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Abstract

This dissertation consists of three essays analyzing policies that affect differ-
ent aspects of labor supply. Economists are interested in many different aspects
of labor supply decisions, such as whether to participate in the labor market,
amount of work conditional on participation and career choice, among others.
At the same time, a wide range of policies can impact labor supply such as: tax,
immigration, healthcare, and unionization policies, among others. Analyzing
policies using appropriate methodology may assist policymakers by presenting
alternative solutions, trade-offs, and intended and unintended consequences of
economic policies. While some of these issues have been explored extensively,
others remain relatively unexplored. In this dissertation, I explore three such
unexplored problems. First, I analyze the dynamic decision processes of en-
trepreneurs. Second, I explore the impact of the cost of health insurance on en-
trepreneurial activities. Third, I evaluate the effect of the availability of health

insurance on workplace absenteeism.

The first essay explores what induces individuals to become entrepreneurs cre-
ating jobs. Extant structural labor supply models used for ex-ante policy evalu-

ations mostly exclude entrepreneurs. The first essay develops and estimates the
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tirst dynamic structural micro-econometric model explicitly accounting for the
employer and non-employer entrepreneurs. In the model, individuals in each
period choose to work as an employee, as one of the two entrepreneur types, or
be non-employed. Different types of work experiences may affect earnings in
the three careers in different ways. The model, estimated using German survey
data, replicates key data patterns. This essay simulates how policy scenarios

would affect individuals” choices to become employers and non-employers.

The second essay explores whether the cost of health insurance affects entry
into entrepreneurship. Entrepreneurship literature argues that a lack of access
to health insurance is a potential barrier to become an entrepreneur (entrepreneur-
ship lock), especially for individuals with a chronic health condition. Several
papers have explored whether the guaranteed availability of health insurance
brought about by the Affordable Care Act (ACA) of 2010 has increased the level
of entrepreneurship, with conflicting results. However, the current literature
focuses only on the availability of health insurance but not the cost of obtain-
ing insurance. This essay explores whether the cost of health insurance rather
than availability is a barrier to entrepreneurship. The results suggest that the
probability of entry into self-employment is not sensitive to health insurance

premiums.

The third essay examines whether the expansion of health insurance coverage
brought on by the Patient Protection and Affordable Care Act of 2010 (ACA),
led to a decline in absenteeism among overweight and obese individuals. This
essay uses data from the National Health Interview Survey (NHIS) to com-

pare absenteeism among overweight and obese workers to absenteeism among
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normal-weight workers before and after the ACA. Results suggest that in the
post-ACA period, the probability of being absent declined by about 1.3 (1.5)
percentage points among obese (overweight) individuals. Disaggregated re-
gressions suggest that the effect is significant among women but not among
men. Furthermore, estimates (using a Tobit model) indicate that the obese (over-
weight) workers missed 0.32 (0.48) fewer days after the ACA. Again, the effect
is concentrated among women. Results show that improved health outcomes
led to reduced absenteeism. Results also show that there is no decline in absen-
teeism among elderly (age>=65) adults (who did not experience any increase in
health insurance coverage as a result of the ACA), suggesting that the decline
in absenteeism is indeed due to the expansion of health insurance coverage due
to the ACA. Estimates of this essay imply that the ACA reduced the cost asso-

ciated with absenteeism by about $350 million per year.
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Chapter 1

Employer and Non-employer
Entrepreneurs: A Dynamic

Structural Microeconometric Model

(with Frank M. Fossen & Sankar Mukhopadhyay)

1.1 Introduction

The interplay between the accumulation of work experience, returns in form of
labor earnings, and the corresponding incentives for labor supply over the life
cycle has been studied intensively for wage and salary workers. However, we
know little in this context about the roughly ten percent of the labor force who
are entrepreneurs, although entrepreneurial activity is crucial for job creation,
innovation, and growth. In particular, policymakers are eager to understand the
individual decision to hire workers and to become an employer-entrepreneur:

individual who starts business and hires employee(s). Employer-entrepreneurs



exhibit higher growth ambitions, are more likely to be innovators, and there-
fore have a stronger impact on the economy than non-employer-entrepreneurs:

individuals who start business but do not hire employee(s).

The values of work experience gained from being an employee, an employer,
or a non-employer, may be different in each of these employment states. It is
important to understand how experience from the different employment states
is valued in the same and other states. The structure of returns to experience
within and across labor market activities will determine the dynamics of indi-
vidual decisions to supply labor as employees, employers and non-employers
over the life cycle. Understanding how incentives drive these dynamics will not
only advance the literatures on labor supply and entrepreneurship, but also
help policymakers to design policies that influence entrepreneurship and job

creation, e.g. through tax policy, social insurance or subsidies.

In this chapter, we develop a dynamic structural microeconometric model of la-
bor supply over the life cycle with the choice options of being a non-employer-
entrepreneur, an employer-entrepreneur, an employee, or non-employed. Earn-
ings in the different alternatives depend on types of experience gained from the
different employment forms. In our model individuals’ preferences may be dif-
ferent in both observable and unobservable ways. This approach allows us to
take into account selection into different careers due to observable and unob-

servable characteristics.

To estimate our dynamic structural model, we use the world’s largest house-
hold panel survey that includes annual information over a sufficiently long

time period and distinguishes between employer and non-employer entrepreneurs,



the German Socio-Economic Panel Survey (SOEP). The estimated dynamic struc-
tural model fits key properties of the representative data well, such as the age-
participation and age-earnings profiles of employees, non-employers, and em-
ployers. We use the estimated model to simulate the effects of hypothetical tax

or subsidy policies on entrepreneurial activity.

Our main contribution to the literature is that we provide the first dynamic
structural microeconometric model of labor supply that takes into account non-
employer entrepreneurship and employer-entrepreneurship. Our results sug-
gest that transferability of experience between sectors is one way. In particu-
lar, returns to work experience accumulated as an entrepreneur are negligible
or even negative for employees. However, experience accumulated as an em-
ployee substantially increases the earnings of an entrepreneur. Our policy sim-
ulations are examples of the wide range of applied research questions that our

estimated model is suitable to address.

The literature on dynamic structural labor supply models (e.g., Keane and Wolpin,
1997; Haan and Prowse, 2014, using the SOEP) has tremendously improved our
understanding of labor market dynamics and lays the methodological founda-
tion for this chapter. However, this literature mostly ignores entrepreneurship
and usually excludes the entrepreneurs from the estimation samples. It does
not address the possibility of selection bias arising from dropping roughly ten

percent of the working population who make this choice at each point in time.

Parallel work by Hincapié (2020) and working papers by Dillon and Stanton

(2017) and Humphries (2018) are notable exceptions. These authors include



self-employment in dynamic structural models using different data for dif-
ferent countries, but do not distinguish between non-employers and employ-
ers. Given the importance of job creation and growth orientation in the policy
debate on entrepreneurship, this distinction is an important contribution we
make. Hurst and Pugsley (2011) report that most self-employed individuals
without employees have no intention to grow or to hire workers. Therefore,
modeling the self-employed with or without employees the same way can re-
sult in misleading policy conclusions for policymakers intending to promote
entrepreneurship in order to stimulate economic growth and jobs.! In fact, in
his conclusion, Hincapié (2020) calls for further research investigating which
entrepreneurs hire workers to shed light on job creation. In this chapter, we

document that employers and non-employers are very different.

An emerging literature investigates the determinants of becoming an employer,
without estimating dynamic structural models. Haltiwanger et al. (2013) iden-
tify firm age as a crucial determinant of the decision to hire workers. Consis-
tent with this, Fairlie and Miranda (2017) document that many entrepreneurs
start solo and decide to hire their first employee within the first three years af-
ter start-up. These findings underline the importance of dynamic choices in this
context, which is an important motivation for our chapter. Caliendo et al. (2019)
test the effects of various individual characteristics on the choices to switch be-
tween non-employer and employer entrepreneurship, paid employment, and

non-employment, in a reduced form approach using the SOEP. The results from

!The extent papers partially distinguish between entrepreneurs with incorporated and unin-
corporated businesses. This approach of capturing heterogeneity among entrepreneurs has im-
portant limitations, as the decision to incorporate depends on the current legal context around
liability issues and specific tax rules that differ across countries and US states and often change
over time.



this paper guide us to identify relevant variables for individual heterogeneity
in our structural model. Astebro and Tag (2017) report that high-ability indi-
viduals are more likely to create jobs than low-ability individuals. This is in
line with Caliendo et al. (2019), who find that higher education levels increase
the probability of becoming an employer-entrepreneur, and consistent with our
structural estimation results in this chapter. In contrast to our structural model,
the results from these reduced form estimations cannot be used for ex-ante sim-

ulations of the effects of hypothetical policies on entrepreneurship.

A small literature proposes static structural or semi-structural models of en-
trepreneurship (e.g., Rees and Shah, 1986; Fossen, 2009; Wen and Gordon, 2014).
Some of these models include lifetime earnings as an input into a utility func-
tion, but the decision to be an entrepreneur is assumed to be a static decision
in these papers. We argue that it is important to model entrepreneurship in a
dynamic programming framework because we observe in the data that most
entrepreneurs start working as paid employees and switch to entrepreneurship
many years later. We also frequently observe transitions back to paid employ-
ment after working as an entrepreneur. The existing static models cannot cap-
ture any of these dynamics, whereas our model fits the observational patterns
well and provides a rationale for them. This makes policy simulations based on
our estimated dynamic model more plausible and reliable. None of the struc-
tural models provided in the literature distinguish between non-employer and
employer entrepreneurs, whereas we include the dynamics of the important

decisions to hire and to keep workers.



This chapter proceeds as follows. Section 1.2 lays out the dynamic structural mi-
croeconometric model and Section 1.3 introduces the data. Section 1.4 presents
the estimation results and Section 1.5 policy simulations. Section 1.6 concludes

the analysis.

1.2 Dynamic Structural Model of Entrepreneurship

Our model focuses on four mutually exclusive and exhaustive choices for indi-
viduals. The four options to choose from as career are (k = 1) non-employer-
entrepreneurship, (k = 2) employer-entrepreneurship, (k = 3) employed, and
(k = 4) non-employed. Each individual’s life span is finite, i.e. the individual
optimization starts at age 18 and ends at age ¢t = 7. Individual ¢ can choose any
of the four options at any age ¢, which will maximize the sum of their current
and expected future utility until the end of the life span. Suppose d;;, = 1 if
alternative £ is chosen by individual 7 at current age ¢, where £ = 1,2,3,4. We
take into account unobserved heterogeneity by modeling three discrete unob-
served types; j(i) = 1,2, 3 indicates the type of individual i. The current period

alternative-specific utility function for each individual is given by

Gtk . ik =1,2,3:p>0
Uk () =41t Pw (1.1)

Baja) +vaq; itk =4,

where consumption ¢;;; = max (Wi — Tk, 0), and w;y, and 74, capture the an-
nual earnings and the income tax liability of an individual, respectively. The

coefficient of constant relative risk aversion, p, depends on unobserved types.



In Germany, unemployed individuals receive unemployment benefits for usu-
ally the first year of an unemployment spell, but only lower unemployment
assistance thereafter. Therefore, utility for the non-employed individuals de-
pends on two components, fixed utility from non-employment depending on
type, (4,(i), which includes utility from leisure and from unemployment assis-
tance, and one-time unemployment benefit, 7. The indicator ¢; equals one at the

beginning of an individual’s unemployment spell and zero thereafter.

Individuals’ earnings from labor (k = 1, 2, 3) are stochastic and given by Mincer-

type earnings functions as follows:

I (wiek) =Brjs) + k€11 + Qorel oy + Qapeaii 1 + ke
2
+ A5k€35,t—1 + a6k63,i,t—1 + Sk]l(k:zt 7é ki,t—l) (12)

+ ar,(University degree,,, ) + as,(Academic track;y,) + €,

where €, is a vector of serially uncorrelated jointly normally distributed shocks
with mean 0 and variance-covariance matrix X. The indicator function, 1, takes
value 1 if the choice in the previous period and the current choice are not the
same. The coefficient ¢, is the one period search and transition cost incurred by
an individual. The two education dummies are one if an individual’s highest
educational attainment is a university degree or a high school leaving certificate
that qualifies for university entry, respectively. A lower degree (vocational or no
degree) is the omitted base category. The parameters o, represent the return to

career-specific experience and educational attainment.



An individual’s experience vector, ey, evolves according to

kit = Chit—1 + it (1.3)

We approximate the German progressive personal income tax schedule and so-
cial security contributions by estimating a regression of individual tax liabili-

ties? as a non-linear function of before-tax annual earnings:

_ 2 3
Titk =Tok T T1kWitk + TopWyy, + T3pWiyy, + Tarage + TspWigpage

(1.4)
+ Wﬁkw?tkage + 7r7kwf’tkage + €.

We estimate this regression outside of the model; the estimated coefficients
can be interpreted as tax parameters that capture the progressive tax schedule.
The German personal income tax rules are mostly the same for income from
different sources, in particular, from paid employment and self-employment,
but social security contributions differ (the self-employed are exempt in most
cases). We estimate separate tax regressions by employment state (employee,
employer, non-employer) to allow for differences in effective taxation. This in-
cludes potentially better tax avoidance and evasion possibilities for the self-
employed in comparison to employees (Kleven et al., 2011; Fossen et al., 2020).
Although income taxes do not directly depend on age, the interaction terms

with age capture individual circumstances that change with age on average,

2The SOEP survey asks respondents for before-tax and after-tax labor earnings in the month
before the interview. We multiply by twelve to approximate annual labor earnings and calculate
the tax liability as the difference.



such as marital status, number of children, and health expenses. These circum-

stances affect taxes, but are not modeled explicitly here.

In our model, an individual maximizes the present value of remaining lifetime
utility at any age. Suppose V,, (-|€2;) is the value function of an individual with
discount factor 9, set at 0.99. €2, represents the relevant components of the state

space. The value function is given by

T
Vi (/) = max E >

s=tg

4
570 STULE () dis| e | - (1.5)
k=1

Then the Bellman equation is given by

Vi (90) = Uf, oy () + 0BV, (Qa); ift < T ",
Vi (190) = Ulp ()5 ift="T.

We solve the Bellman equation by using backward recursion, beginning with
the last period T. We use Monte Carlo integration to compute the multi-dimensional
integrations necessary to calculate the expected value of the maximum of the
alternative-specific value functions. We evaluate the value of the Emax function
at every possible state point. The model is estimated by simulated maximum

likelihood.

Let O;; represent the outcomes (choices and earnings if individuals choose to
work) of individual ¢ at age t. Also, let /; denote the set of initial conditions for

that individual. Let Pr(j(i) = 1|/;) denote the type probability, which depends

3We only provide an outline of the solution and estimation methods since they have been
described in detail elsewhere (Keane et al., 2011; Imai and Keane, 2004).
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on initial conditions. The unobserved type is assumed to be known to the in-
dividual but not to the econometrician. The likelihood for individual ¢ can be
written as the product over the age-specific choice probabilities and the prob-
ability of observing the corresponding wage (if applicable), integrating over
the unobserved type. Thus, the contribution to the likelihood of individual i is

given by
3
Li =Y Pr(OulOig), .-, Ougi (i) = 4, ) Pr(j(i) = j1I) . (17)
j=1

To illustrate the calculation of the likelihood, suppose that the kth alternative
is chosen by individual 7, and we observe a wage at age ¢. The probability of
observing that choice and wage combination outcome conditional on the state

space (which includes O;;_1), ..., Oy, I;, and type) is

Pr(OulOs 1), s Oug3 (i) = 4, ) Pr (j(i) = j111)
= Pr(dur = 1, wi|Qis, 1, j(i) = J)

= Pr (ditkawitlgita]i) f (wit|Qita]i7j(i) = J)>
(1.8)

where f (w;t|Q, I;, j(i) = j) is the wage density. The overall likelihood for i =

1, ..., N individuals is the product over the individual likelihoods:

L=]] L. (1.9)
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In our numerical implementation, we assume that there are three unobserved

types, and that the type probabilities are multinomial logistic. In particular,

Pr(j) = 111 =+ (1.10)
eSli
Pr(j(i) =2|L;) = T ol 5 och (1.11)
Pr(j(i) =3|L) =1 Pr(j(i) = 1{I;) — Pr(j(i) = 2|L). (1.12)

The vector of initial conditions I; consists of a constant, a dummy variable
indicating whether the respondent’s father was self-employed when the re-
spondent was 15 years old, the respondent’s general willingness to take risk,
locus of control, a dummy indicating whether the respondent lives in east-
ern Germany, and migration background. The corresponding coefficients are
n = {10, M, n2,M3,M4,m5} and ¢ = {(o, 1,2, (3, (4, (5. We allow risk preference
(p), the constants in the choice-specific wage functions (5;), and the value of

leisure to vary across the unobserved types.

