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ABSTRACT 

ESSAYS ON LABOR, HEALTH, AND ENTREPRENEURSHIP 

Kyung Min Lee, Ph.D. 

George Mason University, 2019 

Dissertation Director: Dr. John S. Earle 

 

 

 This dissertation presents studies of the interaction of health policies and labor 

markets, including issues of occupational choice, labor demand, and compensating 

differentials. In the first essay, Health Insurance and the Supply of Entrepreneurs: 

Evidence from the ACA Medicaid Expansion, I examine whether the expansion of 

Medicaid eligibility under the Affordable Care Act increases the supply of entrepreneurs 

as measured by self-employment. Using the 2003–2017 Current Population Survey and 

focusing on childless adults in low-income households, I apply difference-in-differences, 

propensity score weighting, and instrumental variable (IV) methods. I find that expanding 

Medicaid eligibility raises the self-employment rate by 0.8 to 1.6 percentage points, 

without increasing self-employment exit. IV estimates imply that covered individuals 

have 8 to 11 percentage points higher probability to become self-employed. Exploiting 

additional variation by spousal coverage or poor health of individuals or their spouse 



xv 

 

within triple difference specifications, I also find evidence that the underlying mechanism 

of the effect was through the reduction of entrepreneurship lock. The results suggest that 

limited access to health insurance may be a barrier to entrepreneurship. 

In the second essay, Do Employer Insurance Mandates Reduce Employment? 

Evidence from the Massachusetts Reform, I study the impact of an employer health 

insurance mandate on employment in small business and firm size distribution by 

exploiting the Massachusetts employer mandate. Using a triple-difference method with 

County Business Patterns data from 2000 to 2013, I compare net employment and the 

number of establishments in establishment size classes above and below 10, the threshold 

employment of the mandate. The specification includes interactive fixed effects (size by 

state, size by year, state by year, industry by size, industry by state, industry by year). The 

results suggest that net employment above the thresholds fell by about 2 to 4 percent and 

the number of establishments in the same size group decreased by about 1 to 4 percent. 

In the third essay, Who Pays the Healthcare Costs of Chronic Diseases?, I (jointly 

with Chanup Jeung) examine whether 50-64 year-old workers covered by employer-

sponsored insurance bear healthcare costs in the form of lower wages. Using a difference-

in-difference approach with data from the Health and Retirement Study, we find that 

workers with chronic diseases receive significantly lower wages than healthy workers 

when they are covered by employer sponsored insurance. Part of the wage reduction 

among workers with chronic diseases can be explained by their higher healthcare usages. 
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CHAPTER 1. HEALTH INSURANCE AND THE SUPPLY OF 

ENTREPRENEURS: EVIDENCE FROM THE ACA MEDICAID EXPANSION 

1.1 Introduction 

Does limited access to health insurance reduce entrepreneurship? Most nonelderly 

U.S. citizens receive health insurance through employers, while the self-employed tend to 

be excluded from group insurance and have little or no access to non-group insurance. As 

a result, the uninsured rate is considerably higher among the self-employed than wage 

and salary workers (Perry and Rosen 2004). Limited access to health insurance may 

create an “entrepreneurship lock” that distorts individual occupational choices to be self-

employed. (e.g. Fairlie, Kapur, and Gates 2011).1 A large number of studies suggest that 

policies improving access to health insurance for the self-employed would therefore 

increase entrepreneurship (Becker and Tüzemen 2014, DeCicca 2010, Gumus and Regan 

2014, Fairlie, Kapur, and Gates 2011, Niu 2014, Olds 2016). 

In this paper, I study the 2014 Affordable Care Act (ACA) Medicaid eligibility 

expansion to examine whether improving access to health insurance increases the supply 

of entrepreneurs as measured by self-employment. The ACA expands Medicaid coverage 

                                                 
1 The tight relationship between access to health insurance and jobs can create “job lock” whereby workers 

tend not to leave their jobs in order to keep their employer-sponsored insurance despite higher productivity 

in other jobs (e.g., Madrian 1994; Gruber and Madrian 2002). In a survey of over 50 empirical studies, Gruber 

and Madrian (2002) found suggestive evidence that health insurance coverage can distort workers’ labor 

market choices including labor supply, retirement, and job mobility, but they do not study self-employment 

decisions. 
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to all individuals with household income below 138 percent of the Federal Poverty Level, 

with the biggest expansion among childless adults, who had been previously ineligible. 

Total 34 states have adopted the Medicaid expansion between 2014 and 2017. The target 

population of the ACA Medicaid expansion is markedly large compared to other health 

reforms, as the proportion under the eligibility threshold is about 24 percent of nonelderly 

citizens in the U.S. (Finegold et al. 2015). Stephens et al. (2013) projected that 

approximately 21.3 million low-income adults will be newly covered by Medicaid under 

the eligibility expansion. This large target population provides a useful case to study the 

relationship between health insurance and entrepreneurship.  

Theoretically, the effects of free access to health insurance on self-employment 

are ambiguous. On the one hand, access may reduce the entrepreneurship lock on starting 

a new business, raising the relative attractiveness of self-employment for both current 

employees and labor force entrants. On the other hand, access to free health insurance 

may have a negative income effect that reduces labor supply, including self-employment. 

If income effects are dominant, the self-employment rate may fall as some self-employed 

individuals reduce their working hours or even stop working.  

Exploiting the geographic and time variation created by state policy 

implementation, I compare self-employment outcomes between expansion and non-

expansion states, before and after the states’ adoption of the ACA Medicaid expansion. I 

focus on low-income childless adults—the group experiencing the largest expansion in 

eligibility. My data are from the Annual Social and Economic Supplement of the Current 

Population Survey (CPS) from 2003 to 2017. My main outcome variable is the 
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probability of self-employment, but I also analyze self-employment entry and exit, which 

may be useful in reflecting potential negative income effects. Exploiting the sample 

rotation design of the CPS, I also link individuals across years and create two-year panels 

with a large number of observations to capture self-employment transitions. 

I estimate both intent-to-treat and local average treatment effects of the ACA 

Medicaid expansion. I use a difference-in-differences approach to estimate the intent-to-

treat effects. To address state heterogeneity (e.g., different political party or health 

insurance market), I include state fixed effects in my specifications. Different business 

cycles at the state level may drive self-employment decisions so that my specifications 

also include both tie fixed effects and state unemployment rates. The basic difference-in-

differences approach relies on the assumption of common trends across expansion and 

non-expansion states. In the context of the Medicaid expansion, unbalanced covariates 

between expansion and non-expansion states may invalidate the common trend 

assumption. To address potential heterogeneity in individuals across states, I extend the 

difference-in-difference framework with propensity score weighting. 

Although the ACA Medicaid expansion could have affected all individuals under 

the eligibility threshold, only some people have enrolled in Medicaid (“compliers”).2 

Previous studies on entrepreneurship lock focused on the intent-to-treat effect of the 

increase in access to health insurance. However, the effects on compliers have received 

much less attention. To estimate local average treatment effects, I apply an instrumental 

                                                 
2 It could also affect individuals above but close to the threshold.  
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variable approach.3 I use the states’ adoption of the ACA Medicaid expansion as an 

instrument to estimate a causal relationship between Medicaid take-up and self-

employment. I also apply propensity score weighting to the instrumental variable 

approach to balance covariates.  

An alternative interpretation for any self-employment effects of the Medicaid 

expansion is consumer demand shocks. If Medicaid enrollees consume more local goods, 

this could increase not only the attractiveness of self-employment (new business) but also 

demand for wage workers to produce more goods. Therefore, I also examine total 

employment effects to see whether Medicaid increases local demand for consumption 

goods in both difference-in-differences and instrumental variable approaches. To 

examine the channels of self-employment effects, I further associate the Medicaid 

expansion with variation in health insurance demand within triple difference 

specifications. The health insurance demand factors include access to spouses’ employer-

sponsored insurance and the existence of poor health status of respondents and/or 

spouses. The spousal coverage reflects alternative access to health insurance, while poor 

health status captures expected health insurance costs. If entrepreneurship lock is 

associated with limited access, the effects will be larger for those without spousal 

coverage. On the other hand, if it is related with higher costs, the effects will be larger for 

unhealth groups. These insurance demand factors allow me to examine the potential 

mechanism of entrepreneurship lock in detail. 

                                                 
3 Finkelstein et al. (2012) and Baicker et al. (2013) examined the Oregon health insurance experiment, using 

lottery winning as an instrument to examine the local average treatment effects of Medicaid on health care 

utilization, financial burden, health outcomes, labor market outcomes and social program participation.  
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There are three main findings. First, the ACA Medicaid expansion increased self-

employment. I find that states that expanded Medicaid eligibility experienced an 0.8 to 

1.6 percentage point increase in the self-employment rate among low-income childless 

adults relative to states that did not expand Medicaid eligibility. These are approximately 

10 to 14 percent increases from the unconditional mean of the self-employment rate (7.6 

percent). Results from self-employment transitions also indicate that the entry rate 

significantly increased while the exit rate remained steady, which suggests that income 

effects are not dominant for self-employed individuals. Second, Medicaid coverage 

enrollment engenders a higher propensity of entrepreneurship. My results suggest that 

only a fraction of the entire eligible population enrolled in Medicaid. Childless adults 

newly covered by Medicaid due to the increase in eligibility have an 8-11 percentage 

point higher propensity of being self-employed than those without Medicaid. Third, the 

mechanism of the ACA Medicaid expansion effects on entrepreneurship was through a 

reduction in entrepreneurship lock. I find that self-employment effects are larger for 

groups with factors associated with health insurance demand among childless married 

couples, and I find no evidence of growth in total employment.  

My study contributes to the broad literature on health insurance and 

entrepreneurship by providing new evidence from the ACA Medicaid expansion.4 Most 

                                                 
4 There is a broad literature on health insurance and entrepreneurship. Early empirical studies used cross-

sectional variation created by employer-sponsored insurance (ESI) and access to spousal coverage. These 

studies found mixed results (Bruce, Holtz-Eakin, and Quinn 2000, Holtz-Eakin, Penrod, and Rosen 1996, 

Wellington 2001, Zissimopoulos and Karoly 2007). Major concern is that ESI and spousal coverage are 

endogenously determined. To address endogeneity issues, recent studies have exploited exogenous variations 

created by health care reforms or regulations including health care reforms in the non-group insurance market 

(Becker and Tüzemen 2014; DeCicca 2010; Heim and Lurie 2014a; Heim and Lurie 2014b; Heim and Lurie 
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related to my research are studies that examined the eligibility increase in public health 

insurance options. These studies provide mixed results on the self-employment effects of 

public health insurance. The most influential study is Fairlie, Kapur, and Gates (2011), 

which exploited the eligibility threshold for Medicare at age 65 within a regression 

discontinuity framework. They found that eligibility for Medicare increased the rate of 

self-employment by those over age 65 by 14 percent from the sample mean of 24.6 

percent. A limitation of this study is that it applies only to older workers around age 65, 

which makes it difficult to infer implications for other age groups. In addition, there 

might be retirement effects considering that the standard retirement age is 65. If retired 

individuals are more likely to be self-employed at age 65, the effects might be over-

estimated. Similarly, Olds (2016) found that the State Child Health Insurance Program 

(SCHIP) raised the self-employment rate among parents by about 15 percent. He argued 

that although the SCHIP did not cover parents, it eased their worry about health insurance 

coverage for their children, thus allowing them to take the risk of starting a business.  

On the other hand, other studies found limited evidence on the effects of public 

insurance on self-employment. in her analysis of Medicaid coverage for young children 

from 1986 to 1992, Dolan (2015) found that the expansion of Medicaid eligibility 

increased the likelihood of being self-employed among fathers, but not mothers. Boyle 

and Lahey (2010) examined the eligibility expansions of the U.S. Department of Veterans 

Affairs (VA) health system in 2006. They found that after the reform, veterans with a 

                                                 
2017; Niu 2014) and tax reforms that reduce the cost of non-group health insurance for the self-employed 

(Gumus and Regan 2014; Heim and Lurie 2010; Velamuri 2012). 
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university or more education were more likely to be self-employed compared to non-

veterans, whereas veterans with a high school or less education were more likely to be 

not working compared to non-veterans. Finally, Bailey (2017) examined mandated 

dependent coverage under the ACA. He found no evidence of the dependent coverage 

mandate leading to an increase in the self-employment rate among young adults (19 to 25 

years old), except for those who were disabled.  

Considering that the effects on self-employment differ depending on the target 

population, reflecting varied economic environment or demand for health insurance, it is 

valuable to study different groups. My study provides evidence from previously 

understudied low-income childless adults across all age groups. In addition, because the 

extent of the eligibility changes in the ACA Medicaid expansion is significantly larger for 

childless adults previously excluded from traditional state Medicaid programs, my study 

provides evidence for clarifying the relationship between health insurance and self-

employment with a larger population. My identification strategies are different from 

previous studies in that I estimate the effects of being covered by Medicaid, in addition to 

the effects of eligibility increase.  

I also contribute to the literature on the effects of the ACA Medicaid eligibility 

expansion on labor supply. I provide evidence that Medicaid increases labor supply by 

reducing distortion in occupational choice between employees and those who are self-

employed. There is a debate on the unexpected consequences of Medicaid on labor 

market outcomes. Some studies have investigated state specific Medicaid programs that 

increase or decrease eligibility for low-income childless adults (Baicker et al. 2013; 
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Dague, DeLeire, and Leininger 2017; DeLeire 2018; Garthwaite, Gross, and 

Notowidigdo 2014). Other empirical studies have directly examined the effects of the 

ACA Medicaid expansion on labor supply (Duggan, Goda, and Jackson 2017; Gooptu et 

al. 2016; Kaestner et al. 2017; Leung and Mas 2016). However, to the best of my 

knowledge, self-employment outcomes have not been studied in this literature, except for 

Duggan, Goda, and Jackson (2017).  

My research differs from Duggan, Goda, and Jackson (2017) in several ways. 

Although they included self-employment in their analysis of labor market outcomes, it 

was not their main focus. In addition, they used aggregated data at the PUMA level, 

while I use individual level data to address individual heterogeneity. Because their 

sample was not restricted to low-income groups, the self-employment rate they found 

was computed based not only on the targeted low-income population but also on the 

nontargeted high-income population. If the proportion of the non-targeted group was 

large, the change in self-employment may have been small even if the targeted group 

responded. In my study, I narrow my sample to low-income childless adults who 

experience the largest eligibility changes.  

One caveat in this study is that entrepreneurship is proxied by self-employment. 

Of course, the self-employed are heterogeneous in terms of their activities and the types 

of business they create. Nevertheless, self-employment has been used as a working 

definition (or proxy) for entrepreneurs in entrepreneurship studies (Parker 2009) because 

self-employment captures some aspects of entrepreneurship in terms of risk-taking and 

occupational choices. In addition, because the literature on health insurance and 
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entrepreneurship used self-employment to measure entrepreneurial activities, using self-

employment also allows the comparison of my estimates with those from previous 

studies. Finally, because the types of businesses low-income people start tend to be small 

and unsophisticated (Balkin 1989), self-employment is a relevant measure to capture 

entrepreneurship in low-income households.  

Subsequent sections of this paper proceed as follows. Section 2 describes 

Medicaid eligibility expansion under the ACA and provides the research design. Sections 

3 and 4 describe the data and methods. Section 5 discusses the results, and Section 6 

concludes.  

 

1.2 Medicaid Expansion under the Affordable Care Act 

The initial ACA rendition mandated Medicaid expansion to all individuals in 

families with incomes below 138 percent of the federal poverty line (FPL) and subsidies 

to all individuals with incomes between 100 and 400 percent of the FPL, starting in 2014. 

However, the 2012 Supreme Court ruling made this mandate optional to individual states. 

On January 1, 2014, 25 states adopted this Medicaid expansion, and 7 states followed suit 

between 2014 and 2017, while 19 states opted out of the ACA’s Medicaid expansion. In 

non-expansion states, individuals with incomes between 100 and 400 percent of the FPL 

still receive subsidies, but those with incomes below 100 percent of the FPL do not 

receive Medicaid or subsidies. This creates a huge coverage gap for low-income 

households. A list of states with their status regarding Medicaid expansion under the 

ACA is provided in Table 1.   
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Table 1 Status of States by Medicaid Expansion and Prior Expansion  

No ACA Medicaid 

Expansion 

ACA Medicaid Expansion 

 Prior Expansion No Prior Expansion 

Alabama, Florida, Georgia, 

Idaho, Kansas, Mississippi, 

Missouri, Nebraska, North 

Carolina, Oklahoma, South 

Carolina, South Dakota, 

Tennessee, Texas, Utah, 

Virginia, Wisconsin†, 

Wyoming 

Arizonaǂ, Colorado, 

Connecticut, Delaware, 

District of Columbia⁋, 

Hawaii, Minnesota, New 

York, Vermont⁋ 

Alaska§, Arkansasǂ, 

California, Illinois, 

Indiana§ǂ, Iowaǂ, 

Kentucky, Louisiana§, 

Maryland, 

Massachusetts*, 

Michigan§ǂ, Montana§ǂ, 

Nevada, New 

Hampshire§ǂ, New Jersey, 

New Mexico, North 

Dakota, Ohio, Oregon, 

Pennsylvania§, Rhode 

Island, Washington, West 

Virginia 
Note: † Wisconsin did not adopt the ACA Medicaid expansion, but increased Medicaid eligibility to childless 

adults up to 100% FPL in 2014. ⁋ indicates states that made full prior expansions before 2014. § identifies 

states that adopted the Medicaid expansion after January 1, 2014: Michigan (4/1/2014), New Hampshire 

(8/15/2014), Pennsylvania (1/1/2015), Indiana (2/1/2015), Alaska (9/1/2015), Montana (1/1/2016), and 

Louisiana (7/1/2016). ǂ specifies states that have approved Section 1115 waivers for the Medicaid expansion: 

Arizona, Arkansas, Indiana, Iowa, Michigan, Montana, and New Hampshire. * Under the MassHealth 

Medicaid waiver, parents and childless adults up to 133% of the FPL were covered in Massachusetts.  

 

The target population of the Medicaid expansion is noticeably larger than other 

policy components of the ACA. The income level corresponding to 138 percent of the 

FPL was $12,060 for a single family and $24,600 for a family of four in 2017. According 

to the U.S. Department of Health and Human Services, about 16 percent of the 

population is below the FPL, and 8 percent of the nonelderly population is between 100 

and 138 percent of the FPL.  Therefore, the eligibility threshold of the ACA Medicaid 

expansion covers about 24 percent of nonelderly citizens in the U.S.  
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The Supreme Court decision resulted in exogenous geographical and time 

variations by states that adopted the Medicaid expansion between 2014 and 2017. The 

increase in eligibility was the largest for childless adults because they were previously 

excluded from most states’ Medicaid programs. Figure 1 shows differences in the 

average eligibility threshold for childless adults between expansion and non-expansion 

states from 2011 to 2017. Before the implementation of the ACA, childless adults were  

 

 
Figure 1 Medicaid Eligibility for Childless Adults by ACA Medicaid Expansion, 

2011–2017  
Notes: Data is from Kaiser Family Foundation, “Medicaid Income Eligibility Limits for Other Non-

Disabled Adults, 2011–2018.” Income eligibility limits for coverage that provides full Medicaid benefits 

(federal matching funds). Waiver programs or fully state-funded programs are not included. Arizona, 

Colorado, Connecticut, Delaware, District of Columbia, Hawaii, Minnesota, New York, and Vermont fully 

or partially adopted the ACA Medicaid expansion between 2011 and 2013. Michigan, New Hampshire, 

Pennsylvania, Indiana, Alaska, Montana, and Louisiana expanded Medicaid between 2014 and 2016. 

Wisconsin did not adopt the ACA Medicaid expansion but expanded Medicaid eligibility to childless adults 

up to 100% FPL. 
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ineligible for federally funded Medicaid in most states, except for some expansion states 

that made partial or full expansion before 2014. The average eligibility of expansion 

states was about 30 percent of the FPL. The eligibility threshold jumps to about 120 

percent of the FPL in 2014 and then increases to 138 percent as late expansion states 

adopted the eligibility under the ACA. On the other hand, the average eligibility is zero 

percent of the FPL in non-expansion states before 2014. There is a slight increase in the 

eligibility threshold in 2014 since Wisconsin increased state level eligibility for childless 

adults up to 100 percent of the FPL without adopting the ACA Medicaid. Although there 

were some differences between expansion and non-expansion states, this figure indicates 

that the largest change in the eligibility threshold occurred in 2014.  

Figure 2 highlights the geographic variation used in this study to create treatment 

and control groups. Using the status of the Medicaid expansion, I create the treatment 

(expansion states) and control (non-expansion states) groups. I exclude Alaska and 

Hawaii from the analysis due to different guidelines for the FPL. I also exclude 8 states 

that fully or partially expanded eligibility for childless adults (Arizona, Colorado, 

Connecticut, Delaware, District of Columbia, Minnesota, New York, and Vermont) from 

the treatment group. This is because full expansion states increased eligibility higher than 

138 percent of the FPL, and most partial expansion states increased eligibility close to 

100 percent of the FPL. Finally, I exclude Wisconsin from the control group because it 

increased state level eligibility to childless adults with income below 100 percent of the 

FPL. After excluding these states, the treatment group consists of 22 states while the 

control group includes 18 states. To counter the possibility that prior expansions may 
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influence the estimated effects, I also estimate effects by including states that made full 

prior expansion as a robustness check. 

 

 
Figure 2 States That Adopted ACA Medicaid Expansion Between 2014 and 2017 

 

 

1.3 Data 

I use data from the Annual Social and Economic (ASEC) Supplement of the 

Current Population Survey (CPS).5 The CPS is a nationally representative survey of U.S. 

households on a monthly basis. It provides detailed demographic and labor force 

information in the previous week. The CPS ASEC provides additional information on 

work experience, income, migration, health insurance, household members’ health 

                                                 
5 The CPS ASEC data comes the Integrated Public Use Microdata Series (IPUMS) CPS (Flood, King, 

Ruggles, and Warren 2017).  The IPUMS-CPS “harmonized” variables in CPS to make feasible cross-time 

comparisons. 
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conditions as well as receipt of noncash benefits in the previous calendar year. Since the 

CPS ASEC provides information for the previous year, I use the CPS ASEC 2004-2018 

for the analysis between 2003 and 2017.  

The sampling design of the CPS permits the creation of a two-year longitudinal 

data. In each month, a cohort of households is included in the CPS sample. These 

households are interviewed for four months, excluded from the survey for eight months, 

and then re-interviewed for four months. For linking individuals, I use person identifiers 

in the IPUMS CPS, which exclude Hispanic and the State Children's Health Insurance 

Program (SCHIP) oversamples of the ASEC.6 I further validate the same individuals by 

using age, gender, and race. Theoretically, half of the CPS ASEC samples can be linked 

across two years. After excluding oversamples and validation process, about 35 percent 

of individuals under the CPS ASEC are linked. Using this longitudinal sample, I create 

self-employment transition variables. Because of different samples, self-employment 

transitions cannot be directly compared to self-employment levels. Nevertheless, 

transition variables provide a unique opportunity to separately examine the income effect 

of the Medicaid expansion (e.g. entry and exit).  

I restrict the sample to non-disabled, childless adults aged between 26 and 64 to 

reduce potential bias from access to alternative health insurance. Disabled individuals are 

eligible for Medicaid. Those aged 65 or more are eligible for Medicare. The ACA 

mandated dependent coverage allows young adults to be covered by parents’ ESI until 

they reach age 26. Since childless adults were previously excluded from the Medicaid 

                                                 
6 Drew et al. (2014) describes details on how IPUMS link individuals using the CPS micro data. 
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eligible groups in most states, they are less likely to be influenced by the states’ Medicaid 

programs before the ACA Medicaid expansion.  

Given that the Medicaid expansion made all people under the 138 percent of the 

FPL eligible for insurance, low-income individuals are more likely to be influenced by 

the expansion. As a result, I further restrict sample based on household incomes. I use 

two low-income samples—those below 300 and 138 percent of the FPL—for some 

reasons. First, household incomes in the CPS ASEC are self-reported incomes so that 

they may differ from actual incomes applied to the Medicaid eligibility. For example, 

CPS ASEC includes non-disabled childless adults who are covered by Medicaid and 

report their household incomes above 138 percent of the FPL. If the sample is restricted 

to those below 138 percent of the FPL, many eligible people can be excluded from the 

analysis. Second, some self-employed individuals may adjust their incomes to below 138 

percent of the FPL in order to be eligible for Medicaid. Sample below 300 percent of the 

FPL partially addresses these issues because it considers the self-employed who adjusted 

incomes as incumbents. Third, although using sample below 300 percent of the FPL 

partially addresses selection problems, they may be influenced by subsidies available for 

those with income below 400 percent of the FPL. Sample below 138 percent of the FPL 

excludes those who are eligible for subsidies. Because of reasons mentioned above, using 

two low-income samples are important to check potential biases. Using incomes to select 

sample may be problematic in that labor supply and income are endogenously 

determined. I check robustness of the estimates with an alternative sample with high 
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school or less. This is because education levels are pre-determined before the eligibility 

expansions.  

The main outcome variables are self-employment activities. The self-employed 

are defined as respondents who indicated self-employment as the longest job held in the 

previous calendar year.7 I acknowledge that self-employment is not identical to 

entrepreneurship. But self-employment still captures the essential aspects of 

entrepreneurship, for example, risk taking aspects. Both economics and business 

literature often use self-employment to capture entrepreneurial activities. Moreover, 

given previous studies which used self-employment to study entrepreneurship lock, using 

self-employment is useful to compare my estimates with other studies. In addition to 

static self-employment variables, one-year transition variables are constructed based on 

the previous year’s information. These variables include entry into and exit from self-

employment.  

 

1.4 Methods 

1.4.1 Difference-in-Differences 

The baseline estimation approach is a difference-in-differences (DID) analysis 

that compares expansion states to non-expansion states before and after the states’ 

adoption of the ACA Medicaid expansion. As mentioned earlier, the treatment group 

includes 22 states that expanded Medicaid between 2014 and 2017, whereas the control 

                                                 
7 Star-ups may generate very low or no business earnings. Business earnings in the survey are also self-

reported values. Using business earnings to define the self-employed may exclude start-ups. Therefore, I did 

not use business earnings to define the self-employed.  



17 

 

group consists of 18 states that did not expand Medicaid. The pre-time period is 2003 to 

2013, and the post-time period is 2014 to 2017. The sample consists of non-disabled 

childless adults aged between the ages of 26 and 64. I estimate the following DID 

specification: 

 

Equation 1  

𝑌𝑖𝑠𝑡 = 𝛼0 + 𝛽(𝐸𝑠 ∗ 𝑃𝑡) + 𝑋𝑖𝑠𝑡𝛾 + 𝑈𝑛𝑒𝑚𝑝𝑠𝑡 + 𝛿𝑠 + 𝜏𝑡 + 휀𝑖𝑠𝑡.                                         (1) 

 

𝑌𝑖𝑠𝑡 represents the outcome variables by individual 𝑖 in state 𝑠 in time 𝑡. Outcome 

variables include self-employment level, entry, and exit. 𝐸𝑠 and 𝑃𝑡  are indicator variables 

for expansion states and post-time periods, respectively. 𝑋𝑖𝑠𝑡 is the set of demographic 

and human capital variables. 𝑈𝑛𝑒𝑚𝑝𝑠𝑡 indicates the unemployment rate for state 𝑠 in 

time 𝑡, which controls states’ business cycles that may affect labor market outcomes 

differently. The model includes state fixed effects (𝛿𝑠) and time fixed effects (𝜏𝑡), which 

remove time invariant state-specific heterogeneity and contemporaneous shock 

respectively. Given that the focus of this study is the differences in conditional expected 

values between expansion and non-expansion states across time, I use linear probability 

models to estimate equation (1). As a robustness check, I also estimate these equations 

with Logit and Probit models.  

