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Abstract
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more generous compared to early SS claiming. We provide empirical evidence that this
shift in relative generosity induced individuals to substitute from early SS claiming to
DI enrollment. To quantify its implications, we estimate a life-cycle model and find
that the DI program significantly mitigates the reform’s regressive fiscal and welfare
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1 Introduction

As the population is aging in most developed countries, policymakers and researchers are
increasingly focused on improving the fiscal sustainability of the public old-age pension
programs. The United States (US) is no exception, leading to the introduction of the 1983
Amendments to Social Security (SS), the government-run public old-age pension program
formally known as the Old–Age and Survivors Insurance (OASI). These amendments in-
cluded a gradual increase in the full (normal) retirement age (FRA), the age at which
individuals become eligible to receive 100% of their retirement benefits. Additionally, the
reform adjusted benefit schedules to discourage early claiming of benefits and encourage
delayed claiming of benefits. Although there are active discussions on the effects of the
reform, there is limited understanding of how these reformsmay interact with other social
insurance programs that may complement or substitute for OASI.

In this paper, we provide a unified framework to jointly study OASI and Disability In-
surance (DI), twomajor social insurance programs for households approaching retirement
phase in the US. The OASI program is one of the largest components of the federal budget,
accounting for about a quarter of the total. In 2022, 29% of individuals aged 62 claimed SS
benefits and 61% claimed benefits before reaching their FRA of 66. Although the DI pro-
gram aims to provide income insurance for the entire working-age population with work
disabilities and does not specifically target older workers, it supports a significant share of
individuals nearing retirement: approximately 17% of workers aged 60 to 66 benefits from
the program.1 As such, these two programs are crucial in shaping individuals’ transition
to retirement.

Given the overlap in the beneficiary population, the Social Security reforms—such as
the 1983 Amendments—can affect the claiming behaviors for both the retirement bene-
fits and DI. Specifically, the 1983 Amendment implicitly increases the relative generosity
of the DI program because workers can receive DI benefits until FRA, which effectively
extends the duration of DI benefits. Furthermore, unlike SS benefits, DI benefits are not
subject to early retirement penalties, providing greater incentives to utilize DI rather than
claiming SS benefits early. Importantly, such an impact of these incentive changes may
vary depending on worker characteristics. In particular, both DI participation and early SS
claiming are more common among workers with low education and poor health. Conse-
quently, an increased early claiming penalty may induce larger behavioral responses from

1Although the Social Security Administration’sMedical-Vocational Guidelines relax eligibility standards
for applicants over age 55, this design accounts for the reduced vocational adaptability of older workers
rather than an explicit policy objective to provide early retirement benefits. See Code of Federal Regulation
§ 404.1563(e) for more details.
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these workers, especially those who are marginally attached to the labor market due to
health reasons, leading to potential redistributive effects.

Our goal in this paper is to evaluate the 1983 Social Security reform, focusing on the po-
tential interactions between SS and DI.2 Specifically, we address the following three ques-
tions: How does the reform impact individuals’ utilization of the DI program? What are
the effects of the reformwhen accounting for behavioral responses? And finally, how does
the presence of the DI program shape the overall impact of the reform? Specifically, we
examine the extent to which the DI program mediates the redistributive effects of the re-
form on fiscal outcomes (measured as changes in the present value of net benefits) and
welfare across individuals of different health statuses. We answer these questions by em-
pirically analyzing DI program utilization behaviors among birth cohorts impacted by the
1983 Amendment and by evaluating the reform’s consequences within a structural life-
cycle model.

We use the Health and Retirement Study (HRS) data to conduct a cohort-level analysis
exploiting the 1983 Amendment. The reform raised the FRA for the 1943-1954 (“young”)
birth cohorts to 66, up from 65 for the 1931-1937 (“old”) cohorts. Further, when the young
cohort claims SS benefits at the Early Eligibility Age (EEA) of 62—the youngest age at
which he can claim SS benefits—his benefit is reduced by 25%, compared to a 20% for
the old cohort.3 We first document whether the DI and early SS claiming behaviors differ
between these two cohorts and quantify the impact of changes in the early SS claiming
penalty on these patterns.

Across these two cohorts, we observe varying patterns in DI and SS benefit receipts
between the EEA and FRA. In this age range, individuals can claim SS at reduced benefits
(since he is older than EEA) or receive DI benefits (since he is younger than FRA). We
observe that while the share of individuals receiving either SS or DI benefits is similar
across cohorts at each age, the composition of benefits differs. Among the old cohort,
about 6% of individuals aged between 62 and 64 receive DI, whereas among the young
cohort, the share is around 12%. The discrepancy is more pronounced among high school
dropouts than among those with college education.

2In 1984, Social Security Disability Benefits ReformAct was enacted that effectively relaxed the screening
criterion for the DI program. This policy was applied to all cohorts, although younger cohorts may have
been impacted more than older cohorts. We address the potential impact of the DI reform in the empirical
analysis by controlling for birth cohort effects as well as the linear trends; and in the quantitative analysis, by
conducting counterfactual analyses accounting for the relevant DI program change that impacted the young
cohort.

3The FRA increases by twomonths for each birth year for cohorts 1938-1942. The early claiming penalties
and delayed retirement credits are also impacted that differ across cohorts, which we detail in Section 2.3.
For simplicity, we compare two birth cohorts, 1931-37 and 1943-1954, within which each cohort has the same
FRA.
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To further evaluate the extent to which the retirement policy reform impacts the be-
haviors of those nearing retirement, we link the HRS with the restricted Social Security
Earnings Records. This linked data allows us to calculate the present values (PV) of DI
and claiming SS benefits at age 62 for all individuals at each age leading up to 62. We
then construct the percent difference between present values of DI and early SS claiming.
This relative DI generosity variable (PVDR) measures the financial trade-offs individuals
face, which was impacted by the 1983 Amendments (increased for the young cohort). Our
analysis suggests that the relative DI generosity has a statistically significant positive as-
sociation with DI receipt status. In particular, individuals with a 8 percentage point (pp)
higher relative DI generosity (the difference in the medians across two cohorts) are about
11pp more likely to receive DI than claim SS early.

Our empirical evidence indicates that the SS reform may have spillover effects into the
DI program, with redistributive fiscal and welfare implications that have yet to be com-
prehensively explored in the literature. We analyze these consequences using a dynamic
life-cycle model that accounts for workers’ behavioral responses and the trade-offs inher-
ent in the post-reform environment. The model incorporates workers of heterogeneous
education statuses who face disability and labor market risks. Importantly, they make la-
bor supply, DI application, and SS claiming decisions, and we model key policy features,
including the distinct benefit calculation formula for SS and DI programs and risks as-
sociated with DI application process. We calibrate the model to match the key empirical
features of the old cohort, including the age distribution of the Social Security claimants,
the share DI recipients by age, and the heterogeneity in outcomes by education statuses.

The calibrated model is then used to conduct several counterfactual analyses. First,
we simulate the “young” cohort facing differential SS policies. We observe a decrease in
the share of individuals claiming SS at 62, alongside an increase in DI claims, with effects
more pronounced among the lower-educated. The simulated model replicates our empir-
ical findings, showing that the PVDR is positively associated with a higher likelihood of
receiving DI over early claiming of SS benefits, thereby validating our quantitative frame-
work. We then evaluate the reform’s impact by health status—good, fair, and poor—in
later working ages.4 The fiscal effect is measured as the PV of net benefits (PVNB), com-
prising DI and SS benefits net of taxes, received from ages 50 until death. We evaluate the
PVs at age 50 to precisely capture the impact of policy reforms during the life stages when
these policies matter the most. We find that the increase in PVNB is higher for individ-
uals with fair and poor health than those with good health. Regarding welfare that we

4The ’health’ status defined here is different from ’disability’ status. Unlike disability status, which
evolves annually, our health status represents an individual’s overall health capacity between ages 50 and
64. We use this measure to capture a more robust, long-term measure of individual health near retirement.
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also evaluate age 50, while the reform results in a welfare loss, the cost is smaller for poor
health individuals.

Second, we simulate the reform under two alternative DI environments, one without
DI and one with a higher acceptance probability, to examine how DI shapes these fiscal
and welfare effects. In the No-DI economy, the poor health individuals are the ones whose
PVNB increases the least, unlike in the benchmark economy. That is, DI plays a crucial
role in mitigating the reform’s otherwise regressive fiscal impact with respect to health
statuses. Further, the benchmark DI program reduces the welfare costs by approximately
14% relative to the no-DI economy, with a 37% reduction for those in poor health. Lastly,
we examine a more stringent SS reform, the elimination of early SS benefit claiming. This
policy significantly increases the DI share, creating a large offsetting effect between de-
creased SS benefits and increased DI benefits. These results further highlight the signifi-
cant spillover effects of SS tightening on DI program, and its implications across workers
of different health groups.

Overall, our findings underscore that SS andDI function as a deeply integrated system.
Ignoring these cross-program spillovers leads to an overestimation of fiscal gains and an
underestimation of the vital roleDI plays in protecting vulnerableworkers near retirement.

Related Literature. Our paper contributes to the vast literature studying public old-age
pension and DI.

Recent empirical studies utilizing administrative data have examined the effects of pub-
lic pension reforms across European countries. For example, Lalive et al. (2023), Rabate
et al. (2024), and Geyer et al. (2020) estimate the effects of increased FRA in Switzer-
land, Netherlands, and Germany, respectively. Notably, Geyer et al. (2020) document ev-
idence of program substitution, specifically into unemployment and other transfer pro-
grams within households, which aligns with our observed substitution into DI. Andersen
et al. (2021), provides further relevant findings, showing that a Norwegian early retire-
ment incentive change increased working hours of high-wage earners, thereby increasing
inequality. Additionally, studies have explored the effects of transitioning from defined
contribution to notional defined benefit pension systems in Sweden (e.g., Kolsrud et al.,
2024) and Poland (e.g., French et al., 2026). French et al. (2026) highlight dynamic em-
ployment responses to pension reform. This aligns with our focus on individuals making
dynamic policy and labor market decisions in response to the US Social Security reform.

There are also a substantial body of research using structural models to evaluate the
program including French (2005), French and Jones (2011), Imrohoroglu andKitao (2012),
Yang (2013), Kitao (2014b), Dotsey et al. (2015), Jones and Li (2023), Pashchenko and Po-
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rapakkarm (2023), and Bairoliya and McKiernan (2023). As summarized in French and
Jones (2017), the interaction between health and retirement decisions, influenced by pol-
icy environments, is well-established. These papers often incorporate health and medi-
cal expenditure risks the elderly face to better understand their retirement behaviors and
evaluate the effects of policies. Collectively, previous literature documents a range of pub-
lic pension reform effects—policy substitutions and dynamic responses at the individual
level; and its distributional consequences—which are consistent with the mechanisms and
outcomes that we aim to capture in this work. Our work extends the literature by provid-
ing coherent empirical and structural analyses of SS reforms, in combination with DI, a
policy that individuals may substitute into.

Studies on DI have extensively examined its effects on labor supply, consumption, and
mortality, among others (see e.g., Bound and Burkhauser, 1999 for a summary of the liter-
ature, and Maestas et al., 2013; French and Song, 2014; Autor et al., 2019; and Gelber et al.,
2023). Further, recent structural analysis, including Low and Pistaferri (2015), Kim and
Rhee (2022), Hosseini et al. (2025), and Aizawa et al. (2025), focus on DI policy design
and its macroeconomic effects, particularly on working-age individuals. We complement
this literature by analyzing how DI influences worker decisions near retirement.

Among the few studies that investigate the interaction between SS andDI, as we do, are
Duggan et al. (2007), Coe and Haverstick (2010), Li (2018), and Laun et al. (2019). Our
work extends these studies in several dimensions. First, we build upon the cohort-based
policy variation utilized byDuggan et al. (2007). While their study focuses on average out-
comes across cohorts, our use of the Social Security Earnings Records linked to the HRS
enables us to measure these effects while accounting for micro-level heterogeneity. This
approach is similar to that of Coe and Haverstick (2010) and Li and Maestas (2008), but
the availability of recent data provides a more complete understanding of the behaviors of
the cohorts under study. Second, our work advances the structural literature of Li (2018)
and Laun et al. (2019) by explicitly bridging empirical evidence with structural modeling.
We conduct the empirical analysis that measure how the relative generosity of DI impacts
worker decisions; we then use these empirical findings to validate our quantitative frame-
work.

Finally, our model provides a nuanced evaluation of the distributional consequences
of Social Security reform in the presence of DI. While Kitao (2014b) analyzes the long-run
general equilibrium effects of these reforms, we focus on the redistributive fiscal and wel-
fare impacts on the specific cohorts directly affected by the 1983 Amendments. By incorpo-
rating the granular interplay between education and health statuses, our work quantifies
the disaggregated effects across individuals with heterogeneous profiles. This approach
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allows us to demonstrate how DI serves as a critical social safety net that mitigates the re-
gressive impact of Social Security tightening, particularly for individuals in poor health.
Ultimately, by highlighting micro-level heterogeneity during the pre-retirement period,
our analysis provides a more detailed understanding of the welfare costs borne by the
most vulnerable populations, a dimension often obscured in aggregate general equilib-
rium modeling.

The rest of the paper is organized as follows. We summarize the institutional back-
ground in Section 2 and present our empirical analysis in Section 3. We describe themodel
environment and the calibration strategy in Sections 4 and 5 respectively, and conduct
quantitative analyses in Section 6 before we conclude in Section 7.

2 Institutional Background

In the US, the Social Security Administration (SSA) administers the federal Old-Age, Sur-
vivors, andDisability Insurance (OASDI) program. TheOASDI programprovides benefits
for retired workers, survivors and individuals with disabilities. In 2022, the program pro-
vided payments to 66.0 million people—57.2 million individuals received old-age and sur-
vivors insurance and 8.8 million people received disability insurance—with its total cost
at 5.2% of GDP ($1.2 trillion dollars). The program is funded by payroll taxes on wage
and salary earnings with contributions from both employers and employees. In 2024, the
OASDI tax rate is 12.4%, up to a maximum earnings of $168,600.

Within the broader OASDI program, we distinguish between the DI and OASI and
refer to OASI as SS program. In the next, we discuss institutional details of each program,
outline the key components of policy changes, and summarize the resulting discrepancies
in policy environments across cohorts, which we utilize for our empirical analyses.

2.1 Disability Insurance

DI program is aimed at helping working-age individuals who are unable to work due to
disabilities. To be insured, a worker needs to accumulate enough “credits,” where one
credit is awarded for a certain amount of earnings ($1,730 in 2024) for a maximum of four
credits per year.5 The Social Security Act defines disability as an “inability to engage in any
substantial gainful activity by reason of anymedically determinable physical ormental im-
pairment which can be expected to result in death or which has lasted or can be expected

5The number of credits required to be insured depends on the individual’s age at the onset of disability.
For example, if a disability begins at age 42, five years of work are required, whereas nine years are required
if the disability begins at age 58.
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to last for a continuous period of not less than 12months.”6 In 2024, the substantial gainful
activity (SGA) amount was $1,550 per month for non-blind individuals. A worker who is
disabled and has the number of credits necessary to be insured sends his application to
the Disability Determination Services. The decision for benefits are determined following
evaluation of the individual’s ability to work, the severity of condition, the type of im-
pairments, and the ability of the individual to continue his past work or do other type of
work. Once the application is submitted, it takes around six to eight months for an initial
decision, five months before the first benefit is paid, and 24 months to become eligible for
Medicare benefits.7 The DI benefits may be terminated if upon a review by an examiner,
the beneficiary is deemed no longer disabled, or he dies. Otherwise, when he reaches a
full-retirement age, the benefit automatically changes to retirement benefits.

