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What has caused the rising gap in health insurance coverage by

education in the U.S.? How does the employment-based health

insurance market interact with the labor market? What are the

effects of social insurance such as Medicaid? By developing and

structurally estimating an equilibrium model, I find that the inter-

action between labor market technological changes and the cost

growth of medical services explains 60 to 70 percent of the gap.

Using counterfactual experiments, I also evaluate the impact of

further Medicaid eligibility expansion and employer mandates in-

troduced in the Affordable Care Act on labor and health insurance

markets. (JEL I11, J31, J32 )

A large literature documents rising wage differentials by education in the U.S.

over the last 30 years (Katz and Murphy (1992), Katz and Autor (1999), Heckman

et al. (1998), Autor et al. (2008), Lee and Wolpin (2010)). As seen in Figure 1(a),
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the college wage premium grew from 39 percent in 1981 to 71 percent in 2009.1

Less often noted is the accompanying rising disparity in health insurance coverage,

mainly due to a sharp decline in employer-provided health insurance among less

educated workers.2 As seen in Figure 1(b), employer-provided health insurance

coverage among employed male workers with high school or less fell from 87% in

1981 to only 63% in 2009, while coverage among those with a 4-year college degree

was relatively stable. The gap in employer-provided health insurance coverage rate

between these two groups rose from 7 percentage points in 1981 to 25 percentage

points in 2009.3
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FIGURE 1. WAGE & EMPLOYER-PROVIDED HEALTH INSURANCE COVERAGE INEQUALITY

Source: March Current Population Survey 1982-2010.

A key finding of the existing literature on inequality is that much of the rise in

1The college wage premium is measured as the log of the wage ratio between male workers
with a 4-year college degree or more and male workers with at most a high school degree. Starting
from 1992, CPS does not differentiate between high school degree and GED, therefore I do not
distinguish between high school dropouts and high school graduates in the education category.

2Reliance on employer-provided health insurance is a major feature of the U.S health insur-
ance market stemming from wage controls during World War II (Stabilization Act of 1942) and
tax-exempt treatment for employer-provided health benefits since 1954 (Internal Revenue Code of
1954). In 1981, 78% of men aged 25 to 64 were covered by employer-provided health insurance,
and, though falling, this ratio was still 65% in 2009. Over this same period, the fraction of men aged
25 to 64 who did not have any form of insurance increased from 14% to 22%.

3A similar pattern in employer provided health insurance holds also for females.
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wage inequality since the 1980’s can be explained by skill-biased technological

change favoring skilled workers. A number of papers also document the rising

inequality in the distribution of health insurance benefits (see for example Pierce

(2001), Levy (2006)), but existing research has not yet investigated the causes of

the observed changes in health insurance coverage or how these changes relate to

wage changes.

The goal of this paper is to address the following three sets of questions that

are unanswered in previous studies. First, what are the determinants of the rising

inequality in health insurance coverage by education, and what is their individual

significance? Second, how does the employment-based health insurance market in-

teract with the labor market? Third, what are the effects of key features of the 2010

Patient Protection and Affordable Care Act (ACA), such as further Medicaid eligi-

bility expansion and employer mandates, on the labor market and the employment-

based group health insurance market?

To answer these questions, we face three challenges that necessitate a structural

model. The first challenge comes from the difficulty of controlling unobservables

that individuals act upon to select both their employment and health insurance sta-

tus. Examples of such unobservables include labor market skill endowment and

degree of risk aversion. Secondly, causal inferences are difficult to draw given

the complex equilibrium interactions between labor and health insurance market.

For example, the pool of workers who select into the labor market also affects the

pool of workers who choose health insurance coverage and thus the equilibrium

health insurance premium. Furthermore, ex ante policy evaluation of ACA requires

a structure model that allows for equilibrium interaction not only in the labor mar-

ket but also in the health insurance market. Finally, a comprehensive panel dataset

which could facilitate an analysis without a structural model is unavailable. Specif-

ically, such a comprehensive data set requires not only individual level panel infor-
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mation on labor market activity, health insurance, medical expenditure and health,

but also aggregate information on the labor market and the health insurance market

that are representative to the U.S. economy over the last 30 years.

To overcome the challenges discussed above, I develop and structurally estimate

an overlapping generations equilibrium model of labor and health insurance mar-

kets. Three types of aggregate exogenous changes are incorporated as possible de-

terminants of the health insurance coverage and wage trends over time: skill-biased

technological changes, changes over time in the cost of medical care services, and

the expansion of Medicaid eligibility. Individuals belong to one of three education

groups: high school or less, some college, and 4-year college or more. Besides

observed characteristics such as age and gender, individuals also differ in their un-

observed labor market endowment and preferences of leisure and risk.

In each period of the model (annually), an individual decides whether to work or

not. If the individual works, the individual can further choose between two compen-

sation packages: wages plus health insurance, or pure wages. Both compensation

packages have the same monetary value, which depends on the education-specific

skill price and the worker’s efficiency skill units. An individual’s skill production

is education-specific and depends on health and work experience.

Individuals are risk averse and have preferences over health, leisure, and con-

sumption. The demand for health insurance is derived from the following two

parts. First, health insurance insures against medical expenditure risk, which de-

pends on the cost of medical services and the individual’s health, health insurance

and other characteristics such as age and education. Second, it improves the indi-

vidual’s future health and hence future human capital level. Furthermore, an in-

dividual’s choices about work and compensation are also affected by the implicit

tax subsidy provided by employer-provided health insurance in a progressive tax
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system, as well as government social safety net programs such as Medicaid.4

In equilibrium, three education-specific skill prices are determined by equalizing

the aggregate supply of education-specific skill units and aggregate demand gen-

erated from an aggregate production function every period. Similarly, the price of

health insurance premium at each period is equal to the equilibrium average med-

ical expenditure among covered workers. Lastly, individuals’ expectations about

future prices changes are self-fulfilling.

The model is solved with an iterative algorithm by adopting a forecasting rule

for skill prices and for the insurance premium that is consistent with agents’ opti-

mization behavior within the model. Model parameters are estimated by simulated

method of moments, and by combining data from four sources: the 1982-2010

March Current Population Survey, the 1996 Survey of Income and Program Partic-

ipation, the 2005 Medical Expenditure Panel Survey, and the 1981-2009 Employ-

ment Cost Index from the Bureau of Labor Statistics.

The individual effects of labor market technological changes, cost growth of med-

ical services, and historical Medicaid eligibility expansion on health insurance cov-

erage gap are quantitatively small. However the interactions of these factors are

quantitatively important determinants of the observed health insurance disparity.

Specifically, in the presence of both labor market technological changes and cost

growth of medical services, the coverage rate of employed male workers with at

most a high school degree declines from 91.6% in 1981 to 71.3% in 2009, while

the coverage rate of employed male workers with at least a college degree decreases

slightly from 96.4% in 1981 to 88.6% in 2009. The induced health insurance cov-

erage gap between these two groups of workers is 17 percentage points in 2009,

4Medicaid is the largest public funded health insurance program for non-elderly adults in the
U.S., and the fraction of the population covered by Medicaid has almost doubled over the last thirty
years. It has increased from 8.4% in 1987 to 15.7% in 2009 (Income, Poverty, and Health Insurance
Coverage in the United States: 2010 the U.S. Census Bureau. Issued September 2011).
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accounting for 68% of observed coverage gap in the data.

I analyze the impact of policies that were introduced in the 2010 Patient Protec-

tion and Affordable Care Act (ACA), and find that (i) further Medicaid eligibility

expansion increases the employment rate by 4 percentage points for men with at

most a high school degree, leads to less health insurance coverage disparity and

larger wage inequality, and increases Medicaid expenditure on working age popu-

lation by 5 times; and (ii) the introduction of an employer mandate reduces both

wage and health insurance coverage inequality but also lowers the employment rate

by 2 percentage points for men with at most a high school degree.

The literature shows that access to health insurance has important effects on both

labor force participation and job choice (see an overview by Currie and Madrian

(1999) and Gruber (2000)). Recent studies that investigate the relationship be-

tween health insurance and labor markets include Dey and Flinn (2005), Blau

and Gilleskie (2008), Manovskii and Bruegemann (2010), Pashchenko and Pora-

pakkarm (2012), Cole et al. (2012), Kolstad and Kowalski (2012), Aizawa and Fang

(2013), and Garthwaite et al. (2013). Building upon these studies, this paper ana-

lyzes the equilibrium interaction between employer-provided health insurance and

wages over time and investigates the impact of key features of the ACA on wage

and health insurance coverage distribution.

I. The Model

A. Setup

The population of the economy at each calendar year t consists of both males and

females aged a = a0 to A. Each individual’s education level j belongs to one of

three categories: high school or less (HS), some college (SC), and 4-year college

or more (CG). Furthermore, individuals differ by their individual heterogeneity,
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indexed by a discrete type k ∈ {1, . . . ,K}, along four dimensions: labor market skill

endowment, health production endowment, risk aversion, and value of leisure.5

From now onwards, I use subscript a to denote an individual’s age and use subscript

t to denote a specific calendar year.

At the beginning of each period, which corresponds to one year, an age-a individ-

ual chooses among three mutually exclusive alternatives n ∈ {1,2,3}: (i) working

for a job without employer-provided health insurance (i.e., accepting a compensa-

tion package of just wages), n = 1, (ii) working for a job with employer-provided

health insurance (i.e., accepting a compensation package of wages plus health in-

surance), n = 2, and (iii) not working, n = 3.

Let r j
t be the competitively determined skill rental price at time t associated with

education level j, and let s j
a denote the education-specific efficiency skill units that

an individual possesses at age a. Then an individual’s market marginal productivity

is the product of r j
t and s j

a. Furthermore, the individual’s wages (wa) and health

insurance compensation (Ie
a ∈ {0,1}) at age a and year t must satisfy the following

equation:6

(1) wa +λ pt · Ie
a = r j

t s j
a, j ∈ {HS,SC,CG}

where λ ∈ (0,1) is the share of the health insurance premium paid by the employer

if the individual is covered by employer-provided health insurance (Ie
a = 1), and

pt > 0 is the equilibrium group health insurance premium at time t. Equation (1)

is the zero profit condition for employers, thus employers are indifferent between

5The individual heterogeneity (i.e., type) includes not only the individual’s cognitive abilities
that affect the individual’s productivity in the market and home sectors, but also socio-emotional
skills or personality traits that shape individuals preferences over risk and leisure.

6Using data on Massachusetts Health Reform, Kolstad and Kowalski (2012) finds that jobs with
employer-based health insurance (EHI) pay lower wages, and that the compensating differential for
EHI is only slightly smaller in magnitude than the average cost of EHI to employers.
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offering a compensation package that consists of just wages and a compensation

package comprised of wages plus health insurance.

An individual’s education-specific skill units (s j
a) depends on the individual’s ini-

tial skill endowment (κ j
0,gender,k), health status that is determined at the end of the

previous period (ha), work experience (expra), and a productivity shock (ε j
a):

(2) log(s j
a) = ∑

k
κ

j
0,gender,k ·1(type = k)+κ

j
1ha +κ

j
2expra +κ

j
3expr2

a + ε
j

a

where ε
j

a ∼ N(0,σ2
j ). Note κ

j
0,gender,k is the gender-type specific parameter that

introduces permanent heterogeneity among individuals of the same education cat-

egory even after controlling for all the observables. Given an individual’s current

employment decision (de
a ∈ {0,1}), the individual’s experience at age a+1 is given

by expra+1 = expra +de
a.

