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of transformational individuals become entrepreneurs between age 25 and 35. Param-
eter estimates indicate that the main deterrents for them are (a) large non-pecuniary
costs associated with being an entrepreneur and (b) low returns to work experience in
entrepreneurship. Policies that incentivize individuals to become entrepreneurs early in
the life cycle are found to be effective in inducing transformational individuals to sort
into entrepreneurship. However, unless targeted appropriately, such policies are costly
to implement because they also induce a large fraction of individuals with relatively
low entrepreneurial skills to become entrepreneurs for non-pecuniary motives.
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1 Introduction

New business owners bring with them a stock of human capital, which has been acquired
through employment in the labour market and prior business ownership. Our understand-
ing of the returns to various types of experience in entrepreneurship, however, is limited
(Goetz et al., 2016). In this paper, I investigate the mechanisms that drive sorting into
entrepreneurship and entrepreneurial success among young individuals. I pay particular at-
tention to the value of prior work experience in entrepreneurship and how the decision to
become an entrepreneur fits into the broader career decisions of individuals.

I use administrative Canadian matched owner-employer-employee data to conduct my
investigation. This dataset allows me to precisely characterize the career histories of individ-
uals before they become entrepreneurs, and then track their business income. I have access
to 12 years of data, 2001-2012, and I focus on individuals who start their careers during this
time period.

I use information on the career choices and earnings of individuals each year to structurally
estimate a dynamic Roy model of career choice. I recover parameters governing: (a) the
returns to various types of experience in the labour market and in entrepreneurship, (b) the
non-pecuniary benefits associated with being a worker and an entrepreneur, and (c) career-
specific entry costs. As in Keane and Wolpin (1997), I specify a finite mixture model to
capture unobserved heterogeneity across individuals. This means that I separate individuals
into a finite number of unobservable types, and that I allow key parameters of the model
to vary by type. For example, to capture unobserved absolute and comparative advantages
between individuals, I allow the earnings process in each career to flexibly depend on type.
My use of a finite mixture model allows for the career choices and earnings of individuals
to be correlated with each other and over time. As such, it allows the model to handle
sorting on unobservables at labour force entry and across careers over the life cycle. I use
a computationally light two-stage procedure developed by Arcidiacono and Miller (2011) to
estimate the parameters of the model.

My results indicate that only a small fraction of the population has a comparative ad-
vantage in entrepreneurship at labour force entry. This subpopulation can be divided into
two groups: (1) individuals who earn more as entrepreneurs because they have low earnings
potential in the labour market and (2) individuals who have high earnings potential in all
careers. They represent roughly 8% and 6% of the population, respectively. Interestingly,
these two groups, which have emerged from the data, fit the profiles of subsistence and trans-
formational entrepreneurs, as described by Schoar (2010). For simplicity, I use the labels
subsistence and transformational to refer to them from here on in.
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In the model, there are two channels through which individuals acquire skills that are
valuable in entrepreneurship: experience in entrepreneurship and work experience. I confirm
recent empirical evidence that experience in entrepreneurship is an important channel through
which individuals acquire skills that are valuable in entrepreneurship (e.g., Gompers et al.,
2010; Lafontaine and Shaw, 2016). I find, however, that this channel is mostly relevant for
the two types of individuals mentioned above: subsistence and transformational. For the
vast majority of the population, the returns to experience in entrepreneurship are small.

I find that prior work experience is of limited value in entrepreneurship, unless it has been
accumulated in high productivity firms. Experience in high productivity firms is particularly
valuable for the subsistence type. For these individuals, five years of work experience in high
productivity firms increases their baseline earnings in entrepreneurship by about 75%. For
the transformational type, work experience is of limited value in entrepreneurship, regardless
of whether it has been accumulated in high productivity firms or in low productivity firms.
Broadly, these results are consistent with Lazear (2005)’s theory that individuals must have
a general set of skills to be successful in entrepreneurship.

My main result is that a very small fraction of the population has the potential to be
successful in entrepreneurship: the transformational type. Despite large earnings premiums
in entrepreneurship, only 4% of transformational individuals become entrepreneurs between
age 25 and 35. Parameter estimates indicate that the main deterrents for them are (a)
large non-pecuniary costs associated with being an entrepreneur and (b) low returns to work
experience in entrepreneurship. I interpret these large non-pecuniary costs as evidence of
risk aversion: entrepreneurship can be unattractive because it is inherently more risky than
other careers.1 Interestingly, I find that entry costs are a second-order consideration for the
transformational type.

I use the estimated model to evaluate the impact of policies designed to promote successful
entrepreneurship. I find that providing direct financial incentives to become an entrepreneur
early in the life cycle induces transformational individuals to sort into entrepreneurship.
Specifically, a $10,000 subsidy that is only available to individuals who become entrepreneurs
at labour force entry increases the fraction of transformational individuals who become en-
trepreneurs by about 10%. However, unless targeted appropriately, such a policy is costly
to implement because it also induces a large fraction of individuals with relatively low en-
trepreneurial skills to become entrepreneurs.

This paper contributes to our understanding of the relative importance of various fac-
1Hincapié (2020) estimates a dynamic Roy model of career choice that formally incorporates risk aversion.

He finds that risk aversion reduces the fraction of entrepreneurs in the economy by about 40%. See also
Kihlstrom and Laffont (1979), Iyigun and Owen (1998), and Hall and Woodward (2010) on the importance
of risk aversion.
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tors affecting the decision to become an entrepreneur, as well as to our understanding of
the determinants of entrepreneurial success. A recent set of papers has documented sub-
stantial heterogeneity in the ambition, ability, and preferences of entrepreneurs (e.g., Schoar,
2010; Hurst and Pugsley, 2011, 2015; Levine and Rubinstein, 2016). My paper is part of a
nascent literature in entrepreneurship that explicitly takes into account such heterogeneity in
modelling the dynamic career decisions of individuals (Dillon and Stanton, 2017; Humphries,
2019; Hincapié, 2020). In particular, Humphries (2019) also uses administrative data and a
dynamic Roy model to understand how entrepreneurship fits into the broader labour market.
Among other things, he finds that cognitive and non-cognitive skills, education, and past
experience are important determinants of entrepreneurial success.

I complement Humphries (2019) in three ways. First, I add to our understanding of the
importance of labour market experience for entrepreneurial success. A distinguishing feature
of my model is that it accounts for the presence of heterogeneous employers in the labour
market.2 I classify firms based on quartiles of the productivity distribution and estimate
heterogeneous returns to prior work experience by firm class. Empirically, I use firm-specific
components of the wage to measure the productivity levels of firms based on the fact that
productive firms offer higher wages (e.g., Serafinelli, 2019; Card et al., 2016). In the model,
employers with different productivity levels offer different pay schedules and different learning
opportunities. By working in productive firms, future entrepreneurs have the potential to
acquire skills that are necessary to run a successful business. In the model, employers with
different productivity levels also offer different non-pecuniary benefits and have different costs
of entry.3

Second, I provide the first evidence that the returns to various types of experience in
entrepreneurship are heterogeneous and correlated with unobserved ability. In particular, my
paper is the first to show that prior work experience is of limited value in entrepreneurship for
high ability individuals. As I show, this heterogeneity is key to understanding how policies
can affect change in entrepreneurship.

Finally, the model recognizes the fact that career decisions are made in a macroeconomic
environment that fluctuates over time. I build on recent advances in the estimation of
dynamic discrete choice models (e.g., Scott, 2013; Traiberman, 2019) to allow earnings in
the labour market and in entrepreneurship to be differentially affected by aggregate price
fluctuations. This allows my model to handle sorting on the basis of time-varying economic
shocks that are career-specific.

2This is a pervasive feature of the labour market (e.g., Abowd et al., 1999; Syverson, 2011; Bonhomme
et al., 2019).

3If knowledge spillovers exist, we would expect the costs associated with entering a firm to depend on its
productivity level. See, for example, the market for jobs model of Rosen (1972).
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The remainder of the paper proceeds as follows. In Section 2, I present the data and
provide new descriptive statistics about entrepreneurship. In Section 3 and Section 4, I
present the model and discuss the estimation procedure. I present the results in Section 5
and discuss policy simulations in Section 6. I conclude in Section 7.

2 Data

2.1 Data Sources and Measurement

My investigation uses administrative Canadian matched owner-employer-employee data. The
dataset contains information on the universe of workers, firms, and business owners in Canada
between 2001 and 2012. It is created by merging various administrative tax files. Informa-
tion on workers comes from individual tax returns (Form T1, similar to Form 1040 in the
U.S.). These individual tax returns are merged to firm records of employment remuneration
(Form T4, similar to Form W-2 in the U.S.) to create a matched employer-employee dataset.
Additional information on firms comes from corporate income tax returns (Form T2, similar
to Form 1120 in the U.S.) and firm book values. Information on business owners comes from
unincorporated business declaration files and shareholder information for private corpora-
tions (Form T2 - Schedule 50). The business owner files, which are linked to both the worker
file and the firm file, allow me to identify entrepreneurs in the data and to follow them over
time. I now describe the procedure used to construct a panel with information on the career
choices and earnings of individuals each year.

Individuals derive annual earnings from three main sources: employment income, unincor-
porated business income, and incorporated business income. I define incorporated business
income as the sum of all employment income received from incorporated businesses owned
by the individual plus the sum of all dividends and retained earnings weighted by ownership
share.4 I assign individuals each year to their main career on the basis of their main source
of income. Throughout the paper, I refer to individuals who derive most annual earnings
from employment income as workers. To characterize work experience, I assign workers who
hold multiple jobs in a given year to the employer from which they derive most employment
income during the year. Unincorporated business owners and incorporated business owners
are individuals who derive most annual earnings from unincorporated business income and
incorporated business income, respectively. I assign unemployed individuals and individuals
that are out of the labour force to non-employment.5 I also assign individuals who make

4This measure of business income is similar to the "equity-adjusted draw" measure used by Hamilton
(2000).

5I observe most individuals that are unemployed or out of the labour force because individuals need to
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less than $8,000 at their main career to non-employment. I do this to minimize the effect
of part time work and, more generally, to make sure that individuals have a non-negligible
attachment to the labour force.6 All dollar amounts are converted into constant 2012 dollars
using Bank of Canada’s core CPI index.

Figure 1 shows the distribution of the logarithm of annual earnings for workers, unin-
corporated business owners, and incorporated business owners. This figure illustrates why
it is important to make a distinction between the two types of business owners in the data.
Unincorporated business owners earn significantly less, on average, than workers. This is a
robust finding in the empirical literature in entrepreneurship (e.g., Evans and Leighton, 1989;
Hamilton, 2000; Hurst and Pugsley, 2011). In contrast, incorporated business owners tend
to earn more than workers. As we can see, the higher mean earnings among incorporated
business owners is accounted for by changes over the entire distribution. As Levine and Ru-
binstein (2016) argue, entrepreneurs with high-growth potential tend to start incorporated
businesses. Two key features of incorporation underlie this fact: (1) incorporation encourages
risk-taking because of limited liability and (2) it facilitates financing through the issuance of
bonds to investors.

2.2 Definition of the Firm Productivity Ladder

I adopt the framework developed by Abowd et al. (1999) to identify the productivity level
of firms in the data. For the remainder of this paper, I refer to this framework as the AKM
model. This model decomposes the logarithm of annual earnings of workers into worker-
specific and firm-specific pay components. Index individuals by i ∈ I and firms by m ∈ M .
Let dmi,t denote an indicator variable that is equal to 1 if individual i is employed by firm m

at time t and is equal to 0 otherwise. The AKM model assumes that the logarithm of annual
earnings for worker i at time t is additively separable in a worker fixed effect, Θi, a firm
fixed effect, Λm, a time-varying bundle of individual characteristics, X ′

i,tβ, and a residual
component, µi,t:

ln(wi,t) = Θi +
M∑
m=1

dmi,tΛm +X
′

i,tβ + µi,t (1)

I use estimates of {Λm}Mm=1 to define the firm productivity ladder empirically. In the pres-
ence of labour market frictions, productive firms pay a premium to attract more workers
(Mortensen, 2005). This provides a theoretical rational for the relationship between the firm

file a T1 to claim any benefits in Canada.
6$8,000 is roughly equal to 26 weeks of work full-time at minimum wage. Song et al. (2018) use a similar

minimum threshold for analogous reasons.
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effects in the AKM model and firm productivity.7 In principle, I could have used alternative
measures of firm productivity such as those derived from the estimation of production func-
tions to classify firms. I chose not to do this for three reasons. First, production functions
are typically well defined for manufacturing firms but less so for firms in other industries.
Second, the estimation of production functions requires additional information on firm inputs
and output which results in a less complete classification of firms because of missing data.
Third, the AKM model allows me to have a definition of the firm productivity ladder that
controls for the quality of the workforce. As I show in Table A.2, the estimated firm effects
in the AKM model are closely related to alternative measures of firm productivity such as
total factor productivity (TFP), sales per employee, value added per employee, profits per
employee, and payroll per employee.8

I estimate equation (1) using all non-immigrant male workers age 20-60. I include year
fixed effects and quadratic and cubic terms in age as time-varying covariates.9 The AKM
model is identified using workers who change employers over the course of the sample period.
Worker effects and firm effects are estimated separately for each group of workers and firms
that are connected by labour mobility.10 I only use the estimated firm effects from the
largest connected group to classify firms. 98% of all observations are included in the largest
connected group. Table A.1 provides basic summary statistics from the estimation of the
AKM model. The standard deviation of the worker effects is 0.49 and the standard deviation
of the firm effects is 0.26. The correlation between the two effects is 0.20. To interpret
the magnitude of these numbers, I note that Song et al. (2018) find a standard deviation
of the worker effects of .69 and a standard deviation of the firm effects of .33 in the United
States over a comparable time period. The larger standard deviations in the components
of pay obtained by Song et al. (2018) reflect greater wage inequality in the US. Song et al.
(2018) find a correlation between the worker effects and the firm effects of 0.14. The higher
correlation between the two effects in Canada suggests greater positive assortative matching
of workers and firms. I provide a more detailed discussion of the basic results from the AKM
estimation in Appendix 1.

7See Card et al. (2018) for a good discussion.
8The positive correlation between the firm effects in the AKM model and alternative measures of firm

productivity has been documented in many other contexts. For example, Abowd et al. (1999) show that the
firm effects are correlated with average sales per employee in France, Serafinelli (2019) shows that they are
correlated with TFP for manufacturing firms in Veneto (Italy), and Card et al. (2016) show that they are
correlated with average value added per employee and average sales per employee in Portugal. Interestingly,
Bender et al. (2016) show that firms that use advanced management practices also have higher estimated
AKM firm effects.

9Following Card et al. (2013) and Card et al. (2016), I normalize the effect of age to be equal to zero at
age 40 to estimate the AKM model.

