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Introduction

In this paper we quantify the impact of health inequality on lifetime earnings inequality. In
particular, we assess how much of the variation in lifetime earnings among older individuals
in the United States (U.S.) is due to the fact that they face heterogeneous and risky life
cycle health profiles.
We also assess the relative contributions of five channels through which health may impact
individuals. First, poor health is associated with higher out-of-pocket medical expenses.
Second, it is associated with higher mortality risk. Third, individuals in poor health may
have a higher cost of working, both physically and psychologically. Fourth, poor health
may have direct negative impacts on labor productivity and wages. Finally, in the U.S.,
individuals who are not working and in poor health have a higher likelihood of being awarded
Social Security Disability Insurance (SSDI) benefits.
To quantify the impact of health inequality on lifetime earnings inequality, we build and
parametrize a heterogeneous agent life cycle model. Each of the five channels through which
health may impact individuals is present in the model. We find that health inequality has
a large effect on lifetime earnings inequality. If we give all individuals in the economy the
average life cycle health profile, the variance of log lifetime earnings at age 65 declines by
29 percent. Through a series of decomposition exercises, we find that the results are mainly
driven by a combination of the SSDI, productivity, and disutility channels. The fact that
individuals in poor health can obtain SSDI benefits has the largest impact, while the negative
impact of poor health on labor productivity has the second largest.
Having found that the SSDI program is the primary channel through which health inequality generates lifetime earnings inequality, we then ask whether individuals in our model
economy would be better off without it. We find that, even though the SSDI program increases inequality in earnings and consumption, it is welfare improving. Together with the
tax implications of re-balancing the government budget, long-run ex ante welfare falls by
0.84 percent if the program is removed. The negative welfare effects are due to welfare losses
of less educated individuals, while college graduates are slightly better off. Finally, we show
that, if anything, individuals would prefer if the SSDI program were more generous. Raising
SSDI benefit levels by 10 percent in the model increases ex ante welfare by 0.20 percent.
Our analysis employs a new objective measure of health status, called the frailty index.1
The frailty index is simply the accumulated sum of all adverse health events that an individual has incurred. Each health problem is referred to as a deficit. An important advantage of
the frailty index is that it measures health on a fine scale. There is significant variation in
frailty among working-age Americans. But, as we show in Hosseini et al. (2019), most of this
variation is concentrated among unhealthy individuals. In other words, the cross-sectional
distribution of frailty is highly-skewed. We document that, at any age, moving up along the
thin unhealthy tail of the frailty distribution is correlated with lower probabilities of being
employed and a higher probability of being on SSDI.
To start, we conduct an empirical analysis that is used to motivate and guide the development of our structural model. In particular, we use data from the Panel Study of Income
1

We are not the first study that uses the frailty index as a measure of health status. See Dalgaard and
Strulik (2014), Schünemann et al. (2017b), and Schünemann et al. (2017b,a) for other instances.
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Dynamics (PSID) and a dynamic panel data approach (see Blundell and Bond (1998)) to
estimate the impact of health on current earnings and its components: participation, hours
conditional on working, and wages. The fact that we can measure frailty on a finer scale
also means that we can treat it as a continuous variable. This is an attractive feature of the
frailty index for our empirical analysis because it allows us to use it to estimate the marginal
impacts of health on earnings and its components.
In our dynamic panel data estimation, we find that an incremental deterioration of health
(adding one more deficit to frailty) reduces earnings by 20 percent. The impact operates
primarily through the employment margin and is more pronounced among individuals who
are already in poor health and those without a college degree. In particular, we find no
statistically significant effect on hours conditional on working. The effects of frailty on
wages are smaller and only significant for individuals without a college degree. We also use
our dynamic panel estimator to estimate the causal effect of changes in earnings on frailty.
Controlling for age and fixed effects, we fail to find statistically significant effects both overall
and, on average, within the education and health groups we consider.
Using our empirical findings as a guide, we build a general equilibrium, life cycle model
featuring agents who experience heterogeneous and risky frailty dynamics over their life cycle
as well as productivity and employment risk. Agents jointly make consumption, savings, and
labor supply decisions in each period over their life cycle. Given our empirical findings, we
assume that individuals in the model only adjust labor supply on the extensive margin.
Working-age individuals can choose to work or exit the labor force and apply for disability
insurance. Retirement-age individuals can choose to work or retire. In the model, markets
are incomplete, but there exists a government that runs the disability insurance program, as
well as, a social security program, and a tax/transfer system.
Since we do not find any statistically significant effects of earnings on frailty, we do not
allow for such feedback effects in the model. Instead, we assume that individuals in the
model face exogenously-given frailty processes. An individual’s frailty affects their behavior
through five different channels: 1) mortality rates, 2) out-of-pocket medical expenditures, 3)
labor productivity, 4) probability of successful DI application, and 5) disutility from working.
We estimate the effect of frailty on the first three directly from the data. To estimate the
effect of frailty on productivity we use our dynamic panel data estimator and a selection
correction procedure proposed by Al-Sadoon et al. (2019).
The effects of the second two channels are pinned down using the model and a simulated
method of moments procedure. To disentangle the effect of the SSDI channel from that of
the disutility one we use the following strategy. We target the variation in SSDI recipiency
rates and labor force participation rates by frailty for 5-year age groups of individuals ages
25 to 64. However, we also target the dispersion in labor force participation rates by frailty
for individuals aged 65 to 84. The variation in labor force participation by frailty after age
65 cannot be directly due to the SSDI channel. In the U.S. after age 65 individuals can no
longer receive SSDI benefits. Instead, all individuals (regardless of their health status), are
eligible for social security retirement benefits. Thus, these additional moments pin down the
effect of frailty on the disutility of working. Since most of the variation in labor supply and
SSDI recipiency occurs in the unhealthy tail of the frailty distribution, the set of moments
targeted is concentrated in this tail.
To assess the quality of our baseline calibration we use a set of non-targeted moments.
3

The moments we focus on are the variation in labor force participation rates and SSDI
recipiency rates by education. We have three education groups in the model: high school
dropouts, high school graduates, and college graduates. We compare both the aggregate
labor force participation rates and SSDI recipiency rates by education in the model to the
data and the variation in these rates by frailty and age within each education group. The
model is able to replicate the patterns in these rates observed in the data.
We use the calibrated model to run the following counterfactual experiment. We assign
the average age profile of frailty to all individuals in the model and compare the variance of log
lifetime (cumulative) earnings in the counterfactual model to that in the baseline. Removing
health inequality in this way reduces the variance of log lifetime earnings by 13 percent at
age 45, 27 percent at age 55, 29 percent at age 65, and 21 percent at age 75. Inspection of the
ratios of lifetime earnings at the 5th, 10th, 90th and 95th percentiles relative to the median
reveals that the impact of health inequality on lifetime earnings inequality is concentrated
in the bottom of the income distribution.
Then we conduct a series of counterfactual exercises to explore the relative importance
of the various channels through which health operates in the model. In each experiment we
turn off the effect of frailty only in one channel. We find that, at younger ages, the decline in
lifetime earnings inequality when we remove health inequality is primarily due to the labor
productivity channel. However, at older ages, it is primarily, and largely, due to the DI
channel. Relative to the labor productivity and DI channels, the other three channels have a
relatively small impact. In particular, the effect of frailty on disutility of work does not seem
to be an important determinant of how health affects labor supply and earnings inequality.
The reason why the primary channel through which health inequality operates differs by
age is as follows. In the baseline economy, poor health negatively impacts the productivity
of less-educated workers only. As a result, using the average frailty profile to determine
individuals’ labor productivity reduces lifetime earnings inequality at all ages. In contrast,
assuming that DI eligibility is determined by the average frailty profile, has two effects.
One, it reduces the incentive for frail young individuals to work. They no longer have a high
probability of getting on DI when older. Thus, instead of accumulating lifetime earnings
to increase their expected future DI benefits, they prefer to avoid the disutility of work
and rely on means-tested welfare programs. Two, it increases the labor supply of older
frail individuals. These individuals no longer have a high probability of getting DI either,
but, because they have more accumulated wealth, they are less likely to obtain means-tested
benefits if they stop working. Thus, they prefer to work until retirement age. The importance
of the second effect grows larger with age making the DI channel the most important channel
through which health inequality increases lifetime earnings inequality from age 55 on.
Finally, we explore the welfare implications of changes to the SSDI program. Removing
the SSDI program reduces ex ante welfare, despite increasing aggregate output and consumption and reducing earnings inequality. The ex ante welfare loss is due to highly frail
less educated workers who have low labor productivity and high disutility from work. Without the SSDI program, they choose between increased dependence on means-tested transfers
for consumption or working more despite the high utility costs and relatively low returns.
Our paper belongs to the growing literature that uses rich life cycle models to study the
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aggregate and distributional economic impacts of health status and health expenditures.2
Two closely related papers are Capatina (2015) and Low and Pistaferri (2015). Capatina
(2015) studies the effect of poor health on labor supply using a life cycle framework that is
similar to ours. The most important difference between our study and hers is that we explicitly model SSDI and the incentive effects it has on labor supply. This allows us to disentangle
the increased disutility of working effect of declines in health from the increased SSDI access
effect. We find that increased access to SSDI is the most important channel through which
health inequality impacts lifetime earnings inequality. Unlike Capatina (2015), we find that
the effect of health on preferences only plays a small role. Low and Pistaferri (2015) develop
a life cycle model similar to ours but for a different purpose. While we focus on health and
earnings inequality, they study the impact of reforms of SSDI and means-test welfare programs on welfare and behavior. Our findings on the welfare implications of cutting/raising
SSDI benefits by 10 percent are consistent with their analysis.
Other related papers which focus on the SSDI program include Kitao (2014) who studies the joint effect of SSDI benefits and Medicare eligibility on SSDI recipiency and labor
supply and Michaud and Wiczer (2017) who use a model to measure the impact of health
deterioration and concentration of health risks within certain occupations on SSDI claims.
Also, Kim and Rhee (2020) who study the impact of temporarily restricting access to SSDI
in a model where agents have heterogeneous human capital and Aizawa et al. (2020) who
derive an optimal disability policy in a model where firms strategically vary access to work
flexibility in order to screen out disabled workers.
Our paper is also related to the empirical literature that estimates the effect of health
and SSDI recipiency on employment and earnings. For instance, Blundell et al. (2017)
find that 15 percent of the decline in employment from age 50 to 70 is due to declines
in health in the US and UK. Similar to us, they find the effect to be larger among less
educated workers. Bound et al. (1999) show that deteriorating health is associated with
declines in labor force participation using the Health and Retirement Study. Meyer and
Mok (2019) find that the prevalence of disability in the U.S. is high and correlated with poor
economic outcomes including lower earnings and labor supply. Autor and Duggan (2003)
document that the labor force participation rates of high school dropouts are responsive to
the stringency and generosity of the SSDI program and Maestas et al. (2013) show that the
labor force participation rates of marginal SSDI applicants are sensitive to successful benefit
receipt.3
The remainder of the paper is organized as follows. In Section 2 we document empirical
facts on the relationship between health status and earnings. These facts are used to guide
the development of the model we present in Section 3. The calibration of the model is
outlined in Section 4. In Section 5 we assess the model’s ability to replicate non-targeted
moments. Section 6 reports the results of our quantitative exercise and Section 7 concludes.
2
See French (2005), De Nardi et al. (2010), De Nardi et al. (2017), Suen (2006), Kopecky and Koreshkova
(2014), Zhao (2014), Ozcan (2013), Braun et al. (2015), Imrohoroglu and Zhao (2018), and Prados (2017),
among others.
3
See also Garcı́a-Gómez et al. (2013), Lundborg et al. (2015), Dobkin et al. (2018), Heinesen and
Kolodziejczyk (2013), Jeon (2017) and Pohl et al. (2013) who use specific health events to estimate the
effect of health on labor market outcomes.
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2

Empirical Facts on Health and Earnings

We start by documenting some empirical facts on the relationship between health status
and earnings that we use to guide the development of our structural model. However, first,
we need to introduce and motivate our measure of health status: the frailty index. This
brief overview draws heavily on Hosseini et al. (2019) which includes additional details on
the properties of the index and provides an extensive comparison between it and other
commonly-used measures of health.