Individuals’ preferences are defined over consumption (ca), health status (ha), and

employment status (de
a). Specifically, an individual’s flow utility is:

u∗(ca,de
a;ha,a,ε l

a) = 1− exp(−γca)+φhha +(Γa,t + ε
l
a)(1−de

a)(3)

where Γa,t(·) is the value of home time and ε l
a ∼ N(0,σ2

l ) is an age-varying prefer-

ence shock. I allow Γa,t(·) to depend on the individual’s unobserved type, presence

of dependent children, age, health, education, and calendar time, specifically:

Γa,t = ∑
k

φ0,k1(type = k)+φ1Zch
a +φ21(a≥ 45)(a−45)+φ3(1−ha)

+φ41( j = SC)+φ51( j =CG)+φ6t +φ7t2

where Zch
a is an indicator variable for the presence of dependent children.7 Moti-

7The evolution of the presence of dependent children (Zch
a ) is modeled as exogenous and proba-
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vated by the observed patterns between employment and age (see Figure 6), I allow

an individual’s valuation of home time to vary proportionally with age after age

45.8 Finally, φ6t +φ7t2 captures the productivity progress in the home sector over

time.

An individual is either insured Ia = 1 (through employer-provided health insur-

ance or Medicaid) or not insured Ia = 0.9 An insured individual does not pay his

medical expenses (pm
t ma).10 Employer-provided health insurance is tax exempt.

Let T (·) be the progressive income tax schedule and T̃ (w) the after tax income

function.11 Then an individual’s budget constraint can be written as follows:

(4) ca = T̃ (wa− (1−λ ) · pt · Ie
a) ·de

a− pm
t ma · (1− Ia)+ transfera,t

where 1− λ is the fraction of group health insurance premium (pt) paid by the

individual if the individual is covered by employer-provided health insurance, and

transfera,t is government transfers that guarantee a minimum consumption floor

(cmin
t ).12 The existence of a consumption floor captures social safety net programs

other than Medicaid, such as Supplemental Security Income, Unemployment Insur-

ance, Food Stamps, and uncompensated care.13

bilistic. Please see online appendix for details of parameterization and estimation.
8This specification is more parsimonious than the alternative specification of φ2,0a+φ2,1a2.
9The no insurance group includes those with private health insurance as well as those with no

insurance at all. Both face high medical expenses risk. Private health insurance is a poor substitute
for employer-provided coverage and is much less likely to cover pre-existing medical conditions
as high administrative costs and adverse selection problems can result in prohibitively expensive
premiums. Because the model includes a consumption floor to capture insurance provided by other
social safety net programs, the none group also includes those who are covered by other social safety
net programs. See French and Jones (2004) for a similar argument.

10Here I only consider full coverage and no coverage, but the model can be extended to include
partial insurance.

11Appendix E.E2 describes the parameterization and estimation of T (·).
12transfera,t = max{0,cmin

t − (T̃ (wa− (1−λ ) · pt · Ie
a) ·de

a− pm
t ma · (1− Ia))}.

13Uncompensated care is an overall measure of hospital care provided for which no payment
was received from the patient or insurer. In 2004, 85% of uncompensated care was paid by the
government (Kaiser Family Foundation, 2004).
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As noted, an individual’s medical services expenditure, pm
t ma, is the product of

the cost of medical service at time t (pt) and the amount of medical service con-

sumption the individual purchases at age a (ma). An individual’s medical service

consumption ma is assumed to be exogenous and depends upon health insurance

coverage status, health status, age, education, gender, and an individual-specific

age-varying component as follows:14

log(ma) = µm(Ia,ha,a, j,gender)+σm(ha,a, j,gender) · (εm
a,0 + ε

m
a,1)︸ ︷︷ ︸

εm
a

(5)

where µm(Ia,ha,a, j,gender) is an exogenous function of health insurance, health,

age, education and gender, σm(ha,a, j,gender) controls the volatility of medical

consumption risk and is a function of an individuals’ health, age, education and

gender. The medical expenditure risk (εm
a ) is decomposed into a predictable com-

ponent (εm
a,0), that is known to the individual (but not to the econometrician) when

making employment-coverage decisions, and an unpredictable component (εm
a,1),

that is realized after the decisions been made.15

Health status is assumed to be either good (ha = 1) or bad (ha = 0).16 The transi-

tion dynamic of health status depends on current health status ha, health insurance

coverage status Ia, education, age and unobserved heterogeneity k.17 Specifically,

14See Blau and Gilleskie (2001) and French and Jones (2011) for a similar specification.
15Studies suggest that the medical expenditure shocks are very volatile and persistent, even after

controlling for observed individual characteristics such as health status (French and Jones (2004)).
Thus, I decompose the medical expenditure shocks and allow individuals to make their employ-
ment and health insurance coverage decisions based on the predictable component εm

a,0 which is
unobserved by the econometrician.

16Literature has used a binary indicator for self-reported health status as a measure of health
status, see Rust and Phelan (1996), Blau and Gilleskie (2001), and French and Jones (2011) among
others.

17Research has also shown that having health insurance coverage leads to higher health care
utilization and better health (see for example Card et al. (2009), Doyle (2005), Currie and Gruber
(1996), Currie and Gruber (1994), French and Kamboj (2002), Finkelstein et al. (2011)). Among
others, Rust and Phelan (1996) estimate a health transition probability function that depends on age,
previous health status and the lowest and highest average wage classes.
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the probability of making a transition from health status ha at age a to good health

status at age a+1 is given by:18

(6) Pra+1(ha+1 = 1;ha, Ia, j,a,k) =
exp(Xh

a β )

1+ exp(Xh
a β )

where Xh
a β =∑k β

j
0,gender,k ·1(type = k)+β

j
1 ha+β2Ia+β3a+β41( j = SC)+β51( j =

CG)+β6a2.

Medicaid is the biggest public health insurance program for non-elderly adults in

the U.S. It is a means-tested program, and being poor is not the only standard for

coverage. To be eligible for Medicaid, low income individuals need to belong to

certain eligibility groups based on factors such as presence of dependent children,

employment status, and age. I model Medicaid coverage (Ic
a,t ∈ {0,1}) as a function

of income threshold (ycat
t ) and categorical standard (dc

a,t ∈ {0,1}) as follows

(7) Ic
a,t = dc

a,t · (ya ≤ ycat
t ) ·1(Ie

a = 0)

where the last term 1(Ie
a = 0) ensures that individuals with private health insurance

coverage are not eligible for Medicaid.19

B. Individual Optimization

An individual maximizes the expected present discounted value of remaining life-

time utility by making employment (including health insurance) decisions from age

a0 to A. The subjective discount rate is δ ∈ (0,1).

Denote by Ωa,t the information set of an individual at the beginning of age a and

18Notice although I do not distinguish between employer-provided insurance versus public health
insurance in its effect on health, my model can be extended to allow for the difference in the effect
of employer provided health insurance and Medicaid.

19Details regarding how I approximate the Medicaid eligibility rule can be found in Appendix
E.E3.
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time t. Let Vn,a(Ωa,t) and un,a denote the value function and utility function asso-

ciated with choice n respectively. Thus, an individual’s value function (Va(Ωa,t))

at age a and period t is given by the maximum value among the three alternative-

specific value functions,

(8) Va(Ωa,t) = max{V1,a(Ωa,t),V2,a(Ωa,t),V3,a(Ωa,t)}.

where Vn,a(Ωa,t) = un,a +δE(Va+1(Ωa+1,t+1)|n,Ωa,t).20 The value function at age

A+1, VA+1(·), is allowed to depend on health, i.e., VA+1 = φREhA+1.

Because Medicaid is free but private health insurance is not, the flow utility for

an employed worker who is covered by Medicaid is always higher than when he or

she is covered by private health insurance.21 Therefore, if an individual is eligible

for Medicaid, the individual does not choose a job with employer-provided health

insurance, i.e., V1,a(Ωa,t)>V2,a(Ωa,t). If an individual is not eligible for Medicaid,

then the individual’s optimal decision rule on employer-provided health insurance

is summarized in Proposition 1.22

Proposition 1. If dc
a,t · 1(r

j
t s j

a ≤ ycat) = 0, then an employed individual’s health

insurance choice is characterized by the following threshold behavior

Ie
a =

 1 if ξa,t ≤ ξ ∗a,t

0 otherwise

where ξa,t is the certainty equivalent consumption value for the individual in the

presence of risky medical expenditure, and ξ ∗a,t is the threshold value for health in-

surance coverage that is increasing in the individual’s marginal productivity (r j
t s j

a)

20Please refer to online appendix for detailed specification of Vn,a(Ωa,t).
21Here I assume that the take-up cost of Medicaid is small and there is no quality difference

between Medicaid and employer-provide health insurance.
22Proof of Proposition 1 is provided in online appendix.
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and the net continuation value of having health insurance ∆CVa+1(Ωa,t)=E[Va+1|Ωa,t , Ia =

1,de
a = 1]−E[Va+1|Ωa,t , Ia = 0,de

a = 1]), but is decreasing in health insurance pre-

mium pt .

C. Aggregate Production and Changes

To close the model, I assume there is an aggregate production function of constant

elasticity of substitution (CES) form:23

Ct ≡ ζt

{
zHS
t (SHS

t )ν + zSC
t (SSC

t )ν + zCG
t (SCG

t )ν

}1/ν

(9)

where ζt represents the Hicks-neutral technical change, zt is the education-specific

skill-augmenting technological change, and St is the aggregate quantity of education-

specific skills. Skill-biased technology changes (SBTC) involve increases in zSC
t /zHS

t

and zCG
t /zHS

t . The aggregate elasticity of substitution between different skills is

1/(1−ν).24

I assume that SBTC follows a deterministic quadratic time trend as follows (see

e.g. Autor et al. (2008)):

(10) log(z j
t /zHS

t ) = g j
z0 +g j

z1t +g j
z2t2, j = SC,CG.

23A canonical model of changes in wage structure and skill differentials assumes a CES produc-
tion function of only two skills, high and low (e.g. Katz and Murphy (1992) and Autor et al. (2008)).
Here I include three skills groups into a CES production function, assuming the elasticity of substi-
tution between different skill groups is the same. Alternatively, one could specify one of the follow-
ing two nested-CES functional forms: Ct = ζt

{
zHS

t (SHS
t )ν1 +(zSC

t (SSC
t )ν2 + zCG

t (SCG
t )ν2)ν1/ν2

}1/ν1

or Ct = ζt
{
(zHS

t (SHS
t )ν1 + zSC

t (SSC
t )ν1)ν2/ν1 + zCG

t (SCG
t )ν2

}1/ν2 . Ex ante it is difficulty to determine
which one of the three specifications is the best, except that the current specification under Equation
9 is most parsimonious. However, as shown later by the goodness of model fit (Section III.B), the
current model specification provides a good description of the aggregate economy as it replicates
the aggregate time trends well.

24The three skills are gross substitutes when 1/(1−ν) > 1 (or ν > 0), and gross complements
when 1/(1−ν)< 1 (or ν < 0).
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Aggregate neutral technical change, ζt , is assumed to evolve according to:25

(11) logζt+1− logζt = gζ +ϑ
ζ

t+1.

The cost of medical services pm
t is modeled as an exogenous process that evolves

over time:

(12) log pm
t+1− log pm

t = gm +ϑ
m
t+1.