10See Abowd et al. (2002) for more details on the identification of connected groups.
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I assign firms to one of four classes: high, medium-high, medium-low, and low productivity
firms. These classes are defined using quartiles of the distribution of AKM firm effects in each
industry.11 I use a definition of the firm productivity ladder that is industry specific because
firms in different industries may offer different financial incentives for continued employment.
For example, firms in natural resource industries may offer a base pay that is higher than
that of other industries to compensate for remoteness of employment. Having a definition of
the firm productivity ladder that is industry specific accounts for such factors. To maximize
statistical power, I define quartiles using the number of worker-year observations in each
firm as weights so that the number of observations are roughly equal across firm classes. I
consider four classes of firms for three reasons. First, the presence of a very large number
of firm effects in the AKM model can lead to imprecise estimates (Andrews et al., 2008).
A coarse definition of the firm productivity ladder ensures that measurement error is not
exacerbated. Second, reducing the dimensionality of firm heterogeneity increases statistical
power. Finally, using only a small number of classes reduces the dimension of the state space
in the structural model and facilitates the estimation.

2.3 Sample Restrictions

My analysis hinges on the ability to observe the complete career histories of entrepreneurs
before they start their businesses. Because I only observe career histories between 2001
and 2012, I need to restrict my attention to individuals that start their careers during this
time period. Throughout the analysis, I restrict my attention to individuals that are born
between 1976 and 1987. These are the individuals for which I observe right-truncated career
histories starting at age 25.12 I further restrict my attention to men only. Very few women
are entrepreneurs in the data and their career decisions early in the life cycle would require
a different model that takes into account fertility decisions. I exclude immigrants because
their background prior to arrival is unobserved and it is likely to be different than that of
natives. I exclude individuals who work in firms with missing information on firm productivity
because I cannot characterize the type of work experience they acquire. I exclude individuals
that are non-employed at age 25 because these individuals have a very weak attachment to
the labour force.13 I exclude individuals who enter the agricultural sector in any given year
because firms in this sector use a different set of tax forms which makes it difficult to compare
with the rest of the economy. I also exclude individuals who enter the public sector in any

11Industries are defined using three-digit NAICS codes.
12I follow individuals starting at age 25 to abstract from schooling decisions. A limitation of the Canadian

matched owner-employer-employee data is that it doesn’t include any information on education. I explain
how I account for ex-ante heterogeneity in Section 3.

13About 80% of all individual-year observations for this group of individuals are in non-employment.
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given year because earnings in this sector are heavily regulated and organizations tend to be
governmental agencies rather than firms.14 Finally, I exclude individuals who do not file a T1
in any given year from the analysis. This leaves me with a sample of 1,227,307 individuals
and 7,430,419 individual-year observations.

2.4 Descriptive Statistics

Figure 2 shows the fraction of individuals in various careers between age 25 and 36. Panel
(a) focuses on workers. Unsurprisingly, the fraction of individuals that are workers in the
sample is large. However, this fraction decreases slightly between age 25 and 36. At age 26,
about 89% of individuals in the sample are workers whereas, at age 36, 84% of individuals
are workers. Interestingly, there is a clear shift in the distribution of workers across firm
classes over the life cycle. At age 25, workers tend to be saddled in the lower rungs of the
firm productivity ladder. This tendency is reversed at age 36. As can be seen, the fraction
of individuals that work in high productivity firms increases steadily between age 25 and 36,
from about 21% to 23%. In contrast, the fraction of individuals that work in medium-high,
medium-low, and low productivity firms decreases over the same age range. The largest
decrease is seen in low productivity firms (from 26% at age 25 to 20% at age 36). Taken
together, these patterns suggest that individuals climb the firm productivity ladder over the
life cycle.

Panel (b) plots the fraction of individuals that are entrepreneurs between age 25 and 36.
The triangle line represents unincorporated business owners and the square line represents
incorporated business owners. This figure highlights the fact that very few individuals become
entrepreneurs over the course of their career. Only 1% of individuals are incorporated business
owners at age 25. This fraction increases steadily over the life cycle, reaching 5% at age
36.15 Interestingly, almost all of the decrease in the fraction of workers over the life cycle
is accounted for by the increase in the fraction of individuals that are incorporated business
owners.

Table 1 provides more information about the types of career transitions that are observed
in the data. It reports the fraction of transitions from origin (row) to destination (column).
Focusing on the career transitions of workers, the results provide additional evidence that
individuals climb the firm productivity ladder over the course of their careers. Although
workers tend to stay in the same firm class from one year to the next, those who move up

14The public sector is defined as educational services (NAICS code 61), health care and social assistance
(NAICS code 62), and public administration (NAICS code 91).

15The fraction of individuals that are incorporated business owners in the data converges to about 7.5%
at age 55.
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the firm productivity ladder are more likely to move up one rung at a time. Put differently,
workers are more likely to transition into high productivity firms coming from medium-
high productivity firms than from low productivity firms. Consider individuals that are in
low productivity firms at time t − 1. The results in Table 1 show that they are about 1.6

(5.5/3.3 = 1.66) times more likely to move into medium-low productivity firms than into high
productivity firms. The reverse is also true: workers who move down the firm productivity
ladder tend to move down one rung at a time. Workers are more likely to transition into low
productivity firms coming from medium-low productivity firms than from high productivity
firms.

Turning to transitions into entrepreneurship, the results show that individuals are more
likely to become unincorporated business owners than incorporated business owners, re-
gardless of their origin. With this said, we can see that individuals are relatively more
likely to become incorporated business owners if they come from productive firms. Of
all the individuals that transition into entrepreneurship from high productivity firms, 40%
(0.004/(0.004 + 0.006)) of them become incorporated business owners. In contrast, only
28% of individuals that transition into entrepreneurship from low productivity firms become
incorporated business owners. Coming from non-employment, almost all individuals that
transition into entrepreneurship choose to be unincorporated business owners (only 11% be-
come incorporated business owners).

Looking at transitions out of entrepreneurship, we can also see important differences
between incorporated and unincorporated business owners in terms of destination career.
Incorporated business owners are relatively more likely to transition into high productivity
firms than unincorporated business owners. They are also less likely to transition into non-
employment.

Table 1 shows that career choices are highly persistent from one year to the next. It also
reveals systematic differences in the degree of persistence across careers. Surprisingly, I find
that incorporated business owners are the most likely to remain in their career from one year
to the next. This finding is important because it challenges the idea that most entrepreneur-
ship spells are short lived. I find that 89% of all incorporated business owners remain in that
career from one year to the next. This degree of persistence is larger than the one observed
among workers in high productivity firms (85% of them remain in high productivity firms
from one year to the next). In contrast, 76% of all unincorporated business owners choose
to remain in that career. In all, there seems to be a clear hierarchy of careers in terms of
persistence. The most absorbing careers are (in decreasing order): (1) incorporated busi-
ness owners, (2) workers in high productivity firms, (3) workers in medium-high productivity
firms, (4) workers in medium-low productivity firms, (5) workers in low productivity firms,
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(6) unincorporated business owners, and (7) non-employment. This hierarchy is also reflected
in the average logarithm of annual earnings across careers, as reported in Table 2.

Table 2 provides more information about the estimating sample. The average logarithm
of annual earnings in the sample is 10.63. In the labour market, average log earnings increase
monotonically with the productivity level of employers. In entrepreneurship, we can see that
incorporated business owners earn more than workers in high productivity firms and that
unincorporated business owners earn less than workers in low productivity firms. Incorpo-
rated business owners are older, on average, than unincorporated business owners and they
accumulate more work experience. They also tend to accumulate work experience in more
productive firms than unincorporated business owners.

3 The Model

In this section, I develop a dynamic Roy model of career choice that flexibly incorporates
various mechanisms driving entry into entrepreneurial careers and entrepreneurial success. I
specify a finite mixture model, which means that there is a finite number of unobservable
individual types in the population and that key parameters of the model are allowed to
vary by type.16 I index types by z ∈ Z and I allow the probability that an individual
belongs to each type to depend on his first observed career choice at age 25. As such, an
individual’s unobservable type can be interpreted as unobserved heterogeneity that is either
innate or acquired before age 25. Because finite mixture models are very demanding in terms
of identification and estimation, I limit the number of unobservable types in the population
to six.

In the model, individuals decide each year whether they want to pursue a career in
the labour market or in entrepreneurship. They derive flow utility from the sum of their
expected log earnings, career-specific non-pecuniary benefits (net of mobility costs if they
change career), and an idiosyncratic preference shock. Individuals are assumed to be forward-
looking and they make their career decisions to maximize the expected discounted value of
lifetime utility.

There are seven career options in the model, indexed by j ∈ J . In the labour market,
individuals can choose to work in low productivity firms (j = 1), in medium-low productivity
firms (j = 2), in medium-high productivity firms (j = 3), or in high productivity firms
(j = 4). In entrepreneurship, individuals can choose to be unincorporated business owners
(j = 5) or incorporated business owners (j = 6). Individuals can also choose to be non-

16This way of accounting for unobserved heterogeneity is based on the seminal work of Heckman and Singer
(1984).
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employed (j = 0). Let ai,j,t ∈ ai,t denote an action variable that is equal to 1 if individual i
chooses career j at time t and is equal to 0 otherwise.

3.1 Timing and Flow Utility

The timing of the model is as follows. Individuals enter each period with their time-invariant
unobservable type, zi, and a vector of observable individual characteristics, xi,t, which in-
cludes the number of years of experience they have in each career and a set of indicator
variables that identify their previous career choice. Upon entering the period, they observe
aggregate prices in the economy, ωt, and they receive a vector of career-specific idiosyncratic
preference shocks, εi,t. Given zi, xi,t, ωt, and εi,t, they optimally choose a career j ∈ J . After
making their decisions, individuals receive an ex-post productivity shock, µi,j,t, which affects
realized earnings during the period. I assume the career decisions of individuals are not af-
fected by the uncertainty associated with the ex-post productivity shock. As I explain below,
I allow each career to offer different non-pecuniary benefits/costs. This allows the model to
capture the non-pecuniary costs associated with choosing a career that is inherently more
risky, such as entrepreneurship.

Individual i derives the following flow utility from choosing career j at time t:

uj(zi, xi,t, ωt, εi,j,t) = α(zi)E[ln(yj(zi, xi,t, ωt, µi,j,t))] + φj(zi)− ψj(zi, xi,t) + εi,j,t (2)

where E[ln(yj(zi, xi,t, ωt, µi,j,t))] denotes the expected log earnings of individual i in career
j at time t, φj(zi) are the non-pecuniary benefits associated with career j, and ψj(zi, xi,t)

are the mobility costs incurred by individual i upon entering career j at time t. As is
standard in the literature, I assume the career-specific idiosyncratic preference shock, εi,j,t, is
independent and identically distributed across individuals and over time and drawn from the
Type I extreme value distribution with variance π2

6
. The scale parameter α(zi) determines

the relative importance of expected log earnings in choosing a career. I describe the earnings
process and mobility costs in Subsection 3.2 and 3.3.

To capture unobserved absolute and comparative advantages between individuals, I allow
the earnings process in each career to flexibly depend on unobservable type. To capture
heterogeneity in preferences, I allow all the parameters of the utility function to vary by
unobservable type. This is important in the context of entrepreneurship for two main rea-
sons. First, a commonly cited reason for selection into entrepreneurship has to do with
the value of being your own boss (Hurst and Pugsley, 2011, 2015). Such intrinsic motiva-
tion for entrepreneurship is captured by the type-specific non-pecuniary benefits. Second,
entrepreneurs are characterized by a higher tolerance to discomfort and disrupting activi-
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ties (Levine and Rubinstein, 2016). This higher tolerance to discomfort is captured by the
type-specific mobility costs and the type-specific scale parameter.

As mentioned above, ωt represents aggregate prices in the economy at time t. This
aggregate state variable affects earnings differentially in each career and fluctuates over time.
Accounting for aggregate price fluctuations is important to allow the model to handle business
cycle effects. As in Scott (2013), I assume aggregate prices follow a markov process which
is not affected by the actions of any single individual.17 Aggregate prices are allowed to be
endogenous in the economy, but they are taken as given by individuals at the time of making
their career decisions.

3.2 The Earnings Process

Earnings in career j are modeled as follows:

ln(yj(zi, xi,t, ωt, µi,j,t)) = rj(zi, ωt) +
6∑

j′=1

βj
j′

(zi)experi,j′ ,t + βj7(zi)agei,t+

βj8(
4∑

j′=1

experi,j′ ,t)
2 + βj9exper

2
i,5,t + βj10exper

2
i,6,t + βj11age

2
i,t + µi,j,t

(3)

where rj(zi, ωt) represents the effect of aggregate prices on earnings in career j at time t,
{experi,j′ ,t}4j′=1

denotes work experience accumulated by individual i in firms with produc-
tivity level j ′ up until time t, experi,5,t denotes experience accumulated by individual i as an
unincorporated business owner up until time t, experi,6,t denotes experience accumulated by
individual i as an incorporated business owner up until time t, agei,t denotes age of individual
i at time t, and µi,j,t is the ex-post productivity shock. I assume individuals have no expe-
rience in any career upon entering the model and I normalize the effect of age to be equal
to zero at age 25.18 µi,j,t is assumed to be normally distributed and i.i.d. across individuals
over time with variance σ2

j .
Equation (3) is very flexible. It allows each career to have its own earnings process,

characterized by different time-varying intercepts and different returns to various types of
experience. It also allows unobservable type to affect the earnings process in each career
in two important ways. First, the time and career-specific intercepts vary by unobservable
type. The introduction of such fixed effects generally captures the effect of aggregate prices on

17Formally, I assume Fω(ωt+1|ωt, ai,t) = Fω(ωt+1|ωt) where Fω is the transition probability function of the
state of the economy.

18From this point on, the process governing the evolution of the experience variables is a deterministic
function of past actions: experi,j,t+1 = experi,j,t + ai,j,t ∀j ∈ J .
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earnings in each career. The fact that they are type-specific captures level effects associated
with unobserved productivity differences across individuals. Second, the specification allows
for the returns to various types of experience to depend on unobservable type. Allowing key
parameters of the earnings process in each career to depend on unobservable type is crucial
to allow the model to handle sorting on unobserved ability. I allow the curvature of the
earnings process in each career to depend on the total number of years of work experience,
the number of years of experience as an unincorporated business owner, and the number
of years of experience as an incorporated business owner. I restrict the quadratic terms of
experience to be the same across unobservable types to reduce the number of parameters
that need to be estimated.

This specification captures the key determinants of entrepreneurial success discussed in
the introduction. I focus the discussion on the earnings process of incorporated business
owners (j = 6). First, the specification allows for differences in innate entrepreneurial abil-
ity through the time and type-specific intercept r6(zi, ωt). Second, the specification allows
individuals to acquire skills in the labour market that are valuable in entrepreneurship. To
capture the idea that experience in more productive firms might be more valuable in en-
trepreneurship, I allow the value of work experience to depend on the productivity level of
the firm in which it has been acquired. For example, the value of one year of work experience
in high productivity firms (relative to one year in non-employment) is given by the coefficient
β6
4(zi). I allow the rate at which individuals internalize knowledge on the job to depend on

their type to capture heterogeneous learning. Finally, the specification allows for learning-
by-doing in entrepreneurship through the coefficient β6

6(zi). I allow for the slope coefficient
on entrepreneurial experience to vary by type.