2.1

Frailty index as a measure of health status

As individuals age they develop an increasing number of health problems, functional impairments, and abnormalities. Some of these conditions are rather mild (e.g., reduced vision)
while others are serious (e.g., heart disease). However, as the number of these conditions
rises, the person’s body becomes more frail and vulnerable to adverse outcomes. We refer to
each of these conditions as a deficit. In their pioneering work, Mitnitski et al. (2001) and Mitnitski et al. (2002) demonstrated that the health status of an individual can be represented
by an index variable, called the frailty index, which summarizes the individual’s accumulated
deficits. The index is constructed as the ratio of deficits a person has accumulated to the
total number of deficits considered. For example, if 30 deficits were considered and 3 were
present for a person, that person is assigned a frailty index of 0.1.4
We use three datasets to quantify the impact of health inequality on lifetime earnings inequality: the Panel Study of Income Dynamics (PSID), Health and Retirement Study (HRS)
and Medical Expenditure Panel Survey (MEPS). To construct frailty indices for individuals
in each dataset we use health deficit variables from three broad categories: restrictions and
difficulties in Activities of Daily Living (ADL) and Instrumental ADL (IADL); mental and
cognitive impairments; and medical diagnosis and measurements. Examples of deficits in the
first category are difficulty eating, dressing, or walking across a room without assistance. Examples from the second category are cognitive and memory test scores from tests of abilities
such as backwards counting and immediate word recall. Examples from the third category
are having received a diagnoses of high blood pressure, diabetes, or obesity.
We use the frailty index to measure health for our analysis because it has several attractive
properties for studying individuals’ life-cycle health dynamics and their implications. First,
despite its simplicity, it is well documented in Gerontology that the index is highly predictive
of health outcomes. Mitnitski et al. (2004) (among others) have found that having a higher
frailty index is associated with a higher likelihood of an adverse health outcome, such as
death or institutionalization.5
4

We show in Hosseini et al. (2019) that the properties of the index are robust to principal component
weighting. One could come up with many other alternative weighting schemes. However, equal weighting is
simple and works well. This may be, at least in part, because individuals with more severe conditions are
likely to have more total deficits. For instance, consider two individuals with cancer. The one with a more
serious case will likely also report limitations with ADL’s and IADL’s.
5
See also Searle et al. (2008); Rockwood and Mitnitski (2007), Rockwood et al. (2007), Mitnitski et al.
(2001), Mitnitski et al. (2005), Kulminski et al. (2007a), Kulminski et al. (2007b), Goggins et al. (2005), and
Woo et al. (2005).
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Table 1: Frailty Summary Statistics in our PSID Sample
Mean
0.11
by age:
25-34 0.07
35-44 0.09
45-54 0.11
55-64 0.15

Median
Standard Deviation
+∆ Frailty
−∆ Frailty
Effect of 1 additional deficit

0.07
0.11
0.29
0.13
+0.037

Second, the frailty index measures health at a fine enough level that it can be treated
as a continuous variable. This is a desirable feature for two reasons. One, it allows us to
quantify the impact of marginal changes in frailty on economic outcomes as we do in our
empirical analysis below. Two, the distribution of frailty is significantly right-skewed. In
others words, there is substantial variation in the extent of poor health among individuals in
the unhealthy right-tail. As we will show below, the impacts of declines in health on earnings
and labor supply are concentrated in this unhealthy tail of the distribution. Targeting this
variation when calibrating our structural model is important for accurately quantifying the
impact of health on lifetime earnings inequality but doing so requires having a sufficiently
fine measure of health.

2.2

Empirical strategy to estimate health effects

In this section we document some empirical facts on the relationship between frailty and
earnings that are used to develop our structural model. To this end, we estimate the effect
of frailty on current earnings and assess the relative importance of the three margins through
which the effect may operate: labor force participation, hours conditional on working, and
wages.
The sample we construct to conduct our analysis is based on the eight waves of the PSID
covering the period 2002–2016.6 Our extended PSID sample consists of household heads and
spouses ages 25 to 94. However, we restrict the sample to ages 25 to 64 for the dynamic
panel analysis. Table 1 provides summary statistics on frailty for individuals in the dynamic
panel sample.7 Notice that the cross-sectional distribution of frailty is right-skewed and
mean frailty increases with age. We use 27 deficit variables to construct the frailty index
in PSID. Thus, incurring one additional deficit increases one’s frailty index by 1/27 or 3.7
percent. Wave-to-wave changes in frailty occur for 42 percent of the sample on average, 69
percent of which are increases.
Figure 1 shows the raw correlations of frailty with earnings, participation, hours conditional on working, and wages by 5-year age groups for individuals aged 25 to 74.8 The
6

We start our sample in 2002 because the PSID did not collect enough information on individuals’ medical
conditions, ADL’s, and IADL’s prior to the 2003 wave to construct frailty indices. The PSID is biennial over
this period.
7
Additional details on sample selection and summary statistics can be found in Section 1 of the Online
Appendix.
8
Earnings are annual labor earnings where labor earnings of non-workers are set to zero. Individuals are
counted as participating in the labor force if they worked at least 260 hours during the year at a wage of at
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Figure 1: Raw correlations of earnings (top left), participation (top right), hours conditional
on working (bottom left), and observed wages (bottom right) with frailty for 25 to 74 yearolds by five-year age groups. Data source: 2003–2017 PSID.
figure shows that frailty and earnings are negatively correlated at all ages. The negative
correlation is u-shaped over the life cycle with the magnitude peaking during the fifties.
Notice that this negative correlation is due to a negative correlation between frailty and all
three components of earnings (participation, hours, and wages). However, of the three, the
correlation between frailty and participation is the largest and follows a similar life cycle
pattern to that of earnings.
How much of the negative correlation between frailty and earnings is driven by declines
in health generating declines in earnings and how important are the various margins? To
answer this question, we now use a dynamic panel approach to estimate the causal impacts
of frailty on earnings, hours and wages. We estimate the following statistical model
yi,t = bi + γfi,t + α1 yi,t−1 + α2 yi,t−2 + δZ i,t + εi,t ,

(1)

in which yi,t is the logarithm of either earnings, hours, or wages for individual i at time t.
fi,t is frailty and Z i,t is a vector of exogenous controls that includes marital status, marital
least $3 per an hour. Annual hours worked are calculated as weekly hours times weeks worked. Wages are
constructed by PSID using annual labor earnings and annual hours worked.
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status interacted with gender, number of kids, number of kids interacted with gender, year
dummies, and a quadratic in age.9 Finally, bi is the individual fixed effect and εi,t is a random
error term with
E[bi ] = E[εi,t ] = E[bi εi,t ] = 0.
Individuals vary in unobservable ways (such as innate ability) that could potentially be
correlated with both their earning ability and frailty. This motivates the inclusion of a fixed
effect in equation (1).10
We are interested in estimating the impact of frailty on earnings. However, earnings
may also impact frailty. Declines in health may affect productivity and lead to lower wages
(or loss of employment). Yet, lower income (or loss of employment) may negatively impact
health through its impact on mental health, access to health insurance, or choice of medical
care. Moreover, both earnings and frailty are highly persistent variables. In other words, we
are concerned about simultaneity but also dynamic endogeneity: past earnings are correlated
with current earnings but may also be correlated with both past and current frailty. This
concern is the reason why we use a dynamic panel data approach. We need to include lagged
values of earnings on the right-hand-side in equation (1).
It is well known that equation (1) cannot be consistently estimated using OLS or fixed
effect estimators (see Nickell (1981) and Wooldridge (2010) for details). Therefore, to obtain
a consistent and unbiased estimate of the effect of frailty on earnings we use a dynamic GMM
panel estimator. This class of estimators was introduced by Holtz-Eakin et al. (1988) and
Arellano and Bond (1991), and further developed by Blundell and Bond (1998) (and many
others).11
The basic estimation procedure consists of two steps. The first step is to write equation
(1) in first difference form:
∆yi,t = γ∆fi,t + α1 ∆yi,t−1 + α2 ∆yi,t−2 + δ∆Z i.t + ∆εi,t

(2)

which eliminates time-invariant unobserved heterogeneity. The second step is to use lagged
values of the left-hand-side variable, frailty, and the endogenous controls in levels as ‘internal’
instruments and estimate equation (2) using GMM. As we argued above, lagged values of
frailty and earnings are predictors of current levels of earnings and frailty. Therefore, they
provide sources of variations for current values. However, for instruments to be valid, the
past levels of earnings and frailty must be uncorrelated with εi,t . In other words, the following
9

We have also experimented with making marital status, marital status interacted with gender, number
of kids, and number of kids interacted with gender endogenous and found that it does not have a significant
impact on any of our results.
10
The individual fixed effect controls for any non-time-varying heterogeneity across individuals including,
for example, differences in gender and education. While we have done are best to include all relevant controls,
we cannot completely rule out the possibility that we have omitted time-varying variables that are correlated
with both frailty and are left-hand-side variables.
11
Dynamic panel estimators are widely used in many areas of economics and finance. Examples include
the effect of board structure on firm performance (Wintoki et al. (2012)), capital accumulation and firm
investment (Whited (1991)), the sensitivity of firm investments to available internal funds (Bond and Meghir
(1994)), economic growth convergence (Caselli et al. (1996)), estimation of a labor demand model (Blundell
and Bond (1998)), the relation between financial intermediary development and economic growth (Beck et al.
(2000)), and the diversification discount (Hoechle et al. (2012)), among many others.
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orthogonality or moment conditions must hold
E (yi,t−s ∆εi,t ) = E (fi,t−s+2 ∆εi,t ) = 0,

for ∀s > 3.

(3)

Using the moment conditions in equation (3) we can estimate equation (2) via GMM.
However, there are still a few shortcomings. For example, differencing can reduce variation in explanatory variables and therefore reduce accuracy of estimates (see Beck et al.
(2000)). Moreover, as Arellano and Bover (1995) point out, variables in levels may be weak
instruments for first-differences. This is especially true for highly persistent variables.12 To
mitigate these shortcomings, we follow Blundell and Bond (1998) and Blundell and Bond
(2000) and improve the GMM estimator by jointly estimating the equation in levels and
the equation in first-differences. Lagged first-differences are used to instrument levels. More
precisely, we stack levels and first differences in the following equation










yi,t
fi,t
yi,t−1
yi,t−2
Z i.t
= γ
+ α1
+ α2
+δ
+ εi,t ,
(4)
∆yi,t
∆fi,t
∆yi,t−1
∆yi,t−2
∆Z i.t
which we can estimate using the “system” GMM estimator. Note, however, that the estimation drops the fixed effect from the levels equation. As a result, for first differences to be
valid instruments of the levels, the following additional orthogonality conditions must hold
E (∆yi,t−s (bi + εi,t )) = E (∆fi,t−s+2 (bi + εi,t )) = 0,

for ∀s > 3.

(5)

To summarize, we carry out GMM panel estimation using the orthogonality conditions
(3) and (5). These conditions imply that we can use lagged levels of our endogenous regressors (yi,t and fi,t ) as instruments for our differenced equations and lagged differences
as instruments for the levels equations, respectively. Given the concerns about instrument
proliferation and overfitting discussed in Roodman (2009) we do not use all the available
lags as instruments. Instead, we use only the fourth and fifth lags for the regressions that
include everyone in the sample. To obtain valid instruments for the regressions that are run
only on workers requires us to go back further in lag length. Thus, for these regressions we
use the fifth and sixth lags. In addition, in all regressions run, we restrict the coefficients on
the lags to be the same at each time t by collapsing the instrument matrix.13
Following the recommendations in the literature by Roodman (2009), Bond (2002) and
others, we conduct several tests of our specification, approach, and instrument set. In the
tables that follow, we report test statistics for two sets of tests.14 First, we report the results
of the tests for first and second-order serial correlation in the residuals of the difference
equation. By construction, the residuals of the first-differenced equation should possess firstorder serial correction. However, if the assumption of serial independence in the errors in the
12

As an stark example, imagine a random walk process. In that case, past levels are uncorrelated with
first differences.
13
This increases the power of the Hansen-Sargan test for over-identification.
14
In Section 2 of the Online Appendix we show the results of additional tests and robustness checks
including robustness checks to the number of instruments used, results from difference-in-Hansen tests on
subsets of instruments in the levels equation, results of instrument power tests, and a comparison of our
dynamic panel GMM estimates to both estimates obtained using an OLS estimator and a within groups
(FE) estimator.
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levels equation is correct, the first-differenced residuals should not exhibit significant AR(2)
behavior. Thus, if we pass the test for second-order serial correlation, it means that we have
included enough lags to control for the dynamic aspects of our empirical relationship. As a
result, any historical value of earnings beyond those lags is a potentially valid instrument
since it will be exogenous to current earning shocks.
The second set of tests statistics we report are tests of the validity of our instruments. The
system is over-identified in that we have more instruments than we do endogenous regressors.
We conduct a Hansen-Sargan test and report the Hansen J-statistic. The Hansen J-statistic
is distributed χ2 under the null hypothesis that there is no correlation between the error
terms and the instruments. Finally, we report the test statistic for the difference-in-Hansen
test that our lagged first-difference instruments are uncorrelated with the fixed effects. This
must hold for lagged first-differences to be valid instruments of the endogenous variables in
the levels equation since the fixed effect is still in the error term.15

