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Abstract

This thesis is composed of three chapters. The first chapter studies the role of unem-

ployment risk on business formation. It develops and estimates a partial-equilibrium

search model with risky transitions to entrepreneurship. The decomposition of ris-

ing unemployment risk for wage workers into the fall of the job finding rate and

the rise of the job separation rate highlights the role of the former in driving falling

entry to self-employment from paid workers. The quantitative analysis also shows

that higher aggregate unemployment risk can explain most of the 16% decrease in

the self-employment rate after the Great Recession and predicts a significant wors-

ening of the entrepreneurial pool. Empirically, the chapter exploits annual variation

in industry unemployment rates to show that salaried workers are deterred from en-

tering self-employment in sectors experiencing higher unemployment increases. The

second chapter investigates the impact of unemployment benefits extensions during

the Great Recession on self-employment. At the micro-level, it shows that longer

UI duration was, on average, not associated with lower entry to self-employment.

However, these findings hide heterogeneity among the newly self-employed: Those

who work less than 20 hours per week on their business were 30% less likely to en-

ter following eligibility to extended benefits, consistent with entry by necessity when

jobs are hard to find. While there was a large variation in the number of UI weeks

available at the macro-level, this chapter finds that changes in benefits duration did

not affect state-level self-employment rates. The third chapter studies the role of

changes in households’ balance sheets on new firm creation through changes in local
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home values. It documents that new start-up founders were disproportionately more

likely to have been turned down credit during the Great Recession. To study the

impact of house price changes on start-up creation, it proposes a new instrumental

variable strategy for house prices that exploits cross-sectional variation in mortgage

debt-to-income ratios as a proxy for households’ borrowing constraints. This chapter

finds that a 1% annual increase in house prices increases the start-up rate by 0.02

percentage points.
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Chapter 1

Self-employment dynamics and

unemployment risk

1.1 Introduction

Helping people create their businesses has long been recognised as critical to im-

proving macroeconomic performance and reducing unemployment. Recent evidence

suggests that small and young firms have a disproportionate role in job creation

(Haltiwanger et al. [2013], Neumark et al. [2011]). However, there is heterogeneity

among the self-employed. One way to disentangle this heterogeneity is to distin-

guish between entrepreneurs by looking at their previous labour market status, which

can be informative about the objective of the business and the motivations behind

business formation: Individuals who come from unemployment are more likely to be

self-employed by necessity1. On the other hand, individuals who leave their jobs are

1There has recently been a focus in helping unemployed individuals create their own jobs and
reduce unemployment, given the decline in the standard employment relationship (Katz and Krueger
[2019], Boeri et al. [2020]). Nevertheless, evidence suggests that businesses created by previously
unemployed individuals are less sustainable and less likely to hire (Galindo da Fonseca [2021]). This
evidence is consistent with unemployed individuals pushed to self-employment without any other
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more likely to be “opportunistic entrepreneurs” and enter to exploit new business

opportunities and contribute to growth. Any change in this entrepreneurial pool’s

size or composition can have profound and long-lasting aggregate implications on the

economy.

This paper studies the role of unemployment risk in the decision to start a busi-

ness, knowing that engaging in entrepreneurial activity is a risky task. Theoretically,

it develops and quantifies a partial-equilibrium search model that features both risky

transitions to entrepreneurship and endogenous exit from self-employment to paid

work. I decompose the rising unemployment risk for wage workers into two compo-

nents: the fall of the job finding rate and the increase of the job separation rate. My

first result highlights that the fall in hiring during the Great Recession drives the

decline of entry into self-employment from paid work. It also quantitatively matters

more than the displacement-induced entry traditionally emphasised in the literature.

Second, my quantitative results show that higher aggregate unemployment risk can

explain three-quarters of the 16% decrease in the self-employment rate during and

after the crisis. Third, my model also predicts that it leads to a significant worsening

of the entrepreneurial pool because individuals who chose to enter self-employment

by choice (from paid work, opportunistic entrepreneurs) have progressively been re-

placed by individuals who enter from unemployment out of necessity. These findings

hint at a potential role for unemployment insurance, which could foster business cre-

ation by lowering the costs associated with entrepreneurial failure. From an empirical

perspective, this paper exploits annual variation in industry unemployment rates to

show that salaried workers are deterred from entering self-employment in sectors ex-

periencing higher unemployment increases. I am estimating the marginal effect of

a 1% increase in the unemployment rate at the industry level and show that it is

alternatives.
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associated with a 1.3 to 3 % lower entry from paid work to self-employment. This

effect is also 30 % stronger for college graduates, who are more likely to start thriving

businesses. This complements my time series analysis of entry into self-employment

by previous labour market status, which shows that entry into self-employment from

paid work falls during recessions.

The theory highlights the importance of the risk of failure in the decision to enter

self-employment and how it interacts with the opportunity cost of being salaried. An

unemployed or salaried individual receives business ideas/opportunities and compares

future profits from pursuing the idea to her current situation. However, only some

ideas will be successful, and any worker who follows an idea that fails to materialise

ends up unemployed. When unemployment rises because it is harder to find a job, the

model features an unemployment risk effect that deters salaried workers from starting

a business because of the possibility of failure leading to a long spell of unemployment,

now a less desirable state. Higher unemployment risk will disproportionately affect

the entry decision of the employed because they are the ones who have the most to lose

from failure by searching for a new job. When unemployment rises through higher job

separations, this unemployment risk effect that dampens entry remains present but

interacts with a surplus effect that facilitates entry because the risk of being displaced

lowers the opportunity cost of entrepreneurship. It does not mean that the risk of

displacement does not exist in certain sectors (Babina [2019]), but my quantitative

results show that the possibility of being displaced matters less quantitatively in the

aggregate for currently employed workers. On the other hand, the fall in the job

finding rate quantitatively accounts for the entire fall in the aggregate entry from

salaried employment during the Great Recession.

The view that the risk of failure associated with starting a business is a key de-

terminant of entry into entrepreneurship has notably been absent from the literature
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that studies entrepreneurship and unemployment. This literature focused on the role

of displacement in fostering business creation and reducing unemployment, motivated

from a theoretical perspective by the Schumpeterian idea that displacement encour-

ages growth and job creation (Aghion and Howitt [1994], Engbom [2020]). However,

most entry into entrepreneurship/self-employment does not come from the unem-

ployed but from previously employed workers (Sohail [2021]). Moreover, individuals

who leave their jobs to become self-employed and start a business are more likely

to engage in an entrepreneurial activity that creates jobs and contributes to growth,

unlike the unemployed, who are more likely to enter out of necessity. This is sur-

prising because small-scale surveys on “nascent entrepreneurship”2 determined that,

in Western countries, just over a third of all individuals actively trying to set up a

business succeed. The failure risk is also likely to be a stronger deterrent for employed

workers than the unemployed because they will end up in a relatively worse position

if they do not achieve operation. This also implies that higher unemployment risk

can cause long-term damage to the economy. The model’s decomposition of the evo-

lution of the self-employment rate shows that rising unemployment risk during the

recession led to a 23% decrease in the number of opportunistic entrepreneurs (com-

ing from paid work) and a 47% increase in the number of self-employed by necessity

(from unemployment). By preventing entry from salaried workers with the highest

potential to create successful and fast-growing businesses3, higher unemployment can

thus slow down output and employment growth and drag on the economic recovery

2“Nascent entrepreneurs” are different from the self-employed to the extent that the latter are
operating a business, while the former are trying to achieve operation.

3The decision to start entrepreneurship/self-employment can also be seen as a process of ex-
perimentation (Kerr et al. [2014]), because of the uncertainty associated with the success of a
business idea. This could explain why the likelihood of incorporation increases with experience
of self-employment spells (Dillon and Stanton [2017]) and why, while most self-employed start as
own account workers, their likelihood to become an employer firm is much higher than for salaried
or unemployed individuals (Boeri et al. [2020]).
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post-recession.

Related literature. My paper contributes to three important branches of the en-

trepreneurship literature.

First, I contribute to the recent literature examining the relationship between

labour market outcomes and entrepreneurial choice. In the search literature, En-

gbom [2019] is the first to look at the opportunity cost of wage employment on

entrepreneurial choice. He studies the role of an ageing labour force in explaining

the slowdown in business dynamism and job-to-job mobility. Older workers are more

likely to be well-matched with firms and at the top of the job ladder, with a higher

opportunity cost of leaving their job to do anything else. By a composition effect, a

lower share of younger workers, with a lower opportunity cost of leaving their jobs

and more likely to be hired by young firms, will lower firm entry and job realloca-

tion, further lowering business entry. Related to that, recent contributions to the

occupational choice literature such as Salgado [2020] and Jiang and Sohail [2021] in-

vestigate the role of skill-biased technical change in explaining the stronger decrease

in self-employment among college-educated workers. As skill-biased technical change

increases the relative value of being a wage worker, the opportunity cost of starting

a business for those workers increases.

Compared to those papers, I study the role of the opportunity cost of wage em-

ployment and unemployment along the business cycle and propose a simple search

model with entrepreneurship that will feature two important components. First, I

will model the decision to start a business as risky because few ideas end up be-

ing successful, and many tentative entrepreneurs fail in achieving operation. This

choice is consistent with research using the PSED4 that shows that only a third of

4The Panel Study of Entrepreneurial Dynamics is a nationally representative survey initiated to
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nascent entrepreneurs would have succeeded in achieving business operation after 12

months5, in line with earlier small-scale studies (Carter et al. [1996], Gelderen et al.

[2006]). Second, I will incorporate the possibility of a self-employed business owner

leaving her job and returning to paid work. Dillon and Stanton [2017] show that not

accounting for the option value of returning to salaried employment underestimates

the lifetime value of entrepreneurship and that the option to exit helps explain why

individuals persist in trying self-employment despite median salaried earnings being

higher than entrepreneurial income (Hamilton [2000]). I will also be able to study

the role of unemployment risk on exit from self-employment to paid work during the

downturn. My paper is related to Garcia-Trujillo [2021], who develops an occupa-

tional choice model to study the role of labour market frictions on startups and the

self-employed along the business cycle, and also finds a role for the job finding rate

in lowering entrepreneurial quality. While my analysis also studies the evolution of

the stock of self-employed, I make two distinct contributions relative to this paper.

First, I quantify the role of rising unemployment risk and the relative importance

of its different drivers (job finding and separation rates) in explaining the observed

changes in entry and exit during the Great Recession6. Second, I explicitly consider

the risk of displacement while he abstracts from the role of separation shocks.

Second, I also contribute to the literature that looks at career risk and the provi-

sion of downside insurance in the decision to enter self-employment. Gottlieb et al.

[2021] study the importance of career risk in inhibiting potential entrepreneurs by

understand the business formation process better. It explicitly distinguishes between self-employed
individuals and ”nascent entrepreneurs” who are in the process of creating a business.

5Even after five years, less than half of nascent entrepreneurs achieve operation (Cassar [2010]).
6I will also be able to explain the decline in the self-employment rate between 2007 and 2011,

in part because of rising exits out of self-employment, which is not captured well by his analysis.
Job separation shocks also remain important to explain entry from unemployment. Section 1.4.2
shows that looking at the fall in the job finding rate alone predicts a decline in exits from self-
employment, at odds with empirical evidence. He also abstracts from on-the-job search, while it has
been documented that half of new hires come from existing firms (Hall and Krueger [2012]).
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leveraging a Canadian natural experiment that extended job-protected leave to 12

months after giving birth. They do not only find that entry into self-employment

among Canadian women increased but also that there are positive long-run effects

to the extent that these businesses are still operating five years later. Similarly, a

study from Hombert et al. [2020] leverages a French reform that offered downside

insurance to unemployed workers starting a business7. They find that registration of

new firms increased after the reform and that those new firms created by unemployed

workers are of no worse quality than other new businesses. Compared to these micro

studies, I try to embed the notion of career risk in a simple macroeconomic model of

a frictional labour market to study the aggregate consequences of unemployment risk

on the decision to start a business. My results hint at a role for the extension of the

provision of unemployment insurance to foster business creation.

Finally, this paper also contributes to the literature that studies the effect of dis-

placement on entrepreneurship. Hacamo and Kleiner [2021] leverage a large dataset

containing the employment histories of college graduates in the United States to show

that graduating in a distressed labour market increases the probability of starting a

business after graduation and leads to forced entrepreneurship. Similarly, Babina

[2019] combines US matched employer-employee data with public firms’ financial in-

formation to show that financially distressed companies are more likely to experience

an exodus of workers starting their own company and links it to former employ-

ees exploiting opportunities that were no longer possible with their previous em-

ployer. Galindo da Fonseca [2021] studies the Canadian labour market using matched

employer-employee data and finds a positive effect of displacement, measured there as

firm closures, on former employees’ likelihood to start a business. Finally, Yuen [2021]

7The PARE, or Plan d’aide au retour à l’emploi, was introduced by the French government in
2001. It compensated unemployed workers who decide to start a business for the difference between
UI and entrepreneurial earnings.
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uses months 4 and 8 of the CPS (Outgoing Rotation Groups) and focuses on the im-

pact of the job separation rate on entry during the Great Recession8. Compared to

this literature that often focused on unemployed workers’ entrepreneurial choice using

micro-level studies, I look at wage workers, who represent most new entrepreneurs,

and quantify the aggregate implications of unemployment risk on self-employment

entry. I find that while separation-induced entry exists in theory, it matters quanti-

tatively less to the fall in hiring and the job finding rate, which lowers the value of

being unemployed and increases the risk of engaging in business creation.

Section 1.2 motivates the theoretical analysis, describes the data and presents

the decomposition of entry into self-employment by previous labour market status.

Section 1.3 details the model used for the quantitative analysis and presents a com-

parative statics exercise that highlights the role of unemployment risk on a wage

worker’s entrepreneurial choice. Section 1.4 quantifies the model and presents the

main quantitative results. Section 1.5 presents further evidence at the industry-level.

Section 1.6 concludes.

1.2 Data

1.2.1 Data and definitions

The main data source for my analysis comes from the monthly files of the US Current

Population Survey (CPS) between 19949 and 2021, harmonized by IPUMS.

8However, his ORG subsample depicts a different picture than the entire CPS data, and my
framework also allows for endogenous exit and on-the-job search, which are important determinants
of self-employment dynamics. Dillon and Stanton [2017] show that overlooking the option to re-
turn to paid jobs would understate the value of being self-employed, and Hall and Krueger [2012]
document that almost half of new hires come from other firms, two elements absent from his analysis.

9I start the analysis in 1994 because of the CPS survey redesign that year. See Appendix 1.A.3
for details.
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I define a self-employed business owner as an employed individual who considers

herself self-employed in her main job and works more than 20 hours per week10. I fo-

cus on civilian households and exclude individuals working in agricultural/extracting

occupations and sectors and those outside the labour force, younger than 25 years old

or older than 64 years old. I describe in Appendix 1.A.4 the construction of industry

and occupation classifications.

The second data source comes from the Annual Social and Economic Supplement

of the CPS (ASEC), the ”March Supplement”, used to obtain information on workers’

past wage or business income, expressed in constant 1999 US dollars. I also leverage

ASEC data in section 1.5 and exploit the fact that industries are exposed to different

shocks every year, affecting labour market prospects for workers in that sector.

1.2.2 Transitions along the business cycle

Using monthly CPS data, this section exploits time series variation along the busi-

ness cycle to see whether higher unemployment risk is associated with lower entry.

Distinguishing between entry to self-employment by previous labour market status

(Fairlie and Fossen [2019]) is useful because it can be informative about the objective

of the business venture and the motivations behind the transition to self-employment.

Figure 1.1 uses the basic monthly files of the CPS to show that entry from unemploy-

ment unexpectedly increases during recessions. It went up by more than 50 % during

the Great Recession and only dropped down to its pre-recession level in 2014.

Conversely, figure 1.2 shows that entry from paid work went down during the last

two recessions11, by 20% during the Great Recession and the COVID-19 recession.

Exit barely increased during the Great Recession, while it slightly fell during the

10I focus on those who choose to commit to their business and thus only consider self-employed
working more than 50% of full-time hours and exclude involuntary part-time workers.

11The 2001 recession had a short-lived impact on unemployment.
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Figure 1.1: Entry from unemployment to self-employment: 1994-2020
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12-month centered MA to remove seasonality. Entrant at time t: Self-
employed individual who was a paid worker or unemployed in the previ-
ous month (t − 1). Exit at t: Self-employed individual who was previously
self-employed. The sample of 25-64 year-olds excludes members of the armed
forces and individuals working in agricultural or mining sectors/occupations.
See Appendix 1.A.2 for additional measurement details. Source: CPS Basic
Monthly Files.
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COVID-19 recession. To rationalise this, I propose a theory explaining how higher

unemployment risk deters employed workers from engaging in an entrepreneurial ac-

tivity because of the risk associated with business creation.

Figure 1.2: Transitions between self-employment and paid work: 1994-2020
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(b) Exit to Paid employment

12-month centered MA to remove seasonality. Entrant at time t: Self-employed individual who was
a paid worker or unemployed in the previous month (t − 1). Exit at t: Self-employed individual
who was previously self-employed. The sample of 25-64 year-olds excludes members of the armed
forces and individuals working in agricultural or mining sectors/occupations. See Appendix 1.A.2
for additional measurement details. Source: CPS Basic Monthly Files.
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1.3 Theory

This section introduces a simple partial equilibrium search model with self-employment

and builds on frameworks introduced by Bradley [2016]12, and Engbom [2019], which I

extend to allow for risky transitions to entrepreneurship and exit from self-employment

to paid work.

1.3.1 Model

Setup. Time is continuous and infinite, and workers discount the future at the rate

r. Firms’ decisions are not explicitly modelled, and I assume that workers receive

job offers from an exogenous distribution F and business ideas/opportunities from

an exogenous distribution H.

I do so for two reasons: First, an exogenous wage distribution is useful to model

wage heterogeneity without entering the debate about the sources of wage determi-

nation13. Second, I focus on workers’ transitions into/out of self-employment. Intro-

ducing firms leads to complications that are unrelated to the focus of this paper14.

Workers. There is a unit mass of ex-ante homogeneous workers, who are, at any

point in time, either unemployed, self-employed or working for a firm (paid-employed).

Unemployed workers receive a flow payment of b that comprises unemployment

12Bradley [2016] extends the canonical wage posting model with a job ladder (Burdett and
Mortensen [1998]) by introducing a decision to become a self-employed business owner.

13Hall and Krueger [2012] find that wage posting and bargaining co-exist as important modes of
wage determination, with the former being more prevalent at lower levels of education and among
women and ethnic minorities.

14Coles and Mortensen [2016] extend the seminal work of Burdett and Mortensen [1998] to anal-
yse out of steady-state dynamics with an endogenous costly hiring decision but require knife-edge
conditions on hiring costs to guarantee equilibrium existence.
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benefits, the value of leisure/home production, and the disutility from being unem-

ployed. They receive job offers at the rate λuw as well as business ideas at the rate

λs.

The Hamilton-Jacobi-Bellman (HJB) equation for the value of being unemployed,

U writes as:

rU = b+ λuw

∫
max [W (w)− U, 0] dF (w) + λs

∫
max [V (z′)− U, 0] dH (z′) (1.1)

W (w) accounts for the value of being a salaried worker with wage w ∈ [w,w],

while V (z) represents the expected value of being a self-employed business owner

with idea z ∈ [z, z].

When salaried at a firm paying a flow wage w, a paid worker receives other job

opportunities at the rate λww as well as business ideas at the same rate as unem-

ployed workers, λs. She can also lose her job at the rate δw and subsequently become

unemployed.

The HJB equation for a paid worker in a firm paying w writes as:

rW (w) =w + λs

∫
max [V (z′)−W (w) , 0] dH (z′) + δw [U −W (w)]

+ λww

∫
max [W (w′)−W (w) , 0] dF (w′) (1.2)

Risky self-employment. Less than half of individuals in the process of starting a

business achieve operation. Thus, I choose choose to model the decision to become a

self-employed business owner as a risky one. Paid and unemployed workers decide to

pursue a business idea z whenever they are made better off compared to their current
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employment status. Conditional on pursuing this idea, they will be successful with

probability p and become self-employed. With a probability of 1−p, they will fail and

go into unemployment. Therefore, the expected value of being self-employed writes:

V (z) = pSe (z) + (1− p)U (1.3)

A self-employed worker receives the flow profits z of her business idea. She can also

go bankrupt at the rate δse and become unemployed, and receives paid work opportu-

nities at the rate λsw. Thus, the HJB for a self-employed worker with an idea z writes:

rSe (z) = z + δse [U − Se (z)] + λsw

∫
max [W (w′)− Se (z) , 0] dF (w′) (1.4)

Endogenous thresholds characterise entry into self-employment and exit back into

paid work. I assume for simplicity and without loss of generality that parameter

values are such that an unemployed worker will always pursue a new business oppor-

tunity that allows her to become self-employed, i.e. z∗u ≤ z. A paid employee with

wage w decides to go into self-employment whenever she receives an idea better than

z∗ (w). This cutoff equates the expected surplus from being a paid worker to the

expected surplus of being self-employed. That is, z∗ (w) solves:

C1 (z
∗ (w)) = pSe (z

∗ (w))+(1− p)U−W (w) = p [Se (z
∗ (w))− U ]−[W (w)− U ] = 0

(1.5)

An increase in the probability of a successful business venture will facilitate en-

try into self-employment. Similarly, the model predicts, consistent with empirical

evidence, that salaried workers with higher wages are less likely to transition into

self-employment.

A self-employed business owner with an idea worth z will take a salaried job when-
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ever the wage offer is above the cutoff w̃ (z), which satisfies:

C2 (w̃ (z)) = W (w̃ (z))− Se (z) = 0 (1.6)

More successful self-employed businesses are less likely to leave for paid work.

These exit cutoffs z∗ (w) and w̃ (z) are important because they determine, for a given

earnings level, the individual decision to enter and leave self-employment. I will use

them below to determine how worker dynamics along the business cycle and unem-

ployment risk affects aggregate entry and exit.

Laws of Motion. The distribution of workers over paid employment g (w) is char-

acterized by the following Kolmogorov forward equation (KFE):

ġ (w) (1− u− se) = −
[
δw + λwwF̄ (w) + λsH̄ (z∗)

]
(1− u− se) g (w)

+f (w)
[
λuwu+ λww (1− u− se)G (w) + λswseS

(
z̃−1
)]

(1.7)

Paid workers with income w will leave their jobs because the match gets exoge-

nously destroyed, they get a better salaried job offer, or they move to self-employment.

Unemployed workers and paid employees with wage w
′
< w who receive an offer w

will accept that offer, as well as self-employed workers with an idea worth z̃−1 15 or less.

The distribution of agents over self-employment s (z) is described by the following

15Self-employed with an idea worth z̃−1 will leave whenever they receive a salaried offer worth
w̃
(
z̃−1

)
= w or more.

