

ln (𝑧𝑡+1/𝑧) = 𝜌𝑧 ln (𝑧𝑡/𝑧) + 𝜀𝑧𝑡+1,

ln (𝑥𝑡+1/𝑥) = 𝜌𝑥 ln (𝑥𝑡/𝑥) + 𝜀𝑥𝑡+1,

and the disturbances are normally distributed with variance-covariance matrix

𝚺 =

(
𝜎2
𝑧 𝜎𝑧𝑥

𝜎𝑧𝑥 𝜎2
𝑥

)
.

We employ the procedure described by Tauchen and Hussey (1991), with 15 states
for entrepreneurial ability and 4 states for learning ability.

One model period is 30 years. Individuals start life at age 6. From age 6 until age
36 (childhood) is the period when schooling and early working in the labor market
take place. From age 36 until retirement age 66 (adulthood) is the period when the
main economic activity, entrepreneurship or working for a wage, takes place.

Some parameters are calibrated externally to the model. These are in the top
block of Table 2. The coefficient of relative risk aversion belongs to the interval of
available estimates, and is a standard value in quantitative analysis, as is the rate of
physical capital depreciation. The parameters governing the income share of capital
(𝛼) and the income share of entrepreneurial income (𝛾) are also standard in models
of entrepreneurship (see for example Atkeson and Kehoe, 2005, who base their
calibration on a survey of direct estimates, as well as Restuccia and Rogerson, 2008,
Buera and Shin, 2013, and Midrigan and Xu (2014)).10 We set the autocorrelation
coefficient of learning ability to the intergenerational correlation coefficient of IQ

10Given decreasing returns to scale, income accrues to capital, labor, and the entrepreneurial input.
We attribute the latter to capital and labor incomes, in shares 𝛼 and 1 − 𝛼 respectively. We therefore
equate 𝛼 to the aggregate capital income share value.
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Table 2: Benchmark calibration

Parameter Value Target Model Data

External calibration

𝜎 1.0 direct estimates
𝛿 0.844 yearly depreciation rate of 6%
𝛼 1/3 capital income share
𝛾 0.85 direct estimates
𝜌𝑧 0.72 intergenerational correlation of IQ scores
𝑠 2/3 up to 20 years of formal schooling (ages 6 to 26)

Internal calibration

𝛽 0.205 yearly real interest rate 0.036 0.04
𝑧 26.0 average years of schooling among entrepreneurs 14.2 13.6
𝜉 0.965 average years of schooling among workers 13.7 14.1
𝜎𝑧 0.138 earnings share of top 5% 0.36 0.35
𝑥 0.837 Mincerian returns to schooling among entrepreneurs 0.117 0.109
𝜂 0.67 output share of schooling expenditures 0.082 0.105
𝑙 2.89 output share of teacher and staff compensation 0.03 0.05
𝜓 0.6 average labor earnings at age 46 over average at age 26 1.73 1.75
𝜌𝑥 0.45 intergenerational correlation of entrepreneurship 0.27 0.32
𝜎𝑥 0.28 employment share of top 5% establishments 0.59 0.57
𝜎𝑧𝑥 -0.107 ratio of median earnings (entrepreneurial over labor) 1.15 1.10
𝜙 0.0041 share of household credit in total external finance 0.18 0.19

𝜆U.S. 35.0 ratio of external finance to output (U.S.) 2.42 2.91

𝜆India 1.345 ratio of external finance to output (India) 0.46 0.46

scores reported by Bowles and Gintis (2002), between the average parental and the
average offspring IQ scores. Finally, we impose an upper bound on schooling time
corresponding to 20 years of formal schooling.

The remaining 14 parameters are chosen in order to minimize the sum of squared
percentage deviations of 14 data moments from their model analogues. The bottom
block of Table 2 shows the values for these parameters, as well as how the model’s
moments compare to the data. As is common in this type of analysis, we identify
each parameter with a moment which we believe is particularly helpful in identifying
it, although in the end all parameters are jointly determined through a fairly complex
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system of nonlinear equations.
When computing the model moments we assume a survey protocol that mimics

the data, where individuals are interviewed every year while labor force participants.
Due to schooling time, young workers are therefore interviewed less often than either
adult workers or entrepreneurs. We also take one entrepreneurial firm in the model
as corresponding to an establishment in the data.11

We comment on each of the moments we have selected. A yearly real inter-
est rate of 4% is roughly between the real return on riskless bonds and the real
return on equity over a long horizon. Based upon the NLSY79 data of Section
4, we compute three summary statistics: around 14 average years of schooling for
both self-employed (our notion of entrepreneurs) and salaried workers and a ratio
between the median annual earnings among self-employed to the median across
salaried workers of 1.10. The latter moment is key in identifying a slightly negative
covariance between innovations to learning and entrepreneurial abilities. Meaning
that households with high learning ability tend to have a slight disadvantage at en-
trepreneurship. Otherwise entrepreneurs would have much higher earnings relative
to workers, compared to the data. We also use our estimate of the Mincerian returns
to schooling among entrepreneurs from Table 1.

