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TITLE 

Labor outcomes of health shocks and dependent coverage expansions 

 

ABSTRACT 

The traditional bundling of health insurance with employment in the United States may distort 
workers’ labor market choices by encouraging full-time wage and salary employment relative to 
part-time work, self-employment, and not working.  However, disentangling the effects of 
employer-provided health insurance on labor market outcomes is a challenging empirical issue.  
To overcome this issue, I conduct three studies which exploit three sources of variation in 
individual valuation of employer-provided group health care.  The first study considers the 
differential impact of health shocks on self-employed workers and wage and salary workers 
using panel data from the Health and Retirement Study.  I find that among older workers in 
perfect health, health shocks have a larger effect on exits from self-employment than on exits 
from wage and salary work, implying that extending group coverage to small firm owners may 
reduce the number of health-related firm failures.  The second study uses data from the Current 
Population Survey’s Annual Social and Economic Supplement (ASEC), and was originally 
intended to examine the effect of state-level dependent coverage expansions on employment 
outcomes for young adults.  Instead, I uncover new evidence that these reforms have had a more 
limited impact on young adults’ insurance rates than indicated by previous research. The third 
study again uses ASEC data, but considers the effects of the Affordable Care Act’s federal-level 
dependent coverage expansion on young adults’ labor market outcomes.  I find that these 
reforms did effectively increase the reported holding of non-spousal dependent coverage, and 
initial results indicate a significant association with reduced labor force participation.  However, 
further investigation reveals that the target population’s relative withdrawal from the labor force 
began prior to the implementation of the insurance reform, and is likely driven by the economic 
recession. 
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1.1 TITLE 
Health Shocks, Out-Of-Pocket Medical Expenses, and Exits from Self-Employment Among 
Older Workers 

 

1.2 ABSTRACT 
Self-employment is a relatively common option for older labor force participants, and one that 
holds the potential to generate employment opportunities for other workers.  However, 
weaknesses in the small-group insurance market may make self-employment relatively 
unattractive for workers concerned about health care costs – and if so, self-employed workers 
suffering a health shock or high out-of-pocket costs may be less inclined to stay in their position 
than wage and salary workers.  In this study, I use data from the Health and Retirement Study 
(HRS) to compare the effect of health shocks or out-of-pocket medical costs on the probability of 
exits from either self-employment or from wage and salary work.  I find that “health shocks,” as 
defined, have similar effects on self-employed workers as on wage and salary workers.  Among 
women, high out-of-pocket medical care costs seem more likely to end a spell of self-
employment than to end a spell of wage work, but high out-of-pocket medical costs from one’s 
spouse are associated with fewer exits from self-employment.  Overall, results do not suggest 
that the extension of group health insurance to self-employed workers would reduce the annual 
number of business failures related to health care cost concerns. 

 

1.3 INTRODUCTION AND LITERATURE REVIEW 
1.3.1 Background and Motivation 

Self-employed workers are relatively disadvantaged in the United States health insurance 
system.  Without the large, cohesive risk pools enjoyed by wage and salary workers, self-
employed workers face higher premiums, lower benefits, and higher rates of coverage denial.  
Previous research has examined how the risk of losing employer sponsored insurance may make 
wage and salary workers reluctant to transition to self-employment.  This study will examine a 
related potential issue that has received far less attention – the role of health care cost concerns 
in nudging self-employed workers out of self-employment.  Health-induced transitions out of 
self-employment could depress the stock of entrepreneurs in society, with possibly detrimental 
consequences for innovation, job creation, and economic growth. 

Using panel data from the Health and Retirement Study (HRS), this work will attempt to 
determine whether (arguably) unexpected health shocks – or high out-of-pocket medical 
expenses – are more likely to encourage an exit from self-employment than an exit from wage 
and salary employment.  If that is the case, extending group health insurance to self-employed 
workers could help them stay at the helm of their firms if they were to receive a health shock.  
This, in turn, could increase the stock of entrepreneurs in society by decreasing the number who 
leave self-employment each year.  Of course, it may be the case that self-employed workers are 
as resilient to health shocks as wage and salary workers (in terms of their ability to continue in 
their current sector), in which case, extending group health insurance to self-employed workers 
may do little to reduce exits or increase the stock of entrepreneurs. 

 

1.3.2. Review of the Literature 

The fact that most American workers depend on their employers for their health insurance has 
created concern over “job lock.”  Job lock refers to a potential problem where a worker avoids 



switching to a different job – one in which he or she may potentially be better matched and 
more productive – out of a fear of losing his or her health insurance benefits.  In an early paper 
on the topic using data from the National Medical Expenditure Survey (NMES), Madrian (1994) 
finds a significant effect consistent with job lock, with voluntary job-to-job transitions reduced 
by 25% among workers with employer-provided health insurance (EPHI).  Consistent with these 
findings, Gruber and Madrian (1994) find that “continuation of coverage” mandates passed in 
various states seemed to reduce the job lock effect.  Holtz-Eakin, Penrod, and Rosen (1996) 
undertook a similar study using data from the Survey of Program Participation (SIPP) and the 
Panel Study of Income Dynamics (PSID).  Unlike Madrian (1994), they do not find evidence for 
the job lock hypothesis, although their study is troubled by small sample sizes and poor 
measures of job characteristics (in SIPP) and insurance status (PSID).  A phenomenon similar to 
job lock – that of workers seeking other (potentially less productive) employment for the sake of 
receiving (better) health benefits – has been termed “job push” by Anderson (1997).  Using data 
from the National Longitudinal Survey on Youth (NLSY79 cohort), Anderson finds evidence for 
both job lock and job push, and concluded that some of the effect traditionally attributed to job 
lock should rightfully be attributed to job push. 

Given the high rates of uninsurance among the self-employed population (Fronstin, 2011), one 
might expect the job lock problem to be especially acute among wage and salary workers 
contemplating self-employment – and especially among those with greater concerns about 
health and health costs.  A number of studies consider the effect of health and insurance status 
on transitions from wage-and-salary work to self-employment.  Fairlie and Meyer (1996) find 
that workers with disabilities are more likely to transition into self-employment (which could be 
due to a direct health effect or because disability opens access to portable insurance from 
Medicare).  Similarly, Zissimopoulos and Karoly (2007) find that workers with work limiting 
health conditions are more likely to transition into self-employment, speculating that working 
for one’s self may be more accommodating to these workers’ limitations.  However, Perry and 
Rosen (2004) find no evidence that unhealthy workers in the MEPS data set were more likely 
than their healthy counterparts to transition into or out of self-employment.  But this work uses 
only binary measures of self-reported health, does not control for insurance status, and covers a 
small time period that allowed for only one transition.  Fairlie, Kapur, and Gates (20101 
examine health insurance as a factor in reducing transitions to self-employment, a phenomenon 
the authors termed “entrepreneurship lock.”  Using CPS data, they find that the presence of 
EPHI seemed to discourage wage and salary workers from transitioning to self-employment 
(compared to those without EPHI).   

A parallel problem, that of self-employed workers leaving self-employment for the better 
insurance environment enjoyed by wage and salary workers, or simply leaving the labor force 
entirely because there is no insurance to entice them to stay, has received far less attention.  By 
way of analogy to “job lock” and “entrepreneurship lock,” this may be termed “entrepreneurship 
push.”  Gumus and Regan (2009) use CPS data to examine transitions between self-employment 
from wage and salary work.  They find evidence consistent with entrepreneurship lock: the 
presence of EPHI is associated with a reduced likelihood of transitioning to self-employment 
among men.  They also find that self-employed workers with EPHI are less likely than their 
uninsured counterparts to transition to wage and salary work, although this effect is estimated 
to be small and statistically insignificant.  (Of course, self-employed workers with and without 
health insurance could be different in other ways besides their health insurance status, 
inhibiting a causal interpretation of this association.)  Furthermore, the study does not consider 
the health status of the workers in question. 

 



1.4. DATA AND METHODOLOGY 
Health-related exits from the labor force reduce the supply of workers in the economy, but given 
the association between wage and salary work and group health insurance, the effect size may be 
different for wage and salary and self-employed workers.  On the other hand, the type of people 
that select into self-employment, and the nature of self-employed work itself, could counteract, 
or even reinforce, this effect.  In this work, I use seven waves of HRS panel data (1996, 1998, 
2000, 2002, 2004, 2006, and 2008) to model health-based exits from current employment type 
for individuals who were either wage and salary workers or self-employed in 1996 through 2006.  
HRS is a longitudinal, biennial survey of older Americans, and features detailed measures of 
health, insurance, and employment status.  The sample is nationally representative for adults 
over the age of 50, covering a good portion of “prime age” workers who are too young for 
Medicare but old enough to value group health insurance more than younger workers.   This 
work represents the first to address what may be termed “entrepreneurship push” using the 
HRS dataset. 

Health status is usually considered endogenous to labor market decisions, because individuals 
have some control over their health status through investments made in their own health 
capital.  Furthermore, individuals have some idea of their current and future health status, 
allowing them to plan their working lives accordingly.  The identification strategy of this paper 
rests on the assumption that certain changes to one’s health status are less foreseeable, and 
constitute a quasi-random “shock” that may induce workers to re-optimize their labor market 
choices by increasing their valuation of group health insurance.  I define “health shock” as an 
inter-wave decline in self-reported health of at least two points on a five point Likert scale 
(1=very poor, 5=excellent), or a new diagnosis of at least one of the following eight conditions: 
high blood pressure, diabetes, cancer, lung disease, heart disease, stroke, psychiatric problems, 
or arthritis. 

Both wage and salary workers and self-employed workers may have less desire or capacity to 
work after a health shock.  But while many wage and salary workers would stand to lose their 
group health insurance if they were to quit, self-employed workers usually have no such 
incentive to continue working.  In fact, some may have an extra incentive to quit in order to 
acquire EPHI by transitioning to wage and salary work.  This study compares the effect size of 
health shocks on exits from wage and salary work and from self-employment. 

Table 1.1 summarizes the set of possible transitioners – that is, people who were either wage and 
salary workers or working for themselves during one of the first six waves of my sample.  The 
sample includes 10,817 individuals who were wage and salary workers, and 1,581 who were self-
employed.  Of these, 19.1% of wage and salary workers and 19.0% of self-employed workers were 
no longer in their respective original categories by the next wave.  Self-employed workers are 
slightly less likely to suffer a health shock (17.6% versus 20.9%), and also tend to have better 
self-reported health (3.818 versus 3.668) and fewer health conditions (0.898 versus 1.088).  
Despite these advantages, self-employed workers had higher out-of-pocket medical 
expenditures ($2,347 versus $1,877).  Self-employed workers are more likely to live in the 
Western United States, less likely to be female, less likely to be African-American, more likely to 
be veterans, less likely to have (just) high school education, and more likely to have (just) some 
college education.  Self-employed workers were also more likely to report having a job that 
requires more physical effort, to have EPHI, and to have EPHI through a spouse.  They also 
report higher wages, assets, and household income than wage and salary workers. 

Given the difficulties faced by purchasers in the small-group health insurance market, the 
availability of affordable health insurance is lower for self-employed workers than for wage and 
salary workers.  This could discourage workers that have or anticipate high medical costs from 
participating in self-employment, because they would be less willing to take on the additional 



financial risk associated with the small-group health insurance market, and more desiring of the 
group insurance associated with wage and salary work.  Thus, health status can have an indirect 
effect on labor market outcomes through insurance.  But the identification of this indirect effect 
is made difficult by the fact that health status can directly affect labor choice as well.  For 
example, a particular health condition may make certain types of work relatively more difficult 
than other types of work, and it may be that the nature of working for one’s self tends to be more 
accommodating to people with certain health limitations or disabilities that affect work.  This 
might induce labor transitions in sick people regardless of insurance concerns.   

Previous work has dealt with this confounding factor (i.e., the direct influence of health status 
on labor market choice) by controlling for disabilities and work-related health limitations, 
allowing researchers to separate the direct effect of health and physical ability on labor choice 
from the indirect effect of health status that that works through one’s demand for quality health 
insurance.  This paper will follow that strategy, controlling for various measures of baseline 
health status in order to isolate the effect of a health “shock.”  Furthermore, HRS contains many 
variables related to the nature of one’s job – including the amount of physical work it involves – 
as well as measures of disability and work-related health limitations.  Another way this study 
will attempt to tease apart the effects of additional job difficulty from additional value placed on 
large-group insurance will be to consider shocks suffered by a worker’s spouse, because these 
may affect a respondent’s demand for group insurance without directly affecting his or her 
ability to work.     

In the work that follows, I assume that workers are operating within an income maximization 
framework, and choose whether or not to stay in their current type of employment based on 
wages and on expected health costs.  I consider individuals who were either working for a 
wage/salary or self-employed at t0, and estimate reduced form ordinary least squares linear 
probability models of two-year exits from either employment category: 

 

p(SELF or NOT WORKING)it2 = β1 SHOCKi(t0->t2) + β2 YEARt0 + β3 REGIONit0  

+ β4 Xit0 + εi | WAGEit0 =1    (1) 

 

p(WAGE or NOT WORKING)it2 = β1 SHOCKi(t0->t2) + β2 YEARt0 + β3 REGIONit0  

+ β4 Xit0 + εi | SELFit0 =1    (2) 

 

In these models, an individual self-employed at t0 is considered to have made an “exit” if they 
are working for a wage or salary or not working at time t2.  Individuals who were wage and 
salary employees at t0 but self-employed or not working at t2 are also considered to have exited.   

The health shock indicator, SHOCKi(t0->t2), is coded as 1 for individuals who gained a new 
diagnosis of high blood pressure, diabetes, cancer, lung disease, heart disease, stroke, 
psychiatric problems, and/or arthritis at some point between t0 and t2.  SHOCKi(t0->t2) is also set 
to one for individuals whose self-reported health decreases by two or more points on a five point 
scale between t0 and t2.  Defined this way, approximately 20.9% of wage and salary workers 
suffer a health shock between t0 and t2, as do 17.6% of self-employed workers.  I hypothesize 
that insurance concerns will make self-employed work is less resilient to shocks, and that the 
coefficient of SHOCKi(t0->t2),  β1, will be larger when estimated on those who are self-employed at 
t0 than on those who are wage and salary workers.  (That is, β1 should be larger when estimating 
equation (1) than equation (2)).  This is because the group insurance benefit acts as an incentive 



to some wage and salary individuals to keep working, and could even encourage some self-
employed workers to seek an employer that could provide EPHI.   

I also experiment by replacing the SHOCKi(t0->t2) indicator with individual-level out-of-pocket 
medical expenseses at t0, OOPMDit0.  Wage and salary workers with higher out-of-pocket 
medical costs could face even higher out-of-pocket costs if they were to leave their jobs, while 
self-employed workers have no such incentive to stay.  In fact, some marginal self-employed 
workers with high out-of-pocket costs could decide to leave self-employment to work for an 
employer than can provide EPHI.  Note that OOPMDit0 is simply costs reported at t0 and not the 
difference in costs between t0 and t2; this is because the difference would capture the effect of 
any work-related health insurance that is gained or lost through a labor transition. 

I also control for YEARt0, a vector of year dummies, and REGIONit0, a vector of census region 
dummies (Northeast, Midwest, and West, with South as the omitted category).  Finally, the 
vector Xit0 includes individual- and household-level characteristics such as self-reported health 
(1=very poor, 5=excellent), number of health conditions1, age, age squared, number of children, 
social security income (yes or no), spousal social security income (yes or no), household assets, 
household income, and indicators for race (black and other, with white as the omitted category), 
ethnicity (Hispanic), foreign birth status, veteran status, and education (less than high school, 
GED, some college, college and above, with high school graduate as the omitted category).  Xit0 
also includes indicators for EPHI, whether one’s spouse has EPHI (which acts as a proxy for 
access to spousal coverage), and public insurance coverage, as well as job-level characteristics, 
including hourly wage, industry, occupation, and the amount of time physical labor is involved.  
The error term is εi.   

Because workers age 65 and older are eligible for Medicare, and because workers age 63 and 64 
may behave differently due to the imminence of their eligibility or because they may already be 
retired, these workers are excluded from the analysis.  Workers in the military are also excluded. 

1 Conditions are defined as earlier, and include high blood pressure, diabetes, cancer, lung 
disease, heart disease, stroke, psychiatric problems, and arthritis. 



Table 1.1: HRS summary statistics for non-military workers receiving no 
government insurance, age 62 and younger, 1996-2006 

WS @ t SE @ t
N 10,817 1,581 dif % dif p-value
exit (t0  -> t2 ) 0.191 (0.005) 0.19 (0.013) -0.001 -0.003 0.033
health shock 0.209 (0.004) 0.176 (0.011) -0.034 -0.162 0.000
OOP med expenditures 1876.673 (66.422) 2346.575 (180.83) 469.902 0.25 0.005
SRH (1=poor, 5=exc.) 3.668 (0.016) 3.818 (0.053) 0.151 0.041 0.000
# health conditions 1.088 (0.019) 0.898 (0.048) -0.19 -0.175 0.000
region: Northeast 0.171 (0.016) 0.154 (0.027) -0.016 -0.095 0.625
region: Midwest 0.275 (0.015) 0.267 (0.029) -0.008 -0.028 0.462
region: South 0.38 (0.016) 0.357 (0.026) -0.023 -0.06 0.149
region: West 0.174 (0.016) 0.221 (0.026) 0.047 0.271 0.006
age 56.052 (0.044) 56.374 (0.12) 0.322 0.006 0.000
female 0.383 (0.008) 0.215 (0.015) -0.168 -0.439 0.000
married 0.954 (0.004) 0.956 (0.009) 0.002 0.002 0.004
race: white 0.884 (0.008) 0.93 (0.011) 0.046 0.053 0.000
race: black 0.066 (0.005) 0.03 (0.005) -0.036 -0.542 0.000
race: other 0.05 (0.005) 0.04 (0.009) -0.011 -0.211 0.405
Hispanic 0.065 (0.008) 0.051 (0.014) -0.014 -0.217 0.205
foreigh birth 0.084 (0.005) 0.094 (0.015) 0.009 0.111 0.270
veteran 0.287 (0.008) 0.319 (0.024) 0.032 0.11 0.015
educ: <HS 0.087 (0.007) 0.096 (0.015) 0.008 0.095 0.606
educ: GED 0.04 (0.004) 0.038 (0.01) -0.002 -0.052 0.294
educ: HS 0.298 (0.011) 0.219 (0.021) -0.079 -0.264 0.004
educ: some college 0.26 (0.011) 0.277 (0.024) 0.017 0.066 0.689
educ: college+ 0.315 (0.014) 0.37 (0.029) 0.055 0.176 0.001
# living children 2.986 (0.045) 3.006 (0.075) 0.019 0.006 0.897
EPHI 0.193 (0.006) 0.335 (0.02) 0.142 0.737 0.000
spousal EPHI 0.441 (0.009) 0.56 (0.022) 0.119 0.269 0.000
public coverage 0.035 (0.004) 0.054 (0.016) 0.019 0.536 0.079
job: phys effort all the time 0.161 (0.006) 0.19 (0.017) 0.029 0.178 0.023
job: phys effort most time 0.126 (0.006) 0.165 (0.018) 0.039 0.309 0.018
job: phys effort some 0.299 (0.008) 0.266 (0.018) -0.033 -0.11 0.034
job: phys effort none 0.366 (0.009) 0.31 (0.023) -0.057 -0.155 0.001
job: phys effort N/A 0.047 (0.004) 0.069 (0.01) 0.022 0.466 0.002
receives SS 0.37 (0.01) 0.372 (0.024) 0.003 0.008 0.846
spouse receives SS 0.376 (0.009) 0.305 (0.02) -0.071 -0.189 0.000
spouse in WS 0.638 (0.009) 0.52 (0.025) -0.119 -0.186 0.000
spouse in SE 0.088 (0.006) 0.278 (0.021) 0.19 2.169 0.000
hourly wage 22.427 (0.707) 30.711 (2.785) 8.284 0.369 0.001
log (HH assets) 12.014 (0.033) 12.91 (0.076) 0.896 0.075 0.000
log (HH income) 11.254 (0.017) 11.54 (0.052) 0.286 0.025 0.000  
Note: Means and standard errors shown.  Person-level analysis weights used, with errors 
clustered at the household level, and adjustments made for HRS stratification. Key: OOP=out-
of-pocket, SRH=self-reported health; HS=high school; EPHI=employer-provided health 



insurance; SS=Social Security; WS=wage and salary work; SE=self-employment; 
HH=household. 

 

1.5. RESULTS 
1.5.1 Basic Transition Probabilities 

Figures 1 and 2 showcase the employment transition probabilities that will be explored in this 
study.  Figure 1.1 shows the transition probabilities for the full sample, which uses the 1996-
2008 waves of HRS, and excludes members of the armed forces, people age 63 and older, and 
people not residing in the United States.  This sample allows for 36,646 possible transitions 
(individuals observed in both t0 and t2).  Probabilities in each transition table sums to 100% 
from left to right.  So for example, among individuals who were not working at t, the vast 
majority, 88%, were still not working at t2.  About 8% of people who were not working at t0 
move to a wage and salary job by t2, with the remaining 3% transitioning to self-employment.  
As with those who were not working at t0, the vast majority of individuals who were either wage 
and salary workers or self-employed at t0 remain so at t2.  However, the percentage who stay in 
wage and salary work, 83%, is higher than the percentage that stay self-employed, 77%, 
indicating that self-employment is in some sense less durable.  Similarly, the percentage who 
transition from self-employment to wage and salary work, about 9% every two years, is higher 
than the 2% of wage and salary workers that transition to self-employment.  Thus, out of 100 
self-employed individuals at t0, about 23 will have stopped working for themselves within two 
years.  This would be consistent with a fairly high rate of firm failure for self-employed 
individuals, although some of these exits could be related to retirement or the successful sale of 
one’s own business.   

Approximately 30% of individuals have a health shock (as defined earlier) between t0 and t2.  
My hypothesis is that the association between self-employment and small-group insurance (or 
uninsurance) may encourage some business owners to dismantle their firms when faced with a 
health shock – perhaps in order to obtain health insurance through an employer  – while their 
counterparts working for someone else would be more likely to continue to work for the sake of 
maintaining their health insurance benefit.  Figure 1.2 gives transition probabilities for 
segments of the population without and with health shocks.  Among the full sample, 84% of 
wage and salary workers who do not suffer a health shock are still working for someone else at 
t2, compared to 78% of self-employed workers.  These proportions decrease to 78% and 73%, 
respectively, among workers with health shocks.   Contrary to my expectations, the decrease was 
slightly larger, in both absolute and in percentage terms, for wage and salary workers suffering 
health shocks than for self-employed workers suffering health shocks.  This is also true among 
subsamples of women and men.  Among married women, shocked self-employed workers had 
smaller absolute declines but larger relative declines in same-sector employment.  Only the 
transitions of married men seem to bear out my hypothesis: among this subsample, receipt of a 
health shock is associated with a 6 percentage point (7.5%) decrease in the probability of same-
sector employment by t2 among wage and salary workers, but a 7 percentage point (8.9%) 
decrease among self-employed workers.  

Figure 1.1. Employment transition probabilities – full sample (N=36,646) 

NW WS SE
NW 0.88 0.08 0.03
WS 0.15 0.83 0.02
SE 0.14 0.09 0.77

t2

t0

 
Note: NW=not working; WS=wage and salary; SE=self-employed. 



 
Figure 1.2. Employment transition probabilities – Women, men, married women, 
married men, without and with health shocks 
full sample - no shock full sample - shock

NW WS SE NW WS SE
NW 0.88 0.09 0.04 NW 0.90 0.07 0.03
WS 0.13 0.84 0.02 WS 0.20 0.78 0.02
SE 0.13 0.09 0.78 SE 0.19 0.08 0.73

t0 t0

t2 t2

 
women - no shock women - shock

NW WS SE NW WS SE
NW 0.88 0.08 0.03 NW 0.90 0.07 0.03
WS 0.14 0.84 0.02 WS 0.20 0.78 0.02
SE 0.18 0.09 0.73 SE 0.24 0.08 0.68

t2 t2

t0 t0

 
men - no shock men - shock

NW WS SE NW WS SE
NW 0.87 0.09 0.04 NW 0.89 0.07 0.04
WS 0.13 0.84 0.03 WS 0.20 0.78 0.02
SE 0.10 0.09 0.82 SE 0.16 0.07 0.77

t0 t0

t2 t2

  
married women - no shock (N=11,790) married women - shock (N=3,138)

NW WS SE NW WS SE
NW 0.88 0.08 0.04 NW 0.90 0.07 0.03
WS 0.15 0.84 0.02 WS 0.19 0.79 0.02
SE 0.18 0.09 0.73 SE 0.24 0.07 0.69

t2 t2

t0 t0

  

married men - no shock (N=9,152) married men - shock (N=2,723)

NW WS SE NW WS SE
NW 0.86 0.10 0.04 NW 0.89 0.07 0.04
WS 0.12 0.85 0.03 WS 0.19 0.78 0.02
SE 0.08 0.09 0.83 SE 0.17 0.08 0.76

t0 t0

t2 t2

  Note: 
NW=not working; WS=wage and salary; SE=self-employed. 
 
1.5.2 Multivariate Results 

Table 1.2 displays the main results of the OLS linear probability models of shock-induced exits 
from wage and salary work or from self-employment.  Results are shown for the full sample, as 
well as for subsamples of women, men, married women, and married men.  (Sample sizes did 
not allow sufficient power for estimation on unmarried women or unmarried men.)  The first 
two columns include results for full sample, pooling both genders and marital statuses (married 
and unmarried), for those who were either wage and salary workers or self-employed at t0.  
Among individuals working for wage or salary at t0, the receipt of a health shock between t0 and 
t2 is associated with a 3.7 percentage point decrease in the probability of an exit by t2.  Among 
workers who were self-employed at t0, a shock is associated with a 5.0 percentage point increase 
in the probability of an exit.  An adjusted Wald test comparing the health shock indicator 
coefficients from the two regressions confirmed that the 1.3 percentage point difference in the 



estimated effect sizes is not statistically significant (p=0.711).  When the sample is limited to just 
women (including both married and unmarried), the difference in the coefficient of the health 
shock indicator is similar for both self-employed and for wage and salary workers.  Similarly, the 
health shock indicator is not significantly different between wage and salary and self-employed 
workers when the sample is limited to males, married females, or married males.   

While some shock-induced exits from self-employment could be due to the lack of group 
insurance that would motivate against exiting (or to the presence of such insurance in wage and 
salary employment), the analysis in Table 1.2 does not rule out the possibility that any difference 
in the estimated size of health shock indicator at least partially captures the direct effect of 
health status on one’s ability to work – which could be the case if self-employed positions tend 
to require better health.2  Fortunately, HRS contains an item that elicits whether or not one 
suffers from a health limitation that affects work, allowing one to exclude cases where health-
shocked individuals also suffered from a work-related health limitation between t0 and t2.  
Table 1.3 repeats the analysis behind Table 1.2, but restricts the sample to those who do not 
experience an increase in work-related health limitations between t0 and t2.  By including only 
those workers whose capacity for labor was not directly affected, a “cleaner” estimate of the 
insurance-related component of the additional impact of health shocks on self-employed 
workers (relative to wage and salary workers) can be estimated.  In fact, results are qualitatively 
similar when the sample is reduced in this way: the difference in  the point estimate of the shock 
indicator coefficient between the two groups never reaches statistical significance. 

A health “shock” is arguably less expected when the recipient is in perfect health.  Table 1.4 
repeats Table 1.2, but excludes from the sample individuals with poor, fair, good, or very good 
health at t0, leaving only those with excellent self-reported health.  Also excluded are individuals 
who at t0 have been diagnosed with high blood pressure, diabetes, cancer, lung disease, heart 
disease, stroke, psychiatric problems, or arthritis.  Results for men and married men are 
consistent with my hypotheses in that a health shock is significantly more strongly associated 
with an exit among healthy self-employed workers than among  wage and salary workers.  
Among married men in “perfect” health, for example, a shock is associated with an 18.5 
percentage point increase in the probability of an exit among wage and salary workers, but a 6.8 
percentage point decrease in that probability among self-employed workers.  Results for married 
women run somewhat counter to my hypothesis, in that self-employed married women who 
suffer a health shock are actually less likely to exit self-employment than those that do not suffer 
a shock.  However, the small sample size for self-employed married women should be noted, as 
well as the fact that the coefficient of the shock indictor for this group is not statistically different 
than that estimated for married women working for a wage or salary. 

Next I estimate an alternative model where I pool samples of workers who were either full-time 
wage and salary workers or full-time self-employed at t0, while adding a new control for self-
employed status.  I also add an indicator for the interaction of self-employed status and a health 
shock, which becomes the new variable of interest.  The coefficient of this interaction is 
essentially a difference-in-difference-in-differences estimator of the additional effect a health 
shock has on self-employed workers relative to wage and salary workers (while controlling for 
the independent effects of shocks and self-employed status).  Results, shown in Table 1.5, are 
similar to those seen in Table 1.2, in that the association between health shocks and self-
employment never reaches statistical significance when predicting exits. 

Health shocks experienced by a respondent’s spouse could increase demand for group health 
insurance, without having a direct effect on one’s ability to work.  Table 1.6 repeats the analysis 

2 Arguably, the inclusion of controls for the physical effort required for one’s job should help 
mitigate this potential threat. 



of Table 1.2, but uses an indicator for having a spouse that suffers a health shock between t0 and 
t2, rather than an indicator for having a shock of one’s own.  Again, results show that the 
association between spousal health shocks and exits from self-employment is not significantly 
larger than the association between spousal shocks and exits from wage and salary work. 

In results shown in Table 1.7, the SHOCKi(t0->t2) indicator is replaced with a variable denoting 
out-of-pocket medical costs (in $10,000 increments) reported at t0, OOPMDit0.  The first two 
columns show that in the full sample, additional out-of-pocket medical costs seem to have no 
bearing on exits from wage and salary employment.  However, an additional $10,000 in out-of-
pocket medical costs is associated with a statistically significant 4.3 percentage point increase in 
the probability of exiting self-employment – but no increase in the probability of leaving wage 
and salary employment (in fact, the coefficient sign is negative).  The difference between the two 
groups is also statistically significant (p=0.016).   Similar results were found for women and 
married women, although the difference between the estimated shock coefficient (between 
workers who were either working for someone else or for themselves at t0) is even larger for 
these two subgroups, at about 7 percentage points.  Among men and married men, additional 
out-of-pocket expenses did not seem to have an independent effect on exits from either wage 
and salary work or from self-employment.  In results not shown, I repeat the analyses of Table 
1.7, but eliminate from the sample individuals who experienced an increase in work-related 
health limitations between t0 and t2.  Results remain largely unchanged for women and married 
women, although the difference in estimated effects in the full sample is reduced (p=0.057).  

Results in Table 1.8 focus on the effect of spousal out-of-pocket medical costs, S_OOPMDit0, 
rather than OOPMDit0.  In theory, this spousal cost variable may better capture new additional 
demand for group insurance without capturing the direct effect of health status on one’s ability 
to work.  While one’s own out-of-pocket medical costs seem to encourage higher levels of exits 
among self-employed women and married women, the opposite seems true with spousal 
medical costs.  Among women and married women, higher spousal medical costs do not seem to 
have a significant relationship with exits from wage and salary work, but they are significantly 
associated with fewer exits from self-employment.  The magnitudes of estimated effect sizes are 
similar to those estimated for OOPMDit0-related exits from self-employment, and suggest a 6.9 
percentage point reduction in the probability of leaving self-employment among women, and a 
6.2 percentage point reduction in the probability of leaving self-employment among married 
women.  No significant relationship is observed among men or married men. 

While the main analysis of this paper is focused on the effect of a “health shock” as defined 
earlier, looking at new diagnoses of individual conditions could also be informative given the 
differential impacts various diagnoses place one’s desire for insurance and willingness or ability 
to continue working.  For example, a new diagnosis of diabetes may increase one’s valuation of 
group health insurance, without directly affecting one’s work ability.  A new diagnosis of a 
psychiatric problem, on the other hand, may severely affect one’s ability to continue working, 
while only modestly increasing estimated future health care costs.  Tables 1.9 and 1.10 show 
results when the SHOCKi(t0->t2) indicator is replaced with indicators for first-time diagnoses of 
diabetes or a psychiatric problem, repectively.  While these results do not suggest that these 
types of shocks have a greater effect on exits among self-employed workers than among wage 
and salary employees, it should be noted that in both cases, new diagnoses are rare.  While 
approximately 35% of workers suffer a “shock” as I define it, only 11% suffer from a new 
diagnosis of diabetes from one time period to the next, and 11% suffer from a new diagnosis of a 
psychiatric problem. 



Table 1.2. OLS regression results for probability of exit from WS or SE (separate regressions for WS, SE) 
marita l  s tatus
sex
sector @ t0 WS SE WS SE WS SE WS SE WS SE
N 11,988 1,592 5,621 444 6,367 1,143 5,183 393 6,068 1,098
SHOCK -0.037 (0.012) *** -0.05 (0.032) -0.017 (0.017) -0.02 (0.073) -0.049 (0.016) *** -0.061 (0.036) * -0.021 (0.018) 0.005 (0.092) -0.049 (0.016) *** -0.056 (0.039) 
SRH (1=poor, 5=exc.) -0.024 (0.005) *** -0.018 (0.015) -0.031 (0.008) *** 0.002 (0.023) -0.02 (0.007) *** -0.022 (0.017) -0.031 (0.008) *** -0.009 (0.027) -0.019 (0.007) *** -0.016 (0.017) 
# health conditions 0.02 (0.005) *** 0.007 (0.013) 0.02 (0.007) *** 0.004 (0.027) 0.019 (0.007) *** 0.01 (0.016) 0.018 (0.006) *** 0.005 (0.029) 0.018 (0.007) *** 0.014 (0.016) 
age -0.046 (0.049) -0.054 (0.138) 0.013 (0.074) 0.121 (0.2) -0.074 (0.056) -0.115 (0.157) 0.013 (0.076) 0.046 (0.216) -0.085 (0.064) -0.156 (0.164) 
age^2 0.001 (0) 0.001 (0.001) 0 (0.001) -0.001 (0.002) 0.001 (0) * 0.001 (0.001) 0 (0.001) 0 (0.002) 0.001 (0.001) * 0.002 (0.001) 
female 0.045 (0.013) *** 0.043 (0.034) dropped dropped dropped dropped dropped dropped dropped dropped
married -0.05 (0.02) ** -0.014 (0.05) -0.023 (0.032) 0.072 (0.065) -0.063 (0.026) ** -0.048 (0.068) dropped dropped dropped dropped
race: black 0.045 (0.017) ** 0.016 (0.078) 0.087 (0.022) *** 0.025 (0.147) 0.012 (0.023) 0.013 (0.09) 0.088 (0.025) *** 0.046 (0.167) 0.013 (0.023) 0.033 (0.091) 
race: other 0.044 (0.029) -0.031 (0.051) 0.064 (0.032) ** 0.006 (0.107) 0.04 (0.039) -0.05 (0.048) 0.063 (0.032) * 0.065 (0.139) 0.025 (0.039) -0.051 (0.055) 
Hispanic 0.048 (0.02) ** -0.069 (0.058) 0.113 (0.025) *** 0.2 (0.108) * 0.013 (0.029) -0.133 (0.062) ** 0.113 (0.023) *** 0.132 (0.132) 0.022 (0.031) -0.139 (0.067) **
foreigh birth -0.008 (0.02) 0.11 (0.046) ** -0.002 (0.026) 0.276 (0.11) ** -0.019 (0.022) 0.087 (0.049) * -0.011 (0.026) 0.301 (0.135) ** -0.017 (0.024) 0.096 (0.05) *
veteran -0.033 (0.014) ** -0.064 (0.031) ** -0.148 (0.104) -0.107 (0.148) -0.038 (0.014) *** -0.07 (0.032) ** -0.144 (0.104) -0.028 (0.135) -0.034 (0.014) ** -0.063 (0.031) **
educ: <HS -0.011 (0.017) -0.015 (0.049) 0.045 (0.032) 0.085 (0.09) -0.029 (0.022) -0.063 (0.057) 0.065 (0.033) * 0.01 (0.081) -0.019 (0.022) -0.041 (0.056) 
educ: GED -0.005 (0.025) -0.044 (0.083) 0.023 (0.036) 0.068 (0.095) -0.022 (0.033) -0.08 (0.1) 0.015 (0.037) 0.032 (0.103) -0.012 (0.034) -0.087 (0.102) 
educ: some col lege -0.002 (0.011) 0.066 (0.036) * -0.025 (0.019) -0.002 (0.052) 0.015 (0.014) 0.052 (0.043) -0.025 (0.018) 0.01 (0.06) 0.021 (0.014) 0.05 (0.04) 
educ: col lege+ -0.026 (0.013) * 0.057 (0.033) * -0.064 (0.016) *** 0.084 (0.055) -0.003 (0.019) 0.043 (0.038) -0.066 (0.017) *** 0.086 (0.056) 0.004 (0.019) 0.04 (0.037) 
# l iving chi ldren -0.005 (0.003) -0.022 (0.008) *** -0.009 (0.004) ** -0.009 (0.014) -0.002 (0.004) -0.021 (0.01) ** -0.008 (0.004) ** -0.02 (0.016) -0.002 (0.004) -0.018 (0.01) *
EPHI -0.029 (0.011) *** 0.004 (0.026) -0.02 (0.016) -0.015 (0.061) -0.04 (0.016) ** 0.006 (0.028) -0.022 (0.017) 0.009 (0.067) -0.038 (0.016) ** -0.008 (0.028) 
spousal  EPHI 0.012 (0.012) 0.019 (0.024) 0.008 (0.013) -0.047 (0.053) 0.016 (0.016) 0.027 (0.028) 0.004 (0.015) -0.051 (0.058) 0.011 (0.016) 0.014 (0.031) 
publ ic coverage 0.075 (0.033) ** 0.021 (0.057) 0.016 (0.045) 0.145 (0.133) 0.102 (0.037) *** -0.019 (0.065) 0.015 (0.047) 0.091 (0.117) 0.09 (0.038) ** -0.026 (0.065) 
job: phys  effort most time -0.021 (0.016) -0.025 (0.032) -0.048 (0.023) ** -0.141 (0.07) ** -0.001 (0.022) 0.014 (0.041) -0.034 (0.022) -0.095 (0.065) 0.004 (0.021) 0.029 (0.043) 
job: phys  effort some -0.034 (0.014) ** -0.004 (0.033) -0.073 (0.024) *** -0.131 (0.057) ** -0.009 (0.015) 0.028 (0.041) -0.066 (0.026) ** -0.121 (0.06) * -0.005 (0.016) 0.037 (0.042) 
job: phys  effort none -0.037 (0.014) *** -0.022 (0.042) -0.051 (0.019) *** -0.078 (0.073) -0.033 (0.019) * 0.001 (0.047) -0.05 (0.02) ** -0.05 (0.079) -0.037 (0.02) * 0.008 (0.048) 
job: phys  effort N/A 0.047 (0.02) ** 0.087 (0.061) 0.071 (0.05) 0.019 (0.14) 0.057 (0.023) ** 0.099 (0.066) 0.087 (0.051) * -0.14 (0.12) 0.049 (0.025) * 0.109 (0.066) 
job: log (wage) 0.045 (0.009) *** -0.006 (0.017) 0.05 (0.013) *** -0.046 (0.028) 0.046 (0.01) *** 0.004 (0.016) 0.048 (0.013) *** -0.023 (0.032) 0.043 (0.01) *** 0.017 (0.015) 
receives  SS -0.111 (0.01) *** -0.172 (0.033) *** -0.088 (0.017) *** -0.088 (0.091) -0.14 (0.013) *** -0.202 (0.037) *** -0.096 (0.018) *** -0.059 (0.094) -0.142 (0.015) *** -0.211 (0.037) ***
spouse receives  SS -0.096 (0.011) *** -0.08 (0.029) *** -0.124 (0.016) *** -0.095 (0.06) -0.065 (0.015) *** -0.08 (0.034) ** -0.121 (0.016) *** -0.128 (0.059) ** -0.068 (0.016) *** -0.09 (0.035) **
spouse in WS -0.054 (0.013) *** -0.007 (0.027) -0.082 (0.017) *** -0.018 (0.079) -0.04 (0.017) ** -0.014 (0.033) -0.076 (0.017) *** -0.043 (0.081) -0.039 (0.016) ** 0.008 (0.037) 
spouse in SE -0.043 (0.019) ** -0.087 (0.032) *** -0.066 (0.028) ** -0.034 (0.086) -0.028 (0.028) -0.11 (0.035) *** -0.065 (0.028) ** -0.06 (0.083) -0.018 (0.03) -0.101 (0.04) **
log (HH assets) 0.017 (0.004) *** -0.022 (0.011) * 0.021 (0.007) *** 0.009 (0.021) 0.016 (0.005) *** -0.025 (0.014) * 0.023 (0.007) *** -0.009 (0.027) 0.016 (0.005) *** -0.029 (0.013) **
log (HH income) 0.013 (0.009) -0.018 (0.017) 0.021 (0.015) -0.034 (0.025) 0.008 (0.011) -0.02 (0.02) 0.022 (0.015) -0.026 (0.031) 0.008 (0.011) -0.014 (0.02) 
(year indicators ) yes yes yes yes yes yes yes yes yes yes
(region indicators ) yes yes yes yes yes yes yes yes yes yes
(occup. indicators ) yes yes yes yes yes yes yes yes yes yes
(industry indicators ) yes yes yes yes yes yes yes yes yes yes
di f in coef(SHOCK )

F, Prob>F 0.14 (0.711) 0 (0.972) 0.08 (0.779) 0.07 (0.786) 0.02 (0.879)

-0.013 -0.003 -0.012 0.026 -0.007

any married
both female male female male

 
Note: OLS coefficients and standard errors shown.  Person-level analysis weights used, with errors clustered at the household level, 
and adjustments made for HRS stratification. Key: * coefficient significant at 10% level; ** coefficient significant at 5% level; *** 
coefficient significant at 1% level. WS=wage and salary, SE=self-employed. 
Table 1.3. OLS regression results for probability of exit from WS or SE, given no change in work-related health 
limitations 



marital  status
sex both female male female male

any married

  
sector @ t0 WS SE WS SE WS SE WS SE WS SE
N 11,290 1,494 5,317 424 5,973 1,066 4,907 375 5,694 1,025
SHOCK -0.072 (0.012) *** -0.078 (0.034) ** -0.059 (0.016) *** -0.017 (0.08) -0.082 (0.015) *** -0.098 (0.038) ** -0.061 (0.017) *** 0.013 (0.097) -0.084 (0.015) *** -0.1 (0.039) **
SRH (1=poor, 5=exc.) -0.021 (0.006) *** -0.015 (0.014) -0.027 (0.007) *** 0.006 (0.026) -0.017 (0.008) ** -0.018 (0.016) -0.028 (0.008) *** -0.01 (0.03) -0.017 (0.008) ** -0.019 (0.017) 
# health conditions 0.016 (0.005) *** 0.012 (0.014) 0.016 (0.007) ** -0.003 (0.027) 0.013 (0.006) ** 0.018 (0.017) 0.013 (0.007) * -0.003 (0.03) 0.011 (0.006) * 0.021 (0.016) 
age -0.068 (0.047) -0.098 (0.142) 0.007 (0.071) 0.09 (0.222) -0.109 (0.059) * -0.147 (0.157) 0.012 (0.073) 0.076 (0.234) -0.115 (0.066) * -0.161 (0.164) 
age^2 0.001 (0) ** 0.001 (0.001) 0 (0.001) -0.001 (0.002) 0.001 (0.001) ** 0.002 (0.001) 0 (0.001) 0 (0.002) 0.001 (0.001) ** 0.002 (0.001) 
female 0.044 (0.013) *** 0.055 (0.036) dropped dropped dropped dropped dropped dropped dropped dropped
married -0.045 (0.021) ** 0.043 (0.051) -0.004 (0.032) 0.137 (0.072) * -0.065 (0.027) ** 0.009 (0.066) dropped dropped dropped dropped
race: black 0.038 (0.019) ** 0.022 (0.077) 0.087 (0.024) *** 0.032 (0.149) 0.002 (0.023) 0.026 (0.09) 0.095 (0.025) *** 0.07 (0.169) 0.007 (0.024) 0.047 (0.093) 
race: other 0.043 (0.029) -0.023 (0.053) 0.072 (0.033) ** 0.033 (0.102) 0.036 (0.038) -0.042 (0.055) 0.07 (0.032) ** 0.045 (0.142) 0.018 (0.038) -0.04 (0.062) 
Hispanic 0.039 (0.022) * -0.064 (0.056) 0.101 (0.029) *** 0.155 (0.103) 0.005 (0.032) -0.119 (0.063) * 0.105 (0.028) *** 0.148 (0.136) 0.013 (0.035) -0.128 (0.066) *
foreigh birth -0.003 (0.018) 0.114 (0.045) ** 0.004 (0.024) 0.289 (0.117) ** -0.013 (0.023) 0.086 (0.045) * -0.009 (0.024) 0.295 (0.141) ** -0.012 (0.024) 0.095 (0.046) **
veteran -0.028 (0.015) * -0.074 (0.032) ** -0.129 (0.105) 0.005 (0.135) -0.036 (0.015) ** -0.081 (0.033) ** -0.124 (0.104) 0.047 (0.146) -0.031 (0.015) ** -0.078 (0.033) **
educ: <HS -0.022 (0.017) 0.001 (0.043) 0.043 (0.033) 0.123 (0.094) -0.045 (0.023) * -0.051 (0.053) 0.061 (0.036) * 0.062 (0.087) -0.032 (0.023) -0.044 (0.055) 
educ: GED -0.004 (0.029) -0.041 (0.074) 0.033 (0.036) 0.117 (0.093) -0.029 (0.036) -0.096 (0.094) 0.025 (0.039) 0.078 (0.099) -0.016 (0.037) -0.106 (0.096) 
educ: some col lege -0.009 (0.012) 0.071 (0.034) ** -0.034 (0.019) * -0.004 (0.052) 0.007 (0.015) 0.055 (0.045) -0.036 (0.019) * -0.002 (0.061) 0.013 (0.016) 0.045 (0.044) 
educ: col lege+ -0.032 (0.013) ** 0.055 (0.033) * -0.066 (0.016) *** 0.079 (0.056) -0.016 (0.019) 0.04 (0.039) -0.07 (0.017) *** 0.07 (0.057) -0.008 (0.02) 0.026 (0.039) 
# l iving chi ldren -0.006 (0.003) ** -0.018 (0.008) ** -0.01 (0.004) ** -0.014 (0.014) -0.003 (0.003) -0.018 (0.01) * -0.01 (0.004) ** -0.021 (0.017) -0.003 (0.004) -0.017 (0.011) 
EPHI -0.029 (0.012) ** -0.003 (0.025) -0.016 (0.017) -0.005 (0.057) -0.044 (0.016) *** -0.007 (0.026) -0.016 (0.017) 0.011 (0.065) -0.042 (0.016) ** -0.012 (0.028) 
spousal  EPHI 0.009 (0.013) 0.017 (0.027) 0.009 (0.014) -0.049 (0.055) 0.009 (0.017) 0.021 (0.032) 0.005 (0.015) -0.047 (0.06) 0.006 (0.017) 0.017 (0.031) 
publ ic coverage 0.065 (0.036) * 0.028 (0.06) -0.015 (0.041) 0.019 (0.108) 0.104 (0.042) ** 0.008 (0.074) -0.015 (0.042) 0.024 (0.113) 0.096 (0.043) ** 0.003 (0.073) 
job: phys  effort most time -0.021 (0.018) -0.005 (0.04) -0.035 (0.024) -0.112 (0.067) -0.007 (0.023) 0.036 (0.047) -0.026 (0.024) -0.08 (0.065) 0.001 (0.021) 0.046 (0.046) 
job: phys  effort some -0.026 (0.015) * 0.004 (0.037) -0.055 (0.026) ** -0.107 (0.057) * -0.005 (0.015) 0.046 (0.045) -0.051 (0.026) * -0.099 (0.059) 0.001 (0.016) 0.057 (0.044) 
job: phys  effort none -0.028 (0.014) * -0.001 (0.046) -0.038 (0.021) * -0.056 (0.066) -0.026 (0.018) 0.039 (0.055) -0.039 (0.022) * -0.034 (0.073) -0.026 (0.019) 0.047 (0.055) 
job: phys  effort N/A 0.065 (0.021) *** 0.099 (0.064) 0.098 (0.055) * 0.047 (0.12) 0.073 (0.023) *** 0.129 (0.069) * 0.112 (0.056) * -0.09 (0.107) 0.067 (0.024) *** 0.137 (0.069) *
job: log (wage) 0.047 (0.009) *** -0.002 (0.016) 0.055 (0.015) *** -0.042 (0.029) 0.046 (0.01) *** 0.01 (0.016) 0.053 (0.015) *** -0.031 (0.031) 0.044 (0.01) *** 0.015 (0.016) 
receives  SS -0.146 (0.01) *** -0.178 (0.032) *** -0.126 (0.018) *** -0.061 (0.085) -0.173 (0.016) *** -0.213 (0.037) *** -0.13 (0.019) *** -0.038 (0.09) -0.178 (0.017) *** -0.216 (0.038) ***
spouse receives  SS -0.092 (0.012) *** -0.096 (0.028) *** -0.12 (0.017) *** -0.099 (0.061) -0.062 (0.016) *** -0.105 (0.033) *** -0.116 (0.017) *** -0.126 (0.063) * -0.063 (0.017) *** -0.107 (0.034) ***
spouse in WS -0.046 (0.013) *** 0.014 (0.031) -0.078 (0.017) *** -0.022 (0.078) -0.029 (0.018) 0.013 (0.041) -0.076 (0.018) *** -0.034 (0.08) -0.027 (0.018) 0.016 (0.039) 
spouse in SE -0.035 (0.019) * -0.062 (0.034) * -0.065 (0.026) ** -0.037 (0.081) -0.014 (0.031) -0.081 (0.038) ** -0.068 (0.027) ** -0.052 (0.086) -0.003 (0.034) -0.09 (0.04) **
log (HH assets) 0.017 (0.004) *** -0.014 (0.011) 0.024 (0.007) *** 0.004 (0.021) 0.014 (0.005) ** -0.015 (0.013) 0.024 (0.007) *** -0.009 (0.027) 0.015 (0.005) *** -0.017 (0.014) 
log (HH income) 0.014 (0.01) -0.023 (0.016) 0.02 (0.015) -0.023 (0.029) 0.011 (0.011) -0.027 (0.019) 0.025 (0.015) -0.011 (0.033) 0.01 (0.011) -0.027 (0.019) 
(year indicators ) yes yes yes yes yes yes yes yes yes yes
(region indicators ) yes yes yes yes yes yes yes yes yes yes
(occup. indicators ) yes yes yes yes yes yes yes yes yes yes
(industry indicators ) yes yes yes yes yes yes yes yes yes yes
di f in coef(SHOCK )

F, Prob>F 0.03 (0.875) 0.27 (0.608) 0.14 (0.709) 0.58 (0.449) 0.12 (0.729)

-0.006 0.042 -0.016 0.075 -0.016

 
Note: OLS coefficients and standard errors shown.  Person-level analysis weights used, with errors clustered at the household level, 
and adjustments made for HRS stratification. Key: * coefficient significant at 10% level; ** coefficient significant at 5% level; *** 
coefficient significant at 1% level. WS=wage and salary, SE=self-employed. 