25



KFE16 and writes :

ṡ (z) se = −se
[
δse + λswF̄ (w̃)

]
s (z) + pλshs (z)

[
u+ (1− u− se)G

(
w∗−1

)]
(1.8)

Self-employed business owners quit because their businesses are no longer prof-

itable (exogenous destruction) or because they receive a sufficiently attractive salaried

offer. Entrants into self-employment are the unemployed, who take on any opportu-

nity they receive, as well as salaried workers with a wage below w∗−1 17. Using these

two equations, I can solve for the evolution of unemployment u as:

u̇ = −u (λuw + pλs)+(1− u− se) δw+δsese+λs (1− u− se) (1− p)

∫
[1−H (z∗ (x))] dG (x)

(1.9)

The novelty here comes from the risk, with a probability of 1 − p, for a salaried

worker to fail her transition to self-employment and become inactive, in addition to

exogenous match separations and business closures. People otherwise leave unem-

ployment when they receive a job offer or a business opportunity.

Equilibrium. I assume throughout the analysis that parameter values are such

that unemployed workers always accept to try a business idea, i.e. z∗u ≤ z.

A stationary equilibrium in this economy is a set of value functions {U,W (w) , Se (z)},

workers’ decision rules {z∗u, ζ, z∗ (w) , w̃ (z)}, distributions of workers over paid em-

ployment and self-employment {g (w) , s (z)} as well as the self-employment rate s

and the unemployment rate u such that :

16se denotes the self-employment rate.
17Salaried workers paid w∗−1 will pursue an entrepreneurial idea whenever it is worth more than

z∗
(
w∗−1

)
= z.
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• The value function U is given by equation 1.1, every unemployed pursue self-

employment z∗u ≤ z and the reservation wage ζ satisfies:

ζ = b+ (λuw − λww)

∫
max [W (w)− U, 0] dF (w) (1.10)

• The value functionW (w) is given by equation 1.2. ∀w ∈ [w,w], salaried workers

paid w will choose to enter self-employment whenever they receive an idea worth

z ≥ z∗ (w) where z∗ (w) is defined in equation 1.5.

• The value function Se (z) is given by equation 1.4. ∀z ∈ [z, z], self-employed

workers earning z will choose to leave self-employment whenever they receive a

job offer w ≥ w̃ (z) where w̃ (z) is defined in equation 1.6.

• The distributions of individuals over paid employment g (w), self-employment

s (z) and unemployment u are respectively defined in equations 1.7 to 1.9 .

Furthermore, ∀w ∈ [w,w] ,∀z ∈ [z, z] they satisfy u̇ = ġ (w) = ṡ (z) = 0.

• The aggregate self-employment rate se satisfies:

0 = ṡe = pλs

[
u+ (1− u− se)

∫
H̄ [z∗ (w)] dG (w)

]
−se

[
δse + λsw

∫
F̄ [w̃ (z)] dS (z)

]
(1.11)

1.3.2 Comparative statics

This section investigates the role of unemployment risk for paid workers in the transi-

tion to self-employment through the lens of my model. I present here, for simplicity,

results without on-the-job search and endogenous exit, that is when λww = λsw = 018.

18I derive comparative statics of the full model in Appendix 1.B.2. Results are similar, and I
present the simplest case for ease of exposition.
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Unemployment risk can go up during recessions for two reasons:

First, unemployment risk increases because hiring falls during recessions, as firms

post fewer vacancies. The job finding rate decreases, making it more difficult for un-

employed workers to find a job. Intuitively, insofar as transitioning to self-employment

is risky, a fall in the job finding rate, because it lowers the value of being unemployed,

will deter salaried workers from pursuing entrepreneurial ideas. Second, unemploy-

ment risk can also increase because workers are more likely to be fired during down-

turns. Matches between firms and workers get destroyed. Any previously stable

job is less secure, which intuitively brings down the value of being salaried and can

thus increase self-employment. I decompose the rise of unemployment risk into two

components: the fall in the job finding rate and the increase in the job separation

rate.

The impact of a change in the job finding rate on the decision for a salaried worker

with wage w to enter self-employment can be written as:

dz∗ (w)

dλuw

∝ − (1− p) rU
′
(λuw)

r + δse︸ ︷︷ ︸
Unemployment Risk, < 0

+

Differential Separation, ≶ 0︷ ︸︸ ︷
r (δw − δse)U

′
(λuw)

(r + δse) (r + δw)
≶ 0 (1.12)

There are two different and potentially offsetting effects. The first term represents

the unemployment risk effect. Starting up a business is risky, so an increase in the

job finding rate will lower the entry cutoff. In booms, failing the transition matters

less because a previously salaried worker who is now inactive will find a new job more

easily, as U
′
(λuw) > 0. Similarly, downturns will make a worker less likely to leave her

job because of the probability of failing and becoming unemployed, which is now more

costly, and more so when p is low, as the change in z∗ is proportional to the probability

of failure 1− p. The second effect is a differential separation effect that will depend
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on which employment status is relatively more shielded from unemployment. The

intuition is the following: If self-employment shields workers less than salaried work,

i.e. when δw < δse, an increase in the job finding rate λuw will make self-employment

more desirable because unemployed workers now receive more, and potentially better,

job offers. This strengthens the unemployment risk effect. Similarly, in recessions, as

self-employment is seen ceteris paribus as less secure, a fall in the job finding rate will

deter transitions to self-employment. The overall effect is theoretically ambiguous

and will depend on the relative strength of each effect. That said, the two separation

rates are close to each other, and I expect the unemployment risk effect to dominate

and therefore lower entry in recessions, especially when p << 1.

The change to the entry cutoff following a change in the job separation rate writes

as:

dz∗ (w)

dδw
∝ − (1− p) rU

′
(δw)

r + δse︸ ︷︷ ︸
Unemployment Risk, > 0

+

Differential Separation, ≶ 0︷ ︸︸ ︷
r (δw − δse)U

′
(δw)

(r + δse) (r + δw)
− W (w)− U

r + δw︸ ︷︷ ︸
Decreasing Surplus, < 0

≶ 0

(1.13)

I can decompose the impact of an increase in the job separation rate into three

components. First, there is also an unemployment risk effect: As the job separation

rate δw increases, it lowers the value of being unemployed because any future job

will now be shorter-lived, U
′
(δw) < 0. This raises the entry cutoff. The differential

separation effect is also present. If δw < δse, it will deter entry as self-employment is

seen as relatively less safe when job separations go up. Finally, there is a third effect,

absent in the job finding rate’s comparative statics, which I call a surplus effect :

An increase in δw will lower the value of being salaried by more than it reduces the

value of being unemployed. The intuition is clear: A higher likelihood of being fired
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affects a paid worker directly, while the effect for unemployed workers only appears

through shorter-lived employment spells. So, this effect will facilitate entry into

self-employment as it lowers the surplus of being salaried over being unemployed.

Abstracting from the differential separation effect as δw and δse are close to each

other, the effect of a higher separation rate on the entry cutoff z∗ (w) is ambiguous

and depends on the relative strengths of the surplus and unemployment risk effects.

Table 1.1 below summarises the comparative statics results and stresses the im-

portance of business/career risk. When p −→ 1 and assuming δw = δse, leaving her

current job does not affect a salaried worker as she will always succeed in business

creation. In this case, the job finding rate does not affect entry. In addition, the

probability of failure will dampen the impact of firing and separations because it also

lowers the value of being unemployed. It remains a quantitative question to measure

the effect of a change in these two rates on transitions to self-employment, which is

my next exercise.

Table 1.1: Model-predicted impact on the entry cutoff z∗ (w)

Fall in λuw Rise in δw

Impact on entry cutoff : z∗ (w)

Total effect ? ?

No Business risk (p = 1) sign (δs − δw) ?

δw = δs = δ + ?

No Business risk (p = 1) and δw = δs = δ 0 -
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1.4 Quantitative analysis

This section quantifies the model by Generalised Method of Moments. It presents a

transition dynamics exercise highlighting the importance of the job finding rate for

entry into self-employment and the business shutdown rate for the aggregate self-

employment rate.

1.4.1 Calibration and model fit

I calibrate the model to fit the US economy in 2007, before the Great Recession.

The frequency of the model is monthly, and the discount factor r is calibrated to

match an annual interest rate of 5 %. The self-employed separation rate or business

shutdown rate δse is chosen to match monthly transitions between self-employment

and unemployment. All the other parameters are jointly determined using moments

from the CPS monthly files.

As my model is agnostic about the source of wage determination in the economy,

I parametrise the distribution of wage offers and business opportunities to be Log-

Normal:

F ∼ Log-N (µf , σf ) H ∼ Log-N (µh, σh) (1.14)

There are, in total, 11 parameters to be jointly determined:

θ = {λuw, λww, λsw, δw, p, λs, µf , σf , µh, σh, b} (1.15)

Twelve empirical moments are used to calibrate these parameters. The log-normal

distribution parameters for wage offers and business ideas are informed by the earnings
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median and standard deviation for salaried and self-employed individuals. Estimation

of λww will be determined by the paid job to paid job transition rate, while λsw will

be closely related to the endogenous exit rate from self-employment to salaried work.

Monthly transitions from paid work to unemployment and the unemployment rate

are informed by δw and p, the probability of a successful entry. λs, the arrival rate of

ideas, informs the self-employment rate and transitions into self-employment (from

unemployment and paid work). Finally, the job finding rate λuw is chosen to match

monthly transitions between unemployment and paid work. All the moments related

to labour market transitions and employment statuses are constructed using monthly

CPS data, while the median and standard deviation of earnings come from ASEC

data.

I choose θ to minimise the following GMM objective, where squared percentage

deviation between empirical moments and their theoretical counterparts are equally

weighted:

Y = min
12∑
i=1

(
modeli (θ)− datai

datai

)2

(1.16)

Table 1.2 shows that the model can fit the data well. In most cases, percentage

deviations between empirical moments and their theoretical counterparts are less than

10%. The model also works well for untargeted moments, such as average earnings by

employment category. For instance, salaried workers earn roughly 37000 $, and the

model predicts 39000 $. Similarly, the model predicts average self-employed earnings

of 46000 $, compared to slightly less than 45000 $ in the data.
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Table 1.2: Model fit - Pre-recession steady-state

Parameter θ∗ Value Target Data Model

Worker Dynamics

λuw Job Finding Rate : Unemployed 0.2761 UE Rate 0.2865 0.2413
λww Job Offer Rate: Salaried 0.3154 Job-to-job Transitions : EE Rate 0.0154 0.0161
δw Job Separation Rate 0.0069 EU Rate 0.0094 0.0101

Self-employment Dynamics

λs Ideas Arrival Rate 0.0519 Entry from Unemployment 0.0232 0.0225
p Probability Successful Idea 0.4382 Entry from Paid Work 0.0025 0.0026
λsw Job Offer Rate: Self-employed 0.5575 Exit to Paid Work 0.0209 0.0211

Self-employment rate 0.1026 0.1023

Earnings

b Flow value of Unemployment 0.0880∗ Unemployment rate 0.0358 0.0320
µf Parameter : Offer Distribution ∼ F -0.2430 Median Wages 28944 30358
σf Parameter : Offer Distribution ∼ F 1.1433 Std. of Wages 34170 32621
µh Parameter : Business Idea Distribution ∼ H -0.3562 Median Self-employed income 28140 27506
σh Parameter : Business Idea Distribution ∼ H 1.4793 Std. Of Self-employed income 54205 55451

Externally Calibrated

r Interest rate 0.0040 Annual Interest Rate of 5%
δs Business Separation Rate 0.0074 Self-employment to Unemployment Rate (CPS)

* b as a percentage of average earnings, i.e. b
EG(w)

. Earnings in constant 1999 US Dollars. The sample of 25-64 y.o excludes members of the armed forces

and individuals working in agricultural/mining occupations and industries. Source: CPS ASEC for 2007. Moments: Monthly averages for H2 2007. Source:
CPS Basic Monthly files.

.
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1.4.2 Results - Transition dynamics of entry and exit

I now turn to study the quantitative importance of rising unemployment risk during

the Great Recession on self-employment dynamics. I will proceed in two steps: I first

look at the role of increasing unemployment risk for workers and then investigate the

importance of rising unemployment risk for the self-employed.

To analyse the impact of unemployment risk for paid workers on aggregate self-

employment dynamics, I first decompose it into two components: the fall in the job

finding rate and the increase in the job separation rate. I will follow Engbom [2021]

and solve a perfect foresight transition experiment, where changes in the job finding

rate λuw and the job separation rate δw mimic the evolution of the UE and EU rates,

starting from the 2007, pre-Great Recession steady state until December 2011. The

UE and EU rates represent the job finding and separation probabilities: The fraction

of unemployed (salaried) workers in the previous month who found paid work (became

unemployed)19.

I then perform the transition dynamics exercise, looking at the rising unemploy-

ment risk for entrepreneurs. Business exits also went up during the Great Recession.

The SU rate, the fraction of self-employed workers who go into unemployment, in-

creased during that period20. I also solve a perfect foresight transition experiment

where changes in δse mimic the evolution of the SU rate from December 2007 to

December 201121.

19This definition is slightly different from the standard UE rate that commonly includes transitions
between unemployment and self-employment. A similar comment applies to the EU rate. I describe
how I compute a path for λuw,t and δw,t in Appendix 1.C.2

20See Appendix 1.A.1.
21I also describe how I compute a path for δse,t in Appendix 1.C.2.
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1.4.2.1 The Great Recession - A decomposition of rising unemployment

risk

The Great Recession was characterised by a large and persistent fall in the fraction of

unemployed workers finding a paid job the next month (the job finding probability),

which went down by 40 % and took a decade to recover. While the job separation

probability started to decline immediately after the end of the recession, the job find-

ing probability only started to rise again in 2012 to reach its pre-recession level in

201822. When looking at figures 1.3 to 1.7, it is important to note that agents expect,

from the beginning of the recession, that the job finding and separation rates will

follow the paths for λuw,t, δw,t and δse,t so that their starting point is not necessarily

exactly at (but close to) the pre-recession steady-state.

Job finding rate λuw. I show in figure 1.3 the impact of the fall in λuw, all else

equal. Entry from paid work goes down by 25% in the model, slightly higher than

the observed 20 % fall during the Great Recession. Moreover, the entry pattern in

the model closely resembles what is observed in the data. Entry from unemployment

also goes up, as in the data. However, the model also predicts a 6% decline in the

exit rate, inconsistent with the data that shows a slight upward trend.

Job separation rate δw. I perform the same exercise for the increase in the sep-

aration rate δw during and after the Great Recession. In contrast with the fall in

the job finding rate, figure 1.4 shows that an increase in the job separation rate will

lead to an increase in entry from salaried work by 7%, inconsistent with the empirical

evidence during that period. Entry from unemployment also goes up, as in the data.

22See Appendix 1.A.1.
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Figure 1.3: Transition dynamics of a fall in λuw
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Appendix 1.C.2 explains how I construct the path for λuw,t. All other pa-
rameters fixed to their pre-recession parameter values of section 1.4.1. The
dashed green line marks the end of the Great Recession, according to the
NBER.
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Exit increases slightly, as in the data that shows a slight upward trend.

Figure 1.4: Transition dynamics of a rise in δw
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Appendix 1.C.2 explains how I construct the path for δw,t. All other pa-
rameters fixed to their pre-recession parameter values of section 1.4.1. The
dashed green line marks the end of the Great Recession, according to the
NBER.

Business shutdown rate δse. I finally look at the role of a higher separation rate for

the self-employed because it lowers the relative value of being an entrepreneur relative

to being a paid worker and can thus deter entry. However, figure 1.5 shows that in

contrast with the job finding rate λuw, a higher separation rate for the self-employed

has essentially no impact on entry from paid work or entry from unemployment.

Higher separations to unemployment δse nonetheless lead to a 15% increase in exit

from self-employment to paid work, consistent with (but larger than) the data, unlike

dynamics induced by λuw that predicted a fall in exit to salaried work.
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Figure 1.5: Transition dynamics of a rise in δse
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Appendix 1.C.2 explains how I construct the paths for δse,t. All other pa-
rameters fixed to their pre-recession parameter values of section 1.4.1. The
dashed green line marks the end of the Great Recession, according to the
NBER.
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1.4.2.2 The overall impact of unemployment risk

Overall, the three exercises above confirm the importance of the job finding rate in

explaining entry to self-employment, especially compared to the separation rates δw

and δse. These findings give more credence to my hypothesis relative to the displace-

ment hypothesis. The risky business creation hypothesis and career risk deter salaried

workers from starting an entrepreneurial activity in distressed times. On the other

hand, a higher self-employment separation rate δse matters more for transitions back

to paid work. I consider two additional exercises to evaluate the relative importance

of each of these forces. First, I will look at the role of unemployment risk for work-

ers and abstract from rising unemployment risk for entrepreneurs by studying the

transition dynamics of a joint fall in the job finding rate λuw and a rise in the job

separation δw. I do so to compare the importance of the job finding rate λuw with

the job separation rate δw. I then look at the overall impact of higher unemployment

risk for workers and entrepreneurs on entry and exit by looking at the joint changes

in λuw, δw and δse together
23.

Joint fall in λuw and rise in δw. I look at the transition dynamics of a fall in

λuw and a rise in δw together, to evaluate the importance of rising unemployment risk

on the worker side. Figure 1.6 shows that the fall of the job finding rate remains the

driving force of entry from salaried work, which is predicted to fall by 20%, as in the

first exercise in figure 1.3 and the data. Moreover, the entry pattern in the model

co-moves relatively well with the data. Entry from unemployment also increases, this

time by 80 %, a greater rise (but in line with) than observed in the data. However,

23In Appendix 1.D.3.1, I provide additional evidence on the importance of a lower job finding rate
on entry to self-employment, and of a higher business shutdown rate on exit, by looking at transition
dynamics induced by: A joint change in δw and δse and a joint change in λuw and δse.
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exit is also predicted to go down, while the data shows a slightly increasing trend.

Figure 1.6: Transition dynamics of a joint fall in λuw and rise in δw
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Appendix 1.C.2 explains how I construct the paths for λuw,t and δw,t. All
other parameters fixed to their pre-recession parameter values of section
1.4.1. The dashed green line marks the end of the Great Recession, ac-
cording to the NBER.

Joint fall in λuw and rise in δw and δse. I finally look in figure 1.7 at the overall

impact of rising unemployment risk for paid workers and entrepreneurs. The dif-

ference with the previous exercise is that I consider the increase in self-employment

separations (business shutdowns). The transition exercise confirms that the fall in

the job finding rate remains the main driver of entry from paid work, which falls by

20% as in figure 1.6. Nevertheless, comparing figure 1.7 (c) to figure 1.6 (c) shows

that rising separations to unemployment δse should be taken into account to better

explain exits to paid-work and generate an increasing exit pattern that is closer to

the data during the recession and until 2010.
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Figure 1.7: Transition dynamics of a fall in λuw and a rise in δw and δse
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Appendix 1.C.2 explains how I construct the paths for λuw,t, δw,t δse,t.
All other parameters fixed to their pre-recession parameter values of section
1.4.1. The dashed green line marks the end of the Great Recession, according
to the NBER.
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To summarise, there are two takeaways from these additional exercises. First, the

changing dynamics of entry to self-employment from paid work and unemployment

are driven by what happened to the workers’ side and especially the fact that it is

now harder to find a job when unemployed. It deters entry from salaried workers

because starting an entrepreneurial spell is risky. The risk of displacement is quanti-

tatively less important for paid workers. Second, considering what has happened to

the self-employed24 and the fact that business exits have gone up during the recession

can help better explain why more entrepreneurs decided to leave self-employment in

favour of paid work during the downturn.

The results of this section come with a caveat: The individual’s decision to try

self-employment will depend on the job-finding rate at the arrival of the idea. The

introduction of a probability of success that depends on the time spent developing

a business idea would be a promising extension that will allow for a richer analysis

by making the individual’s decision-making depend on the job-finding and separation

rates at the end of the trial period.

Moreover, the quantitative analysis above focused on the impact of shocks to the

opportunity cost of wage work on entry and exit in and out of self-employment. An-

other alternative approach could extend the model to introduce aggregate productiv-

ity or demand shocks. While these shocks could also lead to a rise in unemployment,

their impact on transitions between salaried work and self-employment is likely to

depend on the relative effect of a fall in demand or productivity during recessions

on self-employed businesses versus larger firms (and the value of wage work in those

firms).

24I provide additional reduced form evidence in Appendix 1.D.1 and show that earnings for the
self-employed have gone down by more than for paid workers.
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1.4.3 Unemployment risk and the self-employment rate

After studying the role of higher unemployment risk on the flows of entry and exit,

I look at its impact on the aggregate stock of self-employed. I show in figure 1.8

the evolution of the self-employment rate induced by: A fall in the job finding rate

λuw, a rise in the job separation rate for workers δw, a rise in separations for the

self-employed δse as well as the evolution induced by the joint change in these three

parameters, and I compare it with the 16% fall observed between 2007 and 2011.

Figure 1.8 (a) shows that the fall in the job finding rate λuw can explain part of

the decline in the number of self-employed. However, it is mainly the rise in δse, the

rate at which the self-employed go into unemployment, that drives the fall of the self-

employment rate, as can be seen in figure 1.8 (c) and (d). This happens because lower

entry from paid work has been offset by higher entry from unemployment during the

downturn.

Overall, higher aggregate unemployment risk can explain well the decline of en-

trepreneurial activity during that period. Figure 1.8 (d) shows the model-implied

evolution of the self-employment rate resulting from higher unemployment: It falls

by slightly more than 12% in the model between 2007 and 2011 and closely tracks

the evolution observed in the data, explaining 75% of the decline25.

1.4.3.1 Opportunity entrepreneurs and necessity self-employed

I now use the model to decompose the decline of the entrepreneurship rate and predict

the evolution of opportunistic entrepreneurs (entrepreneurs who started from paid

work) and necessity self-employed (who started from unemployment) during and after

25See Appendix 1.D.3.2 for further evidence on the importance of δse and λuw on the self-
employment rate.
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Figure 1.8: Self-employment rate: Model vs data
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Appendix 1.C.2 explains how I construct the paths for λuw,t, δw,t and δse,t.
All other parameters fixed to their pre-recession parameter values of section
1.4.1. The dashed green line marks the end of the Great Recession, according
to the NBER.
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the Great Recession. While I do not observe the evolution of the stock of each type of

self-employed in the CPS (primarily because an individual can be self-employed during

the first interview without any information about her prior employment status), the

theory allows me to discipline data on flows between employment statuses to track

the evolution of entrepreneurs by type26.

That is, I use the transition dynamics exercise and study the impact of higher

aggregate unemployment risk on the evolution of the number of opportunistic en-

trepreneurs and necessity self-employed between the pre-recession steady-state in 2007

and the end of 2011.

Figure 1.9 shows that higher unemployment risk leads to a 23% decline in the

stock of opportunistic entrepreneurs and a 47% increase in the stock of necessity self-

employed. In addition to the fall in the number of entrepreneurs, the quality of the

entrepreneurial pool has also worsened.

A closer look at the evolution of the stock of entrepreneurs by type predicted by

my model reveals the importance of a lower job finding rate in worsening the average

quality of entrepreneurs. I separate in table 1.3 the three sources of unemployment

risk and show the model-induced evolution of the stock of opportunistic entrepreneurs

and necessity self-employed induced by the fall in the job finding rate λuw, the rise

in the job separation rate δw and the rise in the separation rate for entrepreneurs

(business exits) δse.