The DI benefits are calculated based on each workers’ average indexed monthly earn-
ings (AIME). AIME is determined as the average earnings (indexed to reflect wage levels
in each year) over the computation years. For DI, the years with the highest indexed earn-
ings between the age of 22 and the disability onset are used, excluding a maximum of five
years of earnings.8 Given the AIME, the primary insurance amounts (PIA) is determined
as 90% replacement of the AIME up to the first bend point, 32% replacement between first
and the second bend points, and 15% replacement beyond the second bend points, with a
maximum benefit amount.9

2.2 Old-Age and Survivors Insurance

Individuals who have worked and paid Social Security taxes for 10 years (40 credits) or
more become eligible for SS benefits upon reaching age 62. Similar to DI, the size of the
retirement benefit is determined by AIME. However, unlike the AIME for DI, which is
based on earnings prior to disability onset, the AIME for SS is calculated as the average of
the highest 35 years of indexed earnings over theworkers’ career. Thus, if a worker worked
for 30 years, then five years of earnings are recorded as zero in calculating his AIME for
SS. The PIA is then determined following the same formula as in DI.

There are two additional adjustments to the actual benefit amount that retirees receive.

6See Section 223(d)(1) of the SSA for further details. A separate definition applies to those who are
blind.

7If the individual is denied the benefits, he is allowed to appeal the decision. For a detailed discussion
of the DI appeal process, see French and Song (2014).

8The number of “drop-out” years is calculated as the minimum of 5 and one-fifth of the elapsed years,
represented as min{5,0.2× (disability onset age−22)}. According to this formula, the number of drop-out
years is five for anyone who develops a disability on or after age 47.

9The two bend points of the 2024 monthly benefit formula are $1,174 and $7,078, and the maximum
benefit amount is $3,822.
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First, the benefit amount depends on the age at which the benefits are claimed. Workers
receive the PIA as their benefits if they claim SS at FRA. Monthly benefit payments are
reduced if claimed prior to FRA and increased if deferred, up to age 70. The FRA and
the specific penalty (credit) from early (delayed) claims depend on the beneficiary’s year
of birth; we provide a detailed discussion of these cohort-specific policies in Section 2.3.
Second, the retirement earnings test (RET) reduces benefits for those with earnings above
a certain threshold.10 For instance, the RET deducts $1 from retirement benefits for every
$2 of labor income above the annual limit if the beneficiary claims SS before reaching their
FRA. These withheld benefits are given back to beneficiaries once they reach their FRA.

2.3 Legislative Reforms and Policy Environments Across Cohorts

Social Security Amendments of 1983. In April 1983, the Social Security Amendments of
1983 was signed into law to restore the program’s financial stability. Among the changes
were increases in FRA, enhancements to the early retirement penalty, and adjustments to
the delayed retirement credit. First, the FRA is 65 for workers born in 1937 or earlier. Then,
it rises incrementally for subsequent cohorts by two months per birth year, reaching 66 for
those born between 1943 and 1954, and eventually increasing to 67 for those born 1960 or
later. Secondly, the early retirement penalty for those born in 1937 or earlier is 6.67% per
year; consequently, claiming benefits at EEA of 62 results in a 20% reduction. In contrast,
the 1943-1954 birth cohorts face a steeper penalty, resulting in a 25% reduction if benefits
are claimed at 62. Lastly, among those who claim benefits after the FRA, there is a credit
to their benefits. These credits gradually increased from 4.5% per year for 1929-1930 birth
cohorts with a maximum of 22.5% at age 70, to 8% per year for 1943 and later cohorts
with a maximum of 32% at age 70.11 Combined, these policy adjustments are aimed at
incentivizing longer working years.

Social Security Disability Benefits Reform Act of 1984. In 1984, the Social Security Dis-
ability Benefits Reform Act mandated a “medical improvement standard” that required
the SSA to prove the a recipient’s condition had improved before terminating benefits.
Further, the Act effectively made it easier to receive DI benefits for non-severe conditions.
The reform did not alter DI benefit schedule andwas applied uniformly for all individuals.

10For details on the implementation of the RET, see Social Security Administration (2026). Regarding
behavioral responses, Gruber and Orszag (2004), among others, examines how the earnings test affects the
labor supply decisions of workers near the FRA.

11It increases 0.5% per year for every two-year birth cohorts, e.g., 5% for 1931-1932 cohorts and 5.5% for
1933-1934 cohorts.
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Figure 1: Disability Insurance and Social Security Options by Cohorts

62 (EEA) 6665 (FRA) 70

Early Retirement
6.67% reduction per year

(at 62: 80% of PIA)

Disability Insurance
Apply and receipt until 65

Continue as SS at 65, no benefit adjustment

Delayed Retirement
5.5% credit per year

(at 70: 127.5% of PIA)

Early Retirement
6.25% reduction per year

(at 62: 75% of PIA)

Delayed Retirement
8% credit per year

(at 70: 132% of PIA)

62 (EEA) 66 (FRA)65 70 

Disability Insurance
Apply and receipt until 66

Continue as SS at 66, no benefit adjustment

“Old” Cohort 
(1931-1937)

“Young” Cohort 
(1943-1954)

Summary of Policy Environments across Cohorts. In the next section, we analyze the
behaviors of two cohorts—those born between 1931 and 1937whomwedenote as the “old”
cohort, and those born between 1943 and 1954, the “young” cohort. We select these two
cohorts because they face a discrete difference in the FRA (65 vs. 66) and differential early
claiming penalties (20% vs. 25% at age 62). Additionally, the availability of recent data
enables us to track their DI and SS benefit claiming behaviors through the FRA of the
youngest birth cohort.

Figure 1 summarizes the DI and SS policy environments faced by these two cohorts.
The DI option is available until the worker reaches the FRA. As discussed, the early claim-
ing of the Social Security benefits is available at age 62 (EEA), at differential penalty rates
across cohorts. Additionally, the delayed claiming of SS benefits is rewarded differentially
across cohorts, with the maximum reward at age 70.12

Overall, the retirement reform increased the relative attractiveness of DI for the young
cohort for several reasons. First, note that the PIA of DI may be higher than that of SS
benefits, especially among workers with (potentially) shorter years of work history. This
is because when a worker with less than 35 years of experience receives DI, his AIME is

12There are differences in early and delayed retirement benefit adjustments within our two cohort groups
(“young” and “old”); in such cases, we use simple averages. The exactly policy parameters for each birth
year are summarized at https://www.ssa.gov/oact/ProgData/ar_drc.html.
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not penalized as much as it is for retirement benefits, due to differences in computation
years between DI and SS. Secondly, the PIA effect is amplified by higher FRA and a larger
early claiming penalty. As noted, DI benefits are automatically transferred to retirement
benefits at FRA without adjustments in their benefit amounts. Therefore, a higher FRA
implies longer expected duration of DI receipt. Further, a higher early retirement penalty
increases the relative generosity of the DI. These factors collectively enhance the relative
value of disability benefits, potentially inducing higher DI utilization among the young
cohort.

It is also worthwhile to note the timing of the 1984 reform relative to each cohort’s life
cycle. In 1984, the old cohort was aged between 47 and 53, while the young cohort was
aged between 30 and 41; consequently, the young cohort was exposed to relaxed screening
criteria for a longer portion of their working lives. However, because our analysis focuses
on the ages at which DI and retirement incentives most directly interact, in the empirical
analysis, we restrict our attention to individuals who start receiving DI after the age of
50. This restriction implies that the majority of the old cohort, like the young cohort, were
subject to the same post-1984 DI screening criteria at the time of their disability shocks.13

3 Empirical Motivation

Our goal in this section is to empirically examinewhether there is a connection between the
change in retirement benefit schemes and the utilization of DI. Specifically, we investigate
whethermore stringent retirement policies (e.g., higher penalty from early retirement) are
associated with higher utilization of DI (substitute early retirement with DI). We do so by
leveraging the policy reform described in Section 2.3 that resulted in differential policy
environments across cohorts. We first describe the datasets used for the analyses, present
the behaviors of individuals near retirement by cohort, and conduct econometric analy-
ses to measure the effects of changes in SS benefits on DI utilization and early retirement
decisions of workers.

13Nevertheless, as there is suggestive evidence of a long-term trend toward more relaxed DI screening
(Autor and Duggan, 2006), we include both cohort dummies and linear trends in our empirical analysis
to account for these potential confounding effects. Furthermore, our quantitative analysis includes a coun-
terfactual scenario with a higher DI acceptance probability for the young cohort. This allows us to further
examine the potential impact of the changing institutional environment.
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3.1 Data

Our main data source for empirical analysis is the HRS, linked with the administrative
data from the SSA. The HRS data is a biennial longitudinal dataset representing indi-
viduals aged 51 or older. We combine the publicly available HRS data for years 1992 to
2020, which contains detailed demographic and health information, with restricted SSA
datasets. Specifically, we use the Cross-Year Benefits data and the Cross-Year Summary
Earnings data to further investigate and understand the factors determining workers’ la-
bor market, DI, and SS receipt statuses.

The HRS is suitable for our analysis as we analyze behaviors of individuals near retire-
ment. Further, as the HRS started in 1992, we can utilize a long panel dimension to gather
information over individuals’ lives. Of particular interest are the health and work disabil-
ity statuses, important determinants for DI and retirement decisions. Although DI benefit
decisions are based on whether a worker has a work disability, there is a large spectrum in
severity of such disabilities or health statuses. Thus, capturing health statuses of individ-
uals at finer levels is crucial. To do so, we utilize two measures in our analysis. First is the
work disability variable, a binary variable indicatingwhether an individual has awork dis-
ability or not. The second is “frailty index” that is constructed using the number of health
conditions (e.g., specific diagnosis like diabetes and restrictions in activities of daily liv-
ing) an individual has, which was shown to be a good measure of health status (see, e.g.,
Mitnitski et al., 2002). We use the index constructed by Hosseini et al. (2022), which is an
unweighted average of the sum of health conditions (one if you have a condition, zero oth-
erwise) that does not include the binary work disability variable. In addition to disability
and health-related variables, we also utilize other individual-level characteristics such as
education and marital statuses.

We combine the HRS with the Cross-Year Benefits data from the SSA. In this dataset,
we observe benefits participation (DI and SS), the benefit startingmonth and year, and the
benefit amounts. These are important outcome (e.g., whether one receives benefits) and
explanatory (e.g, how benefit amounts impact the decision to claim SS benefits) variables
for our analyses. A limitation, however, is that the benefit amount is available only for
those who are receiving DI or SS, which makes it difficult to fully understand how the re-
form impacted behaviors. We address this shortcoming by further utilizing the Cross-Year
Summary Earnings data. The Cross-Year Summary Earnings data from the SSA provides
earnings records of theHRS respondents for thosewhohave providedpermission tomatch
their SSA records with HRS data. For those who consent to provide earnings record, we
have annual earnings data for years from 1951 to 2020. Earnings are recorded to zero for
those who have no reported earnings; earnings below $49.99 were recorded as “N” to pre-
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serve confidentiality; and earnings above $50 are rounded to the nearest $100. We use
this data to construct the potential (hypothetical) PIAs for each individual at a given age,
providing us with a measure that captures the financial values of receiving DI or SS. We
explain in detail how we use this data to construct a variable measuring the relative gen-
erosity of DI compared to claiming SS early in Section 3.3, with more detailed descriptions
of the datasets relegated to the Appendix A.

We restrict our sample to males, as female employment rates among the studied birth
cohorts are significantly lower than those of males (unlike females in recent birth cohorts),
which may confound the analyses.14 We also drop individuals who started receiving DI
before 50 as we are interested in DI utilization decisions near retirement.

3.2 Stylized Facts

In this section, we examine whether there are any behavioral differences across the “old”
and “young” cohorts as defined in Section 2.3, who face differential SS benefit schedules.
Figure 2 plots the share of workers by their labor market and benefit receipt statuses, for
ages between the EEA (62) and FRA (65 for old cohort and 66 for young cohort) within
each cohort; and Figure 3 presents the same statistics by three education groups, high
school dropouts (HSD), high school graduates (HSG), and those with some college ed-
ucation or more (COL). We focus on behaviors between EEA and FRA, since that corre-
sponds to the age range in which individuals can utilize either DI (since it is before the
FRA) or claim SS benefits (since one can start receiving SS benefits at EEA). For example,
the first bar in Figure 2 represents the share of individualswho are employed, unemployed,
receiving SS benefits, or receiving DI benefits at age 62, among the old cohort.15

Wemake two observations from these plots. First, as shown in Figure 2, there is a grow-
ing share of individuals receiving any benefits (DI or SS) as they approach their FRA, and
this is common in both cohorts. However, the composition of benefits differ across cohorts.
Among 62-year-old individuals, 5% of those in the old cohort receives DI and 23% receives

14This sample restriction follows the standard approach in the literature. For instance, French (2005) uses
male observations from the PSID to study the role of pension and health on labor supply decisions, and Low
and Pistaferri (2015) use a similar sample to analyze the effects of DI. By focusing on males, we abstract
from spousal claiming strategies and joint labor supply decisions. For research that explicitly focuses on
household interactions, see, e.g., Nishiyama (2019) or Borella et al. (2023).

15These categories are not necessarily mutually exclusive as those who receive DI and SS can also work.
For a clear illustration, we categorize employed and unemployed among those not receiving any benefits.
Practically, DI recipients earning more than the Substantial Gainful Activity ($1,550 per month in 2024) lose
their benefits. Thus, in our data, the share of DI recipients who also work is small at around 10%, while
the share of employed individuals among SS recipients is higher and varies across ages. In Appendix A.3,
we provide further statistics distinguish employment statuses of SS recipients. We find that the qualitative
patterns across cohorts are robust to using more disaggregated categories.
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Figure 2: Share of Workers by Labor Market, SS, and DI Status, by Cohort

Note: Figure 2 shows the share of males by labor market and benefit statuses between ages 62 and 66, using
the restricted HRS dataset.

Figure 3: Share of Workers by Labor Market, SS, and DI Status, by Education and Cohort

(a): High School Dropouts (b): High School Graduates (c): Some College

Note: Figure 3 shows the share of males between ages 62 and 66 by their labor market and benefit statuses
across education groups, using the restricted HRS dataset.

SS, whereas 12% of those in the young cohort receives DI and 18% receives SS.16 Thus, we
see substantial compositional differences in benefit types across cohorts. Note that at the
FRA, DI benefits automatically become SS benefits, and therefore DI shares are no longer
relevant. Second, in Figure 3, we see a large heterogeneity in these shares across educa-
tion groups. Less-educated workers (HSD or HSG) are more likely to receive DI benefits
and retire early than their more educated counterparts (COL) who are more attached to
the labor market as shown by high share of employed workers. Further, the difference
in DI shares across cohorts is more pronounced among the less-educated, implying that

16It is important to note, however, that this does not necessarily imply that individualswork longer. Recent
papers (e.g., Deshpande et al., 2024) have found that while younger cohorts delay SS claiming until their
FRA, the retirement age (as measured by labor supply) is sticky at 65.
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less-educated workers may be more responsive to SS benefit changes with regards to DI
utilization.

Figure 4: Distribution of SS Claiming Age by Education and Cohort

(a): High School Dropouts (b): High School Graduates (c): Some College

Note: Figure 4 illustrates the distribution of SS benefit claiming age by education and cohort from the re-
stricted HRS dataset.

Focusing on SS claiming behaviors, Figure 4 compares SS claiming age distribution of
young and old cohorts. It represents the share of individuals claiming SS benefits at each
age by education and cohort. As is well-known in the literature, there are two modes in
the distribution—one at EEA and another at FRA—and there are large differences in re-
tirement behaviors across education groups. Less (highly)-educated individuals are more
likely to choose early (delayed) claiming of SS. Further, we see a lower early claiming share
and a higher delayed claiming share among the young cohort.

Overall, the discrepancies in DI recipiency rates across cohorts that we document may
be primarily driven by worker behaviors. However, it is also possible that DI program
changes impacted such heterogeneity. As discussed in Section 2.3, the Disability Benefits
Reform Act was implemented in 1984, which broadened the definition of disability and
provided more flexibility in DI acceptance decisions. In our sample, 1934 birth cohorts
were 50 years old when the Act was implemented, suggesting that all cohorts, with the
exception of 1931-1933 birth cohorts, were subject to the same DI policy. Importantly, this
reform did not impact DI benefits formula, which we use in Section 3.3 to understand
behavioral differences across cohorts.

