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Abstract

Personal income tax in the U.S. has become less progressive since the late 1970s,
most prominently through a sequence of tax reforms in the 1980s. These changes
may shape the entrepreneurship by changing the expected returns from entrepreneurship as well as the insurance value through government’s redistribution. To what extent the changes in personal income tax schedule have affected the choice to become
an entrepreneur since the late 1970s? We develop and estimate a heterogenous-agent
model with occupation choice. The model features rich heterogeneity over the life cycle that captures observed and unobserved tradeoffs between being a worker and an
entrepreneur including asset accumulation, entrepreneurial productivity learning, nonpecuniary utilities, voluntary retirement, and bequests. We find that the change in income tax schedule alone explains most of the change in entrepreneurship from the late
1970s to mid 1990s. Life cycle features such as asset accumulation and learning help to
generate substantial heterogeneity in the elasticity of entrepreneurial choice to income
tax, with middle-to-old aged and wealthy households being more elastic, which is key
to understanding the compositional effects of tax reforms.
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Introduction

The level and progressivity of personal income schedule in the U.S. has been declining since the late 1970s
where most of the change is contributed by tax reforms occurring during the late 1970s and the mid 1990s,
noticeably the Economic Recovery Tax Act of 1981 (ERTA81), the Tax Reform Act of 1986 (TRA86), and
the Omnibus Budget Reconciliation Act of 1993 (OBRA93).1 The average marginal personal income tax
rate decreased from approximately 30% to 22% during late 1970s and the mid 1990s and has become fairly
stable since then, as documented by Piketty and Saez (2003) and Barro and Redlick (2011), and it decreased
disproportionally more for top income earners. Mertens and Montiel Olea (2018) document that the average
marginal tax rate decreased from over 50% to around 35% for the top 1% earners during the same period and
has been kept at the level of around 35% since the mid 1990s. Simultaneously, the share of entrepreneurs in
population increased from around 5% to 12%, most significantly in the early 1980s, and has been declining
steadily since the mid 1990s, as shown in Figure 1.

Figure 1: Share of entrepreneurs in population between age 25 and 75 in the US (PSID 1970–2018)
Note: Entrepreneurs are defined as self-employed household heads who are business owners in PSID
In this paper, we ask to what extent changes in personal income tax schedule have affected the choice to
become an entrepreneur. A more progressive tax system levies higher tax burdens on high income earners but
a lower tax burden on low income earners. Compared to wage earners, entrepreneurs earn on average higher
incomes but face higher risks. A change in personal income tax schedule may change the expected after-tax
earnings from entrepreneurship relative to paid employment and the insurance value through redistribution
(Cullen and Gordon (2006, 2007) and Wen and Gordon (2014)), and reallocate production activities be1

See Eissa (1996) for an excellent summary of the key features of these three tax reform acts.
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tween low and high productivity entrepreneurs (Meh (2005) and Boháček and Zubrickỳ (2012)), thus affects
individuals’ incentives to become entrepreneurs and leads to distributional consequences.2
We begin by documenting the evolution of personal income tax schedule over time. Following Benabou
(2002) and Heathcote, Storesletten, and Violante (2017) (HSV hereafter), we approximate the tax schedule
with a parametric function class which characterizes the income tax into a level and a progressivity parameter.
We estimate the time series of these two parameters using household-level income and tax data. Consistent
with Navarro and Ferriere (2020) and Wu (2021), we find that values of both parameters declined in the
two reforms in the 1980s, slightly increased during the reform in early 1990s, and became fairly stable
afterwards. As a result, the average marginal tax rates decreased disproportionately more for wealthier
households as documented by Mertens and Montiel Olea (2018).
To quantitatively investigate the impact of changes in the personal tax schedule on entrepreneurship, we
develop a general equilibrium heterogeneous agent life cycle model with occupation choice. We estimate
the model in a stationary economy using the method of simulated moments (MSM) to match data moments
constructed from the Panel Study of Income Dynamics (PSID) and the Panel Studies of Entrepreneurial Dynamics (PSED) and simulate a transitional dynamics economy by introducing the sequence of tax schedules
estimated in the data to the model to mimic the real world.
In the model, individuals accumulate assets to finance entrepreneurial activities as in Quadrini (2000)
and Cagetti and De Nardi (2006). As a key deviation from the assumption maintained in both papers that
individuals perfectly observe their entrepreneurial productivities before the occupational choice, we assume
that individuals gradually learn about their entrepreneurial productivity only through actively participating in
entrepreneurial activities. As individuals age, they hold more assets and predict about their entrepreneurial
productivity with higher precision. We also introduce non-pecuniary utilities, which is manifested as a
permanent heterogeneity in tastes of being an entrepreneur across households. In addition, we allow for
voluntary retirement and bequests to capture the incentive to accumulate non-trivial assets and supply labor
for older ages.
Our calibration choice of MSM allows us to combine information from different nationwide representative data sources. Variables on income, assets, employment status, and hours are obtained from the PSID.
We further combine the PSID samples with the NBER TAXSIM program to obtain estimates of taxes and
transfers. We exploit the questions from the PSED on personality traits (e.g., love of businesses) and forecasts of business sales to construct moments for estimating parameters for non-pecuniary utilities of being
an entrepreneur and the entrepreneurial productivity learning process, respectively.
2

A detailed discussion of the relationship between tax progressivity and entrepreneurial choice is provided in Section 2.
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While not directly targeted by the parameterization, our model is successful in matching rich crosssectional moments, such as the entry and exit rates of entrepreneurs by age. We show that all the three
key elements—wealth accumulation, learning, and non-pecuniary utilities—are quantitatively important in
replicating the salient features of the data, in separate dimensions. The increasing entry rate at the early stage
of the life cycle is mainly driven by wealth accumulation since young people have relatively lower asset level,
thus more likely to be financially constrained once they choose to become entrepreneurs. Entrepreneurial
productivity learning is the key to match the pattern of declining exit rate in duration of entrepreneurial
activities, thus the key to match the decline in exit hazard at the early career. The non-pecuniary utilities of
being an entrepreneur serves as a permanent heterogeneity in preference so as to match the age profile of
earnings for workers and entrepreneurs as well as the difference between them.
We then simulate the model in a transitional dynamics fashion to investigate the contribution of changes
in personal income tax schedules to the movements of share of entrepreneurs over time. We feed in the model
with time-varying tax schedules estimated from the data and keep all the other parameters and government
policies same as the benchmark and simulate the economy forward as an approximation of time series data.
We find that varying personal income tax schedule alone explains most of the variations in aggregate entrepreneur shares during the late 1970s and mid 1990s when the personal income schedule changes most
dramatically. We further validate our model by showing that our simulation reproduces the compositional
effects of the tax reforms, i.e., the older and wealthier households were more responsive to tax schedule
changes. We quantitatively capture this heterogeneous effect with a reduced-form auxiliary model that estimates the entrepreneur choice elasticities for different age groups to the changes in progressivity or top
marginal rate.
Armed with a well fitted and validated model, we finally proceed to explore the role of entrepreneurs
in the design of optimal personal income taxation by conducting counterfactual experiments. We compare
two economies — the baseline economy with entrepreneurs and an economy without the option to be an
entrepreneur, and consider two types of policy tools — progressivity and age-dependence. For the exercise
of progressivity, we find that the optimal tax in the economy with entrepreneurs features lower progressivity
as the incentive not to distort physical capital accumulation dominates the incentive to redistribute. For the
exercise of age-dependent taxes, we find that the optimal age-dependent tax decreases at a faster rate in
age and brings almost threefold welfare gains in the economy with entrepreneurs compared to the economy
without entrepreneurs. Our results highlight the importance of entrepreneurs and entrepreneurial choice
elasticities by age in the design of optimal tax in a realistic quantitative life cycle model.
Our paper provides several contributions. First, it is the first paper to quantitatively investigate the im-
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pact of personal income tax schedule changes on entrepreneurship within the framework of a heterogeneous
agents occupational choice model. We find that the two tax reforms in the 1980s, which reduced both the
level and the progressivity of personal income tax schedules, encouraged entrepreneurship, disproportionately for older and wealthier individuals. Second, our framework incorporates rich life cycle features such
as asset accumulation, entrepreneurial productivity learning, and non-pecuniary utilities and these model parameters are disciplined using novel datasets. We show that these model elements are quantitatively important in replicating different aspects of data, including the cross-sectional earnings and wealth distributions,
life cycle entrepreneurial entry and exit patterns, and entrepreneurial choice elasticities by age, wealth, and
tastes. Our framework thus provides a valid benchmark to evaluate comprehensive government policy reforms. Third, our numerical counterfactual experiments show that incorporating entrepreneur within a life
cycle framework deliver different answers to the characterization of optimal labor income taxes. Our results
highlight the quantitative relevance of entrepreneurs and heterogeneity in entrepreneurial choice elasticities
by age in evaluating the welfare effects of tax policy reforms.
Related Literature

Our paper builds on Quadrini (2000), Hamilton (2000), Cagetti and De Nardi (2006),

Hurst and Pugsley (2017), and Bhandari and McGrattan (2021) to study the determinants of entrepreneurship. Our model provides a unified framework with realistic life cycle features such as wealth accumulation
by earning wages from own’s labor and bequests, learning about entrepreneurial ability, and non-pecuniary
utilities. Our main deviation to include the rich life cycle features enables us to capture the substantial heterogeneity in entrepreneurial choice elasticity by age, asset, and non-pecuniary utility groups, thus provides
a comprehensive framework for solid policy evaluation.
We highlight the role of personal income tax schedule in entrepreneurial choice and emphasize it is a
quantitatively important margin in shaping entrepreneurship, thus contributing significantly to the evolution
of share of entrepreneurs in the U.S. over time. Earlier works, such as Blau (1987), focus on the period
before the 1980s. Salgado (2018). Karahan, Pugsley, and Şahin (2019), Colaiacovo et al. (2022) attribute
the downward trend of entrepreneurship after the late 1980s to skill-biased technological change and (or)
demographic changes. We focus on the periods between the late 1970s and mid 1990s, during which the
income tax schedule in the U.S. underwent substantial changes and the share of entrepreneurs experienced an
upward trend. We quantitatively show that the tax system towards a lower tax burden and lower progressivity
explains most of the increase in entrepreneurship.
Our paper also contributes to the quantitative optimal taxation literature (see, for instance, Consea, Kitao,
and Krueger (2009), Guner, Kaygusuz, and Ventura (2012), Karabarbounis (2016), among others). We join
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Kitao (2008) and Brüggemann (2021) to highlight the role of entrepreneurs in characterizing the optimal income taxation. Interestingly enough, most previous literature studying taxes in economies with entrepreneurs
abstract from life cycle features, while papers studying income taxes in economies with only wage earners
find large welfare gains of age-dependent taxes given age-dependent labor supply elasticity (Karabarbounis
(2016) and da Costa and Santos (2018)). Our numerical results complement both literature in showing that
matching an economy with entrepreneurs to realistic life cycle features, the entrepreneurial choice elasticity
that increases by age intensifies the result that optimal personal income tax should decrease by age.
Layout The paper is organized as follows. Section 2 characterizes the trend of personal income tax schedules in the US following the HSV framework and provides a review of theoretical predictions of tax reforms
on entrepreneurship. Section 3 develops a quantitative dynamic occupational choice model with rich life cycle features and defines the recursive competitive equilibrium. Section 4 discusses calibration strategy of the
stationary equilibrium and model fit. Section 5 simulates a transitional dynamics economy with time-varying
personal income tax schedules. We also validate our model by showing that the model generates patterns of
entrepreneurial choice elasticity over the life cycle that are consistent with the data. Section 6 presents the
implications on optimal taxation.

2
2.1

A first glance at the personal income taxes in the US
Estimation of tax schedule over time

Tax function Motivated by the fact that the logged after-tax income and logged pre-tax income exhibit
roughly a linear relationship in the US data, Benabou (2002) and Heathcote, Storesletten, and Violante
(2017) propose the following nonlinear function as an approximation for progressive taxes
T (y) = max{y − (1 − κ0 )(y)(1−κ1 ) , 0}

(1)

in which y is the pre-tax income and T (y) is the associated tax liabilities. Equation (1) characterizes the tax
function with a level parameter κ0 and a progressivity parameter κ1 . A tax schedule with κ1 = 0 corresponds
to proportional income tax system. As κ1 increases, the tax system becomes more progressive.
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Estimation Following Heathcote, Storesletten, and Violante (2017), we rewrite equation (1) as a relationship between logged pre-government income y and logged post-government income y − T (y):
ln(y − T (y)) = ln(1 − κ0 ) + (1 − κ1 )lny.

