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1 Introduction

An important aspect of household labor supply is that idiosyncratic wage shocks of one

spouse can be mitigated by an increase in the labor supply of the other spouse. Indeed, pre-

vious studies have shown that spousal labor supply acts as an important household insurance

mechanism, mainly in the context of husbands’ permanent wage shocks or job displacement

shocks (Stephens, 2002; Blundell et al., 2016).

As I show in this paper, however, wives’ labor supply responses in the event of their hus-

bands’ disability are small and statistically insignificant. This is contrary to what standard

economic models would predict, given that disability shocks are generally persistent and

result in a significant decrease in household earnings. These facts suggest that the household

insurance mechanism against wage shocks due to health shocks is considerably different from

that against wage shocks generally studied in the literature.

An important difference between a job displacement shock and a disability shock is that

the latter may reduce the time that spouses allocate to market work due to caregiving

activities. Therefore, this paper examines married women’s time allocation to market hours

and spousal care in the event of their husbands’ disability and its implications for evaluating

the insurance value of the Social Security Disability Insurance (SSDI) program. Despite

SSDI being one of the largest social insurance programs in the US with 9 million working

age beneficiaries, little is known about the insurance value that SSDI provides, especially

in the context of married households. This paper seeks to fill this gap by examining the

insurance value of SSDI among married households when taking into account that some of

the household insurance that spousal labor supply provides is reduced due to time spent in

caregiving.

Using data from the Health and Retirement Study (HRS), I perform an event study to

provide evidence that while wives’ weekly working hours increase by 4 hours in response

to their husbands’ layoff, labor supply responses in the event of their husbands’ disability

are small and statistically insignificant. In contrast, I show that wives spend a significant

amount of time in caregiving once their husbands become disabled, and the magnitude of

this response is similar to the increase in wives’ labor supply in the event of their husbands’

layoff.

While informative, these facts alone are limited in answering how much of spousal labor

supply responses are attenuated due to time spent in spousal care versus other competing

forces and what its implications are for evaluating the insurance value of SSDI relative to its

costs. Here, I consider two alternative mechanisms that could also explain the small spousal
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labor supply responses to husbands’ disability: 1) the income effects of SSDI benefits and

2) health state dependent utility where the marginal utility of consumption in the disabled

state is different from that in the healthy state.1

To answer the questions described above, I develop a dynamic model of married house-

holds which incorporates 1) husbands’ disability and layoff shocks, 2) wives’ time allocation

to market hours, leisure, and caregiving, 3) health state dependent utility, and 4) the institu-

tional features of SSDI. Importantly, health state dependence in consumption utility directly

affects the insurance value of SSDI since the optimality of an insurance program depends on

making transfers from the “good” state to the “bad” state such that the marginal utility of

consumption in the two states is equal.

The model parameters that govern health state dependence are estimated using indirect

inference where I use two types of moments: 1) changes in wives’ labor supply in the event

of their husbands’ disability, and 2) wives’ caregiving choices. Intuitively, this is because

changes in wives’ market hours across their husbands’ health states partially reflect how

much households value consumption across health states since wives choose market hours

in each state such that the marginal utility of their leisure (per dollar) equals the marginal

utility of consumption. However, since caregiving increases wives’ marginal disutility of

work when their husbands become disabled, spousal labor supply responses and spousal care

choices need to be jointly matched in order to correctly estimate the health state dependence

in consumption utility.

The model parameter estimates indicate positive health state dependence in both mod-

erately and severely disabled states where the marginal utility of consumption is 8% and

18% higher than that in the healthy state, respectively. In contrast, the marginal utility

of consumption in the disabled state is significantly underestimated when the model ab-

stracts from caregiving and only the spousal labor supply responses across health states are

matched. In this case, I find that the marginal utility of consumption is 9% lower when

husbands are severely disabled compared to when they are healthy. This is because a model

that does not account for spousal care will interpret the small spousal labor supply responses

as households valuing consumption less in the disabled state when in fact they are due to a

large fraction of wives spending time in spousal care.

Using the estimated model, two sets of counterfactual experiments are performed. First,

1In other words, the marginal utility of consumption would decline with deteriorating health if con-
sumption goods (such as travel) are complements to good health. Notice that spouses have less incentive
to increase their labor supply in response to their husbands’ disability if the marginal utility of household
consumption is lower when husbands are disabled compared to when they are healthy.
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I find that about 50% of spousal labor supply responses are attenuated due to time spent

in providing care for disabled husbands. Second, I perform various welfare analyses by

computing the ex-ante insurance value of SSDI among married households relative to its

costs. One of the main findings is that accounting for spousal care increases the insurance

value of SSDI relative to its costs such that under the baseline model, married households

value SSDI by $0.97 per dollar of SSDI benefits whereas the insurance value of SSDI drops

to $0.91 per dollar of SSDI benefits when time spent in spousal care is not accounted for.

This is because spousal care significantly reduces the insurance role of wives’ labor supply in

the event of their husbands’ disability, and this is reflected as an increase in the parameter

estimates that govern the marginal utility of consumption in the disabled states. In terms

of magnitude, this is equivalent to the difference in the insurance value between the current

SSDI program and a reformed SSDI program where benefits are 11.1% higher than current

levels. This implies that once we consider the fact that spouses respond to disability shocks

by allocating time to caregiving rather than increasing labor supply, optimal SSDI benefit

levels for married households need to be higher compared to when we assume that spouses

allocate their time to market work and leisure only.

Furthermore, under the baseline model with time allocation to spousal care, each dollar

of SSDI benefits entails an additional fiscal cost of 10 cents due to behavioral responses.

Therefore, net of fiscal costs, each dollar of SSDI benefits is valued as 88 cents among married

households and in order to make this equal to $1, SSDI benefits needs to be 17.4% lower than

current levels. However, I show that instead of reducing SSDI benefits by 17.4% across the

board, it is possible to improve utilitarian social welfare given the same government budget

by reducing SSDI benefits but providing a flat amount of supplementary caregiving benefits

to eligible SSDI beneficiaries. These results imply that adjusting benefit generosity based on

the degree of required care could be one possible modification of the current SSDI system

to provide households with the welfare benefits of SSDI while managing the growth of SSDI

rolls.