2.3

Estimation results

We now present the results from our dynamic panel estimation. We report two sets of
estimation results that highlight the differences in the effect of changes in frailty on the
intensive versus the extensive margin of labor supply. The first set shows the results from
estimating equation (1) for everyone in our PSID sample, regardless of their labor force
participation status.16 The second set reports results only for those who are working in all
periods we observe them. To aid in the interpretation of their magnitude, we report all the
estimated frailty effects (and their standard errors) as the impact of the accumulation of one
additional deficit. To achieve this, we rescale all the coefficients on terms involving frailty
by 1/27.17 For instance, the third row of column (1) in Table 2 reports γ/27.
Table 2 reports the results from our system GMM estimation of equation (1) where the
left-hand-side variable is log earnings. Columns (1) through (4) show the regression results
for the entire sample. Columns (5) through (8) show results only for workers. Notice that
the p-values from the AR(2), Hansen, and difference-in-Hansen tests are all above 5 percent.
Thus, we cannot reject the nulls of no second-order serial correlation in the error terms and
instrument validity.
As column (1) of Table 2 indicates, frailty has a large and statistically significant effect
on earnings. Accumulating one more deficit reduces earnings, on average, by 20 percent.
However, as column (5) shows, the effect of accumulating one additional deficit is much
smaller when conditioning on those who continue to work. For workers, the overall effect is
a 4 percent decline and is borderline significant. These findings suggest that, consistent with
the magnitudes of the raw correlations in Figure 1, the effects of frailty on earnings are due
primarily to the extensive margin (of unhealthy workers leaving employment), rather than
the intensive margin (of unhealthy workers working fewer hours or receiving lower wages).18
15

There can still be correlation between the levels and the unobserved effects but this correlation must be
constant over time.
16
To take logarithms, we shift all observations of annual earnings up by $1.00.
17
Recall that in our PSID sample we have a total of 27 potential deficits so accumulating one more deficit
1
is equivalent to an increase in frailty by 27
.
18
Since exit from the labor force due to bad health is likely often permanent, we focus our discussion on
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Table 2: Effect of Frailty on Earnings
Everyone

Workers

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

log(earningst−1 )

0.283
(0.364)

0.370
(0.319)

0.220
(0.362)

0.628**
(0.291)

1.474***
(0.509)

1.371***
(0.400)

1.293***
(0.410)

1.127***
(0.302)

log(earningst−2 )

0.396
(0.298)

0.318
(0.259)

0.444
(0.297)

0.115
(0.239)

-0.640
(0.454)

-0.569
(0.356)

-0.498
(0.377)

-0.308
(0.273)

frailtyt

-0.199***
(0.061)

-0.036**
(0.017)

frailtyt × HSD

-0.232***
(0.066)

-0.068**
(0.030)

frailtyt × HS

-0.207***
(0.058)

-0.046***
(0.002)

frailtyt × CL

-0.093*
(0.052)

-0.021
(0.018)

frailtyt × Good Health
frailtyt × Bad Health

-0.071
(0.178)

-0.065
(0.066)

-0.193***
(0.065)

-0.036**
(0.017)

frailtyt × Young

-0.185***
(0.066)

-0.061**
(0.025)

frailtyt × Old

-0.149***
(0.049)

-0.011
(0.014)

Controls
Observations

YES
64,965

YES
64,965

YES
64,965

YES
64,965

YES
34,274

YES
34,274

YES
34,274

YES
34,274

AR(1) test (p-value)
AR(2) test (p-value)
Hansen test (p-value)
Diff-in-Hansen test (p-value)

0.455
0.380
0.796
0.652

0.319
0.474
0.132
0.360

0.497
0.298
0.826
0.827

0.104
0.949
0.752
0.464

0.030
0.130
0.434
0.255

0.010
0.082
0.826
0.484

0.021
0.138
0.543
0.259

0.008
0.160
0.465
0.214

Notes: Columns (1)–(4) show regression results for the entire sample, regardless of employment status. Columns (5)–(8) show
results conditional on continued employment. All the frailty effects are reported as the effect of one additional deficit. All
regressions include controls (marital status, marital status interacted with gender, number of kids, number of kids interacted
with gender, year dummies, and a quadratic in age). ‘HSD’ is high school dropout, ‘HS’ is high school graduate, and ‘CL’ is
college graduate. ‘Good/Bad Health’ is frailty below/above the 75th percentile. ’Young/Old’ are individuals younger/older
than 45 years of age. Standard errors are in parenthesis. *p < 0.1; **p < 0.05; ***p < 0.01.

Columns (2) and (6) of Table 2 show how the effects of frailty on earnings differ by
education groups: high school dropouts (HSD), high school graduates (HSG), and college
graduates (CL). Looking at column (2), frailty has a large and strongly significant effect
on the earnings of high school dropouts and those with no more than a high school degree.
However, the effect is smaller and less significant for college graduates. One additional deficit
reduces the earnings of high school dropouts, high school graduates, and college graduates
by 23, 21, and 9 percent, respectively. Among workers, the effects by education group are
considerably smaller and the levels of significance are lower. For instance, accumulating
one more deficit reduces the earnings of high-school dropout workers by 7 percent and the
earnings of high-school graduates by 5 percent.
Columns (3) and (7) of Table 2 show results by health status. Column (3) shows that
frailty has a significant and large effect on the earnings of individuals with bad health. Here,
the estimated short-run effects of frailty on earnings and not longer-run effects due to earnings persistence.
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individuals with bad health are those with a value of frailty above the 75th percentile of the
overall frailty distribution. For these individuals one more deficit leads to a 19 percent drop
in earnings. The effect for individuals with good health (those with a value of frailty at or
below the 75th percentile) is small and insignificant. Once we restrict the sample to workers,
the coefficient on frailty interacted with bad health becomes substantially smaller and less
significant. These results show that the negative effects of frailty on earnings are primarily
due to exit from the labor force in response to additional health declines by individuals who
are already in poor health.
Finally, columns (4) and (8) of Table 2 show the effects by age groups. Somewhat
surprisingly, the effects of frailty on earnings are slightly smaller for those older than 45 than
those younger than 45. One additional deficit reduces earnings of the young by 18 percent
and earnings of the old by 15. In addition, once the sample is restricted to only those who
continue to stay employed, the effect is only significant for younger workers. These estimates
reveal that the effect of health on earnings for older workers operates primarily through the
extensive margin. In contrast, there are potential effects operating through the intensive
margin for younger workers. This suggests that, relative to older workers, younger workers
may be more willing to continue working despite incurring reductions in labor earnings due
to poor health.
The results in Table 2 tell us that frailty has a large and significant effect on the earnings
of low educated individuals and those with bad health. They also indicate that the effect
is mainly along the extensive margin. The impact on earnings of workers is either not
significant or is relatively small. However, these results do not tell us whether the impacts
on workers come from hours or wages, or both. To better understand how frailty affects
hours and wages of workers, we repeat the same regressions but replace the independent
variable with hours and/or wage. The results of these regressions are reported in Table 3.
The left panel in Table 3 (Panel A) shows the estimated effects of frailty on hours worked.
The results in columns (1) to (4) show that, for the entire sample, the impact of accumulating
one additional deficit on hours is very similar to the impact on earnings. Overall, accumulating one more deficit cause a 14 percent drop in hours. As with earnings, high school
dropouts and those in bad health experience the largest declines in hours. College-educated
and those in good health have the smallest impact.
Columns (5) through (8) of the table show the effect of frailty on hours for workers only.
Note that we do not find any evidence of a significant effect either overall or in any of the
subgroups we consider. This indicates that the impact of frailty on hours worked is almost
entirely through exit from employment (as opposed to adjustment of working hours). In
other words, if an adverse health event does not drive a worker out of employment, there
will be no adjustment in hours worked, even among the high school dropouts (who experience
the largest decline in earnings while working).
The right panel in Table 3 (Panel B) shows regression results for the effect of frailty
on wages of workers. On average, one more deficit reduces wages of workers by 2 percent.
The effect is negative for all three education groups but decreases with education and is
only significant for less educated workers (those without a college degree). Of all subgroups
we consider, the effect is largest for the high school dropout group. One additional deficit
reduces their hourly wages by 7 percent. Notice that the effects on wages are very similar in
magnitude to the effects on earnings of workers reported in Table 2.
13
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(3)

0.043
0.706
0.811
0.545

0.409
0.273
0.060
0.080

0.286
0.572
0.166
0.062

0.335
0.312
0.174
0.108

0.180
0.642
0.051
0.037

0.651
0.454
0.085
0.044

0.518
0.189
0.374
0.145

YES
34,170

0.600*
(0.328)

0.122
(0.368)

-0.008
(0.011)

-0.033***
(0.011)

-0.069***
(0.023)

(2)

(3)

0.552
0.474
0.207
0.082

YES
34,170

0.461
(0.419)

0.303
(0.449)

-0.022*
(0.012)

0.013
(0.062)

Workers

0.362
0.734
0.170
0.104

YES
34,170

0.272
(0.359)

0.511
(0.399)

-0.015
(0.011)

-0.041**
(0.017)

(4)

Notes:Panel A (left) shows regression results for the effect of frailty on hours worked. Columns (1)–(4) show regression results for the entire sample, regardless of employment
status. Columns (5)–(8) show results conditional on continued employment. Panel B (right) shows regression results on the effect of frailty on wage for workers only. All the
frailty effects are reported as the effect of one additional deficit. All regressions include controls (marital status, marital status interacted with gender, number of kids, number
of kids interacted with gender, year dummies, and a quadratic in age). ‘HSD’ is high school dropout, ‘HS’ is high school graduate, and ‘CL’ is college graduate. ‘Good/Bad
Health’ is frailty below/above the 75th percentile. ’Young/Old’ are individuals younger/older than 45 years of age. Standard errors are in parenthesis. *p < 0.1; **p < 0.05;
***p < 0.01.

0.289
0.565
0.838
0.713

0.287
0.596
0.971
0.944

AR(1) test (p-value)
AR(2) test (p-value)
Hansen test (p-value)
Diff-in-Hansen test (p-value)

0.290
0.569
0.317
0.597

YES
34,170

YES
34,274

-0.023**
(0.010)

YES
64,965

0.005
(0.010)

-0.011
(0.014)

0.254
(0.246)

(1)

Controls
Observations

YES
34,274

0.001
(0.010)

-0.002
(0.034)

0.282
(0.219)

(8)
0.382
(0.318)

0.532
(0.489)
YES
34,274

0.009
(0.009)

0.001
(0.010)

-0.001
(0.013)

0.168
(0.221)

(7)
0.040
(0.311)

log(waget−2 )
YES
34,274

0.003
(0.009)

0.304
(0.218)

(6)
0.074
(0.313)

0.212
(0.541)

YES
64,965

(5)
0.003
(0.345)

Workers

Panel B. Wage regression

log(waget−1 )

-0.116***
(0.035)

0.048
(0.206)

frailtyt × Old

YES
64,965

(4)
0.669***
(0.257)

-0.132***
(0.049)

-0.137***
(0.046)

-0.082
(0.041)

0.272
(0.253)

0.386
(0.317)

frailtyt × Young

frailtyt × Bad Health

YES
64,965

-0.082**
(0.041)

frailtyt × CL

frailtyt × Good Health

-0.159***
(0.045)

frailtyt × HS

0.269
(0.253)

-0.177***
(0.049)

-0.144***
(0.044)

(2)
0.383
(0.319)

frailtyt × HSD

frailtyt

0.263
(0.257)

log(hourst−2 )

(1)
0.399
(0.322)

log(hourst−1 )

Everyone

Panel A. Hours regression

Table 3: Effect of Frailty on Hours and Wage

Finally, as we mentioned above, it is possible that, while changes in health impact earnings, changes in earnings also impact health. In Section A.1 of the Appendix, we explore
this possibility empirically. Specifically, using our dynamic panel estimation procedure, we
run a similar set of regressions to those in Table 2 except with frailty on the left-hand-side
and log earnings on the right-hand-side. In all cases, controlling for age and fixed effects, we
find no evidence of a statistically significant effect of changes in earnings on frailty, either
overall or in any of the subgroups considered.19
To summarize, our empirical analysis yields the following five findings. One, rises in
frailty significantly reduce earnings and hours worked. Two, this effect is mainly due to
the extensive margin. Three, the effect is concentrated among less educated individuals and
those already in poor health. Four, rises in frailty also reduces wages of workers without
a college degree. Five, there is no evidence of significant effects of changes in earnings on
health.
These findings suggest that health inequality may be an important source of lifetime
earnings inequality. Moreover, the fact that the impact works primarily through the participation margin, suggests that the SSDI program may be an important factor driving this
effect. Highly frail individuals have an increased likelihood of obtaining SSDI benefits and
SSDI application and recipiency generates strong work disincentives. Individuals who apply
for SSDI must be unemployed or have very low earnings, lower than the substantial gainful
activity (SGA) threshold, for at least 5 months before benefit receipt can occur.20 Once on
DI, recipients whose earnings rise above the SGA threshold face the risk of losing benefits.
As a result, most SSDI beneficiaries do not work.21

3

The Model

Given the findings in Section 2, we build a structural model that features individuals with
risky and heterogeneous frailty profiles. We focus the model on the participation margin:
individuals chose to participate in the labor market or exit and apply for SSDI. Given that
we did not find any statistically significant effects of frailty on hours conditional on working,
we do not model the intensive margin of labor supply. However, we do allow for poor health
to impact individual’s labor productivity and for this effect to be concentrated in individuals
with less education. Since we failed to find a statistically significant feedback effect from
earnings to health, we do not include one in the model.