Table 1.4 OLS regression results for probability of exit from WS or SE, given “perfect” health at t0  
marital  status
sex both female male female male

any married

 
sector @ t0 WS SE WS SE WS SE WS SE WS SE
N 1,408 258 654 67 753 180 601 57 716 172
SHOCK 0.352 (0.041) *** 0.433 (0.059) *** 0.379 (0.061) *** 0.041 (0.09) 0.336 (0.045) *** 0.548 (0.06) *** 0.383 (0.06) *** -0.448 (0.17) * 0.349 (0.047) *** 0.552 (0.069) ***
SRH (1=poor, 5=exc.) dropped dropped dropped dropped dropped dropped dropped dropped dropped dropped
# health conditions dropped dropped dropped dropped dropped dropped dropped dropped dropped dropped
age 0.046 (0.111) -0.15 (0.249) -0.045 (0.187) -1.066 (0.234) *** 0.042 (0.129) -0.357 (0.456) -0.024 (0.173) -1.37 (0.644) * 0.024 (0.131) -0.448 (0.377) 
age^2 0 (0.001) 0.002 (0.002) 0 (0.002) 0.01 (0.002) *** 0 (0.001) 0.003 (0.004) 0 (0.002) 0.013 (0.006) 0 (0.001) 0.004 (0.003) 
female 0.06 (0.045) -0.058 (0.069) dropped dropped dropped dropped dropped dropped dropped dropped
married 0.009 (0.048) 0.006 (0.149) 0.016 (0.082) -0.193 (0.173) -0.016 (0.071) 0.124 (0.222) dropped dropped dropped dropped
race: black 0.015 (0.069) 0.23 (0.142) 0.08 (0.128) 1.237 (0.346) ** -0.057 (0.082) 0.112 (0.169) 0.099 (0.133) -0.187 (0.501) -0.049 (0.082) 0.229 (0.163) 
race: other 0.012 (0.064) -0.055 (0.118) -0.02 (0.122) -0.911 (0.183) *** -0.005 (0.075) -0.372 (0.161) ** -0.062 (0.128) -2.698 (0.713) ** 0.019 (0.078) -0.421 (0.194) **
Hispanic 0.002 (0.054) -0.344 (0.091) *** 0.248 (0.143) * 0.517 (0.249) * -0.081 (0.062) -0.251 (0.108) ** 0.229 (0.141) 3.849 (0.954) ** -0.115 (0.065) * -0.255 (0.132) *
foreigh birth -0.068 (0.029) ** 0.053 (0.098) -0.013 (0.047) -0.986 (0.35) ** -0.082 (0.041) * 0.035 (0.107) -0.013 (0.042) -0.997 (0.463) * -0.053 (0.042) 0.133 (0.113) 
veteran -0.026 (0.037) -0.026 (0.05) 0.007 (0.158) -0.198 (0.283) -0.035 (0.034) 0.002 (0.052) 0.083 (0.153) -0.375 (0.563) -0.028 (0.034) 0.003 (0.055) 
educ: <HS -0.106 (0.067) 0.283 (0.127) ** -0.008 (0.151) dropped -0.069 (0.076) 0.276 (0.152) * 0.016 (0.167) dropped -0.093 (0.079) 0.496 (0.184) **
educ: GED -0.063 (0.096) 0.011 (0.178) 0.059 (0.151) dropped -0.157 (0.081) * -0.344 (0.185) * 0.057 (0.158) dropped -0.159 (0.079) ** -0.186 (0.244) 
educ: some col lege -0.037 (0.032) 0.111 (0.079) -0.09 (0.033) *** -0.075 (0.233) -0.005 (0.048) -0.018 (0.081) -0.087 (0.039) ** 0.202 (0.466) 0.01 (0.048) -0.02 (0.084) 
educ: col lege+ -0.017 (0.032) 0.071 (0.074) -0.21 (0.047) *** -0.286 (0.141) * 0.074 (0.051) 0.082 (0.083) -0.213 (0.046) *** -0.167 (0.409) 0.065 (0.055) 0.031 (0.065) 
# l iving chi ldren -0.002 (0.008) 0.025 (0.021) 0.002 (0.014) 0.118 (0.05) * -0.001 (0.011) 0.056 (0.03) * -0.002 (0.013) 0.088 (0.041) * 0.003 (0.011) 0.062 (0.03) **
EPHI -0.023 (0.026) 0.037 (0.045) -0.032 (0.041) 0.453 (0.142) ** 0.033 (0.042) 0.036 (0.05) -0.009 (0.04) 0.873 (0.182) *** 0.042 (0.045) 0.027 (0.045) 
spousal  EPHI 0.015 (0.027) -0.049 (0.049) 0.048 (0.043) -0.083 (0.081) 0.009 (0.033) -0.075 (0.076) 0.059 (0.04) 0.735 (0.444) 0.011 (0.033) -0.078 (0.068) 
publ ic coverage 0.052 (0.085) 0.114 (0.105) -0.156 (0.101) 1.645 (0.248) *** 0.208 (0.094) ** -0.1 (0.126) -0.157 (0.097) 2.44 (0.37) *** 0.192 (0.094) ** -0.083 (0.122) 
job: phys  effort most time 0.036 (0.048) 0.031 (0.106) 0.094 (0.068) -0.237 (0.163) -0.014 (0.069) 0.051 (0.146) 0.076 (0.069) 0.177 (0.641) 0.011 (0.071) 0.167 (0.121) 
job: phys  effort some 0 (0.046) -0.029 (0.062) 0.051 (0.046) -0.655 (0.13) *** -0.01 (0.07) -0.081 (0.089) 0.056 (0.044) -0.311 (0.152) 0.001 (0.071) -0.059 (0.072) 
job: phys  effort none 0.009 (0.038) -0.062 (0.065) 0.037 (0.04) 0.126 (0.188) -0.018 (0.058) -0.167 (0.095) * 0.039 (0.041) 0.112 (0.387) -0.018 (0.059) -0.127 (0.085) 
job: phys  effort N/A 0.187 (0.074) ** 0.071 (0.087) 0.268 (0.165) 0.722 (0.409) 0.18 (0.095) * 0.006 (0.094) 0.324 (0.169) * -2.121 (1.982) 0.192 (0.102) * -0.009 (0.089) 
job: log (wage) 0.004 (0.027) -0.047 (0.029) 0.087 (0.04) ** -0.033 (0.073) -0.031 (0.027) -0.015 (0.031) 0.102 (0.045) ** -0.061 (0.163) -0.037 (0.03) 0.023 (0.034) 
receives  SS -0.123 (0.032) *** -0.245 (0.07) *** -0.03 (0.05) 0.066 (0.127) -0.177 (0.036) *** -0.335 (0.073) *** -0.035 (0.054) 0.211 (0.318) -0.186 (0.039) *** -0.342 (0.076) ***
spouse receives  SS -0.099 (0.032) *** -0.023 (0.062) -0.062 (0.037) 0.143 (0.126) -0.133 (0.038) *** 0.059 (0.069) -0.057 (0.038) -0.214 (0.124) -0.141 (0.043) *** 0.066 (0.062) 
spouse in WS -0.098 (0.03) *** -0.047 (0.074) -0.165 (0.044) *** -0.023 (0.125) -0.092 (0.04) ** -0.073 (0.087) -0.179 (0.045) *** -0.395 (0.095) ** -0.098 (0.041) ** -0.018 (0.074) 
spouse in SE -0.1 (0.044) ** -0.007 (0.076) -0.066 (0.062) -0.169 (0.208) -0.173 (0.048) *** 0.009 (0.076) -0.082 (0.061) 0.311 (0.279) -0.171 (0.051) *** 0.004 (0.079) 
log (HH assets) 0.005 (0.009) -0.081 (0.037) ** -0.021 (0.015) -0.005 (0.029) 0.01 (0.014) -0.147 (0.035) *** -0.033 (0.016) ** -0.24 (0.057) ** 0.007 (0.015) -0.125 (0.035) ***
log (HH income) 0.022 (0.019) 0.013 (0.048) 0.054 (0.03) * -0.081 (0.058) 0.012 (0.028) 0.05 (0.045) 0.05 (0.033) 0.263 (0.146) 0.009 (0.03) -0.044 (0.05) 
(year indicators ) yes yes yes yes yes yes yes yes yes yes
(region indicators ) yes yes yes yes yes yes yes yes yes yes
(occup. indicators ) yes yes yes yes yes yes yes yes yes yes
(industry indicators ) yes yes yes yes yes yes yes yes yes yes
di f in coef(SHOCK )

F, Prob>F

-0.831 0.204

1.03 (0.314) 7.17 (0.01) 6.61 (0.013) 8.64 (0) 5.05 (0.029)

0.081 -0.338 0.212

 
Note: OLS coefficients and standard errors shown.  Person-level analysis weights used, with errors clustered at the household level, 
and adjustments made for HRS stratification. Key: * coefficient significant at 10% level; ** coefficient significant at 5% level; *** 
coefficient significant at 1% level. WS=wage and salary, SE=self-employed. 



Table 1.5. OLS regression results for probability of exit from WS or SE (pooled regressions for WS, SE)  
marita l  s tatus
sex Full Females Males Females Males
N 13,582 6,071 7,511 5,581 7,166
SHOCK 0.302 (0.012) *** 0.309 (0.017) *** 0.294 (0.015) *** 0.306 (0.017) *** 0.292 (0.016) ***
sel f-employed -0.021 (0.017) -0.005 (0.026) -0.027 (0.019) -0.005 (0.027) -0.032 (0.02) 
SHOCK  * sel f-employed 0.028 (0.029) 0.029 (0.043) 0.033 (0.033) 0.034 (0.048) 0.047 (0.033) 
SRH (1=poor, 5=exc.) -0.015 (0.004) *** -0.02 (0.007) *** -0.013 (0.006) ** -0.021 (0.007) *** -0.012 (0.005) **
# health conditions 0.022 (0.004) *** 0.021 (0.006) *** 0.021 (0.006) *** 0.02 (0.006) *** 0.021 (0.006) ***
age -0.043 (0.045) 0.021 (0.054) -0.074 (0.052) 0.007 (0.054) -0.102 (0.058) *
age^2 0.001 (0) 0 (0) 0.001 (0) * 0 (0) 0.001 (0.001) **
female 0.034 (0.01) *** dropped dropped dropped dropped
married -0.034 (0.017) ** -0.028 (0.027) -0.034 (0.022) dropped dropped
race: black 0.038 (0.015) ** 0.073 (0.021) *** 0.016 (0.017) 0.074 (0.024) *** 0.019 (0.018) 
race: other 0.011 (0.021) 0.03 (0.026) 0.005 (0.03) 0.039 (0.026) -0.004 (0.031) 
Hispanic 0.034 (0.016) ** 0.112 (0.024) *** -0.005 (0.024) 0.114 (0.022) *** 0.001 (0.026) 
foreigh birth 0.008 (0.016) 0.006 (0.023) 0.007 (0.019) -0.003 (0.023) 0.008 (0.02) 
veteran -0.029 (0.012) ** -0.01 (0.118) -0.033 (0.012) *** -0.008 (0.117) -0.029 (0.012) **
educ: <HS -0.012 (0.015) 0.041 (0.026) -0.028 (0.019) 0.054 (0.026) ** -0.018 (0.019) 
educ: GED -0.024 (0.021) 0.005 (0.034) -0.04 (0.028) 0.004 (0.035) -0.028 (0.03) 
educ: some col lege -0.003 (0.01) -0.022 (0.015) 0.013 (0.013) -0.018 (0.015) 0.017 (0.014) 
educ: col lege+ -0.004 (0.011) -0.032 (0.014) ** 0.016 (0.015) -0.031 (0.015) ** 0.02 (0.015) 
# l iving chi ldren -0.006 (0.002) ** -0.005 (0.003) -0.006 (0.004) * -0.006 (0.003) -0.006 (0.004) 
EPHI -0.032 (0.01) *** -0.034 (0.016) ** -0.03 (0.013) ** -0.035 (0.017) ** -0.035 (0.014) **
spousal  EPHI 0.007 (0.012) 0.003 (0.013) 0.012 (0.015) 0.002 (0.014) 0.005 (0.014) 
publ ic coverage 0.05 (0.029) * 0.025 (0.032) 0.06 (0.038) 0.023 (0.034) 0.05 (0.039) 
job: phys  effort most time -0.001 (0.013) -0.031 (0.021) 0.015 (0.018) -0.019 (0.02) 0.022 (0.018) 
job: phys  effort some -0.012 (0.012) -0.054 (0.02) *** 0.014 (0.015) -0.048 (0.021) ** 0.016 (0.016) 
job: phys  effort none -0.015 (0.014) -0.032 (0.018) * -0.01 (0.018) -0.028 (0.02) -0.011 (0.019) 
job: phys  effort N/A 0.027 (0.018) 0.054 (0.043) 0.037 (0.02) * 0.044 (0.042) 0.034 (0.02) 
job: log (wage) 0.02 (0.008) *** 0.02 (0.009) ** 0.024 (0.009) ** 0.022 (0.009) ** 0.027 (0.009) ***
receives  SS -0.059 (0.011) *** -0.026 (0.016) * -0.087 (0.014) *** -0.028 (0.016) * -0.087 (0.015) ***
spouse receives  SS -0.069 (0.01) *** -0.089 (0.014) *** -0.049 (0.013) *** -0.088 (0.015) *** -0.052 (0.012) ***
spouse in WS -0.044 (0.011) *** -0.058 (0.014) *** -0.037 (0.013) *** -0.055 (0.015) *** -0.033 (0.013) **
spouse in SE -0.051 (0.015) *** -0.052 (0.019) *** -0.056 (0.02) *** -0.049 (0.019) ** -0.05 (0.021) **
log (HH assets) 0.013 (0.004) *** 0.023 (0.005) *** 0.008 (0.005) 0.024 (0.005) *** 0.007 (0.005) 
log (HH income) 0.005 (0.008) 0.009 (0.011) 0.002 (0.009) 0.009 (0.012) 0.004 (0.009) 
(year indicators ) yes yes yes yes yes
(region indicators ) yes yes yes yes yes
(occup. indicators ) yes yes yes yes yes
(industry indicators ) yes yes yes yes yes

any married

 
Note: OLS coefficients and standard errors shown.  Person-level analysis weights used, with errors clustered at the household level, 
and adjustments made for HRS stratification. Key: * coefficient significant at 10% level; ** coefficient significant at 5% level; *** 
coefficient significant at 1% level. WS=wage and salary, SE=self-employed. 



Table 1.6. OLS regression results for probability of exit from WS or SE, based on spousal health shock 
marita l  s tatus
sex
sector @ t0 WS SE WS SE WS SE WS SE WS SE
N 11,988 1,592 5,621 444 6,367 1,143 5,183 393 6,068 1,098
Spousal  SHOCK 0.219 (0.012) *** 0.23 (0.032) *** 0.196 (0.016) *** 0.119 (0.054) ** 0.232 (0.015) *** 0.255 (0.033) *** 0.199 (0.015) *** 0.104 (0.058) * 0.233 (0.015) *** 0.265 (0.032) ***
SRH (1=poor, 5=exc.) -0.041 (0.005) *** -0.033 (0.014) ** -0.048 (0.008) *** -0.007 (0.026) -0.036 (0.007) *** -0.037 (0.016) ** -0.048 (0.008) *** -0.015 (0.029) -0.035 (0.007) *** -0.034 (0.016) **
# health conditions 0.019 (0.005) *** 0.008 (0.012) 0.019 (0.007) *** -0.001 (0.026) 0.016 (0.006) ** 0.014 (0.015) 0.017 (0.007) ** 0.002 (0.029) 0.016 (0.006) ** 0.018 (0.015) 
age -0.04 (0.045) -0.036 (0.136) 0.008 (0.07) 0.117 (0.199) -0.066 (0.05) -0.079 (0.156) 0.015 (0.07) 0.054 (0.214) -0.093 (0.059) -0.124 (0.162) 
age^2 0.001 (0) 0 (0.001) 0 (0.001) -0.001 (0.002) 0.001 (0) * 0.001 (0.001) 0 (0.001) 0 (0.002) 0.001 (0.001) * 0.001 (0.001) 
female 0.034 (0.013) ** 0.035 (0.036) dropped dropped dropped dropped dropped dropped dropped dropped
married -0.037 (0.018) ** 0.019 (0.05) -0.016 (0.032) 0.085 (0.065) -0.047 (0.024) * 0.002 (0.082) dropped dropped dropped dropped
race: black 0.043 (0.016) *** -0.001 (0.072) 0.089 (0.022) *** 0.025 (0.145) 0.008 (0.021) -0.007 (0.085) 0.087 (0.026) *** 0.038 (0.167) 0.007 (0.022) 0.012 (0.087) 
race: other 0.042 (0.026) -0.046 (0.048) 0.066 (0.031) ** 0 (0.107) 0.037 (0.034) -0.071 (0.042) * 0.071 (0.03) ** 0.065 (0.142) 0.025 (0.035) -0.058 (0.05) 
Hispanic 0.05 (0.018) *** -0.081 (0.054) 0.11 (0.023) *** 0.198 (0.107) * 0.015 (0.027) -0.146 (0.059) ** 0.111 (0.023) *** 0.129 (0.134) 0.025 (0.029) -0.159 (0.063) **
foreigh birth -0.014 (0.019) 0.112 (0.047) ** -0.014 (0.026) 0.274 (0.108) ** -0.022 (0.022) 0.089 (0.051) * -0.022 (0.026) 0.317 (0.136) ** -0.021 (0.023) 0.089 (0.052) *
veteran -0.023 (0.014) -0.051 (0.03) * -0.112 (0.091) -0.142 (0.14) -0.028 (0.014) * -0.053 (0.032) -0.107 (0.091) -0.069 (0.134) -0.024 (0.014) * -0.044 (0.03) 
educ: <HS -0.013 (0.017) -0.001 (0.047) 0.034 (0.034) 0.059 (0.083) -0.026 (0.022) -0.027 (0.057) 0.056 (0.034) -0.011 (0.074) -0.02 (0.021) -0.001 (0.051) 
educ: GED -0.012 (0.024) -0.097 (0.07) 0.031 (0.037) 0.022 (0.089) -0.039 (0.03) -0.126 (0.081) 0.027 (0.038) -0.003 (0.097) -0.027 (0.031) -0.132 (0.084) 
educ: some col lege -0.004 (0.011) 0.047 (0.034) -0.025 (0.019) -0.021 (0.053) 0.012 (0.014) 0.045 (0.043) -0.024 (0.018) -0.004 (0.061) 0.017 (0.014) 0.043 (0.04) 
educ: col lege+ -0.014 (0.012) 0.053 (0.035) -0.044 (0.016) *** 0.069 (0.057) 0.003 (0.016) 0.055 (0.04) -0.044 (0.018) ** 0.071 (0.059) 0.01 (0.017) 0.057 (0.039) 
# l iving chi ldren -0.004 (0.003) -0.021 (0.008) *** -0.009 (0.004) ** -0.012 (0.014) -0.001 (0.004) -0.018 (0.009) ** -0.009 (0.004) ** -0.024 (0.016) 0 (0.004) -0.014 (0.009) 
EPHI -0.034 (0.01) *** 0.02 (0.025) -0.024 (0.015) 0 (0.066) -0.043 (0.015) *** 0.02 (0.026) -0.026 (0.015) * 0.015 (0.072) -0.042 (0.015) *** 0.007 (0.027) 
spousal  EPHI 0.01 (0.011) 0.016 (0.024) 0.011 (0.012) -0.04 (0.052) 0.012 (0.015) 0.015 (0.027) 0.008 (0.014) -0.045 (0.059) 0.006 (0.016) 0.001 (0.029) 
publ ic coverage 0.062 (0.031) ** -0.04 (0.057) 0.007 (0.038) 0.131 (0.124) 0.089 (0.038) ** -0.102 (0.062) 0.01 (0.04) 0.083 (0.112) 0.077 (0.038) ** -0.112 (0.061) *
job: phys  effort most time -0.018 (0.015) -0.016 (0.031) -0.046 (0.023) ** -0.132 (0.069) * 0.002 (0.02) 0.028 (0.04) -0.031 (0.021) -0.091 (0.065) 0.008 (0.02) 0.046 (0.042) 
job: phys  effort some -0.03 (0.013) ** 0.001 (0.033) -0.068 (0.024) *** -0.119 (0.057) ** -0.003 (0.014) 0.031 (0.039) -0.06 (0.025) ** -0.113 (0.06) * 0 (0.015) 0.043 (0.039) 
job: phys  effort none -0.028 (0.013) ** -0.02 (0.041) -0.041 (0.019) ** -0.07 (0.077) -0.023 (0.018) 0.007 (0.044) -0.038 (0.02) * -0.046 (0.08) -0.026 (0.019) 0.011 (0.044) 
job: phys  effort N/A 0.039 (0.021) * 0.063 (0.058) 0.068 (0.044) 0.024 (0.129) 0.048 (0.024) ** 0.071 (0.06) 0.08 (0.045) * -0.126 (0.108) 0.041 (0.025) 0.081 (0.061) 
job: log (wage) 0.041 (0.008) *** -0.006 (0.016) 0.04 (0.013) *** -0.036 (0.03) 0.044 (0.009) *** -0.001 (0.016) 0.039 (0.012) *** -0.016 (0.034) 0.04 (0.009) *** 0.011 (0.014) 
receives  SS -0.071 (0.009) *** -0.125 (0.033) *** -0.054 (0.017) *** -0.078 (0.092) -0.093 (0.013) *** -0.142 (0.037) *** -0.062 (0.018) *** -0.055 (0.096) -0.095 (0.015) *** -0.15 (0.035) ***
spouse receives  SS -0.089 (0.01) *** -0.082 (0.029) *** -0.109 (0.015) *** -0.089 (0.06) -0.066 (0.014) *** -0.085 (0.033) ** -0.106 (0.015) *** -0.117 (0.062) * -0.068 (0.014) *** -0.096 (0.034) ***
spouse in WS -0.031 (0.013) ** 0.009 (0.026) -0.056 (0.018) *** -0.016 (0.084) -0.018 (0.016) 0.007 (0.029) -0.049 (0.018) *** -0.041 (0.088) -0.018 (0.016) 0.033 (0.034) 
spouse in SE -0.013 (0.019) -0.058 (0.031) * -0.033 (0.028) -0.017 (0.087) 0 (0.027) -0.079 (0.035) ** -0.029 (0.028) -0.042 (0.087) 0.009 (0.029) -0.067 (0.039) *
log (HH assets) 0.02 (0.004) *** -0.019 (0.01) * 0.024 (0.007) *** 0.008 (0.022) 0.019 (0.005) *** -0.02 (0.012) 0.026 (0.006) *** -0.006 (0.028) 0.019 (0.005) *** -0.024 (0.012) *
log (HH income) 0.015 (0.009) -0.016 (0.016) 0.025 (0.014) * -0.039 (0.027) 0.009 (0.01) -0.013 (0.018) 0.023 (0.015) -0.033 (0.034) 0.011 (0.011) -0.007 (0.017) 
(year indicators ) yes yes yes yes yes yes yes yes yes yes
(region indicators ) yes yes yes yes yes yes yes yes yes yes
(occup. indicators ) yes yes yes yes yes yes yes yes yes yes
(industry indicators ) yes yes yes yes yes yes yes yes yes yes
di f in coef(spouse SHOCK

F, Prob>F

any married
both female male female male

0.011 -0.077 0.023 -0.095 0.032

0.11 (0.74) 1.93 (0.17) 0.47 (0.494) 2.56 (0.115) 0.93 (0.339)  
Note: OLS coefficients and standard errors shown.  Person-level analysis weights used, with errors clustered at the household level, 
and adjustments made for HRS stratification. Key: * coefficient significant at 10% level; ** coefficient significant at 5% level; *** 
coefficient significant at 1% level. 



Table 1.7. OLS regression results for probability of exit from WS or SE, based on out-of-pocket medical costs 
marita l  s tatus
sex
sector @ t0 WS SE WS SE WS SE WS SE WS SE
N 11,988 1,592 5,621 444 6,367 1,143 5,183 393 6,068 1,098
OOPMD*10k -0.006 (0.012) 0.043 (0.014) *** -0.021 (0.012) * 0.049 (0.018) ** 0.009 (0.021) 0.018 (0.031) -0.027 (0.012) ** 0.042 (0.02) ** 0.013 (0.023) 0.002 (0.032) 
SRH (1=poor, 5=exc.) -0.024 (0.005) *** -0.017 (0.014) -0.032 (0.008) *** 0.006 (0.023) -0.019 (0.007) *** -0.021 (0.017) -0.032 (0.008) *** -0.005 (0.027) -0.018 (0.007) ** -0.016 (0.017) 
# health conditions 0.021 (0.005) *** 0.004 (0.013) 0.022 (0.007) *** 0 (0.026) 0.019 (0.007) *** 0.009 (0.016) 0.02 (0.006) *** -0.001 (0.029) 0.018 (0.007) ** 0.015 (0.016) 
age -0.047 (0.049) -0.042 (0.142) 0.012 (0.074) 0.125 (0.2) -0.075 (0.057) -0.105 (0.162) 0.011 (0.075) 0.056 (0.213) -0.089 (0.065) -0.152 (0.168) 
age^2 0.001 (0) 0.001 (0.001) 0 (0.001) -0.001 (0.002) 0.001 (0.001) * 0.001 (0.001) 0 (0.001) 0 (0.002) 0.001 (0.001) * 0.002 (0.001) 
female 0.045 (0.013) *** 0.043 (0.034) dropped dropped dropped dropped dropped dropped dropped dropped
married -0.05 (0.02) ** -0.009 (0.048) -0.025 (0.032) 0.065 (0.062) -0.063 (0.026) ** -0.042 (0.068) dropped dropped dropped dropped
race: black 0.045 (0.017) ** 0.015 (0.079) 0.085 (0.022) *** 0.023 (0.144) 0.014 (0.022) 0.011 (0.091) 0.085 (0.025) *** 0.044 (0.164) 0.016 (0.022) 0.031 (0.093) 
race: other 0.043 (0.029) -0.043 (0.053) 0.063 (0.032) * -0.016 (0.109) 0.038 (0.039) -0.054 (0.05) 0.061 (0.032) * 0.04 (0.143) 0.023 (0.038) -0.05 (0.056) 
Hispanic 0.049 (0.02) ** -0.077 (0.057) 0.113 (0.025) *** 0.174 (0.108) 0.015 (0.029) -0.136 (0.062) ** 0.113 (0.023) *** 0.112 (0.135) 0.024 (0.031) -0.144 (0.066) **
foreigh birth -0.008 (0.02) 0.117 (0.045) ** -0.002 (0.025) 0.298 (0.112) ** -0.018 (0.022) 0.093 (0.049) * -0.01 (0.026) 0.322 (0.138) ** -0.017 (0.024) 0.102 (0.05) **
veteran -0.034 (0.014) ** -0.064 (0.031) ** -0.149 (0.105) -0.103 (0.148) -0.039 (0.014) *** -0.068 (0.032) ** -0.146 (0.106) -0.027 (0.136) -0.035 (0.014) ** -0.062 (0.031) *
educ: <HS -0.011 (0.017) -0.013 (0.049) 0.043 (0.031) 0.08 (0.094) -0.03 (0.022) -0.06 (0.057) 0.064 (0.033) * 0.006 (0.084) -0.02 (0.022) -0.039 (0.056) 
educ: GED -0.007 (0.025) -0.047 (0.083) 0.022 (0.036) 0.077 (0.093) -0.025 (0.033) -0.088 (0.1) 0.016 (0.037) 0.036 (0.1) -0.014 (0.034) -0.095 (0.103) 
educ: some col lege -0.002 (0.011) 0.061 (0.036) * -0.025 (0.019) 0 (0.052) 0.014 (0.014) 0.047 (0.042) -0.025 (0.018) 0.01 (0.059) 0.02 (0.015) 0.046 (0.039) 
educ: col lege+ -0.026 (0.013) ** 0.055 (0.034) -0.062 (0.016) *** 0.074 (0.055) -0.004 (0.019) 0.044 (0.038) -0.064 (0.017) *** 0.072 (0.056) 0.003 (0.019) 0.04 (0.037) 
# l iving chi ldren -0.005 (0.003) -0.023 (0.008) *** -0.008 (0.004) ** -0.01 (0.014) -0.002 (0.004) -0.022 (0.01) ** -0.008 (0.004) * -0.021 (0.015) -0.002 (0.004) -0.019 (0.01) *
EPHI -0.03 (0.011) *** 0.006 (0.026) -0.021 (0.017) -0.014 (0.06) -0.04 (0.016) ** 0.007 (0.028) -0.023 (0.017) 0.009 (0.068) -0.037 (0.016) ** -0.008 (0.028) 
spousal  EPHI 0.012 (0.012) 0.02 (0.025) 0.007 (0.013) -0.037 (0.052) 0.015 (0.017) 0.026 (0.028) 0.004 (0.015) -0.039 (0.059) 0.011 (0.016) 0.012 (0.03) 
publ ic coverage 0.074 (0.033) ** 0.027 (0.057) 0.014 (0.045) 0.166 (0.134) 0.1 (0.038) ** -0.017 (0.066) 0.014 (0.046) 0.11 (0.117) 0.088 (0.039) ** -0.023 (0.064) 
job: phys  effort most time -0.02 (0.016) -0.023 (0.033) -0.047 (0.023) ** -0.14 (0.067) ** 0 (0.022) 0.016 (0.041) -0.033 (0.022) -0.1 (0.063) 0.005 (0.021) 0.03 (0.043) 
job: phys  effort some -0.034 (0.014) ** -0.005 (0.033) -0.072 (0.024) *** -0.13 (0.056) ** -0.007 (0.015) 0.024 (0.041) -0.066 (0.026) ** -0.122 (0.059) ** -0.004 (0.016) 0.033 (0.042) 
job: phys  effort none -0.036 (0.014) ** -0.029 (0.042) -0.05 (0.019) *** -0.091 (0.072) -0.032 (0.019) * -0.004 (0.047) -0.048 (0.02) ** -0.063 (0.076) -0.036 (0.021) * 0.003 (0.048) 
job: phys  effort N/A 0.046 (0.02) ** 0.086 (0.06) 0.071 (0.051) 0.009 (0.135) 0.056 (0.023) ** 0.097 (0.064) 0.088 (0.052) * -0.146 (0.115) 0.047 (0.024) * 0.107 (0.065) 
job: log (wage) 0.046 (0.009) *** -0.005 (0.017) 0.05 (0.013) *** -0.046 (0.029) 0.047 (0.01) *** 0.004 (0.017) 0.049 (0.013) *** -0.026 (0.032) 0.044 (0.01) *** 0.017 (0.015) 
receives  SS -0.114 (0.01) *** -0.175 (0.033) *** -0.09 (0.017) *** -0.087 (0.094) -0.143 (0.014) *** -0.206 (0.038) *** -0.097 (0.018) *** -0.056 (0.096) -0.144 (0.015) *** -0.215 (0.038) ***
spouse receives  SS -0.097 (0.011) *** -0.078 (0.03) ** -0.125 (0.016) *** -0.096 (0.06) -0.067 (0.015) *** -0.077 (0.034) ** -0.123 (0.016) *** -0.128 (0.06) ** -0.07 (0.015) *** -0.089 (0.036) **
spouse in WS -0.054 (0.013) *** -0.002 (0.027) -0.082 (0.017) *** -0.002 (0.083) -0.04 (0.017) ** -0.012 (0.032) -0.076 (0.017) *** -0.029 (0.087) -0.039 (0.016) ** 0.01 (0.036) 
spouse in SE -0.043 (0.019) ** -0.087 (0.031) *** -0.065 (0.027) ** -0.03 (0.086) -0.028 (0.028) -0.109 (0.034) *** -0.063 (0.028) ** -0.058 (0.083) -0.018 (0.03) -0.099 (0.039) **
log (HH assets) 0.018 (0.004) *** -0.024 (0.011) ** 0.022 (0.007) *** 0.013 (0.022) 0.016 (0.005) *** -0.027 (0.013) ** 0.023 (0.007) *** -0.003 (0.028) 0.016 (0.005) *** -0.03 (0.013) **
log (HH income) 0.013 (0.009) -0.019 (0.017) 0.021 (0.015) -0.038 (0.026) 0.008 (0.011) -0.018 (0.02) 0.022 (0.015) -0.03 (0.032) 0.008 (0.011) -0.012 (0.019) 
(year indicators ) yes yes yes yes yes yes yes yes yes yes
(region indicators ) yes yes yes yes yes yes yes yes yes yes
(occup. indicators ) yes yes yes yes yes yes yes yes yes yes
(industry indicators ) yes yes yes yes yes yes yes yes yes yes
di f in coef(OOPMD *10k)

F, Prob>F

both female male female male

0.049 0.070 0.008 0.069 -0.010

any married

6.22 (0.016) 9.16 (0.004) 0.06 (0.811) 8.16 (0.006) 0.08 (0.784)

Note: OLS coefficients and standard errors shown.  Person-level analysis weights used, with errors clustered at the household level, 
and adjustments made for HRS stratification. Key: * coefficient significant at 10% level; ** coefficient significant at 5% level; *** 
coefficient significant at 1% level. WS=wage and salary, SE=self-employed. 



Table 1.8. OLS regression results for probability of exit from WS or SE, based on spouse’s out-of-pocket medical 
costs 
marita l  s tatus
sex
sector @ t WS SE WS SE WS SE WS SE WS SE
N 11,988 1,592 5,621 444 6,367 1,143 5,183 393 6,068 1,098
S_OOPMD *10k 0.004 (0.004) 0 (0.021) -0.001 (0.002) -0.069 (0.022) *** 0.02 (0.014) 0.008 (0.026) -0.002 (0.002) -0.062 (0.022) *** 0.025 (0.014) * -0.011 (0.018) 
SRH (1=poor, 5=exc.) -0.024 (0.005) *** -0.019 (0.014) -0.031 (0.008) *** 0.002 (0.024) -0.019 (0.007) *** -0.021 (0.017) -0.031 (0.008) *** -0.007 (0.028) -0.019 (0.007) ** -0.016 (0.017) 
# health conditions 0.021 (0.005) *** 0.008 (0.013) 0.02 (0.007) *** 0.007 (0.026) 0.019 (0.007) *** 0.011 (0.016) 0.019 (0.006) *** 0.009 (0.029) 0.019 (0.007) *** 0.015 (0.016) 
age -0.046 (0.049) -0.052 (0.14) 0.012 (0.074) 0.097 (0.197) -0.075 (0.057) -0.105 (0.162) 0.012 (0.075) 0.034 (0.213) -0.088 (0.065) -0.155 (0.169) 
age^2 0.001 (0) 0.001 (0.001) 0 (0.001) -0.001 (0.002) 0.001 (0.001) * 0.001 (0.001) 0 (0.001) 0 (0.002) 0.001 (0.001) * 0.002 (0.001) 
female 0.045 (0.013) *** 0.045 (0.034) dropped dropped dropped dropped dropped dropped dropped dropped
married -0.05 (0.02) ** -0.007 (0.049) -0.023 (0.032) 0.073 (0.065) -0.064 (0.026) ** -0.043 (0.065) dropped dropped dropped dropped
race: black 0.046 (0.017) ** 0.016 (0.079) 0.087 (0.022) *** 0.043 (0.139) 0.015 (0.022) 0.011 (0.091) 0.087 (0.025) *** 0.06 (0.159) 0.016 (0.022) 0.031 (0.093) 
race: other 0.042 (0.029) -0.033 (0.051) 0.064 (0.032) ** 0.003 (0.106) 0.038 (0.039) -0.05 (0.048) 0.064 (0.032) ** 0.058 (0.136) 0.024 (0.038) -0.052 (0.054) 
Hispanic 0.049 (0.02) ** -0.072 (0.057) 0.113 (0.025) *** 0.2 (0.109) * 0.014 (0.029) -0.138 (0.062) ** 0.114 (0.024) *** 0.141 (0.131) 0.024 (0.031) -0.144 (0.065) **
foreigh birth -0.008 (0.02) 0.115 (0.046) ** -0.003 (0.026) 0.267 (0.108) ** -0.018 (0.022) 0.093 (0.049) * -0.011 (0.026) 0.291 (0.133) ** -0.016 (0.024) 0.102 (0.05) **
veteran -0.034 (0.014) ** -0.064 (0.03) ** -0.148 (0.105) -0.099 (0.16) -0.039 (0.014) *** -0.068 (0.032) ** -0.144 (0.106) -0.029 (0.145) -0.034 (0.014) ** -0.063 (0.031) **
educ: <HS -0.011 (0.017) -0.014 (0.05) 0.045 (0.032) 0.093 (0.09) -0.03 (0.022) -0.061 (0.057) 0.065 (0.033) * 0.015 (0.081) -0.02 (0.022) -0.038 (0.056) 
educ: GED -0.007 (0.025) -0.049 (0.084) 0.022 (0.036) 0.088 (0.103) -0.025 (0.033) -0.089 (0.101) 0.015 (0.037) 0.05 (0.108) -0.013 (0.034) -0.095 (0.103) 
educ: some col lege -0.002 (0.011) 0.064 (0.035) * -0.025 (0.019) 0.003 (0.053) 0.014 (0.014) 0.049 (0.041) -0.025 (0.018) 0.012 (0.062) 0.019 (0.015) 0.046 (0.038) 
educ: col lege+ -0.026 (0.013) ** 0.058 (0.034) * -0.063 (0.016) *** 0.093 (0.056) -0.004 (0.019) 0.045 (0.038) -0.066 (0.017) *** 0.095 (0.058) 0.004 (0.019) 0.041 (0.037) 
# l iving chi ldren -0.005 (0.003) -0.023 (0.008) *** -0.008 (0.004) ** -0.007 (0.014) -0.002 (0.004) -0.022 (0.009) ** -0.008 (0.004) * -0.017 (0.015) -0.002 (0.004) -0.019 (0.01) *
EPHI -0.03 (0.011) *** 0.004 (0.025) -0.021 (0.017) -0.017 (0.061) -0.04 (0.016) ** 0.007 (0.028) -0.023 (0.017) 0.004 (0.068) -0.038 (0.017) ** -0.009 (0.027) 
spousal  EPHI 0.012 (0.012) 0.018 (0.025) 0.008 (0.014) -0.063 (0.054) 0.014 (0.017) 0.026 (0.028) 0.004 (0.015) -0.068 (0.062) 0.01 (0.016) 0.011 (0.031) 
publ ic coverage 0.074 (0.033) ** 0.023 (0.057) 0.015 (0.045) 0.134 (0.136) 0.102 (0.038) *** -0.016 (0.066) 0.014 (0.047) 0.082 (0.121) 0.091 (0.039) ** -0.024 (0.064) 
job: phys  effort most time -0.02 (0.016) -0.024 (0.033) -0.047 (0.023) ** -0.163 (0.067) ** 0 (0.022) 0.017 (0.041) -0.033 (0.022) -0.117 (0.063) * 0.005 (0.021) 0.029 (0.042) 
job: phys  effort some -0.034 (0.014) ** -0.006 (0.032) -0.072 (0.024) *** -0.149 (0.059) ** -0.007 (0.015) 0.022 (0.041) -0.065 (0.026) ** -0.139 (0.063) ** -0.004 (0.016) 0.035 (0.042) 
job: phys  effort none -0.036 (0.014) ** -0.026 (0.042) -0.051 (0.019) *** -0.088 (0.069) -0.032 (0.019) * -0.005 (0.047) -0.048 (0.02) ** -0.062 (0.074) -0.036 (0.02) * 0.004 (0.048) 
job: phys  effort N/A 0.046 (0.02) ** 0.085 (0.061) 0.072 (0.051) 0 (0.136) 0.056 (0.023) ** 0.098 (0.065) 0.089 (0.051) * -0.164 (0.116) 0.047 (0.024) * 0.106 (0.065) 
job: log (wage) 0.046 (0.009) *** -0.006 (0.017) 0.05 (0.013) *** -0.044 (0.028) 0.046 (0.01) *** 0.004 (0.017) 0.048 (0.013) *** -0.023 (0.032) 0.043 (0.01) *** 0.017 (0.015) 
receives  SS -0.114 (0.01) *** -0.175 (0.033) *** -0.089 (0.017) *** -0.095 (0.094) -0.142 (0.014) *** -0.207 (0.038) *** -0.097 (0.018) *** -0.064 (0.098) -0.144 (0.015) *** -0.215 (0.038) ***
spouse receives  SS -0.098 (0.011) *** -0.079 (0.031) ** -0.125 (0.016) *** -0.099 (0.059) -0.068 (0.015) *** -0.077 (0.035) ** -0.122 (0.016) *** -0.131 (0.06) ** -0.071 (0.016) *** -0.09 (0.037) **
spouse in WS -0.054 (0.013) *** -0.005 (0.026) -0.082 (0.017) *** -0.003 (0.08) -0.039 (0.017) ** -0.011 (0.033) -0.077 (0.017) *** -0.031 (0.083) -0.037 (0.016) ** 0.008 (0.036) 
spouse in SE -0.043 (0.019) ** -0.086 (0.031) *** -0.065 (0.027) ** -0.029 (0.082) -0.026 (0.028) -0.107 (0.034) *** -0.064 (0.028) ** -0.053 (0.081) -0.015 (0.03) -0.101 (0.039) **
log (HH assets) 0.018 (0.004) *** -0.023 (0.011) ** 0.021 (0.007) *** 0.012 (0.02) 0.016 (0.005) *** -0.026 (0.014) * 0.023 (0.007) *** -0.005 (0.026) 0.017 (0.005) *** -0.03 (0.013) **
log (HH income) 0.013 (0.009) -0.017 (0.017) 0.021 (0.015) -0.034 (0.025) 0.008 (0.011) -0.018 (0.02) 0.022 (0.015) -0.026 (0.031) 0.009 (0.011) -0.011 (0.019) 
(year indicators ) yes yes yes yes yes yes yes yes yes yes
(region indicators ) yes yes yes yes yes yes yes yes yes yes
(occup. indicators ) yes yes yes yes yes yes yes yes yes yes
(industry indicators ) yes yes yes yes yes yes yes yes yes yes
di f in coef(S_OOPMD *10k)

