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Abstract

This paper studies the output and productivity effects of disability insurance: the direct effect from
foregone labor; and the indirect effect from the potential complementarity between those who exit the
labor force and the existing workforce. To do so, we estimate the impact of disability on a worker’s hu-
man capital—(pure) labor and experience—endowments. We find that the amount of experience increases
over the life-cycle relative to the value of labor. Moreover, disability has a lower impact on a worker’s
experience than it does on his labor. These results, coupled with high share of older DI recipients imply
a significance loss in the amount of experience supplied in the labor market. Secondly, we estimate and
find that at the aggregate level, labor and experience are complementary inputs. Thus, DI has pecuniary
externality, through changes in the relative price of experience. Using a quantitative general equilibrium

model, we find that DI reduces relative supply of experience by 8.9%, lowering the output by 3%.
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1 Introduction

How substantial are the output and productivity effects of disability insurance (DI)? With the recent increase
in DI beneficiaries, fiscal and labor supply effects of the policy have drawn great interests among economists,
and their significance and size are well-established in the literature.! On the other hand, studies of its
aggregate effects on output and productivity are limited.? This paper aims at analyzing the aggregate effects
of DI that consists of first, the loss from lower labor supply, the direct effect; and second, the productivity
impact driven by the imperfect substitutability of DI recipients (the exiters from the labor market) and
workers in the labor market (the stayers), the indirect effect.

In order to measure the direct productivity effects from foregone labor, we need to understand how
disability affects a worker’s productivity. While many agree that disability adversely affects a worker’s
productivity (wage), it is more difficult to understand its role on various aspects of his human capital. For
example, while health shocks may have significant impact on effective labor a workers provides, it may
have little impact on his accumulated experience. Thus, we estimate wage (productivity) process with
assumption that workers are endowed with (pure) labor and experience. This generalized framework allows
us to capture potential heterogeneous impacts of disability on a worker’s productivity. Second, to measure
how the withdrawal of DI recipients from the labor market affects other workers (the spillover or indirect
effect), we estimate the imperfect substitutability between labor and experience at the aggregate level. Then,
we build a general equilibrium life-cycle model, in which households face health and income risks and make
endogenous labor supply decisions. Lastly, we calibrate the model to match key U.S. empirical facts, and
use it to quantify the labor supply, output, and productivity effects of the current DI system.

Our empirical analysis for understanding the individual-level productivity follows and extends that of
Jeong, Kim and Manovskii (2015). We use Panel Study of Income Dynamics (PSID), which contains work
history (years of experience) and health status data, to estimate the productivity of workers. Workers’ en-
dowments—(effectiveness) of labor and non-labor ("experience") inputs—vary over the life-cycle, and health
statuses of workers can have differential impacts on these inputs.> Our findings suggest that (i) the share of
experience in a worker’s total amount of human capital (labor and experience) increases over the life-cycle;

(ii) disability lowers a worker’s effective labor by 30% among high school graduates (44% for college-

'In 2015, total benefit payments for Social Security Disability Insurance and Medicare for qualified beneficiaries exceeded
$220 billion (5.8% of the federal budget). With the aging of population, the Congressional Budget Office projects that the DI trust
fund will be exhausted in 2022 (Congressional Budget Office, 2016). Maestas, Mullen and Strand (2013) and French and Song
(2014) are among the few recent studies estimating the labor supply disincentive effects of DI.

2Kitao (2014) focuses on the employment effects of DI, but abstracts from fully analyzing the output and productivity effects.

3We control for various individual characteristics in estimating the effective endowments of human capital, and allow for
education-dependence on the effects of health. Moreover, we use Heckman’s two-step procedure to control for selection.



educated); and (iii) the impact on experience of a disability is smaller at 26% for high school graduates (8%
for college-educated). Since 75% of DI recipients are older than 50, whose human capital is primarily in
experience, the amount of experience we lose from DI is quite large. Moreover, since the DI program dis-
proportionately affects experience compared to labor at the aggregate level, this change can cause indirect
effects through the change in factor prices.

To evaluate the macro effects of the DI program, we construct the aggregate supply of labor and ex-
perience using our micro-level estimates. We assume that labor and experience are inputs with constant
elasticity of substitution (CES) in aggregate production. Our framework follows Jeong, Kim and Manovskii
(2015), and is a generalized version of previous studies.* Instead of taking age as an index for human capital,
we explicitly establish the linkage between experience and wage, because health affects the accumulation
of experience and the value from the accumulated experience. Our estimation, which uses the time-series
variation in the relative supply of experience and labor, finds that two inputs are complementary with the
elasticity of substitution of —2.1. As older workers are more experienced than the young, we find that the
composition effects are especially pertinent with the current DI program.

Next, we build a life-cycle general equilibrium model to conduct counterfactual analyses. In it, finitely-
lived households are subject to health (disability and mortality), medical expenditure, and productivity
shocks, and make endogenous labor supply decisions until they reach a mandatory retirement age. We
also model the current DI program in the U.S. and other government policies that interact with DI in house-
hold decisions, such as Social Security and Medicare. We calibrate the model to match the key aspects of
labor market outcomes by age and health.

Using the estimated wage processes and the calibrated structural model, we evaluate the impact of in-
troducing DI on individual’s decision to work, aggregate price of labor and experience, and the aggregate
output. In our calibrated economy, a generous DI program reduces work incentives of young and old work-
ers, thereby lowering the aggregate supply of both labor and experience. However, the decrease is not
proportional, as the experience-abundant old are more likely to withdraw from the labor force. Moreover,
even though the majority of these old workers are unhealthy, as health shocks have less detrimental effects on
experience (compared to labor), they are still productive, especially in the amount of experience they supply.
In the aggregate, an introduction of DI, therefore, increases the relative price of experience by 8.5%. This
equilibrium affects all workers in the labor market, including the young and the healthy. In the economy

with DI, the employment rates of disabled and non-disabled workers decrease by 5.5 and 2.4 percentage

“There have been studies that consider different generations as heterogeneous inputs in labor market (e.g. Card and Lemieux,
2001; Gruber and Milligan, 2010; and Munnell and Wu, 2012) and found imperfect substitutability between them.



points, respectively. Overall, output decreases by 3% and aggregate efficiency, (as defined by output divided

by composite labor) increases by 1%.

Related Literature This paper is related to several strands of literature studying (i) the role of heteroge-
neous inputs in production and their interactions in the labor market; (ii) the disincentive effects of DI on
the labor supply; and (iii) the effects of social insurance policies in structural models with heterogeneous
agents.

First, we build on the literature that studies heterogeneous inputs in production. Empirically, a few
papers study the relationship between young and old workers in the labor market. In Gruber and Milligan
(2010), unemployment rates of youth (those aged between 20 and 24) and prime-aged (between 25 and 54)
workers drop when elderly (between 55 and 64) employment rates increases for males, and the effects are
statistically significant for the prime-aged workers. Munnell and Wu (2012) uses a state-year-age mortality
rate as an instrumental variable to find that there is no evidence of crowd-out effect of young workers when
the employment of old workers increases. Instead, they find that the increased employment rate of the old
leads to an increased employment rate of the prime-aged workers.

These are empirical evidence of complementary between young and old workers, consistent with our
finding that labor and experience (thus implicitly young and old) are complementary in production. Re-
latedly, other papers in the literature estimate the degree of substitutability across heterogeneous inputs in
production using empirical data, mostly assuming a Constant Elasticity of Substitution production function
(e.g., Card and Lemieux, 2001; Krusell et al., 2000; and Karabarbounis and Neiman, 2014).5

In terms of methodology, we are most closely related to Jeong, Kim and Manovskii (2015), which
estimates the efficiency of labor and experience, two distinct inputs (human capital) a worker is endowed
with, using work experience data along with individual-level characteristics from the PSID. We expand their
wage process to allow for the health impact on both labor and experience endowment of workers over the
life-cycle. There are two contributions from our analysis in this regard. First, we use this new approach to
understand the role of disability on productivity (income). Most papers with health- or disability-dependent
productivities (e.g., Low and Pistaferri, 2015) assume a one-dimensional impact of health on productivity
(wage), while we allow for two channels (labor and experience) in which health can affect market income.
Importantly, we find differential impact of health on labor and experience, and thus our paper can be a

step towards understanding and decomposing the impact of health on worker inputs. Secondly, we use the

>Card and Lemieux (2001) uses a CES production function with labor inputs from different skill and age to explain college
premium; Krusell et al. (2000) shows that capital-skill complementarity can explain the rise of the skilled labor and the skill
premium; and Karabarbounis and Neiman (2014) estimates the elasticity of substitution between Information Technology (IT) and
labor to explain the decline of the labor share.



estimated wage (productivity) process to conduct policy analysis, and find that capturing the heterogeneity
across health and age is important for evaluating social insurance policies.