There are two sources of mobility frictions operating through the earnings equations.
First, career-specific human capital is not fully transferable across careers. Second, unob-
servable type differentially affects the earnings process in each career so individuals have
persistent unobserved comparative advantages across careers. I now describe the mobility
frictions that operate outside the earnings equations.

3.3 Mobility Costs

The mobility costs incurred by individual i upon entering career j at time t are modeled as
follows:

ψj(zi, xi,t) = 1{ai,j,t−1 6= 1}

ψj0(zi) +
6∑

j′=1

ψj
j′

(zi)experi,j′ ,t + ψj7(zi)agei,t

 (4)
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The mobility costs are specified in a reduced-form way to flexibly fit patterns in the data.
They are meant to capture mobility frictions that operate outside the earnings equations such
as startup costs, search frictions, psychological costs, etc. I assume it is costless to remain
in the same career. I also assume the previous career choice of individuals upon entering the
model is the same as their first observed career choice at age 25. As explained above, I use
information on the first observed career choice of individuals to identify their unobservable
type as opposed to mobility costs.

The mobility costs associated with entering each career consist of an intercept term,
ψj0(zi), and of slope terms, {ψj

j′
(zi)}7j′=1

. The intercept term captures the fixed cost of enter-
ing that career. The slope terms capture the idea that mobility costs evolve over the course
of an individual’s career. For example, it seems likely that it is easier to transition into
entrepreneurship after having worked for a couple of years because of wealth accumulation.
The coefficients ψ6

1(zi), ψ6
2(zi), ψ6

3(zi), and ψ6
4(zi) allow for this possibility. I allow all the pa-

rameters of the mobility costs to be career and type specific. I now describe the optimization
problem of individuals.

3.4 Optimal Career Choices

Letting β denote the common discount factor, the optimization problem of individual i at
time t is given by:

max
{ai,t,...,ai,T }

Et

[
T−t∑
b=0

6∑
j=0

βbai,j,t+b (uj(zi, xi,t+b, ωt+b) + εi,j,t+b) |zi, xi,t, ωt, εi,t

]

where the expectation is taken over future values of aggregate prices in the economy and
future values of the idiosyncratic preference shocks conditional on all the information available
at time t. Let {a∗i,t, ..., a∗i,T} denote the optimal decision rule.

For the remainder of this paper, I index by t any function or variable that depends on
aggregate prices, ωt, and I index by z any function or variable that depends on unobservable
type, zi. Let V̄z,t(xi,t) denote the ex-ante value function at the beginning of period t. This
function is defined as the expected discounted value of lifetime utility, before εi,t is realized,
conditional on behaving according to the optimal decision rule:

V̄z,t(xi,t) = Et

[
T−t∑
b=0

6∑
j=0

βba∗i,j,t+b (uj,z,t+b(xi,t+b) + εi,j,t+b) |zi, xi,t, ωt

]

To discuss the solution to the optimization problem of individuals, it is convenient to
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define the conditional ex-ante value function associated with career choice j at time t:

vj,z,t(xi,t) = uj,z,t(xi,t) + βEt[V̄z,t+1(xi,t+1(xi,t, ai,j,t))] (5)

where xi,t+1(xi,t, ai,j,t) denotes individual i’s vector of observable individual characteristics at
time t+ 1 conditional on choosing career j at time t. The conditional ex-ante value function
captures the two channels through which career choices affect lifetime utility: through today’s
flow utility, uj,z,t(xi,t), and through the resulting expected value of lifetime utility tomorrow,
βEt[V̄z,t+1(xi,t+1(xi,t, ai,j,t))].

Since the career-specific idiosyncratic preference shocks are drawn from the Type I ex-
treme value distribution, there is a closed form solution for the conditional choice probability
of optimally choosing career j at time t:

pj,z,t(xi,t) =
exp(vj,z,t(xi,t))∑6
j=0 exp(vj,z,t(xi,t))

(6)

Standard logit derivations also imply a key relationship between the ex-ante value func-
tion, V̄z,t(xi,t), the conditional ex-ante value function, vj,z,t(xi,t), and the conditional choice
probability, pj,z,t(xi,t):

V̄z,t(xi,t) = vj,z,t(xi,t)− ln(pj,z,t(xi,t)) + γ (7)

where γ denotes Euler’s constant.19 This relationship holds for any j ∈ J . As I show in
the next section, this relationship is key to derive a mapping between the conditional choice
probabilities and the parameters of the utility function.

4 Estimation

I use a computationally light two-stage procedure developed by Arcidiacono and Miller (2011)
to estimate the parameters of the model. The key idea is to exploit the finite dependence
property of the model to derive a linear mapping between the conditional choice probabilities
and the parameters of the utility function. Because conditional choice probabilities can be
recovered directly from the data, it is possible to estimate the parameters of the utility

19To derive equation (7), take the log of equation (6) and use the following expression for the ex-ante value
function:

V̄z,t(xi,t) = ln(

6∑
j=0

exp(vj,z,t(xi,t))) + γ

15



function without solving the full model. In the first stage, I use the EM algorithm to obtain
(1) estimates of the parameters governing the distribution of unobservable types, τ , (2)
estimates of the parameters of the earnings equations, θY , and (3) empirical estimates of
the conditional choice probabilities that vary non-parametrically by unobservable type. In
the second stage, I project the type-specific empirical estimates of the conditional choice
probabilities onto parameter space in a least-squares way to recover the parameters of the
utility function, θU . Intuitively, these parameters are the ones that minimize the distance
between the observed behavior of individuals in the data and the behavior of individuals that
is predicted by the model. This approach has two advantages over full likelihood methods.
First, it is computationally light. Second, it can accomodate models that have a very large
state space.20 I build on Scott (2013) to account for aggregate price fluctuations without
having to make any assumptions about how individuals form expectations over the evolution
of prices over time.

4.1 The First Stage

The likelihood of the observed data for individual i can be written as a finite mixture of
likelihoods:

Li(τ, θY , θU) =
Z∑
z=1

τz|xi,0(
T∏
t=1

6∏
j=0

[pj(zi, xi,t, ωt; θY , θU)fj(yi,t|zi, xi,t, ωt; θY )]ai,j,t)

where τz|xi,0 is the probability individual i belongs to type z given his first observed career
choice at age 25, pj(zi, xi,t, ωt; θY , θU) denotes the conditional choice probability of optimally
choosing career j given the parameters of the model, fj(yi,t|zi, xi,t, ωt; θY ) is the conditional
density of earnings in career j, and ai,j,t is an action variable that is equal to 1 if individual
i chooses career j at time t and is equal to 0 otherwise.

20There are more than 9 billion possible states in my model.
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Arcidiacono and Jones (2003) show that the log-likelihood of the observed data can be
written as:

l(τ, θY , θU) =
N∑
i=1

Z∑
z=1

T∑
t=1

6∑
j=0

qi,zai,j,tln(pj(zi, xi,t, ωt; θY , θU))

+
N∑
i=1

Z∑
z=1

T∑
t=1

6∑
j=0

qi,zai,j,tln(fj(yi,t|zi, xi,t, ωt; θY ))

+
N∑
i=1

Z∑
z=1

qi,zln(τz|xi,0)−
N∑
i=1

Z∑
z=1

qi,zln(qi,z)

(8)

where qi,z denotes the posterior probability individual i belongs to type z:

qi,z =
τz|xi,0(

∏T
t=1

∏6
j=0[pj(zi, xi,t, ωt; θY , θU)fj(yi,t|zi, xi,t, ωt; θY )]ai,j,t)∑Z

z=1 τz|xi,0(
∏T

t=1

∏6
j=0[pj(zi, xi,t, ωt; θY , θU)fj(yi,t|zi, xi,t, ωt; θY )]ai,j,t)

(9)

Intuitively, the posterior probability individual i belongs to type z is equal to the fraction of
the likelihood for individual i that comes from type z.

Instead of using the structural conditional choice probabilities given by (6) to obtain
estimates of θU directly, I pursue a two-stage approach proposed by Arcidiacono and Miller
(2011) in which I find empirical estimates of the conditional choice probabilities in the first
stage and use them to recover estimates of θU in the second stage. The maximization problem
of the first stage reduces to:

{τ̂ , θ̂Y , p̂} = argmax
τ,θY ,p

N∑
i=1

Z∑
z=1

T∑
t=1

6∑
j=0

qi,zai,j,tln(pj,z,t(xi,t))

+
N∑
i=1

Z∑
z=1

T∑
t=1

6∑
j=0

qi,zai,j,tln(fj(yi,t|zi, xi,t, ωt; θY ))

+
N∑
i=1

Z∑
z=1

qi,zln(τz|xi,0)−
N∑
i=1

Z∑
z=1

qi,zln(qi,z)

(10)

As suggested by Arcidiacono and Jones (2003) and Arcidiacono and Miller (2011), I
carry out this maximization problem in stages using the EM algorithm. The EM algorithm
proceeds in two steps. At the expectation step, the posterior probability individual i belongs
to type z, qi,z, is calculated given the data and the structure of the model using equation
(9). At the maximization step, the posterior probabilities that each individual belongs to
each unobservable type are taken as given and used as weights to obtain maximum likelihood
estimates of {τ, θY , p}. Note that, taking qi,z as given, the log-likelihood function in equation
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(10) is the sum of three components: a component associated with choices, a component
associated with earnings, and a component associated with the probability that an individual
belongs to each unobservable type given his first observed career choices at age 25. Because
it is additively separable, consistent estimates of τ , θY , and p can be obtained separately.
The algorithm is easy to implement in practice because it amounts to iterating on a set of
weighted OLS regressions. I now describe the EM algorithm in more detail.

The expectation step consists of updating the estimates of qi,z using equation (9). Specif-
ically, at the (m+ 1)th iteration of the algorithm, I obtain a new estimate of qi,z as follows:

q̂m+1
i,z =

τ̂mz|xi,0(
∏T

t=1

∏6
j=0[p̂

m
j,z,t(xi,t)fj(yi,t|zi, xi,t, ωt; θ̂mY )]ai,j,t)∑Z

z=1 τ̂
m
z|xi,0(

∏T
t=1

∏6
j=0[p̂

m
j,z,t(xi,t)fj(yi,t|zi, xi,t, ωt; θ̂mY )]ai,j,t)

(11)

The maximization step consists of finding estimates of τ , θY , and p that solve equation
(10), taking q̂i,z as given.

Maximizing (10) with respect to τ gives:

τ̂m+1
z|xi,0 =

∑N
i=1 q̂

m+1
i,z 1{xi,0 = x}∑N

i=1 1{xi,0 = x}
(12)

which implies that the probability individual i belongs to type z given his first observed career
choice at age 25 is equal to the average of the posterior probabilities among all individuals
with the same first observed career choice at age 25.

Maximizing (10) with respect to θY gives:

θ̂m+1
Y = argmax

θY

N∑
i=1

Z∑
z=1

T∑
t=1

6∑
j=0

q̂m+1
i,z ai,j,tln(fj,z,t(yi,t|xi,t, θY )) (13)

which amounts to obtaining OLS estimates of the parameters of the earnings equations taking
the unobserved heterogeneity as given and using {q̂m+1

i,z }i∈I as population weights.
Finally, maximizing (10) with respect to pj,z,t gives:

p̂m+1
j,z,t (xi,t) =

∑N
i=1 ai,j,tq̂

m+1
i,z 1{xi,t = x}∑N

i=1 q̂
m+1
i,z 1{xi,t = x}

(14)

which is equivalent to the non-parametric empirical likelihood where {q̂m+1
i,z }i∈I are used as

population weights. In practice, to avoid empty cells and small bin problems in calculating
(14), I use flexible linear probability models to smooth the empirical estimates of the condi-
tional choice probabilities across the state space, as in Traiberman (2019). For each career
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option j ∈ J , I estimate a separate linear probability model for every possible combination of
last year’s career choice and unobservable type. In total, I run 294 regressions to obtain the
empirical estimates of the conditional choice probabilities.21 In each regression, I include a
constant term, linear and quadratic terms of the number of years of experience an individual
has in each career, and year fixed effects. I provide additional details about the smoothing
procedure in Appendix 2.

4.2 The Second Stage

I now describe how I recover estimates of the parameters of the utility function using only
empirical estimates of the conditional choice probabilities and the parameters of the earnings
equations.

I start by taking differences in conditional ex-ante value functions. As shown by Hotz
and Miller (1993), there exists a simple one-to-one mapping between the conditional choice
probabilities and the conditional ex-ante value functions:

ln(
pj,z,t(xi,t)

pj′ ,z,t(xi,t)
) = vj,z,t(xi,t)− vj′ ,z,t(xi,t) (15)

Using equation (5) to replace for the conditional ex-ante value functions in equation (15),
I obtain the following equation:

ln(
pj,z,t(xi,t)

pj′ ,z,t(xi,t)
) = uj,z,t(xi,t)− uj′ ,z,t(xi,t)

+ β
(
Et[V̄z,t+1(xi,t+1(xi,t, ai,j,t))]− Et[V̄z,t+1(xi,t+1(xi,t, ai,j′ ,t))]

) (16)

At this point, it would be possible to estimate all the parameters of the utility function
if I could calculate the difference in expected ex-ante value functions at time t + 1. From
the first stage of the estimation procedure, I have empirical estimates of the conditional
choice probabilities which allow me to construct the left hand side of equation (16). I can
also calculate the difference in expected log earnings between career j and j ′ , which enters
linearly on the right hand side of equation (16), using the estimated parameters of the earnings
equations. I face two major obstacles, however, in calculating the continuation values. First,
I do not model how individuals forecast the evolution of aggregate prices in the economy.
Second, the richness of the state space makes it prohibitively costly to calculate the ex-ante
value functions using backward induction. I employ recent advances in the estimation of
dynamic discrete choice models to address these issues.

21There are seven career options, seven possible career choices last period, and six unobservable types.
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To deal with the first problem, that I make no assumptions on how aggregate prices evolve
over time, I replace the difference in expected ex-ante value functions at time t+ 1 with the
sum of its realization and forecasting error, as in Scott (2013):

ln(
pj,z,t(xi,t)

pj′ ,z,t(xi,t)
) = uj,z,t(xi,t)− uj′ ,z,t(xi,t)

+ β
(
V̄z,t+1(xi,t+1(xi,t, ai,j,t))]− V̄z,t+1(xi,t+1(xi,t, ai,j′ ,t))

)
+ β(ηi,j,z,t+1 − ηi,j′ ,z,t+1)

(17)

where ηi,j,z,t+1 is the forecasting error:

ηi,j,z,t+1 ≡ Et[V̄z,t+1(xi,t+1(xi,t, ai,j,t))]− V̄z,t+1(xi,t+1(xi,t, ai,j,t))

The key idea behind this approach is that the forecasting error of individuals is mean uncorre-
lated with any information available at time t because individuals have rational expectations.
From an econometrician’s perspective, the forecasting error of individuals can be seen as an
error term in equation (17) that is orthogonal to the difference in flow utilities at time t.