F, Prob>F

any married
both female male female male

-0.004 -0.068 -0.012 -0.060 -0.036

0.04 (0.846) 10.15 (0.002) 0.17 (0.678) 7.52 (0.008) 3.14 (0.082)  
Note: OLS coefficients and standard errors shown.  Person-level analysis weights used, with errors clustered at the household level, 
and adjustments made for HRS stratification. Key: * coefficient significant at 10% level; ** coefficient significant at 5% level; *** 
coefficient significant at 1% level. WS=wage and salary, SE=self-employed. 
Table 1.9. OLS regression results for probability of exit from WS or SE with new diagnosis of diabetes 
marital  status
sex both female male female male

any married

 



sector @ t0 WS SE WS SE WS SE WS SE WS SE
N 11,986 1,591 5,620 444 6,366 1,142 5,182 393 6,067 1,097
DIAB_SHOCK -0.013 (0.012) 0.004 (0.039) -0.034 (0.019) * 0.145 (0.115) -0.007 (0.015) -0.007 (0.04) -0.03 (0.019) 0.085 (0.128) -0.001 (0.016) -0.011 (0.04) 
SRH (1=poor, 5=exc.) -0.024 (0.005) *** -0.018 (0.016) -0.032 (0.008) *** 0.009 (0.024) -0.02 (0.007) *** -0.021 (0.018) -0.031 (0.008) *** -0.004 (0.029) -0.019 (0.007) ** -0.015 (0.018) 
# health conditions 0.022 (0.005) *** 0.008 (0.013) 0.024 (0.007) *** -0.002 (0.029) 0.02 (0.007) *** 0.011 (0.016) 0.022 (0.006) *** 0.001 (0.031) 0.019 (0.007) *** 0.015 (0.015) 
age -0.047 (0.049) -0.047 (0.14) 0.01 (0.074) 0.092 (0.202) -0.075 (0.057) -0.103 (0.163) 0.011 (0.076) 0.038 (0.216) -0.089 (0.065) -0.149 (0.169) 
age^2 0.001 (0) 0.001 (0.001) 0 (0.001) -0.001 (0.002) 0.001 (0.001) * 0.001 (0.001) 0 (0.001) 0 (0.002) 0.001 (0.001) * 0.002 (0.001) 
female 0.044 (0.013) *** 0.045 (0.035) dropped dropped dropped dropped dropped dropped dropped dropped
married -0.05 (0.02) ** -0.008 (0.049) -0.022 (0.032) 0.069 (0.064) -0.062 (0.026) ** -0.043 (0.068) dropped dropped dropped dropped
race: black 0.047 (0.017) *** 0.015 (0.079) 0.091 (0.022) *** 0.044 (0.141) 0.014 (0.022) 0.011 (0.092) 0.091 (0.026) *** 0.057 (0.161) 0.015 (0.023) 0.031 (0.093) 
race: other 0.043 (0.029) -0.029 (0.052) 0.067 (0.032) ** 0.003 (0.106) 0.038 (0.039) -0.045 (0.05) 0.067 (0.031) ** 0.053 (0.141) 0.023 (0.039) -0.043 (0.057) 
Hispanic 0.05 (0.02) ** -0.081 (0.057) 0.115 (0.025) *** 0.197 (0.106) * 0.014 (0.029) -0.154 (0.059) ** 0.115 (0.023) *** 0.143 (0.136) 0.023 (0.031) -0.16 (0.063) **
foreigh birth -0.008 (0.019) 0.116 (0.046) ** -0.003 (0.025) 0.271 (0.107) ** -0.018 (0.022) 0.098 (0.049) * -0.011 (0.025) 0.295 (0.134) ** -0.017 (0.024) 0.106 (0.05) **
veteran -0.033 (0.014) ** -0.065 (0.031) ** -0.148 (0.106) -0.134 (0.15) -0.039 (0.014) *** -0.071 (0.032) ** -0.143 (0.106) -0.048 (0.134) -0.035 (0.014) ** -0.065 (0.031) **
educ: <HS -0.011 (0.017) -0.012 (0.049) 0.044 (0.031) 0.087 (0.091) -0.03 (0.022) -0.058 (0.057) 0.065 (0.033) * 0.011 (0.082) -0.02 (0.022) -0.035 (0.056) 
educ: GED -0.008 (0.025) -0.049 (0.083) 0.021 (0.036) 0.045 (0.113) -0.026 (0.033) -0.086 (0.101) 0.015 (0.037) 0.018 (0.11) -0.014 (0.034) -0.092 (0.103) 
educ: some col lege -0.002 (0.011) 0.065 (0.035) * -0.026 (0.019) 0 (0.051) 0.014 (0.014) 0.051 (0.041) -0.026 (0.018) 0.009 (0.059) 0.02 (0.015) 0.049 (0.038) 
educ: col lege+ -0.025 (0.013) * 0.058 (0.033) * -0.062 (0.016) *** 0.082 (0.055) -0.004 (0.019) 0.046 (0.038) -0.065 (0.017) *** 0.083 (0.057) 0.004 (0.019) 0.043 (0.037) 
# l iving chi ldren -0.005 (0.003) -0.022 (0.008) *** -0.009 (0.004) ** -0.007 (0.015) -0.002 (0.004) -0.022 (0.009) ** -0.009 (0.004) ** -0.018 (0.017) -0.002 (0.004) -0.018 (0.01) *
EPHI -0.03 (0.011) *** 0.005 (0.026) -0.02 (0.017) -0.014 (0.061) -0.04 (0.016) ** 0.007 (0.027) -0.023 (0.017) 0.009 (0.069) -0.038 (0.017) ** -0.008 (0.028) 
spousal  EPHI 0.012 (0.012) 0.017 (0.025) 0.008 (0.013) -0.047 (0.05) 0.015 (0.017) 0.024 (0.028) 0.004 (0.015) -0.049 (0.058) 0.011 (0.017) 0.011 (0.03) 
publ ic coverage 0.074 (0.033) ** 0.023 (0.057) 0.012 (0.045) 0.154 (0.132) 0.101 (0.038) ** -0.017 (0.065) 0.013 (0.047) 0.097 (0.118) 0.089 (0.039) ** -0.023 (0.064) 
job: phys  effort most time -0.019 (0.016) -0.022 (0.033) -0.046 (0.023) ** -0.13 (0.07) * 0.001 (0.021) 0.019 (0.041) -0.032 (0.022) -0.092 (0.065) 0.005 (0.021) 0.034 (0.043) 
job: phys  effort some -0.033 (0.014) ** -0.005 (0.033) -0.072 (0.024) *** -0.13 (0.056) ** -0.007 (0.015) 0.026 (0.042) -0.065 (0.026) ** -0.122 (0.06) * -0.004 (0.016) 0.036 (0.043) 
job: phys  effort none -0.036 (0.014) ** -0.024 (0.042) -0.051 (0.019) *** -0.076 (0.072) -0.032 (0.019) * -0.001 (0.047) -0.048 (0.02) ** -0.051 (0.077) -0.037 (0.021) * 0.006 (0.048) 
job: phys  effort N/A 0.046 (0.02) ** 0.087 (0.061) 0.071 (0.051) 0.019 (0.131) 0.055 (0.023) ** 0.099 (0.065) 0.088 (0.052) * -0.136 (0.115) 0.047 (0.025) * 0.109 (0.066) 
job: log (wage) 0.046 (0.009) *** -0.007 (0.017) 0.049 (0.013) *** -0.047 (0.028) 0.047 (0.01) *** 0.003 (0.017) 0.047 (0.013) *** -0.026 (0.032) 0.043 (0.01) *** 0.016 (0.016) 
receives  SS -0.114 (0.01) *** -0.174 (0.034) *** -0.091 (0.017) *** -0.075 (0.095) -0.143 (0.014) *** -0.204 (0.038) *** -0.098 (0.018) *** -0.049 (0.097) -0.145 (0.015) *** -0.213 (0.038) ***
spouse receives  SS -0.097 (0.011) *** -0.08 (0.03) ** -0.123 (0.016) *** -0.103 (0.059) * -0.067 (0.015) *** -0.077 (0.034) ** -0.121 (0.016) *** -0.133 (0.059) ** -0.07 (0.016) *** -0.088 (0.036) **
spouse in WS -0.055 (0.013) *** -0.006 (0.027) -0.083 (0.017) *** -0.02 (0.08) -0.041 (0.017) ** -0.013 (0.032) -0.077 (0.017) *** -0.046 (0.083) -0.04 (0.016) ** 0.009 (0.037) 
spouse in SE -0.043 (0.019) ** -0.086 (0.032) *** -0.066 (0.027) ** -0.036 (0.083) -0.028 (0.028) -0.109 (0.035) *** -0.065 (0.028) ** -0.06 (0.081) -0.018 (0.03) -0.099 (0.039) **
log (HH assets) 0.017 (0.004) *** -0.023 (0.011) ** 0.021 (0.007) *** 0.006 (0.02) 0.016 (0.005) *** -0.026 (0.013) * 0.023 (0.007) *** -0.011 (0.026) 0.017 (0.005) *** -0.03 (0.013) **
log (HH income) 0.012 (0.009) -0.017 (0.017) 0.021 (0.015) -0.03 (0.024) 0.008 (0.011) -0.018 (0.02) 0.023 (0.015) -0.023 (0.03) 0.008 (0.011) -0.012 (0.019) 
(year indicators ) yes yes yes yes yes yes yes yes yes yes
(region indicators ) yes yes yes yes yes yes yes yes yes yes
(occup. indicators ) yes yes yes yes yes yes yes yes yes yes
(industry indicators ) yes yes yes yes yes yes yes yes yes yes
di f in coef(SHOCK )

F, Prob>F

0.017 0.179 -0.001 0.115 -0.010

0.16 (0.689) 2.23 (0.141) 0 (0.987) 0.76 (0.387) 0.06 (0.803)  
Note: OLS coefficients and standard errors shown.  Person-level analysis weights used, with errors clustered at the household level, 
and adjustments made for HRS stratification. Key: * coefficient significant at 10% level; ** coefficient significant at 5% level; *** 
coefficient significant at 1% level. WS=wage and salary, SE=self-employed. 
Table 1.10. OLS regression results for probability of exit from WS or SE with new diagnosis of psychological 
problems 



marital  status
sex both female male female male

any married

 
sector @ t0 WS SE WS SE WS SE WS SE WS SE
N 11,986 1,592 5,621 444 6,365 1,143 5,183 393 6,066 1,098
PSYCH_SHOCK -0.006 (0.01) 0.05 (0.045) 0.002 (0.013) 0.075 (0.067) -0.01 (0.015) 0.037 (0.056) 0 (0.013) 0.096 (0.067) -0.006 (0.015) 0.03 (0.05) 
SRH (1=poor, 5=exc.) -0.023 (0.005) *** -0.019 (0.015) -0.031 (0.008) *** 0.001 (0.024) -0.018 (0.007) ** -0.022 (0.017) -0.031 (0.008) *** -0.01 (0.028) -0.017 (0.007) ** -0.016 (0.017) 
# health conditions 0.021 (0.005) *** 0.004 (0.014) 0.02 (0.007) *** -0.004 (0.029) 0.02 (0.007) *** 0.008 (0.016) 0.019 (0.006) *** -0.005 (0.032) 0.019 (0.007) *** 0.012 (0.016) 
age -0.049 (0.049) -0.057 (0.138) 0.012 (0.074) 0.101 (0.203) -0.079 (0.057) -0.109 (0.161) 0.013 (0.076) 0.028 (0.214) -0.093 (0.065) -0.151 (0.168) 
age^2 0.001 (0) 0.001 (0.001) 0 (0.001) -0.001 (0.002) 0.001 (0.001) * 0.001 (0.001) 0 (0.001) 0 (0.002) 0.001 (0.001) * 0.002 (0.001) 
female 0.045 (0.013) *** 0.046 (0.034) dropped dropped dropped dropped dropped dropped dropped dropped
married -0.05 (0.02) ** -0.001 (0.048) -0.023 (0.032) 0.086 (0.07) -0.063 (0.026) ** -0.037 (0.065) dropped dropped dropped dropped
race: black 0.045 (0.017) ** 0.017 (0.078) 0.087 (0.022) *** 0.032 (0.147) 0.014 (0.022) 0.012 (0.092) 0.087 (0.025) *** 0.05 (0.169) 0.015 (0.022) 0.031 (0.093) 
race: other 0.043 (0.029) -0.035 (0.053) 0.064 (0.032) * 0.012 (0.107) 0.039 (0.039) -0.054 (0.049) 0.064 (0.032) * 0.083 (0.14) 0.024 (0.039) -0.052 (0.056) 
Hispanic 0.046 (0.02) ** -0.068 (0.058) 0.113 (0.025) *** 0.189 (0.11) * 0.01 (0.029) -0.135 (0.061) ** 0.114 (0.023) *** 0.12 (0.131) 0.018 (0.031) -0.142 (0.066) **
foreigh birth -0.007 (0.019) 0.117 (0.046) ** -0.003 (0.026) 0.278 (0.109) ** -0.016 (0.022) 0.095 (0.05) * -0.011 (0.026) 0.306 (0.134) ** -0.015 (0.024) 0.103 (0.051) **
veteran -0.034 (0.014) ** -0.063 (0.031) ** -0.148 (0.105) -0.116 (0.146) -0.039 (0.014) *** -0.068 (0.032) ** -0.144 (0.105) -0.049 (0.141) -0.035 (0.014) ** -0.062 (0.031) *
educ: <HS -0.011 (0.017) -0.013 (0.049) 0.045 (0.032) 0.089 (0.092) -0.03 (0.022) -0.06 (0.057) 0.065 (0.033) * 0.011 (0.083) -0.02 (0.022) -0.038 (0.056) 
educ: GED -0.007 (0.025) -0.047 (0.082) 0.022 (0.036) 0.045 (0.066) -0.025 (0.033) -0.083 (0.101) 0.015 (0.037) 0 (0.07) -0.014 (0.034) -0.091 (0.103) 
educ: some col lege -0.002 (0.011) 0.063 (0.036) * -0.025 (0.019) -0.009 (0.055) 0.013 (0.014) 0.05 (0.041) -0.025 (0.018) 0.005 (0.061) 0.019 (0.015) 0.048 (0.039) 
educ: col lege+ -0.027 (0.013) ** 0.058 (0.034) * -0.064 (0.016) *** 0.077 (0.057) -0.006 (0.019) 0.046 (0.038) -0.066 (0.017) *** 0.083 (0.057) 0.002 (0.019) 0.042 (0.038) 
# l iving chi ldren -0.005 (0.003) -0.022 (0.008) *** -0.008 (0.004) ** -0.01 (0.014) -0.002 (0.004) -0.022 (0.01) ** -0.008 (0.004) * -0.021 (0.016) -0.002 (0.004) -0.019 (0.01) *
EPHI -0.03 (0.011) *** 0 (0.025) -0.021 (0.017) -0.012 (0.062) -0.04 (0.016) ** 0.003 (0.026) -0.023 (0.017) 0.01 (0.07) -0.038 (0.016) ** -0.011 (0.027) 
spousal  EPHI 0.012 (0.013) 0.02 (0.024) 0.008 (0.013) -0.039 (0.055) 0.016 (0.017) 0.026 (0.028) 0.004 (0.015) -0.042 (0.06) 0.012 (0.017) 0.013 (0.03) 
publ ic coverage 0.073 (0.033) ** 0.026 (0.057) 0.015 (0.045) 0.157 (0.134) 0.1 (0.038) ** -0.016 (0.066) 0.015 (0.047) 0.107 (0.121) 0.089 (0.039) ** -0.022 (0.065) 
job: phys  effort most time -0.02 (0.016) -0.027 (0.033) -0.047 (0.023) ** -0.134 (0.069) * 0 (0.022) 0.011 (0.042) -0.033 (0.022) -0.086 (0.064) 0.005 (0.021) 0.027 (0.044) 
job: phys  effort some -0.034 (0.014) ** -0.008 (0.032) -0.072 (0.024) *** -0.126 (0.056) ** -0.007 (0.015) 0.021 (0.041) -0.065 (0.026) ** -0.117 (0.059) * -0.004 (0.016) 0.031 (0.042) 
job: phys  effort none -0.037 (0.014) *** -0.029 (0.042) -0.051 (0.019) *** -0.064 (0.075) -0.034 (0.019) * -0.008 (0.048) -0.049 (0.02) ** -0.033 (0.08) -0.038 (0.02) * -0.001 (0.049) 
job: phys  effort N/A 0.046 (0.02) ** 0.084 (0.06) 0.072 (0.051) 0.041 (0.138) 0.055 (0.023) ** 0.093 (0.065) 0.089 (0.051) * -0.121 (0.117) 0.047 (0.025) * 0.104 (0.066) 
job: log (wage) 0.046 (0.009) *** -0.005 (0.016) 0.05 (0.013) *** -0.046 (0.028) 0.047 (0.01) *** 0.005 (0.016) 0.048 (0.013) *** -0.026 (0.033) 0.043 (0.01) *** 0.017 (0.015) 
receives  SS -0.114 (0.01) *** -0.176 (0.033) *** -0.089 (0.017) *** -0.091 (0.093) -0.144 (0.014) *** -0.207 (0.037) *** -0.097 (0.017) *** -0.061 (0.096) -0.146 (0.015) *** -0.215 (0.037) ***
spouse receives  SS -0.098 (0.011) *** -0.079 (0.03) *** -0.125 (0.016) *** -0.104 (0.057) * -0.068 (0.015) *** -0.076 (0.035) ** -0.122 (0.016) *** -0.14 (0.058) ** -0.07 (0.016) *** -0.087 (0.036) **
spouse in WS -0.054 (0.013) *** -0.006 (0.027) -0.082 (0.017) *** -0.026 (0.079) -0.04 (0.017) ** -0.013 (0.032) -0.076 (0.017) *** -0.055 (0.084) -0.039 (0.016) ** 0.009 (0.036) 
spouse in SE -0.042 (0.019) ** -0.086 (0.031) *** -0.065 (0.027) ** -0.039 (0.085) -0.026 (0.028) -0.109 (0.034) *** -0.064 (0.028) ** -0.068 (0.085) -0.016 (0.03) -0.099 (0.039) **
log (HH assets) 0.017 (0.004) *** -0.023 (0.011) ** 0.021 (0.007) *** 0.008 (0.021) 0.016 (0.005) *** -0.026 (0.013) * 0.023 (0.007) *** -0.011 (0.026) 0.016 (0.005) *** -0.03 (0.013) **
log (HH income) 0.012 (0.01) -0.015 (0.017) 0.021 (0.015) -0.034 (0.026) 0.006 (0.011) -0.016 (0.02) 0.022 (0.015) -0.023 (0.032) 0.007 (0.012) -0.011 (0.019) 
(year indicators ) yes yes yes yes yes yes yes yes yes yes
(region indicators ) yes yes yes yes yes yes yes yes yes yes
(occup. indicators ) yes yes yes yes yes yes yes yes yes yes
(industry indicators ) yes yes yes yes yes yes yes yes yes yes
di f in coef(SHOCK )

F, Prob>F

0.056 0.074 0.047 0.096 0.036

1.46 (0.232) 1.09 (0.301) 0.72 (0.399) 1.85 (0.18) 0.52 (0.475)   
Note: OLS coefficients and standard errors shown.  Person-level analysis weights used, with errors clustered at the household level, 
and adjustments made for HRS stratification. Key: * coefficient significant at 10% level; ** coefficient significant at 5% level; *** 
coefficient significant at 1% level. WS=wage and salary, SE=self-employed. 



1.6. DISCUSSION 
The association between wage and salary employment and access to group health insurance has 
inspired empirical researchers to search for evidence of the hypothesized phenomenon of 
“entrepreneurship lock,” whereby workers avoid business creation in order to keep wage and 
salary insurance benefits.  Less attention has been paid to the opposite problem, in which self-
employed workers with new health concerns leave self-employment because there is no group 
insurance to incentivize continued employment, and/or because a transition to wage and salary 
work and group coverage could help one pay for medical care.  This study is the first to use the 
occurrence of out-of-pocket medical expenses and “health shocks,” an arguably unforeseen 
source of additional expected medical costs, to examine whether or not self-employment 
longevity is more affected by these occurrences than wage and salary work.   

Indeed, health shocks seem to be significantly associated with exits from self-employment, 
increasing the probability of an exit by about 32.2 percentage points in the full sample.  Given 
that only 22.2% of non-shocked self-employed individuals exit, this represents an increase in the 
probability of exiting by about 145%.  But it is also true that many wage and salary workers exit 
their jobs when faced with a health shock – in fact, multivariate analysis in this study suggests 
that self-employed workers are not significantly less likely to remain in their current labor 
category after facing a shock.  Nevertheless, this study does provide some evidence that health 
shocks – at least among self-employed men with excellent self-reported health and no health 
conditions – are destroying more small firms than would be the case if self-employed workers 
had equivalent access to group insurance as wage and salary workers.   

On the other hand, high out-of-pocket medical expenses are associated with higher levels of 
exits from self-employment (than from wage and salary employment) among women and 
married women.  This effect difference remains significant even after controlling for self-
reported health status, number of health conditions, insurance status, and the amount of 
physical difficulty required in one’s job.  By itself, this finding would seem to suggest that a 
certain number of female businesses go out of business each year due to the medical costs of 
their owners – a figure which, in theory, could be reduced if these business owners enjoyed the 
same access to group health insurance as their counterparts that work for someone else.  
However, this finding must be reconciled with the significant association between spousal 
medical costs and a significant reduction in the probability of leaving self-employment among 
women and married women.  If this study suggests that granting group insurance to self-
employed women could increase their probability of staying self-employed (by reducing their 
out-of-pocket medical expenses), it also suggests that this same coverage (assuming it applies to 
the family) could increase the probability of exiting self-employment by reducing the out-of-
pocket medical expenses of their husbands. 

Of course, the use of observational data in this study, as well as the use of “treatment” variables 
which are arguably endogenous – health shocks and out-of-pocket medical costs – means that 
other explanations cannot be entirely ruled out.  For example, women between 50 and 62 who 
are self-employed at time t0 are likely different in other ways from their wage and sector 
counterparts besides just the way in which they react to higher out-of-pocket medical costs.  The 
identification strategy in this paper could be improved by the use of truly exogenous sources of 
variation in health shocks and out-of-pocket medical expenses; future work should identify and 
exploit such sources. 

Overall, this paper suggests that, with the possible exception of males with no reported health 
conditions and excellent self-reported health, self-employed workers are not particularly less 
resilient to “health shocks” than wage and salary workers in terms of their ability to continue in 
their chosen labor category, and that high out-of-pocket expenditures have an ambiguous 
relationship with exits from self-employment among women (depending on whether or not the 



costs are incurred by one’s self or one’s husband).  Whatever the benefits of extending group 
insurance to self-employed workers may be, reducing the number of business failures due to 
health shocks or out-of-pocket expenses does not seem to be one of them.   
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2.1. TITLE  
State-level dependent coverage expansions: New evidence of limited impact  

 

2.2. ABSTRACT 
In order to lift low rates of insurance among young adults, dozens of states and the federal 
government have increased their statutory ages of insurance dependency, extending parental 
insurance plans to young adults past the traditional limiting age of 19.  While some prior 
research efforts suggest the state reforms were effective in increasing access to dependent or 
private coverage, issues of policy endogeneity have been a concern in the literature.  In this 
paper I identify a less known problem with prior evaluations: non-random treatment 
assignment due to changing trends in the prevalence of marriage.  Using data from the 2000-
2009 Current Population Survey’s Annual Social and Economic Supplement on young adults 
past the age of schooling, I demonstrate that the positive “effect” of state insurance reforms on 
insurance rates appears to be driven by changes in spousal coverage, rather than non-spousal 
dependent coverage.  These effects can be seen when the different types of insurance are 
disaggregated.  Possible reasons for the relative failure of the state reforms are discussed and 
evaluated, including additional eligibility qualifications, premium rules, and ERISA exemptions. 

 

2.3. INTRODUCTION 
Uninsurance in the United States is most highly concentrated in young adults:  although they 
make up only 23.3% of the population, those ages 18 to 34 comprise 39.8% of the uninsured.  In 
2009, 29.3% of adults aged 18 to 24, and 28.1% of adults ages 25-34, had no health insurance at 
any point during the year, compared to 9.7% of children, 21.0% of adults 35 to 44, 15.6% of 
adults 45 to 64, and only 1.7% of adults 65 and older (Figure 2.1) (DeNavas-Walt, Proctor, and 
Smith, 2011).  Although high rates of uninsurance in the group may be the outcome of rational 
decisions made by self-interested young adults, policy may play a role as well.  Medicare was 
designed to cover elderly Americans, and the majority of middle aged adults receive employer-
provided coverage supported by a federal tax deduction.   Their children may be eligible for 
employment-based insurance policies, or for public programs such as Medicaid or SCHIP.  But 
unless they remain students, many young adults are dropped from their parents’ plans and from 
public plans upon reaching the traditional “limiting age” of 19.  At this point, they must procure 
their own coverage, through employment, marriage, or pregnancy (which can confer Medicaid 
eligibility). The rate of insurance coverage reaches its nadir around the age of twenty three 
(Figure 2.2).  During this transitional period between the ages of 19 and 23, the majority of 
young adults have completed school, yet are unmarried and without access to spousal coverage; 
while most work full time, only a minority of these have employer-provided coverage, which 
may stem from a lack of eligibility due to their limited work experience, their overrepresentation 
in jobs that do not offer coverage or their unwillingness to take-up what are likely high-cost 
coverage options.   

http://www.weforum.org/pdf/GEI/2009/Entrepreneurship_Education_Report.pdf


In order to reduce the number of uninsured young adults, dozens of states and the federal 
government have passed “adult dependent” coverage expansions that allow adult children to 
remain on their parents’ health insurance plans past the default limiting age of 19. As Figure 2.3 
indicates, the 2010 federal reform may have reversed rising rates of uninsurance in young 
adults, even as these rates continued to rise in other age groups. By opening access to new forms 
of potentially more affordable insurance, state reforms may have affected young adults’ 
probabilities of being insured.  On the other hand, the impact of these types of insurance 
reforms on the overall insurance rate could be limited if insured individuals simply switch to 
less expensive or more generous forms of coverage while most uninsured individuals remain 
uninsured.  Previous research has suggested that state reforms have in fact reduced uninsurance 
rates through dependent coverage, but no work has carefully considered the form of dependent 
coverage, which offers an important and overlooked check on the validity of a causal 
interpretation of this prior work.   

In this study, I fill the gap in the current literature and assess the impact of state reforms on the 
composition of insurance held by young adults to better understand and assess the causal effects 
of the policies.  I use an approach similar to that previously applied in the literature, using a 
difference-in-difference (DD) framework but decompose the form of insurance into eight 
alternative types: employer-provided non-spousal dependent coverage, employer-provided 
spousal coverage, privately purchased non-spousal dependent coverage, privately purchased 
spousal dependent coverage, insurance received through someone that lives outside of one’s 
own household, employer-provided insurance held in one’s own name, privately purchased 
insurance held in one’s own name, and public coverage.  Doing so demonstrates that eligibility 
for state policy reforms is more closely associated with changes in spousal forms of coverage 
rather than non-spousal (parental, dependent) forms.  This association is of course spurious, as 
spousal coverage was not targeted by the state reforms.  The reason for the strong association is 
the declining prevalence of marriage generally, and particularly within the non-eligible (control) 
population.  This decline is not as strong within the eligible population, which, by definition, is 
almost entirely unmarried in any case.  Consequently, a comparison of changes in spousal 
coverage among the treatment relative to the control group finds a relative increase in spousal 
dependent coverage. This paper has important policy implications as it suggests that state 
efforts to increase the limiting age past the new federal limit of 26 may have limited impact.  
Below we speculate on why this may be the case, including the role of the ERISA exemption for 
self-insured plans and the restrictiveness of state reform eligibility criteria. 

The rest of this paper is organized as follows.  Section 2 discusses the details of the state limiting 
age increases, while Section 3 reviews the literature regarding the effect of these reforms on 
insurance outcomes.  Sections 4 and 5 detail the dataset and methodology used in this study, 
respectively.  Section 6 reviews the main results of this study, while Section 7 attempts to 
reconcile those results with findings from prior studies.  Finally, Section 8 discusses the 
implications of these findings for policy and for the literature regarding dependent coverage 
expansions. 



Figure 2.1: Uninsured rates in United States by age group, 2010 

 
Source: DeNavas-Walt, Proctor, and Smith, 2011. 
 
Figure 2.2: Insurance rates and possible insurance sources, by age, 2000 through 
2009  

  
Source: Author’s analysis of CPS data covering calendar years 2000 through 2009.  Means 
calculated using March supplement weights.  Note: work ft means working full-time; ephi | full-
time denotes the probability of having own-name employer-provided health insurance given 
full-time employment. 
 



Figure 2.3: Uninsured rates in the United States by Age Group, 2006-2010 

 
Source: DeNavas-Walt, Proctor, and Smith, 2008; DeNavas-Walt, Proctor, and Smith, 2009; 
DeNavas-Walt, Proctor, and Smith, 2010; DeNavas-Walt, Proctor, and Smith, 2011. 
 

2.4. BACKGROUND ON STATE POLICIES  
Since 1985, most states have implemented statutory increases in their limiting ages of 
dependency, allowing qualifying adult children to stay on their parents insurance for additional 
years.  State level efforts to increase these limiting ages were particularly popular in the latter 
portion of the 2000s, as shown in Figure 2.4.  New state-level limiting ages range from 21 to 31, 
with a median and modal value of 25.      

The first state to expand dependent coverage past the age of 19 was Tennessee, which in 1986 
increased its limiting age to 24 for unmarried, financially dependent children whose parents 
have an “individual hospital or medical expense insurance policy or contract.”  In the 1990s, two 
more states increased their limiting ages for unmarried adult children: Utah to 26, and North 
Dakota to 22.  Between 2003 and 2006, five more states passed similar laws, followed by a 
flurry of sixteen states in 2007 and 2008, and another five in 2009.  Finally, in 2010, Ohio and 
Wisconsin also increased their limiting ages.3     

Within the set of “reform” states, there exists considerable variation in the criteria an adult child 
must meet in order to be eligible for dependent coverage. Certain states require that in order to 
be eligible, adult children must not be married, must live with their parents, and/or have no 
dependents of their own.4  Note that many states have implemented dependent coverage 
expansions that only apply to students, disabled individuals, or to military veterans; these are 

3 Because the ACA also increased the limiting age at the federal level in that year, these policy 
implementations will be ignored in the state portion of the analysis, along with all other data 
from 2010.  Massachusetts is also excluded from this study because of its implementation of an 
insurance mandate during the study period. 
4 Due to limitations of the chosen dataset, other requirements for eligibility will not be used to 
determine eligibility for reform in this study.  For example, certain states specify that 
beneficiaries must live or be financially dependent upon their parents, while other expansions 
only apply to adult children who have no other offers of coverage.  For more information on 
these and other details of state dependent coverage regulations, see Cantor et al. (2012). 



not considered here.  Table 2.1 summarizes the eligibility criteria of the various state-level 
expansions, and makes clear that while there is hardly any variability in the requirement to be 
unmarried, there is considerable variation in several of the other dimensions.5   

Another potentially consequential difference between the various dependent coverage expansion 
policies is the way premiums are set by insurers (Cantor et al., 2012).  Some states use group 
premiums, where the additional costs of dependent adult children are factored into everyone’s 
premiums – including enrollees without adult dependents – and distributed across all enrolled 
families.  Other states use separate premiums, such that families that elect to enroll an adult 
dependent are responsible for the entirety of the additional cost. This approach keeps families 
from having to pay for adult dependents in other families but increases the administrative 
burden because a separate premium must be calculated across family types.  A third group of 
states have mixed rules or allow employers to decide where the additional costs will fall.  The 
dependent coverage expansion under the ACA follows the group premium approach (Cantor, et 
al., 2012.)  

Because of the Employee Retirement Income Security Act (ERISA), companies with self-funded 
insurance plans – which covered the majority of private health insurance enrollees in 2010 
(Agency for Healthcare Research and Quality, 2012) – are entirely exempt from state-level 
expansions.  This may considerably reduce the impact of these state-level reforms, especially 
compared to the federal expansion which supersedes ERISA.  An analysis of data from the 
Insurance Component of the Medical Expenditure Panel Survey indicates that among workers 
with employer-provided health insurance, the proportion with self-insured plans increased from 
48.3% in 2000 to 57.5% in 2010 (Crimmel, 2011).  Self-insurance also varies by firm size: 83.6% 
of firms with 1,000 or more employees were self-insured in 2010, compared to 67.5% of firms 
with 50 to 999 employees and only 12.5% of firms with fewer than 50 employees (Crimmel, 
2011). The implication is that a higher share of families than firms are covered by self-insured 
plans. 

5 Note that some states, including Florida, Illinois, and New Jersey, have increased their limiting 
age more than once, while in 2005 New Mexico seems to have expanded the scope of its 2003 
expansion to cover individual policies in addition to group ones. 



Figure 2.4: Timing and limiting ages of state-level adult dependent coverage 
expansions, 1986-2010 

 
Note: Expansions that only apply to students, veterans, or the disabled are not featured in this 
table.  “Limiting age” refers to the age at which an adult may no longer qualify as a dependent. 



Table 2.1. Eligibility criteria for state regulations expanding the age of dependent 
coverage   

implemen- 
tation date 

(year.month)
l imiting 

age
must be 

unmarried

must l ive 
with 

parents

must be 
financia l  
depen- 
dents

must have 
no depen- 

dents  of 
own

premium 
rules  

(Cantor et 
a l . 2012)

Colorado 2006.01 25 Y Y* Y* mix
Connecticut 2009.01 26 Y group
Delaware 2007.06 24 Y Y separate
Florida 1 1992? 25 Y Y separate
Florida 2 2008.10 30 Y Y Y Y separate
Idaho 2007.07 21 Y group
Illinois 1 2004.07 21 separate
Illinois 2 2009.06 26 Y separate
Indiana 2007.07 24 group
Iowa 2008.07 25 Y either
Kentucky 2008.07 25 Y either
Louisiana 2009.01 21 Y group
Maine 2007.09 25 Y Y group
Maryland 2008.01 25 Y Y Y group
Minnesota 2008.01 25 Y group
Missouri 2008.01 25 Y either
Montana 2008.01 25 Y group
New Hampshire 2007.09 26 Y separate
New Jersey 1 2006.05 30 Y Y separate
New Jersey 2 2009.01 31 Y Y separate
New Mexico 2003.07 25 Y group
New York 2009.09 30 Y separate
North Dakota 1997.07 22 Y group
Ohio 2010.07 28 Y either
Oregon 1998 23 Y Y unknown
Pennsylvania 2009.12 30 Y Y separate
Tennessee 1986.07 24 Y Y unknown
Texas 2004.01 25 Y group
Utah 1995.07 26 Y separate
Virginia 2007.07 25 Y group
Washington 2009.01 25 Y Y either
West Virginia 2007.07 25 Y group
Wisconsin 2010.01 27 Y group  
Note: Expansions that only apply to students, veterans, or the disabled are not featured in this 
table.  Sources: National Conference of State Legislatures (NCSL), 2009; Collins and Nicholson, 
2010; Monheit, Cantor, DeLia, and Belloff 2011; Levine, McKnight, and Heep 2011; Cantor et al., 
2012; and the author’s review and interpretation of publicly available legislative documents. *: 
Colorado requires that adult children must either live with their parents or be financially 
dependent on them. 



 

2.5. LITERATURE EVALUATING STATE DEPENDENT COVERAGE EXPANSIONS 
A growing literature has considered the impact of state and federal level dependent coverage 
expansions on rates of insurance coverage among young adults.  All of these studies employ 
difference-in-differences strategies, and most use the Current Population Survey’s (CPS) Annual 
Social and Economic Supplement (ASEC).  However, few of these studies have taken advantage 
of the detailed information on coverage type tracked by ASEC.  In particular, studies that focus 
on outcomes such as “private coverage” or even “employer-provided dependent coverage” may 
overlook important shifts between subcategories – or worse, could inappropriately attribute 
changes in one type of coverage to another.  For example, an increase in employer-provided 
coverage received as a dependent may be driven by changes in spousal coverage rather than 
policies targeting parental coverage.  In addition, by including a wide range of young adults in 
their analyses, most papers have not focused on those young adults past the age of schooling, 
who typically have limited access to spousal, employment-based, or school-based coverage. 

Three studies focus on state increases in the limiting age on health insurance coverage among 
young adults (Monheit, Cantor, DeLia, and Belloff 2011; Levine et al. 2011 and Depew et al. 
2012).  All are in general agreement that the reforms increased access to certain forms of 
coverage, and may have increased the overall insurance rate among certain subpopulations of 
eligible despite using different methods and/or data sources. 

Monheit et al. (2011) use the ASEC and a difference-in-differences model comparing individuals 
who are “treated” (based on reform states’ eligibility rules) before and after the reform, relative 
to individuals in other states that either had no reform or would implement a reform in a future 
year.  They find that state-level dependent coverage expansions increased rates of employer-
provided dependent insurance by 1.52 percentage points among young adults age 19 through 29.  
The estimated increase was even larger among those age 19 through 25 (2.77 percentage points), 
although this group also had an offsetting and significant decline in insurance from one’s own 
employer.  One important limitation of this study is that it does not differentiate between 
spousal and non-spousal or parental forms of dependent coverage.  This is especially important 
with treatment and control groups that are based, in part at least, on marital status.  Without 
this type of differentiation, the rise in dependent coverage could be driven by changes in the 
prevalence of marriage and spousal coverage, an issue I return to in the analysis part of this 
paper.   

Levine, McKnight, and Heep (2011) also use the ASEC but consider reforms to start in the year 
after their implementation.  They also restrict the sample to individuals under age 25 (the most 
common limiting age in reform states), and, in certain specifications at least, assign positive 
treatment group status to individuals in non-reform states who are unmarried.  (As discussed in 
more detail later, this approach may have an important advantage if rates of marriage change 
over time.)  But instead of interacting treatment group status with policy implementation, or 
even controlling for treatment group status, their primary approach ignores treatment status 
and focuses on the implementation indicator.  While this makes their estimation strategy 
vulnerable to contemporaneous changes that may have also affected insurance outcomes, they 
argue that this would be an unlikely occurrence.  They find declines in public coverage on the 
order of 1.3 percentage points and, depending on the specification, a 0 to 2.2 percentage point 
increase in private coverage. Perhaps the most convincing evidence presented by Levine et al. 
involves models estimated on children living with parents.  Children whose parents work for 
firms with fewer than 100 employees6 experienced larger increases in private insurance coverage 

6 It is not clear which parent was referred to – the head of the household or his or her spouse – 
when determining parental firm size. 



than children whose parents worked in firms with 100 or more employees, implying not only 
that ERISA was having an impact, but that the reforms themselves were too.   

Depew (2012) also studied the effect of state reform policies on insurance outcomes, using four 
waves of the Survey of Income and Program Participation (SIPP).  He reports that state reform 
eligibility was associated with a 1.8 percentage point increase in dependent coverage among 
women, and a non-significant 0.4 percentage point increase among men.  Eligibility was not a 
significant predictor of rates of private coverage, nor of having any coverage, in either sex.  
While the use of panel data strengthens the causal interpretation of the findings, as with the first 
two studies, the dependent coverage variable used by Depew may obscure important differences 
between rates of dependent coverage received though a spouse or through a parent. 

Despite slight differences in data, methods, the coding of reform states, and the timing of law 
adoption (see Table 2.2), Levine, McKnight, and Heep (2011), Monheit et al. (2011), and Depew 
(2012) report generally consistent findings.7 However, none of the three studies specifically 
estimated the effect of these state policies on dependent health insurance received through a 
parent, or at least that was not received through a spouse.  Thus, the main effects reported in all 
three studies could in principle be driven by changes in spousal coverage – a point I return to 
later.   

The threat posed by this problem is highlighted by the declining prevalence of marriage among 
young adults (see Figure 2.5), especially given that states define their targeted populations in 
part based on marital status (children must be unmarried).  In studies such as those by Monheit 
et al. (2011) and Depew (2012), the married proportion of the treatment populations likely stays 
low and stable throughout the study period – because the group is largely defined by its single 
status while declining in the control group.  (If few individuals are married in the treatment 
group in the first place – if they were married, they would automatically be in the control group 
– then there is no room for the rates to decline.  The secular decline will only be observed in the 
control group, which will have always been comprised of a more heterogeneous mix of 
unmarried and married individuals.)  This could result in an apparent “increase” in marriage in 
the treatment population relative to the control population, along with an accompanying 
increase in employer-provided insurance received as a dependent through a spouse.  Such an 
increase would be interpreted as an increase in dependent coverage by Depew, and as an 
increase in employer-sponsored dependent coverage by Monheit et al.  Simply controlling for 
marital status, as both studies do, may not be enough to overcome this threat to the empirical 
strategy.  Note that because of the inclusion of unmarried individuals in non-reform states in 
their target group, the strategy used by Levine et al. may not be as threatened by any changing 
prevalence of marriage.   

This problem posed by the potential endogeneity of treatment eligibility was taken seriously by 
Depew (2012), who tested whether or not eligibility, as determined only by state, year, number 
of children, and student status, effectively predicted the probability of being married post 
reform.  While this measure of eligibility did not turn out to be a significant predictor of marital 
status, it unfortunately was not the same indicator of eligibility used to predict insurance 
outcomes; that indicator also took into consideration both marital status and age.  

7 Illinois, Maryland, Minnesota, Missouri, Montana are excluded as reform states by Levine et 
al., and included by Monheit et al., while the reverse is true for Washington.  The two papers 
disagree on when the expansions were implemented in the state of New Mexico, South Dakota, 
Texas and Utah.  Beyond these two empirical papers, other sources, including the National 
Conference of State Legislatures (2009), Collins and Nicholson (2010), and Cantor et al. (2012) 
introduce even more disagreement as to the timing and limiting ages of state dependent 
coverage expansions.   



This study will attempt to overcome this problem of treatment endogeneity by considering more 
detailed categories of dependent coverage, including dependent insurance that was not received 
through a spouse.  If the state reforms truly worked, estimated effects on parental dependent 
coverage should be larger than the estimated effects on spousal dependent coverage, which was 
not specifically targeted by state dependent coverage expansions.  This study will also analyze 
heterogeneous responses among different subpopulations, such as women and men, individuals 
with and without college degrees, and especially, married and unmarried individuals (a true 
effect should be observed at least among the unmarried subset).  In addition, attempts will be 
made to determine whether the weakness of the state reforms is due to their restrictiveness, or 
to other causes, such as ERISA exemptions for self-employed firms.  Finally, this study will use a 
slightly older sample than other studies in this literature, to identify the reforms’ effects on what 
could be considered the “weakest link” in the country’s insurance system:  young adults who are 
past college age, but who are less likely than older adults to have access to coverage through a 
spouse or employer.  

Figure 2.5. Declining prevalence of marriage among young adults g g p g g y g

 
Source: Authors analysis of ASEC data, using March Supplement weights. 



Table 2.2. Differing accounts of limiting ages and implementation years for state-
level reforms  

NCSL, 
2009

State
l imiting 

age
l imiting 

age

"passed or 
imple- 

mented"
l imiting 

age
implemen-
tation year

l imiting 
age

"imple- 
mentation 

date"
l imiting 

age

"imple- 
mentation 

date"
l imiting 

age

fi rs t ful l  
ca lendar 

year
l imiting 

age

implemen- 
tation 
date

CO 25 25 2006 25 2006 25 2006 25 2006 25 2006 25 2006

CT 26 26 2009 26 2009 26 2009 26 2009

DE 24 25 2006 24 2007 24 2007 24 2007 24 2007 24 2007

FL 25/30 30 2009 25 2007 25 2007 25/30 2007/2008 25 2007 25/30 1992/2008

GA 25 2006

ID 21 25 2007 21 2007 21 2007 21 2007 21 2007

IL 26 26 2008 22 2004 26 2009 22 2004 22/26 2004/2009

IN 24 24 2007 24 2007 24 2007 24 2007 24 2007 24 2007

IA 25 25 2008 25 2008 25 2008

KY 25 25 2008 26 2008 25 2008 25 2008

LA 21 2009 21 2009

ME 25 25 2007 25 2007 25 2007 25 2007 25 2007 25 2007

MD 25 25 2007 25 2008 25 2008 25 2008 25 2008

MA 26 26 2006 25 2006 21 2007 21 2007 26 2007

MN 25 25 2007 25 2008 25 2008 25 2008 25 2008

MO 26 26 2009 25 2008 25 2008 26 2008 25 2008

MT 25 25 2007 25 2008 25 2008 25 2008 25 2008

NH 26 26 2007 26 2007 26 2007 26 2007 26 2007 26 2007

NJ 31 31 2006 30 2006 30 2006 30/31 2006/2009 30 2006 30/31 2006/2009

NM 25 25 2005 25 2005 25 2003 25 2003 25 2003 25 2003

NY 30 30 2009 30 2009 30 2010 30 2009

ND 22 22 * 22 1995 22 1997

OH 28 28 2009 28 2010 28 2010

OR 23 23 2009 23 1998

PA 30 30 2009 30 2009 30 2010 30 2009

SC 25 2010

SD 30 2007

TN 24 24 2008 25 2008 24 1986

TX 25 25 2003 25 2003 25 2004 25 2004 25 2005 25 2004

UT 26 26 1994 26 1994 26 1995 26 1995 26 1995 26 1995

VA 25 25 2007 25 2007 25 2007 25 2007 25 2007 25 2007

WA 25 25 2007 25 2007 25 2009 25 2009 25 2009

WV 25 25 2007 25 2007 25 2007 25 2007 25 2007 25 2007

WI 27 27 2010 27 2010 27 2010 27 2010

Col l ins  and 
Nicholson, 2010 Levine et a l ., 2011

Monheit and 
Cantor, 2011 Cantor et a l ., 2012 This  StudyDepew, 2012

 
Note: “Limiting age” refers to the age at which an adult child is no longer eligible under his or 
her state’s policy.  Expansions that were not noted by a given source are marked with “n/a.”  
States that expanded adult dependent coverage more than once are listed twice.  Sources: 
National Conference of State Legislatures (2009), Collins and Nicholson (2010), Monheit and 
Cantor (2011), Levine et al. (2011), Cantor et al. (2012), and the author’s review of publicly 
available legislative documents. 
 