For the output shares of (public and private) schooling expenditures and teacher
and staff compensation we use the same numbers as Erosa et al. (2010). These are
based upon total expenditure data for 1990 to 1995 from the U.S. Department of
Education, together with an estimate of the share of teacher and staff compensation
from the OECD. The ratio of average labor earnings at age 46 over age 26 comes from
Figure 1 of Kambourov and Manovskii (2009). It is based upon the PSID (Panel
Study of Income Dynamics) and refers to the cohort entering the labor market in
1968. The intergenerational correlation of entrepreneurial occupation is reported
by Dunn and Holtz-Eakin (2000), and corresponds to the fraction of sons of self-
employed fathers in the NLS (National Longitudinal Surveys) who were themselves
self-employed at some point in the sample.

11This is in line with the related literature, namely Buera et al. (2011), Buera and Shin (2013),
and Midrigan and Xu (2014). Our choice of calibration targets reflects this view. We acknowledge
the caveat that, in the data, there exist multi-establishment firms, and more importantly firms whose
ownership does not coincide with management, or more generally self-employment.
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The employment share of the top 5% establishments is reported by Henly and
Sanchez (2009), based upon the U.S. Census County Business Pattern series. This
figure is across establishments in all sectors of activity in the year 2006. The
earnings share of the top 5% comes from Díaz-Giménez et al. (2011) and is based
on the Survey of Consumer Finances.

The ratio of total external finance (including private credit) to output in the U.S.
was obtained from the 2013 update of the Beck et al. (2000) financial indicators
database. We adjusted the reported stock market capitalization by the average book-
to-market ratio, following Buera et al. (2011). Our number is the average over the
years 1990 to 2011. Our other financial market indicator is the share of household
credit in total external financing. We obtained it as the product between the share
of household credit in total credit in 2005 from the International Monetary Fund
(2006), and the share of total credit in total external financing from the 2013 update
of the Beck et al. (2000) data set, again averaged over the years 1990-2011.

For India’s benchmark calibration, a value of 𝜆India = 1.345 allows us to match
exactly India’s ratio of external finance to output, obtained as described previously
for the U.S. For India’s schooling calibration we obtain𝜆India = 1.291, and 𝐴ℎ,India =

0.334. With these parameters we can match exactly India’s ratio of external finance
to output and average of 5.95 years of schooling.

We now comment on our reliance on a two-period overlapping-generations model
in order to quantify the effects of financial frictions. Buera et al. (2011) discuss
the potential pitfalls of such approach. They find that a two-period version of their
multi-period model understates the role of self-financing, and thus overstates the role
of credit frictions. Their argument is that a multi-period environment is therefore
needed in order to allow firms to grow out of the financial constraints, given persistent
productivity levels.12 Although we acknowledge this would be ideal, such approach
is unfortunately very costly here: the multi-period nature of both human capital
accumulation (by the child) and entrepreneurship (by the parent), together with the
fact that our model features two-dimensional abilities, would imply a large increase

12Implicit in this reasoning is a problem of lack of time-aggregation, i.e. a properly calibrated 30
year model like we have here might not necessarily correspond to the time aggregation of a higher
frequency model.
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𝑌 𝐾/𝑌 TFP

Model Data Model Data Model Data

U.S. 1.00 1.00 2.16 2.99 1.00 1.00

India bench 0.46 0.08 1.57 1.93 0.73 0.26school 0.05 1.74 0.50

Table 3: Macroeconomic aggregates

in the state-space.13 At the same time we believe our dynastic environment offers
a reasonable compromise, and it’s not clear to us the usual concerns associated
with two-period models apply. We note that the two-period model Buera et al.
(2011) rely upon features non-altruistic agents, born with no wealth, and leaving
no bequests. In contrast, we work with a dynastic environment with full altruism
and unrestricted bequests. These inter-generational links, together with the fact that
ability is persistent over generations, give opportunity for high-ability dynasties to
grow out of the financial constraints in our two-period model. Further, in our model
agents may also self-finance within a generation, by cutting back on entrepreneurial
schooling investments - the central mechanism we emphasize.