This decomposition shows that while both the self-employed separation rate δse

and the job finding rate λuw play an important role in the decline of opportunistic

entrepreneurship in the aftermath of the crisis (-16 % and -10 % respectively), it

is the fall in hiring through a lower λuw which drives the decline in entrepreneurial

26Model derivations with two entrepreneurial types are presented in Appendix 1.D.2.
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Figure 1.9: Evolution of entrepreneurship by type
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This figure displays the evolution of each type of self-employed induced by a
joint fall in the job finding rate λuw and a rise in the separation rates δw and
δse for paid workers and the self-employed. Appendix 1.C.2 explains how I
construct the paths for λuw,t, δw,t and δse,t. All other parameters fixed to
their pre-recession parameter values of section 1.4.1. The dashed green line
marks the end of the Great Recession, according to the NBER.
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Table 1.3: Model-implied evolution of entrepreneurship by previous labour market
status

Pre Recession - 2007 Post Recession - 2011 % Change

Self-employment rate (%) - Data

Overall 10.11 8.41 -16.85

Self-employment rate (%) - Model

Overall 10.21 8.95 -12.35

λuw only 10.22 9.88 -3.35
δw only 10.22 10.87 6.38
δs only 10.23 8.76 -14.38

Opportunistic Entrepreneurs (%) - Model

Overall 8.65 6.65 -23.11

λuw only 8.66 7.78 -10.11
δw only 8.65 8.69 0.47
δs only 8.66 7.26 -16.17

Necessity Self-employed (%) - Model

Overall 1.57 2.3 47.02

λuw only 1.57 2.1 33.92
δw only 1.57 2.18 39.01
δs only 1.57 1.5 -4.48

”λuw only”: Evolution implied by the fall in the job finding rate λuw, all other parameters kept constant. Similar comments
apply to ”δw only” and ”δse only” tables. Appendix 1.C.2 explains how I construct the paths for λuw,t, δw,t and δse,t. All
other parameters fixed to their pre-recession parameter values of section 1.4.1. Pre Recession - 2007: December 2007, the
beginning of my transition dynamics exercise. Post Recession - 2011: December 2011, the end of my transition dynamics
exercise.
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quality. Higher business exits drive both opportunistic and necessity entrepreneurs

to unemployment and discourage entry from unemployment, while longer job spells

encourage it and deter entry from paid work.

The model predicts that higher unemployment risk during the Great Recession

led to a 12.2% fall in the percentage of self-employed coming from paid employment,

from 84.7 % (8.65/10.21) to 71.4 % (6.65/8.95). The fall of the job finding rate alone

led to a 7.1%27 fall in the percentage of self-employed coming from salaried work,

more than half the overall decline implied by my model.

These findings could also help explain why the US economy suffered from a slow

recovery after the financial crisis, because opportunistic entrepreneurs are more likely

to contribute to productivity growth than the necessity self-employed. The compo-

sitional change would lead to a decline in aggregate productivity. Recent literature

stressed the long-term implications of lower firm entry in recessions (Moreira [2016],

and Sedláček and Sterk [2017]) on output and employment growth. In line with this

work, I find that the decline in the number of entrepreneurs is disproportionately

driven by the fall in the number of opportunistic entrepreneurs.

27From 84.7 % (8.66/10.22) to 78.7 % (7.78/9.88).

48



1.5 Further evidence at the industry-level

My quantitative analysis highlighted how higher aggregate unemployment risk de-

terred entry from paid work and led to a small increase in exit back to paid em-

ployment. This section exploits yearly variation in local unemployment rates across

industries to see whether higher future unemployment in the sector a paid employee

is working in has an impact on her decision to enter self-employment. I hypothesise

that a worker who expects unemployment to be higher in the future in her sector is

less likely to leave her job to try self-employment, as she will no longer easily find a

new job if the entrepreneurial idea is unsuccessful.

I estimate the relationship between unemployment risk and transitions into/out

of self-employment using the following specification:

Piojst = βu∆ujs,t + ΓXit + τs + τt + τo + τj + ϵiojst (1.17)

Piojst is an indicator equal to 1 if the individual has made a transition between time

t − 1 and time t. The sample for entry comprises individuals who are paid workers

at time t− 1, while only individuals who are self-employed at time t− 1 are included

in the exit sample. Unemployment is measured at the 2-digit industry level in each

state. Controls Xi include a quadratic in age, marital status, race and earnings in

the individual’s previous occupation28.

I also control for the worker’s past education status29 and add a different time

trend for each education group, in line with the literature on the skill-biased en-

28Earnings at t− 1 are added because of their importance in determining transitions into/out of
self-employment. It is standard for search or occupational choice models where paid workers are
presented with an outside option to feature less mobility at the top of the earnings distribution.

29College graduate, high school graduate, high school dropout.

49



trepreneurial decline (Salgado [2020], Jiang and Sohail [2021]), which documented a

decline of self-employment in the United States over the last forty years that has been

driven by college graduates. State, year, industry and occupation fixed effects are ac-

counted for, respectively, by τs, τt, τj and τo. The relevant industries and occupations

for the decision to move between paid work and self-employment are those before the

transition, i.e. at time t− 1. I finally control for the local economic environment and

demand using state-level estimates of annual GDP growth between 1998 and 2020

from the Bureau of Economic Analysis (BEA).

Table 1.4: Unemployment rate changes and transitions between paid work and
self-employment across industries

Entry Exit Entry: College Entry: Non-College

(1) (2) (1) (2) (1) (2) (1) (2)

∆uj,s,t: Unemployment Rate Change -0.0178*** -0.0079** 0.0019 0.0022 -0.0242** -0.0122 -0.0132*** -0.0052
(0.0048) (0.0036) (0.0065) (0.0057) (0.0105) (0.0083) (0.0049) (0.0032)

Year, State, Industry, Occupation FE : τt, τs, τj, τo YES YES YES YES YES YES YES YES
Control for past income : wi,t−1, zi,t−1 and GDP growth ∆ys,t YES YES YES YES YES YES YES YES

N 135800 245797 15023 24835 56287 99256 79513 146541
Pseudo R2 0.3074 0.2981 0.2249 0.2282 0.2512 0.2460 0.3663 0.3462

Marginal Effect : ∆u = +1 (%) -2.9231 -1.3366 0.1867 0.2164 -4.1482 -2.1468 -2.0475 -0.8381

Clustered by state standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Analysis restricted to state x industries with more than 100 observations to compute
unemployment rates. The sample of 25-64 year-olds excludes members of the armed forces and individuals working in agricultural or mining sectors/occupations.
Columns (1): Household-level analysis - Household heads. Columns (2): All individuals. Entry: Self-employed who was a salaried worker the previous year (t − 1).
Exit: Salaried worker who was self-employed the previous year (t−1). Controls Xit include dummies for gender, race, a quadratic in age, and dummies for individuals
with high school and college degrees. Education dummies interacted with a linear time trend. Past income: wi,t−1 wage for paid-workers at t−1, zi,t−1 for self-employed
at t− 1. Earnings are in constant 1999 US dollars. State-level GDP growth from BEA regional economic accounts. Source: CPS ASEC March supplement.

Table 1.4 displays the results. Higher future unemployment at the sectoral level is

associated with lower entry from paid work, especially for household heads. Stronger

results for householders are expected to the extent that the risk of failing to start up

a business after leaving their relatively more secure salaried job is a stronger deter-

rent for individuals who are traditionally the main income earners in the household.

The marginal effect of a future increase in the sectoral unemployment rate by 1% is
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associated with a 1.3 to 3 % lower probability of entry. The last two columns also

show that this negative correlation between entry and future unemployment changes

is stronger for college graduates, where a 1% future increase in the unemployment

rate is associated with a 4.1% lower probability of entry. On the other hand, exit to

paid work and unemployment changes are unrelated.

The interpretation of these findings is not causal. The analysis in this section high-

lights the cross-sectional correlation between higher future unemployment changes

and lower transitions from wage work to self-employment, which is predicted by the

model. Unemployment rate changes may as well be endogenous to transitions be-

tween wage work and self-employment. For instance, future unemployment changes

might be correlated with past decisions of previous prospective entrepreneurs not to

enter, which affects job creation and future unemployment changes. Overall, these

findings confirm and strengthen my quantitative results on the negative relationship

between unemployment and entry from salaried workers to self-employment.
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1.6 Conclusion

In this paper, I studied the effect of labour market outcomes and unemployment

risk on self-employment dynamics. The industry-level analysis helped me show that

employees are less likely to leave their job and start self-employment in sectors with

higher unemployment increases if they expect that it will be harder for them to

find a job after failure. I developed a simple model of a frictional labour market that

featured risky transitions to self-employment, in line with evidence that most ”nascent

entrepreneurs” fail to achieve business operation. My quantitative exercise shows that

the possibility of failing to start a business acts as a powerful deterrent to entry into

self-employment as unemployment rises. Salaried workers are less likely to leave their

job when they think it will be harder to find a new one if their business idea does

not work out. It highlights the role of the job finding rate, not the separation rate,

as a driver of entry into entrepreneurship. My quantitative analysis also showed that

higher aggregate unemployment risk for wage workers and entrepreneurs could explain

the evolution of the self-employment rate during and after the Great Recession.

Two avenues seem fruitful for future research: First, my model currently only

allows for heterogeneity across jobs/businesses, but it can be extended to allow for

heterogeneity between sectors or workers as well. Different workers are exposed to

different shocks across the job ladder, depending on their skills, experience and in-

dustry. For instance, my empirical results suggested that college-educated workers

are more likely to be affected by unemployment risk. Second, there is little work on

the design and the desirability of optimal policies to support self-employment. My

results highlight that workers are deterred from leaving their jobs because failure to

materialise the entrepreneurial idea will leave them jobless. The extension of UI to

the self-employed, because it lowers the costs associated with failure, could potentially
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foster business creation. It also hints at the importance of a leave of absence policy

to help workers experiment with entrepreneurship. It seems promising to incorporate

a duration dimension to my model and analyse the role of leave of absence policies.
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Appendix

1.A Appendix A

1.A.1 CPS - Additional data on flows

I present in figure 1.A1 additional data on flows between employment statuses that

I use in my quantitative analysis. The UE rate, the fraction of unemployed workers

last month who found a job, went down by 40% during the 2008-9 recession and

recovered its 2007 level ten years later. On the other hand, the EU rate, the fraction

of salaried workers last month who became unemployed, went up by 50% during the

Great Recession and started to go down by the end of 2009 to recover its pre-crisis

level in 2014. The JtJ rate represents the fraction of salaried workers who found a

salaried job with another employer. It is pro-cyclical like the UE rate and fell by

20% during the Great Recession. Finally, the SU rate represents the rate of business

shutdowns, the fraction of self-employed business owners who go into unemployment.

It went up by 80% during the financial crisis, but unlike the EU rate, it did not

immediately decline afterwards and remained persistently high until 2012.
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Figure 1.A1: UE, EU, JtJ and SU rates (1994-2020)
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(b) EU Rate : Job Separation Probability
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0
.5

1
1.

5
2

2.
5

3
(%

 S
el

f-
em

pl
oy

ed
) 

Jan 1995 Jan 2000 Jan 2005 Jan 2010 Jan 2015 Jan 2020

(d) SU Rate: Self-employed Separation Probability

12-month centered MA to remove seasonality. The sample of 25-64 year-olds excludes members
of the armed forces and individuals working in agricultural or mining sectors/occupations. Same
across two months: The same individual answers the household survey over two months. Source:
CPS Basic Monthly Files.
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1.A.2 Measurement

In section 1.2.2, I presented transitions between paid work and self-employment using

the sample of individuals whose responses were provided by the same person across

two months (”Same across two months”, 75 to 80% of survey respondents). I do so be-

cause a change in the Current Population Survey’s interviewing protocol documented

by Fujita et al. [2021] might have affected measures of transitions across employment

statuses. They document an increase in missing answers to a question related to

employer-to-employer transitions since 2007 and relate it to the Respondent Identifi-

cation Policy (RIP). This procedure was introduced in January 2008 to protect the

confidentiality of within-household responses: They show that the RIP has affected

the measurement of employer-to-employer (EE) transitions, as information about the

previous employer can no longer be used. The policy allows respondents to refuse

to share answers about their employment status in a month with other household

members. This invalidates dependent interviewing questions, which must be asked

again.

Besides, answers on respondents’ occupation activities and class-of worker are also

affected by the Respondent Identification Policy since they rely on dependent inter-

viewing30. Fujita et al. [2021] note that answers the same respondent provides over

two months are less likely to be affected by the policy because dependent interviewing

still applies, and previous answers to employment status questions are being brought

forward.

It is why I look in figure 1.2 (a) at entry into self-employment from paid work for

respondents whose identity does not change across two consecutive months31, which

30See Bureau [2006], 6-5. Answers to the class-of-worker question define whether an individual is
self-employed or salaried.

31”Self-Self” respondents and ”Proxy-Proxy” respondents, the vast majority of respondents in the
CPS.
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is likely to be a better measure because it is not subject to the RIP. I compare it

with the entire sample (All Respondents) in figure 1.A2. While entry from paid

employment goes down in similar proportions in both time series between the end of

2007 and 2011, they started to diverge during the Great Recession, when the RIP was

introduced. Entry goes down by 20% in the ”Same across two months sample” vs 15%

in the entire sample between the end of 2007 and 2011. However, the former series

exhibits a stronger co-movement with the business cycle. Both time series of entry

also exhibit a similar decline during the 2020 recession. Exit from self-employment

to paid work does not seem to be particularly cyclical.

Figure 1.A2: Transitions between self-employment and paid work - By survey
respondent identity
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(b) Exit to Paid employment

12-month centered MA to remove seasonality. Entrant at time t: Self-employed individual who was
a paid worker or unemployed in the previous month (t− 1). Exit at t: Self-employed individual who
was previously self-employed. The sample of 25-64 year-olds excludes members of the armed forces
and individuals working in agricultural or mining sectors/occupations. Same across two months:
The same individual answers the household survey over two months. Source: CPS Basic Monthly
Files.

While ”Self-Self” and ”Proxy-Proxy” respondents are not affected by the RIP in-
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troduced in 2008, the increase in missing answers to the question related to employer-

to-employer transitions started in early 2007. To see whether this change could affect

the observed entry and exit flows during the Great Recession, I show in figure 1.A3

flows for individuals who entered the survey after January 2007, for whom answers

are provided by the same individual across two months (“Same across two months”

sample), excluding those who entered before. Figure 1.A3 displays entry and exit

flows that are similar to figure 1.A2 and do not affect my findings: Entry falls by

similar proportions (slightly more than 15 %) while exits are not cyclical.

Figure 1.A3: Transitions between self-employment and paid work: Post-2007 survey
respondents
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(b) Exit to Paid employment

12-month centered MA to remove seasonality. Entrant at time t: Self-employed individual who was
a paid worker or unemployed in the previous month (t− 1). Exit at t: Self-employed individual who
was previously self-employed. The sample of 25-64 year-olds excludes members of the armed forces
and individuals working in agricultural or mining sectors/occupations. Source: CPS Basic Monthly
Files.
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1.A.3 Before 1994

The introduction of dependent interviewing in January 1994 led to a discontinuity

in the measurement of transitions across employment statuses (for instance, between

paid work and self-employment). It makes the comparison between pre- and post-

survey redesign data impossible. I present here time series of transitions between

self-employment and paid work and unemployment between 1983 and 1993. Pre-

1983 data cannot be used as it does not include the incorporated self-employed,

classified as wage workers. Figures 1.A4 and 1.A5 (a) and below show how entry

from unemployment and from paid-work varied during that period.

Figure 1.A4: Entry from unemployment to self-employment: 1983-1993
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12-month centered MA to remove seasonality. Entrant at time t: Self-employed individual who was
a paid worker or unemployed in the previous month (t− 1). Exit at t: Self-employed individual who
was previously self-employed. The sample of 25-64 year-olds excludes members of the armed forces
and individuals working in agricultural or mining sectors/occupations. Source: CPS Basic Monthly
Files.

Entry from Unemployment went up by 40% during the 1990 recession, while entry
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from salaried work went down by roughly 10%: This pattern is similar to the 2008 and

2020 recessions. Figure 1.A5 (b) shows the time-series of exit from self-employment

to paid work during that period. Exit went down by slightly less than 10% during the

1990 recession. Transition levels are not directly comparable to the post-1994 period

because of the CPS redesign, which notably led to the introduction of dependent

interviewing. Dependent interviewing could eliminate many spurious transitions by

bringing forward past answers to employment status questions for non-unemployed

workers.

Figure 1.A5: Transitions between self-employment and paid work: 1983-1993
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(b) Exit to Paid employment

12-month centered MA to remove seasonality. Entrant at time t: Self-employed individual who was
a paid worker or unemployed in the previous month (t− 1). Exit at t: Self-employed individual who
was previously self-employed. The sample of 25-64 year-olds excludes members of the armed forces
and individuals working in agricultural or mining sectors/occupations. Source: CPS Basic Monthly
Files.
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1.A.4 Data - industry and occupation classifications

Throughout my analysis, I rely on broad industry and occupation classifications con-

structed by IPUMS and based on variables ind1990 and occ1990 that are compara-

ble across time. I focus on civilians and therefore exclude individuals working in the

armed forces. I exclude individuals working in jobs with industry codes between 940

and 960 and occupation codes 905, which correspond to the military forces.

I exclude individuals working in agricultural and mining industries and occupa-

tions for two reasons. The literature on entrepreneurship usually looks at the non-

agricultural sector, and I, therefore, exclude individuals working in industries 010 to

032 and occupations 473 to 498, corresponding to the Agriculture, Farming, Forestry

and Fishing industries and occupations. I also exclude mining for sample size reasons.

Few individuals are working in the mining industry in the CPS. As a result, I exclude

from the analysis industries 040 to 050 and occupations 614 to 617. All the other

industries and occupations are aggregated into the ten broad industry and fourteen

broad occupation categories of ind1990 and occ1990.
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1.B Appendix B

1.B.1 Additional derivations - Model

I present here additional derivations that will help with the comparative statics. I

first solve for the value of being unemployed U as a function of parameters because I

chose to write my comparative statics results as a function of U . The value of being

salaried or self-employed will enter the value of U , so I first need to write those value

functions as functions of U and parameters.

I first see how the value of being salaried or self-employed varies with the worker’s

wage or business’s productivity. Differentiating equations 1.2 and 1.4 give:

W
′
(w) =

1

r + δw + λwwF (w) + λsH (z∗ (w))
(1.18)

S
′

e (z) =
1

r + δse + λswF (w̃ (z))
(1.19)

Using integration by parts, I can write the value functions for the unemployed,

the paid workers, and the self-employed just as a function of parameters and U :

W (w) =
1

r + δw

[
w + δwU + λww

∫ w

w

W
′
(s)F (s) ds+ pλs

∫ z

z∗(w)

S
′

e (t)H (t) dt

]
(1.20)

Se (z) =
1

r + δse

[
z + δseU + λsw

∫ w

w̃(z)

W
′
(s)F (s) ds

]
(1.21)

U =
1

r

[
b+ λuw

∫ w

ζ

W
′
(s)F (s) ds+ pλs

∫ z

z

S
′

e (t)H (t) dt

]
(1.22)

I write the comparative statics as a function of U , and I need to differentiate U

with respect to λuw and δw. The derivative of the value of unemployment U with

respect to the job finding rate λuw writes as:
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rU
′
(λuw) =

∫ w

ζ

W
′
(s)F (s) ds− λuwW

′
(ζ)F (ζ)

dζ

dλuw

(1.23)

ζ denotes the reservation wage defined in section 1.3 of the paper. Differentiating

ζ with respect to λuw gives:

dζ

dλuw

=
r + δw + λs + λwwF (ζ)

r + δw + λs + λuwF (ζ)
×
∫ w

ζ

W
′
(s)F (s) ds > 0 (1.24)

Therefore:

rU
′
(λuw) =

(∫ w

ζ

W
′
(s)F (s) ds

)
×
[
1− λuwF (ζ)

r + δw + λs + λuwF (ζ)

]
> 0 (1.25)

Similarly, the derivative of the value of Unemployment U with respect to the job

separation rate δw writes:

rU
′
(δw) = −λuw

∫ w

ζ

W
′
(s)2F (s) ds− λuwW

′
(ζ)F (ζ)

dζ

dδw
(1.26)

Differentiating the reservation wage ζ with respect to δw gives:

dζ

dδw
= −r + δw + λs + λwwF (ζ)

r + δw + λs + λuwF (ζ)
× (λuw − λww)×

∫ w

ζ

W
′
(s)2F (s) ds ≶ 0 (1.27)

Therefore:

rU
′
(δw) = −λuw

∫ w

ζ

W
′
(s)2F (s) ds×

[
1− (λuw − λww)F (ζ)

r + δw + λs + λuwF (ζ)

]
< 0 (1.28)

The value of unemployment increases with the job finding rate, as better job offers

arrive at a higher frequency and allow a worker to leave for better jobs, U
′
(λuw) > 0.

Similarly, as the job separation rate increases, the value of unemployment goes down
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because future job spells (which are more valuable than being unemployed) are now

shorter, U
′
(δw) < 0. I will use these two derivatives to see how entry varies with

unemployment risk in the subsection below.

1.B.2 Comparative statics - Proofs of section 1.3.2

1.B.2.1 Simplest case: λsw = λww = 0

I first look at the simplest case, where there is no entry and on-the-job search, i.e.

when λsw = λww = 0. I derive comparative statics of entry from paid work with

respect to changes in the job finding and job separation rates, λuw and δw.

Equation 1.5 implicitly defines the entry cutoff z∗ (w) such that a salaried worker

paid w will accept any offer z > z∗ (w). I totally differentiate that equation after

plugging in equations 1.20 to 1.22 to see how the entry cutoff varies with the job

finding rate. Rearranging gives:

dz∗ (w)

dλuw

=−
[

∂C1

∂z∗ (w)

]−1

×
[
−prU

′
(λuw)

r + δse
+

rU
′
(λuw)

r + δw

]
∝− (1− p)U

′
(λuw)

r + δse
+

r (δw − δse)U
′
(λuw)

(r + δse) (r + δw)
≶ 0 (1.29)

The denominator is always positive. Indeed:

∂C1

∂z∗ (w)
= pS

′

e (z
∗ (w))

r + δw + λsH (z∗ (w))

r + δw
> 0 (1.30)

As discussed in section 1.3.2, two effects are potentially offsetting each other: an

unemployment risk effect that lowers transitions into self-employment in recessions
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and a differential separation effect that can facilitate transitions from paid work to

self-employment in downturns if self-employment is relatively more shielded from sep-

aration shocks than salaried work. Similarly, I use total differentiation and rearrange

to show that the change in the entry cutoff with respect to the job separation rate δw

can be written as:

dz∗ (w)

dδw
=−

[
∂C1

∂z∗ (w)

]−1

×
[
−prU

′
(δw)

r + δse
+

rU
′
(δw)

r + δw
− U −W (w)

r + δw

]
∝− (1− p)U

′
(δw)

r + δse
+

r (δw − δse)U
′
(δw)

(r + δse) (r + δw)
− W (w)− U

r + δw
≶ 0 (1.31)

As discussed earlier, there is now an additional effect, a decreasing surplus effect

that increases entry into self-employment in recessions.