2.6. DATA 
This study uses the Annual Social and Economic Supplement (ASEC) of the CPS, which is the 
main source of yearly health insurance coverage estimates in the United States.  Also known as 
the “March Supplement,” it is conducted in March of each year with the primary purpose of 



gathering information about work experience, income, and health insurance coverage during the 
previous calendar year.  Though this retrospective quality may be a limitation of the data set, 
and there is debate over the significance of this feature (Ringel and Klerman, 2005; Klerman, 
Davern, Call, Lynch, and Ringel, 2009), the data remains the primary source of health insurance 
information in the US.8  In this study, as in prior studies of dependent coverage expansions, we 
assume insurance questions capture previous calendar year coverage, as intended by the survey 
design.  Any measurement error caused by random recall error should downward bias estimated 
effects on past-year coverage, while systematic reporting of point in time insurance status would 
result in the effect being interpreted as a lag effect of past year eligibility on current coverage.   

The ASEC has a large sample with sufficient power to create state-level estimates, and when 
properly weighted, provides estimates that are representative of the non-institutional 
population in the United States.  Most importantly, the ASEC has excellent measures of health 
insurance status, differentiating between employer-provided insurance, employer-provided 
health insurance received as a dependent, privately purchased insurance in one’s own name, 
privately purchased insurance received as a dependent, insurance received from someone who 
lives outside of one’s home, Medicare, Medicaid, and military health insurance. 

For this study I use the 2001 through 2010 files of the ASEC, covering the time period from the 
beginning of 2000 through the end of 2009, just prior to the implementation of the ACA’s 
federal limiting age increase.  I restrict the sample to individuals ages 22 through 29 (inclusive) 
in my main results in order to focus the analysis on those relatively near the various limiting 
ages, and to exclude college-age individuals who may have access to other sources of insurance, 
e.g., through their school.   

Table 2.3 summarizes the sample used in this study.  The entire sample of 190,460 individuals 
ages 22-29 is summarized in the first column.  The second column summarizes the set of 
individuals living in states that did not implement a dependent coverage expansion by the end of 
2009, as well as individuals living in reform states prior to implementation but who would not 
be part of the target population.  The third column considers target population individuals living 
in reform states prior to reform.  The fourth and fifth columns cover the post-reform period, 
with the fourth covering individuals in a state that has implemented reform, but fall outside of 
their state’s target population, and the fifth capturing the treated group of individuals living in 
post-implementation reform states, who are estimated to be members of their respective states’ 
target populations (based on marital status, residence with parents, and number of children).  
The sixth column calculates the simple, unadjusted difference-in-differences between the target 
populations, before and after reform (i.e. cols (5)-(4) – (cols (3)-(2).  This column shows that 
compared to the control group, the target population was 6.1 percentage points more likely to 
report employer-provided health insurance received through someone other than one’s spouse 
(relative to non-target population individuals), half a percentage point more likely to report 
privately purchased insurance received through someone other than one’s spouse, and 9.6 
percentage points less likely to report employer-provided health insurance held in one’s own 
name.  Spousal forms of coverage do not seem to have been impacted by treatment eligibility.  

8 Some argue, based on comparisons with other surveys that respondents tend to report on their 
current insurance status despite being asked about coverage in the previous year (Assistant 
Secretary for Planning and Evaluation, 2005).  This might explain why the CPS indicates lower 
rates of calendar-year coverage than other sources (Swartz, 1986; ASPE, 2005).  While many 
argue that the estimates should be interpreted as they are intended, as calendar year estimates 
(e.g., Bennefield, 1996; Kronick, 1989; and Fronstin, 1996), others argue that they are best 
interpreted as point in time estimates (e.g., Swartz, 1986; Bilheimer, 1997).  A third camp 
believes that the estimates should be interpreted as lying somewhere in between point-in-time 
and previous calendar year estimates (Rosenbach and Lewis, 1998).   



Overall, the insured rate decreased by about 3.3 percentage points for the target population 
(relative to the non-target population), although this difference-in-differences is not significant.    

While the statistically significant difference-in-differences estimates of changes in insurance 
coverage in Table 2.3 are all of the expected signs, a causal interpretation is complicated by 
other contemporaneous changes in the composition of the treatment group relative to the 
control groups.  For example, relative to the control group, the treatment group decreased in age 
and in the proportion with bachelor’s or advanced professional degrees, and witnessed greater 
decreases in housing prices in their states.  Meanwhile, the treatment group also experienced 
relative increases in the proportion reporting “other” race, the proportion with some college 
education, their states’ unemployment rates, the proportion ages 22-29 in their states, and the 
likelihood of being a student.  Married status, an important disqualifier for eligibility, declines 
by over two hundred percent in the treatment group relative to the control group, although this 
difference does not reach statistical significance.  Because these compositional changes can also 
have impacts on types of insurance held, as well as on eligibility itself, it is important to re-
estimate the changes in insurance coverage in a multivariate framework that allows one to 
control for simultaneous changes in demographic characteristics. 

 
Table 2.3. Summary statistics of state reform sample, adults 22-29 (inclusive), 
2001-2010 ASEC (2000-2009) 

control treatment control treatment
N 190,460 119,341 23,388 37,896 9,835

mean (se) mean (se) mean (se) mean (se) mean (se)
age 25.479 (0.012) 25.801 (0.103) 24.174 (0.323) 26.092 (0.129) 23.509 (0.296) -0.956 -4.0% 0.001
female 0.498 (0.003) 0.511 (0.008) 0.455 (0.008) 0.508 (0.004) 0.447 (0.013) -0.006 -1.2% 0.708
white 0.784 (0.012) 0.774 (0.014) 0.783 (0.033) 0.809 (0.013) 0.79 (0.016) -0.027 -3.5% 0.278
black 0.137 (0.015) 0.135 (0.023) 0.151 (0.022) 0.132 (0.017) 0.142 (0.015) -0.007 -4.5% 0.807
as ian 0.051 (0.01) 0.058 (0.015) 0.047 (0.012) 0.034 (0.004) 0.04 (0.007) 0.017 37.2% 0.328
other race 0.029 (0.004) 0.033 (0.005) 0.019 (0.003) 0.025 (0.004) 0.028 (0.004) 0.017 86.9% 0.004
hispanic 0.192 (0.04) 0.197 (0.055) 0.121 (0.029) 0.225 (0.051) 0.203 (0.044) 0.054 44.7% 0.371
less  than HS ed 0.128 (0.008) 0.134 (0.009) 0.105 (0.008) 0.135 (0.015) 0.109 (0.008) 0.002 2.0% 0.886
HS grad 0.293 (0.008) 0.295 (0.011) 0.279 (0.015) 0.297 (0.007) 0.284 (0.012) 0.004 1.4% 0.782
some col lege 0.242 (0.006) 0.235 (0.008) 0.268 (0.02) 0.222 (0.007) 0.309 (0.022) 0.054 20.2% 0.005
associate deg 0.084 (0.003) 0.084 (0.003) 0.078 (0.003) 0.088 (0.008) 0.082 (0.009) 0.000 0.6% 0.926
bachelor deg 0.211 (0.008) 0.207 (0.006) 0.235 (0.019) 0.21 (0.011) 0.194 (0.025) -0.044 -18.9% 0.006
advanced/pro degree 0.043 (0.003) 0.045 (0.003) 0.035 (0.009) 0.048 (0.003) 0.022 (0.008) -0.016 -46.2% 0.001
foreign born ci tizen 0.034 (0.006) 0.034 (0.009) 0.035 (0.013) 0.035 (0.006) 0.029 (0.006) -0.007 -18.9% 0.618
foreign born noncitizen 0.134 (0.02) 0.144 (0.029) 0.092 (0.021) 0.146 (0.016) 0.1 (0.013) 0.006 6.2% 0.867
unemployment rate 5.415 (0.144) 5.43 (0.221) 5.066 (0.134) 5.469 (0.175) 5.96 (0.297) 0.855 16.9% 0.012
bachelor degree rate 26.843 (0.663) 26.571 (0.826) 27.664 (1.12) 26.722 (0.838) 27.865 (1.23) 0.050 0.2% 0.961
pct pop 22-29 0.11 (0.002) 0.111 (0.002) 0.105 (0.002) 0.112 (0.004) 0.113 (0.004) 0.007 6.4% 0.012
HPI ann. change 4.244 (0.324) 4.826 (0.459) 6.063 (0.916) 2.38 (0.826) 0.329 (0.948) -3.287 -54.2% 0.019
married 0.349 (0.012) 0.432 (0.033) 0.012 (0.009) 0.456 (0.036) 0.01 (0.006) -0.027 -225.3% 0.553
has  chi ldren 0.371 (0.01) 0.421 (0.017) 0.177 (0.029) 0.42 (0.028) 0.2 (0.031) 0.024 13.6% 0.538
student 0.104 (0.003) 0.081 (0.01) 0.202 (0.02) 0.052 (0.011) 0.265 (0.024) 0.092 45.6% 0.000
disabled 0.034 (0.001) 0.033 (0.001) 0.039 (0.002) 0.031 (0.002) 0.038 (0.004) 0.001 3.1% 0.750
SRH poor, fa i r, or good 0.266 (0.007) 0.269 (0.008) 0.252 (0.006) 0.267 (0.015) 0.265 (0.011) 0.015 5.9% 0.347
employer-provided, dependent (non-spouse) 0.052 (0.003) 0.039 (0.005) 0.105 (0.006) 0.024 (0.005) 0.151 (0.02) 0.061 57.6% 0.006
employer-provided, dependent (spouse) 0.098 (0.004) 0.124 (0.013) 0.004 (0.003) 0.12 (0.01) 0.002 (0.001) 0.002 46.5% 0.909
private, dependent (non-spouse) 0.004 (0) 0.003 (0.001) 0.008 (0.001) 0.003 (0.001) 0.011 (0.002) 0.005 58.7% 0.010
private, dependent (spouse) 0.006 (0) 0.007 (0.001) 0 (0) 0.01 (0.001) 0 (0) -0.003 n/a 0.082
from outs ide of household 0.037 (0.001) 0.029 (0.002) 0.066 (0.011) 0.023 (0.003) 0.078 (0.01) 0.018 26.9% 0.151
employer-provided, own name 0.386 (0.009) 0.399 (0.014) 0.369 (0.015) 0.396 (0.01) 0.27 (0.021) -0.096 -26.1% 0.000
privately purchased, own name 0.046 (0.002) 0.046 (0.003) 0.048 (0.005) 0.045 (0.003) 0.04 (0.006) -0.008 -16.7% 0.138
publ ic insurance 0.123 (0.005) 0.125 (0.004) 0.115 (0.011) 0.125 (0.011) 0.11 (0.013) -0.005 -4.7% 0.515
any insurance 0.695 (0.014) 0.709 (0.016) 0.686 (0.014) 0.682 (0.025) 0.627 (0.029) -0.033 -4.8% 0.166

p-value of 
di f-in-di f

before s tate reform after s tate reformwhole 
sample

di f-in-di f
percent 
change

Note: Estimates use March Supplement weights, with errors clustered at the state level.  
Differences in boldface are significant at the p<0.05 level.  Boldface indicates a difference-in-
differences that is significant at the p<0.05 level. 
 



2.7. METHODS 
2.7.1. Research Hypotheses 

The outcomes considered in this study, as well as the hypothesized effects of limiting age 
increases on these insurance categories, are summarized by Figure 2.6.  Following Cantor et al. 
(2012) and Antwi, Moriya, and Simon (2012), this study divides commonly used insurance 
outcomes, such as dependent or private coverage, into subcategories that could in theory 
respond quite differently to limiting age increases.  The ASEC asks about two specific types of 
coverage received as a dependent: privately purchased and employer-provided.  A follow up 
question ascertains an identification number associated with the insurance holder, which when 
compared to the line number of the respondent’s spouse, allows the researcher to create 
mutually exclusive spousal and non-spousal (in most cases, parental) forms of these two 
variables.9   

In this paper, the term “dependent coverage” will be used to refer to three types of coverage that 
could have been impacted by a parental coverage expansion: employer-provided dependent 
coverage received through someone other than one’s spouse, privately purchased insurance 
received through someone other than one’s spouse, and insurance received from someone 
outside of one’s own household.  While one would expect to find an association between 
regulatory increases in limiting ages for adult children and non-spousal employer-provided 
insurance coverage, we should not expect to find a positive effect on spousal coverage, which 
was not targeted.  In fact, spousal coverage may become relatively less attractive for a young 
adult with newly gained access to coverage through a parent.  While this basic analysis holds 
true for non-spousal and spousal forms of privately purchased dependent coverage, the 
predicted effect of dependent coverage expansions on privately purchased non-spousal coverage 
is somewhat ambiguous because this category would be competing with newly available – and 
likely less expensive – employment-based parental coverage.  Insurance received from outside 
of one’s own household is a somewhat vague category, and data limitations do not allow for 
division into spousal and non-spousal forms; however, as it likely includes many parental 
policies, we might expect to see an association between reform eligibility and this type of 
coverage.  Coverage held in one’s own name, whether privately purchased or employment-
based, as well as public coverage, may be “crowded out” when state reforms open access to 
parental coverage, and could decline in prevalence.  Finally, because these reforms are intended 
to increase access to a potentially more affordable form of insurance coverage, the overall effect 
on the insurance rate can be expected to be positive (null findings in the state reforms literature 
aside).  Given the expected crowd-out of own name coverage and possibly spousal coverage, 
however, the overall increase in the insurance rate is likely to be smaller than the combined 
increase in non-spousal forms of coverage.   

9 While it may seem that dividing the variables into parental and non-parental subcategories 
would be more informative when evaluating the effect of a reform specifically targeted towards 
parental policies, ASEC provides the line number of only one parent, making conclusive 
matching with the holder’s identification number more difficult.  Nevertheless, “non-spousal” 
coverage is dominated by parental coverage: among 45,205 individuals in my sample with 
employment-based dependent coverage that was not received through a spouse, a parental 
source can be determined in 91.9% of cases.  It is unclear how many, if any, of the remaining 
8.1% are parents. 



Figure 2.6. Study outcome variables and predicted relationships with reform 
eligibility
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2.7.2 Empirical Specification  

Closely following Monheit et al. (2011), I estimate ordinary least squares difference-in-
differences linear probability models that predict the holding of various types of insurance.  
Consider the following reduced form model of the effects of expanded dependent coverage 
eligibility on insurance status: 

Dist = β1 + β2Ss + β3Yt + β4(Ss*Rt) + β5Tis + β6Pist + β7(Tis*Pist) + β8Xist + eist (3) 

where Dist is an indicator for a given insurance type (or overall insurance status) for an 
individual.  Ss represents state fixed effects that account for  persistent differences between 
states, Yi represents indicators for year that account for changes over time which affect all states, 
and Ss*Rt represents an interaction of state with a linear time trend.  Tis is an indicator for being 
a member of the target population in one’s state, as estimated by the respondent’s age,10 marital 
status, whether or not he or she lived with his or her parents, and whether or not he or she had 
any children (a proxy for having dependents of one’s own), regardless of whether or not the 
policy had yet been implemented.  Individuals outside of the target population (Tis=0) serve as 
controls.  This variable will help control for any pre-reform differences between the treatment 
and control groups.  Pist is an indicator for living in a state/year with a dependent coverage 
expansion in effect for all or part of that calendar year, regardless of one’s individual eligibility 
status; this variable will help control for other possible phenomena that are contemporaneous 
with reform implementation and which could also impact insurance status in both the treatment 
and control groups.11   

The Tis*Pist interaction flags reform eligibility, and is equal to one only for individuals who are 
members of the target population in a post-reform state.  The coefficient of the Tis*Pist 
interaction, β7, is the differences-in-differences estimator of the effect of dependent coverage 
expansions on the insurance outcomes.  If the coverage expansions effectively increased access 
to non-spousal coverage received as a dependent (relative to individuals outside of state target 
populations and in non-reform states), we would expect the coefficient of interaction term 
Tis*Pist to be positive when predicting the reporting of such insurance.  We would also expect the 
sign to be negative for some competing forms of insurance, such as coverage held in one’s own 
name (which could be more expensive than buying into a parental policy).   

Note that certain eligibility requirements are unobservable using ASEC data.  We cannot observe 
whether or not an adult child lives in the same state as his or her parents, which is relevant in 
some states.  Researchers cannot determine whether an adult child’s parents’ employer is self-
insured, and thus exempt from a state dependent coverage expansion due to ERISA, or even if 
the parent has insurance.  In fact, for young adults that don’t live with their parents, it is 

10 I assume age, as reported during the time of the March survey, to be the same as the age 
during the reference year. 
11 Note that Ohio and Wisconsin did not implement their expansions until 2010; for this reason, 
all individuals from those states have a value of Pist set to zero. 



impossible to confirm whether or not his or her parents are even alive, let alone whether they 
have ERISA-exempt insurance.  Some reform policies only apply to individuals who have no 
other offers of insurance, or more specifically, no offers of employer-provided insurance.  
Furthermore, while many states specify that beneficiaries must be financially dependent upon 
their parents, the relevant ASEC variable seems to have an error: the share of financial 
dependents in the dataset moves erratically from 13.1% in 2002, to 0.0% in 2003, to 37.0% in 
2004, to 81.4% in 2005, to 1.3% in 2006.  Even age during the reference year is not perfectly 
known, as respondents’ ages are recorded in March of the year following the reference year.  The 
measurement error in our treatment group indicator and differences-in-differences estimator 
resulting from these limitations should bias our estimated effect sizes toward zero, supporting a 
“lower bound” interpretation. 

One potentially more consequential threat to the estimation strategy may be that compositional 
changes in state populations may influence outcome variables independently of insurance 
reforms.  For instance, a localized oil or gas boom could attract many young, unskilled workers 
to a particular state, driving down insurance rates, while a severe downturn in the housing 
market might push young workers out of a state – especially those without jobs (and without 
employer-provided health insurance).   

In case other factors, like compositional changes in the sample, might be influencing the 
outcome variables, I include Xist, a vector of exogenous control variables that could be predictive 
of insurance status, including indicators age, gender, race (black, Asian, or other, with white as 
the omitted category), ethnicity (Hispanic), education (less than high school, some college, 
associate degree, bachelor degree, advance or professional degree, with high school graduate as 
the omitted category), foreign-born citizens, and foreign-born noncitizens.  Also included in Xist 
are state-specific controls, such as the unemployment rate for one’s state in March of reference 
year, the percentage of the population with a bachelor degree (for each state-year), the 
percentage of the population age 22-29 (for each state-year), and a figure that measures the 
average quarterly change from the previous year’s housing prices.12  Unlike most other studies of 
dependent coverage expansions, baseline results will not control for non-fixed choice outcomes 
which could also be influenced by reform eligibility, such as marital status, labor status, student 
status, income, number of children, health status, or living with one’s parents.  Use of such “bad 
controls” could lead to biased estimates of the state reforms’ effects (Angrist and Pischke, 2008). 

Finally, eist represents an individual error term.  In this as in other sections of this study, 
standard errors are clustered at the state level and March Supplement weights are used. To 
account for serial correlation, standard errors are clustered at the state level.  In order to allow 
for heterogeneous effects, I also estimate separate models on subsets of the population, 
including males and females, college graduates and non-college graduates.  Particular attention 
will be paid to the separate results for unmarried and married individuals.  If the reforms truly 
increased access to parental coverage, we should expect to see significant and perhaps larger 
effect sizes among the unmarried subset, because they have fewer other options (no access to 
competing spousal coverage), because marriage correlates with other predictors of insurance 
(such as education and good health), and because unmarried individuals have lower rates of 
coverage overall and thus potentially more to gain.  The non-randomness of treatment eligibility 
will be examined by using it to predict marital status.   

 

12 For each state-year, I average the four four-quarter percent change figures in the FHFA State-
Level House Price Index (Federal Housing Finance Agency, 2012). 



2.8. RESULTS 
Table 2.4 displays the main results for the state dependent coverage expansion policies.  Each 
column contains means for the treatment group before the reform, as well as difference-in-
differences coefficient estimates for the change in that outcome relative to the change in the 
control group (β7 from Equation (3)), for a given insurance type or for overall insured status. 
Each panel represents a different population subsample.  The first two columns display results 
for non-spousal and spousal employment-based health insurance received as a dependent, 
respectively.  The third and fourth columns display results for privately purchased non-spousal 
and spousal insurance, while the fifth column displays results for insurance received through 
someone that lives outside of one’s own household.  Columns six, seven, and eight cover 
employer-provided insurance held in one’s own name, privately purchased insurance held in 
one’s own name, and public coverage such as Medicaid.  Finally, column nine displays estimates 
of the effect of eligibility on having any insurance.  The full sample results seen in Panel 1 bring 
into question findings reported elsewhere in the literature regarding the effect of state reforms 
on less specific categories “private,” “dependent,” and even “employer-provided dependent” 
coverage.  Although the state-level dependent coverage expansions did not apply to spousal 
policies, the only significant “effect” estimated here among the five categories of insurance held 
in someone else’s name is on employer-sponsored dependent coverage received through one’s 
spouse.  The difference-in-differences estimator fails to predict types of insurance that in theory 
should have been encouraged by the reforms, such as non-spousal (probably parental) 
employer-provided dependent health insurance, insurance from outside of one’s home, and 
arguably, since it could be relatively expensive, privately purchased non-spousal insurance.  The 
estimated effect on the overall insured rate was a modest and insignificant increase, similar to 
that estimated by Levine, McKnight, and Heep (2011) and Monheit et al. (2011).   

While null results for the targeted (non-spousal) coverage types might not be surprising, given 
ERISA exemptions and the high number of workers with self-insured firms, a positive result for 
spousal coverage is.  Not only is spousal coverage not targeted by the reforms, it actually 
competes with parental coverage.  If anything, this type of insurance might be expected to be 
“crowded out” by the increased availability of parental coverage, resulting in a negatively signed 
DD estimator.  Clearly, state reforms targeting parental coverage cannot be expected to have 
actually caused an increase in spousal coverage, suggesting a problem with the estimation 
strategy.  Putting aside, for now, the search for an explanation of the apparent and erroneously 
estimated “effect” these reforms had on employer-provided insurance received through one’s 
spouse, let us first consider whether this phenomenon could be driving the results reported 
elsewhere in the literature, regarding the impact of state-level limiting age increases on 
“dependent” or “private”13 health insurance.  

The first four columns of Table 2.5 report results when estimating outcomes similar to those 
employed in other studies of state dependent coverage expansions, outcomes which fail to 
differentiate between spousal and non-spousal forms of coverage.  Indeed, as others have found, 
state reform eligibility is a statistically significant predictor of employer-provided dependent 
coverage and dependent coverage generally, and a marginally significant predictor of private 
coverage.  The pooling of spousal and parental forms of dependent coverage here yields 
misleading estimates of the effects of state reforms on dependent or private coverage.  The 
apparent effects of state reforms on dependent coverage, reported in Table 2.5 and elsewhere in 
the literature, may be driven by a change in rates of spousal coverage received as a dependent 
that were contemporaneous with the reforms, but not necessarily caused by them.   

13 “Private” health insurance includes all five of this study’s categories of insurance held in 
someone else’s name, along with both types of own-name coverage, or more simply, all 
categories of insurance that are not government-based.  



If the results reported for the full sample in Table 2.4 are not to be trusted, results for most 
subsamples are likely suspect as well.  However, taken at face value, they generally suggest a 
positive effect on employer-provided spousal coverage among both sexes, as well as among those 
without and with college degrees.  Notably, this pattern is broken when the sample is separated 
into unmarried and married individuals.  Obviously, unmarried individuals cannot have spousal 
coverage, but more interestingly, among married individuals, there is no significant or positive 
association with eligibility and spousal coverage.  In fact, among married individuals eligibility is 
negatively (but not significantly) associated with spousal coverage.14  So if the reported increases 
in dependent or private coverage are being driven by increases in spousal coverage, but spousal 
coverage is not increasing among either married or unmarried individuals, perhaps the spurious 
finding is being driven by self-selection out of the treatment group. 

The prevalence of marriage has been declining for some time, and evidence suggests that the 
proportion of married individuals in the United States stood at a historic low in 2009 (Mather 
and Lavery, 2010).  Consider Figure 2.7, which tracks changes in the prevalence of marriage in 
this study’s sample and among the treatment and control subgroups.  Among the entire sample, 
the proportion of individuals who are married falls from about 37.8% in 2000 to 31.0% in 2009.  
Because being married is a disqualifier for eligibility in 26 of 30 reform states, most would-be 
eligibles who marry self-select into the control group, preserving a low and stable proportion of 
married individuals in the treatment group throughout the study period.  The proportion of 
married individuals in the control group, however, decreases more or less in lockstep with the 
decline observed in the entire sample, and as the probability of marriage declines, so does the 
probability of having spousal coverage.  From the perspective of a difference-in-difference 
model, a relative decline in spousal coverage among the control group is equivalent to an 
increase in spousal coverage in the treatment group.   

Figure 2.7 also makes it clear that while the probability of being married declines over time in 
the control group, the probability of being in a reform state, and the related probability of being 
a member of the treatment population in a reform state, both increase, due to the rising number 
of states implementing reform.  So while marriage and reform eligibility are negatively 
correlated in every data year, this relationship strengthens over time, from -0.0932 in 2000 to -
0.3132 in 2009.  Conversely, the correlation between control group status and being married, 
which is always positive, weakens throughout the study period.  The declining rate of marriage – 
assuming it is not itself being driven by the reforms themselves– violates the “parallel trends” 
assumptions of difference-in-differences models, which holds that the difference between the 
treatment and control groups in the probability of having spousal coverage should be constant 
over time in the absence of treatment.  Importantly, falling rates of marriage in the control 
group  result mechanically in falling rates of spousal coverage.  Actual treatment assignment and 
reform eligibility are non-random, because policy implementation and treatment population 
eligibility correlate with falling marriage rates.  The weakening of the link between reform 
(in)eligibility and marriage over time could be driving an illusory decrease in spousal coverage 
in the control group, which might interpreted as a (relative) increase in dependent  or private 
coverage by the treatment group.   

As an additional test of the endogeneity of treatment eligibility, I apply my differences-in-
differences model of the state reforms to predict being married.15  Results are shown in the last 

14 Note that among married individuals, eligibility also seems to predict a decline in privately-
purchased spousal coverage.  While this type of insurance could in theory face “crowd out” by 
dependent coverage, the effect seems somewhat plausible, but would be more convincing if the 
offsetting increase in employer-provided parental coverage were statistically significant.   
15 While a similar test was conducted by Depew (2012), in that model “eligibility” was based on 
factors other than marriage. 



column of Table 2.5, and suggest that reform eligibility is associated with an 11.2 percentage 
point increase in the probability of being married among the treatment group, relative to the 
control group.  To the extent that some individuals at the margin may marry for the health 
insurance benefits, a program that increases access to parental coverage should be expected 
result in fewer marriages, not more – especially if eligibility for that program depends on not 
being married.  This large and statistically significant differences-in-differences coefficient 
estimate is yet another sign that treatment assignment is insufficiently random.   

Another falsification test of the general difference-in-differences model would be to estimate the 
effect of reforms on age groups that were not actually subject to dependent coverage expansions.  
By reassigning “placebo” age values that are 10, 20, or 30 years lower than actual age values, one 
can re-estimate the model and test whether it would find estimate significant effects even among 
individuals in their 30s, 40s, or 50s.  (In this type of model, a 42 year old unmarried Texan 
would be a member of the target population, while a 47 year old Texan or 42 year old 
Oklahoman would be in the control group.)   Results of just such an exercise are shown in Figure 
6.3.  The difference-in-differences estimator remains a significant predictor of employer-
provided dependent coverage received through a spouse among individuals ages 32 through 39, 
as well as among ages 42 through 49.  The “effect” of reform eligibility on individuals ages 52 
through 59 is only marginally significant, perhaps reflecting a smaller amount of decline in the 
prevalence of marriage in this age group during the study period.  In results not shown, separate 
models were estimated for married individuals in their 30s, 40s, or 50s; these did not suggest 
any significantly positive relationship between false reform eligibility and employer-provided 
spousal coverage. 

As an additional test of the model, I add additional control variables frequently used by other 
researchers, but which themselves could be influenced by a policy that extended access to 
parental insurance coverage.  These include indicators for marriage, having children, living with 
one’s parents, being disabled, and having self-reported health of good, fair, or poor.  Results are 
shown in Table 2.7.  Even when controlling for marital status and other variables, eligibility for 
parental reform remains significantly associated with higher levels of employer-provided 
spousal coverage.  Interestingly, the difference-in-differences estimator is significant at the 10% 
level when predicting non-spousal employer-provided coverage.  However, the difference-in-
differences coefficients failed to reach statistical significance for spousal or non-spousal 
employer-provided coverage when separate models were estimated for married or unmarried 
subsets. 

These results suggest that the use of additional control variables, including marital status, does 
not purge treatment assignment of its correlation with the changing prevalence of marriage.  In 
order to eliminate the effect of self-selection on the effect estimates, I re-estimate Equation (3) 
(dropping the additional control variables), replacing Tis with a new target group indicator, T2is, 
that is assigned only on the basis of age and state of residence, rather than on state, age, marital 
status, number of children, and living with one’s parents.  The original interaction of Tis and Pist 
is replaced by a new difference-in-differences interaction term, T2is*Pist.  Basing target group 
status on state and age alone decreases the accuracy of treatment assignment in the model, 
producing additional measurement error that could downwardly bias any estimates of a true 
effect.  However, the new estimator should not be as compromised by falling levels of marriage 
in the control group over time, and results could be considered lower bonds on real effect sizes.  
As seen in Table 2.8, this new indicator for treatment eligibility is actually negatively associated 
with non-spousal insurance held in someone else’s name, whether considering the full sample or 
only those who are or who are not married (although the difference-in-differences coefficients 
do not reach statistical significance).  Had the reform actually “worked,” one would expect the 
coefficient of the differences-in-differences estimator to be positive, even if not statistically 
significant (due to loss of precision in the assignment of the treatment variable).  In results not 



shown, the use of additional controls, including indicators for being married, having children, 
living with one’s parents, having less than very good self-reported health, and being disabled, 
did not qualitatively alter the results shown in Table 2.8.   

By restricting to targeted age groups and assigning target status to unmarried individuals in 
control states, Levine et al. (2011) may have effectively controlled for the problem of the decline 
of marriage.  I reassign positive Tis values to individuals in reform states who are under age 25 
and not married, and re-interact Tis with Pist to create a new difference-in-differences estimator 
that should not be as susceptible to the falling prevalence of marriage.  The main results from 
the use of this estimator are featured in Panel 1 of Table 2.9.  Although the estimated coefficient 
is reduced relative to baseline results (in Table 2.4), the new interaction term remains a 
significant predictor of employer-provided spousal coverage.  The estimated effect on the three 
types of dependent, possibly parental coverage remains insignificant.  Dropping individuals age 
25 and over from the sample (Levine’s analysis focused on individuals under age 25) results in a 
larger effect size on employer-provided spousal coverage, but significant effects on dependent 
coverage remain elusive (Panel 2).  

In order to focus my analysis on young adults who would not likely have access to student-based 
coverage, this sample uses a different age range than most other studies on dependent coverage 
expansions.  I experiment with using three different age ranges, 19 through 29, 19 through 24, or 
22 through 24, and repeat the analysis shown in Panel 1 of Table 2.4.16  The outcomes, shown in 
Table 2.10., are qualitatively similar.  In none of the three samples is the difference-in-
differences estimator a significant predictor of forms of dependent coverage, and in two of the 
three samples it remains a significant predictor of employer-provided spousal coverage.  

Because few state policies were implemented in January of their respective implementation 
years, the first year of most policies is a “partial” reform year.  Inclusion of these years in the 
treatment period may weaken estimated effects.  Indeed, Monheit et al. (2011) report stronger 
reform effects following the first year of implementation.  In Table 2.11, I follow Levine et al., 
and flip the policy indicator to one in years following states’ actual implementation years.  If 
anything, pushing the policy indicator further into the future (where marital rates are lower) 
seems to increase the estimated association between reform eligibility and employer-provided 
spousal coverage.  Any positive association with non-spousal dependent coverage remains 
statistically insignificant. 

Assuming the state reforms were ineffective, especially when compared to the federal reform, 
one reason may be that most had additional eligibility requirements besides being below a 
certain limiting age.  In order to test this hypothesis, I drop from the sample 27,571 individuals 
living in a state that did or will implement a “weak” reform that requires financial dependence 
and/or residence with one’s parents.17  Now, the model compares outcomes for target 
population individuals in “strong” reform states to outcomes for in-state controls and 
individuals in non-reform states.   (Again, individuals in states that did or will implement a 
“weaker” form of reform are dropped from the sample, so they are neither in the treatment or 
control group.)  If these additional requirements lessened the effect of some state reforms, 
dropping individuals in these “weak” reform states should increase estimated effect sizes for 
relevant insurance categories.  Results, in the first panel of Table 2.12, show this not to be the 
case.  Treatment reform eligibility remains an insignificant predictor of employer-provided non-
spousal dependent coverage, privately purchased non-spousal dependent coverage, and 

16 Note, however, that my treatment variable has not been recoded to account for limiting age 
increases that are only targeted towards students. 
17 Even these “strong” reforms tended to be less permissive than the federal reform; most still 
only applied to unmarried individuals. 



coverage received from outside of one’s own home.  If anything, the removal of the weaker 
reform states from the sample resulted in difference-in-differences coefficient estimates that 
were smaller and less statistically significant than those featured in Table 2.4 when estimating 
non-spousal coverage.  Of course, this analysis cannot rule out the possible explanation that the 
common requirement of being unmarried is what weakened the state reforms relative to the 
federal reforms; unfortunately, too few states implemented dependent coverage expansions that 
applied to married young adults to allow a proper analysis of their effects alone. 

The way premiums are set may have an impact on the relative effectiveness of different state 
policies (Cantor et al., 2012).  The use of “separate premiums” in certain reform states may 
reduce the attractiveness of parental coverage by forcing families to assume all additional costs 
associated with enrolling an adult child.  Group premiums should be less expensive for families 
that choose take advantage, and incidentally, would make a fairer comparison with the federal 
reform policy, which also uses the group premium rule.  The second panel of Table 2.12 shows 
results when all 16 reform states which do not use group premiums are dropped entirely from 
the sample (even if they hadn’t yet implemented reform).  In this analysis, the difference-in-
differences estimator significantly predicts two forms of spousal insurance, but remains 
unassociated with any form of non-spousal dependent coverage. 

The Earned Retirement Income Security Act (ERISA) exempted self-insured firms from 
complying with state-level dependent coverage expansions, and in recent years, such plans have 
covered the majority of private sector enrollees (Crimmel, 2011).  Thus, ERISA is another 
possible explanation for why state dependent coverage expansions may have had limited impact, 
especially for individuals whose parents work for larger firms, which are more likely to self-
insure (including 83.6% of firms with 1,000 or more employees in 2010; Crimmel, 2011).  
However, putting aside the state reforms and the ERISA-based exemptions of them, larger firms 
may be in a better position to offer more generous family benefit packages to their employees.   

In 2009, the proportion of private sector health plan enrollees receiving coverage through a self-
insured firm ranged from 46.6% in Montana to 70.5% in Indiana (AHRQ, 2009).  I rank the 30 
reform states by this statistic, and re-estimate my main results after dropping the 15, 20, or 25 
reform states with the highest proportions of enrollees in self-insured firms.  If ERISA is in fact 
keeping these reforms from being effective, we might expect to see larger effects – or rather, any 
effects – in reform states with successively lower levels of self-insurance.  The results presented 
in the third, fourth, and fifth panels of Table 2.12 do not indicate significant and positive 
increases in non-spousal dependent coverage when reform states with higher rates of self-
insurance are removed from the analysis.  To the contrary, results shown in the fourth panel, 
which displays results from a model that considers only five reform states with rates of self-
insurance of 51.8% or below (and 29 control states), indicate that the treatment group 
experienced a relative decline in the rate of employer-provided non-spousal dependent 
coverage.  Dropping only the 15 or 20 states with the highest rates of self-insurance seems to 
increase the coefficient estimates on this form of coverage relative to results shown in the first 
panel of Table 2.4, but the coefficients fail to reach statistical significance.  If the state reforms 
are ineffective in this study’s sample, this exercise suggests that it might not be because ERISA 
presents a practical barrier. 

Indeed, a brief analysis of individuals ages 40 and older indicates that individuals in larger firms 
are actually more likely than individuals in smaller firms to provide employment-based health 
insurance to a young adult in their household or to someone outside of their own home – even 
in reform states.  To conduct this test, I create an indicator to flag individuals who provide 
employment-based health insurance to an adult child within in their household or to someone 
outside of their household.  I then predict this outcome among household heads and their 
spouses age 40 and over.  While I am most interested in the coefficients of indicators for firm 



size, I continue to include state and year fixed effects, an interaction of state with a linear time 
trend, as well as all of the individual- and state-level covariates in Xist.18  The first column of 
results shown in Table 2.13 suggest that, if anything, employees of larger firms are more likely to 
extend their employer-provided insurance to an adult dependent.  The next two columns show 
that this relationship is similar in states that have and have not implemented a limiting age 
increase.  Column four shows results when a variable is added to control for the effect of Pist, 
which signals state reform implementation; adults in these states are 0.6 percentage points 
more likely to provide employer-provided coverage to a young adult in their house or to 
someone outside of their house.  While the coefficient does reach statistical significance, it is 
relatively small in comparison to the mean outcome without reform of 10.3%, or when 
compared to the coefficients associated with being in firms of various sizes.  Though consistent 
with the expected effects of reforms, it is difficult to interpret this coefficient given the null 
effects of reform on employer-provided coverage among young adults seen in Table 2.4. 

The fifth column shows results when respondents’ firm size is interacted with reform 
implementation.  Here, we might expect to see an additional difference with larger gains among 
individuals in smaller firms – as indicated by the interactions of Pist with markers for having 
“few” employees – if ERISA was inhibiting an effect among workers in larger firms.  This does 
not seem to be the case: because none of the interactions with firm size and policy 
implementation reach significance, the state reforms cannot be said to have a larger impact on 
the probability of providing coverage to an adult dependent among employees of smaller firms 
than among employees of larger firms.  However, inclusion of these interactions does increase 
the estimated coefficient for being in a reform state generally, consistent with a 1.1 percentage 
point increase. 

Panel 1 of Table 2.14 gives results when sampling weights are not used but standard errors are 
clustered at the state level, as in Levine et al. (2011), while Panel 2 clusters standard errors at the 
household level, uses March Supplement weights, and defines strata to be at the level of 
metropolitan core-based statistical area, as in Monheit et al. (2011).  In the latter specification, 
reform eligibles seem to experience significant gains in employer-provided non-spousal 
dependent coverage relative to control group individuals, although the increase is less than half 
of that estimated for un-targeted category employer-provided spousal coverage.  By clustering 
standard errors at the household level, however, this model may not adequately control for 
serial correlation within states. 

18 One minor modification is made to X; instead of age indicators, age is controlled for with a 
continuous age value and its square. 



Table 2.4. Difference-in-difference coefficient estimates of state dependent coverage expansions on coverage rates 

non-spousal spousal non-spousal spousal
PANEL 1: Ful l  sample, ages  22-29, years  2000-2009, N=190,460

mean (s .e.) (T=1, P=0): 0.106 (0.007) 0.002 (0.002) 0.008 (0.001) 0 (0) 0.067 (0.011) 0.369 (0.016) 0.048 (0.005) 0.115 (0.011) 0.685 (0.014) 
DD coefficient (T*P): 0.027 (0.023) 0.058 (0.017) *** 0.001 (0.002) -0.001 (0.002) -0.008 (0.01) -0.024 (0.015) -0.011 (0.005) ** -0.004 (0.006) 0.022 (0.011) *

PANEL 2: Females , ages  22-29, years  2000-2009, N=99,730
mean (s .e.) (T=1, P=0): 0.107 (0.006) 0.003 (0.003) 0.007 (0.001) 0 (0) 0.078 (0.013) 0.37 (0.016) 0.049 (0.005) 0.159 (0.019) 0.739 (0.014) 
DD coefficient (T*P): 0.026 (0.023) 0.076 (0.021) *** 0.001 (0.002) -0.004 (0.002) -0.012 (0.011) -0.027 (0.014) * -0.015 (0.005) *** -0.012 (0.011) 0.013 (0.007) *

PANEL 3: Males , ages  22-29, years  2000-2009, N=90,730
mean (s .e.) (T=1, P=0): 0.105 (0.008) 0 (0) 0.008 (0.001) 0 (0) 0.057 (0.01) 0.368 (0.018) 0.048 (0.005) 0.079 (0.007) 0.641 (0.017) 
DD coefficient (T*P): 0.029 (0.023) 0.037 (0.012) *** 0.002 (0.003) 0.001 (0.001) -0.004 (0.011) -0.013 (0.017) -0.008 (0.006) 0.003 (0.009) 0.031 (0.017) *

insurance in someone else's name in own name

public
employer-provided privately purchased from outside of 

own hh any insurance
employer-
provided

privately 
purchased

 
PANEL 4: Non-col lege grads, ages  22-29, years  2000-2009, N=146,220

mean (s .e.) (T=1, P=0): 0.108 (0.007) 0.002 (0.002) 0.008 (0.001) 0 (0) 0.058 (0.01) 0.303 (0.014) 0.036 (0.004) 0.144 (0.015) 0.636 (0.016) 
DD coefficient (T*P): 0.024 (0.022) 0.057 (0.016) *** 0.001 (0.003) -0.002 (0.002) -0.004 (0.009) -0.01 (0.016) -0.009 (0.004) * -0.006 (0.008) 0.033 (0.012) ***

PANEL 5: Col lege grads, ages  22-29, years  2000-2009, N=44,240
mean (s .e.) (T=1, P=0): 0.099 (0.007) 0.001 (0.001) 0.006 (0.001) 0 (0) 0.089 (0.018) 0.548 (0.016) 0.081 (0.009) 0.036 (0.005) 0.819 (0.019) 
DD coefficient (T*P): 0.041 (0.027) 0.051 (0.02) ** 0.003 (0.003) 0 (0.002) -0.015 (0.017) -0.074 (0.019) *** -0.014 (0.009) 0.009 (0.009) -0.003 (0.015)  

PANEL 6: Not married, ages  22-29, years  2000-2009, N=116,896
mean (s .e.) (T=1, P=0): 0.106 (0.007) 0 (0) 0.008 (0.001) 0 (0) 0.067 (0.011) 0.369 (0.016) 0.048 (0.005) 0.115 (0.011) 0.685 (0.014) 
DD coefficient (T*P): 0.034 (0.028) - 0.001 (0.002) - -0.012 (0.01) -0.026 (0.019) -0.001 (0.005) 0.024 (0.008) *** 0.014 (0.01) 

PANEL 7: Married, ages  22-29, years  2000-2009, N=73,564
mean (s .e.) (T=1, P=0): 0 (0) 0.275 (0.038) 0 (0) 0.02 (0.004) 0.049 (0.007) 0.36 (0.035) 0.027 (0.006) 0.121 (0.004) 0.785 (0.004) 
DD coefficient (T*P): 0.029 (0.023) -0.012 (0.028) 0 (0) -0.027 (0.007) *** -0.047 (0.006) *** -0.052 (0.052) -0.037 (0.01) *** 0.037 (0.035) -0.026 (0.078)  

Note: Difference-in-difference coefficient estimates shown with errors clustered at state level.  Estimates use March Supplement 
weights. Key: *: significant at p<0.10, **: significant at p<0.05, ***: significant at p<0.01. 
 



Figure 2.7. Declining proportion of married individuals among treatment population relative to control 
population, and increasing probability of reform eligibility (ages 22 through 29) ppp p g p y g y g

 

Table 2.5. State reform eligibility associated with increases in non-specific coverage outcomes and marriage 
employer-
provided 

dependent 
(spousal or non-

spousal)

privately 
purchased 
dependent 

(spousal or non-
spousal)

dependent 
(spousal or non-

spousal) private insurance married
Ful l  sample, ages  22-29, years  2000-2009, N=190,460

mean (s .e.) (T=1, P=0): 0.109 (0.008) 0.008 (0.001) 0.114 (0.008) 0.592 (0.021) 0.012 (0.009) 
DD coefficient (T*P): 0.084 (0.029) *** 0 (0.002) 0.083 (0.03) *** 0.029 (0.015) * 0.112 (0.047) **  

Note: Difference-in-difference coefficient estimates shown with errors clustered at state level.  Estimates use March Supplement 
weights. Key: *: significant at p<0.10, **: significant at p<0.05, ***: significant at p<0.01. 