The model parameters enter the likelihood function through the choice proba-
bilities that are computed from the solution of the dynamic programming prob-
lem. We calculate the derivatives of the log likelihood function numerically. To
calculate numerical derivatives, we use a step size equal to 1% of parameter
estimates. The maximization of the likelihood function iterates between solv-
ing the dynamic program and calculating the likelihood.* We use a subrou-
tine called HOPSPACK (Plantenga, 2009), a hybrid optimization parallel search

package developed by Sandia National Laboratories. This subroutine uses a

4We used 500 simulations for each individual to calculate the likelihood.



12

Generating Set Search (GSS) algorithm for optimization. To obtain the standard
errors of the estimates we invert the average of the product of the score matri-

ces. This is known as the BHHH estimator (Berndt et al., 1974).

1.3 Panel Data

To estimate our dynamic structural model, we use the German Socio-Economic
Panel Survey (SOEP). This large household panel survey is representative for
Germany (Goebel et al., 2019) and provides annual information on individuals,
including non-employers and employers, over a sufficiently long time period.
We use the waves from 2000 to 2016 (the survey was significantly enlarged in
2000). We focus on men at the prime working age between 18 and 57 years
of age. This way, we can abstain from modeling non-participation of married
mothers and early retirement decisions. Respondents who answer that their
primary labor activity is self-employment are asked whether they have no em-
ployees (labeled as non-employer), or 1-9, or 10 or more (both labeled as em-
ployers). A non-employer could have one or more partners in a partnership
business, who are not employees. We exclude individuals who have less than
three consecutive observations. After excluding individuals with missing val-
ues in our variables, we work with an unbalanced panel (minimum length 3
and maximum length 17 years) with 50,190 observations from 6,313 individu-

als.

Table 1.1 presents the descriptive statistics for the four employment states. In
our data, the average age varies from 39.12 for the non-employed to 43.75 years

for employers. We group individuals into three categories according to their



13

Table 1.1: Summary Statistics

Variable Non-employer  Employer Employed Non-employed
Highest educ. degree

Vocational 0.50 (0.50) 0.48 (0.50) 0.65 (0.48) 0.75 (0.43)

Academic track 0.33 (0.47) 0.23 (0.42) 0.22 (0.41) 0.17 (0.38)

University degree 0.17 (0.38) 0.29 (0.46) 0.13 (0.34) 0.08 (0.27)
Experience (years)

Non-employer 5.57 (4.23) 2.30 (2.47) 0.17 (0.78) 0.56 (1.69)

Employer 2.47 (3.32) 8.01 (5.37) 0.14 (0.94) 0.35 (1.46)

Employed 11.36 (6.71) 10.67 (5.49) 18.40 (9.13) 12.57 (9.27)
Earnings 40.15 (35.06)  67.38 (63.07) 38.29 (22.69)
Age 42.94 (8.09) 43.75 (7.50)  40.75 (8.98) 39.12 (10.56)
Father entrepreneur 0.10 (0.30) 0.18 (0.39) 0.07 (0.25) 0.07 (0.26)
Willingness to take risk 5.83(2.17) 5.96 (2.08) 5.11 (2.12) 5.24 (2.32)
Locus of control 29.38 (5.96) 3143 (5.72)  28.82 (5.70) 25.93 (6.42)
East Germany 0.25 (0.43) 0.19 (0.40) 0.22 (0.42) 0.33 (0.47)
Migration background 0.13 (0.34) 0.14 (0.34) 0.17 (0.37) 0.24 (0.43)
N 2396 3327 39204 5263

Notes: The table shows sample means by career choice group. Earnings (> 0) are annual in real $1000 in
prices of 2005. Standard deviations in parentheses.

highest formal educational degree obtained: vocational school track (the higher
secondary school degree “Abitur”, which qualifies for entry into university in
Germany, was not obtained), academic school track (“Abitur” obtained), and
university degree. The table shows that employers on average have the highest
level of formal education and the non-employed the lowest. About 29 percent
of employers have a university degree compared to only 8 percent of the non-

employed.

As discussed above, we distinguish between different types of experience. Indi-
viduals who are currently working as employees have, on average, 18.40 years
of experience as employees, but little experience from entrepreneurship. In con-
trast, individuals who are working as non-employers have, on average, 5.57

years of experience as non-employers and 2.47 years as employers, but only
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11.36 years of experience as an employee. Similarly, employers have, on aver-
age, 2.30 years of experience as non-employers, 8.01 years as employers, and

10.67 years as an employee.

A number of other characteristics that may affect individual labor market deci-
sions are used to determine the unobserved type probabilities. These variables
include the self-reported general willingness to take risk on a Likert scale from
0 (completely unwilling) to 10 (completely willing)’ and a measure of locus of
control. Individuals have an internal locus of control if they believe that out-
comes are the consequences of their own actions rather than of luck or fate
(Rotter, 1966).° Furthermore, we include family and demographic background
variables such as migration background, whether a respondent is living in the
area of former East Germany, and whether his or her father was self-employed

when the respondent was 15 years old.

1.4 Estimation Results

In this section, we report the estimated parameters, assess how the estimated
model fits the data, and present simulation results. Table 1.2 (Panel A) shows
the estimates of the parameters of the earnings functions for non-employers,
employers, and employed individuals. The returns to the higher secondary

school degree “Abitur” (academic track) are comparable for employer entrepreneurs

>Dohmen et al. (2011) show that this survey measure of risk attitudes is a good predictor of
actual risk taking behavior.

®In the survey, respondents are asked to state how much they agree with ten statements
about themselves on a Likert scale from 1 to 7. This short inventory is used to calculate a score,
with a high score indicating an internal locus of control.
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and employees, while the returns to a university degree are highest for employ-
ers. Transition cost is largest for non-employer entrepreneurs; the parameter is
added to wages in Eq. 1.2 for individuals making a transition. Our estimate sug-
gest that an individual who becomes a non-employer entrepreneur experiences
a one-time cost amounting to 16 percent of the year’s earnings. Panel B dis-
plays the estimated parameters in the utility function (Eq. 1.1). Estimates of the
constant relative risk aversion parameters suggest that Type 1 individuals are

different from Type 2 and Type 3 individuals in terms of their risk preferences.

Table 1.2: Estimates of the Parameters of the Earnings and Utility Functions

Panel A: Earnings Functions

Parameter Variable Non-employers Employers Employed
(k=1 (k=2) (k=3)

Bt Constant type 1 0.7666 (2.9539)  0.5154 (4.6325)  0.8601 (0.3172)

B2 Constant type 2 1.7466 (2.9988)  2.1483 (4.0983)  2.9217 (0.1787)

B3 Constant type 3 1.3045 (2.9358)  1.1937 (4.6901)  2.3410 (0.2061)

Q1 Exp. non-employer linear ~ 0.2370 (0.1198)  0.0559 (0.1234) -0.0711 (0.0231)

Qo Exp. non-employer squared -0.0120 (0.0006) -0.0065 (0.0009)  0.0035 (0.0003)

Qs Exp. employer linear 0.0814 (0.1437)  0.3240 (0.0837) -0.0040 (0.0308)

Qg Exp. employer squared -0.0037 (0.0011) -0.0155 (0.0004)  0.0002 (0.0002)

Qs Exp. employee linear 0.0811 (0.1138)  0.0752 (0.1678)  0.0820 (0.0075)

ek Exp. employee squared -0.0042 (0.0003) -0.0043 (0.0005) -0.0019 (1.82e-5)

ar Academic track 0.2571 (0.5725)  0.3323 (0.6371)  0.3495 (0.0214)

Qg University degree 0.4197 (0.8412)  0.7153 (0.6806)  0.6211 (0.0344)

&k Transition cost -0.1623 (0.0792)  -0.0389 (0.0316) -0.0455 (0.0037)

Panel B: Utility Functions

Parameter Variable Type 1 Type 2 Type 3
G=1 G =2 (j=3)

pj Constant Relative Risk

Aversion coefficient 0.7604 (0.0066)  1.2528 (0.0030) 1.2616 (0.0007)
Ba; Constant utility of
non-employed individuals ~ 6.8225 (1.7138) -2.0007 (0.4038) -2.0006 (0.0937)
v One-period unemployment
benefit (for all types) 0.0028 (0.0005)

Notes: Panel A shows the estimated parameters of the earnings functions corresponding to the different choice
alternatives (k = 1, 2, 3 represent non-employers, employers, and employed individuals, respectively). 3y ; is the
career-specific constant in the Mincer-type earnings function, which depends on unobserved types (j = 1,2, 3).
The parameters «,,;, represent the return to career-specific experience and education categories relative to voca-
tional degree. The parameters £, represent one period search and transition cost.

Panel B shows the estimates of the parameters of the utility functions The CRRA coefficients and the constant
utility of non-employed individuals depend on the unobserved type, but the one-period unemployment benefit
parameter does not.

Standard errors at 1% deviation are in parentheses.
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Further parameter estimates appear in the Appendix. Table 1.A.1 presents the
estimates of the parameters of the determinants of the type probabilities. Table
1.A.2 shows the estimates of the variance co-variance matrix. Table 1.A.3 dis-
plays the estimated regression coefficients of the individual tax liability func-
tion. The coefficients reflect the nonlinear schedules of personal income taxes
and social security contributions in Germany, tax-relevant circumstances that
on average change with age, and differences in effective taxation between em-
ployees and the self-employed. Evaluated at the average age, the differences

between the tax functions for the different groups are small.”

To assess how well the estimated model fits the data, we use it to simulate var-
ious statistics and compare them with sample statistics. Columns 2-3 in Table
1.3 compare the actual with the simulated participation rates in the four differ-
ent employment states, averaged over the whole life-cycle. To generate these
columns, we simulate® choices for all the individuals in our sample, starting
with their initial conditions. Overall, the simulated model is able to replicate
the career choice pattern in the data, although the participation rate of non-
employer entrepreneurs is smaller in our simulations than what we observe in

the data, and the non-employment rate is somewhat larger.

Before discussing the model fit further, we point out the importance of mod-
eling unobserved heterogeneity. Estimates in Columns 4-6 in Table 1.3 suggest
that 7.6 percent of individuals in our sample are Type 1, 47.5 percent are Type
2, and 44.9 percent are Type 3. To compare and contrast the types, in this ta-

ble we simulate the participation probabilities in the different career choices

"Plots are available from the authors on request.
8Each individual has been simulated 1000 times at each time point over the life span.
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Table 1.3: Participation Rates: Actual, Simulated, and Type Specific Simulated

Actual Simulated Typel Type2 Type3

Non-employer  4.77 2.44 10.96 1.41 2.69
Employer 6.63 5.57 5.07 7.34 3.58
Employed 78.11 78.32 2378 8459  79.75

Non-employed 10.49 13.67 60.19 6.66 13.99
Share of type 100% 100% 7.64% 47.46% 44.90%

Notes: Columns 2-3 compare the actual and simulated (considering unob-
served heterogeneity) participation rates. Columns 4-6 show the simulated
participation rates pretending that everybody was a specific type. The last
row shows the estimated shares of the specific types in the sample. The total
number of observations is 50,190.

that would occur if everybody in the sample was of one particular type. For
example, Type 1 individuals (7.6 percent of our sample) spend most of their
time in non-employment (60.2 percent vs. 13.7 percent in the combined sample).
They are also substantially more likely to be non-employer entrepreneurs com-
pared to the other types. Type 2 individuals are less likely to be non-employed

and more likely to be employer entrepreneurs or employees compared to other
types.

Next, we compare the life cycle profiles of career choices. We show the model fit
in five-year age groups.’ In Germany, the share of employees declines slightly
from more than 80 percent in the early thirties to below 80 percent above 40
years of age, as shown in panel (a) in Figure 1.1. The model simulation repli-
cates this decreasing pattern. In addition, panel (b) (Figure 1.1) shows that the
percentage of individuals who are employer-entrepreneurs increases with age
from about 2 percent among 25-29 year old men to about eight percent by their

early forties and then remains stable. The simulated data replicates both the

9We begin at age 25 since the number of entrepreneurs is small (less than one percent) in the
early 20’s and the focus of this chapter is on entrepreneurship.
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increase with age and then the leveling off. However, in the early part of the
life-cycle, the predicted rate of employer-entrepreneurship is lower in the sim-
ulations than in the observed data.

Figure 1.1: Participation Fit By Five Years Age Band
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Our model is less successful in replicating the percentage of men who choose
non-employer entrepreneurship. In the data, the percentage of individuals who
are non-employers increases with age from about two percent among 25-29 year
old men to almost six percent above 40 years, when the participation rate levels
off (panel (c) in Figure 1.1). Our simulated data replicates this pattern, but the
percentage of individuals in non-employer entrepreneurship in the simulated
data increases from about one percent to little under four percent. Panel (d)

(Figure 1.1) shows the participation rates of the non-employed individuals.
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Figure 1.2: Earnings Fit By Five Years Age Band
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Table 1.4: One Year Transition Matrix - Actual Versus Simulated

Non-employers Employers Employed Non-employed

Panel A: Actual

Non-employers 73.73 13.49 5.41 7.37
Employers 8.99 84.22 4.78 2.02
Employed 0.39 0.51 95.35 3.74
Non-employed 4.28 1.54 28.13 66.06
Panel B: Simulated

Non-employers 62.66 15.89 9.88 11.57
Employers 7.34 69.24 18.72 4.70
Employed 0.48 2.16 77.38 19.99
Non-employed 1.92 2.20 72.70 23.18

Note: The number of observations in each panel is 50,190.

Our simulated model is able to replicate the employment dynamics observed
in the data fairly well. Table 1.4 presents a one-year transition matrix — Panel
A shows the actual data and Panel B shows the simulated transition rates. The
simulated rates replicate the overall pattern, although the persistence is lower

than what we observe in the data, especially in non-employment.

Next, we assess the fit of individual labor earnings over the life-cycle. As shown
in Figure 1.2, the simulated data from the estimated model replicates the growth
in earnings in all three different careers. In the data, the age-earnings profile of
employers is the steepest, followed by non-employers, and the age-earnings

profile of employees is the flattest. Our model produces the same pattern.

The age-earnings profiles mask substantial heterogeneity in the own and cross
returns to experience. Table 1.5 shows how the earnings in each of the careers
change with own and cross experiences. In this table, we present the returns
to own and cross experiences of an average individual in each of the three ca-

reers. For example, in our sample, an average non-employer entrepreneur has
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Table 1.5: Return From Average Years of Experience From Each Career Choice

Variable Non-employer Employer Employed
Return from exp. of non-employer 0.95 0.09 -0.01
Return from exp. of employer 0.18 1.60 0.00
Return from exp. of employed 0.37 0.31 0.87
Total 1.50 2.00 0.86

Note: Each number represents the return from average years of corresponding experience.
Table 1.1 shows average years of experience from each career choice.

5.6 years of non-employer entrepreneur experience, 2.5 years of employer en-
trepreneur experience, and 11.4 years of experience as an employee (Table 1.1).
Our estimates suggest that a non-employer who has 5.6 years of experience in
the same career would earn 95 percent more than a non-employer who has no
experience as a non-employer. Our estimates also indicate that a non-employer
who has 2.5 years of experience as an employer would earn 18 percent more
than a non-employer who has no experience as an employer. Finally, a non-
employer who has 11.4 years of experience as an employee would earn 37 per-
cent more than a non-employer who has no experience as an employee. The sec-
ond column of Table 1.5 shows that for employer-entrepreneurs cross returns
have a relatively small impact, but experience of an employer increases earn-
ings substantially. The third column suggests that for employees, work experi-
ence accumulated as an employee increases their earnings but work experience
accumulated as entrepreneurs has little or no effect on the earnings of employ-
ees. Taken together, these results suggest one-way transferability of skills across
these three different types of careers: Experience as an employee is valuable in
all career paths, but experience as a non-employer or employer entrepreneur

does not increase earnings in paid employment.
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Table 1.6: Return From Five Years of Experience From Each Career Choice

Variable Non-employer Employer Employed
Return from exp. of non-employer 0.89 0.12 -0.27
Return from exp. of employer 0.32 1.23 -0.01
Return from exp. of employed 0.30 0.27 0.36

Note: Each number represents the return from five years of corresponding experience.