Although there have been no major institutional reforms in the DI program since 1984,
it is still possible that the DI screening process might have still changed. For example,
Autor and Duggan (2006) report a significant increase in the applicants going through the
appeals process: in 1986, 54% of applicants denied at the initial appeal stage appealed to
administrative law judges, whereas the share rose to 83% in 1997. Similarly, von Wachter
et al. (2011) use SSA administrative data to document an increase in the annual allowance
rate at the Disability Determination Services (DDS) level between 1992 and 1999. These
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observations suggest that the discrepancy inDI beneficiary shares across cohortsmay have
also been partly impacted by changes in DI screening policies, even in the absence of new
legislation.

In the following section, we further explore the role of SS reform in DI utilization, after
controlling for various cohort and time effects. Specifically, we measure to what extent
changes in retirement benefit policies that increased the generosity of DI relative to early
retirement are associated with the observed patterns in DI utilization across cohorts.

3.3 Descriptive Evidence

We aim to further investigate the relationship between the policy change and the observed
behavioral differences across cohorts documented in Section 3.2. Our goal is to compare
the expected present values (PV) of DI and SS benefits tomeasure the economic incentives
of opting in to these programs and relate them to worker outcomes, the approach initially
suggested by Duggan et al. (2007) and also used by Li and Maestas (2008) and Coe and
Haverstick (2010). Our analysis leverages the detailed micro-level panel data to construct
individual-level incentives to analyze individual-level outcomes, in contrast to Duggan
et al. (2007) who use average economic incentives and outcomes across cohorts. Addi-
tionally, as our data spans 1992 to 2020, we can observe the decisions of the young (birth
years 1943-1954) cohort until up to between ages 66 (1954 birth cohort) and 77 (1943 birth
cohort).17

To conduct our analysis, we first calculate hypothetical AIME and PIA at the individual
level utilizing Social Security earnings records merged with the HRS, and compute the
present values of receiving DI (PVDI) and claiming SS benefits at EEA (PVSS). We then
use these values to construct ameasure of relative generosity of DI to understand its effects
on individual behaviors.

Constructing the Present Values ofDI and SSBenefits. The present values of DI and SS
benefits capture the economic values of enrolling in these programs. In the Cross-Benefits
data, the benefit amounts (PIA) are only available for those who start receiving benefits
and only in the person’s first year of benefit receipt. Our goal is to construct the PIA and
subsequently, the present values of enrolling in policies for each individual at each age to
understand its role in worker decisions.

17Li and Maestas (2008) and Coe and Haverstick (2010) use individual-earnings records from the HRS
from 1992 through 2006 and 2008 respectively to construct the values of DI and SS. Thus, the samples in
these studies are limited to those born in years 1935-1941 and 1935-1943. Both studies find increases in DI
application probabilities in response to the rise in FRA.
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Using the earnings history from the Cross-Year Summary Earnings data, we calculate
AIME for DI and AIME for SS for each individual at each age. As discussed in Section 2,
the computation year of DI may be lower than that of SS, thus the AIME depends on the
type of benefit. We then use the AIME for each policy to construct the corresponding PIA,
which is determined as a piece-wise linear function of the AIME. We describe the detailed
construction process of the AIME and PIA in Appendix A.2, where we also confirm the
validity of our measure of PIA using the observed PIA variables (available only for a small
subsample of individuals in the data).18

Given the calculated hypothetical PIA’s for DI and SS, the expected present value of DI
benefit of individual i at age a is defined as

PVDIi,y,a =
T

∑
t=a

σy,a,t ·
P̂IADI

i,a

(1+ r)t−a , (1)

where σy,a,t is the survival probability between age a and t of cohort y from the life table
from the SSA, and P̂IADI

i,a is the PIA of DI at age a based on his earnings record. Future
benefits are discounted with an interest rate r of 3% and the maximum age T is set at 95.19

As described in Section 2.3, whereas DI benefit formula has not changed across cohorts,
the SS benefits vary by the individual’s birth year. In particular, we are interested in the
expected present value of claiming SS benefit at age 62, the EEA.We focus on benefits at age
62, because the early claiming penalty differs across cohorts due to policy change. Further,
since 62 is the earliest age at which workers can claim benefits, individuals considering DI
may also consider the option to claim SS at age 62, representing the differential trade-offs
individuals face by their birth years. The present value of claiming SS benefits at age 62
for an individual i of cohort y at age a ≤ 62 is expressed as

PVSSi,y,a =

(
σy,a,62

(1+ r)62−a

)
·

(
T

∑
t=62

σy,62,t ·
δy · P̂IASS

i,62

(1+ r)t−62

)
, (2)

where δy is the early claim reduction rate for cohort y. Since the EEA is 62, the expected
present value of SS benefits at age a reflects thewaiting period between age a and 62, taking

18Specifically, we run the regression of observed PIA on our hypothetical PIA by benefit types—SS at FRA,
early SS, and DI beneficiaries. The coefficients on hypothetical PIA are 0.96, 0.70, and 0.91 with R2 ranging
between 0.83 and 0.93. The coefficient on early claimants reflects early claiming penalty of around 30%,
consistent with the SS policy specifics described in Section 2.2. Overall, this confirms that our constructed
PIA is a reliable measure of the benefit amounts that a worker would have received, if he were to enroll in
these programs.

19In addition to monthly benefits, DI beneficiaries become eligible for Medicare after a two-year waiting
period, which provides substantialmonetary value (Autor andDuggan, 2006). Therefore, our PVDImeasure
can be considered as a lower bound.
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into account both the interest rate r and survival probability between age a and 62, σy,a,62.

Relative Generosity of DI. Now, we construct the relative DI generosity as

PVDRi,y,a ≡
PVDIi,y,a −PVSSi,y,a

PVSSi,y,a
, (3)

which represents the relative difference between the PV of receiving DI (PVDI) and the
PV of claiming SS benefits at age 62 (PVSS), for an individual of current age a of cohort y,
as a share of PVSS.20 Table 1 illustrates the summary statistics of relative DI generosity by
cohort at age 62 (top panel) and for those between ages 60 and 62 (bottom panel). There
is a substantial heterogeneity in the relative DI generosity across cohorts: the average (me-
dian) relative DI generosity of the old cohort is 0.25 (0.24) and that of the young cohort is
0.35 (0.32) at age 62. The average PVDR at age 62 is smaller than that of ages 60-62, because
individuals can start receiving SS at EEA (so there is no waiting period for SS claiming).21
In Figure 5, we plot the distribution of relative DI generosities across cohorts for those aged
60-62, where we see a shift in the distribution of PVDR across cohorts. This across-cohort
heterogeneity provides us with the variation we can exploit to study individual behaviors.

Table 1: Relative DI Generosity

Birth Years
1931-37 1943-54

At 62 Mean 0.25 0.35
Median 0.24 0.32
St. Dev 0.07 0.18

Ages 60-62 Mean 0.30 0.44
Median 0.31 0.42
St. Dev 0.14 0.20

Figure 5: Relative DI Generosity
Distribution by Cohort

Note: Table 1 documents the average, median, and standard deviation of PVDR at age 62 and age 60-62, as
defined in Equation (3), by cohort. Figure 5 shows the corresponding distribution of PVDR for 60-62-year-
olds across cohorts.

Relative Generosity of DI and Early Claiming of Social Security. By exploiting policy-
driven variations in PVDR, we analyze the relationship between relative DI generosity and

20Further details regarding the construction of these variables are summarized in Appendix A.1.
21While the raw differences between PVDI and PVSS vary across education, when normalized by PVSS

as in Equation (3), the average relative DI generosities are similar across education.
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early SS claiming to investigate the extent towhichDI and early SS claiming are substitutes.
We estimate the following linear probability model in a sample of individuals who receive
DI or claim SS early, using two measures of early SS claiming: (i) claiming at EEA (62);
and (ii) claiming between the EEA and one year before the FRA (64 for the old cohort and
65 for the young cohort):

yi = β0 +βc ·Cohorti +βt · t +βX ·Xi + γ ·PVDRi,62 + εi. (4)

Specifically, the outcome variable is recorded as one if he receives DI and zero if he claims
SS early (either at the EEA or anytime before the FRA). Our coefficient of interest is γ

which captures the effect of PVDR on a worker’s DI receipt status. Therefore, a positive
coefficient implies that those with high relative DI generosity may be substituting out of
early SS and towardsDI.We use PVDR at age 62 tomore accurately capture the exact trade-
off at EEA. We add cohort dummy variable, Cohorti; a linear trend, t; and individual-level
characteristics in Xi that include education, marital status, and health statuses, as controls.
To control for health, we use the average frailty index and work limitation around EEA
(between 61 and 63). We use averages over several ages because health-related variables
are not reported every year and this approach allows us to increase the sample size. The
cohort dummies and linear trend capture the potential differences in the DI program faced
by individuals at different years and ages, and the steady increase in the enrollment in DI
programs documented in Autor and Duggan (2006).22

In Table 2 are the results from the two outcome variables. Under both the narrow (SS
at age 62, first two columns in Table 2) and broad (SS before FRA, last two columns in
Table 2) definitions of early claiming, we observe that highly educated individuals are less
likely to receive DI benefits, but the effect diminishes after controlling for frailty index
and work limitation. Under both specifications, those with a high frailty index (indicating
more health conditions) or a work disability are more likely to receive DI. Across specifica-
tions, we see that relative generosity of DI has a significantly positive impact on DI receipt
of individuals even after controlling for health statuses. That is, those whose financial in-
centives from DI are high opt out of claiming SS early and are more likely to enroll in DI,
a suggestive evidence of substitutability between DI and early SS claiming. In the sample
of DI recipients and those claiming SS at 62, 16% of the old cohort receives DI and 32% of
the young cohort receives DI. Quantitatively, an increase in the PVDR at age 62 from 0.24
(median of old cohort in Table 1) to 0.32 (median of the young cohort) is associated with

22We use the observation at age 62 for this analysis (so age dummies are not necessary). It is also possible
to conduct the analysis at varying ages of an individual (e.g., the first observation of each individual) and
add age dummies. The results are robust to such choices.
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Table 2: Relative DI Generosity and DI Receipt (versus Early SS Claiming)

DI Status versus
SS Claiming at 62 SS Claiming before FRA

High school graduates -0.085∗∗∗ -0.030 -0.058∗∗∗ -0.013
(0.027) (0.020) (0.020) (0.015)

Some college -0.151∗∗∗ -0.024 -0.108∗∗∗ 0.001
(0.031) (0.026) (0.022) (0.019)

Relative DI generosity at 62 2.301∗∗∗ 1.356∗∗∗ 2.261∗∗∗ 1.361∗∗∗
(0.431) (0.304) (0.363) (0.255)

Frailty 0.624∗∗∗ 0.575∗∗∗
(0.079) (0.063)

Work Limitation 0.472∗∗∗ 0.406∗∗∗
(0.025) (0.255)

R2 0.084 0.486 0.066 0.431
Observations 1,471 1,314 2,200 1,950

Note: Table 2 documents regression coefficients from estimating Equation (4) on sample of individuals who
either receive DI or retire early. The two outcome variables are constructed as one if the individual receives
DI and zero if he claim SS at 62 (the first two columns) or if he claim SS before FRA (the last two columns).
Frailty and work limitation are averages between the ages of 61 and 63. Robust standard errors are in paren-
theses. ∗p < 0.10;∗∗ p < 0.05;∗∗∗p < 0.01

around 11pp increase inDI receipt probability, around 67%of the difference in behaviors.23
In Appendix A, we also estimate a Logit model and find similar effects of PVDR.

3.4 Taking Stock

We document heterogeneity in DI and SS claiming behavior across cohorts in Section 3.2
and show evidence that these behaviors may be associated with the SS reform in Section
3.3. Specifically, our empirical analyses suggest that the SS reform has shifted individuals
from early SS toward DI. When the value of DI program is relatively higher than alter-
natives like the early SS claiming, individuals experiencing a disability shock before the
retirement age are more inclined to choose DI, a decision consistent with dynamic opti-
mization.24 Thus, while the empirical analysis in this section provides suggestive evidence
of the behavioral response of forward-looking individuals and highlights its economic sig-

23Coile et al. (2015) documents that the expansion of theVA’sDisability Compensation Program coincides
with a decline in Veterans’ labor force participation. To address potential compositional changes driven
by the increase in Vietnam war veterans among the later cohort, we re-estimate Equation (4) excluding
observations with veterans status. Our results remain robust to this sample selection criterion.

24These further imply that workers may opt for DI with milder or less verifiable health conditions. In-
deed, we observe a higher prevalence of reported psychiatric condition, which is associatedwith larger labor
disincentive effects according to Maestas et al. (2013), among DI recipients in the young cohort compared to
the old cohort, reinforcing the idea that the SS reform-driven changes in financial incentives may impact DI
utilization.
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nificance for evaluating SS reform, it is limited in its ability to capture the full dynamic im-
pact of the policy change. To quantitatively evaluate these dynamic trade-offs, we develop
a structural model in the following section.

4 The Model

We construct a stochastic life-cyclemodel of labor supply, consumption and savings, DI ap-
plication, and SS claiming, with agents facing disability and labor market risks. Themodel
builds upon a life-cycle model with endogenous DI application (e.g., Low and Pistaferri,
2015; Kim and Rhee, 2022) by incorporating SS policies and endogenous retirement and
SS claiming decisions (e.g., Jones and Li, 2023; Pashchenko and Porapakkarm, 2023).

4.1 The Model Environment

4.1.1 Demographics, Endowments, and Preferences

Time is discrete, and amodel period is a year. Each individual of a given education status s

(high school dropouts, high school graduates, or some college), starts his life at age 25 ( j =

25), works at most 45 years (mandatory retirement at age 70, jR = 70), and can live at most
70 periods (maximum age J = 95). The conditional survival probability depends on his
age j, education s, and disability status h, where h is either non-disabled (ND), moderately
disabled (MD) or severely disabled (SD). We denote the survival probability from age
j to age j + 1 as δ h

s, j ∈ (0,1) with δ h
s,J = 0, and specify the transition of h as an age and

education-specific Markov chain denoted by πab
s, j = Pr(h j+1 = b

∣∣h j = a
).25 Wemodel three

education statuses in light of the empirical observations in Section 3.2, which further allows
us to evaluate redistributive consequences of SS reforms in our counterfactual analyses.26
Additionally, modeling three disability categories (relative to two) is essential as it allows
us to capture the behavior of individuals who are at the margin of DI application and/or
SS benefit claiming.27

25Empirically, we combine the frailty index and the binary measure of work disability to discretize the
disability status of workers. See Section 5 for details.

26Previous papers, e.g., Jones and Li (2023), have also shown the importance of accounting for education-
dependence in factors such as mortality for evaluating SS reforms.

27We assume that the disability process is first-order Markov, a commonly used assumption in the liter-
ature (e.g., French, 2005; Kitao, 2014a). A recent paper (De Nardi et al., 2025) captures both the short- and
long-run dynamics of health by allowing for history-dependence of health shocks. Although the richmodel-
ing would be preferable, we adopt a simpler disability transition technology for tractability. Accounting for
the rich dynamics could impact the degree of heterogeneity in the labor market responses to the DI program
across disability statuses.
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An individual maximizes his expected lifetime utility with a discount factor of β . His
periodic utility is determined by the amount of consumption c and leisure l. We use the
following specification, similar to, e.g., French (2005) and French and Jones (2011):

u(c, l) =

(
cκ · l1−κ

)1−γ

1− γ
, where l = 0.3+

1−0.3
1+ exp

(
θ
(
s,h,Pj

)) (5)

The parameter κ determines the weight on consumption, and γ impacts the degree of risk
aversion. The amount of leisure available to an individual l is normalized to one with a
minimum value of 0.3 (for, e.g., sleep). The function θ

(
s,h,Pj

) incorporates the time costs
of worker’s disability and employment statuses Pj ∈ {0,1}. We allow for employment costs
to depend on his education, disability status, and age, and parameterize this time cost
θ
(
s,h,Pj

) in Section 5.2. Additionally, he derives warm-glow utility from leaving bequests
b, specified as φ (b) = φ1 · (1+b/φ2)

1−γ , following De Nardi (2004). Parameters φ1 and φ2

represent the intensity and curvature of bequest utility, respectively.
A working-age individual ( j < 70) decides whether to work or not, subject to labor

market risks. He receives a job offer with probability χ1
s, j,h if he was employed in the pre-

vious period, and χ0
s, j,h if he was not (either unemployed, applying for DI, or was a DI

recipient), reflecting labor market frictions. These job offer probabilities as well as wage
offers wh

s, j vary by his education, age, and disability status. Upon receiving a productivity
shock ν that follows an AR(1) process, the worker makes a labor supply decision. Al-
though there is an extensive margin choice for labor supply, we abstract from the intensive
margin decision of individuals and exogenously set the hours worked as disability and
age-dependent λ h

j . Thus, the labor income is yh
s, j ≡

(
wh

s, j ·ν
)
· λ h

j if an individual works
(P = 1). Importantly, individuals younger than FRA jF who are moderately or severely
disabled can also decide whether to apply for DI benefits that incurs disutility ζs. Once
the individual reaches EEA jE , he can claim SS benefits, and the mandatory retirement
age (MRA) jR is 70. Lastly, all agents have access to risk-free bonds with a time-invariant
interest rate r, and face borrowing constraints.