1.B.2.2 Full comparative statics with entry and exit - General case

I present full comparative statics of the model with entry and exit, and on-the-job

search, λww ̸= 0, λsw ̸= 0. I am interested in how entry and exit cutoffs change with

unemployment risk and how it varies depending on whether higher unemployment

is driven by an increase in the job separation rate δw compared to a fall in the job

finding rate λuw. The main difference with the previous section is that the entry

and exit cutoffs now interact. Therefore, how the entry cutoff changes with the job

finding rate will affect how the exit cutoff changes with the job finding rate. Using

equation 1.5 as well as solutions for the value functions U , W (w) and Se (z), I obtain:
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dz∗ (w)

dλuw

= −
[

∂C1

∂z∗ (w)

]−1

×[
−prU

′
(λuw)

r + δse
+

rU
′
(λuw)

r + δw
− pλsw

r + δse
W

′
(w̃ (z∗))F (w̃ (z∗))

dw̃ (z∗)

dλuw

]
∝ − (1− p) rU

′
(λuw)

r + δse
+

r (δw − δse)U
′
(λuw)

(r + δse) (r + δw)

+
pλsw

r+ δse
W

′
(w̃ (z∗ (w)))F (w̃ (z∗ (w)))

dw̃ (z∗)

dλuw

(1.32)

Results are similar to the simplest case without exit and job-to-job transitions,

except that the change in the exit cutoff will impact entry, what I call a feedback effect.

For instance, if dw̃(z∗)
dλuw

< 0, i.e. the self-employed are less likely to exit in recessions, a

fall in the job finding rate will further deter a paid worker to enter self-employment

as exit will be harder. I now turn to the impact of higher separations on entry:

dz∗ (w)

dδw
=−

[
∂C1

∂z∗ (w)

]−1

×(
− prU

′
(δw)

r + δse
+

rU
′
(δw)

r + δw
− U −W (w)

r + δw
− pλsw

r + δse
W

′
(w̃ (z∗))F (w̃ (z∗))

dw̃ (z∗)

dδw
...

−
[

pλsw

r + δse

∫ w

w̃(z∗(w))

W
′
(s)2F (s) ds− λww

r + δw

∫ w

w

W
′
(s)2F (s) ds

])

∝ − (1− p) rU
′
(δw)

r + δse
+

r (δw − δse)U
′
(δw)

(r + δse) (r + δw)
− W (w)− U

r + δw

+

[
pλsw

r+ δse

∫ w

w̃(z∗(w))

W
′
(s)2F (s)ds− λww

r+ δw

∫ w

w

W
′
(s)2 F (s)ds

]
+

pλsw

r+ δse
W

′
(w̃ (z∗))F (w̃ (z∗))

dw̃ (z∗)

dδw
(1.33)

There are two additional effects compared to the baseline example of section 1.3.2.

The first effect, also described above for the job finding rate, is a feedback effect of
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exit on entry. The second effect is a duration effect. An increase in the job separation

rate δw will lower the length of any future job spell a worker transitions to through

on-the-job search, which increases entry. However, at the same time, all the future job

spells of the self-employed after exit will also be shorter, and this decreases entry. The

overall direction of the duration effect is ambiguous as the duration effect affects both

the value of being salaried (through on-the-job search) and self-employed (through

endogenous exit to paid work).

I can also analyze the job finding and separation rates’ effects on exit. I also use

equation 1.7 as well as solutions for the value functions U , W (w) and Se (z) to derive

the change in the exit cutoff with respect to the job finding rate. It writes as:

dw̃ (z)

dλuw

=−
[

∂C2

∂w̃ (z)

]−1 [
δw − δse

(r + δw) (r + δse)
rU

′
(λuw)− pλs

S
′
e (z

∗ (w̃))H (z∗ (w̃))

r + δw

dz∗ (w̃)

dλuw

]
∝ δse − δw
(r + δw) (r + δse)

rU
′
(λuw) + pλs

S
′
e (z

∗ (w̃ (z)))H (z∗ (w̃ (z)))

r + δw

dz∗ (w̃ (z))

dλuw

(1.34)

There are two terms to consider: The first is a differential separation effect that

depends on whether the self-employed or paid workers are better protected from sep-

aration shocks. If δse > δw, i.e. if the salaried are less likely to be separated to

unemployment than the self-employed, an increase in the job-finding rate will lower

exit to paid work (by increasing the cutoff), as paid workers are less likely to go to

unemployment, which is now more desirable. The second corresponds to the impact

of a change in the entry cutoff, a feedback effect. For instance, if dz∗(w̃)
dλuw

< 0, i.e. entry

increases in booms, an increase in the job finding rate will further increase exit to

paid work as re-entry to self-employment will always be possible. The denominator

of the above expression is always positive. Indeed:
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∂C2

∂w̃ (z)
= W

′
(w̃ (z))×

[
1 +

λswF (w̃ (z))

r + δse

]
> 0 (1.35)

I can finally also look at the impact of separations on the exit cutoff:

dw̃ (z)

dδw
=−

[
∂C2

∂w̃ (z)

]−1
(
U −W (w̃ (z))

r + δw
+

(δse − δw)

(r + δw) (r + δse)
rU

′
(δw) ...

− pλs

r + δw
S

′
e (z

∗ (w̃ (z)))H (z∗ (w̃ (z)))
dz∗ (w̃ (z))

dδw
−
(

λww

r + δw
− λsw

r + δse

)∫ w

w̃(z)
W

′
(s)2F (s) ds

)

∝ W (w̃ (z))− U

r + δw
− (δse − δw)

(r + δw) (r + δse)
rU

′
(δw) +

(
λww

r + δw
− λsw

r + δse

)∫ w

w̃(z)
W

′
(s)2F (s) ds

+
pλs

r + δw
S

′
e (z

∗ (w̃ (z)))H (z∗ (w̃ (z)))
dz∗ (w̃ (z))

dδw
(1.36)

There are also feedback and duration effects, in addition to a decreasing surplus

effect. For instance, if dz∗(w̃(z))
dδw

< 0, an increase in the job separation rate δw will

lower the exit cutoff, because re-entry will be easier. As for entry, the duration effect

features two components that offset each other, as both values of being self-employed

and salaried go down. The surplus effect tends to lower exit because the rise of the

job separation rate δw lowers the value of being salaried more than it lowers the value

of being unemployed, as paid workers are directly affected by separation shocks.
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1.C Appendix C

1.C.1 Calibration details

There are 11 parameters to calibrate jointly. To find the vector of parameters θ∗ that

best matches the data, I solve this high-dimensional problem by proceeding in two

steps:

• I first generate a high number of possible solutions θk, k = 1...N1. For each

candidate vector, I solve the model according to the solution method described

in the following subsection and compute the 12×1 vector of model-implied the-

oretical moments, model (θk). I then calculate the GMM objective of equation

1.16 and rank θk accordingly, from the lowest distance to the highest.

• I then take a subsample of the N2 < N1 best candidates and run a local solver

using an interior-point method with each selected θ as a starting point.

The N1 vectors θ ∈ K ⊂ R11 are drawn from a (quasi-random) ”Sobol” sequence

to populate the parameter space as efficiently as possible. N1 = 1000000 and N2 =

10000.

1.C.2 Algorithm

The solution algorithm works as follows: Given a grid of N possible earnings x = [x, x̄],

I make an initial guess for the value functions U0, W0 (x), S0
e (x):

• I obtain thresholds for self-employment entry and exit: z∗ (x) and w̃ (x).

• Given these thresholds, I update the value functions to get U1, W1 (x), S1
e (x)

using an implicit method as in Achdou et al. [2021]. I iterate until convergence.
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• I then obtain Kolmogorov Forward Equations (KFE) and distributions by in-

verting the HJB transition matrix.

• I compute the model-implied theoretical moments.

More specifically, I define v = [U,W (x) , Se (x)] a 2 × N + 1 vector. I can write

the system of Hamilton Jacobi Bellman equations as:

rv = u+A (v)v (1.37)

I take v0 as my initial guess. For each iteration j = 1, 2..., I obtain optimal entry

and exit rules z∗j and w̃∗
j that solve equations 1.5 and 1.6 as well the reservation wage

ζj. This allows me to construct the optimal transition matrix Aj = A (vj):

vj+1 =

[
I2N+1

(
r +

1

∆

)
−Aj

]−1

×
[
u+

vj

∆

]
(1.38)

The step-size ∆ is chosen to be equal to 1000. I iterate until ∥vj+1 − vj∥ < ϵ for

some small tolerance level ϵ. Once I obtain v∗ and A∗ that solve the HJB problem,

it remains to solve for the KFE and distributions. I just need to solve for the vector

g∗ that solves ATg = 0.

Once normalized, the first entry of that vector will give the mass of unemployed

u, the sum of the second to N th + 1 entries the mass of salaried workers and the last

N entries (from N + 2 to 2N + 1) the mass of self-employed workers se. I can then

obtain the distributions g (w) and s (z). N = 250.

70



1.C.2.1 Time-dependent value functions: Transition dynamics

I explain in this subsection how I compute the transition dynamics. At time t = 0,

the agent forecasts a change in the path of parameter value, λuw,t, δw,t or δse,t until

time T . I follow Achdou et al. (2021): I first solve for the value function at the end

of the transition at time T (December 2011, 4 years after the start of the recession)

and then iterate it backwards in time, in a similar way to section 1.C.2, except that

∆ can be interpreted as a time step. This gives me entry and exit cutoffs at each

t = 0...T , as well as a transition matrix At. I use them to solve for the distribution

vector gt forward in time, starting from the pre-recession steady-state distribution

vector g0. I am thus able to obtain transitions across labour market statuses as well

as employment states implied by the model between time 0 and time T .

1.C.2.2 Paths for λuw, δw and δse

While parameters are jointly determined in my estimation procedure, some parame-

ters will be particularly informative about certain moments. For instance, λuw will

inform the ”UE rate”, defined as the share of unemployed workers at t−1 who found

a paid job at month t. Similarly, δw will inform the ”EU rate”, i.e. the share of

salaried workers at t − 1 who end up unemployed at t. δse is estimated separately

using CPS data: It is equal to the continuous-time counterpart of the ”SU rate”,

the share of self-employed at t − 1 who end up unemployed at t. Starting from the

pre-recession steady-state, I will construct a path for λuw,t that mimics the evolution

of the UE rate over that period, that is:

λuw,t+1 = λuw,t × (1 + ∆UE Ratet+1,t) (1.39)
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∆UE Ratet+1,t denotes the percentage change in the UE rate between t and t+1.

I construct an analogous path for the job separation rate δw,t:

δw,t+1 = δw,t × (1 + ∆EU Ratet+1,t) (1.40)

I also construct a path for the business exit rate δse,t:

δse,t+1 = δse,t × (1 + ∆SU Ratet+1,t) (1.41)

The constructed paths for λuw,t, δw,t and δse,t and allow the model to generate

paths for UE Ratet, EU Ratet and SU Ratet that closely resemble their empirical

counterparts. They are represented in figure 1.C1 below.

Figure 1.C1: Paths for λuw,t, δw,t and δse,t

-4
0

-2
0

0
%

 C
ha

ng
e

Dec 2007 Jun 2009 Dec 2011

(a) λuw, t

0
25

50
%

 C
ha

ng
e

Dec 2007 Jun 2009 Dec 2011

(b) δw, t

0
25

50
75

%
 C

ha
ng

e

Dec 2007 Jun 2009 Dec 2011

(b) δse, t

72



1.D Appendix D

1.D.1 Reduced-form evidence on earnings

To complement the analysis of section 1.4.2, table 1.D1 shows the evolution of earnings

across employment statuses between 2007 and 2011. Median earnings fell by more

than 18% for the self-employed, whereas they only went down by less than 3% for

salaried workers. A worsening of the entrepreneurial pool cannot be the only driver

of this decline through higher entry from unemployment. Entrepreneurial earnings at

the top of the income distribution have also dropped by more than paid workers. For

instance, the last column of table 1.D1 shows that paid employees at the top of the

income distribution have experienced an increase in their wages, while self-employed

earnings in the last decile went down by 8%. Self-employment has overall become

less desirable.

Table 1.D1: Earnings across employment categories: 2007-2011

Earnings 10th Percentile Lower Quartile Median Upper Quartile 90th Percentile

Paid employed (N=95258)

2007 8844 17559 28944 45024 68340

2011 8003 16302 28158 44460 70395

Change (%) -9,51 -7,16 -2,72 -1,25 3,01

Self-employed (N=10841)

2007 5628 13668 28140 52260 100500

2011 4446 11115 22971 48165 92625

Change (%) -21,00 -18,68 -18,37 -7,84 -7,84

Earnings in constant 1999 US dollars. The sample of 25-64 year-olds includes paid-workers and self-employed with positive
income and excludes members of the armed forces and individuals working in agricultural or mining sectors/occupations.
Source: CPS March Supplement (ASEC).
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1.D.2 Model solution - Opportunity vs necessity entrepreneurs

To determine the evolution of each type of self-employed, I extend the model to allow

for two unemployment states instead of one. An individual can enter self-employment

from unemployment (seu) or from paid-work (sep). The HJB equations are modified

as follows:

rU = b+ λuw

∫
max [W (w)− U, 0] dF (w) + pλs

∫
max [(Seu (z

′)− U) , 0] dH (z′)

(1.42)

rW (w) =w + λs

∫
max [pSep (z

′) + (1− p)U −W (w) , 0] dH (z′) + δw [U −W (w)]

+ λww

∫
max [W (w′)−W (w) , 0] dF (w′) (1.43)

rSej (z) = z + δse [U − Sej (z)] + λsw

∫
max [W (w′)− Sej (z) , 0] dF (w′) ∀j = {u, p}

(1.44)

Conditional on the idea z, there are no ex-ante differences in my model between the

value of an opportunistic entrepreneur and a self-employed by necessity. In equilib-

rium, choice entrepreneurs earn much more because their opportunity cost of leaving

salaried work is higher than for the unemployed, so they only pursue better ideas.

The laws of motion evolve as follows:
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ġ (w) (1− u− seu − sep) = −
[
δw + λwwF̄ (w) + λsH̄ (z∗)

]
(1− u− seu − sep) g (w)

+f (w) [λuwu+ λww (1− u− seu − sep)G (w)]

+λswf (w)
[(
seuSu

(
z̃−1
)
+ sepSp

(
z̃−1
))]

(1.45)

ṡu (z) seu = −seu
[
δse + λswF̄ (w̃)

]
su (z) + pλshs (z)u (1.46)

ṡp (z) sep = −sep
[
δse + λswF̄ (w̃)

]
sp (z) + pλshs (z) (1− u− seu − sep)G

(
w∗−1

)
(1.47)

u̇ = −u (λuw + pλs) + (1− u− seu − sep) δw + δse (seu + sep)

+λs (1− u− sep) (1− p)

∫
[1−H (z∗ (x))] dG (x) (1.48)

Solving the model numerically follows the same procedure described in Appendix

1.C.2. I define v = [U,W (x) , Seu (x) , Sep (x)] a 3×N+1 vector as there are now two

different self-employment states, the opportunistic entrepreneurs and the necessity

self-employed. Once I solve for v∗ andA∗ in the HJB problem, and find and normalize

the vector g∗ solving ATg = 0, I can also find the number of workers in each sector.

The first entry will again give the number of unemployed, the second to N th+1 entry

the number of salaried workers, and the last 2N entries the number of self-employed.

In particular, the total number of workers in entries N+2 to 2N+1 corresponds to the

mass of necessity self-employed, while the total number of workers from entry 2N+2

to the last entry will represent the number of opportunistic entrepreneurs.
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1.D.3 Further evidence - Transition dynamics

1.D.3.1 Further evidence on the evolution of entry and exit

I present in this section additional evidence to support my results from section 1.4.2.

I first show transition dynamics of entry and exit driven by increases in δse and δw,

keeping the job finding rate constant. Compared to figure 1.7 in the main body of the

paper, figure 1.D1 also isolates the impact of the job finding rate λuw on transition

dynamics:

Figure 1.D1: Transition dynamics of an increase in δw and δse
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Appendix 1.C.2 explains how I construct the paths for δw,t and δse,t. All
other parameters fixed to their pre-recession parameter values of section
1.4.1. The dashed green line marks the end of the Great Recession, ac-
cording to the NBER.

This figure complements the results of figures 1.3 and 1.5 that showed that the

job finding rate was the driver of self-employment entry dynamics. Entry from paid

work is predicted to increase by 8%, at odds with the data.

Similarly, figure 1.D2 looks at the transition dynamics induced by a fall in λuw and
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a rise in δse. The top left graph is almost identical to figure 1.7 (a), which strengthens

my results about the relatively less important role of the risk of displacement on entry

from paid work.

Figure 1.D2: Transition dynamics of a fall in λuw and a rise in δse
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Appendix 1.C.2 explains how I construct the paths for λuw,t and δse,t. All
other parameters fixed to their pre-recession parameter values of section
1.4.1. The dashed green line marks the end of the Great Recession, ac-
cording to the NBER.

1.D.3.2 Further evidence on the evolution of the stock of self-employed

Figure 1.D3 strengthens the results from section 1.4.3. In that section, I showed

that higher unemployment risk could explain almost the entire decrease in the self-

employment rate. I highlighted the role of the self-employed separation rate (business

exits δse). Figure 1.D3 (a) confirms that the rising unemployment risk for workers

alone is not sufficient to explain the decrease in the number of entrepreneurs because

endogenous exit to paid work is also predicted to fall during the 2008-9 recession

(figure 1.6), unlike what happened in the data where it was slightly increasing. Figure
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1.D3 (b) also shows that the job finding rate λuw remains more important than the

job separation rate δw in explaining self-employment dynamics because the former

leads to a large decline in the entry from paid work. In contrast, the latter leads to

increased entry from paid work.

Figure 1.D3: Transition dynamics - Evolution of the self-employment rate
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Appendix 1.C.2 explains how I construct the paths for λuw,t and δse,t. All
other parameters fixed to their pre-recession parameter values of section
1.4.1. The dashed green line marks the end of the Great Recession, ac-
cording to the NBER.
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Chapter 2

Unemployment insurance and

self-employment during the Great

Recession

2.1 Introduction

It took more than five years after the start of the Great Depression for the United

States to adopt a public unemployment insurance system. Since then, the state-

administered unemployment insurance (UI) system has helped unemployed workers

who lost a job through no fault of their own. A long line of research has studied

unemployment benefits’ micro and macroeconomic impacts. Recent evidence has

particularly emphasized the advantages of a more generous UI system in terms of

macroeconomic stabilization (McKay and Reis [2016]), supporting aggregate demand

(Kekre [2021]) and improving match quality and productivity (Nekoei and Weber

[2017], Farooq et al. [2020]). Compared with the 1929 crisis, the policy response

to the effects of the Great Recession on labour markets has been quick. Between

79



June 2008 and December 2013, through a series of legislation amendments, federal

funding for state programs, and newly introduced emergency benefits, the duration

of unemployment benefits more than tripled, increasing from 26 weeks before the

financial crisis to up to 99 weeks, with notable differences across states and over time.

This paper studies the role of this large extension to the provision of unemploy-

ment insurance on self-employment activity in the aftermath of the Great Recession.

At the state level, I find a small and statistically insignificant effect of longer unem-

ployment benefits on aggregate self-employment dynamics. Analysis of individual-

level data confirms this result: Eligibility to additional weeks of benefits does not,

on average, change the likelihood of unemployed workers leaving unemployment for

self-employment. However, there is substantial heterogeneity among the newly self-

employed: I find that the provision of extended benefits is associated with a 30% lower

probability of entry for the lowest type of entrants from unemployment1. Moreover,

I show that there is a role for unemployed workers’ expectations of future benefits

duration changes: A 10-week increase in the duration of unemployment benefits is,

on average, associated with a 12% lower likelihood of entry for those who are about

to exhaust their eligibility to UI. This effect is 50% more powerful for entrants who

work less when self-employed.

The view that extended benefits could affect transitions into self-employment has

been absent from the literature that studies the aggregate implications of longer UI

duration. It traditionally focused on its impact on aggregate employment and labour

force attachment. This is surprising because starting a self-employment spell has long

been recognised as a way out of unemployment (Evans and Leighton [1989]) when jobs

are harder to find, and entry into self-employment from unemployment has gone up

during the last recessions (Fairlie and Fossen [2019]). However, workers who enter by

1Those working less than 20 hours in their new self-employment spell.
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necessity after losing their job are less likely to create thriving businesses (Galindo da

Fonseca [2021]). Therefore, being eligible for UI for longer could allow unemployed

workers to search for jobs that are better suited to them instead of creating subsis-

tence businesses that will possibly shut down. It could reduce mismatch and improve

aggregate productivity in the long run.

Related Literature. This chapter contributes to two branches of the downside

insurance literature for jobless workers.

First, this chapter contributes to the literature that studies the role of unemploy-

ment insurance on labour market outcomes during the Great Recession. There is

no consensus about the impact of the large increase in the duration of unemploy-

ment benefits between 2008 and 2013 on unemployment. Rothstein [2011], Farber

and Valletta [2015] and Farber et al. [2015] use individual-level data from the CPS

and find that benefits extension had a negligible impact on exits to employment

but were associated with a significantly lower probability of exiting the labour force.

Chodorow-Reich et al. [2018] attempt to address the endogeneity of benefits duration

to local economic conditions by exploiting the difference between the contempora-

neously measured state unemployment rate, on which benefits extensions are based,

and the revised unemployment rate, which better reflects local economic conditions

then. They conclude that duration increases had a limited impact on the unemploy-

ment rate. Similarly, Boone et al. [2021] find little effects of UI duration on aggregate

employment. They rely on a border county pair strategy that leverages benefits du-

ration differences between pairs of contiguous counties across state borders and also

use an event-study approach that instruments state-level changes to the duration of

unemployment benefits using nationwide changes. On the other hand, Hagedorn et al.

[2013] emphasize the role of expectations and their impact on job creation: Using a
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similar border county pair strategy, they propose an estimator that takes the effect

of job creators’ expectations of future benefit duration into account. Their results

suggest that unemployment benefits extensions during the recession have played an

essential role in keeping the unemployment rate elevated and slowing down the re-

covery. Likewise, Johnston and Mas [2018] study the impact of an unanticipated UI

duration cut in Missouri in April 2011 and show that this led to a significant increase

in the vacancy-to-unemployment ratio as workers who became eligible for a shorter

period of benefits increased their search effort.

Compared to this literature, my contribution is to analyse the potential impact

of unemployment benefits extensions during the Great Recession on entrepreneurial

activity, which has not been studied much before. The state-level analysis exploits

the same IV strategy as in Boone et al. [2021], who use nationwide changes to UI

duration to address the classical problem of endogeneity of unemployment benefits

to local economic conditions. My results indicate that longer UI duration had a

limited macroeconomic effect on self-employment activity taken as a whole, consistent

with their findings on aggregate employment2. Using individual-level data, I also

find that longer unemployment benefits were not associated with lower entry to self-

employment, except for the lowest type of new self-employed who work less than 20

hours per week. My results are consistent with earlier evidence that suggests a limited

role for extended UI on exits from unemployment to employment (Rothstein [2011],

Farber and Valletta [2015], Farber et al. [2015]). However, I find that future changes

to UI duration deter entry to self-employment for eligible workers about to lose their

benefits.

