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ABSTRACT

This paper uses population panel data from Sweden to investigate the causes and consequences

of self-employment over the life cycle, and to evaluate how self-employment decisions can

be influenced by policy. In the first part of the paper, I use machine learning methods to

summarize the patterns of self-employment behavior observed in the data. I find that careers

involving self-employment fit into a small number of economically distinct groups. Some

self-employment spells are short, with minimal capital investment and rapid return to paid

employment, while others persist and have substantial capital devoted to the business from the

outset. Guided by these descriptive results, I develop and estimate a dynamic Roy model in

which self-employment decisions depend on factors such as cognitive and non-cognitive skills,

prior work experience, the cost of capital, and other labor market opportunities. The model

integrates traditional models of dynamic career choice that feature human capital investment

and models of business start-up that feature physical capital investment. I estimate the

model and use it to evaluate policies designed to promote self-employment. Cognitive and

non-cognitive skills, education, and prior work experience are important determinants of the

types of businesses individuals start, how much capital they employ, and how long they remain

in self-employment. Subsidies that incentivize self-employment are generally ineffective, both

in terms of promoting long-lasting firms and in terms of improving the welfare and earnings

of those induced to enter self-employment.
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CHAPTER 1

INTRODUCTION

1.1 Introduction

More than 10% of working men in the United States were self-employed in 2015. The new

businesses started by the self-employed are often seen as an important source of growth

and innovation for the economy.1 As a result, governments seek to promote small business

creation through tax breaks, grants, and training programs. Yet, the self-employed are a

heterogeneous group, and policies may be increasing the number of self-employed without

promoting growth and innovation. Indeed, many self-employment spells are short, most do

not involve substantial investments, and among the businesses that last, many never grow.2

This paper uses panel data on workers and firms from Sweden to investigate the causes

and consequences of self-employment over the life cycle, and evaluate how self-employment

decisions can be influenced by policy.3 To do this, the paper proceeds in two parts. In the

first part, I apply machine learning methods to isolate distinct patterns of self-employment

behavior over the life cycle, and present an intuitive two-period model to interpret these

results. Guided and motivated by this descriptive evidence, the second part of the paper

develops a dynamic model in which life cycle factors such as cognitive and non-cognitive

skills, prior work experience, the cost of capital, and labor market opportunities explain these

patterns of self-employment. I use the estimated model to quantify the importance of skills,

1. For example, Haltiwanger et al. (2013) documents that young firms contribute substantially to gross and
net job creation. In particular, new start-ups account for 3% of employment but 20% of gross job creation.
Haltiwanger et al. (2016) further shows that young firms disproportionately contribute to growth in output.
See Decker et al. (2014) for a review of this literature.

2. Schoar (2010), Hurst and Pugsley (2011), Haltiwanger et al. (2013) and Levine and Rubinstein (2016)
all also emphasize the heterogeneous nature of self-employment.

3. The data contains detailed longitudinal information on the individuals’ background and career choices,
industry characteristics, and firm characteristics for the full population. In particular, I link self-employed
individuals to detailed information on the businesses they create, including the amount of capital devoted to
the business.
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career histories, and the cost of capital on self-employment decisions, and to evaluate the

consequences of policies designed to promote self-employment.

The first part of the paper presents three sets of results. Using machine learning methods

for clustering discrete time-series, I document the variety of patterns of self-employment (SE)

behavior over the life cycle and develop a data-driven taxonomy of these distinct profiles. I

find that careers involving self-employment fit into one of seven distinct groups: (1) late-onset

unincorporated SE, (2) full-career unincorporated SE, (3) late-onset incorporated SE, (4)

full-career incorporated SE, (5) low labor force participation with occasional spells of SE, (6)

paid employment with a brief spell of self-employment, and (7) prolonged schooling followed

by late-onset SE.4 I show that there are systematic differences in who selects into each

self-employment group, and what they do while self-employed. Some groups have above

average cognitive and non-cognitive skills and earn more than those in paid employment,

while other groups have below average skills and earnings. Moreover, the various groups use

substantially different amount of capital and labor upon first entering self-employment.

I develop an intuitive two-period model to rationalize and interpret the patterns of

self-employment decisions observed in the data. In the two-period model, agents choose

between paid employment and self-employment in order to maximize expected discounted

utility. Agents enter self-employment based on comparative advantage that depends on

ability and career-specific experience. If agents choose to be self-employed, they also choose

how much capital they devote to their business. I assume that agents can rent capital at a

fixed market rate but that there are spell-specific capital adjustment costs associated with

capital market frictions and the costs of doing business.5 In the model, agents may choose to

4. Separating incorporated and unincorporated self-employment is consistent with Levine and Rubinstein
(2016) who document key differences in who start incorporated and unincorporated businesses and what they
do while self-employed.

5. This builds on the work of Evans and Jovanovic (1989) and Buera (2009) by considering a dynamic
self-employment decision with human capital. Unlike many classic models of entrepreneurship, such as Lucas
(1978), Evans and Jovanovic (1989), or Murphy et al. (1991), individuals from across the distribution of
ability may select into self-employment.
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self-employ to gain additional human capital. When self-employed, agents who do not expect

to remain self-employed have incentives to start smaller, less capital intensive businesses.

I use the model to interpret new empirical evidence on how career dynamics affect agents’

entry, exit, and investment decisions and show that the empirical evidence is consistent with

the implications of the simple two-period model.

Building on the two-period model, the second part of the paper develops and estimates a

structural model in order to both quantify the importance of abilities and career histories

on self-employment decisions, and to evaluate the impacts of counterfactual policies. The

structural model acknowledges that self-employment decisions are made in a larger labor

market context where heterogeneous individuals aim to maximize their well-being over the

life cycle, invest in human capital, and plan for the future. The model integrates traditional

models of dynamic career choice that feature human capital investment with models of

business start-up that feature costly capital investment. In the model agents choose between

self-employment and paid employment in either the white-collar or blue-collar sector, where

“career” is the choice of sector and organizational form. Agents acquire career-specific human

capital that may also be valued in other careers. When self-employed, agents choose the

amount of capital to employ in their business.

Using the structural model, I demonstrate that, for the most part, policies designed to

promote self-employment induce small and short-lived businesses. On average, those induced

into self-employment by the subsidies earn substantially less in self-employment than in their

previous careers. Some high-ability individuals start large, lasting businesses and have higher

lifetime earnings but only small welfare gains. Those induced out of non-employment also have

higher lifetime earnings through increased labor force attachment. Finally, I show that policies

boosting cognitive or non-cognitive skills increase the overall amount of self-employment, but

across different margins.6 Boosting cognitive skills increases all forms of white-collar labor

6. See Heckman and Kautz (2014) for a review of interventions shown to boost cognitive and non-cognitive
skills.
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force participation, while boosting non-cognitive skill raises both blue-collar and white-collar

self-employment, predominately through decreasing non-employment.

I also use my structural model to evaluate how the impacts of policies differ based on

the age of those targeted. I find that policies targeting younger individuals are preferable to

policies targeting older individuals for two reasons. First, policies targeting those early in

their careers tend to induce more people into self-employment and cause a smaller initial drop

in earnings upon entering self-employment because individuals have developed less human

capital in paid employment. Second, the gains to self-employment take several years to be

fully realized, giving younger individuals more time to reap potential benefits.

This paper contributes to our understanding of policies designed to promote self-employment.

Many governments promote policies that encourage self-employment and small business own-

ership. In the United States, the tax code has traditionally favored small businesses and,

through the Small Business Administration, the government fosters small businesses through

grants, subsidized loans, and the provision of information. Similar policies exist in many

European countries. For example, Sweden spent approximately 1% of its GDP promoting

small businesses and entrepreneurship through a combination of tax breaks, grants, and

educational programs in 2009 (Vikstrom, 2011).7 To properly evaluate policies designed

to promote self-employment, we must understand how different policies may induce people

with different backgrounds and career profiles to enter self-employment.8 Using the model

developed below, I evaluate a number of possible counterfactual policies, and show that that

they impact a heterogenous group of individuals. To my knowledge, this is the first paper to

estimate the long-run welfare and wage impacts of self-employment policies.

7. A number of papers use reduced-form methods to evaluate policies designed to promote self-employment.
See, for example, Elert et al. (2015), Goetz et al. (2010), Bennmarker et al. (2009), Bruce and Schuetze
(2004b), Benus et al. (2008).

8. For evaluation, we may wish to study how many large or long-lasting businesses are created, but we
would also like to understand the opportunity cost of inducing individuals into self-employment (i.e. what
they left behind in order to self-employ).
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1.2 Contribution to the literature

This paper contributes to the literature on self-employment in a number of ways. First, little

consensus has been reached on what causes people to enter self-employment. In a review of

the literature, Parker (2009) finds that age, experience, wealth, and having entrepreneurial

parents are associated with being self-employed but finds no consensus on many other factors.9

Where associations exist, there is little evidence on the underlying mechanisms. Many papers

explicitly model the choice to start a business, but these are primarily static models in

which agents choose between entrepreneurship and paid employment in order to maximize

profits.10 By contrast, this paper provides the first unifying framework to compare the

relative importance of the various factors believed to affect self-employment decisions and to

evaluate how these decisions might vary across individuals and over the life cycle.

Second, there is little research examining how self-employment affects current and future

earnings. Early work by Evans and Leighton (1989) documents that self-employment has

lower labor market returns than paid employment. This is supported by Bruce and Schuetze

(2004a), who find that brief self-employment spells appear to reduce wages when agents return

to paid employment. Hamilton (2000) similarly documents that the self-employed earn less

than their employed counterparts despite the risky nature of self-employment.11 Hamilton

argues that this can be explained by large non-pecuniary benefits to self-employment. A

small number of papers consider dynamic models of entrepreneurial decisions. Starting

with Jovanovic (1982), most of these papers involve agents learning about their ability as

entrepreneurs through experimentation in entrepreneurship.12 Overall, there is little research

9. For example, Parker (2009) documents 69 studies that show education is a positive determinant of
entrepreneurship, 21 studies that find education is a negative determinant, and 27 that find no correlations
to education. See Simoes et al. (2016) for a more recent review which reaches similar conclusions. Also see
Blanchflower and Oswald (1998), Hamilton (2000), and Hamilton et al. (2015).

10. See, for example, Lucas (1978), Evans and Jovanovic (1989), and Murphy et al. (1991).

11. See Hurst and Pugsley (2016) and Hamilton et al. (2015) for two other static models of self-employment
decisions that include non-pecuniary benefits.

12. This work has been extended by Manso (2016), who demonstrates that in such learning models cross-
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on how self-employment choices fit into the broader career decisions of individuals. This

paper addresses this question by building a framework that nests self-employment decisions

within a broader model of sequential career choice. The model allows me to simulate detailed

counterfactual earnings while taking into account selection into self-employment. Thus, I am

able to study the returns to self-employment over the life cycle and across individuals.

Third, the literature on productivity differences among firms and firm dynamics does

not typically consider the interplay between the life cycle dynamics of the individual and

earnings dynamics and entry and exit decisions of the businesses they create. Empirical work

such as Haltiwanger et al. (2013) and Decker et al. (2014) typically have little information

about the founders of new businesses and why they entered self-employment.13 In this paper

I document that, for most new businesses, the most important assets are the founder’s skills

and experience. As a result, a business’s performance depends on its founder. Moreover,

entry and exit decisions are closely tied to labor market dynamics and opportunity costs of

individuals. For example, some people enter self-employment to start lasting businesses, while

others may self-employ after a labor market shock or may self-employ as a form of marginal

labor force participation. I show that individual characteristics and career dynamics of an

individual are highly predictive of how their firm performs and if it lasts. This is important

for understanding how often firms “fail” versus how often an individual’s other labor market

opportunities move them away from self-employment.

Fourth, a growing literature argues that many small businesses do not fit classic models

of business start-up. For example, Levine and Rubinstein (2016) argue that there are

fundamental differences between those who choose to start unincorporated businesses and

sectional analysis of the returns to entrepreneurship will be biased and by Dillon and Stanton (2016), who
explicitly model how the option value to learning raises the overall return to self-employment and how briefly
trying out self-employment affects wages upon returning to the employed sector.

13. Some studies specifically model individuals’ or firms’ decisions to enter and exit new businesses, but
these models typically assume that all new self-employed individuals aim to innovate or grow. See, for
example, Jovanovic (1982), Ericson and Pakes (1995), and Dillon and Stanton (2016).
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those who choose to start incorporated businesses. Hurst and Pugsley (2011) document that

many new small businesses have no intention of growing, yet persist. Block and Sandner

(2009) argue that the self-employed can be split into “necessity” entrepreneurs who self-employ

due to lack of other options and “opportunity” entrepreneurs who seek to bring new ideas to

the market or take advantage of other market opportunities. This paper provides a framework

in which individuals can start new growth-oriented businesses but which also permits for

various other forms of self-employment described above. Moreover, I can document what

background characteristics, skills, and career histories lead to the various self-employment

behaviors.

This paper proceeds as follows. Section 2 describes the data. Section 3 documents new

empirical evidence on self-employment behavior over the life-cycle. Section 4 develops the

structural model. Section 5 discusses estimation. Section 6 presents the results and considers

policy counterfactuals. Section 7 concludes.

1.3 Data

This paper combines several sources of Swedish administrative data. The paper focuses on all

Swedish men born between 1965 and 1977 and studies labor market outcomes between 1990

and 2013.14 This analysis uses annual-level data from the longitudinal integration database

for health insurance and labor market studies (LISA), a linked register database maintained

by Statistics Sweden which extends previous versions of the registry data used for labor

market research (LINDA and LOUISE).15 The data combines and links a number of Swedish

registers. Specifically, the registers collect data on “labor market, educational and social

sectors.” The data focus on individuals but provide links with family members and employers.

This paper links and uses two different portions of the LISA data: (1) Individual records

14. This paper focuses on native Swedish men as measures of skills come from the military enlistment
exams are not available for the majority of women and immigrants.

15. See //www.scb.se/lisa-en for additional details.
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which provide detailed accounts of income, employment, and education and (2) company-level

data on the number of employees, current assets, fixed assets, and industry. The LISA data

is then linked to military enlistment records.

Data on career choices and self-employment: Self-employment classifications are

based on the individual’s primary source of labor market income during the year. The data

comes from tax records submitted by employers and tax records on individual declared

business income. An alternative classification for self-employment based on primary work

activity in November was also constructed and aligned closely with my primary classification.

Two-digit 2002 SNI industry codes were used to construct industry. Crosswalks between

the 2002 and 2007 codes were constructed using businesses that present in both 2006 and

2007. A similar approach was used to link 1992 and 1969 industry codes in order to construct

consistent industry categories over time.

Background characteristics: By linking the sample to their parents, I construct measures

of parental education, average parental wealth, average parental income, and whether either

parent reported being self-employed between 1990 and 2000. Using the LISA data, I

additionally construct indicators for region of residence, educational attainment, and area of

study.

Measures of cognitive and non-cognitive skill: Every male Swedish citizen in the

birth cohorts studied had to complete conscripted military service. To aid in assigning

individuals to tasks, all males are required to attend a day of military testing. For each

male in the sample, I have (1) measures of cognitive ability and (2) evaluation by military

psychologists designed to assess the ability of the individual to handle the rigors of active

military duty.16 The military psychologists gives each person an overall score which, based

16. For the birth cohorts studied in this paper, all men had mandatory military service with few exceptions.
As a result, individuals had no incentives to distort their evaluations.
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on verbal accounts, aims to measure a combination of stress tolerance, conscientiousness, and

propensity for leadership.17 These scores provide baseline measures of cognitive ability and

non-cognitive ability for the sample, allowing me to control for detailed baseline heterogeneity

that is usually not possible using register data.

In summary, the data provides a wealth of novel information on individuals, their career

choices, and the businesses they start while self-employed. 18 To my knowledge, this is the

first paper to link register data between firms and individuals to study self-employment or

entrepreneurship.19 Additional details on the data as well as institutional details on the

Swedish labor market can be found in Section A.2 of the Appendix.

