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This paper provides empirical evidence of the existence of forward-looking asset-accumulation behavior among
disability-insurance applicants, previously examined only in the theoretical literature. Using panel data from the
RANDHealth and Retirement Study, I show that rejected applicants for Social Security Disability Insurance (SSDI)
possess significantly more assets than accepted applicants immediately prior to application and exhibit lower
attachment to the labor force. These empirical results are consistent with the theoretical prediction in Diamond
and Mirrlees (1978) and Golosov and Tsyvinski (2006) that certain individuals with high unwillingness to work
maximize utility by planning in advance for their future disability insurance application. Because the existing
empirical literature on disability insurance does not account for this intertemporal channel, itmay underestimate
the total work-disincentive effect of SSDI.
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1. Introduction

Social Security Disability Insurance (SSDI), designed to protect the
working population from the risk of total disability, is among the largest
U.S. income transfer programs. In December 2010, SSDI paid $9.6 billion
in benefits to over 9.4 million people, including 8.2 million disabled
workers (Social Security Administration, 2010). To qualify for SSDI, a
worker must be younger than full retirement age and must have met
minimum work requirements. 1 The worker must also be screened for
“total disability,”which the Social Security Administration (SSA) defines
as inability to work due to medical conditions expected to last at least
one year or to result in death.

Prior empirical studies report two work-disincentive effects of
disability insurance. First, receiving disability benefits may discourage
work-capable recipients from returning to the labor force (Chen and
van der Klaauw, 2008; von Wachter et al., 2011; Borghans et al., 2012;
preciate helpful comments from
on Gruber, Henrik Kleven (the
ierl, anonymous referees, and
Massachusetts Institute of

undation.

cial Security Administration and
Maestas et al., 2013; French and Song, 2014; Moore, 2015). 2 Because
the program is intended forworkerswith long-termdisabilities, few ben-
eficiaries exit by returning to work. 3 Second, the possibility of receiving
disability benefits may prompt work-capable individuals to drop out of
the labor force, especially when they face adverse labor-market condi-
tions (Black et al., 2002; Autor and Duggan, 2003, 2006; Duggan et al.,
2007; Duggan and Imberman, 2009; von Wachter et al., 2011). The de-
sign of the insurance, specifically the disability benefits it offers and its
screening stringency, has a significant impact on labor force participation
(Gruber and Kubik, 1997; Gruber, 2000; Autor and Duggan, 2003).

This paper explores a dynamic work-disincentive channel previously
considered only in the theoretical literature. I develop a two-period
model, similar to those of Diamond and Mirrlees (1978) and Golosov
and Tsyvinski (2006), which shows that certain individuals with high
unwillingness to work maximize utility by planning in advance to
apply for disability insurance at a future time of their choosing, regard-
less of their health at that time. Such individuals find this path preferable
to leaving the labor force right away because it allows time to adjust
2 For instance, Maestas et al. (2013) and French and Song (2014) find that receiving
benefits as a result of randomassignment to lenient disability examiners or Administrative
Law Judges has a significant and negative impact on applicants' propensity to return to
work several years later.

3 Attainment of full retirement age and death together account for 86% of exits from
SSDI in 2004 (Autor and Duggan, 2006).
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their assets accordingly. Because leaving the labor force lowers expected
future income, individuals who plan in advance accumulate more assets
than they would if they did not plan in advance and only decided to
apply upon becoming disabled.

My empirical strategy compares the assets of rejected and accepted
SSDI applicants. When disability-insurance screening is sufficiently ef-
fective, the pool of rejected applicants will include a higher proportion
of planners than the pool of accepted applicants. Thus, all else equal,
rejected applicants will possess more assets than accepted applicants.
In the absence of planning, healthier agents—those with a lower proba-
bility of being disabled in the future—will accumulate fewer assets than
less-healthy agents, since they are more likely to continue to work and
have higher expected future earnings. In this case, rejected applicants,
who are presumably healthier (Bound, 1989), will possess fewer assets
than accepted applicants.

Using the RAND Health and Retirement Study (HRS) panel data, I
examine the differences between rejected and accepted applicants
who applied for SSDI between ages 44 and 65. 4 Consistent with the
model, I find evidence that rejected applicants display significantly
lower attachment to the labor force before applying for SSDI: they
are less likely to be in the labor force and have accumulated fewer
years of employment. 5 Although the two groups self-report similar
health at the time of application, accepted applicants are significantly
less healthy than rejected applicants in the years immediately following
application, suggesting that SSDI awards are not random. I use quantile
regressions to show that, conditional on a rich set of observed
characteristics—including demographics, income, labor force participa-
tion, health status, and out-of-pocket medical expenses—rejected appli-
cants possess significantly more liquid financial assets than accepted
applicants at the time of application. Both themagnitude and the statis-
tical significance of the effect increase with applicants' asset levels. The
divergence in assets at the time of application is unlikely to result from
unobserved differences in applicants' inherent tendency to save, since
the two groups possessed very similar assets two or three years before
application. These results suggest that at least some rejected applicants
accumulated assets in a manner consistent with a plan to apply for SSDI
regardless of their actual future health status.

My results build upon Benitez-Silva et al. (2004), which finds that
rejected applicants for SSDI and SSI have higher average assets than ac-
cepted applicants, and that accepted applicants who do not self-identify
as disabled on surveys have more assets than those who do. These sim-
ple mean comparisons, however, cannot be taken as clear evidence of
forward-looking asset accumulation. Many observables can affect
asset accumulation, and the existence of outliers in a skewed distribu-
tion of wealth is likely to have a disproportionate influence on the
mean (Engen and Gruber, 2001). By contrast, my empirical analysis
focuses on applicants who applied for SSDI but not SSI; it also uses
quantile regressions to control for a rich set of observations and tomin-
imize the impact of outliers. I further show that my results are robust to
using a longer pre-period to compare asset accumulation patterns and to
exploiting differences among applicants' self-reported disability states.

Furthermore, Benitez-Silva et al. (2004) do not distinguish between
SSDI and SSI applicants, even though SSI's asset test is likely to affect the
saving behavior of the latter group. As a robustness check I show that,
among the SSI applicants, rejected applicants do not possess significantly
different assets at the time of application. Using these applicants as a
control group yields the same key finding that rejected SSDI applicants
accumulate more assets than accepted SSDI applicants at the time of
application but not several years before.
4 I omitted applicants for SSDIwho also applied for Supplemental Security Income (SSI)
because SSI imposes an assets test. SSI pays stipends to low-income individualswho are 65
or older, blind, or disabled.

5 Giertz andKubik (2011) find similar results usingHRS data to compare the labor-force
participation of rejected and accepted applicants. But they do not study asset accumula-
tion or test a model similar to mine.
This paper contributes to the vast theoretical literature known
collectively as New Dynamic Public Finance. This literature argues that
policy instruments that distort intertemporal savings can be optimal
because, in anticipation of stochastic future shocks to their skills (in
this case, onset of disability), some agents will save more and exit the
labor force sooner than is socially optimal (in this case, planning to
drop out of the labor force and apply for disability insurance)
(Golosov et al., 2003, 2006; Kocherlakota, 2005; Albanesi and Sleet,
2006; Golosov and Tsyvinski, 2007; Kocherlakota, 2010; Farhi and
Werning, 2012). Consistent with this literature, I find empirical
evidence of forward-looking asset-accumulation behavior. My results
thus suggest that the existence of disability insurance affects notmerely
current but also future labor supply. Discussions of the welfare implica-
tions of disability insurance thus ought to take into account the possibil-
ity of an intertemporal work-disincentive effect.

2. A two-period model of asset accumulation and disability
application

Following Diamond and Mirrlees (1978) and Golosov and Tsyvinski
(2006), I develop a two-period model with Type I and Type II screening
errors to capture the forward-looking asset-accumulation behavior
of applicants. I then discuss the model's empirical implications.
Appendix B provides all of the proofs.

2.1. Model set-up

The model consists of two periods. In the first period, all agents are
able to work. In the second period, each agent faces a probability of
being disabled and unable to work. Thus, the sole source of uncertainty
in themodel is disability status in the second period. In either period, an
agent who is working will supply one unit of labor inelastically and re-
ceive wagew. All agents begin the first period with zero assets. I denote
the discount rate as β and the interest rate as R. To simplify the math
without loss of generality, I also assume that βR = 1.

Agents differ on two parameters: θi, the probability of being totally
disabled in the second period, and xi, the disutility of work in each peri-
od. Both are known to the agent. An agent derives utility u(ci)− xi in a
given period if working and u(ci) if not, where ci is consumption in that
period. Following standard assumptions, u(⋅) is increasing and concave,
and u(0)=−∞. As in Golosov and Tsyvinski (2006), I also assume that
labor (in this case, disutility of work) and consumption enter separately
into an agent's calculation of utility. By distinguishing disutility of work
fromprobability of total disability, I conceptually distinguish unwillingness
to work from inability to work. 6 Empirically, I consider the former an
unobserved preference whereas the latter can be partially observed
based on health.