(2)

Applying the sample analog of specification (2) to cross-sectional income data, we then recover parameters κ0 and κ1 from an ordinary least squares (OLS) regression. In our benchmark estimation, we pool
entrepreneurs and workers together and include wages, salaries, commissions, bonuses, over-time and the
labor part of self-employment income in pre-tax incomes y. As will be detailed in Section 4, we take income
variables from the PSID and submit them to the TAXSIM program to obtain tax liabilities and exemptions.
Income tax schedules by tax reform cycles

We focus on year 1977–1996, during which the tax schedules

underwent the most significant changes and we can get observations at annual frequency from PSID. We
break 1977 to 1996 into five tax reform cycles. We estimate the income tax function on a yearly basis and
take the average of yearly estimates within a tax reform cycle as an approximation of tax schedule for that
tax reform cycle. The estimated results are summarized in Table 1 and the corresponding tax schedules are
plotted in Figure 2.3 Our estimates show that the two reforms in the 1980s, namely ERAT81 and TRA86
reduced income taxes in both the level and progressivity. The progressivity was further reduced but the level
slightly increased in early 1990s during OBRA93.
Table 1: Income tax schedules for simulation
Phases

ERTA81
TRA86
OBRA93

Years

κ0

κ1

1977–1978
1979–1981
1982–1986
1987–1992
1993–1996

0.0852
0.1165
0.1086
0.0782
0.0912

0.1895
0.2246
0.2028
0.1712
0.1416

Our estimates are largely consistent with features of the reforms documented by Eissa (1996) as well as
estimates from the previous literature. Applying the same HSV estimation procedure to the CPS data, Wu
(2021) finds that κ1 decreases from 0.187 between 1978 and 1980 to 0.137 between 2014 and 2016. Maintaining the same HSV specification but using a different estimation strategy that works with the aggregate
time series of average marginal tax rate (AMTR) and the average tax rate (ATR), Navarro and Ferriere (2020)
find that the progressivity dramatically decreased from 0.16 to 0.10 in a few years in the mid 1980s.
3

Estimation results by year from 1977 to 2005 are reported in Appendix A.
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(a) Marginal tax rates

(b) Average tax rates

Figure 2: Evolution of tax schedules by reform cycles
Note: The HSV functional form restricted to non-negative taxes implies an effective deduction at the level
1

of (1 − κ0 ) κ1 . Technically speaking, marginal tax rates are bounded below at a positive value determined
by the effective deduction.
Besides the HSV formulation, several other functional forms are proposed in the literature to approximate
the relationship between pre- and after-tax incomes, such as Gouveia and Strauss (1994), Guner, Kaygusuz,
and Ventura (2014), and Guvenen, Kuruscu, and Ozkan (2014). Different in the exact functional form, these
proposed approximations all allow for parameters that account for the level and convexity of tax schedules.
Estimates by assuming other functional forms exhibit similar trends and are available upon requests.

2.2

Tax reforms and entrepreneurial choice: theory

As can be seen from the previous subsection, the major tax reforms substantially changed the level and
progressivity of the effective tax. In this section, we provide a review of theoretical predictions on the
relationship between personal income taxes and entrepreneurial choices.
In a static occupational choice setup, progressivity affects entrepreneurial choice by changing the expected after-tax returns. Note that even if a tax reform can be revenue-neutral overall, it in general will
still introduce changes in expected returns for agents at different income levels. With the assumption of a
log-normal distribution of earnings, Wen and Gordon (2014) show that the total impact can be decomposed
into a variable that captures the net-of-tax income difference between self- and paid employment and a tax
convexity variable that captures the relative variability of incomes. Progressive taxes increase tax burdens
for high income realization, thus the net-of-tax income difference is strictly decreasing in tax progressivity
when self-employment generates higher expected returns than paid employment. The convexity variable
captures the difference between expected tax liability and tax liability of expected returns with a convex tax
7

function, alternatively speaking, the insurance effect due to shifting tax burdens from high income earners to
low income earners with a more progressivie tax system. The convexity variable thus has a positive impact
on entrepreneurial choice probability.
Note that these two effects hold only by the assumption of earnings distribution, but are independent of
the degree of risk aversion. Risk aversion apparently will deliver a higher insurance value, which increases
the magnitude of the convexity effect. Also note that a convex tax kink arises in the case of imperfect
loss offset under a tax system that is actually proportional in the domain of non-negative earnings, which
will also discourage entrepreneurship , as shown in Gentry and Hubbard (2000) and Cullen and Gordon
(2006).4 Wen and Gordon (2014) and Arulampalam and Papini (2021) empirically test model predictions
of these two variables with Canadian and Norwegian data respectively and find that flat tax reforms will
encourage entrepreneurship. Fossen (2009) assumes that income distribution is normal, in which case the
first effect diminishes under a revenue-neutral tax reform. Fossen (2009) comes to a different conclusion
that progressive taxes will encourage entrepreneurship due to better insurance and finds supportive evidence
from Germany.5
Tax reforms also lead to distributional consequences in environment where entrepreneurs have heterogeneous earnings. When the government adopts a flatter tax system, tax burden for low income (potential)
entrepreneurs decreases while tax burden for high income (potential) entrepreneurs decreases. Low and high
income groups change entrepreneurial choice decisions in opposite directions. The overall impact depends
on the elasticity of these two groups. In addition, progressive taxes also operates on the intensive margin
so as to incentivize high-income entrepreneurs to reduce their firm size and low-income entrepreneurs to
expand their firm size.
In a dynamic framework, things get more complicated as agents now care about discounted present value
of entrepreneurial incomes and tax reforms may affect entrant and incumbent entrepreneurs differently. On
the one hand, agents accumulate assets for entrepreneurial investment. A progressive tax will tax less on
entrant entrepreneurs and tax more when entrepreneurs gradually expand firm size. On the other, it may also
take time for entrepreneurs to learn about their abilities. Entrant entrepreneurs face higher risk, thus getting
higher insurance value from more progressive tax systems.
Lastly, in a general equilibrium framework, tax reforms also affects equilibrium prices, which leads to
non-trival redistribution effects across workers and entrepreneurs. Meh (2005) and Boháček and Zubrickỳ
4

In practice, tax credits and provisions will introduce additional convex or concave kinks, which complicates the overall impacts
by affecting marginal agents in different income ranges. Cullen and Gordon (2006) provides an excellent discussion on how EITC
and payroll tax treatment affect entrepreneurial choices through the convexity of effective tax function.
5
Figure A2 in Appendix A shows that the assumption of log-normal earnings distribution is more consistent with the US data.
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(2012) find that a flat tax reform, by reallocating production activities from low productivity to high productivity entrepreneurs, leads to an increase in wage rate. This offsets the increase in inequality due to the
alleviation of the tax burden faced by high income earners and leads to a much smaller impact on overall
inequality than that in an economy without entrepreneurs. The key element in driving this result is collateral
constraint. The cut in the marginal tax rate faced by high productivity entrepreneurs relaxes their borrowing
constraints and leads to an increase in entrepreneurial investments.
To sum up, tax reforms affect entrepreneurship through channels of expected returns, insurance, and
reallocation. The overall impact of tax reforms depend on the relative size of each force, which is typically
hard to evaluate analytically, especially for those involve complicated changes in both level and progressivity.
In the next section, we will build a structural dynamic framework to quantitatively investigate the impacts of
tax reforms on entrepreneurship in the US.

3

Model

In this section, we build up a tractable framework with rich elements that affect entrepreneurial choice
decisions. We incorporate non-pecuniary utility heterogeneity and entrepreneurial productivity learning into
a heterogeneous-agent life cycle model with endogenous savings and labor supply decisions where agents
can choose between being an entrepreneur and a worker. For expositional purposes, we present and estimate
the model economy in steady state equilibrium and thus abstract from time subscripts in this section.

3.1

Demographics and environment

Time is discrete. The economy is populated by a continuum of individuals. There are a total of J overlapping
generations in the economy, with generation j being of measure Γj . Individuals die with probability equal
to one at the end of J period. For simplicity, we assume there is no population growth and no stochastic
mortality shocks.
21

62

80

85

Enter labor market

Voluntary

Mandatory

Death

occupation choice

retirement

retirement

Bequest

o ∈ {W, E}

o ∈ {W, E, R}

Figure 3: Life cycle of the model
The age for each individual is indexed by j ∈ {1, ..., J}. Model period 1 refers to age 21, when an
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individual enters the labor market. We assume individuals of age less than 21 as inactive. The youngest
age to claim retirement and receive social security benefits is J V and the mandatory retirement age is J R –
after which all individuals have to retire regardless of their previous status. Hereafter we refer to ages below
J V as normal working ages, and age between J V and J R as voluntary retirement ages. We abstract away
from health shocks and medical expenditure shocks in older ages to simplify the problem. There are two
important reasons to introduce voluntary retirement in our model. First, voluntary retirement helps us better
capture the differences in assets accumulation and retirement hazards between entrepreneurs and workers
around the age of retirement. Second, as we will show later in the data section, older individuals are more
elastic in entrepreneurial choices, modeling retirement explicitly allows us to disentangle retirement from
other sources of elastic entrepreneurial choice for older ages.
We assume that all individuals enter the economy with zero initial assets, i.e. a0 = 0. Individuals
have certain probabilities to receive a same amount of a share of unanticipated bequest between age 20 and
55. The time endowment for each individual is one for each period. Before agents get retired, they make
occupation choices o ∈ {W, E, N } at each period: to work as employees (W ), to own and operate a private
business (E), or to exit the labor market (N ).
When first entering the labor market, each individual draws a permanent entrepreneurial productivity

from a normal distribution µ ∼ N νe , νe2 , which is called the individual’s innate entrepreneurial productivity. Individuals do not observe their true entrepreneurial productivity. Instead, they make occupation choices
based on their beliefs and gradually learn about innate entrepreneurial productivity through conducting entrepreneurial activities.
More specifically, the occupation choice is made based on idiosyncratic characteristics that is summarized by states xj = (xe , aj , w,j , µ̃e,j , ν̃e,j , e,j ) for an individual with age j where xe is a fixed state
that captures the love of business for that individual, a is assets, w is a wage income shock that captures
the individual’s productivity in working for an employer, µ̃e and ν̃e are two parameters that govern the
Bayesian learning process on the individual’s true entrepreneurial productivity, e is a signal to the individual’s true entrepreneurial productivity that the agent can observe and use it to update the belief on the innate
entrepreneurial productivity.
Before describing individuals’ problem in detail, we outline the precise timing of the model, summarized
in Figure 4. At the beginning of period j, agents already know their occupation choice since this decision
is made in the last period. If they are entrepreneurs, they observe a signal about their innate entrepreneurial
productivity e , and then they choose capital and labor for production. Next, they update the beliefs about
their true entrepreneurial productivity based on the signal as well as make decisions on consumption and
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saving. Finally, entrepreneurs decide their occupation choice for next period. For workers at the beginning
of period j, after their wage income productivity shocks are realized, they receive their wage income and
make consumption/saving decision as well as whether they would become an entrepreneur or a worker in
next period j + 1.

Period t

Period t+1

Figure 4: Timeline within one model period in normal working ages

3.2

Preferences

Individual preferences are described by the following expected utility function over sequences of consumption and leisure {cj , lj }Jj=1 :


J
X
β j−1 u (cj , lj )
E

(3)

j=1

where β is the discount factor. The expectation is taken with respect to the stochastic processes governing
idiosyncratic labor productivity and learning about the innate entrepreneurial productivity.
Both workers and entrepreneurs are endowed with one unit of productive time. Each individual’s leisure
choice lj is determined by:
lj = 1 − (φw,0 + hj )I{hj >0} − g(xe )I{oj =E}
For workers with age j, j < J R , they split the time endowment between work hj and leisure lj . If they
choose not to work at all (o = N ), their leisure l is just equal to one. If they work for positive hours,
11

i.e. h > 0 (o = W ), besides the disutility driven by positive working hours, they suffer an extra disutility
captured by φw,0 . For entrepreneurs (o = E), they need to pay a fixed cost of being an entrepreneur,
denominated in productive time units, which captures the disutility due to a fixed amount of time devoted
to entrepreneurial activity. The fixed cost is a function of the love of business characteristics state xe . This
means people with different love of business characteristics state xe face different levels of disutility of being
an entrepreneur. People who prefer being an entrepreneur suffer smaller disutility of being an entrepreneur.
Hurst and Pugsley (2011) and Hurst and Pugsley (2017) document that non-pecuniary benefits “play a firstorder role in the business formation decision.” Hamilton, Papageorge, and Pande (2019) and Jones and
Pratap (2020) find that non-pecuniary utility encourages smaller business to stay and attenuates effects of
policies aiming to increase entrepreneurship.