17. See Lindquist et al. (2015) for a detailed overview of the measures collected during the military exams.

18. As laid out in Section A.3 of the appendix, the business environments in the United States and Sweden
are quite similar. Sweden is also commonly used as an example of successfully promoting small business
development in Europe.

19. See (Goetz et al., 2015), who argue that such linked data is crucial for understanding small business
formation and growth.
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CHAPTER 2

SELF-EMPLOYMENT OVER THE LIFE CYCLE

2.1 Self-Employment over the life cycle

This section provides empirical evidence on the interaction between career dynamics and

self-employment decisions. First, I document the variety of ways self-employment fits into

life-cycle employment profiles and build a data-driven taxonomy of self-employment behaviors.

Second, I use the taxonomy to document the large differences between self-employment

behaviors in terms of both background characteristics and initial capital. Third, I develop an

intuitive two-period model that rationalizes the various behaviors seen in the data.

Constructing and visualizing life-cycle employment profiles: Using Swedish men

born in 1970, I construct life-cycle employment profiles consisting of the sequence of states

each person visits over time. Using these profiles, I visualize and compare the careers of

everyone who is ever self-employed.1

Figure 2.1 shows the trajectories for all Swedish men born in 1970 who ever report being

self-employed. In each year, agents can be in paid employment (PE), unincorporated self-

employment (SE-U), incorporated self-employment (SE-I), school (SCH), or non-employment

(NE). The top panel shows all the life-cycle employment profile involving any self-employment.

Each horizontal line visualizes the states visited by a particular individual between ages 20

and 43, where the colors correspond to which state the individual is in at that age. The panel

demonstrates that there is substantial heterogeneity in these profiles. The bottom panel

shows the distribution of states within each year. The panel shows that the proportion of the

population in self-employment is growing over time while schooling and (to a lesser degree)

1. This is related to previous literature on life-course analysis. See, for example, Elder and Rockwell (1979)
and the subsequent literature reviewed in Elder et al. (2003). Abbott (1983) similarly proposes comparing
life cycle profiles across individuals, which is commonly called trajectory analysis.
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non-employment decrease over time.

Figure 2.2 displays three examples of the life-cycle employment profiles shown in Figure

2.1. Each example shows which state an individual occupied each year from age 20 to

age 43. In the first example, the individual spent the first 14 years of their career in paid

employment (PE) with intermittent non-employment (NE). At age 35, the individual enters

into incorporated self-employment (SE-I) and remains there. In the second example, the

individual spends his/her entire career in paid employment except for one year spent in

incorporated self-employment at age 38. In the final example, the individual spends the

majority of the time no-employed but spends a few years in paid employment and two years

in unincorporated self-employment (SE). The three examples demonstrate the variety of ways

self-employment can fit into a person’s life-cycle employment profile but provides no guidance

on how common each spell may be.

Clustering life-cycle employment profiles: Abbott and Forrest (1986) and the subse-

quent literature have developed methods for constructing dissimilarities between sequences

which allow for similar trajectories to be clustered.2 The most common method for estimating

distances between discrete time series is “Optimal Matching” (OM), which provides a measure

of “edit distance” between each pair of trajectories.3 Specifically, given two trajectories, OM

calculates the least costly way to convert one string into another using (1) substitutions, (2)

deletions, and (3) insertions, where each of the three operations has an associated cost. The

edit distance is then the minimum cost needed to convert one string into another. Optimal

Matching can also be thought of as a specific case of an “optimal transport” problem or

“Monge-Kantorovich” transport problem (Villani, 2003; Galichon, 2016).

2. See Studer and Ritschard (2016) for an overview of these methods. See Gabadinho et al. (2009) and
Gabadinho et al. (2011) for details on their use and implementation.

3. Edit distance is a way of measuring the dissimilarity between two strings based on counting the minimum
number of operations needed to transform one string into the other. Which operations are used can vary, but
the most common (and ones used here) are substitution, deletion, and insertion.
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Figure 2.1: Life-cycle career profiles involving self-employment (1970 birth cohort)

Notes: Figure shows life trajectories of all Swedish males born in 1970 who are ever self-employed between 1990 and 2013. The

top panel shows the life trajectories of all 10,303 individuals born in 1970 who are ever self-employed from age 20 to 43. The

bottom panel shows the proportion of observations in each state in each year. NE represents non-employment, SE represents

self-employment, and PE represents paid employment. In the top panel, observations have been sorted vertically starting at the

end of the panel and working backwards in order to roughly group similar trajectories together. Both panels show only those

born in 1970 who ever report being self-employed.
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Figure 2.2: Three example career trajectories involving self-employment.

Notes: Figure shows three example life cycle profiles involving self-employment for the ages 20 to 43.
“NE” stands for non-employment, “PE” stands for paid employment, “SE” stands for unincorporated self-
employment, and “SE-I” stands for incorporated self-employment.
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To provide a short example of how the algorithm works, consider the following two short

example profiles: T1 = PE −NE − PE − PE − SE and T2 = NE − PE − PE − SE − SE.

In addition, assume deletion costs, addition costs, and substitution costs are all set to unity.

T1 can be transformed into T2 by (a) switching period 1 to NE, switching period 2 to PE, and

switching period 4 to SE; or (b) by deleting period 1 and inserting ”SE” to the end of period

5. The first approach has a cost of 3 while the second has a cost of 2, so the optimal matching

distance between T1 and T2 is 2. When insertion and deletions are relatively more expensive

than substitutions, the algorithm places more importance on timing and less importance on

the sequencing of events.4

Given a matrix of the pairwise distances between trajectories, we can cluster using

standard hierarchical clustering algorithms. Using Ward’s method, I cluster the trajectories

shown in Figure 2.1 into seven distinct groups.5

Figure 2.3 displays the full set of employment profiles grouped into seven unique clusters.

The top row shows life cycles that involve late-onset incorporated self-employment or late-

onset unincorporated self-employment. The second row shows life cycles where agents spend

most of their lives in either incorporated self-employment or unincorporated self-employment.

The first sub-figure on the third row shows individuals who spend most of their career working

in paid employment but also have a short self-employment spell. The second sub-figure on

the second row shows individuals who spend the majority of their careers not working but

also occasionally work in paid employment or unincorporated self-employment. The last

sub-figure shows individuals who remain in education for much of their early careers and

4. See Section A.4 of the Appendix for details on how dissimilarities are calculated and how costs are
chosen.

5. Ward’s method is an agglomerative method for building hierarchical clusters. Starting with each
observation as its own cluster, Ward’s method identifies which two clusters can be combined with the smallest
increase in variance within the cluster. This is repeated recursively, updating the matrix of distances between
the new set of clusters using the Lance-Williams Algorithm. Hierarchical clustering produces a tree of nested
clusters. The choice of seven clusters was made based on (1) the improvement in predicted lifetime earnings
from adding additional clusters and (2) the improvement in fit within the clusters from adding additional
clusters. Both flatten out at seven, suggesting seven clusters summarize the data well.

14



then have late-onset self-employment spells.

Differences among self-employment clusters: The clusters were created using only

information on individuals’ life-cycle employment profiles. However, the different clusters vary

along other key dimensions. Specifically, (a) the clusters have different earnings trajectories

over their careers, (b) members of each cluster come from different backgrounds, and (c)

members of each cluster make different decisions upon entering self-employment.

Figure 2.4 shows that the different associated profile clusters also have different earnings

trajectories. The figure shows the average earnings by age for each group as well as for those

who never self-employ. Those with weak labor force participation have no wage growth while

those who enter unincorporated self-employment early or late earn notably less than those

who never self-employ. On average, both groups involving incorporation earn notably more

than those who never self-employ. The figure highlights how the different self-employment

behaviors are related to very different earnings trajectories. If the diverse profiles were

pooled into a “self-employment” category, their average would be much closer to that of paid

employment, but with much larger cross-sectional variance.6

Table 2.1 summarizes the background characteristics of each self-employment cluster.

Large differences in abilities exist across clusters. For example, those who start incorporated

businesses early in their careers have above average cognitive and non-cognitive ability, those

that start unincorporated businesses early in their careers have below average cognitive and

non-cognitive abilities, and those with weak labor-force participation have substantially lower

abilities. All of the self-employment clusters are more likely to have self-employed parents, but

this is notably higher for those who enter self-employment early. The table also documents

that there are large differences in the present discounted value of earnings (from ages 18 to

6. Figure A.2 in the Appendix shows the cross-sectional variation in self-employment is larger than that
in paid employment and grows over time. Figure A.3 shows the similar figure, but separated out by profile
clusters. The variation in earnings across the distinct self-employment behaviors could easily be misinterpreted
as increased risk, rather than increased heterogeneity.
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43 discounted at 5%) across the groups.7 Those who mostly work and those who spend most

of their careers in unincorporated self-employment are substantially less likely to have college

degrees.

Table 2.2 provides evidence similar to Table 2.1 by running binary logistic models for

cluster membership for each of the clusters. For comparison, the last two columns show

logistic regressions for ever being self-employed and ever being incorporated self-employed.

The table shows that cognitive ability is negatively related to self-employment for most

clusters except for those who attend school and later self-employ. Similarly, the incorporated

self-employed have positive coefficients on non-cognitive ability, yet negative coefficients on

cognitive ability. In contrast, if we had pooled all the self-employed workers, we would have

conflated the relationship between abilities and background and the various self-employment

behaviors. For example, the coefficient on cognitive ability is positive on the “Ever SE”

regression despite the coefficient being negative in many of the cluster-specific regressions.

Table 2.3 documents the self-employment decisions in the first years of self-employment

by self-employment group. First, across clusters, there are large differences in the amount of

capital employed by businesses in their first year in operation. Those starting incorporated

businesses employ substantially more capital than the other self-employment clusters which

employ minimal levels of capital. Similarly, the self-employed in clusters involving unincorpo-

rated self-employment employ few employees. Those who start incorporated businesses later

in their career and those who mostly work with a brief self-employment spell are more likely

to start businesses in the industry in which they previously worked or in industries in which

they have substantial experience. Those who start unincorporated businesses later in their

career and those with weak labor-force participation are more likely to enter self-employment

from non-employment.

Overall, the self-employment groups differ substantially in their backgrounds and earnings

7. All monetary amounts in this paper have been converted to 2010 U.S. dollars
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Figure 2.4: Earnings trajectories By self-employment cluster

Mostly SE-I

Late SE-I

School, 
Some SE

Never SE

Mostly PE

Late SE-U

Mostly SE-U

Weak LFP

Notes: Figure shows the geometric average after-tax earnings of the various self-employment groups by age. Results are for
Swedish men born in 1970, and all results are in 2010 US dollars.

over their lives. Moreover, the clusters differ in terms of what type of businesses they create,

how much capital and labor they initially employ in their businesses, and how they enter

self-employment. This evidence suggests that the clusters identify meaningfully different

groups and that a model aimed at accurately describing self-employment in the economy

must be able to justify the heterogeneous self-employment behaviors shown above.
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Table 2.3: Characteristics upon entering self-employment by self-employment cluster
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Med Fixed Assets $28,993 $3,788 $44,133 $6,552 $6,974 $2,410 $4,899
Med Revenue $169,977 $32,389 $196,348 $30,584 $57,311 $16,775 $86,291
Avg Employees 4.1 0.2 7.2 0.1 2.0 0.0 4.8
Med Employees 2 0 3 0 0 0 0
Same Indust as last yr 0.67 0.31 0.56 0.27 0.45 0.11 0.52
Norm. Career Exp 0.59 0.46 0.62 0.46 0.45 0.31 0.63
Not working last yr 0.08 0.29 0.20 0.47 0.17 0.71 0.18

Notes: Table shows average business characteristics of the self-employed during their first year in business by

self-employment group. “Same Indust as last yr” is the proportion that enter self-employment in the same

industry they were in the previous year. “Norm. Career Exp” is the proportion of prior experience acquired

in the same industry as the one in which the individual enters into self-employment.
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2.1.1 Interpreting the descriptive evidence

This section presents an intuitive two-period model of self-employment decisions to interpret

and rationalize the patterns reported in the previous sub-section. Using the two-period

model, I interpret the empirical relationships between individuals’ career dynamics and

self-employment decisions. In particular, I study the relationship between initial investment

and business survival.

Earnings in paid employment and self-employment: Assume the per-period income

of choosing paid employment is given by

w(A, epe,t, ese,t) + εpe,t (2.1)

where w is the expected earnings in paid employment which depends on ability A, accumulated

experience in paid employment epe,t, and accumulated experience in self-employment ese,t.

epe,t and ese,t are both zero in the first period. εpe,t is the idiosyncratic shock to paid

employment earnings. Similarly, per-period profit in self-employment is given by:

θ(A, epe,t, ese,t)K
α
t − rKt + εse,t (2.2)

where θ is the expected contribution of the founder’s abilities and experiences to the produc-

tivity of the firm, K is the amount of capital employed by the firm, and r is the rental rate

of capital.8 I assume that capital is rented on the spot market each period at the common

interest rate r but that there is an upward adjustment cost (that scales with Kt). Thus, if an

agent chooses to enter self-employment in period t with Kt capital, he must pay a start-up

8. Hamilton (2000) and Hurst and Pugsley (2011) argue that there are large non-pecuniary benefits to
self-employment. While excluded in this simple example, the full model allows for heterogeneous non-pecuniary
benefits from self-employment.
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cost of γK1.9 Adjustment costs capture the idea that there are costs of entry that scale with

size, such as the difficulty of screening and hiring a large number of employees, or working

out a large number of rental contracts for capital. As adjustment costs may capture psychic

or effort costs that do not directly affect observed earnings, I include them as part of the

utility function, but not the income and profit functions shown above.

Value functions: In period 1, the agent’s expected discounted utility from choosing paid

employment is given by:

v1(pe,K1, A, 0, 0) = w(A, 0, 0) + εpe,1 + βE[V (A,K1, 1, 0)] (2.3)

where K1 = 0 in paid employment. If the agent chooses to self-employ in period two, the

optimal level of capital will be: K∗2 =
(
αθ(A,1,0)
r+γ

) 1
1−α

. Alternatively, the agent’s expected

discounted utility in self-employment is given by:

v1(se,K1, A, 0, 0) = θ(A, 0, 0)K∗α1 − (r + γ)K∗1 + εse,1 + βE [V (A,K1, 0, 1)] (2.4)

where K∗2 =
(
αθ(A,0,1)
r+γ

) 1
1−α

will be the optimal level of capital assuming θ is increasing in

self-employment experience (i.e. K∗2 > K∗1).

Choice of capital: K∗1 is optimally chosen based on the first order condition:

αKα−1
1 θ(A, 0, 0) = r + γ +

∂

∂K∗1
E [V (A,K1, 0, 1)] . (2.5)

To simplify the example further, assume that εse,t and εpe,t both have type-1 extreme

9. Given this set-up, there are two reasons individuals would differ in their level of capital investment.
First, differences in skills or experiences will result in different K∗

t , but, in period 1, differences in the
probability of remaining self-employed in the future will also result in different choices of K∗

1 .
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value distributions, the first order condition with respect to K1 can then be written as

αKα−1
1 θ(A, 0, 0) = r +

(
1− β

1 + exp (v̄2(pe, A, 0, 1)− v̄2(se, A, 0, 1))

)
γ. (2.6)

Thus, the optimal choice of K1 depends on the expected earnings differential in utility

between employment and self-employment in the next period (v̄2(pe, A, 0, 1)− v̄2(se, A, 0, 1)).

When the utility gap between paid employment and self-employment is large and positive,

optimal K1 is the solution to αKα−1
1 θ(A, 0, 0) = r + γ. When the utility gap between paid

employment and self-employment is large and negative, the optimal K1 is the solution to

αKα−1
1 θ(A, 0, 0) = r + (1 − β)γ. Thus, the effective interest rate faced by a new business

depends on the probability that the individual will remain self-employed in the future. Given

the type-1 extreme value assumption, the first-order condition can be rewritten as:

αKα−1
1 θ(A, 0, 0) = r + (1− βPr(j2 = se|A, 0, 1)) γ, (2.7)

where j2 ∈ {pe, se} is the agent’s choice in the second period, and the right-hand side is the

shadow price of capital.