Secondly, the paper builds on and expands the studies of labor supply disincentive effects of DI, which
has long been a topic of interest starting with Bound (1989). Recently, Maestas, Mullen and Strand (2013)
and French and Song (2014) use random assignment of disability examiners and judges to estimate the
disincentive effects of disability insurance on labor supply of workers. Both papers find a strong disincentive
effect of disability insurance. Maestas, Mullen and Strand (2013) finds that the SSDI causes a 28 percentage
point (pp) decline in employment rate. For those between the ages of 40-49 and 50-59, the impact is
larger at 35.5pp and 29pp, respectively. Given that these age groups comprise 28.4 and 34.9% of the total
applicant pool in their data, we see that a large fraction of workers affected by the SSDI are in these age
groups. French and Song (2014) also finds a 25.4pp effect among those aged 45-54, and 24.8pp among
55-59 year olds. While these papers use econometric approach to study individual behavior, Kitao (2014)
and Low and Pistaferri (2015) are among the few that develop a life-cycle model to analyze the effects
of DI. Kitao (2014) focuses on the interaction between DI and unemployment insurance, as well as other
policies, including Social Security and Medicare. By endogenizing the enrollment decision to various social
programs and employment decision of households, she quantitatively shows the aggregate effects of policy
reforms. On the other hand, Low and Pistaferri (2015) focuses on the incentive and insurance trade-off that
DI creates, but abstracts from aggregate effects of DI, which is a central focus of this paper.

Finally, this paper also contributes to the literature analyzing the effects of social insurance policies
especially with respect to health or medical expense risks (e.g., Hubbard, Skinner and Zeldes, 1995; and
Attanasio, Kitao and Violante, 2011) . Some of the recent papers in the literature include De Nardi, French
and Jones (2016) and Braun, Kopecky and Koreshkova (2017) both of which analyze the role of social
insurance policies for the old (e.g., Medicaid and for the latter both Medicaid and Supplemental Security
Income). Using a richly calibrated model, they measure the welfare gains from these means-tested social
insurance programs in the presence of health and medical expenditure risks. We, on the other hand, study

the role of DI, and aim at measuring the efficiency loss in a general equilibrium model framework.

The organization of the paper is as follows. Section 2 outlines our empirical estimation of the productiv-
ity of workers with different health statuses, and the elasticity of substitution between labor and experience.
Section 3 develops a general equilibrium model with DI, which serves as a laboratory for evaluating the
effects of DI. In Section 4, we use the calibrated model to conduct counterfactual analyses. We conclude in

Section 5.



2 Empirical Analysis: The Health-Specific Value of Labor and Experience

In this section, we use data from the Panel Study of Income Dynamics (PSID) to first estimate the health-
specific value of (pure) labor and experience, using a generalized framework of Jeong, Kim and Manovskii
(2015) which decomposes wage into return from a worker’s (pure) labor and that from his experience.
Using the micro-level estimates to construct the aggregate supply of labor and experience, and its time-
series variation, we estimate the elasticity of substitution between the two inputs.

The hourly wage rate (or productivity) of an individual consists of returns from both labor and expe-
rience. Labor represents deterministic age- and health-dependent physical ability, while experience can
potentially grow over time through labor market participation. We can interpret the experience as a proxy
for human capital acquired on the job.

An individual’s labor (Ar) is deterministic with respect to age j and health status s, while the amount
of experience is a product of both deterministic component (Ag) and his past work history (g (e)). Denoting
the factor price of labor and experience at time ¢ as R, ; and R, the hourly wage rate of a worker with

age 7, health status h is
Wi ¢ (hv 6) = RL,t)\L (.]7 h) + RE,t)\E (.]7 h) g (6) .

For simplicity, the deterministic components of labor and experience are represented by polynomial

functions of age j:

Ax () = exp (Axo0 () + Ax1 () J + Ax2 (§) 5%,
with X = L and E. Each coefficient can vary depending on individual characteristics (z).> Under the

functional form assumptions, the relative efficiency of experience compared to labor is given as

& (3 = exp (Agyp0 (1) + Aeyea ()7 + Agyra () 57)

where Mg/ 1, (J) = A ek (J) — A Lk (J). Moreover, the role of accumulated experience on effective experi-

ence is captured by g (¢) = S _ 0,¢" with 6 = 1.

n=1

Health proportionately affects these labor and experience profiles by a factor ¢/ so that Ay (j,h) =

ox (h) Ax (j) for X = L, E. Without loss of generality, we normalize the profile for the healthy individuals

%In our benchmark analysis, we allow the profile to differ by gender and education. For the sake of brevity, we suppress these
notations.



to o x (hH ) = 1. Under these model specifications, the log-wage equation can be expressed as
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education, gender, region, and race. In estimation, we augment the equation (1) with standard measurement

where I, = is the relative price of experience. The regressor z;; includes time-specific dummies for

error term denoted by € ~ N (0, 02).

2.1 Wage Offer Distribution: Selection Bias and Identification Strategy

One challenge of estimating the equation (1) is that we only observe wages of selected individuals; workers,
especially those who are participating in the labor market despite their disabilities, might be systematically
different from those who exit the labor force. Therefore, the estimated health effects on labor and experience
efficiencies without correcting for this selection can be biased. Thus, we estimate the wage process using a
standard two-stage procedure described in Heckman (1979):

Inwi (j,h) +€; ifl >0

offer

In wit (]7 h) =
not available ifl =0.

Following Low and Pistaferri (2015), we address this selection bias by instrumenting the underlying
labor force participation decision problem with the generosity of the local government’s welfare programs.
The scale of welfare programs is measured based on the potential government’s transfer benefits on “repre-
sentative” earners.’ Our identification strategy relies on the assumption that (i) these potential benefits affect
the labor market participation decision of individuals, but not their wage rates, and (ii) the effects of welfare
program vary across health types. Further details of the estimation process can be found in Appendix A.2.

In the estimation, we define those who report to have a work limitation, as “disabled”, and others as
“non-disabled” workers. Table 1 presents the results from the first-stage probit regression. We observe that
work limitation has a significant impact on employment probability, and it lowers the probability by 16.7 pp

for a marginal worker and 13.5 pp for an average worker.

"Therefore, the size of welfare transfers used in our estimation is not the actual amount each individual received.
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TABLE 1: FIRST-STAGE PROBIT REGRESSION RESULTS

Effects on probability of employment

Independent Variables  Coefficients -
Marginal effects Average effects

Work Limitations —1.362"*" —0.167** —0.135™*~
(0.100) (0.028) (0.022)

Number of obs. 68, 332

Pseudo R? 0.274

Note: Table 1 reports the first stage probit regression results of Heckman’s two-stage estimation for selection correction. The
dependent variable is the employment status of an individual. Independent variables include individual characteristics such as age,
experience, years of schooling, marital status, states as well as time-varying year dummies, male dummies, and race dummies. We
use state-level generosity of welfare program and tax credits as exclusion restriction. The complete list of estimated coefficients for
these variables are reported in Appendix B. We uses individual-level survey weights for our analysis. Standard errors clustered at

individual level and reported in parenthesis. *** p<0.01, ** p<0.05, * p<0.1

Tables 2 and 3, as well as Figure 1 summarize our findings. First, in Table 2, we present the effect of a
work limitation on wage before and after controlling for selection. While using only the observed wage rates
of labor market participants implies a 15 pp decrease in a worker’s wage, after controlling for selection, we

see that the effect is larger at 26 pp.

TABLE 2: THE EFFECTS OF DISABILITIES ON WAGE ESTIMATION
WITH AND WITHOUT SELECTION CONTROL

) Coefficient
Independent Variables

No Control  Selection Controlled

Work Limitations —0.151""* —0.258™**
(0.018) (0.033)
Inverse Mills Ratio 0.297***
(0.073)
Number of obs. 116, 068 56, 840
R? 0.276 0.266

Note: Table 2 reports the second stage linear regression results of Heckman’s two-stage correction, and contrasts its outcomes
from the estimation without selection control. The dependent variable is the log wage of an employed individual. The right hand
variables also include age, age square, experience, experience square, experience cube, dummy variables for gender, race, marital
status and years. The estimation with control has extra term, the inverse Mills ratio, which is constructed from the first stage
estimation. The complete list of estimated coefficients are reported in Appendix B. We uses individual-level survey weights for our
analysis. Standard errors clustered at individual level and reported in parenthesis. *** p<0.01, ** p<0.05, * p<0.1

Using these estimates, we construct and compare the average wage of the employed workers, and the
average wage offer from the estimated wage offer distribution for both disabled and non-disabled workers
(see Table 3). While the non-disabled exhibits almost no difference in mean between the average wage and

the average wage offer, those who experience health problems show discrepancy between potential wage



TABLE 3: ACCEPTED WAGE VS. WAGE OFFER DISTRIBUTIONS

o Average wage Average wage offer Ratio of
Disability Status o
of the employed from estimation offer-to-accepted wages (%)
. 2.123 2.113
Non-Disabled 99.0
(0.771) (0.387)
. 1.979 1.819
Disabled 91.9
(0.810) (0.451)

Note: Table 3 reports the mean and standard variation of log hourly wage of the employed workers. Based on the PSID, the
hourly wage variable is computed by dividing the total labor income variable with the total annual working hours. We use sample
periods from 1984 to 2011, and converted wage variables into 2011 US dollars using the Consumer Price Index (CPI). Observations
include both man and woman with any education level in working-age between 25 and 65, and considered being employed if their
reported more than 500 annual working hours. Estimated wage offer statistics are constructed based on the coefficients from the
wage equation with Heckman’s two-stage linear regression. Both mean and standard deviations are weighted using the individual

weights.

offers and actual wages, suggesting severe selection bias.