D. Model Equilibrium

In a competitive labor market, the equilibrium price, r j
t , is given by the marginal

product of aggregate education-specific skills S j
t :

r j
t =

∂Ct

∂S j
t
= ζt

(
zHS
t (SHS

t )ν + zSC
t (SSC

t )ν + zCG
t (SCG

t )ν

)1/ν−1
z j
t (S

j
t )

ν−1(13)

where

S j
t =

A

∑
a=a0

La,t

∑
i=1

s j
i,a,td

e
i,a,t

and La,t is the total number of age-a individuals who exist in the economy at time

t. Compared to previous studies on changes in wage structure and skill differen-

tials, here I draw a distinction between the equilibrium skill price and the wage

rate: only the equilibrium skill price provides a full description of the labor market

opportunity.

The equilibrium health insurance premium is given by the average medical ser-

25The key mechanisms accounting for changes in workers’ relative compensation are the relative
changes in technologies and skill supplies (e.g., zCG

t /zHS
t and SCG

t /SHS
t ), not the absolute terms.

Moreover, the absolute levels of logζt , zHS
t , and SHS

t can not be distinguished from each other.
Without loss of generality, I normalize zHS

t = 1 for all t. Under such normalization, the estimated
logζt also absorbs the effect of zHS

t over time.
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vices expenditure of those who are covered by health insurance, that is,

pt =
∑

A
a=a0 ∑

La,t
i=1 pm

t ·mi,a,t · Ie
i,a,t

∑
A
a=a0 ∑

La,t
i=1 Ie

i,a,t

.(14)

Definition (Equilibrium Definition). The equilibrium of the economy consists of (i)

value functions: Va(Ωa,t) and associated policy functions, taking equilibrium prices

(r j
t , pt) and their forecasting rules as given; (ii) equilibrium skill prices: r j

t that are

determined by the marginal productivity of aggregate skill units (Equation (13));

(iii) equilibrium health insurance premium: pt is given by the average medical

expenditure of those who are covered (Equation (14)); (iv) forecasting rules are

consistent with agents’ policy functions and aggregate dynamics of ζt and z j
t .

E. Model Solution

To solve the model, I assume that individuals’ forecasting rules for the changes

in the logarithm of equilibrium prices (including skill prices and health insurance

premium) can be approximated by a linear function of changes in the previous pe-

riod’s prices and changes in current exogenous aggregate variables following Lee

and Wolpin (2006). The details of the solution algorithm are described in the online

Appendix C.

II. Estimation Strategy

A. Data

To estimate the model, I need both longitudinal macro data and micro data on

individual characteristics and choices. Moreover, I need information on individuals’

medical expenditure patterns and on premium in the group heath insurance market

over time. However, such a comprehensive data set does not exists. Therefore,
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I combine data from the following four sources: the 1982-2010 March Current

Population Survey, the 1996 Survey of Income and Program Participation, the 2005

Medical Expenditure Panel Survey, and the 1981-2009 Employment Cost Index

from the Bureau of Labor Statistics. Online Appendix A provides detailed data

description and summary statistics.

B. Initial Conditions

The initial condition of each individual at age 25 includes unobserved type and

observed characteristics such as sex, education level, past labor market participation

experience, health status, and presence of dependent children. I allow for flexible

correlation between observed individual characteristics at age 25 and unobserved

types.26 The underlying assumption is that conditional on unobserved type, these

observable initial conditions are exogenous. Finally, the joint distribution of educa-

tion, health status, and presence of dependent children at age 25 comes from CPS

data; the age-25 experience distribution is obtained from NLSY 1979-1994 for each

education group and gender.

C. Identification

The identification of individual level parameters relies on two sets of exclusion

restrictions. The first set of exclusion restrictions requires that there are some vari-

ables that affect the selection equations but not the outcome equation (i.e. compen-

sation equation in current context). One such variable is the presence of dependent

children, which does not enter compensation determination directly. However, the

presence of dependent children impacts an individual’s valuation of leisure, and

thus affects the individual’s work decision directly. Furthermore, the presence of

dependent children impacts an individuals’ decisions on private health insurance

26Online Appendix F.F1 provides a detailed description on type probability specification.
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coverage by entering the eligibility rule of Medicaid. The second set of exclusion

restrictions requires that some variables enter employee compensation determina-

tion but not enter the utility function directly. Examples of such variables are expe-

rience and experience squared.

Furthermore, the risk aversion coefficient is identified largely from the wage dif-

ferential between two otherwise identical workers: one with employer-provided

health insurance and one without. This wage differential is the required wage in-

crease in order for the worker to “give up” employer-provided health insurance,

which measures on the individual’s risk aversion. The utility of health is mainly

identified by the life-cycle pattern of health insurance coverage. As an individual

ages, although the insurance value of health insurance increases due to rising medi-

cal expenditure risk, the remaining lifetime utility of health declines, which offsets

the individual’s demand for health insurance and generates a relatively flat health

insurance demand in the late part of the lifecycle.

The distribution of unobserved types is identified largely by exploiting the panel

structure of the data. Conditional on all observables, the persistence of individuals’

outcomes (and choices) over time helps separate unobserved individual heterogeni-

ety from transitory uncertainty. Finally, the parameters in the aggregate production

function are mainly identified by the exogenous changes in cohort size over time,

which allows for exogenous variation in aggregate labor supply over time.

D. Estimation Method

The estimation method is simulated method of moments (SMM).27 The objective

of SMM estimation is to find the parameter vector that minimizes the weighted

average distance between sample moments and simulated moments from the model.

27Maximum Likelihood Estimation method in this case is computational infeasible. A brief dis-
cussion can be found in Appendix D.D2.
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Specifically, I fit three sets of predicted moments to their data analogs: the mean

employment rate, the mean employer-provided health insurance coverage rate and

the mean wage rate by year, age, education, and gender. The weighting matrix is

the inverse of the diagonal matrix of the variance and covariance matrix of these

moments.28

III. Estimation Results

A. Key Parameter Estimates

Risk Aversion: As seen in Table 3, the estimated absolute risk aversion coefficients

range from 1.15E-04 to 2.95E-04 for men and from 1.53E-04 to 3.94E-04 for

women. Type 3 individuals are most risk averse and type 2 individuals are least

risk averse. Studies on risk preference estimate an average absolute risk aversion

between 6.6E-05 and 6.7E-03 (Gertner (1993), Metrick (1995), Cohen and Einav

(2007), Einav et al. (2011)).29 On average, females are more risk averse than males

(see, for example Cohen and Einav (2007)).

Preferences over Health and Leisure: As seen in Table 3, the consumption value

of good health is slightly higher for men than for women. However women have a

higher valuation of good health at terminal age 65 than men, potentially reflecting

the longer life expectancy of women. There is large heterogeneity in the value of

leisure among individuals: type 3 individuals value leisure the most and type 2

the least. On average, women value leisure more than men. Women value home

production much more when there are dependent children (φ1 = 0.091) while the

28Online Appendix D.D1 provides a detailed description on the estimation method, moment con-
ditions, and standard error calculation.

29Note that risk aversion estimates in this paper should not be directly compared with the es-
timates from existing studies. This is because this paper introduces (1) three types of risk (i.e.,
medical expenditure risk, health risk and earnings risk), which have not been jointly incorporated
in the previous literature; (2) social insurance such as Medicaid and a minimum consumption floor,
which effectively reduces the actual consumption risk an individual faces.
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opposite is true for men (φ1 =−0.155). The valuation of leisure increase with age

both for men and women at a similar rate. More importantly, both men and women

value leisure more when in bad health status than when in good health status (φ3

is positive and significant). Lastly, the value of home time decreases over time at a

much higher rate for women than for men, reflecting the relatively large impact of

technical improvement on women’s productivity in the home sector.

Health Transition: As seen in Table 5, the transition process of health is very per-

sistent: for a change in current health status from bad to good, the odds of being

in good health next period (versus bad health) increase by a factor of 5.3. Current

health insurance coverage increases the odds of being in good health next period

by a factor of 1.2. Compared with individuals with high school or less, ceteris

paribus, the odds of good health increases by a factor of 1.3 and 2.1 for individuals

with some college and 4-year college respectively. The probability of being in good

health deteriorates with age at an increasing rate. Finally, there is moderate hetero-

geneity among individuals’ initial endowments in the health production function.

Type 1 individuals have the highest health endowment and thus a higher probability

of being in good health than both type 2 and type 3 individuals otherthings being

equal.

Skill Production: The parameter estimates for the production functions of loga-

rithm of the education-specific skills are reported in Table 6. Good health increases

the education-specific skill level by 8.7% for high-school skills, by 12.3% for some-

college skills, and by 18.2% for 4-year-college skills. Work experience increases

human capital level at a decreasing rate. There is also large heterogeneity in the

initial skill endowment.

Aggregate Production and Sequences: As seen in Table 1, the estimated elastic-

ity of substitution among the three education-specific skills is 1.724. This implies

that on average, a 10 percent increase in the relative supply of college equivalents
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TABLE 1—ELASTICITY OF SUBSTITUTION AND SKILL-BIASED TECHNOLOGY CHANGES

Aggregate Production ν ES ( 1
1−ν

)
0.420 ( 0.0184 ) 1.724 (0.0545)

SBTC j=SC j=CG
g j

z0 -0.531 ( 0.0134 ) -0.277 ( 0.0066 )
g j

z1 0.020 ( 0.0010 ) 0.027 ( 0.0007 )
g j

z2 ·100 -0.012 ( 0.0028 ) -0.011 ( 0.0009 )
Standard errors in parentheses
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FIGURE 2. CUMULATIVE LOG CHANGES IN PRICES

reduces the relative skill price by 5.8 percent. Literature estimates the elasticity be-

tween low skill and high skill below 2.0 and above 1.0 (see Heckman et al. (1998),

Lee and Wolpin (2010), Goldin and Katz (2007)). The estimated growth rate of the

logarithm of SBTC is 0.027 for workers with 4-year college or more and 0.020 for

workers with some college, and are both decreasing over time.30 Figure 2 plots the

aggregate prices in the labor market and the health care market.

30Autor et al. (2008) estimate the growth rate of skill-biased technological changes of college
skills to be 0.028 using a quadratic time trend, for the period 1963-2005.
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B. Model Fit

Time Series Pattern: As shown from Figures 3 to 5, the model successfully repli-

cates the following time series patterns in the U.S. labor and health insurance mar-

kets over the last 30 years: (i) a slight decline in employment rate among men

across all education groups and a rapid increase in women’s employment rate for

the same time period; (ii) a sharp decline in employer-provided health insurance

coverage among less educated workers and relatively stable coverage among more

educated workers both for men and women; and (iii) a relatively rapid wage growth

among more educated workers both for males and females, a stagnant and slightly

U-shaped wage growth among less educated male workers, and a relatively rapid

wage growth among less educated female workers.

Life-cycle Pattern: The model also replicates the important patterns on employ-

ment, health insurance coverage, and wage patterns across different age groups (see

Figures 6 to 8). In particular, the model replicates the large increase in health in-

surance coverage in the earlier part of life and the hump-shaped health insurance

coverage over the later part of life very well for less educated workers. However, the

model slightly over predicts the health insurance coverage after age 45 for workers

with a 4-year college degree (see Figure 7).