To deal with the second problem, that I cannot calculate the ex-ante value functions using
backward induction, I exploit the finite dependence property of the model. Arcidiacono and
Miller (2011) show that it is possible to calculate the difference in ex-ante value functions
at time t + 1 using only first stage estimates if the model exhibits finite dependence. They
say that a model exhibits ρ-period finite dependence if it is possible to find two sequences
of choices that lead to the same continuation values after ρ periods. In the context of my
model, the effect on the future of a choice today occurs through two channels: human capital
accumulation and mobility costs. It is possible to find two career paths that lead to the
same continuation values at some point in the future because (a) there is no depreciation
of career-specific human capital over time and (b) mobility costs only depend on last year’s
career choice, ai,t−1. Consider the following career paths: (1) career j at time t, career j ′ at
time t+ 1, and career j ′′ at time t+ 2 and (2) career j ′ at time t, career j at time t+ 1, and
career j ′′ at time t+ 2. Both of them lead to the same state at the beginning of period t+ 3.
To see this, note that both career paths increase experi,j,t, experi,j′ ,t, and experi,j′′ ,t by one
unit and present individuals with the same menu of mobility costs at the beginning of time
t+ 3 because the last career choice is j ′′ in both cases.

Telescoping equation (17) two periods in the future along these two career paths using
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equation (7) gets rid of the continuation values:

ln(
pj,z,t(xi,t)

pj′ ,z,t(xi,t)
) + βln(

pj′ ,z,t+1(xi,t+1(xi,t, ai,j,t))

pj,z,t+1(xi,t+1(xi,t, ai,j′ ,t))
) + β2ln(

pj′′ ,z,t+2(xi,t+2(xi,t, ai,j,t, ai,j′ ,t+1))

pj′′ ,z,t+2(xi,t+2(xi,t, ai,j′ ,t, ai,j,t+1))
)

= uj,z,t(xi,t)− uj′ ,z,t(xi,t)

+ β[uj′ ,z,t+1(xi,t+1(xi,t, ai,j,t))− uj,z,t+1(xi,t+1(xi,t, ai,j′ ,t))]

+ β2[uj′′ ,z,t+2(xi,t+2(xi,t, ai,j,t, ai,j′ ,t+1))− uj′′ ,z,t+2(xi,t+2(xi,t, ai,j′ ,t, ai,j,t+1))]

+ β(ηi,j,z,t+1 − ηi,j′ ,z,t+1) + β2(ηi,j,j′ ,z,t+2 − ηi,j′ ,j,z,t+2)

(18)

where ηi,j,j′ ,z,t+2 is the two periods ahead forecasting error.22 Equation (18) has an intuitive
interpretation: the left hand side is equal to the minimum compensating differential an
individual must receive at time t to be willing to choose career path {j ′ , j, j ′′} instead of
{j, j ′ , j ′′}.

Letting j ′ and j ′′ refer to non-employment and normalizing the value of non-employment
to zero yields:23

ln(
pj,z,t(xi,t)

pj′ ,z,t(xi,t)
) + βln(

pj′ ,z,t+1(xi,t+1(xi,t, ai,j,t))

pj,z,t+1(xi,t+1(xi,t, ai,j′ ,t))
) + β2ln(

pj′′ ,z,t+2(xi,t+2(xi,t, ai,j,t, ai,j′ ,t+1))

pj′′ ,z,t+2(xi,t+2(xi,t, ai,j′ ,t, ai,j,t+1))
) =

αz
(
E[ln(yj,z,t(xi,t))]− βE[ln(yj,z,t+1(xi,t+1(xi,t, ai,j′ ,t)))]

)
+ φj,z − ψj,z(xi,t)− β(φj,z − ψj,z(xi,t+1(xi,t, ai,j′ ,t)))

+ β(ηi,j,z,t+1 − ηi,j′ ,z,t+1) + β2(ηi,j,j′ ,z,t+2 − ηi,j′ ,j,z,t+2)

(19)

Given empirical estimates of the conditional choice probabilities and estimates of the pa-
rameters of the earnings equations, equation (19) can be constructed and estimated easily
because it is linear in the parameters of the utility function.

As I mentioned, rational expectations implies that expected log earnings at time t are
orthogonal to the forecasting errors in equation (19). However, expected log earnings at time
t + 1 are not independent of the error term. To see this, note that both the expected log
earnings at time t + 1 and the forecasting error at time t + 1 depend on the realization of

22The two periods ahead forecasting error is defined as:

ηi,j,j′ ,z,t+2 ≡ Et+1[V̄z,t+2(xi,t+2(xi,t, ai,j,t, ai,j′ ,t+1))]− V̄z,t+2(xi,t+2(xi,t, ai,j,t, ai,j′ ,t+1))

23I need to normalize the value of one career to zero to be able to identify the parameters of the utility
function (Rust, 1994; Magnac and Thesmar, 2002). I choose non-employment as the reference.
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aggregate prices at time t + 1. To deal with this, I instrument for expected log earnings at
time t+1, E[ln(yj,z,t+1(xi,t+1(xi,t, ai,j′ ,t)))], with its lagged value, E[ln(yj,z,t(xi,t+1(xi,t, ai,j′ ,t)))].
Because individuals are assumed to have rational expectations, this instrument satisfies the
exclusion restriction. I estimate equation (19) separately for each unobservable type via two-
stage least squares. I set the discount factor β to 0.9 throughout the estimation procedure.24

4.3 Identification

In this section, I discuss the variation in the data that identifies the parameters of the model.
Kasahara and Shimotsu (2009) discuss the non-parametric identification of finite mixtures
in dynamic discrete choice models. Proposition 4 in their paper implies that it is possible to
recover type-specific conditional choice probabilities in my model.

First, consider the identification of the parameters of the earnings equations. These
parameters are identified using variation in earnings. For the sake of exposition, I discuss the
identification of the returns to various types of experience in entrepreneurship. The returns
to experience in entrepreneurship, which capture the importance of learning-by-doing in
entrepreneurship, are identified by following individuals over time in entrepreneurship. The
returns to various types of labour market experience in entrepreneurship are identified by
comparing the baseline earnings of individuals that switch into entrepreneurship in the same
year, but have different career histories up until that year. Because these parameters are type-
specific, they are only identified by comparing individuals of the same type with one another.
The key identifying assumption necessary to obtain unbiased estimates of the parameters
of the earnings equations is that career choices are exogenous conditional on unobservable
type, a vector of observable individual characteristics, and calendar year. In the model, two
individuals with the same unobservable type who enter the model in the same calendar year
have the same ex-ante probability of choosing each career path.

Second, consider the identification of the parameters of the utility function. These pa-
rameters are identified using variation in the empirical estimates of the conditional choice
probabilities. Again, the left hand side of equation (19) can be interpreted as the minimum
compensating differential an individual must receive at time t to be willing to choose career
path {j ′ , j, j ′′} instead of {j, j ′ , j ′′}. The scale parameter is identified using variation in ex-
pected log earnings along these two career paths. Specifically, the correlation between the
minimum compensating differential and the difference in expected log earnings along the two
career paths pins down the scale parameter. Intuitively, I will estimate a high value of the
scale parameter if expected log earnings differentials are a good predictor of the compensating

24I also estimated the parameters of the utility function using a discount factor of 0.95 and the results were
similar.
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differential implied by the empirical estimates of the conditional choice probabilities. Once
we know how sensitive career choices are to expected log earnings, it is possible to pin down
the career-specific non-pecuniary benefits and the mobility costs parameters. Accounting for
expected log earnings differentials, the career-specific non-pecuniary benefits and the mobil-
ity costs parameters ensure that the minimum compensating differential that is predicted
by the model matches the one implied by the empirical estimates of the conditional choice
probabilities. As is standard with the estimation of dynamic discrete choice models, the iden-
tification of the parameters of the utility function relies on (a) the distributional assumption
imposed on the career-specific idiosyncratic preference shocks, (b) the normalization of the
value of non-employment to zero and (c) the assumption that the discount factor β is equal
to .9.

5 Results

In this section, I present and discuss the results from the estimation. I focus on the parameters
that are most relevant to understanding incorporated entrepreneurship. For the remainder
of this section, I simply refer to incorporated entrepreneurship as entrepreneurship. All
parameter estimates can be found in Appendix 3.

5.1 Earnings Profiles

Table 3 shows the potential earnings of individuals in each career at age 25 as a function
of their unobservable type. This corresponds to the average type-specific intercept in the
earnings equation of each career.25 As can be seen, there is substantial heterogeneity across
individuals in terms of potential earnings at age 25. Although certain types earn more than
others in each career (e.g. Type 6), others have a comparative advantage in one career over
others. For example, Type 1 and Type 6 individuals have a clear comparative advantage in
entrepreneurship at labour force entry. They earn 26% and 91% more as entrepreneurs than
as workers in a high productivity firm at age 25, respectively. Type 6 individuals are, by far,
the most successful entrepreneurs in the population at age 25.

In the model, there are two channels through which individuals acquire skills that are
valuable in entrepreneurship: experience in entrepreneurship and work experience. I discuss
their importance in turn.

Figure 3 describes what the parameters of the model pertaining to learning-by-doing
imply for patterns of log earnings in each career. I plot the potential earnings of individuals in

25Using the notation of equation (3), the average intercept for type z in career j corresponds to rz,j =∑2012
t=2001 r

j
t (z)

12 .
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entrepreneurship and in the labour market as a function of their unobservable type, assuming
no career changes. These earnings profiles are calculated using the parameters reported in
Tables A.3, A.6, and A.7 in the appendix. The results confirm that Type 1 and Type
6 individuals have a clear comparative advantage in entrepreneurship over others. This
comparative advantage persists and reinforces itself over the life cycle. As we’ve seen, both
types have the potential to earn more as entrepreneurs than as workers at labour force entry
(see Table 3). Figure 3 shows that Type 1 and Type 6 individuals also have higher earnings
growth potential in entrepreneurship than in the labour market. On average, the earnings
of Type 1 individuals grow by 8.8% annually in entrepreneurship. To interpret orders of
magnitude, I note that their earnings in entrepreneurship grow about 6 times faster than
their earnings as workers in high productivity firms (which grow at an average annual rate
of about 1.5%). The high ability Type 6 individuals experience even higher earnings growth
in entrepreneurship: their earnings grow at an average rate of 11% per year. In comparison,
their earnings as workers in high productivity firms increase by about 7% per year, on average.
These results tell us that learning-by-doing is an important channel through which individuals
acquire skills that are valuable in entrepreneurship. However, this channel seems to be only
relevant for those who have the potential to earn more as entrepreneurs than as workers at
labour market entry. This can be seen clearly from the earnings profiles of Type 2, Type 3,
and Type 4 individuals, which are essentially flat.

Figure 4 plots the earnings profiles of individuals assuming that they switch into en-
trepreneurship for the first time at age 30. These earnings profiles tell us how valuable
different types of labour market experience are in entrepreneurship. Before age 30, I assume
individuals are either workers in high productivity firms (diamond line) or workers in low
productivity firms (circle line). The dashed lines correspond to the earnings profiles of indi-
viduals who enter entrepreneurship at age 25 and remain in that career throughout (these
correspond to the square lines in Figure 3). The solid black line represents potential earnings
in entrepreneurship at age 25. The most striking result from this figure is that labour mar-
ket experience is of limited value in entrepreneurship for most types. To see this, compare
the intercept of log earnings in entrepreneurship after 5 years of experience to the baseline
intercept at age 25 (without any experience). Only two types of individuals greatly benefit
from prior work experience in entrepreneurship: Type 1 and Type 3. For both, five years of
experience in high productivity firms increases potential earnings in entrepreneurship in an
economically meaningful way. For example, five years of work experience in high productivity
firms increases baseline earnings in entrepreneurship by about 75% for Type 1 individuals.
At age 36, Type 1 and Type 3 individuals have the potential to be much more successful in
entrepreneurship if they accumulate work experience in high productivity firms prior to entry

24



(compare the diamond line with the dashed line at age 36). For instance, Type 1 individuals
have the potential to earn 50% more as entrepreneurs at age 36 if they accumulate five years
of work experience in high productivity firms prior to entry. This stands in sharp contrast
with the high ability Type 6 individuals who are not estimated to benefit much from labour
market experience in entrepreneurship.

Figure 5 plots the earnings profiles of individuals assuming that they start their careers
in entrepreneurship and enter the labour market for the first time at age 30. These earnings
profiles are useful to understand how valuable experience in entrepreneurship is in the labour
market. The black diamond lines correspond to the earnings profiles of individuals who
start their careers in entrepreneurship and enter high productivity firms at age 30. The
black circle lines correspond to the earnings profiles of individuals who start their careers in
entrepreneurship and enter low productivity firms at age 30. The dashed lines correspond
to the earnings profiles of individuals who enter the labour market at age 25 and remain in
the same career throughout (these lines correspond to the diamond and circle lines in Figure
3). As can be seen, experience in entrepreneurship is valuable in the labour market. This is
especially true for Type 1 and Type 6 individuals. For both types, five years of experience in
entrepreneurship is at least as valuable in the labour market as five years of labour market
experience.

5.2 Career Choices by Type

As we’ve seen, only two types of individuals have a clear comparative advantage in en-
trepreneurship: Type 1 and Type 6. Both types have high growth in earnings in entrepreneur-
ship. To get a sense of how prevalent these types are in the economy, I assign individuals to
the type to which they have the highest posterior probability of belonging. I refer to this as
their dominant type. I find that about 8% of individuals are dominant Type 1 and 6% of
individuals are dominant Type 6.

Table 4 describes the career choices of individuals as a function of their dominant type.
The most striking result from this table is that very few individuals choose a career in
entrepreneurship, regardless of their dominant type. In particular, only 1% of all individual-
year observations for dominant Type 1 individuals and 4% of all individual-year observations
for dominant Type 6 individuals are in entrepreneurship. This is despite the fact that both
types have the potential to earn a lot more in entrepreneurship than in the labour market.
To understand why individuals who have a clear comparative advantage in entrepreneurship
seldom choose to become entrepreneurs in practice, I turn to the parameters of the utility
function.
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5.3 Non-Pecuniary Benefits and Entry Costs

There are two additional forces in the model that affect the decision process of individuals:
non-pecuniary benefits and mobility costs. I estimate all non-pecuniary values to be negative
relative to the value of non-employment. For the remainder of this paper, I refer to them
as non-pecuniary costs instead of benefits and I express them as -1 times the estimated
parameter. Panel (a) in Figure 6 shows the difference between the non-pecuniary costs
associated with being an entrepreneur and the non-pecuniary costs associated with being a
worker in high productivity firms. I report this statistic for the two types of individuals that
have a clear comparative advantage in entrepreneurship: Type 1 and Type 6. To interpret
orders of magnitude, I express the difference in non-pecuniary costs in dollars. To do this, I
use the type-specific scale parameters (reported in Table A.9) and convert all estimated non-
pecuniary costs into log dollars. I then obtain a dollar amount by evaluating the difference
in log dollars at the average earnings in the population.26 The estimated non-pecuniary
costs associated with entrepreneurship are large. For Type 1 individuals, the additional
non-pecuniary costs associated with being an entrepreneur is worth about $30,000 annually.
Relative to the non-pecuniary costs associated with being a worker in high productivity
firms, this represents a 5% decrease in flow utility. For Type 6 individuals, the additional
non-pecuniary costs associated with being an entrepreneur is worth about $150,000 annually.
This represents an 11% decrease in flow utility. I interpret these large non-pecuniary costs as
evidence of risk aversion: entrepreneurship can be unattractive because it is inherently more
risky than other careers.