Second, this chapter also contributes to a literature that addresses the role of

downside insurance on entrepreneurial activity. Hombert et al. [2020] studies the

2Their use of QCEW data excludes the self-employed.
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implementation of a 2002 French reform that guaranteed unemployed workers an in-

come at least equivalent to the value of their unemployment benefits if they started

a business. The PARE3 reform led to an increase in the number of firms, and the

authors find that entrepreneurial quality, measured by value added per worker, did

not decrease following the policy. Similarly, Gottlieb et al. [2021] find that a policy

increasing the duration of job-protected leave following maternity increased the num-

ber of self-employment spells. There are key differences with those papers: I look

at the provision of better downside insurance following a nationwide increase in the

duration of unemployment benefits that was not targeted towards the self-employed

or prospective entrepreneurs, and that took place during a downturn.

Two papers related to this research are Gaillard and Kankanamge [2021] and

Xu [2022], who study the effects of UI generosity on transitions from unemployment

to self-employment. They find that increased generosity has been associated with

lower entry to self-employment. In comparison, I find that unemployment benefits

extensions during the Great Recession did not disincentivize entry to self-employment,

except for the lowest type of self-employed who were more representative of necessity

entrants. My work differs in that I exploit individual-level information on current

unemployment duration to measure eligibility, while they rely on state-level differences

in total UI generosity4.

Section 2.2 describes changes to the unemployment insurance system during the

recession and presents the data. Section 2.3 presents summary statistics for states

with different increases in unemployment benefits and investigates the relationship

between entrepreneurial activity and UI duration at the state level. Section 2.4 stud-

3Plan d’aide au retour à l’emploi.
4My analysis of the impact of unemployment benefits extensions will identify the effects of longer

UI duration only on the sample of individuals who have exhausted their eligibility to regular benefits:
This is a more relevant sample to look at because most unemployment spells end quickly in the United
States.
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ies the role of the extension of UI duration on transitions to self-employment using

individual-level data. Section 2.5 concludes.

2.2 Context and data

2.2.1 Background on UI duration during the Great Recession

The role of unemployment insurance on aggregate employment as an automatic sta-

bilizer has been studied extensively in the literature, even though, as emphasized

earlier, it did not reach a definitive conclusion about its effect on aggregate employ-

ment. Before the Great Recession, eligible unemployed workers could claim up to 26

weeks of UI benefits while searching for a job, with slight variation across states5.

In addition, job-seekers have been able to claim up to 20 additional weeks of unem-

ployment insurance benefits during downturns since the introduction of the Extended

Benefits (EB) program in 19706. The EB program is on a cost-sharing basis between

the federal and state governments. It has introduced a set of unemployment rate

”triggers” states could choose from to activate the provision of additional benefits.

During the Great Recession, it became a 100% federally funded program, which led

to much wider adoption and availability across states.

Moreover, the significant impact of the Great Recession on the labour market also

led to the introduction of a large nationwide extension of UI benefits, the Emergency

Unemployment Compensation Program (EUC). Between July 2008 and December

5To be eligible, a claimant must have worked for a minimum period before being laid off and
have earned a minimum amount of wages varying across states. In addition, the claimant must be
actively searching for a new job. In two states, Massachusetts and Montana, claimants could receive
up to 30 and 28 weeks of benefits, respectively.

6The Extended Unemployment Compensation Act of 1970 required states to provide up to 13
weeks of additional unemployment benefits when the state-level unemployment rate reaches a pre-
determined level. Besides, states could also opt to provide up to 7 additional weeks of benefits at a
very high unemployment rate.
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2013, several laws allowed UI claimants to be eligible for up to 53 additional weeks of

benefits while unemployed. In particular, the Unemployment Compensation Exten-

sion Act (UECA) of November 2008 introduced state-level variation in the duration

of federally-funded benefits because job seekers in states with a higher unemployment

rate were eligible for more additional weeks7. Federal funding of unemployment bene-

fits extensions ended on January 1, 2014. In total, unemployed workers could receive

up to 99 weeks of unemployment benefits in the aftermath of the Great Recession.

On average, between 2007 and 2010, figure 2.1 shows that workers were eligible for

an average of 52 additional weeks of unemployment benefits. There is variation, how-

ever, as, in some states and months, workers could only claim regular benefits, while

in others, they were eligible for up to 73 extra weeks.

2.2.2 Data

The primary data source for my analysis comes from monthly data from the IPUMS

version of the US Current Population Survey (CPS) between 2005 and 2014. A self-

employed business owner is defined as someone who is employed and declares being

self-employed in her primary job. I exclude armed forces members and restrict my

analysis to civilian households in the labour force aged between 25 and 64 years old,

not working in agricultural/extracting occupations and sectors.

The other data source comes from state-level data on the duration of unemploy-

ment benefits. Information about regular unemployment benefits workers were eligi-

ble for between 2005 and 2014 is obtained from the Significant Provisions of State

Unemployment Insurance Laws from the Department of Labor’s Employment and

7Between June and November 2008, the EUC program provided 13 additional weeks to all eligible
unemployed. In November 2009, the Worker, Homeownership and Business Assistance Act (WHBA)
expanded the EUC program by creating several tiers that provide additional weeks of benefits in
states with a very high unemployment rate. From 2012 onward, the number of extra weeks available
decreased as benefits were rolled back.
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Figure 2.1: UI Duration changes : Nov 2007 - Dec 2014
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Training Administration (ETA), which contains bi-annual information on the dura-

tion of benefits. I also use the Extended Benefit Trigger Notice Reports between 2005

and 2014 and the Emergency Unemployment Compensation Trigger Notice Reports

between 2008 and 2013 from the DOL’s ETA to obtain weekly information on the

number of weeks unemployed workers were eligible for under the extended state-level

(EB) and federal benefits (EUC) programs introduced during the Great Recession.8

2.2.3 Mechanism

At first glance, the relationship between unemployment benefits duration and self-

employment is unclear. While salaried workers would not be affected by the extension

of unemployment benefits as they would not be eligible for UI if they failed9, an

increase in the duration of benefits can impact prospective entrepreneurs in two ways:

On the one hand, as entry into self-employment in downturns is driven by the

unemployed who transition to self-employment in the absence of suitable paid jobs, a

longer duration can reduce transitions to self-employment because workers can afford

to continue looking for a better job after the exhaustion of regular benefits. If those

additional benefits had not been available, many more unemployed workers would

have started self-employment by necessity.

On the other hand, an extension to the duration of benefits might also give more

time to prospective entrepreneurs among the unemployed to develop a business idea

and enter self-employment successfully. This would instead increase the number of

self-employment spells, consistent with Gottlieb et al. [2021], where the federal exten-

8I follow Isaacs [2012], Isaacs [2013] and Whittaker and Isaacs [2013] to construct state-level EUC
duration and also rely on LAUS data from the Bureau of Labor Statistics to compute the number
of regular weeks available in each state and month in states that, after 2012, make it contingent on
the state unemployment rate.

9Payroll taxes fund UI. As a result, the unincorporated self-employed cannot have access to it,
while the incorporated self-employed only can if they pay themselves wages and contribute to payroll
taxes, subject to minimum work history requirements.
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sion of maternity leave in Canada increased entrepreneurial activity among eligible

women and with Hombert et al. [2020] in France. The micro-level evidence in section

2.4 tries to assess the relative importance of these two mechanisms.

2.3 Descriptive statistics and state-level analysis

2.3.1 Descriptive statistics

In the United States, the increase in the duration of benefits varied considerably

across states and over time as the EUC program was suspended several times. In

addition, from 2011 onward, several states started to reduce the duration of regular

unemployment benefits10, which automatically reduced the number of EUC weeks

workers were eligible for.

To compare states with different increases in the duration of benefits during the

Great Recession, I classify them into two categories: Those with a higher than the

median increase in benefits duration between 2007 and early 2010 and those with

a lower than median increase11. Table 2.1 shows that states with a below-median

increase in benefits duration have a lower unemployment rate and a slightly higher

self-employment rate ex-ante but do not otherwise differ in terms of industrial struc-

ture. This is important because the self-employment rate varies across industries due

to different incentives to start self-employment in certain sectors, which could affect

the evolution of the self-employment rate as both unemployment and the duration

of benefits go up12 during the recession. Among the hardest hit industries during

10These states are Arkansas, Missouri, South Carolina, Florida, Illinois (in 2012 only), Michigan,
Georgia, North Carolina and Kansas.

11I choose to compare benefits duration between December 2007 and March 2010 as this latter
date coincides with the maximum average benefits duration in the United States, before the several
suspensions of the EUC program later that year.

12Hombert et al. [2020] rely on heterogeneity across industries in the propensity to become a sole
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the 2008-09 downturn were manufacturing and construction (Goodman and Mance

[2011]): However, the two groups of states are similar regarding employment shares

in each sector before the recession. Similar comments apply to industries with a high

self-employment rate, such as the entertainment, business and personal services in-

dustries, or with a low self-employment rate, such as the transportation, trade and

utilities sectors: The industry employment share was similar across the two groups,

and my results are unlikely to be driven by different industrial structures13.

Table 2.1: Economic and industry characteristics across states

Economic and Industry Characteristics All States Higher Duration Increase Lower Duration Increase

Average Duration Increase (wks) 67.39 73 57.64
(9.15) (0) (8.89)

Pre-Recession Self-employment Rate 10.8 10.53 11.28
(2.05) (2.13) (1.81)

Pre-Recession Unemployment Rate 4.78 5.05 4.3
(1.03) (0.92) (1.04)

Pre-Recession % Emp: Construction 8.54 8.12 9.26
(1.55) (1.45) (1.46)

Pre-Recession % Emp: Manufacturing 13.21 14.24 11.42
(4.32) (4.03) (4.22)

Pre-Recession % Emp: Entertainment, Business and Personal Services* 11.75 11.67 11.89
(2.45) (2.7) (1.92)

Pre-Recession % Transportation, Trade and Utilities** 25.29 25.14 25.54
(1.9) (1.53) (2.38)

N 51 26 25

Pre-recession data: 2005:1-2007:10 averages. Higher (lower) duration increase: Difference in UI duration between 2007:11-2010:3 above (below)
median. Self-employment and employment share: The sample of 25-64 y.o excludes members of the armed forces and individuals working in
agricultural or mining sectors/occupations. Industry Groups: Based on Census Bureau 1990 Industrial Classification System. Unemployment rate:
Sample of 16+ civilians in the labour force. * Addition of Entertainment and Recreation Services, Business and Repair Services and Personal Services
Industry Groups. ** Addition of Retail Trade, Wholesale Trade and Transportation, Communications and other Utilities Industry Groups. Source:
CPS Basic Monthly Files, DOL ETA (EB and EUC Trigger Reports, State Insurance Laws) and author’s calculations.

2.3.2 State-level analysis

The previous section showed no real differences across the groups of states with dif-

ferent changes in benefits duration. I now investigate the relationship between higher

proprietor to evaluate the effects of the PARE reform.
13In table 2.A1, I show that the two groups of states are also similar in terms of workforce

characteristics.
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unemployment duration and the self-employment rate at the state level. My objec-

tive is to see how entrepreneurial activity evolves when the duration of UI benefits

changes. To do so, I rely on two strategies: In my first specification, I exploit the

full-time series dimension between 2007 and 2014 and control for economic conditions.

My second strategy follows Boone et al. [2021]. It focuses on the impact of the ex-

tension and the termination of the Emergency Unemployment Compensation (EUC)

program, which, as a nationwide policy change introduced in 2008 and terminated in

2013, provides variation across states in the duration of benefits exogenous to local

economic conditions.

The nationwide expansion of the EUC program in November 2008 gave workers

13.7 extra weeks on average14, while its termination in December 2013 led to an

average decrease of 30.7 weeks, ranging from 14 to 47 weeks15. Addressing the endo-

geneity of benefits to local economic conditions is important because workers could

have become eligible for additional benefits as a result of a rapid worsening of local

economic conditions during the recession, which could affect the identification of the

impact of benefits extensions on self-employment.

I estimate the following model:

Se s,t = Ds,t + γs + λt + us,t + ϵst (2.1)

I control for state-invariant characteristics and time (year-month) fixed effects. My

14In states with a low unemployment rate, workers would benefit from 7 additional weeks. In
states with an unemployment rate above 6%, workers could claim 20 extra weeks upon expiration
of their regular benefits.

15North Carolina is excluded from the analysis as the federal government terminated its EUC
program agreement with the state in July 2013. North Carolina refused to be bound by the non-
reduction clauses of the Unemployment Extension Act of July 2010 that stipulates reductions in
the number of EUC weeks available when a state reduces the number of regular weeks unemployed
workers are eligible for.
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first specification leverages the entire sample and tries to overcome the endogeneity

problem of unemployment benefits duration by controlling for local economic condi-

tions using a cubic polynomial of the state-level unemployment rate to control for

automatic increases in the duration of UI as unemployment increases, as in Roth-

stein [2011]. Therefore, changes in Ds,t capture the impact of the federal expansion,

suspensions and termination of the EUC program, as well as state differences in EB

triggers.

In my second strategy to address the endogeneity issue, I follow Boone et al. [2021]

and implement their IV approach in a one-year window before and after nationwide

policy changes: It instruments total changes in state-level benefits duration with

variation induced by the introduction of additional weeks of unemployment benefits at

the federal level in November 2008 (UECA) and the end of the program in December

2013. More precisely, the instrument will be equal to the duration of the state-level

benefits one month before the policy change for all observations before the change

and equal to the new duration induced by the expansion/termination of the EUC

program alone for all observations after the change.

I report results in table 2.2. Looking at the first specification, column (1) shows

that not accounting for the business cycle with year fixed effects leads me to overstate

the negative impact of UI duration extensions on self-employment. Using the entire

sample between November 2007 and December 2014, column (2) shows that a 10-

week increase in benefits duration is associated with a less than 0.02 percentage point

decline in self-employment, and coefficient estimates are not statistically different from

zero. In other words, the coefficient estimate suggests that increasing the duration

of UI by 7316 weeks, the maximum observed during the recession, leads to a 0.12

16Ds,t is scaled by ten so that it represents the impact of a 10-week increase in the duration of
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Table 2.2: OLS/IV estimates: Effect of unemployment benefits duration on
state-level self-employment rates

Specification 1 : 2007:11-2014:12 Specification 2: IV - EUC

(1) (2) (1) - 2007:11-2009:10 (2) - 2013:1-2014:12

10 week Duration Ds,t -0.0454** -0.0172 -0.026 -0.0115
(0.0151) (0.0402) (0.189) (0.139)

First-stage F-statistic / / 52.198 573.77
State, Time FE NO YES YES YES

N 4386 4386 1224 1200

Clustered by state standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Self-employment rate: The sample
of 25-64 y.o excludes members of the armed forces and individuals working in agricultural or mining sectors/occupations.
Unemployment controls: Cubic polynomial in the state unemployment rate (3-months trailing MA). Specification 2: One-
year window before and after the EUC expansion of 2008:11 and termination of 2013:12. Column (2): North Carolina was
excluded from the sample.

percentage point decrease in the self-employment rate, compared to a 1.4 percentage

decrease in the self-employment rate between 2007 and 2014.

Turning to the event study approach, columns (1) and (2) respectively look at the

impact of the extension of the EUC in November 2008 and its termination in Decem-

ber 2013 on entrepreneurial activity. Results are similar to the full sample analysis

and suggest a limited role for unemployment benefits duration changes in explain-

ing self-employment dynamics. All coefficients are close to zero and not statistically

significant. These results suggest that the EB and EUC programs didn’t markedly

affect self-employment activity.

2.4 Micro-level evidence

To further support the state-level findings, I now look at monthly individual-level

data to see whether the provision of extended benefits impacted the transitions of

unemployed workers to self-employment. This allows me to evaluate the relative im-

portance of the necessity entry hypothesis, according to which workers are pushed

benefits.
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to self-employment when paid jobs are scarce, with the role of downside insurance

favouring transitions to self-employment because workers have more time to develop

their business idea. Compared to Rothstein [2011] and Farber and Valletta [2015]

who look at the role of extended benefits on transitions out of unemployment (either

to employment or out of the labour force), I also study the potential role of expecta-

tions of future benefits duration changes on the decision to start self-employment. I

estimate the Probit specification below:

Pi,s,t = βdδ
e
i,s,t + βe∆Ds,t+1 + βde

(
δei,s,t ×∆Ds,t+1

)
+ αXi,s,t + τs + τt + ϵist (2.2)

δei,s,t is an indicator equal to 1 if the unemployed worker is eligible for additional

benefits, i.e. whenever she has exhausted her regular unemployment benefits, but

additional benefits (EB or EUC) are available at the state level. As in the previ-

ous section, I control for local economic conditions using a cubic polynomial of the

state unemployment rate. Variation in eligibility will thus come from the extension,

suspensions and termination of the EUC program and across-state differences in EB

triggers.

∆Ds,t+1 represents the change in the number of weeks available at the state level

between time t and the following month t+117. The interaction term between ∆Ds,t+1

and δei,s,t accounts for the possibility that an unemployed worker continues searching

for a paid job instead of entering self-employment if she expects UI duration to in-

crease, which is a potentially important driver of entry for a worker who has almost

exhausted all the benefits she was eligible for. The specification accounts for state and

time (year-month) fixed effects, with τs and τt respectively. Controls Xi,s,t include a

17It is, as in the previous section, scaled by 10.
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quadratic in age, dummy variables for education, race and gender, and a cubic poly-

nomial for the unemployment rate. In addition, I follow Farber and Valletta [2015]

and account for individuals’ unemployment spell length with indicator variables to

control for the effect of regular benefits18.

2.4.1 Baseline specification

I show results in table 2.3. Consistent with the state-level evidence, longer unemploy-

ment benefits are not associated with a change in entry to self-employment. Coeffi-

cient estimates for βd are negative but not statistically different from zero, a result

that is consistent across all specifications. Controlling for local economic conditions

with the unemployment rate does not alter the results, nor does accounting for future

increases in unemployment benefits duration.

Table 2.3: UI duration extension and transitions to self-employment

(1) (2) (3) (4) (5) (6)

δei,s,t: Eligible to Longer Benefits -0.0353 -0.0346 -0.0393 -0.0387
0.0328 0.0326 0.0332 0.0330

∆Ds,t+1 × δei,s,t : For Eligible 0.0033 0.0030
(0.0189) (0.0190)

δei,s,t: Eligible to Longer Benefits, Last Month -0.0413 -0.0412
(0.0913) (0.0915)

δei,s,t: Eligible to Longer Benefits, ̸= Last Month -0.0390 -0.0384
(0.0351) (0.0349)

∆Ds,t+1 × δei,s,t : For Eligible, Last Month -0.0754*** -0.0770***
(0.0269) (0.0272)

∆Ds,t+1 × δei,s,t : For Eligible, ̸= Last Month 0.0075 0.0073
(0.0194) (0.0195)

∆Ds,t+1 : Future Benefits Change 0.0207 0.0222 0.0209 0.0225
(0.0221) (0.0225) (0.0220) (0.0224)

Marginal Effect : Eligibility δei,s,t = 1 (%) -8.2293 -8.0811 -9.1257 -8.9875 -9.5781/-9.0636 -9.5570/-8.9183
Marginal Effect : 10-wk future increase ∆Ds,t+1 (%) 6.0308 6.3572 -12.6254/7.1861 -12.6237/7.5241

Unemployment Controls NO YES NO YES NO YES
Individual Characteristics Controls YES YES YES YES YES YES

State, Time (Year-Month) FE YES YES YES YES YES YES
N 168020 168020 166877 166877 166877 166877

Clustered by state standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Columns (5) and (6) : (a)/(b) for marginal effects
apply to those in their last month of UI eligibility (a) and those in another month (b). Sample of 25-64 year unemployed civilians not
working/worked in agricultural and mining sectors/occupations, and who report having been laid off as cause of unemployment. Individual controls
include a quadratic in age, education, race and gender dummies, and indicator variables for unemployment duration. Unemployment controls: Cubic
polynomial in the state unemployment rate (3-months trailing MA). Source: CPS Basic Monthly Files, DOL ETA (EB and EUC Trigger Reports,
State Insurance Laws) and author’s calculations.

18I use monthly indicator variables for individuals’ unemployment duration up to 6 months and
then use an indicator variable for individuals’ unemployment duration for ]6, 9], ]9, 12], and ]12, 28]
months.
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In columns (3) and (4), I also look at the effect of expectations of future UI

duration changes. I do so to see whether unemployed workers who planned to enter

self-employment by necessity became more reluctant to do so if they believed they

would be eligible for unemployment benefits for longer. Coefficient estimates for

βde are close to zero and not statistically significant, suggesting that future benefits

changes do not matter in the decision to leave unemployment for self-employment.

In columns (5) to (6), I distinguish between eligible workers depending on whether

they will exhaust their eligibility for UI in the following month. I find that while

coefficient estimates for eligibility βd do not change, there are now anticipation effects,

but only for workers who are about to lose eligibility for unemployment benefits. For

those workers, a 10-week future increase in the duration of unemployment benefits is

associated with a 12.6% lower probability of entering self-employment (columns (5)-a

and (6)-a).

2.4.2 Heterogeneity among entrants

The relationship between the provision of downside insurance and the decision to

start a business could also depend on the objective of the self-employment spell. To

distinguish between the necessity entry and the risk motives, I separate new entrants

to self-employment into two groups: Those who report working at least 20 hours per

week when self-employed and those who report working less than 20 hours. I expect

the provision of downside insurance to act as a stronger deterrent for the second group,

which is more representative of the necessity self-employed than the first group.

Tables 2.4 and 2.5 report the results, respectively, for the new self-employed work-

ing more than 20 hours and the self-employed working less than 20 hours. Table 2.4

shows coefficient estimates for βd that remain statistically not different from zero.
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These results are consistent with the idea that unemployment benefits extensions

will not change these individuals’ decision to start self-employment because they are

more committed to creating a business. Besides, providing downside insurance for

that subgroup could even help to start self-employment as it allows more time to

start a business. On the other hand, table 2.5 shows that being eligible for extended

UI during the recession is associated with a significantly lower exit from unemploy-

ment to self-employment, as expected for entrants by necessity. The marginal effect

of eligibility for extended benefits for this group working less than 20 hours per week

shows that it is associated with a 30% lower probability of starting self-employment

on average (columns (1) to (4), (5)-b, (6)-b)19.