3.1

Demographics

Time is discrete and one period is one year. The economy is populated by a continuum of
individuals in J overlapping generations. The population grows at rate ν. Each period an
age j = 1 cohort is born and lives up to the maximum age j = J. Individuals’ health status
19

This, of course, does not rule out the possibility that effects may still exist for specifically chosen
subgroups.
20
For example, in 2019 the SGA threshold was $1,220 per month.
21
Maestas et al. (2013) document that in 2005 only 13 percent of SSDI applicants who started receiving
benefits three years ago were employed.
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is summarized by their frailty index, f , which evolves stochastically as we describe below.
Frailty affects labor productivity, disutility from working, out-of-pocket medical expenditures
and mortality risk. It also affects the chance of becoming a SSDI beneficiary. At each age j,
the probability of surviving one more year depends on frailty, f , and education level, s, and is
denoted by p (j, f, s). Individuals are ex ante heterogeneous with respect to their education
level, and they face a labor productivity process that is uncertain due to its dependence on
both their frailty and direct labor productivity shocks.
Individuals derive utility from consumption, c, and (if working) suffer disutility from
work which depends on frailty, f . Before retirement, each individual is either employed,
non-employed or enrolled in Disability Insurance (DI). An employed individual works a fixed
(exogenously given) fraction of time and earns wage w · η (j, f, s, ) which is the product of
two terms. The first term is the wage per efficient unit of labor services, w. The second
term is the efficiency unit of labor services per hour worked, η (j, f, s, ). This depends on
the worker’s age j, frailty f , education s, and a stochastic component . The stochastic
component, , consists of both a fixed effect and a persistent shock.22 It evolves according
to transition probability π e (0 |j, , s), which depends on age j and education s. Employed
workers may choose to quit and become non-employed. They can also become exogenously
separated from their job with probability σ.
A non-employed individual can apply for DI or choose to go back to work immediately. If
he applies for DI, he is awarded benefits with probability θ (f, na ) in the next period. Here,
na indicates the number of times he has applied for DI consecutively in the past. Individuals
who are awarded DI benefits remain on DI until age R < J. After that, they transition to
receiving social security retirement benefits. Those who choose to go back to work, have to
pay a penalty χ(wη), which is a function of their current wage and can be understood of as
the cost of job search.23
Those who are older than retirement age R receive social security retirement benefits but
can choose to work or retire. Once an individual chooses to retire he remains retired until
death. Both social security retirement and social security disability benefits are given by
SS(ē), which is a function of the beneficiary’s past earning history, ē.
Everyone has access to a risk-free asset a that pays return r. There are no other financial
assets in the economy.

3.2

Frailty and medical expenditures

An individual’s frailty is given by f ≡ ψ(j, s, f ). It depends on his age, j, education level,
s, and a stochastic component, f . The stochastic component consists of a fixed effect, a
persistent shock, and a transitory shock. An individual whose stochastic component of frailty

this period is given by f will have value 0f next period with probability π f 0f |j, f , s .
22

We do not include a transitory shock directly in the productivity process. However, the fact that
individuals in the model face a positive probability of an exogenous job separation means that there is a
transitory component to earnings risk.
23
We do not explicitly model unemployment and job search. This modeling choice is motivated by the
fact that the average duration of unemployment in the US is 15–20 weeks which is shorter than a period
in our model. Therefore, we only include the monetary/income costs of short-term joblessness and abstract
from the details of unemployment and job search.
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Out-of-pocket medical expenditures are a deterministic function of age, education, frailty,
and employment status. An individual of age j and education s who has frailty f incurs
out-of-pocket medical expenditures mi (j, f, s) where i = E, N, D, R depending on whether
he is employed (E), non-employed (N ), a DI beneficiary (D) or retired (R).24

3.3

Government

The government makes three distinct transfers to individuals that depend on the individuals’
state:
• Social Security (SS): individuals aged R and older with earning history ē receive social
security benefit SS (ē) regardless of whether or not they are working.
• Disability insurance (DI): a DI beneficiary with earning history ē receives DI benefit
SS (ē).25
• Means-tested transfers: individuals with assets, a, and after-tax income net of medical
expenditures and job search costs, y, receive transfer T r (a, y). The transfer is zero if
a + y ≥ c. Otherwise, it is just enough to provide a minimum level of consumption of
c.
In addition, the government has exogenous expenditures G. To finance these expenditures
and transfers, the government levies a nonlinear tax on labor income, T (wη), and a proportional tax on capital income, τK (paid by the firm). Due to the absence of annuity markets,
individuals may die with positive assets. We assume that these accidental bequests are taxed
at a rate of 100 percent by the government.

3.4

Individual decision problems

To economize on notation we denote a subset of the state space as x ≡ (j, a, f, s, , ē).26 Let
V E (x, is ) be the value function of an employed individual, V N (x, na ) be the value function of a non-employed individual, V D (x, nd ) be the value function of a DI beneficiary, and
V R (x) be the value function of a retiree. The variable is is an indicator that an employed
worker is returning from an exogenous separation or non-employment spell. Variable na
tracks the number of periods an individual has been in non-employment consecutively in the
past. Recall that workers can always go back to employment immediately. If they stay in
non-employment, it is because they are applying for DI benefits. Therefore, na is also equal
to the number of times an individual has applied for DI consecutively in the past. Variable
nd represents the number of periods an individual has been on DI. This variable is used to
determine his eligibility for Medicare benefits. Individuals discount the future at rate β. We
24

All workers who are older than age R are Medicare beneficiaries and face the same process for out-ofpocket medical expenditures as retirees.
25
The U.S. Social Security administration uses the same benefit formula to calculate both retirement and
disability benefits.
26
To avoid clutter, we use x as the argument of functions with the understanding that not all functions
depend on all the elements of vector x.
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now describe the problems facing each type of individual.
The employed worker’s problem: employed workers face the risk of exogenously separating from their employer with probability σ at the beginning of the next period. If separated,
they can choose to go back to work immediately. If they survive the separation shock, they
can choose to quit the job voluntarily. When j < R − 1, their utility-maximization problem
can be specified as follows,
V E (x, is ) = max
u (c, v (f ))
c,a0 ≥0



+ σβp (j, f, s) E max V E (x0 , 1) , V N (x0 , 0)



+ (1 − σ) βp (j, f, s) E max V E (x0 , 0) , V N (x0 , 0)

(6)

subject to
a0
+ c + mE (j, f, s) = a + wη (x) − T (wη (x)) − χ (wη (x)) is + T r (x, is ) ,
1+r

(7)

and ē0 = [(j − 1) ē + wη (x)]/j.
When workers return from a separation or non-employment (is = 1), they have to pay a
penalty χ (wη (x)), which is a function of their hourly wages. Employment decisions of these
workers at the beginning of the period are denoted by IE (x, is ).
After reaching age R, employed workers can only choose between working and retirement
(not working). However, they are eligible to claim social security retirement benefits regardless of whether they work or not.27 They are also eligible for Medicare, which affects their
out-of-pocket medical expenditures. Therefore, employed workers of age j ≥ R − 1 face the
following optimization problem,
V E (x, is ) = max
u (c, v (f ))
c,a0 ≥0



+ σβp (j, f, s) E max V E (x0 , 1) , V R (x0 )



+ (1 − σ) βp (j, f, s) E max V E (x0 , 0) , V R (x0 )

(8)

subject to
a0
+ c + mR (j, f, s) = a + wη (x) + SS(ē) − T (wη (x)) − χ (wη (x)) is + T r (x, is ) , (9)
1+r
ē0 = ē.
The non-employed’s problem: non-employed individuals apply for DI. They qualify for
benefits with probability θ (f, na ). If awarded, they start receiving them in the following
27

We make this assumption for simplicity. Full retirement age is by far the most common claiming age in
the data and, aside from some tax implications, which Jones and Li (2018) find to have a relatively small
effect on the labor supply of older workers, there is no cost of working past full retirement age while also
claiming benefits.
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period and will remain on DI until they reach retirement age R.28 At that time, they move
to social security. If not awarded, they can go back to work immediately or remain nonemployed and apply again. When j < R − 1, the non-employed individual’s problem can be
specified as follows,
V N (x, na ) = max
u (c)
0

(10)

c,a ≥0

+ θ (f, na ) βp (j, f, s) E V D (x0 , 0)



+ (1 − θ (f, na )) βp (j, f, s) E max V E (x0 , 1) , V N (x0 , na + 1)




subject to

a0
+ c + mN (j, f, s) = a + T r (x, na ) .
(11)
1+r
Employment decisions of these workers are denoted by IN (x, na ).
When j = R − 1, non-employed individuals cannot apply for DI anymore as they will
reach the retirement age in the next period. The problem facing them becomes,

 E 0

R
0
V N (x, na ) = max
u
(c)
+
βp
(j,
f,
s)
E
max
V
(x
,
1)
,
V
(x
)
(12)
0
c,a ≥0

subject to (11).
The DI beneficiary’s problem: DI recipients only make consumption and saving decisions. It is important to note that DI recipients can also get access to Medicare benefits
after enrolled in DI for two years. In the model, this eligibility is determined by the state
variable nd , which represents the number of periods the individual has been on DI. When
j < R − 1, DI recipients face the following problem,
 D 0

V D (x, nd ) = max
u
(c)
+
βp
(j,
f,
s)
E
V
(x
,
n
+
1)
d
0
c,a ≥0

(13)

subject to

a0
+ c + mD (j, f, s, nd ) = a + SS (ē) + T r (x, nd ) .
(14)
1+r
When DI beneficiaries reach retirement age R, they automatically move from disability
insurance to social security. Therefore, for j = R − 1,
 R 0 
V D (x, nd ) = max
u
(c)
+
βp
(j,
f,
s)
E
V (x )
(15)
0
c,a ≥0

subject to (14).
The retiree’s problem: retirees remain retired until they die. They receive social security
benefits and only make consumption and saving decisions. Their problem is given by
28

We do not model exits from DI due to reasons other than transition to old-age social security or death
because they are extremely rare. According to the Social Security Administration, in 2018, the fraction who
exited due to the next two most common reasons were 0.6 percent (who exited because they earned more
than the maximum allowed level) and 0.5 percent (who exited because they were deemed medically able to
work during a medical review).
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V R (x) = max
u (c) + βp (j, f, s) E V R (x0 )
0

(16)

a0
+ c + mR (j, f, s) = a + SS (ē) + T r (x) .
1+r

(17)

c,a ≥0

subject to

3.5

Technology

There is a representative firm that produces a single good using a Cobb-Douglas production
function such that Y = AK α N 1−α where α is the output share of capital, K and L are the
aggregate capital and aggregate labor input, and A is the total factor productivity. Capital
depreciates at a constant rate δ ∈ (0, 1). The firm pays a proportional tax on capital income
τk . We assume a small open economy such that the after-tax return on assets, r, is exogenous.
Therefore, in equilibrium, capital per worker is given by

r = (1 − τk ) αA(K/N )α−1 − δ ,
which determines the wage per efficient unit of labor services,
w = (1 − α)A(K/N )α .

(18)

We assume that the economy is in a stationary competitive equilibrium. The full definition of the equilibrium is provided in Section 3 of the Online Appendix.

4

Calibration

Our calibration strategy consists of two stages. In the first stage, we set the values of some
parameters that can be determined based on independent estimates from the data or the
existing literature. In the second stage, we calibrate the rest of the parameters by minimizing
the distance between data targets and their model counterparts.
Our goal is to quantify the impact of health inequality on lifetime earnings inequality. To
do so we must first pin down the magnitudes of the various channels through which frailty
impacts earnings and employment in the model. Recall that the five channels through which
frailty operates are via its impact on: 1) mortality rates, 2) out of pocket medical expenditures, 3) labor productivity, 4) probability of successful DI application, and 5) disutility
from working. The effect of frailty on the first three channels can be estimated directly from
the data without using the model. As we describe in more detail below, we estimate these
effects in the first stage of the calibration.
The effects of frailty on the probability of successful DI application and the disutility from
working cannot be discerned directly from the data.29 These effects are, instead, determined
in the second stage of the calibration by minimizing the distance between model and data
moments. Specifically, the parameters that determine the frailty effects together with the
29

We cannot directly estimate the probabilities of successful DI application because none of the datasets
we use provides information on whether or not a respondent has applied for DI. We only see whether or not
respondents are currently receiving DI benefits.
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other parameters governing DI eligibility and disutility from work are chosen by targeting
labor force participation rates and SSDI recipiency rates by age and frailty percentile groups.
The moments are concentrated in the unhealthy tail of the frailty distribution since this is
where the effects of frailty on labor supply and SSDI recipiency are most pronounced.
The targeted rates are shown in the left and right panels of Figure 3.30 Notice that this
set of target moments includes labor force participation rates by frailty of both younger
workers and workers over the age of 65. This is intentional. The chance of successful DI
application does not directly impact the labor supply choices of individuals after the age of
65. Thus, by targeting the dispersion in labor force participation rates by frailty for this age
group we are able to separately identify frailty’s impact on the disutility from work from its
impact on successful DI application.