The key identifying assumption of the DID specification is a common trend 

assumption that in the absence of the Medicaid expansion, the trend of the rate of self-

employment in expansion states would be the same as the trend in non-expansion states. 
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If this assumption is true, the coefficient of the interaction term (𝛽) captures the impact of 

the Medicaid expansion on outcome variables. 

To check whether this identifying assumption is plausible, I conduct an event 

study. I estimate a new specification that interacts treatment states with time fixed effects 

in the following form.   

 

Equation 2  

𝑌𝑖𝑠𝑡 = 𝛼0 + ∑ 𝛽𝑡(𝐸𝑠 ∗ 𝑌𝑒𝑎𝑟𝑡)2017
𝑡=2003 + 𝑋𝑖𝑠𝑡𝛾 + 𝑈𝑛𝑒𝑚𝑝𝑠𝑡 + 𝛿𝑠 + 𝜏𝑡 + 휀𝑖𝑠𝑡.                    (2) 

 

In this specification,  ∑ 𝛽𝑡(𝐸𝑠 ∗ 𝑌𝑒𝑎𝑟𝑡)2017
𝑡=2003  captures changes in outcomes in the 

expansion states across time periods, relative to 2013. If the estimated differences 

between expansion and non-expansion states before 2014 (∑ 𝛽𝑡
2012
𝑡=2003 ) are close to zero 

and statistically insignificant, the parallel trend assumption could be justified. The 

estimated effects from 2014 to 2017 (∑ 𝛽𝑡
2017
𝑡=2014 ) differentiate short-term effects from 

long-term effects.  

 

1.4.2 Propensity Score Weighting 

One concern in the DID analysis is that the differences in characteristics between 

treatment and control groups may affect the trends of outcome variables if these 

characteristics are associated with outcome variables (Abadie 2005; Imbens and 

Wooldridge 2009). Additionally, repeated cross-sectional data (such as CPS or ACS) 

include random sample in each time period, which may lead to changes in compositions 

of samples over time (Abadie 2005; Blundell and Costa Dias 2009; Stuart et al. 2014).  
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To adjust unbalanced observable characteristics and composition changes 

resulting from repeated cross-section data over time, I apply multiple group propensity 

score weights to a parametric DID specification, as in Stuart et al. (2014).8 I define four 

groups based on Medicaid expansion status as well as pre- and post-time periods: Group 

1 (expansion states in pre-time period), Group 2 (expansion states in post-time period), 

Group 3 (non-expansion states in pre-time period), Group 4 (non-expansion states in 

post-time period). Group 1 is my baseline group to construct relative weights. I use 

multinomial logistic regression to compute propensity scores for the four groups based on 

observed characteristics, including age, gender, race/ethnicity, marital status, citizenship, 

education, and veteran status. Then, I construct weights with a following equation:   

 

Equation 3  

𝑤𝑖 = 𝑝1(𝑋𝑖)/𝑝𝑔(𝑋𝑖),                                                                                                         (3) 

 

where 𝑤𝑖 is the weight for an individual i and 𝑝𝑔(𝑋𝑖) is the propensity score for an 

individual i in Group g, for g=1-4. The weight is proportional to the probability of being 

in Group 1 (the expansion states in pre-time periods) relative to the probability of being 

in the observed Group g. Individuals in Group 1 receive an equal weight of 1, while those 

in Groups 2 to 4 receive proportional weights.   

                                                 
8  Abadie (2005) originally proposed a similar approach using a propensity score weighing with a 

semiparametric difference-in-differences model. Blundell and Costa Dias (2008) also suggested a similar 

approach using a group propensity score matching with a parametric difference-in-differences model.  
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Applying the weights defined in equation (3) to the baseline model in equation 

(1), I estimate the propensity score weighted difference-in-differences (PSW-DID). The 

treatment effect of this model is specified as follows: 

 

Equation 4  

𝐸𝑓𝑓𝑒𝑐𝑡 = (𝑤𝑖𝐸[𝑌𝑖𝑠𝑡|𝑋𝑖𝑠𝑡 = 𝑥, 𝐸𝑠 = 1, 𝑃𝑡 = 1] − 𝑤𝑖𝐸[𝑌𝑖𝑠𝑡|𝑋𝑖𝑠𝑡 = 𝑥, 𝐸𝑠 = 0, 𝑃𝑡 = 1]) 
               −(𝐸[𝑌𝑖𝑠𝑡|𝑋𝑖𝑠𝑡 = 𝑥, 𝐸𝑠 = 1, 𝑃𝑡 = 0] − 𝑤𝑖𝐸[𝑌𝑖𝑠𝑡|𝑋𝑖𝑠𝑡 = 𝑥, 𝐸𝑠 = 0, 𝑃𝑡 = 0]).  (4) 

 

The third term is estimated from Group 1. The other three terms are estimated by 

weighting Group 2 (the first term), 3 (the fourth term), and 4 (the second term). This 

approach is similar to the inverse probability of treatment weighting (IPTW) in that the 

observations are weighted based on observable characteristics. But in this specification, 

weights are constructed to reflect not only treatment status but also time periods. 

 

1.4.3 Instrumental Variable 

Both DID and PSW-DID identify the intent-to-treat (ITT) effects of being eligible 

for Medicaid through the states’ adoption of ACA Medicaid expansion. Even though the 

ITT estimates provide the net effects of expanding the eligibility of Medicaid to low-

income childless adults, regardless of whether they opted for Medicaid coverage, it is 

also very important to understand outcomes of those who enrolled in Medicaid 

(“compliers”).   

The relationship between Medicaid coverage and self-employment outcomes can 

be specified as in the following equation. 
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Equation 5  

𝑌𝑖𝑠𝑡 = 𝛼0 + 𝜋𝑀𝑒𝑑𝑖𝑐𝑎𝑖𝑑𝑖𝑠𝑡 + 𝑋𝑖𝑠𝑡𝛾 + 𝑈𝑛𝑒𝑚𝑝𝑠𝑡 + 𝛿𝑠 + 𝜏𝑡 + 휀𝑖𝑠𝑡 ,                                  (5) 

 

where 𝑀𝑒𝑑𝑖𝑐𝑎𝑖𝑑𝑖𝑠𝑡 is an indicator of being covered by Medicaid. Other variables are the 

same as in the previous specification. The coefficient of 𝑀𝑒𝑑𝑖𝑐𝑎𝑖𝑑𝑖𝑠𝑡 captures the 

average difference in outcomes between individuals with and without Medicaid coverage.  

However, because Medicaid coverage is endogenously determined, directly 

estimating equation (5) with the ordinary least square (OLS) provides a biased estimate 

of the Medicaid coverage. To get the bias-corrected estimates, I apply an instrumental 

variable (IV) approach using the ACA Medicaid expansion as an instrument.9 I estimate 

equation (5) using two-stage least squares with the following first stage equation:  

 

Equation 6  

𝑀𝑒𝑑𝑖𝑐𝑎𝑖𝑑𝑖𝑠𝑡 = 𝛼0 + 𝜃(𝐸𝑠 ∗ 𝑃𝑡) + 𝑋𝑖𝑠𝑡𝛾 + 𝑈𝑛𝑒𝑚𝑝𝑠𝑡 + 𝛿𝑠 + 𝜏𝑡 + 휀𝑖𝑠𝑡.                          (6) 

 

In this equation, the instrumental variable is the interaction term (𝐸𝑠 ∗ 𝑃𝑡), which 

indicates the ACA Medicaid expansion status. Following Angrist and Pischke (2009), I 

estimate both first and second equations with a linear probability model and examine 

whether F-statistic of the first stage is larger than 10 to check a possibility of a weak 

instrument. The first stage in equation (6) is a standard DID specification. As in equation 

(1), the first stage equation relies on a common trend assumption. Therefore, I also apply 

the PSW to IV (PSW-IV) estimation, which reduces potential bias in the first stage 

equation.  

                                                 
9 Baicker et al. (2013) and Finkelstein et al. (2012) applied an instrumental variable approach to estimate the 

effects on compliers in their analyses of Oregon’s Medicaid expansion. 
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The instrumental variable approach estimates a local average treatment effect 

(LATE) for compliers, which is the ratio of the reduced form estimate in equation (1) to 

the first stage estimate in equation (6). The compliers are a subpopulation of childless 

adults who enrolled in Medicaid in the expansion states because of the states’ adoption of 

the ACA Medicaid eligibility expansion. The assumption of the LATE is that being 

eligible for Medicaid affects self-employment outcomes only through being covered by 

Medicaid.   

 

1.4.4 Triple Differences 

In order to empirically test whether the Medicaid expansion reduces 

entrepreneurship lock, I exploit the variation of demand factors for health insurance 

within a triple difference framework. I use three different health insurance demand 

factors separately: spousal ESI, poor health status of family members, or poor health 

status of spouse. I estimate a specification by interacting the difference-in-differences 

estimate with a demand factor. Using either spouse or family information, here my 

sample is restricted to married couples. The specification of the model is as follows: 

 

Equation 7  

𝑌𝑖𝑠𝑡 = 𝛼0 + 𝛽1(𝐸𝑠 ∗ 𝑃𝑡) + 𝛽2(𝐸𝑠 ∗ 𝑃𝑡 ∗ 𝐷𝑖𝑠𝑡) + 𝑋𝑖𝑠𝑡𝛾 + 𝑈𝑛𝑒𝑚𝑝𝑠𝑡 + 𝛿𝑠 + 𝜏𝑡 + 휀𝑖𝑠𝑡  ,     (7) 

 

where 𝐷𝑖𝑠𝑡 is an indicator of health insurance demand factors. 𝛽1 provides the effects on 

married couples with low insurance demand, and 𝛽2 is the triple difference estimate 

indicating how much larger the effect is for those with high insurance demand. To 
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capture the effects on married couples with high demand, I also compute 𝛽1 + 𝛽2 and test 

𝛽1 + 𝛽2 > 0.  

Those with spousal coverage are less likely to experience entrepreneurship lock, 

because they have access to alternative health insurance. Therefore, they are less likely to 

worry about ESI. Likewise, other demand factors may affect accessibility to health 

insurance in the non-group insurance market. If the Medicaid expansion increases the 

access to health insurance by reducing entrepreneurship lock, positive and significant 𝛽2 

would be expected.  

 

1.5 Results 

1.5.1 Descriptive Statistics 

Table 2 provides the descriptive statistics of demographics and health insurance 

status for non-disabled childless adults aged 26 to 64 with household incomes below 300 

percent of the FPL. The first column provides the descriptive statistics for the full sample. 

The second and third columns shows descriptive statistics for the self-employed and 

employees. The remaining two columns show descriptive statistics by the status of 

expansion in the pre-treatment periods.  

The upper panel provides demographic characteristics, including age, gender, 

race/ethnicity, marital status, foreign born status, veteran status, and education. 

Compared to employees, the self-employed are more likely to be older, white, married,  
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Table 2 Descriptive Statistics of Demographics and Health Insurance, Low-Income 

(FPL < 300%) Childless Adults Sample, CPS ASEC 2003–2016 

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

          Pre (2003–2013)    . 

 All 
Self-

employed 
Employee 

Expansio

n 

No 

Expansio

n 

Demographics      

   Age 47.165 48.549 44.103 47.158 47.191 

   Female 0.502 0.343 0.470 0.502 0.497 

   Hispanic 0.132 0.112 0.164 0.124 0.134 

   Non-Hispanic White 0.681 0.781 0.650 0.713 0.658 

   Non-Hispanic Black 0.136 0.060 0.135 0.104 0.174 

   Non-Hispanic Asian 0.034 0.033 0.035 0.043 0.019 

   Non-Hispanic Other 0.017 0.014 0.016 0.016 0.016 

   Foreign Born 0.169 0.176 0.197 0.180 0.145 

   Married 0.375 0.426 0.307 0.365 0.393 

   Divorced or 

Separated 
0.257 0.271 0.277 0.255 0.271 

   Widowed 0.050 0.036 0.038 0.049 0.053 

   Never Married 0.318 0.267 0.378 0.331 0.283 

   Veteran 0.079 0.083 0.066 0.082 0.091 

   < High School 0.181 0.132 0.172 0.181 0.208 

   High School 0.392 0.357 0.404 0.395 0.390 

   Some College 0.261 0.285 0.276 0.257 0.255 

   University 0.119 0.165 0.114 0.120 0.109 

   > University 0.046 0.061 0.035 0.047 0.038 

   Family Income 24,562 24,111 28,268 23,808 23,751 

Insurance       

   Uninsured 0.395 0.487 0.370 0.404 0.450 

   Private Insurance 0.470 0.446 0.563 0.464 0.445 

      ESI 0.366 0.199 0.484 0.375 0.364 

      Spouse ESI 0.134 0.142 0.119 0.140 0.130 

      Non-group 

Insurance 
0.103 0.247 0.079 0.089 0.081 

   Medicaid 0.135 0.067 0.067 0.132 0.105 

Observations 156,257 12,050 74,197 66,601 51,705 
Notes: Sample is restricted to non-disabled childless adults aged 26-64. The estimates are calculated by using 

weights provided by the U.S. Census. For transition variables including SE Entry, SE Exit, and SW to SE, 

the sample is restricted to individuals with labor force information for the last year. The sample size for 

transition variables in CPS ASEC 2002-2016 is 76,999, which are about 35 percent of the entire sample of 

CPS ASEC. 
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and male. They also tend to have higher education levels, but their family income is 

lower than employees’ by about 4,200 dollars on average. Although my sample is 

restricted to low-income households, the characteristics of self-employment are still 

similar to factors found in the self-employment literature.10 The comparison between 

expansion and non-expansion states before the implementation of the Medicaid 

expansion in 2014 shows that average demographic characteristics are very similar, 

except for race/ethnicity, foreign born, and never married variables. While the proportion 

of Hispanics is very similar, the expansion states include more non-Hispanic whites and 

Asians while the non-expansion states include more non-Hispanic blacks. The expansion 

states also include a larger proportion of foreign born or never married individuals. Since 

state heterogeneity may drive self-employment outcomes differently in expansion and 

non-expansion states, I adjust all demographic characteristics to estimate the effects of 

the Medicaid expansion. 

The lower panel shows descriptive statistics on health insurance coverages. The 

rate of the uninsured is high among low-income childless adults, which is about 40 

percent. Half of the sample is covered by private insurance. It should be noted that ESI 

coverage is the main source of insurance coverage (37 percent)11. By comparison, the 

                                                 
10 See Parker (2009) for a literature review of the determinants of self-employment.  
11 The coverage rate of the ESI for low-income childless adults with ages 26-64 (37 percent) is lower than 

that for all individuals with ages 26-64 (65 percent). But it should be emphasized that low-income childless 

adults include the larger proportion of non-employed individuals. When the sample is restricted to employees, 

the coverage rate of the ESI for low-income childless adults increases to 48 percent. Furthermore, the rate of 

the uninsured is large for low-income childless adults (40 percent), which reflect limited access to health 
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uninsured rate is higher among the self-employed than employees. Self-employed 

individuals are more likely to be covered by Medicaid and less likely to have private 

insurance. Notably, the coverage rate of ESI is significantly lower among the self-

employed, and the majority of the ESI coverage is explained by spousal ESI. Although 

the rate of non-group insurance in self-employment is much higher, the magnitude is 

smaller than the reduction in the ESI coverage. This reflects limited access to non-group 

health insurance for self-employed individuals. Compared to non-expansion states, 

expansion states tend to have lower rates of uninsured and higher rates of Medicaid 

coverage. The rate of private insurance coverage is very similar between expansion and 

non-expansion states. Since the Medicaid expansions affect health insurance outcomes, I 

do not adjust health insurance status when I estimate the effects of the ACA Medicaid 

expansion on self-employment outcomes. Instead, the effect of Medicaid coverage on 

self-employment is directly estimated in the instrumental variable approach.  

Table 3 presents the descriptive statistics of self-employment and other 

employment status. The first column provides the descriptive statistics for the full 

sample. The remaining four columns show descriptive statistics by the status of 

expansion and the pre/post-treatment periods. The upper panel includes self-employment 

levels and flows. About 8 percent of low-income childless adults are self-employed. 

Among the self-employed, the share of unincorporated self-employment (84 percent) is 

much higher than that of incorporated self-employment (16 percent). This suggests that 

                                                 
insurance for this group. These numbers together suggest that entrepreneurship lock is an issue for this 

population.  
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unincorporated self-employment is the major type of self-employment for low-income 

households. The entry rate into self-employment is slightly lower than the exit rate. In the 

pre-time period, self-employment levels and flows are qualitatively similar in expansion 

and non-expansion states. But in the post-time period, the self-employment level 

increased to 7.9 percent in expansion states while it decreased to 7.2 percent in non-

expansion sates. Similar changes are found in the unincorporated self-employment rates  

 

Table 3 Descriptive Statistics of Employment and Insurance, Low-Income (FPL < 

300%) Childless Adults Sample, CPS ASEC 2003–2016 

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

        Pre (2003–2013)   . 
     Post (2014–2017)   

. 

  All 
Expansio

n 

No 

Expansio

n  

Expansio

n 

No 

Expansio

n 

Self-Employment      

   Self-employed (SE) 0.076 0.074 0.078 0.079 0.072 

     Incorporated SE 0.012 0.011 0.013 0.012 0.014 

     Unincorporated SE 0.064 0.063 0.065 0.067 0.058 

   SE Entry 0.028 0.025 0.029 0.036 0.031 

   SE Exit 0.031 0.030 0.030 0.035 0.036 

Other Employment      

   Labor Force  0.610 0.599 0.616 0.626 0.621 

   Employee (Private 

Sector) 
0.473 0.468 0.472 0.485 0.483 

   Full Time 0.474 0.452 0.494 0.473 0.495 

   Usual Working Hours 22.956 22.223 23.483 23.374 23.669 

Observations 156,257 66,601 51,705 21,169 16,782 
Notes: Sample is restricted to non-disabled childless adults aged 26-64. The estimates are calculated by using 

weights provided by the U.S. Census. For transition variables including SE Entry, SE Exit, and SW to SE, 

the sample is restricted to individuals with labor force information for the last year. The sample size for 

transition variables in CPS ASEC 2002-2016 is 76,999, which are about 35 percent of the entire sample of 

CPS ASEC. 
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but not in incorporated ones. When looking at self-employment flows, an increase in the 

entry rate was larger in expansion states. Despite the increased exit rate, the difference 

between expansion and non-expansion states was still small. In sum, descriptive statistics 

suggest that the ACA Medicaid expansion might lead to a higher self-employment rate. 

The lower panel in Table 3 depicts the comparison of labor market characteristics 

between expansion and non-expansion states in terms of other employment related 

variables, including labor force participation, private sector employment, full time status, 

and hours worked. The labor force participation rate is 61 percent. As with self-

employment, both expansion states and non-expansion states have on average similar 

employment characteristics in the pre-time period. Also, employment related variables do 

not significantly change in the post time period. These descriptive statistics are consistent 

with previous research that found no significant effects of the ACA Medicaid expansions 

on labor supply.12   

One concern in the descriptive statistics is that the self-employment rate increased 

in expansion states while it declined in non-expansion states. This may result from 

different trends, which invalidates the common trend assumption for difference-in-

differences analyses. Therefore, I check the trends in average self-employment, entry, 

and exit rates for the low-income childless adult sample in Appendix A Figure 11. The 

pre-trends of the average self-employment rates in both expansion and non-expansion 

states are quite similar from 2003 to 2013. Then, the self-employment rate increased only 

                                                 
12 The different composition of industries and occupations might also lead to differential outcomes. I check 

this possibility by computing the share of 2-digit industries and 2-digit occupations in Appendix A Figure 

10. Like other labor market variables, the distribution of industries and occupations were very similar 

between expansion and non-expansion states. 
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in expansion states in 2014. These trends suggest that the decrease in the average self-

employment rate in non-expansion states in the post-time period is not driven by different 

trends. In addition to visual inspection of trends, I also conduct event studies to do the 

formal statistical test for the common trend assumption, which is explained in detail in 

the section of event study analysis.   

 

1.5.2 Effects on Self-Employment Levels 

The estimated effects of the ACA Medicaid expansion are provided in Table 4. 

The first and second columns provide the results of the propensity of becoming self-

employed from the DID and PSW-DID, respectively. The last two columns show the 

results of the likelihood of being an employee. The upper and lower panels show the 

results from the samples of childless adults with incomes below 300 and 138 percent of 

the FPL, respectively.  

The estimated effect from the baseline DID specification indicates that the self-

employment rate in the expansion states statistically significantly increased by 1.1 

percentage points, relative to non-expansion states across time. This is an approximate 14 

percent increase from the unconditional mean of the self-employment rate (7.6 percent). 

While the DID estimates are adjusted to individual characteristics, some of which were 

different between expansion and non-expansion states, controlling for these 

characteristics may not be enough if they affect the trends of the propensities of being 

self-employed differentially. The PSW-DID specification addresses this issue by 

balancing observable characteristics for treatment and control states before and after 
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adopting the ACA Medicaid expansion. The result from the PSW-DID shows that the 

Medicaid expansion increased the rate of self-employment by 0.8 percentage points, 

which is about a 10 percent increase from the unconditional mean. The estimate from the 

PSW-DID is slightly lower, but it is not statistically different from the DID. These results 

indicate that the estimate from the DID is not driven by differences of observable 

covariates in treatment and control states.  

 

Table 4 Difference-in-Differences Estimates for the Intent-to-Treat Effects of 

Medicaid Expansion on Self-Employment, Low-Income Childless Adult Sample   
(1) (2) (3) (4)  

       Self-Employed      y         Wage Worker       y 

  DID PSW-DID DID PSW-DID 

(A) FPL<300% 
    

Expansion*Post 0.0112*** 0.0082*** 0.0008 -0.0017  
(0.0036) (0.0029) (0.0060) (0.0089) 

(B) FPL<138%   
  

Expansion*Post 0.0161*** 0.0124** -0.0019 0.0008  
(0.0061) (0.0049) (0.0057) (0.0080) 

Individual Characteristics Yes Yes Yes Yes 

State FE Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes 

Unemployment Rate Yes Yes Yes Yes 

Notes: Sample is restricted to non-disabled childless adults aged 26-64. Estimates are calculated using CPS 

ASEC weights. Individual characteristics include age, sex, race, education, marital status, foreign-born status, 

and citizenship status. Standard errors clustered at the state-year level are provided in parentheses. The 

numbers of observations for the FPL<300% and FPL<138% full samples are 156,257 and 57,478, 

respectively. 

 

 

The time period in this study coincides with the financial crisis of 2007–2008 and 

subsequent economic recovery from it. In this respect, one may be concerned that various 
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states’ business cycles or economic recovery influenced the self-employment rate 

differentially. To address this issue, all specifications control for state level 

unemployment rates. In addition, the estimated effects on the employment rates are also 

reported in columns (3) and (4). If better economic conditions or higher demand in 

expansion states have raised the self-employment rate, it would have also increased the 

employment rate. However, the estimates on the employment rates from both DID and 

PSW-DID are close to zero and statistically insignificant, which suggests that the 

influence from the business cycle or higher demand is of less concern.  

The Panel B shows the results from the sample below 138 percent of the FPL. The 

patterns of the estimated effects in the sample below 138 percent of the FPL are similar to 

the sample below 300 percent of the FPL. In states that adopted the ACA Medicaid 

expansion, the self-employment rate increased while the employment rate remained 

constant. But the magnitudes of estimates on the self-employment rate are slightly higher 

in the sample below 138 percent of the FPL. The DID and PSW-DID estimates indicate 

1.6 and 1.2 percentage point increases in the self-employment rates, respectively. The 

different sizes of the estimates may result from the fact that the sample below 138 percent 

of the FPL include more relevant population. However, as explained in the method 

section, the sample below 138 percent of the FPL may also capture the self-employed 

who adjusted household incomes to become eligible for Medicaid, which leads to some 

overestimation biases in estimated effects. I further examine these issues in the 

instrumental variable approach.  
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Overall, the analysis of self-employment levels suggests that the ACA Medicaid 

expansion raised the self-employment rate among childless adults in low-income 

households. The magnitudes of ITT estimates are consistent with previous studies on 

Medicare (Fairlie, Kapur, and Gates 2011) and the SCHIP (Olds 2016). Also, findings on 

the employment rate are consistent with recent empirical studies that found the ACA 

Medicaid expansion did not have significant effects on labor supply (Duggan, Goda, and 

Jackson 2017; Gooptu et al. 2016; Kaestner et al. 2017; Leung and Mas 2016). 

Since not all eligible individuals enroll in Medicaid, the baseline estimates 

captured the ITT effects of being eligible for Medicaid through the states’ adoption of 

ACA Medicaid expansion. Previous studies found that the estimated effects of the 

Medicaid expansion on Medicaid coverage range from 2 to 7 percentage points 

(Couremanche et al. 2017; Duggan, Goda, and Jackson 2017; Frean, Gruber, and 

Sommers 2017; Kaestner et al. 2017; Leung and Mas 2016; Siomon, Soni, and Cawley 

2017; Wherry and Miller 2016). Even in the randomized control study in the Oregon 

health insurance experiment, about 30 percent of eligible people enrolled in Medicaid 

(Baicker et al. 2013; Finkelstein et al. 2012). The IV approach estimates the LATE of 

being covered by Medicaid (“compliers”).  

Table 5 provides estimates for OLS, IV, and PSW-IV. The simple OLS estimate 

shows that Medicaid coverage is negatively associated with the propensity of being self-

employed. However, this OLS estimate suffers from selection bias. If the self-employed 

are more ambitious individuals who start their businesses regardless of health insurance, 

then they are less likely to take Medicaid. On the other hand, the IV estimate captures 
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effects for compliers who do not start their business only because of limited access to 

health insurance. Therefore, these latent entrepreneurs are very sensitive to obtaining 

health insurance. The IV estimate indicates that being covered by Medicaid due to 

increased Medicaid eligibility led to an 11 percentage point higher propensity of being 

self-employed. The PSW-IV estimate was slightly smaller (8 percentage points), but it is 

also positive and statistically significant. Both IV and PSW-IV estimates suggest that 

receiving Medicaid leads to a significant increase in the propensity of becoming self-

employed for latent entrepreneurs. 

It is also interesting to see that the sizes of estimates are similar regardless of 

sample changes based on different income cutoffs, which reflects the fact that the IV 

approach captures effects on compliers in both samples. These results suggest that the 

ITT estimates in the sample below 138% of the FPL do not suffer from overestimation 

bias. If the sample below 138% of the FPL capture the self-employed who adjusted 

household incomes, the estimates on Medicaid coverage should be much larger than the 

estimates on self-employment, which leads to smaller magnitudes of the LATEs 

compared to the sample below 300% of the FPL.  The F-statistics for the first stage 

estimates are over 100, which suggests that the indicator for the ACA Medicaid 

expansion is not a weak instrument. Looking at the employment rate, the OLS estimate 

shows a much larger negative relationship. But the IV and PSW-IV indicate that being 

covered by Medicaid did not have significant effects on the employment rate.  
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Table 5 Instrumental Variable Estimates for the Local Average Treatment Effects 

of Medicaid Expansion on Self-Employment, Low-Income Childless Adult Sample  
(1) (2) (3) (4) (5) (6)  

                   Self-Employed                 .                     Wage Worker                  . 

