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Abstract

We evaluate the contribution of changing macroeconomic conditions and demographics to
the increase in Social Security Disability Insurance (SSDI) over recent decades. Within our
quantitative framework, multiple sectors differentially expose workers to health and economic
risks, both of which affect individuals’ decisions to apply for SSDI. Over the transition, falling
wages at the bottom of the distribution increased awards by 27% in the 1980s and 90s and aging
demographics rose in importance thereafter. The model also implies two-thirds of the decline
in working-age male employment from 1985 to 2013, three-fourths of which eventually goes
on SSDL.

1 Introduction

The number of U.S. Social Security Disability Insurance (SSDI) beneficiaries has risen con-
sistently for the past 30 years. In 1985 there were 3,907,169 individuals receiving SSDI benefits,
2.2% of the labor force. By 2015 beneficiaries swelled to total 10,931,092, 6.6% percent of the
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labor force.! This expansion was not a consequence of changes in program rules; the last major
overhaul was completed in the early 1980s. Nor is it directly attributable to broad demographic
factors, like the aging of the baby-boom cohort or expanded eligibility for benefits resulting from

increased female participation.’

Empirical evidence suggests that a third theory, worsening economic conditions for low-skilled
workers, has contributed to this trend (e.g. Autor et al. (2013) and Duggan and Autor (2006)). How-
ever, the quantitative, aggregate impact of economic conditions on SSDI awards and the channels
through which they operate remains unclear. The answer depends not only on the trends in eco-
nomic conditions themselves, but also the age and occupation demographics that were exposed to
to them. And given that outflows from SSDI are rare, do business cycles may also ratchet up the
rolls? Quantifying how these forces can explain why SSDI grew is critical to understand whether

coming shifts will alleviate or exacerbate the trend and what role institutional features of SSDI
play.

In this paper, we consider how economic forces, demographic forces, and their interaction af-
fect SSDI claims and drive their rise.> These forces are intertwined in several important ways.
First, the response of each individual’s SSDI application decision to changing economic condi-
tions depends on their demographics. When facing the same economic prospects, we would expect
a greater response from those already on the margin of participation: older workers approaching
poor health. Second, an individual’s demographics affect their exposure to economic shocks. These
marginal workers, those older and in poor health, are disproportionately represented in declining
sectors such as manufacturing. Third, institutional rules that determine if a SSDI claim is awarded
explicitly condition on vocational factors—workers’ demographics and the economic shocks they
face—as well as health outcomes. Therefore, it is not clear how to divide the blame for changes in
the SSDI rolls between economic conditions and demographics. To what extent have individuals
who are healthy enough to work when economic prospects are good decided to apply for disability
when their prospects worsened? To what extent is it the opposite side of the coin: that poor eco-

nomic prospects have come down mostly on those already in legitimate pain, but who had been

! Authors’ estimates from Social Security Administration (SSA) and Current Population Statistics (CPS) data.

2Qur statistical accounting is in the online appendix and corroborates a similar analysis in Liebman (2015).

3 Although Supplemental Security Income (SSI) also rose steeply, we restrict our study to SSDI because the mech-
anisms driving applications appear to differ. The programs differ in intended beneficiaries: SSI is means tested and
SSDI is not; and the conditions of beneficiaries differ widely: over 60% of SSI beneficiaries have Mental or Psychiatric
disorders whereas less than 20% of SSDI beneficiaries do.



tolerating it in order to work when prospects were good. To understand aggregate SSDI outcomes,
we must understand who in the economy is sensitive to economic shocks and why. In other words,

how do workers of different demographics consider the disability option?

We put structure around individuals” SSDI application decisions to provide insight into the
forces shaping them. We develop a model in which individuals face correlated economic and health
risks as they age. We discipline the quantitative predictions of this model using individual-level
microdata over the period in which SSDI was rising most steeply. Our insight is that occupations
bundle tasks differently, and thus differentially expose individuals to heath and economic risks. As
we show in the data, occupations, and the joint health and economic risks they bring, determine

workers’ labor force participation and disability decisions in the model.

We use the model to decompose how changes in the occupational and demographic structure
of the United States coupled with economic trends contributed to the rise in SSDI awards. To do
so, we feed in changes in the age-occupation structure of the population, occupational-specific,
secular wage declines and business cycle fluctuations in job loss/finding rates. With these shocks,
the model’s predicted flows onto DI closely follow the data except for an over-prediction of awards
in the late 1980s and under prediction in the early 2000s. The more-than one percentage point rise
in awards predicted for the 1990s is driven by the response to wage declines for occupations with
high health risks, though it was mitigated by youthful demographics. Though wage-trends continue
to matter, the aging of the baby-boom generation is the largest contributor to the rise from the mid-
2000s onward. Cyclical fluctuations contribute quantitatively insignificantly. However, this result
is tempered by the running theme of the paper: it matters which demographics experience these

shocks.

Our structural model complements empirical studies analyzing whether economic conditions
affect SSDI by evaluating the differential impact on individuals with different health and demo-
graphics. For example, we find an average elasticity of applications to secular wage declines of
about 20%. This is slightly lower than empirical estimates, but ours is an aggregate figure whereas
the empirical literature has focused on shocks that disproportionately affect certain demographics
such as declines in coal or oil prices.* We also find mixed evidence that poor economic conditions
induce fraudulent applications of healthy people. Following a secular wage decline, the increase in

the likelihood of applying for a worker in good health is less than one-fifth of that for a worker in

“4For example, Charles et al. (2018) and Black et al. (2002).



poor health. However, their responses to a job loss are similar.

Changing economic conditions interact with the SSDI program to increase non-employment
by more than the rise in disability beneficiaries.’ Rising applications provide 18% of the 4.3 per-
centage point increase in non-employment from 1984-2013 implied by the model. Applications
are more sensitive to wage trends than awards. While secular wage declines drive applications to
rise in both the 1990s and mid-2000s onward, rejections also rise during these periods. This makes
applications more important than awards in increasing non-employment for those with high and
rising rejection rates: younger individuals in their 30s and 40s and those in occupations with the

lowest health risks.

2 Literature

Topically, our paper belongs to a literature studying the incentives and circumstances deter-
mining whether individuals apply for public DI. The methodology employed by this literature is
divided between reduced form strategies and quantitative analyses of structural models.® We em-
ploy the latter methodology, but conduct exercises explicitly designed to relate our approach to

findings in the empirical literature.

Structural Life-Cycle Models of Social Security Disability in the United States. The struc-
tural model implemented in our paper is a life cycle model with joint health and economic risks,
incorporating much from French (2005), and following most closely Kitao (2014) and Low and
Pistaferri (2015). These papers and our own conduct quantitative studies of the SSDI application
decision, but each focuses on different factors. Kitao studies program interactions, in particular
how much Medicare benefits accompanying SSDI incentivize applications.” Low and Pistaferri
(2015) analyze details of the SSDI institutions and welfare program interactions, paying particular

attention to estimating individuals’ preferences and the risks they face using panel data on individ-

3In this way, we relate to the puzzling rise in very long jobless spells among the low skilled over our period of
study as discussed in Elsby et al. (2018).

There is also an interesting theory literature on optimal program design. We omit discussion of this literature
because our methods in this paper are more suited to quantitative and positive analysis.

7Kitao writes: “Given the high dimensionality of the model populated with heterogeneous agents, which is essential
for the current paper, we do not compute transition dynamics and explore the implications of DI for changes in the
labor market over time. This is an important avenue of research which is left to be explored in future work.” As such,
our model abstracts from Medicare aspects of her analysis in order to focus on transition dynamics.



uals’ joint consumption and income paths.® The principal distinction between these papers and our
own is that these papers study stationary models, while our paper focuses on the role of changing

economic conditions in the rise of SSDI, tracing the transitional dynamics.’

We maintain key ingredients from these works and add a few innovations necessary central
to our specific question. These innovations include: sectors with differential health and economic
risks; a variety of heterogeneous economic risks including cyclical job finding and loss rates and
long-run wage declines and growth; and a realistic SSDI acceptance criteria that includes voca-

tional considerations.

Empirical Studies Connecting SSDI and the Macroeconomy Generally, empirical studies find
persistent declines in economic prospects significantly raise applications, but cyclical increases in
unemployment do not. Duggan and Autor (2006) conclude the steady rise in SSDI benefits relative
to falling wage prospects since the early 1990s is a key driver in the secular increase of those on
the DI rolls. Black et al. (2002) study specific labor markets. They use prices shocks in mining
industries measure the impact of employment and wage prospects on SSDI participation. Autor
et al. (2013) relate declining economic prospects to import competition, finding that areas exposed
to a 4.5 percent fall in employment in manufacturing will experience a 0.8 percentage point larger
reduction in the employment to population rate and of which 10% are awarded SSDI benefits. But
the evidence of substitution from unemployment is more mixed: Mueller et al. (2016) and Rutledge
(2011) each exploit variation in unemployment insurance extensions during the Great Recession
and fail to find evidence that SSDI substantially substitutes for unemployment insurance. Our
model lets us further investigate these findings, allowing a bevy of different shocks and all affecting
different demographics. This is particularly important to understand Autor et al. (2013). Our results
would suggest that the contribution of trade competition to overall DI trends is less than in the
manufacturing sector because workers in this sector are already on the margin of exiting the labor

force: they are older and, given the nature of their work, in worse health. While we will

8The conclusion of Low and Pistaferri (2015) highlights one of our relative contributions: “A second restriction is
in terms of the stochastic process for work limitations, which we take to be exogenous. The probability of receiving
a negative shock to the ability to work is likely to be partly under the individuals control, through occupation choice
and other decisions on the job.” Here, we explore exactly this bundling of health and economic risks.

9 Also worth noting in this vein, Kim and Rhee (2018) study SSDI within a macroeconomic context, but from the
opposite perspective: while we focus on the causal effect from aggregate conditions on SSDI growth, they study the
equilibrium effects SSDI has on aggregate conditions.



3 Motivation

Occupations Provide Correlation in Health and Economic Risks. To motivate our analysis,
we link health and economic risks to 16 broad occupational categories. The time period we consider
in 1980-2014.! We use data from the Current Population Survey to measure employment within
an occupation and data from the Panel Study of Income Dynamics to link individuals’ life-time oc-
cupational exposure and health outcomes.'! We measure occupational exposure by an individual’s
longest held occupation.'? Our health outcome measure is the proportion of individuals in a given

life-time occupation who report a “severe work limitation” by age 60.'3

Figure 1 shows ample variation in health outcomes across occupations.'* It also shows that
labor income decline is not isolated to occupations with higher likelihoods of poor health outcomes.
There are healthier occupations, such as clerical, that have experienced wage declines and there are
less healthy occupations, such as those in the service sector, that have experienced wage growth.
However, a large share of prime age male employment is concentrated in sectors with both high
likelihood of poor health and low income growth. The possibility that the correlated nature of these

outcomes push workers onto SSDI is central to our analysis.

The relationship between health and higher job displacement risk is also potentially important
to flows into SSDI. The idea is that workers in poor health are more likely to be tipped over
the margin of applying by a job loss. Table 1 shows that occupations with poor health outcomes
have higher job loss risk (EU flows), generally. These include: construction, transport operators,
and farming, forest, and fishing. These occupations as well as handlers, precision production, and
some service industries also have higher standard deviations of these rates implying they are more

adversely affected by recessions.

10We begin in 1980 as our analysis will focus on the rise in SSDI following a major purge of claimants and accom-
panying reforms in the early 1980’s.

Further details, including our sample selection, can be found in our extended data appendix.

12This is the same as the current occupation for 80% of individuals aged 60-63. For this measure, we drop individuals
whose longest held occupation is less than 9 years in duration. The extended data appendix shows robustness for all
of our analysis to alternative thresholds and provides a successful placebo test using current occupation.

13See Low and Pistaferri (2015) for a presentation on the reliability of this self-report using correlates with objective
health outcomes.

“In these figures employment is defined as full-time (> 30 hours in the reference week) and full year (> 50
weeks/year).
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Figure 1: The correlation between health and long-run wage growth.

SSDI Award Criteria Consider both Health and Vocation. The SSDI award criteria directly
distorts the incentive to apply for SSDI across demographics through explicit rules called “vo-
cational considerations”.'> Vocational considerations are the last step in the four-stage sequential
decision process the SSA uses to determine whether or not to award a disability claim. Claims made
by uninsured workers (those with limited work experience) are rejected in the first stage.'°Claims
made by insured workers currently engaged in substantial gainful activity are rejected in the second
stage.!” Health is considered at the third stage. An award is made if the applicant proves they have
a severe medical condition equivalent to a condition on the SSA’s list that is expected to last for at

least one year or result in death.

Claims that pass the first two stages and are not accepted at the third (health) stage move
on to the final stage in which vocational factors are considered. First, the residual functioning
capacity (RFC) of the applicant is evaluated in order to identify the types of work the individual
is capable of in spite of their disability. If the RFC prevents an applicant from performing his

15See the online appendix for a glossary of key administrative terms and a simplified vocational grid.

16To be insured, a worker must have accumulated a sufficient number of SSA work credits. Up to four work credits
may be earned per year. In 2016, one credit is awarded for each $1,260 in wages or self-employment income earned.
The required number of work credits to be insured under SSDI increases with age and these credits must have been
earned sufficiently recently.

!7Substantial gainful activity was defined as earnings greater than $1,130 per month in 2016



past work, a vocational grid is used to determine if he can adapt to another type of work possible
with his RFC. The grid defines explicit age categories and dictates that older applicants, especially
“advanced age” above 55, are less like to be able to adapt and, therefore, more likely to receive an
award. Other factors considered are past work experience and education. After RFC and vocational
considerations narrow the set of occupations to which the applicant can be expected to adapt,
the SSA rejects the claim if it can provide evidence of significant numbers of job openings in
these occupations and otherwise awards the claim, thus tying the award process to Macroeconomic

conditions.

The role of the vocational stage in SSDI awards has changed in important ways over the past
decades. The share of awards based upon the decision that suitable work was not available rose
monotonically from 25% in the 1980s to 60% after 2010. Yet the share of all decisions, awards
and denials, with vocational considerations only rose 10 points. This implies that a larger/smaller
portion of denials/awards are taking place at the medical stage. What is not clear is whether these
trends are indicative of the award rate at the vocational stage reacting to changing economic condi-
tions or whether economic conditions changed the demographics of the types of workers who file
SSDI claims. Likely, it is both. To assess this quantitatively within our model, we include separate
medical and vocational award stages in our model. This distinction from past work is important to

understand how much and why economic conditions are important for SSDI claims.

4 The Model

The model features overlapping generations of agents that spend a portion of their lives with the
option of participating in labor markets and a portion of their lives in retirement. At birth, agents
are assigned a life-time occupation that affects wage, employment and disability risks. Over their
work-life, agents will differ in the extent of their disability, wages, age, and labor market history.
Throughout their career, agents choose whether to participate in the labor market, whether to apply

for disability payments, and how much of their income to save.