Health Distribution: As seen in Figure 9, the model replicates the health distribu-

tion across insurance-employment groups: the worst health distribution is among

those not employed and the best is among those with employer-provided health in-

surance. This pattern is generated from three mechanisms of the model: (1) ex ante

selection based on risk aversion; (2) ex ante selection based on health: healthy indi-

vidual select into employment group, resulting in a better health distribution among

the employed;31 (3) ex post productivity of health insurance: health insurance cov-

31Because health is productive and healthy individuals value leisure less than unhealthy individ-
uals.
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erage increase health stochastically.

IV. Inequality Decomposition

In this section, I quantify the impact of the following three factors on health insur-

ance and wage inequality via counterfactual simulation: (1) labor market techno-

logical changes; (2) changes in the cost of medical services; (3) historical Medicaid

eligibility expansion. To do this, I perform the following thought experiment: sup-

pose that all other factors, except the labor market technological changes, had re-

mained at their 1981 level,32 how would the U.S. labor and health insurance market

evolve? What would be the corresponding employment, wage, and health insur-

ance coverage rate? Similarly, I conduct the same thought experiment with respect

to changes in the cost of medical services and Medicaid eligibility expansion. Fig-

ures 10 and G4 plot the evolution of the health insurance coverage gap over time

under each simulation scenario.

When I let the labor market technologies change over time but set all other fac-

tors to their 1981 level, the employer-provided health insurance rate increases by

1 to 3 percentage points for all education groups from 1981 to 2009 (Figure G1).

The health insurance coverage gap between 4-year college male workers and high

school male workers increases to 9 percentage points in 2009, compared to 22 per-

centage points in the fitted model. The same gap for female workers increases to

10 percentage points in 2009, compared to 21 percentage points in the fitted model.

The labor market technological changes disproportionally increase wages of highly

skilled workers: the wage rate of 4-year college male workers increases from $25

in 1981 to $34 in 2009, and account for most of the rising wage inequality.33

32Specifically, I let the labor market technologies change according to their estimated time trend.
I shut down the changes in all other estimated time-varying processes, such as cost of medical
services, Medicaid eligibility rule, and the minimum consumption floor.

33See Figure 5(a) in online appendix.
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When I let the cost of medical care services grow but fix all other factors, health

insurance coverage rates drop from 92% in 1981 to 74% in 2009 for male workers

with at most a high school degree, and from 97% to 70% for male workers with at

least a 4-year college. Because the relative prices of college workers decline over

time in the absence of labor market technological changes, higher educated workers

respond more to the rising health insurance premium and drop health insurance. As

a result, the health insurance coverage gap between 4-year college workers and high

school workers decreases over time and becomes negative in 2009. The impact of

rising cost on wage inequality is quantitatively small.

To investigate the impact of Medicaid eligibility expansion on health insurance

coverage inequality, I let both the income threshold level and categorical standard

evolve according to estimated process and fix other factors of the model to their

1981 level. The impact of Medicaid eligibility expansion from 1981 to 2009 on

employer-provided health insurance coverage for all education groups is quantita-

tively small, as is the impact on wages. The employer-provided health insurance

coverage gap between 4-year college male workers and high school male work-

ers is 1 percentage point in 2009, compared to 22 percentage points in the fitted

model. The impact of Medicaid eligibility expansion since 1980 on log wage ratio

is quantitatively negligible as well (Figure G5).

As shown from the above discussion, the proportion of the rising gap of health

insurance that can be explained by each individual factor is not quantitatively large.

The most important determinant of rising inequality of health insurance coverage

by education is the interaction between labor market technological changes and

the cost growth of medical services. Specifically, in the presence of both labor

market technological changes and cost growth of medical services, the coverage

rate of employed male workers with at most a high school degree declines from

91.6% in 1981 to 71.3% in 2009, while the coverage rate of employed male workers
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with at least a college degree decreases slightly from 96.4% in 1981 to 88.6% in

2009. The induced health insurance coverage gap between these two groups of

workers is 17 percentage points in 2009, accounting for 77% of coverage gap in the

fitted model (68% of observed coverage disparity in the data). Similarly, the health

insurance college-high school coverage gap of employed females is 14 percentage

points in 2009, accounting for 67% of the coverage inequality in fitted model (64%

of the observed coverage inequality in the data). Figures 10(a) and 10(b) plot the

changes of health insurance coverage gap over time under each simulation scenario

for employed males and females respectively.

V. Health Care Policy Analyses

In this section, I conduct policy experiments to evaluate two health care policies

that were introduced in ACA: further Medicaid expansion and employer mandates.

Under ACA, the health insurance system will continue to be employer-based. Tax

deductibility of employer contributions to health insurance remains in effect. Indi-

vidual purchase of insurance remains not tax deductible. The goal of this section is

not to provide a complete evaluation of ACA, but to provide insight on the quan-

titative effects of key policy elements related to Medicaid and employment policy,

which have already been embedded in the estimated model.34 Specifically, I imple-

ment policy experiments associated with further Medicaid eligibility expansion and

employer mandates as follows:

(i) Further Medicaid eligibility expansion: all individuals whose income is lower

than 133% of FPL is eligible for Medicaid coverage. In this experiment, I set

the income threshold of Medicaid coverage (ycat
t ) to be 133% of FPL. More

34The ACA reform is very complex. Generally speaking, the policies proposed in 2010 ACA
consists of further Medicaid expansion, employer mandates, individual mandates, and health insur-
ance exchange. Please refer to Aizawa and Fang (2013) and Handel et al. (2013) for studies on ACA
and health insurance exchange.
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importantly, I set dc
a,t = 1 so there is no categorial screening for Medicaid

eligibility. This change is substantial, especailly for low income men without

children or disabilities.

(ii) Employer mandates: employers that do not offer coverage to its employees

are required to pay a fee of $2000 per employee.35 Thus in labor market equi-

librium, the following equality must hold: w+ 1(Ie = 1)λ p = r j
t s j

a− 1(Ie =

0)× penalty.

I start by simulating a benchmark scenario where there are no policy changes in

the year 2014 (case [1]). Then, I conduct the following three policy experiments

assuming only further Medicaid eligibility expansion is introduced (case [2]), only

employer mandates are introduced (case [3]), and both Medicaid eligibility expan-

sion and employer mandates are introduced (case [4]).36

Table 2 shows the changes in equilibrium prices and government Medicaid ex-

penditures and tax revenues in each policy experiment relative to the benchmark

scenario. Under further Medicaid eligibility expansion, the labor market oppor-

tunity improves for high skilled workers and deteriorates for low skilled workers:

high school skill price declines by 0.79% and 4-year college skill price increases by

0.53%, compared to the benchmark case. The introduction of employer mandates,

however, raises the high school skill price by 0.47% and reduces the 4-year college

skill price by 0.23%. The impact of further Medicaid eligibility expansion on the

private group health insurance premium is negative but small (-0.63%) as some low

income workers and high medical expenditure workers switch their coverage from

35Here I do not differentiate the size of different employers, effectively this imposes a $2000
penalty on small businesses. Thus the estimated effect here is likely to be larger than what is actually
under ACA.

36When conducting the above analyses, I allow both the SBTC and the cost of medical service to
change according to the estimated process, and fixed the rest of the components of the economy to
their 2009 levels. Furthermore, I did not impose a balanced government budget constraint in these
experiments, thus all the results here should be interpreted with caution.
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employer provided health insurance to Medicaid. The effect of employer mandates

on the premium is negative and relatively large (-2.27%), as employer mandates

ameliorates the adverse selection problem in the employment-based group health

insurance market. The further expansion of Medicaid raises the government Medi-

caid expenditure by 5 times, compared to the benchmark case. The introduction of

employer mandates increases the Medicaid expenditure by 2%. Table G1 reports

the changes in welfare under each policy experiment.

In comparison to the benchmark scenario, further Medicaid eligibility expansion

increases the employment rate of men and women with at most a high school de-

gree by 4 percentage points and 7 percentage points respectively (Table 7). This

result suggests that before the policy change, many low skill individuals choose not

to work in order to obtain coverage from Medicaid.37 Now under further Medicaid

expansion, many low-skilled individuals choose to work without losing Medicaid

coverage. The overall health insurance coverage rates rise dramatically, however,

there are large crowding out effects of Medicaid on private health insurance cover-

age. As shown in Table 8, the employer-provided health insurance drops by 2 to 5

percentage points among the employed workers with at most a high school degree.

The wage rates of these low skilled workers decrease by 5% for men and 8.5% for

women. As a result, among the employed workers, we see a decrease in health

insurance coverage inequality, but an increase in wage inequality (Table 9).

Compared to the benchmark case, the introduction of employer mandates lowers

employment rate by 2 to 3 percentage points for individuals with at most a high

school degree and by 1 percentage point for those with at least a 4-year college

degree (Table 7). This suggests that many workers with low valuation of employer-

provided health insurance are also marginal workers regarding their employment

37In 2009, 19% of individuals who are not working are covered by Medicaid (author’s calculation
from March CPS).
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TABLE 2—CHANGES IN LABOR AND HEALTH CARE MARKETS RELATIVE TO BENCHMARK

CASE

( 2 ) / ( 1 ) ( 3 ) / ( 1 ) ( 4 ) / ( 1 )

Changes in HS skill prices (%) -0.79 0.47 -0.68
Changes in SC skill price (%) -0.23 -0.01 -0.34
Changes in CG skill price (%) 0.53 -0.23 0.53
Changes in EHI premium (%) -0.63 -2.37 -3.01
Changes in total Medicaid expenditure (%) 513.14 2.27 522.72
Changes in government revenue (%) 0.90 9.12 11.69

Note: (1): Benchmark case (no policy changes); (2): Medicaid only; (3): employer mandates only;
(4) Medicaid and employer mandates. In the benchmark case, the predicted total Medicaid expen-
diture for enrolled individuals aged 25 to 64 is $133.5 billion in 2005 dollars and the predicted
government revenue from federal income tax is $773.4 billion. In columns 2 and 3, the government
revenue includes both income tax revenue and fines from employer mandates. The aggregation is
based on 2010 March CPS sampling weights for individuals aged 25 to 64. Please refer to data
appendix for details in CPS sample selection.

decisions. As the employer-mandates penalty raises the cost of employment, they

choose not to work. Health insurance coverage rate increases by about 2 percent-

age points in the overall population, compared to the benchmark case. Among the

employed workers, the employer-provided health insurance coverage rates increase

by 3 to 6 percentage points; wage rates decline for all education groups. As seen in

Table 9, the health insurance coverage gap is reduced by 2 to 3 percentage points,

compared to the benchmark case; wage inequality stays approximately the same as

the benchmark scenario.

When both the further Medicaid expansion and employer mandates are intro-

duced into the economy, the employment rate increases by 2 percentage points for

high school men and by 7 percentage points for high school women, compared to

the benchmark case. The overall health insurance coverage rate increase to 62%

and 80% for high school men and women respectively, compared to 28% and 29%

in the benchmark case. The health insurance coverage gap is reduced and the wage
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inequality is increased.

VI. Conclusion

This paper is the first attempt to understand the reasons for observed inequality in

health care access in an equilibrium framework of labor and health insurance mar-

kets. The model estimated in this paper combines two distinct features. First, the

model allows for complex interactions between labor and health insurance markets

in an equilibrium setting. Health is modeled not only as a consumption good that

enters an individual’s utility function, but also as a form of human capital that en-

ters an education-specific skill production function. The health status distribution

among those who are employed not only impacts the equilibrium health insurance

premium in the insurance market, but also determines the total skills supplied in the

labor market and thus affects the equilibrium skill prices. Second, the model allows

for rich forms of individual heterogeneity. Individuals differ in not only observed

characteristics (for example, gender, age, birth year, education, and health), but also

unobserved heterogeneity along dimensions such as labor market endowment and

risk aversion.