In interpreting the results of Table 1.5, one needs to take into account that the
distribution of average years of own and cross experiences are different across
careers. To provide a different view, we also present Table 1.6, which shows
the returns to five years of own and cross experience for each of the careers. A
few important differences across careers become apparent. The returns to same-
career experience for entrepreneurs (both non-employers and employers) are
substantially bigger than returns to same-career experience among employees:
Five years of same-career experience increases earnings of non-employers by
about 89 percent, employers by 123 percent, and employees by only 36 percent.
However, these large percentage increases in earnings are coupled with rela-
tively low starting wages for entrepreneurs. This suggests that entrepreneurs
have to invest initially, and it takes some time to generate the returns from that

investment.

The returns from other careers inform about transferability of skills across ca-
reers. The returns to cross-experience is highest for non-employers. In other
words, experience from other careers increase earnings of non-employers most.
For example, five years of experience as an employer (employee) increase the
earnings of non-employers by about 32 (30) percent. However, experience as

either a non-employer or an employer entrepreneur is not rewarded in terms of
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higher earnings as an employee. Somewhat surprisingly, experience as an em-
ployee is more valuable when working as an employer than experience gained

as a non-employer.

1.5 Policy Simulations

In this section, we use the estimated structural model to simulate the effects of
policies that are frequently discussed in the context of entrepreneurship, some
of which are explicitly designed to promote entrepreneurship. A policy that is
very relevant in practice is differential tax treatment of business income ver-
sus labor income from paid employment. Many countries have policies that
reduce effective tax rates for entrepreneurs. For example, variants of the Dual
Income Tax, as seen in some Scandinavian countries, effectively reduce tax rates
for entrepreneurs by dividing business earnings into labor and capital income
and applying a lower tax rate to the capital income portion. In many countries,
earnings retained in the business are taxed at lower rates or taxation is deferred
to the time when earnings are distributed, which results in lower effective tax
rates. Moreover, it is often argued that it is easier for entrepreneurs to avoid
or evade taxes because they self-report their earnings, whereas paid employees
are subject to third-party reporting and face withholding taxes (Kleven et al.,
2011; Fossen et al., 2020).

To simulate this idea in our model, we introduce hypothetical earnings sub-
sidies of one, five, and ten percent of before-tax earnings, in one case for all
entrepreneurs (both non-employers and employers), and in another set of sim-

ulations only for employers. This is equivalent to a lower effective tax rate for



24

entrepreneurs (or employers, respectively). The results from these policy sim-
ulations are shown in Table 1.7, with the baseline scenario in the top row and
the two hypothetical policy scenarios below. The results suggest that a 5 percent
subsidy for all entrepreneurs increases the non-employer-entrepreneurship rate
by 0.6 percentage points, or by about 25 percent. A 10 percent subsidy for en-
trepreneurs increases the non-employer-entrepreneurship rate by 1.15 percent-
age points and the employer-entrepreneurship rate by 1.18 percentage points.
These increases come at the expense of a 1.92 percentage points decrease in
the share of paid employees. In contrast, the non-employment rate decreases
by only 0.41 percentage points. Thus, only about 18 percent of the increase in
entrepreneurship is due to individuals moving from non-employment to en-
trepreneurship. Most of the increase in entrepreneurship caused by the incen-
tive comes from individuals changing career choice who would otherwise work

as an employee.

Our simulations of the effects of a policy that increases only the earnings of
employers, which appear in Panel B, show that a 10% subsidy of this type in-
creases the share of employer-entrepreneurs from 5.57 percent to 7.29 percent,
or by about 31 percent. Thus, the more targeted policy is more effective in en-

couraging individuals to become an employer.
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Table 1.7: Partication Rates With Counterfactual Policy Scenarios

Subsidy Non-employer Employer Employed Non-employed
No subsidy 2.44 5.57 78.32 13.67
Panel A: Subsidy for all entrepreneurs

1% earnings subsidy 2.57 5.67 78.13 13.63

5% earnings subsidy 3.04 6.12 77.37 13.47

10% earnings subsidy 3.59 6.75 76.40 13.26
Panel B: Subsidy for employers

1% earnings subsidy 2.42 5.72 78.22 13.64

5% earnings subsidy 2.33 6.37 77.77 13.53

10% earnings subsidy 2.20 7.29 77.12 13.39

Notes: Using our estimated dynamic structural model, we simulate the effects of hypothetical
policy scenarios on the participation rates in the different employment states. In panel A, we sim-
ulate the effects of a subsidy of 1%, 5% and 10% of an individual’s earnings paid if this individual
chooses to be an entrepreneur (non-employer or employer). In panel B, we simulate the effects
of a subsidy of 1%, 5% and 10% of an individual’s earnings paid if this individual chooses to be
an employer. The first row repeats the baseline scenario without a subsidy for comparison. The
number of observations in each simulation is 50,190.

1.6 Conclusion

In this chapter, we develop and estimate a dynamic structural model of ca-
reer choice with a focus on entrepreneurial careers. Within entrepreneurs, we
distinguish between non-employers and employers, who hire other individ-
uals as employees. In our microeconometric model, we distinguish between
different types of experience (experience as employee, as non-employer, and as
employer). We solve the dynamic optimization problem by backward recursion

and then estimate the model using the simulated maximum likelihood method.

Our results suggest that transferability of experience between sectors is one
way. In particular, returns to work experience accumulated as an entrepreneur
are negligible or even negative for employees. However, experience accumu-

lated as an employee substantially increases the earnings of an entrepreneur.
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Our model is able to explain the major patterns observed in the data, which
suggests that this model will provide valuable information about how policy
changes may affect entrepreneurship. To that effect, we use the estimated struc-
tural model to simulate hypothetical policy scenarios, in particular, increases
in the earnings of entrepreneurs, which can be interpreted as tax breaks or
subsidies. Variants of such policies have been discussed with the intention to
promote entrepreneurship and to reduce unemployment. Our results suggest
that effective subsidies to all entrepreneurs increase the share of individuals
who would work as non-employer-entrepreneurs or employer-entrepreneurs,
but most of these increases come from individuals who would otherwise work
as employees, so the effectiveness of these policies with respect to reducing

non-employment is limited.

One important avenue for future research would be to include capital accumu-
lation in the model. This would greatly increase the state space and the required
computerization power, but—when the computerization technology allows—
the effort will eventually be worthwhile because the richer model would allow

to simulate further relevant policies such as credit subsidies for entrepreneurs.
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Table 1.A.1: Estimates of the Parameters of the Type Probability Determinants

Column A Column B: Type 1 Column C: Type 2
Variable Parameter Estimate Parameter Estimate
Constant o -0.8108 (497.6509) o -1.5485 (204.2140)
Father self-employed M 0.6826 (235.0465) G 0.3914 (94.9959)
Willingness to take risk Mo 0.0552 (3.4634) Co 0.0484 (1.2958)
Internal locus of control 73 -0.0565 (0.5376) (3 0.0627 (0.1973)
East Germany M4 0.3050 (92.7071) (4 -1.9192 (54.6780)
Migration background 5 0.3838 (104.1125) (s -0.5991 (36.9636)

Notes: Column A represents the names of the variables that determine the unobserved type of an individual.
Column B represents the names of the parameters and corresponding estimates that determine the proba-
bility of being Type 1, and Column C those that determine the probability of being Type 2. Standard errors
at 1% deviation are in the parentheses.
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Table 1.A.2: Estimates of the Variance-Covariance Matrix

Parameter Variable Estimate

o011 var(1,1) 0.8211 (0.4951)
091 cov(2,1) 0.2275 (0.3896)
09 var(2,2) 0.2872 (0.4829)
031 cov(3,1) 0.6000 (1.46e-6)
039 cov(3,2) 0.1651 (0.2061)
033 var(3,3)  0.4491(0.1405)

Notes: The numbers 1, 2, and 3 represent the
wage-shock vectors of non-employers, em-
ployers, and employees respectively. Stan-
dard errors at 1% deviation are in the paren-

theses.

Table 1.A.3: Estimated Coefficients of Tax Liability Functions by Employment State

Parameter Variable Non-employer Employer Employed
(k=1) (k=2) (k=3)
Tok Constant -1.20 (1.76) 1.04 (4.25) -4.93 (1.37)
ik Earnings 0.27 (0.12) 0.26 (0.17) 0.58 (0.080)
Tok Earnings? 0.0031 (0.0018) 0.0016 (0.0014) -0.0015 (0.0011)
T3k Earnings® -1.00e-5 (4.2e-6) -6.6e-7 (1.6e-6) 2.2e-6 (2.4e-6)
Tak Age -0.0031 (0.044)  -0.091 (0.091) 0.051 (0.036)
Tk EarningsxAge  0.0026 (0.0030) 0.0028 (0.0034) -0.0036 (0.0021)
Tek Earnings®’xAge -6.6e-5 (4.1e-5) -2.5e-5 (2.6e-5)  3.4e-5 (2.7e-5)
Tk Earnings®xAge  2.3e-7 (9.6e-8)  5.8e-9 (3.0e-8)  -5.0e-8 (6.4e-8)
N 1788 2406 35657
R? 0.87 0.89 0.88

Notes: This table shows the estimated regression parameters (standard errors are in the parenthe-
ses) of the tax liability function of gross income corresponding to the different choice alternatives
(k = 1,2,3). The dependent variable is the real annual tax liability. The tax liability and annual
earnings are in real $1000 in prices of 2005.
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Chapter 2

The Cost of Health Insurance and

Entry into Entrepreneurship

(with Frank M. Fossen & Sankar Mukhopadhyay)

2.1 Introduction

In the U.S,, health insurance and employment are inextricably related. Most
(about 61.2 percent) non-elderly adults in the U.S. are covered by employer-
provided health insurance (EPHI). Then there are two government-provided in-
surance programs: Medicaid (14.5 percent; primarily low-income individuals)
and Medicare (about 2 percent among age below 65; mostly disabled and/or
blind). The rest either buy health insurance from the private non-group market
(7.7 percent; primarily self-employed individuals) or remain uninsured (12.9

percent) (KFF - State Health Facts, 2019).

Individuals with pre-existing conditions faced many restrictions in buying health

insurance from the private non-group market before the Affordable Care Act
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(ACA) of 2010. Before the ACA, health insurance providers could deny health
insurance to individuals who had pre-existing conditions or charge higher prices,
a practice known as medical underwriting. These practices often made health
insurance either unavailable or unaffordable for individuals with pre-existing
conditions. Previous research has suggested that this unavailability or unaf-
fordability of health insurance may prevent some individuals from starting en-
trepreneurial activities. This phenomenon, “entrepreneurship lock”, refers to a

situation where individuals are locked out of entrepreneurship.!

However, the ACA changed the private non-group market in dramatic ways.
The ACA mandates health insurance providers to sell insurance to all individ-
uals regardless of their pre-existing conditions. It also set up health insurance
exchanges (HIX) for individuals to buy insurance in the non-group market,
thus making health insurance available for everyone. ? On the other hand, the
ACA mandates that the insurance companies cannot charge different premiums
based on the medical history of an individual. They can vary premiums based
on age and smoking status only. The ACA also mandated a set of conditions
that all insurance providers need to cover, known as the Essential Health Ben-
efits (EHB). These provisions and the uncertainty associated with the new HIX
put upward pressure on the cost of health insurance for the average consumer

in the non-group insurance markets. While some individuals are shielded from

IThis is a reminiscence to the job lock literature (Madrian, 1994; Gilleskie and Lutz, 2002),
which is concerned with inhibited mobility of paid employees due to EPHI.

ZMoreover, the ACA imposed a health insurance mandate for legal residents of the U.S., to
reduce adverse selection and to keep the price of health insurance affordable. Non-compliant
individuals were assessed with a tax penalty, but the Tax Cut and Jobs Act of 2017 reduced the
individual mandate penalty to zero.
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cost increases because of the ACA-associated subsidies, those who are not el-
igible for subsidies faced a substantial increase in health insurance cost in the

first few years after the full implementation of the ACA in 2014.

If a non-elderly adult is not covered by EPHI or one of the government pro-
grams, then they need to buy health insurance from the private market. Both
EPHI and Medicaid are heavily subsidized. Employers, on average, pay 67 per-
cent of the premium (U. S. Bureau of Labor Statistics, 2020) , and Medicaid does
not charge a premium in most states (Brooks et al., 2020) *. Those who buy
health insurance from HIX may also receive a subsidy. The ACA introduced
two types of subsidy: Annual Premium Tax Credit (APTC), which is available
to individuals with income less than 400% of Federal Poverty Level (FPL), and
Cost Sharing Reduction (CSR), which is available to individuals with income
less than 250% of FPL. Individuals above 400% of the Federal Poverty Level
(FPL) are not eligible for any subsidy. It is worth noting that among the in-
dividuals who remained uninsured in 2018, almost half had an income above
200% of FPL, and 16% was above 400% of FPL. Furthermore, about 45% cited
the cost of health insurance as the primary reason (KFF - The Kaiser Commis-
sion on Medicaid and the Uninsured, 2015) behind their choice of not buying

health insurance.

In this paper we use data on the cost of health insurance plans from the Robert
Wood Johnson Foundation (RW]JF) and individual-level data from the Annual

Social and Economic Supplement of the Current Population Survey (CPS-ASEC)

3Only five states charge a small premium
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to estimate the effect of the price of health insurance on the decision to be-
come self-employed. Therefore, we extend the literature by exploring whether
entrepreneurship lock exists due to health insurance costs. To the best of our
knowledge, prior literature has not addressed this research question using the
variation in cost prevalent in the HIX. Existing papers on the effect of the ACA
on entrepreneurship instead focus on the potential effect of the availability of

health insurance brought by ACA on entrepreneurship.

The remainder of this chapter is organized as follows: Section 2.2 provides a
review of the literature on entrepreneurship lock. Section 2.3 discusses the rel-
evant provisions of the ACA regarding our analysis. Section 2.4 introduces the
data, and Section 2.5 explains the methodologies we use to answer our research
question. Section 2.6 provides the results, and Section 2.7 concludes our analy-

sis.

2.2 Literature Review

Extant literature mostly supports that the unavailability of health insurance dis-
courages potential entrepreneurs from starting a business (Wellington, 2001;
Fairlie et al., 2011), with some papers reporting this result for specific groups
such as married women (Lombard, 2001) and older women (Jia, 2014). In partic-
ular, using CPS data, Fairlie et al. (2011) find that individuals without spousal
coverage are significantly less likely to start a business than individuals who
have spousal coverage. However, not all studies are conclusive, including the
pioneering paper by Holtz-Eakin et al. (1996), which reports estimates that

have large standard errors, and the paper by Zissimopoulos and Karoly (2007),
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whose authors focus on older individuals and conclude that the results from

their study are only partially reconcilable with job lock.

Only a few papers investigate the effect of the cost of health insurance on en-
trepreneurship. Four studies analyze the effects of the 1986 Tax Reform Act and
its amendments, which allowed self-employed individuals in the United States
to deduct increasing portions of their health insurance premiums from their tax-
able income (Heim and Lurie, 2010; Gurley-Calvez, 2011; Velamuri, 2012; Gu-
mus and Regan, 2015). These papers find that a lower after-tax price of health
insurance in self-employment encourages self-employment, although Gumus
and Regan (2015) report significant effects only for entry into self-employment
for singles and married men whose wives lack employer-provided health in-
surance. Fossen and Konig (2017) analyze the health insurance system in Ger-
many and find that higher health insurance costs in self-employment compared
to the costs in paid employment decrease the probability of entry into self-
employment. None of the existing papers quantitatively analyzing the effects of
the cost of health insurance on entrepreneurship take into account the changes

that the ACA introduced in the United States.

Several papers have used the increased availability of health insurance under
various state-level insurance mandates to test whether “entrepreneurship lock”
exists. For example, Li et al. (2017) found that state-level insurance mandates in-
creased self-employment by 0.4 percentage points. They also found that most
of this increase came from single individuals. Heim and Lurie (2014) found
that increased availability of health insurance from the Massachusetts Health

Reform Act also led to an increase in self-employment. More recently, several
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papers have used the variation generated by the ACA. While some papers find
that the increased availability increased self-employment, others do not find
any effect. For example, Blumberg et al. (2014) estimate that the number of
self-employed individuals will increase by 1.5 million due to the availability of
health insurance within the first two years of full implementation of the ACA.
Bailey and Dave (2019) found that the ACA increased self-employment by 3-
4% and full-time self-employment by 9%. On the other hand, Barber III and
Kavoori (2015), Heim and Yang (2017) did not find any statistically significant
effect of the ACA on self-employment. Bailey (2017) explored the effect of the
dependent coverage mandate in the ACA and did not find any effect on the
overall self-employment rate. However, they did report an increase of about 20
percent among disabled respondents. In a complementary paper, Barber IIT and
Kavoori (2018) show that the ACA increased the likelihood of private purchase

of non-group insurance among self-employed individuals.