Figure 1 illustrates this selection bias graphically by comparing the log-wage distribution by health
status. Once we control for the labor supply decision, the mean of the approximated distribution decreases
compared to that of observed wages. Using the non-disabled workers’ hourly wage rate as the baseline,
individuals with work limitations exhibit the decline in their hourly wage by $1.64 (= exp (2.1) —exp (1.8)).

Monotonicity in negative impact of health on wage is robust after controlling for gender and education status.

FIGURE 1: SELECTION BIAS: OBSERVED WAGE VS. ESTIMATED WAGE OFFERS

(A): NON-DISABLED (B): WORK LIMITATIONS
1 Data Wage Data Wage A
Estimated Wage Offers o0 | :l Estimated Wage Offers X
— —'— - Normal Density (Data) — — = - Normal Density (Data)

Normal Density (Wage Offers)

Normal Density (Wage Offers)

¥ B 0 2 1 6 4 2 0 2 ! 5
Note: Figure 1 compares the log wage offer distribution with the data by health status, using the hourly wage of working-age
individuals in age 25 to 65 in PSID from years 1984 to 2011. The hourly wage rate is defined as the total labor income divided
by the annual working hours. The nominal values are converted into 2011 dollars using CPI. Dashed and solid lines represent the

normal density approximation of the data and estimated wage offer distributions, respectively.



2.2 Estimation Results: The Role of Health on Labor and Experience

We now estimate the nonlinear wage equation presented in (1), using wage processes after controlling for
selection bias as described in 2.1.

Table 4 reports the impact of disability on the efficiency of labor and experience. We measure these
effects in relative terms, using the non-disabled workers in the same education group as a benchmark. We
find that for college-educated workers, the significant decline in wage is driven by the loss in labor efficiency.
In contrast, the decline of efficiency in their experience is relatively small. For workers with high school
education, however, the decline in both the effective labor and experience inputs were sizable. Overall,
however, regardless of education, disability affects the efficiency of experience less than it does the efficiency

of labor.

TABLE 4: ESTIMATED LABOR AND EXPERIENCE EFFICIENCIES RELATIVE TO THE NON-DISABLED

Individual characteristics Relative Efficiency (Non-Disabled = 1)
Disability Status ~ Education Labor Experience
Disabled high school 0.709™** 0.837***
[0.57, 0.87] [0.58, 1.09]
college 0.575™** 0.917***
[0.48, 0.68] [0.70, 1.13]
Number of obs. 56,840
R? 0.238

Note: Table 4 reports the coefficient estimation results of the nonlinear wage equation (1). The right hand variables also include
quadratic function in age, cubic function in experience, dummy variables for gender, race, marital status and year. The complete
list of estimated coefficients are reported in Appendix B. We uses individual-level survey weights for our analysis. Standard errors

clustered at individual level. 95% confidence intervals are reported in parenthesis. *** p<0.01, ** p<0.05, * p<0.1

In Figures 2 and 3, we plot the efficiency profiles of labor and experience over the life cycle (Az, (j, h)
and \g (4, h)). For both education groups, the efficiency of experience declines as workers age while labor
endowment exhibit flatter profiles over the life cycle. This estimation result, however, does not imply that the
worker’s endowment in experience diminishes as they get older. Though the efficiency of using experience
itself might decrease, they accumulate experience through working. The latter, represented by ¢ (e) in the
wage equation is presented in Figure 4. Therefore, the total value in experience depends on the relative

change in these two factors.

2.3 Estimation Results: The Elasticity of Substitution between Experience and Labor

In this section, we use the time-series variation in total endowments and price estimates, to identify the

aggregate production function parameter. In the aggregate economy, homogeneous firms have access to



FIGURE 2: THE EFFICIENCY OF EFFECTIVE LABOR OVER THE LIFE CYCLE (\[, (j, h))
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Note: Figures 3 illustrate the estimated efficiency of labor by education group. The blue solid line with circles reflect the estimation

results of workers without health limitations. The red dashed line with triangles are for workers with disabilities.

a production technology specified as Y; = AF (L, Ey) = Ay (Lf + HEf )% . This function features
constant elasticity of substitution (CES) between two inputs, labor L and experience E, with elasticity of
substitution (1 — p)f1 , and Ay represents the productivity of the economy at time ¢. The production function
is increasing (F,, > 0 ) and concave (F,, < 0)in L and E. Under the assumption of competitive labor

markets, the price of each factor is equivalent to its marginal productivity in that period:
Rpy = AiFp; and Rp;= AFp;. ()

Therefore, the relative price of experience is given as the ratio of marginal productivities: Il = Fg/FT,.
We can also write the aggregate production function A;F' (L, E;) = Ay (Fr+Ly + Fg+E:) using the Euler
theorem.

We construct the aggregate amount of labor and experience based on the wage estimation results, along
with the estimated relative price of experience. Figure 5 illustrate the evolution of these two time-series
variables. Using these data, we estimate the two production technology parameters. From the definition of

the relative price,

1—
mo - Bee 0AL{ o) B 0(E>
Et = = = = T s
Rre Ay g+ om0 5" 1y b

andInIlp; =In6+ (p — 1) In (E;/L;). Therefore, a linear regression using the aggregate time-series data

of relative price and quantity delivers the values for 6 and p.
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FIGURE 3: THE EFFICIENCY OF EFFECTIVE EXPERIENCE OVER THE LIFE CYCLE (\g (j, h))
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Note: Figures illustrate the estimated efficiency of experience by education group. The blue solid line with circles reflect the

estimation results of workers without health limitations. The red dashed line with triangles are for workers with disabilities.

FIGURE 5: TRENDS OF LABOR AND EXPERIENCE IN THE U.S.
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Note: Figure 5 illustrates the trends of aggregate-level experience-to-labor ratio and the price of experience inferred from the

estimated wage equation. Table 6 reports the estimated CES production parameters based on the two time series; the experience-

to-labor ratio and the price of experience using the reduced form approach.

On the left panel of Figure 5, we plot the relative supply of experience to labor (Rg /Ry, +) with the

relative price of experience (IIg ;) from 1985 to 2009, constructed from our estimation in the previous

section. We find that the estimated p = —2.18, suggesting that labor and experience are complementary in

production. Detailed estimation results are reported in Table 7.

3 The Model

In this section, we construct a stochastic life-cycle model of labor supply and savings subject to health

and earning risks. Our model extends the framework of Imrohoroglu and Kitao (2012) by incorporating
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FIGURE 4: THE ROLE OF ACCUMULATED EXPERIENCE g (e)
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Note: Figure 4 illustrate the mean value of accumulated experience by age group, using the estimated coefficients from the nonlinear
wage equation (1). Individuals are categorized as college graduates if they received more than 12 years of schooling. We uses

individual-level survey weights to construct the group mean.

interaction of heterogeneous labor inputs in the labor market described in Section 2.

3.1 Environment

Demographics and Health Process The economy consists of overlapping generations of individuals who
live for at most J periods. During their lifetime, individuals face exogenous risks on their health status and
survival. Health status, h, is discrete and follows an age-specific Markov chain.

ﬂ';"b = Pr(ht+1:b|ht:a), a,b€{1,2,3}.

An individual of age j faces an age- and health-specific mortality rate (5;‘ € (0,1). The probability of death
in his maximum age J into J + 1 is 1. Therefore, in any point in time, there exist J different age groups in

the economy. The law of motion of population for each age-group in time ¢ is given as

g = > (1=db)nl, j=1,2 01,
h

The asset of the deceased will be distributed equally to all surviving members of the economy in a form of

bequest transfer, b;.
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Preference We focus on the adulthood of the life-cycle and assume an individual enters the labor market
at age 1 and must exit the labor market after reaching the mandatory retirement age j® < .J. Individuals
have time-separable utility function that depends on the amount of consumption ¢, the value from leisure [,
and their health status h. They maximize their life-time utility, discounting the future expected utility with

time discount factor 3:

J
E Y8 ues, i hy)
j=1
Individuals take expectation over the distribution of known survival probabilities and labor market opportu-

nities to optimize their consumption, saving, and labor supply decision over the life-cycle.

3.2 The DI Program

The government uses its revenues to finance two social welfare programs, the social security benefits s;
for the retirees and the disability insurance programs (DI) for the disabled working-age population. To be
eligible for DI, working-age individuals must meet the health status criteria and opt out of the labor force.?
The DI benefits consist of two components: first, the government replaces the recipient’s foregone labor
income proportional to his previous earning, d; (w).” The government also provides medical insurance
coverage for health care for workers with disabilities.
The government budget constraint in each period is given as
J

J=7

JE " J
sittg @)+ Y {di @) 4 mi b @) = 7N g @)+ Y @) )
R j=1 Jj=1 J=1
where /1 (x) denotes the measure of individuals of age with characteristics = (a, h, e, w) where a denotes
assets holdings, h health status, e the years of work experience, and w the average of previous earnings. In
equilibrium, consumption and labor tax rates are determined such that the budget constraint (3) holds in a

steady state.