This paper has two key messages. First, the interaction between the increasing

cost of medical services and rising demand for skilled labor is the main determinant

of the increasing inequality in health insurance coverage in the US over the last 30

years. Health care policies that control the increase in medical services cost reduce

health care access inequality without distorting labor market efficiency. Second, it

is important to understand the interaction between skilled labor and unskilled labor

in a market equilibrium setting. Policies that further expand Medicaid for the poor,

may have the unintended consequence of increasing the wage gap between skilled

and unskilled labor.
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FIGURE 3. MODEL FIT: EMPLOYMENT RATE
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FIGURE 4. MODEL FIT: EMPLOYER-PROVIDED HI COVERAGE RATE
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FIGURE 5. MODEL FIT: HOURLY WAGE

Source: Data moments are from CPS 1982-2010.
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FIGURE 6. MODEL FIT ACROSS AGE GROUPS: EMPLOYMENT RATE
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FIGURE 7. MODEL FIT ACROSS AGE GROUPS: EMPLOYER-PROVIDED HI COVERAGE RATE
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FIGURE 8. MODEL FIT ACROSS AGE GROUPS: HOURLY WAGE

Source: Data moments are from CPS 1982-2010.



35

Employed & Not Covered Employed & Covered Not Employed
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Male

H
e

a
lt
h

y
 R

a
ti
o

 

 

Data

Model

Employed & Not Covered Employed & Covered Not Employed
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Female

H
e
a

lt
h
y
 R

a
ti
o

 

 

Data

Model

FIGURE 9. MODEL FIT: HEATH DISTRIBUTION BY PREVIOUS CHOICES

Source: Data moments are from CPS 1995-2010. The calculation of model moments is restricted
to the sample time period.
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TABLE 3—ESTIMATES OF PREFERENCE PARAMETERS ON HEALTH AND LEISURE

Male Female

γ: risk aversion
Type 1 2.24E-04 ( 4.65E-06 ) 2.99E-04 ( 4.82E-06 )
Type 2 1.15E-04 ( 4.07E-06 ) 1.53E-04 N.A.
Type 3 2.95E-04 ( 8.30E-06 ) 3.94E-04 N.A.

φh: flow utility of good health 0.200 ( 0.0079 ) 0.175 ( 0.0068 )
φRE : value of good health in VA+1(·) 0.113 ( 0.0966 ) 0.198 ( 0.0904 )
φ1: leisure × dep. children -0.155 ( 0.0057 ) 0.091 ( 0.0041 )
φ2: leisure × (age-45) if age > 45 0.015 ( 0.0005 ) 0.014 ( 0.0005 )
φ3: leisure × bad health 0.057 ( 0.0029 ) 0.047 ( 0.0033 )
φ4: leisure × some college 0.007 ( 0.0012 ) 0.016 ( 0.0022 )
φ5: leisure × 4-year college 0.003 ( 0.0006 ) 0.020 ( 0.0029 )
φ6: time trend linear -0.002 ( 0.0001 ) -0.010 ( 0.0003 )
φ7 ·100: time trend square 0.001 ( 0.0001 ) 0.011 ( 0.0004 )
σl: s.d of shocks to leisure 0.029 ( 0.0020 ) 0.025 ( 0.0022 )
φ0: constant term, leisure

type 1 0.176 ( 0.0076 ) 0.204 ( 0.0081 )
type 2 0.042 ( 0.0023 ) 0.049 N.A.
type 3 0.399 ( 0.0110 ) 0.462 N.A.

Parameter restrictions: γfemale,k = γfemale,1 ·
γmale,k
γmale,1

, φ0,female,k = φ0,female,1 ·
φ0,male,k
φ0,male,1

.

Standard errors in parentheses

TABLE 4—MINIMUM CONSUMPTION FLOOR PARAMETERS

cmin
0 : initial value of consumption floor 3549.729 ( 66.5834 )

gc: time trend 15.475 ( 1.1776 )
Standard errors in parentheses
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TABLE 5—HEALTH TRANSITION FUNCTION PARAMETERS

β0,gender,k: constant
male, type 1 -0.215 ( 0.0142 )
male, type 2 -0.645 ( 0.0234 )
male, type 3 -0.676 ( 0.0442 )
female, type 1 -0.192 ( 0.0171 )
female, type 2 -0.622 N.A.
female, type 3 -0.653 N.A.

β1: current health 1.668 ( 0.0254 )
β2: health insurance coverage 0.223 ( 0.0063 )
β3: some college 0.257 ( 0.0278 )
β4: 4-year college or more 0.723 ( 0.0301 )
β5: age -0.024 ( 0.0006 )
β6 ·100: age square -0.011 ( 0.0023 )
Parameter restrictions: β0,female,k = β0,female,1 +β0,male,k−β0,male,1.
Standard errors in parentheses

TABLE 6—SKILL PRODUCTION FUNCTION PARAMETERS

j=HS j=SC j=CG

κ
j

0,gender,k: constant
male, type 1 0.000 N.A. 0.000 N.A. 0.000 N.A.
male, type 2 -0.919 ( 0.0273 ) -1.263 ( 0.0206 ) 0.408 ( 0.0185 )
male, type 3 -1.534 ( 0.0625 ) 0.759 ( 0.0421 ) 0.618 ( 0.0345 )
female, type 1 -0.357 ( 0.0088 ) -0.078 ( 0.0113 ) -0.232 ( 0.0101 )
female, type 2 -1.276 N.A. -1.341 N.A. 0.177 N.A.
female, type 3 -1.890 N.A. 0.681 N.A. 0.386 N.A.

κ
j

1 : health 0.083 ( 0.0067 ) 0.116 ( 0.0027 ) 0.167 ( 0.0072 )
κ

j
2 : experience 0.029 ( 0.0009 ) 0.033 ( 0.0013 ) 0.026 ( 0.0010 )

κ
j

3 ·100: exper. square -0.052 ( 0.0019 ) -0.036 ( 0.0029 ) -0.057 ( 0.0027 )
s.d of shocks 0.401 ( 0.0086 ) 0.331 ( 0.0113 ) 0.576 ( 0.0080 )
Parameter restrictions: κ0,male,k = 0 and κ0,female,k = κ0,female,1−κ0,male,1 for k = 2,3.
Standard errors in parentheses
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TABLE 7—EFFECT OF HEALTH CARE POLICIES ON EMPLOYMENT, HEALTH AND HEALTH IN-
SURANCE COVERAGE

Baseline Medicaid Mandates Medicaid+Mandates

All Male

Employment
HS 0.70 0.74 0.68 0.72
SC 0.81 0.83 0.79 0.83
CG 0.89 0.89 0.88 0.89

Health
HS 0.50 0.52 0.50 0.52
SC 0.62 0.63 0.62 0.64
CG 0.74 0.74 0.74 0.74

HI Coverage
HS 0.28 0.57 0.30 0.62
SC 0.37 0.58 0.39 0.62
CG 0.45 0.56 0.46 0.58

All Female

Employment
HS 0.48 0.55 0.45 0.55
SC 0.65 0.70 0.63 0.70
CG 0.74 0.75 0.73 0.75

Health
HS 0.47 0.50 0.47 0.50
SC 0.60 0.62 0.60 0.63
CG 0.74 0.76 0.75 0.76

HI Coverage
HS 0.29 0.76 0.31 0.80
SC 0.42 0.77 0.45 0.80
CG 0.46 0.72 0.48 0.75
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TABLE 8—EFFECT OF HEALTH CARE POLICIES AMONG THE EMPLOYED

Baseline Medicaid Mandates Medicaid+Mandates

Employed Male

Health
HS 0.57 0.57 0.58 0.57
SC 0.68 0.68 0.69 0.68
CG 0.77 0.77 0.77 0.77

HI Coverage
HS 0.29 0.42 0.32 0.47
SC 0.43 0.50 0.46 0.54
CG 0.49 0.50 0.52 0.53

EHI Coverage
HS 0.29 0.27 0.32 0.30
SC 0.43 0.41 0.46 0.44
CG 0.49 0.50 0.52 0.52

Wages
HS 16.12 15.32 15.73 14.80
SC 21.31 20.77 21.04 20.18
CG 33.39 33.52 32.86 33.00

Employed Female

Health
HS 0.60 0.57 0.61 0.57
SC 0.69 0.67 0.69 0.67
CG 0.80 0.80 0.80 0.80

HI Coverage
HS 0.36 0.56 0.42 0.63
SC 0.58 0.68 0.63 0.72
CG 0.61 0.63 0.64 0.67

EHI Coverage
HS 0.35 0.30 0.41 0.33
SC 0.58 0.54 0.63 0.57
CG 0.61 0.61 0.64 0.63

Wages
HS 11.69 10.69 11.36 10.02
SC 16.70 15.82 16.62 15.35
CG 24.00 23.90 23.64 23.43
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TABLE 9— EFFECTS ON HEALTH INSURANCE AND WAGE INEQUALITY

Baseline Medicaid Mandates Medicaid+Mandates
Employed Male

Health Gap
SC/HS 0.11 0.11 0.11 0.11
CG/HS 0.20 0.20 0.19 0.20

HI Gap
SC/HS 0.14 0.08 0.14 0.06
CG/HS 0.21 0.09 0.19 0.06

EHI Gap
SC/HS 0.14 0.15 0.14 0.14
CG/HS 0.21 0.23 0.20 0.22

Log Wage Ratio
SC/HS 0.28 0.30 0.29 0.31
CG/HS 0.73 0.78 0.74 0.80

Employed Female

Health Gap
SC/HS 0.09 0.10 0.08 0.10
CG/HS 0.20 0.23 0.19 0.23

HI Gap
SC/HS 0.23 0.12 0.22 0.09
CG/HS 0.25 0.07 0.22 0.03

EHI Gap
SC/HS 0.23 0.24 0.22 0.23
CG/HS 0.26 0.30 0.23 0.30

Log Wage Ratio
SC/HS 0.36 0.39 0.38 0.43
CG/HS 0.72 0.80 0.73 0.85
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DATA

A1. March Current Population Survey (March CPS)

I use the March CPS data from 1982 to 2010, which covers earnings from 1981 to

2009, to measure the aggregate level and distribution of health insurance coverage

and wages by year, education groups, age, and gender. The sample only includes

individuals aged 25 to 64. Individuals who are in the military, institutionalized,

self-employed, or working for non-paid jobs are excluded. A worker is considered

employed if the worker works no less than 800 hours annually. Hourly wages are

equal to annual earnings divided by hours worked.38 An individual is covered under

employer-provided health insurance if the individual is covered by a group plan pro-

vided by an employer (including the spouse’s employer). Individuals’ self-reported

health status is available starting from survey year 1995.39 I define an individual to

be healthy (in good health) if the individual reported to be in excellent or very good

health status. Calculations are weighted by CPS sampling weights and are deflated

using the 2005 GDP deflator.