4.1

Demographics and initial distributions

We assume age j = 1 corresponds to a 25 year-old and J = 70 corresponds to a 94 year-old.
Workers receive old-age social security and Medicare benefits at age R = 41 (66 year-olds).
This is also the age at which they no longer choose between working and applying for SSDI
but instead choose between working and being retired.
Conditional survival probabilities at each age are estimated using HRS data and a probit
regression. Mortality depends on a quadratic in frailty, a quadratic in age, education, and
gender. The results of this estimation are presented in Section 4 of the Online Appendix.31
We adjust the value of the estimated constant so that population mortality is consistent with
the year 2000 period life-table in Bell and Miller (2005). The population growth rate is set
to ν = 0.02 so that the ratio of old (over 65) to young (65 and younger) is equal to 0.2 (this
is consistent with the year 2000 U.S. Census).
The population is divided into three education groups: high school dropouts, high school
graduates, and college graduates. The initial distribution of agents across the three groups
is 12 percent high school dropouts, 52 percent high school graduates, and 36 percent college
graduates based on the education distribution of 25–26 year-olds in our PSID sample.
Even though the fraction of individuals non-employed and on DI is low at ages 24–26, it
varies substantially across frailty and education. For this reason, we set the initial distributions of individuals across employment states (employed, non-employed, and DI beneficiary)
by education and frailty percentile group to be consistent with their counterparts in the
data. Section 4 of the Online Appendix provides the numbers.
30

The left panel of the figure is constructed using our PSID sample. Individuals are considered employed
if they work at least 260 hours per year and earn at least $3 per hour. The right panel is constructed using
MEPS data. MEPS does not contain information on DI beneficiary status. However, it does include data on
whether an individual receives Medicare benefits. DI beneficiaries are the only group younger than 65 years
of age who qualify for Medicare (after being on DI for two years). We compute the fraction in each frailty
and age group who receive Medicare benefits in MEPS. We then adjust the fractions such that we replicate
DI recipiency rates by age in the population provided by the Social Security Administration.
31
Agents do not have a gender in the model. Instead, we compute the mortality rate of an agent by giving
him the average gender in the population in year 2000.
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Table 4: Estimated effects of one additional frailty deficit on log productivity (wage)
no bias correction

with bias correction

frailtyt × HSD

-0.042**
(0.017)

-0.044**
(0.017)

frailtyt × HS

-0.025***
(0.009)

-0.027***
(0.009)

frailtyt × CL

-0.002
(0.004)

-0.001
(0.004)

Note: Standard errors are in parenthesis. *p < 0.1; **p < 0.05; ***p < 0.01.

4.2

Preferences

Individuals have utility over consumption, c, and suffer disutility from working that depends
on their frailty, f . The period utility is given by,
1−γ
cµ (1 − v (f ) × ip )1−µ
,
u (c, f ) =
1−γ
with

v (f ) = φ0 1 + φ1 f φ2 ,
where ip = 1 if the individual is working and 0 otherwise. For the benchmark calibration, we
set γ = 2 and µ = 0.5, which implies a coefficient of relative risk aversion of 1 − (1 − γ) µ =
1.5. This is in the middle of the range of values used in the macro literature.32
We assume φ0 ≥ 0, φ1 ≥ 0, and φ2 ≥ 0 so that higher levels of frailty increase the disutility
of working. If φ2 > 1 then v(f ) is convex in frailty and the marginal effect of increasing
frailty is higher for more frail individuals. The opposite is true if φ2 < 1. As we explained
above, the parameters φ0 , φ1 , and φ2 are determined in the second-stage minimization. They
are pinned down by the variation by age and frailty in the labor force participation rates of
workers aged 25 to 84.

4.3

Labor productivity and job separation

We estimate the labor productivity process, η (j, f, s, ), separately for each education group
using PSID data. For each group, labor productivity is the sum of a deterministic component
and a stochastic component. The deterministic component consists of a cubic in age and
a linear frailty effect. The stochastic component contains both a fixed effect and an AR(1)
shock.
One concern when estimating the labor productivity process is selection bias. We do
not observe hourly wages (our proxy for labor productivity) of those who do not work. If
individuals whose frailty more negatively impacts their labor productivity are less likely to
work, not controlling for selection will lead us to underestimate the impact of frailty on
productivity.
32

See Attanasio (1999) and Blundell and MaCurdy (1999) for surveys.
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To correct for potential selection bias, we estimate the labor productivity process in
three steps. First, we use the system GMM dynamic panel estimator outlined in Section
2.2 and a selection correction procedure to estimate the effect of frailty on productivity.
Second, removing the frailty effects from our productivity observations, we estimate the age
effects via OLS. Third, using variance-covariance moments constructed with the final frailty
residuals, we estimate the stochastic component via GMM.
To conduct the selection correction in the first step, we follow Al-Sadoon et al. (2019)
who show that in system GMM, selection bias is mainly due to correlation of the fixed
effects in the selection and outcome processes. To correct for this selection bias they propose
first estimating a selection equation that includes fixed effects and an exclusion restriction.33
They then suggest including the estimated fixed effects as regressors in the outcome equation.
We use a fixed effect linear probability model of employment as our selection equation.
We include the same set of regressors in our selection equation as in the outcome equation with the addition of exclusion restrictions. Following Low and Pistaferri (2015), we
use “potential” government transfers interacted with frailty as our exclusion restrictions.
“Potential” government transfers are defined as the sum of food stamps, AFDC/TANF payments, unemployment insurance benefits, and EITC payments that individuals would receive
if they applied. These transfers vary across states. Moreover, they depend on marital status
and number of kids (which also vary across individuals in our sample). Therefore, instead of
using the amount of “potential” transfers as exclusion restrictions we use the interaction of
state of residence, number of kids and martial status (a total of 482 combinations). These
“potential” transfers do not directly impact individuals wages or labor productivity but do
create different work incentives for people with different frailty levels.
Once we have estimates of the first-stage fixed effects, we estimate the effect of frailty
on log wages using the dynamic panel system GMM estimator. For each individual at each
age, log wages is assumed to be a function of two lags of log wages, lagged frailty interacted
with education, a fixed effect, and the individual’s estimated fixed effect from the first stage
regression. Table 4 reports the estimated effects of accumulating one additional deficit on
log wages for each education group with and without controlling for selection.3435 Notice
that, consistent with our concerns, the effect of frailty on wages is slightly smaller when not
controlling for selection bias. Also notice that, consistent with our findings in Section 2.2,
the negative effects of frailty on wages are decreasing with education and only significant
for workers without a college degree. One additional deficit reduces wages by 4.4 percent
for high school dropouts, 2.7 percent for high school graduates and less than 0.1 percent for
college graduates.36
33

An exclusion restriction is a variable that impacts the selection process but not the outcome process. In
our case, a valid exclusion restriction should impact employment but not labor productivity or wages.
34
The first-stage and full set of second-stage estimation results can be found in Section 4 of the Online
Appendix.
35
Note two important differences between the estimation in this section and in Section 2.2. First, the
estimation in this section is done only on a sample of men. Second, we treat frailty as exogenous in this
regression given our earlier finding on the absence of reverse causality. The estimated effects of frailty on
productivity are robust to making frailty endogenous.
36
Using a different measure of health to ours, Low and Pistaferri (2015) also estimate the effect of poor
health on labor productivity. In a rough comparison, we find that our effects are similar in magnitude, albeit
slightly larger, as compared to theirs. Details are provided in Section 4 of the Online Appendix.
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Given these estimation results, we next remove the effects of frailty from our log wage
observations. Then, to obtain the deterministic age effects, separately for each education
group, we regress the adjusted log wages on a cubic polynomial in age and year dummies.
Finally, we use the residuals from this regression to construct a set of variance-covariance
moments. As in Guvenen (2009), we use these moments to estimate the stochastic component
via GMM. For these last two steps, we group together high school dropouts and high school
graduates in order to take advantage of larger sample sizes. The implication of this is that,
while the effect of frailty on productivity is education group specific, the age effects and
stochastic component are the same for both high school dropouts and high school graduates.
The estimation results are presented in Section 4 of the Online Appendix.
Finally, the job separation rate is set to σ = 15%, which is the average (annual) rate
of layoffs and discharges between 2005 and 2007 according to the Jobs Opening and Labor
Turnover Survey (JOLTS) by the Bureau of Labor Statistics (BLS).

4.4

Frailty and medical expenditures

Our specification and estimation of the frailty process, ψ(j, s, εf ), using PSID data follows
closely that in Hosseini et al. (2019). We assume that there is a positive mass of individuals
with zero frailty at age 25. Each period, these individuals move to a positive frailty value
with a probability that depends on their education and a quadratic in age. Once positive,
an individual’s frailty never goes back to zero.37 We use a probit regression to estimate the
conditional probabilities of positive frailty by age and education.38
For individuals with positive frailty, log frailty is given by the sum of a quartic age
polynomial and a stochastic component. The stochastic component consists of an AR(1)
shock, a transitory shock, and a fixed effect. The AR(1) shock captures persistent health
events such as developing diabetes, while the transitory shock captures acute ones such as a
temporary inability to walk due to a broken leg. We find that there are large differences in
frailty dynamics by education. For this reason, we estimate the log frailty process separately
for each education group.
Frailty and mortality are highly correlated. Thus, when estimating the nonzero frailty
process, it is important to control for selection bias due to mortality. To this end, we estimate the frailty processes using an auxiliary simulation model and the method of simulated
moments (MSM). The auxiliary simulation model simulates the frailty dynamics described
above together with the mortality rates by age and education given by the specification in
Section 4.1. For each education group, the coefficients of the age polynomial are determined
by targeting the age profile of log frailty for 25 to 95 year-old PSID respondents. The variance and persistence of the AR(1) shock, variance of the transitory shock, and variance of
the fixed effect are determined by targeting variance-covariance moments by age of the log
frailty residuals.39
Figure 2 shows the estimation results for high school graduates (the largest education
group in our sample).40 The left panel shows the fraction of high school graduates with zero
37

Less than 1 percent of individuals in our PSID sample with positive frailty have zero frailty next period.
The estimated parameters are reported in Section 4 of the Online Appendix.
39
The estimated parameters are reported in Section 4 of the Online Appendix.
40
The estimation results for the other two education groups are show in Section 4 of the Online Appendix.
38
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Fraction with zero frailty

Mean Log Frailty

Variance-Covariance Moments

Figure 2: Estimation targets: auxiliary simulation model vs PSID data for high school
graduates. Left panel is the fraction with zero frailty by age, middle panel is mean log frailty
by age for those with nonzero frailty, and right panel is the age-profile of the variance and
covariances of log frailty residuals (the stochastic component of log frailty).
frailty by age in the data and in the simulation of the model. The middle figure shows the
age profile of mean log frailty targeted in the data and the model counterpart. The right
panel shows the age profile of the variance-covariance moments in the model and the data.
Notice that our estimated frailty process is able to generate autocovariance patterns that
are very similar to those in the data.
We estimate out-of-pocket medical expenditures separately by education and labor market status: employed, non-employed, and on Medicare (which includes both retirees and
those who are on DI). To capture the nonlinear effect of frailty on medical spending, we
assume that log out-of-pocket medical expenditures are determined by a cubic in age and
a cubic in frailty. We estimate the coefficients of these functions using data from MEPS.
Note that although we do not include any randomness directly in this formulation, the outof-pocket medical expenditure is random through its dependence on frailty. The results of
these estimations are presented in Section 4 of the Online Appendix.