8Social Security pays disability benefits if the worker does not engage in the Substantial Gainful Activity (SGA), which in
2015 is a monthly earning of $1,090 for non-blind individuals and $1,820 for blind individuals. If the worker earns more than the
SGA, his benefit terminates.

"More specifically, under the current DI system in the United States, disability insurance payments are determined by the
worker’s Average Indexed Monthly Earnings (AIME), which is the average of the worker’s 35 highest annual earnings.
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3.3 The Individual’s Problem

We characterize the problem of an individual in recursive form. An individual makes consumption (c),

saving (a’), and labor supply (/) decisions. The optimization problem of working-age individual is given as

Vj(a,h,e,w) @)

= maxu(c l;h)+ 3 (1 - 5h) [(1 — 1) Viq (a', h',e,w) +1Vin (a',h’,e + 1,w’)}

c,l,a’
s.t. c+ad + m; (1 H{h<th}>
= (1 =7")w;j (h,e)l +dj (w) (1 =) Lpepory +{1+ (1 =) r}a+b
wj (h,e) = ReAr (j,h) + RpAg (4, h) g ()
W = f(w; (hye),w), W ~ah'h

¢c>0,1€{0,1}, d > A.

hPI can choose to exit the labor force and

Those workers whose health status falls below the threshold
receive disability payments. Note that if the worker’s health improves, he can always come back to labor
market.

Once retire, individuals receive social security benefits based on their accumulated earning history and

choose optimal consumption and saving decisions:

‘/} (a7 h’a 67("')) = maxu (C7 la h) + /8 ( ) [(1 - l) ‘/}+1 (a/7 h/7 €, w)] (5)
s.t. (1+Tt)c—|—a +mj:ss(w)+{1+(1—7',f‘)r}a+b
h/ ~ 7Th/h

J

1€{0,1},¢>0,d > A.

Each period, individuals can trade risk-free bonds and face borrowing constraints with a borrowing limit of
A. The interest rate on risk-free bonds is given () and constant over time. Individuals can also save at the

same rate of return, r.

3.4 Competitive Equilibrium

Definition. Given a set of exogenous demographic parameters {nj, (6 7 6?) } , the stochastic process of
]—1

/
Wh ph

health status and medical expenditure {71 ;

J
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} o and government policy variables {7, 7%, ss (w) , d (w) , hPT},
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a competitive equilibrium consists of individuals’ policy functions {c; (z),a; (x),l; ()} for each state
variables © = (a, h, e, w), factor price of labor and experience { Rg, Ry}, tax rates {7%, 7%}, size of be-

quest transfers b, and the distribution of individuals over the state space {; ()} such that
1. Individuals solve the optimization problem defined as (4) and (5).
2. Factor prices Ry, and Ry are determined competitively:

R, = A(L°+0E°) 7 L

Rp = OA(LP +0EF) + EFL.

3. Factor markets clear:

L = Y Igwsors (i h) py () de

J<Git

E = > Y Iywsare (G h) g (e) pj(x)dz.

J<ift @

4. The lump-sum bequest transfer equals the amount of assets left by the deceased:
= 22 @ ).

5. The tax rates satisfy the government’s budget constraint (3).

4 Quantitative Analysis

In this section, we quantitatively evaluate the effects by mapping the model in Section 3 into the U.S.

economy. We start this section by explaining our choice of demographic parameters.

4.1 Calibration

Demographics The unit of time in our analysis is a year. We simulate at most 75 periods per individual,
assuming that a person enters the economy at his age 25 and lives at most up to the age of 100. We target
the demographic composition of the economy to be consistent with the US population composition of 2015.
Information on demographics is taken from the National Population Projections by the U.S. Census. More

detailed information is available in Appendix A.1.
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FIGURE 7: THE COMPOSITION CHANGES IN THE U.S. DEMOGRAPHICS

Percent (%)

—&— Share out of Adult Population N
w, | — — — Approximation
! T T T T T
20 40 60 80 100

Age

Note: Figure 7 illustrates the 2015 demographic composition of the U.S. based on the Census Population Projections Program. The
dotted lines illustrate the percentage share of each age group out of total adult population between 25 and 100, and the dashed lines
are quadratic approximation of the data.

Health and Medical Expenditures Our main source of micro-level data is the Panel Study of Income Dy-
namics (PSID). We use three categories of health statuses: non-disabled, moderately disabled, and severely
disabled. Among those who are disabled, one is categorized as moderately disabled, if the disability limits
the amount of work “Somewhat,” or “Just a little” (rather than “A lot” or “Not at all”’). Health status in the
model has four roles: it affects the worker’s (i) labor productivity, (ii) evolution of health status, (iii) medical
expenditures, and (iv) survival probability. One of the key parameters for our model is the impact of health
on workers’ productivities over the life-cycle. We discuss our parametrization and identification strategy for
labor productivity impact of health in Section 2. Here, we discuss how we parameterize the impact of health
on its dynamics, medical expenditure risks, and survival probabilities

Health status in the model evolves stochastically according to W;L,h, which depends on the worker’s age
and initial health status. We use panel dimension of the PSID to find the transition probabilities by five age
groups (25-34; 35-44; 45-54; 55-64; and 65 and older). Transition probabilities to non-disabled and severe
limitation are plotted in Figure 8. As is clear from the plots, health statuses are persistent, and older workers
are more likely to transition to having severe limitations.

Medical expenditure risks also differ by age group and health statuses as presented in Table 5. We use
adult-equivalent medical expenditures from the PSID. Following Attanasio, Kitao and Violante (2011), we

use three medical expenditure bins representing the averages in 1st-60th percentile, 61st-95th percentile,
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FIGURE 8: HEALTH STATUS TRANSITION PROBABILITIES

Transition to Non-Disabled by Health Status Transition to Severe Limitation by Health Status
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Note: Figures illustrate the yearly transition probabilities of becoming non-disabled (left panel) and having severe limitations (right
panel), conditional on the individual’s initial health status and age group. The probabilities are computed based on the PSID data
between 1984 and 2011, and are weighted by individual weights. In order to ensure sample sizes, we combine individuals into
age groups. As the PSID changed its surveys from annual to biannual in 1997, we assume constant yearly transitions to construct

annual transition probabilities from two-year transitions.

and 96th-100th percentile. They are chosen to capture the long tail in the medical expenditure distributions
from catastrophic events. We assume that all employed workers have health insurance with coverage rate
60% (Kitao, 2014).

Lastly, we estimate the impact of health on conditional survival probabilities, using the life table from
the Social Security and micro-level data from the PSID. Following the strategy of Attanasio, Kitao and
Violante (2011), we obtain age-dependent survival probabilities (s;) from the life table, and the empirical
health distribution by age (qb?) and survival rate by health status and age s? from PSID. Then, we use the
following equations to obtain health-dependent conditional survival probabilities that are consistent with the

life tables:

= h_h
5i= ), o)

prem? = 5? - s?, he{1,2}.

The second equation represents the survival premium of being non-disabled, relative to having moderate
(premjl.) or severe limitations (prem?). Given small samples in the PSID, we smooth out survival premia

(prem?) by fitting polynomials in age, and extrapolate them for individuals older than 90.!° The estimated

WAKV uses Health and Retirement Survey (HRS) to calculate health-dependent survival probabilities. While HRS, which
focuses more on older workers, might be a better dataset for constructing survival probabilities, it does not include disability
measures consistent with PSID. When we compare our survival premia to their, the magnitudes seem similar.
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TABLE 5: MEDICAL EXPENDITURES BY AGE AND HEALTH STATUS

Mean within Percentiles Average

Age Group Health Status 1-60 61-95 96-100
25-34 Non-Disabled 538 4,123 43,165 3915
Moderate Limitation 707 8,567 57,949 5,772
Severe Limitation 649 10,124 46,067 5,906
35-44 Non-Disabled 791 4,944 40,847 4,241
Moderate Limitation 1,179 9,343 98,217 8,733
Severe Limitation 1,244 15,970 98,823 11,103
45-54 Non-Disabled 976 6,200 62,988 5,859
Moderate Limitation 1,470 11,835 78,583 8,824
Severe Limitation 1,415 15,314 120,310 11,747
55-64 Non-Disabled 1,240 7,822 68,988 6,860
Moderate Limitation 1,761 15,742 101,535 11,170
Severe Limitation 2,804 22,946 128,267 15,614
65+ Non-Disabled 1,457 9,890 76,955 8,144
Moderate Limitation 2,197 15,380 116,132 12,457
Severe Limitation 2,419 18,155 131,143 14,057

Note: Medical expenditures are calculated from the PSID, years from1999 (the earliest year in which medical expenditure data is

available) through 2011. In order to ensure enough sample sizes, we combine ages 65 and over.

health-dependent conditional probabilities are plotted in 9.

Government Policies Disability Insurance, Social Security, and Medicare are the essential policies of
interest. We also capture welfare programs using a consumption floor and allow the government to collect
revenues using labor and capital income taxes.'!