Like SSDI, the disability-insurance program in this model exists in
the second period by imposing a labor tax (τ) on thewages of thework-
ing population and transferring benefits (T) to recipients, where total
transfers equal total tax payments. Because the population of disabled
workers is much smaller than the working population, it is reasonable
to assume that (1 − τ)w N T. An agent receiving disability benefits
cannot work and takes the parameters (τ, T) as given.7

Though Diamond and Mirrlees (1978) and Golosov and Tsyvinski
(2006) do not explicitly include screening in theirmodel, screening clear-
ly affects the labor force participation and the asset accumulation of po-
tential applicants. To incorporate screening into the model, I assume
that both Type I and Type II classification errors characterize the screening
6 For purposes of designing optimal disability insurance, Diamond and Sheshinski
(1995) argue that there is no need to distinguish between the two. However, the optimal
design of disability insurance is beyond the scope of this paper.

7 Golosov and Tsyvinski (2006) point out that this may not be the optimal design of dis-
ability insurance. The purpose of this model, however, is to illustrate how individuals be-
have under the current program.



28 P. Shu / Journal of Public Economics 129 (2015) 26–40
process. I denote q ∈ [0, 1) as the probability that a disabled applicant is
rejected (Type I error) and p ∈ [0, 1] as the probability that an able appli-
cant is accepted (Type II error). Like (τ, T), the parameters (p, q) are also
taken as given and do not vary by agent. When p N 0, able agents who
choosenot towork in the secondperiodwill always apply for disability in-
surance. I further assume that decisions on applications aremade instant-
ly and that a rejected applicant earns no income in the second period. 8

In the first period agents always work, since they begin with zero as-
sets andhave no disability; they also choose the level of assets to accumu-
late. During the second period, disabled agents are by definition unable to
work; thus theymust consume their assets and apply for disability insur-
ance. Able agents may drop out of the labor force and apply for disability
insurance if the expected utility of doing so is higher than that ofworking.

Let ki be individual i's assets accumulated by the end of the first
period. There are three possible states in the second period:

• The agent is able and works, in which case her utility is
u(Rki + (1 − τ)w) − xi.

• The agent is able but applies for disability insurance, in which case
her expected utility is pu(Rki + T) + (1 − p)u(Rki).

• The agent is disabled and applies for disability insurance, in which
case her expected utility is (1 − q)u(Rki + T) + qu(Rki).

A disabled agent has no choice but to apply for disability insurance.
Given the level of assets ki chosen in the first period, an able agent will
work during the second period if and only if the utility of doing so is
higher, i.e., u(Rki + (1 − τ)w) − xi ≥ pu(Rki + T) + (1 − p)u(Rki).
This is the incentive-compatibility constraint in the second period. Im-
portantly, ki enters into this constraint, and the agent knows how ki in-
fluences her decision to work in the second period. Thus, by choosing
how much to save in the first period, the agent is effectively deciding
whether to work in the second period if not disabled.

Mathematically, the agent solves the following utility-maximization
problem:

V ¼ max
ki

u w−kið Þ−xi þ βmax VW
2 kið Þ;VNW

2 kið Þ
n o

;where

VW
2 kið Þ ¼ 1−θið Þ u w 1−τð Þ þ Rkið Þ−xi½ �

þ θi 1−qð Þu Rki þ Tð Þ þ qu Rkið Þ½ �; and
VNW
2 kið Þ ¼ 1−θið Þ pu Rki þ Tð Þ þ 1−pð Þu Rkið Þ½ �

þθi 1−qð Þu Rki þ Tð Þ þ qu Rkið Þ½ �

represent the utilities in the second period of the working and non-
working paths.

The agent can solve this problem in two steps. First, she finds
ki
α and ki

β which maximize respectively the utilities of working
and not working in the second period. Second, she chooses kiα and
the working path over kiβ and the non-working path if and only if
u(w − ki

α) + βV2
W(kiα) ≥ u(w − ki

β) + βV2
NW(kiβ).

Proposition 1. Given θ, there exists a cutoff ~x such that, for all xi ≤ ~x, the
agent will work during the second period if able (“the working path”)
and will accumulate ki⁎ = kα. For all xiN~x, the agent will not work in the
second period (“the non-working path”) and will accumulate ki⁎ = kβ.
The levels of assets, kα and kβ, solve the following first-order conditions
and satisfy the following incentive-compatibility constraints:

u0 w−kα
� � ¼ 1−θð Þ u0 w 1−τð Þ þ Rkα

� �� �
þ θ 1−qð Þu0 Rkα þ T

� �þ θqu0 Rkα
� �

;
ð1Þ
8 The latter assumption is consistent with the requirement that an applicant must be
out of the labor force for at least five months before applying for disability insurance
and for the duration of the application, which can take many years due to appeal and
re-application (French and Song, 2014). Thus rejected applicants may have difficulty
returning to the labor force even if they are work-capable (Parsons, 1991).
~x ≤ u w 1−τð Þ þ Rkα
� �

− pu Rkα þ T
� �þ 1−pð Þu Rkα

� �� �
;

ð2Þ

and u0 w−kβ
� �

¼ θ 1−qð Þ þ 1−θð Þpð Þu0 Rkβ þ T
� �

þ 1−θð Þ 1−pð Þ þ θqð Þu0 Rkβ
� �

;
ð3Þ

~x ≥ u w 1−τð Þ þ Rkβ
� �

− pu Rkβ þ T
� �

þ 1−pð Þu Rkβ
� �� �

:
ð4Þ

Proposition 2. kα b kβ if θ b 1; kα = kβ if θ = 1.

Given the probability of being disabled in the second period,
forward-looking agents with a sufficiently high disutility of work will
decide in the first period that they will not work in the second period.
Instead, theywill apply for disability insurance regardless of their actual
disability status at that time. Since they will earn less by not working,
they will accumulate more assets in the first period than they would if
they planned to work (if able) in the second period. By contrast, agents
with relatively low disutility of work will apply for disability insurance
only if they become disabled. Decisions about asset accumulation and
labor supply are made jointly, because agents are forward-looking and
the incentive-compatibility constraints are clear: they know how they
will react to actual disability shock in the second period given their
accumulation of assets.

If an agent's optimal level of assets, ki⁎, maximizes the utility of
working in the second period and satisfies the incentive-compatibility
constraint, she cannot find another level of assets that will make not
working in the second period more attractive than working. As a coun-
terexample, suppose an agent saves kα with the intention of working
in the second period, but her disutility of work is sufficiently high that
V2
W(kα) b V2

NW(kα) and she would be better off not working in the
second period. Eq. (3) implies that she would have gained greater over-
all utility by saving kβ instead of kα. Therefore, accumulating kα and
choosing the non-working path (or, alternatively, accumulating kβ and
choosing the working path) cannot be optimal.

Fig. 1 provides a graphic illustration of Propositions 1 and 2 using the
logarithmic utility function (u(ci) = log(ci)) and a sample set of values
for parameters w, R, β, τ, and T. Panel A assumes no screening, where
p = 1 and q = 0. Panel B uses Type I and Type II error rates derived
by Benitez-Silva et al. (2006), where a disabled applicant has a
22-percent possibility of being rejected (q) and an able applicant has a
62-percent probability of being accepted (p). 9 Panel C uses Type I and
Type II error rates derived by Low and Pistaferri (2015) for workers
aged 45 and above, where p = 0.18 and q = 0.37. 10 Panel D assumes
perfect screening without classification errors, so p and q are both
zero. Within a panel, each line plots the optimal level of assets, ki⁎,
against the disutility of work, xi, for a given value of θi.

All four panels illustrate similar patterns. Agents with a sufficiently
low disutility of work will choose the working path and accumulate
non-zero assets to insure against the risk of disability in the second pe-
riod. Those with a sufficiently high disutility of work will choose the
non-working path and accumulate even more assets, since they will
not earn wages in the second period. Because the disutility of work, xi,
enters the utility function separately from consumption, it does not
enter the first-order conditions; thus, kiα and ki

β do not vary with xi.
The cutoff ~x is decreasing in θ, suggesting that as the risk of becoming
disabled increases the non-working path becomes more attractive.
The difference between the two levels of assets, kβ− kα, is also decreas-
ing in θ. The intuition is that as the probability of becoming disabled in-
creases, the difference between expected earnings on the working and
9 See footnote 7 of Benitez-Silva et al. (2006) on page 3.
10 See Section 5.6.1 of Low and Pistaferri (2015).
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Fig. 1. Simulated values of the optimal asset level ki⁎. Notes: This figure plots simulated values of the optimal level of asset, ki⁎, against xi for four values of θi and four levels of screening
stringency. The assumptions are: u = log(c); w = 1; R = 1.043; β = 1/R; τ = 0.07; T = 0.5.
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non-working paths decreases. In the extreme casewhere θ=1—that is,
where an agent will definitely become disabled—there are no differ-
ences between the working and non-working paths.