6 Quantitative Assessment

Consider the quantitative implications of frictions in the model, for the U.S. and
the two India calibrations, benchmark (only 𝜆 differs from the U.S.) and schooling
(both 𝜆 and 𝐴ℎ differ from the U.S.). Table 3 looks at the implications for aggregate
output, capital-output ratios, and aggregate TFP, both in the model and in the data.
Our data source is version 8.1 of the Penn World Tables (Feenstra et al., 2015).
Appendix E describes in detail the mapping between model and data.

The model produces significant differences in macro aggregates. The magni-
tudes are smaller than in the data for the benchmark (bench) calibration, but much

13Mestieri et al. (2017) do consider multi-period decisions in a dynastic framework similar to ours
in spirit, however ability differences in their case are only along the learning ability dimension. They
focus on several interesting implications of financial frictions over the life cycle, namely the timing
of entry into entrepreneurship and firm size dynamics, for which a multi-period model is necessary.
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closer for the schooling (school) calibration. The measured India-U.S. TFP differ-
ence in the data is 100 − 26 = 74%. This difference is 100 − 73 = 27% under
the benchmark calibration, i.e. 27/74 = 36% of the actual difference. Regarding
aggregate output, the model accounts for 59% of the actual 92% difference. Under
the schooling calibration, it accounts for 68% of the actual TFP difference, and
generates an output difference about as large as in the data.14

Table 4 provides a decomposition of the model-implied TFP loss in India relative
to the U.S. Based upon the intuition provided by the lognormal case in (23), we
perform a counterfactual decomposition of model TFP from (20). We now treat
proxy wedges and potential productivity as structural objects, and compute the
following sequence of counterfactual experiments for each calibration: (i) replace
𝑚 with𝑚U.S. (specialization), (ii) replace 𝜏𝑎 with its mean (schooling misallocation),
(iii) set 𝜏𝑎 = 0 (schooling under-investment), (iv) set 𝜏𝑘 = 0 (capital misallocation).
Potential productivity is the residual effect. This exercise is very much along the
lines of the lognormal one, with the main difference that we use the model-implied
distribution of proxy wedges and potential productivities, rather than relying on
the potentially restrictive joint log-normality assumption (e.g. capital wedges only
matter through the variance in (22)).

According to this decomposition, specialization contributes negatively to the
U.S.-India TFP difference, since the entrepreneurship rate is higher in India. The
other two terms, firm-level productivity and capital misallocation, respectively con-
tribute to a 23% and a 17% TFP difference under the benchmark calibration. Our
model produces TFP losses from capital misallocation which are a bit higher than
those in Midrigan and Xu’s (2014) model calibrated to Korea, which tend to stay be-
low 10%, but significantly lower than those reported by Hsieh and Klenow (2009),
which can be as high as 60%. Like in Midrigan and Xu (2014), entrepreneurs
adjust to the presence of financial frictions by relying more on self-financing. In
our model, this happens while entrepreneurs cut back on schooling investments
and spend a larger fraction of their early lives working for a wage, mitigating the

14The reason the latter calibration delivers output differences in line with the data in spite of lower
TFP differences (and similar capital-output ratios) is that human capital stock differences turn out to
be larger in the model than the PWT8.1 estimates we rely upon to compute TFP - see Appendix E -
even if we do match average years of schooling differences.
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quantitative role for capital misallocation.
The contribution of firm-level productivity is further decomposed into three

terms. Potential productivity is on average higher in India, since input prices are
lower, in spite of a worse ability selection into entrepreneurship. Lower input
prices give incentives for unconstrained entrepreneurs to expand their production
scale, and hence invest more in education. A lower interest rate also encourages
entrepreneurs to invest more in education, for given production scale. This term
therefore contributes negatively to the model-implied U.S.-India TFP difference.
However, schooling under-investment is more important in India, leading to a 22.7%
TFP loss. Finally, there is also a significantly higher degree of schooling misalloca-
tion in India: the most talented entrepreneurs are the ones cutting back the most in
terms of education, and this effect entails a 17.6% TFP loss. Taken together, school-
ing under-investment and schooling misallocation are the most important drivers of
India’s model-implied TFP loss.