Disability Insurance Both Disability Insurance and Social Security (which we discuss below) pay-
ments are determined by the worker’s Average Indexed Monthly Earnings (AIME), which is the average of
the worker’s 35 highest annual earnings. Since it is difficult to keep track of earnings history, we use average
prior earnings (w in our model) to calculate the Primary Insurance Amount (PIA), whose formula is given

as follows in 2011 dollars:

0.90 x w if w < $8, 988
PIA =< $8,089 +0.32 x (w—$8,988)  if $8,988 < w < $54, 204

$22,559 + 0.15 x (w — $54,204) if w > $54, 204.

""Our policy parametrizations closely follow Kitao (2014) and Imrohoroglu and Kitao (2012).
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FIGURE 9: CONDITIONAL SURVIVAL PROBABILITY BY HEALTH STATUS
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Note: Figure illustrates the conditional survival probability by health status.

As there is a cap on the AIME for benefit calculation, we impose a cap on DI payments, thus d (w) =

min {PIA, $30, 448}.

Social Security and Medicare Social Security taxes are set at 755 = 0.104, which is levied on labor
earnings of workers, with maximum taxable earning of ys; = $106,800. Social Security payments are
determined by the PIA (with the maximum amount being $30,448 as in DI) and the retirement age of
workers. For cohorts born between 1943 and 1954, the normal retirement age (NRA) is 66; early retirement
age (ERA), 62; and delayed retirement age (DRA), 70. For early retirees, their PIA is reduced by the
actuarial reduction factor (ARF), which is {0.25,0.20,0.133,0.067} respectively for ages between 62 and
65. On the other hand, the delayed retirement credit (DRC) is 0.08 for each year of delay in retirement,
up to age 70. Medicare benefits are provided to all individuals of 65 or older and those receiving DI'2.
Beneficiaries pay premium of p,,.q = $1,157, and its coverage rate is ¢,,eq = 0.75. Medicare tax rate is

Tmed = 0.029, levied on labor earnings.

Other Taxes and Welfare Programs Labor income is taxed at rate 7 (w), determined by

1

T(w) = TO{W_(W_71+T2)_H}3

where parameters {79, 71, 72} jointly determine the level, progressiveness, and overall scale of tax revenue.
We follow the estimation strategy of Gouveia and Strauss (1994) and calibrate 79 and 77 outside the model

to be consistent with current U.S. tax codes. The scale parameter 7 is calibrated within the model such that

2Technically, only two years later qualify for DI, but for simplicity, we assume everyone is qualified.
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the relative size of spending on welfare programs remains constant with respect to the aggregate output of
the economy. Capital income tax rate is 7, = 0.30. We use consumption floor ¢; = $3, 150 per month
to capture other welfare programs provided by the government (such as Supplemental Nutrition Assistance

Program).
Table 6 summarizes the list of parameters taken from outside the model for describing demographic

structure, health and medical expenditure processes, and current government policies.

TABLE 6: PARAMETERS CALIBRATED OUTSIDE THE MODEL

Parameters Description Values/Sources

Demographics

n;}7° opulation share eference the main text 4.1.
PRy 2015 US popul h Ref h 4.1
{5? }375:1 health- and age-specific mortality rates Reference the main text 4.1.
Preference

0% risk aversion parameter 2

Health and Medical Expenditure

{w]}-L/h} health- and age-specific health transition probabilities Reference the main text 4.1.

{m?, Uﬁ% j health- and age-specific medical expenditure shocks Reference the main text 4.1.

Current Government Policy Parameters

{d(w)} the disability insurance payment schedule Reference the main text 4.1.
{ss(w)} the social security program payment schedule Reference the main text 4.1.
Tss Social Security tax rate 10.4%

Yss maximum taxable earnings for Social Security $106,800

Dmed Medicare premium $1,158

Qmed Medicare coverage rate 0.75

Tmed Medicare tax rate 2.9%

{70, 71,72} labor income tax function {0.26,0.73,0.01}

Tk capital income tax rate 30%

cy other welfare program guaranteeing minimum consumption  $3,150 per month

Note: Table 6 summarizes the calibration values for the parameters in demography, health-related risks, and the government policies.
Monetary values are written in 2011 US dollars, adjusted by CPI.
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TABLE 7: PARAMETERS CALIBRATED OUTSIDE THE MODEL: WAGE PROCESS PARAMETERS

Parameters  Description Values/source

{AL, A} productivity process of labor and experience Reference Appendix B.2.

{¢7,0%}  the change in productivities on labor and experience due to disabilities  {0.71,0.84} for high school graduates
{0.58,0.92} for college graduates

g (e) the accumulated amount of experience in effective unit Reference Appendix B.2.

O idiosyncratic component of log hourly wage 0.67 (RMSE of estimation results)

Note: Table 7 summarizes the calibrated parameter values associated with labor market. Please reference the details of these

calibration process in maintext 2. The complete list of parameter values can be found in Appendix B.2.

4.2 Calibration Results

Now we turn to our quantitative analysis based on empirical observations and conduct the following coun-
terfactual analyses to measure the impact of DI. We start by reporting the statistics used as calibration targets

in our the simulation of method of moments.

Parameters Calibrated with the Simulated Method of Moments We choose the following functional
form as the periodic utility function and estimate three parameters to be calibrated within the model: pref-

erence parameters on time (3, disutility from work 6, and interaction of consumption and health status 7:

(9[ H . o 1—v
u(cel) = {Cexp( ) x exf (_n’y{dlsablllty—l})}

For our estimation, we directly target the average wealth, employment rates of the economy by health status

as our targets. Results are summarized in Tables 8 and 9.

TABLE 8: TARGETS: DATA VS. SIMULATED METHOD OF MOMENTS

Moments Data Simulation
Employment rates of the non-disabled 82.1% 79.8%
Employment rates of the disabled 55.3% 47.4%
Consumption $24,682  $26,235

Note: Table 8 summarizes the moments used in estimation and their simulation counterparts. Statistics are computed from the PSID

using individual survey weights.
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TABLE 9: PARAMETERS CALIBRATED WITHIN THE MODEL

Parameters  Description Values
B time discount factor 0.97
0 interaction of leisure and consumption —-0.23
n interaction of consumption and health status  —0.31

Note: Table 9 reports the value of three preference parameters estimated within the model using the simulated method of moments.
The detailed discussion on estimation procesures can be found in appendix C.

FIGURE 10: SIMULATION: DI PROGRAM UTILIZATION

(A): THE SHARE OF DI RECIPIENTS (B): THE DI PAYMENT
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Note: Figures show the pattern of DI program utilization in simulated economy. Figure 10(a) illustrates the share of DI recipients

among the disabled over the life-cycle. Figure 10(b) computes the average monthly payment of DI for those who collect the DI
benefits.
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FIGURE 11: SIMULATION: ASSET ACCUMULATION OVER THE LIFE CYCLE
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Note: Figure 11 illustrates the trends of median wealth in simulated economy by health and age. The blue solid line with triangles

indicate workers without work limitation. The red dashed line with circles is the same statistics of the non-disabled.

FIGURE 12: SIMULATION: MEDICAL EXPENDITURE OVER THE LIFE-CYCLE
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Note: Figure 12 illustrates the trends of medical expenditure by health and age. The blue solid line with triangles indicate workers
without work limitation. The red dashed line with circles is the same statistics of the non-disabled.

The Model’s Fit on Nontargeted Moments Even though we do not directly target the employment rate

by age group, the simulated data replicates well the life-cycle pattern of employment rates and exhibit the
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rapid outflow from the labor force starting from the ages in late 50s. It also reflects the more faster rate of

early retirement for workers with disabilities. These patterns are documented in Figure 13.

FIGURE 13: SIMULATION: EMPLOYMENT RATE OVER THE LIFE CYCLE
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Note: Figure 13(a) contrasts the employment rates of working-age population with work-limitation by age group between the PSID
and simulated economy. Figure 13(b) is the same statistics for workers without work-limitations.

Another non-targeted moments include the labor market wages compared to the potential offers by the

health status. As Table 10 shows, the model generates the selection in labor market participation decision in

a similar magnitude as we observed in Section 2.

TABLE 10: ACCEPTED WAGE VS. WAGE OFFER DISTRIBUTIONS

Ratio between

Disability Status offer-to-accepted wages (%)
Data Simulation

Non-Disabled 99.0 97.6

Disabled 91.9 90.7

Note: Table 10 reports the ratio of mean potential wage offer compared to the mean of accepted wages computed from the PSID
and compare the counterparts in simulated data.

4.3 The Impacts of the Disability Insurance Program

To evaluate the impact of current DI program on labor market participation decisions, we conduct the follow-
ing counterfactual analysis. Holding all the calibrated parameters constant, we simulate an economy without
the current DI program. As the agents learn this information when they optimize their utilities, this change
alters the equilibrium prices of labor and experience as well. While the tax system is remained the same,

collected revenue is returned in form of lump-sum transfer. By doing so, we preserve the progresiveness of
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the current tax policy and maintain budget neutrality simultaneously. Table 11 summarizes the differences
in these two economies. Without disability insurance, individuals participate the labor markets. As the older

population attach to the market, the relative supply of experience compared to the labor increases.