2.2. Screening and optimal asset levels

Eqs (1) and (3) imply that the classification errors, p and q, influence
the optimal level of assets. To understand the impact of screening, it is
helpful to distinguish between screening quality and screening stringency.
A superior screening mechanism lowers both types of classification er-
rors. A stricter screeningmechanism decreases p at the cost of increasing
q, in which case the probabilities of receiving benefits decrease for both
able and disabled applicants. Improving screening quality is difficult in
the face of resource constraints, and policy makers usually encounter a
tradeoff between the two types of classification errors at the margin
(Autor and Duggan, 2006; Kleven and Kopczuk, 2011).

Proposition 3. ∂kα

∂p ¼ 0; ∂kα

∂q N 0; ∂kβ

∂p b 0; and ∂kβ

∂q N 0.

Proposition 3 suggests that the optimal levels of asset accumulation
for the working and non-working paths are higher when screening is
stricter (i.e., lower p and higher q) because, for both paths, expected
earnings in the second period decrease as the probabilities of receiving
benefits decrease. By contrast, a superior screening mechanism
(i.e., lower p and lower q) decreases the probability of receiving disabil-
ity benefits for an able agent but increases the probability of receiving
disability benefits for a disabled agent. Thus, it increases expected
earnings in the second period for the working path and has an ambigu-
ous effect for the non-working path. The comparisons across the panels
in Fig. 1 are consistent with Proposition 3.

Proposition 3 also implies that given θ, kβ − kα is decreasing in p. In-
tuitively, increasing the probability of Type II errors increases expected
earnings in the second period for the non-working path but does not
affect the working path. Thus the difference in the assets accumulated
by agents who choose theworking and non-working paths respectively
would decrease. It is not clear how kβ − kα varies with q, since a higher
Type I error rate decreases expected earnings in the second period
for both the working and non-working paths, and thus increases the
optimal asset levels for both paths.

Proposition 4. d~x
dp b 0; and d~x

dq b 0.

The two types of classification errors have similar effects on the at-
tractiveness of the working and non-working paths. As the likelihood
of receiving disability benefits without being disabled (p) increases,
the expected utility in the second period of the non-working path in-
creases; that of the working path does not change. Thus, individuals
who were previously undecided between the two paths now have in-
centives to choose the non-working path. Expected utility in the second
period increases for both the working and non-working paths as the
likelihood of receiving disability benefits when disabled (1 − q) in-
creases. However, themarginal impact on expected utility in the second
period is higher for the working path, since such agents accumulate
fewer assets and the utility function is concave. So individuals who
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were indifferent before have an incentive to choose the working path.
Therefore, a stricter screening mechanism (lower p and higher q) will
not always encourage more agents to choose the working path, but a
superior screening mechanism (lower p and lower q) will. Fig. 1
shows that given θ, ~x is highest in the scenario of perfect screening
and lowest in the scenario of no screening.

The model suggests that decreasing the quality of screening has a
clear work-disincentive effect. As classification error rates increase,
more individuals switch from the working path (applying if
disabled) to the non-working path (applying regardless of disabil-
ity status). In other words, a disability-insurance program with
imperfect screening may encourage forward-looking agents with
high disutility of work to plan their exit from the labor force in
advance.

2.3. Comparing asset levels of rejected versus accepted applicants

Empirically, we do not observe whether an applicant has chosen the
working or non-working path, but we do observe whether he or she is
accepted or rejected. Able agents on the working path will always
work during the second period and will not apply for disability insur-
ance. Thus, the applicant pool consists of three groups: disabled agents
on theworking path, disabled agents on the non-working path, and able
agents on the non-working path. Under imperfect screening, both
rejected and accepted applicants will include members of all three
groups. Given θ, let Fθ(x) be the conditional cumulative distribution
function of x, and ~x be the cutoff in Proposition 1.

Proposition 5. Given θ ∈ (0, 1), E(k|θ, rejected) − E(k|θ, accepted) N 0 if
and only if 1 − p N q and Fθð~xÞ ∈ ð0;1Þ.

Proposition 5 suggests that the expected assets of a rejected
applicant will be higher than those of an accepted applicant
as long as (a) there are agents pursuing both paths, and
(b) screening is sufficiently effective to be more likely to reject an
able applicant than a disabled applicant. The first requirement is
straightforward: if all agents take the same path, their asset level
will be identical conditional on θ. The second requirement implies
that, compared to accepted applicants, rejected applicants will
include a higher proportion of agents who have chosen the non-
working path.

Empirically testing for this proposition is challenging, since wealth
is highly skewed; the existence of outliers is likely to bias the esti-
mates from standard mean regressions (Engen and Gruber, 2001).
Therefore, I use quantile regressions as my preferred specifications
in Section 5.

Proposition 6. Given θ∈ (0, 1), let Qk(λ|θ, rejected) be the λth conditional
quantile of k. There exist λ1 and λ2 such that

Qk λjθ; rejectedð Þ−Qk λjθ; acceptedð Þ ¼ kβ−kα for λ2 b λ b λ1;
0 otherwise

�
ð5Þ

if and only if 1 − p N q and Fθð~xÞ∈ð0;1Þ. And,

λ1 ¼ θ 1−qð ÞFθ ~xð Þ
θ 1−qð Þ þ p 1−θð Þ 1−Fθ ~xð Þð Þ ; λ2 ¼ θqFθ ~xð Þ

θqþ 1−pð Þ 1−θð Þ 1−Fθ ~xð Þð Þ :

As in the case of Proposition 5, when there are agents pursuing both
paths and screening is sufficiently effective, agents on the non-working
path will represent a lower portion of accepted applicants than of
rejected applicants. Thus, rejected and accepted applicants in the lowest
and highest quantiles will possess similar assets, but in the middle
quantile rejected applicants will have higher assets.

Screening quality has two opposing effects on the composition of
rejected and accepted applicants. Proposition 4 suggests that as classifi-
cation errors (p and q) increase, ~x and Fθð~xÞ decrease; thus more agents
are choosing the non-working path and applying for disability insur-
ance without being disabled. On the other hand, more classification
errors are likely to increase similarity between rejected and accepted
applicants. Where p is as high as 1 − q (that is, where the probability
of receiving benefits is identical for able and disabled applicants),
λ1 − λ2 = 0, and rejected and accepted applicants will exhibit the
same mixture of the able and the disabled. The two groups will also
exhibit the same distributions of asset levels.

The model thus suggests that, for the empirical exercise to be infor-
mative, classification errors need to be sufficiently low that differences
are detectable between rejected and accepted applicants. If they are
too low, however, it is possible that few agents will choose the non-
working path and there will thus be few able applicants. Whether this
happens empirically depends on the distribution of disutility of work,
which is unobserved. Importantly, as Panel D in Fig. 1 shows, agents
with a sufficiently high disutility of work will still choose the non-
working path even when screening is perfect. They will apply for
disability insurance as long as p is positive.

Fig. 2 plots simulated distributions of the assets accumulated by
rejected and accepted applicants using two sets of classification errors,
estimated by Benitez-Silva et al. (2006) ((p, q) = (0.62, 0.22); Panel A)
and by Low and Pistaferri (2015) ((p, q) = (0.18, 0.37); Panel B). Both
panels assume the same utility function and parameters as in Fig. 1,
θ = 0.2, and uniformly distributed disutility of work (x) between
0 and 1.5. In both scenarios, rejected applicants include a higher propor-
tion of able agents who have chosen the non-working path. When
screening is moderate, rejected and accepted applicants have similar
distributions of asset levels, differing only between the 13th and 22nd
percentiles. When screening is strict, the asset levels of the two groups
differ between the 23rd and 57th percentiles.
2.4. Empirical implications

The key takeaway from this theoretical exercise is the prediction
that if rejected applicants are more likely to have planned their applica-
tions in advance, then they are also likely to have accumulatedmore as-
sets than accepted applicants. To test this prediction, I compare the asset
accumulation of rejected applicants to that of accepted applicants. The
main goal of the empirical exercises is to test the existence of
forward-looking asset-accumulation behavior. It is difficult to use the
model to predict the magnitudes or quantiles of differences in the
asset levels of rejected and accepted applicants, since doing so requires
making strong assumptions about the distribution of disutility of work,
the distribution of probability of disability, and classification errors.
Furthermore, many other factors affect asset accumulation, such as
unobserved risk preferences, which the model does not account for.
Since the model is not intended to capture all of the behavior of
applicants, it is worthwhile to clarify the assumptions and limitations
of the model.