This paper is related to three broad strands of literature. The first is what is known as the

“added worker effect” literature which examines the extent to which the secondary earner’s

labor supply increases in response to a negative earnings shock of the primary earner. Ear-

lier works have focused mostly on female labor supply responses to husbands’ unemployment

shocks and found added worker effects to be small (Mincer, 1962; Heckman and MaCurdy,

1980; Layard et al., 1980; Lundberg, 1985; Maloney, 1987, 1991; Spletzer, 1997; Cullen and

Gruber, 2000). In contrast, more recent works have attempted to distinguish between tran-
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sitory and permanent wage shocks and found that female labor supply plays an important

role in insuring against husbands’ permanent wage shocks (Hyslop, 2001; Stephens, 2002;

Juhn and Potter, 2007; Haan and Prowse, 2015; Blundell et al., 2016).

Most of these works, however, do not distinguish whether the wage shock has been

induced by a health shock or not.2 I contribute to this literature by focusing on a mechanism

that (to my knowledge) has not been explicitly accounted for, namely, wives’ time allocation

to caregiving, and examine the extent to which this can explain the small added worker

effects in the event of husbands’ disability.

The second strand is the large literature on social disability insurance (DI) programs.

This literature has mainly evolved around exploring the disincentive effect of the receipt of

DI benefits (Parsons, 1980; Bound, 1989; Gruber, 2000; Chen and van der Klaauw, 2008;

von Wachter et al., 2011; Maestas et al., 2013; French and Song, 2014). More recent works

have focused on the economic consequences of disability and welfare implications of existing

or counterfactual DI policies (Bound et al., 2004; Chandra and Samwick, 2005; Bound et al.,

2010; Meyer and Mok, 2013; Jacobs, 2015; Kostøl and Mogstad, 2015; Low and Pistaferri,

2015; Autor et al., 2017).3 However, most of these works model households as singles and

ignore the additional source of insurance provided by spouses.4

Lastly, this paper is related to the empirical literature on state dependent utility func-

tions (Viscusi and Evans, 1990; Evans and Viscusi, 1991; Lillard and Weiss, 1997; Edwards,

2008; Finkelstein et al., 2009, 2013; Brown et al., 2016). While it has been long recognized

that variation in the shape of the utility function by health status has important economic

implications (e.g., optimal structure of insurance, optimal life-cycle savings), there is little

empirical consensus on the direction and magnitude of health state dependence. This is due

to differences in identification strategies across previous studies as well as data limitations

2A smaller number of studies have explored the effect of health shocks on spousal labor supply responses
including Parsons (1977), Berger and Fleisher (1984), Haurin (1989), Charles (1999), Coile (2004), Gallipoli
and Turner (2011), Fadlon and Nielsen (2017), and Jeon and Pohl (2017).

3There is also a growing literature on the causes and consequences of the growth in DI rolls; see Autor
and Duggan (2003), Autor and Duggan (2006), and Liebman (2015).

4One exception is a recent work by Autor et al. (2017). Based on Norwegian data, the authors find that
DI denial has little impact on household income or consumption of married applicants since spousal earnings
and benefit substitution entirely offset the loss in DI benefits. This leads to the conclusion that households’
valuation of DI receipt is considerably greater for singles than for married couples. An important caveat
of their results is that their analysis is restricted to DI appellants (i.e., applicants who appeal their initial
DI denial) and it is reasonable to assume that appellants are more likely to be marginally disabled and
thus do not require spouses to spend additional time in spousal care. This paper differs by modeling the
intertemporal labor supply of the two spouses both pre- and post-disability as well as pre- and post-SSDI
application and explicitly considering wives’ choices between market work and caregiving.
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(especially broad-based panel data on consumption with health measures). A recent work by

Fadlon and Nielsen (2018) proposes using spousal labor supply responses across health sta-

tus as sufficient statistics to infer welfare gains of social insurance programs since individual

labor supply responses are arguably better measured and widely available in most datasets.

I complement this literature by using both spousal labor supply responses and spousal care

choices to estimate health state dependence and show that matching only spousal labor sup-

ply responses is imperfect when wives spend a sizable amount of time in caregiving for their

disabled husbands.

The rest of the paper is organized as follows. Section 2 provides empirical evidence on

wives’ labor supply and caregiving responses to their husbands’ disability shock using an

event study framework. Section 3 describes a dynamic model of married households which

incorporates husbands’ disability process, wives’ time allocation to leisure, market work, and

caregiving, and the institutional details of SSDI. Section 4 discusses the estimation method

of the model parameters. Section 5 reports the parameter estimates of the model as well as

the key simulation results of this paper. Section 6 concludes.

2 Empirical Evidence

This section provides empirical evidence on how wives’ labor market and caregiving hours

respond to their husbands’ wage shocks, namely disability and layoff shocks. All analysis is

restricted to the event of husbands’ wage shocks since husbands are the “main earners” for

most married households in my data sample.5

2.1 Background

Before presenting the empirical patterns regarding wives’ time allocation to market work

and caregiving, I discuss the dataset that I use throughout this paper and how I categorize

individuals in my sample as “disabled.” I also provide a brief overview of the institutional

5Based on the dataset described in Section 2.1.1, I use various definitions of “main earner” (e.g., share
of total earnings during marriage, number of years in which one spouse earned more than the other spouse,
share of earnings at a given point in time) and find that 80 ~ 85% of married households can be classified as
husbands being the main earner. Also, these measures of “main earner” are highly correlated and therefore
robust to how they are defined. In addition, Merkurieva (2014) reports that although there is no evidence
of husbands increasing working hours in the event of their wives’ layoff, sizable added worker effects can be
observed once the analysis is restricted to the layoff of wives who contributed 40% or more of household
lifetime earnings. This aligns with economic intuition as it is less likely to observe added worker effects in
response to wage shocks of the secondary earner.
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settings of SSDI and report summary statistics.