Table 2.6. Falsification test: “effect” of placebo reform eligibility on other age groups 

non-spousal spousal non-spousal spousal
from outside of 

own hh any insurance
employer-
provided

privately 
purchased

insurance in someone else's name in own name

public
employer-provided privately purchased

PANEL 1: Ful l  sample, ages  32-39, years  2000-2009, N=231,150
mean (s .e.) (T=1, P=0): 0.012 (0.001) 0.02 (0.016) 0.001 (0) 0.002 (0.002) 0.013 (0.001) 0.525 (0.013) 0.042 (0.003) 0.144 (0.015) 0.736 (0.011) 
DD coefficient (T*P): 0.005 (0.003) 0.056 (0.015) *** 0 (0.001) -0.001 (0.002) 0 (0.002) -0.043 (0.012) *** -0.004 (0.006) -0.022 (0.01) ** -0.016 (0.011) 

PANEL 2: Ful l  sample, ages  42-49, years  2000-2009, N=248,170
mean (s .e.) (T=1, P=0): 0.01 (0.001) 0.026 (0.02) 0.001 (0) 0.002 (0.002) 0.018 (0.001) 0.552 (0.015) 0.063 (0.004) 0.155 (0.019) -0.786 (-0.012) 
DD coefficient (T*P): 0.002 (0.002) 0.054 (0.015) *** 0.002 (0.001) ** 0.001 (0.001) -0.005 (0.002) ** -0.054 (0.019) *** -0.007 (0.006) -0.009 (0.013) -0.026 (0.012) **

PANEL 3: Ful l  sample, ages  52-59, years  2000-2009, N=174,833
mean (s .e.) (T=1, P=0): 0.01 (0.001) 0.029 (0.021) 0.001 (0) 0.002 (0.001) 0.016 (0.001) 0.568 (0.013) 0.087 (0.008) 0.193 (0.015) 0.839 (0.011) 
DD coefficient (T*P): -0.003 (0.002) 0.029 (0.016) * 0.001 (0.001) 0 (0.001) 0.001 (0.002) -0.03 (0.018) * -0.007 (0.006) -0.014 (0.014) -0.019 (0.012)  

Note: Difference-in-difference coefficient estimates shown with errors clustered at state level.  Estimates use March Supplement 
weights. Key: *: significant at p<0.10, **: significant at p<0.05, ***: significant at p<0.01. 
 
Table 2.7. Results when using additional controls 

non-spousal spousal non-spousal spousal

in own name

public any insurance
employer-
provided

privately 
purchased

insurance in someone else's name
employer-provided privately purchased from outside of 

own hh
PANEL 1: Ful l  sample, ages  22-29, years  2000-2009, N=190,460

mean (s .e.) (T=1, P=0): 0.105 (0.006) 0.004 (0.003) 0.008 (0.001) 0 (0) 0.066 (0.011) 0.369 (0.015) 0.048 (0.005) 0.115 (0.011) 0.686 (0.014) 
DD coefficient (T*P): 0.019 (0.01) * 0.025 (0.008) *** 0.001 (0.001) -0.003 (0.001) ** 0 (0.008) -0.009 (0.006) -0.008 (0.005) * -0.009 (0.006) 0.007 (0.008) 

PANEL 2: Unmarried, ages 22-29, years  2000-2009, N=116,896
mean (s .e.) (T=1, P=0): 0.106 (0.007) 0 (0) 0.008 (0.001) 0 (0) 0.067 (0.011) 0.369 (0.016) 0.048 (0.005) 0.115 (0.011) 0.685 (0.014) 
DD coefficient (T*P): 0.015 (0.011) n/a -0.001 (0.001) n/a -0.004 (0.007) -0.006 (0.007) 0.001 (0.004) 0.014 (0.005) *** 0.012 (0.011) 

PANEL 3: Married, ages 22-29, years  2000-2009, N=73,564
mean (s .e.) (T=1, P=0): 0.001 (0.001) 0.298 (0.018) 0 (0) 0.022 (0.002) 0.045 (0.003) 0.378 (0.024) 0.036 (0.008) 0.122 (0.002) 0.79 (0.003) 
DD coefficient (T*P): 0.016 (0.013) -0.007 (0.024) -0.001 (0.001) -0.019 (0.005) *** -0.013 (0.031) 0.025 (0.031) -0.018 (0.012) 0.02 (0.033) 0.041 (0.028)  

Note: Model includes all controls listed in Equation (3), with the addition of indicators for being married, having children, living with 
one’s parents, being disabled, and reporting less than “very good” health. Errors clustered at state level, and March Supplement 
weights are used. Key: *: significant at p<0.10, **: significant at p<0.05, ***: significant at p<0.01. 

Table 2.8. Results when target group status based only on state and age (ignoring marital status and other 
requirements) 

non-spousal spousal non-spousal spousal
from outside of 

own hh any insurance
employer-
provided

privately 
purchased

insurance in someone else's name in own name

public
employer-provided privately purchased

PANEL 1: Ful l  sample, ages  22-29, years  2000-2009, N=190,460
mean (s .e.) (T=1, P=0): 0.083 (0.005) 0.078 (0.005) 0.006 (0.001) 0.004 (0) 0.053 (0.008) 0.376 (0.014) 0.044 (0.004) 0.124 (0.008) 0.715 (0.015) 
DD coefficient (T*P): -0.005 (0.005) 0.007 (0.005) -0.001 (0.001) -0.001 (0.001) -0.006 (0.004) 0.002 (0.007) -0.006 (0.004) * 0.005 (0.005) 0.004 (0.007) 



PANEL 2: Unmarried, ages 22-29, years  2000-2009, N=116,896
mean (s .e.) (T=1, P=0): 0.11 (0.006) 0 (0) 0.008 (0.001) 0 (0) 0.064 (0.01) 0.364 (0.013) 0.049 (0.004) 0.12 (0.008) 0.687 (0.014) 
DD coefficient (T*P): -0.007 (0.006) n/a -0.001 (0.001) n/a -0.007 (0.005) 0.008 (0.009) -0.002 (0.004) 0.009 (0.007) 0.005 (0.01) 

PANEL 3: Married, ages 22-29, years  2000-2009, N=190,460
mean (s .e.) (T=1, P=0): 0.003 (0.001) 0.307 (0.012) 0 (0) 0.014 (0.001) 0.02 (0.003) 0.411 (0.02) 0.028 (0.003) 0.135 (0.014) 0.798 (0.021) 
DD coefficient (T*P): -0.001 (0.001) -0.006 (0.008) 0 (0) -0.001 (0.004) -0.001 (0.005) -0.003 (0.014) -0.009 (0.004) ** 0.016 (0.012) 0.01 (0.01)  

Note: Difference-in-difference coefficient estimates shown with errors clustered at state level.  Estimates use March Supplement 
weights. Key: *: significant at p<0.10, **: significant at p<0.05, ***: significant at p<0.01. 
 
Table 2.9. Similar results when target group assigned to control state individuals who are unmarried and under 
25

non-spousal spousal non-spousal spousal
from outside of 

own hh any insurance
employer-
provided

privately 
purchased

insurance in someone else's name in own name

public
employer-provided privately purchased

PANEL 1: Include unmarrieds  <25 in treatment group in non-reform states, ages  22-29 (N=190,460)
mean (s .e.) (T=1, P=0): 0.117 (0.007) 0.001 (0.001) 0.009 (0.001) 0 (0) 0.078 (0.009) 0.329 (0.019) 0.048 (0.003) 0.115 (0.007) 0.664 (0.013) 
DD coefficient (T*P): 0.028 (0.023) 0.029 (0.014) ** 0.001 (0.002) -0.001 (0.002) -0.008 (0.01) -0.018 (0.014) -0.007 (0.005) 0 (0.006) 0.014 (0.01) 

PANEL 2: Include unmarrieds  <25 in treatment group in non-reform states, ages  22-24 (N=69,573)
mean (s .e.) (T=1, P=0): 0.139 (0.007) 0.001 (0.001) 0.011 (0.001) 0 (0) 0.094 (0.005) 0.288 (0.01) 0.046 (0.003) 0.113 (0.005) 0.656 (0.013) 
DD coefficient (T*P): 0.04 (0.034) 0.068 (0.023) *** 0.001 (0.003) 0.002 (0.003) -0.027 (0.016) * -0.026 (0.023) -0.002 (0.006) 0.031 (0.012) ** 0.049 (0.023) **  

Note: Difference-in-difference coefficient estimates shown with errors clustered at state level.  Estimates use March Supplement 
weights. Key: *: significant at p<0.10, **: significant at p<0.05, ***: significant at p<0.01. 
 
Table 2.10. Similar results using alternative age ranges 

non-spousal spousal non-spousal spousal
from outside of 

own hh any insurance
employer-
provided

privately 
purchased

insurance in someone else's name in own name

public
employer-provided privately purchased

PANEL 1: Ages  19-29 (N=262,972)
mean (s .e.) (T=1, P=0): 0.24 (0.014) 0.002 (0.001) 0.019 (0.002) 0 (0) 0.081 (0.011) 0.254 (0.015) 0.036 (0.003) 0.123 (0.011) 0.711 (0.013) 
DD coefficient (T*P): 0.021 (0.031) 0.053 (0.017) *** 0.004 (0.004) -0.001 (0.002) -0.018 (0.014) -0.004 (0.013) -0.009 (0.004) ** -0.001 (0.006) 0.031 (0.015) **

PANEL 2: Ages  19-24 (N=69,573)
mean (s .e.) (T=1, P=0): 0.146 (0.01) 0.002 (0.002) 0.011 (0.001) 0 (0) 0.093 (0.008) 0.307 (0.012) 0.045 (0.004) 0.112 (0.01) 0.68 (0.016) 
DD coefficient (T*P): 0.049 (0.034) 0.05 (0.024) ** 0.002 (0.003) 0 (0.003) -0.021 (0.016) -0.031 (0.024) -0.001 (0.006) 0.012 (0.009) 0.032 (0.023) 

PANEL 3: Ages  22-24 (N=23,165)
mean (s .e.) (T=1, P=0): 0.26 (0.019) 0.002 (0.002) 0.02 (0.001) 0 (0) 0.114 (0.012) 0.228 (0.008) 0.033 (0.002) 0.114 (0.012) 0.713 (0.017) 
DD coefficient (T*P): 0.083 (0.05) 0.043 (0.026) 0.003 (0.006) -0.001 (0.005) -0.037 (0.027) -0.05 (0.02) ** -0.005 (0.008) 0.015 (0.016) 0.02 (0.042) 

Note: Difference-in-difference coefficient estimates shown with errors clustered at state level.  Estimates use March Supplement 
weights. Key: *: significant at p<0.10, **: significant at p<0.05, ***: significant at p<0.01. 
 



Table 2.11. Similar results when first years of policy implementations are not counted 

non-spousal spousal non-spousal spousal
from outside of 

own hh any insurance
employer-
provided

privately 
purchased

insurance in someone else's name in own name

public
employer-provided privately purchased

P=0 unti l  year after implementation year; Ages 22-29 (N=190,460)
mean (s .e.) (T=1, P=0): 0.107 (0.007) 0.002 (0.002) 0.008 (0.001) 0 (0) 0.067 (0.01) 0.365 (0.015) 0.048 (0.005) 0.116 (0.012) 0.684 (0.014) 
DD coefficient (T*P): 0.035 (0.029) 0.067 (0.023) *** 0.001 (0.002) -0.002 (0.002) -0.009 (0.012) -0.037 (0.019) * -0.016 (0.007) ** -0.002 (0.006) 0.019 (0.015)  

Note: Difference-in-difference coefficient estimates shown with errors clustered at state level.  Estimates use March Supplement 
weights. Key: *: significant at p<0.10, **: significant at p<0.05, ***: significant at p<0.01. 
 
Table 2.12. Results when excluding individuals from states associated with weaker versions of reform or high 
levels of self-insurance 

non-spousal spousal non-spousal spousal

insurance in someone else's name in own name

public
employer-provided privately purchased from outside of 

own hh any insurance
employer-
provided

privately 
purchased

PANEL 1: Dropping 7 reform states  requiring res idence with or dependence on parents , ages  22-29, years  2000-2009, N=162,889
mean (s .e.) (T=1, P=0): 0.103 (0.005) 0.002 (0.002) 0.008 (0.001) 0 (0) 0.063 (0.011) 0.371 (0.017) 0.048 (0.005) 0.117 (0.012) 0.686 (0.016) 
DD coefficient (T*P): 0.007 (0.011) 0.054 (0.017) *** 0 (0.001) -0.002 (0.002) 0.001 (0.01) -0.007 (0.008) -0.009 (0.007) -0.009 (0.008) 0.016 (0.009) *

PANEL 2: Dropping 16 reform states  that do not require group premiums, ages  22-29, years  2000-2009, N=118,487
mean (s .e.) (T=1, P=0): 0.13 (0.022) 0.009 (0.009) 0.01 (0.002) 0.001 (0.001) 0.095 (0.014) 0.312 (0.022) 0.041 (0.005) 0.093 (0.01) 0.66 (0.037) 
DD coefficient (T*P): 0.009 (0.013) 0.015 (0.005) *** -0.001 (0.002) -0.003 (0.001) *** -0.016 (0.009) * 0.004 (0.014) -0.008 (0.005) -0.004 (0.008) -0.009 (0.014) 

PANEL 3: Dropping 15 reform states  with highest rates  of sel f-insurance, ages  22-29, years  2000-2009, N=130,431
mean (s .e.) (T=1, P=0): 0.102 (0.009) 0 (0) 0.007 (0.001) 0 (0) 0.048 (0.008) 0.389 (0.025) 0.047 (0.008) 0.114 (0.019) 0.685 (0.021) 
DD coefficient (T*P): 0.036 (0.037) 0.077 (0.026) *** 0.003 (0.003) 0.001 (0.001) -0.007 (0.014) -0.041 (0.026) -0.014 (0.006) ** -0.002 (0.011) 0.034 (0.018) *

PANEL 4: Dropping 20 reform states  s tates  with highest rates  of sel f-insurance, ages  22-29, years  2000-2009, N=115,539
mean (s .e.) (T=1, P=0): 0.094 (0.004) 0 (0) 0.007 (0.001) 0 (0) 0.05 (0.01) 0.386 (0.028) 0.048 (0.009) 0.122 (0.018) 0.685 (0.025) 
DD coefficient (T*P): 0.073 (0.047) 0.098 (0.031) *** 0.004 (0.004) 0.002 (0.002) -0.014 (0.023) -0.065 (0.032) * -0.019 (0.009) ** 0.003 (0.015) 0.049 (0.021) **

PANEL 5: Dropping 25 states  with highest rates  of sel f-insurance, ages  22-29, years  2000-2009, N=95,228
mean (s .e.) (T=1, P=0): 0.093 (0.004) 0 (0) 0 (0) 0.007 (0.001) 0.042 (0.004) 0.394 (0.034) 0.048 (0.011) 0.125 (0.021) 0.687 (0.03) 
DD coefficient (T*P): -0.009 (0.002) *** 0.039 (0.018) ** 0.001 (0.003) 0 (0.002) 0.03 (0.006) *** 0.002 (0.023) -0.002 (0.015) -0.03 (0.021) -0.007 (0.015)  

Note: Difference-in-difference coefficient estimates shown with errors clustered at state level.  Estimates use March Supplement 
weights. Key: *: significant at p<0.10, **: significant at p<0.05, ***: significant at p<0.01. 
 



Table 2.13. Predicting employer-provided coverage of young adults among household heads and spouses age 40 
and older, 2000-2009  

 

Ages  40+, years  
2000-2009, 
N=739,843

Ages  40+, P=0, 
years  2000-2009, 

N=555,973

Ages  40+, P=1, 
years  2000-2009, 

N=183,870

Ages  40+, years  
2000-2009, 
N=739,843

Ages  40+, years  
2000-2009, 
N=739,843

P =0 or =1 =0 =1 =0 or =1 =0 or =1
mean (s .e.) (P=0): 0.103 (0.003) 0.105 (0.002) 0.096 (0.008) 0.103 (0.003) 0.103 (0.003) 

employees<10 0.011 (0.002) *** 0.012 (0.002) *** 0.009 (0.004) 0.011 (0.002) *** 0.012 (0.003) ***
employees10-24 0.044 (0.003) *** 0.046 (0.003) *** 0.037 (0.005) *** 0.044 (0.003) *** 0.047 (0.003) ***
employees25-99 0.061 (0.003) *** 0.061 (0.003) *** 0.06 (0.006) *** 0.061 (0.003) *** 0.062 (0.003) ***
employees100-499 0.079 (0.003) *** 0.081 (0.004) *** 0.072 (0.005) *** 0.079 (0.003) *** 0.082 (0.004) ***
employees500-999 0.09 (0.004) *** 0.092 (0.005) *** 0.085 (0.007) *** 0.09 (0.004) *** 0.093 (0.005) ***
employees1000+ 0.09 (0.002) *** 0.091 (0.003) *** 0.087 (0.003) *** 0.09 (0.002) *** 0.092 (0.003) ***
P=1 0.006 (0.002) ** 0.011 (0.004) ***
P*employees<10 -0.006 (0.005) 
P*employees10-24 -0.013 (0.006) *
P*employees25-99 -0.004 (0.008) 
P*employees100-499 -0.013 (0.008) 
P*employees500-999 -0.01 (0.01) 
P*employees1000+ -0.007 (0.006)   

Note: The excluded number of employees category is “not in universe.”  Errors clustered at state level, and March Supplement 
weights are used. Key: *: significant at p<0.10, **: significant at p<0.05, ***: significant at p<0.01. 
 
Table 2.14. Nearly significant or significant impact on non-spousal dependent coverage when using other weights 
or error clustering 

non-spousal spousal non-spousal spousal

insurance in someone else's name in own name

public
employer-provided privately purchased from outside of 

own hh any insurance
employer-
provided

privately 
purchased

PANEL 1: Ages  22-29 no weights , s tandard errors  clustered at s tate level  (N=190,460)
mean (s .e.) (T=1, P=0): 0.107 (0.007) 0.002 (0.002) 0.007 (0.001) 0 (0) 0.067 (0.011) 0.35 (0.014) 0.045 (0.004) 0.125 (0.011) 0.674 (0.013) 
DD coefficient (T*P): 0.033 (0.018) * 0.05 (0.018) *** 0.001 (0.002) -0.002 (0.003) -0.006 (0.009) -0.027 (0.012) ** -0.013 (0.005) ** 0 (0.006) 0.022 (0.009) **

PANEL 2: Ages  22-29 March supplment weights , s tandard errors  clustered at household level , s trata defined as  metropol i tan core-based statis tica l  area (N=190,460)
mean (s .e.) (T=1, P=0): 0.106 (0.002) 0.002 (0) 0.008 (0.001) 0 (0) 0.067 (0.002) 0.369 (0.004) 0.048 (0.002) 0.115 (0.002) 0.685 (0.004) 
DD coefficient (T*P): 0.027 (0.005) *** 0.058 (0.003) *** 0.001 (0.002) -0.001 (0.001) -0.008 (0.004) * -0.024 (0.008) *** -0.011 (0.004) *** -0.004 (0.005) 0.022 (0.008) ***  

Note: Difference-in-difference coefficient estimates shown. Key: *: significant at p<0.10, **: significant at p<0.05, ***: significant at 
p<0.01. 
 



2.9. REEXAMINATION OF PRIOR RESULTS 
In order to reconcile the positive results from Levine et al. (2011) and Monheit et al. (2011) with 
my own, I attempt to replicate their estimation procedures using their particular coding of state 
reform details and eligibility, and to the closest extent possible, their empirical specification. 

Table 2.15 reports results of my attempt to replicate Levine et al.’s “eligible sample” DD 
estimates, shown in row 2 of Table 5 in that paper.  They estimate an increase in “private” 
coverage of 2.2 percentage points; my attempt at replication comes close, at 2.0 percentage 
points.  Further investigation shows that this estimated effect is being driven by non-spousal 
employer-provided dependent coverage, rather than spousal coverage.  This is of course 
consistent with the reforms actually having worked.  However, this positive effect seems to be 
mostly observed among the youngest of the sample.  When 19 year olds are excluded, the effect 
size is reduced in magnitude as well as in significance; removing 20 year olds from the sample 
reduces size and significance further.  These losses are not due to a reduction in power.  In fact, 
estimation on only 19 year olds produces an effect size that is more than twice as large as that 
estimated on Levine et al.’s “full sample” of eligible 19 through 24 year olds.  As older and older 
individuals are added to the sample of 19 year olds, the estimated effect size is reduced.  The 
effect when estimated on the sample of 20 year olds is smaller than that estimated for the 19 
year olds, but still significant, while the estimated effect on 21 year olds loses all significance 
entirely.  It would seem that the reforms may have been effective in a “passive” sense, by keeping 
19 year olds insured who would have otherwise lost their coverage insurance, rather than by 
actively granting new coverage to somewhat older young adults who did not already have 
parental coverage. 

In results not shown, I mimic Levine’s second strategy by restricting the sample to target 
population individuals and unmarried individuals under 25 in non-reform states, focusing on 
the indicator for policy implementation.  Despite some differences in state reform coding, I too 
find a significant effect on non-spousal employer-provided dependent coverage among a sample 
of 19 year olds (3.8 percentage points, p<0.05), and among the set of 19 or 20 year olds (3.0 
percentage points, p<0.05), but not among 20 year olds by themselves. 

As in this study, Monheit et al. (2011) and Depew (2012) base their assignment of treatment and 
control group eligibility in part on marital status, in accordance with the requirements of most 
of the laws.19  Unfortunately for empirical researchers, marital status is also predictive of 
insurance outcomes – and to complicate things further, marriage has been declining over time 
among young adults.  Consider Figure 2.8, which tracks the prevalence of marriage over time in 
Monheit et al.’s full sample, as well as in their treatment and control groups.  Of twenty two 
states categorized as reform states by Monheit et al., twenty specify that married individuals are 
not eligible to receive parental dependent coverage.  This, obviously, keeps the rate of marriage 
low and fairly stable in the treatment group.  Thus, the general decline in marriage among young 
adults is mostly experienced by the “control” group, as it is defined by the study.20 

19 Similar to this study, their target population indicator “is set to 1 for young adults eligible for 
the expansions based on age, student, and marital status requirements in their state (regardless 
of implementation year) and is 0 for all others (ineligible young adults in expansion states as 
well as those in nonexpansion states).” 
20 Note that the relative decline is not as drastic as that shown in my sample, as my sample 
includes an additional year of data, and counts more states as reform states.  These 
“improvements” only exacerbated the problem of non-random treatment assignment. 



Table 2.16 replicates Monheit et al.’s main results (Table 3).  Monheit et al. report a 1.52 
percentage point increase in employer-provided dependent health insurance among adults age 
19-29; I estimate this increase to be 1.62 percentage points.  By disaggregating this outcome into 
its non-spousal and spousal forms, it is clear that the effect is being driven by the spousal type, 
which was not targeted by the reforms.  Similar results are seen when estimating on subsamples 
who live with their parents or who are under age 26.  Interestingly, when considering the 
subsample of adults who are under age 26 and who live with their parents, I do estimate a 
significant and positive effect on non-spousal employer-provided dependent coverage.  
However, this result should be interpreted with caution, as living with one’s parents is an 
outcome that could be influenced by the reforms, some of which require it for eligibility. 

Monheit et al. (2011) also describe results where they relax the assumption of homogenous 
effects in each implementation year and interact their target group indicator with a categorical 
indicator marking the first year of implementation, the second year of implementation, and 
years three and beyond.  This exercise demonstrated that the effects of the reform were really 
only observed in years three and beyond, implying that it took some time for the reforms to 
generate their full effect .  But because later years also correlate with lower prevalence of 
marriage in the control group, these delayed results could be particularly susceptible to the 
problem of the declining prevalence of marriage.  Table 2.17 attempts to replicate Monheit et 
al.’s full sample results from Table 3, “Timing of Impact of Dependent Coverage Expansions on 
Young Adult Dependent Coverage.”  Although my coefficient size is somewhat larger, I too 
estimate a positive and significant effect on employer-provided dependent coverage only in the 
third year of implementation and beyond.  When I divide this outcome into its non-spousal and 
spousal components, however, the only significant effect is on spousal coverage, which was not 
targeted by the reforms. 

 



Table 2.15. Valid effect estimated by Levine et al. (2011) driven by youngest in 
sample  

 

Levine et 
a l . (2011)

sample private private

non-
spousa l  

employer-
based 

dependent

spousa l  
employer-

based
Ful l  sample - 
el igible - ages  19-24

0.022 
(0.007)**

0.020 
(0.07)**

0.021 
(0.008)**

-0.001 
(0.000)

el igible - ages  20-24 n/a
0.013

(0.008)
0.015 

(0.008)*
0.001 

(0.001)*

el igible - ages  21-24 n/a
0.007

(0.009)
0.010

(0.009)
-0.001 

(0.001)*

el igible - ages  22-24 n/a
0.003

(0.012)
0.014

(0.010)
0.002

(0.001)

el igible - age 19 n/a
0.046 

(0.010)***
0.044 

(0.017**
-0.001 
(0.001)

el igible - ages  19-20 n/a
0.037 

(0.011)***
0.037 

(0.011)***
-0.001 
(0.001)

el igible - ages  19-21 n/a
0.032 

(0.009)***
0.026 

(0.010)***
-0.001 
(0.000)

el igible - ages  19-22 n/a
0.024 

(0.008)***
0.023 

(0.010)**
-0.001 
(0.000)

el igible - ages  19-23 n/a
0.020 

(0.007)***
0.022 

(0.009)**
-0.001 

(0.001)*

age 20 n/a
0.030 

(0.080)*
0.029 

(0.013)**
-0.001 

(0.001)*

age 21 n/a
0.019

(0.012)
0.004

(0.014)
0.001

(0.001)

my results

 
Note: Levine et al.’s (2011) estimate is reported in Table 5, row 2. 
 
Figure 2.8. Declining prevalence of marriage in Monheit et al.’s controls relative to 
treatment group

 

g p

 



 
Table 2.16. Replication of Table 2 (Monheit et al., 2011) 

Monheit et 
a l . (2011)

Sample

employer-
provided 

dependent

employer-
provided 

dependent

non-spousal  
employer-
provided 

dependent

spousal  
employer-
provided

Ages  19-29
1.52

(0.69)**
1.62

(0.65)**
0.24

(0.60)
1.37

(0.26)***

Ages  19-29, l iving with parents
2.58

(1.19)***
2.47

(1.29)*
2.02

(1.28)
0.45

(0.13)***

Ages  19-25
2.77

(0.81)***
2.45

(0.77)***
1.28

(0.71)*
1.17

(0.30)***

Ages  19-25, l iving with parents
3.84

(1.29)***
3.58

(1.42)**
3.35

(1.42)**
0.23

(0.11)**

my results

 
 
Table 2.17. Delayed implementation effect estimated by Monheit et al. (2011) on 
full sample may be driven by spousal coverage 

Monheit et 
a l . (2011)

Sample: Ages  19-29
employer-
provided 

dependent

employer-
provided 

dependent

non-spousal  
employer-
provided 

dependent

spousal  
employer-
provided

First year of implementation
0.96

(1.01)
0.86

(0.96)
0.40

(0.90)
0.46

(0.38)

Second year
0.83

(1.17)
0.22

(1.15)
-0.63
(1.05)

0.84
(0.45)

Third year and beyond
2.47

(0.96)***
3.11

(0.93)***
0.64

(0.86)
2.47

(0.36)***

my results

 
 

2.10. DISCUSSION 
As in other studies of these reforms that use similar methods and data, there are certain 
limitations to this analysis.  First, the chosen dataset is retrospective, so responses are subject to 
recall bias and memory based errors, including in the determination of insurance type or source.  
Second, eligibility cannot be perfectly observed.  These first two problems introduce random 
measurement error that should support lower bound interpretations of estimated effect sizes.  
Third, the dataset is observational, which precludes the conclusive identification of causal 
effects.  Fourth, treatment may be non-random – this issue turns out to be one of the main 
contributions of this paper and leads to an important reinterpretation of prior evidence on the 
effect of state reforms on child dependents over the age of 23.  Despite these limitations, this 
study provides new and compelling information regarding the effectiveness of state level 
dependent coverage expansions. 



Indeed, this study has come to a markedly different conclusion from other papers that consider 
the effectiveness of the state reforms: I find that they seem to have had little to no genuine 
impact on parental forms of insurance rates, save for a possible effect among individuals age 19 
or 20 who might have been kicked off of their parents’ insurance if not for the reforms, and 
arguably, individuals under 26 who live with their parents (although living with one’s parents is 
itself a potential outcome).  But for older individuals further into the coverage “gap” that comes 
after childhood and schooling but before marriage and greater work experience, these reforms 
seem to have had no genuine effect.  These findings stand in contrast to some prior studies, 
which have found significant effects of state level limiting age increases on dependent coverage, 
privately purchased coverage, or any coverage, as well as some significant crowd out of public 
and own name coverage among samples that include relatively younger young adults.  This 
study provides evidence that some of those findings may have been illusory artifacts of the use of 
a poor control group.  By focusing on the type of family member that was actually providing the 
“dependent” coverage, this study shows that reported effects could be driven by changes in 
spousal types of coverage, which are the likely result of differential declines in the prevalence of 
marriage between commonly designated treatment and control groups.  By ignoring differences 
between spousal and non-spousal coverage, I can replicate previously estimated positive effects 
of state reforms on dependent or private coverage, consistent with earlier studies that overlook 
the difference between spousal and non-spousal types.  Indeed, if marital status is ignored in 
defining treatment groups, my difference-in-differences interaction term becomes negatively 
associated with non-spousal forms of dependent coverage.  Nor do I find that treatment 
eligibility predicts non-spousal dependent coverage within married or unmarried subsets.  
However, by assigning target group status to unmarried individuals in control states, Levine et 
al. (2011) may have properly controlled for the general decline of marriage.  Their findings on 
the effectiveness of state reforms on the insurance status of individuals 24, particularly when 
limited to children living with parents who work for smaller firms, seem convincing, although 
the applicability of their findings may be limited to the youngest of young adults (i.e., 
individuals age 19 and 20). 

As discussed earlier, there are multiple reasons why the state reforms could have been expected 
to be less effective than the federal reform.  While the additional eligibility requirements of the 
state reforms have been suggested to have blunted their impact, I do not find that reforms with 
fewer eligibility requirements more effectively increase access to parental coverage than more 
restrictive reforms.  Though I am unable to rule out any spoiling effect emanating from the 
requirement in most reform states that recipients must not be married, even among subsamples 
of unmarried individuals, there seemed to be no impact of the reforms on the probability of 
receiving parental forms of coverage.   

Another possible reason for the weakness of the state policies for which I find no evidence is the 
use of the separate premiums rule by the majority of reform states.  When these states were 
removed from the analysis, leaving only non-reform states and states with premiums set at the 
group level (as in the federal reform), coefficient estimates for non-spousal coverage remain 
insignificant and are actually reduced in size.  Whatever the disadvantages to the separate 
premium rule, it seems that it cannot be blamed for the failure of the state policies as a whole to 
effectively deliver increased levels of parental coverage among adults ages 22 through 29. 



An additional advantage of the federal reform, relative to the state reforms, was that it 
superseded the ERISA exemptions which allowed self-insured firms to ignore state level limiting 
age increases.  While in theory ERISA could greatly reduce the state reforms’ impact, I find no 
evidence that adults age 40 and older in reform states are any more likely to offer dependent 
coverage if they happen to work in a smaller firm.  The difference-in-differences estimator 
comes no closer to suggesting increased access to parental coverage even when reform states 
with high levels of self-insurance are excluded from the analysis, further evidence that ERISA 
exemptions might not function as a practical barrier to greater success among this sample.  Of 
course, this test is not perfect: in no reform state did the rate of self-insured coverage among 
private enrollees drop below 46.6%.  Also, fairly convincing evidence presented by Levine et al. 
(2011) suggests that among individuals living at home, those whose parents worked for smaller 
firms are more likely to gain dependent coverage from a state reform.  Perhaps this effect, too, is 
driven by the youngest individuals within the sample. 

Evidence on the ACA’s limiting age increase strongly suggests it effectively increased the receipt 
of dependent coverage, and in turn, lowered the uninsurance rate (Cantor, Monheit, DeLia, and 
Lloyd, 2012; Antwi, Moriya, and Simon, 2012; Sommers and Kronick, 2012; Depew, 2012; 
Sommers, Buchmueller, Decker, Carey, and Kronick, 2013).  Unfortunately, it remains unclear 
why the state reforms seem so much less effective.  Given that the federal reform demonstrated 
strong positive effects, future increases in state level limiting ages might succeed, assuming they 
apply to self-insured firms, have no eligibility requirements besides age, and are well promoted 
by state officials – although such permissive legislation would likely be opposed by business 
groups (Cantor, Elelloff, Monheit, DeLia, and Koller, 2012).  Future work could evaluate 
competing explanations for the failure of the state reforms, such as ERISA, eligibility 
requirements, and limited levels of public attention and awareness.   

In conclusion, this paper provides new evidence that if the state reforms did have a true effect on 
non-spousal forms of dependent health insurance, it was mostly on the youngest young adults, 
who would have otherwise lost coverage upon reaching the former limiting age of 19.  Effects on 
older young adults past the age of schooling are small if non-existent.  Perhaps even more 
importantly, this paper provides sobering evidence that caution should be used when assuming 
that treatment assignment is non-random in so-called “natural experiments.”  Empirical 
researchers should carefully ensure that their treatment indicators in their models are not 
correlated with some other changing factor that is also likely to affect outcomes of interest. 
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3.1 TITLE  
The Affordable Care Act’s Dependent Coverage Expansion: Insurance and Labor Market 
Outcomes 

 

3.2 ABSTRACT 
The traditional bundling of health insurance with employment in the United States may distort 
workers’ labor market choices by encouraging wage and salary employment relative to self-
employment and not working.  However, disentangling the effects of employer-provided health 
insurance on labor market outcomes is a challenging empirical issue.  To overcome this issue, I 
exploit increases in the age of insurance dependency brought on by the Affordable Care Act’s 
adult dependent coverage expansion to estimate difference-in-difference and instrumental 
variable models of the probability of self-employment, wage and salary employment, not 
working, and other measures of labor force participation.  Prior work has shown evidence that 
these reforms have effectively increased access to non-spousal dependent insurance coverage. 
Using data from the Current Population Survey’s Annual Social and Economic Supplements, I 
reaffirm these findings for working age young adults, and show new evidence that certain 
subgroups “switched” insurance categories more than other groups, and that the reform’s effects 
strengthened in their second year of implementation.  My initial results suggest that reform 
eligibility is associated with significant reductions in multiple measures of labor force 
participation, however, further investigation reveals that these declines began prior to the 
implementation of the reform. 

 

3.3. INTRODUCTION AND LITERATURE REVIEW 
3.3.1 Background 

For reasons related to risk pooling, adverse selection, insurance market power, and tax 
treatment, health insurance received through an employer is typically less expensive than on the 

http://www.ncsl.org/issues-research/health/dependent-health-coverage-state-implementation.aspx


private market.  In theory, this advantage may encourage individuals to participate in wage and 
salary employment – at both the extensive and intensive margins – in order to gain access to 
affordable group coverage.  It may also inadvertently sort workers into firms that are better able 
to provide affordable insurance, such as larger firms, and away from smaller firms and self-
employment.  This general arrangement could be considered inefficient relative to a system that 
sorts workers solely only on the basis of their job-specific expected productivity and wages.   By 
reducing the value attached to (full time) wage and salary employment, policies that reduce the 
price of insurance available elsewhere could, in theory, encourage some individuals to work less, 
or even to experiment with self-employment – especially those with higher marginal disutilities 
of labor, or who greatly value health insurance due to risk aversion and/or expected medical 
costs.  Such secondary effects could be welfare improving at the individual level, while perhaps 
reducing levels of employment, unemployment, and GDP at the macro level.  But if the 
traditional bundling of insurance and employment can distort labor market choices in theory, 
that same association also makes the identification of such effects empirically challenging.   

In this paper, I will test the effect of the federal dependent coverage reform (and access to 
portable, adult dependent health insurance) on labor outcomes among young adults, paying 
particular attention to outcomes that the employment-dominated health insurance system may 
in theory influence: self-employment, wage and salary employment, non-participation in the 
labor force, hours worked per week, weeks worked per year, number of employers, and turnover.  
To do so, I will exploit a “natural experiment” generated by a change in access to dependent 
insurance mandated by the federal Affordable Care Act (ACA).  This change mandated that 
family health insurance plans offer coverage to a beneficiary’s qualifying adult children up to the 
age of 26, starting in September of 2010.  Now, children can stay on a parental insurance plan 
into their adult years and avail themselves of insurance options that are typically less expensive 
than in the individual market.  Previous research has demonstrated that this reform effectively 
increased access to non-spousal dependent coverage (Antwi, Moriya, and Simon, 2012; Cantor, 
Monheit, DeLia, and Lloyd, 2012; Burgdorf, Unpublished).  This study will confirm these 
findings for young adults past the age of schooling, while also considering long-term effects and 
heterogeneous effects among various subgroups.  Finally, it will attempt to determine if the 
change in insurance access also influenced labor supply. 

 

3.3.2 Health Insurance Access and Labor Market Outcomes 

Because of their larger pools, greater degree of market power, and lower per capita 
administrative costs, firms, especially larger ones, are able to obtain lower premiums for health 
insurance than are individuals and smaller firms.  This makes the provision of health insurance 
a relatively inexpensive and popular method for firms to compensate their employees.  In fact, 
among working-age adults in the United States, health insurance is most commonly received as 
an employment benefit. 

This arrangement results in complex interactions between health insurance status and labor 
force outcomes, such as participation, job turnover, and self-employment.  In theory, the 
opportunity to receive insurance at a lower cost through wage and salary employment may 
induce some individuals to work who would otherwise not work, to work longer hours in order 
to qualify for health benefits, to take positions they would not otherwise choose, or to avoid self-
employment.  Likewise, the availability of certain low-cost sources of health insurance that are 
unrelated to one’s employment status, such as through a spouse or from the government, may 
reduce the incentive some individuals would have to work for the sake of obtaining low-cost 
insurance.  This may be particularly true for individuals with lower expected health care costs or 
who are less risk averse.  On the other hand, to the extent that health insurance improves health 
and productivity, these new sources of insurance coverage may increase one’s ability and 



willingness to work for pay.  A proper understanding of these relationships is crucial for 
predicting the labor market implications of policies designed to achieve universal health 
insurance coverage. 

A diverse literature considers the effect of health insurance access on labor outcomes, such as 
participation, turnover, and self-employment.21  Most of these studies examine the effect of 
either employer provided health insurance, spousal insurance, Medicaid, or Medicare.  In all 
cases, identification problems stem from the difficulties researchers face in separating the 
insurance effect from the effects of confounding, potentially unobservable factors that would 
also influence labor force participation, such as turnover propensity, labor income and fringe 
benefits, and eligibility for pensions, public assistance, and social security.  These issues aside, 
published observational findings are mostly consistent with theory, in that insurance coverage 
can have a positive or negative influence on labor force (or wage and salary) participation, 
depending on whether or not the coverage is contingent upon such participation.  That is, own-
name employer-based coverage seems to encourage greater attachment to wage and salary work, 
while portable forms of coverage, such as spousal or public coverage, tend to make wage and 
salary work less attractive and less probable. 

Medicare eligibility has been used in attempts to determine the effect of health insurance on 
retirement; unfortunately, because social security benefits increase at the same time as Medicare 
eligibility, it is difficult to identify the unique contribution of Medicare (Madrian and Beaulieu, 
1998).  Some evidence suggests that the discouraging effect employer-provided health insurance 
has on retirement seems to diminish upon reaching the age of Medicare eligibility, consistent 
with Medicare acting as a disincentive to labor (Rust and Phelan, 1997).  The retirement hazards 
of men age 55-69 are higher when their spouses of are Medicare age (Madrian and Beaulieu, 
1998).  However, a study based on data from a single employer suggests that Medicare has little 
effect on retirement (Lumsdaine, Stock, and Wise, 1994).  Other studies report that the presence 
of employer-provided retirement health insurance has a positive influence on retirement, but as 
noted by Gruber and Madrian (2001), many of these studies have endogeneity problems 
stemming from the correlation of insurance with pension incentives, or of retirement insurance 
and preferences for leisure (Madrian, 1994a; Karoly and Rogowski, 1994; Gustman and 
Steinmeier, 1994; Rogowski and Karoly, 2000).   

Another set of studies considers how spousal coverage influences labor force participation 
among married women.22  These have reported that spousal coverage is associated with 
reductions in measures of labor force participation of between 6% and 20% (Buchmueller and 
Valleta, 1999; Olson, 1998; Schone and Vistnes, 2000; Wellington and Cobb-Clark, 2000).  The 
identification strategies commonly pursued in these papers, which compare outcomes among 
wives whose husbands do or do not have employer-related insurance, rely on an improbable 
assumption that the husbands’ insurance status is exogenous – that is, that couples do not make 
their labor market decisions together (Gruber and Madrian, 2001).  Furthermore, such coverage 
is likely to be correlated with other unobserved variables that might affect wives’ labor force 
participation, such as their husbands’ fringe benefits packages, job security level, or individual 
turnover propensity.   

Studies that consider Medicaid eligibility may be more relevant to young adults, the population 
considered in this study.  Unfortunately, most of the Medicaid studies consider a narrow 
population of low-skilled single mothers.  While the effect of Medicaid eligibility is difficult to 

21 For an excellent, if slightly dated review of this literature, see Gruber and Madrian (2001).  
GAO (2011) provides a more recent review. 
22 Married men are less frequently considered, who traditionally have been more likely to work 
in any case. 



identify given its association with other income support programs (i.e., welfare), there have been 
instances of policy variation that provide for fairly convincing natural experiments.  For 
example, Yelowitz (1995) shows that among young single mothers, increases in Medicaid’s 
income limit are associated with increases in labor force participation.  Ham and Shore-
Sheppard (2005), who take issue Yelowitz’s specification, as well as the use of only income test 
to estimate Medicaid eligibility, do not find that Medicaid income limits are related to labor 
force participation.  Yet, even if Yelowitz’s original results are to be trusted, they tell us little 
about how introducing a new form of insurance coverage, one that is completely independent of 
labor status or income, might affect labor force participation among the larger population of 
young adults, including men and childless women. 

Some interesting natural experiments have been performed using data from countries other 
than the United States.  Gruber and Hanratty (1995) exploit the staggered introduction of 
national health insurance in Canadian provinces in the 1960s and early 1970s.  They show that 
contrary to expectations, employment did not fall due to the insurance expansion; in fact, it 
seems to have risen, along with wages.  Given Canada’s prior history of employer-provided 
health insurance, the authors consider this to be fairly relevant evidence of what might happen if 
national health insurance ever came to the United States.  Chou and Staiger (2001) take 
advantage of a series of insurance expansions that took place in Taiwan, where insurance 
coverage was traditionally only received through one’s own employment.  Coverage for 
government workers was first extended to the workers’ spouses, and then to other dependents.  
They find that these expansions slightly reduced labor force participation among the wives of 
government workers (relative to wives of other workers). 

Studies of “job lock” examine workers’ unwillingness to change jobs due to the disruption it 
might cause to their insurance coverage or continuity of care.  But despite many papers written 
on the topic, there is no consensus as to whether or not job lock exists, or if it does exist, whether 
the problem is large enough to warrant remedies.  Cooper and Monheit (1993), Madrian 
(1994b), Gruber and Madrian (1994), and Buchmueller and Valleta (1996), Adams (2004), 
Kapur (2003), Bansak and Raphael (2008), and Rashad and Sarpong (2008) all find significant 
evidence of job lock, while Holtz-Eakin (1994), Penrod (1994), Kapur (1998), Gilleskie and Lutz 
(2002), and Berger, Black, and Scott (2004) report small or insignificant effects.  Unfortunately, 
like other areas of the insurance-labor link, most empirical work on the topic relies on 
endogenous sources of workers’ valuation of employer-provided health insurance, such as access 
to spousal or employer-provided insurance, expected health costs, and the interaction thereof.  
Three exceptions to this rule are Gruber and Madrian (1994), who exploited state-level 
continuation of coverage mandates; Kapur (2003), who exploited state-level reforms of the 
small-group insurance market, and Bansak and Raphael (2008), who used the introduction of 
SCHIP.  Notably, all three of these papers reported significant job lock effects. 

There have also been studies of “entrepreneurship lock,” a particular form of job lock in which 
workers may be discouraged from entering or remaining in self-employment due to the 
relatively unfavorable insurance environment associated with it.  In this literature, researchers 
tend to operationalize “entrepreneurship” as self-employment.   Unlike the larger literature on 
job lock, the most articles on entrepreneurship lock exploit some policy variation, such as the 
tax treatment of privately purchased insurance, in a type of natural experiment, rather than rely 
simply on interactions of endogenous variables such as individual-level insurance access and 
family-level health care costs.  Most report some evidence that the insurance system inhibits 
self-employment.  For example, Madrian and Lefgren (1998) exploit health insurance 
continuation laws and find statistically significant job lock effects, suggestive of a 25% reduction 
in transitions to self-employment.  Gumus and Regan (2009) find that the lowering of the after-
tax premium of private insurance – brought on by the Tax Reform Act of 1986 (TRA86) – is 
associated with increased entry into self-employment (but was not significantly associated with 



exits or the probability of being self-employed).  Heim and Lurie (2011) and Velamuri (2011) 
also use the TRA86 to show evidence of job lock.  A working paper by DeCicca (2010) reports on 
the results of another natural experiment involving the implementation of New Jersey’s 
Individual Health Coverage Plan, which reformed the non-group insurance market and provided 
an exogenous reduction in workers’ valuation of employer-provided health insurance relative to 
individually-held insurance.  DeCicca finds that the reforms increased self-employment rates by 
approximately 14-20% in New Jersey (relative to neighboring states).  Fairlie, Kapur, and Gates 
(2011) exploit the discontinuity in insurance rates caused by Medicare eligibility, and find a 
jump in self-employment rates around age 65, from 24.6% to 28.0%. 