3.3

Government

The government needs to collect revenues in order to finance a certain level of government expenditures G.
In order to do so, it taxes consumption and personal incomes. Consumption income taxes τc is proportional.
Personal income taxes take the form as in equation (1). Taxable income y corresponds to wage income for
workers or business incomes (profits) for entrepreneurs.
The government also operates a balanced pay-as-you-go social security system. Individuals receive
social security benefits z that are independent of their contributions and are financed by social security tax
τss , which is linear in total income (the sum of wage income and business income). τss is exogenously given.

3.4

Entrepreneurial productivity learning process

Upon entering the labor market, each individual draws a permanent entrepreneurial productivity from a nor
mal distribution µ ∼ N µe , νe2 , which is the individual’s innate entrepreneurial productivity. Individuals
do not know their innate entrepreneurial productivities. They get the chance to learn it every time they choose
to become an entrepreneur. The occupation choice is made based on individuals’ beliefs about their innate
entrepreneurial productivity where the beliefs are updated in a Bayesian fashion.
In other words, each individual’s belief about their true entrepreneurial productivity is just equal to the

true population distribution of entrepreneurial productivity N µe , νe2 before they enter the labor market.
After choosing to become an entrepreneur, individuals receive an e,m shock, which acts as a signal of their
innate entrepreneurial productivity. Note that m captures the number of periods for which an individual
works as an entrepreneur. The signal consists of two parts: the true entrepreneurial productivity and an
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innovation that is independently and identically distributed across individual states. That is,
e,m = µ + εm

where εm follows i.i.d. ∼ N 0, σe2 .
Since both the innate entrepreneurial productivity and the innovation are normally distributed, the signal
e,m is also normally distributed. Moreover, since both the prior and the signal are normally distributed, the
posterior distribution after any number of observed signals will also be normally distributed. The distribution of the posterior beliefs after observing mth signals can be completely described by its mean µe,m and
2 . Using Bayes’ theorem and the assumptions of normal densities, one can write how the belief
variance νe,m

evolves as follows:

2
ν̃e,m
=

µ̃e,m =





νe2 σe2
nνe2 +σe2

if o = E


 ν̃
e,m−1

otherwise



2 ( µ̃e,m−1 +
 ν̃e,m
ν̃ 2
e,m−1




µ̃e,m−1

(4)

e,m
)
σe2

if o = E
(5)
otherwise

Note that m captures the number of periods for which an individual works as an entrepreneur, which
2 . Conditioned on other factors, the more periods
is a sufficient statistic for computing the variance νe,m

individuals run their own businesses, the more precise the information about the innate productivities that
they can obtain.
Further, as shown in equation (4), given number of periods working as entrepreneur m, the posterior
2
variance ν̃e,m
is increasing in both the variance of innate productivity dispersion νe2 and variance of i.i.d.

shocks σe2 , i.e. the absolute sizes of innate productivity and i.i.d. shocks jointly determines the precision of
belief given m. Equation (5) shows that the posterior mean µ̃e,m is a weighted average of prior mean µ̃e,m−1
2
and size of the i.i.d. shock e,m , weighted by the size of prior variance ν̃e,m−1
and i.i.d. shock variance σe2 .

As σe2 increases, individuals put a lower weight on the most recent i.i.d. shock e,m relative to the prior,
i.e., the relative size of i.i.d. shocks to innate productivity determines how fast individuals learn about their
innate productivity.
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3.5

Wage income process

Every period, individuals with age j receive a wage income yw,j that is addtive in the prevailing market wage
w, an exogenous age-dependent component θj , and a persistent idiosyncratic wage income shock w,j that
follows an AR(1) process in logs:
log yw,j = log ω + log(θj ) + log w,j

3.6

Asset market and borrowing constraints

Individuals have access to competitive financial intermediaries, who receive deposits from both workers and
entrepreneurs, and rent out capital to entrepreneurs. We focus on within-period borrowing, or capital rental
for production purposes. We do not allow borrowing for inter-temporal consumption smoothing, which
translates into non-negative financial wealth, i.e. a ≥ 0. The zero-profit condition of the intermediaries
implies a capital rental rate of r + δ where r is the deposit rate and δ is the depreciate rate of capital.
Several papers have documented the importance of borrowing constraints to the decision to become an
entrepreneur.6 Here, we assume that entrepreneurs’ capital rental k is limited by a multiple of the collateral,
i.e. k ≤ λa.

3.7

Entrepreneurial production and business income

At the beginning of each period, after observing the signal to the innate entrepreneurial productivity e , given
market prices, entrepreneurs make decisions on how much capital k to rent and how much labor n to hire for
production. They gains access to a decreasing-return-to-scale technology:
ee f (k, n) = ee (k α n1−α )η

(6)

where η < 1 is the span-of-control parameter. A share η of output goes to factor of inputs. Out of this, a
fraction of α is going to capital and 1 − α going to labor. ee is the exponential of observed entrepreneurial
productivity e .
6

See, for instance, Evans and Jovanovic (1989), Quadrini (2000), Hurst and Lusardi (2004), or Cagetti and De Nardi (2006).
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The business income is then computed as follows:
π(a, e ) = max{ee f (k, n) − ωn − (r + δ)k}
k,n

s.t

(7)

0 ≤ k ≤ λa
n≥0

3.8

Corporate sector

In reality, a large fraction of firms are not managed by households weighing the cost and benefit of running
their own business or working in someone else’s company. Therefore, as in Quadrini (2000) and Cagetti
and De Nardi (2006), we model a second sector of production populated by a large number of homogeneous
firms which we refer to as the non-entrepreneurial, or corporate sector. Firms in this sector are operating a
constant returns to scale production technology given by
AC F (KC , NC ) = AC KCξ NC1−ξ

(8)

where AC is the time-invariant corporate productivity, which will be normalized to 1, while KC , NC are
corporate capital and labor demand respectively. Both sectors produce the same good, and in both sectors,
capital depreciates at the same rate δ.
The problem of the corporate sector is then given by
πC =

max {AC FC (KC , NC ) − ωNC − (r + δ)KC }

KC ,NC ≥0

(9)

subject to the non-negativity constraints of factor demands.

3.9

Recursive problems

Value of retirement (J V ≤ j ≤ J)

Individuals can claims social security as early as age J V . Note

that retirement is an absorbing state and the value of retirement covers both the voluntary retirement and
mandatory retirement ages.
For j = J, individuals die with probability 1 at the end of the period, and the value is thus equal to the
value of bequest V(a):
VJR (a) = V(a) ∀ a

(10)

For J V ≤ j < J, once an individual chooses to retire, he or she cannot return the labor market in the
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future. Individuals thus only make consumption-savings decisions and enjoy leisure of unit 1:
R
VjR (a) = max
{u(c, 1) + βVj+1
(a)}
0
a

s.t.

a0 + c(1 + τc ) = a(1 + r) + z

(P1)

a0 ≥ a
Value in normal working ages (0 < j < J V ) During normal working ages, individuals make occupational choice decisions between being a worker or entrepreneur. For o ∈ {W, E}
Vjo (xe , a, w , µ̃e , ν̃e , e ) = max
{u(c, l; xe )
0
a ,c,l

+β
s.t.

W
E
max {EVj+1
(xe , a0 , 0w , µ̃0e , ν̃e0 , 0e ), EVj+1
(xe , a0 , 0w , µ̃0e , ν̃e0 , 0e )}}

o0 ∈{W,E}

a0 + c(1 + τc ) = a(1 + r) + (1 − τss )yjo (a, w , e ) − T o (yjo )


Π(µ̃0e , ν̃e0 |µ̃e , ν̃e , e ) for o = E
0
0
µ̃e , ν̃e =

µ̃ , ν̃
otherwise
e e

(P2)

a0 ≥ a
where yjo (a, w , e ) is the total o-occupation pre-tax income. That is, in a given period, an individual with
occupation o makes decisions on assets and occupation for next period based on idiosyncratic states. If the
individual is an entrepreneur in current period, her belief about the true entrepreneurial productivity will
be updated based on the signal e realized this period. Workers do not receive entrepreneurial productivity
signals and their belief will be the same as the end of last period.
Value of non-retirement in voluntary retirement ages (J V ≤ j < J R ) Starting from J V , individuals
can claim retirement and leave the labor force forever. Individuals form expectations based on the comparison between the value of retirement from problem (P1) and the value of continuing working. The only
difference from problem (P2) – the problem during normal working ages – is that individuals have an additional option to retire. The recursive problem is formulates as follows, for o ∈ {W, E}
Vjo (xe , a, w , µ̃e , ν̃e , e ) = max
{u(c, l; xe )
0
a ,c,l

+β

max

(P3)

W
E
R
{EVj+1
(xe , a0 , 0w , µ̃0e , ν̃e0 , 0e ), EVj+1
(xe , a0 , 0w , µ̃0e , ν̃e0 , 0e ), Vj+1
(a)}}

o0 ∈{W,E,R}

subject to the same constraints in problem (P2).
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3.10

Equilibrium

An individual with age j is indexed by states xj = (xe , aj , w,j , µ̃e,j , ν̃e,j , e,j ). Given a tax struc
ture τc , T ω (· ), T b (· ), τss and an initial distributions of workers and entrepreneurs over individual states
 W
Γ0 (x0 ), ΓE
0 (x0 ) , a stationary recursive competitive equilibrium comprises
• prices {w, r} and social security benefits z
• a sequence of workers’ policy functions on saving, occupation choice, consumption, and hours,
n 0
n
oJ R −1
oJ R −1
0
0
aW (xj ) , oW (xj ) , cW (xj ) , h (xj )
, with associated value functions VjW
, a sequence
j=1

j=1

of entrepreneurs’ policy functions on saving, occupation choice, consumption, capital rental, and labor
n 0
oJ R −1
n oJ R −1
0
0
hired, aE (xj ) , oE (xj ) , cE (xj ) , k (xj ) , n (xj )
, with associated value functions VjE
,
j=1
j=1
n 0
o
J
0
and individuals’ policy functions after retirement on saving and consumption, aR (xj ) , cR (xj )
,
j=J R
n oJ
with associated value functions VjR
R
j=J

• factors demand of the corporate sector, {KC , NC }
• a sequence of distributions over idiosyncratic states for both workers and entrepreneurs
n
oJ
E (x )
ΓW
(x
)
,
Γ
j
j
j
j
j=1

such that

1. Given prices w, r, the tax structure τc , T ω (· ), T b (· ), τss , and social security benefits z, the policy
functions solve individual’s problems (P1) and (P2).
2. The factors demand of the corporate sector solve equation (9).
3. Capital market clears:
J Z
X

W

a

(xj )dΓW
j (xj )

j=1

+

J Z
X

E

a

(xj )dΓE
j (xj )

= KC +

R −1 Z
JX

j=1

k(xj )dΓE
j (xj )

(11)

j=1

4. Labor market clears:
R −1 Z
JX

ω,j θj hj (xj )I{hj >0} dΓW
j (xj )

j=1

= NC +

R −1 Z
JX

j=1
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n(xj )dΓE
j (xj )

(12)

5. The Social Security system clears:

τss 

R −1 Z
JX

yjω (xj )dΓW
j (xj ) +

R −1 Z
JX

j=1


=
yjb (xj )dΓE
j (xj )

j=1

J
X

z

(13)

j=J R

6. The government balances its budget:

G = τc C +

R −1 Z
JX

T

ω

yjω (xj )



dΓW
j (xj )

j=1

+

R −1 Z
JX



T b yjb (xj ) dΓE
j (xj )

(14)

j=1

n
oJ
E
,
7. The distributions of workers and entrepreneurs at the beginning of period j respectively, ΓW
j (xj ) , Γj (xj )
j=1

evolve based on the individuals’ policy functions and the autoregressive process for the exogenous productivity states.