2.1.1 Data

I use data from the Health and Retirement Study (HRS) for all of my analysis. HRS

is a biennial panel of a representative sample of Americans ages 50 and over as well as

their spouses. The Core survey contains rich information on health, assets, labor market

outcomes, disability benefits, and caregivers. The caregiver data is especially useful since it

reports whether the respondent receives help from someone else in performing a given list

of (Instrumental) Activities of Daily Living (ADLs/IADLs)6, the identity of the caregivers

in relation to the respondent, the number of hours that they provide help, whether they are

paid, and if so, the amount that they are paid. I use 12 survey waves of the data from 1992

to 2014. I utilize caregiver data from 2000 to 2014 (8 waves) due to inconsistencies in earlier

survey waves that make it difficult to identify spouse caregivers.

Two other HRS data products are merged with the Core survey. First, the Consumption

and Activities Mail Survey (CAMS) is an off-year supplement on time use surveyed for a

subsample of the HRS Core respondents. This provides information on non-market time use

(including time spent in spousal care) conditional on the severity of spouses’ disability, which

is generally not available in other datasets. Eight survey waves from 2001 to 2015 are used.7

Second, I merge restricted Social Security data which provides information on respondents’

Social Security earnings history and disability benefit claims. Social Security earnings are

reported annually and date back to 1954. The disability benefits claims data (Form 831

Disability Records) include detailed information on applications filed by HRS respondents

and their outcomes. Merging the three data products results in a unique panel dataset that

contains rich information on disability status, labor market outcomes, non-market time use,

and interactions with disability insurance programs.

2.1.2 Definition of “Disability”

Throughout this paper, a respondent is classified as “disabled” if the individual answered

‘yes’ to the HRS question of “having a health condition that limits the type or amount of

6Six ADLs and five IADLs are included. ADLs include walking across a room, dressing, bathing or
showering, eating, getting in and out of bed, and using the toilet. IADLs include preparing hot meals,
shopping for groceries, making phone calls, taking medications, and managing money (e.g., paying bills and
keeping track of expenses).

7Time spent in caregiving is available from 2007 and onwards as this was not asked in earlier waves.
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work one can do.” This is the main disability question available in most public datasets and

commonly used in most of the previous works on disability.

HRS has an advantage over other datasets as it allows researchers to determine the

severity of the respondent’s disability based on a wealth of health information instead of

relying on subjective measures of severity (e.g., health condition limits work “somewhat” or

“a lot”). As a benchmark, I use a measure of severity proposed by the U.S. Census Bureau

where I define an individual to be “severely disabled” if he is disabled and satisfies one or

more of the following seven criteria (Brault, 2012).

1. Deaf, blind, or unable to see, hear, or have speech understood

2. Unable to perform the following functional activities: walking, using stairs, lifting/carrying,

grasping small objects

3. Need to use a wheelchair, cane, crutches, or walker

4. Need assistance of another person to perform the following ADL/IADLs: getting

around inside the home, getting in or out of bed or a chair, bathing, dressing, eating, or

toileting (ADLs), going outside the home, managing money and bills, preparing meals,

doing light housework, taking prescription medicines, using the telephone (IADLs)

5. Has Alzheimer’s disease, dementia, or senility

6. Has an intellectual or developmental disability (e.g., autism, cerebral palsy)

7. Had one or more selected symptoms that interfered with everyday activities: was

frequently depressed or anxious, had trouble getting along with others, had trouble

concentrating, had trouble coping with stress

Those who report being disabled but do not fall into any of the seven criteria listed above

are classified as “moderately disabled.” Respondents who do not report being disabled are

considered as being “healthy.”

2.1.3 Background on SSDI

SSDI is designed to replace a worker’s income in the event of a work-preventing illness

or disability. In 2014, 11 million beneficiaries (9 million working age beneficiaries and 2

million dependents) received a total of 120 billion dollars in benefit payments. Under SSDI,

“disability” is defined as the “inability to engage in substantial gainful activity (SGA) by

reason of a medically determinable physical or mental impairment expected to result in

death or last at least 12 months.” The program is administered by the Social Security

Administration (SSA) and individuals must file an application with a local SSA field office

in order to be considered for benefits.
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In practice, the disability determination process consists of multiple stages and applicants

can be awarded with benefits based on either medical or vocational considerations. If an

applicant meets the SSA’s listing of qualifying medical conditions (or provides evidence

that the applicant’s medical condition is “equal” to the that in the SSA’s medical listing),

then they are accepted into the program under medical allowance. Applicants who are not

accepted at this stage are then considered whether their residual functional capacity allows

them to work in either their past jobs or any type of work in the national economy based

on vocational guidelines (e.g., age, work experience, education). Vocational allowances have

grown rapidly over the years such that since the early 2000s, about half of SSDI allowances

have been based on vocational considerations (Morton, 2015).

Finally, SSDI beneficiaries receive a monthly benefit in which the amount is based on

beneficiaries’ past average monthly earnings. The benefit amount does not depend on the

severity of the disability since SSDI is designed to be eligible for workers whose impairments

are severe enough (i.e., falls under the SSA’s definition of “disability”).8 The formula for

SSDI benefits is almost identical to that for Social Security Retirement benefits where re-

placement rates are lower for beneficiaries with higher past earnings.9 In 2014, the average

monthly SSDI payment was $1,145.61 for disabled workers. SSDI benefits automatically

convert to Retirement benefits when beneficiaries reach full retirement age.

2.1.4 Summary Statistics

Table 1 provides summary statistics of married men in the HRS by their health status. First,

about 20% of husbands are disabled with nearly 10% of husbands classified as being severely

disabled. While employment rates drop significantly with the severity of the disability, about

20% of severely disabled husbands still report being employed. Also, disabled husbands

are more likely to be less educated and have less wealth. A sizable portion of disabled

husbands receive SSDI benefits, roughly 18% and 40% for the moderately and severely

disabled, respectively.