Panel (b) in Figure 6 shows the difference between the entry costs associated with becom-
ing an entrepreneur at age 25 and the entry costs associated with entering high productivity
firms at age 25. Again, I report this statistic for Type 1 and Type 6 individuals and I express
the difference in dollars.27 I estimate entry costs of $30,000 for Type 1 individuals and $90,000
for Type 6 individuals. Given that mobility costs are only paid once upon changing careers
and that non-pecuniary costs are incurred every period, I conclude that the main deterrent
for both types is large non-pecuniary costs associated with being an entrepreneur. These re-
sults imply that policies that are aimed at reducing costs of entry are unlikely to be effective.
The key to fostering entrepreneurship lies in either (a) improving the skills of individuals so

26Specifically, using the notation in equation 2, I calculate exp(
φj′,z−φj,z

αz
+ 10.63) − exp(10.63), where φj

represents the non-pecuniary benefits associated with being an incorporated business owner and φj′ represents
the non-pecuniary benefits associated with being a worker in high productivity firms. The average logarithm
of annual earnings in the sample is 10.63.

27Specifically, I calculate exp(
ψj,z−ψj′,z

αz
+ 10.63)− exp(10.63), where ψj represents baseline entry costs as-

sociated with becoming an incorporated business owner and ψj′ represents the baseline entry costs associated
with entering high productivity firms.
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that it is worth it for them to incur such large non-pecuniary costs in entrepreneurship or
(b) reducing the non-pecuniary costs associated with entrepreneurship.

6 Policy Simulations

In this section, I evaluate the effectiveness of two policies designed to promote successful
entrepreneurship among young individuals.

First, I look at the effects of a one-time subsidy to enter high productivity firms at age 25.
The goal of this policy is to help young individuals acquire skills in the labour market so they
can start more successful businesses later in life than without any intervention. I interpret this
policy as an internship program in which the government gives money to successful companies
to hire and train young talent. From an individual’s point of view, this policy provides a
window of opportunity to enter productive firms early in the life cycle. Based on the results
presented in the previous section, this policy could be effective for Type 1 individuals. Absent
any governmental intervention, these individuals seldom acquire this kind of work experience
because it is too costly for them to do so. Subsidizing entry into high productivity firms
helps them acquire skills that could justify pursuing a career in entrepreneurship later in life.

Second, I look at the effects of a one-time subsidy to become an entrepreneur at age
25. The goal of this policy is to attract young entrepreneurs by providing them with direct
financial incentives. Parameter estimates indicate that this policy could be particularly
effective in inducing high ability Type 6 individuals to become entrepreneurs. As we’ve seen,
Type 6 individuals have high earnings growth in entrepreneurship and low returns to work
experience in entrepreneurship. Therefore, the value of entrepreneurship is highest for them
early in the life cycle.

Both subsidies are equivalent, in utility terms, to receiving an additional $10,000 in earn-
ings at the mean. For each policy, I evaluate its aggregate impact on the state of entrepreneur-
ship in the economy as well as the effect it has on each unobservable individual type. I also
evaluate the capacity of each policy to pay for itself through taxation of future streams of
income generated by the subset of individuals who take the subsidy.

To simulate counterfactuals, I start with a baseline sample of individuals that is represen-
tative of the population at age 25. For each individual, I calculate the difference in ex-ante
value functions between career j and non-employment for all j ∈ J .28 I then draw a vector
of career-specific idiosyncratic shocks and calculate the optimal career choice of individuals

28To do this, I combine the estimated parameters of the model with empirical estimates of the conditional
choice probabilities to obtain a counterfactual estimate of ln(

pj,z,t(xi,t)
p
j
′
,z,t

(xi,t)
). This is equal to vj,z,t(xi,t) −

vj′ ,z,t(xi,t) (see equation (15)). The exact formula used to obtain counterfactual estimates of the conditional
choice probabilities is given by equation (19).
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at age 25. I proceed in a similar fashion to forward simulate the career choices of individuals
for 10 years. This gives me a simulated panel dataset with information on the career choices
and earnings of individuals at each age between 25 and 35.

The results are presented in Table 5. For each policy, I report the change in the share of
incorporated business owners in the economy as well as the change in the share of incorporated
business owners for each unobservable type. I refer to the effect of the policy on individuals
at age 25 as the short run impact. The long run impact refers to the effect 10 years after
the policy intervention, when individuals are 35 years old. In the last column of each panel,
I report the percentage change in average annual earnings among all incorporated business
owners. Below each panel, I report the change in the discounted present value of income for
the subset of individuals who take the subsidy. I calculate the discounted present value of
income over 10 years.

Panel (a) in Table 5 shows the effects of a one-time subsidy to enter high productivity
firms at age 25. This policy has a small and negative impact on the state of entrepreneurship
in the economy. There is a small decrease in the share of individuals that choose to be
incorporated business owners both in the short run and in the long run. As expected, this
policy increases the fraction of incorporated business owners among Type 1 individuals in
the long run, but this effect is small (0.3 percentage points). For the other types, this policy
decreases the propensity to become incorporated business owners because labour market
experience is of limited value in incorporated entrepreneurship and the value of their outside
option increases.

Panel (b) shows the effects of a one-time subsidy to become an incorporated business
owner at age 25. This policy has a sizeable effect on the fraction of individuals who choose
to become incorporated business owners in the population, both in the short run and in
the long run. As expected, this policy is successful in inducing a switch into incorporated
entrepreneurship for the high ability Type 6 individuals. 10 years after the policy intervention,
there is a 1 percentage point increase in the fraction of Type 6 individuals in incorporated
entrepreneurship relative to the baseline. This policy also induces a large fraction of Type
4 individuals to switch into incorporated entrepreneurship. This explains why there is an
overall decrease in the average quality of entrepreneurs, as reflected by the decrease in average
earnings among incorporated business owners. Broadly, this is a reasonable policy given its
ability to induce high ability individuals to become entrepreneurs. To evaluate the capacity
of the policy to pay for itself, I look at the change in the discounted present value of income
for the subset of individuals who take the subsidy. I estimate an average increase of $89,173
over 10 years. Assuming that this additional stream of income will be taxed at a rate of
10%, we can expect the government to barely recover its initial investment. Still, it is of
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importance that this subsidy is successful in inducing a switch of high ability individuals into
incorporated entrepreneurship. Unfortunately, this policy also encourages individuals unfit
for entrepreneurship to switch as well. This drives the average quality of entrepreneurs down
and increases the total cost of the policy. Ideally, we ought to tweak the policy to target
only those individuals who have strong absolute and comparative advantages in incorporated
entrepreneurship (i.e. Type 6 individuals).

Panel (c) shows the effects of a one-time subsidy to become an incorporated business owner
at age 25 that is only available to individuals who start their careers in high productivity
firms. The additional condition narrows in on predominantly high ability individuals. As a
consequence, this policy impacts mainly Type 5 and Type 6 individuals. In the long run,
we see a .1 percentage point (2%) increase in the share of incorporated entrepreneurs in
the population. The overall effect of the policy on the fraction of individuals that choose
to become incorporated business owners is small because high ability individuals represent
a small fraction of the population. Even so, it does seem to be effective because (a) it
increases the average quality of incorporated entrepreneurs in the population and (b) it has
the potential to pay for itself. I estimate an average increase in the discounted present
value of income of $466,856 over 10 years for the subset of individuals who take the subsidy.
Assuming that this additional stream of income will be taxed at a rate of 10%, we can expect
the government to benefit from this policy intervention.

7 Conclusion

In this paper, I investigate the mechanisms that drive sorting into entrepreneurship and en-
trepreneurial success among young individuals. I use a administrative Canadian matched
owner-employer-employee dataset to structurally estimate a flexible dynamic Roy model of
career choice. Using a computationally light two-stage estimation procedure, I recover pa-
rameters governing returns to various types of experience, non-pecuniary benefits, and entry
costs that vary by career and unobservable type.

I find that 15% of the population has a comparative advantage in entrepreneurship at
labour force entry. This subpopulation can be divided into two economically distinct groups:
(1) individuals who earn more as entrepreneurs because they have low earnings potential in
the labour market (Type 1) and (2) individuals who have high earnings potential in all careers
(Type 6). Parameter estimates indicate that both types have large returns to entrepreneurial
experience in entrepreneurship. Moreover, while the relatively low ability Type 1 individuals
benefit from prior work experience in entrepreneurship, the high ability Type 6 individuals
do not.
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My main result is that only 6% of the population has the potential to be successful in
entrepreneurship: Type 6 individuals. Despite large earnings premiums in entrepreneurship,
only 4% of Type 6 individuals become entrepreneurs between age 25 and 35. Parameter
estimates indicate that the main deterrents for them are (a) large non-pecuniary costs asso-
ciated with being an entrepreneur and (b) low returns to work experience in entrepreneurship.
These results have important implications for policy design: they suggest that policies that
incentivize individuals to become entrepreneurs early in the life cycle are the most likely to
have impact. This is because the value of entrepreneurship is highest for Type 6 individuals
at labour force entry.

I use the estimated model to evaluate the impact of policies designed to promote successful
entrepreneurship. I find that providing direct financial incentives to become an entrepreneur
early in the life cycle is effective in inducing Type 6 individuals to sort into entrepreneurship.
However, unless targeted appropriately, such a policy is costly to implement because it also
induces a large fraction of individuals with relatively low entrepreneurial skills to become
entrepreneurs.

My finding that the main driver of entrepreneurial success (belonging to Type 6) seems
to be either innate or acquired before age 25 warrants further investigation. A limitation of
the Canadian matched owner-employer-employee dataset used in this paper is that it does
not include any information on education. It would be interesting to know whether the type
of education an individual receives (e.g. MBA or STEM) correlates with the probability of
belonging to Type 6. More generally, an important avenue for future research is investigating
what early life characteristics can help identify Type 6 individuals so that policymakers can
design policies that target them more efficiently.
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Figure 1 – Distribution of Annual Earnings
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Notes: This figure shows the distribution of the logarithm of annual earnings for unincorporated business
owners (light grey), workers (grey), and incorporated business owners (dark grey). The sample used to
create this figure includes all non-immigrant men age 25-55. Additional sample restrictions are as described
in section 2.3. Earnings are in CAD$2012.
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Figure 2 – Career Choices Over the Life Cycle
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Notes: This figure shows the career choices of individuals over the life cycle. I plot the fraction of
individuals in various careers at each age between 25 and 36. The fraction of individuals that are
non-employed is roughly constant at about 7% throughout (see Table A.12). The sample used to create this
figure is as described in section 2.3.
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Figure 3 – Understanding the Importance of Learning-By-Doing in Entrepreneurship
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Notes: Each panel graphs the expected logarithm of annual earnings as functions of years of experience in each career by
unobservable type (assuming no career changes). Dashed diamond lines correspond to worker in high productivity firms,
dashed circle lines correspond to worker in low productivity firms, solid square lines correspond to incorporated business
owner. These earnings profiles are calculated using the parameters reported in Tables A.3, A.6, and A.7.
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Figure 4 – Understanding the Importance of Labour Market Experience in Entrepreneurship
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Notes: Each panel graphs the expected logarithm of annual earnings of individuals assuming they become incorporated
business owners for the first time at age 30. Diamond lines correspond to individuals who start their careers as workers in high
productivity firms and circle lines correspond to individuals who start their careers as workers in low productivity firms.
Dashed lines correspond to individuals who become incorporated business owners at age 25 and remain in that career
throughout. These earnings profiles are calculated using the parameters reported in Tables A.3, A.6, and A.7.
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Figure 5 – Labour Market Returns To Experience in Entrepreneurship
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Notes: Each panel graphs the expected logarithm of annual earnings of individuals assuming they enter the labour market for
the first time at age 30. Black diamond lines correspond to individuals who start their careers as incorporated business owners
and then become workers in high productivity firms at age 30. Black circle lines correspond to individuals who start their
careers as incorporated business owners and then become workers in low productivity firms at age 30. Dashed lines correspond
to individuals who become workers at age 25 and remain in the same career throughout. These earnings profiles are calculated
using the parameters reported in Tables A.3, A.6, and A.7.
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Figure 6 – Utility Costs Associated With Entrepreneurship
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(a) Non-Pecuniary Costs
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(b) Entry Costs

Notes: Panel (a) shows the difference between the non-pecuniary costs associated with being an
incorporated business owner and the non-pecuniary costs associated with being a worker in high
productivity firms. Panel (b) shows the difference between the entry costs associated with becoming an
entrepreneur at age 25 and the entry costs associated with entering high productivity firms at age 25. I
report these statistics for the two types of individuals that have a clear comparative advantage in
incorporated entrepreneurship: Type 1 and Type 6. As described in the main text, I express all values in
dollars.
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Table 1 – Career Transitions

Career at time t

Workers Entrepreneurs

Career at time t− 1 High Med-high Med-low Low Incorp. Unincorp. Non-emp.

High 0.853 0.045 0.035 0.027 0.004 0.006 0.029
Med-high 0.052 0.811 0.052 0.039 0.003 0.007 0.036
Med-low 0.040 0.049 0.802 0.054 0.003 0.008 0.043
Low 0.033 0.040 0.055 0.799 0.004 0.010 0.058
Incorp. 0.018 0.013 0.014 0.021 0.889 0.014 0.031
Unincorp. 0.025 0.023 0.028 0.038 0.024 0.764 0.097
Non-emp. 0.039 0.050 0.071 0.118 0.007 0.055 0.659

Notes: This table describes the career choices of individuals as a function of their career at time t− 1. It
reports the fraction of transitions from origin (row) to destination (column). "High" refers to worker in
high productivity firms, "Med-high" refers to worker in medium-high productivity firms, "Med-low" refers
to worker in medium-low productivity firms, "Low" refers to worker in low productivity firms, "Incorp."
refers to incorporated business owner, "Unincorp." refers to unincorporated business owner, and
"Non-emp." refers to non-employed. The sample used to create this figure is as described in section 2.3.
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Table 2 – Summary Statistics

Workers Entrepreneurs

All High Med-high Med-low Low Incorp. Unincorp.