Overall, the existing literature provides inconclusive results on the existence of
the entrepreneurship lock and the ACA’s role. A possible explanation of the
inconclusiveness is the literature’s focus on the extended availability of health
insurance through ACA. We contribute to the literature by exploiting variation

in the cost of health insurance introduced by the ACA.

2.3 The ACA Provision

The ACA requires each state to define one or more Rating Areas. States have
used metropolitan areas (MSA), counties, or 3-digit zip codes to define Rating

Areas. In the Health Insurance Exchanges (HIX), insurance providers have to
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Table 2.3.1: Metal Tiers of Health Insurance Plans in Health Insur-
ance Exchanges

% of Con-
Metal Tier Actuarial Number of Poli- Market su.mers
Value cies Sold Share with
Subsidy
Catastrophic- 76,920 1% 0%
Bronze 60% 1,872,457 21% 79%
Silver 70% 6,090,199 69% 94%
Gold 80% 573,641 6% 63%
Platinum  90% 225,074 3% 60%

Note: The numbers refer to 2015.
Source: ASPE Issue Brief (DeLeire and Marks, 2015).

charge the same premium, deductible, and maximum out of pocket (MOOP)
to all persons within a Rating Area without medical underwriting, regardless
of their health status. The premium may only depend on age and smoking sta-
tus. Each plan has a fixed actuarial value. A plan can be a Bronze, Silver, Gold,
Platinum, or a Catastrophic plan, where the metal tiers depend on the plan’s
actuarial value. A Bronze plan must pay for at least 60% of the expected value
of healthcare expenditures for enrollees, a Silver plan 70%, Gold 80%, and Plat-

inum 90% (see Table 2.3.1).

Legal residents and citizens who are not eligible for Medicaid and do not have
EPHI are eligible for subsidies that reduce the cost of insurance. Individuals
with income between 138%-400% of the federal poverty level (FPL) may be
eligible to receive an Annual Premium Tax Credit (APTC) for an insurance plan
purchased through the HIX in states that expanded Medicaid. In the states that
did not expand Medicaid, individuals between 100% and 400% of the FPL are
eligible for APTC.
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The APTC caps the amount an individual would have to pay (as a percentage
of his or her income). The premium for the Second Lowest Cost Silver Plan
(SLCSP) in each Rating Area is used to compute the level of APTC. Table 2.3.2
shows the limits and how they vary with income. For example, an individual
who has an income between the 100% and 133% of the FPL and purchases the
SLCSP offered in her Rating Area would pay 2.08% of her income and the rest of
the premium would be covered by the APTC. If this individual elected to pur-
chase a different HIX plan with a higher premium, the magnitude of the APTC
would remain unchanged and the individual would be responsible for the dif-
ference between the higher premium and the computed tax credit. This also
implies that the individual may reduce the amount she pays to below 2.08%
of her income if she buys a plan with a premium less than the SLCSP. In ad-
dition, individuals with income between 100% and 250% FPL may also receive
cost sharing reduction (CSR) subsidies to reduce deductible and co-insurance

payments if they purchase Silver plans through the HIX.

Table 2.3.2: Premium Caps by Income Level as % of the Federal
Poverty Level (2019)

Income as % of FPL  Cap % (Lower End) Cap % (Higher End)

Up to 133% 2.08% 2.08%
133%-150% 3.11% 4.15%
150%-200% 4.15% 6.54%
200%-250% 6.54% 8.36%
250%-300% 8.36% 9.86%
300%-400% 9.86% 9.86%

Note: The caps are expressed in percent of an individual’s income.

Silver and Bronze plans accounted for 90% of HIX plans sold in 2015, with Silver

plans accounting for the majority of these plans (see Table 2.3.1). Catastrophic
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plans have the smallest market share, because eligibility to purchase these plans

is restricted to young adults who meet specific requirements.

2.4 Data

We use data from the Annual Social and Economic Supplement of the Cur-
rent Population Survey (CPS-ASEC) from 2015 to 2019, which is collected an-
nually in March. The ASEC is representative for the population in the United
States and provides information on labor market outcomes including whether
an individual is self-employed at the time of the survey, as well as extensive
socio-economic information. However, the CPS does not include information
on prices of health insurance plans available to the agents on the local HIX.
Therefore, we use the HIX Compare data from the Robert Wood Johnson Foun-
dation (RWJF), which provides plan-level information on HIX market plans of-
fered during the years 2014-2018. The HIX Compare dataset includes informa-
tion on each plan’s metal level, the Rating Area, premiums, and cost-sharing
provisions such as the deductible and MOOP. Therefore, by merging these two
datasets, we obtain information on the premium, deductible, and MOOP of the

insurances sold on the HIX in each Rating Area in every year.

As one would expect, premiums differ by metal level. There is also substantial
variation within metal levels across Rating Areas and across years within each
Rating Areas. In our analysis we use the cost of the SLCSP of a 50 year-old
person in a Rating Area as the cost of insurance in that Rating Area. We use this
cost measure for three reasons: First, the premium of SLCSP in each Rating Area

is used to compute the level of APTC; second, as mentioned above, consumers
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have to buy Silver (though not necessarily SLCSP) to be eligible for CSR; and

third, almost 70% of all insurances sold on the HIX are Silver.

As mentioned earlier, states use counties (40 states), MSAs (seven states), or
3-digit zip codes (three states) to define Rating Areas. California uses a com-
bination of these geographical boundaries to define Rating Areas. As of 2020,
there are 506 Rating Areas in the U.S., and county lines define a vast majority of
them: 405 out of the 506 Rating areas. When a Rating Area is a county, we can
simply merge CPS data with HIX Compare data, since both datasets identify
county. If a Rating Area includes multiple counties then we can safely assume
that the each of these counties has the same premium. If a county includes mul-
tiple Rating Areas then we assume that the county has the average premium

prevailing in these Rating Areas as an approximation.

The CPS does not always identify the county of residence of a respondent
to preserve the confidentiality of respondents; unidentified counties are those
with a small number of inhabitants, mostly rural counties. According to the
CPS, about 45% of households in recent years are located in a county that is
identified. Therefore, the health insurance cost information is not available for
the rest of the sample. We exclude these individuals from our analysis. We focus
our attention to respondents between the ages of 26 to 64 years. Individuals be-
low the age of 26 years may have health insurance coverage through their par-
ents, and older individuals are usually covered by Medicare. We only include
individuals in the sample who were paid employees and had EPHI coverage
either as a policyholder or as a dependent in the calendar year before the in-

terview. This sample restriction provides us clean treatment and control groups
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for our estimation of the probability of becoming self-employed between the
previous year and the current interview (see below). We also exclude individ-
uals earning between 250% and 400% of the FPL because they receive some,
but not the full subsidies and therefore cannot be clearly classified into either
the treatment or control groups. Individuals earning more than 2000 percent of
the FPL are also excluded because they may have a different decision process
about entry into entrepreneurship and may be less comparable to individuals

with lower income.

The CPS interviews respondents for four consecutive months and then again
for four consecutive months after an eight-month gap. Therefore, if a respon-
dent is included in the ASEC in March of year t, then the individual will be
included in the ASEC in the March of year t+1 a second time, except for un-
planned attrition. In each interview, respondents are asked whether they are
currently self-employed. Respondents are also asked whether they were a paid
employee or self-employed in the previous calendar year, about their health
insurance status in the previous calendar year, and their annual income in the
previous calendar year, among other things. Using the information contained in
the retrospective question, we create a binary variable indicating entry into self-
employment, denoted entry, which takes a value of one if the individual was
a paid employee in the previous calendar year but is currently self-employed;

otherwise, it takes a value of zero.

Table 2.4.1 represents the summary statistics of our analysis sample. The first

column shows the full sample, and the next two columns split the sample based
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Table 2.4.1: Summary Statistics

Full sample EPHI EPHI Inc.< 250% 400<Inc.
Policyholder Dependent < 2000%
Entry 0.013 0.013 0.014 0.010 0.014
(0.114) (0.113) (0.119) (0.099) (0.117)
Premium 3.989 4.038 3.710 4.030 3.980
(1.057) (1.092) (0.772) (1.153) (1.035)
Deductible 3.200 3.224 3.065 3.333 3.171
(1.489) (1.501) (1.414) (1.494) (1.486)
Moop 5.950 5.967 5.853 5.988 5.942
(0.717) (0.710) (0.750) (0.687) (0.723)
Income 73.252 76.478 55.096 27.505 82.978
(52.241) (52.761) (45.094) (13.038) (52.284)
Age 44.658 44.593 45.028 41.954 45.233
(10.891) (10.980) (10.366) (10.710) (10.843)
# of Children 0.896 0.843 1.192 1.312 0.807
(1.095) (1.087) (1.094) (1.366) (1.006)
Married 0.652 0.605 0.919 0.442 0.697
(0.476) (0.489) (0.273) (0.497) (0.460)
Female 0.487 0.461 0.633 0.531 0.478
(0.500) (0.499) (0.482) (0.499) (0.500)
White 0.788 0.781 0.824 0.701 0.806
(0.409) (0.413) (0.381) (0.458) (0.395)
Black 0.103 0.109 0.071 0.197 0.083
(0.304) (0.312) (0.257) (0.398) (0.276)
Other Race 0.109 0.110 0.105 0.102 0.110
(0.311) (0.312) (0.306) (0.303) (0.313)
Less Than HS 0.035 0.035 0.037 0.119 0.017
(0.184) (0.184) (0.188) (0.324) (0.131)
High School 0.198 0.198 0.200 0.348 0.166
(0.399) (0.399) (0.400) (0.476) (0.373)
Some College 0.240 0.236 0.260 0.319 0.223
(0.427) (0.425) (0.439) (0.466) (0.416)
College 0.527 0.531 0.503 0.214 0.593
(0.499) (0.499) (0.500) (0.410) (0.491)
Poor Health 0.046 0.046 0.044 0.073 0.040
(0.210) (0.210) (0.205) (0.261) (0.197)
N 42219 35850 6369 7402 34817

Notes: The table shows means and standard deviations in parentheses below.
Income, deductible and MOOP are in $1000 per year; the premium is in $100 per month;
deflated to 2014 dollars.
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on whether respondents were a primary policyholder (PH) of employer pro-
vided health insurance (EPHI) or covered by EPHI as a dependent in the previ-
ous calendar year. The fourth column includes respondents who had an income
below 250% and the fifth column those who had an income between 400% and
2000% of the FPL in the previous calendar year. Individuals with income be-
low 250% of FPL are eligible for both APTC and CSR. Individual with income
above 400% of FPL are not eligible for either type of subsidies. We exclude indi-
viduals between 250% and 400% of FPL because they are eligible for APTC but
not CSR. The average annual entry rate into self-employment is 1.3 percent for
the full sample (column 1). The average entry rates of policyholders and depen-
dents are 1.3 percent and 1.4 percent respectively. The average entry rates of low
income (income<250%) and higher income (400%income<2000%) individuals
are 1 percent and 1.4 percent respectively. Among EPHI dependents, the shares
of women and the number of children are larger than among EPHI policyhold-
ers. Individuals who are white, married, and have a college degree have higher

shares in the higher-income subsample than in the low-income subsample.

2.5 Identification and Methodology

2.5.1 Treatment and Control Groups and Graphical Evidence

We aim to estimate how a change in the SLCSP premium in the local HIX will
affect an individual’s decision to enter into self-employment. The primary treat-
ment variable is the health insurance premium in the local HIX in a given year.

It is a continuous treatment variable, with higher prices indicating a stronger
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treatment. However, certain groups of individuals are not affected by the HIX

premium. This depends on two individual circumstances:

().

(ii).

Whether an individual needs to purchase health insurance through the

HIX.

If an individual has an employed spouse and can get insurance through
the spouse’s employer then changes in the HIX insurance premiums will
not affect the individual’s decision. On the other hand if they have to
purchase insurance thorough HIX then they can be affected by HIX price

changes.

Even among those who purchase insurance through HIX, the exposure
to the cost of insurance depends on their income levels. Individuals and
families with income below 250% of the FPL are eligible for both APTC
and CSR. Therefore, it is arguable that those with income below 250% of
the FPL are largely shielded by subsidies. On the other hand, those above
400% of the FPL are not eligible for either and therefore bear the whole
cost of insurance. Individuals with income between 250% and 400% of
the FPL are eligible for reduced levels of APTC but no CSR, so they are
partially affected by price changes on the HIX. We exclude these individ-

ual from the sample in order to have clean treatment and control groups.

Therefore, one can divide the population into four groups as shown in Table

2.5.1. Group C is the treatment group since individuals in this group have to

buy insurance through the HIX if they become self-employed, and they are not

shielded by the subsidy. Groups A, B and D are control groups. The subsidy

provisions of the ACA imply that group A is (at least partly) shielded by the
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Table 2.5.1: Treatment and Control Groups

EPHI: primary EPHLI: as
policyholder dependent
<250% of FPL B
400%-2000% of FPL D

Note: Group C is the treatment group, the other groups are the control
groups to identify the effect of HIX health insurance premiums on entry
into self-employment. EPHI = employer-provided health insurance,
FPL = federal poverty level.

APTC and CSR. We exploit the fact that the health insurance premiums only

affect one of these groups in order to identify whether there is a causal effect of

the health insurance premium on the decision to become self-employed.

Entry rate
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With that in mind, Figure 2.5.1 shows how the entry rate into self-employment
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varies with the health insurance premium in the local HIX. Panel I shows how
the entry rate varies with the premium for respondents in the higher income
(groups C and D) by insurance status, and panel II the same for the EPHI pol-
icyholders (groups C and A) by income status. If higher health insurance costs
in the HIX are a barrier to entry into self-employment, one would expect the
entry rate for the treatment group to decrease relative to the entry rate of the
control groups when the premium increases. However, in both panels, the re-
lationship between the premium and the entry rates does not seem to differ
between the treatment and the control groups, taking into account the 95% con-
fidence intervals; if anything, the entry rate seems to increase in the treatment
group relative to the control groups, contrary to expectation. Hence, the graph-
ical evidence suggests that the HIX premium does not affect the probability of

entry into self-employment.

2.5.2 Difference-in-differences and Triple Difference Models

As outlined above, the primary continuous treatment variable is the local HIX
health insurance premium in a given year. It varies both across space and time.
Importantly, the premium only affects individuals in group C in Table 2.5.1,
the treatment group. This setting provides a quasi experiment that allows us
to use difference-in-differences (DD) and triple-differences (DDD) methods to
estimate the effect of health insurance premiums in the HIX on the probability

of entry into self-employment.

We estimate two DD models. The first approach contrasts the treatment group C

against the control group A based on the sample comprising these two groups C
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and A, and the second contrasts the same treatment group C against the control
group D based on the sample comprising groups C and D. Finally, the DDD
approach is based on the full sample comprising groups A, B, C, and D, and
uses both dimensions to separate the treated from the controls, i.e., distinguish-
ing between EPHI policyholders versus dependents and by income level. In the
main estimations, both of the DD and DDD models, we control for county-level
tixed effects, so we only use within-county changes in HIX premiums over time
for identification. Any time-invariant unobserved differences between counties

are controlled in these estimations.*

The estimation equations for the two DD models are

Prob (Entryit = 1|Dy; 41, Premium;) —1, ), cht) = a1 Dy @.1)

+ag Premiumyy—1 + a3(Dyjp—1 X Premz’umj(i),t_l) + Xj00 + pjiy + €

and

Prob (En”’yz‘t = 1|Daiy—1, Premiumy;i -1, ;) cht) = B1Dai 41

+Ba Premium;y -1 + B3(Dair—1 X Premium;gy—1) + X505 + t2j6) + €2t
2.2)

“We also estimate models without county fixed effects, additionally exploiting cross-
sectional variation in HIX premiums. This increases efficiency of the estimation, but requires the
stronger identifying assumption that unobserved differences between counties are uncorrelated
with the local HIX premiums. In an additional robustness check, we control for individual-level
fixed effects instead of county-level fixed effects.
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and for the DDD model the equation is

Prob (Entryit = 1Dy -1, Daip—1, Premiumye 11, 11356), Xft) =Dt

+72Dg; 11 + y3Premium;iy -1 + Ya(Drig—1 X Premium;gy 1) 23)

+75(D2i,t71 X Pr@miumj(i),tfl) + VG(Dli,tfl X D2i,t71)

+77(Drijg—1 X Daig—1 X Premium;gy—1) + X578 + tsie) + €3it

where i denotes an individual and ¢ the year the information in a variables per-
tains to, and j(i) denotes the county individual ¢ lives in. The outcome variable
Entry; is a dummy indicating entry into self-employment between ¢ — 1 and
t, and Prob(.) is the response probability. The continuous treatment variable
Premium;),—; is the premium in the local HIX in a given year. There are two
treatment dummy variables, D, and D,. Dy;,—1 = 1 if an individual has EPHI
as the policyholder, and D;;,_; = 0 if the individual has EPHI as a dependent.
Dy; -1 = 1if an individual has higher income (400%< income <2000% FPL),
and Ds;;—; = 0 if the individual has low income (income <250% FPL). The
three treatment variables are measured in ¢ — 1, before potential entry into self-
employment. X¢ is a row vector of control variables, 1 are unobserved county
fixed effects, and € are the error terms. We estimate the linear probability mod-
els by OLS. Due to the binary nature of the dependent variable and because
the health insurance premium varies across counties and time, we report stan-
dard errors robust to heteroscedasticity and clustered at the county level in all

regressions.