The second panel of Table 1 reports heterogeneity in the primary health condition that is

associated with the reported disability. For both moderate and severely disabled husbands,

8This does not imply that SSA can perfectly screen out non-meritorious claims. Since disability status
is private information, sizable errors may arise in the screening process. For example, Nagi (1969) finds that
19% of initial allowances were undeserving and 48% of denied applicants were truly disabled. Using the HRS
data, Benitez-Silva et al. (2006) conclude that over 40% of recipients of SSDI are not truly work limited.

9Unlike Social Security retirement benefits, however, SSDI benefits are not adjusted for receiving benefits
earlier than the full retirement age. Furthermore, up to five years of workers’ lowest earnings are excluded
when computing past average earnings.

9



musculoskeletal conditions (e.g., arthritis, back/neck/spine problems) and heart, circulatory,

and blood conditions (e.g., heart attack, stroke, high blood pressure) are the top two health

conditions that are primarily associated with their disabilities. However, moderately disabled

husbands are more likely to have musculoskeletal conditions than severely disabled husbands.

The third panel of Table 1 reveals that the Census severity definition aligns well with

potential caregiving needs. While the average moderately disabled husband do not have

any ADLs or IADLs that are difficult to perform, the average severely disabled husband

has difficulty in performing one ADL and one IADL. Furthermore, compared to moderately

disabled husbands, those who are severely disabled are 40% more likely to stay overnight in

a hospital, and once they do, they are hospitalized for a significantly longer period. While

both moderately and severely disabled husbands are equally likely to make a doctor visit

Table 1: Summary Statistics of Married Men by Disability Severity

Healthy Moderate Severe

Age (mean) 57.7 58.7 58.4
Years of education (mean) 13.7 12.7 12.0
Employed (in %) 85.64 43.74 18.41
Receives SSDI (in %) 0.22 18.23 39.85
Household wealth (median, in $1,000) 287.26 181.05 91.39

Associated primary health condition (top 3, in %)†

1) Musculoskeletal system - 58.27 43.56
2) Heart, circulatory and blood conditions - 18.51 16.06
3) Neurological and sensory conditions - 1.30 14.77
4) Respiratory system conditions - 6.68 4.45

Number of ADLs difficult to perform (mean) 0.03 0.19 1.20
Number of IADLs difficult to perform (mean) 0.02 0.04 1.01
Stayed overnight in hospital (last 2 years, in %) 13.03 31.18 43.40
Number of hospital nights (last 2 years, mean)‡ 4.82 8.06 14.98
Made any doctor visit (last 2 years, in %) 88.73 95.03 96.56
Number of doctor visits (last 2 years, mean)∗ 6.19 12.88 21.02

Person-year observations 23,498 3,402 2,943
(%) 78.74 11.40 9.86

Notes: Results are based on a sample of married men from ages 50 to 64 in the HRS (1992-2014). All
summary statistics are weighted by HRS sample weights. Dollar values are in 2015 dollars.
† The three most common health condition groups for moderate (1, 2, and 4) and severely disabled (1, 2,
and 3) are reported. Refer to Appendix A for a list of detailed health conditions included in each group.
‡ This is conditional on having any overnight hospital stay in the last two years.
∗ This is conditional on making at least one doctor visit in the last two years.
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Table 2: Share of Wives Providing Care for their Husbands

Husbands’ Disability

Moderate Severe

Help their husbands perform at least one ADL/IADL† (%)

(0, 25] hours per week - 41.64
Greater than 25 hours per week - 14.34
Person-year observations - 1,808

Help treat/manage their husbands’ medical condition(s)‡ (%)

(0, 25] hours per week 18.41 34.52
Greater than 25 hours per week 1.49 5.34
Person-year observations 386 281

Notes: Results are based on a sample of wives in the HRS whose husbands are from ages 50 to 64. All
summary statistics are weighted by HRS sample weights.
† This information is from the HRS Core data (2000-2014, 8 waves). If a disabled husband receives help
in performing one or more ADL/IADL, then by definition, he is classified as severely disabled (due to
the fourth criteria described in Section 2.1.2). Therefore, this information is not available for moderately
disabled individuals.
‡ This information is from the HRS CAMS data (2007-2015, 5 waves). Since the CAMS survey is a
supplementary survey which only includes a random subsample of the HRS Core respondents, the sample
size is significantly smaller.

within a two-year period, severely disabled husbands frequent doctors far more often than

moderately disabled husbands do (12.88 vs. 21.02 visits in two years). All of these facts

suggest that individuals with severe disabilities are more likely to require help from another

person to perform basic daily activities as well as treat and manage their medical conditions.

Table 2 indicates that both the fraction of husbands receiving care from their wives and

the number of hours that they receive increase with the severity of the disability. Here,

I identify husbands receiving care from their wives using information from both the Core

survey and the CAMS dataset where the Core survey reports the amount of time that

husbands received help from their wives in performing ADL/IADLs while the CAMS data

reports wives’ time spent in treating or managing their husbands’ medical conditions. About

60% of severely disabled husbands receive their wives’ help in performing ADL/IADLs with

15% of them receiving help for more than 25 hours per week. Even for moderately disabled

husbands, 20% report receiving help from their wives to treat or manage their medical

conditions, although the number of hours is smaller. This suggests that wives spend a

sizable amount of time in caregiving once their husbands become disabled.

Finally, I document substantial differences between single and married men in terms of
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Table 3: Summary Statistics of Caregivers of Severely Disabled Men

Single∗ Married

Number of caregivers (in %):
One 61.97 73.60
Two 24.09 16.47
Three or more 13.94 9.93

Caregivers’ relationship to respondent‡ (in %)
Wives - 97.35
Daughters 18.54 9.94
Sons 8.64 9.64
Other relatives 44.54 11.85
Non-relatives† 51.49 5.02

Has Medicaid coverage (in %) 43.23 16.03
Receives care from Medicaid-covered caregiver(s) (in %) 17.07 1.44

Person-year observations 502 1,197

Notes: Results are based on a sample of severely disabled men from ages 50 to 64 in the HRS who
report receiving help from someone else in performing ADL/IADLs (2000-2014). All summary statistics
are weighted by HRS sample weights.
∗ “Singles” include men who are either divorced, separated, widowed or never married.
† Includes caregivers from organizations or institutions, paid helpers, and professional helpers.
‡ Since respondents may have multiple caregivers, this does not necessarily add up to 100%.

their caregivers in Table 3. Here I restrict the sample to severely disabled men aged 50

to 64, conditional on receiving help from someone else to perform ADL/IADLs. The most

striking difference between single and married men comes from who they receive care from.