4.1.2 Medical Expenditures and Health Insurance

An individual is subject tomedical expenditure risks m whose process depend onworker’s
age and labor market statuses. We assume that employedworkers have access to health in-
surance consistent with the employer-sponsored health insurance system in the US. They
pay insurance premium pE (constant across all workers) and have a coinsurance rate of
qE (m) < 1 that may depend on the size of the medical expenditure. Thus, an employed
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individual’s out-of-pocket expenditure is oopE (m) ≡ pE + qE (m) · m. For simplicity, we
assume that unemployed individuals and DI beneficiaries not yet qualified for Medicare
benefits do not have access to insurance. However, we empirically capture other sources
of insurance the uninsured workers have, through, e.g., spousal or public insurance, by
allowing for their out-of-pocket expenditures to be qU (m) < 1 share of total medical ex-
penditures. Thus, an unemployed individual’s out-of-expenditure is oopU (m)≡ qU (m) ·m.
Lastly, qualified DI beneficiaries and individuals aged 65 or older receive Medicare ben-
efits, a public health insurance program with a premium of pM and a coinsurance rate
qM (m)< 1 and thus out-of-pocket expenditure oopM (m)≡ pM +qM (m) ·m.

4.1.3 Government Policies

The government policies are modeled based on our discussion in Section 2, and policy
options at each age by cohort follow the description in Figure 1.

Disability Insurance. The government runs the DI program for working-age individu-
als. Agents can apply for the DI program if they aremoderately or severely disabledwhich
incurs utility cost; however, this does not guarantee receipt of DI benefits. The application
process is successful with probability πDI,h that differs across disability status, and the
accepted workers receive DI benefits DI (ωDI) that replace the recipient’s foregone labor
income proportional to their previous earnings history ωDI . Further, DI recipients become
eligible for Medicare after they receive DI benefits for 24 months. To capture this institu-
tional feature, we assume that DI recipients receive Medicare benefits with probability πM

with an expected waiting period of two years. The beneficiary may receive a reassessment
of disability status with probability πRE . If the individual is not deemed eligible to receive
DI (i.e., he is non-disabled) upon reassessment, his benefit will be terminated. Individuals
can apply for DI up to FRA, jF . Once a DI recipient reaches FRA, his benefit automatically
becomes SS benefits, without adjustments in the benefit amounts.

Social Security. SS benefits differ across cohorts due to the 1983 Amendments. Here,
we briefly describe the general structure of SS, and specify the policy parameters across
cohorts in the next section. Individuals can claim SS benefits between the EEA, jE , and the
MRA, jR. We consider the claiming decision as irreversible, and thus collecting SS bene-
fits is an absorbing state. An individual’s benefit size is determined by his past earnings
summarized by ωSS and the age at which the individual claims the benefits. If an individ-
ual claims benefits at FRA jF , his benefits are equal to the primary insurance amount that
depend on ωSS, PIA(ωSS). If he claims benefits before (after) reaching jF , the benefits are
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reduced (increased). We assume that all individuals stop working and receive SS benefits
by the MRA, jR, at the latest.

Individuals are allowed to work while receiving SS benefits. However, those who earn
labor income before reaching the FRAare subject to the RET. Specifically, if earnings exceed
the threshold yRET,1, SS benefits are reduced by $1 for every $2 earned above that limit.
Beyond higher threshold yRET,2, benefits are reduced by $1 for every $3.28

AIME Updating and DI and SS Benefits AIME summarizes an individual’s earnings
history that determines DI and SS benefits. As discussed in our policy specifics, the AIME
for DI may not be the same as the AIME for SS, due to computation year differences across
policies. For computational tractability, instead of tracking the entire earnings history, we
approximate an individual’s AIME for SS using the average earnings as in French (2005).
Further, we use the AIME for SS to construct the AIME for DI.

We denote the AIME for SS as ω . This state variable ω is updated as the average earn-
ings until age 60, and then it is updated only if the new earnings exceed the previous
average after age 60. That is,

ω
′ =

ω +
min{y, ȳss}

35
, j < 60

ω +
1
35

max{0,min{y, ȳss}−ω} j ≥ 60,
(6)

where ȳss is the income limit subject to SS contribution. For those who do not work, zero
is used to update the state variable. We then separately construct ωDI using ω , accounting
for earnings history up to disability onset age. We translate ω into total earnings until age
j and divide it by the number of working years until age j. That is,

ωDI =
35 ·ω

computation year j
, (7)

where the computation year is defined as the years worked between age 22 and the onset
of disability after subtracting the dropout year.29

Using the respective AIME for SS and DI, the annual primary insurance amount (PIA)

28Note that the RET underwent a reform in 2000. Previously, the earnings test also applied to individuals
older than the FRA, but this feature was removed in 2000. Since our benchmark cohort (birth years 1931-
1937) was aged between 64 and 70 in 2000, we use the post-reform RET policy. Additionally, while the
withheld benefits are added back to benefits after reaching the FRA,we capture this clause indirectly through
a continuous updating of AIME described in Equation (6).

29DI applicants typically have shorter earnings records up until the onset of their disability.
Consequently, the AIME for DI recipients is calculated after dropping a number of low-earnings
records to better reflect their average lifetime earnings. For more details about the 1-for-5 rule, see
https://secure.ssa.gov/poms.nsf/lnx/0300605230.
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is calculated as

PIA(ω) =


0.90×ω if ω < b1

0.90×b1 +0.32× (ω −b1) if b1 ≤ ω < b2

0.90×b1 +0.32× (b2 −b1)+0.15× (ω −b2) if ω ≥ b2,

(8)

where the replacement rate starts at 90% but drops to 32% and 15% for AIME above bend
points b1 and b2. Thus, DI benefit DI (ωDI) is equal to PIA(ωDI). And the SS benefits SS (ω)

for those at claiming age j is PIA(ω) ·ψ j, where ψ j reflects the early claiming penalties and
delayed claiming credits.

Other Social Insurance Programs and Taxes Unemployed workers receive unemploy-
ment insurance (UI) benefits proportional to their labor market incomeUI (y). Other wel-
fare programs (e.g., the Supplemental Nutrition Assistance Program) are captured by a
consumption floor of amount c f . These government programs are funded by labor in-
come tax τy (y), capital income tax τk, Social Security tax τss, and Medicare tax τmed , which
we collectively denote as τ .

4.1.4 Timing of Events

At the beginning of each period, death shocks occur and disability status is updated for
survived agents. Based on disability status, DI application results are released for previ-
ous applicants, and reassessments results are determined for randomly selected current DI
enrollees. Subsequently, job-offer and productivity shocks arrive, and individuals make
labor supply decisions. At this stage, working-age individuals younger than FRA with
moderate and severe disabilities can also consider applying for DI. Furthermore, individ-
uals between the ages of jE and jR can also consider claiming SS benefits, regardless of
their disability statuses. Then, individuals receive income (e.g., government benefits and
labor income) and make consumption and savings decisions.

4.2 Individual Problems

An individual’s life cycle can be characterized into four phases depending on their eligible
social insurance programs: (i) young working-age with DI eligibility ( j < jE); (ii) older
working-age with both DI and early SS claim options ( jE ≤ j < jF); (iii) age after full re-
tirement with delayed SS claiming option ( jF ≤ j < jR); and (iv) retirement phase after
mandatory retirement, the latest age that workers claim SS ( j ≥ jR). For each phase, we
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formulate the value function at the beginning of the consumption-savings stage, suppress-
ing education-dependence for notational simplicity. The state variables are age j, asset a,
health h, AIME ω,medical expenditure m, and labor productivity ν . For expositional pur-
pose, we let x ≡ ( j,a,ω,m,ν) denote all state variables except health status h, as choice sets
for individuals (e.g., DI application availability) explicitly depend on his health status. For
all workers, the AIME ω ′ evolves following Equation (6), AIME for DI given ω is deter-
mined as in Equation (7), and the government’s welfare program ensures that the worker
is able to consume at least the amount of the consumption floor so that tr = max

{
c f − c,0

}.
Given these common constraints for all workers, we now lay out value functions in each
age group, specifically highlighting the trade-offs each worker faces.

4.2.1 Workers Aged j < jE (EEA): Work or Apply for DI?

Workers in the labor market. Workers who are currently employed (P = 1) or unem-
ployed (P = 0) solve the following problem:

V P (x,h) = max
c,a′≥0

u(c+ tr, l)+βδ
h
j π

h,ND
j

[
χP

h′E max
P∈{0,1}

V P (x′,ND)+
(
1−χP

h′
)
EV 0 (x′,ND)

]
(9)

+βδ
h
j ∑

h′∈{MD,SD}
π

h,h′
j

 χP
j+1,h′ Emax

{
max

P∈{0,1}
V P (x′,h′) ,V A (x′,h′)

}
+
(

1−χP
j+1,h′

)
Emax

{
VU (x′,h′) ,V A (x′,h′)

}
 (10)

+β

(
1−δ

h
j

)
φ
(
a′
)

with the budget constraint for employed workers being

c+a′ = ỹ−oopE (m)+(1+ r̃)a (11)

and that for unemployed workers,

c+a′ =UI (y)−oopU (m)+(1+ r̃)a. (12)

The periodic utility is drawn from consumption and leisure, where the amount of leisure
l depends on disability and employment statuses. In the next period, if he survives (with
probability δ h

j ) and turns out to be non-disabled (π
h,h′=ND
j ), there are two possibilities

(line (9)): he may receive a job offer with probability χP
j+1,h′ or he is left unemployed with

probability 1− χP
j+1,h′ . Note that the job offer arrival rates χ depends on his age and dis-

ability status in the next period and labor market status in the current period to capture
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the impacts of labor market attachment on future labor market opportunities.30 When the
individual receives the offer and productivity shock, he makes the labor market participa-
tion decision, with its value E max

P∈{0,1}
V P (x′,h′), where expectations (here and in problems to

follow) are taken with respect to medical expenditure and labor productivity shocks. For
a worker who becomes moderately or severely disabled, his choice set expands as he can
also choose to apply for the DI program (line (10)). Lastly, there is a warm-glow utility
from bequests when he is deceased.

As seen in the budget constraints (Equations (11) and (12)), expenditures include con-
sumption c, savings a′, and employment-dependent out-of-pocket expenditures. The total
resources for the employed are from after-tax labor income ỹ ≡ y−τy (y) and after-tax capi-
tal income (1+ r̃)a. The before-tax labor earnings are y ≡ wh

jνλ h
j , where ν is the productiv-

ity shock and λ h
j is the hours worked. Additionally, r̃ ≡ (1− τk)r denotes the after-tax rate

of return of capital. An unemployed worker’s income source is unemployment insurance
UI (y), instead of after-tax labor earnings.

DI applicants. Moderately and severely disabled workers, i.e., those with h ∈ {MD,SD}
have an option to apply for DI benefits.31 Their value reads

V A (x,h) = max
c,a′≥0

u(c+ tr, l)−ζ

+βδ
h
j ∑

h′
π

hh′
j+1


πDI,hV D,iM=0 (x′,h′)+(

1−πDI,h
) χ0

j+1,h′E max
P∈{0,1}

V P (x′,h′)

+
(

1−χ0
j+1,h′

)
EV 0 (x′,h′)


+β

(
1−δ

h
j

)
φ
(
a′
)

s.t. c+a′ = oopE (m)+(1+ r̃)a. (13)

The applicant incurs disutility ζ and forgoes his labor income in the current period, but
he has access to health insurance, in accordance with COBRA continuation coverage. In
the next period, if successful (with probability πDI,h), the worker becomes a DI recipient
without Medicare denoted by value V D,iM=0. If not successful, he becomes unemployed,
unless he is given the opportunity to enter the labor market.

DI beneficiaries with (iM = 1) and without Medicare (iM = 0). The value of being a DI
beneficiary depends on whether he receives Medicare benefits (iM = 1) or not (iM = 0).

30We use two age groups for arrival rates, those younger than the FRA and those older than the FRA, as
a way to capture reentry cost among the old in a similar manner as in French and Jones (2011).

31We do not allow non-disabled workers to apply; however, it may be that endogenously, it is not in their
best interest to do so. In some sense, our notion of disability (from the PSID at least) may extend beyond
those who actually receive DI.
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Their values are

V D,iM (x,h) = max
c,a′≥0

u(c+ tr, l)

+βδ
h
j

((
1−π

RE)+π
RE

∑
h′=MD,SD

π
hh′
j+1

)
EV D,iM (x′,h′) (14)

+βδ
h
j π

RE
π

h,ND
j+1

 χ0
j+1,NDE max

P∈{0,1}
V P (x′,ND)

+
(

1−χ0
j+1,ND

)
EV 0 (x′,ND)

+β

(
1−δ

h
j

)
φ
(
a′
) (15)

s.t. c+a′ = DI (ωDI)− (iM ·oopM (m)+(1− iM) ·oopU (m))+(1+ r̃)a. (16)

In the following period, if the worker is not reassessed or is reassessed and he is mod-
erately or severely disabled, he remains a DI recipient with expected value EV D,iM (x′,h′)

(line (14)). The expected value additionally incorporates Medicare acceptance probabil-
ity πM in addition to medical expenditure and productivity shocks. If the beneficiary does
not pass the reassessment (i.e., he is non-disabled when reassessed), his benefits are ter-
minated (line (15)). Then, he either receives a job offer with probability χD

j+1,ND (since
those whose DI is terminated are non-disabled) or becomes unemployed. As DI benefi-
ciaries only leave the program upon failing the reassessment, non-disabled workers may
continue receiving DI benefits. Whether the beneficiary receives Medicare impacts his
medical expenditures through the budget constraint (line (16)).

4.2.2 Workers Aged jF(FRA)≤ j < jR(MRA): Claim SS Benefits?

Wehave discussed theworking-age individual’s problemwithDI option. We nowdescribe
the decision process of an individual in age between jF and jR who has the option to claim
SS. Then we will return to the case for age between jE and jR with both DI and SS options.
DI benefits of previous DI recipients are automatically converted into SS at age jF . We
assume that they do not re-enter the labormarket, thus their value function is equivalent to
the value function in retirement phase where agents make only consumption and savings
decision. For non-DI beneficiaries, they make two choices, SS claiming and labor supply.

Claimed SS benefits. Once SS claiming decision is made, then the agent cannot re-
voke his decision. Thus, his value function becomes a life-cycle model with labor supply,
consumption, and savings decisions, with the two distinctions being that now they have
additional income from SS benefits and access toMedicare. Thus, for individuals receiving
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SS, the value function is given as

V S,P (x,h) = max
c,a′≥0

u(c+ tr, l) (17)

+βδ
h
j ∑

h′
π

h,h′
j

 χP
j+1,h′E max

P∈{0,1}
V S,P (x′,h′)

+
(

1−χP
j+1,h′

)
EV S,0 (x′,h′)

+β

(
1−δ

h
j

)
φ
(
a′
)

s.t. c+a′ = SS (ω)+ ỹ · IP=1 +UI (y) · IP=0 −oopM (m)+(1+ r̃)a.