 OLS IV PSW-IV OLS IV PSW-IV 

(A) FPL<300% 
     

Medicaid -0.0380*** 0.1124*** 0.0776*** -0.2740*** 0.0185 -0.0144  
(0.0020) (0.0376) (0.0284) (0.0070) (0.0602) (0.0532) 

1st Stage   0.0994*** 0.1065***  0.0994*** 0.1065*** 

Medicaid  (0.0069) (0.0065)  (0.0069) (0.0065) 

F-statistics  106.5 135.4  106.5 135.4 

(B) FPL<138%   
   

Medicaid -0.0516*** 0.1118*** 0.0795** -0.1747*** 0.0215 0.0219  
(0.0029) (0.0430) (0.0314) (0.0067) (0.0640) (0.0525) 

1st Stage   0.1454*** 0.1588***  0.1454*** 0.1588*** 

Medicaid  (0.0109) (0.0106)  (0.0109) (0.0106) 

F-statistics  89.54 113.5  89.54 113.5 

Characteristics Yes Yes Yes Yes Yes Yes 

State FE Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

Unemp. Rate Yes Yes Yes Yes Yes Yes 

Notes: Sample is restricted to non-disabled childless adults aged 26-64. Estimates are calculated using CPS 

ASEC weights. Individual characteristics include age, sex, race, education, marital status, foreign-born status, 

and citizenship status. Standard errors clustered at the state-year level are provided in parentheses. The 

numbers of observations for the FPL<300% and FPL<138% full samples are 156,257 and 57,478, 

respectively. 

 

 

It requires some caution to interpret the IV results. The first stage estimate on 

Medicaid shows that the eligibility expansion raised the rate of Medicaid coverage by 

about 10 percentage points. Since I include longer time periods, the size of this estimate 

is slightly larger than previous studies on the ACA Medicaid expansion (2 to 7 

percentage points). Nevertheless, the Medicaid take-up rate is relatively small given a 

large number of eligible childless adults. Because of a low take-up rate, the size of the 

LATEs are about 10 times larger than the ITT effects. Considering the unconditional 
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mean of the self-employment rate, the IV estimates suggest those newly covered by 

Medicaid under the ACA have a double or higher likelihood of becoming self-employed.  

 

1.5.3 Effects on Self-Employment Transitions 

Table 6 provides the DID and PSW-DID estimates on self-employment 

transitions. Each set of columns shows the self-employment entry, self-employment exit, 

and transition from self-employment to non-employed status.  

 

Table 6 Difference-in-Differences Estimates for the Intent-to-Treat Effects of 

Medicaid Expansion on Self-Employment Transitions, Low-Income Childless Adult 

Sample 

 (1) (2) (3) (4) (5) (6) 

          SE Entry        y          SE Exit        y          SE to NE        

y 

 
DID 

PSW- 

DID 
DID 

PSW- 

DID 
DID 

PSW- 

DID 

(A) FPL<300%       

Expansion*Post 0.0093** 0.0084** -0.0012 0.0009 -0.0029 -0.0012 

 (0.0038) (0.0034) (0.0036) (0.0033) (0.0022) (0.0021) 

(B) FPL<138%       

Expansion*Post 0.0138** 0.0095 -0.0048 -0.0068 -0.0061 -0.0024 

 (0.0070) (0.0059) (0.0071) (0.0064) (0.0048) (0.0044) 

Characteristics Yes Yes Yes Yes Yes Yes 

State FE Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

Unemp. Rate Yes Yes Yes Yes Yes Yes 
Notes: Sample is restricted to non-disabled childless adults aged 26-64. Estimates are calculated using CPS 

ASEC weights. Individual characteristics include age, sex, race, education, marital status, foreign-born status, 

and citizenship status. Standard errors clustered at the state-year level are provided in parentheses. The 

numbers of observations for the FPL<300% and FPL<138% transition samples are 57,166 and 20,106, 

respectively. 
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The estimates indicate that the self-employment entry rate increased by 8 to 9 

percentage points in the sample below 300 percent of the FPL. The increase in the self-

employment rate was statistically significant, and its magnitude is similar to the estimates 

on the self-employment rate. In contrast, the self-employment exit did not significantly 

change. Since the self-employment exit includes both transitions to employees and non-

employed status, it may raise a concern that this estimate does not capture those exiting 

from labor market. But the estimates on the transition from self-employed to non-

employed status are also close to zero and statistically insignificant. The estimates using 

the sample below 138 percent of the FPL show similar patterns.  

The estimates from IV and PSW-IV are provided in Table 7. Similar to the self-

employment entry, the simple OLS estimate shows a negative association between 

Medicaid and the self-employment entry. However, both IV and PSW-IV estimates 

indicate that being covered by Medicaid due to the eligibility expansion increased the 

propensity of entering self-employment. The results also show that Medicaid coverage 

did not change the self-employment exit and transition from self-employed to non-

employed status.  

The PSW-DID and PSW-IV estimates on self-employment entry are statistically 

insignificant in the sample below 138 percent of the FPL. This is because the low 

incidence of self-employment entry and the small sample size increase the standard 

errors. But the direction and size of the estimates are very similar to the sample below 

300 percent of the FPL.  
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Overall, the ACA Medicaid expansion raised self-employment entry, but not self-

employment exit. The negative income effects were not huge enough to make the self-

employed stop working. These results of self-employment transitions imply that changes 

in the self-employment rate is mainly driven by new self-employment entrants and 

negative income effects are of less concern. 

 

1.5.4 Event Study Analysis and Falsification Test 

As described earlier, the key identifying assumption for all my specifications is 

that the self-employment rates (or other self-employment outcomes) in expansion states 

would evolve as in non-expansion states in the absence of the eligibility increase in 

Medicaid under the ACA. In order to check the validity of this assumption, I apply event 

study approaches to the self-employment level, entry, and exit. 

In Figure 3, For DID and PSW-DID, the coefficients of the interaction terms 

between the treatment indicator and year dummies in equation (2) are provided with 95 

percent confidence intervals. Each coefficient is estimated relative to 2013, a year before 

the implementation of the Medicaid expansion.  

The patterns of event studies are very similar across different specifications. The 

DID event study estimates of self-employment levels, entry, and exit before 2014 are 

close to zero and statistically insignificant at 95 percent of the confidence interval, except 

for self-employment exit in 2003. There are no specific upward or downward pre-trends.  
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Figure 3 Event Study Analysis, Low-Income Sample 
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Compared to the DD specification, the event study estimates from the PSW-DID are 

slightly less fluctuating and closer to zero, but the differences across specifications are 

minor. These results suggest the plausibility of the parallel trend assumption and support 

the validity of my baseline estimates. 

Since the Medicaid expansion is one of many components in the ACA, other 

changes related to access to health insurance in expansion states may drive estimated 

effects. In Table 8, I conduct falsification tests with high-income childless adults (above 

300 or 400 percent of the FPL) not affected by the Medicaid expansion. The results show 

that the Medicaid eligibility expansion did not make noticeable changes in self- 

 

Table 8 Falsification Test, High-Income Childless Adult Sample 

 (1) (2) (3) (4) (5) (6) 

      Self-employed    y          SE Entry        y            SE Exit         y 

 
DID 

PSW- 

DID 
DID 

PSW- 

DID 
DID 

PSW- 

DID 

(A) FPL<300%       

Expansion*Post -0.0028 -0.0028 0.0021 0.0012 -0.0011 -0.0011 

 (0.0026) (0.0024) (0.0027) (0.0024) (0.0031) (0.0026) 

(B) FPL<138%       

Expansion*Post -0.0032 -0.0018 0.0025 0.0020 0.0006 0.0003 

 (0.0030) (0.0026) (0.0032) (0.0027) (0.0033) (0.0029) 

Characteristics Yes Yes Yes Yes Yes Yes 

State FE Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

Unemp. Rate Yes Yes Yes Yes Yes Yes 
Notes: Sample is restricted to non-disabled childless adults aged 26-64. Estimates are calculated using CPS 

ASEC weights. Individual characteristics include age, sex, race, education, marital status, foreign-born status, 

and citizenship status. Standard errors clustered at the state-year level are provided in parentheses. The 

numbers of observations for the FPL>300% and FPL>400% full samples are 227,787 and 288,822, 

respectively. The numbers of observations for the FPL>300% and FPL>400% transition samples are 92,790 

and 116,529, respectively. 
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employment outcomes among high-income people. The magnitudes of estimates are 

close to zero and statistically insignificant. I conclude that there is no evidence to 

ascertain that changes in self-employment in low-income individuals are not driven by 

other changes in expansion states. 

 

1.5.5 Analysis of the Entrepreneurship Lock Mechanism 

To check whether the Medicaid expansion reduced entrepreneur lock, I apply a 

DDD approach by interacting the DID estimate with health insurance demand factors 

such as spousal ESI, poor health status of respondent or spouse, and poor health status of 

spouse. Since demand factors are from the spouse’s information, the sample is restricted 

to married childless adults. Table 9 provides the results by specifications with different 

demand factors. The estimate of the DID (𝛽1) shows the estimated impact on married 

couples with low insurance demand. The estimate of the DDD (𝛽2) provides the 

additional insurance demand effect. The linear combination of these two estimates (𝛽1 +

𝛽2) indicates the effects on married couples with high insurance demand. 

In column (1), the estimate of the DDD using no access to spousal ESI (𝛽2) shows 

a positive and significant 1.9 percentage point increase in the propensity of being self-

employed. These results suggest that the ACA Medicaid expansion increased the self-

employment rate for those without access to alternative health insurance. In columns (2) 

and (3), 𝛽2 is statistically insignificant in most specifications, except for two estimates 

from the specification with spouse health condition. However, 𝛽1 + 𝛽2 is positive and 

statically significant. That is, although those with poor health in family members have 
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slightly higher propensities of being self-employed, the difference in propensities are not 

statistically different. These results suggest that the main mechanism of the effects of the 

ACA Medicaid expansion is through a reduction in entrepreneurship lock by improving 

access to health insurance.  

 

Table 9 Triple Difference with Health Insurance Demand Factor, Low-Income 

Married Childless Adult Sample  
(1) (2) (3) 

  

No Access to 

  Spouse’s ESI . 

Poor Health of 

Respondent 

    or Spouse   . 

 

Poor Health of 

      Spouse      . 

  DDD DDD DDD 

Expansion*Post (𝛽1) 0.0033 0.0156** 0.0169***  
(0.0089) (0.0070) (0.0063) 

Expansion*Post*Demand (𝛽2) 0.0186** 0.0119 0.0071  
(0.0091) (0.0082) (0.0067)     

Test: 𝛽1 + 𝛽2 > 0 0.0219*** 0.0275*** 0.0240*** 

[p-value] [0.0003] [0.0000] [0.0004] 

Characteristics Yes Yes Yes 

State FE Yes Yes Yes 

Year FE Yes Yes Yes 

Unemp. Rate Yes Yes Yes 

Notes: Sample is restricted to non-disabled childless adults aged 26-64. Estimates are calculated using CPS 

ASEC weights. Individual characteristics include age, sex, race, education, marital status, foreign-born status, 

and citizenship status. Standard errors clustered at the state-year level are provided in parentheses. The 

number of observations for the FPL<300% married sample is 60,956. 
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1.5.6 Business Characteristics 

One important concern is the business characteristics of newly self-employed 

individuals. Considering that Medicaid beneficiaries are low-income households, their 

characteristics may be different from middle- or high-income groups. It is difficult to 

check business characteristics without detailed information on the business. Using limited 

information, some business characteristics related variables are examined in Table 10. 

 

Table 10 Business Characteristics, Low-Income Childless Adult Sample  
(1) (2) (3) (4) (5) 

  Biz Income 

(Positive) 
Inc. SE Uninc. SE 

Weeks 

Worked 

Hours 

Worked 

(A) FPL<300% 
     

Expansion*Post 0.0092*** -0.0005 0.0117*** 0.1141 -0.5065  
(0.0031) (0.0016) (0.0032) (0.6434) (0.7937) 

  
     

Characteristics Yes Yes Yes Yes Yes 

State FE Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes 

Unemp. Rate Yes Yes Yes Yes Yes 
Notes: Sample is restricted to non-disabled childless adults aged 26-64. Estimates are calculated using CPS 

ASEC weights. Individual characteristics include age, sex, race, education, marital status, foreign-born status, 

and citizenship status. Standard errors clustered at the state-year level are provided in parentheses. The 

numbers of observation for the FPL<300% is 156,257. 

 

 

The results show that the Medicaid expansion increased the self-employed with 

positive business incomes by 0.9 percentage points. Given the baseline DID estimate on 

self-employment (1.1 percentage points), more than 80 percent of newly self-employed 

people make positive incomes. To capture different types of self-employment activities, I 
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examine incorporated and unincorporated self-employment. Incorporated self-

employment tends to be more successful than unincorporated self-employment. But since 

entrepreneurs tend to incorporate their business after it has grown, the rate of 

incorporation is low among newly self-employed individuals (e.g., Evans and Jovanovic 

1989). In addition, unincorporated self-employment is the major form of business among 

low-income households. The results indicate that the rate of incorporated self-

employment changed insignificantly, whereas the rate of unincorporated self-

employment increased significantly by 1.2 percentage points. These findings are 

consistent with my expectation that the ACA Medicaid expansion increased the number 

of newly self-employed individuals among low-income households.  

The previous findings showed no significant negative income effects on the 

extensive margin of self-employment supply. But there might be adjustment in the 

intensive margin of self-employment. Or the newly self-employed individuals might 

consider self-employment as a part-time job and not be fully committed to self-

employment. However, the results in in columns (4) and (5) show an increase in weeks 

worked and a decline in hours worked among the self-employed. Both estimates are 

statistically insignificant. The results suggest that adjustment in the intensive margin of 

self-employment or an increase in part-time self-employment is of less concern. 
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1.5.7 Heterogeneous Effects of the Medicaid Expansion 

The treatment effects may be heterogeneous for different genders. The literature 

suggests that women have higher demand for health insurance and are more risk averse, 

compared to men. The heterogeneous effects by gender are provided in Figure 4.  

Both DID and PSW-DID estimates show that the Medicaid expansion 

significantly increased the rate of self-employment among low-income childless women 

by 1.5 to 1.8 percentage points. These estimates are statistically significant. In contrast, 

the increase in the self-employment rate among male childless adults are positive but 

relatively small and statistically insignificant. It seems that latent entrepreneurs among 

low-income female childless adults significantly benefit from the Medicaid expansion. 

 

 

Figure 4 Heterogeneous Effects of Medicaid Eligibility Expansion by Gender, Low-

Income Sample 
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1.5.8 Robustness Check 

I conduct several robustness checks of the main results with different models, 

thresholds, and samples. The results of robustness checks are provided in Appendix C.  

First, I apply a synthetic control group method as an alternative approach. Like 

DID and PSW-DID, the SCGM estimates the ITT effects. The detailed description of the 

SCGM is provided in Appendix B. Appendix C Table 33 provides the estimated effects 

of the Medicaid expansion on self-employment levels and transitions. Since the 

permutation test is used for SCGM, the p-value of the root mean square prediction error 

(RMSPE) ratio for the expansion states is reported in brackets. The results of the SCGM 

indicate that the self-employment rate statistically significantly increased in treatment 

states after the Medicaid expansion. The magnitude of the estimate is a 0.95 percentage 

point, which is similar to the DID and PSW-DID estimates. The SCGM estimate on the 

self-employment entry is positive and two times larger than the estimate on the self-

employment exit, but it is statistically insignificant.  

Similar to the event study, the difference of self-employment outcomes between 

treatment and synthetic control groups for each year are provided with placebo estimates 

for using each non-expansion state as a treatment group in Appendix C Figure 12. The 

pre-trends for all self-employment outcomes are pretty close to zero. When looking at the 

optimal weights to create a synthetic control group in Appendix C Table 34, both 

included states and weights are somewhat different across all self-employment outcomes. 

In general, the SCGM seems slightly more sensitive to estimate a small incidence of self-
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employment transitions. This may be because the SCGM uses aggregated information at 

the state and year level, which reduces the sample size. Nevertheless, the overall patterns 

of estimated effects are qualitatively similar.  

Second, since self-employment outcome variables are binary variables, I estimate 

the DID and PSW-DID specifications with Logit and Probit models. The results are 

provided in Appendix C Table 35. To compare with the linear probability model (LPM), I 

computed the average marginal effects for nonlinear models. The overall patterns and 

magnitudes of the estimated effects from Logit and Probit models are very similar to 

LPM estimates in previous tables. These results show that my estimates are robust to 

different linear and nonlinear models.  

Third, I estimate the DID and PSW-DID specifications using the sample with 

high school or less in Appendix C Table 36. Kaestner et al. (2017) suggested that the 

robustness of a sample would increase by defining a sample comprising individuals with 

low education levels rather than income levels because the education levels tended to be 

determined before the ACA Medicaid expansion and individuals with a high school or 

less are more likely to be covered by Medicaid. On the other hand, Simon et al. (2017) 

claimed that low education is not a strong predictor for low income. Selecting samples 

based on education levels also includes high-income people with low education levels, 

which may result in noise in the estimates. My results for the sample with low education 

individuals show qualitatively similar and slightly smaller estimates compared to the 

sample below 300 percent of the FPL. But standard errors in the low-education childless 

adult sample become slightly larger, and the estimate on self-employment entry becomes 
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statistically insignificant. As Simon et al. (2017) suggested, this could be because 

selecting samples with low education levels leads to the inclusion of the ineligible.  

Fourth, I control for different health insurance market conditions in Appendix C 

Table 37. The DID and PSW-DID specifications include state fixed effects that control 

time invariant unobserved state heterogeneities. But they do not address time varying 

state heterogeneities, especially insurance market conditions. I use individual and small 

group market Herfindahl-Hirschman Indexes (HHI) as proxies to control time varying 

insurance market conditions. For example, some states with few insurance companies 

having high market share may have a limited number of insurance options and higher 

insurance premiums on average. Since the HHI indexes from the Kaiser Family 

Foundation are available for only 2011–2016, the study time period is further restricted. 

In most specifications, both the individual and small group market HHI are negatively 

associated with self-employment outcomes. That is, states with low insurance market 

competition tend to have lower self-employment outcomes, which is consistent with the 

entrepreneurship lock hypothesis. But even after controlling for insurance market 

conditions, the estimated effects are similar to previous results. These results suggest that 

state fixed effects already control most state heterogeneities and that my estimates are 

robust to remaining heterogeneities.  

Finally, I check the sensitivity of my estimates using different treatment and 

control groups as shown in Appendix C Table 38. In Panel A, I estimate the effects by 

excluding late expansion states since these states may have different economic or 

political reasons to adopt the Medicaid eligibility. This exclusion slightly increases my 
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estimates, but estimates are qualitatively the same. In Panel B, I include Wisconsin in the 

control group. Wisconsin increased the state’s own eligibility threshold for Medicaid up 

to 100 percent of the FPL for all adults, but it did not adopt the ACA Medicaid 

expansion. In Panel C, I include prior expansion states in the treatment group. Most prior 

expansion states partially increased their eligibility before 2014 and additionally 

increased it to 138 percent of the FPL in 2014. In Panel D, I include both Wisconsin and 

prior expansion states. The results show that the baseline estimates are very robust even 

after including Wisconsin and/or late expansion sates.  

 

1.6 Conclusion 

In this paper, I study whether the Medicaid eligibility expansions increased the 

supply of entrepreneurs measured by self-employment among low-income childless 

adults who were previously excluded from state Medicaid programs. Using geographic 

and time variations created by the states’ adoption of the ACA Medicaid expansion, I use 

the difference-in-differences and propensity score weighting specifications to estimate 

the intent-to-treatment effects (being eligible for Medicaid). I also apply the instrumental 

variable and propensity score weighting approaches to estimate the local average 

treatment effects (being covered by Medicaid).  

I find that the Medicaid expansion increased the self-employment rate by 0.8 to 

1.6 percentage points in expansion states. My estimates are consistent with previous 

studies on the self-employment effects of Medicare (Fairlie, Kapur, and Gates 2011) and 

SCHIP (Olds 2016). Concerning self-employment flows, the Medicaid expansion 
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significantly increased self-employment entry, but did not change self-employment exit. 

The latter can be interpreted that there is no evidence of large negative income effects on 

self-employment. The estimates are also robust to several sensitivity analyses. Using an 

instrumental variable approach, I estimate the effect of being covered by Medicaid on 

entrepreneurship. I found that childless adults covered by Medicaid have a higher 

propensity of being self-employed than those without Medicaid by 8 to 11 percentage 

points. The triple difference specification using insurance demand factors suggests that 

the main mechanism of the Medicaid expansion is through reduction of the 

entrepreneurship lock. I find consistent evidence that married childless adults with no 

access to alternative health insurance experienced a large and significant increase in the 

propensity for being self-employed. 

Estimates from different specifications provide evidence that improving limited 

access to health insurance may increase entrepreneurship. My findings are consistent with 

the entrepreneurship lock hypothesis that the tight connection between employer-

sponsored insurance and workplace may create distortion in the supply of entrepreneurs 

(Fairlie, Kapur, and Gates 2011; Olds 2016). My results differ from studies that found 

limited evidence on the entrepreneurship effects in other aspects of the ACA, for 

example, the dependent coverage mandate (Bailey 2017) or health exchange market 

(Heim and Yang 2017).  

The different findings may be explained by differences in the target population 

and the sizes of policies. First, the dependent coverage mandate improve access to health 

insurance for young adults with ages below 26 who have better health conditions and 
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lower demand for health insurance than older adults. Second, the main beneficiaries in 

the health exchange market are middle income groups. As the amount of subsidies 

decrease as income increases, the size of the effects may not be large enough to allow 

individuals to become self-employed. Finally, Frean, Gruber, and Sommers (2017) 

suggest that Medicaid expansion explains about 60 percent of the reduction in the rate of 

the uninsured. These differences suggest that my study includes larger changes in health 

insurance status compared to previous studies. Nevertheless, these different findings on 

the entrepreneurship effects of the ACA require further exploration in future research.   
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CHAPTER 2. DO EMPLOYER INSURANCE MANDATES REDUCE 

EMPLOYMENT? EVIDENCE FROM THE MASSACHUSETTS REFORM 

2.1 Introduction 

Do employer insurance mandates reduce employment? Mandates that require 

employers to provide health insurance have received considerable attention from 

policymakers and researchers. To increase insurance coverage, various employer 

insurance mandates have been proposed in the Clinton health care plan and many states. 

They became law in some states including Hawaii, California, Maryland, and 

Massachusetts, although California’s law was repealed within a year and Maryland’s law 

was overturned in the federal court. Most recently, the employer mandate has been 

incorporated in national health care reform, the Patient Protection and Affordable Care 

Act (ACA).  

However, employer insurance mandates may have far-reaching effects on not just 

insurance coverage but also labor market outcomes because health insurance is tightly 

connected to workplace in the U.S. Critics of employer mandates argue that these 

requirements can cause distortions in the labor market. Notably, the “pay-or-play” 

requirement, in which employers are required to provide health insurance or pay a 

penalty, has raised debate about whether this requirement will lead to significant job loss, 

especially in small businesses (Congressional Budget Office 2015). Due to potential 

negative employment effects and business opposition, the US government even delayed 
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the implementation of penalty requirements to 2015 for firms with 100 or more 

employees and 2016 for firms with 50-99 employees (Lowry and Gravelle 2013). Despite 

the critical policy issues, however, empirical evidence on the effects of employer 

insurance mandates on employment is limited.  

 In this paper, I examine the impact of the employer mandate on employment in 

small business under the Massachusetts healthcare reform. Massachusetts passed 

legislation to achieve universal health insurance coverage in 2006 and implemented the 

employer insurance mandate in 2007. The Massachusetts healthcare reform was used to 

build the framework of the ACA so that both healthcare reforms share similarities 

including “pay-or-play” requirements.  

The theory of employer mandated benefits predicts that employer mandates shift 

both labor supply and labor demand (Summers 1989). Mandated benefits shift labor 

demand downward by increasing the labor costs. But if individuals value the additional 

benefits they will receive, they are more likely to participate in the labor market by 

accepting lower wages, which shifts the labor supply outwards. The employment impact 

of mandated benefits depends on the extent of wage adjustment. If wages are fully 

adjusted, employment will not decrease. However, there are some differences between 

this theoretical prediction and the actual Massachusetts employer mandate. Although the 

theory assumes that all employers are mandated, pay-or-play requirements allow 

employers to pay the penalty instead of providing benefits. For employers who choose to 

pay penalties, the impact of an employer mandate will be similar to the incidence of a tax 

on employment. Also, low wage earners who are close to minimum wages may not be 
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able to take lower wages, even if they value benefits. If employers choose to pay 

penalties or employees are not able or unwilling to accept lower wages, it is expected that 

the Massachusetts employer mandate will reduce employment.   

In the Massachusetts employer mandate, firms with more than 10 full-time 

equivalent employees (FTEs) are required to either provide health insurance or pay a 

penalty. Recent empirical studies on other size-based regulations found supportive 

evidence that an arbitrary size threshold under a regulation may distort the firm size 

distribution because of the regulation increase labor costs when firms reach that threshold 

(Garicano, LeLarge, and Reenen 2013; Gourio and Roys 2014; Kapur et al. 2012). These 

previous studies suggest that the employer mandate with a threshold may change the firm 

size distribution because they should either provide health insurance or pay penalties for 

all employees if firms hire one more employee at the threshold. After the threshold, firms 

are also faced with increased marginal labor cost. The increase in labor costs may reduce 

the optimal size for firms, which leads to fewer firms above the threshold. I examine 

changes in the density of firm size distribution above the threshold by looking at the 

number of establishments in addition to net employment.  

Because the County Business Patterns data provide information on the total 

payroll amounts but not average hourly wages, I use the payroll per employee to 

indirectly investigate the extent of wage adjustment. Payroll per employee is the product 

of average hourly wages and average hours of work. The theory predicts that the 

employer mandate will decrease wages. However, the theoretical prediction on average 

working hours is ambiguous. On the one hand, employers may switch full-time 
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employees to part-time employees because they do not need to provide health insurance 

to part-time workers. On the other hand, employers may increase average working hours 

for employees. Because health insurance and penalties are fixed costs, employers can 

reduce marginal cost per working hour by increasing working hours for their employees. 

If the payroll per worker decreases, this implies that either average wages or average 

hours worked decrease. If it increases, this means that increase in average working hours 

is larger than decrease in average wages.  

My identification strategy uses geographic and time variation created by the 

Massachusetts healthcare reform. To separate the impact of the employer mandate from 

other changes in Massachusetts, I further exploit an additional variation created by the 

size threshold of the employer mandate. Using data from the County Business Patterns 

from 2000 to 2013, I estimate triple differences specifications excluding large employers 

with 100 or more employees. I compare the level of employment in sizes below 10 (1 to 4 

and 5 to 9) with that in sizes above 10 (10 to 19, 20 to 49, and 50 to 99) in Massachusetts 

relative to other Northeast states. Considering potential heterogeneity in different size 

groups within small employers, I estimate the employment effects after excluding 

relatively larger groups (20 to 49 and 50 to 99).  