4

Calibration

In this section we describe how we parameterize and estimate the model in stationary equilibrium. The model
is estimated using method of simulated moments (MSM) to match standard moments as well as more novel
ones (e.g., moments informative about non-pecuniary benefits of being an entrepreneur and entrepreneurial
productivity learning) for the U.S. in 1996. A group of parameters are taken directly from the existing
literature or directly estimated from the data, while others are estimated internally from the simulation of the
model. For these, we numerically solve the steady state of this economy, obtain the ergodic distribution of
the economy, and calculate the moments of interests. After estimating the model carefully, we validate the
model using non-targeted moments as well as simulating tax reforms occurred between 1977 and 1996 to
recover the empirical entrepreneurial choice elasticities.

4.1

Data sources

We use two primary data sources: (i) the Panel Study of Income Dynamics (PSID) between year 1977 and
1996 and (ii) the Panel Study of Entrepreneurial Dynamics (PSED) Wave I (1998–2004).
4.1.1

PSID

Sample selection

Following Heathcote, Perri, and Violante (2010), we focus on the Survey Research Cen-

ter sample (SRC) of PSID and we choose a sample of heads of households from 1970 to 1997 (corresponding
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to true years 1969 - 1996) that includes information on gender, income, age, wealth, self-employment status,
and whether the head of a household owns a business.7 The sample comprises heads of households aged from
21 to 75 years old. The reason why we consider people even older than 65, unlike most of the macro labor
and taxation literature that only involves workers, is that there is still a non-trivial proportion of population
are entrepreneurs after 65, a normal retirement age for workers.8 For the definition of entrepreneurship, there
is no consensus in the literature.9 In this paper, we follow the definitions used in Quadrini (2000) and define
entrepreneurs as self-employed household heads who are business owners in order to maximize the number
of panel observations in PSID. We use our PSID sample to compute or estimate three sets of moments: (i) the
entry rate, exit rate, and entrepreneurs as a share of households over the life cycle;10 (ii) assets and earnings
age profiles; and (iii) personal income tax schedule.
Earnings Labor income of heads is defined as income from wages, salaries, commissions, bonuses, overtime and the labor part of self-employment income. The PSID splits self-employment income into asset and
labor components using a 50-50 rule. The earnings of heads consists of both labor income and business
income, which is equal to the labor income of head plus the asset part of business income. Note that the variable on the asset part of business income only applies to individuals who runs unincorporated businesses.
Unincorporated business owners are not sheltered from the losses of their ventures through limited liability.
This means that a head’s income can be positive, zero, or negative.
Taxes and transfers

We use NBER’s TAXSIM program to calculate federal and state level income taxes

for PSID household samples.11 Federal and state income taxes, and the Federal Insurance Contribution Act
(FICA) tax can be obtained from TAXSIM by submitting household data on income, age, state, and number
of children from the PSID. We define pre-government income as the sum of labor income of both head and
wife, private transfer, and net asset income. We define post-government income as pregovernment income
minus taxes and plus public transfers.
7
The reason why we focus on the period of 1970 - 1997 is because we want to compute entry and exit rate of entrepreneurs at
annual frequency.
8
Appendix A describes the sample selection and variable construction in full detail.
9
See Appendix A for a detailed discussion
10
The entry rate is calculated as the proportion of household heads that are neither business owners nor self-employed in period t
but become entrepreneurial households in period t + 1. Similarly, the exit rate is calculated as the proportion of households heads
that are entrepreneurs in period t but are not entrepreneurs in period t + 1.
11
More details on TAXSIM can be found in Feenberg and Coutts (1993).
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4.1.2

PSED

Survey design

PSED investigates the new business start-up process based on nationally-representative

samples of nascent entrepreneurs (NE). 12 The goal of the PSED was to sample individuals who were active
in business creation. We focus on PSED Wave I that began with screening in 1998-2000 with three followup interviews. There is also a control group (CG) consisting of individuals who are not involved in creating
new businesses for comparison with NE. The dataset contains useful information related to business creation
including business status, capital structure, legal form, expectations, and performances in terms of sales and
employment. It also contains information on demographics, labor market experience, and personality traits
that can be used to measure non-pecuniary benefits of being an entrepreneur for all the individuals in the
sample including both NE and CG.
Expectations and learning

Following Altig et al. (2020), we focus on sales to capture firms’ perfor-

mance.13 Before individuals actively work as an entrepreneur (period 0), they are asked to make forecasts on
the performance of business in the year 1 and 5 after production. In the following waves, these individuals are
survey with follow-up questions on both the performance in the current year and forecasts on performance
in the year 5 of production (i.e. a revised forecast on the same objective as in period 0).
Based on the data we have, we denote forecasts on sales made in period 0 for periods 1-5 by ESaleq0 for
q = 1, ..., 5. Since the survey only provides ESale10 and ESale50 , we linearly interpolate forecasts between
them to generate ESale20 , ESale30 , and ESale40 . We denote realized sales in period 1,2,3 by RSales for
s = 1, 2, 3. We denote forecasts on sales made in period 1,2,3 for period 5 and 10 by ESale5s and ESale10
s
respectively for s = 1, 2, 3. Our main measure of forecast errors is the deviation of the realized sales in
period s from an entrepreneur’s period 0 forecast of its sales for period s scaled by the sum of these two
variables.14 More specifically, forecast errors FErrors0 in period s = 1, 2, 3 are constructed as
FErrors0 =

RSales − ESales0
RSales + ESales0

(15)

Our main measure of forecast revision is the deviation of the prediction on sales for period 5 made in period
s from the prediction on sales for period 5 made in period 0 scaled by the sum of the two variables. More
12
To be considered a NE, individuals need to satisfy the following four criteria. First, the individual had to currently consider
himself or herself as involved in the firm creation process. Second, he or she had to have engaged in some business startup activity
in the past 12 months. Third, the individual had to expect to own all or part of the new firm being created. Finally, the initiative,
at the time of the initial screening survey, could not have progressed to the point that it could have been considered an operating
business.
13
We also use employment as an alternative measure for firms’ performance and report the results in Appendix A.
14
We do normalization this way is to ensure the forecast errors fall within a certain bounded interval, in our case, [−1, 1].
Alternatively, we can define forecast error as log(RSales ) − log(ESales0 ).
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specifically, forecast revision in period s on period-5 performance FRev5s for s = 1, 2, 3 is constructed as
FRev5s =

ESale5s − ESale50
ESale5s + ESale50

(16)

We plot our main results in Figure 7 that will be used to calibrate parameters for the entrepreneurial
productivity learning process. Figure 5(a) presents the distribution of the forecast errors (smoothed using
Kernel density estimation method) for period 1, 2, and 3. As we can see from Figure 5(a), the distribution
of FError is nearly symmetric at year 1, with standard deviation around 0.40. As discussed in the model
section, a wider dispersion of the forecasting error can be explain by either a wider dispersion of the innate
productivity or a wider dispersion of the i.i.d. shock.
Figure 5(b) shows how period-1 forecast revision on period-5 sales depends on forecast errors. More
specifically, we regress forecast revision about period-5-sales made in period 1 on forecast errors in period 1.
We obtain a R-square equal to 0.49 and coefficient equal to 0.66, which suggests a strong linear relationship
between forecast revision and forecast errors. This suggests that entrepreneurs indeed adjust their expectations on their firms’ performances based on the deviations of realized sales from the predictions they made
in previous periods. As discussed in the model section, the relative size of the variance of i.i.d. shock to the
variance of innate productivity determines the learning speed.
Combining Figure 5(a) and Figure 5(b) thus gives identification to the two key parameters of the learning
process — variance of innate productivity νe2 and variance of i.i.d. shocks σe2 .
(b) Forecast errors & forecast revision

(a) Distribution of forecast errors
1

Kernel density estimate

fitted

0

.2

Density
.4

.6

Forecast revision about year 5
0

.8

95% CI

−.5

0
Forecast error

Year 1

Year 2

.5

1

−1

−1

−1

Year 3

0
Forecast error year 1

1

R−sqr = 0.49 Coeff = 0.66

kernel = epanechnikov, bandwidth = 0.1714

Figure 5: Identification of parameters for entrepreneurial learning

Non-pecuniary utility We rely on survey questions from the PSED to document how personal traits affect
entry into entrepreneurship. As emphasized in Hamilton, Papageorge, and Pande (2019), a large literature
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in psychology has settled upon five traits (the Big 5), which summarize an individual’s personality. We use
Principal Component Analysis (PCA) to summarize the original 25 questions into six key traits, i.e. the Big
5 plus Love of Business. The construction follows Lise and Postel-Vinay (2020), which summarize multiple
questions on detailed skills into three main skills. The indices are normalized to lie in [0, 1] and we present
the distribution of LoB trait in Figure 6.

Figure 6: Approximation of love of business score distribution in PSED
Appendix A presents the detailed construction procedure and properties of the constructed personality
traits indices. Consistent with Caspi (2000) and Cobb-Clark and Schurer (2012), we find that all six personality traits appear to be relatively stable over the adult life cycle and exhibit no significant difference between
genders too. We also present evidence that among the six personal traits, only LoB is found to affect the
choice of becoming an entrepreneur.

4.2

Functional specification and parameterization

4.2.1

Demographics, preferences, and discounting

The model period is set to be one year. Individuals are born at age 21 (model period 1). They have the option
to retire voluntarily at age of 62 (model period J V = 42), have to retire at the age of 80 (model period
J R = 60), and die with probability 1 at model age 85 (model period J = 65).
Individuals have time-separable preferences over consumption and leisure and discount the future with
factor β. Individuals derive flow utility from consumption c and leisure l. Both workers and entrepreneurs
are endowed with one unit of productive time. Individuals’ decisions depend on preferences represented by
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the following flow utility functional form:

u(cj , lj ; xe ) =

(cγj lj1−γ )1−ζ
1−ζ

,

γ ∈ (0, 1), ζ > 0
(17)

lj =1 − (φw,0 + hj )I{hj >0} − g(xe )I{oj =E} .
In this utility function, γ is a share parameter determining the relative importance of consumption, and
ζ determines the risk aversion of the individuals. We set ζ = 4 which is standard in the macro labor
literature, and choose β and γ such that the stationary equilibrium of the economy with the benchmark tax
system features a capital-output ratio of 2.7 and an average share of time worked of one-third of the time
endowment.15
For a worker, they split the time endowment between work and leisure. Workers face a discrete choice
of four possible levels of weekly hours: hj ∈ [0, 20, 40, 50]. Leisure l for workers who work zero hours is
just equal to one. Workers who work positive hours derive disutility from working hours h and a fixed utility
cost of working φw,0 . We choose φw,0 to match a 70% employment rate in the U.S. for all the individuals
aged from 21 to 65.
Non-pecuniary utility

The non-pecuniary benefits/cost in our model is manifested as a fixed utility cost

of being an entrepreneur, g(xe ) in equation (17), which is a linear function of the Love of Business state
xe . In order to discipline the distribution of the Love of business States xe , we first generate a distribution
of the scores of Love of Business across nascent entrepreneurs from our PSED sample. Since the Love of
Business scores are ranged from zero to one, we approximate the scores to a Beta distribution with the two
shape parameters equal to 3.2 and 2.8 respectively. Finally, we discretize the Beta distribution with seven
states for simulation as in Figure 6.
We specify g(xe ) = φe,0 + φe,1 xe . The slope parameter φe,1 captures the differences in the utility cost
faced by agents with different Love of Business state xe , which affects the occupation choice. Since in the
data, the mean Love of Business scores of entrepreneurs is higher than that of workers in a significant way,
φe,1 should be negative. The more negative of φe,1 , the larger differences in the non-pecuniary utility costs
faced by agents with different Love of Business characteristic xe , which further leads to a larger difference in
the mean of Love of Business scores of entrepreneurs and of workers. Hence, we discipline the slope parameter φe,1 to match the moment on the difference in the mean of Love of Business scores of entrepreneurs and
workers, which is 0.10 in our PSED sample. The intercept parameter φe,0 is calibrated to match the share of
entrepreneurs in PSID, which is analogous to disciplining the fixed cost parameter of being a worker φw by
15

Jones and Pratap (2020) estimate ζ = 4.37 using a panel of diary farms owners.
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the employment rate.
Bequest Following De Nardi (2004) and Lockwood (2018), we use the following functional form for the
bequest utility function:
V(b) = (

φb
1−ζ̃
φb ζ̃ ( 1−φb cb + b)
)
1 − φb
1−ζ

(18)

This parameterization has good numerical properties and easy-to-interpret parameters.16 ζ̃ = 1 − γ(ζ − 1)
captures the weight on consumption, consistent with flow utility u(.). The parameter φb ∈ [0, 1) is the
marginal propensity to bequeath. Larger values of φb mean that people leave a larger share of the wealth left
over after buying cb worth of consumption as bequests. The parameter cb > 0 is the threshold consumption
level below which people do not leave bequests. We set the threshold parameter cb to target an amount of
$17000 estimated by Lockwood (2018), and calibrate φb by to match bequest as a share of wealth of 60%.
4.2.2

Wage income process
R

The age-productivity profile {θj }Jj=1−1 is taken from Hansen (1993).Wage income shocks follow a simple
2:
AR(1) process with persistence parameter ρw and unconditional variance σw

log w,j =ρω log w,j−1 + εw,j

(19)

2
εw ∼ i.i.d. N (0, σw
).