The firm-level productivity effect is significantly larger under the schooling
calibration, accounting for a 49.4% TFP loss in India. One of the main effects
comes from what is now a 6.8% loss in potential productivity. This is due in part
due to a purely mechanical effect, but also to an amplification of lower schooling
investments in India. Our emphasis is on the latter effect. Higher financial frictions
in India play a more significant role when 𝐴ℎ is low, due to lower human capital
accumulation by entrepreneurs: schooling under-investment contributes to a TFP
loss which is now 13 percentage points larger, whereas schooling misallocation is
actually slightly lower.

It is possible to obtain a back-of-the-envelope figure for India’s TFP loss under the
schooling calibration which nets out the mechanical effect of a lower 𝐴ℎ. This effect
amounts to a 1 − 𝐴1−𝛾

ℎ,India = 15.2% TFP loss. Without it, the potential productivity
loss term can be approximated to 6.8 − 15.2 = −8.4%, actually a gain.15 The
total TFP loss in India would then still be 35.3%, still significantly higher than the
26.6 we obtain under the benchmark calibration. The intuition behind these larger

15Potential productivity captures direct, as well as some indirect effects of 𝐴ℎ,India < 1: ℎ∗

decreases induced by lower schooling inputs, ℎ∗ increases induced by lower input prices, and 𝑎∗
decreases due to a more adverse talent misallocation. The fact that we obtain a gain means the effect
of lower input prices is dominant, similarly to the benchmark calibration.
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TFP term % Loss India relative to U.S.
bench school

Specialization –14.8 –21.6
Firm-level productivity +22.9 +49.4

Potential productivity –21.0 +6.8
Schooling under-investment +22.7 +35.7
Schooling misallocation +17.6 +15.4

Capital misallocation +17.1 +18.1

TFP total 26.6 49.5

Note: Total TFP is recovered from the product of the partial effects.

Table 4: Aggregate TFP loss decomposition

effects follows from our discussion in Section 3.3.2. A lower 𝐴ℎ effectively weakens
the self-financing channel for future entrepreneurs, by lowering first-period labor
earnings. This makes schooling investments even more costly, thus amplifying
schooling under-investments.

It is worth to very briefly compare our TFP results with the related quantitative
literature. Buera and Shin (2013) and Buera et al. (2011) are among the closest
papers. Going from the perfect credit markets to financial autarky, the TFP losses
are estimated to be 24% in the former (which features exogenously-given firm-level
taxes/subsidies) and 36% in the latter (which features cross-sectoral variation in
fixed costs). Midrigan and Xu (2014) also estimate TFP losses up to 26% from
shutting down external finance relative to a Korean calibration, in a framework
with entry into entrepreneurship and the possibility of technology adoption. Our
estimates are therefore on the higher end of what the literature has found, especially
considering the role of schooling productivity. The comparison, however, is not
straightforward, given different model features, calibrations, and range of variation
of the severity of financial frictions. Financial frictions may quite plausibly generate
larger TFP effects if schooling investments were to be combined with the ingredients
emphasized by these different papers.

The next two sets of results provide a simple illustration of how well our model
does in matching certain micro–level production and schooling outcomes. Table 5
focuses on production. It displays the rate of entrepreneurship and the average firm
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ent.rate avg. firm size

Model Data Model Data

U.S. 4.8 9.2 1.00 1.00

India bench 12.0 48.6 0.38 0.29school 17.7 0.26

Table 5: Entrepreneurship rate and average firm size

size (relative to the U.S).
The rate of entrepreneurship in the U.S. is based upon the data from Section

4. For India, we rely on information from Ministry of Statistics and Programme
Implementation (2014).16 Entrepreneurs are household heads reporting to be self-
employed, and workers includes both salaried and casual labor. We report numbers
for ages 15 to 59, and across all genders, sectors, and regions.

In the data, our measure of size is the number of paid employees.17 Once
again, we take the data counterpart of an entrepreneurial firm in the model to be an
establishment. For the U.S., the evidence comes from Henly and Sanchez (2009),
based on the Census Bureau’s 2006 County Business Pattern Series. They report an
average of 15 employees per establishment across all sectors of activity (their Figure
1). For India, we rely on the Fifth Economic Census by the Indian Ministry of
Statistics and Programme Implementation, which concerns the year 2005. The data
is available for all sectors of activity across all Indian states, in both urban and rural
settings. It provides the same type of information (i.e. establishment and worker
counts by establishment size groups, for establishments with hired workers) as the
County Business Pattern Series in the U.S. This allows us to apply the same method
as Henly and Sanchez (2009) to obtain approximations to the relevant moments of
the size distribution in India from the establishment and worker counts, and ensures
comparability across the two countries. We obtain an average of 4.38 employees
per establishment in India, implying a India-U.S. ratio of 0.29 in the data.