Log Earnings 10.63 10.95 10.72 10.58 10.34 11.12 10.15
(0.64) (0.59) (0.57) (0.56) (0.57) (0.89) (0.70)

Age 28.51 28.58 28.40 28.36 28.30 29.90 28.78
(2.88) (2.89) (2.85) (2.86) (2.86) (3.00) (2.98)

Work Exper. 3.14 3.46 3.28 3.22 3.11 2.01 1.46
(2.75) (2.82) (2.78) (2.77) (2.74) (2.39) (2.13)

- High 0.74 2.34 0.34 0.26 0.21 0.50 0.29
(1.63) (2.37) (1.04) (0.91) (0.84) (1.30) (0.97)

- Med-high 0.80 0.44 2.20 0.42 0.31 0.45 0.33
(1.64) (1.14) (2.32) (1.15) (0.97) (1.22) (1.01)

- Med-low 0.82 0.38 0.41 2.15 0.41 0.49 0.39
(1.63) (1.04) (1.10) (2.29) (1.09) (1.28) (1.07)

- Low 0.78 0.31 0.32 0.39 2.18 0.58 0.46
(1.61) (0.94) (0.93) (1.03) (2.33) (1.41) (1.17)

Incorp. Exper. 0.07 0.01 0.01 0.01 0.01 2.35 0.04
(0.54) (0.21) (0.17) (0.17) (0.21) (2.29) (0.35)

Unincorp. Exper. 0.14 0.04 0.03 0.03 0.04 0.41 1.96
(0.71) (0.31) (0.29) (0.30) (0.34) (1.12) (2.21)

Number of ind. 1,227,307 436,541 472,342 501,440 492,704 43,163 102,520
Number of obs. 7,430,419 1,608,558 1,618,393 1,683,075 1,636,477 168,021 305,870

Notes: This table summarizes the logarithm of annual earnings, age, and experience profile of individuals in
each career. I report averages and standard deviations for each variable in each career. Statistics are
calculated using all individual-year observations in the career described by the column header. The column
header "All" pools all careers together. There are 200,772 unique individuals in non-employment in the
sample and 410,025 individual-year observations. The sample used is as described in section 2.3.
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Table 3 – Earnings in Each Career at Age 25 by Type

Career

Workers Entrepreneurs

Type High Med-high Med-low Low Incorp. Unincorp.

1 9.88 9.80 9.75 9.64 10.11 9.56
(0.07) (0.05) (0.04) (0.03) (0.14) (0.03)

2 10.18 10.03 9.93 9.86 10.19 9.73
(0.08) (0.04) (0.03) (0.02) (0.05) (0.04)

3 10.41 10.23 10.14 9.91 10.27 9.81
(0.07) (0.08) (0.08) (0.05) (0.02) (0.06)

4 10.69 10.54 10.41 10.40 10.53 9.90
(0.08) (0.07) (0.04) (0.05) (0.09) (0.04)

5 10.92 10.75 10.68 10.48 11.00 10.33
(0.05) (0.02) (0.03) (0.04) (0.07) (0.05)

6 11.25 11.15 11.05 10.87 11.90 10.89
(0.12) (0.11) (0.09) (0.08) (0.14) (0.19)

Average 10.67 10.47 10.34 10.14 10.82 9.95

Notes: In this table, I report the potential earnings of individuals in each career at age 25 as a function of
their unobservable type. This corresponds to the average type-specific intercept in the earnings equation of
each career (rz,j =

∑2012
t=2001 r

j
t (z)

12 ). I report in brackets the standard deviation of the type-specific intercepts
in each career. The last row of the panel reports the average intercept in the population.
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Table 4 – Career Choices by Type

Career

Workers Entrepreneurs

Type Share of pop. High Med-high Med-low Low Incorp. Unincorp. Non-emp.

1 0.08 0.08 0.09 0.13 0.23 0.01 0.09 0.36
2 0.20 0.13 0.18 0.23 0.32 0.01 0.07 0.07
3 0.12 0.31 0.24 0.22 0.15 0.01 0.03 0.04
4 0.21 0.13 0.22 0.28 0.32 0.02 0.02 0.02
5 0.34 0.30 0.26 0.23 0.13 0.04 0.03 0.01
6 0.06 0.35 0.25 0.15 0.18 0.04 0.03 0.01

Average 0.22 0.22 0.23 0.22 0.02 0.04 0.06

Notes: This table describes the career choices of individuals as a function of their dominant unobservable
type. The dominant unobservable type of an individual is the one for which he has the highest posterior
probability of belonging to. I report the fraction of individual-year observations in each career by dominant
type. "Share of pop." reports the fraction of individuals in the population whose dominant type is the type
listed at left. The last row of the panel reports average career choices in the population.
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Table 5 – The Short Run and Long Run Impact of Policies

∆ share incorporated entrepreneurs (p.p.) ∆ avg. earnings (%)

Pop. Type 1 Type 2 Type 3 Type 4 Type 5 Type 6 Incorporated

Short run -0.10 -0.10 -0.20 -0.10 0.00 -0.10 -0.30 0.03
Long run -0.10 0.30 -0.10 -0.30 0.00 0.00 -1.00 0.20

Impact on the subset of individuals who take the subsidy: ∆ PVI (%): 0.08, ∆ PVI ($): 27,260.

(a) One-Time Subsidy to Enter High Productivity Firms at Age 25

∆ share incorporated entrepreneurs (p.p.) ∆ avg. earnings (%)

Pop. Type 1 Type 2 Type 3 Type 4 Type 5 Type 6 Incorporated

Short run 3.20 0.40 0.40 0.40 8.40 3.10 1.70 -10.89
Long run 2.20 0.00 0.10 0.10 6.20 2.30 1.10 -7.70
Impact on the subset of individuals who take the subsidy: ∆ PVI (%): 0.22, ∆ PVI ($): 89,173.

(b) One-Time Subsidy to Become an Incorporated Business Owner at Age 25

∆ share incorporated entrepreneurs (p.p.) ∆ avg. earnings (%)

Pop. Type 1 Type 2 Type 3 Type 4 Type 5 Type 6 Incorporated

Short run 0.20 0.00 0.10 0.00 0.00 0.30 0.80 11.53
Long run 0.10 -0.10 0.00 0.10 0.10 0.20 0.70 2.50
Impact on the subset of individuals who take the subsidy: ∆ PVI (%): 0.66, ∆ PVI ($): 466,856.

(c) One-Time Subsidy to Become an Incorporated Business Owner at Age 25
(Only Available to Individuals Who Start Their Careers in High Productivity Firms)
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Appendix 1 AKM Estimation

I estimate the AKM model using all observations of non-immigrant male workers between 20
and 60 years old. As described in the main text, I include year fixed effects, age squared, and
age cubed as time-varying covariates. Following Card et al. (2013) and Card et al. (2016), I
normalize the effect of age to be zero at age 40.

Table A.1 provides basic summary statistics from the estimation. The AKM sample
consists of 10,177,750 workers, 1,189,137 firms, and 76,232,621 worker-year observations. The
model is identified using workers who change employers over the course of the sample period.
Specifically, worker fixed effects and firm fixed effects are estimated separately for each group
of workers and firms that are connected by labour mobility (see Abowd et al. (2002) for more
details on the identification of connected groups). I use only the fixed effects from the largest
connected group in the empirical analysis. As indicated in Table A.1, the largest connected
group consist of 9,161,419 workers, 876,309 firms, and 74,616,421 observations. 98% of all
observations are included in the largest connected group. Overall, the AKM model fits the
data well with an adjusted R-squared of .79 and a root mean squared error (RMSE) of 0.32.
To put these numbers in perspective, note that Song et al. (2018) find an adjusted R-squared
of .79 and a RMSE of .44 in the US for 2001-2007 and an adjusted R-squared of .81 and a
RMSE of .42 for 2008-2013.

To have unbiased firm effects in the AKM model, the key identifying assumption that
needs to be satisfied is E[µi,t|i, {dmi,t}Mm=1, Xi,t] = 0. I follow the literature in refering to
this assumption as the exogenous mobility assumption. The exogenous mobility assumption
says that, once we condition on the identity and characteristics of the employee and on the
identity of the employer, there is no additional information in the residual that predicts
annual earnings. An important threat to identification comes from the omission of a match
quality component in the AKM model. Estimates of {Λm}Mm=1 will be biased if workers sort
into firms on the basis of their comparative advantage. With this said, recent empirical
evidence suggests that match quality plays a small role in the assignment of workers to firms
(e.g., Card et al., 2013; Bonhomme et al., 2019). I replicate the specification tests developed
by Card et al. (2013) to show that the AKM model is a reasonable approximation of the
earnings process of workers in Canada between 2001 and 2012.29

First, I look at the evolution of annual earnings over time for job changers. I consider all
workers who change jobs between 2001 and 2012 and restrict my attention to job changers
with at least two years of continuous employment at their previous and new employer. I

29As such, I add to a growing list of empirical papers that arrive at similar conclusions using data from
various countries. To name just a few, Card et al. (2013) use data from Germany, Serafinelli (2019) looks at
Veneto in Italy, Card et al. (2016) look at Portugal, and Song et al. (2018) look at the United States.
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divide firms into quartiles according to their estimated firm effects. Figure A.1 plots the
average log earnings for workers who move into a firm that offers a pay premium that is
comparable to the one offered by their previous employer. If match quality is an important
determinant of earnings, job changers should experience an increase in earnings on average.
The fact that the figure shows no jump in average log earnings following a lateral job move
suggests that the match quality component of earnings is small.

Figure A.2 plots the evolution of average log earnings over time for workers who move
into a firm that offers a pay premium that is different than the one offered by their previous
employer. If the match quality component of earnings is small, workers who move to a firm
that offers a larger pay premium should see an increase in annual earnings that is roughly
equal to the difference in the pay premiums offered by the two employers. The reverse is also
true. Workers who move to a firm that offers a smaller pay premium should see a decrease in
annual earnings that is roughly equal to the difference in the pay premiums offered by the two
employers. As can be seen, the decline in earnings experienced by workers moving down the
pay premium ladder is approximately symmetric to the increase in earnings experienced by
workers moving in the opposite direction. Taken together, A.1 and A.2 suggest that match
quality is not an important determinant of earnings in the Canadian context.

I also look at the residuals of the AKM model. The assumption that the logarithm of
annual earnings of workers is additively separable in a worker fixed effect and a firm fixed
effect implies that the residuals should be close to zero irrespective of the match. Following
Card et al. (2013), I divide firms into deciles of firm effects and workers into deciles of worker
effects. For each combination of decile of firm effect and decile of worker effect, I calculate
the average residuals from the AKM model. Figure A.3 shows the average residuals on a
10x10 grid. The residuals are all very small in magnitude. The largest absolute deviation
is less than 0.025. The only discernable pattern in this figure is for the lowest worker effect
group. I find that low wage individuals in low wage firms earn systematically more than
predicted by the AKM model. Low wage individuals in high wage firms earn systematically
less than predicted. I suspect that this deviation at the low end of the labour market is a
consequence of the minimum wage in Canada. In all, the AKM model seems to provide a
good approximation of the earnings process of workers in Canada between 2001 and 2012.
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Figure A.1 – AKM Event Study: Symmetric Job Changes
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Notes: This figure shows the average logarithm of annual earnings for workers who move into a firm that
offers a pay premium that is comparable to the one offered by their previous employer. Time 0 refers to the
first year at the new firm.
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Figure A.2 – AKM Event Study: Asymmetric Job Changes
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Notes: This figure shows the average logarithm of annual earnings for job changers who move from a firm
that is in either the top or bottom quartile of the distribution of estimated firm effects. Time 0 refers to the
first year at the new firm.
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Figure A.3 – AKM Residuals
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Notes: This figure shows the average residuals from the AKM model by cells defined by decile of the
estimated worker effect × decile of the estimated firm effect.
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Table A.1 – Estimation Results for AKM Model

Description of AKM sample and largest connected group

Number of workers in largest connected group 9,161,419
Number of workers in full sample 10,177,750
Ratio: workers in largest/workers in full 0.90

Number of firms in largest connected group 876,309
Number of firms in full sample 1,189,137
Ratio: firms in largest/firms in full 0.74

Number of observations in largest connected group 74,616,421
Number of observations in full sample 76,232,621
Ratio: observations in largest/observations in full 0.98

Summary of parameter estimates

Standard deviation of worker effects 0.49
Standard deviation of firm effects 0.26
Correlation between worker and firm effects 0.20
Root mean squared error of AKM residuals 0.32
Adjusted R-squared 0.79
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Table A.2 – AKM Firm Effects Are Correlated with Alternative Measures of Firm Produc-
tivity

(1) (2) (3) (4) (5)

TFP Sales Value added Profits Payroll

High prod. firms 0.282∗∗∗ 0.387∗∗∗ 0.409∗∗∗ 0.370∗∗∗ 0.458∗∗∗
(0.003) (0.004) (0.004) (0.004) (0.002)

Medium-high prod. firms 0.237∗∗∗ 0.313∗∗∗ 0.323∗∗∗ 0.221∗∗∗ 0.401∗∗∗
(0.003) (0.004) (0.004) (0.004) (0.002)

Medium-low prod. firms 0.155∗∗∗ 0.217∗∗∗ 0.216∗∗∗ 0.130∗∗∗ 0.299∗∗∗
(0.003) (0.004) (0.003) (0.004) (0.002)

Mean, dependent variable 0.01 11.68 11.12 10.85 10.16
Adjusted R-squared 0.15 0.21 0.26 0.15 0.34
Number of firms 436,536 557,674 442,988 549,961 743,074

Notes: All regressions include a constant term and industry-specific fixed effects (3-digit NAICS code).
Stars denote significance levels: ∗ 0.10, ∗∗ 0.05, ∗∗∗ 0.01.
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Appendix 2 CCP Smoothing

Although the empirical conditional choice probabilities could, in principle, be estimated non-
parametrically using equation (14), I estimate them using flexible linear probability models
to avoid the curse of dimensionality. For each career choice j ∈ J , I estimate a separate linear
probability model for every possible combination of last year’s career choice and unobservable
type. In total, I run 294 regressions to obtain empirical estimates of the conditional choice
probabilities.30 In each regression, I include a constant term, linear and quadratic terms of
the number of years of experience an individual has in each career, and year fixed effects.
The upside of this approach is that it allows me to obtain estimates of the conditional choice
probabilities that are very flexible in a reasonable amount of computation time. The downside
of this approach is that it does not impose the restriction that the predicted conditional choice
probablities lie between 0 and 1. To deal with fitted values that lie outside this range, I replace
fitted values below 0.000001 with 0.000001 and fitted values above 0.999999 with 0.999999.
This ad-hoc adjustment is necessary to have a log-likelihood function that is well behaved.
In practice, less than 5% of all fitted values are affected by this procedure and the ones that
are affected are all very close to 0 and 1 (see Figure A.4).