First, Propositions 5 and 6 assume that θ is known, but empirically
we observe health imperfectly. In the absence of the non-working
path, i.e., Fθð~xÞ ¼ 1, rejected and accepted applicants with the same θ
should possess the same level of assets, kα. Since kα is increasing in θ
(Eq. (1) and Fig. 1), and since rejected applicants are expected to be
healthier (i.e., with lower θ) than accepted applicants (Bound, 1989),
rejected applicants should have lower levels of assets in the absence
of the non-working path: if the expected alternative to receiving disa-
bility insurance is to work, rejected applicants should have higher ex-
pected income in the second period than accepted applicants. Thus,
observing health imperfectly should bias against finding a positive
correlation between rejection and asset level at the time of application
in the absence of the non-working path. A similar argument applies in
the case where rejected applicants expect a lower probability of receiv-
ing disability benefits (i.e., a higher rate of rejection) than accepted
applicants.



11 RAND (2011) describes construction of the data used in this paper.
12 As of 2015, the limit is $2000 for an individual and $3000 for a couple (SSA, 2015).

A)

B)

Fig. 2. Simulated distributions of rejected and accepted applicants' assets withmoderate or strict screening.Notes: This figure plots simulated distributions of applicants' assets for rejected
applicants (on the left) and accepted applicants (on the right)withmoderate screening (Panel A) or strict screening (Panel B). The assumptions are:u=log(c);w=1;R=1.043;β=1/R;
τ = 0.07; T = 0.5; θ= 0.2; and x uniformly distributed between [0, 1.5]. The red dashed lines indicate simulated values of λ1 and λ2 defined in Eq. (5).
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Second, in this simple model, rejected applicants are either disabled
or have decided to withdraw from the labor force. Empirically, this
is unlikely to be true of all rejected applicants; studies have shown
that a non-zero proportion of rejected applicants return to work (von
Wachter et al., 2011;Maestas et al., 2013; French and Song, 2014). How-
ever, the existence of such applicants should again bias against finding a
positive correlation between rejection and accumulation ofmore assets,
since the expectation of returning to work diminishes incentives to
save. Though the model could be generalized to include the probability
of returning to work after rejection, doing so would not affect its key
prediction.

Third, other non-health-related shocks, such as unemployment,
could lead to applications from work-capable applicants (Autor and
Duggan, 2003). Hence, it is possible that rejected applicants accumulate
more assets than accepted applicants to self-insure against a higher risk
of unemployment (von Wachter et al., 2011). This reasoning is consis-
tent with the interpretation that some applicants are forward-looking
and that rejected applicants plan their application in advance for non-
health-related reasons.

Finally, rejected and accepted applicants may differ systematically
on certain unobserved determinants of assets, such as risk preferences.
To test whether this is true, I compare rejected and accepted applicants
not merely at the time of application but also a few years earlier. Mea-
surement errors in wealth as the dependent variable would bias against
finding significant differences, but there is no reason to believe that
measurement errors would vary over time.
3. Data construction

For my empirical analysis, I use the RAND Health and Retirement
Studies dataset, 11 which allows me to observe the timing and outcome
of SSDI application as well as applicants' path of asset accumulation. In
addition to disability insurance application and wealth, the dataset pro-
vides information on demographics, health, employment, retirement,
and income. It follows five cohorts of individuals born between 1931
and 1953, with observations every two years beginning in 1992.

Previous studies that used the HRS do not distinguish between SSDI
and SSI applicants (Benitez-Silva et al., 1999, 2004, 2006; Giertz and
Kubik, 2011). SSDI does not have an asset test, but many applicants
also apply for Supplemental Security Income (SSI), which imposes a
limit on “countable resources” such as cash and bank accounts. 12 Such
an asset test is likely to suppress variation in the asset levels of SSI appli-
cants. The HRS began distinguishing between SSDI and SSI applicants in
2000. Of the 3352 individuals in the RAND HRS data who applied for
SSDI or SSI between ages 44 and 65, 1323 applied only for SSDI, 189
only for SSI, and 635 for both. Information is lacking on the remaining
1205 applicants. My main analysis focuses on individuals who applied
for SSDI but not SSI. I use the remaining applicants as a comparison
group for robustness checks.



Table 1
Comparison of rejected and accepted SSDI applicants: Demographics and labor force par-
ticipation at the time of application.

Rejected
(N= 152)

Accepted
(N= 400)

|t|

Panel A: Demographics
Male 0.414 0.435 0.43
White 0.612 0.693 1.80*
Black 0.211 0.185 0.68
Hispanic 0.151 0.100 1.70*
College or above 0.303 0.300 0.06
Years of education 11.68 11.88 0.70
Year of birth 1943.0 1942.2 1.52
Age at application 58.01 58.38 1.01
Religion: Protestant/Catholic 0.888 0.920 1.17
Veteran 0.197 0.185 0.33
Married 0.691 0.738 1.10
Household size 2.730 2.478 2.02**
At least one living parent (N = 537) 0.440 0.406 0.72
Region: Northeast 0.132 0.170 1.10
Region: Midwest 0.224 0.253 0.70
Region: South 0.487 0.430 1.20
Region: West 0.158 0.148 0.30
Financial-planning horizon: ≥ 3 years (N= 384) 0.327 0.343 0.29

Panel B: Labor force participation
Considers self partly/completely retired 0.392 0.339 1.13
In the labor force 0.408 0.598 4.05***
Currently working for pay 0.351 0.540 4.01***
Self−reported total years working

Eligible working years
0.779 0.841 2.23**

Hours worked per week (if employed, N = 268) 34.10 38.18 2.10**
Weeks worked per year (if employed, N = 262) 49.96 49.98 0.02
Self-employed (if employed, N = 269) 0.208 0.157 0.87
Blue-collar occupation (N = 518) 0.362 0.355 0.13
Manufacturing occupation (N = 519) 0.273 0.234 0.91

Notes: This table reports mean statistics on the individual characteristics of rejected and
accepted SSDI applicants. Here |t| is the t-statistic from a two-sample t-test for equal
means; the superscripts *, **, and *** signify p b 0.10, p b 0.05, and p b 0.01 respectively.
Married, Household size, At least one living parent, Region dummies, Financial-planning
horizon, and variables in Panel B are determined in the year of application or one year
earlier; Eligible working years is calculated as (age− years of education − 6); Blue-collar
occupation and Manufacturing occupation refer to the longest-duration occupation;
Financial planning horizon is surveyed in the 1992 and 1998–2006 waves.

Table 2
Comparison of rejected and accepted SSDI applicants: health.

Rejected Accepted |t|

Panel A: Zero/one year before application
Self-reported health: fair or poor 0.572 0.550 0.47
Change in self-reported health 0.520 0.506 0.12
Self-reported change: somewhat/much worse 0.566 0.525 0.86
Health-related work limitation 0.684 0.603 1.77*
Number of doctor-diagnosed conditions 2.053 2.143 0.73
Overnight hospital stay in the last 2 years 0.428 0.413 0.32
Doctor visit in last 2 years 0.960 0.980 1.28
Out-of-pocket medical expenses $3418 $3888 0.65
N 152 400

Panel B: One/two years after application
Self-reported health: fair or poor 0.594 0.691 2.07**
Change in self-reported health 0.022 0.338 2.81***
Self-reported change: somewhat/much worse 0.464 0.564 2.04**
Health-related work limitation 0.899 0.946 1.92**
Number of doctor-diagnosed conditions 2.401 2.615 1.58
Overnight hospital stay in the last 2 years 0.442 0.526 1.69*
Doctor visit in last 2 years 0.941 0.979 2.22**
Out-of-pocket medical expenses $6096 $9582 0.63
N 138 388

Notes: This table reports mean statistics on the health-related variables of rejected and ac-
cepted SSDI applicants. Here |t| is the t-statistic from a two-sample t-test for equal means;
the superscripts *, **, and *** signify p b 0.10, p b 0.05, and p b 0.01 respectively. Self-report-
ed health is an integer between one (excellent) and five (poor). Self-reported health: fair or
poor is a 0/1 indicator variable for fair to poor self-reported health. Change in self-reported
health is the first difference in Self-reported health. Self-reported health change: somewhat/
muchworse is a 0/1 indicator variable for self-reported deteriorating health.Health-related
work limitation is a 0/1 indicator variable for whether the applicant self-reports a health-
related limitation on the kind or amount of paid work. Number of doctor-diagnosed
conditions is the sum of eight indicator variables for whether a doctor has ever diagnosed
(1) high blood pressure or hypertension; (2) diabetes or high blood sugar; (3) cancer or a
malignant tumor except skin cancer; (4) chronic lung disease except asthma; (5) heart at-
tack, coronary heart disease, angina, congestive heart failure, or other heart problems;
(6) stroke or transient ischemic attack; (7) emotional, nervous, or psychiatric problems;
and (8) arthritis or rheumatism. Out-of-pocket medical expenses is in real year-2000
dollars.
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I use two additional criteria to select my sample of applicants. Like
Giertz and Kubik (2011), I define an accepted applicant as an individual
who reports having received approval of his or her application or reap-
plication by a certain year, in this case 2010. I drop 44 individuals who
applied in 2009 and 2010, some of whom may still be awaiting a deci-
sion in 2010. I assume that the remaining applicants are rejected if
they do not receive approval by the time of the 2010 survey. 13

Finally, I include only individuals whose asset data is complete for
the period ending the year of application and beginning three years ear-
lier. Applicants withmissing asset data are dropped; these observations
also tend to have missing values on other important variables, such
as health and employment. I also exclude those who applied before
the HRS study period, since we do not observe their characteristics at
the time of application. Since the HRS survey takes place in even-
numbered years, I observe applicants either zero and two years before
application or one and three years before application. (Thus I define
the time of application as either zero or one year before application.) I
use observations two and three years before application to test whether
there are unobserved differences in rejected and accepted applicants'
tendency to accumulate assets during a time period when they are un-
likely to have begun planning to apply for SSDI. Having at least two ob-
servations for each applicant ensures a balanced panel that compares
the same groups over time. Because some of the applicants' asset
13 A fewmay eventually receive approval, inwhich casemy datamay underestimate the
differences between accepted and rejected applicants.
information is missing for earlier periods, constructing a balanced
panel with a longer time span would require dropping those applicants
and decreasing the power for analysis. As a robustness check, I show
that using a longer pre-period does not change the central results.