TABLE 11: THE IMPACT OF DI PROGRAM: SUMMARY STATISTICS

. Current Economy Counterfactual Economy .
Variables . . Difference
with the DI program  without the DI program

DI recipients 22.6% - -

Relative supply of experience 6.7 6.1 8.9%

Aggregate employment rate 80.1% 82.5% 2.4 ppt
Non-disabled 84.8% 87.5% 2.7 ppt
Disabled 57.4% 63.7% 6.5 ppt

Note: Table 11 reports the summary statistics of the counterfactual economy compared to the empirical counterparts computed
from the PSID and CFS.

Decomposition Exercise The difference between the two economies is a result of two changes: the direct
impact of changes in insurance against health-related risks and the changes in the value of labor and expe-
rience. The latter impact comes from the fact that the price of each production input is interdependent to
the composition of the labor force. To measure the relative importance between these two mechanisms, we
conduct additional counterfactual analysis.

In this quantitative exercise, we assume the experience and labor prices in the labor market remains
the same as the stationary equilibrium of the U.S. with the current form of DI program, and remove the
DI policy. Therefore, the changes in individuals’ behavior is effectively generated by the absence of social
safety net against health risks.

Table 12 reports the summary statistics of three economies. The first column reproduces the summary
statistics of the economy with benchmark calibration. The second column of Table 12 computes the changes
in an economy without DI program, under the fixed market prices of labor and experience. Removal of the
DI program induces higher labor market participation of the disabled. However, quantitative importance of
this direct impact is moderate; the employment increases by 0.4 percentage points. The total impact accom-
panied with the indirect impact, however, is approximately twice larger. This is because the change in factor
prices affect both the disabled and non-disabled. Removal of social safety net increases the employment
rates of the older population, causing the relative supply of employment improve. This change improves the

overall earnings, increasing the employment rates of all.
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TABLE 12: DECOMPOSITION EXERCISE: SUMMARY STATISTICS

€] (2) 3)
Variables Changes in Price & Fixed Price &
Current Economy
removal of DI (%)  removal of DI (%)

DI recipients 22.6% - -
Relative supply of experience 6.7 6.1 6.3
Aggregate employment rate 87.1% 88.1% 87.5%

Non-disabled 93.1% 97.5% 93.8%

Disabled 48.2% 53.7% 50.3%

Note: Table 12 reports the summary statistics of the two counterfactual economies compared to the empirical counterparts computed

from the PSID and CFS.

FIGURE 14: COUNTERFACTUAL ANALYSIS: IMPACTS ON THE LABOR FORCE PARTICIPATION RATES
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Note: Figure illustrates the employment rates.
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FIGURE 15: COUNTERFACTUAL ANALYSIS: IMPACTS ON THE LABOR FORCE PARTICIPATION RATES
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Note: Figure illustrates the employment rates.

5 Conclusion

Disability insurance serves as an important source of insurance for workers with disabilities. However, it
is well-known that it creates sizable disincentives on labor supply of workers. Our goal in this paper is
understanding the aggregate implications of DI, especially its impact on labor supply, output, and aggregate
productivity. Towards that goal, we estimated the role of disability on a worker’s two kinds of human
capital-(pure) labor and experience. We find that disability has a relatively small impact on a worker’s
effective experience, most of which is owned by old individuals who are more likely to be disabled and
receive DI. Thus, the foregone amount of effective experience from withdrawal of older disabled workers
is large. Moreover, as labor and experience are complementary inputs in the aggregate production, lower
supply of experience has a pecuniary externality, changing the relative price of experience. We find that,
in our quantitative model, the current DI program reduces the output by 3% as the aggregate labor and
experience decline by 0.7 and 2.5%, respectively.

Our findings in this paper are not limited to the context of DI, but have far-reaching implications espe-
cially in aging economies, like the U.S. Demographic change naturally affects the relative supply of labor

and experience. Thus, it would be interesting to understand the aggregate efficiency implications within our
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model framework and study the role of policies that affect labor supply decisions of workers (e.g., increase
in mandatory retirement age, or changing the Social Security payment schedule). Moreover, we can also

analyze the interaction of DI and Social Security. We leave these important questions to future research.
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A Data Appendix

A.1 Census Population Estimates

We constructed demographic variables using 2014 version of the Population Projections Program, obtained
from the U.S. Census Bureau. The Population Projections Program provides projected estimates of demo-
graphic compositions by age, sex, race, and ethnicity using the most recent decennial Census. The 2014
Population Projection is based on the 2010 Census, and the analysis was conducted in 2013 based on the

cohort method under the assumptions on future fertility, mortality, and migration rates.

FIGURE 16: POPULATION PROJECTION OF THE UNITED STATES

(A): POPULATION SIZE BY AGE (B): THE SHARE OF OLDER POPULATION

200
I
T
100

—— Working-age Population
——&—— Population Above Age 65

190
I
45

T
80
|

40

Population (Million)
180
|
Percent (%)
35

Population (Million)

T
60
|

30

170
L

25

160

=3

T T T T T T T T T

2010 2020 2030 2040 2050 2060 2010 2020 2030
Year

T T T
2040 2050 2060

ear

Note: Figure 16(a) illustrates the projected total population of working-age population (age between 25 and 65) and older population
(age between 65 and 100) of the U.S. based on the 2014 Census Population Projections Program. Figure 16(b) is the ratio of the
older population out of the total working-age population in percentage term.

A.2 Welfare Programs, Tax Credits and Potential Benefits

We only observe wages of workers who joined the labor force and employed. Therefore, we may under-
estimate the effects of health risks on hourly wage if we do not take into account individuals who opted
out of the labor force. To address this selection bias problem in our wage estimation, we adopt Heckman’s
Two-Stage Estimation (Heckman, 1979). In the first stage estimation, we run the following probit regression

using potential government transfers as our exclusion restriction:

Ly = Z{d +aDy + ¢Ti + v, (6)
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where L;; € {0,1} is an indicator variable of employment; T}; represents the vector of exclusion restric-
tions; and D;; is the dummy for individuals with work limitations. Using the estimates, we construct the
inverse Mills ratio \ = & (ﬁ) and include it in our second stage wage equation estimation along with other
regressors presented in (1). As we report in Table 14, the estimated coefficient of the inverse Mills ratio in
the second stage is positive and significant, indicating the existence of selection bias: the observed wages of
the disabled are from the right tail of the underlying wage offer distribution.

Exclusion restrictions are variables that influence labor market participation decision (L;:) but not affect
the wages individuals actually receive once we control for their participation decision (L;; = 1) as well
as other observable characteristics. Similar to Currie and Jonathan (1996) and Low and Pistaferri (2015),
we take the “potential benefits” from the government as well as its interaction with health status as our
exclusion restrictions. We compute the potential benefits for representative household to each federal or
state-level welfare programs in a given year. Unlike the actual transfer amounts, which are endogenous,
these potential benefits are exogenous by default.

Following Low and Pistaferri (2015), we construct a part of variables in T;; based on the following
welfare programs: Earned Income Tax Credit (EITC), Unemployment Insurance (UI), Food Stamps, Aid
to Families with Dependent Children (AFDC) and Temporary Assistance for Needy Families (TANF). We
also include potential tax credits in our exclusion restriction: American Opportunity Credit, Student Loan
Interest Deduction, and Home Mortgage Interest Deduction. We find that having a wide range of potential
benefits as our exclusion restrictions serve a better purpose as our research is studying both high school and

college graduates.'?

B Estimation of Wage Equation

B.1 Sample Selection and Variable Construction

We use PSID as our main source of data for wage process estimation. Our sample consists of individuals
in working age between 25 to 65, both male and female in all education level. We exclude observations
missing key information on disability status. We take the self-reported measure of disability questionnaire

in PSID as our main indicator of health status. We also drop observations missing key information such as

BLow and Pistaferri (2015) focused on samples with high school education to study tradeoffs between welfare benefit from
disability insurance and its costs from limiting work-incentives.
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age, schooling, years of experience if we couldn’t fill the gaps even after exploring the past observations in
panel data.

One of the key variables in our empirical analysis is the years of work experience. Following Jeong,
Kim and Manovskii (2015), we take the basis years which PSID directly asked the years of prior work and
construct the experience variable by adding experience once an individual worked at least 750 hours per
year.'* Similarly, when we observe an individual with his first experience variable larger than one when
he is older than 18, we construct the experience variable backward in time for his younger working life.
Starting from 1999, PSID surveyed samples from annual to biennial frequency. Accordingly, we adjusted

the gap and add two years of experience when he worked full time in the past year.

B.2 Selection Bias in Wage Estimation

As we describe in A.2, we address the selection bias in our wage equation estimation by taking the approach

of Heckman’s two-stage estimation.