For married men, 97% receive care from their wives. Only 5% receive care from non-relative

caregivers which includes caregivers from organizations or institutions, paid helpers, and

professional helpers. Also, while 16% of married men have Medicaid coverage, only 1% of

married men utilize caregivers covered by Medicaid. In contrast, more than half of single

men receive care from non-relative caregivers and 40% of men with Medicaid coverage receive

care from caregivers paid by Medicaid. This implies that for married households, spouses

are the primary caregivers despite the existence of alternative market options and coverage

through Medicaid.
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2.2 Event Study Framework and Results

In this section, I use an event study framework to document changes in labor supply re-

sponses and caregiving hours of wives in the event of their husband’s earnings shock (layoff

or disability). Layoffs are defined as job separations due to either closure of the business or

being laid off/let go.10

For a married household i at time t, the estimation model is as follows,

yit = αi + γt +X ′itβ +
5∑

k=−4

δk · Iitk + εit (1)

where yit denotes the dependent variable of interest, γt are year dummies, and Xit includes

a quartic in both spouses’ ages, census division dummies, household size, and length of the

current marriage (in years). Iitk denotes an indicator for being k years since the onset of the

wage shock (disability or layoff). I control for 4 years prior and 5 years after the onset of

the wage shock. Therefore, δk measures the change in the dependent variable at k years of

onset relative to 5 or more years before the onset of the shock.

Figure 1a depicts changes in husbands’ weekly working hours pre- and post-onset of the

shock.11 For both layoffs and disability shocks, husbands significantly reduce working hours

at the onset of the shock and this persists even after four years since the shock occurred.

This implies that disability shocks as well as layoff shocks are associated with a persistent

drop in husbands’ earnings.

Figure 1b documents how wives adjust their working hours in response to their husbands’

wage shocks. For wives whose husbands are laid off, they increase their weekly working hours

by 4 hours and the estimates are statistically significant. Given that the average weekly

working hours prior to their husbands’ layoff is about 26 hours, this is a 15% increase in

working hours, which is a sizable magnitude. This is consistent with intuition as well as the

magnitude of the response being similar to that reported by Stephens (2002) who used a

sample of working age married women in the Panel Study of Income Dynamics (PSID).

In contrast, wives with disabled husbands do not increase their labor supply. Point

estimates indicate that wives reduce working hours by 2 hours compared to 5 or more years

before their husbands’ disability onset and all of the coefficients are statistically insignificant.

10Workers who list all other separation reasons (e.g., quit, health, family, new job, retirement) are not
classified as being laid off.

11When regressing husbands’ weekly working hours on layoff onset indicators, I restrict the control group
(i.e., husbands who did not experience a layoff shock) to those who are employed. This is because by
definition, layoffs occur conditional on being employed in the previous period.

13



Figure 1: Changes in Weekly Hours Worked by Onset Year

(a) Husbands†

(b) Wives‡

Notes: Results are based on a sample of married households in the HRS (1992-2014) where both

spouses are under age 65. The vertical lines through each dot indicate 90% confidence intervals.
† Average weekly working hours before shock onset: 36.2 (disability), 43.8 (layoff)
‡ Average weekly working hours before their husbands’ shock onset: 23.4 (disability), 25.9 (layoff).
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Given that husbands’ disability shocks lead to a persistent drop in household earnings (as

implied by Figure 1a), the small spousal labor supply responses to husbands’ disability shocks

imply that wage shocks due to disability shocks elicit household responses that are different

from that in the event of layoffs.

Next, columns (1) and (2) of Table 4 document changes in wives’ hours spent in caregiving

for their husbands. As the measures of time spent in caregiving in the Core and CAMS data

are different, both results are shown in columns (1) and (2), respectively. Results from both

data sources are quantitatively similar; by the second year of husbands’ disability onset,

Table 4: Wive’s Weekly Caregiving Hours by Husbands’ Disability Onset and Severity

(1) (2) (3)
Event Study

(Core)†
Event Study

(CAMS)‡
OLS

(CAMS)

Panel A: By Onset Year

Year = -2, -1 0.082 0.537
(0.394) (0.822)

Year = 0, 1 1.711∗ 2.510∗∗

(0.883) (1.271)

Year = 2, 3 3.450∗∗∗ 2.968∗

(1.225) (1.737)

Panel B: By Severity

Moderate 2.286∗∗

(1.109)

Severe 5.270∗∗∗

(1.615)

R-sq. 0.016 0.076 0.059
Observations 10,604 1,326 2,849

Notes: Results are based on a sample of married households where both spouses are under age
65. Column (1) is based on data from the HRS Core survey (2000-2014) while columns (2) and (3)
are based on the HRS CAMS data (2007-2015). The event study regressions for columns (1) and
(2) control for a quartic in both spouses’ ages, household size, length of current marriage, census
division and year fixed effects, and household fixed effects. OLS regression for column (3) controls
for a quartic in age, education, and race of both spouses, the wife’s disability status, household
size, length of current marriage, and census division and year fixed effects. Standard errors in
parentheses, clustered at the household level. ***, **, * indicate statistical significance at the 1, 5,
and 10 percent levels, respectively.
† Measure of caregiving: time spent in helping the husband in performing ADL/IADLs.
‡ Measure of caregiving: time spent in treating or managing the husband’s medical condition(s).
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wives spend on average 3 hours more per week on spousal care. Given that the increase in

wives’ labor supply when their husbands are laid off is 4 hours per week (as shown in Figure

1b), this is a sizable magnitude that may influence wives’ decisions to increase their working

hours.