Demographics The model is populated by agents aged 7 € {0, 1,2...7'} who advance to the
next age with probability 1 — ¢*9¢(7’|7). Agents of age 7 and health status d die with probability
1—¢ath(7 d), denoting the joint probability of neither dying nor aging as ¢ (7’| 7, d). Agents begin
life employed in an occupation j € {1,2...J} and draw a permanent ¢° related to their personal



health deterioration risk. The characteristic ¢ is drawn from an occupation-specific distribution
G,(0).

Each subsequent period of 7 € {1,2...7" — 1} agents choose whether to continue working or
move into unemployment. Unemployed agents become long-term unemployed with probability
©. Otherwise, they choose whether to go back to work or remain unemployed in the following
period. Long-term unemployed chose whether to apply for SSDI or search for a job. Agents of age
7 = T are retired. Retired agents and agents receiving SSDI cannot work; they consume from their
savings a and social security retirement payment S.S(e) or disability payment SSDI(e), where e

is a measure of their prior labor market earnings.

Income Wages are exogenous. They depend on agents’ idiosyncratic component «, their cur-
rent age 7 and health status d, as well as a current occupation-specific productivity z(j). The full
specification is:

log(w) = o+ hg + g(7) + 24

Movement in z; provides the occupation-specific, economic motive and evolves according to
function Z. Wages depend on health status d through h4. Poor health lowers workers’ wages which
provides health-related pecuniary motives to file for disability. The dependence of wages on age
g(T) changes pecuniary incentives to apply for disability over the life-cycle. Finally, o provides
variation across individuals who have otherwise identical demographics. This assumption can be
thought of as capturing omitted individual factors such as firm effects or differences in local labor

markets. Component « is a Markov process with transitions .

Disability The extent of agents’ disabilities d takes three values d € {0, 1,2}. Each agent is
born healthy without disabilities: d = 0. Each period of life, an agent’s disability extent evolves
according to an age and individual-type specific Markov process: m4(d, d'; T, §%). Disability states

are ordinal: an agent of d = 2 is in worse health than and agent of d = 1.

Social Transfer Programs: Unemployment, Disability, & Retirement Non-employed agents

receive exogenous social transfers, Ul (e), SSDI(e), and SS(e), according to their state: unem-



ployed, disability beneficiary, or retired, respectively.'® In line with the US systems, these transfers
depend on an index of agents’ prior earnings, e. This index is updated when an agent works ac-
cording to their current wage, age, and past earnings: ¢/ = H,(w,e). Retirees receive old age
social security insurance SSI(e). Newly unemployed agents receive UI(e) until, with Poisson
probability ¢, the individual becomes long-term unemployed and unemployment benefits are ter-
minated. Disability benefits SSDI(e) are only paid to agents who are apply and are accepted as
beneficiaries.'” In accordance to SSDI rules, only long-term unemployed can apply for DI benefits.
The application process takes one period and applicants incur a psychic cost .2 An agent’s SSDI
application is accepted with probability (d, 7, z). The SSDI decision criteria include health status
in addition to age and economic status, and so we model these aspects as well. An agent who is
accepted as a beneficiary must permanently leave the labor force and will collect SSDI benefits

until they age into retirement and switch to SSI.%!

In line with Social Security rules, agents will be provided the option of early retirement be-
fore the full (mandatory in the model) retirement age starting at age 62. Agents choosing early

retirement will receive 80% of full retirement benefits and we adjust e to €’ accordingly, SS(¢') =
0.8 SS(e).

Exogenous Employment Transitions Occupations differ in exogenous job destruction rates and
exogenous rates at which unemployed workers find job opportunities. The business cycle is indi-
cated by y, which determines unemployment risks. For computational tractability, we fold the
exogenous unemployment state into «, the lowest state of which becomes an indicator that the
worker was exogenously separated. The rate of entering and exiting this state varies by y and j,

therefore, 7, depends on y, j. ) are the probabilities for the Markov chain governing y. Upon real-

18Some agents chose unemployment when wages are sufficiently low, which can be thought of as a lay-off. Others
do so because of changes in health, which may be thought of as a quit. We simplify the problem by providing all agents
with temporary unemployment benefits.

YHealth insurance is an important omission from the benefit package of SSDI. Including it may increase the value
of the program importantly, but would also force us to add a notion of health expenditure shocks and significantly
complicate the consumption-savings problem in the model.

20SSDI program rules stipulate an applicant must not have worked in the previous 5 months. This is close to the
median duration of unemployment benefits across US States during “normal” times: 26 weeks. While unemployment
benefit duration is highly cyclical, we do not include this variation in the model as motivated by Mueller et al. (2016)
who find cyclical Ul extensions have no significant effect on the timing or level of SSDI applications.

2I'The monthly payments from SSI are equal to SSDI if the individual retires at full retirement age. If the individual
retires early, the SSI payments are less than SSDI.

10



izing an unemployment exit shock, the worker draws a new « from the conditional distribution of

workers exiting unemployment which has a lower mean than workers continuing employment.>>

Preferences Agents have preferences over consumption which depend on the extent of their
disability d and whether or not they are working. Denote u" (¢, d) as the flow utility of consumption
c for an agent who works in the current period and has disability extent d. Denote u” (c, d) similarly
for an agent who does not work in the current period (ie: a non-participant, retiree, or enrolled as
a disability beneficiary). We assume these functions satisfy standard regularity conditions for each

value of d. Agents are also impatient and discount the future at rate 3 € (0, 1).

Agents’ Decisions We define the problems agents face, recursively, yielding a set of value func-
tions: working agent V'Y (a, a, e, d; 2, ), unemployed V} (a, a, e, d; z, y), long-term unemployed
V(v a,e,d; 2 y), disability beneficiary V;”(a, e, d), and retiree V% (a, e, d). To economize on
notation, we suppress the fact that value functions are also indexed by agents’ types ¢. Further, the
states d, 7, a, z, y will be continuously evolving which we denote with the expectations operator.

To be explicit, these are defined by

Pr(d = dj|1,0] = m4(d, dj, 7,0)

Pr[r’ = 7|d, 7] = ¢(7|T,d)

]

Prlo/ = ay|a,y, j] = malai]as y, 5)
| =
I — Z(2); Pr[yl =y =VY(uily) .

We proceed backwards with the terminal value of retirement, then the irreversible disability benefi-
ciary, and finally the unemployed, long-term unemployed, and working agent as well as the choice

between work and unemployment.

A Retiree’s Problem Agents’ disability extent and earning index do not change in retirement.

The only choice agents make is a consumption versus savings decision given their asset holdings

22This is in line with the empirical evidence on “wage scars” as in Jacobson et al. (1993) and others.
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and SSI income. This problem repeats until death occurs with probability 1 — ¢(T'|T, d).

VE(d, e, a) =maxu® (c,d) + Bo(T|T,d)Eq[VE(d, e,a’)]

c,a’

c+a <SSI(e)+ Ra; da >0

A Disability Beneficiary’s Problem Agents’ earning index does not change, but their d contin-
ues to evolve, they continue to age and face differential mortality given their disability d.** The only
choice agents make is a consumption versus savings decision given their asset holdings and SSDI
income. This problem repeats until the agent ages into retirement 7 = 7'. Earnings components

«, 3 are no longer relevant and earnings index e is constant.

VP(d, e, a) = max uN(c,d) + B Z[gzﬁ(7'/|7'7 d)VEP(d, e, a)]

c+a <SSDI(e)+ Ra; da >0

The Decision to Work An agent who is neither retired nor disabled has the choice of working
or rest unemployment each period. The optimal choice yields value:

V}T(CW €, da a;z, y) = maX{‘/jZV(Oé, €, d> a; 2, y) VU<a7 ¢, d7 a; z, y)

» VT

if 7 < T — 1 and for t = T — 1 the opportunity to retire early is given by ¢ and this choice makes
¢ = 55710.855(e)).

‘/jT—l = ¢R maX{‘/j‘;}/(a7 €, da a; z, y) V‘U(a7 €, da a; z, y)a VR<da 6/, &)}

9 ]T

+(1 = o) max{V¥ (e, e, d, a; z,y), V(v e,d, a5 2, y) }

Y JT

An Unemployed Agent’s Problem An agent who chooses unemployment faces only the consumption-

savings choice. As he makes this choice, he considers that, with probability ¢, he will become

21t is important d continues to evolve to avoid an application motive to time their disability application when health
is relatively good.

12



long-term unemployed (with value V) in the next period. Otherwise, o and z continue to evolve

and he will be able to choose again between work and unemployment in the next period.

U . _ N
Vir(a,e,d,a;2,y) = maxu” (c,d)+

c,a’
/BET/a’d’z’y’ [@V}IX/(O/, 6/, d/, CL/; 2/7 y/) + (1 _ (,O)V}TI(O/, 6/, d/, CL/; 2/7 y/)]
c+a <Ulle)+Ra; a>0; e=e

A Long-Term Unemployed Agent’s Problem An agent who becomes long-term unemployment
faces two decisions: a consumption versus savings choice and whether to search for a job or apply

for disability benefits. If an agent applies for SSDI benefits, then m = 1, and m = 0 otherwise.

N . _ N
Viila,,e,d a;2,y) = maxu™ (¢c,d) — mv+

+ BBy [E(d, 7, 2)VI (o ¢ d d) + (1= €E(d, 7, 2)) B[V (o €, d' ds 2 yf)]
B0 ) By [V (0, 7, )) 4 (1 V)
c+ad <b+Ra; d>0; me{0,1}; € =e

A SSDI application is accepted with probability £(-). If accepted, then benefits last until retirement.
If not accepted, the agent remains long-term unemployed (V). If the agent does not apply, there
is a probability p he or she will have the opportunity to work again next period (V). Only then
can they become re-employed.?* Finally, long-term unemployed receives a flow of real income
b, which can be considered a combination of home production and broader social transfers (food
stamps, TANEF, etc).

A Worker’s Problem An agent who chooses to work faces a consumption-savings choice during

the current period.

‘/j‘i/(av ¢, d7 a; z, y) = Hcl%/X UW(Ca d) + BET’O/d’Z’y’ [V}T/ (ala dlv 6/7 a/; 2/7 y/)]

c+ad <wj(d,z)+Ra : a">0; € =H./e)

24This is how we model a friction that provides duration dependence in unemployment.
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5 Calibration

Here we explain our chosen parametric forms and then describe how we choose parameter
values to replicate features of US social insurance institutions, features of individuals’ outcomes
calculated from microdata, and the most relevant macroeconomic features with more detail in the

on-line Appendix.

5.1 Externally Set Parameters- Preferences and Demographics

Demographics and time A model period is a month. Individuals progress through five age
groups: 30-44, 45-49, 50-54, 55-59, 60-64 and a final age group of retirees. When we simulate
the transition, we choose the entry rate of the young age group to replicate its share of the US pop-
ulation over time. Agents in all age groups die randomly by a probability following their health-

specific death rate.”

Agents are assigned a lifetime occupation at birth among the 16 2-digit SOC codes. The fraction
in each occupation in the initial period is chosen to match CPS data on this distribution in 1984.
Through the transition, we assign entrants an occupation to exactly match their occupation shares

among the 30-44 year-olds in that year.

Preferences Preferences follow Low and Pistaferri (2015), in which workers value consumption,

risk, leisure and health. For employed and non employed, the utility is:

(ceed”) 1=y

u' (c,d) = T

u(c,d) =
We choose 6 = —0.448 and ) = —0.185 as in Low and Pistaferri (2015).2° This implies disability
and work both increase the marginal utility of consumption. In other words, disabled individuals
must have higher general consumption expenditure to maintain the same utility. Quantitatively, this
implicitly captures the higher health expenditures of those in poor health, which we do not model

explicitly. We set v = 1.5, within the standard range of risk-aversion and the baseline for Low and

2In other words, we exactly match the evolution of annual population demographics calculated using linear inter-
polation on decennial census data. Health specific death hazards for each age group are calculated from PSID data.

26See Low and Pistaferri (2015) for details on how consumption data is used to identify these parameters using
consumption data.

14



Pistaferri (2015). The interest and discount rate are set to 1.6% and 2.5%, as in Low and Pistaferri
(2015), and they provide endogenous median wealth inline with the PSID and SCF in our model

as well.

5.2 Social Insurance Institutions

Social Security Disability Acceptance Screening The DI program in our model is designed

to replicate realistic features of the US Social Security Disability Insurance program. While the
program underwent major changes up through early 1980s, it has been mostly stable since the
1984 reforms and, as such, our analysis begins at 1984. SSDI uses four sequential criteria to award
benefits.

First, the individual must be eligible: they must meet a work requirement on prior earnings and
file an application.?” Our calibration considers the work requirement only for young workers (age
30 to 44) in our model. Using the large representative sample of the SSA’s Earnings Public-Use
File, we compute the average share of males age 30-44 working in the current year who meet the
work requirement for eligibility over the years 1984-2006. ?® This figure is 83.4% and so we reduce
the probability of an award for this group by 16.6%.

Second, the applicant must have been non-employed for 5 months prior to application and not
have earnings exceeding a low threshold, $1090/month in 2015, of substantial gainful activity. Im-
plementing this in our model, agents can only apply for SSDI when in long-term unemployment,
but they can only enter long-term unemployment by first transiting through rest unemployment.
The stochastic transition probability, ¢ = %, to set the average duration prior to long-term unem-
ployment. Once in long-term unemployment, agents may receive the option to return to work, the
arrival rate of these options matches the relative exit rate of workers unemployed for more than
5 months. Altogether, this recursive formulation captures key economic incentives affecting the

SSDI application decision for long-term unemployed. It is harder for the long-term unemployed to

?"The requirement is satisfied if 20 credits have been earned in the past ten years or X credits have been earned
ever where X is dependent on age (for example: 20 for age 40; 40 for age 60+). In 2015 a credit was awarded for
approximately each $1200 of SSI taxed income. A maximum of 4 credits can be earned per year.

28We include the requirement for younger workers under the assumption that gaps in their work history are provided
by factors outside the model such as education. Not including the requirement for older workers is not a pivotal
assumption given that we focus on males. Authors’ calculations from SSA earnings credit files show that between
93% and 95% of men age 50-59 meet the work requirements between 1980 and 2005. However, eligibility displays
both trends (a decline from 1980 to 2000) and procyclicality. Eligibility of women in the same demographic rose from
77% in 1980 to 90% in 2005. (Graphs available upon request).
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find work, they no longer receive unemployment benefits, and they are eligible to apply for SSDI

(whereas short-term unemployed are ineligible).