In the two-period model, a number of factors influence why agents choose a particular

career in the first period and how much they choose to invest if self-employed. Agents may

forgo earnings in the first period in order to acquire additional human capital in a specific

career. Alternatively, agents may choose to self-employ in the first period in order to avoid

negative labor market shocks in paid employment, knowing that they will most likely return

to paid employment in the future. Which behaviors are observed depends on the importance

and relative transferability of human capital and the relative returns to ability. The amount

of capital used in self-employment in the first period will depend on the individual’s absolute

productivity as well as their relative productivity in self-employment compared to paid

employment. Individuals who expect to have higher earnings in paid employment in the

24



future will initially start smaller businesses if they choose to be self-employed.

Testable assumptions: Within this simple framework a number of testable assumptions

emerge which are consistent with the data.

1. Brief spells of self-employment are more common in industries that are less

capital intensive. Figure 2.5 plots the relationship between average initial capital in-

vestment and average years survived by three-digit industry code. Each dot represents a

particular three-digit industry code and is scaled by the number of self-employed individuals

in that industry. The blue line shows the OLS linear relationship between average initial

capital investment and average years survived. The relationship between average survival

and average initial investment across industries is strong and positive, with a correlation of

0.70. This provides evidence that brief spells of self-employment tend to be more common in

less capital intensive industries.

2. Conditional on industry, agents who only enter self-employment briefly employ

less capital upon entering self-employment. While there is a relationship between

self-employment spell length and tenure across industries, it is useful to test this relationship

at the individual level. As the model suggests, conditional on the choice of industry, those

who enter self-employment briefly should choose to employ less capital. Figure 2.7 plots the

relationship between years survived and total assets employed by the business during its

first year in operation. The figure shows that there is a strong relationship between survival

and initial assets. Table 2.4 documents that similar trends hold within most industries,

suggesting that agents are forward looking and initially start larger businesses based on their

expectations of remaining self-employed in the future.

3. Some self-employment spells may be caused by labor market shocks. Such

spells should be short and involve little investment. The top panel of Figure 2.6
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plots the average earnings by self-employment tenure for those who remain self-employed for

one year, three years, five years, and seven years. The figure shows that while surviving firms

grow, they also earn more during their first year in business. The bottom panel fills in the

top panel with the average earnings of each group before and after the self-employment spells

shown, using triangles to indicate periods outside of the self-employment spell. For those

who only enter self-employment for one year, there is a notable dip in earnings leading into

self-employment followed by a rapid recovery. In contrast, those that remain self-employed

seven years have increasing earnings upon entering self-employment but a large drop in

earnings seven years later upon exit. Of the four groups, it is those who only self-employ for

one year who have the highest earnings three years prior and within two years after starting

their business. This suggests that this group may have entered self-employment only due to

labor market shocks and that their high earnings in paid employment quickly induced them

to leave self-employment.

4. Brief spells of self-employment should be more common in industries where

self-employment experience and paid employment experience are close substi-

tutes. Table 2.5 shows Mincer-regressions for paid employees by major industry groups.

The table breaks experience down into industry-specific experience in paid employment,

industry-specific experience in self-employment, and other work experience. The regressions

additionally control for ability, background, and education, though these coefficients are

not displayed. For the industries with high rates of self-employment, such as construction,

financial and business services, and trade and communication, the returns on a year of

self-employment experience are almost equal to the returns to a year of paid employment

experience.

Overall, the empirical evidence suggests that the career dynamics of individuals have

important implications for the businesses they choose to create. The data supports the simple

model which demonstrates that many low-profit and short-lived businesses may be a natural
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consequence of individuals smoothing over labor market shocks while continuing to acquire

human experience within their industry. Individuals across the distribution of abilities face

different opportunity costs when choosing to self-employ based on the relative value of their

skills and abilities in paid employment. This explains why we find both low- and high-skill

individuals entering self-employment. This is also consistent with the analysis of Wennberg et

al. (2010) which highlights that many founders exit well-performing businesses due to better

opportunities in paid employment.

The evidence presented here also agrees with the evidence from Section 2.1 where, for

at least two of the documented self-employment behaviors, the individuals appear to have

little intention of remaining self-employed in the future and make different self-employment

decisions accordingly. The simple model and supporting evidence also provides an alternative

explanation for one of the two motivating facts from Hopenhayn (1992), who observed that

“entry and exit rates are highly correlated across industries and most of their variation is

accounted for by these industry effects.” This model provides a number of reasons why self-

employment spells may be shorter in some industries than others due to capital intensity and

the transferability of experience between self-employment and employment in that industry.

The two-period model provides alternative explanations for two other empirical regularities

seen in the data. First, a model with capital adjustment costs provides an alternative

explanation of the “up-or-out” patterns for new small businesses where new low-profit

businesses tend to be short-lived.10 In particular, the relationship between survival and

earnings is commonly explained by models where agents learn about their entrepreneurial

ability over time. 11 Second, the life-cycle model explains why short-lived businesses may

appear to “under-invest” in their businesses, evidence that has been previously interpreted

as credit constraints affecting the intensive margin of new businesses. While my model does

10. See Haltiwanger (2012) for a recent review on firm dynamics which documents that many young small
businesses fail but that some young businesses that do not fail grow rapidly.

11. See, for example, Jovanovic (1982), Dillon and Stanton (2016) and (Manso, 2016).
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not provide a direct test against the previous explanations for these empirical regularities, it

provides an alternative framework capable of explaining both.

Figure 2.5: The relationship between average years survived and average initial capital by
industry (3 digit)
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Notes: Figure shows a scatterplot of the average log initial capital employed by new firms and the average years survived by
industry (3 digit). Only industries in which I observe 50 or more new small businesses enter are shown. Dots are scaled by the
number of new small businesses observed in that industry. The blue line shows the linear trend
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Figure 2.6: Earnings dynamics for the newly self-employed who stay 1, 3, 5, and 7 years
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Notes: Figure displayed log total work-related compensation for new businesses based on the number of years they survive. The
data consists of new self-employment spells started by Swedish men born between 1965 and 1975 who started their businesses
between 1990 and 2005. The numbers represent the number of years the firm survived. Log income is in 2010 U.S. dollars.
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Figure 2.7: Relationship between initial investment and firm survival
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Notes: Figure shows the relationship between initial capital investment and the number of years a firm

survives. The fitted line is estimated for individuals who entered self-employment between the ages of 30 and

36 and who entered no later than 2002. The line is fitted using a LOESS regression and the grey area shows

the standard error of the estimate.
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Table 2.4: Initial capital investment by years survived by industry

Years Survived Agric
ultu

re

Manufac.
and Mining

Constr
ucti

on

Trade and Commun.

Finance
and Bus.

Serv
ice

s

Pers
onal Serv

.

1 $2,943 $3,771 $2,343 $4,211 $1,908 $1,678
2 $4,696 $4,964 $3,304 $6,475 $3,618 $2,800
3 $5,760 $4,389 $3,240 $6,288 $4,454 $2,657
4 $7,360 $4,811 $3,810 $8,106 $4,149 $2,863
5 $12,674 $6,450 $4,675 $9,506 $6,138 $3,949
6 $12,288 $5,175 $4,190 $9,453 $7,746 $2,257
7 $13,583 $6,125 $4,733 $12,917 $8,267 $2,851
8 $16,174 $8,300 $5,000 $14,886 $8,483 $2,793

Notes: Figure shows the median amount of fixed assets employed by new firms in their first years of business
split out by years the firm survived and major industry group. All monetary amounts are expressed in 2010
U.S. dollars.
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CHAPTER 3

A STRUCTURAL MODEL OF SELF-EMPLOYMENT

DECISIONS

3.1 The Model

The two-period model presented in the previous section provides a framework for interpreting

the empirical evidence but does not capture the rich patterns of self-employment over the

life-cycle previously documented. It also does not consider multiple sectors and does not

incorporate the non-pecuniary costs and benefits of self-employment This section lays out a

structural model of human capital accumulation that nests the choice to self-employ within

a larger life cycle model of career choice. Extending the two-period model, the structural

model includes multiple sectors with sector-specific experience, non-pecuniary benefits, and

transition costs incurred for switching between sectors. The structural model allows me to

quantify the importance of abilities and career histories on self-employment decisions and to

estimate policy counterfactuals.

In period t, each person observes a vector of state variables Ωt and chooses their action

at ∈ A in order to maximize their expected discounted lifetime utility. Actions at = {dt, Kt}

consist of decisions of which industry and organizational form to work in and how much

capital to employ in their business if self-employed. Building on a common framework of

dynamic discrete choice as laid out in Rust (1994) and Aguirregabiria and Mira (2010), people

choose at to maximize

E

 T∑
τ=t+1

βτ−tUt(aτ ,Ωτ )|at,Ωt

 (3.1)

where, by Bellman’s principle of optimality, we can express the expected discounted flow of
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utility recursively as

Vt(Ωt) = max
at∈A

[
Ut(at,Ωt) + β

∫
Vt+1(Ωt+1)dF (Ωt+1|at,Ωt)

]
, (3.2)

and the choice-specific value function is given by:

vt(at,Ωt) = Ut(at,Ωt) + β

∫
Vt+1(Ωt+1)dF (Ωt+1|at,Ωt). (3.3)

Using this framework, I invoke a set of assumptions that are common in the dynamic

discrete choice (DDC) literature. See Section A.5 of the appendix for details.

3.1.1 Market environment, constraints, and parameterizations

Using the dynamic discrete choice framework above, I build a dynamic model of career choice

where the within-period model is similar to static models considered in the literature such as

Evans and Jovanovic (1989) and Hamilton et al. (2015). To begin, I lay out the flow-utility

and earnings equations. Then I develop the Bellman equations associated with the dynamic

model.

Period-specific utility

Building on the simple model in Section 2.1.1, utility in period t is given assumed to depend

on consumption Ct and non-pecuniary benefits Ht:

Ut︸︷︷︸
flow utility

= Ct︸︷︷︸
consumption

+ Ht︸︷︷︸
non-pecuniary

(3.4)

where I assume consumption and non-pecuniary benefits are separable. In the model, I

assume agents live hand to mouth and that the utility of consumption is proportional to total

after-tax income. Ht will capture the non-pecuniary benefits associated with particular career
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choices, which I allow to vary based on the observable characteristics and latent type of the

individual. Ht will also capture non-pecuniary switching and adjustment costs associated

with career changes.

Agent chooses actions at = {dt, Kt} where dt ∈ D = {0, ..., J} represents choice of

industry and organizational form at time t, and Kt is the amount of capital to employ in the

firm (0 if not self-employed). There are Nk possible industries in which a person can work

J = 3Nk + 1 possible choices as agents can choose to be in paid employment, unincorporated

self-employment, or incorporated self-employment within each industry. For convenience let

choices {1, ...Nk} be paid employment, {Nk + 1, ..., 3Nk} be unincorporated self-employment,

{Nk + 1, ..., 3Nk} be incorporated self-employment, and 0 be non-employment. Furthermore,

let ht ∈ {ne, pe, sei, seu} represent which form of labor force participation was chosen at

time t. Zt are the observable state variables, while Xt ∈ Zt are observable state variables

that affect earnings, Wt ∈ Zt are observable state variables that may affect an agent’s ability

to rent capital, and η is a persistent unobserved multinomial state variable. Consumption at

time t will then be given by:

Ct =ρY (at,Xt,Wt, η, ξ(at)) + ρτt (3.5)

where ξ(dt) is a idiosyncratic productivity shock and Y (at,Xt,Wt, η, ξ(at)) is after-tax

earings which will depend on the choice of dt and, if self-employed, the choice of capital Kt.

τt captures government subsidies or other transfers. Given the assumption that agents live

hand to mouth, Equation 3.5 also represents the period-specific budget constraint.
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Earnings and profit

If in paid employment (ht = pe), earnings at time t are given by

Yt(at,Xt,Wt, η, ξt) = wt(dt,Xt, η)ξ(dt),

where wt(dt,Xt, η) is the deterministic portion of earnings in paid employment and ξ(dt) is

a career-specific idiosyncratic shock. If agents are self-employed (ht ∈ {sei, seu}), profits at

time t are given by:

Yt(at,Xt,Wt, η, ξt) = θt(dt,Xt, η)Kα(dt)ξ(dt)− r(Wt)Kt

where θt(dt,Xt, η) is the deterministic portion of firm productivity contributed by the

founder and ξ(dt) is a career specific idiosyncratic shock. As θt(dt,Xt, η) depends on dt,

agent characteristics such as cognitive and non-cognitive ability may differ in value across

industries.

Similar to the simple model in Section 2.1.1, I assume agents rent capital on the spot

market. Again, I allow for effort-costs associated with the upward adjustment of capital

which I discuss more below. Capital productivity is industry specific. Rental rates depend on

observable Wt such as parental wealth, which may affect the rate at which individuals can rent

capital. Overall, the within-period earnings and profits are similar to Evans and Jovanovic

(1989), but generalized to allow productivity in self-employment and paid-employment to

depend on cognitive and non-cognitive skills, career-specific experience, and background

characteristics.

36



Non-pecuniary benefits

Non-pecuniary benefits associated with action at are given by:

Ht = ht (dt,Zt, η)︸ ︷︷ ︸
Non-pecuniary

−1{Kt > Kt−1}γ(Kt −Kt−1)︸ ︷︷ ︸
Adjustment Costs

− λt (dt, dt−1)︸ ︷︷ ︸
Switching Costs

+ ε(dt)︸︷︷︸
pref. shocks

where ht (dt,Zt) captures the non-pecuniary benefits of a particular career. This is allowed

to depend on agent’s unobserved type η as well as observable characteristics of the individual

such as cognitive and non-cognitive skills which may affect how much agents enjoy working in

a particular industry. ht (dt,Zt, η) may also capture the disutility associated with long-hours

or earnings uncertainty associated with some choices of employment, though these aspects

will not separately identified.

γ captures the notion of upward adjustment costs to growing one’s business. As in the

simple model, γ captures the idea that there are effort-costs associated with finding capital

to employ or otherwise increasing the size of one’s business. These effort costs cannot be

recovered upon exiting self-employment and are only paid for capital above and beyond the

level of capital used the previous period. The adjustment costs make the choice of capital

forward-looking, and will lead to different levels of capital investment between agents who

may be equally productive in self-employment depending on their relative productivity in

paid employment and the likelihood they exit in the future.1

λt (dt, dt−1) captures costs of switching from career dt−1 at time t − 1 to career dt at

time t. While career-specific experience affects the opportunity costs of switching careers,

transition costs capture preferences. I assume these costs are incurred each time agents

change careers, though the switching costs differ between pairs of careers and are allowed to

vary with potential experience.

1. While the model assumes upward adjustment costs, the model has similar implications if there are
alternatively quadratic adjustment costs or shut-down costs.
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Timing of shocks and decisions

The model has three unobserved state variables. η is a persistent state variable known

by the agents that affects earnings and decisions. εt are idiosyncratic taste shocks that

are unobserved by the econometrician but affect the career decisions of the agents. ξt are

idiosyncratic productivity shocks that affect the earnings or profits of an individual in a given

career.

I assume that agent’s choose their actions at = {dt, Kt} sequentially. At the beginning of

the period agents choose dt knowing their idiosyncratic taste shocks ε(t), but not yet knowing

the idiosyncratic productivity shocks ξ(t). After choosing their career, if self-employed

(ht = se), agents choose their level of capital Kt also not yet knowing their idiosyncratic

productivity shock ξ(t). Thus, the choice of capital helps identify persistent unobserved

heterogeneity η.2

Dynamics

The beginning-of-period value function used for making career decisions can be written as:

Vt(Zt, η, εt, ξt) =max
dt∈D

{
ut(dt,Zt, η, ε(dt)) + β

∫
V̄t+1(Zt+1, η)dFt(Zt+1|Zt, dt, η)

}

where agents maximize discounted expected utility and ut is Eξt [Ut|dt,Zt, η] where agents

additionally know their optimal choice of Kt if choosing to self-employ. V̄t+1(Zt+1, η) is

the integrated value function, integrated over ε and ξ. Additionally, define vt(dt,Zt, ηt) =

ut(dt,Zt, η, ε(dt)) + β
∫
V̄t+1(Zt+1, η)dFt(Zt+1|Zt, dt, η) to be the choice-specific value func-

2. In future work it may be possible to relax the assumption that agents do not know ξt when choosing
Kt. In that setup, there would be two sources of endogeneity: (a) the latent persistent heterogeneity η that
affects career choices and outcomes and (b) idiosyncratic productivity ξt(dt). The model presents two possible
candidates for instruments for ξt(dt): (1) variables affecting the interest rate (Wt) and (2) known innovations
that raise earnings in other careers in the future (i.e. differences in future expected wage differentials.
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tion.