My resulting main sample consists of 400 accepted applicants and
152 rejected applicants who applied for SSDI but not SSI between
1994 and 2008. The overall acceptance rate is around 72.5%, 14 compa-
rable to other studies that use the HRS to study SSDI and SSI applicants
(Benitez-Silva et al., 1999, 2004, 2006; Giertz and Kubik, 2011).

A power analysis suggests that, given the number of accepted and
rejected applicants, the minimum detectable effect size for the two-
sample mean comparison with power = 0.80 is 0.237σ for alpha =
0.10,whereσ2 is the sample variance. To seewhether theminimumde-
tectable effect size is theoretically feasible, Fig. A.1 in Appendix A simu-
lates the model in Section 2 and plots the range of (p, q)—the
classification errors in the screening process—that would yield suffi-

ciently large Eðkjθ;rejectedÞ−Eðkjθ;acceptedÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Varðkjθ;applicantÞ

p under a set of assumptions. Low

and Pistaferri (2015) estimate the Type I error rate (q) as 0.37 and the
Type II error rate (p) as 0.18, which fall within the desirable ranges plot-
ted in Fig. A.1. The main point estimates of (p, q) in Benitez-Silva et al.
(2006) are (0.62, 0.22) and slightly outside of the ranges. However,
their alternative estimates using less strict assumptions include
(p, q)= (0.55, 0.21) and (p, q)= (0.42, 0.19), 15 both of which arewith-
in reasonable ranges. It is also noteworthy that the classification-error
14 The proportion of accepted applicants is slightly higher for applicants in odd-
numbered years than in even-numbered years, but the difference is not significant in a
two-sample T test.
15 See Table 5 in Benitez-Silva et al. (2006).



Table 3
Comparison of rejected and accepted SSDI applicants: income and wealth.

Rejected
(N = 152)

Accepted
(N = 400)

Mean Median Mean Median

Panel A: Zero/one year before application
Household non-housing financial assets 34.696 2.089 28.590 1.314
Prior year's personal earnings 15.113 2.791 20.226 15.073
Prior year's household capital income 10.746 0.034 10.068 0.029
Prior year's household total income 47.989 32.921 54.902 38.451

Panel B: Two/three years before application
Household non-housing financial assets 52.460 2.115 43.147 2.797
Prior year's personal earnings 21.644 12.105 23.835 19.134
Prior year's household capital income 7.184 0.029 9.960 0.040
Prior year's household total income 50.179 37.319 54.503 39.203

Notes: This table reports mean and median statistics on wealth-related variables for
rejected and accepted SSDI applicants. Here |t| is the t-statistic from a two-sample t-test
for equalmeans; the superscripts *, **, and *** signify p b 0.10, p b 0.05, and p b 0.01 respec-
tively. Household non-housing financial assets accounts for debt and excludes the value of
retirement savings, real estate, vehicles, and businesses. All variables are in thousands of
real year-2000 dollars.
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rates estimated by Benitez-Silva et al. (2006) and Low and Pistaferri
(2015) apply to both SSDI and SSI applicants. It is unclear how classifi-
cation errors differ between SSDI and SSI.

To establish thatmydata have sufficient power to test themodel and
that screening is effective, I need to provide evidence that rejected
applicants are likely to have a higher disutility of work than accepted
applicants and that they are less likely to be disabled when their appli-
cation outcomes are determined. I will discuss the results comparing
the mean characteristics of rejected and accepted applicants in
Section 4, and present the regression analysis in Section 5.

4. Mean comparisons

This section compares rejected and accepted applicants in three
areas: demographics and labor force participation, health before and
after disability application, and income and wealth.

4.1. Demographics and labor force participation

Table 1, Panel A, compares the demographics of rejected and
accepted applicants and reports the t-statistics from a two-sample
A)

Fig. 3. Comparison of rejected and accepted SSDI applicants: household non-housing financial a
housing financial assets of rejected and accepted SSDI applicants. Panel A plots the assets at 0 or
or 1 year before application byhealth-relatedwork limitation,which is a 0/1 indicator variable fo
of paid work. Household non-housing financial assets are in thousands of real year-2000 dolla
T-test of equal means. The demographics of the two groups are
largely similar. The only variable significant at the 5-percent level
in a t-test is household size at the time of application, which is larger
for rejected applicants. Rejected applicants are less likely to be
white and more likely to be Hispanic (significant at the 10-percent
level). On average, rejected applicants are less likely to be male,
Protestant/Catholic, and married; they are more likely to have at
least one living parent at the time of application. Geographically,
rejected applicants are more likely to live in the south and west
and less likely to live in the northeast and midwest. None of these
mean differences, however, are statistically significant. The two
groups are similar in education, age, and veteran status. In the sub-
sample of those who reported their financial planning horizon at
the time of application, rejected applicants are slightly less likely to
have a long planning horizon (three years or more) but the differ-
ence is not significant. Most applicants have a planning horizon
shorter than three years.

Like Giertz and Kubik (2011) and vonWachter et al. (2011), I find
that rejected applicants show significantly less attachment to the
labor force immediately before application. According to Table 1,
about 39% of rejected applicants report being at least partially retired
at the time of application, compared to only 34% of accepted appli-
cants. Only 41% of rejected applicants are in the labor force; only
35% work for pay. By contrast, almost 60% of accepted applicants
are in the labor force and 54% are working for pay. The differences
in both variables are large and significant. Rejected applicants are
not just less likely to be working at the time of application; they
have also worked significantly fewer of their eligible working years
(calculated as age minus the sum of six and years of education).
Given that the average number of eligible working years is around
40, the 6-percentage-point difference in the means is equivalent to
2.5 years of employment. Conditional on employment during the
year of application or the prior year, rejected applicants on average
work four fewer hours per week, though the two groups work a
similar number of weeks.

These results are consistent with what Giertz and Kubik (2011) find
using an earlier sample of SSDI and SSI applicants from the HRS data:
rejected applicants have a lower labor force participation rate, and the
difference is persistent over the decade preceding application. The two
possible explanations are not mutually exclusive: rejected applicants
face worse labor-market conditions or they have a higher disutility of
work. Rejected applicants are more likely to be self-employed and to
have worked predominantly in manufacturing or a blue-collar occupa-
tion (e.g., construction), but the differences are relatively small and
B)

ssets. Notes: This figure plots the cumulative distribution functions of the household non-
1 year before application and at 2 or 3 years before application. Panel B plots the assets at 0
r self-report of an impairment or health problem that limits the applicant's kind or amount
rs. Observations with less than 0 or more than $50,000 in financial assets are censored.



Table 4
OLS estimates of differences between rejected and accepted applicants (Dependent variable = Household non-housing financial assets).