4.5

DI application

The Social Security Disability Insurance program (SSDI) application process is complex and
lengthy. Moreover, even though the probability of successfully obtaining benefits is generally
higher for individuals in worse health, the outcome is uncertain.41 The process starts with
a 5 month waiting period during which applicants are not allowed to be gainfully employed.
After this initial period, applicants’ cases are reviewed by the Disability Determination
Service review board. The most definite cases are approved for benefits at this point. For
instance, individuals with one of 100 specifically listed and verifiable medical conditions
are usually given benefits at this stage. Less definite cases are usually denied. However,
41

See French and Song (2014) and the references therein for a detailed overview of the program.
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Table 5: Parameters chosen outside the model
Parameter
Demographics
J
R
ν
Preferences
γ
µ
Job Separation
σ
Technology
α
δ
r
Government policies
τSS , τmed
τK
τ
c
G

Description

Values/source

maximum age
retirement/SS eligibility age
population growth rate

70 (94 y/o)
41 (66 y/o)
0.02

curvature of utility function
weight on consumption

2
0.5

annual layoffs/separations in JOLTS

0.15

capital share
depreciation rate
return on assets

0.33
0.07
0.04

social security and Medicare tax rates
capital tax
tax progressivity
minimum consumption (% of ave. earnings)
government purchases (% of GDP)

0.124, 0.029
0.3
0.036
11
17.5

after a 60 day waiting period, denials can be appealed. Such appeals are assessed by a
judge after a period of roughly one year. Judges have considerable latitude in assessing
appeals. Applicants whose appeals are denied, can continue to appeal for multiple rounds
with approximately a one year turnaround time between appeal and decision each round.
Alternatively, denied applicants can end the appeals process and start over applying for
benefits by submitting a new application.
French and Song (2014) document that by one year after initial application, about 50 percent of applicants will usually have been awarded benefits. After this point, the probability
of obtaining benefits continually declines in the number of years since initial application (see
the middle panel of Figure 3). After 10 years, only 70 percent of applicants who continually
appeal or reapply are successful. Thus, individuals can spend years trying to successfully
get on DI.
Motivated by the description above, we assume that the probability of successful DI
application depends on an individual’s frailty, f , and the number of periods the individual
has subsequently applied for DI, na . Specifically, we set
θ (f, na ) = min {1, κ0 f κ1 nκa 2 } .
The parameters κ0 , κ1 , and κ2 are determined in the second stage of the calibration. Both κ0
and κ1 are identified by targeting DI recipiency rates by age and frailty in the minimization.
Parameter κ2 is identified off the rate at which the probability of obtaining benefits declines
in the years since initial application. In fact, we include na in the probability function to
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Table 6: Parameters calibrated using the model
Parameters
Description
Preferences
β
discount factor
Policy
λ
HSV tax parameter(level)
Disutility of work
φ0
level
φ1
frailty effect
φ2
frailty effect
Prob. of successful DI application
κ0
level
κ1
frailty effect
κ2
number of attempts effect
Targeted Moments
Wealth-earning ratio
Federal income tax (% of GDP)
LFP rates by frailty percentile group and age
DI recipiency rates by frailty percentile group and age
Relative DI success rates

Values
0.982
0.908
0.636
1.2
3.0

Data
3.2
8
Figure
Figure
Figure

50
5.0
-0.1
Model
3.2
8
3
3
3

insure that the model will match this rate. Matching this rate is important as it impacts the
decision to continue to apply for DI or reenter the labor force. As Table 6 shows, however,
the minimization procedure places little weight on nA . This is because the probability of
successfully obtain DI is increasing and convex in frailty. As a result, the applicant pool
naturally becomes more and more selected towards healthier, and hence less likely to be
successful, applicants as the number of periods since initial application increases.

4.6

Policy parameters

For old-age social security and DI benefits, we use the social security benefit formula for
primary insurance amount (PIA):


ē ≤ 0.2ēa ,
0.9ē
SS (ē) = 0.18ēa + 0.33 (ē − 0.2ēa )
0.2ēa < ē ≤ 1.25ēa ,


0.5265ēa + 0.12 (ē − 1.25ēa ) 1.25ēa < ē,
where ēa is the average earnings in the economy.
The tax function T (·) has three components. One is a nonlinear component mimicking
the U.S.income tax/transfer system. One is a social security payroll tax component consisting
of a proportional tax that is subject to a maximum taxable earnings cap. And, one is a
proportional Medicare payroll tax. We model the nonlinear component of the tax function
in the fashion of Benabou (2002) and Heathcote et al. (2017). That is, the tax function T (·)
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is given as follows,
T (e) = e − λe1−τ + τss min{e, 2.47ēa } + τmed e.
Here, τ controls the progressivity of the tax function and is set to 0.036 based on the estimate
by Guner et al. (2014). We choose the value of λ in the second-stage of the calibration to
match the total federal income tax receipts as a share of GDP in the U.S. data.
The social security payroll tax rate is set to τss = 0.124 and the Medicare tax rate is set
to τmed = 0.029. There is also a capital tax, τK = 0.3, which is paid by the firm and set
based on Gomme and Rupert (2007). The minimum consumption level, cmin , is set to 11
percent of average earnings.42 Finally, we set exogenous government purchases, G, to 17.5
percent of GDP. We hold this ratio fixed in all counterfactul experiments we run.

4.7

Technology

We assume a small open economy and set r = 0.04. The capital share α is set to 0.36. We
normalize aggregate TFP, given by A, to 1, and choose β in the second stage such that the
model generates a wealth-to-earnings ratio of 3.2.43 The depreciation rate is set to δ = 0.07.
This is based on calculations in Gomme and Rupert (2007).44
For employed workers who just came back from non-employment, we assume that they
suffer a wage penalty which mimics the forgone earnings during job search within the period.
According to the U.S. Bureau of Labor Statistics, the average duration of unemployment in
the U.S. was approximately 15–20 weeks between 2000 and 2007. Therefore, we set the wage
penalty to be a third of one year’s earnings.

5

Assessment

Tables 5 and 6 summarize the baseline model parameterization. Figure 3 provides a comparison of the labor force participation rates, DI recipiency rates, and relative DI success
rates targeted in the data with the model counterparts. All targeted moments are reasonably
matched. Notice that although the model slightly understates the labor force participation
rates of workers ages 75–84, it matches well the level and dispersion in labor force participation rates of workers aged 65–74. This is important as it is these rates relative to the rates
of those under 65 that determines the disutility from work parameters.
To assess the model’s performance with regards to non-targeted moments, we look at
labor force participation and DI recipiency rates across different education groups. Table
7 shows the overall participation and DI recipiency rates by education group. The top
panel shows that the model does reasonably well in matching overall participation rates by
42

See Kopecky and Koreshkova (2014) for details and a review of the literature.
In choosing this moment we follow Hong and Rı́os-Rull (2012) and only target the wealth-to-earnings
ratio of the bottom 95 percent.
44
Gomme and Rupert (2007) calculate depreciation rates for four different sectors (market structures,
equipment and software, housing, and consumer durables). We use a weighted average of their calculations.
To do this we weight depreciation in each sector by the shares of capital in that sector as reported in their
paper.
43
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Figure 3: Calibration targets: model versus data. Solid lines are the model. Dashed lines
are the data. The left panel shows the labor force participation rates (source for data is
PSID), the right panel shows the DI recipiency rates (source for data is MEPS), and the
middle panel shows the relative rates of success in SSDI application by years since initially
applied (data moments are based on findings reported by French and Song (2014)). The rate
for the first year is normalized to 1.
education. The bottom panel shows that the model slightly understates the SSDI recipiency
rate for college graduates and slightly overstates it otherwise.
To inspect the fit by education further, we report the labor force participation and DI
recipiency rates by age and frailty percentile groups separately for each education group.
The labor force participation rates are presented in Figure 4 and the DI recipiency rates
are presented in Figure 5. From these figures we see that the model performs reasonably
well in capturing the pattern of labor force participation for each education group. In
particular, it captures well the reduced dispersion in both labor force participation rates and
DI recipiency rates by frailty as education increases. For those in the top 5 percent of the
frailty distribution, the model slightly understates the labor force participation rates of the
high school dropouts and slightly overstates the participation rates for college graduates.
Likewise, the model overstates the DI recipiency rates of high school dropouts with frailty
in the top 5 percent and understates the recipiency rates for college graduates in this group.
Recall that in our dynamic panel estimation we did not find any effect of frailty on labor
productivity for college graduates. However, it is possible that, even though there is no effect
on average, there is a positive effect for those at the very top of the frailty distribution.45 If
this is in fact the case, adding the effect would improve the fit of the model by education for
this group.
Overall, the model does an excellent job matching the dispersion in labor force participation and DI recipiency rates by age, frailty, and education. Given that this is the case,
we now move on to the quantitative analysis of the impact of health inequality on lifetime
45

We did explore this possibility by adding a quadratic frailty effect in the dynamic panel estimation
described in Section 4.3 with mixed results. Ultimately, we were unable to find a specification that passed
all model validity tests and indicated a statistically significant nonlinear frailty effect.
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Table 7: Labor force participation rates (top) and DI recipiency rates (bottom) by education
groups

Data
Model

Data
Model

Labor force participation rates (%)
High School Dropouts High School Graduates College Graduates
78
87
93
77
86
94
DI recipiency rates (%)
High School Dropouts High School Graduates College Graduates
9.5
5.0
1.4
10.3
5.8
1.0
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100
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Figure 4: Calibration assessment: model versus data. Solid lines are the model. Dashed
lines are the data. The panels show the labor force participation rates by frailty percentile
groups and age for each education group: high school dropouts, high school graduates, and
college graduates. Source for the data is PSID.
earnings inequality.

6

Quantitative Exercise

In this section we use the calibrated model to assess the impact of health inequality on
lifetime earnings inequality.46 To do this we conduct the following experiment. We consider
a counterfactual economy in which everyone has the average frailty profile. Giving all individuals in the economy the average frailty profile removes all cross-sectional variation in
frailty conditional on age. In particular, it removes heterogeneity in frailty due to education
and individuals’ fixed frailty types. It also removes the heterogeneity in frailty due to the
46

We focus on lifetime earnings given that much of the impact of health on earnings comes via permanent
reductions in labor force participation. Another paper which studies the lifetime earnings distributions in
the U.S. is Guvenen et al. (2017).
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Figure 5: Calibration assessment: model versus data. Solid lines are the model. Dashed
lines are the data. The panels show the DI recipiency rates by frailty percentile groups
and age for each education group: high school dropouts, high school graduates, and college
graduates. Source for the data is MEPS.
persistent and transitory frailty shocks. We refer to the counterfactual economy as the NoFrailty-Heterogeneity economy (or NFH for short). We compare the inequality in lifetime
earnings at different ages between the NFH economy and the benchmark. For each individual, our measure of lifetime earnings at each age is simply that individual’s accumulated
earnings to date.
Removing health inequality significantly reduces inequality in lifetime earnings at older
ages. Figure 6a shows the age-profile of the variance of log lifetime earnings in the benchmark
economy and the NFH economy. The variation in lifetime earnings is almost the same in
the two economies at younger ages. However, between ages 35 and 65, the variance of log
lifetime earnings increases more rapidly with age in the benchmark economy. As a result,
there is less variation in lifetime earnings in the NFH economy starting around age 40. As
reported in Table 8, at age 45 the variance of log lifetime earnings is 12.9 percent lower in
the NFH economy relative to the benchmark. The relative difference peaks at age 65 when
the variance of log lifetime earnings is 28.9 percent lower.
Removing health inequality, not only reduces the variance of log lifetime earnings but
it also leads to a smaller fraction of individuals with zero lifetime earnings at each age.
As Figure 6b shows, the fraction of these individuals in the benchmark and NFH economy
declines rapidly between ages 25 and 30 after which it remains small. Notice that, while
small in both, the fraction of individuals with zero lifetime earnings is considerably lower in
the NFH economy.47
Health inequality in the model is due to both initial heterogeneity in frailty, captured by
fixed effects and education, and the effect of idiosyncratic frailty shocks. To understand the
47

The lower fraction of 25 year-olds with zero lifetime earnings in the NFH economy is due to the fact that
more individuals are initially employed in this economy. Recall that the initial distribution of individuals
across employment states is conditional on frailty percentile groups. When everyone has the average frailty
profile, the initial distributions are those of the 50–70th percentiles.
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(a) Variance of log lifetime earnings.

(b) Fraction with zero lifetime earnings.