Table 2.4: UI duration extension and transitions to self-employment (work more
than 20 hours per week)

(1) (2) (3) (4) (5) (6)

δei,s,t: Eligible to Longer Benefits 0.0245 0.0257 0.0212 0.0223
(0.0443) (0.0446) (0.0439) (0.0443)

∆Ds,t+1 × δei,s,t : For Eligible 0.0095 0.0095
(0.0200) (0.0201)

δei,s,t: Eligible to Longer Benefits, Last Month 0.0649 0.0651
(0.1131) (0.1135)

δei,s,t: Eligible to Longer Benefits, ̸= Last Month 0.0187 0.0198
(0.0470) (0.0473)

∆Ds,t+1 × δei,s,t : For Eligible, Last Month -0.0463* -0.0476*
(0.0252) (0.0254)

∆Ds,t+1 × δei,s,t : For Eligible, ̸= Last Month 0.0126 0.0125
(0.0203) (0.0203)

∆Ds,t+1 : Future Benefits Change -0.0037 -0.0025 -0.0035 -0.0022
(0.0274) (0.0279) (0.0272) (0.0277)

Marginal Effect : Eligibility δei,s,t = 1 (%) 6.3826 6.6981 5.5043 5.7906 17.6398/4.8226 17.7112/5.1245
Marginal Effect : 10-wk future increase ∆Ds,t+1 (%) 1.4714 1.7708 -11.6914/2.3172 -11.6945/2.6285

Unemployment Controls NO YES NO YES NO YES
Individual Characteristics Controls YES YES YES YES YES YES

State, Time (Year-Month) FE YES YES YES YES YES YES
N 168020 168020 166877 166877 166877 166877

Clustered by state standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Columns (5) and (6) : (a)/(b) for marginal effects
apply to those in their last month of UI eligibility (a) and those in another month (b). Sample of 25-64 year unemployed civilians not
working/worked in agricultural and mining sectors/occupations, and who report having been laid off as cause of unemployment. Individual controls
include a quadratic in age, education, race and gender dummies, and indicator variables for unemployment duration. Unemployment controls: Cubic
polynomial in the state unemployment rate (3-months trailing MA). Source: CPS Basic Monthly Files, DOL ETA (EB and EUC Trigger Reports,
State Insurance Laws) and author’s calculations.

The anticipation effects of a change in the duration of future benefits ∆Ds,t+1

remain present for individuals who are about to lose their eligibility in the following

19Regarding the marginal effect of eligibility on those in their last month, it is large (-53%) but
imprecisely estimated as βd is not statistically significant.
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Table 2.5: UI duration extension and transitions to self-employment (work less than
20 hours per week)

(1) (2) (3) (4) (5) (6)

δei,s,t: Eligible to Longer Benefits -0.1318* -0.1318* -0.1354* -0.1352*
(0.0711) (0.0710) (0.0720) (0.0719)

∆Ds,t+1 × δei,s,t : For Eligible -0.0106 -0.0110
(0.0278) (0.0278)

δei,s,t: Eligible to Longer Benefits, Last Month -0.2597 -0.2596
(0.1871) (0.1873)

δei,s,t: Eligible to Longer Benefits, ̸= Last Month -0.1298* -0.1296*
(0.0689) (0.0688)

∆Ds,t+1 × δei,s,t : For Eligible, Last Month -0.1304** -0.1316**
(0.0559) (0.0560)

∆Ds,t+1 × δei,s,t : For Eligible, ̸= Last Month -0.0051 -0.0055
(0.0291) (0.0291)

∆Ds,t+1 : Future Benefits Change 0.0665* 0.0677* 0.0666* 0.0679*
(0.0370) (0.0370) (0.0369) (0.0368)

Marginal Effect : Eligibility δei,s,t = 1 (%) -31.271 -31.2691 -31.9575 -31.9302 -53.1675/-30.8542 -53.1509/-30.8246
Marginal Effect : 10-wk future increase ∆Ds,t+1 (%) 17.3752 17.6695 -17.689/19.2407 -17.6616/19.5503

Unemployment Controls NO YES NO YES NO YES
Individual Characteristics Controls YES YES YES YES YES YES

State, Time (Year-Month) FE YES YES YES YES YES YES
N 168020 168020 166877 166877 166877 166877

Clustered by state standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Columns (5) and (6) : (a)/(b) for marginal effects
apply to those in their last month of UI eligibility (a) and those in another month (b). Sample of 25-64 year unemployed civilians not
working/worked in agricultural and mining sectors/occupations, and who report having been laid off as cause of unemployment. Individual controls
include a quadratic in age, education, race and gender dummies, and indicator variables for unemployment duration. Unemployment controls: Cubic
polynomial in the state unemployment rate (3-months trailing MA). Source: CPS Basic Monthly Files, DOL ETA (EB and EUC Trigger Reports,
State Insurance Laws) and author’s calculations.

month, for both subgroups of newly self-employed. Moreover, these anticipation

effects are more powerful for those starting self-employment and working less than 20

hours per week, which is consistent with entry by necessity: Table 2.5 shows that a 10-

week future increase in UI duration is associated in with a 17.7% lower probability of

entry for this group (columns (5)-a and (6)-a) compared to an 11.7% lower probability

of entry for those who work more than 20 hours in their self-employment activity

(table 2.4 columns (5)-a and (6)-a).

However, there is a possibility that individuals continue claiming UI benefits while

self-employed, potentially leading to an underestimation of transitions out of unem-

ployment and affecting my results. While unobservable, it is more likely to matter

for claimants entering self-employment by necessity and less likely to be an issue for

most individuals entering self-employment and working more than 20 hours/week,

who are more committed.
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In summary, eligibility for extended benefits during the Great Recession was not

associated with lower entry to self-employment, except for low-type entrants who are

more likely to start subsistence businesses. The deterrent effect was absent for those

who committed more to their self-employment spell. These results strengthen the

aggregate analysis from the previous section and show that extending unemployment

insurance did not notably affect entry to self-employment, except for future benefit

exhaustees.

2.4.3 Heterogeneity along the business cycle

I now investigate heterogeneous effects along the business cycle. If unemployed indi-

viduals enter self-employment by necessity, the impact of providing downside insur-

ance could vary depending on the scarcity of salaried jobs.

I re-estimate equation 2.2 by splitting the sample into two periods: 2007:11-

2011:12 and 2012:1-2014:12. The second period corresponds to the (slow) recovery of

the US economy as the unemployment rate goes down and the number of weeks avail-

able through the EB and EUC programs falls progressively. The provision of UI may

have a stronger impact on entry to self-employment during downturns when paid jobs

are scarcer. Table 2.6 shows results for the two sub-samples. There are no differences

between the two sub-periods: Coefficient estimates for βd are similar across the two

sub-periods, close to estimates of table 2.3 and not statistically different from zero.

2.4.4 UI-ineligible unemployed

I re-estimate equation 2.2 for the sample of workers who reported another reason than

layoff as the cause of unemployment, i.e. they voluntarily left their job or just entered

the labour force. Rothstein [2011] and Farber and Valletta [2015] use the sample of
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Table 2.6: UI duration extension and transitions to self-employment along the
business cycle

(1) (2) (3)
2007:11-2011:12 2012:1-2014:12 2007:11-2011:12 2012:1-2014:12 2007:11-2011:12 2012:1-2014:12

δei,s,t: Eligible to Longer Benefits -0.0489 -0.0277 -0.0480 -0.0242
(0.0544) (0.0610) (0.0542) (0.0655)

∆Ds,t × δei,s,t : For Eligible 0.0009 0.0559
(0.0204) (0.0535)

δei,s,t: Eligible to Longer Benefits, Last Month -0.2684 0.1540
(0.2072) (0.1803)

δei,s,t: Eligible to Longer Benefits, ̸= Last Month -0.0391 -0.0457
(0.0530) (0.0660)

∆Ds,t × δei,s,t : For Eligible, Last Month -0.0453 -0.0191
(0.0333) (0.0842)

∆Ds,t × δei,s,t : For Eligible, ̸= Last Month (0.0043) (0.0927)
0.0206 0.0758

∆Ds,t : Future Benefits Change 0.0335 -0.0182 0.0332 -0.0209
(0.0281) (0.0562) (0.0280) (0.0568)

Unemployment Controls YES YES YES YES YES YES
Individual Characteristics Controls YES YES YES YES YES YES

State, Time (Year-Month) FE YES YES YES YES YES YES
N 110596 57424 110596 56281 110596 56281

Clustered by state standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Sample of 25-64 year unemployed civilians not working/worked in
agricultural and mining sectors/occupations, and who report having been laid off as cause of unemployment. Individual controls include a quadratic in
age, education, race and gender dummies, and indicator variables for unemployment duration. Unemployment controls: Cubic polynomial in the state
unemployment rate (3-months trailing MA). Source: CPS Basic Monthly Files, DOL ETA (EB and EUC Trigger Reports, State Insurance Laws) and
author’s calculations.

UI-ineligible workers as a test to control for economic conditions: This sample is not

entitled to unemployment benefits, so duration changes should not affect their decision

to leave unemployment for self-employment. This is what table 2.7 below shows.

Coefficient estimates for βd remain statistically insignificant. Interestingly, columns

(5) and (6) show estimates for βde that are also indistinguishable from zero. Therefore,

a change in the future duration of unemployment benefits in the following month does

not affect the decision of UI-ineligible unemployed workers to enter self-employment,

unlike UI-eligible workers about to lose their eligibility for unemployment benefits.

This is not surprising because this group was not eligible for unemployment ben-

efits. In Appendix 2.B, table 2.B4 also shows that the effect of extended UI on the

newly self-employed working less than 20 hours per week is indistinguishable from

zero if they were not eligible for UI, in contrast with table 2.5 of section 2.4.2 where

UI-eligible workers were 30% less likely to transition to self-employment.
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Table 2.7: UI duration extension and transitions to self-employment - UI-ineligible
unemployed

(1) (2) (3) (4) (5) (6)

δei,s,t: Eligible to Longer Benefits 0.0204 0.0210 0.0342 0.0347
(0.0370) (0.0366) (0.0369) (0.0365)

∆Ds,t+1 × δei,s,t : For Eligible -0.0002 -0.0003
(0.0192) (0.0192)

δei,s,t: Eligible to Longer Benefits, Last Month -0.1063 -0.1067
(0.1530) (0.1533)

δei,s,t: Eligible to Longer Benefits, ̸= Last Month 0.0410 0.0416
(0.0370) (0.0366)

∆Ds,t × δei,s,t : For Eligible, Last Month 0.0829 0.0825
(0.0551) (0.0553)

∆Ds,t+1 × δei,s,t : For Eligible, ̸= Last Month -0.0028 -0.0029
(0.0199) (0.0199)

∆Ds,t+1 : Future Benefits Change 0.0298 0.0304 0.0299 0.0305
(0.0327) (0.0334) (0.0328) (0.0335)

Unemployment Controls NO YES NO YES NO YES
Individual Characteristics Controls YES YES YES YES YES YES

State, Time (Year-Month) FE YES YES YES YES YES YES
N 125327 125327 124176 124176 124176 124176

Clustered by state standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Sample of 25-64 year unem-
ployed civilians not working/worked in agricultural and mining sectors/occupations, and who report not having
been laid off as cause of unemployment. Individual controls include a quadratic in age, education, race and gender
dummies, and indicator variables for unemployment duration. Unemployment controls: Cubic polynomial in the
state unemployment rate (3-months trailing MA). Source: CPS Basic Monthly Files, DOL ETA (EB and EUC
Trigger Reports, State Insurance Laws) and author’s calculations.
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2.5 Conclusion

In this chapter, I studied the consequences of changes to the duration of unemploy-

ment benefits during and after the Great Recession on self-employment activity. At

the state level, heterogeneity in UI duration was not associated with different self-

employment dynamics between 2007 and 2014. At the individual level, I found that

eligibility for extended unemployment benefits was, on average, not associated with a

different probability of entering self-employment. However, I uncovered anticipation

effects: workers who would lose their unemployment benefits in the following month

were less likely to enter self-employment if they expected a future increase in bene-

fits duration that would enable them to remain eligible. Besides, a closer distinction

between the newly self-employed according to the effort they put into their business

strengthens the necessity entry hypothesis. The provision of extended benefits was

associated with a 30% reduction in the probability of entering self-employment for

those who commit less than 20 hours to their self-employment spell.

Two avenues seem fruitful for future research: First, monthly data from the CPS

allows tracking individuals for only up to 16 months following their first interview.

While there is evidence that businesses created by the unemployed tend to perform

worse, it would be interesting to follow the performance of companies created by

unemployed workers who benefited from extended benefits during recessions. Looking

at their performance in terms of value-added, jobs created, and labour productivity

would help evaluate the persistence of the effects of UI extensions in the medium

term. Second, it would be interesting to study further the aggregate and welfare

implications of a more generous UI system for the self-employed.
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Appendix

2.A Appendix A

2.A.1 Additional information on workforce characteristics across

the two groups of states

Table 2.A1: Workforce characteristics across states

Workforce Characteristics All States Higher Duration Increase Lower Duration Increase

% White 69.23 69.44 68.86
(14.37) (13.69) (15.48)

% College Graduates 33.55 33.62 33.43
(5.01) (4.59) (5.67)

% Homeowners 72.38 71.31 74.24
(6.52) (7.51) (3.62)

Annual Income : 2005-2007 37655 38021 37020
(4253.42) (4447.65) (3814.29)

N 51 26 25

Pre-recession data: 2005:1-2007:10 averages. Higher (lower) duration increase: Difference in UI duration
between 2007:11-2010:3 above (below) median. Self-employment and employment share: The sample
of 25-64 y.o excludes members of the armed forces and individuals working in agricultural or mining
sectors/occupations. Earnings in constant 1999 US Dollars. Source: CPS Basic Monthly Files, CPS
ASEC, DOL ETA (EB and EUC Trigger Reports, State Insurance Laws) and author’s calculations.

Table 2.A1 presents additional information on labour force characteristics across

the two groups of states with different changes in unemployment benefits duration.

It complements table 2.1 and shows no differences in worker characteristics across the

two groups of states.
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2.B Appendix B

2.B.1 Additional evidence along the business cycle

Tables 2.B1 and 2.B2 investigate the potential heterogeneous effects of longer UI

duration along the business cycle on two groups of entrants: Those who report working

more than 20 hours per week on their business, and those who report less. Table 2.B1

confirms the results of table 2.4: Eligibility to extended UI was not associated with

a different probability to enter for those who commit at least twenty hours per week,

regardless of the period considered.

On the other hand, table 2.B2 shows that longer UI is associated with less entry

for workers who commit less than 20 hours per week as self-employed only during

the recession period when jobs were harder to find. Coefficient estimates βd for the

2012-2014 period are weaker and no longer statistically significant.

Table 2.B1: UI duration extension and transitions to self-employment along the
business cycle (work more than 20 hours per week)

(1) (2) (3)
2007:11-2011:12 2012:1-2014:12 2007:11-2011:12 2012:1-2014:12 2007:11-2011:12 2012:1-2014:12

δei,s,t: Eligible to Longer Benefits 0.0156 0.0039 0.0164 0.0145
(0.0544) (0.1055) (0.0542) (0.1092)

∆Ds,t+1 : Future Benefits Change 0.0046 0.0882
(0.0210) (0.0775)

δei,s,t: Eligible to Longer Benefits, Last Month -0.1782 0.2950
(0.1793) (0.2075)

δei,s,t: Eligible to Longer Benefits, ̸= Last Month 0.0246 -0.0245
(0.0553) (0.1036)

∆Ds,t+1 × δei,s,t : For Eligible, Last Month -0.0449* 0.1087
(0.0254) (0.0889)

∆Ds,t+1 × δei,s,t : For Eligible, ̸= Last Month 0.0080 0.0927
(0.0211) (0.0901)

∆Ds,t+1 : Future Benefits Change 0.0144 -0.0591 0.0142 -0.0592
(0.0345) (0.0671) (0.0344) (0.0666)

Unemployment Controls YES YES YES YES YES YES
Individual Characteristics Controls YES YES YES YES YES YES

State, Time (Year-Month) FE YES YES YES YES YES YES
N 110596 57424 110596 56281 110596 56281

Clustered by state standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Sample of 25-64 year unemployed civilians not working/worked in
agricultural and mining sectors/occupations, and who report having been laid off as cause of unemployment. Individual controls include a quadratic in
age, education, race and gender dummies, and indicator variables for unemployment duration. Unemployment controls: Cubic polynomial in the state
unemployment rate (3-months trailing MA). Source: CPS Basic Monthly Files, DOL ETA (EB and EUC Trigger Reports, State Insurance Laws) and
author’s calculations.
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Table 2.B2: UI duration extension and transitions to self-employment along the
business cycle (work less than 20 hours per week)

(1) (2) (3)
2007:11-2011:12 2012:1-2014:12 2007:11-2011:12 2012:1-2014:12 2007:11-2011:12 2012:1-2014:12

δei,s,t: Eligible to Longer Benefits -0.1407* -0.0878 -0.1396* -0.0970
0.0769 0.1010 0.0770 0.1046

∆Ds,t+1 × δei,s,t : For Eligible -0.0072 -0.0230
0.0303 0.0793

δei,s,t: Eligible to Longer Benefits, Last Month -0.3723 -0.2427
0.2888 0.3116

δei,s,t: Eligible to Longer Benefits, ̸= Last Month -0.1314* -0.0845
0.0747 0.1042

∆Ds,t+1 × δei,s,t : For Eligible, Last Month -0.0395 -0.2366**
0.0612 0.1113

∆Ds,t+1 × δei,s,t : For Eligible, ̸= Last Month -0.0046 0.0572
0.0309 0.1106

∆Ds,t+1 : Future Benefits Change 0.0622 0.1036 0.0618 0.0969
0.0392 0.0815 0.0391 0.0804

Unemployment Controls YES YES YES YES YES YES
Individual Characteristics Controls YES YES YES YES YES YES

State, Time (Year-Month) FE YES YES YES YES YES YES
N 110596 56217 110596 55100 110596 55100

Clustered by state standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Sample of 25-64 year unemployed civilians not working/worked in
agricultural and mining sectors/occupations, and who report having been laid off as cause of unemployment. Individual controls include a quadratic in
age, education, race and gender dummies, and indicator variables for unemployment duration. Unemployment controls: Cubic polynomial in the state
unemployment rate (3-months trailing MA). Source: CPS Basic Monthly Files, DOL ETA (EB and EUC Trigger Reports, State Insurance Laws) and
author’s calculations.

2.B.2 Additional evidence among the UI-ineligible group

In tables 2.B3 and 2.B4, I re-estimate equation 2.2 for UI-ineligible workers and look

at the two groups of entrants, depending on the number of hours they put in their self-

employment spell. Table 2.B3 confirms my findings in table 2.7 for entrants working

more than 20 hours per week, i.e. no effect of eligibility to extended UI and no effect

of future duration increases. Table 2.B4 shows that when looking at UI-ineligible

workers, the results of table 2.5 disappear. Coefficient estimates for βd and βde are no

longer statistically significant. Eligibility to extended benefits and anticipation effects

of future duration changes no longer matter in their decision to enter self-employment,

which was expected because they were not eligible for unemployment benefits.
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Table 2.B3: UI duration extension and transitions to self-employment (work more
than 20 hours per week) - UI-ineligible unemployed

(1) (2) (3) (4) (5) (6)

δei,s,t: Eligible to Longer Benefits 0.0092 0.0106 0.0153 0.0168
(0.0417) (0.0416) (0.0437) (0.0437)

∆Ds,t+1 × δei,s,t : For Eligible -0.0216 -0.0217
(0.0243) (0.0244)

δei,s,t: Eligible to Longer Benefits, Last Month -0.4214* -0.4232*
(0.2371) (0.2371)

δei,s,t: Eligible to Longer Benefits, ̸= Last Month 0.0320 0.0336
(0.0444) (0.0443)

∆Ds,t+1 × δei,s,t : For Eligible, Last Month -0.0021 -0.0021
(0.0216) (0.0217)

∆Ds,t+1 × δei,s,t : For Eligible, ̸= Last Month -0.0209 -0.0209
(0.0246) (0.0247)

∆Ds,t+1 : Future Benefits Change 0.0247 0.0251 0.0247 0.0251
(0.0352) (0.0360) (0.0354) (0.0363)

Unemployment Controls NO YES NO YES NO YES
Individual Characteristics Controls YES YES YES YES YES YES

State, Time (Year-Month) FE YES YES YES YES YES YES
N 125327 125327 124176 124176 124176 124176

Clustered by state standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Sample of 25-64 year unem-
ployed civilians not working/worked in agricultural and mining sectors/occupations, and who report not having
been laid off as cause of unemployment. Individual controls include a quadratic in age, education, race and gender
dummies, and indicator variables for unemployment duration. Unemployment controls: Cubic polynomial in the
state unemployment rate (3-months trailing MA). Source: CPS Basic Monthly Files, DOL ETA (EB and EUC
Trigger Reports, State Insurance Laws) and author’s calculations.
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Table 2.B4: UI duration extension and transitions to self-employment (work less
than 20 hours per week) - UI-ineligible unemployed

(1) (2) (3) (4) (5) (6)

δei,s,t: Eligible to Longer Benefits 0.0304 0.0291 0.0496 0.0482
(0.0555) (0.0557) (0.0548) (0.0550)

∆Ds,t+1 × δei,s,t : For Eligible 0.0376 0.0376
(0.0285) (0.0284)

δei,s,t: Eligible to Longer Benefits, Last Month 0.1105 0.1130
(0.1670) (0.1674)

δei,s,t: Eligible to Longer Benefits, ̸= Last Month 0.0435 0.0418
(0.0589) (0.0592)

∆Ds,t+1 × δei,s,t : For Eligible, Last Month 0.1011 0.1000
(0.0651) (0.0649)

∆Ds,t+1 × δei,s,t : For Eligible, ̸= Last Month 0.0316 0.0316
(0.0286) (0.0285)

∆Ds,t+1 : Future Benefits Change 0.0306 0.0319 0.0305 0.0319
(0.0380) (0.0381) (0.0379) (0.0380)

Unemployment Controls NO YES NO YES NO YES
Individual Characteristics Controls YES YES YES YES YES YES

State, Time (Year-Month) FE YES YES YES YES YES YES
N 125327 125327 124176 124176 124176 124176

Clustered by state standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Sample of 25-64 year unem-
ployed civilians not working/worked in agricultural and mining sectors/occupations, and who report not having
been laid off as cause of unemployment.Individual controls include a quadratic in age, education, race and gender
dummies, and indicator variables for unemployment duration. Unemployment controls: Cubic polynomial in the
state unemployment rate (3-months trailing MA). Source: CPS Basic Monthly Files, DOL ETA (EB and EUC
Trigger Reports, State Insurance Laws) and author’s calculations.
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Chapter 3

Housing wealth and business

creation

3.1 Introduction

Providing access to finance to small and young businesses has been a constant pre-

occupation of policymakers in developed and developing countries. This has been

motivated by young firms’ reliance on their owners’ net worth (Robb and Robinson

[2012]), but also by empirical evidence stressing the positive impact of better access to

finance on growth (Rajan and Zingales [1998]). The housing boom and bust episode

in the United States in the early 2000s has led to unprecedented changes in house-

holds’ balance sheets: Between 2001 and 2007, home equity extraction quadrupled

(Aladangady and O’Flaherty [2020]), fuelling an increase in consumer spending and

employment. Similarly, it has been argued that the severity and long-lasting impact

of the Great Recession could be attributed to household deleveraging following the

house price crash (Mian et al. [2013]), hampering the recovery in aggregate demand

and employment.
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This paper studies the impact of changes in housing wealth on new firm creation

between 2002 and 2014. It proposes a new instrumental variable strategy for house

price growth that exploits cross-sectional variation in mortgage debt-to-income ratios

(DTI)1 as a proxy for households’ borrowing constraints. While metropolitan areas

with a high DTI were similar in industrial structure and economic conditions to other

cities, the city-level share of households with a high DTI mortgage before the housing

boom is a strong predictor of subsequent house price changes. I find that more star-

tups are created in cities experiencing faster home appreciation, although the effect

is modest. My IV estimates suggest that a 1% annual increase in house prices at

the city level leads to a 0.02 percentage points increase in the startup rate. I also

find quantitatively similar estimates using another instrument, proposed by Guren

et al. [2020] and which exploits cities’ different sensitivities to regional house price

cycles2. Furthermore, investing the relationship between house price changes and

startup formation at the city-industry level allows me to disentangle the impact of

house prices on new firm creation resulting from two different channels: (i) changes in

households’ collateral constraints and (ii) housing wealth effects increasing consumer

demand. While the impact of house price growth is stronger in the construction and

non-tradeable sectors, estimates from tradeable industries show that higher collateral

values tend to matter more than wealth effects: Roughly 2
3
of the effect of house price

growth on new firm formation can be attributed to the collateral channel.