Third, the applicant must demonstrate a physical or mental impairment resulting in the “inabil-
ity to engage in substantial gainful activity” and is expected to last for one year or terminate in
death. This criteria, that of a severe work limitation, is not verifiable by the SSA among applicants
nor verifiable by the authors in the PSID sample.?” Research examining this issue has found that
SSDI screening produces high levels of both false positives and false negatives, e.g. Benitez-Silva
et al. (2004) estimates 16% of awards and 52% of rejections are false. Further, administrative ac-
ceptance criteria of the SSA consider more factors than work limitation status alone. This brings
age and work experience into play through the fourth, vocational criteria: whether an applicant is
able to do any type of work in the economy. The SSA considers older individuals to be less likely to
be able to “adjust to other work” compared to younger individuals with the same work limitation.
The SSA has explicit guidelines, a determination “grid” that lists extent of work limitation, educa-
tion, work experience, and age, the so-called “medical-vocational” guidelines, described further in
Chen and Van der Klaauw (2008) or Michaud et al. (2018).

To capture the complexities if the screening process in the third and fourth steps, we estimate

the following SSA “decision rule”:

1/¢r - Ver
— Z—Z
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J
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The dummies, ¢ are the health-related acceptances and we take these directly from Labhiri et al.
(1995) who estimate the marginal contribution of a moderate or severe limitation to a DI accep-
tance using administrative data linked to survey data that elicits the same self-reported measure
of work limitation as we use elsewhere. We assume that the vocational acceptance probability is
increasing in %, where z, z are the max and min of the realizations of z;; used to normalize
the occupation pr;)ductivity shock. There is no explicit business cycle component, consistent with
Coe and Rutledge (2013), who document constant acceptance rates once correcting for the com-

position of applicants. (, allows the vocational acceptance probability to be higher for workers

P There is a measure of self-reported work limitation in the PSID but its validity and interpretation is not un-
controversial. We, and other researchers, find that self-reported work limitation in the PSID is a strong predictor of
observable outcomes such as high medical spending and death. Therefore, we are comfortable with our assumption
that self-reported work limitation implies higher marginal utility of consumption and lowers wages.
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over 55, “advanced age” in the vocational grid. Finally, we use (7 to adjust for the expected time
an application will take using the calculations from Autor et al. (2015).*° To emphasize the point,
(v and ¢, must be inferred such that the endogenous predictions of the model match the proper

number of new awards given for vocational reasons and to those with “advanced age.”

SSDI and SS Retirement Payment Schedules SSDI benefits and SS retirement at full retire-
ment age both replace past earnings at the same piecewise linear rate set according to the formula
used by the Social Security Administration. The key input into the formula is the average indexed
monthly earnings (AIME) of an individual’s 35 highest annual earnings (state variable e in the
model). We use an age-dependent recursive formulation that is standard in the literature (Low and
Pistaferri (2015); Kitao (2014)) to keep track of e and we explain it in the online appendix. In 2015
the bend points in terms of AIME monthly income, were:*!

0.9 % e e < $826
SSDI(e) = { 743+ 0.32 x (e — 826) $826 < e < $4980
2072+ 0.15 x (e — 4980) $4980 < e

We convert these bend points to real “model dollars” by targeting the ratio of the bend points

relative to the mean wage, not the nominal value.

The Social Security rule for early retirement allows individuals to collect social security retire-
ment benefits at ages below the full-retirement age starting at age 62, but their benefits will be paid
at a discounted rate. This is an important program feature to include in our model since workers
aging into full retirement age from SSDI will receive full retirement benefits for the rest of their
lives, whereas their benefits are permanently reduced if the choose early retirement instead. We
calibrate the arrival rate of the option for early retirement for our 61-65 by setting ¢* = % to match
the eligibility of ages 62-65. Exercising the option cuts ¢/, SSDI(e') = 0.8 x SSDI(e).

301¢ might be reasonable to make (71 and (7 different values for vocational considerations allowances because they
are determined at a “later stage.” Evidence from Autor et al. (2015) suggests they take slightly longer on initial review,
but no information about potential time in further adjudication, which is the largest portion of potential processing
time.

31Bend points are designed by the SSA to be consistent with 1979 bend points adjusted for the average wage index
two years prior to the calendar year. Therefore we do not need to adjust the bend points over time.
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Unemployment Insurance Cash unemployment benefits in the US average 40-45% of workers’
wage in the job they lost and last an average maximum duration of 6 months. However, workers
have many other sources of income beyond these explicit cash benefits, especially considering
take-up rates in the US are quite low. Hence, we use estimates from Ganong and Noel (2017) on
the drop in consumption after job separation using high-frequency, detailed consumption data from
JP Morgan-Chase. To conserve state variables and for parsimony, we convert these consumption
declines to replacement rate of 80% of the earnings index of average lifetime earnings e. Ganong
and Noel (2017) show a discrete consumption decline after the expiration of benefits, which gener-
ally happens after 6 months. We capture this by dropping the income to 60% of e once the worker
becomes long-term unemployed. We do not preclude SSDI filers from also receiving Ul in the
period prior to their filing, even though they quit, which is in line with Coe et al. (2013) document
more than 60% of workers who apply for SSDI were eligible for Ul in the months before their
application. The 60% replacement rate is also conistent with evindence in Coe et al. (2013) that
SSDI applicants use a variety of non-UI resources such as SNAP, informal networks and credit

cards.*?

5.3 Occupations: Health, Wages, and Employment.

To motivate our analysis, we linked health and economic risks to 16 broad occupational cat-
egories. We now introduce a task-based approach to interpret how these categories classify the
nature of individuals’ work in order to interpret the role an occupation plays in determining these
risks. The O*NET, a US Department of Labor database, provides a measure of the content of each
occupation. We condense the 120 Knowledge, Skill and Ability descriptors into 2: the first prin-
cipal component of the 19 physical tasks and the first component of the remaining descriptors.
The following paragraphs describe how we use these skill measures to calibrate health, wage, and

employment risk in the model. Table 1 summarizes how these vary across occupations.

Wages- Age, Health, and Individual Effects To calibrate the components of wages in the
model, we regress wages on age, health, and individual effects. This first estimation step is dis-

tinct from the second wage regression we use as an auxiliary model to establish the relationship

3230% receive SNAP during the application process out of the 50% who are eligible. The next highest sources of
income is borrowing from credit cards- 17% borrow at a mean of $3,400 in the month they apply. While we do not
pursue it here, a very interesting extension would be to introduce unsecured credit and bankruptcy into our framework.
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Table 1: Occupational Characteristics and Risks

| O*NET Tasks Health Flows Wages
SOC | Physical KSA | Any Severe | uEU o¢EU pUE oUE|Level Growth
Managers -6.79 12960.09 0.05]-1.29 -1.19 -1.31 -1.42| 294 0.02
Professional -3.71 9.50(0.10 0.05] 0.71 -0.46 -1.21 -1.07| 2.95 0.00
Sales -5.05  7.3310.10 0.05]-0.32 -0.99 -0.62 -0.95| 2.67 0.00
Clerical -443  3.02|0.10 0.05]-0.78 -0.75 -0.86 -0.98| 2.78 -0.03
Building Svcs -0.11 -10.51|0.11  0.06-0.92 1.06 0.68 1.01| 227 -0.07
Protect Svcs 1.63 730(0.11 0.05/-0.59 1.86 -1.02 -0.73| 2.77 0.09
Food Svcs 225 -035(0.11 0.05| 0.72 -0.65 0.54 0.19] 2.38 0.06
Health Svcs -1.41  -0.1910.09 0.04|-0.40 0.55 -0.48 -0.54| 2.53 -0.03
Personal Svcs -0.84 0.52|0.11  0.06|-0.08 -0.80 0.45 -0.06| 2.32 0.00
Farm, Forest, Fish 243 0.74]10.12  0.06| 2.06 1.60 0.61 1.09| 2.04 0.02
Mechanics/Repair 3.14 -3.73/0.10 0.05|-0.54 0.25 -0.63 -0.47| 2.82 -0.05
Constr./Extraction 400 -6.18(0.12 0.05| 2.08 0.01 1.71 2.04| 275 -0.03
Precision Production 1.11 -4.64]0.12 0.06(-048 1.13 -0.54 -0.21| 2.83  -0.07
Machine Operators 259 -6.13/0.10 0.05[-0.82 -090 040 0.23| 2.66 -0.06
Trans Operators 0.80 -2.21]0.11 0.05| 0.69 032 0.21 036| 2.61 -0.02
Handling Operators 440 -743(0.12 0.06|-0.04 -1.02 2.07 1.51| 249 -0.02

(a) O*NET Tasks: first PCA of Physical tasks and the first PCA of the Knowledge, Skill, and
Ability (KSA) tasks, standardized statistic.

(b) Health: Estimated work limitation hazard at age 60.

(c) Flows: Standardized statistic of employment to unemployment (EU) and unemployment to
employment (UE) hazards

(d) Wages: Level is mean log wage. Growth is the mean change in wages in 10yr rolling windows
over 1984-2012

between time, occupation, and their interaction on wages. We do this in two steps to better estimate
the impact of health on wages, which exploits the detailed, individual-level health data at the annual
frequency in the PSID, but this ended in 1997. We use the whole sample for the second regression,
described below. The log-wage of an employed individual 7 (or shadow wages for an unemployed

individual) aged 7, in occupation j, and with health d at time ¢ is given by the expression:

i 1) = g(7 i .’ / o 1 i
y Wy sy t j i, T .
In(w'(r,d, j,t)) = g(17) + h(d;) + O Bo +t'Br + X3¢/ B + 77 + &' +0;  (5.1)

We separate the individual fixed effect, @, from the individual idiosyncratic shock, a!. An age-
profile (¢(7)) and the direct effect of health status on wages (h(d)) are common to all workers of a
given age or health status. The effect of an individual’s occupation on her wages is O’ 5o where O;
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is a vector of O*NET task components summarizing the occupation: the first principal component
of physical and the first component of knowledge-skill-ability.** The time effect common to all
workers is t'/3;, a cubic in time. x; ¢'/3,, are additional demographic controls and ~®~!is the inverse

mills ratio explained in the next paragraph.

Wages in both the model and PSID data are censored as a result of endogenous choices of
whether to participate. To produce unbiased estimates of the effect of age and health on wages, we
use a standard two-step Heckman selection correction.* We first estimate a probit on employment
as a selection equation. We then calculate from this the inverse Mills ratio reflecting how much
wages are truncated by endogenous participation for use in the second-step wage equation. The
regressors in the first-step probit include dummies for reported work limitations in the current
period to capture selection on health. To capture selection on economic factors, we use one year
and five year differences in log full-time, full-year national employment in the individual’s age-
education group as exclusion restrictions.*® These trends are exogenous at the individual level, not

directly related to health outcomes, but workers with different health levels will respond differently.

Table 2 summarizes the first and second steps. Full results are in the online appendix. The first
step shows that poor health strongly affects employment. A severe (moderate) work limitation has
a marginal effect of reducing employment likelihood by 65% (20%) when all other variables are
evaluated at their means. The second step shows that both moderate and severe work limitations
significantly lower wages by 0.26 and 0.97 log points, respectively.’® These estimates are very
close to Low and Pistaferri (2015) who instead use potential welfare payments as an exclusion

restriction.

. . . a . . , _ . . . .
The idiosyncratic component o 1s an persistent, auto-regressive process. We estimate a simple

restricted income process, o, | = pa (i} + 04€, on residual wages after having run our second-step

33These continuous measures are more parsimonious than occupation dummies, which helps with the small sample
sizes and are consistent with the definition of an occupation used to estimate occupational specific health-risk.

34 Another approach to this problem would follow a fully structural approach as in Hosseini et al. (2018), who
confirm an effect of health on earnings but also demonstrate that this approach is a heavy empirical burden for a
model.

33See the data appendix for further definitions, explanation of additional demographic controls and robustness on
the exclusion restriction.

36 As shown in Table 2, the coefficient on the Mills ratio is positive in the wage regression, confirming our conjecture
that selection biases wages upwards. The average truncation effect is 0.25 log points or 9.4% of the mean log wage
(2.66) in 1999 dollars. Omitting the selection correction would bias the effect of poor health on wages significantly
towards zero for severe limitations.
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Table 2: Wage Equation Estimation

Variable Employment | Wage w/out Wage w/
equation selection selection
Severe Limitation (t) -0.649%* -0.008 -0.266%*
0.020 0.027 0.101
Moderate Limitation (t) -0.197** -0.031* -0.097%**
0.015 0.014 0.030
First dif Occ Employment -0.0587
0.097
Fifth dif Occ Employment 0.9827%#%*
0.000
Mills Ratio 0.255%*
0.094
N 32,092 19,056 19,056

Probit results reported as Marginal Effects
tp<0.10,* p < 0.05, ** p < 0.01, standard errors provided.
See appendix for additional controls in each regression.

Mincer regression. On top of this we impose that, for workers leaving involuntary unemployment, a
new ! is drawn to replicate the average wage losses of workers exiting involuntary unemployment
as in Michaud (2018).

Wages- Occupation-Time Trends The next objective is to estimate long-term wage trends for
each occupation. We maintain our view of an occupation as a collection of physical and knowledge-
skill tasks, summarized by the O*NET descriptors. We run the following regression to attribute

wages to common time trends and to the task composition of occupations over time.

In(wy) = X' B + O;'Bo + t'Br + % Ty x O;

The first regressor is a vector of demographic variables; the second T'; is a spline in annual time; the
third O; comprises of the first principle component of each the O*NET physical and knowledge-

skill tasks.?” The final term is an interaction of the time-spline with each of the O*NET tasks.

The decomposition of occupational wages into the hedonic price paid to each task-skill can

370ur motivation to use lifetime occupation is to capture the fact that individuals whose life-time occupation has
declining wages over-time are still paid less than otherwise similar workers when they switch to an occupation whose
wages are not in decline. To this end, we find that life-time occupation is a better predictor of wages than current
occupation for those over age 50.
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Figure 2: Predicted change in occupational task-skill component of wages.

be seen in Figure 2. The first principle component of Knowledge-Skill-Ability tasks has been a
driver of wage growth. However, different occupations have different mixes of these components.
Figure 3 groups the 16 SOC codes into quartiles of 4 occupations according to their physical
task intensity. The most physically intensive occupations have suffered the largest predicted wage
declines. This is important for our analysis because the physical task intensity of an occupation is

a strong predictor of a reported work limitation.

Job Finding and Job Loss Probabilities. Cyclical risk is created by time-varying job finding
and separation rates. For each occupation and phase of the cycle, y, we calculate the job separation
rate into unemployment and job finding rate from unemployment. We use the CPS in the 1984-2013
sample period and correct for monthly time aggregation following Elsby et al. (2009). Because the
CPS is a relatively short sample, we cannot compute the life-time occupation, and so we use the

self-reported occupation from which the worker originated before the unemployment spell.