Figure 6: The variance of log lifetime earnings (left) and the fraction of individuals with zero
lifetime earnings (right) in the benchmark economy (blue) and the No-Frailty-Heterogeneity
economy (red).
relative importance of each of these components for lifetime earnings inequality, we conduct
two related counterfactual experiments and report the results in Table 8. The middle panel
of the table shows the variance of log lifetime earnings for a counterfactual economy that is
identical to the benchmark, except that there are no frailty shocks. All inequality in frailty
in this economy is due to initial fixed heterogeneity. The bottom panel shows the results of
the same calculation for an economy that does not feature any initial heterogeneity in frailty
due to fixed effects or education. All the inequality in frailty in this counterfactual is driven
by frailty shocks. As the table shows, frailty shocks have a larger impact on lifetime earnings
inequality than initial frailty heterogeneity. While frailty shocks are more important at all
four ages reported in the table, their relative importance peaks at age 55 when their effect
on lifetime earnings inequality is more than double. The variance of log lifetime earnings
at age 55 is 10 percent lower in the economy without initial frailty heterogeneity and 20.4
percent lower in the economy without frailty shocks.
Almost all of the difference between the variance of log lifetime earnings in the benchmark
and the NFH economy is due to higher earnings at the bottom of the distribution in the
NFH economy. Figure 7 displays the ratios of lifetime earnings at the 5th, 10th, 90th, and
95th percentile relative to the median by age in the the two economies. Notice that, after
age 40, there are large differences across the two economies between the ratios of the 5th
and 10th percentiles relative to the median. In contrast, there are little differences in the
ratios of the 90th and 95th. Individuals in the bottom of the lifetime earnings distribution
in the benchmark economy are more likely to be in poor health. They are also more likely to
be less educated which means they face larger negative effects of poor health on their labor
productivity. Giving these individuals the average frailty profile increases both their wages
and their labor supply. In contrast, individuals at the top of the lifetime earnings distribution
in the benchmark economy are mostly college-educated and healthy. As a result, giving these
individuals the average frailty profile has little effect on their earnings.
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Table 8: Variance of log lifetime earnings: the relative importance of frailty shocks versus
initial frailty heterogeneity.
Var.
age 45
Benchmark
0.384
No frailty heterogeneity
0.335
% change relative to benchmark
-12.9
Removing only frailty shocks
0.343
% change relative to benchmark
-10.7
Removing only frailty fixed effect 0.355
% change relative to benchmark
-7.7

log lifetime earnings
age 55 age 65 age 75
0.438 0.437 0.405
0.321 0.311 0.320
-26.8
-28.9
-21.1
0.349 0.349 0.369
-20.4
-20.1
-8.8
0.394 0.382 0.379
-10.0
-12.5
-6.4

Note: In the “No frailty heterogeneity” counterfactual all individuals have the average frailty age profile.
“Removing only frailty shocks” removes only ex post uncertainty/shocks but retains all the initial
fixed-effect heterogeneity. “Removing only frailty fixed effect” only removes initial fixed effect
heterogeneity but retains all the shocks and uncertainty.

6.1

Breaking down the effect of health inequality

Recall that there are five channels through which frailty can affect earnings inequality in the
model: SSDI acceptance probabilities, labor productivity, disutility of work, amount of outof-pocket medical expenditures, and mortality risk. How important are each of these channels
for generating the differences in the variance of log lifetime earnings’ profiles between the
benchmark and NFH economies?
To assess the relative importance of each channel, we consider five additional counterfactual economies. Each economy is identical to the benchmark expect that, for one of the five
channels, the impact of frailty is determined by the average frailty profile instead of a person’s individual profile. Specifically, in counterfactual economy 1, labelled “NFH in SSDI”,
individuals’ probability of successful SSDI application is determined by the average frailty
profile. In counterfactual economy 2, labelled “NFH in Labor Productivity”, individuals’
labor productivity is determined by the average frailty profile. In counterfactual economy
3, “NFH in Disutility”, disutility from working is determined by the average frailty profile.
In counterfactual economy 4, “NFH in Medical Expenditure”, out-of-pocket medical expenditures are determined by the average frailty profile. Finally, in counterfactual economy 5,
“NFH in Mortality”, mortality rates are determined by the average frailty profile.
The results of this decomposition exercise show that, according to the model, the SSDI
program is the most important channel through which health inequality generates lifetime
earnings inequality. Table 9 presents the differences in the variances of log lifetime earnings
between the benchmark and each counterfactual economy at four ages. Notice that the labor
productivity channel has the largest impact on lifetime earnings inequality at younger ages.
Shutting down this channel reduces lifetime earnings inequality at age 45 by 5.6 percent,
whereas shutting down the SSDI channel actually increases it by 5.1 percent. However, by age
55, the primary channel through which health inequality generates lifetime earning inequality
is the SSDI channel. Shutting down the SSDI channel, reduces lifetime earnings inequality
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Figure 7: Inequality in lifetime earnings. Benchmark model (blue) vs model without heterogeneity in frailty (red).
by 8.1 percent at age 55. In contrast, shutting down the labor productivity channel, the
second most important channel, reduces it by only 7.5 percent. At age 65, removing the
SSDI channel reduces lifetime earnings inequality by 15.5 percent, nearly double that of the
effect of removing the labor productivity channel. By age 75, the effect of removing the SSDI
channel is triple that of removing the labor productivity channel.
Why does shutting down the SSDI channel actually increase lifetime earnings inequality
at younger ages? In the benchmark economy, the SSDI program creates incentives for young
frail people to work. These individuals have a high probability of getting SSDI transfers in
the future and they want to accumulate earnings credit to raise their benefit in anticipation.
Using the average frailty profile to determine SSDI eligibility substantially weakens this
incentive as now the likelihood of a highly frail individual getting on SSDI is much lower.
However, these individuals still suffer high disutility of work and have relatively low wages.
These effects push young frail workers in the “NFH in SSDI” economy out of the labor
force and onto means-tested programs. Figure 8 presents the labor force participation, DI
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Table 9: Variance of log lifetime earnings: the relative importance of the different frailty
channels.

NFH
NFH
NFH
NFH
NFH

in
in
in
in
in

SSDI
Labor Prod.
Disutility
Med. Exp.
Mortality

Var. log lifetime earnings (%∆ relative to benchmark)
age 45
age 55
age 65
age 75
5.1
−8.1
−15.5
−14.9
−5.6
−7.5
−8.3
−4.9
−1.6
−1.9
−2.3
−1.6
−0.4
−0.1
−0.3
−0.1
−2.1
−1.0
6.9
7.0

Note: Each row shows the percentage change in the variance of log lifetime earnings in the counterfactual
economy relative to the benchmark. Each counterfactual is identical to the benchmark expect that there is
no frailty heterogeneity in the listed channel. Instead, the impact of frailty via that channel is determined
by the average frailty age profile.

recipiency, and means-tested transfer recipiency rates for the top five percentiles of the frailty
distribution in the benchmark and several of the counterfactual economies.48 Consistent
with the intuition above, the left panel of the figure shows that highly frail young people
in the “NFH in SSDI” economy are less likely to be in the labor force than those in the
benchmark, while the right panel shows that they are more likely to be on means-tested
transfers. Thus, by reducing the incentives for young frail individuals to work, shutting
down the SSDI channel, reduces labor force participation rates at younger ages and, hence,
increases earnings inequality.
In contrast, shutting down the SSDI channel increases labor force participation rates
of frail individuals at older ages as the first panel of Figure 8 shows. Compared to young
highly frail individuals, older highly frail individuals are more likely to have worked and
accumulated wealth. As a result, many are not eligible for means-tested programs. In the
“NFH in SSDI” economy, given that they have a low probability of getting on SSDI, they
continue to work. This impact of removing the SSDI channel on the labor supply of older
frail individuals is the primary reason for the large and increasing decline in the variance of
log lifetime earnings in the “NFH in SSDI” counterfactual relative to the benchmark.
The labor productivity channel is the second most important channel through which
health inequality matters for lifetime earning inequality in the model. Shutting down this
channel reduces lifetime earnings inequality at all ages. Using the average frailty profile to
determine labor productivity reduces the variation in wages conditional on age. This has
two effects. First, it leads directly to a reduction in earnings, and hence, lifetime earnings
inequality. Second, it increases the returns from working for less educated individuals which
increases their labor supply. This second effect operates even for the most highly frail
individuals as Figure 8 shows.49 Notice that, at all ages, these individuals have higher labor
48

The effects of the SSDI channel on the labor-force participation, SSDI recipiency, and mean-tested
transfer recipiency rates of the other frailty groups can be seen in Section 5 of the Online Appendix. The
figures show that there is little impact of removing health inequality for individuals with frailty below the
70th percentile. For those in the 70th–95th percentiles, the effects of the SSDI channel are similar to those
in Figure 8.
49
See Section 5 of the Online Appendix for a summary of the overall effects of shutting down each channel
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Figure 8: Labor force participation rates (left panel), DI recipiency rates (middle panel),
and fraction receiving means-tested transfers (right panel) by age in the baseline economy,
the no-frailty-heterogeneity economy, and counterfactuals 1–3.
force participation and lower DI and means-tested transfer recipiency rates in the “NFH in
Labor Productivity” economy relative to the benchmark.
The disutility, medical expense, and mortality channels play relatively smaller roles. The
smaller role of the mortality channel is due to two offsetting effects of shutting it down.
First, it increases the life expectancy of frail individuals which increases their returns to
work and labor supply. This effect works to reduce lifetime earning inequality. Second,
since mortality and productivity are negatively correlated in the benchmark (due to both
education and health), it raises the survival rates of individuals in the bottom of the lifetime
earnings distribution relative to those in the top. This second effect, which grows with age
due to the nature of mortality risk, works to increase lifetime earnings inequality.

6.2

Alternative measures of inequality

Our findings show that health inequality increases lifetime earnings inequality. The increase
is driven by the negative impacts of poor health on the labor supply and earnings of individuals in the bottom of the lifetime earnings distribution. This increase is offset by SSDI and
means-tested transfers. However, the offset is only partial. As a result, health inequality is
also a significant driver of inequality in disposable income. Figure 9a presents the variance of
log lifetime disposable income by age in the benchmark and NFH economies.50 Comparing
Figure 9a with Figure 6a shows that removing health inequality reduces lifetime disposable
income inequality by roughly half as much as it reduces lifetime earnings inequality. For
instance, the variance of log lifetime earnings at age 65 falls by 28.9 percent, while the varion labor force, SSDI, and means-tested program participation rates.
50
Disposable income as the sum of labor earnings and transfers net of all taxes. Lifetime disposable income
at each age is the sum of disposable income to date. We have done all the calculations with an alternative
definition that includes capital income. The results are very similar.
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Figure 9: Panel (a) is the variance of log lifetime disposable (defined as the sum of labor
earnings and transfers net of taxes). Panel (b) is the variance of log consumption. The blue
line is the benchmark and the red line is the economy with no frailty heterogeneity.
ance of log lifetime disposable income at age 65 falls by 14.7 percent.51 This finding implies
that about half of the inequality in lifetime earnings due to poor health is undone through
the tax and transfer system.
Interestingly, the relatively smaller impacts of health inequality on lifetime disposable
income inequality do not translate into smaller impacts of health inequality on consumption
inequality. Figure 9b shows that removing health inequality reduces the variance of log
current consumption by a similar amount as the variance of log lifetime earnings. The
variance of log consumption at age 65 is 27.8 percent lower in the NFH economy as compared
to the benchmark. Why are the impacts on consumption inequality so much larger than the
impacts on lifetime disposable income inequality? The primary reason is that removing
health inequality reduces wealth inequality. Less educated individuals in poor health in the
benchmark have lower savings than less educated individuals in the NFH economy for three
reasons. First, they have less income. Second, they have less incentives to accumulate wealth
due to a lower life expectancy. Third, poor health (or the risk of poor health) means they
are more impacted by the negative effects of the means-tested transfer program on incentives
to save.52

6.3

Value of social security disability insurance

Our findings above indicate that health inequality is a major contributor to inequality in lifetime earnings. They also indicate that the primary channel through which health inequality
generates lifetime earnings inequality is the SSDI program. The incentives for middle-aged
51

See Section 5 of the Online Appendix for a counterpart to Table 8 for lifetime disposable income.
It is well documented that means-tested transfer programs distort savings incentives and that their
distortionary effects are larger for lower income individuals. See, for instance, Hubbard et al. (1995).
52
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Table 10: Aggregate and welfare effects of eliminating SSDI
Benchmark
Welfare – C.V. relative to benchmark (%)
All
HSD
HSG
COL
Inequality – Variance of
log lifetime earnings (at age 65)
log lifetime disposable income (at age 65)
log consumption (overall)
Change relative to benchmark (%)
GDP
Consumption
Capital
Hours
GDP per hour
Fraction of population (%)
Working
On SSDI
On means tested transfers
Policy Variables
Payroll tax rate (%)
Consumption floor (% of ave. earning)
Tax function parameter (λ)

Remove SSDI benefit & tax

(1)

(2)

(3)

(4)

n.a.
n.a.
n.a.
n.a.

-0.46
-1.56
-0.84
0.63

-0.84
-1.90
-1.21
0.24

-1.01
-2.62
-1.39
0.30

0.362 0.364
0.269 0.270
0.155 0.156

0.312
0.258
0.138

n.a.
n.a.
n.a.
n.a.
n.a.