Within-period capital choice

While making career choice dt, self-employed agents also choose how much capital Kt to

rent on a spot market at price r(Wt) in order to maximize expected utility. If entering

self-employment, capital will be chosen to maximize:

K∗t = argmax
Kt

ρθt(dt,Xt, η)K
α(dt)
t ξ(dt)− ρr(Wt)Kt − 1{Kt > Kt−1}γKt (3.6)

+ ht(dt,Zt, η) + ε(dt) + β

∫
V̄t+1(Zt+1, η)dFt(Zt+1|Zt, dt, η).

As in the simple two-period two-state model above, if capital affects the continuation value

through adjustment costs, agents would simply choose the profit-maximizing amount of

capital accounting for the effort costs associated with starting a larger business (γ). Yet,

because Kt affects effort costs in the next period, agents will account for how likely they

are to remain self-employed in the same industry the next period when optimally choosing

Kt. As in the simple two-period model, assuming ε is distributed Type-1 extreme value, the

choice of Kt will depend on the probability of shutting down tomorrow.

When solving period t of the dynamic discrete choice problem, agents will make career

decisions knowing they will choose the optimal Kt for the various self-employment decisions.

Note that the choice of Kt will depend on θt and Wt, but also on variables Zt+1 affecting

career decisions in period t+ 1.

State transitions

In each period we observed state variables Zt = {zt,A, s,Et,xt,Wt, Kt−1}, where zt are

variables affecting career choices but not earnings, A is a vector of cognitive and non-cognitive

ability as measured at age 18, s is an indicator of final schooling, Et captures career history
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and is a vector of career-specific years of experience in each career of length J plus an indicator

of career in the previous period (Et = {e1, ..., eJ , dt−1}), xt are other covariates affecting the

earnings of individuals such as economic conditions, and Wt are variables that may affect

the rate at which the individual can rent capital, such as parental wealth.

Experience and previous occupation evolve in a deterministic manner based on the agent’s

career decisions. Specifically, experience is measured as years of experience and evolves as

ej,t = ej,t−1 + 1{dt−1 = j}, ∀j ∈ J and t ∈ 0, ..., T.

Schooling s is chosen at period t = 0 and abilities A are fixed prior to entering the labor

market. Individuals are assumed to know the evolution of state variables that may influence

earnings (xt) and observable characteristics that affect career choice but not earnings (zt).

Education at time t = 0

To account for the endogeneity of schooling, which may be an important determinant

of self-employment and career decisions, the model assumes agents make an educational

decision at time t = 0. This choice is modeled as a single multinomial educational choice of

s ∈ {S1, ..., SNs} which depends on flow utility fs(Z0, η) and expected future gains.

Vs(Z0) = fs(Z0, η) + β

∫
V̄1(Z1, η)dF (Z1|Z0, s, η) + ε(s)

Schooling also provides an additional information about η.
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Table 3.1: Defining observed state variables and decisions

A is a vector of baseline cognitive and non-cognitive ability.

Et is a vector of years of experience in each possible choice in D and the
career choice made the previous period Et = {e1, ..., eJ , dt−1}).

dt takes on the values {0, ..., J}, where J = 3 ∗ Nk + 1, depending on
which of the decisions was chosen by the agent at time t. For con-
venience let choices {1, ...Nk} be paid employment, {Nk + 1, ..., 2Nk}
be unincorporated self-employment, {2Nk + 1, ..., 3Nk} be incorporated
self-employment, and 0 be non-employment

ht indicates if the agent was in incorporated self-employment, unincorpo-
rated self-employment, non-employed, or in paid employment in a given
period (ht ∈ {ne, pe, sei, seu} ).

Xt is the set of variables affecting earnings outcomes that are observed
by the econometrician, including ability and career experience: Xt =
{A,Et, s,xt}.

Wt is the set of state variables that affect the rate at which a person can
rent capital.

η represents a permanent state variable that is unobserved by the econo-
metrician but observed by the agent.(b)

Zt is the full set of state variables observed by the econometrician that affect
career decisions Zt = {Xt,Wt, ztKt−1}.

Kt is the optimal level of capital an individual will use based on the full set
of observable state variables Zt, their choice dt, and their unobserved
state variable η, Kt = K(dt,Zt, η).

Notes: (a) Variables appearing in zt not appearing in xt represent instruments for the outcomes. (b) It is possible to relax
the assumption that η is constant over time, though constant latent “types” are common ways of accounting for unobserved
heterogeneity in structural models. For example, see Keane and Wolpin (1997), Arcidiacono (2004), or Stange (2012) for
examples of its use in dynamic discrete choice models. Advances presented in Arcidiacono and Miller (2011) and Arcidiacono
and Jones (2003) have provided iterative methods using the EM algorithm to estimate dynamic discrete choice models with
latent types making models with persistent but not permanent heterogeneity computationally feasible.
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3.2 Estimation

The model laid out in Section 3.1 is estimated recursively via maximum likelihood. Choice-

specific continuation values are constructed using estimates of flow utilities in future periods

and semi-parametric estimates of choice probabilities. The estimation exploits the two-period

finite dependence present in the model, allowing continuation values to be constructed using

only choice probabilities and flow-utilities from two periods into the future.

Latent heterogeneity η: The estimation accounts for latent heterogeneity across individ-

uals by allowing agents to be one of four unobserved types. These types are integrated out of

the likelihood using a sequential EM algorithm as implemented in Arcidiacono and Jones

(2003). The model iterates between updating the posterior probabilities that agents are of a

given type η and solving the model using these posterior probabilities.3 As the EM algorithm

occurs as an outer loop, the model must be solved every iteration. For the remainder of this

section, I will discuss estimation treating η as known.

Dependence between choices and outcomes: The estimation relies on conditional

independence assumptions, or that all the correlations between choices and between outcomes

and choices are being driven by state variables Z and unobserved state variable η. These

assumptions are similar to the assumptions needed for matching, but matching on observable

state variables Z and unobserved persistent state variable η. η captures the persistent

heterogeneity that drives otherwise identical people to persistently behave differently across

their choices and outcomes over time. While η only takes on a finite set of values, it can

approximate flexible forms of multi-dimensional unobserved heterogeneity. In the model,

the latent heterogeneity affects earnings and non-pecuniary benefits, allowing the latent

3. See Kasahara and Shimotsu (2009) for a proof that these latent types can be identified under the
assumptions made in this analysis. Generally, identification is aided by my assumption that η does not vary
over time and through restrictions on how the state space evolves.
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types to capture both unobserved differences in productivity or unobserved differences in

preferences. Given Z and η, many of the conditional likelihoods become separable, allowing

the maximization step within the EM algorithm to be divided into many smaller optimization

problems.

Finite dependence: Choice-specific integrated value functions are estimated via simulation,

taking into account the two-period finite dependence present in the model as laid out in

(Arcidiacono and Miller, 2011). Specifically, agents’ decisions affect future state variables

through their experience vector Et (i.e. how many years they have worked in each career)

and their previous career choice dt−1. Given this structure, for any two particular career

choices at time t, there are future career choices which result in the agent having the same

expected state-space at time t+ 3.4 Using the assumption that ε has a type-1 extreme value

distribution, it is possible to estimate the difference in continuation values associated with

any career choice and non-employment using only flow utilities and choice probabilities from

two periods into the future. Section A.6 of the Appendix provides additional details on

conditional choice probabilities and finite dependence.

Solving for career choice d(t): Within each period, estimation follows the following

three steps. First, I estimate how much capital the individual would choose to employ if

self-employed. Given Z and η and the assumption, capital decisions can be estimated as:

log(K(dt)) = g (Xt,Wt, η, Pr(dt+1 = dt|dt)) + ν(dt) (3.7)

where capital choice depends on variables affecting earnings (Xt), variables affecting the

rental rate of capital (Wt), the probability that the individual will leave self-employment in

4. For example, if an agent chose blue-collar paid employment, then non-employment, then blue-collar
paid employment, they would have the same expected state space at time t + 3 as if they had chosen
non-employment, then blue-collar paid employment, then blue-collar paid employment.
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period t+ 1, and measurement error ν(dt). To estimate equation 3.7, I must first estimate

Pr(dt+1 = dt|dt). In particular, this is a function of the state variables in period t + 1

including Zt+1. As shown in equation 3.6, the probability of exit tomorrow will depend on

capital decisions today, therefore all determinants of K(dt) (i.e. {Xt,Wt, η}) are included as

determinants of the exit probability. Given the estimated exit probability, I then estimate

K̄(dt) for each agent and each career involving self-employment.

Second, I estimate the earnings equations for each career via maximum likelihood and

calculate the expected earnings in each career for each individual.

Third, I construct the choice-specific integrated value function for each choice using condi-

tional choice probabilities and finite dependence. This requires estimating four counterfactual

flow utilities and four choice probabilities for each possible career decision. Given the expected

earnings and the choice-specific integrated value function, I estimate the multinomial choice

model of careers, which, conditional on η, is a multinomial logit. Using this approach, the

model is solved recursively starting with the final time period T .

Table 3.2 lists the variables used in this analysis and the decisions or outcomes in which

each variable enters. A check mark indicates that the variable is a direct determinant of

the outcome or choice. For example, experience does not directly affect career choices and

does not have a check mark, though it does enter indirectly through its impact on expected

earnings.

3.3 Empirical results

This section presents six sets of results from the structural model. The first evaluates the

model’s ability to generate the rich patterns of self-employment behavior over the life-cycle

seen in the data. The second evaluates how changing skills affects the level and types of

self-employment behavior over the life-cycle. The third considers a number of counterfactual

policies designed to promote self-employment. The fourth evaluates the importance of careers
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Table 3.2: Variables entering each decision or outcome

Variable Decision or Outcome

Choice Earnings Capital Stay Prob. Education

Cog Ability X X X X X
Non-cog Ability X X X X X
Education X X X X x
Parental Income X X X X X
Parental Education x x x x X
Parental Wealth x x X X x
Parents Ever Self-Emp. X X X X X
Exp. x X X X x
Industry Exp. x X X X x
Career Exp. x X X X x
Last Career x X X X x
Region X X X X x
Unemployment Rate x X X X x
Expected Earnings X x x x x
Expected Capital x X x x x
Stay Prob. x x X x x
Latent Types X X X X X

Notes: This table lays out which variables are used in the analysis and which choices and outcomes they enter. “Stay Prob.”
refers to the estimated probability of staying in self-employment at time t+ 1 conditional on entering self-employment at time
t.

in determining self-employment decisions. In particular, it evaluates the transferability

of experience and transition costs between carers. The fifth set of results evaluates the

determinants of capital investment. The sixth set of results discusses the role of latent

heterogeneity η in the model.

3.3.1 Reproducing employment profiles seen in the data

This section evaluates the model’s ability to reproduce the life-cycle employment profiles

involving self-employment shown in Section 2.1. Simulating data from the estimated model,

I calculate the pairwise distance between the simulated profiles and cluster the simulated

profiles. Producing similar profiles and profile-clusters is an informal test of the model’s ability

to reproduce the rich patterns of self-employment behavior found in the data – moments
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which are not targeted directly in estimation.

Similar to Figure 2.3, Figure 3.1 shows the life-cycle employment profiles involving self-

employment grouped into seven clusters. The first six clusters are very similar to the clusters

found in the data. Specifically, I find clusters consisting of (1) those who enter unincorporated

self-employment late in their careers, (2) those who enter incorporated self-employment late

in their careers, (3) those who spend most of their careers in unincorporated self-employment,

(4) those who spend most of their careers in incorporated self-employment, (5) those who

are mostly employed with brief self-employment spells, and (6) those who have weak labor

force attachment. The six matched clusters not only reproduce the behaviors seen in the

data but also find similar proportions.5 The seventh cluster consists of individuals who have

unincorporated self-employment spells mid-career. This last cluster differs from the seventh

cluster found in the data, but in a way that would be expected given that the model groups

individuals with similar potential experience while in the data individuals are grouped by

age. Specifically, the model involves educational decisions at time t = 0 and then simulates

years of potential experience, and thus we could not have recovered a group who spent their

late 20s in education in the simulated data.

Section A.5 in the Appendix provides diff-in-diff estimates of a policy reform designed to

promote small businesses in northern Sweden. I estimate the Diff-in-Diff on the data and on

simulated data from the model and show that they produce similar results. This provides

additional evidence on the model’s ability to fit moments not directly targeted in estimation.

Section A.7 in the Appendix provides further evidence of the model’s ability to fit career

choices and conditional earnings observed in the data. It shows that the model reproduces

the distributions of careers by potential experience and that estimated and observed earnings

5. Figure 3.1 also highlights that individuals change careers somewhat less often than in the real data.
More accurate rates of career persistence are recovered in a model that assumes non-pecuniary benefits of
a particular career depend not only on switching costs, but also acquired experience in that career. For
parsimony, I keep the model of career choice which only depends on expected earnings, previous career, the
continuation value, and background characteristics.
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are very similar.

3.3.2 Policy counterfactuals

This section of the paper uses the structural model to simulate the various impacts of specific

policy changes. Since the model is non-linear and multidimensional, the results section relies

on simulations. Specifically, I randomly draw a set of initial regressors from the sample and a

latent class from the estimated population distribution, then forward simulate their schooling

choices, potential earnings, and career choices.

In this section, I consider two sets of policy counterfactuals. The first considers policies

designed to change the base-line cognitive and non-cognitive skills of workers. The second

considers the surprise introduction of one-time government transfers designed to incentivize

individuals to enter self-employment. For the second, I consider both variation in the timing

of the policy and in the targeted population.

Changing skills

Many programs aim to equip students with the skills and abilities necessary to be a successful

small business owner (see, for example, Elert et al. (2015)). In this section I consider the

impact of changing cognitive and non-cognitive skills on self-employment decisions over the

life-cycle.6 Cognitive and non-cognitive skills affect the overall level of self-employment,

but they also affect the timing and types of self-employment behavior. Policies designed to

improve skills will affect educational decisions, earnings, and career decisions in every period.

I evaluate the impact of raising cognitive or non-cognitive skill by one standard deviation.

To begin, I summarize the changes in self-employment by estimating how skill changes the

self-employment patterns over the life-cycle. To do this, I use the seven clusters from the

6. See Heckman and Kautz (2014) for an overview of policies that change cognitive and non-cognitive
skills.
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simulated data shown in Figure 3.1 and, for each new life-cycle profile, I estimate which of

the seven clusters it is most likely belongs to. I assign cluster membership based on the

average squared distance between each new life-cycle employment profile and the original

seven clusters. This allows me to estimate how much overall self-employment changes, but

also how the composition of self-employment behaviors changes.

Table 3.3 shows how the changes in skill affect the overall rate and composition of self-

employment over the life cycle. The first row reports the baseline percent of individuals who

are ever self-employed and then the percentage point change in this number from raising

cognitive skill and raising non-cognitive skill. The remaining rows show similar results for

each of the seven clusters found in the simulated data. Increasing cognitive skill results in an

increase in the “Mostly Incorp Self-employment” and “Mostly Unincorp Self-employment”

group and decreases the “Weak Labor Force Participation” group. In comparison, raising

non-cognitive skills results in a notable rise in the “Mostly Incorp Self-Employment” and “Late

Incorp Self-Employment” groups and lowers those in the “Weak Labor Force Participation”

and “Mostly Paid Employment” groups.