We approximate the stochastic process with seven discrete states. As in Consea, Kitao, and Krueger
(2009), we calibrate these two parameters to target moments on cross-sectional labor income (sum of wage
and non-wage) dispersion documented by Storesletten, Telmer, and Yaron (2004): (i) at cohort age 22, the
cross-sectional variance of households labor income is about 0.27, (ii) at age 60, it is about 0.9, and (iii) it
increases roughly linearly in between.
4.2.3

Production technology

The capital share parameter ξ of corporate firms’ production function is set to be 0.36 to match the labor
income share of corporate sector. For simplicity, we make the value of the capital share parameter of entrepreneurs equal to that of the corporate sector. The span of control parameter η is set to be 0.79 following
Buera, Kaboski, and Shin (2011). Taking the scale of production η into consideration leads to a capital
share αγ = 0.28 for the entrepreneurial sector, which is close to the value used in the macro literature on
16

See Appendix B for more details.
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entrepreneurs (e.g. Buera, Kaboski, and Shin (2011), Cagetti and De Nardi (2006)). The capital depreciation
rate is set to be 6% based on the BEA fixed asset tables taking both physical capital and BEA-measured
intangible capital (or IPP capital) into consideration. Since individuals’ wealth accumulation significantly
affects whether they are financially constrained or not once they become an entrepreneur, we discipline collateral parameter λ to target the PSID moment that the ratio of the median wealth held by entrepreneurs to
that held by workers is around six.
4.2.4

Entrepreneurial productivity learning process

We calibrate σe2 and νe2 to jointly match the variance of forecast errors in year 1 as documented in Figure 5(a)
and the slope of forecast revisions to forecast errors as documented in Figure 5(b). The identification comes
from the fact that these two moments are separately determined by the absolute and the relative sizes of σe2
and νe2 , as discussed in the model section. µe determines the level of profits for entrepreneurs and is thus
chosen to match the ratio of the mean of business incomes for entrepreneurs to the mean of wage incomes
for workers.
4.2.5

Government policies

The government in our model (meant to stand in for all levels−federal, state, and local—in the real world)
consumes resources, collects tax revenues, and operates a social security system. Part of tax revenues are
generated by a proportional consumption tax τc , which size we take as exogenous and set it to be 0.065, as
in Bhandari and McGrattan (2021). Moreover, the government runs a pay-as-you-go social security system,
defined by a linear payroll tax τss . We set it to be 0.124 following Consea, Kitao, and Krueger (2009), with
benefits z determined by the balanced government budget in the equilibrium (see equation (14)). The income
tax function parameters are taken from estimation in Section 2.

4.3

Model fit

With the baseline parameters in Table 2, we compute an equilibrium of the model and check if our model
is able to rationalize the entry and exit patterns of entrepreneurs over the life cycle. Moreover, we check
the implied aggregate moments, age profiles, as well as distributions on income, wealth, Love of Business
scores, and firm size are in fact aligned with the U.S. data.
Entrepreneurship over the life cycle

Figure 7 presents the first key result of our paper. Although none of

the moments on the age profile of the entry and exit of entrepreneurs are explicitly targeted, our model can
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well replicate the life cycle patterns of entry, exit, and the overall share of entrepreneurs in the households.
This is the consequence of the interaction among the three elements of the model: asset accumulation,
learning, and non-pecuniary utilities. The increasing entry rate for people over the age of 25-50 is mainly
driven by the asset accumulation since young people are more likely to be financially constrained if they
choose to become an entrepreneur due to the low wealth level among young people. The declining exit rate
for people over the age of 25-60 is mainly driven by learning. When people just enter the labor market,
they have no information about their true entrepreneurial productivities, so they enter the entrepreneurship to
learn about their abilities. This explains the high exit rate at the early stage of the life cycle. As individuals
obtain more information about their abilities, only productive agents will stay. This explain the declining exit
rate. We also check the life cycle moments that are more directly related to learning, which is the exit rate
by duration, reported in next paragraph. The role of non-pecuniary utilities in driving the life cycle patterns
is that it contributes to matching the age profile of earnings for workers and entrepreneurs, which directly
impacts the results of entrepreneurship over the life cycle.
(a) Entry rate

(b) Exit rate

(c) Entrepreneur share

Figure 7: Model fit – entry and exit rates over the life cycle

Exit rate by entrepreneurial duration

We first find that our model successfully generates the declining

exit rate over the entrepreneurial duration, as Figure 8(a) shows. The horizontal axis plots the number of
years that an individual has been an entrepreneur and the vertical axis plots the corresponding exit rate. The
alignment between the model moments and their empirical counterparts further illustrates that learning is an
important component of our model.
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Table 2: Model parameterization
Parameter

Description

Value

Demographics
JV
Youngest age of claiming retirement
JR
Age of mandatory retirement
J
Age of death
Preferences
ζ
γ
β
φω

Risk averion
Intensity of consumption
Discount factor
Fixed cost of working

42
60
65

Source/Target

Age 62
Age 80
Age 85

4
0.40
1.00
0.25

IES = 0.5
2,000 annual hours for workers
K/Y= 2.7
Employment rate = 0.70

Wage income
{θj }j=1,...,45 Age-dependent wage productivity
ρw
Wage income shock: persistence
σw
Wage income shock: std. dev

0.98
0.17

Hansen (1993)
Consea, Kitao, and Krueger (2009)
Consea, Kitao, and Krueger (2009)

Technology
ξ
α
η
δ
λ

0.36
0.36
0.79
0.06
1.50

Capital share: corporate
Capital share: entrepreneurs
Scale parameters: entrepreneurs
Capital depreciation rate
Collateral parameter

Government policy
τc
Consumption tax rate
τss
Payroll tax rate
κω,0
Income tax: level shifter
κω,1
Income tax: progressivity

0.065
0.124
0.0912
0.1416

Non-pecuniary utility
(βe,1 , βe,2 )
Beta distribution: LoB score
φe,0
Fixed cost of entrep.: intercept
φe,1
Fixed cost of entrep.: slope

(3.2, 2.8)
0.60
– 0.09

Corporate labor share
Buera, Kaboski, and Shin (2011)
BEA fixed asset tables
Median wealth entrep. to worker = 6.0

Bhandari and McGrattan (2021)
Consea, Kitao, and Krueger (2009)
PSID estimation
PSID estimation

PSED-Love of Business score
Share of entrep. in population = 8.8%
Diff. in mean LoB score:
entrep. to worker= 0.10

Bequest function
cb
Threshold consumption level
φb
Marginal propensity to bequeath

0.30
0.95

$17000
Bequest as a share of wealth = 0.6

Entrepreneurial productivity learning process
µe
Mean: innate entrep. prod.
νe
Std: innate entrep. prod.
σe
Std: i.i.d.shocks

1.25
0.37
0.50

Mean business to wage income = 1.2
Std. dev. of forecasting error = 0.40
Slope of forecast revision = 0.62

27

(a) Exit rate by entrepreneurial duration

(b) Recurrent entrepreneurial activities

Figure 8: Model fit – exit and recurrence of entrepreneurial activities

Recurrent entrepreneurial activities We also check whether the distribution of the recurrent entrepreneurial
activities implied by the model is consistent with the data. Since our model implicitly assumes that if an entrepreneur choose to exit and become a worker, she will not lose her learning experience on the innate
entrepreneurial productivity, which may not necessarily be true in reality, we need make sure that our assumption is not too extreme. In Figure 8(b), the horizontal axis represents the number of entrepreneurial
recurrence where the number one means an individual has been an entrepreneur once during the life-cycle
in our PSID sample and two means an individual has been an entrepreneur twice (enter and exit and enter
again) etc., while the vertical axis represents the share of a certain group of individuals in the horizontal axis
among all the individuals who have been an entrepreneur at least once. We can see that around 65% of the
individuals in the data have only been an entrepreneur once during their life-time. Furthermore, our model
can generate a similar pattern to the data.
Entrepreneurial earnings The existing literature that incorporates learning and information friction in a
structural model of entrepreneurs and occupation choice (e.g. Dillon and Stanton (2018); Hincapié (2020))
all rely on moments on earnings of entrepreneurs and workers to identify the learning process, while, in our
paper, we use direct evidence on entrepreneurs’ expectation formation to discipline the learning process. In
Figure 9, we show our model can well replicate the the mean of standard deviation of entrepreneurial earnings
by duration. This implies that the learning process estimated within the model should be appropriate.
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(a) Mean of log earnings

(b) Std. Dev. of log earnings

Figure 9: Model fit – earnings by entrepreneurial duration
Wealth percentiles As shown in Figure 10 using the Survey of Consumer Finance, there is still high level
of wealth accumulation at the later stage of individuals’ life cycle. By incorporating the element of bequest
into our model, the wealth percentiles over the life cycle for all the individuals and for entrepreneurs only
are close to its empirical counterpart. Panel (a) is the data and panel (b) is generated from the model. Our
model can replicate the overall life cycle pattern of asset accumulation. To be more specific, in both the data
and our model, for the overall population, asset peaks for the age group of 60-64 and drops afterwards. Our
model slightly overpredicts the drop in asset for the entrepreneurs at older ages. Our model does a good job
in matching the wealth distribution for both the overall population and the entrepreneurs. Our model slightly
underestimates the gaps between 95% percentile and the median.

5

Simulation of tax reforms 1977–1996

To quantitatively evaluate the impact of tax reforms on the trend of population share of entrepreneurs, we
simulate the economy between year 1977 and 1996. More specifically, we simulate the transitional dynamics
version of the economy laid out in the previous section by varying tax schedules over time based on our
estimation. We then validate our model with an auxiliary model that captures the distributional effects on
entrepreneurial choices elasticities by age groups.

5.1

Simulation

Simulation procedure We first obtain a steady state household distribution under the income tax schedule
of 1977. We fix all model parameters other than the income tax schedule to those in the benchmark and

29

(a) Data

All

Entrepreneurs
(b) Model

All

Entrepreneurs

Figure 10: Model fit – asset percentiles over the life cycle
simulate the transitional dynamics by varying income tax schedules according to reform cycles using estimates in Section 2. Within each cycle, the tax schedule in the first year is treated as a surprise shock and
the following years are under perfect foresight where households assume the tax codes will be fixed at the
current level forever. To reduce our computation burden, we assume away from aggregate shocks and other
policy changes.
Model fit Following the procedures above, we obtain the simulated data. We find our model can well
capture the changes in the average marginal tax rates for top 1% over time documented by Mertens and
Montiel Olea (2018) that use IRS data, as shown in Figure 11(a).
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(a) Top 1%

(b) By employment status

Figure 11: Average marginal tax rates in the transitional dynamics
Figure 12(a) shows that the tax schedule changes alone explain most of the increase of entrepreneurship
between 1977 and 1996. Moreover, as shown in Figure 12(b), the model also replicates fairly well the
entrepreneur share in the population over time for households in the top income percentiles.
(a) Population share of entrepreneurs

(b) By income percentiles

Figure 12: Evolution of population share of entreprenuers in the transitional dynamics

5.2
5.2.1

Validation: entrepreneurial choice elasticity by age group
A reduced-form auxiliary model

How would changes in the income tax schedule affect individual’s incentive to become an entrepreneur? To
quantitatively capture this effect, we need to be explicit about what aspects of the income tax schedule are
most relevant for the entrepreneurial choice. We believe that the population share of entrepreneurs should be
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responsive to tax schedules for high income. Entrepreneurs are overrepresented in top income distribution.
According to the 2013 wave of Survey of Consumer Finance (SCF), over 50% of household heads in top 1%
income distribution are entrepreneurs. Additionally, entrepreneurial activities typically involve more risks
than earning wages through paid employment. The fatter right tail distribution makes entrepreneurial choices
more elastic to top income tax codes.
We thus propose an empirical specification as follows to capture the heterogeneous effects of tax schedule
changes by age group

sgt = β0 + β1 τt +

6
X

βk Dg=k τt +

k=2

6
X

ηk Dg=k + ηt + εgt .