We cannot directly feed observed transition rates into the model as shocks because some tran-
sitions in the model are endogenous. We instead calibrate two parameters that scale the separation
and finding rates. Recall the first element of the idiosyncratic wage component, «, indicates ex-
ogenous unemployment. Then, the job finding rate is the complementary probability of the first
element of 7, which we parameterize as

1 — g = 0Nt E AL
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Figure 3: Predicted change in wages by occupation.

The first term Ao must be adjusted to get the average flows correct while A\, adjusts for the cycle
and \; for the occupation effect. Separation rates occur from any current « state 7 and are given by

Tap = eotulv=2t2;uli

Again, the first term ¢y must be adjusted to capture the average flows while ¢,, adjusts for the cycle

and ¢; for the occupation effect.

Health Risks We estimate the effects of age and occupation on health transitions using a linear
probability model on observed health dynamics in the PSID. We use age dummies that correspond
to model age groups. In estimating the effect of occupation on health, we must consider that the
realized rate of health limitations within an occupation may reflect selection into that occupation
on unobservable factors. To address this issue, we use the strategy developed in Michaud and
Wiczer (2018). The health risk component of an occupation is linearly increasing the intensity of

physical tasks in that occupation. We then instrument for selection into the occupation using other
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non-physical tasks bundled in that occupation.®® The effect of occupation is strongest in raising the
probability of a transition to a greater work limitation, but also reduces the probability of recov-
ery.” Consistent with realized outcomes, production, construction/extraction, and some service
occupations have the highest risks of adverse transitions. Table 1 summarizes the occupational
variation in health hazards by providing the estimated hazards of having work limitations by age
60.

We must ensure the distribution of health is stationary over the simulated transition paths, oth-
erwise SSDI may rise due to a spurious trend towards worse health in the population. We use a
variant of the RAS-method to impose row and column constraints on the estimated Markov transi-
tion matrices. This minimizes the log-difference between the directly estimated Markov transition
matrices for each age and health risks and the a transition matrix the satisfies these constraints. The
column constraints are that rows add to 1 minus the death rate. The row constraints impose that the

cross-sectional health distribution matches the observed age-health distribution.

Model Fit. Table 3 shows the model’s fit to targeted moments. We match all but one of our tar-
geted moments very well. We over predict the fraction of new awards to workers of advanced age,
over 55, even with (; = 0, which was supposed to capture the vocational grid’s preference. This
is because of the other model mechanisms, e.g. the declining option value of work, and because

older workers tend to be in worse health.

Our model is quite rich in its labor market characteristics, and the benefit is that we capture
well important but not-targeted labor market features. For example, the share of employment to
unemployment flows that are exogenous in the model are not too far from the flows reported as
involuntary in the PSID: 51% and 36%, respectively. The share of long-term unemployed (> 25
weeks) among the unemployed matches perfectly: 48% in both model and data. This statistic is
important to match because it determines the at-risk population who might apply for SSDI with
economic motives. In the following section we discuss the model’s fit to the non-targeted moments

with regards to who goes on DI.

3See the online appendix for further explanation and tests of instrument validity.
3The full health transition table is provided in the online appendix.
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Parameter Value || Moment Target Model Source
v 0.05 1984-86 DI Awards 0.0337 0.0337 Social Security Administration (2013)
Cvo 0.02 || Voc DI Awards 0.25 0.25  Social Security Administration (2013)
Cr 0.0 Adv Age DI Awards 0.41 0.55  Social Security Administration (2013)
F, 0.20 || d = 1LFP difference -0.20 -0.20 PSID
F 0.61 d = 1 LFP difference  -0.65 -0.65 PSID
Ao 2.40 | Unemp Duration 3 3 CPS
Lo 1.35 || Unemp Rt 0.055  0.055 CPS
(r 13.5 Application Duration Autor et al. (2015)
0 -0.448 || Preference for health Low and Pistaferri (2015)
i -0.185 || Preference for leisure Low and Pistaferri (2015)
ol 1.5 Risk Aversion/IES Low and Pistaferri (2015)
15} 0.9979 || Time Preference 2.5% Low and Pistaferri (2015)
R 1.0013 || Return on Savings 1.6% Low and Pistaferri (2015)
{\iy} Occupational finding rates CPS
{ei} Occupational separation rates CPS

Table 3: Calibration parameters and targets. Below the line, parameters are set outside of the model.

6 Results from the Quantitative Model

6.1 Determinants of The Disability Option

In this section, we explore how the model predicts economic and health shocks contribute
to DI applications and awards in the cross-section.*” We begin by analyzing the elasticities of
individuals’ DI application and award propensity with respect to three sources of adverse economic
prospects: a long-run decline in wages; an incidence of involuntary job loss; and the effect of a
recession. We estimate a simple probit on the working age population in the model simulated data.
The independent variables are the three variables of interest and a cubic of time. For dependent
variables, we define an award as anyone receiving SSDI 18 months after the reference period.

Table 4 summarizes the results for the full model simulation of our period of study, 1984-2013.

It is interesting to compare the magnitude of these elasticities to the empirical literature. Whereas
reduced-form empirical strategies focus on the populations most vulnerable to SSDI uptake, lower
income workers in occupations with high health risks, the model estimates consider the response

of the entire population to a shock. Given this different approach, it is natural that we find a lower

40We focus on aspects central to our study. The online appendix includes empirical counterparts and validation the
model replicates more standard statistics such as age.
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Model Empirical Literature
Individuals® Applications New Awards
Wage Trend -0.20 -0.15 (-0.29,-0.4)
Exogenous Job Loss 0.07 0.00 (0.17, 0.34)
Unemployment Rate 0.01 0.00 n/a
d>0
Wage Trend -1.16 -0.79
Exogenous Job Loss 0.17 0.04
Unemployment Rate 0.07 -0.00
d=70
Wage Trend -0.19 -0.16
Exogenous Job Loss 0.14 0.03
Unemployment Rate 0.01 -0.01

Table 4: Panel (1): Empirical and model elasticities with respect to adverse economic shocks.
Panels (2), (3) split the sample between d > 0 and d = 0 among the age> 45.

elasticity than studies such as Black et al. (2002) and Charles et al. (2018). The former finds an
elasticity of awards of —0.3 to —0.4 and the latter finds an elasticity of awards of -0.293 (standard
error of 0.069) using, respectively, coal prices in the 1970’s and 80s and oil and gas prices over
1970-2011 as exogenous shocks to local income. In short, the samples and types of shocks chosen
in these studies likely attenuate the effect of wage decline on SSDI uptake relative to the population

in general.

Section IV of Autor and Duggan (2003) studies the response of low-skilled workers’ applica-
tions to adverse employment shocks using geogrpahic variation in the U.S. to industrial compo-
sition changes. They find an application elasticity of -0.17 to -0.34 in their baseline specification.
Our model predicts a smaller elasticity, 7%. This is possibly because the design of Autor and Dug-
gan (2003) may attenuate the impact of a job loss if they are not able to disentangle secular wage
declines from job losses. We can cleanly separate the two in our model and find the response to
more permanent secular wage declines to be larger than a transitory job loss, even when factoring
in slow wage recovery after a job loss. For this same logic, we find a very small effect from re-
cessions on application or uptake at the individual level. Empirical papers study the response of
aggregate applications to aggregate unemployment rates and offer no analogy to our model statis-
tic. However, qualitatively consistent with our findings, Mueller et al. (2016) finds no response of

SSDI applications to unemployment insurance benefit expiration during the Great Recession.

Table 4 also shows simulated applications are more responsive than awards to economic shocks.
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This is a straightforward result of the screening process in which awards are more responsive to
poor health shocks. The fact that the award response to job loss or recessions falls to zero is
accounted for by healthier applicants applying in response to these shocks. This is not true for wage
trends partially because wage trend shocks hit less healthy applicants more often: a five-percent
increase the in the probability of a work limitation after age 45 is correlated with a one-percent
decrease in the wage trend. To better understand the differential responses by health, we run the
same estimation for individuals aged 45-65 split into those with (d > 0) and without (d = 0) a work
limitation. We find the groups with and without a work limitation have nearly the same application
elasticity with respect to job loss and nearly identical likelihoods of being awarded SSDI if they
apply after a job loss. The response to wage trends, however, differs greatly across health groups

as those in good health are much less responsive both in applications and awards.

6.2 Composition of Applications and Awards

In both model and data, a salient feature of SSDI recipients is that many years of poor economic
outcomes often precede an application. To analyze these dynamics in the model generated data,
panel (a) of Figure 4 shows that individuals going onto DI had wages (or shadow wages) 6% lower
than the average 50-60 year old ten years prior to their award. This gap increases to more than
a 25% penalty in the year of the award.*! Comparison with the dashed lines tracking individuals
who suffer a severe or moderate work limitation at time zero reveals individuals who receive a
disability award also have persistently lower wages than even individuals who acquire a moderate
or severe limitation. This reveals a selection effect: not all individuals with severe limitations go on
DI and those do have lower wages throughout their lives than individuals with comparable health
problems. Panel (b) of Figure 4 shows that the wage dynamics for an individual going on DI are
primarily driven by the wage impact of poor health, but the persistent low level of their wages in

general is due to their lifetime occupation.

Panel (a) of Figure 5 shows that individuals receiving DI awards have comparable levels of
employment to the average 50-60 year old until 4 years prior to their DI award. This three year
drop is partially a consequence of needing to be non-employed while applying for DI and also
reflects the waiting time, through appeals if necessary, between application and award. Observe

also that the employment rates of those who recover from a work limitation take time to recover. In

#IThese figures include the shadow wages: the wages non-employed individuals would earn if employed. Compa-
rable figures for actual wages in the PSID in the online appendix.
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Figure 4
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the model, this is driven by the wage scar following non-employment relevant for those individuals
who quit their jobs for health reasons or to apply for DI. These wage scars are apparent in Panel
(a) of Figure 4. Panel (b) of Figure 5 shows that those going on DI experience up to an 36% higher
incidence of involuntary job loss than the average 50-60 year old five years or more prior to their
award.*> Both composition and selection channels operate here as well. First, occupations differ in
involuntary job loss risk and health risk, and these are positively correlated both with each other.
Second, an involuntary job loss increases the likelihood an individual applies for DI for several

years in the future through the persistent wage scar.

Table 5 shows how these economic incentives manifest themselves in the composition of in-
dividuals with new SSDI awards. In the model, as in the data, individuals going onto SSDI are
distinguished by having persistently low labor income prior to their award. About two-thirds have
earnings in the bottom 20% of the reference population aged 45-60 in that year. In the model,
those going on DI have a slightly higher risk of involuntary unemployment than the reference

t.43

group whereas in the data the two hazards are not statistically different.”” The bottom two rows

show that those going on SSDI are more likely to have a moderate or severe work limitation, a bit

“The incidence of involuntary job loss falls within the 5 years immediately prior to the award because individuals
applying for SSDI must drop out of the labor force and so are not subject to involuntary job loss.

“3The incidence of involuntary unemployment is over-predicted in the model. This is because, empirically, invol-
untary separations are serially correlated at the individual level (see Michaud (2018)). Replicating this feature would
require an additional state variable, and our modeling choice does not seem to drive up DI applications as the statistic
is similar across those going on DI and the reference group.
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more so in the model than in the data.

Figure 5
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Table 5: Types of individuals going on DI

Model Data
Share New DI  Reference Pop New DI Reference Pop
Labor income <20-percentile in last 5 years 66.2% 284 % 77.8% (3.7) 21.9% (0.8)
Involuntary unemployment in last 5 years 6.8% 5.6% 4.3% (1.0) ~ 5.5% (0.4)
Severe Work Limitation 53.0%  5.1% 68.5% (7.1) 8.3% (0.5)
353%  5.9% 12.0% (4.8)  9.6% (0.5)

Moderate Work Limitation

Prior z year spans begin one year prior to DI award. Reference population: age 45-60.

Standard errors in parentheses.

Digging further, we would like to see if those going onto SSDI are uniquely unlucky by being

exposed to both poor health risks and and poor economic prospects. Figures 6(c)-7(a) display heat

maps of the model population, split between those entering DI next year and the average population

aged 50-60. These figures emphasize differences in the joint distribution of economic and health

risks and their realizations across the two groups. Figure 6(c) shows that individuals going on SSDI

come disproportionately from occupations with both high health risks and declining wage trends.

The distribution of new DI awards is more biased on the wage trend margin, but these individuals
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are represented in the entire distribution of occupational risk. Figure 7(a) compares the distribution
of individuals across current states. It reiterates the importance of considering both the health and
economic margins, jointly. It also shows that many older workers have relatively low wages during

the decades we consider, putting them at particular risk of applying for DI regardless of health.
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Figure 7: Population distribution over current health status and current wage quintile

6.3 What Drives Aggregate Trends in SSDI?

In this section, we use the model to quantify the contribution of external changes—wage trends,

demographic shifts, occupational composition trends and business cycles—to the rise in SSDI.
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To begin, we set the distribution of occupation, age, and health groups to match as closely as
possible the US in 1980-1985.* In every subsequent period, we add individuals as necessary to
match exactly the age-occupation distribution of the United States. This ensures that we have the
right number of workers exposed to the occupation-specific risks throughout the transition. In
each period of the transition, we expose these agents to wage trend shocks associated with their
occupation, z, as detailed in Section 5. We also expose agents to occupational job finding and job
loss rates calculated from the data. Agents’ decision rules include an expectation of exogenous
switching between recessionary periods and normal times each with the average rates during these

times given by Ay, ¢,,.

Figure 8 shows the model’s success in matching the rise in new awards of SSDI over the period
since 1984. In what follows, we focus on the pattern in new awards rather than the stock of all
SSDI recipients, the latter essentially integrates the former over time and thus hides some of the
successes and failures of the model. The model can account for most of the rise in the share of
new awards to DI in the early 1990s and mid 2000s and also predicts the flattening out in the late
1990s. However, it misses the timing and magnitude of the rise in the 2000’s through 2010.
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Figure 8: New Awards: Model vs. Data.

Figure 9 shows changes in the age and health composition of applicants over time and how it

translates to new awards. Qualitatively, these are the patterns one might expect: applicants become

“We cannot see the asset or AIME distributions in this period, though both will factor into the application decision.
Instead, when we create agents at the beginning of the simulation, we will draw assets and AIME from the ergodic
distribution of these variables.
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younger and healthier when some occupations’ wages are stagnating in the 1990s and during the
Great Recession. However, applicants in good health are mostly rejected during the screening

process while the composition by age changes less between application and award.*
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Figure 9: Demographic Composition of Applications and Awards

Figure 10 provides a Shapley-Owen decomposition in which we decompose the differential
impact of each age demographics, occupational composition, and wage trends on new awards.*®
For each driving force, we compute the implied contribution by comparing counter-factual simula-

tions including this force or turning off its realizations. To turn off realizations of the wage-trends,

#The model features fewer new awards to individuals without a work limitation than the PSID data: 10% versus
20%; and so it may be wise to avoid conclusions about the efficacy of the actual SSDI screening process.