Finally, column (3) of Table 4 shows the difference in spousal caregiving hours by the

severity of husbands’ disability. A simple OLS regression indicates that even wives of moder-

ately disabled husbands spend a sizable amount of time in caregiving activities (roughly 2.3

hours per week). As expected, wives of severely disabled husbands spend more than twice

the amount of time in caregiving (5.3 hours per week) than those of moderately disabled

husbands.

Robustness

While Figure 1 documents that added worker effects in the event of husbands’ disability

are small and statistically insignificant, it is possible that this may be due to a number of

confounding factors. First, this may be due to disability status being correlated between the

two spouses – wives of disabled husbands are more likely to be disabled and thus decrease

labor supply in the event of their husbands’ disability. Also, the results may be driven

by households that are receiving SSDI benefits. Finally, households may have different

expectations for different types of disabilities such that it is not surprising to observe small

added worker effects if the disability is highly expected. These concerns are addressed in

Appendix B, where I show that spousal labor supply responses to husbands’ disability are

small even when these concerns are accounted for.

3 Dynamic Model of Married Households

Although the empirical evidence provided in Section 2 is informative, it is not able to provide

a decomposition of the forces that contribute to the small spousal labor supply responses

in the event of husbands’ disability. Moreover, it is not able to answer how these forces

interact with evaluating the ex-ante insurance value of SSDI relative to its costs. Therefore,

I develop a dynamic model of married households which incorporates the three main factors

that could explain the small added worker effects in the event of husbands’ disability: 1)

the disincentive for wives to work due to the income effects of SSDI benefits, 2) time spent

in spousal care, and 3) health state dependent consumption utility. I incorporate health
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state dependence since it is reasonable to expect small spousal labor supply responses when

consumption is valued less in the disabled state than the healthy state.

3.1 Model Setup

All households enter the model as married consisting of a husband and a wife denoted as

j ∈ {h,w}.12 I assume unitary households where households are single decision-making

units.13 I denote t as the husband’s age and set the wife’s age as t− 3 since this is the aver-

age age difference between the two spouses in the HRS data.14 The model period starts at

t1 and households die with certainty at tT . A period is a year. Households dissolve through

(exogenous) death or divorce, and I assume that there is no remarriage.15

Sources of uncertainty – The following exogenous shocks are realized at the beginning of

each period t:

1. Mortality and divorce shocks: The husband dies with probability δhm,t−1(st−1, f
h) which

depends on his age t, health status st−1, and individual type fh, which is fixed and

exogenous in the model. fh is determined based on the husband’s average lifetime

earnings and accounts for ex-ante heterogeneity that affects his probability of survival

(as well as his health transition probability and wage offers as described below). I

12Since this paper focuses on understanding responses to disability shocks among married couples, the
model abstracts from endogenous marriage and separation over the life-cycle. Although understanding how
disability shocks affect individuals’ choices to marry and to divorce is an interesting question, this is left for
future research.

13The unitary model is the most commonly used intertemporal household model as it can account for the
intertemporal allocation of resources at the household level while maintaining computational tractability.
Alternatively, there are recent works that use intertemporal collective models where the joint household
utility is the sum of each spouse’s utility weighed by their Pareto weight (“decision power”) and within each
period, resources are allocated between couples in a Pareto-efficient manner. Often, in these types of models,
household members have limited commitment such that the marriage can break apart if the individual utility
from staying in marriage is lower than leaving the household and taking the best outside option. These
types of models are more suitable for exploring intra-household allocation of resources over time as well as
household formation or dissolution processes. While these are certainly attractive features, implementing
these features significantly complicates the estimation in this paper’s setting. Since the objective of this
paper is to develop a household model with time allocation to leisure and spousal care and use this model
to evaluate the ex-ante insurance value of SSDI at the household level, I abstract from the intra-household
allocation of consumption and focus on the unitary model. Exploring how disability shocks affect marital
stability and the intra-household allocation of resources among spouses is saved for future research.

14This is due to computational tractability as separately tracking both spouses’ ages substantially increases
the state space.

15Although this is a simplifying assumption, assuming no remarriage is more reasonable for older couples
since remarriage rates drop significantly among the older population. This is one reason why the starting
period of the model, t1, is set as age 50 when estimating the model parameters (see Section 4.1.2).
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discretize fh to two types: “high” and “low.” The wife dies with probability δwm,t−1

which is a function of her age. The household dissolves through divorce with probability

δd(st−1) which also depends on the husband’s health status.

Conditional on the household’s survival, the following shocks are realized.

2. Disability shock: The husband’s health status st ∈ {0, 1, 2} (healthy, moderate, and

severe) is realized. The health transition probability is a function of st−1, t, and his

individual type, fh. I abstract from modeling the wife’s health status.

3. Layoff shocks and job arrivals: Husbands who were working in the previous period

receive a layoff shock with probability δj(st−1) which depends on his health status.

Jobs arrive at a rate of λ (there is no job search).

4. Wage shocks: The husband’s wage offer depends on his age t, health status st, and

individual type fh. The wife’s wage offer depends on her age, t− 3. In addition, both

spouses receive an idiosyncratic wage shock each period.

Preferences – The household period utility is specified as follows.

ut(c, l
h, lw, tc; s) = θ(s)

c1−γ − 1

1− γ
+ ψh

(lh)1−γh − 1

1− γh
+ ψw

(lw)1−γw − 1

1− γw
+ ωt(tc; s) (2)

The household receives utility from household consumption c, leisure of each spouse lh and

lw, and caregiving provided by the wife’s time input tc.16 The husband’s health status is

denoted as s ∈ {0 (healthy), 1 (moderate disability), 2 (severe disability)}. θ(s) is included

as a tractable way of accounting for health state dependence in consumption utility. Nor-

malizing θ(0) = 1, if θ(s) is greater than 1 in the disabled states, this implies positive health

state dependence since the marginal utility of consumption is multiplied by θ(s). I do not

make any a priori assumption on the direction of the health state dependence in consumption

utility.