(20)

k=2

τt is the top marginal tax rate in Figure 13(a). sgt refers to population share of entrepreneurs for age group
g in year t constructed from PSID, as shown in Figure 13(b). We restrict our analysis to year 1977 – 1996,
during which the top marginal tax rate experienced significant variations. We consider six age groups, namely
g = 1, ..., 6, each referring to age groups {< 25, 25 − 34, 35 − 44, 45 − 54, 55 − 64, 65 − 74}. Dg=k is
the age group dummy. We introduce age group and year fixed effects ηk and ηt ’s to allow for the difference
in unconditional means by age group and time. With this specification, we are explicitly evaluating the
‘mid-to-long-run’ effects of tax schedule changes. Mertens and Montiel Olea (2018) adopts the difference
form of a similar specification to explore the ‘short-run’ responses of reported income to average marginal
tax rates. Compared with outcomes like incomes, which can be changed by adjusting hours with relatively
low adjustment costs and feature temporaneous responses, entrepreneurial choice can potentially take more
than one year to reveal. Individuals need time to choose physical facilities or obtain financial supports before
actively operating a business. For this reason, we prefer the specification in levels.
We run a simple OLS regression with the age group panel data. The age group 1 (age < 25) is automatically treated as the control group. The economic interpretation of β1 is thus the percentage point change
in the population share of entrepreneurs for age group 1 when the top marginal tax rate increases by one
percentage point. β1 + βk is the impact on age group k.
As shown in Figure 13(a), the top marginal rate was 70% before 1980 and was reduced to 50% by
ERTA81. The top rate was further reduced to 28% during TRA86 and was raised gradually to 40% after
OBRA93. The top marginal rate is stable around 40% since early ’90s.17 Given the overrepresentation of
entrepreneurs in the top income distribution, a large fraction of entrepreneurs should be faced with the top
marginal rate. Even if that is not the case, the modest assumption we maintain here is that as long as the
17

Data source: NBER.
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(b) Population share of entrepreneurs

(a) Top marginal income tax rate at federal level

Figure 13: Data inputs for auxiliary model
top rate is highly correlated with the government’s tendency to redistribute from high income earners to
lower income earners, the top rate, as an imperfect indicator of the government’s tendency, should still be
correlated with entrepreneurial choice when entrepreneurs make sufficiently high income.
Results We apply the auxiliary regression model in equation (20) to the simulated data. Column 2 of
Table 3 reports the regression results using PSID data and column 3 reports the results using simulated data.
Two main conclusions can be drawn from the regression results of the auxiliary model. First, consistent with our prior, the coefficients are negative for almost all age groups except for age group 1 (without
statistical significance), suggesting the increase in top marginal rates discourages entrepreneurial choices.
Second, people in age group 45-54 and 55-64 have larger and more significant responses to top rate changes,
amounting to around 0.2 percentage points decrease to a one percentage point increase in top marginal rate,
while other groups are not responsive. The overall elasticity is 0.12, which is consistent with estimates by
Giroud and Rauh (2019) using establishment level data.18
As shown in Table 3, our model successfully recover the empirical entrepreneurial choice elasticity (in
response to the top federal income tax rate) by different age groups.19 Alternatively, we use estimated
progressivity as a dependent variable for equation (20) specification and our model generate very similar
patterns, as shown in Appendix A. The success of these validation exercises on recovering the entrepreneurial
choice elasticities by age gives us confidence in studying the implications of optimal age-dependent taxation.
We are not defending the specification in equation (20) as the one to accurately estimate structural suffi18

The overall elasticity is calculated as the average of elasticities between age 25 and 65.
Other coefficients from the regression specification equation (20) using simulated data also largely coincide with the empirical
results. See Appendix B for more details.
19
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Table 3: Model fit of the auxiliary model
Data
β1
β25−34
β35−44
β45−54
β55−64
β65−74
R2

0.0015
– 0.0077
– 0.0411
– 0.1960***
– 0.2534***
– 0.0667
0.9289

Model
– 0.0137
– 0.0450
– 0.1058**
– 0.1510***
– 0.1649***
– 0.0649*
0.8519

*,**,*** refer to significance at 10%, 5%, and 1% respectively.

cient statistics that can be directly utilized to compute the optimal taxation, nor we want to defend the top rate
as the most sensible part of the tax schedule that entrepreneurs would be responsive to. However, one advantage of our approach is that the empirical specification only needs to provide a sensible guide in capturing the
incentive of entrepreneurial choices so as to be highly correlated with the underlying structural elasticities
we are interested in. The structural model can offer elasticities with cleaner structural interpretations as well
as determinants of elasticity heterogeneity. The structural model can also be utilized to compare empirical
specifications with alternative explanatory variables. We thus only need ‘an adequately relevant’ rather than
‘the most relevant’ empirical elasticities to guide the design of a structural model. Given the flexibility of
our approach, we keep our empirical specification to the minimal complexity.
Sensitivity To further understand the role of each model element, we report sensitivity of empirical entrepreneurial choice elasticity constructed from simulated data to model parameters. In each exercise, we
vary the parameter of interest and fix all other parameters and time series of tax schedules to those for the
benchmark simulation, and regress using equation (20) using the newly generated simulated data.
Figure 14 report sensitivity to the two key parameters characterizing entrepreneurial productivity learning. Figure 14(a) presents the empirical elasticities by fixing the variance of i.i.d. shock σe to that of the
benchmark value and varying the variance of innate productivity νe . As can be seen from Figure 14(a),
increasing νe increases the absolute values of elasticities for all ages. This is because a wider dispersion of
innate productivity implies that the probability of drawing a productivity above the entry cutoff increases
when the entry cutoff is above the mean of the distribution. Additionally, a higher νe is also associated with
a steeper age profile of entrepreneurial choice elasticity. When νe is positive, individuals can learn through
entrepreneurial activities, thus precision about innate ability improves by age, making older individuals more
elastic to entrepreneurial choice. When νe is zero, the productivity realization is completely random, individ-
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(a) Fix i.i.d. shock var. σe = 0.50

(b) Fix innate ability var. νe = 0.35

Figure 14: Role of entrepreneurial productivity learning
uals do not learn about their innate ability, leading to flatter age profile of empirical elasticities. Figure 14(b)
shows that the life cycle pattern of entrepreneurial choice elasticity is not sensitivity to the size of i.i.d. shock,
except for the older individuals.
Figure 15 further shows that a higher collateral parameter λ increases the elasticities at all ages as well
as intensifies the life cycle pattern. In Appendix B, we also report sensitivity to other parameters, such as
parameters about preference.

Figure 15: Role of collateral parameter λ
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6

Optimal taxation

In this section, we explore how the option to become entrepreneur would affect optimal design of personal
income taxes. We focus on steady state comparisons and assume that the government wants to maximize
the social welfare function, which is defined as the ex ante expected life-time utility of an individual born
into the stationary equilibrium implied by the chosen tax function. We restrict our attention to two types of
policy tools: progressivity and age-dependence. Across all experiments, we first fix government exogenous
spending G, social security tax rate τss and consumption tax rate τc as in the benchmark.
In the experiment of optimal progressivity, given tax schedule as in equation (1), we first compute the
associated level parameter κ0 that balances the government budget. We then iterate over the κ1 to find the
set {κ0 , κ1 } that maximizes the social welfare function as the optimal tax schedule.
To implement optimal age-dependent tax experiment, we extend the tax schedule from equation (1) to
equation (21), in which κ0 instead is a function of age j. We further specify that κ0 (j) changes linearly
according to age, with τj capturing age-dependence, as in equation (22). A positive τj means that the level
of tax schedule is increasing in age. In the experiment, we fix the progressivity κ1 to the benchmark value
and compute the associated level parameter τ0 that balances the government budget given τj . We then iterate
over the τj to find the welfare-maximizing parameter set {τ0 , τj } as the optimal age-dependent tax schedule.
T (y) = max{y − (1 − κ0 (j))(y)(1−κ1 ) , 0}

(21)

κ0 (j) = τ0 + τj j.

(22)

To illustrate the role of entrepreneurs, we consider an economy in which the option to be an entrepreneur
is not allowed, besides the benchmark economy with entrepreneurs. Table 4 summarizes our main results.
We find that the optimal progressivity in both economies is close to current US system (κ1 = 0.1416).
Further, we find that incorporating entrepreneurs slightly decreases the optimal progressivity. In the model,
introducing entrepreneurs increases the dispersion of incomes, which affects government’s incentive to redistribute. At the same time, higher progressivity will distort entrepreneur’s incentive to accumulate physcial
assets, in a similar spirit to Kitao (2008) in which government directly taxes capital. Our results show that
the second force slightly dominates.
Consistent with Karabarbounis (2016) and da Costa and Santos (2018), we find that the optimal agedependent tax in the worker only economy is decreasing by age. This is because the labor supply elasticity
in these models is increasing by age. In the economy with entrepreneurs, we find that the the optimal
taxes decrease at a faster speed by age, as the age slope parameter changes from −0.04 in the worker only
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economy to −0.08 in the economy with entrepreneurs. We also find that adopting an age-dependent tax
schedule brings larger welfare gains in the economy with entrepreneurs. Our results show that the agevarying entrepreneurial choice elasticity is quantitatively important for the optimal design of income taxes.
Table 4: Consumption equivalence of optimal taxes
Policy tool
Economy

Progressivity
Worker only With entre.

Age-dependence
Worker only With entre.

κ1
τj

0.16
0

0.15
0

0.1416
– 0.04

0.1416
– 0.08

CEV

0.08%

0.11%

0.12%

0.35%
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Data and measurement
PSID

The PSID sample used for studying the life-cycle behavior of entrepreneurs was generated following Heathcote, Perri, and Violante (2010) in general. From the raw data, we extract a sample of heads of households
from the SRC sample based on the waves from 1970 to 1997. All monetary variables (income and wealth)
are deflated using the Personal Consumption Expenditure index (PCE) and expressed in 2010 dollars. The
baseline sample considers households whose head is between 21 and 65 years old, both ends included. We
report summary statistics of the sample in Table A1.
Table A1: Summary statistics (PSID sample)

Obs. per year
Age (mean)
Men (%)
College or above (%)
White (%)
Income (mean, 2010$)
Wealth (mean, 2010$)

Wage Workers

Entrepreneurs

Labor Force

Total

2,284
38.1
83.4
27.2
89.7
49,357
153,164

261
43.0
94.6
36.1
96.0
74,778
688,013

2,690
38.4
83.7
27.3
89.8
50,135
206,887

2,994
39.6
81.4
26.0
89.1
45,882
206,294

Note: The table reports statistics of a sample of heads of households between 21 and 65 years old. Each statistic is the sample
average across all the survey waves between 1970 and 1997. Entrepreneurs are defined as self-employed business owners. All
monetary values are deflated by the PCE index and expressed in 2010 US dollars.

Definition of “head”

The head of the family unit (FU) must be at least 16 years old, and the person with

the most financial responsibility in the FU. If this person is female and she has a husband in the FU, then he
is designated as head. If she has a boyfriend with whom she has been living for at least one year, then he is
head. However, if she has 1) a husband or a boyfriend who is incapacitated and unable to fulfill the functions
of head, 2) a boyfriend who has been living in the FU for less than a year, 3) no husband/boyfriend, then
the FU will have a female head. A new head is selected if last year’s head moved out of the household unit,
1

died or became incapacitated, or if a single female head has gotten married. Also, if the family is a split-off
family (hence a new family unit in the sample), then a new head is chosen.

Samples In this paper, we only consider SRC sample (i.e. id68 <= 3000).

Top-coding and bracketed variables We deal with top-coded observations by assuming the underlying
distribution for each component of income is Pareto, and by forecasting the mean value for top-coded observations by extrapolating a Pareto density fitted to the non-top-coded upper end of the observed distribution.
In some of the early waves, a number of income measures were bracketed. For these variables, we use
the midpoint of each bracket, and 1.5× the top-coded thresholds for observations in the top bracket.