Figure A1 presents the educational distribution over years in the CPS sample. The

proportion of the age 25-65 population who were college graduates grew steadily

throughout the sample period, especially for women. 4-year college graduates com-

prised about 22% of males in 1981 and 30% by 2009. 15% of women had a 4-year

38Hourly earner of below $1/hour in 1982 dollars using personal consumption expenditures
(PCE) deflator ($1.86/hour in 2005 dollars under PCE deflator) are dropped. Top-coded earnings
observations are multiplied by 1.5.

39March CPS does not collect individuals’ health status information in the earning year.
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FIGURE A1. EDUCATION DISTRIBUTION OVER TIME

Source: March Current Population Survey 1982-2010.

college degree in 1981, and this ratio grew to 32% in 2009. Table A1 reports sum-

mary statistics for the CPS sample across all years.

TABLE A1— SUMMARY STATISTICS (CPS 1982-2010)

mean N
Age 42.18 2,166,231
Female 0.53 2,166,231
Some college 0.25 2,166,231
4-year college or more 0.25 2,166,231
Employed without EHI 0.13 2,166,231
Employed with EHI 0.59 2,166,231
Not employed 0.29 2,166,231
Hourly Wage 18.97 1,550,523
Medicaid 0.06 2,166,231
Healthy 0.62 1,284,022

A2. Survey of Income and Program Participation (SIPP)

The longitudinal data on health, health insurance, employment transition, labor

earnings, and individual characteristics transition is obtained from the Census Bu-
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reau’s Survey of Income and Program Participation (SIPP) 1996 panel. The SIPP

panel is a nationally representative sample of the U.S. non-institutionalized popu-

lation. People in the SIPP 1996 panel are interviewed once every 4 months from

1996 to 2000. SIPP has detailed information on individuals’ labor market activity,

health insurance coverage, Medicaid coverage, and number of children. In addition,

the 1996 SIPP collects information on individuals’ health and medical usage once

a year, and on their work history. I only include individuals aged 25 to 64 in the

sample.40 Table A2 reports summary statistics for SIPP sample.

TABLE A2— SUMMARY STATISTICS (SIPP 1996-2000)

mean N
Age 43.78 29,554
Female 0.53 29,554
Some college 0.28 29,554
4-year college or more 0.22 29,554
Employed without EHI 0.12 29,554
Employed with EHI 0.65 29,554
Not employed 0.23 29,554
Hourly Wage 17.88 22,499
Medicaid 0.05 29,554
Healthy 0.59 29,554
Experience 7.76 29,554

A3. Medical Expenditure Panel Survey (MEPS)

The Medical Expenditure Panel Survey (MEPS) data provides detailed informa-

tion about the usage and expenditure of health care. Medical expenditure is defined

to include all health care services such as office and hospital-based care, home

health care, dental services, vision aids, and prescribed medicines, but not over-

40Individuals who are in the military, institutionalized, self-employed, or working for unpaid jobs
are excluded.
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the-counter drugs. The expenditure data was derived from both households and the

health care provider surveys, which makes the data set a reliable source for medical

expenditure data. Specifically, I use MEPS 2005 to estimate individuals’ medical

expenditures.41 Table A3 reports summary statistics for MEPS sample.

TABLE A3— SUMMARY STATISTICS (MEPS 2005)

mean N
Age 43.45 13,887
Female 0.53 13,887
Some college 0.23 13,887
4-year college or more 0.30 13,887
Covered by HI 0.78 13,887
Healthy 0.41 13,887
Log total medical expenditure 7.20 11,228

A4. Employment Cost Index (ECI)

I use 1981Q4-2009Q4 Employment Cost Index (ECI) on health insurance ben-

efits and 2005Q4 Employer Costs for Employee Compensation Survey (ECEC) to

generate the average health insurance benefits per covered employee paid by an em-

ployer. Both series are from the Bureau of Labor Statistics (BLS). I first convert the

ECI series - which provides changes over time - into dollars using the information

from the ECEC survey 2005Q4.42 I then calculate the cost of providing health in-

surance per covered employee over time as the ratio of average costs of providing

health insurance benefits and average coverage rate from CPS data.

41I only includes individuals aged 25 to 64 in the sample. Individuals who are in the military,
institutionalized, self-employed or working for non-paid jobs are excluded.

42The ECEC survey is based on the average employer cost presented in dollars and cents, per
employee, per hour worked format. Therefore, each employee’s annualized cost is calculated as the
per hour cost multiplied by 2080 hours, consistent with the annualized income calculation in CPS
data.
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MODEL PROOF

Proof of Proposition 1

An individual’s indirect utility can be defined based on choices and Medicaid

coverage status: (1) u1,0,a: employed at a job with no health insurance and not

covered by Medicaid either; (2) u1,1,a: employed at a job without health insurance

but covered by Medicaid; (3) u2,a: employed at a job with health insurance; (4) u3,a:

not employed.

u1,0,a(ha,εa) = 1− exp(−γ ·ξa,t)+φhha(B1)

u1,1,a(ha,εa) = 1− exp(−γ · T̃ (r j
t s j

a))+φhha(B2)

u2,a(ha,εa) = 1− exp(−γ · T̃ (r j
t s j

a− pt))+φhha(B3)

u3,a(ha,εa) = 1− exp(−γ · cmin
t )+φhha +(Γa + ε

l
a)(B4)

where εa = {ε l
a,ε

m
a,0,ε

j
a} and ξa,t is the certainty equivalent consumption value for

the individual in the presence of risky medical expenditure.43

Therefore an individual’s alternative-specific value functions are given by:

V1,a(Ωa,t) =(1− Ic,e
a,t )u1,0,a(ha,εa)+ Ic,e

a,t u1,1,a(ha,εa)+δπ
s
a+1E[Va+1|Ωa,t , Ia = Ic,e

a,t ,d
e
a = 1]

V2,a(Ωa,t) =u2,a(ha,εa)+δπ
s
a+1E[Va+1|Ωa,t , Ia = 1,de

a = 1]

V3,a(Ωa,t) =u3,a(ha,εa)+δπ
s
a+1E[Va+1|Ωa,t , Ia = dc

a,t ,d
e
a = 0]

43For an individual with disposable income level yd
a = T̃ (r j

t s j
a) > cmin and realized medical ex-

penditure component ma,t = pm
t exp(µm(Ia,ha,a,educ)+σm(ha)ε

m
a,0), the certainty equivalent con-

sumption ξa,t is implicitly defined as below,

exp(−γξa,t) = Eεm
a,1
[exp(−γ ·max{yd

a−ma,t exp(σm(ha)ε
m
a,1),c

min
t })].

Notice that when there is no consumption floor, i.e., cmin
t = −∞, then an individual’s consumption

equivalent is given by ξa,t = yd
a− 1

γ
log
(
Eεm

a,1
exp(γma,t exp(σm(ha)ε

m
a,1))

)
.
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and Ic,e
a,t = dc

a,t · 1(r
j
t s j

a ≤ ycat) is an indicator function of Medicaid coverage when

employed. The value function at age A+1 is VA+1(ΩA+1,·) = uA+1 = φREhA+1.

When dc
a,t ·1(r

j
t s j

a ≤ ycat) = 0,

V1,a(Ωa,t) =u1,0,a(ha,εa)+δπ
s
a+1E[Va+1|Ωa,t , Ia = 1,de

a = 1]

V2,a(Ωa,t) =u2,a(ha,εa)+δπ
s
a+1E[Va+1|Ωa,t , Ia = 1,de

a = 1]

An individual prefers a job with health insurance coverage to a job without health

insurance coverage if and only if V2,a(Ωa,t)≥V1,a(Ωa,t), that is

−exp(−γT̃ (r j
t s j

a− pt))+ exp(−γξa,t)+δπ
s
a+1∆CVa+1(Ωa,t)≥ 0

where ∆CVa+1(Ωa,t) = E[Va+1|Ωa,t , Ia = 1,de
a = 1]−E[Va+1|Ωa,t , Ia = 0,de

a = 1].

Denote the threshold value for health insurance as ξ ∗a,t , then

ξ
∗
a,t =−

1
γ

log
(

exp(−γT̃ (r j
t s j

a− pt))−δπ
s
a+1∆CVa+1(Ωa,t)

)
if exp(−γT̃ (r j

t s j
a− pt))− δπs

a+1∆CVa+1(Ωa,t) > 0, and ξ ∗a,t = ∞ otherwise. In-

dividuals choose to work for a job with health insurance when their consumption

equivalent value is lower than the threshold value ξ ∗a,t .

MODEL SOLUTION ALGORITHM

The solution algorithm is an extension of the method developed by Lee and

Wolpin (2006), introducing health insurance market equilibrium together with labor

market equilibrium over time. In implementing the solution algorithm, I assume the

economy begins in 1942 (t = 1). I simulate a large sample of individuals for each

cohort aged 25 to 64 at every calendar year, starting with the cohort age 25 in 1942,

and thus age 64 in 1981, and ending with the cohort age 25 in 2009. I simulate each
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individual’s optimal decisions for given macroeconomic sequences and these indi-

viduals’ expectations and calculate the aggregate implications of their behaviors;

furthermore, I require that individuals’ expectations are consistent with their aggre-

gate behavior and macroeconomic processes. The details of the algorithm consists

of the following steps:

Step 1: Choose a set of parameters that characterize individuals’ forecasting of

the equilibrium prices process (logrHS
t+1, logrSC

t+1, logrCG
t+1, log pt+1) and for the ag-

gregate shock process logζt .

Step 2: Solve the optimization problem at each age a and information set Ωa,t

from t = 1 through t = T . Individuals’ value function, Va(Ωa,t), can be solved

using Bellman Equation 8 through backward recursion beginning with age a = A,

for calendar year t = 1 to T .

Step 3: Guess an initial set of values for equilibrium prices (r j
1)

0 and (p1)
0. Given

initial age distribution and distribution of state variables for all cohorts alive at that

time, simulate a sample of agents and their labor market activities and outcomes,

and calculate aggregate quantity of supply in each intermediate goods production.

Solve the value of aggregate shock at that time using data on output.

Step 4: Update the initial guess for rental prices to be equal to the marginal prod-

ucts of aggregate quantity, say (r j
1)

1 and (p1)
1. Repeat steps 3, use (r j

1)
1 and (p1)

1

as initial guess in step 3, until the sequence of equilibrium prices and aggregate

shocks converge, say to (r j
1)
∗ and (p1)

∗.

Specifically, logr j
t , log pt , logζt are updated using the five equations

logr j
t = logCt− log(D(SHS

t ,SSC
t ,SCG

t ))+ log(z j
t )+(ν−1) log(S j

t ), j ∈ {HS,SC,CG}

log pt = log pm
t + log

(
∑a ∑

La,t
i=1 exp(µm(Ie

i,a,hi,a,ai, ji)+σm(hi,a,ai, ji) · εm
i,a) · Ie

i,a

∑a ∑
La,t
i=1 Ie

i,a

)

logζt = logCt− (1/ν)log(D(SHS
t ,SSC

t ,SCG
t ))
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where D(SHS
t ,SSC

t ,SCG
t ) = zHS

t (SHS
t )ν +zSC

t (SSC
t )ν +zCG

t (SCG
t )ν , Ct is the total value

of workers’ compensation at time t.44 The gender index in medical expenditure

function is suppressed here.

Step 5: Guess an initial set of values for period two equilibrium prices. Repeat

step 3 for t = 2 to obtain equilibrium prices (r j
2)
∗ and (p2)

∗.

Step 6: Repeat step 5 for t = 3, . . . ,T .