One concern in the triple differences specification using the size threshold is that 

firms just above the threshold may reduce their size of business below the threshold in 

order to avoid the requirements. At the same time, firms just below the threshold may 

choose to stay in that size instead of growing. In this case, there could be bunching below 

the threshold and missing mass above the threshold unless returns from crossing the 
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threshold are enough to cover their costs (Chetty and Saez 2013; Kleven and Waseem 

2013; Saez 2010). Such firms avoiding requirements will increase net employment and 

the number of establishments in the size group below the threshold. They will also 

decrease net employment and the number of establishments in the size group above the 

threshold. As a result, the triple differences model may overestimate the effects on net 

employment and the number of establishments. To address this concern, I further 

disaggregate control groups into 1 to 4 and 5 to 9 as well as treatment groups into 10 to 

19, 20 to 49, and 50 to 99. I then estimate the effects by using a different combination of 

treatment and control groups. Because avoiding firms tend to be right below the 

threshold, the control group 1 to 4 would not be influenced by bunching. Also, the 

treatment group 20 to 49 is unlikely to be influenced by missing mass. Using 

disaggregated size groups away from the threshold is similar to a “donut regression” 

approach in the literature of regression discontinuity design (Barreca et al. 2011). This 

approach will reduce bias from bunching and missing mass in my triple differences 

estimates.  

My results indicate that the Massachusetts employer mandate had a significant 

impact on employment by small businesses. In my preferred specification, I find about a 

4 percent reduction in net employment in small businesses with 10 to 99 employees. 

Narrowing down to establishments close to the threshold (10 to 19), I still find about a 

2.7 percent decline in net employment in small business. The reduction in net 

employment in small business is explained by the decreased number of employers above 

the threshold in Massachusetts. In my preferred specifications, I find a similar magnitude 
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of the decrease in the number of establishments, which is an approximate 3.9 percent of 

the reduction in the size group 10 to 99. When the size group is narrowed down to 10 to 

19, the estimated decline in the number of establishments is still about 2.6 percent. The 

decline in both net employment and the number of establishments in Massachusetts’ 

small businesses was persistent across post periods. Different size group comparisons 

imply that using 5 to 9 as a control group does not make overestimation bias in my 

estimates. The estimates for net employment are similar between 1 to 4 or 5 to 9 as a 

control group. The estimates for the number of establishments are smaller in 5 to 9 than 

in 1 to 4 as a control group. Finally, I find little evidence for wage adjustment. Instead, I 

find that the Massachusetts employer mandate increased the payroll per employee, which 

suggests that firms may increase average working hours (e.g. overtime work) to reduce 

the marginal cost of hours worked per worker.  

This paper contributes to the literature on employer mandates by providing 

improved estimates of the net employment effects of the employer mandate based on the 

firm size threshold. Previous empirical studies used household surveys to study the 

employment effect of the employer mandate (e.g. Buchmueller, DiNardo, and Valletta 

2011; Kolstad and Kowalski 2012a; Thurston 1997). But these studies did not examine 

changes in employment at the aggregate level. Instead of household surveys, Colla, Dow, 

and Dube (2017) used establishment surveys to study the employer mandate and found 

insignificant net employment changes. However, this study paid little attention to the 

differential effects on the different size of businesses. Because most large firms already 

provide health insurance, including them in the analysis might lead to the 
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underestimation of the impact. I focus on small businesses with less than 100 employees. 

I also use a size threshold within triple differences specifications to separate the 

employment effect of the mandate from other changes.      

This paper also contributes to the literature on the size-based regulation. In 

practice, employer mandates often include an arbitrary size threshold which allows small 

businesses below the threshold to be exempted. The arbitrary size threshold can 

incentivize not only employers above the threshold to reduce their size but also 

employers below the threshold not to grow over the threshold to avoid lump sum costs. 

This phenomenon is well studied in the literature of size-dependent regulations. This 

literature found that arbitrary size thresholds provide different incentives to firms above 

and below the threshold, resulting in changes in employment, firm size distribution, and 

firm growth (Gamberoni, Gradeva, and Weber 2016; Garicano, Lelarge, and Van Reenen 

2016; Gourio and Roys 2014; Kugler and Pica 2008; Schivardi and Torrini 2008). In the 

same line, the critics of employer mandates argued that size-dependent regulations might 

dis-incentivize firms to grow (Cover 2009). But because of limited size information and 

data, there are only a few studies that examine the size threshold. Kapur et al. (2012) 

found supportive evidence that firm size distribution has been changed across the size 

thresholds at 25 and 50 in states with small group insurance reforms during the 1990s. 

But the sample size was small and unrepresentative. Kolstad and Kowalski (2012a) also 

used the size threshold to examine changes in intensive labor supply in Massachusetts, 

but they implicitly assumed no distortion created by the size threshold. There are no other 

empirical studies that used the size threshold to examine effects of employer mandates on 
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net employment and firm size distribution. In this paper, I explicitly investigate whether 

the size threshold creates a potential distortion in firm size distribution by examining 

changes in the number of establishments above the threshold.  

The remainder of the paper is structured as follows. In the next section, I explain 

the theoretical framework for the effects of employer mandates and synthesize the 

empirical studies. In Section 3, I describe the Massachusetts health care reform and 

employer mandates in detail. In Section 4 and 5, I describe the data from county business 

patterns and discuss my empirical strategy to examine employer mandates. In Section 6 

and 7, I explain results from triple-difference with different specifications and discuss 

robustness checks for my main results. In the final section, I conclude and discuss my 

results.  

 

2.2 Literature on Employer Mandates 

2.2.1 Theoretical Framework 

A simple supply and demand framework predicts that employer mandates can 

reduce wages or employment and the extent of reductions in employment depends on the 

size of wage adjustments (Summers 1989). In this framework, the employers’ costs of 

providing benefits can be passed to their employees in the form of lower wages if 

employees value the benefits they receive. If employees fully value the benefits at 

employer cost, they will accept lower wages as much as the employers’ cost of providing 

these benefits, leading to no changes in employment. If employees do not value benefits, 

the mandated benefits can reduce the level of employment, depending on the elasticity of 
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labor demand and the difference between the wage adjustments and the costs of 

providing mandated benefits.  

However, in practice, the employment effects of employer mandate can be more 

complicated than these predictions. Even if employees fully value the benefits they 

receive, minimum wages can constrain the cost shift in the form of lower wages (Baicker 

and Levy 2008; Yelowitz 2006). This may result in a reduction in employment for low-

skilled employees because employers need to pay more than competitive market price for 

these employees. Employers may also adjust the real wage growth of cutting nominal 

wages because of wage rigidity. In this case, employers may observe short term cost 

increase without reducing employment. Furthermore, exemptions based on arbitrary 

thresholds with penalty requirements can make the effects of employer mandates more 

complicated than theoretical predictions. First, employer mandates often include an 

arbitrary size threshold to specify large employers, which allow small employers below 

the threshold to be exempted to penalty requirements. The arbitrary size threshold can 

incentivize large employers above the threshold to reduce their size or for small 

employers below the threshold not to grow over the threshold in order to avoid costs 

generated by the requirements. Also, part-time workers are often exempted from 

requirements. Employers can reduce or avoid requirements by replacing full-time 

workers to part-time workers or reducing part-time employee’s working hours below a 

certain number of hours.  

Because the theoretical predictions on the employment effects of employer 

mandates depend on the extent of wage adjustment and other avoidance, whether and 
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how employers respond to employer mandates are empirical questions. There are two 

strands of empirical studies on this topic: (1) mandated health insurance benefits and (2) 

employer insurance mandates. The key difference is intensive and extensive margins. 

Mandated health insurance benefits are intensive margins in that they mandate employers 

who already provide health insurance to increase the coverage of insurance. On the other 

hand, employer insurance mandates are extensive margins in that they require employers 

who do not provide insurance. Empirical studies in both strands are reviewed in the 

following sections.  

 

2.2.2 Empirical Studies on Mandated Health Insurance Benefits 

One strand of empirical studies investigated benefit mandates that require 

employers to add specific benefit components to the insurance packages. The most well-

known study is Gruber (1994) that examined the effects of mandated maternity benefits 

during the 1970s. He found that employers’ costs of providing mandated maternity 

benefits were shifted to demographically identifiable beneficiary groups. In his triple 

differences estimates, he found that in the states that mandated maternity benefits, wages 

for single and married women as well as married men at ages between 20 and 40 

decreased significantly whereas the labor force participation for these groups did not 

change.  

Gruber’s research triggered many studies to examine the effects of employer 

benefit mandates on wage, employment, or hours worked. Empirical studies found mixed 

evidence on wage adjustment. Kaestner and Simon (2002) examined the effects of the 



62 

 

state-level mandated health insurance benefits during the 1990s on labor market 

outcomes in small firms with less than 100 employees. They found that the number and 

types of state level mandated benefits had no significant influence on wages and hours 

worked. Similarly, Cesh (2009) found no evidence that the mental parity mandates 

influenced the labor market outcomes including wages, working hours, and full-time 

employment status. Andersen (2015) suggested that these early studies did not find wage 

adjustment because of heterogeneous effects by mental distress. By accounting for 

heterogeneity, he found that parity mandates influenced individuals with worse mental 

health. Bailey (2013) also found evidence that mandates on treatment for diabetes 

reduced wages for obese workers.  

On the other hand, Lahey (2012) found no evidence on wage adjustment in the 

analysis of mandated infertility treatment even after controlling for heterogeneity. She 

found that relative to younger female workers, older female workers’ wages did not 

change significantly, whereas the weeks worked decreased by about 1.07 weeks per year 

and the probability of not in labor force increased by about 2 percent. Lahey explained 

that of the increased usage of infertility treatment may result from moral hazard that 

workers are more likely to use high-cost treatment instead of low-cost one because the 

cost difference between high- and low-cost treatments is small under insurance. high the 

same amount of money under health insurance. In this case, the insurance company set 

the cost based on the expected value of the high-cost treatment, whereas beneficiary 

groups value new benefits as much as low-cost treatment. Therefore, workers might not 
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adjust their wages at the full cost of insurance, which resulted in a reduction in 

employment.  

The empirical studies suggest that the effects of employer mandates on 

employment depend on the extent of wage adjustment. Controlling heterogeneity is 

essential to examine the effects of mandates on labor market outcomes.  

 

2.2.3 Empirical Studies on Employer Insurance Mandates 

Another strand of empirical studies examines insurance mandates that require 

employers to provide health insurance. The main differences between benefit and 

insurance mandates are cost and affected groups. Compared to add benefits to insurance 

packages, offering the entire health insurance packages is more expansive. Also, in the 

case of insurance mandates, employers who do not provide health insurance or whose 

insurance packages do not satisfy standards are influenced. These employers are different 

from employers who already offer insurance that satisfies minimum standards. 

Considering that most large firms that have advantages in the size of risk pool and 

administrative costs already provide health insurance, employers affected by mandated 

employer insurance are generally small firms that have no such advantages. Workers in 

small businesses are more likely to be low wage earners.  

By examining compensation insurance mandates, Gruber and Krueger (1991) 

found that on average workers bear about 56 to 86 percentage points of the expected 

costs in the form of lower wages in the restricted industries. They also found that the 

compensation insurance reduced the employment level by about 11 to 25 percentage 
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points, though coefficients were statistically insignificant. Thurston (1997) studied 

Hawaii’s employer mandates in the Prepaid Health Care Act (PHCA) in 1974, which 

required all employers to provide health insurance to all employees except for part-time 

workers who work less than 20 hours per week. The employer mandate in Hawaii did not 

include size-based exemption rules and penalty options. He found no evidence on 

reduced wages or employment. Instead, he found an increased number of part-time 

workers. Buchmueller, DiNardo, and Valletta (2011) re-examined the Prepaid Health 

Care Act (PHCA) in Hawaii by using a difference-in-differences approach. Their findings 

were very similar to Thurston’s results. They found no significant evidence that the 

employer insurance mandate reduces wages and employment, but it increases part-time 

workers.  

Colla, Dow, and Dube (2017) analyzed San Francisco’s employer mandate in the 

Health Care Security Ordinance (HCSO). As a part of HCSO, San Francisco 

implemented a pay-or-play mandate in which employers with more than 20 employees 

are required to offer insurance or pay into the city’s “Healthy San Francisco” public 

option. Unlike other studies, they examine net employment from the Quarterly Census of 

Employment and Wages (QCEW). They found little evidence that San Francisco’s 

employer mandate reduces wages even in profoundly impacted sectors or change 

employment patterns. Instead, they found that the costs of employer mandate were shifted 

to surcharges in the restaurant sector. 

Kolstad and Kowalski (2016) studied the employer mandate in the Massachusetts 

Health Care and Insurance Reform Law. Employer insurance mandates in Massachusetts 
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require only employers with 11 or more full-time employees to provide health insurance 

or pay for penalties. Using the Survey of Income and Program Participation (SIPP), they 

found that wages reduced as much as the cost of providing employer sponsored 

insurance. The authors suggested that because of significant wage reduction, distortion in 

labor markets were relatively small. However, these results should be carefully 

interpreted. Since the SIPP is the panel data, the estimated effects came from employees 

who are newly covered by employer sponsored insurance after the implementation of the 

employer mandate in Massachusetts. This excludes employees working at firms that paid 

penalties. Employers who bear penalties still have incentives to change employment 

patterns. Using the Current Population Survey (CPS) with longer time series, Dillender et 

al. (2016) found that the Massachusetts employer mandate increased part-time 

employment in low educated or younger employees. This result suggests potential 

distortion in the labor market in Massachusetts. 

One concern in previous studies is that they include large firms in their analysis. 

Small firms face different conditions in providing health insurance to their employees. 

Compared to large businesses, they have higher administrative costs in the insurance 

market (Kapur 2004; Kapur et al. 2008; Li et al. 2013) and benefit less from scale 

economies and risk-pooling (Monheit and Vistnes 1994; Li et al. 2013). As a result, the 

proportion of small businesses that provide health insurance to their employees is much 

smaller than that of middle and large businesses. According to the Medical Expenditure 

Panel Survey (MEPS), only 42.2 percent of private-sector employees were in 
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establishments with less than 50 employees that provide health insurance.13 Besides, low-

income earners are more likely to work at small businesses. Since these low-income 

workers, especially close to minimum wages, cannot fully adjust their wages, small 

businesses are more likely to be influenced by the mandated benefits. When the 

employment effects are estimated based on both large and small firms, the estimated 

effects can be underestimated. To address potential heterogeneity in firm sizes, I focus on 

small businesses in my analysis. 

 

2.3 Massachusetts Health Care Reform Act 

In April 2006, Massachusetts passed the Massachusetts Health Care and 

Insurance Reform Law to achieve universal insurance coverage.  Gruber (2008) describes 

the Massachusetts health care reform as “incremental universalism” in that this reform 

fills the gap in the current health care institution instead of building a new system. The 

Massachusetts health care reform consists of three major parts, often called “Three-

Legged Stool.” The first part is the health insurance market reform. This includes 

merging non-group into the small group insurance market and preventing insurance 

companies from denying coverage (“guaranteed issue” rule) or charging higher premiums 

(“community rating” rule) based on preexisting conditions.  The second part is the 

individual and employer mandates. Individuals are mandated to purchase health 

insurance or pay taxes. Employers above a certain size are also mandated to provide 

                                                 
13 The percentage of establishments that provide health insurance is available at  

http://meps.ahrq.gov/mepsweb/data_stats/summ_tables/insr/state/series_2/2006/tiia2.htm  

http://meps.ahrq.gov/mepsweb/data_stats/summ_tables/insr/state/series_2/2006/tiia2.htm
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health insurance to their full-time employees or pay penalties. The third part is the 

subsidies for insurance premiums. Massachusetts set up “Commonwealth Care” to 

provide subsidized health insurance for those who are lower than 300 percent of the 

poverty line.  

Although the Massachusetts health care reform was enacted in 2006, the employer 

mandate was implemented in October 1st, 2007. The employer mandate requires firms 

with more than 10 full-time equivalent (FTE) employees (35 hours or more per week) to 

provide health insurance or pay 295 dollars per employee a year. In the reform, an 

employee is defined as an individual hired for at least one month during twelve months 

by an employer located in Massachusetts. Temporary employees are considered FTE 

employees if individuals work more than 150 hours for twelve months. The full-time 

employee is an employee who works at least 35 hours per week or is eligible for the 

employer’s full-time health plan benefits.  

The employer mandate includes two main components: (1) annual fair share 

employer contribution, and (2) the free-rider surcharge. First, the fair share employer 

contribution includes both providing insurance and contributing premiums. Employers 

who hire more than 10 employees must provide a “Section 125” account to their 

employees. In this account, employers’ and employees’ contributions to health insurance 

are exempted from tax. Employers with 11 to 25 employees should provide health 

insurance to at least 25 percent of full-time employees, whereas employers with more 

than 25 employees should provide insurance to at least 75 percent of full-time employees. 

When they offer tax-exempt insurance to their employees, employers must contribute at 
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least 33 percent of their employees’ insurance costs. If employers do not satisfy either 

covering the required proportion of their employees with tax exempted health insurance 

or contributing minimum insurance premium, they must pay 295 dollars for each 

employee annually (Gabel et al. 2008).   

Second, employers who have more than 10 employees but do not satisfy fair and 

reasonable contributions are subject to free-rider surcharges. These non-providing 

employers must pay the required proportion of state-funded health care costs used by 

their uninsured employees if an uninsured employee uses four or more state-funded 

health care services within a year or if the number of state-funded health care usages by 

uninsured employees (or their dependents) is more than four times.  

Table 11 provides the proportion of state-funded costs by specific size categories 

including (1) employers with 11 to 25 employees, (2) employers with 26 to 50 

employees, and (3) employers with more than 50 employees. As firm size increases, the 

proportion that employers should pay in free-rider surcharges also increases. The largest 

size group with more than 50 employees bear the burden of 80 to 100 percent of state 

funded health care costs.  

About 12 percent of all Massachusetts employers have more than 10 FTE 

employees (Massachusetts DHCFP 2011). Approximately 4.6 percent of all 

Massachusetts employers did not meet the standard so that they were required to pay the 

fair share contribution in 2010 (Massachusetts DHCFP 2011). That is, nearly 40 percent 

(= 4.6 percent/12 percent) of mandated employers choose to pay “fair share” (295 dollars 

per employee) instead of providing health insurance. Considering that most large 
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employers already offer health insurance, it seems reasonable to assume that mandated 

employers who chose to pay penalties are more likely to be small businesses. 

 

Table 11 Free-Rider Surcharge by Size Categories  

State-Funded 

Costs 

11-25 Emp 26-50 Emp More than 50 

Emp 

$50,000 to $75,000 20% 50% 80% 

$75,001 to 

$150,000 

30% 60% 90% 

Over $150,000 40% 70% 100% 
Source: This table is from Title 956 Code of Massachusetts Regulations (CMR) 9.04 “Determination of 

Surcharge Amount.” URL: https://www.mass.gov/files/documents/2017/09/13/956cmr9.pdf  

 

 

 

2.4 Data 

To study the impact of the Massachusetts employer mandate, I use data from the 

County Business Patterns (CBP) between 2000 and 2013. The CBP data are from the 

Business Register (BR), which is the Census Bureau's source information on all single 

and multi-establishment employer businesses. The CBP contains annual county or state 

level economic data including the number of establishments and employees during the 

week of March 12 as well as first quarter and annual payroll. These economic data are 

further divided by establishment size group and by industry within county and state. The 

size groups include establishments with 1 to 4, 5 to 9, 10 to 19, 20 to 49, 50 to 99, 100 to 

249, 250 to 499, 500 to 999, and more than or equal to 1000 employees.  

https://www.mass.gov/files/documents/2017/09/13/956cmr9.pdf
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The state-level CBP data provide employment level and the number of 

establishments by detailed size group by industry by states across years. Since I exploit 

the Massachusetts employer mandate threshold at 10 employees, the state-level CBP data 

can provide appropriate variation to evaluate the effects. I link the CBP with the Annual 

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

state demographic information such as age, gender, race/ethnicity, foreign born, veteran, 

and education. I also use state GDP per capita and unemployment rate from Bureau of 

Economic Analysis (BEA). 

Most empirical studies in the literature on employer mandates use household 

surveys, except for Colla, Dow, and Dube (2017). Household surveys provide detailed 

demographic information, but the information about employment, industry specification, 

and the size of working place may suffer from recall bias and measurement error. 

Establishment surveys can provide a more accurate measure of employment. In addition, 

although it is possible to get similar information with establishments size group from 

CPS, or Medical Expenditure Panel Survey (MEPS), or Survey of Income and Program 

Participation (SIPP), the size categories in these household surveys are larger than those 

in the CBP. CBP’s size groups allow comparisons across narrower firm size bandwidths 

between 5 to 9 and 10 to 19 for different control groups.  

Previous studies also include large firms in their analysis. Since most large 

businesses already provide health insurance and their insurance options satisfy 

requirements, they are unlikely to be influenced by the requirements. Thus, if large firms 

are included in treatment, the model may underestimate the impact of the employer 
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mandate on smaller firms. Accordingly, I restrict the sample to small businesses with less 

than 100 employees for this analysis.  

Because the Massachusetts health care reform increased demand for health care 

and health related sectors (for example, information industry), it may also increase labor 

demand in these sectors regardless of the employer mandate. Including these industries 

can lead to underestimation of the impact of the employer mandate. Thus, I also restrict 

the sample to only the private sector and industries that are not directly influenced by 

labor demand shock. The industries included in this study are Construction (NAICS code 

23), Manufacturing (NAICS code 31-33), Wholesale Trade (NAICS code 42), Retail 

trade (NAICS code 44-45), and Transportation and Warehousing (NAICS code 48-49). 

The restricted sample explains about 35 percent of total private employment in 

Massachusetts.  

Although Massachusetts enacted the law in April 2006, the actual implementation 

for the employer mandate was completed at the end of 2007. Since CBP data is March 

employment and 2007 is a transition period, the estimates may capture an anticipatory 

effect that employers reduce employees or cut working hours to avoid requirements. I 

therefore exclude the year 2007 from the empirical analysis. I also compare estimates 

with and without 2007 in the robustness checks.  

Massachusetts is the experimental state and remaining states are control states. 

Table 12 provides different sets of control states used in my analysis. The primary control 

group is the Northeast states, which includes Connecticut, Maine, New Hampshire, New 

Jersey, New York, Pennsylvania, Rhode Island, and Vermont. In addition to the primary 
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set, I construct three alternative sets of control states. Other sets of control states are (1) 

the New England states, (2) states with community rating and guaranteed issue, and (3) 

the 48 contiguous states excluding Alaska, District of Colombia, and Hawaii.  

 

Table 12 Set of Control States 

Control States Description 

Northeast States (Primary) 

 

Connecticut, Maine, New Hampshire, New Jersey,  

New York, Pennsylvania, Rhode Island, Vermont 

  

Contiguous States 48 states excluding non-contiguous states such as 

Alaska, District of Colombia, Hawaii 

  

New England States Connecticut, Maine, New Hampshire, Rhode Island, 

Vermont 

  

States with Community 

Rating and Guaranteed Issue 

Maine, New Hampshire, New Jersey, New York, 

Vermont 
 

 

Table 13 provides descriptive statistics for the CBP 2006 and CPS ASEC 2000-

2013, a year before the implementation of employer mandate. The first column provides 

descriptive statistics for Northeast states, which is the main sample of this study. The 

second and third columns show descriptive statistics for Massachusetts (treatment states) 

and other Northeast states excluding Massachusetts (control states). Panel (A) presents 

information from the CBP data. Massachusetts cover about 14 percent of total 

employment and 12 percent of total number of establishments in the private sector in 

Northeast states. The number of employees per establishment and annual payroll per 

employee are slightly higher in Massachusetts compared to other Northeast states. The 
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employment shares of size groups and industries used in this study are similar between 

the treatment and control states.  

 

Table 13 Descriptive Statistics 

 
Northeast 

States 
MA 

Northeast 

States  

without MA 

CBP 2006    

Private Sector    

  Total Private Employment 22,021,617 2,974,079 19,047,538 

  Total Private Establishment 1,446,984 173,879 1,273,105 

  Employment per Establishment 15 17 15 

  Payroll per Employee ($1,000) 411 430 409 

CPS 2000-2014    

Demographics    

  Age less than 30 0.355 0.352 0.355 

  Age 30 to 39 0.124 0.129 0.123 

  Age 40 to 49 0.146 0.149 0.146 

  Age 50 to 59 0.152 0.150 0.152 

  Age 60 or more 0.223 0.220 0.224 

  Female 0.515 0.516 0.515 

  Hispanic 0.088 0.065 0.091 

  Non-Hispanic White 0.773 0.838 0.764 

  Non-Hispanic Black 0.088 0.051 0.093 

  Non-Hispanic Asian 0.038 0.036 0.038 

  Non-Hispanic Other 0.014 0.011 0.014 

  Married 0.423 0.415 0.424 

  Foreign Born 0.149 0.143 0.150 

  Veteran 0.080 0.083 0.079 

  Less than Highschool 0.278 0.260 0.280 

  Highschool 0.274 0.239 0.278 

  Some College  0.195 0.193 0.195 

  University 0.160 0.187 0.156 

  More than University 0.094 0.121 0.090 

Note: Numbers from CPS 2000-2014 are weighted by CPS ASEC weights.  

 

 



74 

 

In Panel (B), descriptive statistics of state demographics are provided from the 

CPS ASEC data. Both Massachusetts and other Northeast states have very similar 

average characteristics in younger, female, married, and foreign born population. 

However, Massachusetts has more Non-Hispanic white and fewer Hispanic and Non-

Hispanic black population. Also, the average education level is higher in Massachusetts. 

Although I justify a common trend assumption in the result section, the differences in 

demographics between treatment and control states may influence my estimates. 

Therefore, I control these characteristics in all my specifications. 

The CBP data have some disadvantages. The size group information is about 

establishments, not firms. Multi-establishment businesses may generate bias in the 

estimation if the size of establishments is smaller than the threshold. Suppose that a chain 

with multiple small establishments (fewer than 10 employees) does not provide health 

insurance. This chain will be included in the control group. If this restaurant reduces 

employment due to the employer mandate, it will reduce employment in the control 

group. Besides, the size category 10-19 includes establishments with exactly 10 

employees. The establishments with precisely 10 employees are included in the treatment 

group instead of the control group in the analysis. These issues imply that the impact of 

the employer mandate may be underestimated.  

Using the Business Dynamics Statistics (BDS), I examine the number of firms 

and establishments by firm size categories in Massachusetts in the year 2006 (Table 14).  
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Table 14 Number of Firms and Establishments in Massachusetts in the Year 2006 

Firm Size N of Firms N of Establishments 

Ratio between  

N of Establishments  

and N of Firms  

1 to 4 65630 65734 1.002 

5 to 9 26307 26657 1.013 

10 to 19 15715 16444 1.046 

20 to 49 10169 11782 1.159 

50 to 99 3447 4949 1.436 

100 to 249 2420 5280 2.182 

250 to 499 1021 3614 3.540 

500+ 2905 23508 8.092 

All 127614 157968 1.238 

Note: The numbers of firms and establishments are from the Business Dynamics Statistics (BDS). The firm 

size categories above 500 employees are aggregated to the category of 500+. The ratio between the number 

of establishments and firms are computed by the author.    

 

 

The ratios below 10 employees are close to 1, which means that the numbers of firms and 

establishments are very close to each other. The ratio for the size 10 to 19 is about 1.05, 

which implies that at best about 5 percent of firms above the threshold may be counted in 

the category below 10 in the establishment data. These results suggest that the 

underestimation bias from multi-establishments may be small. Although these issues 

cannot be addressed with the available data, my estimates can still provide a lower bound. 

 

2.5 Research Design 

The main identification strategy is to exploit the geographic and time variation 

created by the Massachusetts employer mandate as well as additional variation created by 

the size threshold of the employer mandate. By using Massachusetts health care reform, I 
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use two comparisons: (1) between Massachusetts and other control states as well as (2) 

between firms with more than 10 employees and fewer than or equal to 10 employees.  