Variable definitions In the PSID all the questions are retrospective, i.e., variables in survey—year t refer
to calendar year t − 1. The interview is usually conducted around March. When variables were not defined
consistently across years (for example employment status was categorized differently in different years), the
variables were recoded based on their original (and less detailed) coding, so as to be consistent across years.
Income and earnings: Labor income of heads is defined as income from wages, salaries, commissions,
bonuses, overtime and the labor part of self-employment income. The PSID splits self-employment income
into asset and labor components using a 50-50 rule.
The earnings of heads consists of both labor income and business income, which is equal to the labor
income of head plus the asset part of business income. Note that the variable on the asset part of business
income only applies to individuals who runs unincorporated businesses. Unincorporated business owners
are not sheltered from the losses of their ventures through limited liability. This means that a head’s income
can be positive, zero, or negative.
Wealth: The measure of wealth is the variable WEALTH2, which is available in specific waves of PSID.
This variable is constructed as sum of values of several asset types (family farm business, family accounts,
assets, stocks, houses, and other real estate etc.) net of debt value.
Annual hours of work is defined as the sum of annual hours worked on the main job, on extra jobs, plus
annual hours of overtime. It is computed by the PSID using information on usual hours worked per week
and the number of actual weeks worked in the last year.
Labor force: a household head is considered in the labor force if her employment status is either “Working now”, “Only temporarily laid off, sick leave or maternity leave”, or “Looking for work, unemployed”.
2

Entrepreneur: The PSID provides several questions that can be used to classify individuals by their
entrepreneurial status. In our analysis, we use two of these questions. The first question is “Did you (or
anyone else in the family there) own a business at any time in (year) or have a financial interest in any
business enterprise?”. The second one is “On your main job, are you (head) self-employed, or are you
employed by someone else?”. An individual is defined as an entrepreneur if her answer to both questions are
“yes”.
For the definition of entrepreneurship, there are two major strands of literature to follow. The first strand
of literature (e.g. Decker et al. (2014), Haltiwanger, Jarmin, and Miranda (2012)) uses firm-level data or
establishment-level data to measure it and define entrepreneurs as a particular type of firms based on their
age and size (in terms of number of employees). Since available government datasets on the U.S. firms do
not have a specific entry for “entrepreneurs.” but have traditionally contained information about the size and
age of firms, some observers have written or spoken as if small and young businesses are synonymous with
entrepreneurs. We also notice that there are several recent papers defining entrepreneurship based on the
legal form of the business organizations (e.g. Bhandari and McGrattan (2021), Dyrda and Pugsley (2020)).
For example, Dyrda and Pugsley (2020) defines entrepreneurial income as the income from pass-through
entities (i.e. sole proprietorships, partnerships, and S corporate firms). The second strand of literature (e.g.
Quadrini (2000), Cagetti and De Nardi (2006)) uses household-level data such as PSID and SCF and define
entrepreneurs as a type of households based on whether they own a business or are self-employed. Even
among papers which use household-level data to define entrepreneurs, there is little consensus about which
households or individuals should be classified as such. For example, Evans and Leighton (1989) considers
entrepreneurs as those that are self-employed, Hurst and Lusardi (2004) considers all those households that
own a business, whereas Gentry and Hubbard (2004) defines entrepreneurs as business owners with a total
market value of businesses $5,000 or more. Quadrini (2000) considers individuals that must be both business
owners and self-employed as entrepreneurs. Cagetti and De Nardi (2006) define entrepreneurs as those selfemployed business owners that have an active management in the firm. Salgado (2018) thus refer to four
classifications of entrepreneurs that encompass the different alternatives considered in the literature. In
this paper, we follow the definitions used in Quadrini (2000) and define entrepreneurs as self-employed
household heads who are business owners in order to maximize the number of panel observations in PSID.20
20

The head of the family unit (FU) in PSID must be at least 16 years old, and the person with the most financial responsibility in
the FU. If this person is female and she has a husband in the FU, then he is designated as head.

3

Worker: a household head is considered to be worker if (1) her employment status is “Working now”
or “Only temporarily laid off, sick leave or maternity leave”, (2) she is neither self-employed nor a business
owner, (3) her labor income is positive, and (4) her annual hours is greater than 260.
Retirement: a household head is considered to be retired if (1) her employment status is “Retired”,
and (2) her social security income is positive. Note that adding condition (2) is to avoid the misreport of
retirement status. If we only rely on condition (1) to define retirement, we will see a pattern that around 5%
of retirees in our sample are within the age group of 21-50.
Here is the detailed procedure about constructing variables household earnings and hourly wages:
1. Obtain the SRC sample that includes data for labor income, business income, employment status,
gender, age, education, race, wealth, indicator on business owner for heads and wives of households.
2. Drop any observation (household) with missing age for either head or spouse.
3. Drop any observation with missing earnings but positive annual hours of work.
4. Drop any observation with positive earnings but zero annual hours of work.
5. Drop any observation with either head or spouse has nominal wage below half of the minimum wage.
6. Drop any household if neither the head nor the spouse is of working age, which we define as between
the ages of 21 and 65.

A.1.1

Earnings and wealth from PSID

In this section, we plot the earnings and wealth over the life-cycle as well as the earnings distributions for
different groups of people. We consider three groups: (1) entrants, which means first-year entrepreneurs,
(2) incumbents which means entrepreneurs excluding entrants, and (3) workers. Earnings is defined as
above. That is, workers’ earnings are their labor income. Entrepreneurs’ earnings are their labor income plus
business income. The measure of wealth is the variable WEALTH2 as found in specific waves of PSID. This
variable is constructed as sum of values of several asset types (family farm business, family accounts, assets,
stocks, houses, and other real estate etc.) net of debt value.
In Figure A1(a), we plot the median earnings for entrants, incumbents, and workers over the life-cycle
respectively, with the median earnings of workers with age 26-30 normalized to one. We can see that the
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median earnings of entrant entrepreneurs is always smaller than that of workers over the life-cycle. This
may suggest non-pecuniary value of entry, which is consistent with the two elements—learning and Love of
Business characteristics—in our model.21
In Figure A1(b), we plot the median wealth for entrants, incumbents, and workers over the life-cycle
respectively, with the median wealth of workers with age 26-30 normalized to one. It is not surprising to
see that entrepreneurs have higher median wealth level compared to workers, which is consistent with the
stylized facts that entrepreneurs in general are relatively wealthier people. For example, in SCF, even though
households headed by entrepreneurs make up only 7 to 8 percent of the population, they own nearly one-third
of the wealth in the United States.
(a) Earnings

(b) Wealth

Figure A1: Median earnings and wealth over the life cycle

In Figure A2, we plot the distributions of earnings for entrants, incumbents, and workers respectively.
We can see that both the earnings distributions of entrants and incumbents are more dispersed than that
of workers, with the median of entrants’ earnings smaller. While median earnings in entrepreneurs are
lower than median wage earnings, a subset of entrepreneurs have very high earnings. This may suggest a
learning story, as in, for instance, Dillon and Stanton (2018); Hincapié (2020), workers seeking to maximize
expected lifetime earnings may rationally enter entrepreneurship to learn about their entrepreneurial ability,
with the option to exit entrepreneurship as uncertainty resolves, even though their realized earnings during
entrepreneurship are often low.
21

We also admit that this pattern may be due to some mechanical reasons. For example, if a person enters entrepreneurship in
October and is considered as an entrant entrepreneur in that year, then her earnings equals ten months’ worker income and two
months’ entrepreneurial income. However, due to the limitations of PSID, we cannot rule out this kind of possibility.
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Figure A2: Earnings Distribution (PSID)
A.1.2

Life-cycle patterns of entrepreneurship from CPS

In order to verify the robustness of the life-cycle patterns of entrepreneurship, we consider the Current
Population Survey (CPS) that covers a much larger number of households compared to PSID. We construct
a panel using monthly CPS data following the method developed by Drew, Flood, and Warren (2014). From
the raw data, we extract a sample of heads of households from 1976 to 1997 at a monthly basis. All monetary
variables (income and wealth) are deflated using the Personal Consumption Expenditure index (PCE) and
expressed in 2010 dollars. The baseline sample considers households whose head is between 21 and 65 years
old, both ends included. We report summary statistics of the sample in Table A2.
Table A2: Summary statistics (CPS sample)

Obs. per month
Age (mean)
Men (%)
College or above (%)

Wage Workers

Entrepreneurs

Labor Force

Total

32,018
40.1
75.0
25.2

4,777
44.4
89.9
29.2

36,137
40.5
77.1
26.0

42,504
41.9
73.3
23.7

Note: The table reports statistics of a sample of heads of households between 21 and 65 years old. Each statistic is the sample
average across all the survey waves between 1976 and 1997 at a monthly basis. Entrepreneurs are defined as self-employed heads
of households. All monetary values are deflated by the PCE index and expressed in 2010 US dollars.

The entry and exit rate can thus only be computed at monthly frequency. We try to make our CPS sample
as close to our benchmark PSID sample as possible. The CPS sample covers a similar periods (1975 - 1997)
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and the entrepreneurs in CPS are defined as self-employed household heads.22 The age-profiles of entry,
exit, and entrepreneurs share using CPS are reported in Figure A3. Although the numbers are not directly
comparable between figures using the two datasets due to different definitions of entrepreneurs and different
data frequencies, their life-cycle patterns are extremely similar to each other.
(a) Entry rate

(b) Exit rate

(c) Share in Households

Figure A3: Entrepreneurship over the Life Cycle (CPS)

22

There is no variable on whether an individual is a business owner or not in CPS.
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A.2

PSED

Expectation Formation and Learning

The learning process is captured by how forecast revision on a

business’ performance depends on the corresponding forecast error. We rely on the following questions from
PSED I to measure forecast errors and forecast revision. Respondents in Wave 1 of PSED I report (1)We
would like to ask about your expectations regarding the future of this new firm. First, what would you expect
the total sales, revenues, or fees to be in the first full year of operation? (2)And what about in the FIFTH
year?. Respondents in Wave 2-4 report (1)What sales or revenue do you expect in the (current financial
year/first full year of operation)?

23

(2)What annual sales or income would you expect for the firm FIVE

years after the first full year of sales? (3)What annual sales or income would you expect for the firm TEN
years after the first full year of sales? This means we have (1) forecast data on sales for period 1 and 5 in
period 0, (2) realized sales in period 1, 2, 3, and (3) forecast data on sales for period 5 and 10 in period 1,2,3.

Summarize survey questions to personality traits

We use Principal Component Analysis to summarize

the original 25 questions into several key traits. The construction follows Lise and Postel-Vinay (2020),
which summarize multiple questions on detailed skills into three main skills. Consider number n types of
main traits, the construction method is as follows:
1. Run PCA on PSED questions and keep the first n principal components;
2. Recover traits indices by recombining predicted principal components in such a way that they satisfy
n certain exclusion restrictions;
3. Rescale the constructed traits to lie in [0,1].24
Besides the five traits considered by Hamilton, Papageorge, and Pande (2019), we additionally consider a
general trait for running a business.25 This is to isolate the preference solely for doing business, which
is orthogonal to the general OCEAN traits such as risk-taking, social activities, etc.. The restrictions we
consider are the questions in column ‘Restriction’ of Table A3 only reflect the corresponding traits.