In the DD models, the coefficients of the interaction terms, o3 and s, respec-

tively, capture the treatment effect on the treated. In the DDD model, this effect
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is given by the coefficient of the triple interaction, 7. If the local HIX premium

is a barrier to entrepreneurship, we expect these coefficients to be negative.

The DD estimator relies on the assumption, in our context, that the entry rate
into self-employment in the treatment and the control group would have trended
the same over time if HIX premiums had not changed. Level differences in the
entry rates do not distort the estimation of the treatment effect on the treated.
Furthermore, any unobserved shocks that may be correlated with HIX pre-
mium changes, but affect the treatment and control groups in the same way,
are controlled. The fact that we use two different DD models with different
control groups serves as a safeguard in case the identifying assumption is not

tully valid when using one of the control groups.

The DDD model (Gruber, 1994; Acemoglu et al., 2004; Fossen and Steiner, 2009;
Olden and Moen, 2020) requires even weaker identifying assumptions. In our
context, we only need to assume that the difference in the probability of en-
try between the groups C and D would have trended the same as the differ-
ence between the groups A and B in the absence of a change in the local HIX
premium.” To see that the identifying assumption is weaker than in the DD
estimations, consider this: In the DDD estimation, even if unobserved shocks
are correlated with HIX premium changes and affect higher-income EPHI pol-
icyholders differently than low-income EPHI policyholders, these shocks are
controlled if their differential effect is the same when comparing higher-income

EPHI dependents to low-income EPHI dependents.

>Or, put differently, the assumption is that the difference in the entry probability between
groups C and A would have trended the same as the difference between groups D and B.
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To control for potential changes in the compositions of the treatment and con-
trol groups and to increase efficiency of the estimations, we include control
variables in all our estimations. At the individual level, we include educational
attainments, age, age squared, gender, number of children in the household,
race, marital status, and health status (all observed in t); at the level of local
HIX health insurance plans, we control for deductible and MOOP (in¢—1).Ina
robustness check, we additionally control for total income in the calendar year
t — 1. We also include a full set of year dummies to control for potential general

trends in the entry rate into self-employment or effects of the business cycle.

2.6 Empirical Results

Table 2.6.1 displays the results from estimating the main DD and DDD models.
Columns 1 shows the DD estimations comparing EPHI policyholders (treat-
ment group) to EPHI dependents (control group) based on the sample of higher
income individuals who do not receive a subsidy for compensation. The DD
estimate is the coefficient on the interaction term of the treatment dummy (ab-
breviated as D1) with the health insurance premium in the local HIX, which
is the continuous treatment variable. Columns 2 provides the DD estimation
comparing higher income individuals (treatment group, abbreviated as D2) to
low income individuals (control group, because they are compensated for most
of the health insurance costs in the HIX by the subsidies) based on the sample
of EPHI policyholders. Both DD coefficients are insignificant, and the point es-
timates have positive signs, which is not consistent with entrepreneurship lock

due to health insurance costs.
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Table 2.6.1: Probability of Entry Into Self-employment

Model (1) (2) 3)
Sample C+D A+C A+B+C+D
D1 (EPHI PH) -0.0092 -0.019
(0.0068) (0.023)
D2 (High Inc.) -0.0011 -0.011
(0.0051) (0.026)
Premium -0.0027 -0.00018 -0.0030
(0.0021) (0.0013) (0.0059)
D1 xPremium 0.0023 0.0023
(0.0018) (0.0059)
D2 xPremium 0.00082 0.00093
(0.0012) (0.0064)
D1xD2 0.0099
(0.026)
D1xD2xPremium -0.000093
(0.0065)
Age 0.0010** 0.00100** 0.00080**
(0.00047) (0.00040) (0.00038)
Age2 -0.0000092* -0.0000092**  -0.0000070
(0.0000053)  (0.0000046) (0.0000043)
# of Children 0.0020** 0.0011 0.0015**
(0.00090) (0.00076) (0.00072)
High School 0.0017 0.0054* 0.0037
(0.0042) (0.0030) (0.0030)
Some College 0.0030 0.0070** 0.0058**
(0.0042) (0.0028) (0.0029)
College 0.0041 0.0067** 0.0061**
(0.0039) (0.0030) (0.0030)
Married 0.0013 0.0016 0.0015
(0.0016) (0.0014) (0.0014)
Female -0.0067*** -0.0062*** -0.0062***
(0.0013) (0.0013) (0.0012)
Race Black -0.0035 -0.0051*** -0.0045**
(0.0025) (0.0019) (0.0020)
Race Other -0.0020 -0.0018 -0.0026
(0.0022) (0.0022) (0.0019)
Poor Health 0.0034 0.0018 0.0021
(0.0036) (0.0031) (0.0028)
Year FE Yes Yes Yes
County FE Yes Yes Yes
Mean Prob. 0.014 0.013 0.013
Rel. Effect Zize 16.8 6.27 -0.70
R? 0.014 0.016 0.014
N 34817 35850 42219
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! Linear probability models of entry into self-employment. DD and
DDD estimates.

2 Standard errors clustered at the county level in parentheses; * p <
0.10, ** p < 0.05, *** p < 0.01.

3 D1=1 if the respondent has EPHI coverage as a policyholder (PH)
and D1=0 if the respondent has EPHI coverage as a dependent.

* D2=1 if 400%<income<2000% of FPL and D2=0 if income<250% of
FPL.

Column 3 shows the results from estimating the DDD models based on the full
sample and including both the EPHI policyholder dummy, D1, and the higher
income dummy, D2. The coefficient of the triple interaction is the DDD estimate

of the treatment effect on the treated. This estimate is insignificant as well.

Thus, the estimated treatment effects on the treated are statistically insignifi-
cant in the three models. Are the point estimates economically significant? In
the entry model in column 2, for example, if one took the point estimate of the
interaction term at face value despite its insignificance, it would mean that in-
creasing the premium by $100 per month would increase the annual probability
of entry by 0.082 percentage points; relative to the baseline annual probability
of entry of 1.3% this would correspond to an increase in the entry rate by 6.3%
(as indicated at the bottom of the table). The mean monthly premium among
EPHI policyholders is about $400 in the sample (Table 2.4.1), so the elasticity
of the probability of entry with respect to the premium would be small (6.3%
/ 25% = 0.25). In column 1, the point estimate is larger, but in the DDD model
(column 3), which requires the weakest assumptions, the point estimate is very
close to zero. Hence, not only is the effect insignificant, but the point estimate
of the economic effect size is also small at least in the most robust model, the

DDD model.
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The coefficients of the control variables confirm results from prior literature
(Parker, 2018). Women are less likely to become self-employed than men, Black
Americans less likely than whites, and a college degree increases these proba-
bilities (the latter two effects are insignificant when only using the sample of

EPHI policyholders in column 1).

We also estimate models including a quadratic term of the HIX premium to
allow for potential non-linear effects. In the DD and DDD models, this means
interacting not only the premium variable, but also the squared term with the
treatment dummies, thus, doubling the number of double and triple interac-
tion terms. We include the same control variables as in the linear models. Fig-
ure 2.6.1 shows the predicted probabilities of entry into self-employment using
the estimated coefficients from the quadratic DD models. Panel (a) compares
EPHI policyholders (the treatment group) to EPHI dependents, based on the
sample of higher-income individuals, like column 1 in Table 2.6.1, and Panel (b)
compares higher income individuals (the treatment group) to low-income indi-
viduals, based on the sample of EPHI policyholders, like column 2 in the table.
The predicted relationships between the premium and entry for the treatment
group are of course the same in both panels because the treatment group is the
same. Importantly, the curves do not differ significantly between the treatment
group and the control groups in both panels (the confidence intervals overlap).
If anything, the probability of entry increases for the treatment group relative
to the control group with higher HIX premiums, which confirms the graphi-
cal evidence presented above, but is not consistent with entrepreneurship lock.
Based on the estimated quadratic DDD model, we test whether the coefficients

of interest (the two coefficients of the triple interactions) are jointly significant,
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and we obtain a p-value of 0.95. Thus, our estimates do not support any differ-

ential impact of the price of health insurance on entry into self-employment for

the treated individuals.

Figure 2.6.1: Predicted Probabilities of Quadratic Models With
95% Confidence Intervals Using County Fixed Effect Where Pre-
diction Shown From 5 to 95 Percentiles of the Independent Vari-
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We assess the robustness of our results with respect to various further specifi-

cations. In all these robustness checks, we include the same control variables

as in the main Table 2.6.1. First, to account for possible non-linearities in the

effect of the health insurance premium on entrepreneurial choices not captured

well by the quadratic specification described above, we use three splines of the

premium (using the 33 and 66 percentiles) and interact the slope coefficients



53

in each interval with the treatment dummies. This allows us to estimate dif-
ferent treatment effects for each interval of the premium (Table 2.A.1). Second,
going back to the main linear model, we include income in the previous calen-
dar year as an additional control variable (Table 2.A.2). We do not include this
variable in the main estimations because of its correlation with the higher in-
come dummy variable, which may decrease efficiency of the estimation. Third,
we use the HIX premium at time ¢ instead of the premium at time ¢t — 1 (Ta-
ble 2.A.3). The rationale is that individuals may anticipate next year’s health
insurance price when deciding to become self-employed. Fourth, in Table 2.A .4
in the Appendix (not including income), we include individual-level fixed ef-
fects instead of county-level fixed effects.® Finally, we remove any fixed effects
(except for the time dummies) from the regression (Table 2.A.5). This way, we
use cross-sectional variation in health insurance premiums for identification in
addition to the variation over time used in the main analysis. This increases the
statistical power, but comes at the cost of stronger identifying assumption, as
mentioned in Section 2.5. In all robustness checks, none of the estimated treat-
ment effects on the treated is significantly different from zero. We conclude that
our findings are robust: There are no detectable effects of the health insurance

premium in the HIX on the probability of entry into self-employment.

®This is not our preferred specification because the main independent variable of interest,
the health insurance premium, varies across counties and time, so county-level unobservables
are a larger concern than individual-level unobservables, and individual-level fixed effects may
not fully capture county-level unobservables to the extent that individuals move across coun-
ties. On the other hand, there are not enough movers to separately identify both, county and
individual-level fixed effects.
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2.7 Conclusion

In this chapter we examine whether “entrepreneurship lock” exists due to high
prices of health insurance. To examine the impact of the price of health insur-
ance on entry into self-employment we exploit changes of health insurance pre-
miums in local Health Insurance Exchanges after the introduction of the Af-
fordable Care Act as natural experiments. We estimate difference-in-differences
and triple difference models using individual-level data from the CPS-ASEC
merged with panel data on health insurance plans. Individuals who were cov-
ered by EPHI as policyholders and had higher income before potential entry
into self-employment are the treatment group because they lose their EPHI
coverage when becoming self-employed and have to bear the cost of health
insurance bought at the HIX. In contrast, EPHI dependents and low-income in-
dividuals are control groups because they are not affected by HIX premiums
due to health insurance coverage through a spouse or subsidies, respectively.
Our DD and DDD estimates indicate that the price of health insurance does
not have any differential impact on the groups concerning their probabilities
of entry into self-employment. Hence, our findings show that higher prices of
health insurance do not deter individuals from becoming self-employed. This
result does not invalidate prior literature reporting entrepreneurship lock due
to the unavailability of health insurance, because the ACA made health insur-
ance universally available; however, the novel insight we provide is that the
price of health insurance in the HIX does not play a significant role for the
decision to become self-employed. For future research, larger data samples are

needed to increase precision of estimates in order to be able to detect potentially



small effect sizes.
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Appendix

2.A Tables
Table 2.A.1: Probability of Entry Into Self-employment Using
Splines
Model (1) (2) 3)
Sample C+D A+C  A+B+C+D
D1 (EPHI PH) -0.00061 -0.080
(0.017) (0.082)
D2 (High Inc.) -0.022 -0.10
(0.020) (0.087)
Premium1 0.0057  -0.0026 -0.025
(0.0059) (0.0054) (0.026)
Premium?2 -0.0073  -0.0019 0.027
(0.0076) (0.0054) (0.022)
Premium3 -0.0045 0.00096 -0.0086
(0.0029) (0.0018) (0.0079)
D1xPremiuml  -0.00060 0.023
(0.0057) (0.025)
D1 xPremium?2 0.0057 -0.031
(0.0076) (0.021)
D1 xPremium3 0.0034 0.0089
(0.0025) (0.0081)
D2 xPremium1 0.0071 0.031
(0.0061) (0.027)
D2 xPremium?2 0.0038 -0.034
(0.0052) (0.023)
D2 xPremium?3 -0.0013 0.0047
(0.0019) (0.0079)
D1xD2 0.080
(0.086)
D1xD2xPremium1 -0.024

(0.026)
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D1xD2xPremium?2 0.037
(0.023)
D1xD2xPremium?3 -0.0057
(0.0083)
Control Var. Yes Yes Yes
Year FE Yes Yes Yes
County FE Yes Yes Yes
Mean Prob. 0.014 0.013 0.013
R? 0.014 0.016 0.014
N 34817 35850 42219

1
DD and DDD estimates.

ses; * p < 0.10, ** p < 0.05, *** p < 0.01.
3

Linear probability models of entry into self-employment.
Standard errors clustered at the county level in parenthe-

D1=1 if the respondent has EPHI coverage as a policy-

holder (PH) and D1=0 if the respondent has EPHI cover-

age as a dependent.

4 D2=1 if 400%<income<2000% of FPL and D2=0 if

income<250% of FPL.
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Table 2.A.2: Probability of Entry Into Self-employment With In-
come as Additional Control Variable

Model (1) (2) (3)
Sample C+D A+C A+B+C+D
D1 (EPHI PH) -0.0095 -0.019
(0.0069) (0.023)
D2 (High Inc.) -0.0015 -0.011
(0.0051) (0.026)
Premium -0.0027 -0.00018 -0.0030
(0.0021) (0.0013) (0.0059)
D1 xPremium 0.0023 0.0023
(0.0017) (0.0059)
D2 xPremium 0.00081 0.00093
(0.0012) (0.0064)
D1xD2 0.0097
(0.026)
D1 xD2xPremium -0.000097
(0.0065)
Income 0.000012  0.0000096  0.000014
(0.000018) (0.000016) (0.000017)
Control Var. Yes Yes Yes
Year FE Yes Yes Yes
County FE Yes Yes Yes
Control for Inc. Yes Yes Yes
Mean Prob. 0.014 0.013 0.013
Rel. Effect Size 16.8 6.26 -0.73
R? 0.014 0.016 0.014
N 34817 35850 42219

! Linear probability models of entry into self-employment. DD

and DDD estimates.

2 Standard errors clustered at the county level in parentheses; *

p < 0.10, ** p < 0.05, *** p < 0.01.

3 D1=1 if the respondent has EPHI coverage as a policyholder
(PH) and D1=0 if the respondent has EPHI coverage as a de-

pendent.
4 D2=1

if 400%<income<2000%

income<250% of FPL.

of FPL and D2=0 if
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Table 2.A.3: Probability of Entry Into Self-employment Using Pre-
mium at Time ¢

Model (1) (2) (3)
Sample C+D A+C  A+B+C+D
D1 (EPHI PH) -0.0073 0.0032
(0.0050) (0.020)
D2 (High Inc.) -0.0022 0.0084
(0.0048) (0.021)
Premium -0.0032***  -0.0019 0.00032
(0.0012) (0.0011)  (0.0051)
D1 xPremium 0.0018 -0.0026
(0.0011) (0.0050)
D2 x Premium 0.00092 -0.0034
(0.0011)  (0.0051)
D1xD2 -0.011
(0.021)
D1xD2xPremium 0.0044
(0.0053)
Control Var. Yes Yes Yes
Year FE Yes Yes Yes
County FE Yes Yes Yes
Mean Prob. 0.013 0.012 0.013
Rel. Effect Size 13.2 7.50 35.3
R? 0.013 0.014 0.012
N 43565 44796 53156
! Linear probability models of entry into self-employment.
DD and DDD estimates.