Relation to the literature. This paper is related to an extensive literature that

studies the role of housing wealth and access to credit on entrepreneurial activity.

Hurst and Lusardi [2004] leveraged survey-level data from the Panel Study of Income

1Debt-to-income is also known as payment-to-income. DTI corresponds to the ratio between
monthly payment obligations and total income.

2Their paper studies variation in the housing wealth elasticity over time.
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Dynamics (PSID) to show that household wealth was not related to the propensity

to start a business, except at the top end of the distribution, hinting at a limited

role for credit constraints. This result contrasts with recent findings from Herkenhoff

et al. [2021], who combine administrative and credit agency data to document that

employer firm ownership and self-employment activity increase with credit limits and

show that entry to entrepreneurship increases following bankruptcy flag removals.

Similarly, Siemer [2019] exploits industry-level variation in external financial depen-

dence and shows that financial constraints reduced employment growth in small and

young firms relative to large firms during the Great Recession. As housing accounts

for a large percentage of the total wealth of households in the United States, the

effects of house price changes on firms’ decisions have also been studied. Adelino

et al. [2015] look at the role of the collateral lending channel and show that increased

access to home equity between 2002 and 2007 led to higher employment growth in

small establishments compared to large establishments. Davis and Haltiwanger [2021]

find that house price changes and local banks’ supply shocks can explain a large share

of the variation of young firms’ employment, and Mehrotra and Sergeyev [2021] show

that the impact of falling house prices during the Great Recession on job creation

and destruction was more substantial for young firms. Regarding investment, Chaney

et al. [2012] show that increases in the value of real estate owned by US public firms

between 1993 and 2007 led to higher corporate investment3.

Compared to this existing work that looked at the intensive margin of firms’

decisions, I focus on the extensive margin and try to evaluate the role of house prices

and collateral wealth on new firm4 formation between 2002 and 2014. I also compare

3Bahaj et al. [2020] in the UK find similar results when looking at the housing wealth of firms’
directors.

4The distinction between firms and establishments is important because existing firms create up
to 40% of new establishments.
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my findings with the impact of house price changes on existing firms’ decisions to

expand their activity through new establishments to evaluate the importance of the

collateral channel5.

Second, this paper is also related to a literature that looks at the importance of

weakening credit standards in explaining the surge and subsequent collapse of real

estate prices of the early 2000s. Mian and Sufi [2009] and Mian and Sufi [2021] argue

that the mortgage default crisis in 2007-9 was fuelled by a credit supply shift targeting

previously underserved segments of the population, low-income subprime borrowers,

and that housing markets which were more exposed to the private label mortgage

market saw a larger variation in mortgage origination and home values during the

boom-bust episodes. Consistent with this idea, Justiniano et al. [2022] document a

surge in private-label mortgages securitization, a decoupling of mortgage rates com-

pared to Treasury yields that is interpreted as an easing of credit conditions after

2003, as well as an increase in the number of mortgage brokers despite the end of the

refinancing boom in 2003. Cox and Ludvigson [2021] confirm that mortgage lending

standards are an important driver of house price changes, using survey responses from

households and loan officers. Moreover, Greenwald [2018] emphasized that loosening

debt-to-income ratio standards were critical for understanding the housing boom and

bust episodes: As DTI limits eased at the turn of the millennium, borrowing limits

were relaxed because additional housing collateral could be used, increasing the de-

mand for housing and house prices. In comparison, I exploit geographic variation in

debt-to-income ratios among originated mortgages as a proxy for households’ borrow-

ing constraints and use the CBSA-level share of high DTI mortgages before the surge

5My paper is related to Schmalz et al. [2017] who also find, in France, that higher regional house
price growth in the 1990s acts as an incentive for homeowners to start an entrepreneurial activity,
and to Fairlie and Krashinsky [2012] who find a large effect of housing appreciation on transitions
to self-employment between 1994 and 2004 in the United States. By contrast, I focus on employer
firms during the housing boom and bust.
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in real estate prices as an instrument for house price changes. High DTI cities ex-

perienced disproportionately higher house price growth and a much more substantial

decline in house prices after the housing market’s collapse.

Section 3.2 presents the data and motivates the analysis. Section 3.3 details

the instrumental variable’s construction and shows its relationship with house price

changes. Section 3.4 presents estimates of the impact of house price growth on new

firm creation. Section 3.5 concludes.

3.2 Data and motivation

3.2.1 Data

In this paper, I exploit city-level variation in house price growth to study its impact

on new firm formation. I use the Office of Management and Budget’s (OMB) 2013

delineation of Core Based Statistical Areas (CBSA) as my definition of cities6. This

leaves me with 381 metropolitan CBSAs. The primary data source for my analysis

comes from the Business Dynamics Statistics (BDS) database of the US Census Bu-

reau. The BDS is an annual dataset that provides information about the creation and

destruction of firms, establishments and jobs. My variable of interest is the startup

rate, which represents the number of new firms (age 0) created in a given area in year

t normalized by the total number of firms in that area.

The second important data source for the analysis comes from origination files of

the Single Family Loan Performance Data and the Single Family Loan-Level Dataset

files from Fannie Mae and Freddie Mac, respectively. These files have contained, since

1999, borrower and loan-level financial information about the universe of originated

6I use the terms city, CBSA and metropolitan area interchangeably. I also choose the 2013
delineation of cities because the Census Bureau uses it in the BDS dataset.
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mortgages that the two Government-sponsored Enterprises securitized. In particu-

lar, I use individual-level information about debt-to-income ratios in section 3.3 to

construct a CBSA-level measure of borrowing constraints.

I augment these two datasets with other sources. Annual house prices data at the

city level comes from the Federal Housing Finance Agency (FHFA), which I rely on to

construct real house prices using the GDP Implicit Price Deflator from the Bureau of

Economic Analysis (BEA). I also leverage information from the Survey of Consumer

Finances (SCF), a triennial survey of US households with detailed information about

their balance sheets. I use the SCF below to document a relatively more important de-

terioration of credit constraints for entrepreneurs relative to the rest of the population

during the housing bust. Finally, annual data on local economic controls comes from

the Bureau of Labor Statistics (BLS) Local Area Unemployment Statistics (LAUS)

for the unemployment rate, the BEA Regional Economic Accounts for real GDP per

capita and population growth, and the Quarterly Census of Employment and Wages

(QCEW) for city-level industry employment shares.

3.2.2 Startups and credit conditions along the business cycle

My objective in this paper is to quantify the impact of changes to housing wealth

during the housing boom and bust on the creation of new firms. Figure 3.1 shows the

evolution of the startup rate between 1990 and 2014, which has been trending down

throughout the period7.

While the startup rate has fallen by 30% since the early 1990s, it falls by more

during downturns: It went down by 15% between 2007 and 2010 and also fell during

the 1990 recession8. The startup rate also increased during the early 2000s as property

7The secular decline in business dynamism of the US economy during several decades has long
been documented, see Haltiwanger et al. [2012], Decker et al. [2014].

8Similar comments apply to another measure of business creation, the establishment entry rate.
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Figure 3.1: Firm entry - Startup rate in the BDS (1990-2014)

0
3

6
9

12
(%

 F
irm

s)
 

1990 1995 2000 2005 2010 2015

Startup rate: Ratio between the number of age 0 firms (entrants) and the
total number of firms. Source: Business Dynamics Statistics and author’s
calculations.
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prices rose.

I also present descriptive evidence from the Survey of Consumer Finances about

borrowing constraints that entrepreneurs face and document a relatively stronger

tightening of credit conditions for them relative to the rest of the population during

the recession. In the SCF, my sample of entrepreneurs comprises household heads who

declare being self-employed business owners and managing their business9. The survey

gives information about respondents’ past applications for credit. In particular, it

asks them whether they have applied for credit and been denied or obtained less

than requested in the past five years or if they did not apply for credit because they

thought they would be turned down. I use positive answers to any of those questions

to measure credit constraints.

Figure 3.2 shows the time series of the share of credit-constrained households using

this measure. Individuals who started their business less than five years ago (”Young

Entrepreneurs” in figure 3.2) were generally more likely to experience credit con-

straints in the preceding five years than other households and other entrepreneurs10.

The share of entrepreneurs or ”young entrepreneurs” reporting being credit con-

strained went up by almost 40% between 2007 and 2010, hinting at a dispropor-

tionate impact of the financial crisis for this group, while it was trending down in

the early 2000s. A potential explanation comes from young firm owners’ reliance on

their wealth to fund and develop their businesses. In addition, a significant share of

households’ wealth resides in their housing11, so the housing cycle of the early 2000s

could explain the evolution of credit conditions for young firm owners in figure 3.2.

See Appendix 3.A.1
9I follow De Nardi et al. [2007] who define entrepreneurs as self-employed business owners man-

aging their businesses.
10Entrepreneurs, including those who started a business recently, tend to earn more than other

households. See Appendix 3.A.2
11ibid.
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Figure 3.2: Credit-constrained households in the Survey of Consumer Finances
(1992-2013)
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Credit-constrained: Respondent answered yes to a question asking about
being denied credit or not obtaining as much as requested (X407), or not
applying because of fear of being turned down (X409) during the last five
years. Source: Survey of Consumer Finances.
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3.3 Debt-to-income ratios, borrowing constraints

and house prices

I now evaluate this possibility and construct an instrument for house prices that relies

on city-level exposure to the surge and collapse of real estate prices during the 2000s

and early 2010s by exploiting cross-sectional variation in the debt-to-income ratio

(DTI) for originated mortgages.

3.3.1 Instrument mechanism

The DTI has been used in the literature as a measure of borrowing constraints:

Johnson and Li [2010] document that households with a high DTI are up to 50% more

likely12 to report having been turned down for credit and that their consumption is

much more sensitive to lagged income than other households. Likewise, Cooper [2013]

shows that high DTI households with low liquid wealth display consumption patterns

that are more sensitive to their housing wealth, consistent with its use as collateral.

Besides, to further support the use of high debt-to-income ratios as a measure of credit

constraints, I also use data from the Home Mortgage Disclosure Act (HMDA), which

contains information about all mortgage applications in the United States, whether

approved or not. Table 3.1 shows that the high debt-to-income ratio is the second

most reported reason for mortgage denial, with 15% of mortgage applicants denied

credit because of it.

For all those reasons, the instrument for house prices I use is based on the pre-

existing share, at the city level for all 381 metropolitan CBSAs in the years 1999-2001,

of home purchase mortgages originated with a high debt-to-income ratio. I interpret it

1227% of households with a high DTI compared to 19% for all other households.
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Table 3.1: Most common reasons for denial of mortgage applications (1999-2014)

Reason % Denied Mortgage Applications

Debt-to-Income Ratio 18.08
(3.97)

Credit History 29.75
(7.85)

Collateral 11.68
(3.87)

Other* 40.48
(7.90)

N 14223712

Table 1 reports the three most commonly named reasons for denial:
DTI, credit history and insufficient collateral.
*: Other named reasons are: insufficient cash, employment history,
unverifiable information, incomplete application, mortgage insur-
ance denial, and other unnamed reasons. Summary statistics based
on yearly information from ”National Aggregate Table 8-2: Reasons
for Denial of Applications for Conventional Home Purchase Loans”.
Source: Home Mortgage Disclosure Act and author’s calculations.

as the share of borrowing-constrained households. I use the datasets from Fannie Mae

and Freddie Mac which contain information about the DTI at origination, to construct

it. I define a high debt-to-income ratio to be above 43%, which corresponds to the

”ability to repay” criterion of the Dodd-Frank reform13. 1999 to 2001 correspond

to the first three years where mortgage-level data from Fannie and Freddie Mac are

available14. I also choose the city-level average of high DTI mortgages during this

period because it corresponds to a period just before the housing boom15, hence the

interpretation as a pre-existing share before the change in credit conditions.

The idea behind using the CBSA-level share of borrowing-constrained households

before the boom-bust episode resides in that the credit standards’ relaxation nation-

wide (and subsequent tightening) will disproportionately affect those areas. A high

13I also experimented with alternative values of 36 and 40 % with similar results.
14Fannie Mae loan-level data is only available from 2000.
15It has also been documented that the turn of the millenium was the period after which DTI

limits were liberalized, with most mortgages above the 36% threshold and many mortgages with a
DTI at origination above 50% (Greenwald [2018]). Demyanyk and Van Hemert [2009] also show a
progressive deterioration of loan performance and a worsening of lending standards between 2001
and 2007, with a rising fraction of mortgages with low documentation.
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debt-to-income ratio being one of the main reasons behind a mortgage denial, it will

become relatively easier to access credit in high DTI cities following the credit supply

shift. Real estate prices will increase more in high DTI cities during the boom and

fall harder after the housing market crash because households are more likely to be

overleveraged. For my instrument to be valid, it is important that conditional on

observable controls, there are no other factors, for instance a local credit demand

shock, differentially impacting startup formation in high DTI cities at the same time

as credit conditions change.

3.3.2 Descriptive evidence - High and low DTI cities

To highlight this, I separate metropolitan areas into two groups: Cities with a pre-

existing percentage of borrowing-constrained households above the median and cities

below the median. Figure 3.3 panel (a) shows that house prices moved together in high

and low DTI cities in the 1990s before diverging in the early 2000s. Prices increased

more in high DTI areas between 2002 and 2007 before going down faster after the

subprime mortgage crisis in 2007. This evolution is consistent with a weakening of

lending standards affecting more high DTI cities.

Figure 3.3 panel (b) shows the evolution of the startup rate difference between high

and low debt-to-income ratio CBSAs between 1990 and 2014. While highly exposed

cities had a generally higher startup rate between 1990 and 2014, their evolution

followed the same trend across the two groups before the housing bubble of the early

2000s. After 2001, when house price growth accelerated, the startup rate increased

more in areas with a high share of borrowing-constrained households, and it did so

until 2006 when property prices peaked. That difference narrowed after the housing

bubble burst: High DTI cities saw a relatively larger fall in the startup rate compared

118



Figure 3.3: House prices and firm entry in high and low DTI cities (1990-2014)
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(b) Startup rate difference (1990-2014)

Blue dashed bar: 2002. Pink dashed bar: 2007. Real house prices: Con-
structed using nominal house price indices from FHFA and GDP deflator
from BEA. Startup rate difference: Constructed by subtracting the aver-
age startup rate in low DTI cities from its average in high DTI cities. Source:
BDS, FHA, BEA, Fannie Mae Single Family Loan Performance Data, Fred-
die Mac Single Family Loan-Level Dataset and author’s calculations.
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to low DTI cities, with the difference dropping below its year 2000 level. Nevertheless,

there was no differential pre-trend in the evolution of startup rate during the 1990s

for highly exposed cities.

Table 3.2 provides additional information about economic and industry character-

istics of high and low DTI cities. The startup rate was, on average higher in highly

exposed cities, although it evolved similarly over time, as shown in figure 3.3. High

and low-exposed CBSAs had a similar unemployment rate in the 1990s and experi-

enced relatively similar house price growth. It was slightly higher in high DTI areas

during the 1990s, but the difference is not comparable to the one observed during

the 2000s boom and bust episodes, as highlighted by figure 3.3. Besides, I also ex-

amine differences in industry composition as a driver of subsequent differences in the

startup rate. House price changes were more likely to affect non-tradeable industries

such as construction or leisure & hospitality through wealth effects on consumption

than tradeable sectors like manufacturing. Nevertheless, table 3.2 shows that indus-

try shares for these three sectors were close to each other across the two groups. Real

income was, on average, slightly higher in high DTI cities in 2000 but comparable.

Demographic characteristics are comparable, with a similar percentage of homeown-

ers and college-educated workers. The only difference in demographic characteristics

comes from higher population growth in high DTI cities, but this was not specific to

the 1990s. Regardless, high and low DTI shared similar characteristics overall.

3.3.3 Instrumental variable strategy

I now describe how I use the share of borrowing-constrained households to construct

an instrument for house price changes. My strategy is to interact the pre-existing

percentage of high DTI households with a shift that captures nationwide changes
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Table 3.2: Characteristics of high and low DTI cities before the real estate boom
and bust (1990-2001)

All Metropolitan Areas Higher Debt-to-Income Lower Debt-to-Income

% High DTI Mortgages (1999 - 2001) 20.87 22.41 17.32
(3.27) (2.51) (1.65)

Economic and Industry Characteristics

Annual growth - House prices (%) 3.55 3.75 3.09
(3.94) (4.44) (2.44)

Annual growth - Real house prices (%) 1.33 1.53 0.88
(4.01) (4.50) (2.53)

Unemployment rate (%) 5.40 5.52 5.16
(2.26) (2.29) (2.19)

Startup rate (%) 9.49 9.97 8.42
(1.74) (1.68) (1.34)

% Employment - Construction 5.99 5.88 6.25
(1.84) (1.72) (2.06)

% Employment - Manufacturing 17.93 17.24 19.5
(7.26) (6.76) (8.05)

% Employment - Leisure and Hospitality 11.20 11.42 10.71
(3.85) (4.34) (2.32)

Real Income** 34285 35109 32072
(5237) (4948) (5375)

Demographic Characteristics

College-educated** (%) 24.2 24.59 23.14
(5.87) (5.46) (6.76)

Homeowner** (%) 68.70 67.13 72.91
(6.97) (7.20) (4.00)

Annual Population Growth (%) 1.32 1.53 0.83
(1.13) (1.16) (0.86)

N 381 190 191

**: Estimates from 2000 American Community Survey. Real house prices are constructed using nominal house price indices from FHFA and GDP
deflator from BEA. Source: BDS, FHFA, BLS, Fannie Mae, Freddie Mac, QCEW, 2000 ACS and author’s calculations.
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in credit conditions. To do so, I consider two alternatives: One is based on the

nationwide growth of employment among mortgage and non-mortgage loan brokers.

The second one is based on the change of the interest rate premium associated with

a mortgage with a high debt-to-income ratio, above 43%.

In the first case, I rely on data on the nationwide number of loan brokers from

the BLS Current Employment Statistics Survey (CES) and use the annual percentage

growth in the number of brokers, denoted as ∆µt as a measure of a nationwide change

in credit conditions16. The first city-level instrument for house price changes becomes:

Z1,i,t = θDTI,i ×∆µt (3.1)

Figure 3.B1 panel (a) in Appendix 3.B shows the time-series of employment for loan

brokers between 1990 and 2014. Their number went up after 2000 and collapsed

during the financial crisis, consistent with easing mortgage conditions, especially after

2003, and tightening once the housing bubble burst. Therefore, I expect Z1,i,t to

correlate positively with house price growth.

In the second case, I compute the premium associated with a high DTI mortgage

by estimating the following equation using the Fannie Mae and Freddie Mac datasets:

ri,j,t = ϕk,t ·Ki,t + γj + γt + νi,j,t k = {FICO,LTV,DTI} (3.2)

Ki,t is an indicator variable equal to 1 when the originated mortgage has a risky

characteristic k. I take into account three characteristics17: Low FICO credit score

16Justiniano et al. [2022] show that after 2003, the number of loan brokers did not go down despite
the end of the 2001 refinancing wave, and note that this suggests that loan brokers started to target
underserved households, like subprime borrowers.

17I choose these two other characteristics because credit score and LTV are, besides DTI, the
two other main reasons behind mortgage denial. The cutoff of 660 for the FICO credit score often
corresponds to the distinction between prime and subprime mortgages (e.g. Mian and Sufi [2009]),
and the 80% threshold for LTV is chosen because lenders may require private mortgage insurance
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(below 660), high loan-to-value ratio (above 80%) and high debt-to-income ratio

(above 43%). γj and γt are time (year-quarter) and city fixed effects. ϕk,t is the time-

varying mortgage premium associated with a mortgage that has risky characteristic k

at time t: ϕDTI,t therefore represents the relative premium associated with a mortgage

that has a high debt-to-income ratio at time t. Using ϕ̂DTI,t as a proxy for credit

conditions, the second city-level instrument for house price changes becomes:

Z2,i,t = θDTI,i × ∆̃ϕ̂DTI,t (3.3)

∆̃ϕ̂DTI,t represents the annual change in the premium associated with high DTI mort-

gages. One potential concern with constructing the instrument this way is that mort-

gage rate premia could vary across CBSAs because of local shocks. However, Hurst

et al. [2016] show that mortgage pricing for GSE-securitized mortgages does not vary

across regions with different default risks. Figure 3.B1 panel (b) in Appendix 3.B

shows the estimated mortgage premium for high DTI mortgages between 2000 and

2014. While the mortgage premium in basis points is low, it drops during the hous-

ing boom and increases after the financial crisis, consistent with changes in credit

conditions. Z2,i,t should be negatively correlated with house price growth.

3.3.4 First-stage results

In section 3.4, I will investigate the role of housing wealth shocks on firm entry by

exploiting variation across cities in house price changes: I will regress the startup rate

on annual house price growth. In this section, I run the first-stage equation to show

the instruments’ predictive power for house price changes:

(PMI) for mortgages with collateral less than 20% of the value of the house because they are seen
as riskier. See Appendix 3.B for summary statistics of mortgage characteristics.
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∆HPi,t = αZk,i,t + Γ̃Xi,t + δ̃i + δ̃t + ϵ̃i,t k = {1, 2} (3.4)

∆HPi,t represents the annual percentage change in real house prices in city i. δ̃i and

δ̃t are respectively city and year fixed effects. Xi,t is a set of controls at the city level

to account for the possibility that local economic conditions could drive both house

prices and business creation: It includes CBSA-level changes in the unemployment

rate and real GDP per capita. I also add local population growth as a control to Xit

because it could drive both house price and startup creation. I also follow Davis and

Haltiwanger [2021] and use information from the Quarterly Census of Employment

and Wages (QCEW) to create a control for local demand. It is constructed as the

sum over high-level industries of lagged city-level employment shares interacted with

nationwide industry employment growth. It is added to capture the effect of house

price growth on new startup formation that is independent of local demand shocks

and different industrial structures across cities. I focus on the housing boom and bust

years between 2002 and 2014.