4PSID asked the years of experiences in 1974, 1975, 1976, and 1985 for every heads and wives of households. In subsequent
sample years, PSID collects this information for new heads and wives.
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TABLE 13: FIRST-STAGE ESTIMATION RESULTS

(1) (2)
Disability Disabled —1.362*"" Moderate Limitation —0.614™*~
Status (0.100) (0.102)
Severe Limitation —1.526™"*
(0.158)
Demography  Years of schooling 0.047** Years of Schooling 0.047**
(0.006) (0.005)
Male 0.060"* Male 0.064**
(0.027) (0.027)
Black —0.051% Black —0.051%
(0.030) (0.030)
Married —0.004 Married —0.003
(0.023) (0.023)
Age —0.035™** Age —0.034™**
(0.005) (0.005)
Age? —0.0002** Age? —0.0003**
(0.0001) (0.0001)
Experience 0.258"** Experience 0.258"**
(0.008) (0.008)
Experience? —0.009""* Experience? —0.009™"*
(0.0005) (.0005)
Experience® 0.0001*** Experience® 0.0001***
(7.79e — 06) (7.74e — 06)
Exclusion Potential benefits —0.069"** Potential benefits —0.071""*
Restrictions (0.026) (0.026)
Potential benefit —0.290"*" Potential benefit —0.062
x Moderate Limitation (0.081) x Moderate Limitation (0.072)
Potential benefit 0.244™** Potential benefit —0.020
x Severe Limitation (0.110) x Severe Limitation (0.111)
Potential benefits 2 (housing) —0.025™** Potential benefits 2 (housing) —0.019""
(0.008) (0.008)
Potential benefit 2x Disability 0.075"** Potential benefit 2 0.033"*
(0.014) x Moderate Limitation (0.014)
Potential benefit 2 0.044"
x Severe Limitation (0.023)
Year Dummy Year Dummy Yes
State Dummy State Dummy Yes
R? 0.272 0.274
Number of observations 68,332 68,332

Note: Table 13 reports the estimated coefficients from the first stage of Heckman two-stage estimation. Other regressors include individual charac-
teristics such as age, experience, years of schooling, marital status, states as well as time-varying year dummies, male dummies, and race dummies.
Standard errors clustered at individual level and reported in parenthesis. *** p<0.01, ** p<0.05, * p<0.1
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TABLE 14: SECOND-STAGE WAGE ESTIMATION RESULTS

(1 2 @ 2
No Control Control No Control Control
Disability Disabled —0.151""* —0.258"* Moderate Limitation =~ —0.146™*" —0.209"*
Status (0.018) (0.033) (0.019) (0.026)
Severe Limitation —0.174** —0.411***
(0.039) (0.072)
Demography  Years of schooling 0.118™** 0.124™** 0.118™** 0.125"**
(0.003) (0.003) (0.003) (0.004)
Male 0.163**~ 0.162™* 0.163"* 0.162**~
(0.015) (0.015) (0.015) (0.015)
Black —0.179™** —0.185"** —0.179** —0.185"**
(0.030) (0.015) (0.015) (0.015)
Married 0.034™** 0.033*** 0.034*** —0.033
(0.011) (0.011) (0.011) (0.011)
Age 0.005" —0.001 0.005" —0.002
(0.005) (0.003) (0.003) (0.004)
Age2 —0.0002*** —0.0001** —0.0001** —0.0002"
(0.0001) (0.00006) (0.00006) (0.00006)
Experience 0.061"** 0.099"** 0.061"** 0.102***
(0.004) (0.009) (0.004) (0.011)
Experience2 —0.002*** —0.003 —0.002"** —0.003"**
(0.0002) (.0004) (0.0002) (0.0004)
Experience® 0.00002*** 0.00004™** 0.00002*** 0.00004™**
(4.00e — 06)  (5.24e — 06) (4.00e — 06)  (5.82e — 06)
Inverse Mills Ratio 0.297*** 0.325™**
(0.073) (0.087)
Year Dummy Yes Yes Yes Yes
State Dummy Yes Yes Yes Yes
R? 0.266 0.266 0.266 0.266
Number of observations 56,840 56,840 56,840 56,840

Note: Table 14 reports the estimated coefficients from the first stage of Heckman two-stage estimation. Other regressors include individual charac-
teristics such as age, experience, years of schooling, marital status, states as well as time-varying year dummies, male dummies, and race dummies.
Standard errors clustered at individual level and reported in parenthesis. *** p<0.01, ** p<0.05, * p<0.1
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TABLE 15: ACCEPTED WAGE VS. WAGE OFFER DISTRIBUTIONS

High School College
Non-Disabled Moderate  Severe Non-Disabled Moderate  Severe
Average wage of the employed 1.864 1.696 1.588 2.282 2.099 2.012
(0.698) (0.834) (0.993) (0.772) (0.790) (0.841)
Estimated mean wage 1.835 1.570 1.486 2.286 2.096 1.992
(0.334) (0.352) (0.321) (0.309) (0.302) (0.276)
Ratio between
97.1 88.2 90.3 100 99.7 98.0
offer-to-accepted wages (%)
Male Female
Non-Disabled Moderate  Severe Non-Disabled Moderate  Severe
Average wage of the employed 2.286 2.082 1.918 1.943 1.781 1.634
(0.762) (0.850) (0.866) (0.742) (0.787) (0.860)
Estimated mean wage 2.306 2.067 1.837 1.934 1.681 1.549
(0.321) (0.357) (0.362) (0.356) (0.386) (0.366)
Ratio between
102.0 98.5 92.2 99.1 90.5 91.9

offer-to-accepted wages (%)

Note: Table 15 reports the mean and standard variation of log hourly wage of the employed workers. Based on the PSID, the hourly
wage variable is computed by dividing the total labor income variable with the total annual working hours. We use sample periods
from 1984 to 2011, and converted wage variables into 2011 US dollars using the CPI. Observations include both man and woman
with any education level in working-age between 25 and 65, and considered being employed if their reported more than 500 annual
working hours. College graduates are those who received more than 12 years of education. Estimated wage offer statistics are
constructed based on the coefficients from the wage equation with Heckman’s two-stage linear regression. Both mean and standard

deviations are weighted using the individual weights.

FIGURE 17: DATA VS. SELECTION-CORRECTED WAGE DISTRIBUTION
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Note: Figure compares the wage distribution of individuals to the estimated wage offer distribution using the Heckman’s two-stage
correction.
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B.3 Nonlinear Wage Equation Estimation

The log-wage equation of our benchmark analysis is given by

. Mg (J, Tig, B
lnwijt = IIIRLt —|—ln/\L (j,.l‘it,hj) +ln <1 —i—HEth (eit)> —i—]HZz‘t +€ijt
s Lty Iy

where ¢;;; is classic measurement error.

A Two-Period Example: Illustration of Our Identification Mechanism We simplify our estimation

equation and present our identification mechanism using examples. We assume
07 () = exp (af +of'j) and ¢ (j) = exp (7 +B73).

If we model the endowment profile A\s (j) = As + Asj and g (0) = 0, then the nonlinear wage equation can

be further simplified to
nw}(e) = Ry +{of+aljf+ {Ano+ A} @
+In |1+ Igexp ; 53 — af} j‘f‘;)\E/L () | 9(e)
=§h

Table 16 shows that by comparing the difference in wages of workers by health status, we can identify the
coefficients for the impact of health on the labor,{ozZU } We can further proceed our example by solving the

wages of workers with one year of experience at j = 1 to illustrate identification of {@U }

TABLE 16: IDENTIFICATION OF THE LABOR PROFILES: AN EXAMPLE

o Characteristics Impact of disability on wage
Disability . Log-Wage U =
(age, experience) (ln w” —lnw )
Healthy (0,0) In Rz 4+ Aro (age, experience) Healthy
(1,0) InRr + Ao + ALt (0,0) (1,0)
Unhealthy (0,0) InRL + af + Ao Unhealthy  (0,0) af af — AL
(1,0) InRp +af +ai + Ao+ An (1,0) af +af +An1 af +af
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TABLE 17: IDENTIFICATION OF THE EXPERIENCE PROFILES: AN EXAMPLE

Characteristics Value of experience on wage

Disabilit Log-Wage
Y (age, experience) &g (ln wh . —1In w?l 0))

1,1

Healthy (1,0) InRp + Ao+ A1

InRp, 4+ Ao+ A1

+In (1415 (Ag/ro+Ag/p1) 9 (1)

Unhealthy (1,0) InRy +af +a¥ + Ao+ A1

In Ry, +a6] +oz%’ + Ao+ A

+1In (1 + g (§o + 61 +Ag/p0 +Ae/p1) 9(1))

In (1 + Iy ()\E‘/L,O +)\E/L,l) g(l))
(1,1)

11’1 (1 +HE (6() + 61 + )‘E/L,O + AE/L,l) g(l))
(L,1)

In general, the health premium within the same group of characteristics comes from two components:

Inw!l —InwY

= In(AL(j) + MAg (§) gle)) — In (Y AL(G) + Ag (5) dRg(e))

= In(\0) + MAg (7) g(e) — In <¢% {m) e (9) (2%) g(e)}>
= In(A(j) + MAp (§) g(e)) —Ingf —In (/\L(j) +1LAE (7) (2%) g(e)>

The constant term in the wage differential equation will identify the effect on the labor efficiency schedule.