1.68
1.92
1.68
2.03
-0.34

1.65
1.49
1.65
1.93
-0.27

2.25
2.22
2.25
3.56
-1.27

87.65
4.58
4.77

89.27
0.00
6.41

89.17
0.00
6.51

90.70
0.00
4.98

12.40
11.00
0.91

11.42 11.42
11.00 11.00
0.91 0.90

11.42
10.46
0.91

0.437
0.303
0.173

Note: Column (2) is partial equilibrium:z removal of SSDI benefit and corresponding fraction of payroll
tax. Column (3) and (4) are general equilibrium with government budget balanced by adjusting the income
tax and consumption floor, respectively.

frail individuals to work and accumulate labor earnings are significantly reduced by the fact
that they have a high probability of obtaining SSDI benefits if they apply. These results
suggest that one way to reduce lifetime earnings inequality is to eliminate SSDI. We now
assess the long-run welfare implications of such a policy.53
First, consider the direct impact of removing the SSDI program. This is done by setting
the probability of getting SSDI to zero and adjusting the payroll tax so the total payroll tax
receipt declines by exactly the amount of expenditures on SSDI benefits in the baseline.54
53

We conduct this exercise in a model that lacks a private disability insurance market. We do this because
the private disability insurance market in the U.S. is small and likely suffers from significant information
frictions that impede its functioning. Only 3% of non-government workers have directly purchased this
insurance and only 30% have obtained it indirectly through their employer. Hendren (2013) documents that
coverage denial rates in the market are high and driven by the presence of private information.
54
The initial distribution of individuals across employment states is also changed by moving DI beneficiary’s
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We refer to this experiment as partial equilibrium, since we do not attempt to balance the
government budget. The second column of Table 10 shows the steady-state (long-run) welfare
and aggregate implications. Notice that, consistent with the findings above, eliminating the
SSDI program significantly reduces inequality in earnings, income and consumption. The
variances of age-65 log lifetime earnings and disposable income fall by 17.2 and 11.2 percent,
respectively. The variance of overall log consumption falls by 10.4 percent. It also increases
aggregate consumption, as well as, aggregate GDP. Yet, it is ex ante welfare reducing. The
decline in ex ante welfare, measured as the equivalent change in lifetime consumption, is 0.46
percent.
The decline in ex ante welfare when SSDI is removed is driven by the welfare losses of less
educated individuals. Whereas college graduates benefit, on net, from this change (mostly
due to lower taxes), both high school dropouts and high school graduates are worse off with
welfare declines equivalent to 1.56 and 0.84 percent of lifetime consumption, respectively.
For these less educated individuals, the SSDI program provides valuable insurance against
the risk of becoming highly frail and incurring high disutility from work together with lower
wages. Eliminating it leaves them more exposed to this risk. Their resulting utility losses
dominate the ex ante welfare results.
Interestingly, removing the SSDI program has a differential impact on the labor supply
of middle-aged versus younger frail workers. Middle-aged frail workers increase their labor
supply as the cost of not working has gone up and they have already accumulated too
much wealth to be eligible for means-tested transfers. Their response drives the rise in
the aggregate labor force participation rate that can be seen in Table 10. The labor force
participation rates of younger frail workers, under age 40, actually decline. This happens
because removing the SSDI program has a similar effect on young frail individuals as using
the average frailty profile to determine SSDI eligibility has on them. That is, it substantially
reduces their incentive to work and accumulate lifetime earnings in anticipation of receiving
SSDI transfers during middle-age. The loss of this work-incentive effect for young frail
individuals is the primary driver of the rise in means-tested transfer recipiency rates reported
in Table 10.
The rise in the means-tested transfer recipiency rates generates an increase in government
expenditures. To show the impact of closing this fiscal gap on our welfare calculations, we
perform two additional experiments. In the first experiment, we finance the expansion of
means-tested programs by raising federal income taxes (by reducing parameter λ in the
HSV tax function). The results of this experiment are reported in column (3) of Table
10. Alternatively, we close the gap by reducing the level of means-tested transfer benefits
(by reducing consumption floor parameter c̄). The results for this experiment are reported
in column (4). These general equilibrium results reinforce our initial finding. Eliminating
the SSDI program, despite reducing inequality in income and consumption and generating
sizable gains in aggregate consumption and GDP, is not welfare improving. Welfare losses
from eliminating the program are even larger in general equilibrium. If we close the fiscal
gap by increasing income tax rates, ex ante welfare falls by 0.84 percent. If we close the gap
instead by reducing the means-tested consumption floor, it falls by 1.01 percent. In both
cases, welfare losses are particularly large for high school dropouts whose welfare declines by
to non-employed.

39

either 1.90 percent or 2.62 percent depending on which rule is used to clear the government
budget.
Given our finding that the SSDI program is ex ante welfare improving, we now consider
two additional sets of experiments that explore whether the current scale of the program
is too low or too high. In the first set, we reduce SSDI benefits by 10 percent along with
an appropriate adjustment in payroll taxes. We perform this experiment with and without
balancing the government budget. The second set is the same as the first one except that
we increase SSDI benefits by 10 percent.
The results, which are reported in Table 11, show that from an ex ante welfare perspective
the current SSDI program may not be generous enough. First, a 10 percent decline in benefits
leads to welfare losses which are sizable in comparison to the welfare changes reported in
Table 10. For example, the overall ex ante welfare loss from cutting the program by 10
percent is 0.24 percent, more than a quarter of the 0.84 percent welfare loss from cutting the
program all together. Second, even when the tax implications of balancing the government
budget are accounted for, expanding benefits by 10 percent increases the welfare of high
school dropouts and graduates by significantly more than the losses it generates for the
college educated group. Overall, such a policy raises ex ante welfare by 0.20 percent.
Finally, notice in Table 11 that cutting DI benefits reduces the fraction of individuals
receiving means-tested transfers, while raising benefits increases it. This may be surprising
given that eliminating the DI program all together increases means-tested transfer recipiency
rates. Recall that the primary reason that recipiency rates rise when the SSDI program is
removed is because frail individuals under age 45 have a reduced incentive to work and accumulate SSDI credits. While eliminating SSDI increases the means-tested transfer recipiency
rates of this group, cutting SSDI benefits by 10 percent decreases them. The reason is that
with lower (but still positive) SSDI benefit levels, these individuals have a reduced incentive
to exit the labor force and collect MTSI transfers while trying to get on SSDI. Consequently,
they have higher labor force participation rates and lower means-tested transfer recipiency
rates both when young and during retirement. This same effect, operating in reverse, is also
the primary reason that raising SSDI benefits by 10 percent raises means-tested transfer
recipiency rates. Higher SSDI benefits increase the incentives for frail individuals to exit the
labor force at relatively younger ages, increasing their likelihood of means-tested transfer
eligibility both when young and after retirement. These findings highlight how the subtle
interactions between these two programs make it difficult to predict how changes to one will
impact the size of the other.55

7

Conclusion

In this paper, we document empirically that declines in health reduce labor productivity and
the probability of labor force participation. The effects are concentrated in less educated
individuals and those already in poor health suggesting that health inequality may be an
important source of lifetime earnings inequality. Using a structural model, we demonstrate
that this is indeed the case: almost 29% of the variation in lifetime earnings at age 65 is due
55

Low and Pistaferri (2015) document similar non-monotonic effects of increasing the generosity of meanstested food stamps on DI application rates.
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Table 11: Aggregate and welfare effects of marginal changes to SSDI
Benchmark
Welfare – C.V. relative to benchmark (%)
All
HSD
HSG
COL
Change relative to benchmark (%)
GDP
Consumption
Capital
Labor input
Hours
GDP per hour
Fraction of population (%)
Working
On SSDI
On means tested transfers
Policy Variables
Payroll tax rate (%)
Consumption floor (% of ave. earning)
Tax function parameter (λ)

Cut SSDI benefit by 10%

Raise SSDI benefit by 10%

(1)

(2)

(3)

(4)

(5)

n.a.
n.a.
n.a.
n.a.

-0.31
-0.87
-0.40
0.06

-0.24
-0.80
-0.32
0.14

0.28
0.79
0.36
-0.06

0.20
0.72
0.28
-0.15

n.a.
n.a.
n.a.
n.a.
n.a.
n.a.

0.24
0.22
0.24
0.24
0.49
-0.24

0.25
0.31
0.25
0.25
0.51
-0.25

-0.23
-0.20
-0.23
-0.23
-0.44
0.21

-0.23
-0.31
-0.23
-0.23
-0.46
0.23

87.65
4.58
4.77

88.12
4.31
4.73

88.14
4.31
4.72

87.23
4.83
4.91

87.20
4.83
4.93

12.40
11.00
0.91

12.25
11.00
0.91

12.25
11.00
0.91

12.55
11.00
0.91

12.55
11.00
0.91

Note: Column (1) is the benchmark. Column (2) and (4) are partial equilibrium, meaning only payroll tax
adjusts by the amount of change in SSDI benefit, but consolidated government budget is not balanced.
Column (3) and (5) are general equilibrium, meaning government consolidated budget is balanced by
changing income tax.

to the fact that individuals in the United States face risky and heterogeneous life cycle health
profiles. A decomposition exercise shows that the impact of poor health on access to social
security disability benefits is the most important factor driving our results. In other words,
the primary reason why individuals in poor health have low lifetime earnings is because they
have a high likelihood of obtaining social security disability benefits. The negative effects of
poor health on the wages of less educated workers also play an important role. Interestingly,
we find that the disutility effects of working while in poor health play a relatively small
role. These findings indicate that the social security program is an important contributor to
lifetime earnings inequality. Despite this, we document that it is ex ante welfare improving
and, if anything, should be expanded.

A
A.1

Appendix
Reverse causality: estimated effects of earnings on health

The empirical analysis in Section 2 focuses on estimating the causal effect of frailty on
earnings, hours, and wages. However, it is also possible that earnings affects frailty. To
examine this proposition we estimate the following regression
fi,t = bi + γyi,t + α1 fi,t−1 + α2 fi,t−2 + βZ i,t + εi,t ,
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(19)

using the system GMM estimation procedure outlined in Section 2.2. Here, fi,t is the level
of frailty of individual i at date t and yi,t is their date t log earnings. The set of controls
Z i,t is the same as in those in Section 2. We run the same set of regressions as we did with
log earnings on the left-hand-side. I.e., we look at the effect of log earnings on frailty overall
and by education, health, and age. To get valid instruments for these regressions, we must
go back further in lag length then we did for the regressions in Section 2. We also need to
include more instruments. We use the sixth through eighth lags of frailty and log earnings
as instruments.
The results are presented in Table 12. Notice that we find no evidence that earnings
affects frailty. In all cases, the effects of log earnings on frailty are small and in only one
regression do we see significance at the 10 percent level. Note also that, in all specifications,
the diagnostic tests are passed. In other words, the error terms are not second order autoregressive and the Hansen-Sargan tests indicate that the null hypothesis of valid instruments
cannot be rejected.
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Table 12: Effect of Earnings on Frailty
Everyone

Workers

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

frailtyt−1

0.445
(0.463)

0.334
(0.435)

-0.152
(0.528)

-0.456
(0.400)

-0.182
(0.566)

0.712*
(0.416)

0.302
(0.737)

-0.190
(0.498)

frailtyt−2

0.602
(0.447)

0.661 1.124**
(0.443) (0.495)

1.446***
(0.404)

1.316**
(0.596)

0.405
(0.451)

0.820
(0.741)

1.321**
(0.529)

log(earningst )

0.004*
(0.002)

-0.004
(0.007)

log(earningst ) × HSD

0.003
(0.002)

0.001
(0.002)

log(earningst ) × HS

-0.008
(0.039)

-0.019
(0.073)

log(earningst ) × CL

0.000
(0.001)

-0.000
(0.001)

log(earningst ) × Good Health

0.000
(0.003)

0.000
(0.008)

log(earningst ) × Bad Health

0.002
(0.002)

0.000
(0.008)

log(earningst ) × Young

-0.000
(0.001)

-0.004
(0.007)

log(earningst ) × Old

YES
27,444

YES
27,444

YES
27,444

-0.003
(0.007)
YES
27,444

0.260
0.060
0.440
0.656
.

0.388
0.570
0.430
0.225
0.245

0.763
0.380
0.747
0.805
0.814

0.188
0.032
0.848
0.818
0.788

Controls
Observations

YES
50,844

YES
50,844

YES
50,844

-0.000
(0.002)
YES
50,844

AR(1) test (p-value)
AR(2) test (p-value)
Hansen test (p-value)
Diff-in-Hansen test (p-value)
Diff-in-Hansen test (p-value), Y-lag set

0.531
0.333
0.269
0.450
.

0.573
0.260
0.842
0.852
0.990

0.501
0.061
0.621
0.894
0.723

0.001
0.002
0.129
0.132
0.223

Notes: Columns (1)–(4) show regression results for the entire sample, regardless of employment status. Columns (5)–(8)
show results conditional on continued employment. All regressions include controls (marital status, marital status interacted
with gender, number of kids, number of kids interacted with gender, year dummies, and a quadratic in age). ‘HSD’ is high
school dropout, ‘HS’ is high school graduate, and ‘CL’ is college graduate. ‘Good/Bad Health’ is frailty below/above the 75th
percentile. ’Young/Old’ are individuals younger/older than 45 years of age. Standard errors are in parenthesis. *p < 0.1;
**p < 0.05; ***p < 0.01.
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