4Decomposing the contribution of each trend is not as simple as turning each trend off one at a time because they
interact with each other. For instance older workers may be more susceptible to apply for SSDI given a set of shocks
than younger workers and we have more older workers in the economy over time.
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we include the aggregate wage trends but remove all of the occupation-specific components. To
turn off the demographic and occupational composition changes we add workers in each period to
keep the same demographic structure as in the first period and assign them occupations matching
the incumbents’ distribution. To turn off realizations of the business cycle, we hold it fixed in the
expansion state. The Shapley-Owen contribution for a shock we report the average contribution
when it is turned on, where we averaging over every permutation of the other shocks being on and
off.

The two most important factors driving new awards are demographics and wage trends. The
former accounts for about 3% of the total number of awards and the latter for 16% each year. The
wage trend is overall the most important component to awards,but its impact is mostly concen-
trated in the late 1980s through the mid 1990s. Prior to 2000, wage trends accounted for 24% of
new awards, but after they contribute only 4%. Demographics, on the other hand, have a negative
contribution prior to 2000 but account for 13% of new awards from 2000-2013 as the baby boom
generation ages into its peak SSDI years. Business cycles contribute small upticks in the number
of awards around the 2001 recession and the Great Recession, 2009-2011. However, most of the

time, the model gives very little role for business cycles or changes in occupational composition.
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Figure 10: Decomposed contributions to new SSDI awards

Figure 11 displays how applications and rejections differentially contribute to new awards in

the model. Applications are dated by the first year the agent began to apply given they did not
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apply in the prior 12 months.*” Therefore, they provide a better sense of the timing of when agents
chose the DI option. Indeed, they move more concurrently with secular wage declines in the early
1990s and the onset of the Great Recession than awards do. Denials are defined as continually
applying for 14 months without receiving an award and are dated by the date of first application.*®
The denial rate in the SSA data pooled over gender during this time period is about 22%. However,
the SSA data includes technical denials such as applying when ineligible or not completing forms.
These account for 30% of all denials in the data. Once we correct for these denials on applications
absent from the model, the model provides a good fit to the comparable SSA denial rate of about

15.5%. This is reassuring since denials were not directly targeted in the calibration.
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Figure 11: Applications and denials per working age person by date of first application.

Changes in the denial rate per application help fill in the quantitative discrepancy between the
application and award rates (Figures 11(a) and 8). For the most part, increases in denials follow
increases in applications and are consistent with the results in the prior section that applicants
become younger and more healthy during such surges. Notice that applications surged in both the
1990s and Great Recession, but the former accompanied a larger rise in denials. This suggests that
the pool of applicants deteriorated more in the first period than latter largely due to the presence of

the older Baby Boomers in the pool of applicants during the latter period.

#TWe lack an empirical comparison for applications and outcomes because we do not have SSA data on these
statistics that are disaggregated to men only.
“8This follows the estimates in Autor et al. (2015) for the median duration of an application of 13.5 months.
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Figure 12 shows the Shapely-Owen decomposition for the application rate. Wage trends have a
much more pronounced effect throughout the simulation than when we looked at awards. They are
still driving the rise in the late-1980s to early-1990s increase in applications, but are proportionally
larger in the post-2000 period. Overall, these wage-trends contribute 13% of applications and 6%
after 2000, almost twice their contribution to awards in that period. Aging still contributes towards
the end, but is less pronounced than Figure 10 because these older workers are less likely to be
denied: they tend to be in worse health. Looking at other forces driving applications, there are
small spikes from business cycles at each recession: the early 1990s, 2000’s and Great Recession.
These are slightly larger than the spikes we saw in the awards decomposition (Figure 10) because
recessions cause more marginal applicants to joint the pool. Most of the time business cycles

contribute negatively to applications because during expansions awards are somewhat subdued.
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Figure 12: Applications: Shapley-Owen Model Decomposition.

A main point in this paper was that occupations expose workers to correlated health and eco-
nomic risks. We can try to understand the role of this crucial correlation in driving new awards
through a counterfactual alternative calibration in which health shocks are drawn independently
from occupation but everything else, including the overall health risks, is kept the same. The result
is about 5% fewer awards, distributed evenly throughout the simulation period. This makes the
correlation between occupations and health risks more important than business cycles in driving

awards, but less important than demographics.
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Figure 13: New Awards: Fraction with Vocational Considerations

A distinct phenomenon the model cannot replicate is the rise in awards with vocational consid-
erations that provide almost all of the rise in new awards since 1984. Figure 13 shows how many of
the current beneficiaries had vocational considerations factored into their award in our model. We
match the initial period exactly, as it was a calibration target. Thereafter, vocational awards rise by
about 6 percentage points and follow a similar pattern to applications in general—rising through
the early 1990s, slumping and then rising again. This is far less than the tripling share of awards
with vocational consideration seen in SSA data. However, our simulation’s moderate rise compared
to the data should not be considered a failure of the theory. Our experiment predicts what would
occur if the defacto implementation of the vocational grid rules are held constant over time. The
discrepancy with the data could be because, in actuality, the rules may not have been implemented
in a consistent way across time and/or space. Indeed, this hypothesis is consistent with other work
exploiting the variation in award leniency across locations in their research design (French and

Song (2014)) and has been a focus of internal reforms in the Social Security Administration.
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7 Impact on Employment and Welfare

7.1 Contribution to employment trends

A typical question in the literature is the impact of the SSDI program on employment and labor
force participation. The employment to population ratio for working age men fell by 6.4 points
over our period of study (1984-2012). The model predicts a decline of 4.3%, three-quarters of
which is provided by the increase in SSDI beneficiaries.*” We now examine how the demographic
and economic trends as well as business cycles we fed in to the model generate non-employment

when social security disability is an option.

Our model has an advantage in addressing this question over existing administrative and survey
data because we can observe the individuals who are non-employed because they are either in
the application process, waiting to be eligible to apply, or whose applications have been rejected
but are choosing not to work. Individuals in this situation comprise 1.6-2.5% of the working age
population in the model simulation. This is a sizeable. The stock of current beneficiaries rose from
around 2% in the 1980s to almost 5% by 2010, meaning current applications amounted to two-
thirds of the stock of beneficiaries in the 1980’s falling to about one-half by 2010. Omitting this
group would understate the employment impact of SSDI by 30-40%. This group also accounts
for a growing share of those in non-employment, increasing from 25% in 1985 to 66% by 2010.
This signifies that disability insurance has become an increasingly attractive option for the non-

employed through the various channels we have previously discussed.

Total By Age By Occ Health Risk
30-44 45-49 50-54 55-59 60-65 Q1 Q2 Q3 Q4
A Non-Employed +43 | +1.7 +32 +47 +45 +89|+08 +52 +47 +84
% AonDI | 751 | 71.8 60.7 81.8 1379 107.3| 84.6 700 940 80.0
% A applying forDI | 184 | 280 20.1 128 -22 -2.1| 285 134 175 188
% A other 6.5 02 19.2 6.2 -357 52| -13.1 16.6 -11.5 1.2

Table 6: Change in non-employment 1985-2013 in basis points, decomposed into change in SSDI benefi-
ciaries, SSDI applicants (including those waiting in non-employment to apply), and those non-employed for
other reasons.

“0Other theories of increasing non-employment among low skilled men include a higher return to non-participation
through channels we do not include in this paper (Aguiar et al. (2017), Wolcott (2017), Abraham and Kearney (2018),
and others).
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The disability option contributed differentially to the disparate non-employment trends of dif-
ferent demographic group. Starting with the first column in 6, we see that an increase in current
SSDI beneficiaries/applicants each contributed 75% and 18%, respectively to the increase in non-
employment in the model. Across age groups, the increase in current beneficiaries is most impor-
tant for the rise in non-employment of older individuals, particularly those 55-59. An increase in
those currently applying is relatively more important for younger individuals. The pattern across
occupational health risk demographics is less clear. This is because the exposure to economic
shocks and aging demographics is not perfectly correlated with health risks and the screening
rules for awards further complicates these relationships. However, the magnitude of the increase
in non-employment is consistent with the intuition of our model: older workers and those in the
occupations with the highest health risks have the largest increase in non-employment of over 8

basis points each.

7.2 Welfare value

Our structural model allows us to compute the value of the disability option to any individual
at any moment in time and thus understand both the overall and distribution of welfare gains from
this program.”® To compute the value of the SSDI option to an individual at a given state, we
compute the model without the ability to apply for disability, as if v — oo. This yields a counter-

factual value function, Vi at any state from which we can compute welfare in consumption terms,
v /(=)
Ver

welfare gain. This measure requires several caveats, chiefly that we are evaluating both the true

— 1. For each worker in our simulation who is not already on SSDI, we store this

and counter-factual value functions using the true policy functions, a’, m and labor supply, that
are chosen by individuals with access to SSDI, however, V- is computed as if that option were
unavailable. Hence, this measure should be understood as an instantaneous value of SSDI starting

from a particular point in an agent’s history.

While the average welfare gain is relatively low, about 1% of consumption, there is a very long

tail of those who place very high value on the program.”! Interestingly, the program’s value is not

9As in Low and Pistaferri (2015), a limitation is that we are using a partial equilibrium notion; we are not incorpo-
rating the costs of the SSDI program, e.g. higher taxes. Ours is additionally a more stark counterfactual- completely
eliminating the program. Still, this exercise provides insight into the heterogeneity in the benefits of SSDI across age,
occupation and cohorts.

>IFor comparison, Low and Pistaferri (2015) find a 30% reduction in SSDI benefits decreases welfare by less than
a half of a percent on average, but by more than 1.5 percent for the lowest skilled workers.
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monotonically increasing in age. In fact, as workers near retirement, SSDI becomes relatively less
valuable because of the lengthy application process. This age trend however, masks heterogeneity
by health: for healthy individuals SSDI is most valuable when they are young and the monoton-
ically declines from there, whereas if d > 0 the program’s value peaks around 55 and is always

more valuable.

Differences across health turn out to be crucial to understand who values SSDI. Figure 14
shows that the program generally becomes more valuable at lower realizations of the wage trend z,
but especially so for those with a work limitation (d > 0). At z = 0, those with a work limitation
get about 80% more welfare gain than those without. At z < —0.4, they value SSDI about 125%
more. At the other extreme, when times are good and z is high, neither health group places much
value on SSDI at all. This once again emphasizes that economic conditions affect the application

behavior of all health groups.
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Figure 14: Welfare gain across wage trend levels and by health

8 Conclusion

This paper quantitatively explored the rise in Social Security Disability Insurance since the
mid 1980s. Over this period, the fraction of working-age recipients tripled and the rate of new
awards increased steadily. Concurrently, the U.S. was experiencing pronounced changes in its de-
mographic, occupational and wage structure. Each long-term factor, along with regular business

cycles, influenced applications both though direct incentives and also indirectly by impacting the
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likelihood a DDS office would grant an award. This paper studied the rise of SSDI with a rich

model of household application choice and DDS decision rules incorporating these interactions.

Within a structural model we found that different factors drove SSDI trends over different
periods. During the late 1980s and 1990s, the secular deterioration of economic conditions was
particularly important. It accounted for 24% of the rise during this decade and only 3% after 2000.
Demographic change, particularly driven by the aging of the Baby Boom cohort, mitigated SSDI
awards prior to 2000 and then drove an increase in awards by 13% thereafter. While there was a
small uptick in awards during the Great Recession, the business cycle itself has little impact in part

due to its transitory nature and an effective screening process to reject those in good health.

We further used the model to assess the impact of changing demographics and economic condi-
tions on non-employment when disability is an option. The contribution of disability goes beyond
new beneficiaries. It also includes people entering non-employment in order to apply or appeal
for SSDI benefits as well as those rejected applicants who have lost attachment to the labor force
over the several years of applications and appeals. The model replicates two-thirds of the rise in
non-employment of men without college education from 1984-2012: 4.3 percentage points, and
SSDI plays an important role. The share of non-employed who are not on disability nor wishing to
apply falls from 75% to 44%.

The analysis is limited by a couple of shortcomings. First, women are omitted from the study.
Female eligibility grew significantly over this time period while male eligibility declined, which
reflects different underlying labor force participation trends. Most new awards to women are for
mental and emotional conditions whereas musculoskeletal is the predominant diagnosis of males.
Since female trends in SSDI awards are sufficiently distinct from male trends, we concluded that

the demographic group merits its own study and excluded them from this paper.

Second, the model predicted too few new awards to individuals in good health (type one er-
ror) and was unable to replicate the rise in awards with vocational considerations from 25% in the
1980’s to almost 60% after 2010. We believe these problems are related and arise from a common
source. We used a consistent and time invariant vocational-grid award probability set to replicate
features of awards during the initial years in our study period. De facto changes in how these rules
operate over time or inconsistencies in how they operate across space could generate a rise in

vocational awards alongside rising awards to individuals in good health.>? Analysis of additional

2]t is already known that the discretion of judges in appeals impacts awards, so much so that random assignment
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data from the Social Security Agency to answer questions about the variability in the awards pro-
cess, and particularly in the vocational grid, is a promising avenue for future research and would

complement this paper.

Finally, the model and analysis omitted medical spending in the SSDI program and the value
of health insurance to the recipients. Particularly during periods prior to the Affordable Care Act,
public provision of health insurance is incomplete, and especially valuable for those with health
conditions and low income, the population associated with SSDI. As mentioned previously in the
text, this is not a trivial addition to the model, but potentially it is an important one and worthy of

future work.
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1 Motivational Data

We motivate our analysis with figures depicting the rise in both the number and inflows of
current Social Security Disability claimants. We then show this rise cannot be fully accounted
for by what changes in eligibility and demographics would predict.

Where possible, data was gathered at a disaggregated “cell” level partitioned by the cross-
product of gender and seven age groups: (i) age 18-29; (ii) age 30-39; (iii) age 40-44; (iv) age
45-49; (v) age 50-54; (vi) age 55-59; and (vii) 60-64.

The following variables were collected at the cell-level spanning 1985-2014 from the SSA’s
2015 Annual Statistical Supplement to the Social Security Bulletin.

e “Total New Awards”: To disabled workers only (not dependents).
e “Total Current Payees”: Disabled workers only (not dependents).

e “Total Insured Workers”: Estimated from the SSA’s continuous work history (1%) sample.
As discussed in the text, eligibility requires a certain number of “credits”- quarters meeting
a minimum earnings threshold- where the number of credits required for insured status is

age dependent.