16All Indian data used throughout the paper is available at https://www.mospi.gov.in/.
17We use the total firm-level labor input as the model counterpart. Unfortunately our model does

not distinguish between the number of workers and the quantity of human capital employed. To
partially address this issue, we equate the number of workers employed by a firm to max{𝑙/ℎ̄𝑤 , 1},
where ℎ̄𝑤 is the average level of human capital per worker in the whole economy.
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aggregate workers entrepreneurs

Model Data Model Data Model Data

U.S. 13.72 14.03 13.70 14.07 14.17 13.63

India bench 13.33 5.95 13.50 6.11 12.13 5.79school 5.93 6.51 3.24

Table 6: Years of schooling

Consistently with the data, our model generates more entrepreneurs in India,
operating on average at a smaller scale. The main mechanism driving the higher
rate of entrepreneurship is the drop in input prices, which encourages lower ability
individuals to engage in production. The magnitude, however, is much lower than
in the data.18

Overall, we can say that the model delivers firm-size distribution differences
which are consistent with the data. The model accounts for 76% of the 2/3 India-
U.S. difference in average firm size under the benchmark calibration, and nearly
matches that difference under the schooling calibration.

Table 6 looks at average years of schooling. The U.S. data, aggregate and by
occupation, are the NLSY79 used in our calibration. For India, we again rely
on Ministry of Statistics and Programme Implementation (2014), and focus on
population aged 15 to 59 between 2011 and 2012, across all sectors and regions,
including regular and casual workers.

The model produces lower schooling levels in India independent of occupation,
but by much less than in the data under the benchmark calibration. The main reason
the model is unable to deliver a larger effect is that the interest rate is lower in India,
which incentivizes larger schooling investments.19

The schooling calibration matches the average years of schooling in India by
18If we exclude agriculture from the data, in an extreme attempt to deal with the large importance

of subsistence farming in India, we still obtain an entrepreneurship rate of 37.8%. Such high
self-employment rates are most likely an artifact: the data counts helpers in family business as
self-employed, in addition to own-account workers and employers.

19The cross-country variation in schooling time is also lower than in the data in Erosa et al. (2010),
see their Figure 3. They argue that their human capital accumulation environment, same as ours,
tends to understate cross-country schooling time differences, while at the same time generating large
quality differences. Our model produces similar implications under the benchmark calibration.
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design. Schooling is now much lower for both workers and entrepreneurs. The effect
is significantly more pronounced for entrepreneurs in the model, more so than in the
data. A larger entrepreneurial response does stem from our central mechanism, with
entrepreneurial under-investment amplified by lower schooling sector productivity.
Such a counterfactually large response of entrepreneurial schooling in the model
compared to the data suggests that the distortions and the induced TFP effects
associated with this calibration are possibly too extreme. We therefore view the
plausible TFP losses in India to be somewhere in the 36% to 68% range.

7 Concluding Remarks

We investigate the aggregate productivity effects of financial frictions, in an environ-
ment where frictions impact both firm-level investment decisions, and household-
level schooling decisions. We show that, in anticipation of the effect credit con-
straints have on their future business activity, entrepreneurs under-invest in school-
ing. Further, this behavior is more pronounced among the most able entrepreneurs,
generating a misallocation of schooling investments. Both effects are shown to
produce important aggregate productivity losses, ranging from 36% to 68% of the
U.S.-India aggregate productivity difference. These findings imply that schooling
distortions are a major source of productivity differences. Our research suggests
educational policies, such as tuition subsidies or public provision of schooling, may
have significant productivity effects. Analyzing the role of such policies in reduc-
ing misallocation and improving production outcomes is a natural and interesting
direction for further work.
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Appendix

A Competitive Equilibrium

Definition. A stationary recursive competitive equilibrium is a set of value functions
𝑣𝑤 (𝜔, 𝑧, 𝑥), 𝑣𝑒 (𝜔, 𝑧, 𝑥), and 𝑣 (𝜔, 𝑧, 𝑥), together with the associated decision rules,
a set of entrepreneurial households 𝑀 , prices 𝑤 and 𝑟, and an invariant distribution
over household states Ψ such that given prices,