The relative impact of health on experience compared to labor can be estimated using nonlinear MLE.

Estimation Results Table 18 reports the effects of health on labor and experience efficiency profiles based

on (1). The remaining parameter estimation results are reported in Table 19.

TABLE 18: EFFECTS OF HEALTH ON LABOR AND EXPERIENCE: ROBUSTNESS ANALYSIS

Individual characteristics Relative Efficiency (Non-Disabled = 1)
Disability Status ~ Education Labor Experience
Disabled high school 0.709 0.837
[0.57, 0.87] [0.58, 1.09]
college 0.575 0.917
[0.48, 0.68] [0.70, 1.13]
Number of obs. 56,840
R? 0.238

Note: Table 18 reports the estimated dﬁ;y’ which represents the relative shifts of Ag and Ay, by health realizations compared to those who remain
healthy. Other regressors include individual characteristics such as age, experience, marital status, as well as time-varying year dummies, male
dummies, race dummies, and annual dummies for return from school. Standard errors clustered at individual level and reported in parenthesis. ***
p<0.01, ** p<0.05, * p<0.1
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TABLE 19: COEFFICIENT ESTIMATES OF THE NONLINEAR WAGE EQUATION

Parameter description Coefficient
labor endowment profile High school )\gg -0.008
(InX; =32 Apn"t (0.013)
with s = H,C) Mg 0.0002
(0.0002)
College )\fﬁl 0.092
(0.145)
N 0.0003
(0.009)
A5 -0.00009
(0.0002)
experience endowment profile  High school )\fg -0.016
(InXgy =32 Apnj™t (0.012)
with s = H,C) Mg -0.00009
(0.0002)
College A1 -0.597"
(0.150)
Ao 0.018*
(0.010)
Afg  -0.0007*
(0.0002)
accumulation of experience 02 -0.016"
(gle)=e+ 0t _, 0ne™) (0.008)
03 0.00002
(0.0004)
04 3.26e-06
(5.31e-06)
Number of obs. 56,840
R? 0.238

Note: Table 19 reports the estimated endowment profiles, A g and Ay, by education group. Other regressors include individual characteristics, such
as regional dummies and marital status, as well as time-varying year dummies, male dummies, race dummies, and annual dummies for return from
school. Standard errors clustered at individual level and reported in parenthesis. *** p<0.01, ** p<0.05, * p<0.1

Finally, Figures summarize the changes in time-varying dummies for gender, race, and college educa-

tion.
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FIGURE 18: ESTIMATION RESULTS: TIME-VARYING DUMMIES
(A): GENDER DUMMIES
(B): RACE DUMMIES

(C): EDUCATION DUMMIES

Note:

B.4 A Model Comparison with Other Specifications
A Model Comparison with Card and Lemieux (2001) In Card and Lemieux (2001), the aggregate pro-
duction function takes separate factors by education group as its inputs:

Y = (H°+60C")»

where H and C' represent the total amount of labor supplied by the high school and college graduates,
respectively. They assumed the total amount of labor { and C would be characterized by its own education-

specific CES production function where each age-group functions its designated role:

=

1
p

H = Zajij and C = ZajC’]’?
J J

Instead of assuming that an individual in age j exclusively supplies age-specific factor, we follow the ap-
proach of Jeong, Kim and Manovskii (2015) and consider the case where individuals take his labor (/) and
experience (e). Therefore, the aggregate amount of I/ and C through the lens of Card and Lemieux (2001)

would be equivalent to the aggregation of these individual factor supplies:

H = FH (ZzZ})
c = FC<;zi,Zei>,

i

where F¥X is a education-group-level production function which translates labor and experience of the econ-

omy with same education to factor X. Suppose the production function of education production function
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satisfies the Euler theorem with homogeneous of degree 1. In this case,
x - (Teye)
i i
- (S0 Ta) e (e« e

= REx Y Li+RE x> e

where R and R% represent the first-order derivative with respect to labor and experience for education

group z. Using this expression, the aggregate production function can be written as
1
v = [{REL+REE"Y +0{R{LC + RGECY'|"

where LX = 3. 1; and EX = Y, ¢; in individuals in education group. In the labor market, individual-level

labor market income will be determined by the marginal productivity of his factor supplies:

%X% = UH'x RE = Py x RY
%X% = UH'x RE = Py xRE
ggxgg = 000’ ' x RY = Pox RY
ggxgg = 0UC* ' x R, = Pox RS,

where ¥ = (H? + 90”)1/'071, Py = VHP™! and P = 90 CP~L. Thus, the total labor market earning of

a person ¢ in education group X is
w¥ = Px{Rili+Rye;} = PxRF{l;+1T%¢;}

where II¥ represents the relative return of experience compared to labor as described in the main text. If

the production function of each education is also CES as in Card and Lemieux (2001),

H = (L' 4+ 7Em) and C = (LFC 4 gCENe)ic
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Under this assumption, the return of labor and experience can be written as

RE = (L 4o penyig " pra=l
RE = o (L 4 gt pror)in " a1
RS = (LM 4 g0 pre)ic ! o=t

RS = 6°(Lre 1 6Cpre)ic " prol,

X _ gx (EX\MXT! : . .
and II* =0 (L—X> . If the average endowment of labor and experience of age j and education  as

lx (j) and ex (j), then the college premium equation can be written as
wh Py {R{ 1y (j) + Rifen (j)}

In —F = In & : o -
w§ Pc{R{lc (j) + Riec (j) }

J
p H 4 C
= —ln9—|—<—1>ln LM 4 g7 pHH —<—1>ln LEe 4+ ¢ EHC
7% (H H) Ue (C C)

-1
+(pug—1)InLy — (pec—1)InLe +1n (lH (7) + oH <EH>H eH (]))

Ly
o—1
—In (lc (j)—i—ﬁc <§g>“ ec (]))

Therefore, the analysis of Card and Lemieux (2001) can be considered as a special case where each group

provides age-specific factor. For a two-period example with a young and old workers, the above equation

becomes
AN p pH | gH plu p ue | pC ke
n{-—c) = —o+ M—H—l In (L' + 07 E) — M—C—l In (LgE + 6° ELC)
Y
+(pg —1)InLy — (pc—1)InLe +In(lg) —In(lo)
H
In (Zg) = —1n9+(MpH—1> In (LY + 07 EfT) — (upc_l) In (LEC + 09 ELC)
o

+(pg—1)InLy — (uc—1)InLe
E pH—1 E ne—1
When a worker experiences health deterioration, we allow their labor and experience endowments can vary

by (Sf.

A Model Comparison with Low and Pistaferri (2015) Low and Pistaferri (2015) is one of the recent

papers evaluating the health risks on labor market income risks. Using the labor income growth rate as their
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measure, which is defined as the compound of both hours and productivity, they find substantial decline
in income growth is associated with the onset of disability among the workers with high school education
males. In this section, we provide interpretation of their wage equation estimation in our model framework
and compare their findings with our estimation results. The log-wage equation of Low and Pistaferri (2015)

is given as
mwy = XLB+ oLl + fi+ e + wir.

The coefficient ¢ captures the change in income when a worker’ health status changes to j: th = 1. Along
with the effect ¢, there is another mechanism that health influence worker’s labor income in their analysis:
individual’s fixed-type (f;) affects the probability that he experiences certain health status, Pr ( L;; = j| Lir—1 = k, f;).
They introduce productivity shock which is independent from health status ¢;; = €;;—1 + (;; and standard
measurement error w;;. The value of the unobserved heterogeneity fz is pinned once they estimate key

coefficients based on the differences in wage equations:
Alnw; = A (Xl(tﬁ + ngt + € + Wit) )

and g;y = A (ln Wit — X{tﬁ — @L{t) The series of residuals, g;; allows them to estimate the variance of
productivity shock (ag) as gi = Git + Awiy.

In our model representation, individual’s hourly wage is a function of (i) his idiosyncratic component;
(ii) the number of years of experience and his efficiency in translating his experience into human capital;

and (iii) the current labor endowment and his efficiency in translating it into human capital:
Inwy = XjB41Inf (hit) +Ing (e, hit) + vit,

where v is classic measurement error. When a worker experience a chance in health status, the total effects

in productivity is
A (lnf <hgt> +Ing (e,h{t)> +Avy = o+ (+ Aw.

Returning to the wage level-estimation, we can write the labor productivity of an individual with health
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status Lgt in two different ways:
ZQ’,k +ol,+fi = Inf (hgt; ¢JL> +1Ing (em hl,; qb]E)
k=0

On the left hand side, his labor productivity is summarized by the accumulation of health-independent
shocks up to ¢ — 1 periods and his newly realized health shock cpgt. On the right hand side, we have nonlin-
ear equation as a function of two coefficients, gbi and qﬁg. While we do not introduce unobserved ex-ante
heterogeneity in our model, we do explicitly consider the years of experience as additional source of in-
formation in estimation process. By doing so, our model can generate certain subset of workers exhibiting
higher productivity through out their working life compared to their less fortunate counterparts endoge-

nously.

C Computational Algorithms

TBA
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