Another way of evaluating the impact of skill changes is to look at how the various career

choices change by age. Table 3.4 shows how career choices change as a result of the skill

increases. The top panel shows results for increased cognitive skill and the bottom panel

shows results for increased non-cognitive skill. The first seven columns show the percent

change in the various careers and the last column shows the percent change in self-employment

overall. The increase in non-cognitive skills substantially increases overall self-employment and

self-employment at each age. Interestingly, it increases white-collar jobs in paid employment,

incorporated self-employment, and unincorporated self-employment. Increasing non-cognitive

skills causes a smaller overall change in self-employment, but also produces different types of

self-employment. Increasing non-cognitive skills reduces non-employment substantially more

than increasing cognitive skills and raises both blue-collar and white-collar self-employment,
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except for unincorporated blue-collar self-employment, which remains mostly unchanged.

The overall rate of ever being self-employed increases, but not substantially as the reductions

in the “Weak Labor Force Participation” and “Mostly Paid Employment” groups reduce the

number of individuals who only self-employ one or two years.

Self-employment subsidies by age

This sub-section considers a policy which provides a surprise one-time subsidy for individuals

to enter self-employment. I consider this subsidy at ages 24, 29, and 34 to better understand

how the timing of the policy affects who is induced into self-employment and how it affects

their earnings and utility.

The policy will provide a one-time $10,000 subsidy to those who are self-employed, allowing

agents to select into the various forms of self-employment. Table 3.5 shows how career choices

change during first ten years after the intervention. The top panel shows the intervention at

age 29, while the bottom panel shows the intervention at age 24. The first seven columns

show the percent change in the seven possible career choices while the 8th column shows the

percent change in all self-employment.

For the intervention at age 29, in the first year of the intervention, the number of people

in self-employment increases by 11%, though this rapidly declines following the intervention,

falling to three percent three years after the intervention and 1.6% nine years after the

intervention. The various self-employment categories rise by eight to 13 percent in the first

year, with the largest increase coming in unincorporated blue-collar self-employment, though

this group also has the most rapid decline. The policy initially reduces non-employment

by 1.8%, though this fades to a 0.3% reduction in self-employment in the long run. The

bottom panel of Table A.3 shows the impact of the same intervention, but implemented at

age 24. At age 24, the subsidy causes a much larger percent increase in self-employment

which again fades, but not to as low of a level as in the later intervention. Specifically, overall
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self-employment increases by 30%, fades to 6.4% three years after the subsidy, and 3.2%

nine years after the subsidy. The largest initial increase in self-employment again occurs in

unincorporated blue-collar self-employment, though this increase again decays rapidly.

Overall, the policies have limited impacts on the earnings and utility of the individuals

induced to switch into self-employment. Table 3.6 provides the percent change in discounted

utility and income for those induced into self-employment by the policy. At age 29, the

average increase in the present value of utility in dollars is $4,980, while the average increase in

the present value of income is $9,722. The average overall gain in utility gains is substantially

less than the initial $10,000 subsidy.

Self-employment subsidies targeting specific sub-populations

It is also possible to consider policies that target specific sub-populations. Here I consider

three different surprise one-time self-employment subsidies but specifically target different

subpopulations.

The first subsidy targets only white-collar self-employment, the second targets only blue-

collar self-employment, and the third targets only for those who were non-employed in the

previous period. Table 3.7 shows how career choices change in response to the one-time subsidy.

The white-collar subsidy raises self-employment by 4.2% in the year of the subsidy, but this

rapidly decays. Those induced into white-collar self-employment are more likely to leave

white-collar paid employment and are split evenly between incorporated and unincorporated

white-collar self-employment. In contrast, the subsidy for blue-collar self-employment raises

total self-employment by 6% and is concentrated in unincorporated self-employment. Finally,

the subsidy targeting those who do not work raises overall self-employment by 4% in the year

of the intervention and produces mostly unincorporated businesses.

Table 3.7 shows the average gains in discounted present value of welfare and wages for

those induced to change careers by the three policies. The table shows that wage gains
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are concentrated in those induced into white-collar self-employment and those entering

self-employment from non-employment. While the gains are similar in size, they come from

different pathways. The gains for those induced into white-collar self-employment come

from increased earnings over their previous careers, while the gains for those induced from

non-employment come from being more likely to remain in the labor force in the future.

While the wage gains are much larger for these two groups, the welfare gains across all three

groups remain relatively small, with those induced into white-collar self-employment having

the smallest estimated expected gains in utility.

3.3.3 Careers and self-employment decisions

This section documents the relationship between career, experience, and the costs associated

with changing careers. To do this, I consider the returns to different types of experience

across careers and the estimated costs of switching careers. Table 3.9 shows the average

returns to an additional year by career across the full population. In the table I consider

three types of experience: (1) experience outside the agent’s current career and sector, (2)

experience in the agent’s current sector but not in the current career, and (3) experience in

the agent’s current career. For each of the three cases, the overall gain is shown with the

marginal gains shown in parenthesis.7

The table provides three new findings. First, general experience is valued in all careers

at approximately the same. Second, experience is more transferable within the white-collar

sector than the blue-collar sector. A year of sector-specific (but not career-specific) experience

is worth 200 to 400 more dollars than a year of general experience for white-collar workers. In

contrast, a year of sector-specific (but not career-specific) experience in blue-collar employment

is worth less than a year of general experience, particularly in paid employment. Third, the

7. For case (1), the overall and marginal gains are the same. For case (2), the marginal gains is the
additional benefit coming from the experience being in the sector rather than experience outside of the sector.
In case (3), the marginal gains are the additional benefits of the experience being in the same career rather
than just the same sector.
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gains from experience in unincorporated self-employment are low, even within unincorporated

self-employment. For both blue- and white-collar unincorporated self-employed workers, the

returns to career-specific experience is worth $100 less than sector specific experience.

Table 3.10 documents the role of non-pecuniary benefits on career choice and career

benefits. The table reports the average total flow utility associated with each career choice.

The first row labeled “All” shows this for the full population across the true distribution of

previous jobs. The proceeding rows show the distribution of flow utilities when the previous

occupation is fixed at a particular previous career.8 The table provides several insights. First,

the estimated utility costs of switching careers are large, particularly for switching into careers

involving self-employment. For example, the expected flow utility to entering white-collar

incorporated self-employment from white-collar paid employment is estimated to be -$8,621

at age 35, but the flow utility for those already in incorporated self-employment is large and

positive. Second, the costs of switching careers are smaller for careers in the same sector.

For example, The flow utility for white-collar incorporated self-employment is much larger

for those coming from white-collar unincorporated self-employment and white-collar paid

employment. Similar patterns hold within the blue-collar sector.

3.3.4 The determinants of capital decisions

This section uses the structural model to quantify how capital decisions are influenced

by characteristics of the individual. In particular, I evaluate both how the probability of

exiting self-employment the following period and parental wealth affect how much capital

individuals employ while self-employed. The first allows me to quantify the importance of

future career decisions on capital decisions while the second provides potential evidence of

credit constraints.

Table 3.11 displays results from a counterfactual simulation where the estimated probability

8. Note that only previous career is fixed to a counterfactual value and expected earnings in each career
are not changed.
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of exit is fixed at 1% and 99%, leaving all other variables unchanged. The table shows the

average percent increase in capital from raising the probability of remaining in self-employment

from 1% to 99%. The table shows this for each form of self-employment at ages 25 and 35.

Across the various forms of self-employment, the amount of capital employed increases by

seven to 21% when changing the counter-factual probability of staying in self-employment

from 1% to 99%. These differences are smaller than those shown in Table 2.4 but the

simulation controls for the difference in experience, background, and latent type.

Table 3.12 shows the percent change in self-employment and capital investment from

counterfactually fixing parental wealth at the first and 99th percentile in the population

distribution, leaving all other characteristics unchanged. The first column shows the percent

change in capital investment among those who self-employ while the second column shows

the percent change in the proportion of the population in that particular career. This

counterfactual shift in wealth raises self-employment and investment for all forms of self-

employment, but the increase is larger at age 25 than 35 and is larger in the blue-collar sector

than the white-collar sector. Parental wealth directly affects the intensive and extensive

margin of self-employment decisions. Within the context of the model, this can be interpreted

as evidence of credit constraints, but as highlighted by Hurst and Lusardi (2004), it may also

be that parental wealth affects preferences for self-employment.

3.3.5 The importance of persistent unobserved heterogeneity η

This subsection documents that latent heterogeneity plays an important role in the model,

even after controlling for the rich set of observable characteristics in the data. Figure ??

displays the distribution of log after-tax earnings for the four different latent classes at

one, ten, and 20 years of potential experience. There are small initial differences in the

distribution of earnings, most notably the right-shifted earnings of type-3. Twenty years

later, there are much larger differences in the earnings distributions between latent classes.
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Most notably, type-3 individuals have substantially higher earnings while type-2 individuals

earn substantially less.

In the estimated model, almost all individuals have posterior probabilities of belonging

to a particular type of 0.95 or higher. Assigning individuals to the type with the highest

posterior probability, we can characterize career differences by latent type. Most individuals

are type-0 or type-1, which account for 40% and 32% of the population respectively. Fifteen

percent of the population are the low-earning type-2s, and 12% of the population are the

high-earning type-3s. The type-2 and type-3 individuals are also the most likely to be

self-employed with 32% of type-2 and 31% of type-3 individuals being self-employed at some

point during their careers. In contrast, 18% and 20% type-0 and type-1 individuals are

ever self-employed respectively. Type-2 individuals are the most likely to be non-employed

later in their careers and are the most likely to enter unincorporated self-employment, while

type-3 individuals are the most likely to ever be in incorporated self-employment. Type-3

individuals do not have substantially higher non-pecuniary benefits from self-employment

than the rest of the population, but have notably higher relative earnings in incorporated

self-employment. In contrast, type-2 individuals do not have higher relative earnings in

unincorporated self-employment, but have larger non-pecuniary benefits associated with

unincorporated self-employment.

3.4 Conclusion

Using population level data from Sweden, this paper provides new evidence on the causes

and consequences of self-employment over the life cycle, and evaluates how self-employment

decisions can be influenced by policy. To begin, I develop new evidence on the various patterns

of self-employment behavior seen over the life cycle, and present an intuitive two-period

model to interpret the evidence. Specifically, I use machine learning methods to develop a

data-driven taxonomy of self-employment behaviors. Using the taxonomy, I document that
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there are substantial differences in who selects into different self-employment behaviors.

Motivated and guided by the empirical evidence, I develop a dynamic Roy model where

self-employment decisions depend on life-cycle factors such as cognitive and non-cognitive

skills, prior work experience, the cost of capital, and other labor market opportunities. The

model integrates traditional models of dynamic career choice that feature human capital

investment with models of business start-up that feature costly capital investment.

Using the estimated model, I show that the model can reproduce the rich set of self-

employment patterns I find in the data. In addition, I find that cognitive and non-cognitive

skills, education, and past work experience are important determinants of which types of

businesses individuals start, how much capital they employ, and how long they remain in self-

employment. Considering counterfactual policies, I find that subsidies designed to promote

self-employment are generally ineffective, both in terms of promoting long-lasting firms and

in terms of improving the welfare and earnings of those induced to enter self-employment.

Some caution is in order when interpretting the structural results as I do not model

some mechanisms which other work has shown to be important for self-employment and

entrepreneurship decisions. First, my model only accounts for risk aversion through differences

in non-pecuniary benefits across careers.9 Second, this paper does not model the private

savings of individuals or the capital stock of businesses, both of which may affect self-

employment decisions, especially if capital markets are imperfect.10 Third, the paper does

not account for persistent yet time-varying unobservables such as persistent individual-

level economic shocks or innovations.11 This paper investigates a number of mechanisms

9. See Caliendo et al. (2007), Caliendo et al. (2010), Vereshchagina and Hopenhayn (2009), and Herranz
et al. (2015) for models and empirical evidence of risk aversion in entrepreneurship and self-employment.

10. See Evans and Jovanovic (1989), Hurst and Lusardi (2004), Fairlie and Krashinsky (2012),Parker and
Praag (2006), Cagetti and De Nardi (2006), and Mondragn-Vlez (2009) for evidence for and against credit
constrains and for models that include personal wealth or capital stocks.

11. See, for example, Pakes and Ericson (1998) for a model with technology-specific investment and
persistent shocks. See Jovanovic (1982) and Dillon and Stanton (2016) for models where agents learn about
entrepreneurial ability over time. Dillon and Stanton (2016) also allow for persistent shocks to wages.
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not studied in the literature on self-employment, such as career choice and human capital

accumulation, but does not incorporate the mechanisms listed above. In future work, I plan

to incorporate more detailed models of the credit market and more flexible risk aversion in

order to directly test the empirical relevance of the mechanism proposed here and the more

traditional mechanisms considered in the literature.
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Table 3.5: Percent change in career choices from self-employment subsidy by age

A: Subsidy for Self-Employment at Age 24
Non-Emp PE WC PE BC SE-I WC SE-I BC SE-U WC SE-U BC All SE

Age 24 -2.2% -1.2% -1.1% 30.4% 29.6% 20.9% 41.6% 30.0%
Age 25 -0.8% -0.6% -0.6% 16.2% 17.9% 9.5% 11.70% 12.4%
Age 26 -0.6% -0.5% -0.4% 11.1% 11.3% 6.9% 6.8% 8.3%
Age 27 -0.5% -0.4% -0.4% 8.8% 9.1% 5.1% 5.20% 6.4%
Age 28 -0.5% -0.4% -0.3% 6.7% 7.8% 4.3% 4.70% 5.5%
Age 29 -0.5% -0.4% -0.3% 5.4% 7.1% 3.8% 4.00% 4.8%
Age 30 -0.4% -0.4% -0.3% 4.4% 5.8% 3.6% 3.80% 4.3%
Age 31 -0.4% -0.4% -0.3% 3.6% 4.8% 3.2% 3.60% 3.8%
Age 32 -0.4% -0.4% -0.3% 3.3% 4.3% 3.1% 3.20% 3.5%
Age 33 -0.5% -0.4% -0.3% 2.8% 3.8% 3.1% 2.90% 3.2%

B: Subsidy for Self-Employment at Age 29
Non-Emp PE WC PE BC SE-I WC SE-I BC SE-U WC SE-U BC All SE

Age 29 -1.8% -0.6% -0.5% 10.6% 8.0% 9.7% 12.7% 10.6%
Age 30 -0.8% -0.4% -0.4% 6.3% 6.4% 5.1% 5.7% 5.8%
Age 31 -0.6% -0.3% -0.4% 4.7% 5.0% 3.2% 4.1% 4.2%
Age 32 -0.5% -0.3% -0.3% 4.3% 3.8% 2.3% 3.1% 3.3%
Age 33 -0.4% -0.3% -0.3% 3.4% 3.1% 1.8% 2.3% 2.6%
Age 34 -0.4% -0.3% -0.3% 2.5% 2.5% 1.7% 2.2% 2.2%
Age 35 -0.3% -0.2% -0.3% 2.2% 2.2% 1.6% 1.9% 2.0%
Age 36 -0.3% -0.2% -0.2% 2.0% 2.0% 1.2% 1.9% 1.8%
Age 37 -0.3% -0.2% -0.2% 1.8% 2.0% 1.1% 1.7% 1.7%
Age 38 -0.3% -0.2% -0.2% 1.7% 1.7% 1.2% 1.9% 1.6%

C: Subsidy for Self-Employment at Age 34
Non-Emp PE WC PE BC SE-I WC SE-I BC SE-U WC SE-U BC All SE

Age 34 -1.3% -0.5% -0.4% 4.9% 4.1% 4.1% 5.3% 4.6%
Age 35 -0.6% -0.3% -0.3% 3.1% 2.9% 2.4% 2.7% 2.8%
Age 36 -0.4% -0.2% -0.2% 2.2% 2.3% 1.7% 1.9% 2.0%
Age 37 -0.5% -0.2% -0.2% 1.9% 1.8% 1.4% 1.5% 1.6%
Age 38 -0.4% -0.1% -0.2% 1.3% 1.4% 1.0% 1.5% 1.3%
Age 39 -0.4% -0.1% -0.1% 1.1% 1.2% 0.9% 1.3% 1.1%
Age 40 -0.4% -0.1% -0.1% 0.9% 1.2% 0.8% 1.3% 1.0%
Age 41 -0.3% -0.1% -0.1% 0.8% 1.0% 0.7% 1.2% 1.0%
Age 42 -0.3% -0.1% -0.1% 0.6% 1.0% 0.9% 1.0% 0.9%
Age 43 -0.1% -0.1% -0.1% 0.6% 0.9% 0.7% 1.0% 0.8%