 

2.5.1 Difference-in-Differences 

To estimate the impact the employer mandate, I first estimate state-by-year 

difference-in-differences models. I set up three different groups: (1) firms with 1 to 9 

employees, (2) firms with 10 to 99 employees, and (3) firms with more than 100 

employees. Although the large employers with more than 100 employees are not the main 

focus of this study, I examine this group as a placebo group to check whether this group 

responds to the employer mandate. For these three groups, I separately estimate:  

 

Equation 8 

𝑌𝑖𝑗𝑘𝑠𝑡 = 𝜇 + 𝛿1(𝑀𝐴𝑠 ∙ 𝑃𝑜𝑠𝑡𝑡) + 𝛿2𝛾𝑗 + 𝛿3𝜓𝑘 + 𝛿4𝜋𝑠 + 𝛿5𝜏𝑡 + 𝑿𝑠𝑡𝜆 + 𝜈𝑖𝑗𝑘𝑠𝑡.           (2.1) 

 

The dependent variable 𝑌𝑖𝑗𝑠𝑡 is the log of net employment or the log number of 

establishments by detailed size category j by two-digit NAICS code industry k by state s 

by year t. 𝑀𝐴𝑠 is a dummy variable for Massachusetts and 𝑃𝑜𝑠𝑡𝑡 is a dummy variable for 

post period. The model state fixed effects (𝜋𝑠), year fixed effects (𝜏𝑡), detailed size fixed 

effects (𝛾𝑖), and industry fixed effects (𝜓𝑗). 𝑿𝑠𝑡 is a set of time varying state-level 

variables such as age, gender, race/ethnicity, foreign born, veteran, education, GDP per 

capita, and unemployment rate. The error term 𝜈𝑖𝑗𝑠𝑡 is assumed uncorrelated with other 

terms. Standard errors are clustered within state-size groups. In some specifications, the 

model also includes the interacted fixed effects between size and time (𝛾𝑗 ∙ 𝜏𝑡), industry 
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and time (𝜓𝑘 ∙ 𝜏𝑡), as well as size and industry (𝛾𝑗 ∙ 𝜓𝑘). For the log number of 

establishments, I also estimate a negative binomial regression model (NB) without log 

transformation to check whether estimates are robust to different functional forms. 

The key variable of interest is the interaction term between Massachusetts and the 

post period (𝑀𝐴𝑠 ∙ 𝑃𝑜𝑠𝑡𝑡). The coefficient 𝛿1 provides the difference-in-difference 

estimate of the impact of the Massachusetts employer mandate. 𝛿1 for the size group 1 to 

9 and 100 or more can be interpreted as the impact of the Massachusetts reform 

excluding the employer mandate. 𝛿1 for the size group 10 to 99 captures the effects of the 

Massachusetts reform with the employer mandate. If the Massachusetts reform excluding 

the employer mandate does not affect net employment or the number of establishments, 

only 𝛿1 for the size group 10 to 99 is expected to be positive. 

The identifying assumption is that employment in Massachusetts would show 

similar trends as compared to other Northeastern states in the post period. Although I 

control time fixed effects, size specific time fixed effects, and industry specific time fixed 

effects, the changes in employment may be driven by large shock such as a recession. 

One way to check this concern is to compare the impact across three size groups that I 

construct. If the large shock severely affected Massachusetts relative to other Northeast 

states, all three groups should show similar employment reduction.  

 

2.5.2 Triple Differences 

To address the possibility of a systematic shock to Massachusetts, I further exploit 

the additional variation created by the size threshold within a triple differences approach. 
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That is, I compare the employment level in the employers with 10 to 99 employees with 

that in employers with 1 to 9 employees in Massachusetts and then measure changes in 

these relative changes, relative to other Northeast states that did not implement employer 

mandates. This is the same as differencing the difference-in-difference estimates between 

employers with 10 to 99 employees and 1 to 9 employees. I estimate the triple differences 

specifications as follows: 

 

Equation 9 

𝑌𝑖𝑗𝑘𝑠𝑡 = 𝛼 + 𝛽1(𝐴𝑏𝑜𝑣𝑒𝑗 ∙ 𝑀𝐴𝑠 ∙ 𝑃𝑜𝑠𝑡𝑡) + 𝛽2𝛾𝑗 + 𝛽3𝜋𝑠 + 𝛽4𝜏𝑡 + 𝛽5(𝛾𝑗 ∙ 𝜋𝑠) 

              + 𝛽6(𝛾𝑗 ∙ 𝜏𝑡) + 𝛽7(𝜋𝑠 ∙ 𝜏𝑡) + 𝑿𝑠𝑡𝜅 + 휀𝑖𝑗𝑘𝑠𝑡,                                                    (2.2) 

 

where 𝐴𝑏𝑜𝑣𝑒𝑗  is a dummy for observations in size groups above the threshold (10 or 

more employees). This model includes size fixed effect 𝛾𝑖, state fixed effect 𝜋𝑠, year 

fixed effect 𝜏𝑡, as well as two-way interactions between size, state, and year fixed effects. 

𝛾𝑖 controls the time-invariant characteristics of detailed size groups, 𝜋𝑠 controls the time-

invariant characteristics of states, 𝜏𝑡 controls the time-series changes in employment, 

(𝛾𝑖 ∙ 𝜋𝑠) controls the time-invariant characteristics of size group in states, (𝛾𝑖 ∙ 𝜏𝑡) 

controls the changes over time in size groups, (𝜋𝑠 ∙ 𝜏𝑡) controls the changes over time for 

states. In addition to the basic specification, I also estimate a more demanding 

specification controlling for the industry fixed effect 𝜓𝑘 and all two-way interactions 

between size and industry (𝛾𝑗 ∙ 𝜓𝑘), industry and state (𝜓𝑘 ∙ 𝜋𝑠), as well as industry and 

time (𝜓𝑘 ∙ 𝜏𝑡). Additional fixed effects control time-invariant characteristics of 
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industries, industry-specific size groups, state-specific industries, and the changes over 

time in industries, respectively. Standard errors are clustered within state size groups.  

The key variable of interest is a triple interaction term between a dummy for size 

groups above the threshold, Massachusetts, and the post period (𝐴𝑏𝑜𝑣𝑒𝑗 ∙ 𝑀𝐴𝑠 ∙ 𝑃𝑜𝑠𝑡𝑡). 

𝛽1 represents all the variation in outcome variables specific to the group above the 

threshold in Massachusetts in years after the implementation of the employer mandate. 

The identifying assumption is that there is no other contemporaneous shock that affects 

the employment level of employers with 10 to 99 employees in the Massachusetts 

relative to that of employers with 1 to 9 employees in the same state in the post period. 

 

2.5.3 Event Study 

The key identifying assumption of the triple differences estimate is that no other 

contemporaneous shock affected employers who are subject to the requirements in 

Massachusetts, except for the employer mandate. Although it is impossible to test this 

assumption, I provide evidence on the plausibility of the assumption with an event study 

in which I estimate equation (9) by interacting the key variable of interest 

(𝐴𝑏𝑜𝑣𝑒𝑗 ∙ 𝑀𝐴𝑠 ∙ 𝑃𝑜𝑠𝑡𝑡) with year dummy variables (𝜏𝑡). The event study model is 

specified as:  

 

Equation 10 

𝑌𝑖𝑗𝑘𝑠𝑡 = 𝜌 + ∑ 𝜃1𝑡(𝐴𝑏𝑜𝑣𝑒𝑗 ∙ 𝑀𝐴𝑠 ∙ 𝜏𝑡)
2013

𝑡=2000
+ 𝜃2𝛾𝑗 + 𝜃3𝜋𝑠 + 𝜃4𝜏𝑡 + 𝜃5(𝛾𝑗 ∙ 𝜋𝑠) 

               +𝜃6(𝛾𝑗 ∙ 𝜏𝑡) + 𝜃7(𝜋𝑠 ∙ 𝜏𝑡) + 𝜃8𝜓𝑘 + 𝜃9(𝛾𝑗 ∙ 𝜓𝑘) + 𝜃10(𝜓𝑘 ∙ 𝜋𝑠) 

             +𝜃11(𝜓𝑘 ∙ 𝜏𝑡) + 𝑿𝑠𝑡𝜂 + 𝜔𝑖𝑗𝑘𝑠𝑡,                                                                        (2.3) 
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In this model, ∑ 𝜃1𝑡
2013
𝑡=2001  capture changes in outcomes in the size group above the 

threshold in Massachusetts for each year relative to year 2000. The pattern of coefficients 

across years shows the estimated trends of outcome variables. The event study 

specification allows to examine whether the changes in employment are persistent across 

post periods (∑ 𝜃1𝑡
2013
𝑡=2008 ).  

 

2.6 The Impact of Employer Insurance Mandates 

This section presents the main results. I begin with the employment effects from 

trend analysis, difference-in-differences, and triple differences. I then examine the effects 

on firm size distribution. I further investigate the impact of employer mandate with 

narrower size bandwidths and study changes in payroll per employee. Finally, I do 

various robustness checks for my estimates.  

 

2.6.1 Impact on Employment 

To check whether the primary comparison states provide a plausible control 

group, I examine the aggregated employment levels. The panel (A) of Figure 5 presents 

the aggregated employment trends in Massachusetts and other Northeast states. The 

sample is restricted to only small business with fewer than 100 employees in restricted 

industries. Because the aggregate employment levels have vast differences, I index them  
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Figure 5 Employment Trend in MA and Other Northeast States 
Note: The figure was calculated based on data from the County Business Pattern dataset. The pre-period is 

2000-2006 and the post-period is 2008-2013. The sample is restricted to small firms with less than 100 

employees in specific industries: Construction (NAICS code 23), Manufacturing (NAICS code 31-33), 

Wholesale Trade (NAICS code 42), Retail trade (NAICS code 44-45), and Transportation and Warehousing 

(NAICS code 48-49). Graph shows the employment index in which the annual employment level was divided 

by the base year employment in 2000. 

 

 

by dividing aggregated employment by the base year employment in 2000. Although 

there was a small fluctuation in 2002, the employment indexes showed very similar 

trends from 2000 to 2006. After 2007, both employment trends showed radical drops. 

These drastic drops were driven by recessions, which began in late 2007. But it should be 

emphasized that the rate of reduction in employment is larger in Massachusetts than other 

Northeast states and that the employment gap increased up to 2010 and stayed in 2013. 

Since it is difficult to decide whether the increased gap is driven by either 

employer mandates or other changes, I further examine the aggregated employment 

levels by using the second comparison between firms above and below the threshold. The 

panel (B) of Figure 5 shows the aggregated employment trends by size groups in 

Massachusetts and other Northeast states. The aggregated employment by firms sized 10 

to 99 employees had very similar patterns as in panel (A). Before 2007, they showed very 
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similar trends. After 2007, the gap between Massachusetts and other Northeast states 

increased and then the gap remained in 2010 and 2013. On the other hand, although the 

employment gap slightly increased, the aggregated employment by the firms sized 1 to 9 

employees showed very similar trends in both Massachusetts and other Northeast states. 

Relative to other groups, the employment trend in firms sized 10 to 99 employees in 

Massachusetts showed a radical decrease from 2007 to 2013. Considering the size 

threshold is the feature of the employer mandate under the Massachusetts health care 

reform, this suggests the pattern may have been driven by the employer mandate. 

Table 15 presents the difference-in-difference estimates. To show how 

coefficients are sensitive to different specifications, I also include estimates from the 

basic difference-in-difference model in column (1), estimates from the model with the 

state, size, industry, and year fixed effects in column (2), and estimates from the model 

with additional size-industry, size-year, and industry-year fixed effects in column (3). In 

the estimates from the basic model, the positive coefficient of MA shows that 

Massachusetts had higher employment levels; on the other hand, the negative coefficient 

of Post shows that employment significantly decreased during the post period. These 

patterns are shown in all three size groups. But the coefficient of the variable of interest is 

different. Only the group with 10 to 99 employees in Panel (B) shows a negative 

coefficient (-0.018), although it is statistically insignificant. With state, industry, size, and 

year fixed effects, the magnitude of the estimated impact for the group with 10 to 99 

employees increases to -0.041 and becomes statistically significant. Controlling 

additional size-industry, size-year, and industry-year fixed effects provide similar 
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estimates. These results suggest that the employer mandate led to about a 4 percent 

decrease in net employment of small businesses above the thresholds in Massachusetts 

relative to other Northeast states.    

 

Table 15 Difference-in-Difference Estimates on Treated Group’s Employment  

  (1) (2) (3) 

 Ln(Emp) Ln(Emp) Ln(Emp) 

(A) Employers with 1 to 9 employees 

MA*Post 0.0497 -0.0036 -0.0076  
(0.0361) (0.0254) (0.0085) 

MA 0.5792* 
  

 
(0.3110) 

  

Post -0.1268*** 
  

 
(0.0289) 

  

(B) Employers with 10 to 99 employees  

MA*Post -0.0189 -0.0410** -0.0412**  
(0.0139) (0.0154) (0.0150) 

MA 0.7291** 
  

 
(0.2718) 

  

Post -0.1113*** 
  

 
(0.0086) 

  

(C) Employers with more than 100 employees 

MA*Post 0.0849 0.0154 -0.0023  
(0.0964) (0.0589) (0.0581) 

MA 0.1126 
  

 
(0.3018) 

  

Post -0.1997*** 
  

 
(0.0657) 

  

State Controls NO YES YES 

Size FE NO YES YES 

State FE NO YES YES 

Year FE NO YES YES 

Industry FE NO YES YES 

Size*Industry FE NO NO YES 

Size*Year FE NO NO YES 

Industry*Year FE NO NO YES 
Note: Clustered standard errors at the state-size level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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As discussed above, such a pattern of employment reduction might be driven by 

recession or other changes in Massachusetts. If recession hit Massachusetts differently or 

the recovery from recession was slow in Massachusetts or other policy changes affect 

Massachusetts’ firms, all three groups in Massachusetts should show similar patterns 

relative to other controlling states. However, the estimates in the Panel (A) and (C) tell a 

different story. Not only the small employers below the threshold but also the large 

employers who are much less likely to be influenced by the employer mandate shows 

statistically insignificant decreases in employment.  

To separate the impact of the Massachusetts employer mandate from other 

changes, I incorporate variation created by the threshold within triple differences 

specifications in Table 16. Panel (A) provides the results of employment. Column (1) 

presents the unadjusted triple differences estimate, which captures the difference of 

baseline estimates between firms with 1 to 9 employees and 10 to 99 employees in 

column (1) of Table 15. The triple differences estimate presents that the employment 

level in the treatment group relative to the controlling group in Massachusetts decreased 

by approximately 6.7 percent relative to other Northeast states in the post periods. 

Column (2) provides triple differences estimates like those in Gruber (1994a). 

Controlling state, size, year fixed effects with interactive fixed effects reduce the 

magnitude of triple differences estimates from -0.069 to -0.063. 
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Table 16 Estimated Effects on Treated Group’s Employment 

 (1) (2) (3) (4) (5) (6) 

 Size 10-99 Size 10-99 Size 10-99 Size 10-19 Size 10-19 Size 10-19 

(A) Employment       

Above*MA*Post -0.0686* -0.0634** -0.0395*** -0.0648 -0.0499* -0.0267*** 

 (0.0381) (0.0249) (0.0134) (0.0382) (0.0258) (0.0072) 

Observations 2,902 2,902 2,902 1,740 1,740 1,740 

State Controls NO YES YES NO YES YES 

Size FE NO YES YES NO YES YES 

State FE NO YES YES NO YES YES 

Year FE NO YES YES NO YES YES 

Size*State FE NO YES YES NO YES YES 

Size*Year FE NO YES YES NO YES YES 

State*Year FE NO YES YES NO YES YES 

Industry FE NO NO YES NO NO YES 

Industry*Size FE NO NO YES NO NO YES 

Industry*State FE NO NO YES NO NO YES 

Industry*Year FE NO NO YES NO NO YES 

Note: The sample is restricted to small firms with less than 100 employees in specific industries: Construction 

(NAICS code 23), Manufacturing (NAICS code 31-33), Wholesale Trade (NAICS code 42), Retail trade 

(NAICS code 44-45), and Transportation and Warehousing (NAICS code 48-49). The baseline specification 

include Above (>10), MA, Post, Above (>10)*Post, MA*Post, and Above (>10)*MA. Clustered standard 

errors at the state-size level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1  

 

 

But these two estimates may capture variations from industry. After controlling 

industry, industry-size, industry-state, and industry-year fixed effects, results in column 

(3) shows a significant reduction of the magnitude of triple differences estimates to -

0.039. The triple differences estimate implies a relative reduction in net employment of 

treatment group (10 to 99) in Massachusetts by about 3.9 percent compared to other 

Northeast states. This estimate is very similar to the baseline difference-in-difference 

estimate for firms with 10 to 99 employees in Table 15, which is about 4.1 percent. In 

column (3) to (6), the treatment group is narrowed down to firms with 10 to 19 
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employees. The pattern of changes in the size of estimates is similar. The unadjusted 

triple differences estimate is -0.065, although it is statistically insignificant. With 

interactive fixed effects, the size of the estimate effect decreases to -0.027. The results 

show that the amount of employment reduction is slightly smaller in firms with 10 to 19 

employees than 10 to 99 employees. 

 To check the key identifying assumption in my triple differences estimates, the 

event study results are provided in Figure 6. This figure shows the annual changes 

(relative to year 2000) in net employment by small businesses with 10 to 99 employees in 

Massachusetts compared to other Northeast states across the years from 2000 to 2013.  

 

 
Figure 6 Estimates of Employment Effects by Year 
Note: Estimates report the coefficients on the interaction terms between an indicator for Massachusetts and 

year dummies. Baseline is the year 2000. The sample is restricted to small firms with less than 100 employees 

in specific industries: Construction (NAICS code 23), Manufacturing (NAICS code 31-33), Wholesale Trade 

(NAICS code 42), Retail trade (NAICS code 44-45), and Transportation and Warehousing (NAICS code 48-

49). Specifications include state variables (age, gender, race/ethnicity, foreign born, veteran, education, GDP 

per capita, and unemployment rate), fixed effects (size, state, industry, and year), and interactive fixed effects 

(size by state, size by year, state by year, industry by size, industry by state, and industry by year). Error bars 

show the 95 percent confidence intervals. 
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Since 2007 was excluded from the analysis due to anticipatory response, the 

coefficient patterns do not include 2007. Although there is a slightly decreasing trend in 

the pre-period, all coefficients are statistically insignificant. When the treatment group is 

narrowed down to firms with 10 to 19 employees, there is no identifiable trends before 

2007 and the employment started to decline in 2008. Based on these results, I conclude 

that there is no significant change before the implementation of the Massachusetts 

employer mandate. In the post periods, all triple differences estimates show a statistically 

significant decrease in employment. The notable finding is that the magnitude of estimate 

in 2008 is smaller than later years. This difference might reflect that the full impact of the 

employer mandate takes time. Even after the recession in 2009, the decrease in 

employment is persistent in 2010 and 2013. This pattern supports that the impact of the 

employer mandates was persistent in the post periods. 

 

2.6.2 Impact on Firm Size Distribution 

To study whether the employer mandate affected firm size distribution in 

Massachusetts, I do a similar exercise to examine the number of establishments within 

different size categories. As before, I first examine the aggregated establishment levels 

between Massachusetts and other Northeast states in the panel (A) of Figure 7. To 

compare trends with the restricted sample, I created the establishment index by dividing 

the number of establishments in each year by that in the base year of 2000. The  
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Figure 7 Establishment Trend in MA and Other Northeast States 
Note: The figure was calculated based on data from the County Business Pattern dataset. The pre-period is 

2000-2006 and the post-period is 2008-2013. The sample is restricted to small firms with less than 100 

employees in specific industries: Construction (NAICS code 23), Manufacturing (NAICS code 31-33), 

Wholesale Trade (NAICS code 42), Retail trade (NAICS code 44-45), and Transportation and Warehousing 

(NAICS code 48-49). Graph shows the establishment index in which the annual number of establishments 

was divided by the number of establishments in the base year (2000).  

 

 

establishment indexes show very similar increasing trends in both Massachusetts and 

other Northeast states from 2000 to 2006. Then, both establishment indexes drop 

dramatically from 2007 to 2013. Again, economic shock might lead to a radical reduction 

in establishment indexes after 2007, but the reduction rate is much faster in 

Massachusetts than other states. This pattern may be explained without the employer 

mandate if a recession hit small business in Massachusetts more than other states. To 

check a possibility of heterogeneous shock, I also examine the patterns of establishment 

indexes by size groups. The panel (B) of Figure 7 shows that the number of 

establishments above (not below) the threshold in Massachusetts more severely decreased 

than other controlling groups. The key pattern is that the gap between employers with 1 

to 9 and 10 to 99 in Massachusetts was very similar to the difference in other Northeast 

states in the pre-time period, and then the gap increased much larger in the post periods. 
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This pattern supports that the differential reduction in the number of establishments was 

driven by employer mandates rather than a recession. 

Table 17 presents the difference-in-difference estimates. Columns (1) to (3) 

provide estimates from the negative binomial (NB) model. The estimates from the 

ordinary least square (OLS) regression model are presented in Column (4), which is 

comparable to Column (3). These results suggest a very similar story to the employment 

results. Relative to other Northeast states, the number of establishments in employers 

below the size threshold in Massachusetts shows a very small and statistically 

insignificant increase in the post periods. On the other hand, the treatment group 

(employers with 10 to 99 employees) in Massachusetts shows a statistically significant 

reduction in the number of establishments by about 3.3 percent. The regression model 

also provides very similar estimates, which is about 4.3 percent of the decline. The Panel 

(C) of Column 3 shows that the NB model estimates a significant reduction in 

employment for large employers with more than 100 employees in Massachusetts relative 

to other Northeast states. But the comparable OLS regression model shows a relatively 

small and statistically insignificant decrease. Since large employers are not the focus of 

this study, it does not influence my estimates. Nevertheless, this suggests that estimates 

can be sensitive to different model specifications. Therefore, I report both NB and OLS 

regression estimates in the following analysis.  
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Table 17 Difference-in-Difference Estimates on Treated Group’s Employment  

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

 Est (NB) Est (NB) Est (NB) Est (OLS) 

(A) Employers with 1 to 9 employees 

MA*Post 0.0225 0.0197 0.0095 -0.0002  
(0.0338) (0.0309) (0.0084) (0.0108) 

MA 0.0113 
  

  
(0.4484) 

  
 

Post -0.0739*** 
  

  
(0.0250) 

  
 

(B) Employers with 10 to 99 employees  

MA*Post -0.0248 -0.0307** -0.0330*** -0.0430***  
(0.0165) (0.0147) (0.0114) (0.0122) 

MA 0.1173 
  

  
(0.3673) 

  
 

Post -0.0946*** 
  

  
(0.0112) 

  
 

(C) Employers with more than 100 employees 

MA*Post 0.0697 -0.0694 -0.0530* -0.0325  
(0.0849) (0.0794) (0.0301) (0.0765) 

MA 0.1096 
  

  
(0.6624) 

  
 

Post -0.3115*** 
  

  
(0.0408) 

  
 

State Controls  NO YES YES YES 

Size FE NO YES YES YES 

State FE NO YES YES YES 

Year FE NO YES YES YES 

Industry FE NO YES YES YES 

Size*Industry FE NO NO YES YES 

Size*Year FE NO NO YES YES 

Industry*Year FE NO NO YES YES 
Note: Clustered standard errors at the state-size level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1 

 

 

Table 18 presents triple differences estimates in both NB and regression models. 

As in the difference-in-difference analysis, only the treatment group shows a statistically 

significant reduction while the control group shows an insignificant increase. Controlling 
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industry fixed effects and interactive fixed effects reduces the magnitude of the triple 

differences estimates in the NB model from -0.064 to -0.039. The results from the OLS  

 

Table 18 Estimated Effects on Treated Group’s Employment 

 (1) (2) (3) (4) (5) (6) 

 Size 10-99 Size 10-99 Size 10-99 Size 10-19 Size 10-19 Size 10-19 

(A) Establishment (NB)      

Above*MA*Post -0.0474 -0.0642*** -0.0389*** -0.0438 -0.0400*** -0.0256*** 

 (0.0370) (0.0154) (0.0101) (0.0369) (0.0093) (0.0081) 

(B) Establishment (OLS)       

Above*MA*Post -0.0801* -0.0644*** -0.0408*** -0.0817* -0.0495** -0.0267*** 

 (0.0426) (0.0198) (0.0120) (0.0423) (0.0217) (0.0089) 

Observations 2,902 2,902 2,902 1,740 1,740 1,740 

State Controls NO YES YES NO YES YES 

Size FE NO YES YES NO YES YES 

State FE NO YES YES NO YES YES 

Year FE NO YES YES NO YES YES 

Size*State FE NO YES YES NO YES YES 

Size*Year FE NO YES YES NO YES YES 

State*Year FE NO YES YES NO YES YES 

Industry FE NO NO YES NO NO YES 

Industry*Size FE NO NO YES NO NO YES 

Industry*State FE NO NO YES NO NO YES 

Industry*Year FE NO NO YES NO NO YES 

Note: The sample is restricted to small firms with less than 100 employees in specific industries: Construction 

(NAICS code 23), Manufacturing (NAICS code 31-33), Wholesale Trade (NAICS code 42), Retail trade 

(NAICS code 44-45), and Transportation and Warehousing (NAICS code 48-49). The baseline specification 

include Above (>10), MA, Post, Above (>10)*Post, MA*Post, and Above (>10)*MA. Clustered standard 

errors at the state-size level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1  

 

 

models also provide similar reduction. In general, both NB and OLS models show very 

similar estimates, which imply that triple differences estimates are not sensitive to 

different model specifications. In column (3), the triple differences estimate with a full 



92 

 

set of fixed effects shows that the number of establishments in the treatment group 

relative to the control group in Massachusetts statically significantly decreases by about 

3.9 percent relative to other Northeast states. These findings suggest that employer 

mandates significantly shifted labor demand downwards. In column (6), when the 

treatment group is narrowed to firms with 10 to 19 employees, the estimate from the 

model with the full set of fixed effects is -0.026, which is about two third of the size of 

the estimate from firms with 10 to 99 employees. 

The pattern of triple differences estimates across years from 2000 to 2013 is 

provided in Figure 8. In the pre-period, the estimates show similarities from 2000 to 2003 

and then from 2004 to 2006. Although it is difficult to conclude that there is no  

 

 
Figure 8 Estimates of Establishment Effects by Year  
Note: Estimates report the coefficients on the interaction terms between an indicator for Massachusetts and 

year dummies. Baseline is the year 2000. The sample is restricted to small firms with less than 100 employees 

in specific industries: Construction (NAICS code 23), Manufacturing (NAICS code 31-33), Wholesale Trade 

(NAICS code 42), Retail trade (NAICS code 44-45), and Transportation and Warehousing (NAICS code 48-

49). Specifications include state variables (age, gender, race/ethnicity, foreign born, veteran, education, GDP 

per capita, and unemployment rate), fixed effects (size, state, industry, and year), and interactive fixed effects 

(size by state, size by year, state by year, industry by size, industry by state, and industry by year). Error bars 

show the 95 percent confidence intervals. 
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downward trend, most estimates are statistically insignificant. Furthermore, estimates 

from firms with 10 to 19 employees in panel (B) do not show any trends before 2007. 

Both figures support that there are no systematic differences in trends between treatment 

and control groups. In the post periods, the triple differences estimates show a persistent 

decrease in the number of establishments. Based on the fact that the estimates are 

persistent in 2010 and 2013, I conclude that the triple differences estimates are driven by 

the employer mandates, not other changes. 