• 𝑣𝑤 (𝜔, 𝑧, 𝑥) and 𝑣𝑒 (𝜔, 𝑧, 𝑥) solve problems (Pw) and (Pe), respectively, and
𝑣 (𝜔, 𝑧, 𝑥) solves (10),

• the set of entrepreneur-households is defined by:

𝑀 = {(𝜔, 𝑧, 𝑥) ∈ 𝑆 | 𝑣𝑒 (𝜔, 𝑧, 𝑥) > 𝑣𝑤 (𝜔, 𝑧, 𝑥)} ,

where 𝑆 ⊆ R × R2
+ is the individual household’s state space, and 𝑚 =

∫
𝑀
𝑑Ψ,

• market for labor clears:

𝑚

∫
𝑀

𝑙𝑑Ψ +
∫
𝑆

𝑠𝑙𝑑Ψ = (1 − 𝑚)
∫
𝑆\𝑀

ℎ𝑑Ψ +
∫
𝑆

(1 − 𝑠) 𝜓ℎ𝑑Ψ,

• market for capital clears:

𝑚

∫
𝑀

𝑘𝑑Ψ =

∫
𝑆

𝑞

1 + 𝑟 𝑑Ψ,

• market for goods clears:∫
𝑆

𝑐𝑑Ψ +
∫
𝑆

𝑒𝑑Ψ + 𝛿𝑚
∫
𝑀

𝑘𝑑Ψ = 𝑚

∫
𝑀

𝑎1−𝛾
(
𝑘𝛼𝑙1−𝛼

)𝛾
𝑑Ψ,

• distribution Ψ is invariant and defined by:

Ψ

(
𝑆

)
=

∫
𝑆

𝑃

(
𝑋, 𝑆

)
𝑑Ψ (𝑋) for all 𝑆 ∈ B𝑆,

41



where 𝑃 : 𝑆 × B𝑆 → [0, 1] is a transition function generated by the decision
rules and the stochastic processes for 𝑧 and 𝑥, and B𝑆 is the Borel 𝜎-algebra
of subsets of 𝑆.

B Profit Functions

The solution to the profit maximization problem is, for unconstrained entrepreneurs
(𝑞 ≥ 𝑞∗ (ℎ, 𝑥), where 𝑞∗ (ℎ, 𝑥) ≡ (1 + 𝑟)𝑘∗/𝜆):

𝑘∗ =

[
(1 − 𝛼) (𝑟 + 𝛿)1− 1

(1−𝛼)𝛾

𝛼𝑤

] (1−𝛼) 𝛾

1−𝛾

(𝛼𝛾)
1

1−𝛾 𝑎

𝑙∗ =
(1 − 𝛼) (𝑟 + 𝛿)

𝛼𝑤
𝑘∗

𝑦∗ = 𝑎1−𝛾
(
(𝑘∗)𝛼 (𝑙∗)1−𝛼

)𝛾
Π∗ (ℎ, 𝑥) = 𝑦∗ − 𝑤𝑙∗ − (𝑟 + 𝛿) 𝑘∗ ≡ 𝐴𝑎,

and for constrained entrepreneurs (𝑞 < 𝑞∗ (ℎ, 𝑥)):

𝑘𝑐 = max
{
𝜆

𝑞

1 + 𝑟 , 0
}

𝑙𝑐 =

[
𝛾 (1 − 𝛼) (𝑘𝑐)𝛼𝛾

𝑤
𝑎1−𝛾

] 1
1−(1−𝛼)𝛾

𝑦𝑐 = 𝑎1−𝛾
(
(𝑘𝑐)𝛼 (𝑙𝑐)1−𝛼

)𝛾
Π𝑐 (𝑞, ℎ, 𝑥) = 𝑦𝑐 − 𝑤𝑙𝑐 − (𝑟 + 𝛿) 𝑘𝑐

≡ 𝐵 (𝑞) 𝑎
1−𝛾

1−(1−𝛼)𝛾 − (𝑟 + 𝛿) 𝜆

1 + 𝑟 𝑞,
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where

𝐴 =

[
𝐴0

(
(1 − 𝛼) (𝑟 + 𝛿)

𝛼𝑤

)1−𝛼
]𝛾

(1 − 𝛾)

𝐴0 =

[
(1 − 𝛼) (𝑟 + 𝛿)1− 1

(1−𝛼)𝛾

𝛼𝑤

] (1−𝛼) 𝛾

1−𝛾

(𝛼𝛾)
1

1−𝛾

𝐵 (𝑞) = 𝐵0 (𝑞𝛼𝛾)
1

1−(1−𝛼)𝛾

𝐵0 =
1 − (1 − 𝛼) 𝛾
(1 − 𝛼) 𝛾 𝑤

[
(1 − 𝛼) 𝛾

(
𝜆

1+𝑟
)𝛼𝛾

𝑤

] 1
1−(1−𝛼)𝛾

.