2 Standard errors clustered at the county level in parentheses;
*p < 0.10, " p < 0.05, *** p < 0.01.

3 D1=1 if the respondent has EPHI coverage as a policyholder
(PH) and D1=0 if the respondent has EPHI coverage as a
dependent.

4 D2=1 if 400%<income<2000% of FPL and D2=0 if
income<250% of FPL.
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Table 2.A.4: Probability of Entry Into Self-employment With Indi-

vidual Fixed Effects
Model (1) (2) (3)
Sample C+D A+C  A+B+C+D
D1 (EPHI PH) 0.0074 -0.00016
(0.026) (0.017)
D2 (High Inc.) -0.0020 -0.011
(0.031) (0.022)
Premium 0.00088 -0.0011 -0.00097
(0.0074) (0.0030) (0.0025)
D1 x Premium -0.00049 0.00043
(0.0073) (0.0036)
D2 xPremium 0.00048 0.0021
(0.0056) (0.0061)
D1xD2 0.0079
(0.033)
D1 x D2 x Premium -0.0011
(0.0080)
Control Var. Yes Yes Yes
Year FE Yes Yes Yes
Individual FE Yes Yes Yes
Mean Prob. 0.014 0.013 0.013
Rel. Effect Zize -3.48 3.69 -8.17
R? 0.95 0.96 0.95
N 34817 35850 42219
! Linear probability models of entry into self-employment.
DD and DDD estimates.

2 Standard errors clustered at the county level in parenthe-
ses; * p < 0.10, ** p < 0.05, *** p < 0.01.

3 D1=1 if the respondent has EPHI coverage as a policy-
holder (PH) and D1=0 if the respondent has EPHI cover-
age as a dependent.

4 D2=1 if 400%<income<2000% of FPL and D2=0 if
income<250% of FPL.



Table 2.A.5: Probability of Entry Into Self-employment Without

Fixed Effects
Model (1) 2) (3)
Sample C+D A+C  A+B+C+D
D1 (EPHI PH) -0.0074 -0.014
(0.0067) (0.023)
D2 (High Inc.) 0.00017 -0.0055
(0.0049) (0.025)
Premium -0.0014 0.00011 -0.0010
(0.0016) (0.0011)  (0.0058)
D1 x Premium 0.0019 0.0011
(0.0017) (0.0058)
D2 xPremium 0.00060  -0.00039
(0.0012)  (0.0063)
D1xD2 0.0058
(0.025)
D1 x D2 xPremium 0.00098
(0.0064)
Control Var. Yes Yes Yes
Year FE Yes Yes Yes
County/Ind. FE No No No
Mean Prob. 0.014 0.013 0.013
Rel. Effect Size 13.9 4.62 7.38
R? 0.0021 0.0023 0.0023
N 34817 35850 42219

! Linear probability models of entry into self-employment.
DD and DDD estimates.

2 Standard errors clustered at the county level in parenthe-
ses; * p < 0.10, ** p < 0.05, *** p < 0.01.

3 D1=1 if the respondent has EPHI coverage as a policy-
holder (PH) and D1=0 if the respondent has EPHI cov-
erage as a dependent.

* D2=1 if 400%<income<2000% of FPL and D2=0 if
income<250% of FPL.
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Chapter 3

The Effects of the Affordable Care
Act on Workplace Absenteeism of

Overweight and Obese Workers

(with Ethan Grumstrup; Sankar Mukhopadhyay & Olga Shapoval )

3.1 Introduction

Obesity is a growing problem in the U.S. According to the Centers for Disease
Control and Prevention (CDC), 42.4 percent of adults in the U.S. were obese
during 2017 to 2018 (Hales et al., 2020). The prevalence of obesity was 40 percent
among younger adults, 44.8 percent among middle-aged adults, and 42.8 per-
cent among older adults. Obesity is associated with several health conditions,
such as cardiovascular disorders, musculoskeletal disorders, and sleep apnea
(World Health Organisation, 2018), which may not necessarily lead to disabil-

ity but may affect workplace absenteeism. Two systematic reviews (Neovius
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et al., 2009; Schmier et al., 2006) found that obese individuals are more likely to
miss work compared to their normal-weight counterparts. Cawley et al. (2007)
estimated that the total cost of obesity-related absenteeism is about $4.3 billion
in the U.S. In addition, Finkelstein et al. (2010) estimate that the total cost as-
sociated with all obese full-time employees is about $73.1 billion and about 18
percent of this cost (or about $13 billion) is due to increased absenteeism. Access
to health insurance is often suggested as a potential solution to this problem

(Trogdon et al., 2008; Cawley et al., 2007).

In this chapter, we examine whether the expansion of health insurance coverage
brought by the Patient Protection and Affordable Care Act of 2010 (ACA), led
to a decline in absenteeism among overweight and obese individuals. While
several papers have examined the effects of different provisions of the ACA
on labor market outcomes, we are not aware of any previous paper that has

attempted to explore the effects of the ACA on absenteeism.

On January 1, 2014, the individual mandate of the ACA, which required most
citizens and legal residents to have health insurance (or pay a fine), went into
effect'. At the same time, 25 states (including DC) expanded Medicaid to cover
individuals with earnings up to 138 percent of the federal poverty level. Later,
eight more states adopted the Medicaid expansion. These two changes reduced
the percentage of non-elderly adults (ages 19-64) without health insurance from
20.3 percent in 2013 to 12.2 percent in 2016. We use individual-level data from

the National Health Interview Survey (NHIS) to estimate the effect of the ACA

!The individual mandate was repealed in late 2017. Early evidence suggests that it did not
affect the percentage of individuals with health insurance. Our study does not include the pe-
riod after repeal.
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on absenteeism among overweight (25 < BMI < 30) and obese (BMI > 30) in-
dividuals. We compare absenteeism among overweight and obese individuals,
to absenteeism among normal-weight (18.5 < BMI < 25) individuals before and

after the ACA, to estimate the effect of the ACA on absenteeism.

The ACA increased health insurance coverage rates for all weight groups (un-
derweight, normal-weight, overweight, and obese). Therefore, we do not have
an untreated (control) group per se. Therefore, our structure is somewhat differ-
ent from a canonical difference-in-difference (DD) model. We hypothesize that
health insurance coverage may have a different effect on absenteeism of over-
weight and obese workers compared to normal-weight workers. Given that,
we define the “treatment effect" as the effect of the insurance expansion on ab-
senteeism of overweight/obese workers compared to normal-weight workers.
Once we define our “treatment effect" this way, we have a structure analogous

to a DD model.

Our results suggest that in the post-ACA period, the probability of being absent
declined by about 1.3 (1.5) percentage points among obese (overweight) indi-
viduals. The effect on women is more significant than on men. The probability
of being absent declined by about 2.3 (2.6) percentage points in the post-ACA
period among obese (overweight) women. The effect on men was compara-
tively smaller and statistically insignificant. Furthermore, our estimates (using
a Tobit model) indicate that the obese (overweight) workers missed 0.32 (0.48)
fewer days after the ACA. Again, the effect was stronger among overweight

women (a statistically significant decline of 0.81 days) compared to overweight
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men (0.27 days and insignificant). The same holds for obese workers (a sta-
tistically significant decline of 0.68 days for obese women compared to an in-
significant 0.05 days for obese men). In the pre-ACA period, obese (overweight)
women missed 3.9 (2.9) days of work per year; therefore, this change translates
to about a 17 (28) percent decline in days of missed work among obese (over-

weight) women.

While the ACA expanded health insurance coverage among non-elderly adults,
the health insurance coverage rate of the elderly (age 65 and above) did not
change during this time. In this group, the percentage of uninsured individuals
declined only by 0.1 percentage points (from 1.2 percent in 2005 (DeNavas-Walt
et al., 2013) to 1.1 percent in 2016 (Barnett and Berchick, 2017) ). This group,
therefore, provides us with an opportunity (albeit imperfect) to test whether
the effect reported above is due to unrelated time effects. If the decline in ab-
senteeism were due to some unrelated time trend, we would expect to see a
similar effect among elderly obese individuals. Our results show that there is
no decline in absenteeism among elderly adults, suggesting that the decline in
absenteeism is indeed due to the expansion of health insurance coverage due

to the ACA.

The rest of the chapter is structured in the following way. Section 3.2 provides
a background, Section 3.3 discusses data, Section 3.4 presents the results, and

Section 3.5 concludes.
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3.2 Background

Two previous reviews (Neovius et al., 2009; Schmier et al., 2006) have concluded
that overweight and obese workers are more likely to be absent from work com-
pared to normal-weight workers. Related literature shows that access to health
insurance reduces both the probability of missing work and the number of days
missed (Gilleskie, 1998; Lofland and Frick, 2006). In particular, Dizioli and Pin-
heiro (2016) control for endogeneity of health insurance status, and find that
workers with health insurance missed 76.54 percent (or 5.5 days) fewer work-
days over two years compared to workers without health insurance. It is plau-
sible that access to health insurance may allow obese individuals to address
some of the chronic conditions associated with obesity. This has led researchers
and policymakers to suggest that expanding health insurance coverage may
lead to reduced absenteeism among obese workers. For example, Cawley et al.
(2007) conclude that providing health insurance may be a solution. However,
an individual who is insured against health risks may have less incentive to
invest in dieting and exercise (Bhattacharya and Sood, 2006)*. Some studies re-
port that access to health insurance is not associated with absenteeism (Xu and
Jensen, 2012) or even associated with an increase in absenteeism (Vistnes, 1997).
Therefore, it is an empirical question whether the expansion of health insurance

under the ACA reduced absenteeism of overweight and obese workers.

Several studies examine the effect of the ACA on labor market outcomes. They

find limited or no impact on young adults (Dahlen, 2015; Heim et al., 2015;

2Simon et al. (2017) do not find any evidence that increased health insurance coverage under
the ACA led to increased obesity.
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Slusky, 2017). Studies that use the Medicaid expansion and employer coverage
mandate, also find no effect on labor force participation (Gooptu et al., 2016;
Kaestner et al., 2017; Leung and Mas, 2016; Moriya et al., 2016). Dong et al.
(2017) found that newer retirees are expecting to work longer than previous
generations. However, other studies find that the ACA had little to no signifi-
cant impact on those retirement decisions (Ayyagari, 2019; French et al., 2016;
Gustman et al., 2016; Kaestner et al., 2017; Levy et al., 2018). We are not aware
of any previous paper that has attempted to explore the effects of the ACA on

absenteeism among different weight groups.

3.3 Data

We use data from the National Health Interview Survey (NHIS) (Blewett et al.,
2016) for the years, including 2005 to 2018. Our baseline sample is limited to
individuals who are older than 26 and younger than 65. Individuals below the
age of 26 were affected by the dependent care mandate of the ACA, which went
into effect on September 23, 2010. Since it expanded health insurance coverage
in this group after 2011, we exclude them from our analysis. Individuals 65
and above are eligible for Medicare, and therefore were not directly affected
by Medicaid expansion and the individual mandate. Since the ACA did not
make any significant changes in Medicare, we use this group for a falsification

exercise.

In the NHIS, respondents were asked how many days of work they missed
“because of an illness or injury in the last 12 months” (Blewett et al., 2016). We use

answers to this question to construct our dependent variables. Since interviews
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are conducted throughout a given year, and this question refers to absence from
work during the 12 months preceding an interview, the relevant periods do not
match calendar years. For example, an individual interviewed in March of 2014,
would report the number of days he/she missed work between March of 2013
and February of 2014. This is an important point because the ACA provisions
that pertain to our study (individual mandate and Medicaid expansion) were
implemented on January 1, 2014. In our baseline analysis, we treat the survey
year 2014 as a pre-treatment year (since respondents reported their experiences
of 2013, at least in part). The post-ACA binary variable takes the value one if the
survey year is 2015, 2016, 2017, or 2018 (representing the data year 2014, 2015,
2016, or 2017 respectively) and zero otherwise. Therefore, even though we use
data from survey years 2005-2018, the data pertains to years 2004-2017. In the
rest of the chapter, when we refer to the year variable, we refer to the year of the
data, as opposed to the interview year. As a part of our robustness checks, we
excluded 2014 from our analysis, but the results are not sensitive to this change

(see Section 3.4.2 for details).

We impose some sample restrictions to reduce the effect of outliers. We exclude
individuals with more than 75 days of missed work per year (99th percentile of
days absent distribution). We also exclude individuals with Body Mass Index
(BMI) below 10 and above 60. In addition, we restrict our attention to indi-
viduals who worked for the full year since the question about absenteeism in
the NHIS asks about the number of days of missed work in the previous 12
months. Individuals who only worked part of the year may miss fewer days
simply because they did not work for the whole year. Our qualitative results

are not sensitive to any of these sample restrictions (see Section 3.4.2). We also
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exclude women that were pregnant at the time of interview.

We present the summary statistics in Table 3.6.1. We organized the summary
statistics for the full sample® separated into four weight categories: underweight
(BMI < 18.5), normal-weight (18.5 < BMI < 25), overweight (25 BMI < 30),
and obese (BMI > 30). About 59.3 percent of normal-weight respondents are
female, and 48.2 percent of obese respondents are female. The average age
among normal-weight respondents is 43.4, and among obese respondents, it
is 45.1. The percentage of married respondents varies between 50.0 percent
and 55.9 percent among the groups. The average number of children among
normal-weight individuals is 0.81, compared to 0.88 among obese individu-
als. About 66.0 percent (60.9 percent) of normal-weight (obese) respondents are
non-Hispanic, White. Normal-weight respondents are more likely to have col-
lege degrees (46.1 percent) compared to obese respondents (28.7 percent). In
addition, they have better self-reported health status; 42.5 of normal-weight re-
spondents have excellent health compared to 18.6 percent of obese respondents.
The summary statistics show that overweight (obese) individuals are different
from normal-weight individuals in several observable dimensions, which im-
poses a challenge for our analysis. We discuss this issue in more details in the

Results section.

3.4 Results

In this section, we present the empirical results. We compare the outcomes for

our three groups of interest (underweight, overweight, and obese respondents)

3The descriptive statistics separated by gender and then by weight categories are presented
in appendix Tables 3.A.1 and 3.A.2
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to normal-weight respondents. Based on the descriptive statistics (Table 3.6.1),
normal-weight group differs from our groups of interest in baseline covariates.
Therefore, we refer to the normal-weight individuals as a comparison group (as
opposed to a control group). Since the objective is to difference out the trends in
absenteeism that would have affected all workers, a comparison group may be
sufficient (Kossoudji and Cobb-Clark, 2002). However, we still need the parallel
trend assumption to hold. We test for it and present evidence to that effect in

Section 3.4.1.2.1.

First, we present the results using mean DD and then DD regressions (Section
3.4.1). In Section 3.4.1.2.1, we show that the parallel trend assumption holds and
therefore DD estimates may represent the causal effect of the ACA on absen-
teeism of overweight and obese workers. In Section 3.4.2, we show a number of
robustness checks. Section 3.4.3 presents a falsification exercise using individu-

als 65 and older. In section 3.4.4, we explore how the ACA affected absenteeism.

3.4.1 Baseline Results

3.4.1.1 Mean DD Results

Table 3.6.2 shows the mean DD estimates for our two outcome variables. Panel
A shows the estimates for the rate of absenteeism (i.e., probability of missing
at least one day of work in the 12 months preceding an interview) and panel B
shows the estimates for the number of days absent. Panel A (column 1) shows
that 43.8 percent of normal-weight individuals missed at least one day of work
before the ACA, and it declined to 42.8 percent in the post-ACA period; a de-

cline of 1.0 percentage points.
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On the other hand, 50.3 percent of obese individuals missed at least one day of
work before the ACA, but 48.2 percent after the ACA; a decline of 2.1 percent-
age points. Thus, the mean DD estimate suggests that the ACA reduced the rate
of absenteeism among obese people by 1.1 percentage point. However, this es-
timate is not statistically significant at conventional levels. Similarly, the mean
DD estimate suggests that the ACA reduced the rate of absenteeism among

overweight individuals by 1.2 percentage points (not significant).