 

2.6.3 Disaggregated Size Group Comparisons 

One concern in my triple differences specification for employment is that firms may 

avoid requirements by reducing their firm sizes below the threshold. If the avoidance 

behavior created bunching and missing mass in the firm size distribution, my triple 

differences estimates could be overestimated. Without further disaggregated size bin 

categories or firm level data, it is challenging to check bunching and missing mass 

because firms avoiding the requirements are very close to the threshold (e.g. 9 

employees). Another concern is firm size heterogeneities. Although I restrict my sample 

to employers with less than 100 employees, the employer mandate may have differential 

effects on businesses in relatively larger size categories (20 to 49 or 50 to 99). 

To address these issues, I estimate the triple differences models with a various 

combination of disaggregated size groups in Table 19. For each treatment group (10 to 

19, 20 to 49, and 50 to 99), I estimate triple differences estimates for the impact of 

employer mandates by using a different control group (1 to 4 and 5 to 9). I find that using 
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different control groups provide similar net employment effects for each treatment group. 

I also find that the estimated effects on the number of establishments from the control 

group 5 to 9 is smaller these from the control group 1 to 4, which is different from the 

case of bunching or missing mass. These results imply that the triple differences 

estimates are not overestimated. They rather suggest that using the narrower bandwidth 

(between 5 to 9 and 10 to 19) provides more conservative estimates in Column (2). The 

results from the narrower bandwidth show that employer mandates decrease the net 

employment in small businesses with 10 to 19 employees by about 2.6 percent and the 

number of establishments in the same size group by about 1.3 percent in Massachusetts 

relative to other Northeast states. 

 

Table 19 Estimated Effects on Treated Group’s Employment 

 (1) (2) (3) (4) (5) (6) 

 

Size 1-4 & 

Size 10-19 

Size 5-9 & 

Size 10-19 

Size 1-4 & 

Size 20-49 

Size 5-9 & 

Size 20-49 

Size 1-4 & 

Size 50-99 

Size 5-9 & 

Size 50-99 

(A) Establishment (NB)      

Above*MA*Post -0.0257*** -0.0257*** -0.0218** -0.0215** -0.0698*** -0.0715*** 

 (0.0085) (0.0058) (0.0089) (0.0088) (0.0119) (0.0103) 

(B) Establishment (OLS)       

Above*MA*Post -0.0332*** -0.0129*** -0.0432*** -0.0261*** -0.0692*** -0.0546*** 

 (0.0082) (0.0035) (0.0080) (0.0056) (0.0117) (0.0068) 

Observations 1,169 1,155 1,170 1,156 1,162 1,148 

Note: The sample is restricted to small firms with less than 100 employees in specific industries: Construction 

(NAICS code 23), Manufacturing (NAICS code 31-33), Wholesale Trade (NAICS code 42), Retail trade 

(NAICS code 44-45), and Transportation and Warehousing (NAICS code 48-49). Specifications include state 

variables (age, gender, race/ethnicity, foreign born, veteran, education, GDP per capita, and unemployment 

rate), fixed effects (size, state, industry, and year), and interactive fixed effects (size by state, size by year, 

state by year, industry by size, industry by state, and industry by year). Clustered standard errors at the state-

size level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1  
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Another notable finding is that employers with 50 to 99 employees show a more 

substantial reduction in both the number of employees and establishments. These larger 

estimates may capture higher penalties in free-rider surcharge for an employer with more 

than 50 employees. But if this reflects unobserved time varying characteristics of the 

relatively larger businesses, including this group may lead to overestimating the impact 

of employer mandates.  

 

2.6.4 Adjustment in Payroll per Worker 

The theory of mandated benefits predicts that if employees value benefits they 

received, they are more likely to participate in the labor market by accepting lower 

wages. If wages are fully adjusted to the amount of benefits, the mandated benefits will 

not reduce employment. At the same time, employers may adjust average working hours 

to reduce the costs from the employer mandate. Employers may replace full-time 

employees to part-time employees to reduce penalty per worker, which will lead to an 

increase in the average working hours. On the other hand, employers may increase 

working hours for their employees instead of hiring new employees because both 

providing health insurance or paying penalties are lumpsum costs. 

I estimate the triple differences specifications for the payroll per worker in Table 

20. The results indicate that the Massachusetts employer mandate increased the payroll 

per worker by 3.9 percent. When the treatment group is limited to those with 10 to 19 

employees, the estimates decrease to 2.6 percent. Since the payroll per worker captures 

both average wages and average working hours, it should be interpreted with 
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Table 20 Estimated Effects on Treated Group’s Payroll 

 (1) (2) (3) (4) (5) (6) 

 Size 10-99 Size 10-99 Size 10-99 Size 10-19 Size 10-19 Size 10-19 

(A) Payroll per Employee      

Above*MA*Post 0.0336 0.0389** 0.0390*** 0.0192 0.0242*** 0.0260*** 

 (0.0272) (0.0148) (0.0136) (0.0260) (0.0075) (0.0070) 

Observations 2,902 2,902 2,902 1,740 1,740 1,740 

State Controls NO YES YES NO YES YES 

Size FE NO YES YES NO YES YES 

State FE NO YES YES NO YES YES 

Year FE NO YES YES NO YES YES 

Size*State FE NO YES YES NO YES YES 

Size*Year FE NO YES YES NO YES YES 

State*Year FE NO YES YES NO YES YES 

Industry FE NO NO YES NO NO YES 

Industry*Size FE NO NO YES NO NO YES 

Industry*State FE NO NO YES NO NO YES 

Industry*Year FE NO NO YES NO NO YES 

Note: The sample is restricted to small firms with less than 100 employees in specific industries: Construction 

(NAICS code 23), Manufacturing (NAICS code 31-33), Wholesale Trade (NAICS code 42), Retail trade 

(NAICS code 44-45), and Transportation and Warehousing (NAICS code 48-49). The baseline specification 

include Above (>10), MA, Post, Above (>10)*Post, MA*Post, and Above (>10)*MA. Clustered standard 

errors at the state-size level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1  

 

 

other findings. In the previous results on net employment, my estimates suggest that the 

amount of wage adjustment may be smaller than the full cost of providing health 

insurance. The increase in the payroll per worker also provides little evidence of wage 

reduction. Rather these results suggest that firms may increase working hours to reduce 

marginal costs from working hours when they are faced with increase in lump sum costs 

per employee. 
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2.7 Robustness Checks 

To check robustness of my estimates, I conduct a placebo test and several 

robustness checks of the main results with different samples.   

Appendix D Figure 13 provides the results from the placebo test. I estimate the 

most demanding triple differences specification by replacing treatment status within the 

Northeast states. The estimated coefficients are ordered based on the magnitude and 

reported as bars with 95 percent confidence intervals. The results indicate that the 

estimated effects on net employment and the number of establishments are the most 

negative when Massachusetts is specified as the treatment state. Estimates using other 

states as treatment groups are statistically insignificant, except for New York. These 

results suggest that my estimates capture the impact of employer mandate rather than 

other changes.  

The higher magnitude of estimates in employers with 50 to 99 employees in the 

previous section also raise some concerns that the baseline triple differences estimates 

may be driven by this size group. Moreover, a severe recession in 2009 may drive the 

triple estimates. The impact of employer mandate may be driven by a certain industry 

such as Construction. To check whether the baseline estimates are sensitive to such 

issues, I estimate the triple differences models by further restricting samples. Appendix D 

Table 39 reports these results. Column (1) shows the triple estimates excluding 

employers with 50 to 99 employees. Column (2) provides the estimates excluding 

Construction industry. Column (3) presents the estimates excluding the years from 2009 
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to 2013. Although the magnitude of estimates slightly decreases, baseline estimates are 

robust to these further restrictions.  

I also check the robustness of baseline estimates by using different sets of control 

states as well as including other private industries in Appendix D Table 40. In the 

restricted industries, comparisons between Massachusetts and New England states show a 

little larger magnitude of estimates in both employment and the number of 

establishments, compared to the baseline estimates. On the other hand, comparisons 

between Massachusetts and all 48 contiguous states show the smaller magnitude of 

estimates. Including other private states also provide a slightly smaller size of estimates 

compared to the baseline estimates. These results indicate that the baseline triple 

differences estimates are robust to different comparisons. 

 

2.8 Conclusion 

This paper used the natural experimental setting created by the Massachusetts 

Health Care and Insurance Reform of Law 2006 to empirically analyze the impact of 

employer insurance mandates. I find a negative impact of the employer mandate on 

employment in small businesses above the size threshold. The baseline estimates suggest 

about 3.9 percent of a persistent decrease in employment in small businesses, relative to 

comparison groups. The estimates with narrower bandwidth suggest that employment in 

small businesses decreased by about 2.8 percent.  

It should be noted that the penalty for small businesses deciding not to provide 

health insurance is not that large in the case of Massachusetts. The “fair share” 
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contribution is $295 per employee per year. A small firm with 20 employees could pay 

about $6,000 per year to avoid bearing a much higher insurance premium. Such a low 

cost could be much more readily offset with adjustments to employees’ wages or working 

hours than the substantial insurance cost. In this case, the firm may bear no cost, and 

employment may be unaffected. This possibility is consistent with previous research on 

mandated benefits that found no significant impact on employment when wages were 

adjusted for (Gruber 1994b).  

Despite this possibility, I find the negative impact of the employer mandate on net 

employment. One potential explanation is that wages or working hours may not adjust 

(Baicker and Chandra 2006; Yelowitz 2006). If firms decide to pay the penalty instead of 

providing insurance, there is no incentive for workers to adjust their wages because they 

do not get any benefits. Minimum wages are more common in small businesses, which 

are binding for many of the treated firms. My findings from the payroll per worker 

provide supportive evidence of little or no wage adjustment. Rather, my results suggest 

that firms may increase working hours for their employees to reduce marginal labor costs.  

I also find that the reduction in net employment in small business is explained by 

the decreased number of employers above the threshold in Massachusetts. My findings 

are consistent with previous studies on size-based regulation (Garicano, LeLarge, and 

Reenen 2013; Gourio and Roys 2014; Kapur et al. 2012). If employers achieve the size 

threshold, they need to pay lump sum costs since they need to provide health insurance or 

pay for penalties for all employees. They also need to bear observed and unobserved 

administrative costs to deal with a new reporting process. At the same time, employers 
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face considerable uncertainty because if employees or employees’ dependent use state-

funded health care systems, they need to pay for the proportion of costs as the free-rider 

surcharge.  

My study has some limitations mainly from aggregate level data. The County 

Business Patterns data are based on establishments, not firms. Besides, it does not 

provide information on working hours, which make it impossible to compute the number 

of full-time equivalent employees.  Although I could use disaggregated size categories 

compared to other studies, the size category may be too large to examine bunching or 

missing mass. Future studies using micro firm-level data could fruitfully address such 

issues.  
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CHAPTER 3. WHO PAYS THE HEALTHCARE COSTS OF CHRONIC 

DISEASES? (WITH CHANUP JEUNG) 

3.1 Introduction 

Do workers pay the health care costs associated with their medical conditions in 

the form of lower wages when they receive employer sponsored insurance benefits? 

Before the Affordable Care Act of 2010, individuals with pre-existing medical conditions 

were often denied coverage in the non-group health insurance market because of adverse 

selection. Even if individuals could purchase non-group health insurance, their premiums 

may significantly increase if they are unhealthy. Compared to individuals in excellent 

health, individuals with modest health problems paid about 15% higher premiums and 

those with significant health problems pay about 43% higher premiums (Hadley and 

Reschovsky 2003).  

In the employer sponsored group insurance market, the nondiscrimination 

provision of the Health Insurance Portability and Accountability Act (HIPAA) prohibits 

premiums from varying for “similarly situated” employees in an employer group based 

on health-related factors (General Accounting Office 2003). Keenan et al. (2001) found 

supporting evidence that employer sponsored insurance premiums rarely reflect the 

expected costs of enrollees based on individual-level diagnoses. Their findings suggest 

that holding human capital constant, firms face higher labor costs for workers with 

medical conditions. In a competitive market, if the expected medical costs associated 
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with existing medical conditions are not offset, firms that hire unhealthy workers will be 

less competitive than those that selectively hire healthy workers.  

Despite the importance of this topic, variation in health care costs based on 

workers’ health conditions is relatively understudied. The theory of compensating wage 

differentials predicts that workers receive fringe benefits if their wage reduction is equal 

to or greater than employers’ costs of providing such benefits (Rosen 1986). The theory 

predicts that workers covered by employer sponsored insurance bear their health care 

costs in the form of lower wages (Morrisey 2001; Pauly 1999). However, it is difficult to 

observe whether firms make worker-specific wage adjustments (Gruber 2000). Two 

recent empirical studies found evidence that workers’ wages are adjusted to the costs of 

employer sponsored insurance based on worker-specific risk factors. Bhattacharya and 

Bundorf (2009) found that workers with obesity bear the incremental health care costs 

associated with their condition by accepting lower wages. Following the Bhattacharya 

and Bundorf approach, Cowan and Schwab (2011) also found that smokers covered by 

employer sponsored insurance receive lower wages relative to nonsmokers.  

Our study extends this direction of inquiry to examine whether workers covered 

by employer sponsored insurance bear the burden of greater healthcare costs associated 

with chronic diseases in the form of lower wages.14 We study detailed worker histories of 

doctor-diagnosed chronic health conditions including high blood pressure, diabetes, 

cancer, lung disease, heart problem, stroke, and arthritis. Following Bhattacharya and 

Bundorf (2009) and Cowan and Schwab (2011), our identification strategy is to compare 

                                                 
14 In this study, we use chronic disease and chronic condition interchangeably.   
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workers with and without any chronic disease across the coverage status of employer 

sponsored insurance within a difference-in-differences approach. The hypothesis is that 

among workers covered by employer sponsored insurance, workers with chronic 

conditions will receive lower wages than similarly insured healthy workers, whereas 

uninsured workers will not show such wage differentials based on chronic health 

conditions. Also, if wages can be fully adjusted to the entire cost of providing employer 

sponsored insurance as the theory predicts, then wages can be adjusted to a specific 

chronic condition, not just to the indicator of any chronic condition.   

We find that when workers are covered by employer sponsored insurance, 

workers with any chronic disease earn lower wages than those without chronic disease. 

Our estimates of hourly wage reduction for having any chronic condition is about $1.55, 

which is about $3,100 per year for a full-time worker with 2,000 hours worked (40 hours 

* 50 weeks). In the analysis of each specific chronic condition, we find some evidence 

that wages are reduced for having each condition. Notably, the amount of wage reduction 

for lung disease and stroke is significant and more substantial than other conditions. 

These results suggest that wages may not be fully adjusted to some chronic conditions. 

Finally, we find evidence that workers with chronic conditions are more likely to use 

related healthcare services when they are covered by employer sponsored insurance, 

which supports the adjustment of wages to expected medical costs.  

To the best of our knowledge, our paper is the first study to use a worker’s history 

of doctor-diagnosed chronic health conditions in the literature of wage adjustment based 

on risk factors. Previous empirical studies examine the incidence of risk factors (e.g. 
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obesity and smoking). Although both obesity (Bhattacharya and Bundorf 2009) and 

smoking (Cowan and Schwab 2011) are commonly used indicators for individual health 

risks to calculate the premium of health insurance, it is difficult to see how firms and 

workers adjust wages based on workers’ health behavior. A worker’s history of doctor-

diagnosed chronic diseases provides more direct measures of the expected medical 

expenditures associated with medical conditions in the calculation of insurance 

premiums. The most distinctive feature of chronic diseases is that once chronic 

conditions develop beyond certain symptomatic thresholds, they are permanent, 

nonreversible features of the rest of life (Verbrugge and Patrick 1995). Not only chronic 

disease is rarely cured, but also those with chronic disease should continuously take 

expensive medical treatments (e.g. hypertension or diabetes drugs) in order to control 

chronic conditions for the rest of their lives. Compared to risk factors, chronic conditions 

allow us to examine how wages can be adjusted to specific medical conditions.  

Our paper also contributes to the broader literature of the relationship between 

employer sponsored insurance and wages. In the current literature, the empirical evidence 

on the association between employer sponsored insurance and wages has produced 

inconsistent findings (Currie and Madrian 1999). Many studies did not find evidence of 

wage offsets (Buchmueller, DiNardo, and Valletta 2011; Colla, Dow, and Dube 2011; 

Cseh 2008; Lahey 2012; Levy and Feldman 2001; Simon 2001), and some studies even 

found positive association between employer sponsored insurance and wages (Leibowitz 

1983; Monheit and Vistnes 1999). Other studies found some evidence that workers bear 

the costs of employer sponsored insurance in the form of lower wages (Baicker and 
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Chandra 2006; Eberts and Stone 1985; Gruber 1994; Kearney 2003; Kolstad and 

Kowalski 2016; Miller 2004; Olson 2002). Our findings on wage offsets provide new 

evidence that wages are reduced for workers covered by employer sponsored insurance 

because they bear the expected cost of their medical conditions.  

  

3.2 Empirical Framework 

The conceptual framework used in our empirical specifications is based on the 

models presented by Bhattachaya and Bundorf (2009). We consider two different types 

of wage adjustments: (1) worker-specific wage adjustment based on the expected health 

care cost of each worker and (2) wage adjustment based on the average of workers’ 

expected health care costs in the same workplace (risk pooling).  

First, we consider the case that firms can make a worker-specific adjustment 

based on individual risk factors. We assume a competitive labor market in which the 

wage of a worker is equal to marginal revenue product without employer sponsored 

insurance. In this market, firms provide employer sponsored insurance to their workers if 

the individual wages are reduced adjusted for the cost of providing health insurance to 

individual workers (𝑝𝑖). We also assume that the premium reflects individual experiences 

(e.g. experience rating). This implies that the worker-specific cost of employer sponsored 

insurance (𝑝𝑖) is equal to the expected health care cost for each worker (𝐸[𝑚𝑖]) based on 

individual risk factors. In this case, the equilibrium wage for a worker covered by 

employer sponsored insurance is  
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Equation 11  

𝑤𝑖 = 𝑀𝑅𝑃𝑖 − 𝑝𝑖 = 𝑀𝑅𝑃𝑖 − 𝐸[𝑚𝑖].                                                                               (3.1) 

 

In this model, a worker bears the entire cost of employer sponsored insurance in the form 

of lower wages. In addition, the amount of wage adjustment depends on individual risk 

factors that change the expected health care costs.  

Second, we consider the case that firms pool risk among workers instead of 

making individual-specific wage adjustments. Since workers are pooled, the cost of 

providing employer sponsored insurance to worker i in firm j is the average expected 

health care cost of all workers (n) at the same firm (𝑝�̅� =
1

𝑛
∑ 𝐸[𝑚𝑖𝑗]𝑛

𝑖=1 ). In this case, the 

equilibrium wage is 

 

Equation 12  

𝑤𝑖𝑗 = 𝑀𝑅𝑃𝑖𝑗 −
1

𝑛
∑ 𝐸[𝑚𝑖𝑗]𝑛

𝑖=1 = 𝑀𝑅𝑃𝑖𝑗 − 𝑝�̅�.                                                              (3.2) 

 

The costs of providing health insurance can significantly change across firms 

because of administrative costs and the size of the risk pool. Because of economies of 

scale, large firms can dramatically reduce the fixed administrative costs of providing 

insurance. In addition, since large firms have a large number of employees who purchase 

employer sponsored coverage to spread risk, they can potentially reduce the adverse 

selection problems. On the other than, small firms not only have higher fixed 

administrative costs but also bear the risk that unexpected health care costs from a few 

unobserved very ill workers may not be covered by premiums of a small number of 
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healthy workers. This implies that wage offsets for workers covered by employer 

sponsored insurance are lower in larger firms than those in smaller firms.      

In order to examine wage offsets, we use a difference-in-differences approach. 

Our main identification strategy is to compare the wage gap between workers with and 

without chronic disease across their employer sponsored insurance status. For the risk 

factors, we use the history of doctor-diagnosed medical conditions including high blood 

pressure, diabetes, cancer, lung disease, heart problem, stroke, or arthritis. Our empirical 

specification is 

 

Equation 13  

𝑤𝑖𝑡 = 𝛼 + 𝛽1𝐸𝑆𝐼𝑖𝑡 + 𝛽2𝐶𝑖𝑡 + 𝛽3𝐸𝑆𝐼𝑖𝑡 ∙ 𝐶𝑖𝑡 + 𝑋𝑖𝑡𝛾 + 𝜏𝑡 + 휀𝑖𝑡.                 (3.3) 

 

𝐸𝑆𝐼𝑖𝑡 represents the status of having own employer sponsored insurance for a worker 𝑖 in 

time t. 𝐶𝑖𝑡 indicates whether a worker has at least one chronic condition. 𝑋𝑖𝑡 indicates a 

set of controls that can influence wages or expected medical costs or both. The control 

variables include age, gender, race, marital status, education, part time/full time, size of 

the firm, coverage by another insurance, and industry dummies. The model includes 

wave fixed effects (𝜏𝑡). 휀𝑖 is the error term. The coefficient of the interaction term (𝛽3) 

captures the difference-in-difference estimate of wage offset due to the expected medical 

costs of the chronic condition.  

The key identifying assumption is that the effect of chronic conditions on 

productivity is the same for workers with employer sponsored insurance as it is for those 

without employer sponsored insurance. The only difference is that workers covered by 
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employer sponsored insurance bear the expected health care costs of their chronic 

conditions in the form of lower wages. We compare workers’ characteristics across 

chronic conditions and status of employer sponsored insurance.  

As the expected medical costs increase with the number of chronic conditions, we 

expect that the wage offset should also increase with the number of chronic conditions. It 

is also possible that since multiple chronic conditions can increase health risk more than 

the sum of the risk from each chronic condition, which implies that multiple chronic 

conditions may increase the expected costs nonlinearly. In this case, it is possible that the 

difference-in-difference estimate in equation (13) is driven by multiple chronic conditions 

but not by a single chronic condition. To check this possibility, we estimate an additional 

specification that includes separate dummies for a single chronic condition (𝑆𝐶𝑖𝑡) and 

multiple chronic conditions (𝑀𝐶𝑖𝑡) with separate interaction terms. The alternative 

empirical specification is  

 

Equation 14  

𝑤𝑖𝑡 = 𝜇 + 𝛿1𝐸𝑆𝐼𝑖𝑡 + 𝛿2𝑆𝐶𝑖𝑡 + 𝛿3𝑀𝐶𝑖𝑡 + 𝛿4𝐸𝑆𝐼𝑖𝑡 ∙ 𝑆𝐶𝑖𝑡 + 𝛿5𝐸𝑆𝐼𝑖𝑡 ∙ 𝑀𝐶𝑖𝑡 + 𝑋𝑖𝑡𝜌 + 𝜂𝑖𝑡. 

                                                                                                                                        (3.4) 

 

𝑆𝐶𝑖𝑡 indicates whether a worker has a single chronic condition. 𝑀𝐶𝑖𝑡 indicates whether a 

worker has two or more chronic conditions. 𝑋𝑖𝑡 includes the same set of controls in 

equation (13). 𝜂𝑖 is the error term. The coefficients of interaction terms (𝛿4 and 𝛿5) 

capture the difference-in-difference estimate of wage offsets for a single chronic 

condition and multiple chronic conditions respectively. For robustness, we estimate a 

similar model with the number of chronic conditions.  



109 

 

We also examine the differential amount of wage offsets for specific chronic 

conditions including high blood pressure, diabetes, cancer, lung disease, heart problem, 

stroke, and arthritis. We estimate the same difference-in-difference model in equation 

(13) in which each chronic condition interacts with the difference-in-differences 

estimator. If multiple chronic conditions are associated with certain types of conditions, 

our estimates for some specific types of chronic conditions may reflect complication from 

multiple conditions. Therefore, we additionally control the number of chronic conditions. 

As a robustness check, we do the same analysis based on a restricted sample with only 

one chronic condition. 

As an alternative specification, our difference-in-differences models in equation 

(13) and (14) are estimated with individual fixed effects, which utilizes only the variation 

of employer sponsored insurance and chronic conditions within the same individuals. The 

advantage of using the fixed effects model is that we can control time-invariant 

unobserved individual heterogeneity. Especially if the productivity is time-invariant 

within short time periods, the fixed effects models may justify our assumption of holding 

productivity gap constant. But at the same time because the fixed effects models use 

within variation at the same individuals, the small frequency of switching status may 

reduce statistical power.15  

There are two potential sources of biases in our estimates: (1) selection bias and 

(2) omitted variable bias. First, firms that provide employer sponsored insurance are more 

                                                 
15 Fixed effects were used in both previous studies. Although Cowan and Schwab (2011) found the evidence 

of wage adjustment for smoking in the fixed effects models, Bhattacharya and Bundorf (2009) did not find 

evidence for wage offsets for obesity in their fixed effects models. 
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like to pay higher wages than firms that do not provide insurance (Cutler and Madrian 

1998). Workers with higher demand for health insurance are more likely self-select into 

firms providing insurance coverage. This raises concerns about selection bias in our 

estimates of wage adjustment. To provide evidence on the selection bias, we examine 

whether chronic conditions are associated with employer sponsored insurance using a 

logistic regression model.  

Second, we do not observe productivity, but workers covered by employer 

sponsored insurance may have different unobserved productivity. As mentioned above, 

the key assumption for our identification strategy is that the productivity gap is the same 

regardless of the coverage status of employer sponsored insurance. Although our 

individual fixed effects models control time-invariant unobserved productivity, there may 

still be remaining time-varying unobserved productivity. If employer sponsored insurance 

increases the marginal productivity of workers without chronic conditions more than 

those with chronic conditions, then the wage gap will increase, which leads to an 

overestimation bias. On the other hand, if employer sponsored insurance increases the 

productivity of workers with chronic conditions more, the wage gap will decline, and our 

specification underestimates the wage offsets. Since we do not observe the actual 

productivity of workers, we cannot directly check or control this bias. Instead, we 

estimate the same difference-in-differences specification for hours worked and weeks 

worked, with an assumption that labor supply reflects changes in the marginal 

productivity of workers. If chronic conditions negative affect productivity of workers and 
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reduce hourly wages, workers may increase working hours to keep the constant level of 

consumption.   

In order to examine the risk pool in equation (12), we estimate separate 

difference-in-difference models for small and large firm samples. Then, we test whether 

the estimates for the wage offsets are different between small and large firms. Equation 

(12) suggests that as the number of workers in the risk pool of the same firm increases, 

the average of the expected health care costs decreases because the marginal costs of 

having one additional worker are going to be smaller. This implies that if firms pool risk, 

the wage offset in large firms will be smaller than in small firms. On the other hand, if 

firms can make worker-specific wage adjustment, the wage offsets will be the same 

regardless of the firm size.  

In addition to the analysis of wage adjustment, we also examine the mechanism of 

wage adjustment. Previous studies suggested that the expected medical cost of obesity or 

smoking is attributed to the extent of wage reduction for obese workers (Bhattacharya 

and Bundorf 2009) or smokers (Cowan and Schwab 2011). Instead of using expected 

medical costs, we directly examine individual worker’s healthcare usage. We estimate the 

difference-in-difference model as in equation (13) with different types of healthcare 

usage including doctor visits, prescription drug, hospital inpatient, as well as the length of 

stays. 
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3.3 Data 

For the empirical analysis, we use the Health and Retirement Study (HRS), a 

biennial longitudinal survey conducted by the Institute for Social Research at the 

University of Michigan. We use the RAND version of the HRS data file, a cleaned 

dataset containing processed variables derived from the raw survey. The HRS data 

include multiple cohorts to track the U.S. population over age 50. In the analysis, we 

restrict our sample to the original HRS cohorts who are born between 1931 and 1941 as 

well as their spouses. Chronic diseases usually develop in the middle ages (e.g. 40) or 

after long exposure to an unhealthy lifestyle (Russell 2009). Investigating an older 

population in the HRS data is thus particularly relevant to study the association between 

chronic conditions and wages.   