Population data at the cell level was gathered from the United States Department of Health
and Human Services (US DHHS), Centers for Disease Control and Prevention (CDC), National
Center for Health Statistics (NCHS), Bridged-Race Population Estimates, accessed on Aug 1,
2016 2:14:55 PM.

Aggregate trends and counterfactuals in new awards and total current payees were calculated

as follows:

e Actual Trends. Sum each series, total new awards and total current payees, across

demographic cells in each year. Divide by total population age 18-64.

e Predicted by change in eligibility alone. Fix the new award/current payee rate as a
percent of eligible for each cell at the 1985-1989 average. Predict total new award/current
payees per cell by multiplying the 1985-89 rate by the actual “Total Insured Workers”
divided by “Total Population” at each cell-year. Next, sum across cells in each year

weighting each cell by its average total population share in 1985-89.



Disability Option Online Appendix

e Predicted by change in eligibility and demographics. Fix the new award/current
payee rate as a percent of eligible for each cell at the 1985-1989 average. Predict total
new award/current payees per cell by multiplying the 1985-89 rate by the actual “Total

Insured Workers”. Next, sum across cells in each year.

Figure 1 shows the results of this prediction exercise. T'wo facts we are interested in emerge.
First, changes in demographics and eligibility account for only one-third of the rise in new
awards from 1985 to present. Second, there are large fluctuations in new awards including a

recent decline that cannot be accounted for by slow-moving demographics and eligibility trends.

o |
o s Actual Trend

= m=m === Predicted by change in Eligibility
= mem === Predicted by change in Eligibility and Age/Gender Structure
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Figure 1: Predicted change in new awards (inflows to SSDI).

Another way to understand this exercise is by looking at the bar charts in Figure 2. The first
row shows the change in the demographic composition of the US population and the change in
the percent insured in each age-gender cell between the second half of the 1980s and the first half
of the 2010s. When constructing the predicted change in new awards in Figure 1, we are fixing
the award rates per insured to the 1985-89 average and shifting the demographic composition
and rates insured from the black bars to the white bars, that is, from their 1985-89 levels to the
2010s. The second row of Figure 2 depicts changes in the award rate and current beneficiary
status by the demographic cells. These within demographic changes provide the gap between
our predicted new award rate and the actual award rate. These are the changes we are seeking

to understand in this project.
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Figure 2: Changes in demographic composition and SSDI outcomes by demographic.

Although the concept of disability in our model is fairly general, our strategy to map the
model to the data focuses on the physical component of disability as opposed to mental or
emotional health conditions. We make this choice because we are focused on understanding
trends over-time in disability awards. Figure 3 shows that the share of initial awards with a
major cause of a Musculoskeletal condition have doubled since the 1980s and are now represent

the largest cause of disability.
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Figure 3: Changes in demographic composition and SSDI outcomes by demographic.

Figure 4 further motivates our inclusion of vocational considerations in this paper. It shows
that the rise in overall new awards has occurred mostly through a rise in awards with vocational

considerations.

SSDI Inflows

Total New Awards
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Figure 4: Awards with Vocational Considerations drive the increase in overall awards

Figure 5 motivates our focus on matching flows onto DI rather than the stock of current
DI beneficiaries. It shows that the exit rate from DI has decreased substantially overtime.
This is a channel increasing the stock that the model only speaks partially to. The model will
predict that younger and more healthy individuals will be entering DI overtime, thus lowering
the average exit rate via death or retirement shown in this graph. However, it cannot fully

account for the decline in the death rate, likely through missing features such as improvements
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in medical technologies.
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Figure 5: Exit rate of SSDI beneficiaries by reason

2 Panel Study of Income Dynamics (PSID)

We use the PSID to analyze various aspects of labor market and health dynamics and their
relationships with one another. Throughout our sample is limited to males.! We keep the SEO
sample as it is disproportionably low-income, a relevant population for this study. We drop the
latino sample and respondents that we see fewer than 3 times. This section begins by explaining
variable construction and then provides additional calculations of statistics used in the text for

alternative sample design as a robustness check.

2.1 Sample and Variable Construction

Health Statistics. We replicate health status coding from Low et al. (2015).? We use three
questions asked in the PSID starting with: (i) “Do you have any physical or nervous condition
that limits the type of work or the amount of work you can do?” If the respondent answers
affirmatively, the next question asked is: (ii) “Does this condition keep you from doing some
types of work?”. To this question there are three possible responses: “Yes,” “No,” or “Can do
nothing.” Those answering either of the two former responses are then asked the third question:
(iii) “For work you can do, how much does it limit the amount of work you can do?” To this

question the possible answers are: “A lot,” “Somewhat,” “Just a little,” or “Not at all.”

!This is because health related questions pertaining to all members of the household are answered only by
the head of household (often male). Prior studies have shown reporting on others’ health introduces bias that
we cannot easily correct for. However, we do provide estimates for the entire sample including females for select
statistics in this appendix as they may be of interest to the audience.

2We refer the reader to their paper which validates this measure against alternative datasets.
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Health status takes three values: “No work limitation” (d = 0); “Moderate work limitation”
(d =1); and “Severe limitation” (d = 2). Respondents are coded as having no work limitation
if they answer “No” to question one or “Not at all” to question three. They are coded as having
a moderate limitation if they answer “Yes” to question one and “No” to question two OR “Yes”
to question two and “Somewhat” or “Just a little” to question three. The remainder answering

“yes” to question one are coded as having a severe limitation.

Labor Statistics. We use the PSID calculated hourly wage variable, available all years except
1993. We deflate this value to 1999 US dollars using the CPI-U multiplier from the Bureau of
Labor Statistics. We drop top-coded values and values below $3.00. We define employment as
answering either ”working right now” or "only temporarily laid off”. Where used, ”full-time
full-year” employment refers to those usually working more than 30hrs per week for at least 50

weeks per year; or at least 1500 hours per year.

Lifetime Occupation. We consider several definitions of “lifetime” occupation and also per-
form robustness considering “most recent” occupation instead. First, we define occupations in
the 16 SOC codes. Prior to 2003, respondents provide a single occupation and we use this as
their occupation for the year. From 2003 onwards, respondents report occupation and earnings
for up to three jobs. In these years, we code the job with the highest earnings as the respon-
dent’s occupation for the year. From here, we compute the modal occupation in which we most
often view the respondent over the entirety of the available panel. When we must break a tie,
we choose the higher SOC value. This is because the lower SOC values are most associated with
career progression to managerial and professional occupations; ie: the respondent may be man-
ager over the same type of occupation. Next we make a decision about whether the respondent
has been in his occupation for long enough for us to code it as a lifetime occupation. We drop
individuals who do not meet this criteria. To make this judgement call we use three variables.
First, the number of time the individual is observed in their modal occupation. Second, the max
employer tenure reported by the individual while in that occupation. Third, the individual’s
answer to the question: “Have you had a number of different kinds of jobs, or have you mostly
worked in the same occupation you started in, or what?”. There are three possible responses:
(i) “Have had a number of different kinds of jobs”; (ii) “Both; have had a number of different
jobs but mostly the same occupation”; and (iii) “Mostly the same occupation”. We consider
respondents to have self-reported working “mostly in the same occupation” if they answer (ii)
or (iii) AND are over the age of 39. We consider the following four specifications, the

first of which is the most inclusive and used in the main tex.

e Lifetime Occl: Observed more than 4 years in the same SOC; or reports job tenure greater

than 4 years; or reports working “mostly in the same occupation”.

— This drops 449 individuals (1.4% of the sample) who report occupation at some point,
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but do not meet the criteria for having a lifetime occupation.?

— 77.5% of the sample over (1983-1998) have a current occupation that matches their
lifetime occupation; 76.4% for the full 1983-2013.

— 77.7% of those over 50 and younger than 63 over (1983-1998) have a current occu-
pation that matches their lifetime occupation; 74.1% for the full 1983-2013.

e Lifetime Occ2: Observed more than 9 years in the same SOC; or reports job tenure greater

than 9 years.

— This drops 4,807 individuals (14.6% of the sample) who report occupation at some

point, but do not meet the criteria for having a lifetime occupation.

— 81.9% of the sample over (1983-1998) have a current occupation that matches their
lifetime occupation; 80.2% for the full 1983-2013.

— 80.2% of those over 50 and younger than 63 over (1983-1998) have a current occu-
pation that matches their lifetime occupation; 80.3% for the full 1983-2013.

e Lifetime Occ3: All those who report working “mostly in the same occupation”.

— This drops 17,894 individuals (54.5% of the sample) who report occupation at some

point, but do not meet the criteria for having a lifetime occupation.

— 83.35% of the sample over (1983-1998) have a current occupation that matches their
lifetime occupation; 85.8% for the full 1983-2013.

— 83.9% of those over 50 and younger than 63 over (1983-1998) have a current occu-
pation that matches their lifetime occupation; 83.0% for the full 1983-2013.

e Lifetime Occ4: Current or most recent occupation.

Where necessary, we use the following bridge to harmonize data with occupations coded in
1990 Census codes to SOC codes used in the HRS.

e SOC = 1: “Managerial specialty” (Census 1990: 003-037)

e SOC = 2: “Professional specialty operation and technical support” (Census 1990: 043-235)

e SOC = 3: “Sales” (Census 1990: 243-285)

e SOC = 4: “Clerical, administrative support” (Census 1990: 303-389)

e SOC =5: “Service: private household, cleaning and building services” (Census 1990: 403-407)
e SOC = 6: “Service: protection” (Census 1990: 413-427)

e SOC =T: “Service: food preparation” (Census 1990: 433-444)

e SOC = 8: “Health services” (Census 1990: 445-447)

3Recall, we already drop all individuals seen fewer than three times.
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e SOC =9: “Personal services” (Census 1990: 448-469)

SOC = 10: “Farming, forestry, fishing” (Census 1990: 473-499)

SOC = 11: “Mechanics and repair” (Census 1990: 503-549)

SOC = 12: “Construction trade and extractors” (Census 1990: 553-617)

SOC = 13: “Precision production” (Census 1990: 633-699)

SOC = 14: “Operators: machine” (Census 1990: 703-799)

e SOC = 15: “Operators: transport, etc.” (Census 1990: 803-859)

SOC = 16: “Operators: handlers, etc.” (Census 1990: 863-889)

Other Variables. We code three education groups corresponding to years of schooling: less
than high school = 11 years or less; high school = 12 years; college = more than 12 years. Our
5 age categories correspond to the model: Age=1 are 30-45; Age=2 are 46-55; Age=3 are 56-60;
Age=4 are 61-63; and where applicable “old” is over 65 (used for death probability only).

SSDI Enrollment. The PSID has a question directly asking if the head receives SSDI income
in only years 1986-1993, 2005, 2007, and 2011. In the available years, we use this question
directly, coding gaps between two DI years as a DI year. For years in between we impute that
the head receives SSDI if they or their family reports Social Security income AND the answer
that they are not at work due to a disability. We provide statistics for both the imputed variable

and the years with the direct question, separately.

2.2 Summary Statistics.

The following tables provide prior labor market statistics for three groups of individuals: those
receiving DI; those in the reference population (in the sample, aged 45-60, non-college); and by
work limitation status. We construct an indicator that equals one for each of the following if
they are ever observed in any of the four years prior to the current survey year: labor income
less than 20th percentile of non-college in that year; involuntary separation; and involuntary
separation currently unemployed. The following tables report the share for which this indicator

variable is positive.?

4For labor income, we only include those actually earning positive labor income.
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Table 1: Labor income less than 20th percentile in any of past 5 years; DI Beneficiaries and
reference pop.

1986-2013 1986-1993 2005, 2007, 2011 1986-1993 2005, 2007, 2011
DI Beneficiaries DI Beneficiaries DI Beneficiaries Reference Pop ~ Reference Pop
No 0.2279 ** 0.0892 * 0.3078 ** 0.8007 ** 0.7799 **
(0.0329) (0.0349) (0.0427) (0.0077) (0.0104)
Yes 0.7721 ** 0.9108 ** 0.6922 ** 0.1993 ** 0.2201 **
(0.0329) (0.0349) (0.0427) (0.0077) (0.0104)
Observations 435 153 178 6046 2488

Col 1 includes imputation
Standard errors in parentheses
fp<0.10,* p<0.05 * p<0.01

Table 2: Labor income less than 20th percentile in any of past 5 years; by work limitation.

moderate moderate severe severe
No 0.4037 ** 0.2035 ** 0.2575 *F 0.1I009 **

(0.0229) (0.0295) (0.0258) (0.0273)
Yes 0.5963 ** 0.7965 ** 0.7425 ** 0.8991 **

(0.0229) (0.0295) (0.0258) (0.0273)
Observations 887 408 392 140

Standard errors in parentheses
T p<0.10, " p<0.05 * p<0.01

Table 3: Involuntary Separation in any of past 5 years. DI Beneficiaries and Reference Pop

1986-2013 1986-1993 2005, 2007, 2011 1986-1993 2005, 2007, 2011
DI Beneficiaries DI Beneficiaries DI Beneficiaries Reference Pop ~ Reference Pop
No 0.9427 ** 0.8623 ** 0.9309 ** 0.8189 ** 0.8710 **
(0.0102) (0.0246) (0.0152) (0.0072) (0.0073)
Yes 0.0573 ** 0.1377 ** 0.0691 ** 0.1811 ** 0.1290 **
(0.0102) (0.0246) (0.0152) (0.0072) (0.0073)
Observations 1562 538 463 7624 3413

Standard errors in parentheses
fp<0.10, * p<0.05 * p<0.01

Table 4: Involuntary Separation in any of past 5 years, by work limitation

moderate moderate severe severe
No 0.8007 ** 0.8418 ** 0.8653 ** 0.8800 **

(0.0179) (0.0195) (0.0268) (0.0267)
Yes 0.1993 ** 0.1582 ** 0.1347 ** 0.1200 **

(0.0179) (0.0195) (0.0268) (0.0267)
Observations 1091 852 280 258

Standard errors in parentheses
T p<0.10, * p < 0.05, ** p < 0.01
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Table 5: Involuntary Unemployed in any of past 5 years. DI Beneficiaries and Reference Pop

DI Beneficiaries DI Beneficiaries DI Beneficiaries ~ Reference Pop Reference Pop

No 0.9545 ** 0.8962 ** 0.9442 ** 0.9268 ** 0.9462 **
(0.0094) (0.0220) (0.0172) (0.0047) (0.0050)

Yes 0.0455 ** 0.1038 ** 0.0558 ** 0.0732 ** 0.0538 **
(0.0094) (0.0220) (0.0172) (0.0047) (0.0050)

Observations 1562 538 346 7624 3413

Standard errors in parentheses
fp<0.10, * p < 0.05, ** p<0.01

Table 6: Involuntary Unemployed in any of past 5 years. by work limitation

T086-1993 2005, 2007, 2011 1986-1993 2005, 2007, 2011

moderate moderate severe severe
No 0.9I85 ** 0.8856 ** 0.9594 *F 0.9194 *F

(0.0122) (0.0172) (0.0128) (0.0228)
Yes 0.0815 ** 0.1144 ** 0.0406 ** 0.0806 **

(0.0122) (0.0172) (0.0128) (0.0228)
Observations 1091 852 280 258

Standard errors in parentheses
Tp<0.10, * p < 0.05, ** p < 0.01

Figure 6 shows work limitation prevalence in the years preceding the first year of DI receipt.