C Optimality Conditions

The first-order conditions for an interior solution to the household’s problem are:20

𝑤

(
𝑙 + 𝜓ℎ − 𝜓 (1 − 𝑠) 𝜂𝜉 ℎ

𝑠

)
𝑢′ (𝑐) =

𝛽
∑︁
𝑧′,𝑥′

𝜋 (𝑧′, 𝑥′|𝑧, 𝑥) 𝑣1 (𝜔′, 𝑧′, 𝑥′) 𝜔′
2 (𝑞, ℎ, 𝑥) 𝜂𝜉

ℎ

𝑠(
1 − 𝑤𝜓 (1 − 𝑠) (1 − 𝜂) 𝜉 ℎ

𝑒

)
𝑢′ (𝑐) =

𝛽
∑︁
𝑧′,𝑥′

𝜋 (𝑧′, 𝑥′|𝑧, 𝑥) 𝑣1 (𝜔′, 𝑧′, 𝑥′) 𝜔′
2 (𝑞, ℎ, 𝑥) (1 − 𝜂) 𝜉 ℎ

𝑒

1
1 + 𝑟 𝑢

′ (𝑐) = 𝛽
∑︁
𝑧′,𝑥′

𝜋 (𝑧′, 𝑥′|𝑧, 𝑥) 𝑣1 (𝜔′, 𝑧′, 𝑥′) 𝜔′
1 (𝑞, ℎ, 𝑥) .

20Notice that 𝑣1 is always defined at the optimum. Even though 𝑣 has a kink in the wealth
dimension induced by the occupational choice, the optimum will never occur at this kink. It follows
that, at the optimum, 𝑣1 is either equal to 𝑣𝑤1 or to 𝑣𝑒1 . Notice also that, with sufficient smoothness
introduced by the ability shocks, which we assume, the first-order conditions are not only necessary
but also sufficient for an optimum. See Clausen and Strub (2020) for a formal discussion.
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D Aggregation

The individual input demands from problem (Pf′) can be written as

𝑙 =

𝑎∗
[

1−𝜏𝑎
(1+𝜏𝑘)𝛼𝛾

] 1
1−𝛾

𝑚
∫
𝑀
𝑎∗

[
1−𝜏𝑎

(1+𝜏𝑘)𝛼𝛾
] 1

1−𝛾
𝑑Ψ

𝐿 ≡ 𝜛𝑙𝐿

𝑘 =

𝑎∗
[

1−𝜏𝑎
(1+𝜏𝑘)1−𝛾 (1−𝛼)

] 1
1−𝛾

𝑚
∫
𝑀
𝑎∗

[
1−𝜏𝑎

(1+𝜏𝑘)1−𝛾 (1−𝛼)

] 1
1−𝛾

𝑑Ψ

𝐾 ≡ 𝜛𝑘𝐾.

Aggregate production is then

𝑌 = 𝑚

∫
𝑀

𝑦𝑑Ψ = TFP
(
𝐾𝛼𝐿1−𝛼

)𝛾
where

TFP ≡ 𝑚1−𝛾
∫
𝑀

(1 − 𝜏𝑎) (𝑎∗)1−𝛾
𝜛
𝛼𝛾

𝑘
𝜛

(1−𝛼)𝛾
𝑙

𝑑Ψ.

E Mapping Between Model and Data

The aggregate production function in the data is

𝑌 = TFP
(
𝐾𝛼𝐿1−𝛼

)𝛾
,

where 𝐿 ≡ ℎℓ𝑁 is the total labor input, with ℎ being human capital per worker, ℓ the
total number of workers per engaged person, and 𝑁 the number of engaged persons
(which includes workers and the self-employed).