We restrict analysis to the years 1994 to 2002 (wave2 – wave6). We exclude 

wave 1 because the health insurance questions are not asked of an individual respondent 

in a household. We exclude subsequent waves after wave 6 because a substantial 

proportion of survey respondents becomes Medicare eligible age (age 65 and over). In the 

restricted sample, we further exclude 11,033 individuals older than 64 because of the 

same reason for Medicare eligibility. In order to focus on the working population, we 

further restrict the sample to full time or part-time workers, which excludes 9,809 

observations. Since our analysis focuses on workers in the private sector, we also drop 

self-employed persons (3,028 observations) and individuals in the agricultural industry 

(234 observations). We also exclude those who have doctor-diagnosed psychiatric 

problems (823 observations), because employer sponsored insurance often did not cover 
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Psychological health problems in the sample periods. These restrictions leave 13,348 

observations in the sample. We exclude 1,104 observations with missing data for hourly 

wage variable, which is the key dependent variable in our study. After these restrictions, 

the final sample includes 12,199 person-year observations.  

Descriptive statistics for the main sample are presented in Table 21. We divide 

our sample into workers with employer sponsored insurance (ESI) and those without 

employer sponsored insurance non-beneficiary group (No ESI) in order to examine 

whether these groups have significantly different characteristics from each other. Since 

more productive firms tend to have both higher wages and coverage rate of employer 

sponsored insurance, some demographic and human capital variables are different 

between those with and without employer sponsored insurance. For example, workers 

with employer sponsored insurance earn $17.6 per hour, which is about $5 higher than 

the average hourly wages of workers without employer sponsored insurance. But since 

we use the wage difference across chronic conditions, this wage gap between workers 

with and without employer sponsored insurance does not make problems in our analysis. 

It is also important to note that although some variables provide differences, the 

proportion of chronic conditions is quite similar between workers with and without 

employer sponsored insurance.  

Nevertheless, in order to control potential bias from different characteristics, we 

control for the demographic and human capital variables in our empirical analysis. These  
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Table 21 Descriptive Statistics 

  All No ESI ESI 
No 

Conditions 
Conditions 

Age 56.83 56.08 57.13 55.71 57.54 

Female 0.58 0.75 0.51 0.59 0.57 

White 0.82 0.81 0.82 0.83 0.81 

Black 0.10 0.10 0.10 0.08 0.12 

Hispanic 0.06 0.07 0.05 0.06 0.05 

Other 0.03 0.03 0.03 0.04 0.03 

Married 0.75 0.81 0.73 0.76 0.75 

N of Child 3.23 3.39 3.16 3.10 3.30 

Less than High School 0.16 0.21 0.14 0.14 0.17 

High School 0.41 0.41 0.4 0.39 0.42 

Some College 0.22 0.22 0.22 0.21 0.22 

University 0.22 0.16 0.24 0.26 0.19 

Hourly Wages 15.87 11.6 17.55 16.36 15.57 

Full Time  0.86 0.67 0.93 0.86 0.86 

Large Firm (>50 Emp) 0.47 0.31 0.53 0.48 0.46 

Tenure 13.53 8.9 15.32 12.79 13.99 

ESI 0.72 0.00 1.00 0.70 0.73 

ESI by Spouse 0.20 0.58 0.05 0.22 0.19 

Medicare 0.00 0.01 0.00 0.00 0.01 

Medicaid 0.00 0.01 0.00 0.00 0.00 

Other Private Insurance 0.08 0.17 0.04 0.08 0.08 

Any Chronic Condition 0.62 0.58 0.63 0.00 1.00 

Single Condition 0.36 0.36 0.37 0.00 0.59 

Multiple Condition 0.25 0.23 0.26 0.00 0.41 

Number of Conditions 0.95 0.89 0.98 0.00 1.55 

High Blood Pressure 0.33 0.3 0.34 0.00 0.53 

Diabetes  0.08 0.07 0.08 0.00 0.13 

Cancer 0.05 0.06 0.05 0.00 0.09 

Lung Disease 0.03 0.03 0.04 0.00 0.05 

Heart Problem 0.09 0.07 0.09 0.00 0.14 

Stroke 0.01 0.01 0.01 0.00 0.02 

Arthritis 0.36 0.35 0.36 0.00 0.58 

Out of Pocket Payments 1455.67 1550.75 1418.5 1014.03 1732.31 

N of Hospital Visits 0.18 0.15 0.19 0.1 0.23 

N of Hospital Nights 0.66 0.59 0.69 0.32 0.87 

N of Doctor Visits 5.99 5.41 6.21 3.82 7.35 

Drugs (RX) 0.59 0.55 0.60 0.35 0.74 

Outpatient Surgery 0.16 0.13 0.17 0.14 0.18 

Specific Facility 0.03 0.02 0.04 0.02 0.04 

Observations 12199 3509 8690 4639 7560 
Note: Estimates are weighted according to HRS sample weights. 
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variables include age, race (white, black, Hispanic, and other), marital status (single or 

married), level of education (Less than High School, High School, Some College, and 

University degree), employment type (Full-time or Part-time), firm size (indicator 

variable if employs more than 50 workers), number of children, job tenure (in years), and 

additional health insurance availability (Medicare, Medicaid, and other private 

insurance). 

We also divide our sample into workers with any chronic conditions (Conditions) 

and those without any chronic conditions (No Conditions). The HRS includes several 

variables indicate doctor diagnosed particular health problems. Excluding psychiatric 

problem, there are seven doctor-diagnosed medical conditions in the dataset: high blood 

pressure, diabetes, cancer, lung disease, heart disease, stroke, and arthritis. We build an 

indicator of Condition for individuals having at least one health problem. It should be 

highlighted that the characteristics of workers with chronic conditions are in general very 

similar to those without any chronic conditions. Notably, the average hourly wages in 

workers with chronic conditions (15.36-15.71) are very close to wages in workers 

without conditions (16.36), which suggest that there is no considerable difference in the 

productivities between these workers on average.  

Finally, we examine health care utilization and medical expenditures of workers 

by a group. Although workers with employer sponsored insurance consume health 

services and drugs slightly more than those without employer sponsored insurance, the 

difference between the two groups is not large. Workers with employer sponsored 
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insurance spend annually only $132 less out-of-pocket payments than those without 

employer sponsored insurance. 

 

3.4 Results 

3.4.1 Unadjusted Difference-in-Difference Estimates 

We begin with unadjusted wage differences between workers with and without 

any chronic condition across the coverage of employer sponsored insurance. Table 22 

provides cross-tabulations of average hourly wages with clustered standard errors and the 

number of observations. In Panel (A), we compare the average hourly wages between 

workers with and without any chronic conditions across the coverage status of employer 

sponsored insurance. Workers covered by employer sponsored insurance have higher 

average hourly wages than uninsured workers. Among workers who are covered by 

employer sponsored insurance, those with any chronic conditions receive $1.70 lower 

hourly wages on average than those without chronic conditions, and this difference is 

statistically significant. But the difference of average hourly wages among workers 

without employer sponsored insurance ($0.66) is not statistically significant. This 

suggests that when workers are not covered by employer sponsored insurance, there is no 

productivity difference based on chronic conditions.  

The right bottom of Panel (A) provides the unadjusted difference-in-difference 

estimate for the incidence of any chronic conditions on hourly wages. The estimate of the 

wage offsets for chronic conditions (-2.36) is statistically significant. Under the 

assumption of the same effects of chronic conditions on productivity, workers with any 
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chronic conditions tend to receive -$2.36 lower hourly wages when they are covered by 

employer sponsored insurance than equivalent workers without employer sponsored 

insurance. 

 

Table 22 Unadjusted Diff-in-Diff Estimates of the Wage Offset for ESI  

   Hourly Wages   

Variables No ESI Coverage ESI Coverage Difference 

(A) Both Male and Female    

Wage Difference Across 0.661 -1.701*** -2.362*** 

Chronic Conditions (0.536) (0.577) (0.757) 

  [3,509] [8,690] [12,199] 

(B) Male    

Wage Difference Across -0.087 -2.623*** -2.536* 

Chronic Conditions (0.95) (0.946) (1.301) 

  [908] [4,128] [5,036] 

(C) Female    

Wage Difference Across 0.912 -1.118* -2.031** 

Chronic Conditions (0.633) (0.639) (0.848) 

  [2,601] [4,562] [7,163] 
Note: Estimates are weighted according to HRS sample weights. Standard errors clustered at the individual 

level are reported in parentheses. The number of observations is provided in the brackets. *** p<0.01, ** 

p<0.05, * p<0.1 

 

 

In Panel (B) and (C), we compare hourly wages for male and female workers. The 

patterns are the same as in Panel (A). When covered by employer sponsored insurance, 

workers with chronic conditions earn lower wages. When they do not have employer 

sponsored insurance, there is no statically significant difference in hourly wages. The 

difference-in-difference estimates for wage offsets are -$2.54 in male workers and -$2.03 

in female workers and both results are statistically significant. Although the estimated 
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amount of wage offsets is slightly higher in male workers than female workers, our test 

indicates that these two estimates are not statistically different. Our result is consistent 

with Cowan and Schwab (2011) who did not find any statistical difference between male 

and female workers’ wage offsets on smoking. Thus, in the following analysis, we do not 

separate male and female workers. 

 

3.4.2 Adjusted Difference-in-Difference Estimates 

Table 23 presents the adjusted difference-in-difference estimate for wage offsets 

by controlling for the variables that potentially influence differences in productivities, 

expected medical costs of insurance coverage, or both. All specifications include the 

demographic and human capital variables described previously as well as industry and 

wave dummies. The estimates from Eq (3) are provided in the upper panel (A). In 

Column (1), the pattern is the same as in the baseline model. The variable of employer 

sponsored insurance is positive and statistically significant, while the chronic condition is 

statistically insignificant. Because of additional controls, the adjusted difference-in-

difference estimate for wage offsets slightly decreases to -$1.55 from the unadjusted 

estimate of -$2.54. However, the estimate is still statistically significant. 

In Column (2) and (3), we address potential issues from the number of chronic 

conditions. In the nonlinear specification in Column (2), we find that the adjusted 

difference-in-difference estimate of the wage offset for multiple conditions (-$2.53) is   
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Table 23 Adjusted Estimates of the Wage Offset for ESI with Chronic Condition 

Variables 
Chronic 

Condition 

Single or 

Multiple 

Conditions 

N of Chronic 

Conditions 

(A) OLS    
ESI*Chronic Condition -1.548**   

 (0.636)   
ESI*Single Condition  -0.907  

  (0.654)  
ESI*Multiple Conditions  -2.533**  

  (1.040)  
ESI*Number of Conditions   -1.022** 

   (0.399) 

(B) Fixed Effects    
ESI*Chronic Condition -1.408   

 (0.959)   
ESI*Single Condition  -0.953  

  (0.813)  
ESI*Multiple Conditions  -2.447  

  (1.568)  
ESI*Number of Conditions   -1.197* 

   (0.705) 
Note: Estimates are weighted according to HRS sample weights. Standard errors clustered at the individual 

level are reported in parentheses. Controlling variables include age, age squared, tenure, tenure square and 

the following dummies: female, Hispanics, black, other race, married, high school, some college, university, 

full time, large firm, ESI by spouse, Medicare, Medicaid, other private insurance, wave and industry. *** 

p<0.01, ** p<0.05, * p<0.1 

 

 

about 2.5 times larger than that for the single condition (-$0.91). In the linear 

specification in Column (3), we find that the estimated wage offset for one additional 

chronic condition is -$1.02 and the estimate is statically significant.  These results 

provide a similar interpretation that having additional chronic conditions increase the 

extent of wage offsets, which is consistent with the prediction from the worker-specific 

wage adjustment based on the expected health care costs of risk factors.   
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Estimates from the fixed effect models are provided in the lower panel (B). The 

basic patterns of estimated wage offsets are very similar to these from the OLS models. 

However, the estimates from the fixed effect models become statistically insignificant, 

except for the number of chronic conditions. This is because a smaller number of 

observations switch across having the first chronic condition or receiving new employer 

sponsored insurance, whereas a relatively larger number of observations switches the 

number of chronic conditions. These results are consistent with Bhattachaya and Bundorf 

(2009) who did not find statistically significant wage offsets from the fixed effects 

models due to fewer switchers and less statistical power. Nevertheless, it should be 

emphasized that the magnitudes of our estimated wage offsets from the fixed effects or 

OLS models are very close to each other. 

Our assumption of the difference-in-differences estimates is that the productivity 

gap is the same regardless of the coverage status of employer sponsored insurance. Under 

our assumption, economic shocks should not differentially affect workers with and 

without employer sponsored insurance. We check whether wage offsets are consistent 

across waves by interacting the difference-in-differences estimator of any chronic 

condition with wave dummies. As an alternative specification, we also estimate the same 

model with the number of chronic conditions. The estimates from these specifications are 

plotted with 95 percent confidence interval in Figure 9. As in previous results, workers 

with employer sponsored insurance receive higher wages compared to those without 

insurance. Also, workers with and without chronic conditions receive similar hourly 
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wages. The interaction terms show consistent wage offsets across waves, although the 

estimate for wave 6 is statistically insignificant.  

 

 
Figure 9 Estimates of the Wage Offset for ESI by Wave 
Note: Estimates report the coefficients on the interaction terms between a difference-in-differences estimator 

and wave dummies. Specifications include age, gender, race, marital status, education, part time/full time, 

size of the firm, coverage by another insurance, and industry dummies. Error bars show the 95 percent 

confidence intervals. 

 

 

At wave 6, about 50 percent of the original samples become age 65 and over. 

Moreover, the proportion of individuals who stay in the labor market in wave 6 (n=1087) 

is only about 25 percent of wave 1 (n=3962). Because of small and disproportional 

samples in wave 6, the estimate of the wage offset interacted with wave 6 shows a larger 

standard error compared to other estimates interacted with previous waves. Nevertheless, 

all these estimates show consistent negative coefficients. When the number of chronic 

conditions is used, the magnitude of the wage offset in wave 6 is similar to the 

magnitudes of the wage offsets in other waves, and these estimates are not statistically 
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different from each other.  These results suggest that the wage offsets consistently exist 

across time periods. 

 

3.4.3 Self-Selection and Changes in Productivity 

The main concerns for our assumption are self-selection and omitted variable 

bias. We first investigate the possibility of self-selection by estimating both OLS and 

fixed effects regressions of employer sponsored insurance on any chronic condition, 

single and multiple condition categories, or the number of chronic conditions in Table 24.  

The results from the OLS regressions show a positive association between chronic 

diseases and employer sponsored insurance, but the magnitudes of coefficients are small, 

and the estimated associations are statistically insignificant. The estimates from the fixed 

effects models are much smaller than these from the OLS models, and all of estimates are 

statistically insignificant. Some of estimates from the fixed effects models even show 

negative association between chronic conditions and employer sponsored insurance. In 

sum, we find little evidence of self-selection of workers with chronic conditions into jobs 

with employer sponsored insurance. 
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Table 24 Regression of ESI on Chronic Conditions 

Variables ESI ESI ESI 

(A) OLS    
Chronic Condition 0.013   

 (0.008)   
Single Condition  0.012  

  (0.009)  
Multiple Conditions  0.013  

  (0.010)  
Number of Conditions   0.004 

    (0.004) 

(B) Fixed Effects    
Chronic Condition -0.004   

 (0.013)   
Single Condition  -0.004  

  (0.013)  
Multiple Conditions  0.003  

  (0.018)  
Number of Conditions   0.002 

    (0.008) 
Note: Estimates are weighted according to HRS sample weights. Standard errors clustered at the individual 

level are reported in parentheses. Controlling variables include age, age squared, tenure, tenure square and 

the following dummies: female, Hispanics, black, other race, married, high school, some college, university, 

full time, large firm, ESI by spouse, Medicare, Medicaid, other private insurance, wave and industry. *** 

p<0.01, ** p<0.05, * p<0.1 

 

 

To examine whether there are productivity differences depending on the coverage 

status of employer sponsored insurance, we estimate the same difference-in-differences 

models with the log of hours worked as a dependent variable in Table 25. If employer 

sponsored insurance significantly influence the productivity of workers, the labor supply 

of these workers may reflect such changes in productivities. However, we find little 

evidence of changes in unobserved productivity. The results from both difference-in-

differences models with and without individual fixed effects provide no significant 
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changes in hours worked. Based on these results, we conclude that selection bias and 

omitted variable bias are less concern in our estimated wage offsets. 

 

 

Table 25 Difference-in-Differences for Labor Supply 

Variables Log of Avg. 

Hours Worked 

Log of Avg.  

Hours Worked 

Log of Avg.  

Hours Worked 

(A) OLS    
ESI*Chronic Condition 0.001 

  

 (0.017) 
  

ESI*Single Condition 
 

-0.000 
 

 

 
(0.019) 

 

ESI*Multiple Conditions 
 

0.005 
 

 

 
(0.022) 

 

ESI*Number of Conditions 
  

0.004 

  
  

(0.009) 

(B) Fixed Effects    
ESI*Chronic Condition -0.012 

  

 (0.020) 
  

ESI*Single Condition 
 

-0.014 
 

 

 
(0.022) 

 

ESI*Multiple Conditions 
 

-0.005 
 

 

 
(0.023) 

 

ESI*Number of Conditions 
  

-0.004 

  
  

(0.010) 
Note: Estimates are weighted according to HRS sample weights. Standard errors clustered at the individual 

level are reported in parentheses. Controlling variables include age, age squared, tenure, tenure square and 

the following dummies: female, Hispanics, black, other race, married, high school, some college, university, 

full time, large firm, ESI by spouse, Medicare, Medicaid, other private insurance, wave and industry. *** 

p<0.01, ** p<0.05, * p<0.1 
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3.4.4 Other Fringe Benefits 

We also do a placebo test with other fringe benefits. The HRS provides 

information on spousal coverage, life insurance, retirement insurance, and pension. 

Workers with chronic diseases should not experience in wage gaps if they receive such 

fringe benefits. However, if the coverage status of employer sponsored insurance reflects 

the characteristics of jobs, we may observe wage gaps for other fringe benefits. In this 

case, our difference-in-differences estimates may not separate the wage offsets from these 

job characteristics. 

 

Table 26 Difference-in-Differences with Other Fringe Benefits   

Variables 

ESI Cover 

Spouse 

Life 

Insurance 

Retirement 

Insurance 
Pension 

ESI Cover Spouse -0.677    

*Chronic Conditions (0.761)    

Life Insurance  0.407   

*Chronic Conditions  (1.209)   

Retirement Insurance   -0.338  
*Chronic Conditions   (0.744)  
Pension    -1.093 

 *Chronic Conditions    (0.765) 
Note: Estimates are weighted according to HRS sample weights. Standard errors clustered at the individual 

level are reported in parentheses. Controlling variables include age, age squared, tenure, tenure square and 

the following dummies: female, Hispanics, black, other race, married, high school, some college, university, 

full time, large firm, ESI by spouse, Medicare, Medicaid, other private insurance, wave and industry. *** 

p<0.01, ** p<0.05, * p<0.1 

 

 

We use other fringe benefits instead of employer sponsored insurance within 

difference-in-differences specifications in Table 26. The results indicate that workers 

with chronic conditions do not suffer from wage reduction from receiving other fringe 



126 

 

benefits. The estimates do not show systematic patterns—three negative and one positive 

association. The magnitudes of coefficients are small compared to the previous estimates 

for employer sponsored insurance, and all estimates are statistically insignificant. These 

results suggest that our estimates for wage offsets do not reflect other job characteristics. 

 

3.4.5 Wage Offset for Each Chronic Condition 

By construction, an indicator of any chronic diseases is an aggregated risk factor. 

We are interested in whether wages can be adjusted to worker’s each risk factor so that 

worker-specific expected cost can be calculated based on the sum of the expected cost of 

each risk factor. If wages are adjusted to each specific type of risk factor, it is expected 

that wage offsets occur in each chronic condition. For this, we estimate the same 

specifications by interacting difference-in-differences estimates with each chronic 

condition in Table 27. Since the number of chronic conditions may influence the 

interaction terms, we control the number of chronic conditions in our specification.  

In Column (1), our results indicate each chronic condition reduces workers’ 

wages when they are covered by employer sponsored insurance. Estimates for diabetes, 

lung disease, stroke, and arthritis are statistically significant, while these for high blood 

pressure, cancer, and heart problem are statistically insignificant. Particularly, our 

findings on diabetes ($-1.16) and lung disease (-$1.75) are similar to previous results 

based on obesity and smoking. Bhattacharya and Bundorf (2009) found the incidence of 

obesity on wages is -$1.45, although their sample was much younger than our sample. 
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Table 27 Difference-in-Differences with Other Fringe Benefits   

 Each Chronic Condition 

Variables OLS  Fixed Effects 

        

ESI*Chronic Condition*High BP  -0.471  -1.576* 

(0.537)  (0.836) 

ESI*Chronic Condition*Diabetes  -1.156*  -0.677 

(0.688)  (0.963) 

ESI*Chronic Condition*Cancer  -0.148  -1.431 

(0.755)  (1.819) 

ESI*Chronic Condition*Lung Disease  -1.749**  -2.338*** 

(0.764)  (0.746) 

ESI*Chronic Condition*Heart Problem  -0.855  -1.430 

(0.751)  (0.968) 

ESI*Chronic Condition*Stroke  -2.204**  -2.550** 

(1.026)  (1.220) 

ESI*Chronic Condition*Arthritis  -1.207**  -0.814 

(0.496)  (0.652) 

Individual Fixed Effects No  Yes 

Wave Fixed Effects Yes  Yes 

Industry Fixed Effects Yes  Yes 

Observations 12,019  12,019 

R-squared 0.227   0.057 

Note: Estimates are weighted according to HRS sample weights. Standard errors clustered at the individual 

level are reported in parentheses. Controlling variables include age, age squared, tenure, tenure square and 

the following dummies: female, Hispanics, black, other race, married, high school, some college, university, 

full time, large firm, ESI by spouse, Medicare, Medicaid, other private insurance, wave and industry. *** 

p<0.01, ** p<0.05, * p<0.1 

 

 

Cowan and Schwab (2011) found the incidence of smoking on wages is -$1.52 for young 

workers (under age 40) and -$3.39 for older workers (age 40 and up). We also estimate 

the same models with individual fixed effects. Estimates for wage offsets are statistically 

significant for high blood pressure (-$1.58), lung disease (-$2.34), and stroke (-$2.55). 

Estimated wage offsets for diabetes and arthritis become statistically insignificant 
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although they are still negative. In general, our results suggest that wages are adjusted to 

each chronic condition. 

 

3.4.6 Individual-Specific vs. Risk Pool Wage Offsets 

We check whether wages are adjusted based on the average of the expected costs 

of risk pool rather than individual specific risks, which was suggested in equation (12). 

We examine the different amount of wage offsets by firm sizes in Table 28. We 

separately estimate wage offsets in the sample of small firms (less than 50 employees) 

and large firms (more than or equal to 50 employees). Then we test for differences 

between estimates of wage offsets in small and large firms. As explained in the empirical 

framework, if wage adjustment occurs based on risk pool instead of individual-specific 

conditions, large firms will have smaller wage offsets compared to small firms since they 

can reduce the administrative costs and the expected marginal costs due to the large size 

of a risk pool. 

In Columns (1) and (2) of Table 28, the estimates of wage offsets are negative in 

both small firms (-$1.64) and large firms (-$1.26), though both are statistically 

insignificant. When single and multiple conditions are separated, the wage offset for the 

single condition is larger in small firms while that for multiple conditions is smaller in 

small firms. Only the estimate for multiple conditions in large firms is statistically 

significant. These results are inconsistent with the theoretical prediction of smaller wage 

offsets in large firms. Finally, when the number of chronic conditions is used in Column  

(5) and (6), wage offsets in both small firms (-$1.03) and large firms (-$1.16) were 



129 

 

   

T
a
b

le
 2

8
 E

st
im

a
te

s 
o
f 

th
e 

W
a
g
e 

O
ff

se
t 

fo
r 

E
S

I 
b

y
 F

ir
m

 S
iz

e 
 

  
(1

) 
(2

) 
 

(3
) 

(4
) 

 
(5

) 
(6

) 

 
C

h
ro

n
ic

 C
o
n

d
it

io
n

 
 

S
in

g
le

/M
u

lt
ip

le
 C

o
n

d
it

io
n

s 
 

N
 o

f 
C

h
ro

n
ic

 C
o
n

d
it

io
n

s 

V
a
ri

a
b

le
s 

S
m

a
ll

 
L

a
rg

e 
 

S
m

a
ll

 
L

a
rg

e 
 

S
m

a
ll

 
L

a
rg

e 

 
 

 
 

 
 

 
 

 

E
S

I*
C

h
ro

n
ic

 C
o
n
d
it

io
n

 
-1

.6
4
0
 

-1
.2

6
3

 
 

 
 

 
 

 

 
(1

.0
1
4
) 

(0
.9

7
0
) 

 
 

 
 

 
 

E
S

I*
S

in
g
le

 C
o
n
d
it

io
n

 
 

 
 

-1
.4

6
4
 

-0
.3

5
5
 

 
 

 

 
 

 
 

(1
.1

3
7
) 

(0
.9

2
8
) 

 
 

 

E
S

I*
M

u
lt

ip
le

 C
o
n

d
it

io
n
s 

 
 

 
-1

.8
6
3
 

-3
.4

5
2
*
 

 
 

 

 
 

 
 

(1
.2

9
3
) 

(2
.0

3
4
) 

 
 

 

E
S

I*
N

u
m

b
er

 o
f 

C
o
n
d
it

io
n
s 

 
 

 
 

 
 

-1
.0

3
3
*
 

-1
.1

6
4
*
 

 
 

 
 

 
 

 
(0

.5
7
4
) 

(0
.6

6
4
) 

W
av

e 
F

ix
ed

 E
ff

ec
ts

 
Y

es
 

Y
es

 
 

Y
es

 
Y

es
 

 
Y

es
 

Y
es

 

In
d
u

st
ry

 F
ix

ed
 E

ff
ec

ts
 

Y
es

 
Y

es
 

 
Y

es
 

Y
es

 
 

Y
es

 
Y

es
 

O
b
se

rv
at

io
n
s 

4
,7

4
5
 

5
,5

2
5
 

 
4
,7

4
6
 

5
,5

2
6
 

 
4
,7

4
6
 

5
,5

2
6
 

R
-s

q
u
ar

ed
 

0
.2

2
9
 

0
.2

6
8
 

 
0
.1

9
4
 

0
.2

3
3
 

 
0
.1

9
5
 

0
.2

3
2
 

N
o

te
: 

E
st

im
a
te

s 
ar

e 
w

ei
g

h
te

d
 a

cc
o

rd
in

g
 t

o
 H

R
S

 s
a
m

p
le

 w
ei

g
h
ts

. 
S

ta
n
d

ar
d

 e
rr

o
rs

 c
lu

st
er

ed
 a

t 
th

e 
in

d
iv

id
u
al

 l
e
v
el

 a
re

 r
ep

o
rt

ed
 i

n
 p

ar
en

th
es

es
. 