30There are seven career choices, seven possible career choices last period, and six unobservable types.
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Figure A.4 – Empirical CCPs: Raw and Adjusted
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(a) Distribution of empirical CCPs of choosing chosen career (pj,z,t(xi,t))
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(b) Distribution of empirical CCPs of choosing non-employment (pj′ ,z,t(xi,t))

Notes: These figures show the distribution of the estimated empirical CCPs in the data. Panel (a) shows
the distribution of the predicted probability of choosing career j, where j is the observed career choice of
individual i at time t. Panel (b) shows the distribution of the predicted probability of choosing
non-employment. The dashed lines correspond to the raw fitted values and the solid lines correspond to the
adjusted fitted values.
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Appendix 3 Parameter Estimates
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Table A.3 – Earnings Process: High Productivity Firms

Type 1 Type 2 Type 3 Type 4 Type 5 Type 6 Type Invariant
Exper. high 0.139∗∗∗ 0.287∗∗∗ 0.179∗∗∗ 0.151∗∗∗ 0.659∗∗∗ 0.357∗∗∗

(0.003) (0.004) (0.003) (0.004) (0.012) (0.008)

Exper. med-high 0.183∗∗∗ 0.270∗∗∗ 0.173∗∗∗ 0.137∗∗∗ 0.646∗∗∗ 0.326∗∗∗
(0.004) (0.004) (0.003) (0.004) (0.012) (0.008)

Exper. med-low 0.170∗∗∗ 0.281∗∗∗ 0.185∗∗∗ 0.119∗∗∗ 0.645∗∗∗ 0.346∗∗∗
(0.004) (0.004) (0.003) (0.004) (0.012) (0.008)

Exper. low 0.153∗∗∗ 0.291∗∗∗ 0.176∗∗∗ 0.128∗∗∗ 0.621∗∗∗ 0.322∗∗∗
(0.004) (0.004) (0.003) (0.004) (0.012) (0.008)

Exper. unincorp. 0.168∗∗∗ 0.246∗∗∗ 0.153∗∗∗ 0.061∗∗∗ 0.586∗∗∗ 0.259∗∗∗
(0.006) (0.006) (0.005) (0.005) (0.012) (0.011)

Exper. incorp. 0.192∗∗∗ 0.228∗∗∗ 0.109∗∗∗ 0.114∗∗∗ 0.629∗∗∗ 0.332∗∗∗
(0.010) (0.010) (0.008) (0.007) (0.013) (0.014)

Age -0.081∗∗∗ -0.215∗∗∗ -0.089∗∗∗ -0.083∗∗∗ -0.568∗∗∗ -0.242∗∗∗
(0.003) (0.004) (0.003) (0.004) (0.012) (0.008)

Work exper. (sq) -0.012∗∗∗
(0.000)

Exper. unincorp. (sq) -0.014∗∗∗
(0.001)

Exper. incorp. (sq) -0.012∗∗∗
(0.001)

Age (sq) 0.008∗∗∗
(0.000)

Average intercept 9.88 10.18 10.41 10.69 10.92 11.25

Mean, dep. var. 10.95
Adjusted R-squared 0.56
Number of ind. 436,541
Number of obs. 1,608,558

Notes: The dependent variable is the logarithm of annual earnings. Standard errors clustered at the
individual level are in parentheses. The regression includes a constant term and type-year fixed effects. I
report the time averaged intercept for each type. Stars denote significance levels: ∗ 0.10, ∗∗ 0.05, ∗∗∗ 0.01.
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Table A.4 – Earnings Process: Medium-High Productivity Firms

Type 1 Type 2 Type 3 Type 4 Type 5 Type 6 Type Invariant
Exper. high 0.164∗∗∗ 0.246∗∗∗ 0.213∗∗∗ 0.304∗∗∗ 0.715∗∗∗ 0.394∗∗∗

(0.004) (0.003) (0.003) (0.005) (0.012) (0.007)

Exper. med-high 0.172∗∗∗ 0.235∗∗∗ 0.211∗∗∗ 0.281∗∗∗ 0.698∗∗∗ 0.375∗∗∗
(0.004) (0.003) (0.003) (0.005) (0.012) (0.007)

Exper. med-low 0.172∗∗∗ 0.233∗∗∗ 0.208∗∗∗ 0.277∗∗∗ 0.698∗∗∗ 0.411∗∗∗
(0.004) (0.003) (0.003) (0.005) (0.012) (0.007)

Exper. low 0.172∗∗∗ 0.238∗∗∗ 0.186∗∗∗ 0.278∗∗∗ 0.678∗∗∗ 0.350∗∗∗
(0.004) (0.003) (0.003) (0.005) (0.012) (0.007)

Exper. unincorp. 0.183∗∗∗ 0.245∗∗∗ 0.218∗∗∗ 0.187∗∗∗ 0.635∗∗∗ 0.309∗∗∗
(0.006) (0.005) (0.005) (0.006) (0.012) (0.011)

Exper. incorp. 0.265∗∗∗ 0.182∗∗∗ 0.209∗∗∗ 0.184∗∗∗ 0.661∗∗∗ 0.347∗∗∗
(0.019) (0.009) (0.007) (0.009) (0.013) (0.014)

Age -0.110∗∗∗ -0.167∗∗∗ -0.107∗∗∗ -0.221∗∗∗ -0.605∗∗∗ -0.279∗∗∗
(0.003) (0.003) (0.003) (0.005) (0.012) (0.007)

Work exper. (sq) -0.012∗∗∗
(0.000)

Exper. unincorp. (sq) -0.016∗∗∗
(0.001)

Exper. incorp. (sq) -0.011∗∗∗
(0.001)

Age (sq) 0.008∗∗∗
(0.000)

Average intercept 9.80 10.03 10.23 10.54 10.75 11.15

Mean, dep. var. 10.72
Adjusted R-squared 0.57
Number of ind. 472,342
Number of obs. 1,618,393

Notes: The dependent variable is the logarithm of annual earnings. Standard errors clustered at the
individual level are in parentheses. The regression includes a constant term and type-year fixed effects. I
report the time averaged intercept for each type. Stars denote significance levels: ∗ 0.10, ∗∗ 0.05, ∗∗∗ 0.01.
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Table A.5 – Earnings Process: Medium-Low Productivity Firms

Type 1 Type 2 Type 3 Type 4 Type 5 Type 6 Type Invariant
Exper. high 0.149∗∗∗ 0.231∗∗∗ 0.220∗∗∗ 0.392∗∗∗ 0.645∗∗∗ 0.389∗∗∗

(0.003) (0.003) (0.003) (0.005) (0.008) (0.009)

Exper. med-high 0.155∗∗∗ 0.220∗∗∗ 0.208∗∗∗ 0.379∗∗∗ 0.629∗∗∗ 0.364∗∗∗
(0.003) (0.003) (0.003) (0.005) (0.008) (0.009)

Exper. med-low 0.152∗∗∗ 0.227∗∗∗ 0.226∗∗∗ 0.375∗∗∗ 0.635∗∗∗ 0.396∗∗∗
(0.003) (0.002) (0.003) (0.005) (0.008) (0.009)

Exper. low 0.157∗∗∗ 0.229∗∗∗ 0.175∗∗∗ 0.370∗∗∗ 0.599∗∗∗ 0.345∗∗∗
(0.003) (0.003) (0.003) (0.005) (0.008) (0.009)

Exper. unincorp. 0.145∗∗∗ 0.241∗∗∗ 0.230∗∗∗ 0.292∗∗∗ 0.571∗∗∗ 0.317∗∗∗
(0.005) (0.004) (0.004) (0.006) (0.009) (0.014)

Exper. incorp. 0.220∗∗∗ 0.222∗∗∗ 0.231∗∗∗ 0.310∗∗∗ 0.610∗∗∗ 0.417∗∗∗
(0.011) (0.008) (0.008) (0.008) (0.010) (0.020)

Age -0.104∗∗∗ -0.152∗∗∗ -0.110∗∗∗ -0.303∗∗∗ -0.532∗∗∗ -0.265∗∗∗
(0.002) (0.002) (0.003) (0.005) (0.008) (0.009)

Work exper. (sq) -0.011∗∗∗
(0.000)

Exper. unincorp. (sq) -0.016∗∗∗
(0.001)

Exper. incorp. (sq) -0.016∗∗∗
(0.001)

Age (sq) 0.007∗∗∗
(0.000)

Average intercept 9.75 9.93 10.14 10.41 10.68 11.05

Mean, dep. var. 10.58
Adjusted R-squared 0.57
Number of ind. 501,440
Number of obs. 1,683,075

Notes: The dependent variable is the logarithm of annual earnings. Standard errors clustered at the
individual level are in parentheses. The regression includes a constant term and type-year fixed effects. I
report the time averaged intercept for each type. Stars denote significance levels: ∗ 0.10, ∗∗ 0.05, ∗∗∗ 0.01.
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Table A.6 – Earnings Process: Low Productivity Firms

Type 1 Type 2 Type 3 Type 4 Type 5 Type 6 Type Invariant
Exper. high 0.087∗∗∗ 0.196∗∗∗ 0.272∗∗∗ 0.222∗∗∗ 0.835∗∗∗ 0.391∗∗∗

(0.003) (0.002) (0.003) (0.003) (0.010) (0.009)

Exper. med-high 0.101∗∗∗ 0.188∗∗∗ 0.271∗∗∗ 0.191∗∗∗ 0.821∗∗∗ 0.367∗∗∗
(0.002) (0.002) (0.003) (0.003) (0.010) (0.009)

Exper. med-low 0.103∗∗∗ 0.186∗∗∗ 0.278∗∗∗ 0.188∗∗∗ 0.825∗∗∗ 0.397∗∗∗
(0.002) (0.002) (0.003) (0.003) (0.010) (0.009)

Exper. low 0.096∗∗∗ 0.213∗∗∗ 0.261∗∗∗ 0.201∗∗∗ 0.808∗∗∗ 0.354∗∗∗
(0.002) (0.002) (0.003) (0.003) (0.010) (0.008)

Exper. unincorp. 0.080∗∗∗ 0.180∗∗∗ 0.209∗∗∗ 0.139∗∗∗ 0.741∗∗∗ 0.275∗∗∗
(0.004) (0.004) (0.005) (0.004) (0.010) (0.013)

Exper. incorp. 0.101∗∗∗ 0.159∗∗∗ 0.212∗∗∗ 0.138∗∗∗ 0.776∗∗∗ 0.410∗∗∗
(0.008) (0.007) (0.009) (0.006) (0.012) (0.020)

Age -0.058∗∗∗ -0.138∗∗∗ -0.158∗∗∗ -0.128∗∗∗ -0.710∗∗∗ -0.244∗∗∗
(0.002) (0.002) (0.003) (0.003) (0.010) (0.008)

Work exper. (sq) -0.009∗∗∗
(0.000)

Exper. unincorp. (sq) -0.008∗∗∗
(0.001)

Exper. incorp. (sq) -0.008∗∗∗
(0.001)

Age (sq) 0.005∗∗∗
(0.000)

Average intercept 9.64 9.86 9.91 10.30 10.48 10.87

Mean, dep. var. 10.34
Adjusted R-squared 0.55
Number of ind. 492,704
Number of obs. 1,636,477

Notes: The dependent variable is the logarithm of annual earnings. Standard errors clustered at the
individual level are in parentheses. The regression includes a constant term and type-year fixed effects. I
report the time averaged intercept for each type. Stars denote significance levels: ∗ 0.10, ∗∗ 0.05, ∗∗∗ 0.01.

58



Table A.7 – Earnings Process: Incorporated

Type 1 Type 2 Type 3 Type 4 Type 5 Type 6 Type Invariant
Exper. high 0.072∗∗∗ 0.133∗∗∗ 0.054∗∗∗ 0.060∗∗∗ 0.162∗∗∗ 0.155∗∗∗

(0.016) (0.012) (0.013) (0.010) (0.011) (0.033)

Exper. med-high 0.01 0.122∗∗∗ 0.052∗∗∗ 0.043∗∗∗ 0.141∗∗∗ 0.124∗∗∗
(0.019) (0.012) (0.013) (0.010) (0.011) (0.033)

Exper. med-low -0.009 0.147∗∗∗ 0.040∗∗∗ 0.044∗∗∗ 0.171∗∗∗ 0.158∗∗∗
(0.016) (0.012) (0.013) (0.010) (0.011) (0.034)

Exper. low -0.046∗∗∗ 0.141∗∗∗ -0.02 0.071∗∗∗ 0.141∗∗∗ 0.123∗∗∗
(0.013) (0.011) (0.013) (0.010) (0.011) (0.033)

Exper. unincorp. 0.004 0.158∗∗∗ 0.066∗∗∗ 0.051∗∗∗ 0.139∗∗∗ 0.133∗∗∗
(0.013) (0.012) (0.014) (0.012) (0.012) (0.035)

Exper. incorp. 0.146∗∗∗ 0.206∗∗∗ 0.095∗∗∗ 0.180∗∗∗ 0.326∗∗∗ 0.418∗∗∗
(0.011) (0.011) (0.012) (0.010) (0.011) (0.033)

Age 0.015 -0.154∗∗∗ 0.006 -0.095∗∗∗ -0.177∗∗∗ -0.187∗∗∗
(0.010) (0.010) (0.012) (0.010) (0.011) (0.033)

Work exper. (sq) 0.004∗∗∗
(0.000)

Exper. unincorp. (sq) 0.002∗∗
(0.001)

Exper. incorp. (sq) -0.008∗∗∗
(0.000)

Age (sq) 0.001∗∗∗
(0.000)

Average intercept 10.11 10.19 10.27 10.53 11.00 11.90

Mean, dep. var. 11.12
Adjusted R-squared 0.50
Number of ind. 43,163
Number of obs. 168,021

Notes: The dependent variable is the logarithm of annual earnings. Standard errors clustered at the
individual level are in parentheses. The regression includes a constant term and type-year fixed effects. I
report the time averaged intercept for each type. Stars denote significance levels: ∗ 0.10, ∗∗ 0.05, ∗∗∗ 0.01.
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Table A.8 – Earnings Process: Unincorporated

Type 1 Type 2 Type 3 Type 4 Type 5 Type 6 Type Invariant
Exper. high 0.130∗∗∗ 0.194∗∗∗ 0.210∗∗∗ 0.275∗∗∗ 0.443∗∗∗ 0.346∗∗∗

(0.004) (0.004) (0.006) (0.006) (0.006) (0.015)

Exper. med-high 0.131∗∗∗ 0.185∗∗∗ 0.174∗∗∗ 0.253∗∗∗ 0.432∗∗∗ 0.281∗∗∗
(0.004) (0.004) (0.006) (0.006) (0.006) (0.016)

Exper. med-low 0.129∗∗∗ 0.190∗∗∗ 0.155∗∗∗ 0.255∗∗∗ 0.452∗∗∗ 0.327∗∗∗
(0.004) (0.004) (0.005) (0.006) (0.006) (0.016)

Exper. low 0.097∗∗∗ 0.183∗∗∗ 0.098∗∗∗ 0.289∗∗∗ 0.382∗∗∗ 0.263∗∗∗
(0.003) (0.004) (0.005) (0.006) (0.006) (0.016)

Exper. unincorp. 0.099∗∗∗ 0.208∗∗∗ 0.178∗∗∗ 0.272∗∗∗ 0.453∗∗∗ 0.323∗∗∗
(0.003) (0.003) (0.005) (0.005) (0.006) (0.015)