We proceed in a way analogous to the related literature employing decreasing
returns to scale technology (e.g. Buera and Shin, 2013) and abstract from scale
effects. That is, we treat the data as if 𝑁 = 1 for both the U.S. and India, and rewrite
the aggregate production function in terms of (lowercase) variables per engaged
person as

𝑦 = TFP
(
𝑘𝛼 (ℎℓ)1−𝛼

)𝛾
.
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We rely on PWT8.1 data in order to back out measured TFP for the U.S. and India.
We use data for the year 2005 on current-year PPP-adjusted GDP per engaged person
(variable CGDP𝑜 divided by EMP), capital stock per engaged person (CK/EMP), and
human capital stock per engaged person (variable HC), together with our parameter
values for 𝛼 and 𝛾. The PWT8.1 provide human capital stock estimates by mapping
average years of schooling from Barro and Lee (1993) through an exponential human
capital technology specification as in Caselli (2005), using returns to schooling
specific to each schooling level.

We assume that human capital per worker ℎ, which we do not observe in PWT8.1,
equals human capital per engaged person. The total labor input ℎℓ is then computed
by equating ℓ to one minus the rate of entrepreneurship from Table 5.

F Numerical Algorithm

We solve the model using value function iteration.

1. Discretization: Discretize 𝜔 into
{
𝜔0, . . . , 𝜔𝑁𝜔

}
. We choose the upper

bound and lower bounds such that increasing them further apart has a negli-
gible effect on the solution.

The VAR(1) process for abilities is discretized into a Markov chain using the
procedure described in Tauchen and Hussey (1991).

2. Occupational choice and production: Solve for𝜔′ (𝑞, ℎ, 𝑥) given the current
guess for prices 𝑤 and 𝑟 .

(i) Compute the threshold level of saving 𝑞∗ (ℎ, 𝑥).

(ii) Compute profits Π (𝑞, ℎ, 𝑥).

(iii) Compute next generation’s wealth 𝜔′ (𝑞, ℎ, 𝑥).

3. Saving and education: Solve for the decision rules 𝑒 (𝜔, 𝑧, 𝑥), 𝑠 (𝜔, 𝑧, 𝑥),
and 𝑞 (𝜔, 𝑧, 𝑥), given 𝜔′ (𝑞, ℎ, 𝑥) from step 2, and given the current guess for
prices.

45



(i) Guess value function 𝑉 𝑗 (𝜔, 𝑧, 𝑥) at gridpoints.

(ii) Solve for the right-hand-side of the Bellman equation:

𝑉 𝑗+1 (𝜔, 𝑧, 𝑥) = max
𝑐,𝑒,𝑠,𝑞

{
𝑢 (𝑐) + 𝛽

∑︁
𝑧′,𝑥′

𝜋 (𝑧′, 𝑥′|𝑧, 𝑥)𝑉 𝑗 (𝜔′ (𝑞, ℎ, 𝑥) , 𝑧′, 𝑥′)
}

subject to (4)-(6).

First try an interior solution for 𝑞. If 𝑞 ≥ −𝜆𝜙max{𝜔, 0} then the
solution has been found. Otherwise set 𝑞 = −𝜆𝜙max{𝜔, 0} and find 𝑠
and 𝑒 subject to this constraint. 𝑉 𝑗 is approximated by a piecewise linear
function for future wealth levels outside of the grid.

(iii) Iterate until 𝑉 𝑗 (𝜔, 𝑧, 𝑥) ≈ 𝑉 𝑗+1 (𝜔, 𝑧, 𝑥).

4. Invariant distribution: Approximate by simulating a large cross-section
of 𝑁 agents over a sufficiently large number of 𝑇 periods. Decision rules
are linearly interpolated over a very fine grid. The invariant distribution of
individual states {𝜔𝑛, 𝑧𝑛, 𝑥𝑛}𝑁𝑛=1 is the period 𝑇 outcome.

5. Market clearing: Check whether the labor and capital markets clear. Com-
pute excess demand for labor and capital from the invariant distribution as:

EDL (𝑤, 𝑟) =
1
𝑁

𝑁∑︁
𝑛=1

[
1𝑛𝑙𝑛 + 𝑠𝑛𝑙 − (1 − 1𝑛) ℎ𝑛 − (1 − 𝑠𝑛) 𝜓ℎ𝑛

]
EDK (𝑤, 𝑟) =

1
𝑁

𝑁∑︁
𝑛=1

(
1𝑛𝑘𝑛 −

𝑞𝑛

1 + 𝑟

)
,

where 1𝑛 is an indicator which takes the value of 1 if household 𝑛 chooses
entrepreneurship and 0 otherwise, and the remaining variables indexed by 𝑛
are the optimal decision rules as a function of the individual state 𝑛. Iterate
on market prices until EDL (𝑤, 𝑟) ≈ 0 and EDK (𝑤, 𝑟) ≈ 0.
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