While the overall weight of the evidence suggests that insurance access can indeed affect labor 
market choices, debate of the significance and size of these effects continues, perhaps due to the 
inherent difficulty in finding exogenous sources of insurance coverage.  Furthermore, little is 
known about how access affects labor market choices among young adults who are past the age 
of schooling and just starting to enter the labor force, and who typically have some of the highest 
rates of uninsurance.  This paper will exploit the ACA’s limiting age increase to examine the 
effect of access to portable, parental coverage on young adults’ labor market outcomes. 

 

3.3.3 State and Federal Limiting Age Increases 

Traditionally, adult children ceased to qualify as dependents for insurance purposes upon 
reaching the limiting age of 19.  However, in order to increase coverage rates among young 
adults, most states have implemented rule changes that have increased their limiting ages of 
dependency, allowing adult children to stay on their parents’ insurance for some number of 
additional years.   

In 2010, the ACA increased the limiting age at the national level to 26, effective for individual 
policies September 23, 2010, and for new or renewed employer-sponsored policies that begin on 
after September 23, 2010 (U.S. Department of Labor, Undated).  A considerable number of 
health insurance companies, including Kaiser Permanente, Cigna, Aetna, United, WellPoint, 
Humana, and various Blue Cross and Blue Shield plans, decided to implement the expansion 
between May and September 23 (U.S. Department of Labor, Undated).  Employers are not 
required to count these dependent child insurance benefits as taxable employment income, 
effective March 30, 2010 (Mesirow Financial, 2010; U.S. Department of Labor, Undated).  
Policies already in effect as of March 23, 2010 remain exempt from the new expanded definition 
of “dependent” until 2014 if the child has alternative offers of employer-provided health 
insurance.  Those who have reached the limiting age of 26 years, but who are not yet 27, may 
still receive the benefit tax free, although insurers are not required to offer it to them.    

Prior studies using difference-in-differences techniques have uniformly found that the federal 
reform effectively increased the probability of reporting private, dependent, or any insurance 
coverage.  With data from the Current Population Survey’s (CPS) Annual Social and Economic 
Supplement (ASEC), Sommers and Kronick (2012) find that employer-provided dependent 
coverage, privately purchased dependent coverage, and any insurance coverage all increased 
significantly, by 4.3, 0.7, and 2.9 percentage points, respectively, despite some crowd-out of 
employer-provided coverage held in one’s own name.  National Health Interview Survey (NHIS) 
data indicate a 5.1 percentage point increase in private coverage, and a 4.7 percentage point 
increase in any coverage (Sommers, Buchmueller, Decker, Carey, and Kronick, 2013).  An 
analysis of data from the Survey on Income and Program Participation (SIPP) suggests that 
among women, dependent, private, or any coverage increases by 4.4, 2.8, and 3.2 percentage 
points, respectively; the equivalent figures among men are 5.6, 4.1, and 4.7 percentage points 
(Depew, 2012).   



These insurance outcomes, like those often used in studies of the state reforms, bundle together 
parental forms of coverage with spousal forms of coverage that were not targeted by legislation.  
This leaves open the possibility that the observed positive effects are actually driven by shifts in 
spousal coverage that are contemporaneous with reform.  But slightly more detailed analyses 
have in fact shown that the federal reforms have increased access to specifically non-spousal or 
parental subcategories of coverage as well.  Using ASEC data, Antwi et al. (2012) show that 
employer-provided parental coverage increases by 7.0 percentage points, while any coverage 
increases by 2.9 percentage points; Cantor et al. (2012) find an increase in non-spousal private 
dependent coverage of 5.3 percentage points and an overall increase in insurance of 3.6 
percentage points.  These results give some reassurance that the effects estimated by Sommers 
and Kronick (2012), Sommers et al. (2013), and Depew (2012) are not being driven by changes 
in rates of spousal “dependent” coverage, but by changes in forms of coverage that were actually 
targeted by the reform legislation.  

This paper contributes to the previous literature on health insurance access and labor force 
outcomes by exploiting a new, plausibly exogenous source of variation in coverage access 
created by the ACA’s adult dependent limiting age increase.  It also necessarily focuses the 
analysis on young adults, a group with high rates of uninsurance who – assuming the policy 
actually has a binding impact on rates of portable, parental coverage – could respond with 
sizable shifts in labor market outcomes.   To my knowledge, only one prior study has attempted 
to identify these effects.  Using SIPP panel data, Depew (2012) finds that not only has the ACA 
increased access to “dependent” or “private” coverage, but also that it reduced engagement with 
the labor force, as measured by participation, full-time employment, and current employment 
(all down by about 2 percentage points), and hours worked per week (down by about 0.7 hours 
among women and 0.9 hours among men).  Among men, ACA eligibility was also insignificantly 
associated with slight reductions in the number of jobs held in the current month, and in the 
proportion of time spent employed in the past month.  This study will corroborate the general 
finding that the ACA led to reduced labor force output among young adults using ASEC data. 

 

3.4. DATA 
This study uses ten years of data from the Annual Social and Economic Supplement (ASEC) of 
the CPS, covering calendar years 2002 through 2011.  The ASEC is the main source of yearly 
health insurance coverage estimates in the United States.  Also known as the “March 
Supplement,” it is conducted in March of each year, with most of its questions referring to the 
previous calendar year.  For example, the survey conducted in March of 2005 asked about 
whether respondents had Medicare coverage at any point during 2004.   

For multiple reasons, the ASEC is well-suited to the task at hand.  It has a large sample that may 
offer sufficient power to detect relatively small shifts in labor force participation and between 
labor categories.  When properly weighted, it provides estimates that are representative of the 
non-institutional population in the United States.  The design allows for state-level estimation, 
which will be helpful for sensitivity analyses that control for state-level limiting age increases.  It 
has excellent measures of labor force participation, including employment status, self-
employment, hours worked per week, weeks worked per year, full-time work, and number of 
jobs worked.  Finally, the ASEC has excellent measures of health insurance status, 
differentiating between employer-provided insurance, employer-provided health insurance 
received as a dependent, privately purchased insurance in one’s own name, privately purchased 
insurance received as a dependent, insurance received from someone who lives outside of one’s 
home, Medicare, Medicaid, and military health care. Additional variables allow researchers to 
differentiate between dependent coverage that is provided through a spouse, or through a parent 
(or non-spouse).  



However, there are some limitations to using the ASEC for this purpose.  Because the survey is 
taken some months after the reference year, responses are subject to recall bias, which could 
result in systematically higher or lower estimates of coverage – but this alone should not 
preclude identification of an effect, assuming the degree of bias is not correlated with reform 
implementation.  A related problem has to do with determining individual-level treatment 
eligibility: in this study eligibility is defined as being under age 26 during the calendar year, but 
age is actually recorded in the March following that calendar year.  Also unobservable is whether 
or not an individual even has parents that are living and have (non-public) health insurance.  
Assuming that this error does not correlate with actual target group assignment or with other 
explanatory variables, both these problems introduce measurement error that should reduce 
estimated effect sizes, supporting a “lower bound” interpretation of reported effects,.  Because it 
is cross-sectional, ASEC cannot be used to conclusively establish a causal link between 
dependent health insurance and employment status, although it does allow for the use of 
synthetic panels.  While panel data might seem to offer superior causal inference, especially 
when measuring employment transitions, labor transitions in panel data are rare and subject to 
measurement error, and panel data may exhibit attrition bias (which may be particularly acute 
among displaced workers) (DeCicca, 2010).  The identification strategy used in this paper, which 
relies on an exogenous source of insurance that is unrelated to one’s own employment status, 
should overcome bias from fixed omitted variables and improve causal inference.   

I restrict the sample to individuals aged 22 through 30 (inclusive) in order to study only those 
working-age individuals relatively near the various limiting ages.  Individuals age 26 are 
excluded from the sample because they do not neatly fit into either the treatment or control 
group.  Nominally, they are too old to be eligible, although they were age 25 for at least some 
portion of the reference year, and are still eligible for the tax protection feature.   Massachusetts 
is excluded from this study, because of its implementation of an insurance mandate during the 
study period.   

The final sample of 199,164 individuals is summarized in the first column of Table 3.1.  Columns 
two and three show sample means for the control group and the target group prior to the 
implementation of the ACA’s limiting age increase, while columns four and five do the same for 
the time period following the implementation (i.e., years 2010 and 2011).  The sixth column 
displays unadjusted differences in the change between treatment and control groups.  The 
seventh column normalizes this change as a percent, while the eighth gives the significance of 
the unadjusted difference.  For example, the average age in the full sample was 25.974.  Prior to 
reform, the average age was 28.449 in the control group and 23.506 in the target group.  But 
while the average age of the control group increased between the pre-reform period and the 
reform period, the average age fell slightly in the control group.  The result was a relative decline 
in age of 0.1% in the target group.  This difference-in-differences was estimated to be significant 
in a regression of age over the interaction of target group status and reform implementation 
(while controlling only for target group status and reform implementation).   

In most other individual-level controls, the target and control groups seem fairly comparable 
over time, with no statistically significant differences between the two groups’ changes in fixed 
categories such as gender, race, origin, or measures of family.  There was, however, a relative 
increase in the proportion of Hispanics in the target group, as well as a significant decrease in 
the proportion reporting less than high school education, and a significant increase in the 
proportion reporting some college education.  Trends in the four state-level measures of 
demographic and economic conditions also remained roughly parallel between the treatment 
and control groups, save for the fact that state-level housing prices, which dropped more for 
target population members than the control group.   



Target population members experienced a 3.3 percentage point (10.7%) relative increase in the 
share reporting that they lived with their parents (p<0.001).  Assuming that this change is not 
actually caused by the reform – and there is no reason to think that it would be, given that 
residence is not an eligibility factor – this could be a sign of rising trend of “dependence” or 
“extended adolescence” that could independently contribute to higher rates of dependent-type 
insurance coverage and lower levels of labor force participation.  However, a different measure 
of independence moved in the opposite direction, with a 0.6 percentage point (19.7%) decrease 
in the share reporting a disability that affects their ability to work (p<0.05).  While the diverging 
trends in ethnicity, educational attainment, living with parents, and disability make a sufficient 
case for the use of a multivariate model that can control for some of these potentially 
confounding variables, overall, trends between the treatment and control groups seem fairly 
comparable by most measures. 

Further down, Table 3.1 displays means for nine types of insurance, three of which were targeted 
by the ACA’s limiting age increase: non-spousal employer-provided health insurance, non-
spousal privately purchased health insurance, and insurance received from outside of one’s own 
household.  Each of these increased significantly, by 6.3, 0.8, and 3.1 percentage points, 
respectively.  There were also modest, but significant changes in spousal forms of coverage that 
were not targeted by the reforms, namely employer-provided spousal coverage (up 1.6 
percentage points) and privately purchased spousal coverage (up 0.2 percentage points).  Some 
categories of coverage which would compete with parental coverage may have been crowded 
out: employer-provided own-name insurance, privately purchased own-name insurance, and 
public coverage decreased by 3.6 percentage points, 1.5 percentage points, and 1.1 percentage 
points, respectively, relative to the control group.  The overall insured rate increased by about 
4.4 percentage points (6.7%) in the target group after reform, relative to the control group.  

The bottom of Table 3.1 reports on employment outcomes.  Consistent with theory, the 
extension of portable, parental coverage seems to be associated with significant reductions in 
multiple measures of labor force involvment, particularly those related to wage and salary 
employment.  Reform eligibles increased their probability of not working by 2.2 percentage 
points, a 10.3% increase.  Self-employment increased by 5.8% relative to the control group, 
however, this difference was not statistically significant.  All other measures of labor force 
participation declined significantly, including the probability of working for wage and salary 
(down 2.2 percentage points), the probability of working full time (down 3.3 percentage points), 
usual hours worked per week (down 1.364 hours), and the number of weeks worked per year 
(down 1.041 weeks).  I report means and differences for two different measures of an 
individual’s number of employers.  The first is a categorical variable, equal to 0 in the case of no 
employers, 1 in the case of one employer, 2 in the case of two employers, and 3 in the case of 
three or more employers.  The second variable is a dichotomized version of the first variable, 
and is equal to 0 for individuals with no or one employer, and 1 for individuals with two or more 
employers.  Both measures suggest a reduction in the number of employers for individuals 
under age 26.  The final variable is a crude measure of job turnover.  Although ASEC is cross-
sectional, it does ask certain questions about current employment in addition to the battery of 
questions referring to prior calendar year employment.  This allows one to estimate small 
temporal differences in answers to questions pertaining to “last year” or March of the survey 
year.  By comparing differences in responses to last year and current moment questions about 
employer category – categories include not in universe, private employer, federal government, 
state government, local government, incorporated self-employed, unincorporated self-
employed, and working without pay – one can identify a subset of individuals who changed jobs.  
Of course, this measure leaves much to be desired, as intra-category turnover (e.g., from one 
private employer to another) is not observed, and the period of time between “longest job held 
last year” and March of the survey year is short and ill-defined.  The last row of Table 3.1 



suggests that this crude measure of turnover does not seem to be affected by the ACA’s 
dependent coverage expansion. 

Because of the demographic and economic shifts seen in the first parts of Table 3.1, we cannot 
be certain that the federal dependent coverage expansion is solely (or at all) responsible for the 
changes insurance and labor force outcomes.  Fortunately, these influences can be mitigated by 
the use of multivariate regression models that explicitly control for confounding factors such as 
the unemployment rate.  Controlling for these covariates may also improve estimate precision.  



Table 3.1. Weighted sample means and standard errors for full sample, treatment, and control groups, before and 
after reform 

control  
(ages  27-30)

treatment 
(ages  22-25)

control  
(ages  27-30)

treatment 
(ages  22-25)

N 199,164 82,430 77,527 20,720 18,487
. mean (s .e.) mean (s .e.) mean (s .e.) mean (s .e.) mean (s .e.)

p-value of 
DD

whole 
sample

before federal  reform 
(2002-2009)

after federal  reform 
(2010-2011)

DD
percent 
change

age 25.974 (0.008) 28.499 (0.005) 23.506 (0.005) 28.518 (0.01) 23.493 (0.01) -0.031 -0.1% 0.045
female 0.498 (0.001) 0.5 (0.002) 0.497 (0.002) 0.503 (0.004) 0.49 (0.004) -0.010 -2.0% 0.120
race: white 0.779 (0.001) 0.782 (0.002) 0.781 (0.002) 0.773 (0.004) 0.763 (0.004) -0.009 -1.1% 0.128
race: black 0.136 (0.001) 0.132 (0.002) 0.139 (0.002) 0.132 (0.003) 0.145 (0.003) 0.006 4.4% 0.213
race: As ian 0.052 (0.001) 0.056 (0.001) 0.046 (0.001) 0.06 (0.002) 0.053 (0.002) 0.004 8.3% 0.202
race: other 0.033 (0) 0.03 (0.001) 0.034 (0.001) 0.035 (0.002) 0.038 (0.002) -0.001 -2.9% 0.686
ethnici ty: Hispanic 0.197 (0.001) 0.203 (0.002) 0.189 (0.002) 0.204 (0.003) 0.201 (0.003) 0.011 5.7% 0.046
ed: less  than high school 0.122 (0.001) 0.126 (0.001) 0.127 (0.002) 0.11 (0.003) 0.1 (0.003) -0.011 -8.3% 0.013
ed: high school 0.288 (0.001) 0.287 (0.002) 0.297 (0.002) 0.267 (0.004) 0.276 (0.004) -0.001 -0.2% 0.918
ed: some col lege 0.239 (0.001) 0.189 (0.002) 0.285 (0.002) 0.189 (0.003) 0.299 (0.004) 0.014 4.8% 0.020
ed: associate 0.087 (0.001) 0.09 (0.001) 0.08 (0.001) 0.1 (0.002) 0.093 (0.003) 0.002 2.5% 0.623
ed: bachelor 0.213 (0.001) 0.226 (0.002) 0.192 (0.002) 0.246 (0.004) 0.212 (0.004) 0.000 0.2% 0.954
ed: advanced/profess ional 0.05 (0.001) 0.081 (0.001) 0.018 (0.001) 0.088 (0.003) 0.019 (0.001) -0.005 -27.7% 0.112
foreign born ci tizen 0.038 (0.001) 0.044 (0.001) 0.03 (0.001) 0.047 (0.002) 0.036 (0.002) 0.003 8.3% 0.342
foreign born noncitizen 0.132 (0.001) 0.154 (0.002) 0.118 (0.001) 0.129 (0.003) 0.101 (0.003) 0.008 6.8% 0.066
state: unemployment rate 6.478 (0.007) 5.715 (0.007) 5.685 (0.007) 9.479 (0.009) 9.465 (0.011) 0.015 0.3% 0.559
state: bachelor degree rate 27.433 (0.009) 27.225 (0.011) 27.244 (0.011) 28.147 (0.02) 28.242 (0.022) 0.076 0.3% 0.187
state: pct pop age 22-30 0.125 (0) 0.125 (0) 0.125 (0) 0.125 (0) 0.125 (0) 0.000 0.0% 0.876
state: change in hous ing price index 2.117 (0.028) 3.498 (0.044) 3.717 (0.045) -3.634 (0.018) -3.606 (0.019) -0.191 -5.1% 0.009
l ives  with parents 0.221 (0.001) 0.121 (0.002) 0.306 (0.002) 0.138 (0.003) 0.355 (0.005) 0.033 10.7% 0.000
married 0.353 (0.002) 0.495 (0.002) 0.236 (0.002) 0.443 (0.005) 0.189 (0.004) 0.005 2.3% 0.416
has  chi ldren 0.379 (0.001) 0.464 (0.002) 0.309 (0.002) 0.427 (0.004) 0.283 (0.004) 0.011 3.5% 0.106
student 0.108 (0.001) n/a 0.208 (0.002) n/a 0.236 (0.004) n/a n/a n/a
disabled 0.035 (0.001) 0.037 (0.001) 0.032 (0.001) 0.043 (0.002) 0.032 (0.002) -0.006 -19.7% 0.017
sel f-reported health poor, fa i r, or good 0.268 (0.001) 0.282 (0.002) 0.253 (0.002) 0.287 (0.004) 0.255 (0.004) -0.004 -1.6% 0.532
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employer-provided, dependent (non-spouse) 0.065 (0.001) 0.012 (0.001) 0.094 (0.001) 0.033 (0.002) 0.178 (0.004) 0.063 66.8% 0.000
employer-provided, dependent (spouse) 0.098 (0.001) 0.15 (0.001) 0.058 (0.001) 0.115 (0.002) 0.039 (0.002) 0.016 27.1% 0.000
private, dependent (non-spouse) 0.006 (0) 0.001 (0) 0.007 (0) 0.004 (0.001) 0.018 (0.001) 0.008 120.2% 0.000
private, dependent (spouse) 0.006 (0) 0.01 (0) 0.004 (0) 0.006 (0.001) 0.003 (0.001) 0.002 54.4% 0.020
insurance from someone outs ide of home 0.04 (0.001) 0.007 (0) 0.064 (0.001) 0.01 (0.001) 0.097 (0.003) 0.031 48.1% 0.000
employer-provided, own name 0.367 (0.001) 0.45 (0.002) 0.31 (0.002) 0.409 (0.004) 0.232 (0.004) -0.036 -11.5% 0.000
privately purchased, own name 0.044 (0.001) 0.044 (0.001) 0.046 (0.001) 0.045 (0.002) 0.032 (0.002) -0.015 -33.4% 0.000
publ ic coverage 0.131 (0.001) 0.118 (0.001) 0.133 (0.002) 0.149 (0.003) 0.154 (0.003) -0.011 -8.1% 0.020
any coverage 0.695 (0.001) 0.727 (0.002) 0.664 (0.002) 0.706 (0.004) 0.687 (0.004) 0.044 6.7% 0.000
not working 0.192 (0.001) 0.164 (0.002) 0.2 (0.002) 0.202 (0.003) 0.259 (0.004) 0.021 10.3% 0.000
wage and sa lary 0.775 (0.001) 0.789 (0.002) 0.778 (0.002) 0.758 (0.004) 0.725 (0.004) -0.022 -2.8% 0.000
sel f-employed 0.033 (0) 0.046 (0.001) 0.022 (0.001) 0.039 (0.002) 0.017 (0.001) 0.001 5.8% 0.573
ful l  time 0.646 (0.001) 0.725 (0.002) 0.599 (0.002) 0.669 (0.004) 0.51 (0.005) -0.033 -5.6% 0.000
usual  hours  worked per week 31.036 (0.049) 33.585 (0.072) 29.578 (0.078) 31.739 (0.157) 26.369 (0.168) -1.364 -4.6% 0.001
weeks  worked per year 36.745 (0.059) 39.337 (0.084) 35.332 (0.095) 37.117 (0.179) 32.071 (0.206) -1.041 -2.9% 0.000
# employers  (0=niu, 1=1, 2=2, 3=3+) 0.977 (0.002) 0.983 (0.003) 1.006 (0.003) 0.922 (0.005) 0.895 (0.006) -0.051 -5.0% 0.000
# employers  (0=niu or 1, 1=2+) 0.137 (0.001) 0.122 (0.001) 0.164 (0.002) 0.104 (0.003) 0.127 (0.003) -0.020 -12.1% 0.000
sector turnover 0.13 (0.001) 0.109 (0.001) 0.144 (0.002) 0.123 (0.003) 0.158 (0.003) 0.000 0.3% 0.933
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Note: March supplement weights used, with errors clustered at the household level, and strata defined at the city level.  



3.5. METHODS 
The outcomes considered in this study, as well as the hypothesized effects of limiting age 
increases on these insurance categories, are summarized by Figure 3.1.  Following Cantor et al. 
(2012) and Antwi, Moriya, and Simon (2012), this study divides commonly used ASEC 
insurance outcomes into subcategories that could in theory respond quite differently to limiting 
age increases.  The ASEC asks about two specific types of coverage received as a dependent: 
privately purchased and employer-provided.  A follow up question ascertains an identification 
number associated with the insurance holder, which when compared to the line number of the 
respondent’s spouse, allows the researcher to create mutually exclusive spousal and non-spousal 
(in most cases, parental) forms of these two variables.23   

In this paper, the term “dependent coverage” will be used to refer to three types of coverage that 
could have been impacted by a parental coverage expansion: employer-provided dependent 
coverage received through someone other than one’s spouse, privately purchased insurance 
received through someone other than one’s spouse, and insurance received from someone 
outside of one’s own household.  While one would expect to find an association between 
regulatory increases in limiting ages and non-spousal employer-provided insurance coverage, 
we should not expect to find a positive effect on spousal coverage, which was not targeted by the 
reform.  In fact, spousal coverage may become relatively less attractive for a young adult with 
newly gained access to coverage through a parent.  While this basic analysis holds true for non-
spousal and spousal forms of privately purchased dependent coverage, the predicted effect of 
dependent coverage expansions on non-spousal privately purchased coverage is somewhat 
ambiguous because this category would be competing with newly available – and likely less 
expensive – employment-based parental coverage.  Insurance received from outside of one’s 
own household is a somewhat vague category, and because no follow up survey question 
ascertains the relationship of the beneficiary with the source, it cannot be divided into spousal 
and non-spousal forms.  However, based on an assumption that in most cases the provider of 
this type of insurance is a parent, we might expect to see an association between reform 
eligibility and this type of coverage.  Coverage held in one’s own name, whether privately 
purchased or employment-based, as well as public coverage, may be “crowded out” when state 
and federal reforms open access to parental coverage, and could decline in importance.  Finally, 
because these reforms are intended to increase access to a potentially more affordable insurance 
coverage, the overall effect on the insurance rate can be expected to be positive.  However, given 
the expected crowd-out of own name coverage and possibly spousal coverage, the overall 
increase in the insurance rate is likely to be smaller than the combined increase in the three 
“dependent” forms of coverage.   

The second panel of Figure 3.1 lists the labor market outcomes considered in this study, as well 
as their hypothesized relationship with dependent coverage reform eligibility.  Prior to the 
reform, young adults could receive group coverage from a public source, through a spouse, or 
through an employer.  The dependent coverage expansion opened access to new forms of group 
insurance received through one’s parent.  Previously, this type of private group coverage was 

23 While it may seem that dividing the variables into parental and non-parental subcategories 
would be more informative when evaluating the effect of a reform specifically targeted towards 
parental policies, ASEC provides the line number of only one parent, making conclusive 
matching with the holder’s identification number more difficult.  Nevertheless, “non-spousal” 
coverage is dominated by parental coverage: among 45,205 individuals in my sample with 
employment-based dependent coverage that was not received through a spouse, a parental 
source can be determined in 91.9% of cases.  It is unclear whether or not the remaining 8.1% are 
parents. 



only available to young adults through marriage or as a benefit of wage and salary employment.  
Assuming this new access to an alternative source of group coverage weakens the value of 
compensation associated with wage and salary work, I expect to find a negative relationship with 
reform eligibility and wage and salary work, and an increase in the probability of not working or 
working for one’s self.  To the extent that some workers work full time or hold a second job only 
to earn a health insurance benefit, I also expect to find a negative relationship with variables of 
labor force participation at the intensive margin, such as the probability of working full time, the 
number of hours worked per week, the number of weeks per year, number of employers, and the 
probability of working for multiple employers.  Finally, to the extent that any young employees 
are “job locked” by their current work and insurance arrangements, a new source of portable 
insurance might increase their mobility as measured by inter-sector job turnover. 

Figure 3.1. Hypothesized relationships between reform eligibility and study 
outcome variables 
Panel 1: Insurance Outcomes
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The primary challenge of estimating the effect of insurance access on labor market outcomes is 
the endogeneity of insurance access, which is simultaneously determined with labor market 
outcomes.  In this study, I conduct a national experiment that exploits the ACA’s limiting age 
increase within a difference-in-differences framework.  In this approach, the use of a credible 
control group – young adults not subject to the rule changes – helps isolate the treatment effect 
from other confounding factors that might have influenced outcomes for both groups.  This 
strategy yields a reduced form estimate of the population average treatment effect of the reform 
on the insurance and labor outcomes of interest.  The approach has the advantage of eliminating 
the effect of omitted variables that are fixed, allowing us to rule these out as sources of omitted 
variable bias. 

Following the general structural form of Monheit et al. (2011), I estimate reduced form ordinary 
least squares (OLS) difference-in-differences models that predict insurance or employment 
outcomes based on eligibility for the ACA’s limiting age increase.24  Consider the following: 

List = β1 + β2Ss + β3Yt + β4(Ss*Rt) + β5Ui + β6Ait + β7(Ui*Ait) + β8Xist +eist (4) 

24 While a logistic or probit regression might at first seem like a more natural choice for the 
dichotomous outcomes, the interpretation of interaction terms in binary models is complicated 
and can be counterintuitive; the effect “cannot be evaluated simply by looking at the sign, 
magnitude, or statistical significance of the coefficient on the interaction term when the model is 
nonlinear” (Ai and Norton, 2003).  In order to ease the interpretation of results, particularly of 
difference-in-differences interaction coefficients, I use linear models for all outcomes. 



where List is an insurance or labor outcome of an individual respondent.  Nine insurance 
outcomes considered in this study, listed in Panel 1 of Figure 3.1: a) employer-provided health 
insurance received from someone other than one’s spouse, b) employer-provided health 
insurance received through a spouse, c) privately purchased health insurance received from 
someone other than one’s spouse, d) privately purchased health insurance received through 
one’s spouse, e) insurance received from someone that lives outside of the respondent’s own 
household, f) employer-provided health insurance received in one’s own name, g) privately 
purchased health insurance received in one’s own name, h) public health insurance coverage, 
and i) any insurance coverage.  In addition, nine labor market outcomes are considered, as listed 
in Panel 2 of Figure 3.1: a) not working, b) working for wage or salary, c) self-employment, d) 
working full time, e) typical hours worked per week, f) weeks worked per year, g) a categorical 
variable of number of employers, h) a binary variable indicating multiple employers, and i) 
inter-sector turnover.  Ss represents state indicators that account for constant differences 
between states, Yt represents indicators for year that account for changes in employment 
outcomes over time that affect all states.  Ss*Rt represents the interaction of state fixed effects 
and a linear time trend.  Ui is an indicator for being under age 26 (in March following the 
reference year), regardless of whether or not the policy had yet been implemented.  Ait is an 
indicator for living in a year with the dependent coverage expansion in effect for all or part of 
that calendar year, regardless of one’s individual eligibility status (this variable will equal 1 in 
2010 and 2011 and 0 in all prior years).  Finally, eist represents an individual error term.  

While Ui controls for differences between the experimental and control groups prior to reform, 
Ait accounts for any possible contemporaneous forces accompanying reform implementation 
that would affect labor outcomes in both groups.  The coefficient of the Ui and Ait interaction is 
the differences-in-differences estimator of the effect of dependent coverage expansions on the 
employment outcomes of interest among the experimental group (relative to the control group).  
Assuming the coverage expansions effectively increased access to portable forms of insurance 
coverage (such as types received as a dependent), we would expect the coefficient of interaction 
term Ui*Ait to be positive when predicting self-employment, not working, and turnover, and 
negative when predicting wage and salary work, hours worked, or full-time work.   

One threat to this estimation strategy may be that compositional changes in state populations 
may influence outcome variables independently of insurance reforms.  For instance, a localized 
oil or gas boom could attract many young, unskilled workers to a particular state, driving down 
insurance rates, while a severe downturn in the housing market might push young workers out 
of a state – especially those without jobs (and without employer-provided health insurance).  In 
case other factors such as compositional changes in the sample might independently influence 
the outcome variables, I include Xist, a vector of exogenous control variables that could be 
predictive of insurance status, including indicators age, gender, race (black, Asian, or other, with 
white as the omitted category), ethnicity (Hispanic), education (less than high school, some 
college, associate degree, bachelor degree, advance or professional degree, with high school 
graduate as the omitted category), foreign-born citizens, and foreign-born noncitizens.  Also 
included in Xist are state-specific controls, such as the unemployment rate for one’s state in 
March of reference year, the percentage of the population with a bachelor degree (for each state-
year), the percentage of the population age 22-30 (for each state-year), and a figure that 
measures the average quarterly change from the previous year’s housing prices.25  Unlike most 
other studies of dependent coverage expansions, baseline results will not control for non-fixed 
choice outcomes which could also be influenced by reform eligibility, such as marital status, 
labor status, student status, income, number of children, health status, or living with one’s 

25 For each state-year, I average the four four-quarter percent change figures in the FHFA State-
Level House Price Index (Federal Housing Finance Agency, 2012). 



parents.  Use of such “bad controls” could lead to biased estimates of the state reforms’ effects 
(Angrist and Pischke, 2008). 

Finally, eist represents an individual error term.  Standard errors are clustered at the state level 
and March Supplement weights are used.  In order to allow for heterogeneous effects, I also 
estimate separate models on subsets of the population, including males and females, college 
graduates and non-college graduates.  Particular attention will be paid to the separate results for 
unmarried and married individuals.  If the reforms truly increased access to parental coverage, 
we should expect to see significant and perhaps larger effect sizes among the unmarried subset, 
because they have fewer other options (no access to competing spousal coverage), because 
marriage correlates with other predictors of insurance (such as education and good health), and 
because unmarried individuals have lower rates of coverage overall and potentially more to gain.  
The non-randomness of treatment eligibility will be examined by using it to predict marital 
status.   

In order to allow for heterogeneous effects, I estimate separate regressions for men and women.  
I also estimate separate regressions for sample subsets based around two other relatively “fixed” 
demographic categories, including as race and ethnicity (non-Hispanic whites vs. all others), 
and education (no bachelor degree vs. bachelor degree).   

One limitation to this strategy is that target population eligibility is not perfectly observable with 
the ASEC.  For example, a researcher cannot know whether the employers of an adult child’s 
parents’ are alive or have insurance.  Even age is not perfectly known; our assumed age, in years, 
is actually recorded during March of the year that follows the reference year.  The inability to 
perfectly identify eligible and ineligible young adults introduces measurement error that should 
attenuate effect size estimates, assuming that this error is not correlated with actual target group 
assignment or other independent variables.  While data limitations do not allow us to control for 
all relevant variables, the difference-in-differences approach should adequately control for time-
invariant differences between treatment and control groups, even those that are not observed.   

Identification in difference-in-differences models relies on the “parallel trends” assumption, 
which states that the average outcomes for the treatment and control groups would have moved 
with each other in the absence of treatment, allowing one to attribute any perceived divergence 
to the treatment itself.  While this assumption cannot be tested empirically, careful attention 
will be paid to establish that trends in outcomes were at least parallel in the period prior to 
reform. 

 

3.6. RESULTS 
3.6.1 Insurance Outcomes 

Before getting to the main results of the analysis of the federal dependent coverage expansion, 
consider Figure 3.2, which charts the impact of the reform by tracking insurance rates over time 
for three age groups.  The first age group, ages 22 through 25, are considered members of the 
federal target population.  Individuals age 27 through 30 are considered part of the control 
group, although even those reporting an age 27 during the March survey period could have been 
25 in the previous calendar year if they have a January, February, or (early) March birthday.  
Individuals age 26 are excluded from the main portion of this study, because they technically 
could have been 25 or younger at some point during the reference year, and are still eligible to 
receive dependent coverage on a tax-free basis until 27 if an insurer elects to offer it.  However, 
their trends are shown in Figure 3.2 for comparison purposes.   

The first graph of Figure 3.2 considers employer-provided insurance received through someone 
other than one’s spouse (which in most cases would be their parents).  Prior to the reform, both 



the treatment and the control group had fairly flat rates of this type of coverage, supporting the 
parallel trends assumption.  All three age groups gained in 2010, although the increase in the 
target group appears to be more dramatic.  In 2011, the target group was the only group to show 
a positive nominal increase.  Of the nine graphs in Figure 3.2, this first probably makes the 
strongest case for the federal reform having a significant effect.  To its right, the next graph 
considers employer-provided insurance received through one’s spouse, which was not targeted 
by the reform, but which might have been crowded out by it.  For this category, the target group 
and both parts of the control group seem to follow similar patterns before and after reform.  

The third graph displays trends for another type of coverage targeted by the reforms, privately 
purchased non-spousal dependent coverage (which is usually parental).  Indeed, while all three 
groups saw increases in this form of coverage in 2010 and 2011, the gain in the target group 
seems largest.  However, the target and control group seemed to diverge in 2009, prior to the 
reform.  No clear difference in trends is observable in the fourth graph, which displays results 
for privately purchased spousal coverage, which was not directly targeted by the reforms. 

The fifth graph displays trends for a third type of coverage that is likely to be parental, insurance 
from outside of one’s own household.  This type of coverage increased for individuals under 26 
in 2010 and 2011, but the increase actually began in 2009, before the reform.  While the rate for 
27 through 30 year olds stayed fairly stable in reform years, those age 26 – some of whom would 
have been 25 in the reference year – experienced nominal and modest gains in this type of 
coverage in 2010 and 2011. 

As shown in the sixth graph of Figure 3.2, rates of employer-provided coverage held in one’s 
own name were roughly parallel between the target and control group through 2009, a year in 
which both groups experienced a decrease.  In 2010 and 2011, the rate continued to fall for the 
target group while it held steady for the control group.  This is consistent with this form of 
coverage being crowded out by newly available parental coverage.   

As indicated by the seventh graph, trends for privately purchased own name coverage may also 
be consistent with some crowd-out by parental coverage.  This type of coverage starts at similar 
levels in the treatment and control groups, but by 2011, rates are roughly 40% lower in the target 
group.  Trends in those age 27 through 30 are volatile, however, and the fall in the target group’s 
rate seems to begin prior to reform, with a slight decrease in 2009.  

The eighth graph shows trends for public coverage, which in most cases would be Medicaid.  
Trends for the under 26 group and the 27 through 30 year olds parallel each other from 2007 
through 2010, but in 2011, the rate seems to increase in the latter group while holding steady in 
the former, perhaps a sign of a small amount of public crowd-out.  Rates for 26 year olds fall 
slightly in 2010 and stay flat in 2011. 

Finally, the ninth graph considers changes in the overall rate of having any insurance coverage 
during the year.  The gain in coverage seems largest in the target group in 2010, but all three 
groups seem to have similarly sized gains in 2011.  

Taken as a whole, these trends in coverage rates suggest some possible shift to employer-
provided non-spousal as well as privately-purchased non-spousal coverage.  This may have 
resulted in a slight increase in the insured rate, despite some possible crowd-out of coverage 
held in one’s own name, including both employer-provided and privately purchased varieties, as 
well as of public coverage.   While some divergence did seem to occur between treatment and 
control groups between 2008 and 2009, these differences tended to be much smaller than those 
that occurred from 2009 to 2010 and to 2011. 

I now turn to the main results of the difference-in-differences analysis of insurance effects, 
presented in Table 3.2.  The first row in each panel presents mean levels of each insurance type 
prior to reform for the target population (i.e., those under 26 years of age), while the second row 



presents coefficients (β7) of the difference-in-differences interaction of eligibility with reform 
implementation.  Results on the full sample reiterate the impressions given by Figure 3.2.  While 
eligibility for the federal reform is associated with a 6.1 percentage point increase in the 
probability of having non-spousal employment-based dependent coverage, it is also associated 
with a smaller, 1.8 percentage point increase in employment-based coverage received through a 
spouse.  Eligibility is significantly associated with both non-spousal and spousal private 
coverage, although the estimated increase was larger for the former, targeted category.  
Insurance received through someone outside of one’s own household increases by 3.1 
percentage points.  Both forms of own name coverage, employment-based and privately 
purchased, seem to have declined among the target population relative to the control group, 
indicating some possible crowd-out of these types.  Even public crowd-out seems significant, 
with reform eligibility being associated with a 0.9 percentage point decrease in coverage from 
public sources.  Overall, the insurance rate is estimated to have increased by about 4.7 
percentage points among eligible individuals relative to control individuals. 

Estimates for different population subsamples are shown in subsequent panels of Table 3.2.  
Men and women may have different preferences and options regarding insurance, and could 
respond differently to a limiting age increase that makes them eligible for parental coverage.  
The second and third panels of Table 3.2 show the results of separately estimated models for 
women and men.  Only women are estimated to have experienced a positive increase in privately 
purchased spousal coverage, and the decline in employer-provided own-name coverage is 
significantly larger among women than among men (according to an adjusted Wald test 
comparing the two difference-in-differences coefficients).  Men experience larger increases in 
employer-provided non-spousal coverage and a larger increase in the overall insured rate. 

Because individuals with college degrees are more likely to have access to employer-provided 
coverage or to be insured generally, their counterparts without degrees might be expected to 
find greater relief in a dependent coverage expansion.  This may not be the case, however, if the 
college educated set is better at filling out any necessary paperwork, or if their parents are more 
likely to have a type of job that would offer family coverage.  In any case, the effect of reform on 
the overall insurance rate seems largely similar for those with and without college degrees, as 
indicated by Panels 4 and 5.  However, those with college degrees experienced larger increases 
in insurance received through someone outside of their own household, and also had much 
more crowd-out of employer-provided and privately purchased own-name insurance. 

Panels 6 and 7 consider separate results for non-Hispanic whites and all others.  Non-Hispanic 
whites experienced larger gains in employer-provided non-spousal dependent coverage and in 
coverage received through someone outside of one’s own household.  But because they also 
experienced larger declines in both types of own-name insurance, the effect of the reform on the 
overall insurance rate was similar for both groups. 

The final panels of Table 3.2 divide the sample into individuals from 30 states that implemented 
a dependent coverage expansion by 2010, and individuals from 19 states that did not.  The effect 
on the overall insurance rate was similar in either set of states.  However, the estimated increase 
in non-spousal employer-provided coverage and decrease in own-name employer-provided 
coverage were both larger in the reform states, suggestive of more “switching” among the 
already insured. 

In conduct a series of sensitivity analyses where I check the robustness of these findings to 
different time periods and age ranges.  Panel 1 of Table 3.3 repeats Panel 1 of Table 3.2, but 
drops the first six years before reform, leaving only two pre-reform years, 2008 and 2009, and 
two post-reform years, 2010 and 2011.  In this sample, the size of the coefficients for targeted 
insurance categories, for competing categories of own-name coverage, and for the overall 
coverage rate are similar to results shown in Panel 1 of Table 3.2, while the estimated effects on 



both spousal forms of coverage lose statistical significance.  These results would seem to argue 
against the inclusion of the earlier data years, in order to avoid a Type I error when predicting 
spousal forms of coverage. 

Because I am interested in the effects of reform on young adults past the age of schooling, I do 
not include individuals younger than 22 in my sample.  However, many studies of dependent 
coverage expansions restrict the sample’s age range to 19 through 29.  In order to improve the 
comparability of my findings to these studies, I re-estimate the nine insurance models on adults 
in this larger age range (again using years 2002 through 2011).  The second panel of Table 3.3 
shows the results on this larger sample of 271,546 individuals.  When the sample is extended to 
include adults ages 19 through 29, estimates remain qualitatively similar to those shown in 
Panel 1 of Table 3.2.   

Use of a larger age range may result in a loss of precision, as members of the control and target 
groups start to look less and less alike.  The further apart the average ages of the two groups, the 
more likely it becomes that other factors, such differentially decreasing rates of marriage among 
older and younger young adults, or differential impacts of the economic recession, could cause 
some of the relative changes in coverage among reform eligibles.  In order to gain more 
precision and accuracy in the effect estimate, and to potentially reduce the number of non-fixed 
omitted variables, I restrict the sample to those just under and just over the federal limiting age 
of 26.  More specifically, I include individuals who were 25 years of age in March of the survey, 
all of whom would have been members of the target population for the entirety of the previous 
calendar year, and individuals who were age 27 during the survey, most of whom would not have 
been eligible at any point during the reference year.  In this strategy, some individuals placed in 
the control group actually would have been members of the target group at some point during 
the survey reference year, such as those with February birthdays.26  Results, displayed in the 
third panel of Table 3.3, make an interesting comparison not only to the results in the first panel 
of Table 3.2, but also to the results from the second panel of Table 3.3 (which considers adults 
ages 19 through 29).  With this narrower age range, the estimated coefficients of the difference-
in-differences interaction terms for employer-provided non-spousal dependent coverage and for 
the overall insured rate are similar to those estimated with the original sample (of adults ages 22 
through 25 and 27 through 30).    The effects estimated on spousal forms of coverage, observed 
in the main sample and among adults age 19 through 29, lose significance, seemingly 
highlighting the virtue of having similar treatment and control groups.  Crowd-out of own name 
employer-provided coverage also loses the significance it had in the main sample.  

In Panel 4 of Table 3.3, I narrow both the time period and the age range, to 2008 through 2011 
and 25 and 27, respectively.  Compared to Panel 1 of Table 3.2, the effects on both forms of 
spousal coverage, on non-spousal privately purchased insurance, and on privately purchased 
own-name insurance have lost significance.  Estimated effects for other outcomes, including 
employer-provided non-spousal dependent coverage, insurance received through someone 
outside of one’s own household, employer-provided own-name coverage, and the overall rate are 
qualitatively similar.  Due to the relative  comparability of the pre- and post-reform data years, 
as well as the similarity of age between the treatment and control groups, the results shown in 
Panel 4 are perhaps the most conservative and trustworthy discussed so far, although they 
would only apply to 25 year olds. 

26 Assuming month of birth does not correlate with our outcomes of interest, this small amount 
of random measurement error is preferable to the type that would arise in a model with a three 
year gap between the treatment and control groups, which might inadvertently capture the 
effects of other phenomena with differential impacts on the two groups, such as the changing 
prevalence of marriage, and which could result in biased effect estimates. 



I next conduct a series of specification checks in which I relax the assumption of equal effects for 
each year of reform, or for each eligible age, while continuing to restrict the sample to years 
2008 through 2011.  First, I drop my federal reform implementation indicator Ait and replace it 
with two new indicators, one for year 2010 and one for year 2011.  I interact each of these two 
indicators with Ui, which still flags individuals under 26.  Results are shown in the first panel of 
Table 3.4.  Generally, the coefficient sizes are larger for 2011 than for 2010, and significantly so 
in the case of employer-provided non-spousal dependent coverage, coverage from outside of 
one’s own household, and privately purchased own-name coverage.  Crowd-out seems to be 
stronger in 2011, with significant declines in own-name private and public coverage among 
eligibles that were not significant in 2010.  All of this suggests that equilibrium had not been 
reached by the end of 2010.  However, the two difference-in-differences estimators (for 2010 
and 2011) were not statistically different from each other when predicting the overall coverage 
rate.  So compared to 2010, in 2011, there were larger increases in two forms of dependent 
coverage, partially counterbalanced by additional crowd-out of privately purchased own-name 
and public coverage.   

In the next panel of Table 3.4, I completely relax the assumption of equal effects for each age 
and year, and base estimates on full interactions of age and year.  Now, coefficients of interest 
include those for interactions of indicators for ages under 26 with indicators for years 2010 and 
2011.  Age 27 serves as the omitted age, while 2009 serves as the omitted year.  Looking at the 
first column, which considers employer-provided insurance received through someone other 
than one’s spouse, the single largest estimated effect seems to be a 7.3 percentage point 
difference among those age 23 in 2011 (compared to 27 year olds in 2009), although all eligible 
ages experienced significantly elevated rates in both reform years.  Interestingly, 29 year olds 
seem to have had elevated rates of this type of coverage in 2008.  Privately purchased non-
spousal coverage seems to be highest for 23 and 25 year olds in 2010, and for 23 year olds in 
2011.  Regarding insurance received from someone outside of one’s own household, there is 
evidence of a stronger effect for eligible ages in 2011 than in 2010, however, 2008 seemed to be 
a “low” year for eligible ages (at least, relative to 27 year olds in 2009), particularly age 22.  This 
may suggest a rising trend that began prior to reform.  Panel 2 shows elevated rates of public 
coverage among both eligible and ineligible individuals in 2010, as well as for ineligible 
individuals in 2011.  As it is unlikely that the reform actually caused such large increases in 
public coverage among individuals who were too old to benefit from the limiting age increase, 
this may be an artifact of the choice of reference year and age.  Looking at the overall insurance 
rate, more eligible ages had significantly elevated rates in 2011 than did in 2010, although in 
2011, even 28 year olds seemed to have high rates.  Panel 2 adds further evidence that the effect 
of the federal reform has generally strengthened in its second implementation year. 