Did not claim SS benefits yet. Individuals without SS can determine their benefit status
after the labor market uncertainty resolves. Since the individual passed the FRA for DI
application, his option is limited to either claiming the benefits this period or delaying it.
The value function of individuals with postponed SS claim, V PS,P with P ∈ {0,1} is

V PS,P (x,h) = max
c,a′≥0

u(c+ tr, l) (18)

+βδ
h
j ∑

h′
π

h,h′
j

 χP
h′Emax

{
max

P∈{0,1}

{
V S,P (x′,h′) ,V PS,P (x′,h′)

}}
+
(
1−χP

h′
)
Emax

{
V PS,0 (x′,h′) ,V S,0 (x′,h′)

}
+β

(
1−δ

h
j

)
φ
(
a′
)

s.t. c+a′ = ỹ · IP=1 +UI (y) · IP=0 −oopM (m)+(1+ r̃)a. (19)

These agentsweigh the benefits of claiming SS in the next period,V S,P (x′,h′), or postponing
it, V PS,P (x′,h′), incorporating the SS benefit adjustments by claiming age.

4.2.3 Workers Aged jE(ERA)≤ j < jF(FRA): Apply for DI or Claim SS Benefits?

Relative to individuals past the FRA, these individuals have an additional option, as they
can also apply for DI benefits like those in the working age ( j < jE), further expanding
the choice set beyond those older than FRA we described in the previous section. For
brevity, we discuss their choices in the main text and relegate the problem specifications
to Appendix B.

Claimed SS benefits. If the individual claimed benefits, he can still work, but cannot
apply for DI. Thus, his decision problem is the same as Equation (17), except for the fact
that his benefits are reduced to reflect the early claiming penalty and the RET. Additionally,
because he is not yet eligible for Medicare, the out-of-pocket medical expenditures in their
budget constraint are determined based on his labor market status.

Didnot claimedSSbenefits yet. If the individual has not yet claimed benefits, he can still
apply for DI if his disability status isMD or SD. Thus, the value function is a combination of
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Equations (9) and (18), as he can make labor supply choices in conjunction with whether
or not to claim SS, and whether to apply for DI.

DI beneficiaries. For simplicity, we assume that once an individual is past the age of jE ,
he continues receiving DI (does not get reassessed) until the benefit gets transferred to SS
(without any cuts in benefits) at age jF . Therefore, the only choices are consumption and
savings with the budget constraint in Equation (16).

DI applicants. DI applicants in this age range incorporate the possibility of claiming SS
benefits if he is not accepted to DI, with the budget constraint specified in Equation (13).

4.2.4 Workers Aged j ≥ JR: Retired

Once retired, the individual receives SS benefits and makes optimal consumption and sav-
ing decisions:

V R (x,h) = max
c,a′≥0

u(c+ tr, l)+βδ
h
j EV R (x′,h′)+β

(
1−δ

h
j

)
φ
(
a′
)

s.t. c+a′ = SS (ω)−oopM (m)+(1+ r̃)a.

Overall, our model specifies the distinct choice sets individuals face due to DI and SS
policy features, making it a suitable laboratory for quantifying the effects of the SS reform.
We now discuss how we map the model to data.

5 Calibration

We describe how we map our model to the data to evaluate SS reforms in the presence
of DI. We calibrate the model to 1931-1937 cohorts, utilizing additional data sets—Panel
Study of Income Dynamics (PSID), Medical Expenditure Panel Survey (MEPS), and Cur-
rent Population Survey (CPS)—which complement the HRS data as they include samples
across all ages. We first document the parameters calibrated outside the model, describe
thewithin-model calibration process, and discuss themodel’s performance on the targeted
moments.

5.1 Exogenously Calibrated Parameters

We set the parameter γ in the utility function exogenously at 7.5 as in Jones and Li (2023).
This parameter, along with κ , the consumption weight on utility that we calibrate within
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the model determines the relative risk aversion. The annual return of the risk-free bonds r

is set at 3%.

Disability statuses. We classify disability status (h) into three categories, non-disabled
(ND), moderately disabled (MD) and severely disabled (SD), based on a binary measure
of work disability status and the frailty index that we describe in Section 3.1. The frailty
index complements thework disability status by also capturing theworker’s general health
statuses, and is useful as it can be constructed from the three data sources thatwe are using,
HRS, PSID, and MEPS, as documented in Hosseini et al. (2022).

We define a worker to be ND if he does not have a work disability and his frailty is
in the lower 90% of the frailty distribution. Specifically, we use the 90th-percentile of the
frailty distribution among individuals aged 25 and 67 from the PSID, the main dataset for
the calibration of parameters for working-age individuals (e.g., wage and disability status
transitions). He is SD if he has a work disability and his frailty is in the top 10% of the
frailty distribution, and all others are defined to be MD. Using this definition, the shares
of workers classified as ND, MD, and SD are 72%, 15% and 13%, respectively, among those
aged between 50 and 67.

Disability status in the model impacts the worker’s (i) survival probability; (ii) evolu-
tion of disability status; (iii) medical expenditures; earnings through (iv) hours worked
and (v)wage offer profiles; (vi) job offer arrival rates; and (vii) time costs. We exogenously
calibrate parameters (i) through (v), and calibrate (vi) and (vii) endogenously within the
model, which we discuss in Section 5.2. Parameters (i) through (vii) except for (iii) and
(iv) are also education-dependent to capture the substantial heterogeneity in health and
labor market outcomes across education status of workers.

We now describe the external calibration processes of these parameters. In the main
text, we focus on the key features of model parameters, relegating detailed descriptions to
Appendix C.

Survival probability and disability evolution. First, following the strategy of Attanasio
et al. (2011), we estimate conditional survival probabilities by disability and education
statuses using the life table from the SSAandmicro-level data from the PSID. The estimated
survival probabilities and the procedure are documented in Appendix C.

Second, the disability status in themodel evolves stochastically anddepends onworker’s
age, education, and current disability status.32 Utilizing the panel dimension of PSID, we

32A recent work by De Nardi et al. (2025) estimates a second-order Markov process to capture history
dependence in health. While we adopt a first-order process for computational tractability given our large
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Figure 6: Disability Transitions
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(b): MD→ ND
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(c): SD→ {ND, MD, SD}
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estimate a multinomial logit model to predict the future disability status, and fit these
moments to a quadratic function of age to produce smooth transitions over the life cycle.
In Figure 6, we plot selected disability transitions. Figures 6(a) and 6(b) are probabili-
ties of transitioning to non-disabled, from non-disabled and moderately-disabled, respec-
tively, by education. These figures show the education- and age-dependence in disability
transitions. Figure 6(c) shows probabilities of transitioning to three disability statuses for
severely disabled workers, where, due to sample size issues, we do not model education-
dependence. The estimated transitions illustrate persistence in disability statuses, which
is more pronounced for severely disabled workers.

Wage offer profiles and hours worked. We estimate hourly wage offer profiles exter-
nally, using a two-step estimation procedure of Heckman (1979). To control for selection
into employment, we follow the approach by Low and Pistaferri (2015), where we utilize
the cross-state variations in social insurance and welfare programs to construct an instru-
mental variable for the employment regression. The estimated wage offer profiles are pre-
sented in Figure 7 with the detailed estimation procedures reported in Appendix C. Each
plot in Figure 7 shows life-cycle profiles by education and disability statuses. Conditional
on working, we assume that individuals work for a fixed number of hours. For each age
and disability status, we construct working hours as the average working hours among the
employed with more than 700 hours per year.

Medical expenditures and health insurance. Medical expenditure risks differ by age
anddisability status. Weusemedical expenditures fromMEPS to construct these variables.
Similar to Attanasio et al. (2011), we use three medical expenditure bins representing the
average total expenditures in the 1st–50th percentile, 51st–90th percentile, and 91th–99th

state space, we enrich the analysis by employing three distinct disability statuses (ND, MD, and SD) rather
than the standard binary measure, which is crucial for capturing behavioral responses at the margin.
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Figure 7: Wage Offer Profiles by Education
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(b): High School Graduates
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(c): Some College
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percentile by age and disability status. We then utilize the total amount paid by self to con-
struct coinsurance rate—amount paid by self divided by total medical expenditures—for
the insured (employed) who are younger than 65 (qE = 0.30) and for those older than 65
and DI beneficiaries who are covered by Medicare (qM = 0.24). Further, to capture other
sources of insurance not directly captured in our model (e.g., spousal health insurance
or public insurance programs) for the uninsured individuals, we construct a similar ratio
to obtain qU = 0.68. The out-of-pocket medical expenditures by age, health, and insur-
ance (employment) statuses are then constructed as oopi (m)≡ pi +qi ·m, for i ∈ {E,U,M}
where health insurance premium for the employed and Medicare enrollees, pE = $1,530
and pM = $1,740, are taken from those reported in Kaiser Family Foundation.33,34

Government policies. We describe policy parameters for DI and SS, as well as other wel-
fare programs and taxes relevant for individual decisions.
Disability Insurance. Four parameters fully describe the DI program: application success
probability πDI , the probability of qualifying forMedicare benefits πM, reassessment prob-
ability πRE , and benefit schedule as a function of previous earnings DI (ω).

The DI receipt probabilities are set at 15% for moderately disabled workers and 35%
for severely disabled workers, similar in ranges to those estimated in Low and Pistaferri
(2015).35 The Medicare receipt probability is set at 50% to capture the delay of two years

33The premium for the employed pE is the average annual single premium per employee for employer-
based health insurance. We use the average employee contribution in 2021 from KFF (constructed from the
MEPS Insurance Component, a survey of establishments) to capture the out-of-pocket expenditures on the
worker-side. The Medicare premium pM is an annual average of Medicare Part B.

34We do not explicitly model nursing home expenditures in the current analysis, despite their known
importance as a major source of financial risk for the elderly (e.g., De Nardi et al., 2016; Kopecky and Kore-
shkova, 2014; Braun et al., 2017). However, our structural framework is sufficiently flexible to integrate these
costs as an extension of the medical expenditure process.

35Low and Pistaferri (2015) estimates DI allowance rates of 0.17 (moderate limitation) and 0.33 (severe
limitation) for those younger than 45, and 0.18 (moderate) and 0.63 (severe) for those older than 45, using
high school graduates. Our sample includes individuals with college education.
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before qualifying for the benefits. Further, the reassessment probability is set at 6%, similar
to that used by Low and Pistaferri (2015). Lastly, the DI payments are determined by the
PIA formula (in 2020 dollars, annually) in Equation (8), with AIME for DI described in
Equation (7).
Social Security. The PIA in Equation (8) also determines SS payments, with ω in Equation
(6). As discussed in Section 2.3, SS benefits are reduced (increased) by 6.7% (5.5%) per
year of claiming age from the FRA for the old cohort. Additionally, the two threshold
income levels for the RET, yRET,1 and yRET,2 are $15.6K and $36.4K corresponding to values
expressed in 2020 dollars.
Unemployment insurance, welfare programs, and taxes. UI benefits are paid to unemployed
workers. With about a 45% replacement rate that pays up to six months, the overall yearly
replacement rate is set at 23% of the worker’s annual income. We set the consumption
floor c f at $4.7K to capture other unmodeled government’s welfare programs.36 Labor
income tax is progressive, with after-tax income expressed as τy,0 ·

(
ȳ1−τy,1

) followingHolter
et al. (2019). Parameters τy,0 = 0.818 and τy,1 = 0.111 represent level and curvature of the
tax function where ȳ is income expressed as a multiple of average income.37 The capital
income tax rate is set to τk = 0.36. The Social Security tax rate is τss = 0.106, levied on labor
earnings up to a maximum taxable limit of yss of $103K. Finally, the Medicare tax rate is
τM = 0.029, levied on all labor earnings without a cap.

We summarize the values of all exogenously calibrated parameters in Table 3.

5.2 Endogenously Calibrated Parameters

We calibrate the remaining parameters, those governing preferences and labor market op-
portunities, within the model. In doing so, we parameterize the time cost of disability and
work θs,h, j as the following:

θs,h, j = θ0 (h)+ IPj=1 ·
(

θ1 (s,h)+ I j≥51 ·θ2 (s,h) ·
{

exp
(

1
19

· ( j−50)−1
)})

. (20)

The parameter θ0 (h) captures the time costs of disability, where we normalize the time cost
of the non-disabled. Time costs of work depend on θ1 (s,h) and θ2 (s,h): the former cap-

36This is within the range used in the literature: the annual consumption floor is set at $4,000 (2009 dollar)
in Kitao (2014a) and estimated at $3,593 (2013 dollar) in De Nardi et al. (2025).

37We use the average income of $47K and confirm that the endogenously generated average income from
the model is similar in magnitude (in the calibrated model, it is $49K) to avoid having to solve for a fixed
point.
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Table 3: Parameters Calibrated Outside the Model
Parameter Description Values Parameter Description Values
Demographics, Preferences, Technology Policy: UI, Welfare, Tax
δ h

s, j Survival rates Fig. A2 b UI replacement rate 0.23
γ Risk preference 7.5 c f Consumption floor $4.7K
r Interest rate 0.03 τy,0, τy,1 Labor income tax 0.818; 0.111

τk Capital income tax 0.36
Health and Medical Expenditures τM Medicare tax 0.029
π

h,h′
s, j Health transition Fig. A3 τSS; ySS SS tax, max earnings 0.106; $103K

oop(m) OOP expenditures Fig. A5 Policy: Social Security and Disability Insurance
b1;b2 PIA bend points $8.6K; $52K

Wage and Hours πDI,{MD;SD} DI receipt prob. 0.15; 0.35
wh

s, j Wage process Fig. 7 πM ; πRE Medicare; re-exam. prob. 0.5; 0.06
ρν ;σν Productivity shock 0.95; 0.15 ψ j SS benefit penalty; credit 6.7%; 5.5%
λ h

j Hours Fig. A4 yRET,1; yRET,2 RET thresholds $15.6K; $36.4K

tures the education- and disutility-dependent time cost of work, and the latter represents
additional time costs of work for those older than 51, where θ2 (s,h) controls the slope with
respect to age.38 These parameters helpmatch the employment patterns over the life cycle,
along with the job offer arrival rates. As we use the male sample, the employment rates
of non-disabled working-age individuals are high for all education groups. To reflect this
feature, we set the offer arrival rates of the employed, younger than 65, χP=1

s,ND, j<65 at 0.985.
Additionally, we allow the job offer arrival rates χP

j,s,h to differ after reaching 65. This as-
sumption is similar to those in French and Jones (2011) and Pashchenko and Porapakkarm
(2023), where individuals near retirement age face re-entry time costs. In specifying the job
offer arrival rates, we use two education groups, combining HSD and HSG to ensure that
we have enough empirical and simulated data points in the data and in the model.39 Table
4 summarizes all parameters calibrated within the model. In addition to the aforemen-
tioned parameters, it also includes preference parameters, β (discount factor), κ (weight
on consumption), φ1, φ2 (bequest motives), and ψs (DI application cost).

Our target moments (data sources) are: (i) employment rates by age, education, and
disability (PSID); (ii) employment to employment and non-employment to employment
transition rates by education (CPS); (iii) share of individuals who claim SS at 62, 65, and
after 65 by education, and share of thosewhoworkwhile receiving SS (HRS); (iv) DI share

38The constant 1/19 is used so that at age 69, time cost is θ1 (s,h)+ θ2 (s,h). While the functional forms
differ, similar age-dependent preference specifications have been used in, e.g., French and Jones (2011) and
Jones and Li (2023).