Sample Full Excluding top 5% Excluding top & bottom 5%

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

Rejected × (0 or 1 yr before) 4.180
(8.053)

9.594
(9.730)

5.624*
(1.957)

8.921*
(3.231)

2.007**
(0.574)

4.577**
(0.919)

Rejected × (2 or 3 yrs before) 20.198**
(5.279)

12.244***
(1.604)

4.438
(2.947)

3.987
(3.098)

0.969
(2.218)

2.182
(3.169)

Household Income 0.797**
(0.142)

0.731**
(0.132)

0.328**
(0.067)

0.283**
(0.073)

0.323**
(0.068)

0.277**
(0.079)

Controls No Yes No Yes No Yes
N 1104 1104 1048 1048 994 994

Notes: This table reports OLS regression estimates. The dependent variable is the amount of household non-housing financial assets in thousands of real year-2000 dollars. Standard errors
are robust and clustered by the number of years until application. The superscripts *, **, and *** signify p b 0.10, p b 0.05, and p b 0.01 respectively. The sample “Excluding top 5%” excludes
individuals whose mean household non-housing financial assets across both observations exceed $225,000. The sample “Excluding top & bottom 5%” excludes individuals whose mean
household non-housing financial assets across both observations are above $225,000 or below−$15,000. The controls include variables for gender; age; race dummies; indicator variables
for college education ormore, being Protestant/Catholic, being a veteran, and beingmarried; household size; geographic-regiondummies; an indicator variable for being in the labor force;
indicator variables for self-reported fair or poor health, self-reported deteriorating health, and health-related work limitation; out-of-pocket medical expenses in the prior two years in
2000 dollars; survey-year dummies; and years-to-application dummies.
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not statistically significant. Rejected and accepted applicants also exhib-
it the same education levels and largely similar demographics and
geographic distributions. Adverse labor-market conditions alone are
unlikely to account for the stark differences in the two groups' attach-
ment to the labor force, both at the time of application and over their
lifetimes. Since attitudes toward working are unobserved, these results
are suggestive evidence that rejected applicants dislike workmore than
accepted applicants.

4.2. Health before and after application

Table 2 compares the health of rejected and accepted applicants at
the time of application (Panel A) and shortly thereafter (Panel B),
using subjective and objective measures. The subjective measures are
self-reported health status, the first difference in self-reported health
(i.e., the change in self-reported health since the last survey), self-
reported health change, and whether poor health limits the applicant's
type or amount of paid work. The objective measures are the number of
doctor-diagnosed health conditions, whether one has had an overnight
hospital stay in the previous two years, whether one has had a doctor
visit in the previous two years, and out-of-pocket medical expenses
over the previous two years (in real year-2000 dollars).
Table 5
Quantile regression estimates of differences between rejected and accepted applicants
(Dependent variable = Household non-housing financial assets).

Quantile (1) 50% (2) 50% (3) 25% (3) 60% (4) 75%

Rejected × (T = 0, 1) 2.395**
(1.177)

3.211
(2.034)

0.751
(1.174)

5.983**
(2.438)

8.732**
(3.657)

Rejected × (T = 2, 3) 0.746
(1.383)

1.044
(1.472)

0.286
(1.090)

0.714
(2.332)

−0.201
(4.745)

Household Income 0.291***
(0.060)

0.318***
(0.068)

0.092***
(0.035)

0.470***
(0.126)

0.843***
(0.097)

Controls No Yes Yes Yes Yes
N 1104 1104 1104 1104 1104

Notes: This table reports quantile regression estimates. The dependent variable is household
non-housing financial assets in thousands of real year-2000 dollars. Standard errors are
bootstrapped with 2000 repetitions. The superscripts *, **, and *** signify p b 0.10, p b 0.05,
and p b 0.01 respectively. T is the number of years until SSDI application. The controls include
variables for gender; age; race dummies; indicator variables for college education or more,
being Protestant/Catholic, being a veteran, and being married; household size; geographic-
region dummies; an indicator variable for being in the labor force; indicator variables for
self-reported fair or poor health, self-reported deteriorating health, and health-related
work limitations; out-of-pocket medical expenses in the prior two years in year-2000
dollars; survey-year dummies; and years-to-application dummies.
In the year of application or the prior year, the average health of
rejected applicants appears worse than that of accepted applicants
according to subjective measures. Around 68% of rejected applicants
report a health-based work limitation at the time of application, ap-
proximately 8% more than the comparable proportion of accepted
applicants; the difference is significant at the 10-percent level. Ob-
jective measures, however, show the health of rejected applicants
to be comparable or better: they have fewer doctor-diagnosed health
conditions, are less likely to have visited a doctor in the prior two
years, and spend less on out-of-pocket medical expenses, but these
differences are not statistically significant. Table A.1 in Appendix A
displays similar results at two or three years before application:
rejected applicants are more likely to report work limitations, and
appear to have slightly worse health by subjective measures; the
objective measures suggest that their average health status is
comparable or better.

One or two years after application, rejected applicants are signif-
icantly healthier by both subjective and objective measures. They are
significantly less likely to report fair or poor health or a change for
the worse. Now 5-percentage-point fewer rejected applicants than
accepted applicants report limitations on work for reasons of health,
as compared to 8-percentage-point more at the time of application.
Rejected applicants are also significantly less likely to self-report
deteriorating health, a hospital stay, or a doctor visit in the preceding
two years. They have fewer doctor-diagnosed conditions and spend
less on out-of-pocket medical expenses.

These results suggest that the screening process distinguishes
between healthier and less healthy applicants at least by the time of
the decision, as the application-review process can take a few years.
Rejected applicants may become healthier after application, resulting
in rejection; alternatively, they may understate their health status to
the HRS at the time of application, either to justify their application or
because they doubt the study's confidentiality. For purposes of this
study, it is unnecessary to distinguish between these hypotheses,
since both suggest that the screening process is fairly effective.

Table A.2 in Appendix A shows that accepted applicants are signifi-
cantly more likely to have been diagnosed with heart problems and
cancer; rejected applicants are significantly more likely to have back
pain. 16 Autor and Duggan (2003) and Autor and Duggan (2006) find
that the expansion of SSDI since 1984—particularly rapid growth in
16 Autor and Duggan (2006) show that heart disease, cancers, mental impairments, and
musculoskeletal disorders (typically, back pain and arthritis) are the four largest catego-
ries of diagnoses, accounting for around 70% of all awards.
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awards for back pain andmental illness, which are difficult to verify and
entail low mortality—has prompted applications from individuals
whose unwillingness to work is high and/or who face adverse labor-
market conditions. Thus the differences observed here are consistent
with higher disutility of work on the part of rejected applicants.

Following Benitez-Silva et al. (2004), Benitez-Silva et al. (2006), and
Low and Pistaferri (2015), I use self-reported work limitation due to
health as a proxy for disability status. I consider this measure relative,
however, and not absolute; that is, I do not assume that everyone who
reports work limitation is disabled. The explanation is twofold. First,
HRS's definition of the variable “whether an impairment or health prob-
lem limits the kind or amount of paid work” includes partial disability,
and is far less extreme than SSA's definition of disability, “inability to
work due to medical conditions that are expected to result in death or
to last for at least one year.” Second, Table 2 suggests possible discrepan-
cies between self-reported disability status and objective measures of
health at the time of application. Instead, I assume that, within each
group of rejected or accepted applicants, those who report health-
limited work at the time of application are more likely than others to
be disabled.

4.3. Income and wealth

Table 3 compares the wealth and income of accepted and rejected
applicants. I use applicants' household non-housing financial assets to
measure asset levels. This measure includes the value of liquid financial
assets, such as stocks, mutual funds, bonds, checking and saving
accounts, and debt. Following Engen and Gruber (2001), I exclude
less-liquid assets, such as IRAs and Keogh plans, and assets that have
direct consumption value, such as real estate and vehicles. Both mean
and median are reported in Table 3. Panel A shows the comparison at
the time of application; Panel B reports the same statistics two or
three years before application. Overall, accepted applicants have
higher personal earnings and total household income, consistent with
the observation that they work significantly more than rejected appli-
cants. Accepted applicants have higher median liquid assets two or
three years before application, but rejected applicants' median asset
level surpasses that of accepted applicants zero or one year before
application.

Panel A in Fig. 3 plots the cumulative density functions of non-
housing financial assets of rejected and accepted applicants, at the
time of application and two or three years earlier. I censor values
below 0 and above 50 so that the graphs will focus on the 20th to
80th percentiles. Two or three years before application, accepted
Fig. 4. Quantile regression estimates of differences in asset levels by application status. Notes:
quantiles. Standard errors are bootstrappedwith 2000 repetitions. The left-hand figure plots the
with a 0/1 indicator variable for the time being zero/one year before application. The right-ha
applicant interacted with a 0/1 indicator variable for the time being two/three years before ap
applicants have slightly higher assets at most percentiles, though the
differences are small. This is unsurprising in that accepted applicants
have higher earnings. Zero or one year before application, rejected ap-
plicants have higher assets at most percentiles between the 40th and
80th percentiles, even though they are more likely to be out of the
labor force and to have lower earnings. These differences are primarily
due to increases in rejected applicants' asset levels, not decreases in
those of accepted applicants. Panel B in Fig. 3 shows that the differences
in asset levels of rejected and accepted applicants at the time of applica-
tion are mainly driven by rejected applicants without health-related
work limitations. Becausemany factors could affect asset accumulation,
I use regression analysis to control for observables and to estimate the
difference in asset accumulation between rejected and accepted
applicants.