In order to test the basic difference-in-difference strategy, I perform a series of falsification 
tests.  The first test repeats the equations from the first panel of Table 3.2, but considers 
calendar years 2003-2006, five years prior to the 2008-2011 period, well before the federal 
reform was implemented.  In these models, Ui is interacted with a dummy equal to one in years 
2005 and 2006, and equal to zero for all prior years.  Results, presented in the first panel of 
Table 3.5, show that the coefficient of the difference-in-differences interaction term is not a 
significant predictor of any particular insurance type.  I conduct two more falsification tests, the 
first of which examines the impact of the federal policy on insurance rates for individuals under 
36 (ages 32, 33, 34, and 35) compared to individuals age 36 and older (ages 37, 38, 39, and 40), 
from 2008-2009 to 2010-2011.  I then perform a similar check on individuals age 42 through 
50.  The results of these exercises are shown in the second and third panels of Table 3.5.  The 
interaction term is not a significant predictor of any type of insurance or of being uninsured at 
the p<0.05 level, except for non-spousal employer-provided insurance among individuals ages 
42 through 49, for which the coefficient is small.  Given that 24 separate falsification test 



regressions were estimated, one false positive is approximately equal to the 1.2 that would be 
expected by random chance at the 5% level of significance.  Thus, the results from these tests 
generally support the argument that the significant results seen in Tables 5.1.1 and 5.1.2 are not 
due to some specification error or random chance.  



Figure 3.2: Rates of insurance coverage over time, among individuals age 22-25, 26, 27-30 





 
Note: Estimates use March Supplement weights. 
 



Table 3.2. Difference-in-difference coefficient estimates of federal dependent coverage expansion on insurance 
rates 

non-spousal spousal non-spousal spousal

insurance in someone else's name in own name

public
employer-provided privately purchased from outside of 

own hh any insurance
employer-
provided

privately 
purchased

PANEL 1: Ful l  sample, ages  22-30 (!=26), years  2002-2011, N=199,164
mean (s .e.) (U=1, A=0): 0.094 (0.005) 0.058 (0.003) 0.007 (0.001) 0.004 (0) 0.064 (0.003) 0.31 (0.008) 0.046 (0.003) 0.133 (0.006) 0.664 (0.015) 
DD coefficient (U*A): 0.061 (0.006) *** 0.018 (0.004) *** 0.008 (0.002) *** 0.002 (0.001) *** 0.031 (0.004) *** -0.034 (0.005) *** -0.015 (0.002) *** -0.009 (0.004) ** 0.047 (0.006) ***

PANEL 2: Females , ages  22-30 (!=26),  years  2002-2011, N=104,472
mean (s .e.) (U=1, A=0): 0.088 (0.005) 0.094 (0.005) 0.006 (0.001) 0.007 (0.001) 0.068 (0.003) 0.295 (0.008) 0.043 (0.003) 0.169 (0.007) 0.709 (0.015) 
DD coefficient (U*A): 0.051 (0.005) *** 0.021 (0.007) *** 0.007 (0.001) *** 0.004 (0.001) *** 0.033 (0.005) *** -0.047 (0.008) *** -0.014 (0.002) *** -0.014 (0.006) ** 0.034 (0.008) ***

PANEL 3: Males , ages  22-30 (!=26), years  2002-2011, N=94,692
mean (s .e.) (U=1, A=0): 0.101 (0.005) 0.022 (0.001) 0.008 (0.001) 0.002 (0) 0.059 (0.003) 0.324 (0.009) 0.049 (0.003) 0.098 (0.005) 0.619 (0.015) 
DD coefficient (U*A): 0.072 (0.008) *** 0.014 (0.003) *** 0.01 (0.003) *** 0 (0.001) 0.028 (0.005) *** -0.021 (0.008) ** -0.017 (0.005) *** -0.005 (0.006) 0.059 (0.008) ***

p-value of Wald test 0.0050 0.2811 0.3517 0.0282 0.3914 0.0337 0.5802 0.3314 0.0437
PANEL 4: No col lege degree, ages  22-30 (!=26), years  2002-2011, N=150,428

mean (s .e.) (U=1, A=0): 0.092 (0.004) 0.056 (0.003) 0.007 (0.001) 0.004 (0) 0.053 (0.002) 0.267 (0.007) 0.034 (0.002) 0.155 (0.008) 0.623 (0.015) 
DD coefficient (U*A): 0.055 (0.005) *** 0.022 (0.005) *** 0.007 (0.002) *** 0.002 (0.001) * 0.021 (0.004) *** -0.023 (0.006) *** -0.008 (0.002) *** -0.012 (0.005) ** 0.049 (0.007) ***

PANEL 5: Col lege degree, ages  22-30 (!=26), years  2002-2009, N=48,736
mean (s .e.) (U=1, A=0): 0.103 (0.006) 0.062 (0.004) 0.008 (0.001) 0.005 (0.001) 0.102 (0.005) 0.47 (0.01) 0.092 (0.006) 0.052 (0.004) 0.818 (0.01) 
DD coefficient (U*A): 0.078 (0.012) *** 0.016 (0.008) * 0.011 (0.003) *** 0.004 (0.002) * 0.056 (0.008) *** -0.055 (0.013) *** -0.038 (0.006) *** -0.015 (0.008) * 0.046 (0.011) ***

p-value of Wald test 0.0703 0.4674 0.2481 0.3920 0.0001 0.0332 0.0000 0.7155 0.8409

PANEL 6: Non-Hispanic white, ages  22-30 (!=26), years  2002-2011, N=113,827
mean (s .e.) (U=1, A=0): 0.073 (0.001) 0.117 (0.001) 0.006 (0) 0.008 (0) 0.05 (0.001) 0.417 (0.002) 0.053 (0.001) 0.118 (0.001) 0.77 (0.002) 
DD coefficient (U*A): 0.072 (0.006) *** 0.018 (0.005) *** 0.01 (0.002) *** 0.003 (0.001) ** 0.042 (0.005) *** -0.051 (0.008) *** -0.02 (0.004) *** -0.012 (0.006) * 0.043 (0.008) ***

PANEL 7: Not non-Hispanic white, ages  22-30 (!=26), years  2002-2011, N=85,337
mean (s .e.) (U=1, A=0): 0.053 (0.001) 0.068 (0.001) 0.005 (0) 0.004 (0) 0.024 (0.001) 0.293 (0.002) 0.03 (0.001) 0.151 (0.002) 0.584 (0.002) 
DD coefficient (U*A): 0.05 (0.005) *** 0.016 (0.004) *** 0.006 (0.002) *** 0.001 (0.001) 0.017 (0.004) *** -0.012 (0.008) -0.008 (0.003) ** -0.006 (0.007) 0.054 (0.009) ***

p-value of Wald test 0.0066 0.7239 0.0992 0.2101 0.0000 0.0008 0.0197 0.5595 0.3956

PANEL 7: Reform states , ages  22-30 (!=26), years  2002-2011, N=112,366
mean (s .e.) (U=1, A=0): 0.096 (0.007) 0.057 (0.004) 0.007 (0.001) 0.004 (0.001) 0.062 (0.003) 0.315 (0.011) 0.044 (0.004) 0.128 (0.009) 0.664 (0.022) 
DD coefficient (U*A): 0.075 (0.005) *** 0.013 (0.005) ** 0.01 (0.002) *** 0.001 (0.001) 0.026 (0.004) *** -0.042 (0.006) *** -0.017 (0.003) *** -0.008 (0.006) 0.045 (0.009) ***

PANEL 8: Non-reform states , ages  22-30 (!=26), years  2002-2011, N=86,798
mean (s .e.) (U=1, A=0): 0.092 (0.007) 0.058 (0.004) 0.007 (0.001) 0.004 (0) 0.066 (0.004) 0.302 (0.011) 0.049 (0.003) 0.141 (0.005) 0.663 (0.016) 
DD coefficient (U*A): 0.042 (0.004) *** 0.025 (0.008) *** 0.006 (0.002) *** 0.005 (0.001) *** 0.036 (0.008) *** -0.022 (0.006) *** -0.013 (0.005) ** -0.012 (0.005) ** 0.051 (0.006) ***

p-value of Wald test 0.0000 0.1793 0.2021 0.0116 0.2303 0.0166 0.4587 0.6049 0.5515

Note: Difference-in-difference coefficient estimates shown with errors clustered at state level.  Estimates use March Supplement 
weights. Key: *: significant at p<0.10, **: significant at p<0.05, ***: significant at p<0.01. Italics indicate difference in coefficients 
between the two groups is statistically significant (p<=0.05), according to adjusted Wald test. 
 



Table 3.3. Results using alternative temporal and age ranges 

non-spousal spousal non-spousal spousal
from outside of 

own hh any insurance
employer-
provided

privately 
purchased

insurance in someone else's name in own name

public
employer-provided privately purchased

PANEL 1: Ful l  sample, ages  22-30 (!=26), years  2008-2011, N=89,992
mean (s .e.) (U=1, A=0): 0.101 (0.006) 0.049 (0.003) 0.007 (0.001) 0.005 (0.001) 0.066 (0.004) 0.29 (0.009) 0.049 (0.004) 0.15 (0.007) 0.66 (0.016) 
DD coefficient (U*A): 0.052 (0.008) *** 0.009 (0.005) * 0.008 (0.002) *** 0 (0.001) 0.027 (0.005) *** -0.027 (0.008) *** -0.015 (0.003) *** -0.01 (0.006) * 0.034 (0.008) ***

PANEL 2: Ages 19-29, years  2002-2011, N=271,546
mean (s .e.) (U=1, A=0): 0.179 (0.008) 0.047 (0.002) 0.015 (0.001) 0.003 (0) 0.069 (0.003) 0.25 (0.006) 0.037 (0.002) 0.139 (0.006) 0.683 (0.015) 
DD coefficient (U*A): 0.035 (0.006) *** 0.02 (0.003) *** 0.009 (0.002) *** 0.002 (0.001) ** 0.015 (0.004) *** -0.013 (0.004) *** -0.011 (0.002) *** 0.004 (0.005) 0.047 (0.005) ***

PANEL 3: Ages 25 & 27, years  2002-2011, N=49,339
mean (s .e.) (U=1, A=0): 0.029 (0.002) 0.084 (0.004) 0.002 (0) 0.005 (0.001) 0.021 (0.002) 0.402 (0.011) 0.055 (0.003) 0.127 (0.006) 0.675 (0.016) 
DD coefficient (U*A): 0.051 (0.007) *** 0.011 (0.008) 0.005 (0.002) ** 0.002 (0.002) 0.027 (0.003) *** -0.015 (0.013) -0.016 (0.006) *** -0.008 (0.008) 0.032 (0.01) ***

PANEL 4: Ages 25 & 27, years  2008-2011, N=19,759
mean (s .e.) (U=1, A=0): 0.028 (0.003) 0.073 (0.005) 0.004 (0.001) 0.005 (0.001) 0.025 (0.003) 0.389 (0.009) 0.059 (0.006) 0.143 (0.008) 0.667 (0.016) 
DD coefficient (U*A): 0.056 (0.009) *** 0.011 (0.01) 0.005 (0.003) * 0.001 (0.002) 0.023 (0.004) *** -0.029 (0.013) ** -0.015 (0.008) * -0.002 (0.01) 0.03 (0.015) **

Note: Difference-in-difference coefficient estimates shown with errors clustered at state level.  Estimates use March Supplement 
weights. Key: *: significant at p<0.10, **: significant at p<0.05, ***: significant at p<0.01. 



Table 3.4. Difference-in-difference coefficient estimates of federal dependent coverage expansion on insurance 
rates with alternative age and year interactions 

non-spousal spousal non-spousal spousal
from outside of 

own hh any insurance
employer-
provided

privately 
purchased

insurance in someone else's name in own name

public
employer-provided privately purchased

PANEL 1: Ful l  sample, a l lowing di fferentia l  effects  for 1st and 2nd reform year, ages  22-30 (!=26), years  2008-2011, N=79,896
mean (s .e.) (U=1, A=0) 0.204 (0.009) 0.033 (0.002) 0.017 (0.001) 0.003 (0.001) 0.079 (0.004) 0.206 (0.006) 0.038 (0.003) 0.159 (0.008) 0.678 (0.016) 
U * year 2010 0.046 (0.008) *** 0.01 (0.007) 0.008 (0.002) *** 0 (0.001) 0.019 (0.005) *** -0.021 (0.01) ** -0.006 (0.005) -0.009 (0.006) 0.027 (0.008) ***
U * year 2011 0.071 (0.008) *** 0.011 (0.007) 0.011 (0.003) *** 0.001 (0.001) 0.038 (0.007) *** -0.042 (0.01) *** -0.024 (0.004) *** -0.022 (0.008) *** 0.043 (0.009) ***

p-value of Wald test 0.0003 0.8637 0.2997 0.6293 0.0094 0.0967 0.0125 0.1939 0.1141
PANEL 2: Ful l  sample with ful l  series  of age/year interactions , ages  22-30, years  2008-2011, N=89,992 (omitting 27, 2009)

mean (s .e.) (U=1, A=0) 0.101 (0.006) 0.049 (0.003) 0.007 (0.001) 0.005 (0.001) 0.066 (0.004) 0.29 (0.009) 0.049 (0.004) 0.15 (0.007) 0.66 (0.016) 
age 22 * year 2008 0 (0.015) -0.001 (0.013) -0.007 (0.006) -0.004 (0.003) -0.018 (0.008) ** 0.019 (0.018) 0.006 (0.01) -0.024 (0.023) -0.02 (0.018) 
age 23 * year 2008 -0.008 (0.014) -0.01 (0.015) -0.001 (0.003) -0.002 (0.004) -0.019 (0.013) -0.002 (0.021) 0.014 (0.01) 0.031 (0.019) 0.003 (0.02) 
age 24 * year 2008 0.002 (0.01) -0.009 (0.013) -0.003 (0.004) 0 (0.003) -0.007 (0.008) 0.003 (0.017) 0.019 (0.012) 0.007 (0.021) -0.006 (0.019) 
age 25 * year 2008 0.002 (0.007) -0.001 (0.014) 0.002 (0.003) -0.001 (0.003) -0.013 (0.007) * -0.015 (0.02) 0.016 (0.012) 0.024 (0.019) 0.008 (0.021) 
age 26 * year 2008 -0.007 (0.009) -0.004 (0.014) -0.001 (0.003) -0.002 (0.003) -0.005 (0.004) 0.012 (0.021) 0.013 (0.011) -0.001 (0.018) -0.001 (0.023) 
age 28 * year 2008 0.01 (0.009) 0.002 (0.016) -0.002 (0.003) -0.003 (0.003) -0.005 (0.004) 0.005 (0.02) -0.003 (0.01) 0.014 (0.015) 0.018 (0.017) 
age 29 * year 2008 0.021 (0.005) *** 0.005 (0.017) 0.003 (0.002) 0.006 (0.004) * 0 (0.003) -0.027 (0.02) 0.003 (0.013) 0.02 (0.02) 0.007 (0.016) 
age 30 * year 2008 -0.005 (0.007) 0.006 (0.013) -0.002 (0.003) 0.003 (0.005) -0.007 (0.004) * 0.02 (0.017) 0.005 (0.009) -0.01 (0.022) 0.003 (0.015) 
age 22 * year 2010 0.032 (0.014) ** 0.02 (0.016) 0.001 (0.006) -0.004 (0.003) 0.001 (0.01) -0.024 (0.017) -0.004 (0.009) 0.001 (0.021) 0.019 (0.02) 
age 23 * year 2010 0.051 (0.018) *** 0.002 (0.017) 0.015 (0.004) *** -0.002 (0.004) 0.016 (0.011) -0.041 (0.024) * 0.001 (0.01) 0.044 (0.016) *** 0.051 (0.019) **
age 24 * year 2010 0.047 (0.012) *** 0.011 (0.016) 0.003 (0.004) 0.004 (0.004) 0.016 (0.008) ** -0.018 (0.017) -0.009 (0.012) 0.033 (0.019) * 0.036 (0.017) **
age 25 * year 2010 0.046 (0.013) *** 0.011 (0.015) 0.008 (0.004) ** -0.003 (0.003) 0.01 (0.007) -0.03 (0.02) 0.005 (0.013) 0.022 (0.017) 0.031 (0.021) 
age 26 * year 2010 0.021 (0.013) * 0.007 (0.016) 0.003 (0.002) -0.002 (0.003) -0.002 (0.005) -0.013 (0.026) 0.006 (0.011) 0.011 (0.016) 0.011 (0.024) 
age 28 * year 2010 0.003 (0.009) 0.014 (0.019) 0 (0.004) -0.001 (0.003) -0.003 (0.004) -0.011 (0.022) -0.008 (0.011) 0.041 (0.013) *** 0.011 (0.022) 
age 29 * year 2010 0.011 (0.011) -0.005 (0.018) 0.002 (0.002) 0.002 (0.004) -0.003 (0.004) -0.024 (0.023) -0.004 (0.012) 0.042 (0.016) *** 0.01 (0.019) 
age 30 * year 2010 -0.008 (0.008) 0.01 (0.016) -0.001 (0.003) 0 (0.004) -0.002 (0.003) 0.001 (0.019) 0.005 (0.01) 0.045 (0.02) ** 0.025 (0.021) 
age 22 * year 2011 0.063 (0.015) *** 0.015 (0.011) 0.008 (0.008) 0.001 (0.003) 0.017 (0.01) * -0.024 (0.017) -0.013 (0.011) -0.015 (0.017) 0.058 (0.014) ***
age 23 * year 2011 0.073 (0.016) *** -0.001 (0.009) 0.012 (0.005) ** 0 (0.003) 0.025 (0.014) * -0.03 (0.017) * -0.029 (0.011) *** 0.02 (0.013) 0.079 (0.026) ***
age 24 * year 2011 0.069 (0.013) *** 0.01 (0.01) 0.006 (0.004) 0.003 (0.003) 0.046 (0.011) *** -0.022 (0.02) -0.027 (0.012) ** -0.002 (0.023) 0.051 (0.014) ***
age 25 * year 2011 0.067 (0.009) *** 0.01 (0.013) 0.004 (0.005) 0.005 (0.003) * 0.024 (0.007) *** -0.043 (0.019) ** -0.02 (0.012) -0.001 (0.013) 0.035 (0.016) **
age 26 * year 2011 0.019 (0.012) 0.007 (0.011) 0.001 (0.003) 0.004 (0.003) 0.006 (0.004) -0.003 (0.019) -0.001 (0.011) -0.018 (0.018) 0.024 (0.02) 
age 28 * year 2011 0.005 (0.009) 0.001 (0.013) -0.002 (0.003) 0.003 (0.002) -0.006 (0.004) 0.013 (0.021) -0.004 (0.009) 0.039 (0.016) ** 0.033 (0.016) **
age 29 * year 2011 0.011 (0.007) * -0.002 (0.013) 0 (0.003) 0.003 (0.003) -0.001 (0.003) -0.001 (0.02) -0.008 (0.014) 0.032 (0.016) ** 0.017 (0.015) 
age 30 * year 2011 -0.005 (0.006) 0.005 (0.014) -0.005 (0.004) 0.005 (0.003) * -0.007 (0.003) ** 0.025 (0.022) -0.006 (0.012) 0.011 (0.018) 0.022 (0.014)  



Table 3.5. Falsification Test: Difference-in-difference coefficient estimates of federal dependent coverage 
expansion on adults age 32 through 39, 42 through 49, and 52 through 59 

non-spousal spousal non-spousal spousal
Ages  22-30 (!=26), years  2003-2006, N=79,260

mean (s .e.) (U=1, A=0): 0.082 (0.005) 0.065 (0.003) 0.008 (0.001) 0.004 (0) 0.064 (0.003) 0.336 (0.008) 0.045 (0.003) 0.121 (0.005) 0.674 (0.012) 
DD coefficient (T*P): 0.001 (0.004) 0.003 (0.005) -0.001 (0.001) 0.001 (0.001) 0.001 (0.003) 0.009 (0.008) 0.001 (0.003) -0.007 (0.006) 0.009 (0.006) 

Ages  32-40 (!=36), years  2008-2011, N=90,049
mean (s .e.) (U=1, A=0): 0.007 (0) 0.212 (0.006) 0.001 (0) 0.014 (0.001) 0.007 (0) 0.47 (0.007) 0.041 (0.003) 0.107 (0.005) 0.779 (0.013) 
DD coefficient (T*P): 0.003 (0.001) ** -0.001 (0.005) 0 (0.001) 0.002 (0.002) -0.003 (0.001) * -0.005 (0.009) -0.001 (0.005) 0.002 (0.004) -0.004 (0.01) 

Ages  42-50 (!=46), years  2008-2009, N=95,291
mean (s .e.) (U=1, A=0): 0.005 (0) 0.241 (0.007) 0.001 (0) 0.019 (0.001) 0.008 (0) 0.493 (0.006) 0.051 (0.003) 0.107 (0.004) 0.824 (0.01) 
DD coefficient (T*P): 0 (0.002) -0.005 (0.006) 0 (0.001) -0.001 (0.002) -0.002 (0.001) 0.007 (0.006) -0.005 (0.004) 0.004 (0.005) 0.001 (0.004) 

any insurance
privately 

purchased

insurance in someone else's name in own name
employer-provided privately purchased

public
from outside of 

own hh
employer-
provided

Note: Difference-in-difference coefficient estimates shown with errors clustered at state level.  Estimates use March Supplement 
weights. Key: *: significant at p<0.10, **: significant at p<0.05, ***: significant at p<0.01 



 
3.6.2 Labor Outcomes 

Table 3.6 reports the main difference-in-difference results of the state reform analysis.  Columns 
display results by outcome, while rows give pre-reform means for the target population as well 
as difference-in-differences coefficient estimates (β7) of the reform’s effects.  Successive panels 
give results for various population subgroups.  The first panel considers the full sample for this 
portion of the study, that is, 199,164 individuals aged 22 through 25 and 27 through 30 in years 
2002 through 2011.  It shows that eligibility for dependent coverage is associated with an 
increase in not working of 2.1 percentage points (an increase of 10.5% from the pre-reform mean 
of 20.0% in the target population), and a nearly commensurate decrease of 2.3 percentage 
points (or 3.0%) in the probability of working for wage or salary.  Eligibility does not 
significantly predict self-employment, but is significantly associated with reductions in the 
probability of working full time (down 3.4 percentage points, or about 5.1%), the number of 
hours worked per week (down 1.357 hours, or about 4.6%), and the number of weeks per year 
(down 1.082 weeks, or about 3.1%).  Both the categorical (zero, one, two, three or more) and 
dichotomous (zero or one, two or more) measures of number of employers decrease among 
reform eligibles, although the interpretation of their coefficients is more difficult than for the 
other outcomes.  Finally, while eligibility is not a significant predictor of inter-sector job 
turnover, the crudeness of this outcome does not allow us to rule out any effect on inter-sector 
turnover (e.g., private firm to private firm). 

The next two panels display results for females and males, respectively.  Results are qualitatively 
similar between the sexes, with reform eligibility significantly predicting not working, wage and 
salary work, working full time, hours worked per week, weeks worked per year, and number of 
employers in both groups, just as in the full sample.  Coefficient sizes for the two sexes were not 
statistically different from each other for any of the nine outcomes (according to adjusted Wald 
tests). 

Results are slightly more interesting when the population is divided into groups without and 
with bachelor’s degrees.  In the former, larger group, the overall results are quite similar to the 
results observed in the full sample.  When the population is restricted to the minority with 
bachelor’s degrees, however, eligibility no longer significantly predicts not working, wage and 
salary work, working full-time (p<0.10), hours worked per week, or weeks worked per year, 
number of employers, or multiple employers.  These results seem to suggest that the work-
discouraging effect of the limiting age increase – or rather, the work-encouraging effect of 
employer-provided health insurance – is strongest among those without bachelor’s degrees.  
However, the difference-in-differences interaction term coefficients for the two groups were not 
statistically different from each other for any of the nine outcomes (although the difference for 
wage and salary employment was significant at the 10% level). 

The next two panels in Table 3.6 break down the sample by race and ethnicity, into a non-
Hispanic white majority, and a minority group containing all Hispanics and all non-whites.  
Both groups have responses that are quantitatively similar to each other and to the full sample. 

At first glance, it seems that individuals in states that have implemented their own limiting age 
increases (as of 2010) demonstrated larger labor responses to the federal reform than 
individuals in non-reform states: the latter group had significant changes in not working, wage 
and salary work, and weeks worked per year, while the latter group did not.  But again, the 
difference-in-differences coefficients for the two groups were not statistically different from each 
other. 

The results in Table 3.6 assume constant effects in the first and second year of implementation.  
In Table 3.8, I relax this assumption, dropping the A indicator and the Ui*Ait interaction.  I 



replace these variables with A1it, an indicator for the first year of implementation (2010), A2it, an 
indicator for the second year of implementation, and two new difference-in-differences 
interaction terms, Ui*A1it and Ui*A2it.  This specification adjustment allows the model to 
produce different estimates of the effect in both implementation years, separating any “long 
term effect” from the initial effect.  In fact, the estimated effect sizes (shown in Table 3.7) are 
very similar in both reform years, and for no outcome are they statistically different from each 
other.  This is a somewhat curious finding, given that section 5.1 suggested stronger insurance 
effects in the second year. 

The main sample selected for use in Table 3.6 is somewhat arbitrary; some researchers may 
have preferences for more narrow age ranges, which might better rule out inter-group changes 
in omitted variables, or to bring in more or fewer data years, to improve power or precision.  To 
check the robustness of the full sample results from Table 3.6, I re-estimate effects on 
alternative ranges of age and time.  Results are shown in Table 3.8.  The first row of results 
shows difference-in-differences coefficients when 22 year olds and 30 year olds are removed 
from the sample.  Results are qualitatively similar to the full sample results.  Yet, when the 
sample is narrowed further by removing 23 and 29 year olds, the apparent shift from wage and 
salary work to not working, and the reduction in weeks worked per year, become statistically 
insignificant.  Although doing so reduces the original sample by about 75%, narrowing the 
sample to just 25 and 28 year olds may provide the “cleanest” effect estimates untainted by 
cohort-related changes in unobservables.  In this sample, the probability of working full time is 
reduced by 3.4 percentage points, hours worked per week is reduced by 1.4, and number of 
employers27 is reduced by 0.04.  Although these effect sizes are somewhat modest, they remain 
highly significant. 

The second section of Table 3.8 considers alternative year ranges, including two larger ranges 
and eight more narrow ones.  (To aid comparisons, the original results covering years 2002 
through 2011 are shown here as well.)  A general pattern emerges: the more pre-reform years 
are included, the larger the estimated effects of the reform.  In fact, if only two pre-reform years 
are considered, the only outcome estimated to be significantly impacted by the reform is hours 
worked per week – and here, the figure is relatively small, at 0.6 hours.  Assuming that years 
just before the reform would make better reform-year “controls” than years further back, this 
raises the possibility that the most of the observed changes reported in Table 3.6 are at least 
partially driven by shifts that started sometime between 2002 and 2009 (the last year prior to 
reform). 

One threat to the estimation strategy is the presence of unobserved social or economic changes 
that occurred around the same time as the implementation of the limiting age increase.  For 
example, some observers have written about a phenomenon of “extended adolescence,” in which 
more recent cohorts of young adults display a tendency to marry, leave school, and start careers 
later in life.  If cohorts with elevated levels of this tendency came of age around the time of 
reform implementation, one might estimate a spurious reform “effect” even in the absence of a 
true effect.  Another, somewhat related threat comes from the “Great Recession,” which began in 
late 2007 and worsened in 2008: if the economic downturn hit younger young adults harder 
than older young adults – which is quite plausible, given relatively limted amounts of work 
experience – this, too, could cause the appearance of significant effects of reform on labor 
market outcomes.  Simply controlling for the unemployment rate, or even age- and state-specific 
unemployment rates, may not be enough to eliminate these effects.  

27 Based on a categorical measure of number of employers with a maximum possible value of 
three. 



Table 3.9 tests for these threats by applying the difference-in-differences model to outcomes 
such as living with one’s parents, not filing taxes, being married, having children, being 
unemployed, and the state-year specific unemployment rate.  The probability of living with one’s 
parents increases by 2.8 percentage points among the target population (relative to the control 
group).  While eligibles do not seem to suffer from larger increases in the unemployment rate 
than non-eligibles, they do become significantly more likely to live with their parents.  It is 
unlikely that the reform was responsible for this change.  Eligibility for the benefit does not 
consider residence, so there is no incentive to move in with or to stay with one’s parents simply 
to access their insurance.  If anything, it may liberate individuals from having to stay with their 
parents in reform states where eligibility for parental coverage formerly depended on parental 
residence.  Furthermore, as health, health insurance, and housing consumption are all subject to 
the same individual budget constraint, moving to potentially less expensive parental policy may 
result in enough cost savings to allow a young adult to afford to live on his or her own.28  The 
increased prevalence of living with one’s parents among the target population could be a sign of 
some other unobserved force, a force which, even absent any insurance reforms, could lead to 
greater parental dependence in multiple facets of young adults’ lives, including (but not limited 
to) housing, insurance, and income.  Not filing taxes also increases significantly among the 
target population relative to the control group, consistent with greater levels of parental 
dependence.  This outcome, however, could theoretically be influenced by the reform, if access 
reduces the probability of working for pay.  A different marker of adulthood and independence 
from one’s parents, having children of one’s own, increased among the target population by 1.4 
percentage points.  This may be a sign that younger young adults are not becoming more 
“dependent” on their parents after all, but on the other hand, having children could actually 
increase reliance on one’s parents for material resources.  Changes in unemployment rates and 
the probability of being unemployed, proxies for the impact of the economic recession, were no 
different between the treatment and control groups.  Considering Table 3.9, the association of 
reform eligibility with living with one’s parents provides the best case that treatment eligibility 
correlates with other socio-economic factors that might also impact employment outcomes.  
However, if target population individuals would have become more financially dependent on 
their parents even in the absence of reform, it is unclear why the proportion with children would 
increase. 

 Table 3.10 gives the results of three model falsification tests.  The first two tests reassign 
placebo “ages” to individuals that are 10 or 20 years younger than actual ages.  This allows one 
to test the effects of the reform on labor outcomes among individuals who should not have been 
affected, namely, those age 32 through 40 (excluding age 36), and those age 42 through 50 
(excluding age 46).  Indeed, no significant effects are estimated among these groups.  The third 
test moves the entire sample back by two years, covering the period from 2000 through 2009, 
prior to the reform.  I create a new placebo reform indicator for years 2008 and 2009, which 
replaces Ait in the model.  The original Ui*Ait difference-in-differences estimator is also replaced 
by a new interaction of Ui and the indicator for years 2008 and 2009.  If the model is sound, one 
should not expect to observe a reform effect in pre-reform years.  However, this is exactly what 
happens.  In fact, the last row of Table 3.10 looks remarkably similar to the full sample results 
from Table 3.6, with the placebo reform being significantly associated with not working (and 
with self-employment), and negatively associated with wage and salary employment, working 
full time, hours worked per week, number of employers, and having multiple employers.  Even 
the coefficient sizes are similar.  If the ACA is assumed to have nudged individuals away from 

28 On the other hand, previously uninsured individuals lured by low price to parental coverage 
price will necessarily spend more on insurance than they would if uninsured.  Assuming their 
parents make them responsible for all or part of the cost of this coverage, this group could feel 
new pressure to shift resources away from their housing budgets.   



the labor force in 2010 and 2011 (relative to the 2002 through 2008 period), it remains unclear 
why similarly sized changes were observed in 2008 and 2009 (relative to 2000 through 2007 
period), or whether the source of those changes could also be responsible for the apparent ACA 
“effect.” 

One of the foundational assumptions of difference-in-differences estimation is that of parallel 
trends – that is, that in the absence of reform, rates in dependent variables would move more or 
less in lockstep with each other.  If they did not, then the effect of some other force could be 
erroneously attributed to the treatment.  In practice, this assumption can be hard to test; in this 
case, there is no place in the United States where the ACA was not implemented.  However, one 
can at least examine the trends in dependent variables in the period leading up to the policy, in 
order to check that the parallel trends assumption was not violated prior to reform. 

In Figure 3.3, I chart trends in insurance and labor outcomes for the study’s treatment and 
control groups for four years before and two years after the reform.  The first graph covers 
dependent coverage, an amalgamation of employer-provided non-spousal dependent coverage, 
privately purchased non-spousal dependent coverage, and coverage received through someone 
that lives outside of one’s own household.  Although the largest gain for the target group seemed 
to occur in 2010 (a relative increase of 5.5 percentage points), the rate actually started to 
increase prior to reform in 2009 (by a relative 1.8 percentage points).  This would be consistent 
with rising levels of “dependence” in the target group that were in place even before reform, and 
would have still been active without it.  Also note that most measures of labor force participation 
started to diverge in 2009, if not earlier, and in many cases, the divergence was larger in 2009 
than 2010.  For example, the probability of not working increased in both groups in 2009, but 
the increase was clearly larger in the target group (by 1.3 percentage points).  In comparison, the 
increase in the probability of not working from 2009 to 2010, when the reform came into effect, 
was nearly identical between the two groups.  This story is somewhat mirrored by the trends in 
the probability of working for a wage or salary.  The probability of working for wage or salary 
dropped more in the target group than the control group in 2009 (by 0.8 percentage points), 
with both groups experiencing roughly parallel declines from 2009 to 2010.  Note also that the 
target group’s decline in the probability of wage or salary work actually began in 2006 (or 
before); at this point, the trend was still rising in the control group.  Charts for other outcomes 
tell similar stories, with the target group reducing their labor force participation faster in 2009 
than in 2010, in both absolute terms, and relative to the control group.  Taken as a whole, Figure 
5.1 does not give confidence in the main results from Table 3.6.  Limiting age increases aside, 
the younger group had been tracking away from the labor force (especially relative to the older 
group) for some years prior to the reform, particularly in 2009. 

The main identification strategy of this study compares outcomes in 2010/2011 (combined) to 
all prior sample years.  A shift that occurred in 2009 could result in lower levels of labor force 
participation in subsequent years as well.  While the 2010/2011 “effect” might be apparent in 
such a model, the actual 2009 change would be diluted by being pooled in with prior years.  The 
strategy also assumes that effects will be the same for different ages within the treatment or 
control groups (e.g., 22 and 25 year olds will respond in the same way).  In Table 3.11, I relax 
these assumptions of homogenous effects by fully interacting categorical variables for age and 
year, using age 30 and year 2002 as the omitted categories.  This less structured approach will 
show exactly which ages – and in which years – saw the largest shifts away from the labor force.  
If the reform effectively reduced the incentive to work, we should see significant (and larger) 
coefficients for the interactions of ages 22, 23, 24, and 25 with years 2010 and 2011.  In fact, 
Table 3.11 shows that while these eligible age groups do tend to have reduced levels in measures 
of labor force participation 2010 and 2011, in many cases, these declines began earlier.  For 
example, among 22 year olds, relative declines in the probability of working full time, the 
number of hours worked per week, and the number of employers actually started in 2009 or 



even 2008.  Among 23 year olds, declines in the probability of working full time and in the 
number of employers started in 2008, and were not much larger in magnitude in 2010 and 2011.  
Those age 24 also started having declines in various measures of labor force participation 
around 2008.  In the final column of Table 3.11, I predict living with one’s parents, a proxy for 
economic dependence.  Reform eligibles are statistically more likely to live with their parents in 
2010 and 2011 – but rather than being a sign of some reform effect, which would be unlikely for 
reasons mentioned earlier, this could be an indicator for some unrelated and unobserved 
independent cause of rising levels of dependence on one’s parents. 

Table 3.12 repeats Table 3.11, but omits ages 27 and 2009; these are arguably better comparison 
points for the reform eligibles.  What is striking about Table 3.12 is that so few labor outcomes 
are significantly associated with target-population ages in reform years.  In fact, the only results 
consistent with Table 3.6 have to do with the probability of full time employment and number of 
hours worked per week among 25 year olds in 2011.  No other targeted age groups experience 
significantly lower levels of force participation in 2010 or 2011.  Yet, 24 year olds actually 
experience an increase in wage and salary employment in 2011, completely inconsistent with the 
results from Table 3.6.  Also noteworthy is the strong relationship between reform eligibility and 
living with one’s parents, again indicating that the estimated reform effects displayed in Table 
5.2 could be driven by a secular increase in dependence on one’s parents, occurring around the 
same time as the reform implementation.  Table 3.13 repeats Table 3.12, but narrows the sample 
to two years pre-reform and two years post reform.  Results are qualitatively similar to those 
seen in Table 3.12.  

 



Table 3.6. Estimated effect of reform eligibility on labor outcomes: Difference-in-difference coefficients and 
standard errors  

not working wage and salary self-employed full-time hours per week weeks per year
# employers 
(categorical)

# employers 
(binary) sector turnover

PANEL 1: Ful l  Sample, ages  22-30 (!=26), years  2002-2011, N=199,164
mean (s .e.) (U=1, A=0): 0.2 (0.002) 0.778 (0.002) 0.022 (0.001) 0.599 (0.002) 29.578 (0.078) 35.332 (0.095) 1.006 (0.003) 0.164 (0.002) 0.144 (0.002) 
DD coefficient (U*A): 0.021 (0.006) *** -0.023 (0.006) *** 0.002 (0.002) -0.034 (0.006) *** -1.357 (0.243) *** -1.082 (0.29) *** -0.05 (0.009) *** -0.019 (0.004) *** 0 (0.005) 

PANEL 2: Women, ages  22-30 (!=26), years  2002-2011, N=104,472
mean (s .e.) (U=1, A=0): 0.242 (0.003) 0.743 (0.003) 0.015 (0.001) 0.523 (0.003) 26.652 (0.106) 32.906 (0.133) 0.96 (0.004) 0.163 (0.002) 0.147 (0.002) 
DD coefficient (U*A): 0.025 (0.008) *** -0.026 (0.008) *** 0.001 (0.003) -0.034 (0.009) *** -1.232 (0.324) *** -1.148 (0.404) *** -0.046 (0.012) *** -0.015 (0.006) ** 0.005 (0.006) 

PANEL 3: Men, ages  22-30 (!=26), years  2002-2011, N=94,692
mean (s .e.) (U=1, A=0): 0.159 (0.002) 0.812 (0.003) 0.03 (0.001) 0.674 (0.003) 32.469 (0.111) 37.728 (0.131) 1.052 (0.004) 0.165 (0.002) 0.141 (0.002) 
DD coefficient (U*A): 0.015 (0.007) ** -0.017 (0.008) ** 0.002 (0.004) -0.03 (0.009) *** -1.379 (0.346) *** -0.895 (0.398) ** -0.051 (0.012) *** -0.022 (0.006) *** -0.006 (0.007) 

p-va lue of Wald test 0.3613 0.4601 0.7361 0.7137 0.7534 0.6529 0.7693 0.4402 0.2380

PANEL 4: No col lege degree, ages  22-30 (!=26), years  2002-2011, N=150,428
mean (s .e.) (U=1, A=0): 0.214 (0.002) 0.762 (0.002) 0.024 (0.001) 0.583 (0.002) 28.919 (0.086) 34.727 (0.106) 0.979 (0.003) 0.153 (0.002) 0.145 (0.002) 
DD coefficient (U*A): 0.021 (0.007) *** -0.024 (0.007) *** 0.003 (0.003) -0.028 (0.007) *** -1.231 (0.286) *** -0.81 (0.346) ** -0.046 (0.01) *** -0.015 (0.005) *** -0.001 (0.006) 

PANEL 5: Col lege degree, ages  22-30 (!=26), years  2002-2011, N=48,736
mean (s .e.) (U=1, A=0): 0.146 (0.004) 0.836 (0.004) 0.018 (0.001) 0.66 (0.005) 32.061 (0.174) 37.607 (0.204) 1.11 (0.007) 0.206 (0.004) 0.14 (0.004) 
DD coefficient (U*A): 0.003 (0.01) -0.002 (0.01) -0.001 (0.004) -0.021 (0.012) * -0.699 (0.463) -0.642 (0.53) -0.041 (0.017) ** -0.028 (0.01) *** -0.002 (0.009) 

p-va lue of Wald test 0.1327 0.0773 0.3744 0.6485 0.3248 0.7886 0.8001 0.2348 0.9369

PANEL 6: Non-Hispanic white, ages  22-30 (!=26), years  2002-2011, N=113,827
mean (s .e.) (U=1, A=0): 0.159 (0.002) 0.816 (0.002) 0.025 (0.001) 0.622 (0.003) 31.066 (0.101) 37.251 (0.121) 1.083 (0.004) 0.192 (0.002) 0.141 (0.002) 
DD coefficient (U*A): 0.018 (0.007) ** -0.023 (0.007) *** 0.005 (0.003) -0.036 (0.008) *** -1.393 (0.32) *** -1.071 (0.377) *** -0.044 (0.012) *** -0.016 (0.006) ** 0.007 (0.006) 

PANEL 7: Not Non-Hispanic white, ages  22-30 (!=26), years  2002-2011, N=85,337
mean (s .e.) (U=1, A=0): 0.264 (0.003) 0.717 (0.003) 0.019 (0.001) 0.563 (0.003) 27.279 (0.121) 32.366 (0.148) 0.887 (0.004) 0.121 (0.002) 0.148 (0.002) 
DD coefficient (U*A): 0.022 (0.009) ** -0.019 (0.009) ** -0.004 (0.003) -0.028 (0.01) *** -1.216 (0.37) *** -0.997 (0.45) ** -0.05 (0.012) *** -0.019 (0.006) *** -0.009 (0.007) 

p-va lue of Wald test 0.7009 0.7374 0.0599 0.5071 0.7175 0.8996 0.7561 0.7694 0.0784

PANEL 8: Reform states , ages  22-30 (!=26), years  2002-2011, N=121,018
mean (s .e.) (U=1, A=0): 0.197 (0.002) 0.78 (0.002) 0.022 (0.001) 0.604 (0.003) 29.752 (0.101) 35.433 (0.123) 1.011 (0.004) 0.166 (0.002) 0.142 (0.002) 
DD coefficient (U*A): 0.028 (0.007) *** -0.028 (0.007) *** 0 (0.003) -0.038 (0.008) *** -1.53 (0.305) *** -1.317 (0.363) *** -0.051 (0.011) *** -0.017 (0.006) *** 0.002 (0.006) 

PANEL 9: Non-reform states , ages  22-30 (!=26), years  2002-2011, N=78,146
mean (s .e.) (U=1, A=0): 0.204 (0.003) 0.774 (0.003) 0.023 (0.001) 0.591 (0.003) 29.33 (0.123) 35.187 (0.148) 1 (0.005) 0.162 (0.003) 0.146 (0.002) 
DD coefficient (U*A): 0.008 (0.009) -0.014 (0.01) 0.005 (0.004) -0.026 (0.011) ** -1.052 (0.403) *** -0.666 (0.484) -0.047 (0.014) *** -0.023 (0.007) *** -0.003 (0.008) 

p-va lue of Wald test 0.0889 0.2475 0.2301 0.3425 0.3447 0.2816 0.7826 0.4917 0.6427

 
Note: March supplement weights used, with errors clustered at the household level, and strata defined at the city level. Key: * 
difference in differences significant at 10% level; ** difference in differences significant at 5% level; *** difference in differences 
significant at 1% level. 
 



Table 3.7. Estimated effects similar in first, second year of implementation 

Ful l  sample, ages  22-29 (!=26 not working wage and salary self-employed full-time hours per week weeks per year
# employers 
(categorical)

# employers 
(binary) sector turnover

First year of reform 0.021 (0.007) *** -0.023 (0.008) *** 0.002 (0.003) -0.038 (0.009) *** -1.293 (0.328) *** -0.968 (0.391) ** -0.046 (0.011) *** -0.016 (0.006) *** 0.003 (0.006) 
Second year of reform 0.021 (0.008) *** -0.022 (0.008) *** 0.001 (0.003) -0.029 (0.009) *** -1.421 (0.329) *** -1.198 (0.394) *** -0.054 (0.012) *** -0.021 (0.006) *** -0.002 (0.006) 

p-value (adjusted Wald test) 0.962 0.8918 0.6259 0.468 0.773 0.6625 0.602 0.5196 0.5376  
Note: March supplement weights used, with errors clustered at the household level, and strata defined at the city level. Key: * 
difference in differences significant at 10% level; ** difference in differences significant at 5% level; *** difference in differences 
significant at 1% level. 
 