39We use CPS to construct transition rates by education to utilize its larger sample size compared to PSID.
Although the CPS includes a disability variable, it lacks the health condition variables required to construct
a frailty index, necessary to categorize individuals into disability groups in our model. Thus, we are unable
to generate a reliable set of target transition rates by disability status, and therefore only use only education-
specific moments as empirical targets.
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among 50-54 andDI share by education among 60-64 (HRS); (v) averagewealth among 55-
59 and 60-64, and 25th to 75th wealth ratio for 65-69 (PSID); and (vi) average consumption
by education and disability (PSID).40 These constitute a total of 41 parameters chosen to
match 428 moments. We use simulated methods of moments, minimizing the unweighted
sum of percent deviations of the model moments from the data moments. While these
moments jointly determine the parameters, certain parameters are more tightly linked to
specific moments. For example, while θ1 (s,h) and χP

j<65,s control employment and job
transition rate levels and their heterogeneity duringworking-age, θ2 (s,h) and χP

j≥65,s,h help
match the corresponding patterns beyond ages 50 and 65. These parameters also governDI
shares as they represent the trade-offs faced by individuals who aremoderately or severely
disabled. Further, the consumption and wealth moments guide consumption weight and
bequest parameters κ , φ1, and φ2.

5.3 Calibration Results and Model Performance

We discuss calibration results and selected model fit on key moments in this section. In
Table 4 and Figure 8, we report calibration results and plot the calibrated leisure by ed-
ucation and disability statuses. The calibrated discount factor is 0.831, within the ranges

Table 4: Calibrated Parameters and Values
Parameters Description (number) Values
Preferences β discount factor 0.832

κ weight on consumption 0.441
φ1 bequest intensity -4.026
φ2 bequest curvature $562K
ζs utility cost of DI app. by educ. (3) 0.144; 0.074; 0.004

Time costs from disability and work
of disability θ0 (h) normalized for h = ND (2) -2.154; -2.154
of work θ1 (s,h) by educ. (3)×disability (3) Figure 8

θ2 (s,h) age grad., by educ. (3)×disab. (3)
Job offer arrival rates of previously employed
age<65 χP=1

s,MD/SD by education (2) 0.926; 0.955
age≥65 χP=1

s,ND by education (2) 0.758; 0.845
χP=1

s,MD/SD by education (2) 0.722; 0.803
Job offer arrival rates of previously non-employed
age<65 χP=0

s,ND by education (2) 0.197; 0.207
χP=0

s,MD/SD by education (2) 0.140; 0.198
age≥65 χP=0

s,ND by education (2) 0.169; 0.207
χP=0

s,MD/SD by education (2) 0.159; 0.190

40We describe our moments and their construction process in Appendix C.
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estimated in studies incorporating retirement choices, e.g., Lockwood (2018). The weight
on consumption κ is 0.441, implying along with the predetermined γ of 7.5, the relative
risk aversion of around 3.2.

From Equations (5) and (20), the estimated time costs of disability yields leisure en-
dowment of 0.93 for both moderately and severely disabled workers, with a normalized
leisure of one for non-disabled workers. Similarly, in Figure 8, we plot leisure of employed
workers by education and disability statuses over the life-cycle. We note that leisure costs
of work differ across education and disability, and increase in age with varying gradients.
These time costs, along with the job offer arrival rates match employment patterns from
the empirical data, as we present in Figure 9. In particular, the drop in the employment
rates beyond 50 until 65 are generated from the changes in time cost. After 65, changes in
the job offer arrival rates also impact the employment rates.

Figure 8: Leisure of Employed by Disability Status

(a): High School Dropouts
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(b): High School Graduates
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(c): Some College
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Figure 9: Employment Over the Life Cycle (Data vs. Model)

(a): High School Dropouts (b): High School Graduates (c): Some College

Lastly, we present the model fits for SS and DI decisions. In Figure 10, we show the
SS claiming age distribution in the data and in the model by education. The model is able
to generate the early claiming share and matches the qualitative patterns in SS claiming
behaviors across education statuses. Additionally, the model predicted DI share among
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Figure 10: Social Security Claiming Age Distribution (Data vs. Model)

(a): High School Dropout (b): High School Graduates (c): Some College

50-54-year-olds are 0.04, close to 0.03 in data. The education-specific shares among 60-64-
year-olds in the model (data) are 0.13 (0.09), 0.04 (0.05), and 0.02 (0.02) for HSD, HSG,
and COL respectively. Overall, while the model produces a higher DI share for HSD than
in the data, the patterns of heterogeneity across education statuses are well-captured. A
discussion of the remaining moments and the model fit is provided in Appendix C.

6 Counterfactual Analyses

In this section, we use the calibrated model to investigate how SS reform interacts with
DI and to quantify the resulting effects. To that effort, we first simulate young cohort in
our model and validate whether the model replicates the empirical findings in Section
3.3. We then evaluate the redistributive fiscal and welfare effects of the reform. Further,
to analyze the interaction between SS and DI, we conduct the SS reform analysis in an
economy without DI and in an economy, where the acceptance rate into DI increases for
the young cohort. Lastly, we consider a more stringent SS reform of an elimination of early
SS claiming option.

6.1 Simulating the “Young” Cohort

We simulate the model for the “young” cohort. Specifically, we apply their SS policy
specifics—FRA, early/delayed claiming penalty/credits, PIA, and RET parameters—along
with the corresponding survival and wage processes.41 Using the simulated data, we ana-

41The FRA and early (delayed) claiming penalty (credits) for the young cohort are detailed in Section
2.3. The PIA bend points and the RET cutoff amounts are updated each year to reflect CPI as detailed
in https://www.ssa.gov/oact/cola/bendpoints.html and https://www.ssa.gov/OACT/COLA/rtea.html.
Specifically, we use 2010 parameter values expressed in 2020 dollars. These SS policy and worker-level pa-
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lyze the behaviors of the young cohort, specifically focusing on their DI utilization and SS
claiming decisions. Then, we conduct the analysis as in Section 3.3 to validate whether the
model is able to capture the empirical findings that relate relative generosity of DI with
early SS claiming behavior. We then analyze the fiscal and welfare effects on the young
cohort.

How do DI utilization and SS claiming decisions differ across cohorts? In Figure 11,
we plot SS claiming age distributions for the old and young cohorts by education. Con-
sistent with the data, there are two peaks in SS claiming age distribution: one at the EEA
and another at the FRA. Furthermore, a higher share of individuals with lower education
claim SS benefits early. In the old cohort, 54% of HSD claims SS benefits at 62, whereas the
shares are 46% and 26% amongHSG and COL.When the SS policy is reformed to penalize
early SS claiming at steeper rates, these shares decrease by 2.4pp for the HSD and 3.0pp
for the HSG.

Figure 11: Social Security Claiming Age Distribution by Cohort

(a): High School Dropouts (b): High School Graduates (c): Some College

As SS claiming age distribution shifts, we observe that DI shares increase among the
young cohort: The average DI receipt share among those aged between 50 and FRA in-
creases from 6.7% to 7.7%. As shown in Figure 12, the DI share increases are observed
across all education groups. Among 62-year-old individuals, 14.4% of HSD in the old co-
hort receives DI, whereas 16.7% in the young cohort receives DI; the shares for HSG are
6.1% (old) and 6.6% (young); and for COL, 2.2% (old) and 3.8% (young). Documented
in Section 3, the DI share among 62-year-olds in the young cohort is about 7pp higher
than in the old cohort. The simulated model therefore generates about 33% (2.2pp) of the
observed cohort differences from the data.

rameters for the young cohort are detailed in and Appendix C.
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Figure 12: Share of DI Recipients by Cohort

(a): High School Dropouts (b): High School Graduates (c): Some College

In the simulated data, we zoom in on behaviors of individuals who claimed SS benefits
early (before the FRA) as an old cohort, but no longer do so as a young cohort. Among
these 62-65-year-old individuals, 33% becomeDI beneficiaries. The education composition
among these DI beneficiaries are skewed towards lower-educated individuals: 54% are
HSD, 40% are HSG, with a remaining 6%, COL. These show that individuals in the model
utilize DI when SS policies become less generous towards early benefit claimants.

Does the model-constructed PVDR impact these behaviors? Given the behavioral pat-
terns of the young cohort, we conduct the empirical analysis detailed in Section 3.3 using
our simulated data. This analysis tests whether the model can capture the extent to which
the relative generosity of DI explains the young cohort’s propensity to shift from early SS
claiming to DI.

In Figure 13, we present themodel-generated PVDR distribution among 60-62-year-old
individuals, analogous to the data-generated plot in Figure 5. As summarized in the top
rows in Table 5, the average PVDR at age 62 by cohort in the model is similar to those in
the data reported in Section 3.3, both in magnitudes and differences. In the lower part
of Table 5, we report the education and PVDR coefficients from running an analogous
regression (4) using simulated data, controlling for disability status between 61 and 63.42
The model generated coefficient on PVDR is around 1.6, close to the empirical coefficient
of approximately 1.4. Thus, the model not only matches the qualitative patterns in DI
and SS claiming behaviors, but also accurately quantifies the marginal responsiveness of
individuals to substitute early SS claiming with DI in response to financial incentives.

What are the fiscal andwelfare effects of the reform? Havingdemonstrated themodel’s
ability to capture the behavioral response to the SS policy change consistent with the em-

42Our results are robust to using either the aggregate disability measure (sum of disability statuses) be-
tween 61 and 63 or a dummy variable derived from it.
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Figure 13: PVDR Distribution,
Model

Table 5: DI and PVDR, Model
Empirical Model

Avg. PVDR at 62, Old 0.249 0.250
Avg. PVDR at 62, Young 0.347 0.332
(a) DI versus SS at 62
HSG -0.030 -0.092∗∗∗
COL -0.024 -0.068∗∗∗
PVDR 1.356∗∗∗ 1.585∗∗∗

(b) DI versus SS before FRA
HSG -0.013 -0.069∗∗∗
COL 0.001 -0.055∗∗∗
PVDR 1.361∗∗∗ 1.553∗∗∗

Note: Figure 13 plots the PVDR distribution among 60-62-year-olds from the model. Table 5 presents coef-
ficients from running Equation (4). Control variables include dummy variables for cohort and education.
Additionally, to control for disability status, we construct the aggregate disability measure (sum of disability
statuses) between 61 and 63 and use a dummy variable (a total of nine categories, 3 disability status per age)
derived from it.

pirical analysis in Section 3.3, we now examine the effects of the reform from our simulated
data.

We evaluate the fiscal and welfare effects of the reform on individuals at age 50, which
approximates the age where the increased likelihood of health shocks makes the trade-
off between early SS claiming and DI enrollment substantially more relevant for workers.
Moreover, given DI’s role as a social insurance program against health risks, we focus on
analyzing the redistributive effects across health statuses. To achieve this, we categorize in-
dividuals into three “health” types based on their disability status between ages 50 and 64,
older working ages relevant to the SS andDI claimingmargins in our analysis. Specifically,
we construct health status by counting the number of years in which an individual is either
moderately or severely disabled between ages 50 and 64. Individuals with less than five
such years are defined as having “good health,” those with five to ten years are classified
as having “fair health,” and those with more than ten years are classified as having “poor
health.” The composition of workers in the good, fair, and poor health groups is 46%, 27%,
and 27%, respectively.43 We choose to use this health status measure utilizing multi-year
disability statuses, rather than relying on annually measured disability status, as it yields
a robust indicator of health that is more meaningful for analyzing the distributional effects
of the reform.

43Using an alternative criterion that incorporates the intensity of disability status, e.g., by distinguishing
between years with a moderate or severe disability, does not significantly alter the resulting categorization.
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Figure 14: Fiscal and Welfare Effects by Health Status

(a): Changes in PV of Net Benefits (b): CEV (c): Summary
Avg.

∆ PV 18.9
Good 17.9
Fair 20.6
Poor 19.6

CEV -2.53
Good -2.77
Fair -2.67
Poor -1.85

Note: Figure 14(a) plots the distribution of changes in PV of net benefits (DI and SS benefits net of taxes)
expressed in thousands of dollars at age 50; and Figure 14(b) plots the distribution of CEV at age 50. We
drop the bottom and top 5% of the distribution. The averages are summarized in Table (c).

For each individual in the simulateddata, we construct the present value (PV) ofDI and
SS benefits net of taxes, that the individual receives from ages 50 until death, evaluated at
age 50. We then calculate the difference in this PV of net benefits (PVNB) across cohorts;
that is, we compare the PVNB an individual receives when simulated under the old co-
hort’s environment with that under the young cohort’s environment. The distribution of
this change in PVNB calculated at age 50 is plotted in Figure 14(a) by health status with
their corresponding averages summarized in the 14(c). We note that the average change in
the PVNB is higher among fair and poor health individuals compared to those in the good
health group. In the distribution, we observe a large mass of good health individuals for
whom the change in PVNB is negligible. On the other hand, most fair and poor health indi-
viduals experienced an increase in PVNBwhen simulated as young cohort. These changes
are primarily driven by the differential change in DI benefits. Specifically, the changes in
the PV of DI benefits received by fair and poor health individuals are around $1.9K and
$6.5K, respectively, relative to $0.2K for good health individuals. Thus, by the measure we
consider, the effects on PVNB at age 50, the reform is fiscally progressive with respect to
health status.

Nowwe evaluate thewelfare effects of the reformby calculating the consumption equiv-
alent variation (CEV) at age 50. Following De Nardi et al. (2025), we construct a CEV
measure to quantify welfare effects. We compare an individual’s utility under the baseline
policy to his utility in a counterfactual scenario where he faces the SS reform, holding all
else constant. Specifically, we calculate the percent change in consumption required for an
individual in the baseline environment to be indifferent to living in the reform environ-
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ment. We evaluate the CEV at age 50 that captures the welfare effects during the older
years, more reflective of the target population of DI and SS policies. In Figure 14(b) is the
CEV distribution and in 14(c), the averages across health types. On average, the CEV is
negative, implyingwelfare cost for individuals living as a young cohort.44 Thewelfare cost
is higher for those of good health than it is for the poor health on average, and it is also
evident from the distribution in Figure 14(b). Notably, there is a large overlap in the CEV
distribution between good and fair health individuals, with the distribution shifted to the
right for the poor health individuals. Similar to the redistributive fiscal effects, the welfare
effects are also progressive with respect to health statuses.

6.2 DI and SS Reform

In the benchmark policy environment, we find that the SS reform experienced by the young
cohort had progressive fiscal and welfare effects with respect to health statuses. In this
section, we investigate the role of DI in shaping these outcomes through two counterfactual
analyses. First, we simulate the SS reform in an economywithout aDI program, comparing
the effects on old and young cohorts. Second, we simulate an economywhere the SS reform
is accompanied by amore lenient DI policy. Wemodel this by increasing the DI acceptance
probability by 20%, which captures the potential unmodeled shifts in screening stringency
over time.45 We then compare the reform effects relative to old cohorts in our benchmark
economy. To focus the main text on fiscal and welfare implications, we report detailed DI
and SS behavioral statistics for the counterfactual economies in Appendix D.

In the first counterfactual, the change in the share claiming SS at 62 is negligible. On
the other hand, in the second experiment, the DI share at age 62 rises from 6.3% to 11.6%,
mirroring the empirical patterns of DI shares among the young cohort documented in
Section 3.2. This increase is more pronounced among the HSD individuals, rising from
13% to 24%. Concurrently, the aggregate share claiming SS at age 62 declines by 5pp from
46% to 41%; this decline is sharpest among HSD individuals, from 54% to 46%. These
results indicate significant substitution from early SS claiming to DI when the DI policy
becomes more lenient.

In Table 6, we document the fiscal and welfare effects across health statuses for the no-

44We report unweighted averages within health groups. This approach abstracts from mortality-driven
inequality, as the utilitarian criterion focuses on the welfare of living agents only (see Jang et al., 2024).