Notes: Table shows the percent change in career choices resulting from a surprise one-time subsidy of $10,000 at ages 24, 29,
and 34 to self-employ for the year of the policy intervention and the next nine years. The final column shows the proportion
percent increase in all self-employment.“SE-I” stands for incorporated self-employment, “SE-U” indicates unincorporated self-
employment. “BC” stands for blue-collar and “WC” stands for white-collar.
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Table 3.6: Impact of subsidies on PV utility and PV income

Age of Intervention ∆ PV Utility ∆ PV income Perc. of Pop Impacted
24 $8,011 $21,268 1.37%
29 $4,980 $9,722 0.76%
34 $729 $10,683 0.50%

Notes: This table shows the wage and utility impacts of a $10,000 subsidy on self-employment at age 24 and 29. Present value
of utility and present value of wages are calculated using a discount rate of 0.95. “Perc. of the Pop Impacted” is the percentage
of the population induced into self-employment by the policy.
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Table 3.7: Percent change in career choices from targeted self-employment subsidies at age 29

A: Subsidy for White-Collar Self-Employment at Age 29
Non-Emp PE WC PE BC SE-I WC SE-I BC SE-U WC SE-U BC All SE

Age 29 -0.7% -0.3% -0.1% 10.0% -0.8% 9.5% -1.0% 4.2%
Age 30 -0.4% -0.2% -0.1% 5.9% -0.2% 5.3% -0.8% 2.3%
Age 31 -0.3% -0.1% -0.1% 3.8% -0.2% 3.6% -0.6% 1.5%
Age 32 -0.2% -0.1% -0.1% 3.1% -0.3% 2.5% -0.5% 1.1%
Age 33 -0.1% -0.1% -0.1% 2.4% -0.2% 2.0% -0.4% 0.8%
Age 34 -0.1% -0.1% -0.1% 2.0% -0.1% 1.8% -0.4% 0.7%
Age 35 -0.1% -0.1% -0.1% 1.7% -0.1% 1.7% -0.4% 0.6%
Age 36 -0.1% -0.1% -0.1% 1.6% -0.1% 1.7% -0.3% 0.6%
Age 37 -0.1% -0.1% -0.1% 1.4% -0.1% 1.6% -0.4% 0.6%
Age 38 -0.0% -0.1% -0.1% 1.4% -0.2% 1.5% -0.3% 0.5%

B: Subsidy for Blue-Collar Self-Employment at Age 29
Non-Emp PE WC PE BC SE-I WC SE-I BC SE-U WC SE-U BC All SE

Age 29 -1.1% -0.2% -0.4% -0.9% 8.3% -0.9% 14.7% 6.0%
Age 30 -0.6% -0.2% -0.3% -0.9% 5.7% -0.5% 7.5% 3.3%
Age 31 -0.4% -0.1% -0.2% -0.3% 4.3% -0.4% 5.4% 2.5%
Age 32 -0.3% -0.1% -0.2% -0.3% 3.7% -0.3% 3.6% 1.8%
Age 33 -0.3% -0.1% -0.2% -0.5% 2.8% -0.2% 3.1% 1.5%
Age 34 -0.3% -0.1% -0.2% -0.5% 2.6% -0.1% 2.7% 1.3%
Age 35 -0.2% -0.1% -0.2% -0.4% 2.3% -0.2% 2.3% 1.1%
Age 36 -0.2% -0.1% -0.2% -0.4% 2.1% -0.1% 2.2% 1.0%
Age 37 -0.3% -0.1% -0.1% -0.3% 1.8% -0.2% 2.2% 0.9%
Age 38 -0.3% -0.1% -0.1% -0.3% 1.7% -0.2% 2.2 0.9%

C: Subsidy for Self-Employment at Age 29 for Those Previously Not Working
Non-Emp PE WC PE BC SE-I WC SE-I BC SE-U WC SE-U BC All SE

Age 29 -1.8% -0.1% -0.1% 2.2% 2.9% 4.2% 5.70 4.1%
Age 30 -0.8% -0.0% -0.1% 1.6% 1.9% 1.8% 2.10 1.9%
Age 31 -0.6% -0.0% -0.1% 1.3% 1.5% 1.0% 1.1% 1.2%
Age 32 -0.5% -0.1% -0.1% 1.1% 1.3% 0.6% 0.6% 0.9%
Age 33 -0.4% -0.0% -0.0% 0.7% 1.1% 0.7% 0.6% 0.8%
Age 34 -0.4% -0.0% -0.1% 0.6% 1.0% 0.5% 0.4% 0.6%
Age 35 -0.3% -0.1% -0.0% 0.4% 0.9% 0.5% 0.3% 0.5%
Age 36 -0.3% -0.0% -0.0% 0.4% 0.7% 0.3% 0.3% 0.4%
Age 37 -0.3% -0.0% -0.0% 0.3% 0.6% 0.3% 0.3% 0.4%
Age 38 -0.2% -0.0% -0.1% 0.3% 0.6% 0.4% 0.6% 0.5%

Notes: Table shows the percent change in career choices resulting from a surprise one-time subsidy of $10,000 at age 29.
Panel A considers if the policy only targets white-collar self-employment. Panel B considers a policy that targets blue-collar
self-employment. Panel C offers the subsidy only to those who were non-employed the previous period. The final column
shows the proportion percent increase in all self-employment.“SE-I” stands for incorporated self-employment, “SE-U” indicates
unincorporated self-employment. “BC” stands for blue-collar and “WC” stands for white-collar.
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Table 3.8: Impact of subsidies on PV utility and PV income

Age of Intervention ∆ PV Utility ∆ PV income Perc. of Pop Impacted
White-collar SE (age 29) $4,692 $24,425 0.34%
Blue-collar SE (age 29) $5,973 $5,053 0.46%
SE from Non-Emp (age 29) $6,356 $24,892 0.29%

Notes: This table shows the wage and utility impacts of a $10,000 subsidy on self-employment at age 24 and 29. Present value
of utility and present value of wages are calculated using a discount rate of 0.95. “Perc. of the Pop Impacted” is the percentage
of the population induced into self-employment by the policy.

Table 3.9: Average returns to career-specific experience.

PE WC PE BC SE-I WC SE-I BC SE-U WC SE-U BC

Exp outside sector $749 $940 $870 $1,005 $680 $970
(marginal gains) ($749) ($940) $(870) ($1,005) ($680) ($970)

Exp inside sector $1,129 $655 $1,065 $901 $865 $931
(marginal gains) ($380) (-$285) ($195) (-$104) ($185) (-$39)

Exp inside career $1,325 $1,051 $2,139 $1,285 $751 $804
(marginal gains) ($195) ($396) ($1,074) ($385) (-$114) (-$127)

Notes: This table estimates the average wage gains in the population from a year of additional experience.
The first row show the average gain from an additional year of work experience that is outside of the sector (i.e.
white-collar and blue collor). The second row shows the average gains from an additional year of experience
inside the sector, but not in the specific career. The third row shows the returns to a year of career-specific
experience. Below each row the marginal gains are shown in parenthesis.
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Table 3.10: Average flow utility by career (fixing previous career)

Age 25: Non-emp PE WC PE BC SE-I WC SE-I BC SE-U WC SE-U BC

All 15,672 17,117 25,089 -25,888 -2,3298 -28,596 -14,672
Non-employed 15,672 4,404 9,255 -35,708 -33,917 -30,612 -19,077
PE White-collar 15,672 35,341 15,044 -13,140 -28,909 -11,214 -14,136
PE Blue-collar 15,672 12,475 38,900 -32,017 -18,303 -32,415 -10,394
SE-I White-collar 15,672 34,482 19,653 54,944 9,128 18,659 -332,259
SE-I Blue-collar 15,672 6,792 24,709 4,464 46,048 -339,523 4,426
SE-U White-collar 15,672 15,771 2,383 2,358 -18,072 31,159 -4,592
SE-U Blue-collar 15,672 11,030 14,549 -9,062 -5,785 7,440 31,430

Age 35: Non-emp PE WC PE BC SE-I WC SE-I BC SE-U WC SE-U BC

All 16,604 29,523 40,351 -17,382 -16,879 -25,851 -11,725
Non-employed 16,604 -32,90 -1,112 -37,939 -43,959 -31,343 -25,681
PE White-collar 16,604 57,455 22,947 -8,621 -32,996 -4,961 -10,489
PE Blue-collar 16,604 20,234 64,315 -25,607 -9,504 -17,319 -129
SE-I White-collar 16,604 43,060 10,434 66,974 21,306 6,275 -409,026
SE-I blue-collar 16,604 5,268 35,727 4,087 62,278 -41,7381 9,991
SE-U White-collar 16,604 17,703 5,654 6,677 -21,178 45,131 -359
SE-I blue-collar 16,604 6,341 19,339 -12,660 7,059 -12,010 46,718

Notes: Table shows the estimated average flow utility of each career at age 25 for the full population. The first
row shows the estimated flow utilities (in 2010 U.S. dollars) for the full population at age 25. The remaining
rows show the flow utilities fixing previous careers for the full population to a particular counter-factual value.
This is the marginal effect of changing careers and does not adjust experience or earnings. The utility to
non-employment does not change as earnings are held fixed in this analysis and period-specific non-pecuniary
benefits are normalized to be zero in non-employment.

Table 3.11: Capital and the probability of exit in the future.

Career Age %∆ in K

SE-I white-collar 25 14.9%
SE-I blue-collar 25 10.9%
SE-U white-collar 25 12.9%
SE-U blue-collar 25 21.8%

SE-I white-collar 35 7.0%
SE-I blue-collar 35 10.6%
SE-U white-collar 35 11.4%
SE-U blue-collar 35 20.4%

Notes: Table shows the percent increase in capital associated with lowering the probability of exit from
self-employment in the next period from 99% to 1%. The averages are taken over the full self-employed
population in each age, leaving all other characteristics unchanged.
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Table 3.12: The relationship between parental wealth, self-employment, and capital

Career Age %∆ in K %∆ in Career

SE-I white-collar 25 7.4% 4.7%
SE-I blue-collar 25 16.4% 24.3%
SE-U white-collar 25 10.0% 12.7%
SE-U blue-collar 25 17.7% 19.4%

SE-I white-collar 35 2.5% 0.8%
SE-I blue-collar 35 10.3% 21.5%
SE-U white-collar 35 3.3% 0.5 %
SE-U blue-collar 35 11.2% 10.8%

Notes: Table shows shows the percent increase in each form of self-employment and the percent increase in
the average amount of capital used in each form of self-employment from raising parental wealth from the
1st percentile to the 99th percentile. The averages are taken over the full population by simulating the full
model at both counterfactual values of parental wealth.
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APPENDIX A

APPENDIX

A.1 Policies aimed at promoting entrepreneurship

This section provides details on changes to the tax code that affected self-employment

decisions in parts of Sweden. Using this potentially exogenous source of variation I calculate

Diff-in-Diff estimates to determine how self-employment decisions, earnings, and hiring choices

are affected by the changes in tax rates. I then use the structural model to repeat a more

robust version of this exercise.

Since 1990 Sweden has made a number of changes to Sweden’s payroll tax. In 1997, social

security contribution were reduced by 5 percentage points. It applied to the first 600,000

SEK paid by employers and gradually increased to just under 750,000 SEK. Since the 1990s

the tax-rate has remained relatively stable at slighly above 30% (Bennmarker et al., 2009;

Sverige and Riksrevisionen, 2008). In 2002, an additional tax break was provided to small

businesses operating in Regional Support Area A (RSA A) in Sweden which consists of the

roughly the top two thirds of Sweden except for the municipalities on the coast. Figure A.1

shows the municipalities included in RSA A. Starting in 1991, this region was granted a 10

percentage point payroll tax reduction, which was reduced to 8 percentage points in 1998

and abandoned in 1999 Bennmarker et al. (2009). Starting in 2002, a new payroll tax was

introduced for RSA A which further reduced payroll tax contributions by an additional 10

percentage points for the first 852,000 SEK (approximately $132,000 2010 US dollars) of paid

wages.In order to comply with EU regulations, the reduction did not apply to businesses in

agriculture or transportation. In 2002, it was announced that the law would stay in place

through at least 2007 to minimize uncertainty to potential employers, though, the tax cut

was phased out by the end of 2007. In addition, the general 5 percentage point tax cut was
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reduced to 2.5 percentage points for 2007 and then fully phased out.1

Bennmarker et al. (2009) provides a detailed overview of this policy as well as a difference-

in-differences analysis of the 2002 change on the hiring decisions of firms, but the analysis

focuses on businesses as the unit of analysis and only studies the years 2002 to 2004. In the

simplest specification, they find that a one percentage point reduction in payroll tax raises

the gross wage bill by 0.18%, though the relationship is not statistically significant. They

similarly do not find a strong effect on the amount of labor used by pre-existing firms, but

they do find evidence that the policy induced new firms to enter and that these firms use

somewhat more labor than similar pre-existing firms.

Here, I analyse the same set of policies using a Diff-in-Diff strategy to look at how the

tax subsidies affected the rate of self-employment, the earnings of the self-employed, and the

number of workers employed by the self-employed. For the rate of self-employment and the

earnings of the self-employed, I compare diff-in-diff estimates from the data and the simulated

data from the structural model laid out in Section 3.1. RSA A had a ten percentage point

reduction in their payroll tax rate from 1991 to 1997 and an eight percent reduction in 1998,

which was repealed in 1999, but this policy was replaced by another 10 percentage point

reduction for RSA A from 2002 to 2007. Given the policy was in place for most of the 199 to

1999 and from 2002 to 2007, I create two indicator variables for 2000-2001 and 2008-2013

period where 10 percentage point reduction in payroll taxes were not in place for RSA A and

interact these indicators with being in the RSA A regions. Using this analysis, I estimate the

model:

Yi,t = αt + γ1RSAi,t + γ2RSAi,2000−2001 + γ3RSAi,2008−2013

+ δ1Expi,t + δ2Exp2
i,t + δ3Si +Xi,tβ + εi,t

1. In July 2007 a new reduction to payroll taxes was introduced that lowered the payroll tax for employees
between the ages of 18 and 25, which in 2009 was expanded to all employees under the age of 26.
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where Yi,t can be an outcome such as an indicator of self-employment, earnings amoung the

self-employed, or number of employees amoung the self-employed. αi,t are year dummies,

RSAi is an indicator of if the individual i lives in RSA A at time t, RSAi,2000−2001 is the

RSA indicator interacted with the years 2000 and 2001 which correspond to the first period of

no payroll tax reduction for RSA 1, RSAi,2008−2013 is the RSA indicator interacted with the

years 2008 through 20013 which corresponds to the second period of no payroll tax reduction

for RSA 1. Expi,t and Exp2
i,t are potential experience and potential experience squared. Si is

years of schooling and Xi,t contains cognitive ability, non-cognitive ability, average parental

income, and if the individual’s parent’s were ever self-employed. In the simulated data, I also

control for latent type. When looking at the number of employees, I add industry indicators

interacted with t to account for differences in labor intensity across industries and potential

industry-specific fluctuations.

In this set-up, γ2 and γ3 provide information on the various outcomes were changed in

RSA A during the two periods where there was no payroll tax subsidy relative to changes

in that time period outside of RSA A. Tables A.1, A.2, and A.3 show the results from the

Diff-in-Diff analysis run on all Swedish-born men born between 1965 and 1977. Table A.1

shows the baseline impact of living in RSA A on the probability of self-employment, and

how that inmpact changes when the payroll tax subsidy is removed. The top panel shows

results from the data and the bottom panel shows results from the simulation. The first

column shows results for all self-employed workers. On average, in the data, RSA A has one

percentage point less self-employment, which is reduced by an additional half of a percentage

point during the 2000-2001 reduction in subsidies and by 0.2 percentage points after 2008.