5. Regression analysis

My main specification is

AiT ¼ α þ β1Reji � T ¼ 0;1ð Þ þ β2Reji � T ¼ 2;3ð Þ þ β3IiT þΦ � ΣiT þ εiT ;

ð6Þ

where i denotes an applicant; T denotes the time period (i.e., the
number of years before SSDI application); AiT is person i's household
liquid-asset level at time T; Reji is 1 if the applicant is ultimately
rejected and 0 otherwise; IiT is the household's total income during
the last calendar year; and ΣiT includes a set of variables controlling
for demographics, labor force participation, health, out-of-pocket
medical expenses, calendar-year dummies, and years-to-application
dummies.

The coefficients β1 and β2 do not represent the causal impact of re-
jection on asset accumulation but capture differences in applicants'
asset levels conditional on other observables. Since my sample con-
struction ensures a balanced panel, each applicant has twoobservations.
I separately estimate the difference between rejected and accepted
applications at zero or one year before application and at two or three
years before application.

Table 4 reports the OLS estimates of Eq. (6). The results are sensitive
to inclusion of outliers, or individuals with extremely high or low assets.
Excluding outliers, Columns (5) and (6) suggest that rejected applicants
have accumulated significantly more liquid assets than accepted appli-
cants at the timeof application. The difference is smaller and statistically
insignificant at two or three years before application. Controlling for
This figure plots the quantile regression estimates from Eq. (6) between the 20% and 80%
coefficient estimates and 95% confidence intervals of being a rejected applicant interacted
nd figure plots the coefficient estimates and 95% confidence intervals of being a rejected
plication.
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observables, rejected applicants accumulate around $4600 more in
mean liquid assets than accepted applicants (Column (6)).

Because the distribution of assets is highly skewed, I use quantile re-
gressions to estimate Eq. (6), bootstrapping the standard errors with
2000 repetitions. Table 5 reports the magnitudes of the estimates at
the 25%, 50%, 60%, and 75% quantiles. Controlling for income and a
rich set of observables, rejected applicants possess around $3200 more
in median liquid assets than accepted applicants at the time of applica-
tion, though the estimate is not statistically significant. The difference is
economicallymeaningful, however, since themedian liquid-asset levels
of rejected and accepted applicants are around $2100 and $1300 respec-
tively. The differences are even larger at the 60% and 75% quantiles and
statistically significant at the 5% level. The difference at the 25%
quantile is positive but insignificant, unsurprising given that these
applicants have scant assets. Fig. 4 plots the coefficient estimates of
β1 and β2 and the 95-percent confidence intervals for all even percen-
tiles between 20% and 80% using bootstrapped standard errors. The
coefficient estimates of β1 increase with the applicants' asset level and
are especially large and significant after the 60% quantile. In stark
contrast, all the estimates of β2 are close to zero and statistically
insignificant.

Overall, I find that rejected applicants accumulate significantly
more liquid financial assets than accepted applicants by the time of
application. The magnitude and statistical significance of the
differences increase with asset levels. Such differences do not appear
at two or three years before application, suggesting that the two
groups are unlikely to have unobserved differences in the tendency
to save.
5.1. Robustness checks

I present three sets of robustness checks. First I include observations
up to six or seven years before application. Fig. 5 plots the quantile esti-
mates of β1 and β2 from Eq. (6) using a balanced sample consisting of
117 rejected applicants and 297 accepted applicants. Each applicant
has four observations of non-missing asset levels between zero/one
year before application and six/seven years before application. Since
there are fewer applicants, the estimates are noisier. But the key results
hold: positive and large differences in asset levels between rejected and
accepted applicants at the time of application, but not several years
earlier.
Fig. 5. Robustness checks: Quantile regression estimates of differences in asset levels by applica
timates from Eq. (6) between the 20% and 80% quantiles. Standard errors are bootstrappedwit
intervals of being a rejected applicant interacted with a 0/1 indicator variable for the time being
95% confidence intervals of being a rejected applicant interactedwith a 0/1 indicator variable fo
rejected applicants and 297 accepted applicants who satisfy the following criteria: (a) applied t
any missing asset data between zero/one year before application and six/seven years before ap
Second, I explore differences among applicants' self-reported
health-related work limitations and estimate

AiT ¼ α þ β11Reji � Hi ¼ 0ð Þ � T ¼ 0;1ð Þ þ β21Reji � Hi ¼ 0ð Þ� T ¼ 2;3ð Þ
þ β12Reji � Hi ¼ 1ð Þ � T ¼ 0;1ð Þ þ β22Reji � Hi ¼ 1ð Þ� T ¼ 2;3ð Þ
þ β13 Hi ¼ 0ð Þ � T ¼ 0;1ð Þ þ β23 Hi ¼ 0ð Þ � T ¼ 2;3ð Þ
þ β3IiT þΦ � ΣiT þ εiT ;

ð7Þ

where Hi is whether applicant i self-reports health-related work limita-
tion at the time of application.

Fig. 6 plots the quantile regression estimates of β11, β21, β12, β22, β13

and β23. The base group here is accepted applicants who report work
limitation at the time of application. Consistent with Fig. 3, rejected ap-
plicants without work limitations differmost from the base group at the
time of application, though the estimates are somewhat noisy. Rejected
applicants with work limitations also possess significantly more assets
than the base group in some quantiles, but themagnitudes of the differ-
ences are smaller. There are no differences in asset levels between ac-
cepted applicants without limitations and the base group at the time
of application. Differences among the asset levels of the four groups
two or three years before application are minimal.

Third, I use other applicants likely to have applied to SSI between
ages 44 and 65 as a comparison group and estimate

AiT ¼ α þ β11Reji � SSDIi � T ¼ 0;1ð Þ þ β21Reji � SSDIi � T ¼ 2;3ð Þ
þ β12Reji � T ¼ 0;1ð Þ þ β22Reji � T ¼ 2;3ð Þ þ β3IiT þΦ � ΣiT þ εiT ;

ð8Þ

where SSDIi = 1 if the applicants applied only to SSDI (my main
sample). The comparison sample includes 273 accepted applicants
and 206 rejected applicants who belong to one of three categories:
(1) applicants to SSI but not SSDI, (2) applicants to both, or (3) those
whose application patterns are unclear. Like the applicants in my main
sample, those in the comparison sample applied between ages 44 and
65 and have non-missing asset information between zero/one year be-
fore application and two/three years before application. I report the
characteristics of rejected and accepted applicants in the comparison
sample in Appendix B.

Eq. (8) uses the disability applicants in the comparison sample to
control for differences between rejected and accepted applicants in
each time period. Fig. 7 plots the quantile estimates of β11, β21, β12,
tion status with a longer time horizon. Notes: This figure plots the quantile regression es-
h 2000 repetitions. The left-hand figure plots the coefficient estimates and 95% confidence
zero/one year before application. The right-hand figure plots the coefficient estimates and
r the time being between two and seven years before application. The sample includes 117
o SSDI but not SSI between ages 44 and 65, (b) applied before 2009, and (c) does not have
plication.



Fig. 6. Robustness checks: Quantile regression estimates of differences in asset levels by application status andhealth-relatedwork limitation.Notes: Thisfigure plots the estimates and95%
confidence intervals of the quantile regression coefficients from Eq. (7) between the 20% and 80% quantiles. Standard errors are bootstrapped with 2000 repetitions. Health-related work
limitation is a 0/1 indicator variable for self-report of an impairment or health problem that limits the applicant's kind or amount of paid work. T is the number of years until SSDI
application.
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and β22. Because SSI ismeans-tested, it is unsurprising that rejected and
accepted SSDI/SSI applicants do not possess significantly different assets
at the time of application. As in the resultswithout the comparison sam-
ple, rejected SSDI applicants have accumulated significantlymore assets
than accepted applicants at the time of application but not two or three
years before application. As such applicants' asset levels increase, the
magnitude and statistical significance of the differences at the time of
application also increase.

5.2. Discussion

Together with Section 4, the regression results suggest that at
least some rejected applicants planned a couple of years in advance
to apply for disability insurance and saved accordingly. One could
argue that rejected applicants accumulate more assets because
they are healthier and/or expect a higher probability of being
rejected. If all rejected applicants had taken the working path, their
asset levels would have been lower than accepted applicants',
conditional on their earnings. This is the case because healthier
agents have higher expected incomes if they decide to work. Thus
any unobserved differences in health should drive rejected appli-
cants to possess fewer assets than accepted applicants rather than
more.

An alternative explanation is that rejected applicants possess more
assets because they face worse labor-market conditions and self-
insure against the risk of unemployment. But rejected applicants tend
toward less labor force participation and lower earnings for many
years—up to a decade—before application (Giertz and Kubik, 2011;
von Wachter et al., 2011). If they face persistently worse labor-market
conditions over time, they should accumulate more assets than accept-
ed applicants several years before application, which I do not observe.
Also, self-insuring against unemployment risk is consistent with
the prediction that some applicants planned their application for
non-health-related reasons.