Step 7: Using the calculated series of equilibrium prices and aggregate shocks, es-

timate the parameters that govern the process of equilibrium prices and the process

of aggregate shocks.

Step 8: Use these estimates, repeat step 2-7 until the series of equilibrium prices

and aggregate shocks converge.

ESTIMATION METHOD

D1. Estimation Method, Moment Conditions, and the Asymptotic Distribution of

Parameter Estimates

I estimate a vector of parameters on preference, human capital accumulation,

health transition, aggregate production function, and skill-biased technology change,

θ , using the simulated method of moments (SMM). There are 86 parameters to be

estimated in total. The estimate, θ̂ , is the value of θ that minimizes the weighted

distance between the estimated life cycle profiles for labor participation, health in-

surance coverage, wage, and health for different cohorts over the time period 1981

to 2009. Specifically, I match 1530 moment conditions. Table D1 lists all the mo-

ment conditions used in the estimation.

Let G(θ) denote the vector of moment conditions that is described above, and let

44In the estimation, I calculate the average health insurance cost per covered employee for a firm
(λ pt ) using data from CPS and ECI, and then use the health insurance market equilibrium condition
to infer the underlying medical services price pm

t per unit of service purchased by a working-age
individual.
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Ĝ(θ) denote its sample analog. Denote Ŵ as the weighting matrix, then the SMM

estimator θ is given by (see, also French and Jones (2011)),

(D1) argmin
θ

1
1+ ñ

Ĝ(θ)′Ŵ Ĝ(θ)

where ñ is the ratio of the number of observations to the number of simulated ob-

servations.

The asymptotical distribution of SMM estimator θ̂ is given by

(D2)
√

L(θ̂ −θ0)
d→ N(0,Σ)

with the variance-covariance matrix Σ given by

Σ = (1+ ñ)(D′WD)−1D′WSWD(D′WD)−1

where S is the variance-covariance matrix of the data moments,

D =
∂G(θ)

∂θ ′
θ=θ0

I use a “diagonal” weighting matrix, as suggested by French and Jones (2011).

The diagonal weighting scheme uses the inverse of the matrix that is the same as S

along the diagonal and has zeros off the diagonal of the matrix. I estimate D with

its sample analogs. Specifically, I calculate D as the Jacobian matrix of sample mo-

ments at the estimated parameter values: D̂ = ∂ Ĝ(θ)
∂θ ′ θ=θ̂

. Furthermore, I employed

the Savitzky-Golay filter to calculate the numerical first-order derivative of Ĝ(θ) to

deal with the issue of potential non-smoothness in numerical derivation calculation.



51

TABLE D1—TARGETED MOMENTS

Targeted Moments from CPS # of Moments

Employed% by age, education and sex 40×3×2
EHI% by age, education and sex 40×3×2
Wage rate by age, education and sex 40×3×2
Employed% by year, education and sex 29×3×2
EHI% by year, education and sex 29×3×2
Wage rate by year, education and sex 29×3×2
Employed% by presence of dependent children and sex 2×2
Wage rate square by education and sex 3×2
Healthy% by age and sexa 40×2
Healthy% by education and sex 3×2

Targeted Moments from SIPPb # of Moments

Healthy% by prev. health and sex 2×2
Healthy% by prev. health insurance coverage and sex 2×2
Healthy% by 4 age groups and sexc 4×2
Healthy% by education and sex 3×2
Employed% by 4 age groups , health and sex 4×2×2
EHI% by 4 age groups , health and sex 4×2×2
Employed% by education, health and sex 3×2×2
EHI% by education, health and sex 3×2×2
Wage rate by education, health, and sex 3×2×2
Wage rate by education, 4 experience groups, and sex 3×4×2
Prob. distribution of 4 experience groups by education and sex 3×3×2
Diagonal matrix of one-period choice transition prob by education and sex 3×3×2
Diagonal matrix of one-period choice transition prob by 4 age groups and sex 3×4×2
Diagonal matrix of one-period choice transition prob by health and sex 3×2×2
Product of current wage rate and prev. wage rate by education and sex 3×2

Note: All the moments are unconditional moments; wage rate is assigned to be zero for individuals
who were not employed. EHI refers to employer-provided health insurance.

aCPS collects information on health status from 1996 onwards.
bSIPP data covers the 1996-2000 period, thus when matching moments from SIPP, I also restrict

the model generated moments to the same time period.
cDue to the concern of small sample size, I calculate health distribution over 4 age groups for

each gender: 25-34, 35-44, 45-54, 55-64.
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D2. Discussion on MLE

This section discusses the possibility of estimating the model using maximum

likelihood estimation and why it is not preferred.

Let ψ t denote the aggregate-level state variable vector that is relevant for an indi-

vidual’s optimization problem, denoted by,

ψ t ≡

 t,{logz j
t , logz j

t+1, logr j
t , logr j

t−1} j=HS,SC,CG, logζt , logζt+1,

log pm
t , log pm

t+1, log pt , log pt−1


Let Ωa = {type,sex,educ,ha,expra,Z

ch
a } denote the set of individual-level state

variables net of the idiosyncratic shocks (εa ≡ (ε l
a,ε

m
a,0,ε

j
a)). Therefore, an indi-

vidual’s information set is Ωa,t = {ψ t ,Ωa,εa}.

First, notice that the solution of the optimization problem at each age a and time

t can be represented by the set of regions in the three-dimensional εa space over

which each of the alternatives would be optimal. Let Ya,t denote the observed indi-

vidual level data on choice, wage, and health insurance coverage at age a and time

t. Therefore, the joint probability of observed data and aggregate shocks is given

by

Pr[Y25,t , . . . ,Ya,t+(a−25),{ψ t , . . . ,ψ t+(a−25)}|Ω25]

=Π
a−25
∆a=1Pr[Y25+∆a,t+∆a|{Ω25+∆a,ψ t+∆a}]

·Pr(Ω25+∆a,ψ t+∆a|Y25+∆a−1,t+∆a−1,Ωa+∆a−1,ψ t+∆a−1)

where the equality comes from the fact that both the individual state Ωa and the

growth rate of aggregate state ψ t are Markov processes.

There is no closed-form representation for the probability function, it can only be

obtained through simulation. Specifically, we need to calculate the choice probabil-
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ity via simulation for every observed individual states and aggregate states. Because

aggregate variables such as rental price of skills, technology process, and the cost of

medical services are not directly observed from data, we need to integrate over these

aggregate variables in order to calculate the individual’s choice probability. How-

ever, because all these variables follow non-stationary process, the performance of

simulation based integration is poor and very sensitive to the distributional assump-

tion on these variables.

The second major issue with MLE is due to the initial condition. March CPS data

is a cross section data, each individual is only observed once in the data set. Hence,

to calculate the likelihood function, I need to integrate over all possible histories of

the individual before the observed age that are consistent with this individual’s state

at the observed age. For example, if an age 45 individual is observed in the data, in

order to calculate the likelihood function for this individual, I need to simulate all

the possible history that could have happened between age 25 to 44 that are con-

sistent with this individual’s state at age 45, and then integrate over these histories.

Therefore, instead of using simulated MLE, I use simulated method of moments

(SMM) as described in the previous section.

EXOGENOUS PARAMETER ESTIMATES

The share of health insurance premium paid by the firm is in the range of 75-85%

(Kaiser Family foundation), so I set the fraction of health insurance premium paid

by the employer to be λ = 0.8.45 I set the subjective discount factor (δ ), which has

proven difficult to pin down in the dynamic discrete choice literature, to be 0.95, a

5 percent discount rate.

45My model could potentially be extended to the case where the share of health insurance pre-
mium paid by employers varies over time; however, due to limited data, I assume that this fraction
is constant.
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E1. Transition Probability Regarding the Presence of Dependent Children

The transition function of the presence of dependent children are estimated us-

ing a Logit regression model that depends on the presence of dependent children,

education, age, age squared, and sex,

Proba(Zch
a = 1|Zch

a−1,a,educ) = (1+ exp(−Xch
a αch))

−1

where Xchαch =α0,ch+α1,chZch
a−1+∑ j=SC,CG α2, j,ch1(educ= j)+α3,cha+α4,cha2+

α5,ch · female.

Table E1 reports estimation result for the transition function regrading the pres-

ence of dependent children.

TABLE E1—TRANSITION FUNCTION OF HAVING CHILDREN UNDER 18

Kids < 18 yrs

Kids < 18 yrs, previous year 6.442∗∗ (0.075)
Some college 0.121∗ (0.073)
4-year college or more 0.403∗∗ (0.074)
Age -0.222∗∗ (0.030)
Age squared/100 0.133∗∗ (0.034)
Female -0.026 (0.060)
Constant 3.209∗∗ (0.631)

Observations 29554
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05

E2. Approximating Progressive Labor Income Taxes

I assume the following functional form for labor income taxes,

(E1) T (y) = τ0 + y− τ1
yτ2+1

τ2 +1
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This specification is the same as the one in Storesletten et al. (2010) and Kaplan

(2012), and is similar to the one used by Guvenen et al. (2009). Under this spec-

ification, the logarithm of one minus the marginal tax rate is linear in log labor

earnings,

log(1− τ
′(y)) = log(τ1)+ τ2 logy

Both Storesletten et al. (2010) and Guvenen et al. (2009) provide evidence that one

minus the marginal tax rate is approximately log-linear in earnings for the US.

To estimate (τ1, τ2) I regress the logarithm of one minus marginal tax rates for

each individual in the sample on annualized labor wage income. Marginal tax rates

are calculated using the NBERs TAXSIM program. The estimated parameter values

are log(τ1) = 1.0355 and log(τ2) =−0.1266 with an R2 of 0.38. I set τ0 to the value

that equates the actual average tax rate in the sample (as computed by TAXSIM)

to that implied by Equation E1.46 A regression of the actual tax liability on the

predicted tax liability yields an R2 of 0.93. Figure E1 plots the approximated labor

income taxes along individuals’ wage income.

E3. Approximating Medicaid Coverage Eligibility Rules

The income threshold at time t, ycat
t , is obtained as a fraction of the Federal

Poverty Level (FPL), which changes over time. The categorical standard of Medi-

caid eligibility is complex and it is difficult to incorporate all the factors that may

impact the eligibility into the model.47 I therefore approximate the categorical

standard, dc
a,t , as a function of model state variables such as age, employment sta-

tus, presence of dependent children, year and education, separately for men and

46The actual average tax rate in the sample equals 0.1437, and thus τ0 = 322.5875.
47For example, marital status impacts medicaid coverage eligibility; however, because CPS col-

lects individuals’ marital information for the current year but Medicaid coverage for the previous
year, the marital status corresponding to Medicaid coverage period is not available.
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FIGURE E1. APPROXIMATED LABOR INCOME TAX SCHEDULE

women.48

Currently, Medicaid eligibility for adults is very limited in most states. In the

median states, the income eligibility threshold for adults is 63% of the poverty

level.49 Individuals form an expectation on changes in the income threshold ycat
t

according to the following process,

(E2) logycat
t+1− logycat

t = gcat + ε
cat
t+1

Denote by FPL the poverty level for a one person family, the mean and standard

deviation of log(FPLt)− log(FPLt−1) from 1982 to 2009 are 0.0058 and 0.0118

respectively (deflated using 2005 GDP deflator). Therefore, I set the mean and

48Pregnant women and families under Aid to Families with Dependent Children (AFDC) is one
of the Medicaid eligibility groups for Medicaid coverage.