45The acceptance probabilities increase from 15% to 18% formoderately disabledworkers and 35% to 42%
for severely disabled workers. This experiment may be interpreted as capturing both the effects of the 1984
DI reform and a secular increase in DI acceptance probabilities (e.g., Autor and Duggan, 2006). Although
these changes impacted all individuals, young cohort has been exposed to these policy environments more
(longer) than the old cohort.
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Table 6: Effects of Social Security Reform across DI environments
Benchmark No-DI Lenient-DI

Changes in (,000) 18.9 16.7 (-2.2) 22.8 (+3.9)
Good health 17.9 16.9 (-1.0) 20.2 (+2.3)
Fair health 20.6 18.4 (-2.2) 25.1 (+4.5)
Poor health 19.6 14.9 (-5.0) 27.4 (+7.8)

CEV (%) -2.53 -2.88 (-0.35) -2.22 (+0.31)
Good health -2.77 -2.93 (-0.16) -2.55 (+0.22)
Fair health -2.67 -3.00 (-0.33) -2.47 (+0.20)
Poor health -1.85 -2.54 (-0.69) -1.21 (+0.64)

Note: Table 6 documents the changes in the PV of net benefits and the CEV at age 50 across cohorts. The
“Benchmark” refers to the results under the benchmark environment, also reported in Figure 14. The “No-
DI” refers to the effects comparing the old and young cohorts’ outcomes both in the no-DI economy. The
“Lenient-DI” compares outcome of the benchmark old cohort with the young cohort facing the SS reform
and a concurrent, 20% increase in DI acceptance probability. As in the benchmark analyses, we report aver-
ages after dropping the bottom and top 5% of the distribution. The numbers in parentheses represent the
difference relative to the benchmark.

DI and lenient-DI economies, alongside the benchmark results. In the no-DI economy, the
average change in PVNB from the reform is 12% lower compared to the benchmark, due to
the absence of the additional social insurance program. More notably, the heterogeneity
across health statuses shifts significantly: the PVNB change in the no-DI economy is higher
among good health individuals than for poor health individuals, unlike in the benchmark
economy. This implies that the DI program in the benchmark economy plays a crucial role
in mitigating the reform’s regressive fiscal impact on vulnerable populations.

These fiscal shifts underscore the insurance value provided by the DI program. In the
absence of DI, the welfare cost of the SS reform rises because older individuals face a more
stringent SS program without a safety net against health shocks. Our estimates quantify
that the benchmark DI program reduces the welfare costs of the reform by approximately
14% (comparing 2.88 to 2.53) relative to the no-DI economy. This protection is most valu-
able to those with the highest risk; individuals in poor health see their welfare costs drop
37% when moving from no-DI to the benchmark economy.

In the lenient-DI economy, the SS reform tends to benefit the poor health regarding both
PVNB andwelfare costs, making the reform effects muchmore progressive with respect to
health status. This outcome is driven by the generous DI policy, which disproportionately
shields individuals with poor health from the costs of reform compared to those in good
health.

44



6.3 Elimination of Early SS Claiming

Now,we examine amore stringent SS reform: the elimination of early SS benefit claiming.46
This policy mirrors systems currently in place in the United Kingdom and Denmark. For
instance, the UK State Pension and Denmark’s public pension (Folkepension), analogous
to SS in the US, do not offer an option to claim benefits prior to their statutory retirement
ages of 66 and 67, respectively.

Table 7: Effects of Eliminating Early Claiming of SS Benefits
Changes in PV (,000) CEVSS Benefits DI Benefits

All +3.61 -5.11 +4.12 -5.67
Good health +5.18 -0.95 +0.30 -5.82
Fair health -0.16 -9.98 +5.88 -6.18
Poor health +3.58 -11.49 +13.34 -4.73

Note: Table 7 compares outcome of the benchmark old cohort with the young cohort facing no option to
claim SS early (all other SS policy changes are equivalent to the benchmark reform, e.g., FRA for the young
cohort is 66). As in the benchmark analyses, we report averages after dropping the bottom and top 5% of
the distribution.

Table 7 summarizes the effects of this reform, with behavioral details relegated to Ap-
pendix D. Under this scenario, the PVNB increases by 3.61, an increase that is 80% smaller
than that in the benchmark reform (18.9). Decomposing this change into SS and DI ben-
efits reveal substantial differences. While the PV of SS benefits decreases, a large share of
this decline is offset by an increase in DI benefits. This effect is particularly heterogeneous
across health statuses, as individuals in poor health largely recoup lost SS benefits through
DI. Indeed, at age 62, 13% of the young cohort in this counterfactual economy receives DI,
with the share reaching 27% among HSD. The corresponding CEV reflects this hetero-
geneity. Interestingly, the fair health group incurs the highest welfare cost. Compared to
the poor health group, they have less insurance from DI due to stricter DI eligibility; yet
compared to the good health group, they face inferior labor market opportunities. This
experiment further highlights the significant spillover effects of SS tightening, and its im-
plications across workers of different health groups.

46Specifically, we keep all components of the SS reform modeled for the young cohort in the benchmark
economy (e.g., FRA, delayed claiming credits), with the only exception being no choice of claiming benefits
before the FRA (66).
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7 Conclusion

This paper studies the effects of Social Security reforms, accounting for its interaction with
Disability Insurance. Utilizing the Social Security Amendments of 1983, we document
and measure behavioral differences across cohorts facing differential retirement ages and
penalties for early SS benefit claiming. In particular, we find suggestive evidence of indi-
viduals substituting early SS claiming with DI, when the relative generosity of DI, mea-
sured by the percent difference in the present value of receiving DI versus claiming SS
benefits early, increases due to policy change. We develop and calibrate a quantitative
life-cycle model that captures these endogenous DI and SS claiming decisions. Our quan-
titative model, which successfully replicates key empirical patterns, suggests that DI plays
an important role in shaping the fiscal and welfare effects of the SS reform. In particular,
the DI program significantly mitigates the reform’s regressive effects and lowers welfare
costs, particularly for individuals with poor health.

Our findings have important implications for policy design, particularly as the US So-
cial Security Trust Fund is facing imminent depletion. We highlight the necessity of jointly
evaluating the aggregate and redistributive consequences of SS and DI. Specifically, any
changes in the SS benefit structure may induce stronger financial incentives for individu-
als at the margin to apply for DI benefits. While this substitution may impose additional
fiscal constraints, it also acts as a critical insurance mechanism that is highly valuable for
vulnerable individuals. Therefore, optimal policy responses should account for these rei-
distributive effects to balance the fiscal goals and welfare outcomes across the population.
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Appendix

A Supplemental Details on Empirical Analysis

A.1 Data: Health and Retirement Study

The Health and Retirement Study (HRS) is a biennial longitudinal dataset representing
older American households starting from year 1992. As of year 2024, the raw datafiles
for waves 1 to 15 are publicly available and downloadable from the HRS webpage. Our
main analysis is based on the RAND HRS datafile that covers waves 1 to 15. We focus on
males born in years 1931-1937 (“old” cohort) and those born in years 1943-1954 (“young”
cohort), whose FRA is 65 and 66 respectively (Those born in 1938-1942 experience a two-
month increase in FRA for each birth year).

Table A1: Number of HRS Respondents by Cohort
Birth year Male Female Total Birth year Male Female Total

Old 1931 402 460 862 Young 1943 254 389 643
cohort 1932 434 461 895 cohort 1944 220 352 572

1933 381 440 821 1945 220 310 530
1934 453 489 942 1946 279 348 627
1935 461 463 924 1947 251 373 624
1936 443 484 927 1948 321 436 757
1937 467 534 1,001 1949 345 459 804

Partially 1938 470 530 1,000 1950 367 465 832
affected 1939 510 531 1,041 1951 341 429 770

1940 478 560 1,038 1952 408 485 893
1941 500 555 1,055 1953 392 439 831
1942 274 435 709 1954 365 476 841

We supplement the publicly available data with the restricted variables from the Social
Security Administration (SSA) to construct the expected present-value of benefit amounts.
The SSA-merged data is available for individuals who provide consent. For thosewho con-
sent to provide earnings record, we have annual earnings data for years from 1951 to 2020.
Earnings are recorded to zero for those who have no reported earnings. Earnings below
$49.99 were recorded to N to preserve confidentiality. Earnings above $50 are rounded to
the nearest $100. Additionally, the data provides benefit types (e.g., retired worker, dis-
abled worker, aged spouse), benefit starting month and year, as well as benefit amounts.
As benefit amounts are only available for beneficiaries, we use earnings records to impute
the individual’s potential benefit amounts. We additionally utilize the reported benefit
amounts to confirm whether our imputation is reliable. We describe these steps in Section
A.2.
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A.2 Construction of Hypothetical Primary Insurance Amount

We follow the process provided by SSA for constructing Average Indexed Monthly Earn-
ings (AIME), the average lifetime earnings measured around the time of your retirement,
and Primary Insurance Amount (PIA), themonthly amount of insurance benefits depend-
ing on his lifetime earnings.

PIA for Social Security. We merge the publicly available HRS dataset with the SSA’s
restricted nominal earnings dataset for years from 1951 to 2020. For older cohort born in
years 1931, it means their earnings records between age 20 and 88 are available. For later
cohort born in years 1954, their earnings record is available until age 66. For each matched
respondent, we keep their earnings records between age 21 to their full retirement age to
compute thier AIME.

To construct the AIME, we first convert the nominal earnings across different years
into real term using the Average Wage Index (AWI), which measures the national wage
level over time. For retirement benefits, indexing is based on the year a respondent turns
age 60. For example, if a respondent turned 60 in year 2020, his earnings in year t < 2020
is converted into 2020 US dollars using the ratio AWI2020

AWIt
. For earnings after age 60, the

indexing factor is 1.After indexing the nominal earnings in basis year, we compute the
AIME based on the maximum 35 years of indexed earnings. For those who have less than
35 years with positive earnings, zero will be substituted instead. Then, the total sum of
these 35 observations of annual earnings is divided by 420 (= 35×12) to obtain the AIME.

Once the AIME is calculated, we compute the PIA using a progressive piece-wise linear
formula. The replacement rate is 90% up to the first bend point, 32% between the first and
second bend points, and 15% beyond the second bend point. These bend points vary over
time, and determined by the year the respondent turns 62. Given the PIA, we then apply
several adjustments to the final benefit amount. First, benefits are reduced for early retirees.
Second, the Retirement Earnings Test (RET)may cause the actual benefits received to differ
from the PIA for beneficiaries between age 62 and the FRA. Specifically, SSA withholds $1
in benefits for every $2 or $3 of earnings in excess of exempt amounts. Earnings in or after
the month you reach the FRA do not count toward the retirement test.

PIA for Disability Insurance. Compared to SS benefits that have earnings record until
claiming age, DI applicants have shorter earnings records until the onset of their disability.
Therefore, PIA for DI recipients is calculated after dropping a number of low earnings
recordsA1 in calculating their average lifetime earnings. More specifically, out of elapsed

A1For more details about the 1-for-5 rule, see https://secure.ssa.gov/poms.nsf/lnx/0300605230.
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years from age 22 to the disability onset, we decide the number of dropout earnings using
the following formula:

Dropout year = min{5,min{62,0.2× (Disability Onset Age-22)}} .

Thus, the dropout year is capped at five for recipients whose onset of disability occurs after
age 47. For those who are younger, their dropout year is less than five years. Then numer-
ator for AIME is calculated based on the total of earnings record during the computation
year, which is defined as the number of years between age 22 and the disability onset age
after subtracting the dropout year. The denominator for AIME will be the computation
year times 12.

Validating our measure of PIA. To confirm the reliability of our constructed PIA, we
compare this hypothetical PIA with actual PIA reported in the dataset, where the latter
is only available for a subset of individuals receiving benefits. In particular, we run the
following regression by program type and claiming age:

PIAi,t = α +β · P̂IAi,t + εi,t ,

where PIAi,t is the actual PIA for those available and P̂IAi,t is the calculated PIA of individ-
ual i based on his earnings up to age t. Table A2 shows that the relationship between the
calculated PIA and observed PIA among the SS beneficiaries who claimed at FRA is close
to one, while the early claimants exhibit a reduction of about 30%, consistent with the ben-
efit schedules for SS described in Section 2.2. Furthermore, we find that the relationship
between the observed PIA and calculated PIA for DI beneficiaries exhibits a significantly
high correlation, aligning with the institutional features of DI discussed in 2.1. Therefore,
we conclude that our measure of PIA which determines the relative generosity of DI that
we explain below, reliably captures individual-level incentives between the two programs.

Table A2: Relation between the Observed and Calculated PIA

SS Beneficiaries DI BeneficiariesFRA Claim Early Claim
β 0.959 0.703 0.911

(0.011) (0.010) (0.020)
R2 0.927 0.877 0.828

Observations 559 667 431
Note: Table A2 documents the coefficients of regression between the observed and calculated PIA, which is
constructed based on individual-level earnings history from the SSA administration data.

A3



A.3 Additional Empirical Results

Worker Compositions by Cohort Complementing worker composition statistics in Sec-
tion 3.2, we plot workers by five statuses—not employed, employed, employed with SS
benefits, not employedwith SS benefits, andDI recipients. We observe that evenwithmore
disaggregated status categories, young cohort’s benefit compositions differ from those of
the old cohort.

Figure A1: Share of Workers by Five Statuses, by Education and Cohort

(a): High School Dropouts (b): High School Graduates (c): Some College

Note: Figure A1 shows the share of individuals by their statuses, by education group using the restricted
HRS dataset.

Relative DI Generosity and Early Claiming of Social Security, Logit Model. We esti-
mate Equation (4) using a logistic model and report the estimated coefficients in Table A3.
Similar to findings in the linear probability model, the coefficient on PVDR is statistically
significant even after controlling for health statuses. The implied marginal effect implies
that an increase in the PVDR at 62 from 0.24 (old cohort’s median) to 0.32 (young cohort’s
median) is associated with a 11pp increase in claiming SS at age 62. The magnitude is
similar to benchmark estimate.

B Individual Problems between EEA and FRA

We specify worker problems for those between the ages of jE , the EEA and jF , the FRA.
These individuals have three choice sets: whether to work, apply for DI or claim Social
Security benefits. As discussed in the main text, their choice sets are combination of those
in the working age ( j < jE) and those past FRA ( j > jF). We specify the value functions
of those who have not yet claimed SS benefits and DI applicants, which are omitted from
main text.

A4



Table A3: Relative DI Generosity and DI Receipt (versus Early SS Claiming), Logit Model

DI Status versus
SS Claiming at 62 SS Claiming before FRA

High school graduates -0.486∗∗∗ -0.376∗ -0.433∗∗∗ -0.199
(0.148) (0.219) (0.138) (0.200)

Some college -0.969∗∗∗ -0.465 -0.940∗∗∗ -0.248
(0.205) (0.289) (0.194) (0.265)

Relative DI generosity at 62 14.046∗∗∗ 15.501∗∗∗ 15.516∗∗∗ 16.075∗∗∗
(2.798) (4.176) (2.679) (3.947)

Frailty 3.957∗∗∗ 3.819∗∗∗
(0.757) (0.672)

Work Limitation 3.702∗∗∗ 3.865∗∗∗
(0.301) (0.295)

R2 0.080 0.482 0.073 0.475
Observations 1,471 1,314 2,200 1,950

Note: TableA3 documents regression coefficients from estimating Equation (4) using a logitmodel on sample
of individuals who either receive DI or retire early. The two outcome variables are constructed as one if the
individual receives DI and zero if he claim SS at 62 (the first two columns) or if he claim SS before FRA (the
last two columns). Frailty and work limitation are averages between the ages of 61 and 63. Robust standard
errors are in parentheses. ∗p < 0.10;∗∗ p < 0.05;∗∗∗p < 0.01

Claimed SS benefits. If the individual claimed benefits, he can still work, but cannot
apply for DI. Thus, his decision problem is the same as Equation (17), except for the fact
that his benefits are reduced according to the RET policy (thus, benefits are SS (ω,y)), and
that he is not eligible for Medicare. Therefore, the out-of-pocket medical expenditures in
their budget constraint are determined based on their labor market status.