Table 3.8. Estimated difference-in-differences coefficients for alternative age, year ranges 

not working wage and salary self-employed full-time hours per week weeks per year
# employers 
(categorical)

# employers 
(binary) sector turnover

Ages  23-25, 27-29, N=148,158 0.018 (0.006) *** -0.017 (0.007) ** -0.001 (0.003) -0.027 (0.007) *** -1.117 (0.281) *** -0.945 (0.334) *** -0.047 (0.01) *** -0.02 (0.005) *** 0 (0.005) 
Ages  24-25, 27-28, N=98,645 0.011 (0.008) -0.009 (0.008) -0.003 (0.003) -0.019 (0.009) ** -0.819 (0.342) ** -0.575 (0.405) -0.033 (0.012) *** -0.016 (0.006) ** -0.001 (0.007) 
Ages  25, 27, N=49,339 0.019 (0.011) * -0.02 (0.011) * 0.001 (0.005) -0.034 (0.012) *** -1.412 (0.475) *** -0.793 (0.565) -0.044 (0.017) *** -0.013 (0.009) 0.013 (0.009) 

Years  2000-2011, N=232,565 0.025 (0.005) *** -0.026 (0.006) *** 0.001 (0.002) -0.039 (0.006) *** -1.504 (0.239) *** -1.21 (0.286) *** -0.057 (0.008) *** -0.021 (0.004) *** 0 (0.005) 
Years  2001-2011, N=219,417 0.023 (0.005) *** -0.025 (0.006) *** 0.001 (0.002) -0.037 (0.006) *** -1.456 (0.241) *** -1.156 (0.287) *** -0.055 (0.009) *** -0.02 (0.004) *** 0 (0.005) 
Years  2002-2011, N=199,164 0.021 (0.006) *** -0.023 (0.006) *** 0.002 (0.002) -0.034 (0.006) *** -1.357 (0.243) *** -1.082 (0.29) *** -0.05 (0.009) *** -0.019 (0.004) *** 0 (0.005) 
Years  2003-2011, N=179,094 0.019 (0.006) *** -0.021 (0.006) *** 0.002 (0.002) -0.03 (0.006) *** -1.243 (0.246) *** -1.005 (0.294) *** -0.044 (0.009) *** -0.017 (0.005) *** 0.002 (0.005) 
Years  2004-2011, N=159,334 0.016 (0.006) *** -0.017 (0.006) *** 0.001 (0.002) -0.029 (0.007) *** -1.156 (0.25) *** -0.865 (0.299) *** -0.041 (0.009) *** -0.016 (0.005) *** 0.001 (0.005) 
Years  2005-2011, N=139,940 0.015 (0.006) ** -0.015 (0.006) ** 0.001 (0.002) -0.027 (0.007) *** -1.081 (0.255) *** -0.779 (0.305) ** -0.035 (0.009) *** -0.012 (0.005) *** 0.003 (0.005) 
Years  2006-2011, N=119,462 0.011 (0.006) * -0.011 (0.006) * 0 (0.002) -0.025 (0.007) *** -0.948 (0.263) *** -0.607 (0.314) * -0.03 (0.009) *** -0.012 (0.005) ** 0.001 (0.005) 
Years  2007-2011, N=99,834 0.007 (0.006) -0.007 (0.007) -0.001 (0.003) -0.02 (0.007) *** -0.764 (0.276) *** -0.468 (0.33) -0.025 (0.01) ** -0.011 (0.005) ** 0.003 (0.005) 
Years  2008-2011, N=79,896 0.007 (0.007) -0.004 (0.007) -0.003 (0.003) -0.015 (0.008) * -0.649 (0.301) ** -0.393 (0.361) -0.014 (0.011) -0.004 (0.006) 0.002 (0.006)  
Note: March supplement weights used, with errors clustered at the household level, and strata defined at the city level. Key: * 
difference in differences significant at 10% level; ** difference in differences significant at 5% level; *** difference in differences 
significant at 1% level. 
 
Table 3.9. Predicting other proxies for dependence on parents and extended adulthood 

Lives with parents Non-filer Married Has Children Unemployed
Unemploy-
ment rate

mean (s .e.) (U=1, A=0): 0.221 (0.001) 0.17 (0.001) 0.353 (0.002) 0.379 (0.001) 0.07 (0.001) 0.065 (0) 
DD coefficient 0.028 (0.006) *** 0.049 (0.007) *** 0.01 (0.006) 0.014 (0.006) ** 0.005 (0.004) 0 (0)  
Note: March supplement weights used, with errors clustered at the household level, and strata defined at the city level. Key: * 
difference in differences significant at 10% level; ** difference in differences significant at 5% level; *** difference in differences 
significant at 1% level. All equations use years 2002 through 2011, except for predicting non-tax-filing status, which was limited to 
years 2004 through 2010 due to inconsistencies in the measure. 
 



Table 3.10. Model falsification tests using placebo age groups and pre-reform sample years 

not working wage and salary self-employed full-time hours per week weeks per year
# employers 
(categorical)

# employers 
(binary) sector turnover

Ages  32-40 (N=204,693) 0.007 (0.005) -0.006 (0.005) -0.001 (0.003) -0.01 (0.005) * -0.222 (0.217) -0.29 (0.251) -0.002 (0.007) 0.004 (0.003) 0.005 (0.004) 
Ages  42-50 (N=250,039) -0.001 (0.005) 0.002 (0.005) -0.001 (0.003) 0.006 (0.005) 0.213 (0.222) 0.083 (0.254) -0.006 (0.006) -0.006 (0.003) * 0.002 (0.004) 

Years  2000-2009 (N=193,358) 0.023 (0.005) *** -0.028 (0.006) *** 0.005 (0.002) ** -0.029 (0.006) *** -1.063 (0.23) *** -1.003 (0.277) *** -0.055 (0.009) *** -0.021 (0.005) *** -0.004 (0.005)  
Note: March supplement weights used, with errors clustered at the household level, and strata defined at the city level. Key: * 
difference in differences significant at 10% level; ** difference in differences significant at 5% level; *** difference in differences 
significant at 1% level. 
 



Figure 3.3. Rates of dependent coverage and labor outcomes began to diverge prior to 2010 



 
Note: March supplement weights used, with errors clustered at the household level, and strata defined at the city level. Dependent 
insurance is defined as either employer-provided non-spousal dependent coverage, privately purchased non-spousal dependent 
coverage, or coverage received through someone outside of one’s own household. 
 



Table 3.11. Full interactions of age and year (age 30 and year 2002 omitted) 

not working wage and salary full time hours per week weeks per year # employers (cat) lives with parents
age 22 * year 2003 -0.006 (0.018) 0.024 (0.019) -0.037 (0.022) * -0.611 (0.808) 0.349 (0.975) -0.044 (0.032) 0.001 (0.02) 
age 22 * year 2004 0.022 (0.018) -0.005 (0.019) -0.026 (0.022) -0.828 (0.798) -0.791 (0.959) -0.035 (0.033) -0.016 (0.019) 
age 22 * year 2005 0.006 (0.018) 0.012 (0.019) -0.029 (0.021) -0.678 (0.796) -0.308 (0.957) -0.042 (0.033) -0.041 (0.02) **
age 22 * year 2006 0.012 (0.018) -0.003 (0.019) -0.037 (0.022) * -0.793 (0.804) -0.957 (0.965) -0.05 (0.033) -0.009 (0.02) 
age 22 * year 2007 0.021 (0.018) -0.007 (0.019) -0.029 (0.021) -1.228 (0.794) -0.629 (0.951) -0.056 (0.032) * -0.03 (0.02) 
age 22 * year 2008 0.021 (0.018) -0.011 (0.019) -0.037 (0.022) * -1.289 (0.795) -1.305 (0.953) -0.109 (0.032) *** -0.018 (0.02) 
age 22 * year 2009 0.025 (0.019) -0.016 (0.02) -0.064 (0.022) *** -1.975 (0.814) ** -0.806 (0.983) -0.097 (0.032) *** -0.03 (0.02) 
age 22 * year 2010 0.045 (0.019) ** -0.046 (0.02) ** -0.096 (0.022) *** -3.087 (0.811) *** -1.731 (0.988) * -0.112 (0.032) *** -0.003 (0.02) 
age 22 * year 2011 0.043 (0.019) ** -0.037 (0.02) * -0.079 (0.022) *** -2.97 (0.814) *** -2.418 (0.994) ** -0.112 (0.032) *** 0.021 (0.02) 
age 23 * year 2003 -0.014 (0.017) 0.027 (0.019) -0.025 (0.021) -0.525 (0.793) 0.055 (0.944) -0.03 (0.031) 0.007 (0.019) 
age 23 * year 2004 0.007 (0.017) 0.002 (0.019) -0.029 (0.021) -0.548 (0.787) 0.363 (0.944) -0.014 (0.032) 0.012 (0.019) 
age 23 * year 2005 0.013 (0.018) 0.002 (0.019) -0.036 (0.022) * -0.959 (0.811) -0.302 (0.958) -0.033 (0.031) -0.012 (0.019) 
age 23 * year 2006 0.012 (0.017) -0.009 (0.019) -0.052 (0.022) ** -1.276 (0.793) -0.953 (0.954) -0.036 (0.032) 0 (0.019) 
age 23 * year 2007 0.023 (0.017) -0.021 (0.019) -0.031 (0.021) -1.597 (0.792) ** -0.951 (0.943) -0.037 (0.031) -0.005 (0.019) 
age 23 * year 2008 0.034 (0.018) * -0.035 (0.019) * -0.06 (0.022) *** -2.126 (0.809) *** -1.859 (0.968) * -0.081 (0.032) ** 0.016 (0.019) 
age 23 * year 2009 0.017 (0.018) -0.012 (0.019) -0.068 (0.022) *** -1.952 (0.812) ** -0.719 (0.977) -0.084 (0.03) *** 0.02 (0.02) 
age 23 * year 2010 0.044 (0.018) ** -0.041 (0.02) ** -0.086 (0.022) *** -2.921 (0.82) *** -2.705 (0.977) *** -0.1 (0.031) *** 0.029 (0.02) 
age 23 * year 2011 0.04 (0.019) ** -0.032 (0.02) -0.075 (0.022) *** -2.558 (0.831) *** -1.925 (0.994) * -0.087 (0.031) *** 0.059 (0.02) ***
age 24 * year 2003 -0.003 (0.017) 0.015 (0.018) -0.015 (0.021) -0.144 (0.787) 0.251 (0.924) 0.013 (0.03) 0.022 (0.017) 
age 24 * year 2004 0.022 (0.017) -0.005 (0.019) -0.021 (0.021) -0.833 (0.781) -0.888 (0.929) -0.018 (0.029) 0.053 (0.017) ***
age 24 * year 2005 -0.008 (0.016) 0.024 (0.018) -0.014 (0.021) -0.46 (0.772) 0.515 (0.911) 0.015 (0.029) 0.009 (0.018) 
age 24 * year 2006 0.021 (0.017) -0.022 (0.018) -0.038 (0.021) * -1.11 (0.784) -1.422 (0.918) -0.027 (0.029) 0.018 (0.018) 
age 24 * year 2007 0.021 (0.016) -0.016 (0.018) -0.022 (0.021) -0.943 (0.784) -0.664 (0.913) 0 (0.029) 0.013 (0.018) 
age 24 * year 2008 0.037 (0.017) ** -0.031 (0.018) * -0.034 (0.021) -1.691 (0.787) ** -1.538 (0.925) * -0.047 (0.03) 0.044 (0.018) **
age 24 * year 2009 0.033 (0.018) * -0.033 (0.019) * -0.06 (0.021) *** -1.67 (0.812) ** -1.22 (0.952) -0.061 (0.028) ** 0.035 (0.018) *
age 24 * year 2010 0.039 (0.018) ** -0.03 (0.019) -0.047 (0.022) ** -1.615 (0.827) * -1.716 (0.961) * -0.062 (0.029) ** 0.033 (0.018) *
age 24 * year 2011 0.012 (0.018) 0.001 (0.019) -0.017 (0.022) -0.841 (0.824) -0.945 (0.97) -0.021 (0.029) 0.075 (0.018) ***   



age 25 * year 2003 0.006 (0.017) 0.009 (0.018) -0.015 (0.02) -0.571 (0.78) 0.178 (0.912) -0.01 (0.029) -0.013 (0.017) 
age 25 * year 2004 0.026 (0.017) -0.019 (0.018) -0.036 (0.02) * -1.041 (0.773) -0.916 (0.909) -0.03 (0.029) -0.003 (0.017) 
age 25 * year 2005 -0.011 (0.016) 0.03 (0.018) * 0.005 (0.02) 0.493 (0.761) 0.779 (0.897) -0.003 (0.028) -0.013 (0.018) 
age 25 * year 2006 0.01 (0.016) -0.009 (0.018) -0.015 (0.02) 0.034 (0.758) -0.61 (0.891) -0.012 (0.028) 0.007 (0.017) 
age 25 * year 2007 0.033 (0.016) ** -0.027 (0.018) -0.022 (0.02) -1.206 (0.771) -1.116 (0.899) -0.028 (0.029) 0.008 (0.018) 
age 25 * year 2008 0.024 (0.016) -0.02 (0.018) -0.015 (0.02) -0.608 (0.758) -1.353 (0.89) -0.031 (0.029) 0.002 (0.017) 
age 25 * year 2009 -0.006 (0.017) 0.009 (0.018) -0.012 (0.02) -0.057 (0.772) -0.059 (0.915) -0.012 (0.028) -0.008 (0.017) 
age 25 * year 2010 0.017 (0.017) -0.015 (0.019) -0.029 (0.021) -1.204 (0.802) -0.935 (0.939) -0.037 (0.028) 0.02 (0.018) 
age 25 * year 2011 0.034 (0.018) * -0.027 (0.019) -0.051 (0.021) ** -1.97 (0.797) ** -1.542 (0.949) -0.043 (0.029) 0.035 (0.018) **
age 27 * year 2003 -0.013 (0.017) 0.023 (0.019) -0.004 (0.02) 0.668 (0.806) 0.626 (0.91) 0.005 (0.028) 0.016 (0.016) 
age 27 * year 2004 -0.007 (0.017) 0.018 (0.018) -0.007 (0.02) 0.206 (0.775) 0.381 (0.893) -0.011 (0.027) 0.016 (0.016) 
age 27 * year 2005 -0.02 (0.017) 0.031 (0.018) * 0.006 (0.02) 0.931 (0.79) 0.779 (0.895) 0.038 (0.028) -0.022 (0.016) 
age 27 * year 2006 -0.003 (0.017) 0.004 (0.018) -0.029 (0.02) -0.226 (0.775) -0.508 (0.893) 0.005 (0.028) -0.013 (0.015) 
age 27 * year 2007 -0.01 (0.016) 0.005 (0.018) -0.001 (0.02) -0.04 (0.775) 0.498 (0.881) 0.025 (0.027) 0.014 (0.016) 
age 27 * year 2008 0.003 (0.016) 0.011 (0.018) -0.005 (0.02) -0.106 (0.769) -0.523 (0.879) -0.014 (0.027) 0.014 (0.016) 
age 27 * year 2009 -0.022 (0.017) 0.026 (0.019) 0.002 (0.02) 0.581 (0.793) 1.016 (0.918) 0.035 (0.027) 0.021 (0.016) 
age 27 * year 2010 -0.012 (0.017) 0.018 (0.019) -0.002 (0.02) 0.306 (0.803) 0.06 (0.922) 0.011 (0.027) 0 (0.016) 
age 27 * year 2011 -0.013 (0.017) 0.017 (0.019) 0.008 (0.021) 0.563 (0.815) 0.367 (0.936) 0.049 (0.028) * 0.019 (0.016) 
age 28 * year 2003 -0.006 (0.016) 0.02 (0.019) 0 (0.02) 0.237 (0.763) 0.601 (0.892) 0.012 (0.028) -0.006 (0.015) 
age 28 * year 2004 0.006 (0.017) 0.011 (0.019) -0.004 (0.02) 0.317 (0.765) -0.085 (0.897) 0.001 (0.028) -0.006 (0.015) 
age 28 * year 2005 -0.015 (0.016) 0.039 (0.018) ** 0.007 (0.02) 0.689 (0.758) 1.211 (0.882) 0.024 (0.028) -0.038 (0.015) **
age 28 * year 2006 -0.012 (0.016) 0.014 (0.018) -0.014 (0.019) 0.564 (0.753) 0.077 (0.877) 0.023 (0.028) -0.011 (0.015) 
age 28 * year 2007 -0.011 (0.016) 0.02 (0.018) 0.004 (0.019) 0.467 (0.751) 0.853 (0.877) 0.016 (0.027) -0.021 (0.015) 
age 28 * year 2008 -0.002 (0.016) 0.016 (0.018) -0.001 (0.02) 0.25 (0.748) -0.007 (0.876) 0.001 (0.027) 0.003 (0.015) 
age 28 * year 2009 -0.033 (0.017) ** 0.038 (0.019) ** 0.004 (0.02) 0.922 (0.767) 1.665 (0.904) * 0.039 (0.026) -0.014 (0.015) 
age 28 * year 2010 -0.001 (0.017) 0.006 (0.019) 0 (0.02) 0.219 (0.789) 0.134 (0.918) 0.002 (0.027) -0.002 (0.016) 
age 28 * year 2011 -0.006 (0.018) 0.019 (0.019) -0.005 (0.021) 0.412 (0.803) 0.315 (0.938) 0.024 (0.028) -0.012 (0.015)  
age 29 * year 2003 0.016 (0.016) -0.009 (0.018) -0.032 (0.019) * -1.144 (0.762) -1.376 (0.883) -0.015 (0.026) 0.001 (0.014) 
age 29 * year 2004 0.038 (0.016) ** -0.027 (0.018) -0.014 (0.019) -1.169 (0.745) -1.277 (0.863) -0.015 (0.027) 0.011 (0.014) 
age 29 * year 2005 0.018 (0.016) -0.003 (0.018) -0.017 (0.019) -0.937 (0.756) -0.626 (0.877) 0.007 (0.027) -0.022 (0.015) 
age 29 * year 2006 0.016 (0.016) -0.018 (0.018) -0.026 (0.019) -0.8 (0.741) -1.125 (0.857) 0.007 (0.026) 0.008 (0.015) 
age 29 * year 2007 0.014 (0.016) -0.009 (0.018) 0 (0.019) -0.54 (0.741) -0.539 (0.853) 0.001 (0.026) 0.007 (0.015) 
age 29 * year 2008 0.024 (0.015) -0.012 (0.018) -0.02 (0.019) -0.84 (0.736) -1.614 (0.853) * -0.013 (0.026) 0.012 (0.015) 
age 29 * year 2009 -0.01 (0.016) 0.016 (0.018) -0.003 (0.019) 0.148 (0.749) 0.503 (0.87) 0.02 (0.025) -0.007 (0.015) 
age 29 * year 2010 0.02 (0.016) -0.016 (0.018) -0.013 (0.02) -0.817 (0.768) -1.174 (0.884) 0.01 (0.025) -0.008 (0.015) 
age 29 * year 2011 0.008 (0.017) 0.004 (0.018) -0.017 (0.02) -0.278 (0.778) -0.488 (0.898) 0.03 (0.026) 0.017 (0.015)  
Note: March supplement weights used, with errors clustered at the household level, and strata defined at the city level. Key: * 
difference in differences significant at 10% level; ** difference in differences significant at 5% level; *** difference in differences 



significant at 1% level. Results in bold are consistent with research hypotheses.  Results in red highlight evidence that effect sizes 
reported in Table 3.6 may not have been caused by reform. 



Table 3.12. Full interactions of age and year (age 27 and year 2009 omitted) 

not working wage and salary full time hours per week weeks per year # employers (cat) lives with parents
age 22 * year 2002 -0.047 (0.019) ** 0.043 (0.02) ** 0.066 (0.022) *** 2.555 (0.836) *** 1.822 (1.008) * 0.132 (0.033) *** 0.05 (0.021) **
age 22 * year 2003 -0.039 (0.02) ** 0.044 (0.02) ** 0.032 (0.023) 1.276 (0.857) 1.545 (1.034) 0.084 (0.032) *** 0.036 (0.021) *
age 22 * year 2004 -0.018 (0.019) 0.019 (0.02) 0.046 (0.023) ** 1.521 (0.838) * 0.65 (1.017) 0.109 (0.033) *** 0.018 (0.021) 
age 22 * year 2005 -0.021 (0.019) 0.023 (0.02) 0.03 (0.022) 0.947 (0.835) 0.735 (1.005) 0.053 (0.032) 0.031 (0.021) 
age 22 * year 2006 -0.033 (0.019) * 0.035 (0.02) * 0.058 (0.023) ** 1.988 (0.84) ** 1.373 (1.022) 0.077 (0.032) ** 0.054 (0.021) **
age 22 * year 2007 -0.017 (0.019) 0.031 (0.02) 0.037 (0.022) 1.367 (0.827) * 0.695 (1.004) 0.052 (0.032) 0.006 (0.022) 
age 22 * year 2008 -0.029 (0.019) 0.02 (0.02) 0.034 (0.022) 1.373 (0.834) * 1.04 (1.011) 0.038 (0.031) 0.019 (0.022) 
age 22 * year 2010 0.01 (0.02) -0.022 (0.021) -0.029 (0.023) -0.838 (0.847) 0.031 (1.049) 0.009 (0.031) 0.047 (0.022) **
age 22 * year 2011 0.009 (0.02) -0.011 (0.021) -0.022 (0.023) -0.978 (0.851) -0.963 (1.046) -0.029 (0.032) 0.052 (0.022) **
age 23 * year 2002 -0.039 (0.019) ** 0.038 (0.02) ** 0.07 (0.023) *** 2.532 (0.84) *** 1.735 (1.006) * 0.119 (0.031) *** 0.001 (0.021) 
age 23 * year 2003 -0.039 (0.019) ** 0.042 (0.02) ** 0.05 (0.023) ** 1.339 (0.845) 1.164 (1.017) 0.085 (0.031) *** -0.007 (0.021) 
age 23 * year 2004 -0.024 (0.019) 0.022 (0.02) 0.049 (0.023) ** 1.778 (0.828) ** 1.717 (1.014) * 0.117 (0.031) *** -0.003 (0.021) 
age 23 * year 2005 -0.006 (0.019) 0.009 (0.02) 0.028 (0.023) 0.642 (0.849) 0.654 (1.012) 0.049 (0.031) 0.011 (0.021) 
age 23 * year 2006 -0.024 (0.019) 0.025 (0.02) 0.048 (0.023) ** 1.482 (0.829) * 1.29 (1.018) 0.078 (0.031) ** 0.014 (0.021) 
age 23 * year 2007 -0.006 (0.019) 0.013 (0.02) 0.039 (0.023) * 0.975 (0.827) 0.286 (1.006) 0.057 (0.031) * -0.019 (0.021) 
age 23 * year 2008 -0.008 (0.02) -0.008 (0.02) 0.016 (0.023) 0.513 (0.853) 0.399 (1.04) 0.053 (0.031) * 0.004 (0.021) 
age 23 * year 2010 0.018 (0.02) -0.021 (0.021) -0.014 (0.023) -0.695 (0.86) -1.03 (1.055) 0.008 (0.03) 0.031 (0.022) 
age 23 * year 2011 0.014 (0.02) -0.011 (0.021) -0.013 (0.023) -0.588 (0.87) -0.556 (1.058) -0.017 (0.031) 0.041 (0.022) *
age 24 * year 2002 -0.055 (0.018) *** 0.059 (0.019) *** 0.062 (0.022) *** 2.25 (0.83) *** 2.237 (0.978) ** 0.096 (0.03) *** -0.014 (0.019) 
age 24 * year 2003 -0.044 (0.019) ** 0.052 (0.02) *** 0.051 (0.022) ** 1.438 (0.837) * 1.862 (0.997) * 0.104 (0.031) *** -0.007 (0.02) 
age 24 * year 2004 -0.025 (0.019) 0.036 (0.02) * 0.049 (0.022) ** 1.211 (0.82) 0.968 (0.994) 0.089 (0.03) *** 0.022 (0.02) 
age 24 * year 2005 -0.043 (0.018) ** 0.052 (0.019) *** 0.042 (0.022) * 0.86 (0.809) 1.973 (0.965) ** 0.073 (0.03) ** 0.016 (0.02) 
age 24 * year 2006 -0.031 (0.019) * 0.034 (0.02) * 0.053 (0.022) ** 1.367 (0.82) * 1.322 (0.988) 0.064 (0.03) ** 0.016 (0.02) 
age 24 * year 2007 -0.024 (0.018) 0.039 (0.019) ** 0.04 (0.022) * 1.347 (0.816) * 1.074 (0.978) 0.071 (0.03) ** -0.016 (0.02) 
age 24 * year 2008 -0.02 (0.019) 0.018 (0.02) 0.034 (0.022) 0.666 (0.832) 1.221 (0.998) 0.063 (0.03) ** 0.016 (0.02) 
age 24 * year 2010 -0.003 (0.02) 0.012 (0.02) 0.017 (0.023) 0.329 (0.868) 0.461 (1.037) 0.022 (0.03) 0.019 (0.021) 
age 24 * year 2011 -0.03 (0.019) 0.043 (0.02) ** 0.036 (0.023) 0.847 (0.862) 0.925 (1.035) 0.026 (0.03) 0.041 (0.021) **  



age 25 * year 2002 -0.015 (0.017) 0.018 (0.019) 0.014 (0.021) 0.637 (0.796) 1.075 (0.946) 0.047 (0.029) 0.028 (0.019) 
age 25 * year 2003 0.004 (0.018) 0.004 (0.019) 0.003 (0.022) -0.602 (0.825) 0.627 (0.969) 0.032 (0.03) 0 (0.019) 
age 25 * year 2004 0.018 (0.018) -0.019 (0.019) -0.015 (0.021) -0.61 (0.805) -0.222 (0.963) 0.028 (0.029) 0.009 (0.019) 
age 25 * year 2005 -0.007 (0.017) 0.016 (0.019) 0.014 (0.021) 0.2 (0.788) 1.075 (0.939) 0.006 (0.029) 0.037 (0.019) **
age 25 * year 2006 -0.003 (0.017) 0.005 (0.019) 0.028 (0.021) 0.897 (0.784) 0.973 (0.941) 0.03 (0.029) 0.048 (0.019) ***
age 25 * year 2007 0.028 (0.018) -0.014 (0.019) -0.008 (0.021) -0.528 (0.797) -0.539 (0.944) -0.006 (0.03) 0.022 (0.019) 
age 25 * year 2008 0.005 (0.017) -0.013 (0.019) 0.005 (0.021) 0.136 (0.786) 0.245 (0.944) 0.03 (0.029) 0.017 (0.019) 
age 25 * year 2010 0.014 (0.019) -0.015 (0.02) -0.013 (0.022) -0.873 (0.833) 0.081 (1.003) -0.001 (0.028) 0.049 (0.02) **
age 25 * year 2011 0.032 (0.019) * -0.026 (0.02) -0.045 (0.022) ** -1.895 (0.828) ** -0.834 (0.999) -0.046 (0.03) 0.044 (0.02) **
age 28 * year 2002 0.011 (0.017) -0.012 (0.019) -0.002 (0.021) -0.342 (0.797) -0.649 (0.938) -0.004 (0.028) 0.035 (0.017) **
age 28 * year 2003 0.019 (0.018) -0.015 (0.019) 0.002 (0.021) -0.773 (0.8) -0.674 (0.944) 0.004 (0.028) 0.013 (0.018) 
age 28 * year 2004 0.025 (0.018) -0.019 (0.019) 0.001 (0.021) -0.232 (0.798) -1.115 (0.944) 0.008 (0.028) 0.013 (0.018) 
age 28 * year 2005 0.016 (0.017) -0.004 (0.019) -0.001 (0.02) -0.584 (0.78) -0.216 (0.916) -0.018 (0.028) 0.019 (0.017) 
age 28 * year 2006 0.002 (0.017) -0.001 (0.019) 0.013 (0.021) 0.448 (0.78) -0.064 (0.927) 0.014 (0.028) 0.037 (0.017) **
age 28 * year 2007 0.01 (0.017) 0.003 (0.019) 0.003 (0.021) 0.164 (0.774) -0.294 (0.92) -0.013 (0.028) 0 (0.017) 
age 28 * year 2008 0.006 (0.017) -0.008 (0.018) 0.003 (0.021) 0.015 (0.773) -0.133 (0.923) 0.011 (0.027) 0.025 (0.018) 
age 28 * year 2010 0.022 (0.018) -0.024 (0.019) 0 (0.021) -0.429 (0.812) -0.575 (0.972) -0.013 (0.027) 0.033 (0.018) *
age 28 * year 2011 0.018 (0.018) -0.01 (0.02) -0.015 (0.021) -0.493 (0.825) -0.701 (0.973) -0.03 (0.028) 0.004 (0.018) 
age 29 * year 2002 -0.011 (0.017) 0.01 (0.018) 0.005 (0.02) 0.433 (0.778) 0.514 (0.906) 0.015 (0.026) 0.027 (0.016) *
age 29 * year 2003 0.018 (0.017) -0.021 (0.019) -0.023 (0.021) -1.379 (0.807) * -1.488 (0.939) -0.005 (0.028) 0.013 (0.017) 
age 29 * year 2004 0.034 (0.017) * -0.035 (0.019) * -0.002 (0.02) -0.942 (0.78) -1.145 (0.919) 0.011 (0.028) 0.022 (0.017) 
age 29 * year 2005 0.026 (0.017) -0.024 (0.019) -0.018 (0.02) -1.435 (0.785) * -0.891 (0.915) -0.016 (0.028) 0.027 (0.017) 
age 29 * year 2006 0.008 (0.017) -0.012 (0.019) 0.007 (0.02) -0.142 (0.765) -0.103 (0.91) 0.017 (0.028) 0.048 (0.017) ***
age 29 * year 2007 0.012 (0.017) -0.004 (0.018) 0.005 (0.02) -0.067 (0.766) -0.524 (0.903) -0.009 (0.027) 0.021 (0.017) 
age 29 * year 2008 0.009 (0.017) -0.013 (0.018) -0.01 (0.02) -0.301 (0.768) -0.577 (0.903) 0.016 (0.027) 0.026 (0.017) 
age 29 * year 2010 0.021 (0.018) -0.023 (0.019) -0.006 (0.021) -0.691 (0.799) -0.721 (0.95) 0.013 (0.027) 0.019 (0.017) 
age 29 * year 2011 0.01 (0.018) -0.003 (0.019) -0.021 (0.021) -0.408 (0.81) -0.341 (0.948) -0.005 (0.028) 0.026 (0.017) 
age 30 * year 2002 -0.022 (0.017) 0.026 (0.019) 0.002 (0.02) 0.581 (0.793) 1.016 (0.918) 0.035 (0.027) 0.021 (0.016) 
age 30 * year 2003 -0.008 (0.017) 0.004 (0.019) 0.006 (0.02) -0.088 (0.811) 0.39 (0.938) 0.03 (0.028) 0.005 (0.016) 
age 30 * year 2004 -0.015 (0.017) 0.008 (0.019) 0.009 (0.02) 0.374 (0.78) 0.635 (0.921) 0.046 (0.027) * 0.004 (0.017) 
age 30 * year 2005 -0.002 (0.017) -0.005 (0.019) -0.004 (0.02) -0.35 (0.795) 0.237 (0.923) -0.003 (0.028) 0.043 (0.017) **
age 30 * year 2006 -0.019 (0.017) 0.023 (0.019) 0.031 (0.02) 0.806 (0.779) 1.524 (0.92) * 0.03 (0.027) 0.033 (0.016) **
age 30 * year 2007 -0.012 (0.017) 0.022 (0.018) 0.002 (0.02) 0.62 (0.78) 0.518 (0.909) 0.01 (0.027) 0.006 (0.017) 
age 30 * year 2008 -0.025 (0.017) 0.015 (0.018) 0.007 (0.02) 0.687 (0.772) 1.539 (0.904) * 0.049 (0.027) * 0.007 (0.017) 
age 30 * year 2010 -0.01 (0.018) 0.009 (0.019) 0.004 (0.021) 0.274 (0.809) 0.956 (0.948) 0.024 (0.026) 0.021 (0.017) 
age 30 * year 2011 -0.009 (0.018) 0.009 (0.019) -0.006 (0.021) 0.018 (0.819) 0.649 (0.962) -0.015 (0.027) 0.001 (0.017)  
Note: March supplement weights used, with errors clustered at the household level, and strata defined at the city level. Key: * 
difference in differences significant at 10% level; ** difference in differences significant at 5% level; *** difference in differences 



significant at 1% level. Results in bold are consistent with research hypotheses.  Results in red highlight evidence that effect sizes 
reported in Table 3.6 may not have been caused by reform. 
 
Table 3.13. Full interactions of age and year (age 27 and year 2009 omitted), years 2008 through 2011 
only

dependent 
coverage not working wage and salary full time hours per week weeks per year # employers (cat) lives with parents

age 22 * year 2008 -0.027 (0.017) -0.029 (0.019) 0.02 (0.02) 0.033 (0.022) 1.361 (0.832) 1.005 (1.009) 0.039 (0.031) 0.019 (0.022) 
age 22 * year 2010 0.025 (0.018) 0.01 (0.02) -0.022 (0.021) -0.03 (0.023) -0.854 (0.843) -0.009 (1.044) 0.008 (0.031) 0.047 (0.022) **
age 22 * year 2011 0.07 (0.018) *** 0.009 (0.02) -0.011 (0.021) -0.023 (0.023) -0.984 (0.849) -0.983 (1.043) -0.028 (0.032) 0.052 (0.022) **
age 23 * year 2008 -0.026 (0.015) * -0.009 (0.02) -0.007 (0.02) 0.017 (0.023) 0.569 (0.85) 0.452 (1.036) 0.055 (0.031) * 0.004 (0.021) 
age 23 * year 2010 0.061 (0.017) *** 0.017 (0.02) -0.02 (0.021) -0.013 (0.023) -0.661 (0.857) -0.993 (1.049) 0.009 (0.03) 0.031 (0.022) 
age 23 * year 2011 0.097 (0.017) *** 0.012 (0.02) -0.009 (0.021) -0.011 (0.023) -0.504 (0.867) -0.455 (1.053) -0.015 (0.031) 0.041 (0.022) *
age 24 * year 2008 -0.01 (0.012) -0.02 (0.019) 0.017 (0.02) 0.033 (0.022) 0.669 (0.829) 1.197 (0.995) 0.063 (0.03) ** 0.016 (0.02) 
age 24 * year 2010 0.061 (0.014) *** -0.002 (0.02) 0.011 (0.02) 0.016 (0.023) 0.286 (0.865) 0.413 (1.033) 0.021 (0.03) 0.02 (0.021) 
age 24 * year 2011 0.112 (0.015) *** -0.031 (0.019) 0.044 (0.02) ** 0.037 (0.023) 0.87 (0.86) 0.955 (1.033) 0.026 (0.03) 0.042 (0.021) **
age 25 * year 2008 -0.005 (0.009) 0.004 (0.017) -0.013 (0.019) 0.005 (0.021) 0.149 (0.784) 0.269 (0.941) 0.031 (0.029) 0.017 (0.019) 
age 25 * year 2010 0.05 (0.012) *** 0.014 (0.019) -0.015 (0.02) -0.013 (0.022) -0.877 (0.83) 0.078 (0.997) -0.001 (0.028) 0.048 (0.02) **
age 25 * year 2011 0.089 (0.012) *** 0.031 (0.019) -0.025 (0.02) -0.044 (0.022) ** -1.851 (0.826) ** -0.769 (0.995) -0.044 (0.03) 0.044 (0.02) **
age 28 * year 2008 0.003 (0.007) 0.005 (0.017) -0.008 (0.018) 0.003 (0.021) 0.057 (0.771) -0.114 (0.922) 0.012 (0.027) 0.024 (0.018) 
age 28 * year 2010 0.001 (0.009) 0.022 (0.018) -0.024 (0.019) 0 (0.021) -0.421 (0.809) -0.596 (0.969) -0.013 (0.027) 0.034 (0.018) *
age 28 * year 2011 -0.009 (0.008) 0.017 (0.018) -0.01 (0.02) -0.014 (0.021) -0.458 (0.822) -0.671 (0.97) -0.029 (0.028) 0.004 (0.018) 
age 29 * year 2008 0.012 (0.007) * 0.009 (0.017) -0.013 (0.018) -0.01 (0.02) -0.295 (0.767) -0.6 (0.902) 0.017 (0.026) 0.026 (0.017) 
age 29 * year 2010 -0.004 (0.008) 0.021 (0.018) -0.024 (0.019) -0.007 (0.021) -0.694 (0.796) -0.753 (0.947) 0.013 (0.027) 0.02 (0.017) 
age 29 * year 2011 0.006 (0.008) 0.009 (0.018) -0.002 (0.019) -0.02 (0.021) -0.363 (0.809) -0.315 (0.946) -0.004 (0.028) 0.026 (0.017) 
age 30 * year 2008 -0.006 (0.007) -0.026 (0.017) 0.015 (0.018) 0.008 (0.02) 0.713 (0.771) 1.557 (0.903) * 0.052 (0.027) * 0.007 (0.017) 
age 30 * year 2010 -0.014 (0.008) * -0.01 (0.018) 0.009 (0.019) 0.003 (0.021) 0.27 (0.806) 0.962 (0.945) 0.024 (0.026) 0.022 (0.017) 
age 30 * year 2011 -0.016 (0.008) ** -0.01 (0.018) 0.01 (0.019) -0.006 (0.021) 0.058 (0.818) 0.702 (0.96) -0.013 (0.027) 0.002 (0.017)  
Note: March supplement weights used, with errors clustered at the household level, and strata defined at the city level. Key: * 
difference in differences significant at 10% level; ** difference in differences significant at 5% level; *** difference in differences 
significant at 1% level. Results in bold are consistent with research hypotheses.  Results in red highlight evidence that effect sizes 
reported in Table 3.6 may not have been caused by reform. 



3.7. DISCUSSION 
There are certain limitations to the empirical approach taken in this paper.  First is the debate 
over how to interpret the ASEC’s health insurance measures (Ringel and Klerman, 2005; 
Klerman, Davern, Call, Lynch, and Ringel, 2009).  While the ASEC asks about insurance held at 
any point during the previous calendar year, some observers argue, based on a comparison of 
coverage rates to other surveys, that respondents actually tend to report on their current 
insurance status (ASPE, 2005).  A related problem afflicts the age variable: age is determined at 
the time of the survey, leading to uncertainty regarding the age of the respondent during the 
reference year (previous calendar year).   For example, individuals under age 26 might not have 
insured parents, and some individuals age 27 in March of the survey year could have been 25 at 
some point during the previous calendar year.  Thus, I am unable to identify with 100% accuracy 
the treatment and control groups.  Finally, because it is cross sectional, the ASEC cannot be used 
to conclusively establish causal relationships.  However, it can be used to create synthetic 
cohorts that track changes at the population level over time, which do not suffer from the same 
attrition bias as panel data.   

Several prior studies have all concluded that the ACA’s limiting age reform effectively increased 
the prevalence of private, dependent, and/or parental insurance coverage among young adults, a 
finding that is robust to use of dataset, use of controls, and empirical specification.  Studies 
typically report that individuals below the limiting age of 26 experienced about a three 
percentage point increase in the prevalence of parental coverage, relative to control individuals 
just over the limiting age who are presumably similar in most other ways.  This study confirms 
largely confirms these earlier findings, and adds new detail to our understanding of how the 
reforms impacted different groups, and how the impact continued to evolve in the second year 
of implementation.  Perhaps my most trustworthy and widely applicable estimates are those 
estimated on my main sample of individuals age 22 through 25 and 27 through 30, covering the 
period from 2008 through 2011.  These estimates imply a 5.2 percentage point increase in 
employer-provided non-spousal dependent coverage, a 2.7 percentage point decrease in 
employer-provided coverage held in one’s own name, and a 3.4 percentage point increase in any 
coverage.  Despite some sample and methodological differences, these estimates are similar to 
those reported by other researchers for similar outcomes, as summarized by Table 3.14.  I also 
observe significant increases in two other types of insurance targeted by the reforms, privately 
purchased non-spousal dependent coverage and insurance receive through outside of the 
household, as well as some crowd-out of privately purchased coverage held in one’s own name.  

When allowing for heterogeneous effects, I find that men are likely to have experienced larger 
gains in employer-provided non-spousal dependent coverage, while women experienced larger 
declines in employer-provided own-name coverage.  Consistent with these findings, the overall 
rate of coverage also seems to have increased more for men than women.  Individuals with 
college degrees saw larger increases in at least one type of dependent coverage, as well as larger 
decreases in both types of own-name coverage.  Non-Hispanic whites experienced larger 
increases in two types of dependent coverage, but these were offset by greater levels of crowd-
out of two types of own-name coverage.  In states that had already implemented a dependent 
coverage expansion by 2009, the estimated increase in non-spousal employer-provided 
dependent coverage, and the decrease in own-name employer-provided coverage, were larger 
than in states that had no prior reform. 

This study also contributes by taking advantage of recently available data waves to consider the 
long-term effects of the ACA’s dependent coverage expansion.  When the second year effect is 
separated from the first year effect, it becomes apparent that the second year of implementation 
involved both more take-up (of employer-provided non-spousal dependent coverage) and more 
crowd-out (of privately purchased own-name coverage) than the first year.  Sommers and 



Kronick (2012) report that it was not until September of 2011 that all plans became subject to 
the limiting age increase.  Thus, it would not be surprising to find, when the data become 
available, that estimated effects of this policy continue to grow in its third year of 
implementation. 

For researchers interested in the influence of insurance access on labor force outcomes, the 
sudden and (age-)limited nature of the change provides precisely the type of plausibly 
exogenous [quasi-random] variation in access to portable coverage sometimes missing in the 
literature.  This reform provides an opportunity for a natural experiment that helps researchers 
to avoid the endogeneity issues associated with reduced form regressions of labor outcomes on 
spousal or employer-provided coverage, by instead comparing outcomes for individuals just 
under and just over the cutoff age, just before and just after the reform.  Using SIPP, Depew 
exploited the ACA’s limiting age increase for precisely this purpose, and indeed found significant 
reductions in multiples measures of labor supply. 

The base case results shown in Table 3.6 are consistent with Depew’s findings.  I find that 
reform eligibles experienced significant increases in not working, and significant decreases in 
wage and salary employment, full time employment, hours worked per week, weeks worked per 
year, and number of employers.  Depew estimates that labor force participation decreased by 
2.09 percentage points among women and by 1.96 percentage points among men, remarkably 
similar to my estimated effect of 2.1 percentage points overall (or 2.5 percentage points for 
women, and 1.5 percentage points for men).  However, further analysis reveals that at least in 
the dataset used in this study, relative labor force withdrawals in the target population actually 
began in 2009, prior to the passage, let alone the implementation, of the ACA.  It is likely that 
the pre-reform labor force reduction was related to the global recession, which began in late 
2007 and worsened in late 2008.  A falsification test that assumed reform was implemented in 
2008/2009 found labor effects that were nearly as large as the results based on the actual 
implementation years.  I also find that the use of more narrow temporal ranges, for example, 
2008 through 2011, eliminates the significance of most estimated effects – with the notable 
exception of hours worked per week – perhaps because fewer years of strong economic growth 
are included in the pre-reform comparison period.  Whatever the reason for it, this divergence of 
the labor outcome trends for those over and under 26 prior to reform violates the “parallel 
trends” assumption on which the difference-in-differences strategy relies, and inhibits a causal 
interpretation of the coefficient estimates.   

This violation of the parallel trends assumption may not apply to Depew’s sample and study, 
which uses a different survey, follows the same individuals over time, and which uses an even 
smaller time frame (starting in September of 2008).  Thus, it could be the case that the ACA did 
in fact have a discouraging effect on labor force participation, but that with the complicating 
factor of a recession that began prior to implementation, a cross-sectional, annual, retrospective 
survey such as the ASEC is too crude to be able to demonstrate that fact conclusively.  
Unfortunately, Depew’s study does not closely examine pre-reform trends in labor force 
participation between treatment and control groups. 

A second potentially complicating factor has to do with the relationship of reform eligibility with 
living with one’s parents.  Individuals under 26 saw greater increases in the probability of living 
with their parents than individuals age 27 and older.  It is not likely that the reform caused these 
effects, because unlike some state-level policies eligibility for the ACA’s expansion does not 
depend on residency status.  To the contrary, the extension of an offer of affordable insurance 
could be expected to have the opposite effect by reducing individuals’ health care budgets, 



allowing for some reallocation of funds to housing budgets.29  Rather, this correlation could be a 
sign that there are other unobserved factors, contemporaneous with reform implementation, 
that broadly discourage independence from one’s parents (whether in the realm of housing, 
employment, or insurance).  Omission of these unobserved factors in estimating equations 
would result in biased effect estimates. 

Overall, this study adds additional evidence that the ACA’s limiting age increase effectively 
altered the prevalence of various types of insurance coverage, while adding detail to our 
understanding of the effects.  Though the estimated effects on the overall insurance rate were 
similar for various subgroups, groups with more historical privilege – including men, non-
Hispanic whites, and college graduates – tended to have larger gains in categories of dependent 
coverage, along with larger declines in own-name coverage as well.30  This study also finds that 
the effects of the reform have grown in their second implementation year. 

Unfortunately, the picture is less clear when considering the effects of the limiting age increase 
on labor outcomes.  While initial results suggest across the board reductions in measures of 
labor force engagement, further inquiry demonstrated that these estimated effects could be 
biased by earlier or contemporaneous social or economic changes.  Future work could carefully 
consider pre-reform trends in labor outcomes potentially affected by the ACA’s limiting age 
increase using panel data such as SIPP. 

29 On the other hand, a new, lower price for insurance could induce some previously uninsured 
individuals to reallocate funds from housing to health insurance. 
30 One exception to this pattern: eligible women under experienced larger declines in employer-
provided own-name coverage than eligible men. 



Table 3.14. Main insurance results in this study are consistent with findings from prior 
studies

Author(s) (year) Data set
Sample age 
range

Sample 
years outcome1 effect1 outcome2 effect2 outcome3 effect3 outcome4 effect4 outcome5 effect5 outcome6 effect6 outcome7 effect 7

Cantor et a l . 
(2012) CPS 19-25, 27-30 2004-2010

private non-
spouse 
dependent 5.3

private- 
sel f or 
spouse -2.1 publ ic 0.6 any 3.5

Sommers  and 
Kronick (2012) CPS 19-25, 26-34 2005-2010

employer-
provided 
dependent 4.3

private 
coverage 2.8

privately 
purchased 
dependent 0.7

employer-
provided 
own-name -2.5

privately 
purchased 
own name -0.4 medica id 0.7 any 2.9

Sommers  et a l . 
(2013) NHIS 19-25, 26-34

2005-Sep 
2011

private 
coverage 5.1 publ ic 0.5 any 4.7

Depew (2012) SIPP
19-29 
(females)

Sept 2008 - 
May 2010, 
Sept 2010-
Dec 2012 dependent 4.4 private 2.8 any 3.22

Depew (2012) SIPP
19-29 
(males)

Sept 2008 - 
May 2010, 
Sept 2010-
Dec 2012 dependent 5.63 private 4.08 any 4.69

Antwi , Moriya, 
and Simon 
(2012) SIPP 16-25, 27-29

August 
2008-
November 
2011

employer-
provided 
parental 7.01

employer-
provided 
own-name -3.09

private 
own name -0.8 gov. -0.24 any 3.17

This  s tudy CPS 22-25, 27-30 2008-2011

employer-
provided 
non-
spousa l  
dependent 5.2

employer-
provided 
own-name -2.7 publ ic -0.6 any 3.4

 Note: Estimated effects that do not reach statistical significance are printed in italics. 
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