Notice that two-thirds of all limitations occur within the 4 years proceeding receipt.
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Figure 6: PSID, 1984-1998

Figure 7 shows the employment rates and real wages in the years preceding and following
the onset of a work limitation of each degree and the first year of DI receipt. The reference
population include those otherwise satisfying sample criteria who are additionally age 50-62
and do not have education beyond high school. The graphs show four outcomes. First, both
individuals in poor health and those going on DI have a history of wage and employment
outcomes lower than the reference population. Second, both wages and employment deteriorate
prior to the onset of a work limitation or ascension onto SSDI. Third, individuals going onto DI
are statistically different than individuals who get even a severe work-limitation 10 years prior

to the event. Finally, individuals that recover from a work limitation fair better in wages and

10
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employment than those who do not.
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Figure 7: PSID, 1984-1998

Figure 8 shows the incidence of an involuntary job separation in the years preceding and
following the onset of a work limitation of each degree and the first year of DI receipt.” The
reference population include those otherwise satisfying sample criteria who are additionally age
50-62 and do not have education beyond high school. Notice that those workers flowing onto DI

do not have a systematic pattern of involuntary separation prior to ascension onto the program.
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Figure 8: PSID, 1984-1998

Another way we relate the model predictions to the data is by running a logistic regression
to calculate how individuals’ flows onto SSDI in the following year relate to economic conditions
this year. These economic conditions contain our trend measure: wage decline as predicted by
time trends and payment to occupation tasks; and the aggregate unemployment rate.’ Addi-
tional controls include the other key features of our model: dummies for each age and work

limitation group. The regression results are presented in Table 7.

SInvoluntary job separation is coded by the respondent answering that their previous job ended due to company
folded/changed hands/moved out of town; employer died/went out of business; Laid off; fired.
5Since our model only contains males aged 30-63, we also use this group to calculate unemployment.

11
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Table 7: Relationship between Economic Shocks and Flows onto DI (PSID)

Logistic Regression

New DI (i + 1)

Predicted Occupation Wage Trend -1.0420 *
(0.5116)
log(Unemployment Rate) 5.8930 **
(1.3093)
Age 40-54 0.6272 **
(0.1262)
Age 55-59 1.3045 **
(0.1320)
Age 60-63 1.6975 **
(0.1695)
Moderate Work Limitation 2.1579 **
(0.1417)
Severe Work Limitation 4.1576 **
(0.1152)
Constant 3.9322 *
(2.0021)
Observations 17760
Standard errors in parentheses
tp<o0.10,*

Occupation wage trend predicted by O*net tasks, cubic in time, and their interactions.

3 Calibration Targets

3.1 Health Transition Matrix

We calibrate the health transition matrix using the constructed work limitation variable in our
PSID sample. For this section we limit our analysis to the annual data available prior to the
conversion of the PSID to biannual after 1998.

The raw distribution of work limitations by age is as follows:

Table 8: Health Distribution by Age

Age Group None Moderate Severe

30-45 0.91 0.06 0.03
46-55 0.85 0.09 0.06
56-60 0.80 0.11 0.08
61-65 0.75 0.14 0.11

This distribution is generated by an individual specific transition matrix in our model.
Common to all individuals is a baseline risk of worsening health that is dependent on age.
At the beginning of life individuals choose an occupation and draw an additional health risk
(may be negative) from an occupation-specific distribution. This is added to the common age-
dependent risk to calculate the individual’s total risk in each stage of life. The mean of the
occupation specific distribution is chosen to match a linear probability model. For a given
state, we consider each transition unilaterally.” However, we must be careful to control for

selection on individual specific factors. To do so, we use the IV strategy developed in Michaud

"For example, the probability of moving from moderate disability to death or moving to severe disability is
independent from the probability of moving back to no disability. Therefore, we do not choose a competing
hazards model because we do not consider death to censor the probability of recovery.

12
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and Wiczer (2014). Namely, we summarize the health risk component of an occupation by the
intensity of physical tasks in that occupation. We IV for selection into the occupation using
other non-physical tasks (See Michaud and Wiczer (2014) for detail). We also include four age
group dummies corresponding to the age groups held constant through the calibration. The

resulting estimates for each transition are:

Table 9: Health Transition Hazard (Linear Probability)

0-1 0-2 0-d 1-0 12 1-d 2-0 2-1 2-d
ONet Physical  0.0031 **  0.0015 ** 0.0247 T 0.0162 T 0.0044  -0.0282 T
(0.0007)  (0.0004) (0.0142)  (0.0098) (0.0118)  (0.0169)
Age 46-55 0.0049 * 0.0013  0.0019 **  -0.0981 **  0.0300 0.0012  -0.1135 **  -0.0960 *  0.0027
(0.0019)  (0.0010)  (0.0007)  (0.0371)  (0.0239)  (0.0050)  (0.0412)  (0.0484)  (0.0102)
Age 56-60 0.0095 **  0.0023  0.0093 **  -0.0586  0.0585 0.0118  -0.1417 **  -0.1057 *  0.0136
(0.0031)  (0.0016)  (0.0020)  (0.0483)  (0.0342)  (0.0107)  (0.0383)  (0.0484)  (0.0118)
Age 61-65 0.0234 **  0.0086 **  0.0087 ** -0.1144 ** 0.1696 **  0.0038  -0.1358 ** -0.1075 *  0.0321 '
(0.0043)  (0.0026)  (0.0021)  (0.0408)  (0.0364)  (0.0067)  (0.0384)  (0.0491)  (0.0176)
Age 65+ 0.0000 0.0000  0.0274 **  0.0000 0.0000  0.0464 **  0.0000 0.0000  0.1003 **
() () (0.0026) () @) (0.0097) () () (0.0139)
Constant 0.0123 **  0.0039 **  0.0009 **  0.3940 **  0.0912 **  0.0038  0.2182 **  0.3096 **  0.0076
(0.0008)  (0.0005)  (0.0002)  (0.0221)  (0.0126)  (0.0027)  (0.0312)  (0.0356)  (0.0055)
Observations 2027 12027 49586 1352 1352 2261 850 850 1950

Standard errors in parentheses
fp<0.10,* p<0.05 * p<0.01

3.2 Employment Probability Regression

The following table displays results for a probit regression in our PSID sample. The dependent
variable equals one if the individual is employed and zero otherwise. The sample includes
individuals aged 30-65, seen 3 times and at least one time employed between 1983 and 1996.
The first three columns provide estimates using different exclusion restrictions. The first uses
5-year change in aggregate log- full-time full-year employment for the age-education-occupation
demographic of the individual. The second uses just age-education and the third uses just
education. All of these statistics are calculated from the Current Population Survey and the
construction is detailed in the ”Current Population Survey” section of this appendix. The
fourth column repeats specification (1), but includes women in the sample. The specification
in column #2 is used in the main text.
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Table 10: Est. Coeflicients of Probit Estimation- Dependent Variable=1 if Employed. Lifetime
Occupation Spec. 1 (column 2 used in text)
- 0 2 ) @
Moderate Work Limit -0.9141 ™ -0.9122 7 -0.9077 *F -0.9451 **
(0.0477) (0.0477) (0.0476) (0.0389)
Severe Work Limit -2.1419 **  -2.1302 ** -2.1236 ** -2.0253 **
(0.0603) (0.0604) (0.0604) (0.0508)
Age 46-55 -0.1677 **  -0.1456 ** -0.1378 ** -0.0590 T
(0.0371) (0.0373) (0.0374) (0.0327)
Age 56-60 -0.7304 **  -0.6477 ** -0.7095 ** -0.5723 **
(0.0505) (0.0537) (0.0511) (0.0428)
Age 61-65 -0.9910 **  -0.9032 ** -0.9564 ** -0.8661 **
(0.0715) (0.0738) (0.0725) (0.0594)
non-White -0.3104 **  -0.2860 ** -0.2646 ** -0.3642 **
(0.0352) (0.0354) (0.0357) (0.0298)
married 0.4694 **  0.4686 **  0.4619 ** 0.4267 **
(0.0420) (0.0420) (0.0421) (0.0419)
5 year diff of AgeXEdXOcc FTFY Empl 0.0852 0.0913 *
(0.0569) (0.0357)
1 year diff of AgeXEdXOcc FTFY Empl 0.0210 -0.0253
(0.0599) (0.0334)
5 year diff of AgeXEd FTFY Empl 0.7788 **
(0.1282)
1 year diff of AgeXEd FTFY Empl -0.4577 T
(0.2755)
5 year diff of FTFY Ed Emp 1.2054 **
(0.1601)
1 year diff of FTFY Ed Emp -0.1720
(0.4301)
Female -0.1430 **
(0.0481)
Constant 1.4338 **  1.3791 **  1.3617 ** 1.4344 **
(0.0429) (0.0439) (0.0440) (0.0418)
Observations 32080 32092 32112 41844

Standard errors in parentheses
fp<0.10,* p<0.05 * p<0.01

FTFY= percent of persons employed Full-time (>30 hours) and Full-year (> 49 weeks))

AgeXEdXOcc is the demographic cell by age group (4), education (3), and occupation (16); others follow analogously))
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These estimates translate to the following marginal effects:

Table 11: Marginal Effects of Probit Estimation- Dependent Variable=1 if Employed. Lifetime
Occupation Spec. 1 (column 2 used in text)

Moderate Work Limit —0.1(918)2 = —0.1(926)7 F —0.1(934)0 F —0.25144)1 F
Severe Work Limit -0.6537 **  -0.6488 ** -0.6451 ** -0.6504 **
Age 46-55 -0.0229 **  -0.0195 ** -0.0183 ** -0.0099 T
Age 56-60 -0.1422 ** -0.1201 ** -0.1349 ** -0.1253 **
Age 61-65 -0.2322 ** -0.2019 ** -0.2181 ** -0.2259 **
non-White -0.0435 ** -0.0395 ** -0.0360 ** -0.0640 **
married 0.0764 **  0.0758 **  0.0738 ** 0.0767 **
5 year diff of AgeXEdXOcc FTFY Empl 0.0108 0.0150 *
1 year diff of AgeXEdXOcc FTFY Empl 0.0027 -0.0041

5 year diff of AgeXEd FTFY Empl 0.0982 **

1 year diff of AgeXEd FTFY Empl -0.0577 T

5 year diff of FTFY Ed Emp 0.1505 **

1 year diff of FTFY Ed Emp -0.0215

Female -0.0246 **
Observations 32080 32092 32112 41844

Standard errors in parentheses

fp<0.10,* p<0.05, * p<0.01

FTFY= percent of persons employed Full-time (>30 hours) and Full-year (> 49 weeks))

AgeXEdXOcc is the demographic cell by age group (4), education (3), and occupation (16); others follow analogously))

15



Disability Option Online Appendix

The marginal effects for our alternative definitions of lifetime occupation are:

Table 12: Marginal Effects of Probit Estimation- Dependent Variable=1 if Employed. Other
Lifetime Occupation Specifications

Moderate Work Limit —0.1(918)2 F —0.1(629)1 F —0.2%32)2 F —0.1({;%))7 F
Severe Work Limit -0.6537 **  -0.5910 **  -0.6661 ** -0.6115 **
Age 46-55 -0.0229 **  -0.0188 **  -0.0267 ** -0.0148 **
Age 56-60 -0.1422 **  -0.1124 ** -0.1416 ** -0.1149 **
Age 61-65 -0.2322 **  -0.1852 **  -0.2387 ** -0.2147 **
non-White -0.0435 **  -0.0297 **  -0.0388 ** -0.0251 **
married 0.0764 **  0.0522 **  0.0725 ** 0.0410 **
5 year diff of AgeXEd FTFY Empl 0.0982 **  0.0867 **  0.0822** 0.0486**
1 year diff of AgeXEd FTFY Empl  -0.0577" -0.0364 -0.0271 -0.0414*
Observations 32080 27112 14992 30274

Standard errors in parentheses

Tp<0.10, * p < 0.05, ** p < 0.01

FTFY= percent of persons employed Full-time (>30 hours) and Full-year (> 49 weeks))

AgeXEdXOcc is the demographic cell by age group (4), education (3), and occupation (16); others follow analogously))

3.3 Wage Regression (With Heckman Selection Two-step)

We adjust for selection in the wage regression by implementing a two-step procedure following
Heckman (1979). For the selection equation, we use the probit estimations above. We calculate
the inverse Mills ratio from this equation and estimate a wage equation via ordinary least
squares. The dependent variable is log hourly wage, excluding observations of more than $200
per hour or less than $3 per hour in CPI deflated 1999 US dollars.
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Table 13: Wage Estimation- Dependent Variable Log Hourly Wage; Column 2 used in text

) (2) (3) (4)
Severe WL -0.1624 -0.2661 ¥ -0.2629 ™ -0.2001 *
(0.1149) (0.1014) (0.0985) (0.0833)

Moderate WL -0.0688 *  -0.0969 ** -0.0953 ** -0.0816 **
(0.0336)  (0.0301)  (0.0293)  (0.0290)

Age 46-55 -0.0320 **  -0.0324 ** -0.0339 **  -0.0222 *
(0.0110)  (0.0107)  (0.0108)  (0.0094)

Age 56-60 101033 **  -0.1200 **  -0.1232 **  -0.1049 **
(0.0293)  (0.0262)  (0.0266)  (0.0220)

Age 61-65 -0.1470 ** -0.1739 ** -0.1744 ** -0.1600 **
(0.0449)  (0.0406)  (0.0403)  (0.0352)

Inverse mills 0.1519 0.2548 **  (0.2534 ** 0.1878 *
(0.1071) (0.0949) (0.0926) (0.0778)

Onet Physical -0.0394 ** -0.0394 ** -0.0395 **  -0.0259 *
(0.0124)  (0.0124)  (0.0124)  (0.0101)

Onet KSA1 20.0222 1 -0.0224 T -0.0222 T  -0.0109
(0.0119)  (0.0119)  (0.0119)  (0.0095)

Onet KSA2  0.0274 **  0.0274 **  0.0274 **  0.0257 **
(0.0060)  (0.0060)  (0.0060)  (0.0051)

married 0.0494 **  0.0607 **  0.0600 **  0.0537 **
(0.0179) (0.0169) (0.0166) (0.0153)
time 0.0142 f 0.0185 * 0.0211 *  0.0181 **
(0.0077) (0.0079) (0.0081) (0.0068)
time? -0.0021 -0.0028 *  -0.0032 *  -0.0023 *
(0.0013) (0.0013) (0.0014) (0.0011)
time3 0.0001 * 0.0002 **  0.0002 ** 0.0001 *
(0.0001) (0.0001) (0.0001) (0.0001)
Constant 2.7462 **  2.7207 **  2.7183 **  2.6470 **
(0.0274) (0.0270) (0.0274) (0.0222)
Observations 19052 19056 19064 24040

Standard errors in parentheses
Tp<0.10, * p<0.05 ** p<0.01
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The estimates for alternatives are:

Table 14: Wage Estimation- Dependent Variable Log Hourly Wage; Alternative Lifetime Occu-
pations)

(1) (2) (3) 4)
Severe WL -0.2661% -0.2781 ** 0.0282 -0.1524 *
(0.1014) (0.1044) (0.1557) (0.0773)

Moderate WL -0.0969** -0.0931 ** -0.0493 ** -0.0589 **
(0.0301)  (0.0313)  (0.0445)  (0.0210)

Inverse mills 0.2548** 0.2959 ** 0.0213 0.1491 *
(0.0949)  (0.1082)  (0.1047)  (0.0755)

Observations 19056 16461 9196 19254

Standard errors in parentheses

fp<0.10, * p < 0.05, ** p < 0.01

3.4 Occupation Wage Trends.

We measure “structural decline” of an occupation as a fall in the wage payment to skills used to
perform tasks comprising the occupation. We consider that individuals’ stocks of skills are best
suited for their life-time occupation. Therefore, we consider that their wages are related to the
skill portfolio best matched to their life-time occupation even if we see them change occupations
later in life. This raises the possibility for mismatch in later life changes; that an individual
working say in construction for his whole life will be paid less if he switches to a service sector
job than a comparable worker who has worked in services his whole life. Our goal then is to
track changes in the wages paid to these skill-types over-time and then describe occupational
wage changes as the change in the skill payments comprising that occupation.