Exper. incorp. 0.098∗∗∗ 0.133∗∗∗ 0.082∗∗∗ 0.175∗∗∗ 0.390∗∗∗ 0.248∗∗∗
(0.012) (0.011) (0.011) (0.013) (0.013) (0.032)

Age -0.053∗∗∗ -0.127∗∗∗ -0.028∗∗∗ -0.193∗∗∗ -0.344∗∗∗ -0.176∗∗∗
(0.002) (0.003) (0.004) (0.005) (0.006) (0.014)

Work exper. (sq) -0.010∗∗∗
(0.000)

Exper. unincorp. (sq) -0.009∗∗∗
(0.000)

Exper. incorp. (sq) -0.003
(0.002)

Age (sq) 0.003∗∗∗
(0.000)

Average intercept 9.56 9.73 9.81 9.90 10.33 10.89

Mean, dep. var. 10.15
Adjusted R-squared 0.47
Number of ind. 102,520
Number of obs. 305,870

Notes: The dependent variable is the logarithm of annual earnings. Standard errors clustered at the
individual level are in parentheses. The regression includes a constant term and type-year fixed effects. I
report the time averaged intercept for each type. Stars denote significance levels: ∗ 0.10, ∗∗ 0.05, ∗∗∗ 0.01.
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Table A.9 – Non-Pecuniary Benefits and Scale Parameters

Type 1 Type 2 Type 3 Type 4 Type 5 Type 6

High -9.79 -10.50 -10.49 -10.34 -12.23 -12.63
Med-high -9.59 -10.58 -10.35 -11.49 -12.48 -12.70
Med-low -9.51 -10.51 -10.32 -12.16 -12.27 -12.78
Low -9.56 -10.38 -10.16 -10.87 -13.54 -12.37
Incorp. -10.32 -10.64 -9.98 -11.33 -12.60 -14.07
Unincorp. -9.65 -10.37 -10.26 -10.75 -13.15 -12.22

Scale parameter 26.92 17.09 19.72 27.39 37.58 19.21

Notes: This table reports the estimated non-pecuniary benefits associated with each career for each
unobservable type. All estimates have been divided by the corresponding type-specific scale parameter
reported in the last row of the table.
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Table A.10 – Mobility Costs

High Med-high Med-low Low Unincorp. Incorp.

Intercept -0.36 -0.55 -0.51 -0.28 -0.81 -0.89
Exper. high 0.14 -0.05 -0.08 0.10 0.17 -0.28
Exper. med-high -0.23 0.30 -0.19 -0.06 0.06 0.25
Exper. med-low -0.18 -0.17 0.19 -0.06 0.06 -0.26
Exper. low -0.09 -0.16 -0.13 0.06 0.18 0.12
Exper. unincorp. -0.13 -0.13 0.06 -0.01 0.06 0.00
Exper. incorp 0.25 -0.07 0.11 0.22 0.22 -0.02
Exper. non-emp. 0.24 0.15 0.12 0.07 0.13 0.12

(a) Type 1

High Med-high Med-low Low Unincorp. Incorp.

Intercept -0.62 -1.01 -0.94 -1.40 -0.87 -0.72
Exper. high 0.02 0.04 0.05 0.08 0.03 -0.55
Exper. med-high -0.06 0.15 0.10 0.21 0.11 0.17
Exper. med-low -0.07 0.13 0.12 0.25 0.10 0.08
Exper. low 0.02 0.21 0.21 0.16 0.19 -0.30
Exper. unincorp. -0.32 -0.18 0.09 -0.37 0.30 -0.08
Exper. incorp -0.34 -0.09 -0.18 -0.43 0.03 0.47
Exper. non-emp. 0.38 0.34 0.26 0.24 0.11 0.53

(b) Type 2

High Med-high Med-low Low Unincorp. Incorp.

Intercept -0.54 -0.71 -0.70 0.11 -0.68 -1.37
Exper. high 0.24 -0.13 -0.25 -0.31 0.19 0.18
Exper. med-high 0.01 0.41 -0.26 -0.40 0.15 -0.09
Exper. med-low -0.06 -0.28 0.42 -0.55 0.32 0.00
Exper. low -0.35 -0.56 -0.75 0.68 -0.17 0.15
Exper. unincorp. 0.10 -0.04 -0.11 -0.34 -0.03 -0.02
Exper. incorp 0.20 -0.07 -0.13 -0.19 -0.13 0.24
Exper. non-emp. 0.22 0.22 0.13 -0.04 -0.01 0.57

(c) Type 3

Notes: This table reports the estimated parameters of the mobility costs function for each unobservable
type. All estimates have been divided by the corresponding type-specific scale parameter reported in the
last row of Table A.9.
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Table A.11 – Mobility Costs (continued)

High Med-high Med-low Low Unincorp. Incorp.

Intercept -2.45 0.25 -0.26 -0.89 -0.05 -0.09
Exper. high 0.39 0.11 0.17 0.18 0.17 0.38
Exper. med-high 0.44 -0.13 0.01 -0.11 -0.04 0.19
Exper. med-low 0.31 -0.3 0.00 0.01 -0.13 0.08
Exper. low 0.50 -0.13 -0.07 0.06 0.09 0.14
Exper. unincorp. -0.10 -0.35 -0.33 -0.15 0.09 -0.08
Exper. incorp 0.14 0.05 0.00 0.30 -0.13 -0.07
Exper. non-emp. -0.08 0.61 0.61 0.07 -0.02 0.12

(d) Type 4

High Med-high Med-low Low Unincorp. Incorp.

Intercept -0.32 -0.35 -1.62 -0.29 -1.15 -0.25
Exper. high 0.18 -0.08 -0.2 -0.48 0.06 -0.06
Exper. med-high -0.04 0.10 -0.10 -0.08 0.00 0.00
Exper. med-low 0.04 0.04 0.24 -0.01 0.05 0.02
Exper. low 0.00 -0.07 0.37 -0.09 0.16 -0.02
Exper. unincorp. -0.11 0.16 0.29 -0.06 0.24 -0.02
Exper. incorp -0.15 -0.07 0.41 0.02 0.10 0.00
Exper. non-emp. 0.53 0.54 1.18 1.09 0.41 0.14

(e) Type 5

High Med-high Med-low Low Unincorp. Incorp.

Intercept 0.06 -0.64 -0.34 -0.73 -0.09 -1.08
Exper. high -0.05 -0.19 -0.03 0.00 0.06 0.17
Exper. med-high -0.12 0.16 -0.18 -0.39 0.21 0.25
Exper. med-low -0.14 -0.15 -0.07 -0.11 0.13 0.33
Exper. low 0.01 -0.31 -0.34 0.08 0.07 0.18
Exper. unincorp. -0.02 -0.02 0.03 -0.09 -0.33 0.32
Exper. incorp -0.02 -0.05 -0.19 -0.06 0.25 -0.35
Exper. non-emp. 0.10 0.35 0.18 0.08 0.04 0.77

(f) Type 6

Notes: This table shows the estimated parameters of the mobility costs function for each unobservable type.
All estimates have been divided by the corresponding type-specific scale parameter reported in the last row
of Table A.9.
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Appendix 4 Model Fit

To assess model fit, I compare the career choices of individuals observed in the data to the
ones predicted by the model. Equation (19) implies that predicted career choices at time
t can be computed for each individual using a combination of the structural parameters of
the model and estimates of future empirical CCPs. For each observation in the sample, I
calculate the difference in ex-ante value functions between career j and non-employment for
all j ∈ J . I then draw a vector of career-specific idiosyncratic shocks and calculate their
optimal career choice.

Table A.12 shows the career choices of individuals over the life cycle. Panel (a) reports
the observed fraction of individuals in each career at each age between 25 and 36. Using all
observations in the sample, I use the model to predict the career choices of individuals. Panel
(b) reports the predicted fraction of individuals in each career at each age between 25 and 35.
Overall, I find that the model does a good job at explaining the career choices of individuals
over the life cycle. The model predicts most accurately the career choices of individuals near
the beginning and near the end of the age range for which I observe individuals in the data.
Non-trivial discrepancies are found in the middle of the age range. For example, I predict
more than double the share of incorporated business owners at age 27, but this discrepancy
vanishes by age 33.

Turning to career transitions, I find that the model has a hard time replicating the high
degree of persistence in career choices observed in the data. Table A.13 describes the career
choices of individuals as a function of their career at time t − 1. In Panel (a), I report the
fraction of observed transitions from origin (row) to destination (column). In Panel (b), I
report the fraction of transitions from origin (row) to destination (column) that is predicted
by the model. In the data, I find that 89% of incorporated business owners remain in that
career from one year to the next. The model predicts that only 63% of them choose to remain
in their career. This lower degree of persistence in career choices is observed in all careers
(this can be seen by comparing the numbers on the diagonals). With this said, I find that
the model can predict the patterns of transitions observed in the data reasonably well. For
example, the model predicts that incorporated business owners are relatively more likely to
switch into either high or low productivity firms. This is consistent with what we see in
the data. The model also predicts that workers in high productivity firms transition into
incorporated entrepreneurship at a higher rate than workers in other classes of firms. Again,
this is consistent with what we see in the data.

Finally, I explore the ability of the model to predict the career choices of individuals as
a function of their dominant unobservable type in Table A.14. I find that the model does a
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good job at predicting the career choices of individuals along that dimension as well. The
main discrepancy is that the model tends to predict too many incorporated entrepreneurs
for each unobservable type. This is especially true for dominant Type 1 and dominant Type
6 individuals.
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Table A.12 – Model Fit: Career Choices Over the Life Cycle

Age

25 26 27 28 29 30 31 32 33 34 35 36

High 0.21 0.21 0.21 0.22 0.22 0.22 0.22 0.22 0.22 0.22 0.23 0.23
Med-high 0.23 0.22 0.22 0.22 0.22 0.21 0.21 0.21 0.21 0.20 0.20 0.20
Med-low 0.25 0.23 0.23 0.22 0.22 0.22 0.22 0.21 0.21 0.21 0.21 0.21
Low 0.26 0.23 0.22 0.21 0.21 0.21 0.21 0.20 0.20 0.20 0.20 0.20
Incorp. 0.01 0.01 0.02 0.02 0.02 0.03 0.03 0.04 0.04 0.04 0.05 0.05
Unincorp. 0.04 0.04 0.04 0.04 0.04 0.04 0.05 0.05 0.05 0.05 0.05 0.05
Non-emp. - 0.06 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07 0.07

(a) Data

Age

25 26 27 28 29 30 31 32 33 34 35 36

High 0.20 0.19 0.19 0.19 0.17 0.18 0.20 0.21 0.21 0.21 0.28 -
Med-high 0.23 0.23 0.21 0.19 0.18 0.19 0.19 0.21 0.23 0.24 0.20 -
Med-low 0.22 0.24 0.22 0.21 0.21 0.21 0.21 0.21 0.23 0.22 0.17 -
Low 0.28 0.25 0.25 0.23 0.23 0.22 0.22 0.23 0.20 0.20 0.19 -
Incorp. 0.02 0.02 0.04 0.05 0.07 0.07 0.06 0.05 0.04 0.04 0.06 -
Unincorp. 0.04 0.05 0.06 0.07 0.08 0.07 0.06 0.04 0.04 0.04 0.05 -
Non-emp. 0.02 0.03 0.05 0.06 0.06 0.06 0.06 0.06 0.07 0.06 0.05 -

(b) Model

Notes: This table describes the observed [Panel (a)] and predicted [Panel (b)] career choices of individuals
over the life cycle. I report the fraction of individuals in each career by age.
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Table A.13 – Model Fit: Career Transitions

Career at time t

Workers Entrepreneurs

Career at time t− 1 High Med-high Med-low Low Incorp. Unincorp. Non-emp.

High 0.853 0.045 0.035 0.027 0.004 0.006 0.029
Med-high 0.052 0.811 0.052 0.039 0.003 0.007 0.036
Med-low 0.040 0.049 0.802 0.054 0.003 0.008 0.043
Low 0.033 0.040 0.055 0.799 0.004 0.010 0.058
Incorp. 0.018 0.013 0.014 0.021 0.889 0.014 0.031
Unincorp. 0.025 0.023 0.028 0.038 0.024 0.764 0.097
Non-emp. 0.039 0.050 0.071 0.118 0.007 0.055 0.659

(a) Data

Career at time t

Workers Entrepreneurs

Career at time t− 1 High Med-high Med-low Low Incorp. Unincorp. Non-emp.

High 0.677 0.062 0.053 0.097 0.045 0.042 0.024
Med-high 0.061 0.688 0.071 0.082 0.02 0.047 0.031
Med-low 0.057 0.078 0.701 0.069 0.022 0.036 0.037
Low 0.046 0.056 0.066 0.737 0.03 0.015 0.049
Incorp. 0.141 0.047 0.053 0.071 0.63 0.036 0.023
Unincorp. 0.09 0.055 0.046 0.163 0.051 0.519 0.076
Non-emp. 0.065 0.078 0.102 0.142 0.025 0.048 0.54

(b) Model

Notes: This table describes the observed [Panel (a)] and predicted [Panel (b)] career choices of individuals
as a function of their career at time t− 1. I reports the fraction of transitions from origin (row) to
destination (column).
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Table A.14 – Model Fit: Career Choices by Type

Career

Workers Entrepreneurs

Type Share of pop. High Med-high Med-low Low Incorp. Unincorp. Non-emp.

1 0.08 0.08 0.09 0.13 0.23 0.01 0.09 0.36
2 0.20 0.13 0.18 0.23 0.32 0.01 0.07 0.07
3 0.12 0.31 0.24 0.22 0.15 0.01 0.03 0.04
4 0.21 0.13 0.22 0.28 0.32 0.02 0.02 0.02
5 0.34 0.30 0.26 0.23 0.13 0.04 0.03 0.01
6 0.06 0.35 0.25 0.15 0.18 0.04 0.03 0.01

Average 0.22 0.22 0.23 0.22 0.02 0.04 0.06

(a) Data

Career

Workers Entrepreneurs

Type Share of pop. High Med-high Med-low Low Incorp. Unincorp. Non-emp.

1 0.08 0.09 0.11 0.15 0.23 0.04 0.08 0.30
2 0.20 0.13 0.18 0.22 0.34 0.03 0.04 0.06
3 0.12 0.24 0.21 0.22 0.2 0.02 0.08 0.04
4 0.21 0.16 0.23 0.24 0.31 0.03 0.03 0.01
5 0.34 0.24 0.23 0.23 0.18 0.05 0.08 0.01
6 0.06 0.29 0.25 0.15 0.16 0.12 0.03 0.01

Average 0.19 0.21 0.22 0.24 0.06 0.04 0.05

(b) Model

Notes: This table describes the observed [Panel (a)] and predicted [Panel (b)] career choices of individuals
as a function of their dominant type. The dominant type of an individual is the type for which he has the
highest posterior probability of belonging to. I report the fraction of individual-year observations in each
career by dominant type.
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