Fig. 7. Robustness checks: Quantile regression estimates of differences in asset levels by application status using SSDI/SSI applicants as a comparison group. Notes: This figure plots the
estimates and 95% confidence intervals of the quantile regression coefficients from Eq. (8) between the 20% and 80% quantiles. Standard errors are bootstrapped with 2000 repetitions.
The sample includes individuals who satisfy the following criteria: (a) applied to SSDI and/or SSI between ages 44 and 65, (b) applied before 2009, and (c) has non-missing asset data
between zero/one year before application and two/three years before application. SSDI only is a 0/1 indicator variable that equals 1 if it is clear that the applicant applied only to SSDI. T
is the number of years until SSDI application.
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Another possible explanation is that a positive wealth shock, such
as a large severance package or inheritance, could have prompted a
relatively healthy agent to drop out of the labor force and apply for
disability insurance. It is difficult to test this mechanism directly, but
large wealth shocks are low-probability events. Given that rejected ap-
plicants hold relatively low-income jobs and are persistently less likely
to be in the labor force, large severance packages are apt to be rare.
Table 1 shows that 44% and 40.6% of rejected and accepted applicants
respectively have at least one living parent at the time of application.
Two or three years before application, the probabilities of having at
least one living parent are 51.7% for the rejected applicants and 47.6%
for accepted applicants. Both groups experienced a 7-percentage-
point drop; thus a large inheritance is also unlikely to drive the ob-
served differences between rejected and accepted applicants.

6. Conclusion

This paper links the theoretical literature on optimal saving distor-
tions with the empirical literature examining the work-disincentive ef-
fects of disability-insurance programs. It presents and empirically tests a
model that predicts the asset accumulation and labor force participation
of SSDI applicants: if an applicant who strongly dislikes work plans to
apply for disability insurance in the future even if still capable of work-
ing at that time, he or shewill have accumulatedmore assets at the time
of application than if the decision to apply were made only when truly
disabled. I use the RAND HRS data to show that rejected applicants ex-
hibit weaker attachment to the labor force and appear to be healthier
at the time their applications are decided on. Although the assets of
rejected and accepted applicants do not differ several years before ap-
plication, rejected applicants possess more liquid assets at the time of
application. These findings provide empirical support for the existence
of forward-looking asset-accumulation behavior. Though the current
screening system is not effective enough to deter those individuals
from applying, it can detect at least some work-capable applicants
who plan in advance even without relying on assets as a criterion.
Thus it is unclear to what degree imposing an asset-based criterion on
the current system, as suggested by Golosov and Tsyvinski (2006),
would increase the efficacy of screening.

Prior studies have used rejected applicants' post-application labor
force participation rate as an upper bound of accepted applicants' coun-
terfactual labor force participation rate (Bound, 1989; von Wachter
et al., 2011). My results suggest that rejected and accepted applicants dif-
fer on other dimensions besides health, and particularly on their unob-
served preferences. Because rejected applicants may dislike work more
than accepted applicants, it is unclear whether the former are a proper
comparison group for the latter when studying labor force participation.

Disability insurance functions as long-term unemployment insur-
ance for some individuals facing adverse labor-market conditions
(Autor and Duggan, 2003, 2006); in addition, it is also possible that in-
dividuals with high unwillingness to work view SSDI as an alternative
form of Social Security before they are eligible for retirement benefits
(Duggan et al., 2007). Since disability insurance affects future labor
supply, the empirical literature on the contemporaneous impact of dis-
ability insurance on labor force participation may underestimate the
magnitude of the totalwork-disincentive effect. However, given sugges-
tive evidence of rejected applicants' high disutility of work, it is unclear
what proportion of them would stay in the labor force longer in the
absence of a disability-insurance program. Quantifying the magnitude
of the dynamic work-disincentive effect is a promising direction for fu-
ture research.
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Appendix A. Additional tables and figures
Fig. A.1. Power analysis: range of (p, q) for minimum detectable effect size. Notes: This figure plots the range of p and q that would yield Eðkjθ;rejectedÞ−Eðkjθ;acceptedÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Varðkjθ;applicantÞ

p greater than the minimum

detectable effect size with 400 accepted applicants and 152 rejected applicants, power=0.80, and alpha=0.10. The simulations use the model from Section 2.2 and assume u= log(c);
w = 1; R = 1.043; β = 1/R; τ = 0.07; T = 0.5; x uniformly distributed between [0, 1.5]. Each panel assumes a different θ.
Table A.1
Comparison of rejected and accepted SSDI applicants: health two or three years before applica

Rejected
(N = 152

Self-reported health: fair or poor 0.355
Change in self-reported health 0.036
Self-reported change: somewhat/much worse 0.368
Health-related work limitation 0.318
Number of doctor-diagnosed conditions 1.593
Overnight hospital stay in the last 2 years 0.204
Doctor visit in last 2 years 0.913
Out-of-pocket medical expenses $2607

Notes: This table reports mean statistics on the health-related variables of rejected and accepted
a two-sample t-test for equal means; the superscripts *, **, and *** signify p b 0.10, p b 0.05, an
(poor). Self-reported health: fair or poor is a 0/1 indicator variable for fair to poor self-reported he
health change: somewhat/much worse is a 0/1 indicator variable for self-reported deteriorating
self-reports a health-related limitation on the kind or amount of paid work. Number of doctor-
diagnosed (1) high blood pressure or hypertension; (2) diabetes or high blood sugar; (3) ca
(5) heart attack, coronary heart disease, angina, congestive heart failure, or other heart problem
and (8) arthritis or rheumatism. Out-of-pocket medical expenses is in real year-2000 dollars.
tion.

)
Accepted
(N = 400)

|t|

0.298 1.31
0.092 0.54
0.355 0.29
0.234 2.00**
1.718 1.06
0.260 1.37
0.914 0.04
$2957 0.65

SSDI applicants at two or three years before their application. Here |t| is the t-statistic from
d p b 0.01 respectively. Self-reported health is an integer between one (excellent) and five
alth. Change in self-reported health is thefirst difference in Self-reported health. Self-reported
health. Health-related work limitation is a 0/1 indicator variable for whether the applicant
diagnosed conditions is the sum of eight indicator variables for whether a doctor has ever
ncer or a malignant tumor except skin cancer; (4) chronic lung disease except asthma;
s; (6) stroke or transient ischemic attack; (7) emotional, nervous, or psychiatric problems;



Table A.2
Comparison of rejected and accepted SSDI applicants: health conditions.

Rejected Accepted |t|

Panel A: Zero/one year before application
Back pain (N = 323) 0.535 0.506 0.45
CESD score (N = 519) 2.793 2.471 1.37
Doctor-diagnosed: high-blood pressure 0.550 0.534 0.33
Doctor-diagnosed: diabetes 0.232 0.246 0.34
Doctor-diagnosed: cancer 0.093 0.123 0.99
Doctor-diagnosed: lung disease 0.113 0.128 0.48
Doctor-diagnosed: heart problems 0.166 0.243 1.96*
Doctor-diagnosed: stroke 0.113 0.068 1.73*
Doctor-diagnosed: psychological problems 0.238 0.183 1.46
Doctor-diagnosed: arthritics 0.550 0.619 1.48
N 399 151

Panel B: One/two years after application
Back pain (N = 279) 0.654 0.530 1.90*
CESD score (N = 495) 2.570 2.621 0.21
Doctor-diagnosed: high-blood pressure 0.606 0.599 0.13
Doctor-diagnosed: diabetes 0.277 0.287 0.21
Doctor-diagnosed: cancer 0.117 0.183 1.80*
Doctor-diagnosed: lung disease 0.124 0.165 1.15
Doctor-diagnosed: heart problems 0.197 0.313 2.59***
Doctor-diagnosed: stroke 0.146 0.121 0.74
Doctor-diagnosed: psychological problems 0.285 0.251 0.78
Doctor-diagnosed: arthritics 0.650 0.695 0.98
N 387 137

Notes: This table reportsmean statistics on health problems for rejected and accepted SSDI
applicants. Here |t| is the t-statistic from a two-sample t-test for equal means; the super-
scripts *, **, and *** signify p b 0.10, p b 0.05, and p b 0.01 respectively. Back pain is sur-
veyed every other wave. CESD score is a score on the Center for Epidemiologic Studies
Depression scale that measures the respondent's feelings in the previous week using the
sum of five negative indicators minus two positive indicators; a higher score indicates
more negative feelings. For the eight doctor-diagnosed health conditions, the sample
includes only respondents who answer all eight questions. The conditions are: (1) high
blood pressure or hypertension; (2) diabetes or high blood sugar; (3) cancer or a
malignant tumor except skin cancer; (4) chronic lung disease except asthma; (5) heart
attack, coronary heart disease, angina, congestive heart failure, or other heart problems;
(6) stroke or transient ischemic attack; (7) emotional, nervous, or psychiatric problems;
and (8) arthritis or rheumatism.
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Appendix B. Supplementary materials

Supplementarymaterials to this article can be found online at http://
dx.doi.org/10.1016/j.jpubeco.2015.06.002.
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