C
o

n
tr

o
ll

in
g
 v

ar
ia

b
le

s 

in
cl

u
d

e 
ag

e,
 a

g
e 

sq
u
ar

ed
, 

te
n
u

re
, 

te
n
u
re

 s
q

u
ar

e 
an

d
 t

h
e 

fo
ll

o
w

in
g
 d

u
m

m
ie

s:
 f

e
m

al
e,

 H
is

p
a
n
ic

s,
 b

la
ck

, 
o

th
er

 r
ac

e,
 m

ar
ri

ed
, 

h
ig

h
 s

ch
o

o
l,

 s
o

m
e 

co
ll

eg
e,

 u
n
iv

er
si

ty
, 

fu
ll

 t
im

e,
 l

ar
g
e 

fi
rm

, 
E

S
I 

b
y
 s

p
o

u
se

, 
M

ed
ic

ar
e,

 M
ed

ic
ai

d
, 

o
th

er
 p

ri
v
at

e 
in

su
ra

n
ce

, 
w

a
v
e 

an
d

 i
n
d

u
st

ry
. 

*
*

*
 p

<
0

.0
1

, 
*
*
 p

<
0

.0
5

, 
*
 p

<
0

.1
 



130 

 

  

T
a
b

le
 2

9
 D

if
fe

re
n

ce
-i

n
-D

if
fe

re
n

ce
s 

fo
r 

H
ea

lt
h

 C
a
re

 U
sa

g
es

  

V
a
ri

a
b

le
s 

D
o
ct

o
r 

V
is

it
 >

 5
 

R
X

 

N
 o

f 
H

o
sp

it
a
l 

In
p

a
ti

en
t 

L
en

g
th

 o
f 

H
o
sp

it
a
l 

S
ta

y
s 

E
S

I*
 C

h
ro

n
ic

 C
o
n
d
it

io
n
s 

0
.0

4
1
*
 

0
.0

7
5
*
*
*

 
0
.0

6
1
*
*
 

0
.0

2
1
 

  
(0

.0
2

2
) 

(0
.0

2
5

) 
(0

.0
2
5
) 

(0
.1

2
) 

V
a
ri

a
b

le
s 

U
sa

g
e 

o
f 

S
p

ec
ia

l 
 

H
ea

lt
h

 F
a
ci

li
ty

 
H

o
m

e 
H

ea
lt

h
ca

r
e
 

O
u

tp
a
ti

en
t 

S
u

rg
er

y
 

D
en

ta
l 

V
is

it
 

E
S

I*
 C

h
ro

n
ic

 C
o
n
d
it

io
n
s 

0
.0

1
1
 

0
.0

0
6

 
-0

.0
2
 

-0
.0

1
6
 

  
(0

.0
0

8
) 

(0
.0

0
4

) 
(0

.0
2
) 

(0
.0

2
9
) 

N
o

te
: 

E
st

im
a
te

s 
ar

e 
w

ei
g

h
te

d
 a

cc
o

rd
in

g
 t

o
 H

R
S

 s
a
m

p
le

 w
ei

g
h
ts

. 
S

ta
n
d

ar
d

 e
rr

o
rs

 c
lu

st
er

ed
 a

t 
th

e 
in

d
iv

id
u
al

 l
e
v
el

 a
re

 r
ep

o
rt

ed
 i

n
 p

ar
en

th
es

es
. 

C
o

n
tr

o
ll

in
g
 v

ar
ia

b
le

s 

in
cl

u
d

e 
ag

e,
 a

g
e 

sq
u
ar

ed
, 

te
n
u

re
, 

te
n
u
re

 s
q

u
ar

e 
an

d
 t

h
e 

fo
ll

o
w

in
g
 d

u
m

m
ie

s:
 f

e
m

al
e,

 H
is

p
a
n
ic

s,
 b

la
ck

, 
o

th
er

 r
ac

e,
 m

ar
ri

e
d

, 
h
ig

h
 s

ch
o

o
l,

 s
o

m
e 

co
ll

eg
e,

 u
n
iv

er
si

ty
, 

fu
ll

 t
im

e,
 l

ar
g
e 

fi
rm

, 
E

S
I 

b
y
 s

p
o

u
se

, 
M

ed
ic

ar
e,

 M
ed

ic
ai

d
, 

o
th

er
 p

ri
v
at

e 
in

su
ra

n
ce

, 
w

a
v
e 

an
d

 i
n
d

u
st

ry
. 

*
*

*
 p

<
0

.0
1

, 
*
*
 p

<
0

.0
5

, 
*
 p

<
0

.1
 



131 

 

statistically significant, and the magnitude of the estimate in small firms was slightly 

smaller than that in large firms. When the estimates are compared between small and 

large firms in each specification, they are not statistically different from one another. 

Overall, these results suggest that wages are adjusted to worker-specific chronic 

conditions instead of the average of chronic conditions in the group. 

 

3.4.7 Wage Offset and Healthcare Usages 

We investigate the mechanism of wage adjustment. Instead of expected medical 

costs associated with risk factors, we directly study individual worker’s healthcare usages 

in Table 29. We estimate the difference-in-difference model as in equation (13) with 

different types of healthcare usages including doctor visits, prescription drug, hospital 

inpatient, as well as the length of stays. We find that workers with chronic conditions 

have higher propensity to visit doctors more than 5 times within a year. They are also 

more likely to use prescription drugs and become hospital inpatient. The average length 

of hospital stays is longer, but it is statistically insignificant.  

We also estimate the same model with healthcare usages unrelated to chronic 

disease, for example, utilization of special health facility, home healthcare, outpatient 

surgery, and dental visits. All estimates are very small and statistically insignificant. 

Given that such healthcare usages are not related to chronic conditions, these findings 

suggest that workers with chronic conditions are more likely to use healthcare services 

related to their conditions. Actual usage of healthcare services supports that wage offsets 

are based on the expected cost of risk factors. 



132 

 

 

3.5 Conclusion 

In this paper, we examine the impact of chronic conditions on wages for workers 

with and without employer-sponsored health insurance, following the previous studies on 

obesity (Bhattacharya and Bundorf 2009) and smoking (Cowan and Schwab 2011). 

Compared to these previous studies that used potential risks factors related to health 

behavior, we use the history of doctor-diagnosed chronic conditions, which directly 

increase the expected medical costs. We find the statistically significant wage offset for 

workers with chronic conditions when they are covered by employer sponsored 

insurance. Our estimates indicate that the amount of wage reduction for having any 

chronic condition is about $1.55, which is about $3,100 per year for a full-time worker 

with 2,000 hours worked (40 hours * 50 weeks). The estimated wage offsets are 

persistent across time periods.  

In addition, we find that wages are adjusted to each chronic condition. 

Particularly, wage offsets for high blood pressure or diabetes or lung disease are linked to 

obesity or smoking, which suggest that our results are consistent with the previous 

studies. We also find that the amount of wage offsets is not different between large and 

small firms. This finding is inconsistent with risk pool wage offsets. Finally, we find 

evidence on higher expected medical costs. Our results indicate that workers with chronic 

conditions are more likely to use healthcare services related to their conditions. In 

general, our results suggest that workers with chronic conditions bear their expected 

medical costs in the form of lower wages when they have employer sponsored insurance. 
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Figure 10 Employment Trend in MA and Other Northeast States 
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Figure 11 Trends of Self-Employment, Low-Income Childless Adult Sample (FPL < 

300%) 
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Table 30 Annual Income Thresholds of the ACA Medicaid Eligibility for Childless 

Adults in 2016  

Size of family unit 138% of the FPL for Childless Adults  

(No related children under 18 years) 

One person (unrelated individual) 16,996 

Two people 21,877 

Three people 25,555 

Four people 33,697 

Five people 40,637 

Six people 46,739 

Seven people 53,780 

Eight people 60,149 

Nine people or more 72,353 
Notes: These numbers are computed based on the official federal poverty line in the following link: 

https://www.census.gov/data/tables/time-series/demo/income-poverty/historical-poverty-thresholds.html  

 

 

 

  

https://www.census.gov/data/tables/time-series/demo/income-poverty/historical-poverty-thresholds.html
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Table 31 Event Study Analysis, Low-Income Sample (<300% FPL)   
(1) (2) (3) (4) (5) (6)  

       Self-Employed       y              SE Entry          y               SE Exit           y 

  DID PSW- DID DID PSW- DID DID PSW- DID 

Expansion*Yr2003 0.0018 0.0023 0.0070 0.0042 -0.0175*** -0.0064  
(0.0085) (0.0076) (0.0060) (0.0078) (0.0064) (0.0066) 

Expansion*Yr2004 0.0003 0.0036 -0.0157 -0.0034 -0.0081 -0.0065 

 (0.0102) (0.0091) (0.0113) (0.0113) (0.0093) (0.0080) 

Expansion*Yr2005 0.0024 -0.0001 0.0050 0.0072 -0.0054 -0.0022 

 (0.0091) (0.0087) (0.0070) (0.0089) (0.0076) (0.0073) 

Expansion*Yr2006 -0.0000 0.0001 0.0015 0.0026 -0.0124 -0.0108 

 (0.0089) (0.0076) (0.0060) (0.0076) (0.0095) (0.0093) 

Expansion*Yr2007 -0.0006 -0.0020 -0.0026 0.0037 -0.0119 -0.0117* 

 (0.0113) (0.0102) (0.0066) (0.0080) (0.0073) (0.0069) 

Expansion*Yr2008 0.0036 0.0021 0.0098 0.0128 -0.0078 -0.0087 

 (0.0092) (0.0080) (0.0083) (0.0097) (0.0072) (0.0082) 

Expansion*Yr2009 0.0034 -0.0007 0.0035 0.0086 -0.0065 -0.0093 

 (0.0086) (0.0080) (0.0060) (0.0078) (0.0081) (0.0092) 

Expansion*Yr2010 0.0059 0.0023 0.0010 0.0016 -0.0133 -0.0085 

 (0.0092) (0.0080) (0.0068) (0.0088) (0.0095) (0.0091) 

Expansion*Yr2011 0.0081 0.0092 -0.0009 0.0051 -0.0096 -0.0067 

 (0.0099) (0.0089) (0.0075) (0.0095) (0.0073) (0.0073) 

Expansion*Yr2012 0.0079 0.0014 0.0038 0.0037 -0.0095 -0.0100 

 (0.0090) (0.0082) (0.0055) (0.0079) (0.0091) (0.0086) 

Expansion*Yr2014 0.0186** 0.0145* 0.0111 0.0146* -0.0147** -0.0135** 

 (0.0088) (0.0075) (0.0075) (0.0086) (0.0068) (0.0068) 

Expansion*Yr2015 0.0177* 0.0149** 0.0175** 0.0203** -0.0130 -0.0083 

 (0.0100) (0.0076) (0.0086) (0.0082) (0.0080) (0.0083) 

Expansion*Yr2016 0.0059 0.0044 0.0112* 0.0148* -0.0042 0.0012 

 (0.0102) (0.0082) (0.0059) (0.0079) (0.0081) (0.0075) 

Expansion*Yr2017 0.0118 0.0062 0.0026 0.0037 -0.0076 -0.0068 

 (0.0090) (0.0075) (0.0089) (0.0095) (0.0077) (0.0075) 

  
      

Characteristics Yes Yes Yes Yes Yes Yes 

State FE Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

Unemp. Rate Yes Yes Yes Yes Yes Yes 
Notes: Sample is restricted to non-disabled childless adults aged 26-64. Estimates are calculated using CPS 

ASEC weights. Individual characteristics include age, sex, race, education, marital status, foreign-born status, 

and citizenship status. Standard errors clustered at the state-year level are provided in parentheses. The 

numbers of observations for the FPL<300% full and transition samples are 156,257 and 57,166, respectively. 
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Table 32 Heterogeneous Effects on Self-Employment by Gender, Low-Income 

Childless Adult Sample   

 (1) (2) 

  DD PSW-DID 

Men 0.0046 0.0013 
 (0.0044) (0.0038) 

Women 0.0175*** 0.0147*** 
 (0.0041) (0.0033) 

   

Controls Yes Yes 

State FE Yes Yes 

Year FE Yes Yes 

Unemp. Rate Yes Yes 
Notes: Sample is restricted to non-disabled childless adults aged 26-64. Estimates are calculated using CPS 

ASEC weights. Individual characteristics include age, sex, race, education, marital status, foreign-born status, 

and citizenship status. Standard errors clustered at the state-year level are provided in parentheses. The 

number of observations for the FPL<300% full sample is 156,257. 
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Appendix B.  

Synthetic Control Group Method 

As an alternative approach to estimate the effects of the Medicaid expansion on 

self-employment, I use the synthetic control group method (SCGM) invented by Abadie, 

Diamond, and Hainmueller (2010). The synthetic control method weights outcome 

measures from control groups before the policy intervention to construct a counterfactual 

outcome measure for the treated group in the absence of the treatment effects. Then, it 

estimates the causal effect by using the differences between the treated and the synthetic 

control group after the implementation of the policy. The main advantage of using the 

synthetic control method is to allow the effects of unobserved characteristics on the 

outcome to vary across time, which addresses concerns about the potential bias due to 

unobserved heterogeneity across states. 

Following the notation used in Abadie, Diamond, and Hainmueller (2010), I 

specify the observed outcome can be specified below. 

 

Equation 15  

𝑌𝑗𝑡 = 𝑌𝑗𝑡
𝑁 + 𝛼𝑗𝑡𝐷𝑗𝑡.                                                                                                           (15) 

 

𝑌𝑗𝑡 is the observed outcome at group 𝑗 and time 𝑡. 𝑌𝑗𝑡
𝑁 is the unobserved outcome in the 

absence of the Medicaid expansion. 𝛼𝑗𝑡 is the effect of the Medicaid expansion for group 

𝑗 and time 𝑡. 𝐷𝑗𝑡 is an indicator variable for the treated group in the post intervention, 

which is equal to one if 𝑗 = 1 and 𝑡 > 𝑇0 and zero otherwise. Because of the indicator 
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variable, only the treated group in the post-time period can have the effect of the 

intervention. 

In order to estimate the effect of the Medicaid expansion (𝛼1𝑡), I need both 𝑌1𝑡 

and 𝑌1𝑡
𝑁. Since 𝑌1𝑡 is the observed outcome, I estimate the treatment-free outcome 

variable 𝑌𝑗𝑡
𝑁 with following specification.  

 

Equation 16  

𝑌𝑗𝑡
𝑁 = 𝛿𝑡 + 𝜆𝑡𝜇𝑗 + 𝜃𝑡𝑍𝑗 + 휀𝑗𝑡.                                                                                         (16) 

 

𝛿𝑡 are time effects; 𝜇𝑗 are time-invariant unobserved variables with time varying 

coefficients 𝜆𝑡; 𝑍𝑗 are the observed time-invariant covariates with time-varying 

coefficients 𝜃𝑡; and 휀𝑗𝑡 are unobserved transitory shocks at group across time. The 

assumption is the linearity between pre-treated covariates and post-untreated outcomes.  

By weighting covariates among control groups, the SCGM constructs a synthetic 

control group that produces an approximation for covariates of the treated group in pre-

intervention time periods, which is the linear combination of observed outcomes in the 

control groups: 𝑌1𝑡
�̂� = ∑ 𝑤𝑗

∗𝑌𝑗𝑡
𝐽+1
𝑗=2 . As in Abadie, Diamond, and Hainmueller (2010), I 

select weights that minimize the root mean square prediction error (RMSPE) in the pre-

intervention time period, which is specified as  

 

Equation 17  

𝑅𝑀𝑆𝑃𝐸 = √
∑ (𝑌1𝑡−∑ 𝑤𝑗

∗𝑌𝑗𝑡
𝐽+1
𝑗=2 )2𝑇0

𝑡

𝑇0−𝑡+1
.                                                                                    (17) 
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where 𝑤𝑗
∗ is the optimal weights that minimizes RMSPE. t is the beginning and T0 is the 

end of the time periods. T0 – t + 1 computes the number of periods. The RMSPE 

measures the difference between observed outcomes of the treatment group and synthetic 

control estimates. If the synthetic counterparts are not close to the observed outcomes of 

the treatment group, the value of RMSPE increases.  

Then, the effect of the Medicaid expansion for the treated groups can be estimated 

by subtracting counterfactual outcomes from the observed outcomes as follows.  

 

Equation 18  

𝛼1�̂� = 𝑌1𝑡 − 𝑌1𝑡
�̂� = 𝑌1𝑡 − ∑ 𝑤𝑗

∗𝑌𝑗𝑡
𝐽+1
𝑗=2 .                                                                              (18) 

 

I aggregate data up to the state level with the weights from the CPS. This process creates 

24 treatment states and 21 control states, excluding late expansion states and the District 

of Columbia. For the case of multiple treatment groups, Abadie, Diamond, and 

Hainmueller (2010) suggested to aggregate all treatment groups into a single treatment 

group. I create a new single treatment group by aggregating 24 treatment states.  

For inference of the treatment effects, I use a permutation test as suggested in 

Abadie et al. (2015). Using the RMSPE equation with the optimal weight structure, I first 

compute both pre- and post-intervention RMSPE as well as RMSPE Ratio 

(=RMSPEpre/RMSPEpost) for my treatment group. I also run placebo estimates by 

changing treatment status and compute RMSPE ratios for all placebo estimates. After I 

rank these RMSPE ratios of treatment and placebo estimates, I calculate p-values by 

using the percentile of the rank of the RMSPE for treatment estimate. Since I have one 
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treatment and 19 placebo estimates, the smallest p-value would be 0.05. Considering the 

small number of states, I take a conservative perspective and consider a significant 

treatment effect only if the RMSPE ratio of treatment estimate is the first rank of a 

distribution of RMSPE ratios.  
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Appendix C.  

 

 

 
Figure 12 Treatment Effects 2003–2017, Low-Income Childless Adult Sample  
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Table 33 Synthetic Control Group Method: Average Treatment Effects of Medicaid, 

Low-Income Childless Adult Sample (<300% of the FPL)   
(1) (2) (3) 

  Self-Employed SE Entry SE Exit 

(A) FPL<300%    

Treatment Effect 0.0095* 0.0038 0.0015 

P-value [0.0526] [0.8421] [0.7895] 

RMSPE 0.003 0.005 0.011 
Notes: Sample is restricted to non-disabled childless adults aged 26-64. Weights are chosen based on 

individual characteristics that include age, sex, race, education, marital status, foreign-born status, and 

citizenship status. P-values of the permutation tests are provided in brackets. The number of observations is 

285 at the state-year level.  
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Table 34 Optimal Weights for the Synthetic Control Group   

States Self-Employed SE Entry SE Exit 

Alabama 0.097 0.005 0 

Florida 0.217 0.455 0.305 

Georgia 0.071 0.107 0.018 

Idaho 0 0.032 0 

Kansas 0 0 0.038 

Maine 0 0.006 0 

Mississippi 0 0 0 

Missouri 0 0 0.29 

Nebraska 0 0.018 0 

North Carolina 0.152 0.038 0.025 

Oklahoma 0.011 0.009 0.027 

South Carolina 0 0 0 

South Dakota 0.023 0.063 0.004 

Tennessee 0 0.118 0 

Texas 0.231 0.147 0.167 

Utah 0.052 0 0.016 

Virginia 0.145 0 0.11 

Wyoming 0 0.001 0 
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Table 35 Difference-in-Differences: Logit and Probit Models, Low-Income Childless 

Adult Sample (<300% FPL)   
(1) (2) (3) (4) (5) (6)  

       Self-Employed      y              SE Entry          y               SE Exit           y 

  DID PSW- DID DID PSW- DID DID PSW- DID 

(A) Logit 
     

Expansion*Post 0.0110*** 0.0077*** 0.0085** 0.0083** -0.0013 0.0009  
(0.0036) (0.0030) (0.0034) (0.0033) (0.0033) (0.0032) 

(B) Probit 
     

Expansion*Post 0.0111*** 0.0080*** 0.0088*** 0.0082** -0.0015 0.0007  
(0.0035) (0.0029) (0.0033) (0.0032) (0.0033) (0.0032) 

Characteristics Yes Yes Yes Yes Yes Yes 

State FE Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

Unemp. Rate Yes Yes Yes Yes Yes Yes 
Notes: Sample is restricted to non-disabled childless adults aged 26-64. Estimates are calculated using CPS 

ASEC weights. Individual characteristics include age, sex, race, education, marital status, foreign-born status, 

and citizenship status. Standard errors clustered at the state-year level are provided in parentheses. The 

numbers of observations for the FPL<300% full and transition samples are 156,257 and 57,166, respectively. 
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Table 36 Difference-in-Differences, Low-Education Childless Adult Sample (High 

School or Less)   
(1) (2) (3) (4) (5) (6)  

       Self-Employed      y              SE Entry          y               SE Exit           y 

  DID PSW- DID DID PSW- DID DID PSW- DID 

(A) Low Education      

Expansion*Post 0.0064* 0.0049 0.0086** 0.0070** 0.0008 0.0004  
(0.0034) (0.0030) (0.0040) (0.0033) (0.0036) (0.0030) 

Characteristics Yes Yes Yes Yes Yes Yes 

State FE Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

Unemp. Rate Yes Yes Yes Yes Yes Yes 
Notes: Sample is restricted to non-disabled childless adults aged 26-64. Estimates are calculated using CPS 

ASEC weights. Individual characteristics include age, sex, race, education, marital status, foreign-born status, 

and citizenship status. Standard errors clustered at the state-year level are provided in parentheses. The 

numbers of observations for the low-education full and transition samples are 183,762 and 70,300, 

respectively. 
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Table 37 Difference-in-Differences: Control Herfindahl-Hirschman Index (HHI), 

Low-Income Childless Adult Sample (<300% of the FPL)  
(1) (2) (3) (4) (5) (6) 

       Self-Employed     y             SE Entry         y              SE Exit         y   

  DID PSW- 

DID 

DID PSW- 

DID 

DID PSW- 

DID 

(A) Individual and Small Group Insurance Market Competition 

Expansion*Post 0.0114** 0.0070* 0.0089** 0.0082* -0.0048 -0.0009  
(0.0051) (0.0040) (0.0043) (0.0042) (0.0047) (0.0043) 

Individual Mar -0.0002 0.0003 -0.0044** -0.0024* -0.0020 -0.0009 

HHI/1,000 (0.0014) (0.0014) (0.0017) (0.0013) (0.0020) (0.0017) 

Small Group Market -0.0001 -0.0017 -0.0026 -0.0057* -0.0019 -0.0024 

HHI/1,000 (0.0033) (0.0030) (0.0031) (0.0033) (0.0032) (0.0031) 

Characteristics Yes Yes Yes Yes Yes Yes 

State FE Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

Unemp. Rate Yes Yes Yes Yes Yes Yes 
Notes: Sample is restricted to non-disabled childless adults aged 26-64. Because of data limitation, the sample 

period is restricted to 2011-2016. The Herfindahl-Hirschman Index (HHI) for the health insurance market is 

from Kaiser Family Foundation. Estimates are calculated using CPS ASEC weights. Individual 

characteristics include age, sex, race, education, marital status, foreign-born status, and citizenship status. 

Standard errors clustered at the state-year level are provided in parentheses. The numbers of observations for 

the FPL<300% full and transition samples with HHI information are 60,075 and 21,466, respectively.  
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Table 38 Difference-in-Differences: Different Treatment and Control Groups, Low-

Income Childless Adult Sample   
(1) (2) (3) (4) (5) (6)  

       Self-Employed      y              SE Entry          y               SE Exit           y 

  DID PSW- DID DID PSW- DID DID PSW- DID 

(A) Excluding Late Expansion States   

Expansion*Post 0.0116*** 0.0088*** 0.0100** 0.0087** -0.0021 -0.0003  
(0.0039) (0.0032) (0.0043) (0.0037) (0.0039) (0.0036) 

(B) Including Wisconsin in Control Group   

Expansion*Post 0.0115*** 0.0084*** 0.0082** 0.0073** -0.0004 0.0013  
(0.0036) (0.0029) (0.0038) (0.0035) (0.0035) (0.0032) 

(C) Including Prior Expansion States in Treatment Group   

Expansion*Post 0.0105*** 0.0076*** 0.0076** 0.0069** -0.0000 0.0020  
(0.0034) (0.0028) (0.0036) (0.0033) (0.0035) (0.0032) 

(D) Including Both Wisconsin and Prior Expansion States   

Expansion*Post 0.0109*** 0.0079*** 0.0065* 0.0059* 0.0008 0.0021  
(0.0033) (0.0028) (0.0036) (0.0033) (0.0034) (0.0031) 

Characteristics Yes Yes Yes Yes Yes Yes 

State FE Yes Yes Yes Yes Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

Unemp. Rate Yes Yes Yes Yes Yes Yes 
Notes: Sample is restricted to non-disabled childless adults aged 26-64. Estimates are calculated using CPS 

ASEC weights. Individual characteristics include age, sex, race, education, marital status, foreign-born status, 

and citizenship status. Standard errors clustered at the state-year level are provided in parentheses. The 

numbers of observations for Panels A, B, C, and D full samples are 141,933, 159,344, 185,205, and 188,292, 

respectively. The numbers of observations for Panels A, B, C, and D transition samples are 51,724, 58,338, 

67,736 and 68,908, respectively. 
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Appendix D.  

 

 
Figure 13 Placebo Tests for North East States  
Note: Nine triple differences models are estimated by changing a treatment state in North East states. The 

bar graph shows the magnitude of triple differences estimate for each model. Red lines show the 95% 

confident interval for each estimate.   
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Table 39 Estimated Effects with Different Sample Restrictions  

  (1) (2) (3) (4)  
Without 50-99 Without 

Construction 

Before 2009 After 2002 

(A) Employment    

Above*MA*Post -0.0243*** -0.0334* -0.0251** -0.0296*** 

 (0.0068) (0.0198) (0.0113) (0.0095) 

(B) Establishment (NB)    

Above*MA*Post -0.0303*** -0.0270** -0.0349*** -0.0341*** 

 (0.0079) (0.0129) (0.0107) (0.0062) 

Observations 2,325 2,322 1,777 2,238 
Note: Controlling variables include State FE, Year FE, Size FE, State*Year FE, Size*Year FE, State*Size 

FE, Industry FE, Industry*Size FE, Industry*State FE, Industry*Year FE. Clustered standard errors at the 

state-size level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 40 Estimated Effects with Other Controlling States and Private Industries   

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

England 

Community 

Rating 

All States All Industry 

North East 

All Industry 

All States 

(A) Employment      

Above*MA*Post -0.0475*** -0.0435** -0.0287** -0.0140 -0.0066  
(0.0157) (0.0159) (0.0111) (0.0121) (0.0102) 

(B) Establishment (NB)     

Above*MA*Post  -0.0443*** -0.0413*** -0.0406*** -0.0210*** -0.0146** 

 (0.0114) (0.0114) (0.0156) (0.0079) (0.0072) 

Observations 1,927 1,935 15,509 8,568 45,636 

Note: Controlling variables include State FE, Year FE, Size FE, State*Year FE, Size*Year FE, State*Size 

FE, Industry FE, Industry*Size FE, Industry*State FE, Industry*Year FE. Clustered standard errors at the 

state-size level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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Table 41 Analysis of Bunching and Missing Mass 

  (1) (2) (3)  
Emp Est Avg Emp 

(A) Employers with 5 to 9 employees  

Above*MA*Post -0.0111 -0.0154 0.0288**  
(0.0103) (0.0099) (0.0106) 

(B) Employers with 10 to 19 employees  

Above*MA*Post  -0.0277* -0.0276* -0.0008 

 (0.0139) (0.0129) (0.0218) 
Note: Controlling variables include State FE, Year FE, Industry FE, Industry*Year FE, State*Industry FE. 

Clustered standard errors at the state-size level are in parentheses. *** p<0.01, ** p<0.05, * p<0.1 
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