Panel B in Table 3.6.2 shows that individuals in the normal-weight category
missed 2.20 days of work per year before the ACA and declined by 0.09 days to
2.11 days of missed work in the post-ACA period. On the other hand, individ-
uals in the obese category missed 3.25 days of work per year before the ACA,
and it declined by 0.21 days to 3.04 days per year. Thus, the mean DD estimate
suggests that the ACA reduced absenteeism among obese individuals by 0.12
days per year (not significant). Similarly, the mean DD estimate suggests that
the ACA reduced the absenteeism among overweight individuals by 0.18 days

per year (significant at 5 percent level).

Tables 3.A.3 and 3.A.4 in the appendix show the mean DD estimates for women
and men respectively. Estimates suggest that the effect of the ACA is concen-
trated among women. For example, the rate of absenteeism declined by a signif-
icant 2.1 percentage points among overweight women (Panel A of Table 3.A.3)
vs. only 0.8 percentage points (not significant) among men (Panel A of Table
3.A.4). A similar result holds when the number of days absent is the outcome

variable.
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3.4.1.2 Regression Results

The mean difference-in-difference estimates are consistent if the treatment and
control groups are similar, except for the treatment status. However, we do not
have a control group; our identification relies on a comparison group. This also
implies that we need to control for observable differences across groups using
a regression framework. Controlling for observable characteristics may also re-

duce standard errors and may lead to more precise estimates.

In our regressions, we include controls for age (quadratic), educational cate-
gories (less than High School, High School, Some College, College Degree),
marital status (married or not), number of children, whether the youngest child
is less than six years old, health status (very good, good, fair, and poor; ex-
cellent health is the omitted category), race, gender, region of residence, and
survey year. We analyze the effects of the ACA on two outcome variables: the

probability of absenteeism and number of days absent from work.

Before we discuss regression results we have to discuss parallel trend assump-
tion. The DD estimates may be interpreted as causal effects of the expansion of
insurance coverage brought on by the ACA if the parallel trends assumption
holds. This assumption requires that the trends in absenteeism among treat-
ment groups (obese, overweight, underweight individuals) would have been
the same as the trend in the comparison group (normal-weight individuals)
in the absence of the ACA. This assumption is not testable. As an alternative,
econometric studies check whether the pre-intervention trends were similar
across groups. Since we have multiple periods of pre-intervention data, we

check whether the trend in absenteeism was the same in the pre-intervention
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period, i.e., between the years of 2004 and 2013.

3.4.1.2.1 Parallel Trends We use a regression-based approach to test for par-
allel trends. We estimate regressions that interact with the three treatment group
(obese, overweight, and underweight) indicators with year indicator variables
for all years except 2004, which is our base year. If the trend in absenteeism
among obese individuals was the same as the trend in absenteeism among
normal-weight individuals then all the coefficients of the interaction terms (i.e.,
obese interacted with the years) for the years, 2005-2013 should be jointly in-
significant. To formally test the parallel trends assumption, we test the null hy-
pothesis that the coefficients of all pre-2014 (2005-2013) interaction terms (i.e.,
obese * year dummy) jointly equal zero. Table 3.6.3 presents the p-values for
the test of joint significance for pre-ACA (2005-2013) interaction terms for all
six samples used in Table 3.6.4. Appendix Figures 3.B.1, 3.B.3, and 3.B.3 present
the (year*treatment group) coefficients (when number of days absent is the out-
come variable) and marginal effects (when the outcome variable is absent or
not) for all respondents, women, and men, respectively. Figures show that all
the coefficients in the pre-ACA period are statistically insignificant. Results of
F-tests (presented in Table 3.6.3) suggest that in all six samples, the interaction
terms are also jointly insignificant, suggesting that the pre-intervention trend
was the same across groups and therefore the use of a DD structure is appro-

priate.

3.4.1.2.2 Regression Estimates Table 3.6.4 presents the regression estimates.
In the first three columns, the outcome variable is whether the respondent missed

any work or not. Since the outcome variable is binary, we use Probit regressions.
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The estimates presented in columns 1-3 of Table 3.6.4 are average marginal
effects. In the last three columns, the outcome variable is number of days of
missed work. Since our second outcome variable (number of workdays missed
in a year) is zero for about 56 percent of the respondents, we use a Tobit model

to account for censoring.

We only report the coefficients of primary interest in the text. The complete
table with estimates for control variables is in the Appendix Table 3.A.5. Our
estimates suggest that among obese individuals, the probability of being ab-
sent declined by 1.3 percentage points in the post-ACA period (not significant).
Our results also suggest that the probability of being absent declined by 1.5 per-
centage points (significant at 5 percent) among overweight workers. The ACA

did not affect the probability of absenteeism among underweight workers.

Columns 2 and 3 of Table 3.6.4 present the results for women and men, respec-
tively. Results suggest that the effect of the ACA is more extensive (in absolute
values) among women compared to men. In the post-ACA period, the probabil-
ity of being absent declined by 2.3 percentage points among obese women (sig-
nificant at 5 percent) compared to 0.4 percentage points (not significant) among
obese men. It is worth noting that women were about eight percentage points
more likely to miss work compared to men in the pre-ACA period (46.7 percent
for women vs. 38.7 percent for men). In other words, they had more room for
improvement. In the post-ACA period, the probability of being absent declined
by 2.6 percentage points among overweight women (significant at 5 percent)

compared to 0.9 percentage points among overweight men (not significant).

Columns 4-6 present the results from Tobit regressions with the number of days
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of missed work as the outcome variable. The fourth column shows the results
for all workers, and the next two columns split the sample by gender. Esti-
mates in column 4 suggest that the number of days absent from work declined
by 0.32 days for obese workers and 0.48 days for overweight workers. There
was no statistically significant change in absenteeism for underweight individ-
uals. Given the pre-ACA obese (overweight) workers missed 3.2 (2.3) days of
work on average, these estimates suggest a 10.3 percent (20.0 percent) reduc-
tion in the number of days absent among the obese (overweight) workers. Esti-
mates in columns 5 (women) and 6 (men) suggest that the effect of the ACA is
stronger among women compared to men. This is consistent with the results in
columns 2 and 3. In the post-ACA period, the number of days absent declined
by 0.68 days among obese women (significant at 5 percent) compared to 0.05
days among obese men (not significant). Again, we should note that women
missed more days of work compared to men in the pre-ACA period (3.05 days
for women vs. 2.20 days for men). A similar result holds for overweight indi-
viduals. In the post-ACA period, the number of missed workdays declined by
0.81 days among overweight women (significant at 1 percent) compared to 0.27
days among overweight men (not significant). Therefore, our results suggest
that there was a substantial reduction in absenteeism among overweight and

obese women in the post-ACA period.
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3.4.2 Robustness Checks

3.4.2.1 Excluding the Survey Year 2014 from Data

As we discussed earlier, the data from the survey year 2014 covers part of 2013
and part of 2014. In our baseline analysis (Table 3.6.4), we assumed that the data
from the survey year 2014 are part of the pre-ACA period. In this section, we
exclude the data from the survey year 2014 since technically it covers part of the
pre-ACA and post-ACA period. The results are presented in Panel A of Table
3.6.5. The results for both men and women samples are similar to the results
presented in Table 3.6.4 in both Probit and Tobit regressions. The estimates for
overweight respondents in the full sample (men and women combined) are also
similar to Table 3.6.4, but the coefficients for obese are not statistically signifi-
cant anymore. Therefore, overall, these results suggest that the baseline results

are robust to this change.

3.4.2.2 Robustness to Sample Selection Criteria

In our baseline analysis (Table 3.6.4), we excluded individuals who worked for
less than 12 months in the year before an interview. In this section, we include
those individuals. The sample size increases from 156,623 to 194,651. The results
for this sample are presented in Panel B of Table 3.6.5. All the results are similar

to Table 3.6.4, suggesting that results are robust to this assumption as well.
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3.4.2.3 Controlling for Occupation

In Panel C, we add occupation-specific fixed effects (one digit level) as addi-
tional controls. Since different occupations require different amounts of physi-
cal intensity, identification from within occupation variation may provide better
information. However, occupation selection may be endogenous. Nonetheless,
we control for occupation as a robustness check. The results (presented in Panel
C of Table 3.6.5) are similar to our baseline results in Table 3.6.4. However, the
coefficient for obese individuals loses statistical significance in Probit regres-

sions.

3.4.3 Counterfactual Using Respondents 65 and Older

While the ACA increased the percentage of non-elderly insured individuals
(age<65), it did not change the percentage of elderly (age>=65) who have health
insurance. For example, 79.1 percent of 27-64-year-olds had had health insur-
ance in 2005 (DeNavas-Walt et al., 2013), which increased to 88.1 percent by
2016 (Barnett and Berchick, 2017) an increase of 9.0 percentage points. On the
other hand, among the elderly (age>=65) the percentage of individuals with
health insurance increased only slightly from 98.8 percent in 2005 (DeNavas-
Walt et al., 2013) to 98.9 percent in 2016 (Barnett and Berchick, 2017). Therefore,
if the expansion of health insurance drives the reduction in absenteeism in the
post-ACA period then we would not expect to see an effect in individuals 65
and over. This group (age>=65), therefore, provides us with an opportunity to

test whether the effect reported above is due to unrelated time effects. Table
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3.6.6 presents the results. Estimates suggest that neither the probability of miss-
ing work nor the number of days of missed work changed after the ACA among
the elderly (age >=65) obese and overweight workers. This is true in the full
sample, among women, and men. This suggests that the decline in absenteeism

is indeed due to health insurance coverage expansion due to the ACA.

3.4.4 Why Did the Absenteeism Decline?

In this sub-section, we explore potential mechanisms through which the ACA
may have affected absenteeism among workers who are overweight or obese.
In the Introduction section, we noted that several researchers have argued that
access to health insurance may allow them to better manage their health condi-
tions leading to lower absenteeism. Table 3.6.7 shows the effect of the ACA on
the number of days an individual was forced to spend in bed due to an illness
or injury*. Estimates from Tobit regressions suggest that compared to normal-
weight women, the number of disability days went down by 0.80 days among
over-weight women (statistically significant) and 0.29 days among obese women
(not significant). In Table 3.6.4, we reported that the number of days absent
went down by 0.81 days among overweight women and 0.67 days among obese

women. These numbers are consistent with that result.

“The exact question was “During the PAST 12 MONTHS, how many days did illness or
injury keep you in bed more than half of the day(include days while an overnight patient in a
hospital)?"



79

3.5 Conclusion

In this chapter, we explore whether the health insurance expansion brought
on by the ACA reduced absenteeism among overweight and obese workers.
To estimate the effect of the ACA, we use a difference-in-differences structure
with normal-weight individuals as our comparison group. Our results suggest
that the effects on women are both economically and statistically significant.
The probability of being absent declined by about 2.3 (2.6) percentage points in
the post-ACA period among obese (overweight) women. Furthermore, our es-
timates (using a Tobit model) indicate that obese (overweight) women missed
0.675 (0.810) fewer days after the ACA, compared to normal-weight women. On
the other hand, the effects on men are smaller and often statistically insignifi-
cant. Our results also suggest that improved physical health outcomes led to

this reduced absenteeism.

These results are consistent with the hypothesis that access to healthcare may
allow overweight and obese workers to address the chronic conditions which
may limit their ability to consistently be present at work. Since normal-weight
and underweight workers are less likely to have health problems, access to
health insurance may not be as important. Apart from being statistically signif-
icant, the reduction in absenteeism is economically significant. Women who are
obese, on average, missed about 3.9 days of work. Our estimates suggest that
in the post-ACA period, absenteeism in this group was reduced by about 0.68
days, which is a 17 percent reduction in absenteeism. Cawley et al. (2007) esti-

mated that the cost associated with absenteeism among all (men and women)
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obese workers is about $4.3 billion per year. Therefore, a 17 percent reduction

in absenteeism among obese women may save about $350 million per year.
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Table 3.6.1: Summary Statistics

Normal Weight Underweight Overweight Obese

Work loss days 2.184 2.482 2.325 3.201
(5.746) (6.788) (6.249) (7.552)
Lost any work days 0.436 0.448 0.433 0.498
(0.496) (0.497) (0.495) (0.500)
Body mass index 22.548 17.608 27.287 35.173
(1.633) (0.864) (1.444) (4.872)
Female 0.593 0.816 0.374 0.482
(0.491) (0.388) (0.484) (0.500)
Age 43.357 42.115 44.816 45.110
(10.606) (10.860) (10.377) (10.209)
Married 0.519 0.501 0.559 0.520
(0.500) (0.500) (0.496) (0.500)
Number of own children 0.806 0.765 0.874 0.884
(1.091) (1.069) (1.138) (1.158)
Youngest child less than 6 0.151 0.153 0.155 0.137
(0.358) (0.360) (0.362) (0.343)
Race
White, Non-hispanic 0.660 0.659 0.626 0.609
(0.474) (0.474) (0.484) (0.488)
Black, Non-hispanic 0.091 0.071 0.125 0.180
(0.287) (0.257) (0.331) (0.384)
Hispanic 0.132 0.078 0.181 0.170
(0.339) (0.268) (0.385) (0.376)
Other 0.117 0.192 0.068 0.041
(0.322) (0.394) (0.252) (0.199)
Education
Less than HS 0.073 0.066 0.102 0.101
(0.260) (0.249) (0.303) (0.301)
High School 0.198 0.224 0.231 0.263
(0.399) (0.417) (0.422) (0.440)
Some College 0.268 0.250 0.297 0.349
(0.443) (0.433) (0.457) (0.477)
College Degree 0.461 0.461 0.369 0.287
(0.498) (0.499) (0.483) (0.453)
Health Status
Excellent 0.425 0.385 0.332 0.186
(0.494) (0.487) (0.471) (0.389)
Very Good 0.357 0.334 0.388 0.361
(0.479) (0.472) (0.487) (0.480)
Good 0.181 0.212 0.233 0.353
(0.385) (0.409) (0.423) (0.478)
Fair 0.034 0.060 0.043 0.091
(0.181) (0.237) (0.204) (0.288)
Poor 0.003 0.009 0.004 0.009
(0.059) (0.094) (0.062) (0.096)
N 49,950 1,570 58,331 46,772

Means presented, standard deviations in parentheses. Work lost days are in last 12 months.



Table 3.6.2: Mean Difference-in-Differences

Normal Weight Underweight Overweight Obese

Panel A: Lost any work days

Before 0.438*** 0.456*** 0.437*** 0.503***
[0.496] [0.498] [0.496] [0.500]
After 0.428*** 0.416*** 0.415%** 0.482%**
[0.495] [0.494] [0.493] [0.500]
Difference -0.010% -0.039 -0.022%**  -0.021***
(0.006) (0.032) (0.005) (0.006)
Diff-in-Diff . -0.029 -0.012 -0.011
. (0.032) (0.008) (0.008)
Panel B: Work days lost
Before 2.201%** 2.489*** 2.379%** 3.247%**
[5.774] [6.787] [6.350] [7.579]
After 2.110%** 2.451%** 2.106%** 3.035%**
[5.629] [6.805] [5.820] [7.453]
Difference -0.091 -0.039 -0.273**  -0.212**
(0.064) (0.440) (0.062) (0.084)
Diff-in-Diff . 0.052 -0.182* -0.121
. (0.445) (0.089) (0.106)
N 49,950 1,570 58,331 46,772

*p < 010, * p < 0.05, ** p < 0.01; Standard Errors in parentheses, Standard
Deviations in square brackets.
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Table 3.6.3: Parallel Trend Test

Probit Tobit
Full Sample Women Men FullSample Women Men
Underweight 0.582 0219 0.224 0.417 0366  0.740
Overweight 0.379 0.587  0.256 0.129 0.367  0.242
Obese 0.473 0.220  0.863 0.409 0.658  0.588
N 156,623 75273 81,350 156,623 75,273 81,350

Controls included in the model are: Sex, marital status, age, age squared, race dummies, ed-
ucational attainment dummies, number of children, and an indicator if the youngest child is
less than 6 years old. P-values for test of joint significance of coefficients for years 2005 to 2013

are presented.