Correlations between traits Table A4 reports the correlation between the constructed personality traits.
23
Since this question asks about sales/revenue in the current financial year, we regard the answer to this question as the realized
sales in that year. To make this approximation solid, we only keep NE that have started operating businesses.
24
Technical details are referred to the orginal paper of Lise and Postel-Vinay (2020).
25
More details on “OCEAN” can be found on https://en.wikipedia.org/wiki/Big_Five_personality_
traits.
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Table A3: Correspondence between “OCEAN” and survey questions
Personality traits

Description

Restriction

Love of business
Openness to experience
Conscientiousness
Extraversion
Agreeableness
Neuroticism

general love of business
inventive/curious vs. consistent/cautious
efficient/organized vs. extravagant/careless
outgoing/energetic vs. solitary/reserved
friendly/compassionate vs. critical/rational
sensitive/nervous vs. resilient/confident

QL1d
QL1q
QL1b
QL1h
QL1x
QL1i

Table A4: Correlations between traits

Love of Business
Openness
Conscientiousness
Extraversion
Agreeableness
Neuroticism

LoB

Openness

Conscientiousness

Extraversion

Agreeableness

Neuroticism

1.0000
0.3606
0.3237
0.1182
0.3206
0.2347

1.0000
0.3368
0.0056
0.5560
0.6973

1.0000
0.3695
0.2088
0.6665

1.0000
0.6670
0.6044

1.0000
0.8184

1.0000

Table A5 describes differences in the constructed personality traits between men and women and between different age groups. Men have significantly higher scores in openness traits and lower scores in
extraversion. Older individuals have significantly higher scores in conscientious trait. All other comparisons
are not statistically significant. In particular, the love of business trait does not differ by gender or age.
Table A5: Comparison of personality traits by gender and age
By gender

Love of Business
Openness
Conscientiousness
Extraversion
Agreeableness
Neuroticism
Sample size

By age

Men

Women

p-value

Age < 40

Age ≥ 40

p-value

0.5742
(0.0086)
0.5016
(0.0078)
0.6021
(0.0074)
0.5623
(0.0071)
0.6203
(0.0065)
0.5912
(0.0063)

0.5749
(0.0085)
0.4685
(0.0072)
0.6237
(0.0075)
0.6117
(0.0072)
0.6237
(0.0066)
0.5946
(0.0067)

0.9538

0.5727
(0.0088)
0.4823
(0.0075)
0.6250
(0.0083)
0.5847
(0.0078)
0.6174
(0.0067)
0.5945
(0.0069)

0.5774
(0.0094)
0.4871
(0.0083)
0.6006
(0.0076)
0.5876
(0.0079)
0.6270
(0.0072)
0.5908
(0.0071)

0.7189

379

395

337

337

0.0018
0.0410
0.0000
0.7123
0.7235

Note: standard deviation in parenthesis
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0.6694
0.0311
0.7984
0.3297
0.7106

Note that we are not the first to use the data from PSED to document empirical facts related to nonpecuniary benefits that determines the entry of entrepreneurship. Hurst and Pugsley (2011) also use PSED
and show that the median small business reports starting their business for non-pecuniary reasons. However,
their approach is different from ours. They rely on the question “Why do [or did] you want to start this
new business?”. They took the raw responses to the question and created five broad categories of their
own including non-pecuniary reasons and reasons related to the generation of income. The main responses
in the non-pecuniary category include “want to be my own boss,” “flexibility/set own hours,” “work from
home,” and “enjoy work, have passion for it/ hobby.” They find that roughly 50 percent of all respondents
reported non-pecuniary benefits as being one of the primary reasons they started their business. We see the
results generated using our approach complementary to theirs, and the biggest advantage of our approach is
that we can generate a distribution of Love of Business characteristic, which can be used to discipline the
non-pecuniary utility in our structural model.

Personality traits and entrepreneurship

We plot the distribution of scores of the six personal traits for

two groups of individuals in our sample—nascent entrepreneurs and workers (control group). As shown in
Figure A4, only the distribution of Love of Business scores exhibit significant difference between the two
groups of people.

A.3
A.3.1

Time series
Personal income tax schedule estimation

We generally follow Heathcote, Storesletten, and Violante (2017) to estimate the income tax function representing the U.S. income tax system. First, we obtain a SRC sample of the PSID following Heathcote,
Perri, and Violante (2010) as we do in Section A.1. Second, we use NBER TAXSIM to obtain Federal and
state income taxes, and the Federal Insurance Contribution Act (FICA) tax by submitting household data
on income, age, state, number of children, etc. from the PSID. Third, we define pregovernment income as
the sum of labor income of both head and wife, private transfer, and net asset income, and postgovernment
income equals pregovernment income minus taxes and plus public transfers. As in Heathcote, Storesletten,
and Violante (2017), we focus on heads of households aged from 25-60. We drop any household where none
of the adults working part-time at a wage rate >= minimum wage, using 1988 dollar. Then we can obtain a
labor income cutoff = 4h*5d*52w*$3.35/h = $3350. We drop any household where the total labor income is
10
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Figure A4: Distribution of scores of personal traits
smaller than $3350. Yearly estimates between 1967 to 2005 are reported in Figure A5.

(a) κ0

(b) κ1

Figure A5: Estimates of Tax Schedule Parameters by Year

11

B
B.1

Model
Model elements

Bequest Following De Nardi (2004) and Lockwood (2018), we use the following functional form for the
bequest utility function:
V(b) = (

φb
1−ζ̃
φb ζ̃ ( 1−φb cb + b)
)
1 − φb
1−ζ

(A1)

This is a re-parameterized version of a commonly-used functional form (e.g., De Nardi (2004); De Nardi,
French, and Jones (2010); Ameriks et al. (2020)), which nests as special cases nearly all of the functional
forms used in the literature. This parameterization has good numerical properties and easy-to-interpret parameters. To see this, consider the problem of the final period, after which individuals die with probability 1
as follows,

max u(c) + V(b)
c, b

s.t.

c+b=y

F.O.C. (assuming an interior solution) gives:
u0 (c) = V 0 (b) i.e. c−ν̃ = (
→ c = cb + (

φ ν̃ φ
) (
cb + b)−ν̃
1−φ 1−φ

φ −1
) b
1−φ

it thus follows that the optimal choice of bequest b?

b? =




0

if y ≤ cb



φ(y − cb )

if y > cb

Hence, it is easy to see that the parameter φ is the marginal propensity to bequeath and cb is a consumption
threshold. This means for people only leave bequest when their income y is above the threshold cb , and for
every dollar they earn above cb , they bequeath φ dollar. Note φ ∈ [0, 1).
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B.2

Model fitness

Aggregate Moments

We further check if the moments on the macroeconomic level generated from our

model is consistent with the data. The results are reported in Table A6.
Table A6: Aggregate moments
Values
Taxes to GDP ratios, %
Total taxes
Consumption tax
Wage income tax
Business income tax

23.9
2.4
16.6
1.6

Assets/sales to GDP ratios, %
Corporate fixed asset
Entrepreneurial fixed assets
Entrepreneurial sales

261.6
48.3
21.3

Distributions on income, wealth, and tax payments Our model is able to generate a realistic labor income distribution as well as a realistic tax payments distribution, as shown in Table A7. The source of data
is Kuhn and Rios-Rull (2016), which uses SCF 2013.
Table A7: Model fit – income/wealth/tax payment distributions
Gini

0 - 20%

20 - 40%

40 - 60%

60 - 80%

80 - 100%

Income quantiles
Income

Data
Model

0.55
0.56

0.3
0.7

6.5
2.4

10.9
8.6

18.1
22.5

61.4
65.7

9.9
19.4

86.7
63.4

Wealth quantiles
Wealth

Data
Model

0.85
0.66

-0.7
0.3

0.7
4.7

3.3
12.2

Income quantiles
Tax payments

Data
Model

0.3
1.1

2.2
2.4
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6.9
7.5

15.9
19.9

74.6
69.1

Firm Distribution in Entrepreneurial Sector We finally check the model fitness in distribution of firm
size in terms of employment in the entrepreneurial sector. The statistics are reported in Table A8. We can
see that our model is able to reproduce similar patterns to the empirical results we obtain from the Survey of
Consumer Finance (SCF) except the wealth distribution of entrepreneurs.
Table A8: Model fit – firm size distribution of entrepreneurs

Share of entre. in population %
Share of hiring entre. %

Data

Model

8.8
66.1

8.4
82.9

Frac. of entre. in top wealth percentiles %
1%
5%
10%
20%

54
39
32
22

35.9
31.0
23.8
17.4

69.2
11.9
6.5
12.5

42.3
40.2
17.5
0.0

Firm size distribution %
1-5 Employees
6-10 Employees
11-20 Employees
>20 Employees

Exit of entrepreneurs around retirement For the increase in the exit rate after the age of 60, we do a
decomposition of the exit rate to distinguish between the exit due to retirement and the exit due to switching
occupation. The results are presented in Figure A6. Starting from the age of 62, increasing exit rate is only
driven by the increasing retirement of people. Our model well replicates the exit of entrepreneurs around the
retirement. The key element that helps to match the data is voluntary retirement and bequest.

B.3
B.3.1

Transitional dynamics
Sensitivity to preference parameters

Figure A7 further reports sensitivity of the empirical elasticities constructed from model-simulated data to
discounting factor β and risk aversion ν. As can be seen from the figure, a higher discounting factor or a
lower risk aversion leads to a steeper life cycle pattern of age profiles.
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Figure A6: Model fit – exit of entrepreneurs around retirement
(a) Discounting factor β

(b) Risk aversion ν

Figure A7: Sensitivity to preference parameters
B.3.2

Age-dependent elasticities using estimated progressivity as a dependent variable

We use estimated progressivity as a dependent variable to run the OLS regression in both data and model
(simulated data). The result in reported in Table A9.

B.4

Structural elasticities

Construction of structural elasticities

We first compute short-run elasticities, which capture the current

period effect to a one-period temporary tax cut. Recall that in the model, individuals choose occupation and
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Table A9: Progressivity regression results
Model
β1
β25−34
β35−44
β45−54
β55−64
β65−74
R2

Data

– 0.1010*
– 0.1854**
– 0.3266***
– 0.4234***
– 0.4930***
– 0.2756***

– 0.1588
– 0.0120
– 0.0748
– 0.4583**
– 0.7947***
– 0.2853

0.9258

0.7679

*,**,*** refer to significance at 10%, 5%, and 1% respectively.

savings for the next period at the end of current period. To evaluate the short-run elasticity at a given age, we
fix the household characteristics distribution for the age and the expected value function in the next period
to the ones computed in the benchmark, allow individuals to re-optimize in anticipation of the marginal
return of savings to change due to the change in after-tax incomes, and evaluate relative changes to the
benchmark choices at the same age. This exercise serves two purposes: first, we validate model performance
by comparing the model-generated elasticities to empirical estimates; second, these estimates are suggestive
about the short-run policy impacts of temporary tax cuts.
The short-run elasticity exercise only captures the reallocation of consumption and savings between
current and next period and ignores asset accumulation, which could be an important margin of adjustment
after a permanent tax change. Keane (2011) suggests that the dynamic elasticities, which evaluates the total
effects over the lifecycle, are more informative about policy design in models with dynamic human capital
accumulation. In our second exercise, in evaluating dynamic elasticities for a certain age group, we apply
tax cuts to this age group and keep tax schedules unchanged for other ages, allow individuals to re-optimize
since the time when they enter the labor market, and evaluate the relative changes in outcomes aggregated to
individuals’ lifecycle.

Structural elasticities by age

Figure A8 reports our main results.26 Figure A8(a) clearly shows that the

short-run elasticity to become entrepreneurs rises from age 25 to 60, and stabilizes around 0.4 afterwards. In
the model, the young have a higher value of learning but are lower in asset. Our results suggests that asset
accumulation dominates. Figure A8(b) also shows a rising pattern of dynamic elasticity to age. Compared
with the short-run elasticity, the difference in elasticities between the young and the old is smaller, and the
26

To make the two elasticities comparable, we normalize them to the population of a age.
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(a) Temporary tax cuts

(b) Anticipated age-specific tax cuts

Figure A8: Short-run and dynamic elasticities of entrepreneur choice
dynamic elasticity peaks at a younger age group between age 45-49. The reason behind is that compared
with the old, the young face a longer horizon and gain more from learning and asset accumulation earlier.
Our aggregate short-run elasticity is 0.22, which is consistent with the findings from Giroud and Rauh
(2019) that a 1 percentage point decrease in the tax rates results in a 0.2 – 0.4 percent increase in the
number of establishments within the first year. Compared to papers with structural models that can replicate
the overall elasticity, such as Bhandari and McGrattan (2021), we further show that there exists a large
heterogeneity in elasticity along the dimension of age, which suggests that age-dependent business income
taxation may lead to substantial welfare gains.

Entrepreneurial choice elasticities heterogeneity

Figure Figure A9 further reports entrepreneurial choice

elasticities along the dimension of assets and non-pecuniary utilities. As can be seen from Figure A9, entrepreneurial choice elasticity is monotonically increasing in assets and non-pecuniary utilities. Our results
can be seen as a complement to Erosa, Fuster, and Kambourov (2016) and Attanasio et al. (2018). Both
papers find substantial heterogeneity in labor supply elasticity at the micro-level, including age, and call for
the importance of serious aggregation over groups for policy analysis.

Structural elasticities of savings Figure A10 presents elasticity of savings by age.
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(b) By LoB score

(a) By asset

Figure A9: Short-run entrepreneurial choice elasticity

Figure A10: Dynamic elasticity of savings
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