V S,P (x,h) = max
c,a′≥0

u(c+ tr, l)+βδ
h
j ∑

h′
π

h,h′
j

 χP
h′E max

l∈{0,1}
V SP (x′,h′)

+
(
1−χP

h′
)
EV S,0 (x′,h′)

+β

(
1−δ

h
j

)
φ
(
a′
)

s.t. c+a′ = SS (ω,y)+(ỹ−oopE (m)) · IP=1 +(UI (y)−oopU (m))IP=0 +(1+ r̃)a.
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Did not claimed SS benefits yet. If the individual has not yet claimed benefits, he can
still apply for DI if his disability status is MD or SD. Thus, the value function reads

V E,P (x,h) = max
c,a′≥0

u(c+ tr, l)+βδ
h
j π

h,ND
j

[
χP

h′E max
l∈{0,1}

V l (x′,ND)+
(
1−χP

h′
)
EV 0 (x′,ND)

]

+βδ
h
j ∑

h′∈{MD,SD}
π

h,h′
j

 χ l
h′ Emax

{
max

l∈{0,1}
V E,P (x′,h′) , max

l∈{0,1}
V S,P (x′,h′) ,V A (x′,h′)

}
+
(
1−χP

h′
)
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{
V E,0 (x′,h′) ,V S,0 (x′,h′) ,V A (x′,h′)

}


+β

(
1−δ

h
j

)
φ
(
a′
)

s.t. c+a′ = (ỹ−oopE (m)) · IP=1 +(UI (y)−oopU (m))IP=0 +(1+ r̃)a.

The problem is a combination of Equations (9) and (18), as he can make labor supply
choices in conjunction with whether or not to claim SS, and whether to apply for DI.

DI beneficiaries. For simplicity, we assume that once an individual is past the age of jE ,
he continues receiving DI (does not get reassessed) until the benefit gets transferred to SS
(without any cuts in benefits) at age jF . Therefore, the only choices are consumption and
savings, and the budget constraint is equivalent to the one faced by DI beneficiaries in the
working age, Equation (16).

V E,D,iM (x,h) = max
c,a′≥0

u(c+ tr,0)+βδ
h
j EV E,D,iM (x′,h′) +β

(
1−δ

h
j

)
φ (b)

s.t. c+a′ = DI (ωDI)− (iM ·oopM (m)+(1− iM) ·oopU (m))+(1+ r̃)a

DI applicants. The problem ofDI applicants reads as the following that also incorporates
the possibility of claiming SS benefits in the next period:

V E,A (xA) = max
c,a′≥0

u(c+ tr,κ)−ζ

+βδ
h
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+β
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h
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)
φ
(
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)

s.t. c+a′ = (1+ r̃)a−oopE (m) .

The budget constraint is the same as that of the applicants in the working age, Equation
(13).
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C Data, Moments, and Calibration Descriptions

C.1 Data

We complement the HRS data with three additional data sources—Panel Study of Income
Dynamics (PSID), Medical Expenditure Panel Survey (MEPS), and Current Population
Survey (CPS)—for calibration. Themain dataset for calibration is PSID.Weuse the PSID to
calibrate parameters exogenously and to construct moments for endogenously calibrated
parameters. Exogenously calibrated parameters include survival probabilities, disability
transition probabilities, wage offers, and hours worked. Moments for within-model cal-
ibration include employment rates, wealth, and consumption moments. We need these
empirical moments by education and/or disability statuses over the life-cycle, for which
the PSID is the uniquely suited among publicly available datasets.

We use the PSID data for years 2003 through 2017, and restrict sample to male (consis-
tent with the HRS) older than 24 (consistent with model life-cycle). We define employed
as those with hourly wage higher than $4. We drop those missing education, frailty, or
disability statuses with a remaining sample size of 23,393, among which 19,986 are em-
ployed. As described in the main text, we use the frailty index constructed by Hosseini
et al. (2022) to construct disability status used in our calibration and quantitative analysis.
Table A4 presents the summary statistics of key variables among those aged between 25
and 70 from the PSID for all and by disability status. As can be seen, healthier individuals
tend to be younger, more educated, and have better labor market outcomes.

Table A4: Summary Statistics by Disability Status from PSID

All Non-Disabled Mod. Disabled Sev. Disabled
Age 44.10 42.59 49.02 53.08
Frailty 0.10 0.07 0.18 0.33
Work disability (binary) 0.14 0.0 0.55 1.0
High school dropout 0.08 0.07 0.13 0.16
High school graduate 0.58 0.57 0.63 0.67
Some college 0.34 0.37 0.23 0.16
Employment 0.80 0.88 0.59 0.22
Earnings of employed $63.9K $66.4K $49.3K $30.9K

We also use the MEPS to construct medical expenditure profiles over the life-cycle.
While the PSID collectsmedical expenditures at the family level, theMEPS reports individual-
level expenditures, which can be more readily mapped to individual disability status. We
use the same sample restrictions used for the PSID to construct these medical expendi-
ture profiles, which we detail below. Finally, following Krusell et al. (2017), we use the
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CPS from 1978 to 2012 to construct the labor market transition rates used as moments in
within-model calibration. For this analysis, we aggregate HSD andHSG into a single ’non-
college’ category.

C.2 Exogenously Calibrated Parameters and Values

The exogenously calibrated parameters include: (i) survival probabilities, (ii) disability
transition probabilities, (iii)wage offers and hoursworked, and (iv)medical expenditures.
We use the PSID for (i)-(iii) and the MEPS for (iv). Below, we describe their construction
processes, which broadly follow Pashchenko and Porapakkarm (2023). Whenever appli-
cable, we control for cohorts using 5-year birth cohort dummies with the exception of the
oldest (1930 and before) and the youngest (1985 and later) cohorts in the data, as well as
the “old” (1931-1937) and “young” (1943-1954) cohorts as defined in our empirical anal-
yses.

Survival probabilities. Survival probabilities over the life-cycle differ by education and
disability status. Following Attanasio et al. (2011), we estimate conditional survival prob-
abilities by education and disability status, using the Cohort Life Tables from the SSA (for
the 1934 cohort) and micro-level data from the PSID. Specifically, from the PSID, we es-
timate a probit model of death with cohort dummies, disability interacted with educa-
tion dummies, age (quadratic), race, schooling (in years), marital status, and region. We
then construct the predicted values for the old and young cohorts, and obtain disability
and education-specific survival premia to be consistent with life tables. These are then
smoothed out by fitting polynomials in age, and extrapolated for individuals older than
85. Figure A2 plots the survival probabilities by education for the old cohort.

Figure A2: Survival Probability by Education

(a): High School Droupouts
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(b): High School Graduates
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(c): College Graduates
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Disability transitionprobabilities. Disability transition probabilities followafirst-order
Markov process and are calibrated using the panel dimension of the PSID data. We allow
for education-dependence for the non-disabled andmoderately-disabled individuals. Due
to sample size issues, transition probabilities of severely disabled individuals do not de-
pend on education. Similar to the calibration of the survival probabilities, we estimate a
multinomial logit model with future disability status as the dependent variable. We then
predict disability transitions, which are fitted to polynomials in age, extrapolated beyond
age 85. Figure A3 plots the calibrated life-cycle disability transition probabilities (which
we assume to be the same across cohorts).

Figure A3: Disability Transition Probabilities

(a): ND→ ND
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(b): ND→MD
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(c): ND→ SD
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(d): MD→ ND
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(e): MD→MD
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(f): MD→ SD
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(g): SD→ {ND, MD, SD}
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Wage offers and hours worked. We estimate the wage offer profiles following Heck-
man (1979) to control for selection into employment, where we use welfare benefits as an
instrument in employment equation. Following Low and Pistaferri (2015), we construct
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transfers—Earned Income Tax Credit, unemployment insurance, Supplemental Nutrition
Assistance Program, andAid to Families with Dependent Children (subsequently, Tempo-
rary Assistance for Needy Families)—of a representative earner, utilizing their variations
across state and year. These are used in the selection equation, in addition to cohort dum-
mies, disability dummies, age (quadratic), race, years of schooling, marital status, and
region. In the second stage, we regress log hourly wage on individual characteristics and
disability interacted with education dummies. Their predicted values for the old cohort
are then smoothed out by fitting polynomials in age, which are plotted in Figure 7.

Conditional on employment (which we assume to be more than 700 hours), hours
worked do not vary much across education statuses. We thus use the average hours over
the life-cycle, fitted to polynomials in age by disability as shown in Figure (A4).

Figure A4: Hours of Employed Workers
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Medical expenditures. The out-of-pocket expenditure profiles constructed using proce-
dures described in Section 5.1 are plotted in Figure A5: hollow markers are for the unin-
sured (unemployed) and filled markers are for the insured (employed), with those older
than 65 are universally covered by Medicare.
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Figure A5: Out-of-Pocket Medical Expenditures by Disability Status
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(b): Moderately Disabled
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(c): Severely Disabled
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C.3 Moments for Calibration, Calibrated Parameters, and Model Fit

Table A5 summarizes the moments used in calibration and the model fit.

Table A5: Moments and Model Fit
Data Model Source N

Labor Market
Emp. by age / educ. / disab. see Figure 9 PSID 396
Avg. EE transition by two educ. 0.92, 0.96 0.96, 0.98 CPS 2
Avg. NE transition by two educ. 0.30, 0.41 0.13, 0.20 CPS 2
Social Security and Disability Insurance
SS claiming at 62 by educ. 0.50, 0.46, 0.35 0.54, 0.46, 0.26 HRS 3
SS claiming at 65 by educ. 0.20, 0.25, 0.38 0.27, 0.30, 0.60 HRS 3
SS claiming at 66+ by educ. 0.05, 0.04, 0.06 0.03, 0.02, 0.00 HRS 3
Emp. share among SS by educ., 62-69 0.34, 0.40, 0.47 0.11, 0.17, 0.34 HRS 3
DI share, 50-54 0.03 0.04 HRS 1
DI share by education, 60-64 0.09, 0.05, 0.02 0.13, 0.04, 0.02 HRS 3
Wealth and Consumption
Avg. wealth, 55-59 and 60-64 $62K, $92K $133K, $152K PSID 2
Wealth ratio, 25th-to-75th perc., 65-69 0.11 0.22 PSID 1
Avg. cons. of HSD by disab. $13K, $13K, $12K $18K, $16K, $13K PSID 3
Avg. cons. of HSG by disab. $19K, $18K, $16K $26K, $21K, $18K PSID 3
Avg. cons. of COL by disab. $28K, $28K, $24K $43K, $36K, $32K PSID 3
Total 428

Following the analogous procedure used in constructing the exogenously calibrated pa-
rameters, we obtain the employment rate targets from running a Probitmodel and smooth-
ing the predicted values using age polynomials. The SS and DI moments are from the re-
strictedHRS data set that we used and described in Section 3 andAppendix A.Wealth and
consumption moments are from the PSID, where we control for household size using an
equivalence scale that assigns 0.3 to each child and 0.5 to each additional adult. We drop
those at the lowest and highest 1% in the sample, run the regression (as in other parameters
and moments), and use the cohort-specific predicted values to generate the average mo-
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ments by age group, education, and disability status. The model is able to broadly capture
the key empirical observations.

In Table A6, we document values of θ1 (s,h) and θ2 (s,h) that determine time costs of
work and age-gradient beyond 50. These values underlie the leisure endowment by age,
education, and disability in Figure 8, constructed from Equations (20) and (5).

Table A6: Time Costs of Work and Disability Parameters
ND MD SD ND MD SD

θ1 (s,h): time cost of work θ2 (s,h): age-gradient beyond 50
HSD 0.72 3.14 3.76 HSD 0.00 0.00 1.52
HSG 0.176 1.35 4.15 HSG 0.28 0.71 0.80
COL 0.59 1.79 2.95 COL 0.00 0.00 0.00

D Supplemental Details on Quantitative Analysis

D.1 Cohort-Specific Parameters

In simulating the young cohort in Section 6.1, we use cohort-specific worker-level param-
eters and policy parameters. Specifically, we use the same procedures as described in Sec-
tion C.2 to construct survival probabilities and wage offer processes for the young cohort.
For survival probabilities, we use the survival probabilities of the 1949 birth cohort in Co-
hort Life Tables. The estimated survival probabilities and wage processes are presented in
Figures A6 and A7.

For Social Security policy parameters, we transform values in 2010 to 2020 dollars. The
corresponding values for SS tax max earnings; the two bend points for PIA; and the two
RET thresholds are, $127K; $10.8K, $65.3K; and $17.1K, $45.6K. The annual early claiming
penalty is 6.25%, resulting in a 25% lower PIA if one claims benefits at 62 instead of at the
FRA of 66. Analogously, one receives an 8% per year delayed retirement credit for each
year past the FRA, resulting in a maximum credit of 32% if benefits are claimed at age 70.
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Figure A7: Wage Offer Profiles by Education of the Young Cohort

(a): High School Dropouts
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(b): High School Graduates
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(c): Some College
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Figure A6: Survival Probability by Education of the Young Cohort

(a): High School Droupouts
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(b): High School Graduates
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(c): College Graduates
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D.2 Additional Results on Counterfactual Analyses

In Tables A7 and A8 we document DI shares at age 62 and shares claiming SS at age 62,
respectively, across different counterfactual economies. The changes on DI shares across
counterfactual economies vary greatly across education. In particular, a relaxation of the
DI program or an elimination of early SS significantly widens the DI share gap across ed-
ucation. At the same time, Table A8 shows that the early SS claiming share decreases
significantly, implying a large substitution patterns between early SS claiming and DI.

D.3 Welfare Analysis

We consider the allocation of the old cohort as the benchmark and construct the util-
ity of an individual of age τ who lives until Ti as U0

i,τ = ∑
Ti
t=τ β t−τu

(
c0

i,t , l
0
i,t

)
+β Ti−τφ

(
b0

i
),

where b0
i denotes bequest. Similarly, given the same health and mortality outcomes, the

lifetime utility of the same individual facing environments of the young cohort is U1
i,τ =

∑
Ti
t=τ β t−τu

(
c1

i,t , l
1
i,t

)
+ β Ti−τφ

(
b1

i
). We measure the welfare costs of the reform using the

consumption-equivalent variation (CEV) and solve the required additional consumption
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Table A7: DI Shares at Age 62 across Counterfactual Economies
Benchmark-DI No-DI Lenient-DI No Early SS
Old Young Old Young Young Young

All 0.063 0.077 - - 0.116 0.127
HSD 0.131 0.164 - - 0.244 0.272
HSG 0.040 0.049 - - 0.074 0.079
COL 0.025 0.033 - - 0.045 0.050

Note: Table A7 reports DI shares at age 62. Lenient DI refers to an economy with young cohort’s SS policies
and 20% higher DI acceptance rates. No Early SS refers to young cohort’s SS policies but with no option to
claim SS before FRA.

Table A8: Share Claiming SS at Age 62 across Counterfactual Economies
Benchmark-DI No-DI Lenient-DI No Early SS
Old Young Old Young Young Young

All 0.462 0.438 0.509 0.495 0.408 -
HSD 0.544 0.520 0.648 0.648 0.455 -
HSG 0.463 0.433 0.490 0.467 0.415 -
COL 0.264 0.278 0.279 0.297 0.270 -

Note: Table A8 reports share claiming SS at age 62. Lenient DI refers to an economy with young cohort’s SS
policies and 20% higher DI acceptance rates. No Early SS refers to young cohort’s SS policies but with no
option to claim SS before FRA.

that equates utility across the two policies:
Ti

∑
t=τ

β
t−τu

(
(1+λ )c0

i,t , l
0
i,t
)
+β

Ti−τ
φ
(
b0

i
)

=
Ti

∑
t=τ

β
t−τu

(
c1

i,t , l
1
i,t
)
+β

Ti−τ
φ
(
b1

i
)
.

Given the functional form assumptions,

Ti

∑
t=τ

β
t−τ

(
(1+λi,τ)c0

i,t

)κ(1−γ)(
l0
i,t

)(1−κ)(1−γ)

1− γ
+β

Ti−τ
φ
(
b0

i
)

= (1+λi,τ)
κ(1−γ)

Ti

∑
t=1

β
t−τ

(
c0

i,t

)κ(1−γ)(
l0
i,t

)(1−κ)(1−γ)

1− γ
+β

Ti−τ
φ
(
b0

i
)

=
Ti

∑
t=τ

β
t−τ

(
c1

i,t
)κ(1−γ) (l1

i,t
)(1−κ)(1−γ)

1− γ
+β

Ti−τ
φ
(
b1

i
)
.

Denoting the utility from consumption and leisure asUx
τ , the CEV of an individual i at age

τ can be obtained as the following:

λi,τ =

{
U1

i,τ +β Ti−τ
(
φ
(
b1

i
)
−φ

(
b0

i

))
U0

i,τ

} 1
κ(1−γ)

−1.
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