The specific regression we consider is:
In(wit) = B¢ + BTy + B°0; + BTy x O;

The first regressor is a vector of demographic variables including a quadratic in experience, and
dummy variables for each of: high school degree, non-white, and married. The second Ty is
a cubic spline in year with 1984 as the base, 1985 = 1 and so on.® The third Oj is the first
principle component of each the Onet physical tasks and the Onet knowledge-skill tasks in the
individuals lifetime occupation.” The final term is an interaction of the time-spline with each
of the Onet tasks. The sample selection is our base, excluding those with a college degree.

The full regression table is as follows.

8The quadratic trend provided the best representation of the data compared to cubic or time-year dummies.
Estimates for these specifications including residual plots are available upon request.
9All results here are presented for our preferred lifetime occupation specification number 2.
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Table 15: Wage Estimation- Dependent Variable Log Hourly Wage

Coeflicient Estimate Standard Error

Experience .0201904 .0013561
Experience? -.0005523 .000043
High School Degree -.0493895 .0068964
Non-White -.1876132 .0070621
Married 1547843 .008962
Physical Task -.1396502 0295258
Knowledge-Skill Task -.0051002 .030124
Time Spline- 1st order -.0146325 .0024347
Time Spline- 2nd order .0604394 .0086968
Time Spline- 3rd order -.1688191 .0242815
Physical x Time Spline 1 017284 .0054133
Physicalx Time Spline 2 -.0523773 .0189649
Physicalx Time Spline 3 1427629 0524717
Knowledge-Skill x Time Spline 1 .0235483 .0055147
Knowledge-Skill x Time Spline 2 -.0662005 .0193479
Knowledge-Skill x Time Spline 3 1815708 .0535908
Constant 2.734138 .0171206
Observations 36248

R-squared 0.173

ONET components correspond to Lifetime Occupation

The decomposition of occupational wages into the “price” paid to each task-skill along with

the year trend components can be seen in Figure 9. It shows that the first principle component

of Knowledge-Skill tasks have been a driver of wage growth. However, different occupations

have different mixes of these components. The prediction for wage trends in each occupation

based on how the price paid to tasks used in that occupation changes overtime can be seen

in Figure 10. Occupations with declining payments to the tasks they use include household

and building services, construction and extraction, production occupations, and most operator

occupations.
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Figure 9: Predicted change in time and occupational task-skill component of wages.
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Figure 10: Predicted change in time and occupational task-skill component of wages.

Figure 11 provides a more concise definition of occupation. It groups the 16 SOC codes

into quartiles of 4 occupations each according to their physical task intensity. Clearly, the

most physically intensive occupations have suffered the largest predicted wage declines. This

is important for our analysis because we have shown that the physical task intensity of an

occupation is a strong predictor of both reported work limitations and disability receipt.

Predicted Log-Wage

Figure 11: Predicted change in time and occupational task-skill component of wages.
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Finally, we include Figure 12 to show that the wage trends produced by the calibrated

model using the targets and inputs as we have calculated above are consistent with general

understanding of wage trends over the time period. We see wage growth for the top two
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quintile of the distribution, stagnation for the second and third quintile, and modest decline for

the bottom quintile.
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Figure 12: Model wage trends by wage quintile.
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4 Current Population Survey (CPS)

We use the current population survey to calculate changes in the full-time, full-year employment
to population ratio for age-education demographic cells. We use this as the exclusion restriction
in the selection equation in our two-step wage regression in the PSID. Our measure of cyclical
risk in the model is also computed from the CPS. It is the job finding and job loss rates by

occupation over the cycle.

Exclusion Restriction for Wage Probit. For our exclusion restriction we calculate the one
and five year changes in full-time full year employment within occupation groups. The sample
is limited to individuals not self-employed or in the military. Full-time, full-year is defined as
usually more than 30 hours per week for greater than 49 weeks. Occupations are bridged from
Census 1990 or 2000 codes (as applicable) to the 1980’s codes and then to SOC codes by the
scheme listed in Section 2. The sample cover the years 1980-2014. All data are weighted by the
supplemental weights provided. Education categories are broken into three groups. They are
(1) less than high school measured as less than grade 12 schooling ; (2) high school measured
as completing at least grade 12 but not 4 years or more of college ; (3) four years or more of

college.

Job Loss and Finding Rates. We use the month-to-month individual linking provided by
Ruggles et al. (2013) and compute the fraction of employed workers who separate into unem-
ployment and the number of unemployed workers who find a job. Separations are attributed to
an occupation according to the main job in the month before unemployment while job finds are
attributed to an occupation according to the occupation reported by the unemployed worker
as their last occupation before unemployment. In sum, we associate unemployment transitions
with the occupation from which the unemployment spell originated.

To convert these to cycle- and occupation-specific transition rates we use the time-aggregation
correction from Elsby et al. (2009). Using NBER-defined recession dates, we take the average
finding and separation rates for each occupation in recessions and expansions.

The specific time-series of the employment flow hazards to and from unemployment are
shown by occupation in Figure 13. Figure 14 shows the mean flow rate and the standard

deviation of the annual difference in flow rates.'?

T— o
x

10Standardized statistic presented: & =
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Monthly Flow Hazard Rate

Monthly Flow Hazard Rate

Figure 13: Time series of employment flows across occupations.
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Occupation Employment Flows
Relative to Standardized Mean
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Figure 14: Variation in average and cyclical employment flows across occupations.

5 O*NET

We use the O*NET, a US Department of Labor database created to help workers understand
the requirements of various occupations, to measure the task content of each occupation. This
task content defines how occupations affect health outcomes. For each occupation, we merge
in Knowledge, Skills and Abilities descriptors from O*NET using the analyst database (version
4.0). We then split these descriptors between the physical demands of an occupation and
the rest, 19 of the former and 101 of the latter. From the physical descriptors, we measure
the occupation’s physical demands using the first principal component. For the 101 other
descriptors, we compute 2 principal components, slightly less than 70% of the variation. Finally,
we de-mean and standardize each of the components. To merge O*NET occupation codes, to
our coarser, 2-digit SOC codes, we take a simple average across occupations within the SOC

categories. Figure 15 summarizes our findings by occupation.
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Occupation Tasks
Relative to Standardized Mean

Managerial Professional Sales Clerical
] ] B S -—

Service: household & building Service: protection Service: food Service: Health

-10 0 10
L

] S
i

Service Personal Farming, forestry, fishing Mechanics and repair Construction & extractors

-10 0 10
L

,‘_,__ig—_—;g—_-;g__—;

-10 0 10
L L

Precision production Operators: machine Operators: transport Operators: handlers

T

-10 0 10
L L

B Physical M Knowledge Skill #1 [l Knowledge Skill #2 |

Graphs by Occupation

Figure 15: Variation in task intensity across occupations.

6 SSDI Application Acceptance Probability

Figure 16 shows the SSDI award process and how the stage at which awards and denials have
been made has changed over time. We assume that the rules themselves are constant and any
changes over time are driven by changes in the composition of applicants.

We use the marginal effects from Lahiri et al. (1995) to construct the following two-step
acceptance probability for an SSDI applicant conditional on their health, age, and the oc-
cupational productivity shock z; in their occupation j. The first step is the probability an
applicant is awarded benefits for severe enough health considerations 7 (d, 7). It depends on
the extent of their work limitation d and their age 7. The second step is the probability an
applicant is awarded benefits based on a combination of work limitations and vocational con-
cerns, conditional on not being awarded on the first step: m,(7,2). It depends on their age

I Therefore, the total award probability is:

7 and the occupational productivity shock zj.l
Taward(d, T, 2) = mp(d, 7) + (1 — wp(d, 7)) 70 (T, 2)

The first step award probabilities are:

None (d = 0) | Moderate (d = 1) | Severe (d = 2)
Age < 45 0.297 0.427 0.478
Age 45-55 0.315 0.450 0.508
Age 55-62 0.315 0.450 0.508

The regression in Lahiri et al. (1995) includes a dummy for one or more severe IADLs and a
dummy for three or more severe ADLs. We assign the marginal effect of the former/latter to

the moderate/severe limitation agents in our model (d = 1)/(d = 2), respectively. The include

See the main text for a discussion of how these factors are explicitly defined in the SSA rules and regulations.
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only an age dummy for individuals less than 35, the marginal effect of which we assign to our
youngest age group.

The second step award base conditional probabilities are bounded between 17.14% and 39%,
the second step conditional award probabilities observed in 1993 and 2010. We assume that
this probability is linearly increasing in z;. To this base, we add an additional acceptance
probability of 12.4 percentage points for agents over the age of 55 to match the marginal effect
of a corresponding dummy in Lahiri et al. (1995)

SSDI and SS Retirement Payment Schedules SSDI benefits and SS retirement at full
retirement age both replace past earnings at the same piecewise linear rate set according to
the formula used by the Social Security Administration. The key input into the formula is the
average indexed monthly earnings (AIME) of an individual’s 35 highest annual earnings (state
variable e in the model). We use an age-dependent recursive formulation to keep track of past
earnings as follows.'? We compute the updated earnings index by weighting the previous index
as though the individual is at the midpoint of the age group. For example, the age group 30-44
spans 15 years and the prior index is weighted by 1 — 1/(7.5 x 12) or .988, consistent with the
median individual in this age group, one in her 37.5th year (7.5th year of work). The index

is only updated with the current month’s wages for the last two age groups if it provides an

increase.'?
ex(1- 7.5&12) + w7.51x12 e < age 30-44
e X (1 = Trpx12) + Wiraxm e < age 45-49
e =3¢ ex(1- 22.51><12> + w22.51><12 e < age 50-54

max{e,e X (1 — 5=2-75) + Wyaqs} € < age 55-59
max{e,e x (1 — 5293) + Wy} € < age 60-64

7 Additional Steady State Moments.

Here we include additional steady state moments of the quantitative model to be compared

with data and prior work.

DI Apply Apply
zj [-94 -36.0 -35.7

0.1

3.

0.1 0.0
7 12.1

Table 16: Elasticity implied by coefficients (percent)
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% of Applicants % of Awards
Exogenous Separation 69.3 44.1
AIME > Median 19.2 20.1
Wage < 20 pctile 81.2 83.4
Table 17
% in Recession % in Expansion
Exogenous Separation 70.6 67.9
AIME > Median 19.1 19.6
Wage < 20 pctile 81.2 81.6
Application Rate 1.56 1.23
Table 18

7.1 Additional Tables
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Table 20: Condensed Vocational Grid- Capability for Unskilled,

Sedentary Work

| Age | Education | Work Experience | Decision |
50+ | less than High School | Unskilled Disabled
less than High School | Skilled, not transferable | Disabled
less than High School | Skilled, transferable Not Disabled
High School or more | Unskilled Disabled
High School or more | Skilled, not transferable | Disabled
High School or more | Skilled, transferable Not Disabled
45-49 | illiterate/no English | Unskilled Disabled
less than High School | Any Not Disabled
High School or more | Any Not Disabled
| 18-44 | Any | Any | Not Disabled |

Full grid: Appendix 2 to Subpart P of Part 404 of Code of Federal Regulations

“Individuals approaching advanced age (age 50-54) may be significantly limited
in vocational adaptability if they are restricted to sedentary work.”
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( 1

Insured Applicant
e 6.8% (1985-89) to 8.8% (2009-13) of working

age are insured

e 1% (1985-89) to 1.9% (2009-13) of insured
apply

Engaging in Significant
Gainful Activity (SGA)?
e 6.3% (1985-89) to 11.8% (2009-13) of denials

for “claimant failure or other”

no

Severe Impairment?

no

e 20.5% (1985-89) to 19.0% (2009-13) of de-
nials for non-severe

yes

Meets or Equals Listing?
e 65% (1985-89) to 37% (2009-13) of al-

lowances for meet.

e 10% (1985-89) to 7% (2009-13) of allowances
or equals.

no

Capable of Past Work?
e 35.8% (1985-89) to 27.1% (2009-13) of de-

nied at initial level

reconsideration level

hearing level

e 58% (1990) to 58% (2012) of applications de-

e 16% (1990) to 15% (2012) allowance rate at

e 74% (1990) to 63% (2014) allowance rate at

yes nials for capable of past work.
no
Capable of Other Work?
—| e 22% (1985-89) to 36% (2009-13) of denials
yes for capable of other work.
Deny

yes

no

Allow
e 25% (1985-89) to 56% (2009-2013) of al-
lowances had vocational considerations

Figure 16: Initial decision process. Allowances from the red step “Meets or Equals the Listing”
do not consider ability to work, all other steps do.
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Figure 17: The fraction of eligible population on SSDI in 2010
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Figure 18: Role of Vocational Considerations in SSDI Trends
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