Table 3.6.4: Regressions Results Showing the Effect of the ACA

Probit Tobit
Full Sample Women Men Full Sample Women  Men
Underweight X Post-ACA -0.022 -0.012  -0.055 -0.087 -0.163 0.454
(0.032) (0.036) (0.075) (0.862) (0.931) (2.277)
Overweight X Post-ACA -0.015** -0.026**  -0.009 -0.475** -0.810***  -0.266
(0.008) (0.011) (0.011) (0.188) (0.269) (0.276)
Obese X Post-ACA -0.013 -0.023**  -0.004 -0.319 -0.675**  0.048
(0.008) (0.011) (0.011) (0.200) (0.269)  (0.301)
Region Fixed Effects Yes Yes Yes Yes Yes Yes
Year Fixed Effects Yes Yes Yes Yes Yes Yes
N 156,623 75,273 81,350 156,623 75,273 81,350

*p < 0.10, ** p < 0.05, *** p < 0.01; Standard errors in parentheses; Columns (1) to (3) display average marginal
effects for discrete change of dummy variable from 0 to 1; all models include constants. Controls included in the
model are: Sex, marital status, age, age2, race, educational attainment, number of children, and an indicator if
the youngest child is less than 6 years old.
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Table 3.6.5: Robustness Checks

Probit Tobit
Full Sample Women Men Full Sample Women  Men

Panel A: Excluding 2014

Underweight X Post-ACA -0.021 -0.011  -0.053 -0.175 -0.375 0.994
(0.032) (0.036) (0.075) (0.862) (0.921) (2.341)
Overweight X Post-ACA -0.016* -0.027*  -0.011 -0.511** -0.861** -0.317
(0.007) (0.011) (0.011) (0.189) (0.270)  (0.278)
Obese X Post-ACA -0.014 -0.022*  -0.007 -0.393 -0.736**  -0.056
(0.008) (0.011) (0.011) (0.201) (0.271)  (0.303)
N 146,406 70,367 76,039 146,406 70,367 76,039
Panel B: Including workers with less than 12 months of work
Underweight X Post-ACA -0.028 -0.020  -0.060 -0.861 -0.960  -0.267
(0.028) (0.032) (0.067) (0.792) (0.844) (2.223)
Overweight X Post-ACA -0.015* -0.026**  -0.007 -0.535** -0.870***  -0.281
(0.007) (0.010) (0.010) (0.186) (0.261) (0.277)
Obese X Post-ACA -0.014* -0.023*  -0.004 -0.432* -0.712**  -0.099
(0.007) (0.009) (0.010) (0.195) (0.261)  (0.299)
N 194,651 96,612 98,039 194,651 96,612 98,039
Panel C: Controlling for Occupation
Underweight X Post-ACA -0.017 -0.008  -0.052 -0.138 -0.387 1.067
(0.032) (0.036) (0.075) (0.870) (0.930) (2.356)
Overweight X Post-ACA -0.015* -0.024* -0.010 -0.491* -0.799**  -0.301
(0.008) (0.011) (0.011) (0.191) (0.272)  (0.279)
Obese X Post-ACA -0.012 -0.020  -0.005 -0.349 -0.667*  -0.035
(0.008) (0.011) (0.011) (0.202) (0.272)  (0.304)
N 143,626 69,176 74,450 143,626 69,176 74,450

*p < 0.10, * p < 0.05, ** p < 0.01; Standard errors in parentheses; Columns (1) to (3) display average marginal
effects for discrete change of dummy variable from 0 to 1; all models include controls and constants. Controls in-
cluded in the model are: Sex, marital status, age, age squared , race dummies, educational attainment dummies,
number of children, and an indicator if the youngest child is less than 6 years old.

Table 3.6.6: Results for Individuals 65 and Above

Probit Tobit

Full Sample Women Men Full Sample Women Men

Underweight X Post-ACA -0.047 -0.044 -0.072 -2.708 -2.544  -3.377
(0.091) (0.103) (0.237) (3.500) (3.621) (9.925)

Overweight X Post-ACA -0.012 -0.020 -0.013 -0.889 -1.090 -1.110
(0.022) (0.032) (0.030) (0.950) (1.232) (1.497)

Obese X Post-ACA -0.001 0.015 -0.022 -0.048 0.104 -0.610
(0.024) (0.034) (0.034) (1.064) (1.324) (1.716)

N 11,959 5,786 6,171 11,959 5,788 6,171

*p < 010, * p < 0.05, ** p < 0.01; Standard errors in parentheses; Columns (1) to (3) display average
marginal effects for discrete change of dummy variable from 0 to 1; all models include controls and constants.
Controls included in the model are: Sex, marital status, age, age squared , race dummies, educational attainment
dummies, number of children, and an indicator if the youngest child is less than 6 years old.



Table 3.6.7: Tobit Regressions of Bed Disability Days, Past 12 Months

Full Sample Women Men
Overweight X Post-ACA  -0.511**  -0.804™ -0.165
(0.205) (0.325) (0.248)

Obese X Post-ACA -0.264 -0.293 -0.127
(0.224)  (0.339) (0.273)
N 156,623 75,273 81,350

Standard errors in parentheses; * p < 0.10, ** p < 0.05, *** p < 0.01.
All models include controls and constants. Controls included in the
model are: Sex, marital status, age, age squared , race dummies, ed-
ucational attainment dummies, number of children, and an indicator
if the youngest child is less than 6 years old.
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Table 3.A.1: Summary Statistics - Women Only

Normal Weight Underweight Overweight Obese

Work loss days 2.368 2.541 2.870 3.858
(5.968) (6.915) (6.957) (8.294)
Lost any work days 0.469 0.458 0.497 0.562
(0.499) (0.498) (0.500) (0.496)
Body mass index 22.267 17.637 27.308 35.928
(1.696) (0.780) (1.428) (5.333)
Female 1.000 1.000 1.000 1.000
(0.000) (0.000) (0.000) (0.000)
Age 43.782 42.129 45411 45.265
(10.503) (10.798) (10.380) (10.288)
Married 0.515 0.504 0.495 0.425
(0.500) (0.500) (0.500) (0.494)
Number of own children 0.855 0.799 0.916 0.900
(1.083) (1.078) (1.121) (1.133)
Youngest child less than 6 0.142 0.148 0.130 0.120
(0.349) (0.356) (0.336) (0.325)
Race
White, Non-hispanic 0.675 0.680 0.594 0.565
(0.469) (0.467) (0.491) (0.496)
Black, Non-hispanic 0.089 0.060 0.168 0.232
(0.285) (0.238) (0.374) (0.422)
Hispanic 0.131 0.070 0.178 0.163
(0.338) (0.256) (0.382) (0.369)
Other 0.105 0.190 0.061 0.040
(0.307) (0.392) (0.239) (0.196)
Education
Less than HS 0.058 0.047 0.095 0.095
(0.233) (0.211) (0.293) (0.293)
High School 0.183 0.207 0.226 0.243
(0.387) (0.405) (0.418) (0.429)
Some College 0.284 0.259 0.331 0.373
(0.451) (0.438) (0.470) (0.484)
College Degree 0.475 0.487 0.349 0.289
(0.499) (0.500) (0.477) (0.453)
Health Status
Excellent 0.428 0.414 0.291 0.163
(0.495) (0.493) (0.454) (0.370)
Very Good 0.363 0.337 0.391 0.352
(0.481) (0.473) (0.488) (0.478)
Good 0.176 0.191 0.260 0.373
(0.381) (0.393) (0.439) (0.483)
Fair 0.030 0.050 0.053 0.101
(0.171) (0.218) (0.223) (0.301)
Poor 0.004 0.008 0.004 0.011
(0.059) (0.088) (0.067) (0.103)
N 29,641 1,281 21,801 22,550

Means presented, standard deviations in parentheses. Work lost days are in last 12 months.
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Table 3.A.2: Summary Statistics - Men Only

Normal Weight Underweight Overweight Obese

Work loss days 1.915 2221 1.999 2.590
(5.395) (6.199) (5.761) (6.732)
Lost any work days 0.389 0.405 0.394 0.439
(0.488) (0.492) (0.489) (0.496)
Body mass index 22.959 17.480 27.275 34.470
(1.440) (1.160) (1.454) (4.283)
Female 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000)
Age 42.736 42.052 44.461 44.966
(10.724) (11.146) (10.358) (10.133)
Married 0.526 0.484 0.598 0.609
(0.499) (0.501) (0.490) (0.488)
Number of own children 0.734 0.612 0.848 0.870
(1.100) (1.018) (1.148) (1.181)
Youngest child less than 6 0.164 0.173 0.170 0.152
(0.371) (0.379) (0.376) (0.359)
Race
White, Non-hispanic 0.638 0.567 0.645 0.650
(0.481) (0.496) (0.478) (0.477)
Black, Non-hispanic 0.093 0.121 0.100 0.131
(0.291) (0.327) (0.300) (0.337)
Hispanic 0.134 0.111 0.182 0.177
(0.341) (0.314) (0.386) (0.381)
Other 0.135 0.201 0.073 0.043
(0.341) (0.401) (0.259) (0.202)
Education
Less than HS 0.095 0.152 0.107 0.106
(0.294) (0.360) (0.309) (0.308)
High School 0.220 0.298 0.234 0.282
(0.414) (0.458) (0.424) (0.450)
Some College 0.245 0.208 0.278 0.326
(0.430) (0.406) (0.448) (0.469)
College Degree 0.440 0.343 0.381 0.286
(0.496) (0.475) (0.486) (0.452)
Health Status
Excellent 0.421 0.260 0.356 0.207
(0.494) (0.439) (0.479) (0.405)
Very Good 0.347 0.318 0.386 0.369
(0.476) (0.467) (0.487) (0.482)
Good 0.189 0.304 0.217 0.334
(0.391) (0.461) (0.412) (0.472)
Fair 0.040 0.104 0.038 0.082
(0.195) (0.306) (0.191) (0.275)
Poor 0.003 0.014 0.003 0.008
(0.058) (0.117) (0.059) (0.089)
N 20,309 289 36,530 24,222

Means presented, standard deviations in parentheses. Work lost days are in last 12 months.
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Table 3.A.3: Mean Difference-in-Differences, Women Only

Normal Weight Underweight Overweight Obese

Panel A: Lost any work days

Before 0.471* 0.465** 0.504** 0.568**
[0.499] [0.499] [0.500] [0.495]
After 0.459*** 0.429*** 0.471* 0.540**
[0.498] [0.496] [0.499] [0.498]
Difference -0.012 -0.036 -0.032*** -0.028***
(0.007) (0.035) (0.008) (0.008)
Diff-in-Diff . -0.024 -0.021* -0.016
. (0.036) (0.011) (0.011)
Panel B: Work days lost
Before 2.388** 2.580*** 2.970%* 3.956**
[5.986] [7.039] [7.147] [8.417]
After 2.285%** 2.371* 2.466™** 3.491**
[6.359] [6.112] [7.807]
Difference -0.102 -0.209 -0.504*** -0.465***
(0.087) (0.464) (0.108) (0.129)
Diff-in-Diff . -0.107 -0.402*** -0.363**
. (0.472) (0.139) (0.156)
N 29,641 1,281 21,801 22,550

*p < 0.10, ** p < 0.05, ** p < 0.01; Standard Errors in parentheses, Standard
Deviations in square brackets.
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Table 3.A.4: Mean Difference-in-Differences, Men Only

Normal Weight Underweight Overweight Obese

Panel A: Lost any work days

Before 0.391* 0.415"* 0.397*** 0.441"*
[0.488] [0.494] [0.489] [0.497]
After 0.383*** 0.358*** 0.381** 0.431*
[0.486] [0.484] [0.486] [0.495]
Difference -0.008 -0.057 -0.016** -0.011
(0.009) (0.073) (0.006) (0.008)
Diff-in-Diff . -0.049 -0.008 -0.003
. (0.074) (0.011) (0.012)
Panel B: Work days lost
Before 1.929* 2.089* 2.026™ 2.580"*
[5.438] [5.534] [5.794] [6.627]
After 1.855* 2.811* 1.892** 2.626"*
[5.208] [8.602] [5.628] [7.095]
Difference -0.074 0.722 -0.134" 0.046
(0.094) (1.224) (0.074) (0.109)
Diff-in-Diff . 0.796 -0.060 0.120
. (1.228) (0.120) (0.143)
N 20,309 289 36,530 24,222

*p < 010, " p < 0.05, *** p < 0.01; Standard Errors in parentheses, Standard
Deviations in square brackets.
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Table 3.A.5: Regressions With 4 Weight Categories

Probit Tobit
Full Sample Women Men Full Sample Women Men
Underweight X Post-ACA -0.022 -0.012 -0.055 -0.087 -0.163 0.454
(0.032) (0.036) (0.075) (0.862) (0.931) (2.277)
Overweight X Post-ACA -0.015* -0.026** -0.009 -0.475* -0.810** -0.266
(0.008) (0.011) (0.011) (0.188) (0.269) (0.276)
Obese X Post-ACA -0.013 -0.023** -0.004 -0.319 -0.675** 0.048
(0.008) (0.011) (0.011) (0.200) (0.269) (0.301)
Post-ACA 0.020** 0.011 0.029** 0.174 0.089 0.276
(0.008) (0.011) (0.012) (0.201) (0.270) (0.304)
Underweight -0.018 -0.020 0.013 -0.302 -0.187 -0.125
(0.014) (0.015) (0.032) (0.361) (0.406) (0.787)
Overweight 0.028*** 0.040***  0.013*** 0.673*** 0.967**  0.275**
(0.003) (0.005) (0.005) (0.086) (0.124) (0.123)
Obese 0.063*** 0.083***  0.040*** 1.599*** 2.066***  0.960***
(0.004) (0.005) (0.005) (0.095) (0.130) (0.139)
Female 0.096*** 2.219**
(0.003) (0.067)
Married -0.020** -0.031*  -0.012*** -0.677** -0.969**  -0.388***
(0.003) (0.004) (0.004) (0.070) (0.096) (0.106)
Age -0.001 0.002 -0.003** 0.006 0.100**  -0.090**
(0.001) (0.002) (0.002) (0.030) (0.042) (0.042)
Age squared -0.000*** -0.000***  -0.000 -0.001** -0.002*** 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Black, Nonhispanic -0.076*** -0.080***  -0.074*** -1.272%* -1.306™*  -1.305***
(0.004) (0.005) (0.006) (0.108) (0.146) (0.163)
Hispanic -0.1171% -0.112**  -0.109*** -2.450*** -2.290*  -2.612%**
(0.004) (0.006) (0.005) (0.103) (0.148) (0.144)
Other -0.092*** -0.105***  -0.083*** -1.916*** -2.095**  -1.802***
(0.005) (0.007) (0.006) (0.122) (0.177) (0.169)
Less than HS -0.055** -0.061**  -0.052*** -1.194** -1.250**  -1.168***
(0.005) (0.008) (0.006) (0.147) (0.221) (0.197)
Some College 0.057*** 0.061***  0.053*** 1.233*** 1.374**  1.095***
(0.003) (0.005) (0.005) (0.093) (0.134) (0.131)
College Degree 0.084* 0.087***  0.082*** 1.196* 1.325%*  1.050***
(0.003) (0.005) (0.005) (0.088) (0.128) (0.120)
Very Good 0.082*** 0.086**  0.078*** 2.028*** 2.100%**  1.948***
(0.003) (0.004) (0.004) (0.074) (0.106) (0.104)
Good 0.124* 0.125**  0.124*** 3.666*** 3.774**  3.539***
(0.003) (0.005) (0.005) (0.092) (0.131) (0.130)
Fair 0.210** 0.206**  0.213*** 7.288*** 7453 7.057***
(0.006) (0.008) (0.008) (0.183) (0.256) (0.261)
Poor 0.318*** 0.306***  0.329*** 13.314*** 13.259***  13.297***
(0.015) (0.020) (0.023) (0.619) (0.859) (0.888)
Number of own children -0.005*** -0.012%** 0.001 -0.161*** -0.313*** -0.044
(0.001) (0.002) (0.002) (0.035) (0.049) (0.050)
Youngest child less than 6 0.004 -0.022**  0.019*** 0.213* -0.165  0.445™
(0.004) (0.006) (0.006) (0.103) (0.151) (0.142)
Region Fixed Effects Yes Yes Yes Yes Yes Yes
Year Fixed Effects Yes Yes Yes Yes Yes Yes
N 156,623 75,273 81,350 156,623 75,273 81,350

*p < 010, ** p < 0.05, ** p < 0.01; Marginal effects; Standard errors in parentheses. Columns (1) to (3) display
average marginal effects for discrete change of dummy variable from 0 to 1; all models include constants.



3.B Figures

Figure 3.B.1: Testing for Parallel Trends: All Respondents

Coefficient plot: All
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Figure 3.B.2: Testing for Parallel Trends: Women

Coefficient plot: Female
Effect of the ACA on number of days absent
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Marginal effect

Marginal effect

Figure 3.B.3: Testing for Parallel Trends: Men

Coefficient plot: Male
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