For comparison, 8.6% of the total none RSA A population was self-employed in 2004, so the

estimated percent reductions from the subsidy are quite large. The second and third columns

show the same analysis for incorporated and unincorporated self-employment. During both

periods of reduced subsidies, unincorporated self-employment went down by 0.2 percentage
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points (from a baseline of 4.3% outside of RSA A in 2004). Unincorporated self-employment

goes down during the 2000-2001 spell of reduced subsidies, but goes up following the 2008

reduction in subsidies. This may be that those who entered chose to employ fewer workers

and lowering the value of incorporation. The results from the simulation are similar to the

data except that it estimates a larger increase in unincorporated self-employment in RSA A

between 2008 and 2013.

Table A.2 shows the impacts of the repealing the subsidies on log income amoung the

self-employed. In general, those working in RSA A earn less than those working elsewhere in

Sweden, but this is increases when the payroll tax reductions are removed. The top panel

shows results on the data while the bottom panel shows results on the simulation. For

the subsidy reduction from 2000 to 2002, there is a small but not statistically significant

reduction in earnings for all self-employed workers and a 0.02 reduction in log earnings

for the incorporated self-employed. For the second reduction of subsidies in 2008 there

is a large and persistent reduction in earnings for both incorporated and unincorporated

workers. The results from the simulation are similar, though in the simulation the reduction

in self-employment income from the removal of the subsidies is larger, both in 2000-2001 and

2008-2013.

Table A.1 and Table A.2 show that the simulated data produces very similar diff-in-diff

estimates as the true data, providing another measure of the structural model’s ability to

reproduce moments that are not directly targeted in the data.

Table A.3 shows the impacts of repealing the subsidies on the number of employees held

by businesses. Repealing the subsidies appears to have no impact in 2000-2001, but the

2008 reduction leads to a reduction in employment by 0.2 workers, and a 1 percentage point

reduction in the probability of having any additional workers.

It is also possible to evaluate this policy change within the structural model developed in

this paper. Specifically, I allow indicators for living in RSA1 to enter the choice equation each
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Table A.1: Diff-in-diff on self-employment from change in payroll tax (comparing estimates
from the data and the simulation)

Data: All SE Incorp. SE Unincorp SE

RSA A −0.009∗∗∗ −0.002∗∗∗ −0.008∗∗∗

(0.0003) (0.0003) (0.0003)

RSA A (2000-2001) −0.005∗∗∗ −0.002∗∗ −0.002∗∗∗

(0.001) (0.001) (0.001)

RSA A (2008-2013) −0.002∗∗∗ −0.002∗∗∗ 0.001∗

(0.001) (0.0005) (0.0005)

Simulation: All SE Incorp. SE Unincorp SE

RSA A −0.012∗∗∗ −0.002∗∗∗ −0.010∗∗∗

(0.001) (0.0004) (0.0004)

RSA A (2000-2001) −0.004∗∗ −0.002 −0.002∗

(0.002) (0.001) (0.001)

RSA A (2008-2013) 0.012∗∗∗ 0.001 0.011∗∗∗

(0.001) (0.001) (0.001)

Notes: Table shows Diff-in-Diff estimates on the proportion of individuals self-employed. The top panel

shows results for the data and the bottom panel shows results from data simulated from the structural model

laid out in Section 3.1. The first column pools the self-employed, while the second column is only on the

incorporated self-employed and the third column is only on the unincorporated self-employed. Controls for

background characteristics, education, and skill are not displayed.
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Table A.2: Diff-in-diff on log earnings from change in payroll tax (comparing estimates from
the data and the simulation)

Data: All SE Incorp. SE Unincorp SE

RSA A −0.033∗∗∗ −0.079∗∗∗ −0.043∗∗∗

(0.004) (0.005) (0.007)

RSA A (2000-2001) −0.007 −0.026∗∗ 0.012
(0.013) (0.013) (0.020)

RSA A (2008-2013) −0.101∗∗∗ −0.062∗∗∗ −0.100∗∗∗

(0.007) (0.007) (0.011)

Simulation: All SE Incorp. SE Unincorp SE

RSA A −0.046∗∗∗ −0.091∗∗∗ −0.038∗∗∗

(0.002) (0.002) (0.002)

RSA A (2000-2001) −0.053∗∗∗ −0.034∗∗∗ −0.067∗∗∗

(0.006) (0.005) (0.005)

RSA A (2008-2013) −0.145∗∗∗ −0.067∗∗∗ −0.189∗∗∗

(0.004) (0.003) (0.003)

Notes: Table shows Diff-in-Diff estimates on the log after-tax income fo the self-employed. The top panel

shows results for the data and the bottom panel shows results from data simulated from the structural model

laid out in Section 3.1. The first column pools the self-employed, while the second column is only on the

incorporated self-employed and the third column is only on the unincorporated self-employed. Controls for

background characteristics, education, and skill are not displayed. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Figure A.1: Map of municipalities affected by payroll tax cut

60

65

15 20

Outside RSA A

Partially in RSA A

RSA A

Municipalities in RSA A

Notes: Figure shows the municipalities which are part of RSA A which was subject to a 10 percentage point reduction in payroll
taxes. The six municipalities shown in red have a portion which is included in RSA A. For the costal municipalities, the coastal
area is not included in RSA A.

period and allow an indicator for living in RSA A to enter the conditional earnings equations.

In this way, I can estimate how living in RSA A affected career choices and outcomes in each

period. These coefficients are year-specific, but we can average these coefficients over the

periods in which there were no payroll tax subsidies and compare them to the average of

the coefficients on RSA1 in the years there were subsidies. Moreover, the structural model

accounts for previous choices and latent heterogeneity of the agents, potentially providing a

more-robust estimate of the impact of the policy change on self-employment behavior.
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A.2 Additional details on the data and institutional setting

This analysis uses Swedish administrative data for men born between 1965 and 1977 who

successfully completed the mandatory military service exam. By linking several different

administrative data sets we are able to build detailed background and labor market histories.

The data include detailed information on parental background; labor market participation and

performance; educational enrollment, attainment and performance; records from mandatory

military exams at age 18 or 19 that include measures of cognitive ability, stress tolerance,

BMI, and baseline health; and detailed information on the businesses started by people in

our sample. This section focuses on documenting the various data sets used in the analysis.

This analysis uses the Longitudinal integration database for health insurance and labour

market studies (LISA), a linked register database maintained by Statistics Sweden which

extends previous versions of the registry data used for labor market research (LINDA and

LOUISE).2 for additional details. The data combines a number of Swedish registers starting

in 1990. Specifically they collect data on “labor market, educational and social sectors.” The

data focuses on the individuals, but provides links between family members and employers.

This research uses three different portions of the LISA data: (1) individual records which

provide detailed income accounts, employment, and education. (2) Company-level data

on number of employees, current assets, and fixed assets. (3) Establishment level data on

industry, number of employees, and employee compensation.

The data merges together detailed individual tax and administrative records from the

LISA data sets from Statistics Sweden that includes detailed earnings data from wages,

asset income, active and passively owned businesses income, income from the government

for education, disability income, income for taking care of young children or elderly family

members, and pension income. LISA data includes basic educational attainment data, the

sector and occupation of employment, and basic details about their employer, such as if the

2. See http://www.scb.se/lisa-en
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individual is employed by the government, or by a privately owned company. These data also

allow us to know when individuals change employers, worksites, occupations, and industries.

The LISA data also includes detailed information on immigration status, including country of

origin. The LISA data is available for the individuals in our sample, as well as their siblings

and parents.

Using the baseline LISA data, a number of additional administrative data-sets are linked:

• 9th Grade Education Data: Detailed records from 9th grade allow us to see where

the individual attended the last year of mandatory schooling, their 9th grade GPA.

• High School Education Data: Details on if the individual enrolled in high school,

which track they enrolled in, what their focus was, and their GPA.

• Post-secondary Education Data: Enrollment and completion of post-secondary

and vocational courses.

• Military Exam Data: Every male Swedish citizen in the cohorts had required

conscripted service in the military. To aid assigning individuals to tasks, all males are

required to attend a day of military testing. For each male in our sample, we have

(1) measures of cognitive ability, (2) aggregate measure from evaluation by military

psychologist on ability to handle the rigors of active military duty. Based on verbal

accounts of what the aggregate score attempts to measure, it would a combination

of stress tolerance, conscientiousness, and a propensity for leadership, and (3) BMI

and basic health measures. See Lindquist et al. (2015) for a detailed overview on the

measures collected during the military examinations.

Self-employment data Using the combined data set, I have a unique picture of the role

of self-employment over the life cycle:

• Human Capital We have detailed measures of early-career skills and human capital
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including cognitive ability, stress tolerance, 9th grade GPA, high school track and focus,

and college and vocational training – including choice of major. The data also has

detailed experience variables, such as years of labor market experience, years of self-

employment experience (by industry), and firm specific tenure.The data also contains

details about the size of the firm at which individuals are employed, in case firm size

affects the type of human capital acquired on the job.

• Incorporation We know if self-employed individuals are incorporated or not. If they

are incorporated, we know if ownership is shared with other individuals.

• Capital, and Profits For each company we have detailed financial records including

reported total assets, current assets, fixed assets, number of employees, and employee

compensation.

• Additional firm and work-place information For each company we know their

current assets and liabilities, including long-term liabilities that may affect exit in the

short run. We also know the total number of employees, total wage bill, and average

educational level of employees. We have data both for the firm and workplace.

Income data from LISA The data merges together detailed individual tax and

administrative records from the LISA data sets from Statistics Sweden that includes

detailed earnings data from wages, asset income, active and passively owned businesses

income, income from the government for education, disability income, income for taking

care of young children or elderly family members, and pension income. Other less

detailed records on total income and disposable income al

• Exposure to Entrepreneurship We know if parents or siblings are ever self-employed,

as well as the prevalence of self-employment in their region of residence.
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• Detailed control variables In addition to the variables mentioned above, the data

allows us to control for parental income when young, parental education, the age of the

mother at time of birth, region of birth, number of siblings, birth order, local economic

conditions, number of young children in the household, and employment status and

occupation of other family members.

Details on Self-employment in Sweden Since reforms in the early 1990s, Sweden’s tax

system has set up such that there are few incentives for businesses to hire workers as private

contractors rather than employees. This is further reinforced as, unlike the Unite States, the

social safety-net is not tied to employers. The social safety-net is larger in Sweden than in

the United States, but these benefits (and the associated tax wedge) are similar to other

Western European countries. In order to qualify for benefits associated with job-loss, the

owner must prove that they have fully disbanded their business, preventing small businesses

from using unemployment benefits as a way to smooth over periods of slow business.

As in the United States, small businesses can be incorporated or unincorporated. Incor-

poration requires a one-time registration fee of $270 USD and the business must demonstrate

that they own or employ $6,750 USD of capital. As in the United States, there are tax

advantages from incorporation for large revenue businesses. Similar to the United States,

incorporation better protects personal assets, but not as strongly as in the US. Bankruptcy

laws tend to be less lenient on businesses and individuals than in the US, but are more lenient

than many other countries in Europe.

Unemployment benefits in Sweden Unemployment benefits in Sweden are based on

earnings over the previous three years and the cover up to 80% of prior wages (up to $30,300

USD). In order to qualify for benefits, individuals must have worked at least 80 hours a

month for the last six months. The benefits reduce to 70% after 200 days and 65% after 300

days. Continued unemployment benefits may require the unemployed to accept job offers,
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participate in training programs, or participate in subsidized part-time work. Refusal of

job offers or refusal to participate can result in the loss or reduction of benefits. If the self-

employed enter unemployment after a short spell, they can opt to use their prior employment

for the determination of benefits.

Education in Sweden Post-secondary education is highly subsidized and students tend

to spend more time in post-secondary education than in the United States. As with most

European Countries, students are tracked and choose a focus in high school. Similarly,

students choose a focus of study prior to entering a post-secondary degree. Vocational degrees

(secondary and post-secondary) are more common than in the United States, but are less

common than in other European countries such as Germany.

A.3 Comparing the Swedish and US economies

At first glance, an analysis of self-employment in Sweden may not seem to generalize to other

settings. This belief is based largely on the notion that Sweden’s economy remains similar

to the earlier, more highly regulated, economy of the 1970s and 1980s. Following a number

of large reforms to the welfare state, tax code, and business regulations in the early 1990s,

Sweden has been held up as an example of how economic policies, combined with fiscal reform,

can promote innovation and entrepreneurship in Europe. Sweden is currently the top-ranked

country on the European Union’s innovation scoreboard and ranked similarly to the United

States in terms of the ease of doing business.3 Sweden provides a larger social safety net than

the United States through universal health care, more generous unemployment benefits, and

higher rates of unionization, but these (as well as the country’s tax wedge) are similar to

other countries in Western Europe. However, unlike the United States and some European

3. Sweden ranks eighth on the World Bank’s ease-of-doing-business rankings (one rank behind the United
States), and ranked sixth in The Economist’s business environment ranking (one rank ahead of the United
States). Moreover, Sweden has observed the second largest number of new companies per capita with
valuations over one billion dollars since 2003, behind only the U.S.
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countries, the Swedish tax code provides few incentives for businesses to pay workers as private

contractors rather than employees. Given Sweden’s success at promoting new growth-oriented

businesses, Europe’s interest in adopting similar policies, and the similarity between the

Swedish and U.S. economies, Sweden serves as an ideal laboratory for evaluating policies

designed to promote self-employment and entrepreneurship.

A.4 Details on trajectory analysis and sequence dissimilarity

measures.

Looking at a person’s “state” over time was first considered by Abbott (1983) and has

developed into a broader literature on trajectory analysis (Abbott and Forrest, 1986; Abbott

and Tsay, 2000). This section provides details on trajectory analysis and how dissimilarity

measures are calculated.

Starting with Abbott (1983), trajectory analysis has aimed to better understand the

importance of experienced events as well as their duration, order, and timing over the life

cycle. raTrajectory analysis constructs sequences of discrete states for individuals. These

sequences contain information about which states people experience, the distribution of

states, the timing of states, the duration of specific state spells, and the sequencing of states.

As pointed out by Studer and Ritschard (2016), these five types of information are not

independent and we can typically focus on the sequence, duration, and timing of states over

individuals’ lives.

In order to compare two states, researchers have developed a number of metrics for

constructing dissimilarity metrics between two sequences of discrete states. Studer and

Ritschard (2016) provides a review and comparison of 18 different dissimilarity measures. As

they highlight, these can be grouped into three categories: distance between distributions,

counts of attributes common between two distributions, and edit distance. Choosing between

the various forms of distance places more or less emphasis on timing and sequence of events.
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For example, counting the number of states that are the same within each period makes

the measure of distance very sensitive to timing, while being less sensitive to duration or

sequence. In comparison, counting the total time periods spent in each state does not depend

on timing or duration of any particular spell.

The most common approach in empirical exercises has been “Optimal Matching” which is

a measure of edit distance that calculates how many insertions, deletions, and substitutions

are needed to transform one string into the other string S2. Associated with each of the three

operations is a cost and the distance between two strings is the cost for the cost-minimizing

set of transformations that make the two strings identical. As the costs of insertion and

deletion are made relatively lower than the cost of substitution, the model allows for more

flexible “time warping” – placing more emphasis on sequencing and less emphasis on timing.

Let D be the matrix of Optimal-Matching distances between every pair of trajectories.

Using this dissimilarity matrix, it is then possible to cluster life trajectories using any standard

hierarchical clustering algorithm. For example, the commonly used “Ward’s Method,” starts

with each observation being in its own cluster and sequentially looks for the two clusters to

merge that minimize the increase in total within-cluster variance. This algorithm produces a

tree of potential groupings, and the researcher is left to choose how many clusters to use in

practice. Ward’s method is one criteria for constructing a tree of groupings from the distance

matrix. Other common approaches for determining which clusters should be merged are

maximum distance, minimum distance, and average distance between elements within each

cluster.