49The Kaiser Commission on Medicaid and the Uninsured, 5 Key Questions and Answers About
Medicaid, Chartpack, May 2012
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standard deviation of the logarithm of income threshold evolution process to be

gcat = 0.0058 and σ cat = 0.0118. On average, FPL increases by 34% for each

additional person. For example, in 2005, FPL for a one person family is $9,570,

and for each additional person add $3,260. Thus, the annual income threshold

adjusted by the presence of dependent children is ycat = 0.63 · (9570+3260 ·Zch).

To estimate the categorical eligibility, dc
a,t , I estimate a Probit model for indi-

viduals with no private health insurance, excluding those whose earnings exceed

the calculated Medicaid income threshold. In particular, I estimate a Probit model

separately for men and women whose income is below the threshold:50

dc
a,t = α0 +∑

i
α1i1(a ∈ age groupi)+∑

j
α2 j1(educ = j)+α3de

a +α4Zch
a

+(α6i +α8lZch
a ) ·1(t ≥ 1996)+ ε

c
t .

The probabilistic feature of Medicaid coverage captures the factors that impact
Medicaid coverage but are not included in the model, such as take-up cost as well
as state-level differences. Therefore, the eligibility expansion of Medicaid is re-
flected in both the time dependence of income threshold (ycat

t ) and the categorical
requirement (dc

a,t). The estimation results are reported in Table (E2).

50Medicaid was enacted in 1965 by Title XIX of the Social Security Act. Historically, Medicaid
eligibility for non-elderly adults is closely tied to AFDC cash assistance. The 1996 welfare reform,
Personal Responsibility and Work Opportunity Act of 1996, ended the linkage between eligibil-
ity for cash assistance and Medicaid, and allowed higher eligibility thresholds. Hence, I analyze
the changes in Medicaid program eligibility by dividing it into three periods: (1) prior 1965, no
Medicaid; (2) 1965-1995; (3) 1996 and after.
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TABLE E2—MEDICAID COVERAGE

Male Female

Age 30-34 0.123∗∗ -0.119∗∗

(0.018) (0.009)

Age 35-39 0.162∗∗ -0.210∗∗

(0.018) (0.010)

Age 40-44 0.169∗∗ -0.253∗∗

(0.018) (0.010)

Age 45-49 0.093∗∗ -0.306∗∗

(0.018) (0.011)

Age 50-54 -0.010 -0.350∗∗

(0.018) (0.011)

Age 55-59 -0.213∗∗ -0.415∗∗

(0.017) (0.011)

Age 60-64 -0.524∗∗ -0.537∗∗

(0.016) (0.011)

Some College -0.382∗∗ -0.374∗∗

(0.011) (0.007)

4-year College or More -0.685∗∗ -0.974∗∗

(0.015) (0.010)

employed -0.521∗∗ -0.243∗∗

(0.021) (0.012)

Having Dependent Children < 18 yrs 0.210∗∗ 0.173∗∗

(0.014) (0.009)

Post 1996 0.202∗∗ 0.296∗∗

(0.010) (0.008)

Having Dependent Children < 18 yrs, Post 1996 -0.264∗∗ -0.244∗∗

(0.019) (0.011)

Constant -0.796∗∗ -0.739∗∗

(0.014) (0.010)
Observations 174580 474900
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05
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E4. Medical Services Consumption

Recall from Equation (5) that health insurance coverage, health status, age, ed-

ucation, and gender affect the logarithm of medical services consumption through

the mean shifter µm(·); health status, age, education, and gender also impact the

medical services consumption through the variance shifter σm(·). I assume that

µm(·) and σm(·) are linear functions of the following forms:

µm(Ia,ha,a, j, female) = α0,m +α1,mIa +α2,mha +α3,ma+α4,m1( j = SC)

+α5,m1( j =CG)+α6,m1(female = 1)+α7,ma ·1(female = 1)

σm(ha,a, j, female) = ς0,m + ς1,mha + ς2,ma+ ς3,m1( j = SC)

+ ς4,m1( j =CG)+ ς5,m1(female = 1)+ ς6,ma ·1(female = 1).

To estimate the medical services consumption model, I use 2005 MPES data. In

the data, we observe individuals’ total medical services expenses (pm
t ma) instead of

medical services consumption (ma). Therefore, the cost of medical services at 2005

(pm
t=2005) and the constant term of the medical services consumption function (α0,m)

can not be separately identified. In fact the level of the cost of medical services is

directly related to how we define the medical consumption unit. Thus, without loss

of generality, I normalize α0,m = 0 and estimate the logarithm of medical services

expenses (pm
t ma) for t = 2005 by maximum likelihood using the following model:

log(pm
t ma) = log pm

t +µm(Ia,ha,a, j, female)+σm(ha,a, j, female)εm
a(E3)

where εm
a ∼ N(0,1) and α0,m = 0.

Table E3 presents the estimation results for individuals’ medical consumption ex-

penses (Equation (E3)). The positive and significant coefficient for health insurance

coverage implies that an individual’s medical care consumption is higher when cov-
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TABLE E3—MEDICAL SERVICES CONSUMPTION FUNCTION

µm(Ia,ha,a, j, female)

Covered by HI 0.680∗∗ (0.036)
Healthy -0.667∗∗ (0.030)
Age 0.045∗∗ (0.002)
Some college 0.211∗∗ (0.036)
4-year college or more 0.262∗∗ (0.035)
Female 0.965∗∗ (0.122)
Age × female -0.013∗∗ (0.003)

σm(ha,a, j, female)

Healthy -0.158∗∗ (0.021)
Age -0.004∗∗ (0.001)
Some college -0.121∗∗ (0.025)
4-year college or more -0.158∗∗ (0.024)
Female 0.173∗∗ (0.087)
Age × female -0.004∗∗ (0.002)
Constant 1.812∗∗ (0.070)
Observations 11228
Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05

ered by health insurance. As expected, good health reduces medical expenditure.

Medical care services consumption also increases as the individual ages. Finally,

the positive and significant coefficients for some college dummy and the 4-year col-

lege dummy are consistent with many empirical findings that higher educated indi-

viduals tend to utilize medical services more, other things being equal. The volatil-

ity of log medical care consumption is decreasing in health, age and education. I

assume that εm
a,0 and εm

a,1 are independent, εm
a,0 ∼ N(0,σ2

m,0), and εm
a,1 ∼ N(0,σ2

m,0).

Following French and Jones (2004), I set the variance of the transitory component

of medical consumption to be σ2
m,1 = 0.6668. Therefore, σ2

m,0 = 1−σ2
m,1 = 0.3332.
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REST OF THE MODEL PARAMETER ESTIMATES

F1. Type Distribution Function

The conditional probability of being a particular type k is assumed to be given by

the following Multinomial Logistic model:

Pr(type = k|female, j,h25,expr25,Z
ch
25) =

exp(Πk)

1+ exp(Π1)+ exp(Π2)
, k = 2,3

and ∑
3
k=1 Pr(type = k) = 1, where

Π
k =π

k
0 +π

k
11(female = 1)+π

k
21( j = SC)+π

k
31( j =CG)

+π
k
41(female = 1)1( j = SC)+π

k
51(female = 1)1( j =CG)

+π
k
6h25 +π

k
7expr25 +π

k
8Zch

25.

The parameter estimates are given in Table F1.

TABLE F1—TYPE PROBABILITY FUNCTION (MULTINOMIAL LOGIT MODEL)

Type 2 (k = 2) Type 3 (k = 3)

πk
0 : constant -1.024 ( 0.1404 ) 0.322 ( 0.0324 )

πk
1 : female -0.167 ( 0.0648 ) 0.181 ( 0.0393 )

πk
2 : some college -0.973 ( 0.0695 ) -0.890 ( 0.0542 )

πk
3 : 4-year college or more -0.625 ( 0.1010 ) -1.749 ( 0.0967 )

πk
4 : female × some college -0.048 ( 0.0875 ) -0.041 ( 0.0364 )

πk
5 : female × 4-year college -0.325 ( 0.1279 ) 0.131 ( 0.0732 )

πk
6 : health at age 25 0.494 ( 0.0712 ) 0.049 ( 0.0567 )

πk
7 : work experience at age 25 -0.110 ( 0.0301 ) -0.355 ( 0.0101 )

πk
8 : presence of children at age 25 1.684 ( 0.1302 ) 1.745 ( 0.0223 )

Standard errors in parentheses
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F2. Equilibrium Forecasting Rules

I assume that the individuals’ forecasting rule of changes in equilibrium prices

can be approximated by the following system of equations:

logr j
t+1− logr j

t = ρ
j

0 +∑
l

ρ
j

1,l(logrl
t − logrl

t−1)+ρ
j

2(log pt− log pt−1)(F1)

+ρ
j

3(logζt+1− logζt)+ρ
j

4(log pm
t+1− log pm

t )

log pt+1− log pt = ρ
p
0 +∑

l
ρ

p
1,l(logrl

t − logrl
t−1)+ρ

p
2 (log pt− log pt−1)(F2)

+ρ
p
3 (logζt+1− logζt)+ρ

p
4 (log pm

t+1− log pm
t )

where ρ’s are reduced form parameters that are consist with the model. Table F2

reports the estimated parameter values.

TABLE F2—EQUILIBRIUM FORECASTING RULES (ρ ’S)

∆ logrHS
t+1 ∆ logrSC

t+1 ∆ logrCG
t+1 ∆ log pt+1

constant 0.027 0.035 0.038 0.008
∆ logrHS

t 0.120 -0.070 0.018 -0.056
∆ logrSC

t -0.091 0.079 0.040 0.079
∆ logrCG

t 0.086 -0.022 -0.099 -0.144
∆ log pt 0.025 -0.119 0.032 0.011
∆ logζt+1 1.059 1.150 0.801 -0.063
∆ log pm

t+1 0.001 0.065 -0.038 0.978

INEQUALITY DECOMPOSITION

Figures G5 and G6 plot log wage ratio under different simulations. As we can

see, technological changes in the labor market is the primary factor in determining

the wage inequality.
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FIGURE G1. IMPACT OF LABOR MARKET TECHNOLOGICAL CHANGES (EMPLOYED MALE)

1980 1985 1990 1995 2000 2005 2010
0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

Year

 

 

HS − 1981 benchmark

HS − fitted model

HS − counterfactual simulation

(a) Employer-Provided HI (HS)

1980 1985 1990 1995 2000 2005 2010
0.6

0.65

0.7

0.75

0.8

0.85

0.9

0.95

1

Year

 

 

CG − 1981 benchmark

CG − fitted model

CG − counterfactual simulation

(b) Employer-Provided HI (CG)

FIGURE G2. IMPACT OF COST GROWTH (EMPLOYED MALE)
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FIGURE G4. EMPLOYER-PROVIDED HI COVERAGE GAP (SC/HS)
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FIGURE G5. LOG WAGE RATIO (CG/HS)
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FIGURE G6. LOG WAGE RATIO (SC/HS)

TABLE G1— HEALTH CARE POLICIES EXPERIMENTS: % CHANGES IN WELFARE

Medicaid Mandates Medicaid+Mandates
Male

HS 1.36 -1.06 0.66
SC 1.31 -0.68 0.85
CG 0.15 -0.14 0.07

Female

HS 2.94 -0.82 2.26
SC 2.30 -0.61 1.85
CG 0.34 -0.13 0.32