16It is possible to generate caregiving utility through either the wife’s time input or expenditures on hiring
professional caregivers (or a combination of both). However, as shown in Table 3, almost all husbands (97%)
who receive help in performing ADL/IADLs report that they receive care from their wives. Only 5% of
husbands report hiring non-relative caregivers. Also, while 16 % of severely disabled husbands are eligible
for Medicaid, only 1% of husbands receive care from Medicaid-paid caregivers. Therefore, assuming that
caregiving utility is solely produced by the wife’s time inputs is reasonable in the context of this model.
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Next, lh, lw, and tc are chosen subject to the following time constraints,

lh + (1 + φ(s)) · hh = L̄ (3)

lw + hw + tc = L̄ (4)

where L̄ denotes the time endowment available for each spouse in each period, and hh and

hw denote the husband and wife’s hours worked in the labor market, respectively. hh is

discretized such that husbands choose to either not work at all or work full-time. hw and tc

are discretized as zero, part-time, and full-time hours.

Equation (3) indicates that the husband allocates his time to leisure and market hours

but incurs a (per-unit) time cost of working, φ(s), which depends on his health status s.17

I assume φ(0) = 0 < φ(1) < φ(2) < L̄, which implies that working in the disabled states

yields a greater disutility for the husband.

The wife allocates her time to leisure lw, market work hw, and spousal care tc. tc is chosen

based on the caregiving utility that it generates, ωt(tc; s). Assume ωt(tc; s) as follows.18

ωt(tc; s) =

0 if s = 0 or tc ≤ 1

ωc,t(s) · log(tc) if s ∈ {1, 2} and tc > 1
(5)

The caregiving utility weight ωc,t(s) differs across households and time by assuming that

ωc,t(s) evolves according to the following process.

ωc,t(s) = µc(s) + εt (6)

εt = ρ(s) · εt−1 + ξt, ξt ∼ N(0, σ2
ξ,s) (7)

Equations (6) and (7) indicate that households place a weight of µc(s) on average but face

an additional idiosyncratic shock εt which follows a standard AR(1) process. εt allows for

the fact that there exists unobservable heterogeneity in caregiving needs even conditional

on disability status s.19 For example, variation in associated health conditions may lead to

17For example, working in the disabled states aggravates physical pain such that it takes additional time
to recover or requires visiting doctors.

18I assume caregiving utility to be zero for tc ≤ 1 in order to ensure ωt(tc; s) ≥ 0 for all values of tc. Given
that the annual time endowment is set as L̄ = 8, 760 hours (see Section 4.1.2), tc ≤ 1 is a small number such
that ωt(tc; s) being zero for these values of tc is reasonable.

19In the absence of the heterogeneity coming from εt, it is difficult to match wives’ caregiving choices as
observed in the data.
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differences in caregiving needs.20 Also, conditional on disability state s and health conditions,

some husbands may not receive care from their wives but instead use equipments such as

wheelchairs and walkers.21 Disability may also worsen or multiple conditions may develop

over time such that severely disabled husbands who initially did not receive care and relied on

equipments end up requiring help from their spouses. Equations (6) and (7) incorporate these

types of heterogeneity in a tractable way since ρ(s) can capture the persistence in caregiving

utility coming from the nature of the health condition and ξt captures any idiosyncratic

differences in caregiving needs including preferences for using equipments or development of

multiple health conditions over time.

Individual behavior after a dissolution of a married household (either through death or

divorce) is not modeled.22 Instead, the surviving individual j receives a terminal utility

vjt (a
j
t , yt) specified as below.

vjt (a
j
t , yt) = ψv

(
W j
t (ajt , yt)

)1−γ
1− γ

, j ∈ {h,w} (8)

W j
t (ajt , yt) denotes the present discounted value of individual wealth (ajt) and future retire-

ment benefits based on the husband’s average lifetime earnings at age t, yt. a
j
t differs between

widow/ers and divorcees since widow/ers are assumed to receive all of the household’s assets

(ajt = At) while divorcees split the household’s assets equally (aht = awt = 1
2
At). Retirement

benefits for single males are computed based on his own average lifetime earnings yt. For

single females, retirement benefits are computed based on the Social Security spousal bene-

fit formula where widows receive 100% of her deceased husband’s Primary Insured Amount

(PIA) while divorcees receive 50%.23

20Among severely disabled husbands in the HRS, 58% of those with neurological and sensory conditions
(e.g., blind, deaf, multiple sclerosis) report having difficulty in any ADL/IADLs compared to 80% of those
with musculoskeletal conditions and 83% of those with heart, circulatory, and blood conditions. This is
suggestive of substantial heterogeneity in caregiving needs stemming from differences in the associated health
conditions.

21About 60% of severely disabled husbands in the HRS who do not receive spousal care report using
equipments or devices including railings, canes, walkers, wheelchairs, or lifts to perform ADLs.

22This is because the primary goal of this project is to understand the behavior of married couples who
have an additional source of insurance provided by their spouses.

23In practice, it is possible for wives to receive retirement benefits computed from their own earnings
records (primary benefit) as well as spousal benefits based on their (former) husbands’ earnings (secondary
benefit). This occurs when entitled spousal benefits are greater than primary benefits since secondary benefits
are deducted $1 to $1 by primary benefits. For example, a widow may be entitled to $700 in primary benefits
but $1,000 in spousal benefits based on her deceased husband’s earnings. Then she can receive a total of
$1,000 ($700 as primary benefits and $300 as secondary benefits) as retirement benefits. Since husbands are
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Disability Insurance – Key features of the Social Security Disability Insurance (SSDI) are

modeled in order to incorporate the complexities of the program. First, households are

required to choose whether to apply for SSDI (Appt ∈ {0, 1}). Although there are no

monetary costs for applying, application is costly in the sense of requiring the husband to be

non-employed (hht = 0) as well as not being able to receive wage offers during the application

period.24 Conditional on applying, SSDI is awarded with some probability Pr(DIt+1 =