A.5 Assumptions related to the dynamic discrete choice model

The dynamic discrete choice model used in this paper relies on a standard, though admittedly

strong, set of assumptions common in the dynamic discrete choice literature. These assump-

tions are laid out in Table A.4. These assumptions follow closely to the assumptions made in

85



Rust (1994) and Aguirregabiria and Mira (2010) with the exception that I allow for the unob-

servable state variable η to be known by the agent and to enter non-linearly into the choice

equation and outcome equations. This is similar to the latent types used in Keane and Wolpin

(1997) and Arcidiacono and Jones (2003). Similar to Heckman et al. (2016), I assume that the

correlation between career decisions and earnings is captured by observable state variables as

well as an unobservable latent heterogeneity η, but that the idiosyncratic earnings shocks ξ(dt)

and the idiosyncratic shocks to choices ε(dt) are independent across choices, individuals, and

time periods (assumptions IID and CIX).4 I assume agents make career decisions based on

their expected utility given their observable characteristics and η. This implies that agents do

not know ξ when making career choices and the utility function entering the choice equation

can be written as
∫
U(at,Zt, η, ξ(dt))dGξ(dt)(ξ(dt)) + εt(dt) = u(at,Zt, η) + ε(dt), where the

second equality defines u( ) as the expected utility when η and ε(dt) are known but ξ(dt) is

unknown. Assumptions IID and CIX imply that we can write the Markov state transitions

Ft+1(Zt+1, εt+1, ξt+1|at, Zt, η, εt, ξt) as FZ,t+1(Zt+1, η|at,Zt, η)Gε(εt+1)Gξ(ξt+1).

Using these assumptions, we can rewrite Equation 3.2 as

Vt(Zt, η, εt) =
∑
at∈A

1{δt(Zt, η, εt)) = at}
[
u(at,Zt, η) + ε(at) (A.1)

+β

∫
V̄t+1(Zt+1, η)dFt(Zt+1|Zt, η)

]
=
∑
at∈A

1{δt(Zt, η, εt) = at}vt(at,Zt, η, ε(at))

where V̄t =
∫
Vt(Zt, ηt)g(εt)dεt is the integrated value function and vt(at, Zt, ηt, εt) is the

choice-specific value function, where I have assumed optimal Kt can be expressed as a function

of Zt and ηt and substituted out of the maximization problem.

4. In addition it is straight forward to allow the second moment of ξ(dt) to depend on η.
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Table A.4: Baseline modeling assumptions

PAS partial additive separability The flow utility is separable in one of the two
unobserved components such that Ut(at,Ωt) =
ut(at,Zt, η, ξt) + ε(at), where, similar to the assump-
tion of a random utility model, we assume E(ε(at)) =
0 and ε(at) ∈ R ∀ at ∈ A.

IID iid unobservable εt ∈ Ω̃t is independently and identically distributed
across time and individuals and has CDF Gε which is
assumed to have finite first moment, to be continuous,
and to be twice differentiable. Similarly, ξt is assumed
to iid within individuals in a time period with CDF
Gξ,t. ξt is assumed be continuously distributed on R+

with E[ξt] = 1.

CIX conditional independence of fu-
ture Zt+k

Conditional on the action at, current state variable Zt
and current non-additive error η, the cumulative distri-
bution function FZ,t+1(Zt+1, |at,Zt, η, ξt, εt) can be
written as FZ,t+1(Zt+1, |at, Zt, η).

CIO conditional independence of out-
comes

At the time the discrete choice dt is made, the shock
ξ(dt) associated with earnings outcomes are unknown
to individual. When agents make occupational deci-
sions dt, their information set includes state-variables
Zt, εt, and η.

MLOGIT mixed logit distribution assump-
tions

Similar to a mixed logit model, I assume that ε(dt) are
iid with a type-1 extreme value distribution and that
η are iid with discrete probability mass function fη.

DET-K capital does not depend on id-
iosyncratic shocks

Agents do not know ξ(dt) when making investment
decisions, so capital can be written as Kt = K(dt,Z, η)

Notes: It is possible to relax the final two assumptions, though I do not do so in this paper. Many of these assumptions are
standard in the dynamic discrete choice literature, see Rust (1994) and Aguirregabiria and Mira (2010) for an overview. Where
possible, I use similar notation and descriptions as in Aguirregabiria and Mira (2010) which surveys the literature.

A.6 Additional details on estimation

This section provides additional details about the use of conditional choice probabilities and

finite dependence used to recover the estimated choice-specific integrated value function,

which serves as an offset parameter in the period-specific multinomial career choice decisions.
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A.6.1 Conditional choice probabilities and finite dependence.

Starting with Hotz and Miller (1993), there has been a large amount of work on estimating

structural models taking advantage of an alternative representation of the Bellman equation.

Specifically, under the MLOGIT assumptions laid out in Table A.4, we can express the

probability of an particular choice as:

pt(j|Zt, η) =
exp (v̄t(j,Zt, η))∑

j′∈D exp (v̄t(j′,Zt, η))
(A.2)

where v̄t(j,Zt, η) is integrated choice-specific value function of a person choosing career j at

time t with state variables Zt and η. Next, using the results from Hotz and Miller (1993),

the integrated value function can be written as:

V̄t(Zt, η) = δ + ln

∑
j′∈D

exp
(
v̄t(j
′, Zt, η)

) (A.3)

= δ + ln

(
exp (v̄t(j

∗, Zt, η))

[∑
j′∈D exp (v̄t(j, Zt, η))

exp (v̄t(j∗, Zt, η))

])

= v̄t(j
∗, Zt, η)− ln(p(j∗|Zt, η) + δ

where δ is Euler’s constant and p(j|Zt, η) is the probability a person with state variables Zt

and η choose option j∗. One of the key insights of Arcidiacono and Miller (2011), is that we

can write the integrated value function as the value of a particular choice j∗, an adjustment

term for the fact choice j∗ may not be the optimal choice (which is only a function of the

conditional choice probability, and Euler’s constant). The key insight here is that j∗ can be

any choice and need not be the optimal choice at time t.

In this representation, the future integrated value function has been replaced with the

integrated choice specific value function for a choice of our choosing. Given the model is

finite, we can recursively substitute in for one particular path to time T , requiring us to
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theoretically only evaluate one potential path of choices, greatly reducing the computational

time needed to estimate the model. In practice, usually several different paths are simulated

and averaged to minimize estimation error(See Hotz et al. (1994)).

Finite Dependence A model exhibits finite dependence if a particular choice at time t

and the baseline choice at time t (in this case non-employment) have particular future paths

that result in arriving at the same expected state some number of periods in the future.

Finite dependence further simplifies estimation, but also imposes strong assumptions on the

model. In practice, we estimate utilities in discrete choice problems relative to a reference

choice, which here will be non-employment. Arcidiacono and Miller (2011) show that if two

different initial choices can lead to the same state in expectation, it is only necessary to

perform the recursion above until the that point is reached. In the context of this paper,

state variables are assumed to be fixed traits of the individual, economic conditions that

are independent of previous choices, experience vector Et which evolves in a deterministic

manner, and previous one period of career and investment choices at−1. Thus, if a person

chose the sequence of choices {jt = se, jt+1 = ne, jt+2 = pe}, and assuming experience

does not depreciate, they would reach the same state in expectation as if they had chosen:

{jt = ne, jt+1 = se, jt+2 = pe}. Thus, we can express choice-specific value functions as:

vt(j, Zt, η, εt) =ut(j, Zt, η) + εt(j) (A.4)

+β

∫ (
ut+1(j∗t+1, Zt+1, η)− ln(p(j∗t+1|Zt+1, η)

)
dFt(Zt+1|Zt, η) + βδ

+β2
∫ ∫ (

ut+2(j∗t+2, Zt+2, η)− ln(p(j∗t+2|Zt+2, η)

)
dFt+1(Zt+2|Zt+1, η)dFt(Zt+1|Zt, η)

+β2δ

+β3
∫ ∫ ∫ (

V̄t+3(Zt, η)

)
dFt+2(Zt+3|Zt+2, η)dFt+1(Zt+2|Zt+1, η)dFt(Zt+1|Zt, η)

+β3δ

89



Now, by choosing the correct sequence of future choices,

vt(j, Zt, η)− vt(0, Zt, η)

will only require calculating flow utilities and choice probabilities for two periods into the

future as the fourth line of Equation A.4 will be identical and cancel.5 This further simplifies

calculations as β
∫
V̄t+1(Zt+1, η)dFt(Zt+1|Zt, η) can be estimated using only conditional

choice probabilities, flow utilities, and state transitions two periods into the future.

The Likelihood Estimation assumes that observable covariates Zt and persistent unob-

served state η generate the dependence across outcomes. In addition, conditional on expected

outcomes, covariates Zt and persistent unobserved state η generate dependence between

career decisions and outcomes. If both Zt and η were observed, the estimation can be

decomposed into a number of separable maximum likelihood estimations. Here I will lay

out estimation assuming η is known. In the next subsection I lay out how to use the EM

algorithm to recover the distribution of η through an iterative process.

The overall likelihood is given by:

L =
∏
i

f(Yi,di,Ki, si) (A.5)

where Yi is the full set of outcomes, di is the full set of career decisions, Ki is the full set of

capital decisions, si is the choice of education, and f( ) is the probability density function.

This likelihood can be decomposed into a number of small recursive estimations. First, using

5. Note this only holds if previous career trajectory is fully summarized by non-depreciating human capital
stocks and an indicator of previous occupation as laid out in Section 3.1.
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the set of people self-employed in the final period (hT = se), we estimate :

LKT =

∫ ∏
i

∏
δ∈D

(fδ(KT |ZT , s, η))1{dT=δ} f(η)dη (A.6)

LYT =

∫ ∏
i

∏
δ∈D

(
fδ(Yi,T |ZT , K̄dT , si, η)

)
1{dT=δ}

f(η)dη (A.7)

LdT =

∫ ∏
i

f(di,T |ZT , ȲT , si, η)f(η)dη (A.8)

where we assume the optimal choice of capital when not self-employed is zero.

Once period T has been estimated, for period T − 1 we construct the forward looking

elements needed for choice of capital at time T − 1 and to construct estimates of the various

choice-specific continuation values. First, I non-parametrically estimate the probability of

remaining self-employed one period in the future for each self-employment state (P (dt+1 =

dt|Zt, η), then I estimate K̄T−1 for each self-employment choice. With K̄T−1 in hand, I then

estimate the choice-specific value function as discussed above V̄T (dt−1) = (E[VT |dT−1, ZT−1])

for each choice at time T−1. This process can then be iterated back to time t = 1. Specifically,

the likelihood contribution at time t < T is given by:

LKt =

∫ ∏
i

∏
δ∈D

(fδ(Kt|Zt, P (dt+1 = δ|Zt, η), s, η))1{dt=δ} f(η)dη (A.9)

LYt =

∫ ∏
i

∏
δ∈D

(
fδ(Yt|Zt, K̄dt , s, η)

)
1{dt=δ} f(η)dη (A.10)

Ldt =

∫ ∏
i

f(dt|Zt, Ȳt, s, v̄t+1(dt), η)f(η)dη (A.11)

Finally, the choice of schooling contributes to the likelihood:

Ls =

∫ ∏
i

f(si|Z0, v̄1(s), η)f(η)dη (A.12)
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The overall likelihood can then be written as:

L =Ls ×
T∏
t=1

(
LKt LYt Ldt

)
. (A.13)

A.7 Additional results on goodness of fit

This section provides additional results documenting the goodness of fit of the model. Table

A.5 shows the proportion of individuals in each career by potential experience for both the

simulation and the data. Table A.6 shows results from regressing income on predicted income

from the model. The first column shows this regression for thee full population, while the

other columns show the regression conditional on career.
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Table A.5: Proportion in each career by potential experience (simulation and data)

Simulation

Pot. Exp. Non-Emp PE WC PE BC SE-I WC SE-I BC SE-U WC SE-U BC
0 0.20 0.27 0.50 0.00 0.01 0.01 0.01
1 0.20 0.27 0.50 0.00 0.01 0.01 0.01
2 0.25 0.27 0.45 0.00 0.01 0.01 0.01
3 0.24 0.29 0.42 0.01 0.01 0.01 0.01
4 0.21 0.27 0.47 0.01 0.01 0.01 0.02
5 0.18 0.28 0.49 0.01 0.01 0.01 0.02
6 0.18 0.28 0.48 0.01 0.02 0.01 0.02
7 0.16 0.29 0.48 0.01 0.02 0.01 0.03
8 0.14 0.30 0.49 0.01 0.02 0.02 0.03
9 0.11 0.32 0.49 0.01 0.02 0.02 0.03

10 0.10 0.33 0.49 0.01 0.02 0.02 0.03
11 0.09 0.33 0.49 0.02 0.03 0.02 0.03
12 0.09 0.33 0.49 0.02 0.03 0.02 0.03
13 0.09 0.33 0.48 0.02 0.03 0.02 0.03
14 0.09 0.32 0.48 0.02 0.03 0.02 0.04
15 0.09 0.32 0.49 0.02 0.03 0.02 0.04
16 0.08 0.32 0.49 0.02 0.03 0.02 0.04
17 0.07 0.32 0.50 0.02 0.04 0.02 0.04
18 0.07 0.32 0.49 0.02 0.04 0.02 0.04
19 0.08 0.32 0.48 0.02 0.04 0.02 0.04
20 0.08 0.32 0.48 0.03 0.04 0.02 0.04
21 0.07 0.32 0.49 0.03 0.04 0.02 0.03
22 0.05 0.33 0.50 0.03 0.05 0.02 0.03
23 0.05 0.32 0.51 0.03 0.05 0.01 0.03

Data

Pot. Exp. Non-Emp PE WC PE BC SE-I WC SE-I BC SE-U WC SE-U BC

0 0.23 0.28 0.48 0.00 0.00 0.00 0.01
1 0.19 0.31 0.49 0.00 0.01 0.00 0.01
2 0.21 0.32 0.45 0.00 0.01 0.00 0.01
3 0.22 0.32 0.43 0.00 0.01 0.00 0.01
4 0.17 0.34 0.46 0.01 0.01 0.01 0.01
5 0.14 0.34 0.48 0.01 0.01 0.01 0.01
6 0.14 0.34 0.48 0.01 0.01 0.01 0.02
7 0.12 0.34 0.48 0.01 0.02 0.01 0.02
8 0.11 0.34 0.49 0.01 0.02 0.01 0.02
9 0.10 0.34 0.49 0.01 0.02 0.01 0.02

10 0.09 0.34 0.50 0.02 0.02 0.01 0.03
11 0.08 0.33 0.50 0.02 0.03 0.01 0.03
12 0.08 0.32 0.50 0.02 0.03 0.01 0.03
13 0.08 0.32 0.51 0.02 0.03 0.01 0.03
14 0.08 0.31 0.51 0.02 0.04 0.02 0.03
15 0.08 0.29 0.52 0.02 0.04 0.02 0.03
16 0.08 0.28 0.53 0.02 0.04 0.02 0.04
17 0.07 0.27 0.54 0.02 0.04 0.02 0.04
18 0.07 0.26 0.55 0.02 0.05 0.01 0.04
19 0.09 0.25 0.54 0.02 0.05 0.01 0.04
20 0.08 0.24 0.55 0.02 0.05 0.01 0.04
21 0.07 0.23 0.56 0.02 0.06 0.01 0.04
22 0.05 0.24 0.57 0.02 0.06 0.01 0.04
23 0.06 0.24 0.57 0.02 0.06 0.01 0.04

Notes: Table shows the proportion of individuals in each career by potential experience in the simulated model and in the data.

“WC” stands for white-collar, “BC” stands for blue-collar, “PE” stands for paid employment. “SE-I” stands for incorporated

self-employment. “SE-U” stands for unincorporated self-employment.
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A.8 Additional results

Figure A.2: Earning of the employed and self-employed over the life cycle

Paid−Emp. Self−Emp.
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Median and Mean Income of the Employed and Self−Employed by Age 
 (1970 cohort, 25−75, 10−90, and 05−95 quantiles shown in shaded regions) 

Notes: Figure shows the mean and median after-tax earnings of the self-employed and employed by age. The shaded region

shows the 25-75 quantile range. All amounts are in 2010 U.S. dollars
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