Table 3.3 shows the first-stage results. Columns (1) to (6) show that the two

instruments based on the pre-existing share of high DTI mortgages perform well,

with a robust first-stage F-statistic higher than or around 100 in both cases, well

above the standard threshold for weak instruments of 10. Besides, the relationship

between the instruments and house price changes is also robust to adding city-level

business cycle variables and local demand shocks: Coefficient estimates for Zk,i,t do

not change much. Therefore, the relationship between house price growth and the

share of high DTI mortgages is unlikely to be driven by local demand shocks that

differentially affect high DTI cities as credit conditions change, which would violate
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Table 3.3: First-stage - House price growth response

IV Strategy 1 IV Strategy 2

(1) (2) (3) (1) (2) (3)

Zi,t 0.0187*** 0.0158*** 0.0153*** -0.113*** -0.0951*** -0.0926***
(0.002) (0.002) (0.002) (0.010) (0.009) (0.009)

N 4,953 4,953 4,894 4,953 4,953 4,894
Bus Cycle Controls NO YES YES NO YES YES

Pop Growth & Local Demand NO NO YES NO NO YES
First-stage F 99.59 90.73 95.19 118.20 107.29 101.92

Standard errors clustered at the CBSA-level. *** p<0.01 ** p<0.05 * p<0.1. All specifications include year
and CBSA fixed effects. IV strategy 1: Shift based on loan brokers’ employment changes. IV Strategy
2: Shift based on high DTI mortgage premium changes. Bus Cycle Controls : CBSA-level unemployment
rate changes and % changes in real GDP per capita. Pop Growth & Local Demand: % changes in CBSA
population and demand shifter. Demand shifter: Sum over QCEW supersectors of lagged CBSA employment
share interacted with nationwide employment growth. Source: BLS, BEA, FHFA, Fannie Mae, Freddie Mac,
QCEW and author’s calculations.

the exclusion restriction.

3.4 House prices and firm creation

To study the impact of house price changes on firm entry at the CBSA level, I esti-

mate the following regression equation:

si,t = β∆HPi,t + ΓXi,t + δi + δt + ϵi,t (3.5)

si,t is the city-level startup rate, the number of new firms created divided by the total

number of firms at time t. My coefficient of interest is β. δi and δt are respectively

city and year fixed effects, and Xi,t includes the same set of controls as in the first

stage equation 3.4.
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3.4.1 Baseline specification

Table 3.4: Startup rate response to house price growth

OLS IV Strategy 1 IV Strategy 2

(1) (2) (3) (1) (2) (3) (1) (2) (3)

∆HPi,t−1,t 0.0390*** 0.0398*** 0.0304*** 0.0271*** 0.0262*** 0.0178* 0.0281*** 0.0273*** 0.0207**
(0.004) (0.004) (0.004) (0.008) (0.010) (0.010) (0.009) (0.010) (0.010)

Observations 4,953 4,953 4,894 4,953 4,953 4,894 4,953 4,953 4,894
Bus Cycle Controls NO YES YES NO YES YES NO YES YES

Pop Growth & Local Demand NO NO YES NO NO YES NO NO YES

Standard errors clustered at the CBSA-level. *** p<0.01 ** p<0.05 * p<0.1. All specifications include year and CBSA fixed effects. IV
strategy 1: Shift based on loan brokers’ employment changes. IV Strategy 2: Shift based on high DTI mortgage premium changes. Bus
Cycle Controls : CBSA-level unemployment rate changes and % changes in real GDP per capita. Pop Growth & Local Demand: %
changes in CBSA population and demand shifter. Demand shifter: Sum over QCEW supersectors of CBSA lagged employment share interacted
with nationwide employment growth. Source: BDS, BLS, BEA, FHFA, Fannie Mae, Freddie Mac, QCEW and author’s calculations.

Table 3.4 shows the main results of this paper. IV estimates are slightly lower

but close to OLS, which hints at measurement error being a relatively less important

issue. The inclusion of the local demand shifter and control for population growth

in columns (3), (6) and (9) lowers estimates of the effect of house price growth on

startup creation by roughly 30% in both the OLS and IV cases. Cities where home

values appreciated more were also, all else equal, cities which experienced a favourable

economic environment and saw an influx of new residents attracted by local economic

conditions. Regardless, coefficient estimates for β remain statistically significant and

close to each other across the two IV strategies. The coefficient estimate in column (6)

suggests that a one percentage point increase in real house price growth is associated

with the startup rate going up by roughly 0.02 percentage points. In other words, a

10% annual increase in real house prices in a city compared to other cities will raise

the startup rate by only 0.2 percentage points. This suggests that the effect of house

prices on new firm formation is modest, given a startup rate on average around 8%

during the period and large differences across cities18. In Appendix 3.C.2, I use the

18See figure 3.1 and Appendix 3.C.1
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sensitivity instrument proposed by Guren et al. [2020]: My estimates for β with this

IV are almost identical to table 3.4, which reinforces my findings.

3.4.2 Intensive margin - Existing firms

The majority of new establishments created in any year are new firms, but between a

third and 40% of new establishments are created by existing firms. If the main effect of

home appreciation on business formation operates through increased collateral values

relaxing liquidity constraints, I expect house price growth to have a lower impact on

existing firms’ incentives to expand their activity through new establishments than on

new firms. To evaluate the importance of house prices on prospective entrepreneurs’

borrowing constraints, I re-estimate equation 3.5 with a different dependent variable,

the number of new establishments created by existing firms at time t normalized by

the total number of establishments. This existing establishment entry rate captures

the intensive margin of business creation. Table 3.5 presents my results:

Table 3.5: Impact of house price growth on existing firms’ establishment creation

OLS IV Strategy 1 IV Strategy 2

(1) (2) (3) (1) (2) (3) (1) (2) (3)

∆HPi,t−1,t -0.0018 -0.0042*** -0.0044*** 0.0064 0.0037 0.0044 -0.0000 -0.0042 -0.0038
(0.001) (0.001) (0.001) (0.005) (0.007) (0.007) (0.005) (0.006) (0.006)

Observations 4,952 4,952 4,893 4,952 4,952 4,893 4,952 4,952 4,893
Bus Cycle Controls NO YES YES NO YES YES NO YES YES

Pop Growth & Local Demand NO NO YES NO NO YES NO NO YES

Standard errors clustered at the CBSA-level. *** p<0.01 ** p<0.05 * p<0.1. All specifications include year and CBSA fixed effects.
IV strategy 1: Shift based on loan brokers’ employment changes. IV Strategy 2: Shift based on high DTI mortgage premium
changes. Bus Cycle Controls : CBSA-level unemployment rate changes and % changes in real GDP per capita. Pop Growth &
Local Demand: % changes in CBSA population and demand shifter. Demand shifter: Sum over QCEW supersectors of CBSA lagged
employment shares interacted with nationwide employment growth. Source: BDS, BLS, BEA, FHFA, Fannie Mae, Freddie Mac, QCEW
and author’s calculations.

Columns (4) to (9) show that IV estimates of the business creation elasticity β are

no longer statistically different from zero when looking at existing firms’ establishment
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creation. OLS estimates are negative, but their magnitude remains 7 to 10 times lower

than comparable estimates for the effect of house price growth on new firm formation

in table 3.4. These results imply that house price growth does not affect existing

firms’ decisions to expand, which is not surprising because new and young firms are

more likely to rely on the owner’s wealth than more mature firms. I draw similar

conclusions using the sensitivity IV in Appendix 3.C.2 and find no role for housing

wealth shocks on existing firms.

3.4.3 Industry-level analysis - The housing wealth effect and

collateral channels

I further investigate the relationship between house price changes and business cre-

ation in each city at the industry level. Looking at the industry by city data helps

me compare the importance of the collateral channel with housing wealth effects in-

creasing consumer demand. This also helps me look at possible industry composition

effects, where cities with higher home appreciation have an industrial structure which

is more sensitive to house price changes (e.g. non-tradeable sectors or industries

where it is easier to start a business). I estimate an equation similar to equation 3.5,

but at the industry-level:

si,j,t = β∆HPi,t + ΓXi,t + δi + δj,t + ϵi,j,t (3.6)

δj,t denotes 2-digit NAICS sector by year fixed effects to capture industry-specific

shocks. I follow an approach similar to Mian and Sufi [2014] and distinguish between

non-tradeable industries (retail trade, accommodation and food services and arts,
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entertainment and recreation) and construction versus other tradeable sectors19. I

estimate equation 3.6 separately for non-tradeable and construction and then for all

other sectors. For this latter group, housing wealth effects on consumption are likely

less important because the demand for tradeables is national. Therefore, I expect the

overall effect of home appreciation to be weaker: The impact of appreciation in home

values on business creation should only work through the relaxation of prospective

entrepreneurs’ borrowing constraints. This is what table 3.6 shows:

Table 3.6: Startup rate response to house price growth across industries

OLS IV Strategy 1 IV Strategy 2

All T NT & C All T NT & C All T NT & C

∆HPi,t−1,t 0.0240*** 0.0203*** 0.0328*** 0.0278*** 0.0239** 0.0366** 0.0292*** 0.0253** 0.0379**
(0.002) (0.003) (0.005) (0.008) (0.010) (0.016) (0.009) (0.010) (0.017)

Observations 63,652 44,691 18,961 63,652 44,691 18,961 63,652 44,691 18,961

Standard errors clustered at the CBSA x sector level. *** p<0.01 ** p<0.05 * p<0.1. All specifications include industry by
year and CBSA fixed effects, CBSA-level unemployment rate changes, % changes in real GDP per capita and % changes in
CBSA population. IV strategy 1: Shift based on loan brokers’ employment changes. IV Strategy 2: Shift based on high
DTI mortgage premium changes. T: Tradeable Sectors. NT & C: Non-tradeable sectors and Construction. See Appendix 3.C.1
for list of industries. Source: BDS, BLS, BEA, FHFA, Fannie Mae, Freddie Mac and author’s calculations.

IV coefficient estimates in columns (4) and (7) also show that within industries,

the effect of a 1% annual increase in house prices raises is not different (slightly higher)

than considering all sectors in a city together (table 3.4). It tends to indicate that

the impact of house price growth on new firm creation is unlikely to be explained by

differences in industrial structure across CBSAs.

The coefficient associated with the non-tradeable and construction sectors in

columns (6) and (9) is 50% stronger than for tradeable industries. Within non-

tradeables and construction, a one percentage point increase in real house price growth

raises the startup rate by roughly 0.037 percentage points, compared to 0.025 points

19See Appendix 3.C.1 for the list of tradeable and non-tradeable industries.

129



for non-tradeables in columns (5) and (8). Assuming that tradeable industries are

unaffected by wealth effects on consumption from higher local home values, this 50%

difference suggests that 2
3
of the impact of house price growth on new firm creation

comes from the relaxation of prospective entrepreneurs’ borrowing constraints rather

than housing wealth effects on consumption.

A caveat to this result lies in the possibility that, unlike products made by estab-

lished firms, tradeable goods produced by startups are not traded, because it takes

time and resources for young firms to create a network in other locations. In that

case, any effect of house price changes on firm formation in the tradeable sector would

only operate through wealth effects increasing consumer demand. While this does not

affect my findings suggesting a limited role for house price changes overall, it hints

at an even weaker role for housing wealth effects increasing consumer demand in the

tradeable sector versus non-tradeable industries.

My findings are different to Adelino et al. [2015], who find no role for housing

wealth effects on consumption demand in explaining a more significant impact of

house prices on small establishments to larger ones between 2002 and 2007. By

contrast, I find that it can explain up to 1
3
of the impact of house price changes on

new firm formation, vs 2
3
for the collateral channel. Many firms remain small, and

old-small businesses are much less sensitive to the business cycle than young-small

firms in the US (Fort et al. [2013]20). One potential explanation for our different

findings comes from the role of customer base acquisition, which is more difficult for

young businesses than mature firms, and a fortiori for newly created firms. It could

also explain why the impact of house price changes also operates through housing

wealth effects on consumption for new firms but not existing small businesses.

20Clymo and Rozsypal [2022] also confirm this finding using the universe of Danish firms: Young-
small firms are the most cyclical while old-small firms are among the least sensitive to the business
cycle.
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3.5 Conclusion

In this paper, I studied the effects of the early 2000 housing boom and bust on new firm

entry. I addressed the endogeneity of house prices by proposing a new instrument that

relies on geographical variation in households’ debt-to-income ratios before the 2000s

housing cycle as a proxy for borrowing constraints. I found a modest but statistically

significant effect of house price growth on firm entry: A one percentage point increase

in local real house price growth drove the startup rate by 0.02 percentage points. I find

that this effect of home appreciation on business creation mostly comes through the

relaxation of prospective entrepreneurs’ borrowing constraints rather than housing

wealth effects: It cannot be attributed to specific sectors such as non-tradeables and

construction. These findings also indicate that the impact of house price growth on

business creation is concentrated among new entrants, as it plays no role in existing

firms’ decision to expand their activity with new establishments.
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Appendix

3.A Appendix A

3.A.1 Additional evidence on business entry

Figure 3.A1: Establishment entry and existing establishment entry rate (1990-2014)
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Existing establishment entry rate: Ratio between the number of establish-

ments created by existing (age>0) firms at time t and the total number of

establishments. Source: Business Dynamics Statistics and author’s calcula-

tions.

Figure 3.A1 panel (a) shows the evolution of another measure of business cre-
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ation: The establishment entry rate, which represents the ratio between the number

of new establishments created during the year and the total number of establishments

between 1990 and 2014. It was trending down during the 1990s. It fell during the

1990 recession and after 2007, like the startup rate in figure 3.1. Panel (b) shows the

existing establishment entry rate, which measures the creation of new establishments

by existing firms. Unlike the startup rate, it is not trending down and is less cyclical.

3.A.2 Additional evidence from the SCF

I motivated my analysis by presenting figure 3.2 in section 3.2, which hinted at the

presence of credit constraints for entrepreneurs, especially those who started their

businesses recently (”Young Entrepreneurs”). While ”Young Entrepreneurs” report

being more credit constrained than the rest of the population, they are wealthier

and earn more, as shown in table 3.A1. As for other households, an important part

of their wealth resides in their housing (37% vs 43% for all households). It means

that the housing cycle of the 2000s could have driven the share of entrepreneurs who

report being credit constrained.
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Table 3.A1: Income, wealth and the housing share: 1992-2014

All Households Entrepreneurs Young Entrepreneurs

Income : Median 36309 64388 55369

Wealth : Median 77531 391844 194574

Housing as % Wealth : Median 42.74 34.82 37.26

N 188388 36753 7981

Entrepreneurs: Self-employed business owners. Respond positively to questions about owning and man-
aging a business (X3103 and X3104), and declare being self-employed (X4106). Young Entrepreneurs:
Entrepreneurs who started their business less than five years ago. Income and wealth (medians): Rounded
to the nearest integer. Housing share: Ratio between home value (gross) and total household wealth.
Source: Survey of Consumer Finances.

3.B Appendix B

This section contains additional information about the construction of the instruments

introduced in section 3.3.3. Table 3.B1 provides descriptive statistics for the sample

of mortgages securitized by Fannie Mae and Freddie Mac and used to estimate the

mortgage rate premium associated with a high DTI, a low FICO Credit Score and a

high LTV (equation 3.2). Unlike the share of high DTI mortgages, the percentage of

high LTV or low FICO mortgages did not increase during the housing boom. Panel

(b) of figure 3.B1 shows yearly averages of the interest rate premium for a mortgage

with a DTI above 43%, used to construct the second instrument Z2,i,t. It falls by 50%

between 2003 and 2006 before tripling after 2007.

Panel (a) shows yearly averages of the number of loan brokers used to construct

the first instrument Z1,i,t.
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Table 3.B1: Descriptive statistics - Mortgages securitized by Fannie Mae and
Freddie Mac (1999-2014)

All Years : 1999-2014 1999-2001 2002-2007 2008-2014

Interest Rate 5.53 7.33 6.01 4.46
(1.27) (0.69) (0.60) (0.89)

% DTI >43 20.05 19.89 24.10 16.04
(40.04) (39.92) (42.77) (36.70)

% FICO <660 9.64 16.50 14.32 2.69
(29.51) (37.12) (35.03) (16.17)

% LTV >80 16.64 27.51 15.23 14.50
(37.25) (44.66) (35.93) (35.21)

N 46664787 6558505 20082185 20024097

Sample of mortgages securitized by the two Government Sponsored Enterprises for
all 381 metropolitan CBSAs. It excludes mortgages originated in Puerto Rico and
without information about the CBSA. Source: Fannie Mae, Freddie Mac and author’s
calculations.

Figure 3.B1: Time series of the two IV shifts described in section 3.3.3
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3.C Appendix C

3.C.1 Additional details - Estimation (section 3.4)

Table 3.C1 gives the list of 2-digit NAICS sectors used in the city-by-industry regres-

sion analysis of section 3.4.3. I exclude the Agriculture (NAICS 11), Mining (NAICS

21) and Utilities (NAICS 23) sectors from my analysis because of few CBSAs with

a non-zero number of startups. I follow Davis and Haltiwanger [2021] and also omit

the Education (NAICS 61) and Other Services (NAICS 81) as they contain a large

number of non-profit businesses.

Table 3.C1: List of tradeables and non-tradeables & construction 2-digit NAICS
industries

Non-tradeables & Construction Tradeables

Accommodation and Food Services (72) Administrative and Support and Waste Management
Arts, Entertainment, and Recreation (71) and Remediation Services (56)

Construction (23) Finance and Insurance (52)
Retail Trade (44-45) Health Care and Social Assistance (62)

Information (51)
Management of Companies and Enterprises (55)

Manufacturing (31-33)
Professional, Scientific, and Technical Services (54)

Real Estate and Rental and Leasing (53)
Transportation and Warehousing (48-49)

Wholesale Trade (41-42)

Table 3.C2 presents descriptive evidence about house price changes and the startup

rate across CBSAs between 2002 and 2014. It shows a sizeable cross-sectional vari-

ation in new firm entry during the boom and the bust. During both periods, the

startup rate of cities in the 9th decile is 70% higher than for the bottom 10%. There

is a similarly large variation in house price growth throughout both periods.
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Table 3.C2: House price growth and firm entry across CBSAs - 2002-2014

Average Median P10 P90

Real estate boom: 2002 - 2007

Annual growth - House prices (%) 7.22 5.18 0.64 16.53
(6.98)

Annual growth - Real house prices (%) 4.57 2.69 -1.97 13.11
(6.68)

Startup rate (%) 9.19 9.03 6.81 11.60
(1.89)

Real estate bust: 2008 - 2014

Annual growth - House prices (%) -1.61 -1.41 -9.71 7.19
(7.07)

Annual growth - Real house prices (%) -3.19 -3.01 -10.53 5.22
(6.83)

Startup rate (%) 7.56 7.57 5.43 9.48
(1.63)

Real house prices are constructed using nominal house price indices from FHFA and
the GDP deflator from BEA. Source: BDS, FHFA, BEA.
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3.C.2 Impact of house price changes on firm entry - Sensi-

tivity IV

Guren et al. [2020] propose an instrument that exploits the fact that when house

prices change at the regional level, some cities are more sensitive than others. Fol-

lowing their example, when house prices change in the Northeast region, they tend to

respond more systematically in Providence than in Rochester (Guren et al. [2020]).

They estimate the sensitivity of CBSAs to regional house price cycles by using the

variation in city-level prices that is orthogonal to local economic conditions, and ob-

tain a sensitivity estimate for each metropolitan CBSA, γ̂i. I use their γ̂i estimates

for each city i and follow their approach of interacting it with regional house price

changes using a leave-one-out procedure that excludes CBSA i. The sensitivity IV

for house prices becomes:

Z3,i,t = γ̂i ×∆HPr,−i,t (3.7)

HPr,−i,t represents the regional price index in the US Census Region r constructed

by excluding CBSA i. Table 3.C3 presents estimates of the impact of house price

changes on new firm formation using this instrument. IV estimates are close to those

of table 3.4 and also hint at a modest role for house price growth in explaining the

formation of new firms, with a 1% annual increase in real house prices driving the

startup rate by 0.018 percentage points versus 0.02 points in table 3.4. Table 3.C4

presents estimates of the impact of home appreciation on existing firms, which are

similar to table 3.5 and show no role for house price changes in existing firms’ decision

to expand through new establishments.
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At the city by industry level, table 3.C5 shows that the impact of house price

growth on new firm formation was 50% stronger for Non-Tradeables and Construction

(0.021 percentage points) than for Tradeables (0.014) percentage points. Although

coefficient estimates are lower, these results are consistent with table 3.6.

Table 3.C3: Startup rate response to house price growth with sensitivity IV

OLS Sensitivity IV (GMNS)

(1) (2) (3) (1) (2) (3)

∆HPi,t−1,t 0.0390*** 0.0398*** 0.0304*** 0.0262*** 0.0255*** 0.0179***
(0.004) (0.004) (0.004) (0.005) (0.005) (0.005)

Observations 4,953 4,953 4,894 4,940 4,940 4,894
Bus Cycle Controls NO YES YES NO YES YES

Pop Growth & Local Demand NO NO YES NO NO YES

Standard errors clustered at the CBSA-level. *** p<0.01 ** p<0.05 * p<0.1. All specifications include
year and CBSA fixed effects. Bus Cycle Controls : CBSA-level unemployment rate changes and %
changes in real GDP per capita. Pop Growth & Local Demand: % changes in CBSA population
and demand shifter. Demand shifter: Sum over QCEW supersectors of CBSA lagged employment share
interacted with nationwide employment growth. Source: BDS, BLS, BEA, FHFA, QCEW and author’s
calculations.
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Table 3.C4: Impact of house price growth on existing firms’ establishment creation
with sensitivity IV

OLS Sensitivity IV (GMNS)

(1) (2) (3) (1) (2) (3)

∆HPi,t−1,t -0.0018 -0.0042*** -0.0044*** -0.0003 -0.0030 -0.0030
(0.001) (0.001) (0.001) (0.002) (0.002) (0.002)

Observations 4,952 4,952 4,893 4,939 4,939 4,893
Bus Cycle Controls NO YES YES NO YES YES

Pop Growth & Local Demand NO NO YES NO NO YES

Standard errors clustered at the CBSA-level. *** p<0.01 ** p<0.05 * p<0.1. All specifications include
year and CBSA fixed effects. Bus Cycle Controls : CBSA-level unemployment rate changes and %
changes in real GDP per capita. Pop Growth & Local Demand: % changes in CBSA population
and demand shifter. Demand shifter: Sum over QCEW supersectors of CBSA lagged employment
share interacted with nationwide employment growth. Source: BDS, BLS, BEA, FHFA, QCEW and
author’s calculations.

Table 3.C5: Startup rate response to house price growth across industries -
sensitivity IV

OLS Sensitivity IV (GMNS)

All T NT & C All T NT & C

∆HPi,t−1,t 0.0240*** 0.0203*** 0.0328*** 0.0157*** 0.0138*** 0.0206***
(0.002) (0.003) (0.005) (0.003) (0.003) (0.006)

Observations 63,652 44,691 18,961 63,490 44,580 18,910

Standard errors clustered at the CBSA x sector level. *** p<0.01 ** p<0.05 * p<0.1. All
specifications include industry by year and CBSA fixed effects, CBSA-level unemployment
rate changes, % changes in real GDP per capita and % changes in CBSA population. T:
Tradeable Sectors. NT & C: Non-tradeable sectors and Construction. See Appendix 3.C.1 for
list of industries. Source: BDS, BLS, BEA, FHFA and author’s calculations.
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