1|st, Appt) which depends on the applicant’s current health status. This reflects the fact that

although the SSA determines whether an applicant is eligible for disability benefits based on

medical and other supporting evidence, it cannot perfectly observe the true disability status

of the applicant. I assume that the probability of receiving SSDI benefits if the applicant is

healthy is zero (Pr(DIt+1 = 1|st = 0, Appt = 1) = 0) such that husbands never apply for

benefits in the healthy state.25

Successful applicants who applied in period t start receiving benefits from period t+ 1.26

Husbands are not allowed to work while receiving disability benefits.27 Benefit amount is

calculated in the same manner as computing Social Security Retirement benefits which is

a monotonic function of average lifetime earnings at age t, yt.
28 Finally, receiving SSDI is

the main earners in most married households (roughly 85% in the HRS), wives’ entitled spousal benefits are
generally greater than their primary benefits. This is one reason why auxiliary beneficiaries (i.e., beneficiaries
receiving benefits based on someone else’s earning history) are mostly females (along with the fact that on
average, wives live longer than their husbands). Modeling the wife’s retirement benefits to be equivalent to
entitled spousal benefits based on her husband’s earnings history is a way to keep the model tractable while
capturing the main features of the data that the Social Security benefit system generates.

24This mimics the first step of SSA’s disability determination process where applicants who are working
and earning more than the substantial gainful activity (SGA) limit ($1,070 per month in 2014) are automati-
cally denied of benefits. Average application processing time is roughly 4∼6 months for initial determinations
but becomes significantly longer for appeals.

25In my sample from the HRS data, less than 0.5% of healthy husbands report applying for SSDI. Also,
conditional on being an healthy applicant, the probability of being awarded benefits is similar to that
observed for moderately disabled applicants. This is suggestive of “healthy” husbands being only marginally
healthy and being more closer to moderately disabled husbands in other dimensions that are unobservable
to the researcher. Given the very small fraction of healthy applicants in the data and the fact that the model
cannot account for unobservable dimensions that distinguish marginally healthy individuals from moderately
disabled individuals, I assume that the probability of a healthy applicant receiving SSDI benefits in the next
period is zero.

26In reality, SSDI has a five-month waiting period where benefits are paid out 5 months after “disability
onset” (the date of “disability onset” is also determined by the SSA as part of the application process).
In many cases, the disability onset date is equivalent to the application date. Therefore, the five-month
waiting period is already over by the time benefits are awarded since it generally takes about 4∼6 months to
process initial applications. Also, given that a period is a year in the model, the assumption that successful
applicants receive benefits the following period is reasonable.

27This reflects the fact that earnings above a certain threshold lead to termination of disability benefits.
28See Appendix C on details of how benefits are computed. In reality, SSDI benefit calculation differ
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an absorbing state (i.e., husbands continue receiving SSDI benefits each period and do not

work). This is a standard assumption in the literature, partly motivated by the fact that

only a small fraction of SSDI awards are terminated due to recipients returning to work.29

Offered Wages and Labor Market Frictions – Husbands who are employed face the risk of

being laid off with probability δ(st). Non-employed husbands who are neither applying nor

receiving SSDI benefits receive wage offers with probability λ. Laid off husbands receive a

one-period unemployment insurance (UI) benefit which is set as 23% of previous period’s

earnings.30 I abstract from labor market frictions for wives and assume that wives always

receive wage offers each period.

Each household i receives wage offers such that they evolve according to the following

process.

logwhit = α1 · t+ α2 · t2 + α3 · 1(fhi = high) +
2∑
s=1

ϕs · 1(sit = s) + ζhit (9)

logwwit = α̃1 · (t− 3) + α̃2 · (t− 3)2 + ζwit (10)

ζjit = ζji,t−1 + ηjit, ηjit ∼ N(0, σ2
η,j), Cov(ηhit, η

w
it) = σηh,w , j ∈ {h,w} (11)

For the husband, offered log wages depend on his age t, individual type fh, and health status

st. The wife’s log wages depend only on her age since the model abstracts from tracking the

wife’s health status. Finally, each spouse receives a permanent wage shock which follows a

random-walk process specified as equation (11). I assume that the idiosyncratic wage shock

ηjt is i.i.d. and correlated between the two spouses with covariance σηh,w .

Retirement Period – The household retires (i.e., both spouses do not work) when the husband

reaches age 65 (and age 62 for the wife). Therefore, household consumption is the only choice

during this period. The household receives Social Security Retirement benefits based on the

slightly from that of Retirement benefits as it allows up to five years with the lowest earnings (including zero
earnings) to be excluded from the calculation of benefits. I abstract from incorporating this element since a)
it requires tracking the five lowest earnings and thus greatly increases the state space and b) the Retirement
benefit formula provides a reasonable approximation of SSDI benefit amount.

29In 2012, only 5% of SSDI terminations were due to beneficiaries working above the SGA earnings
threshold. In contrast, 55% of terminations were due to SSDI rolling over to Retirement benefits and 35%
due to the death of the recipient (Morton, 2014).

30Average UI replacement rates (measured as weekly UI benefits divided by the worker’s weekly earnings)
were about 0.46 during the period of year 2011 to 2017. Since UI benefits are provided for (a maximum of)
26 weeks and my model period is a year (52 weeks), I set the UI replacement as 0.23.
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husband’s average lifetime earnings at age 65 (y65) until death. The household retirement

benefit is the sum of the husband’s benefit and the wife’s spousal benefits, subject to the

maximum family benefit amount.31 SSDI benefits are automatically converted to retirement

benefits upon retirement.

Budget Constraint – The household faces the following budget constraint each period.

At+1 = (1 + r)At +
∑

j∈{h,w}

wjth
j
t + UIt + bt(y,DIt)− τ(At, w

h
t h

h
t , w

w
t h

w
t ) + Tt − ct (12)

UIt denotes a one-period UI benefit when husbands are laid off. bt denotes Social Security

benefits as a function of the husband’s average lifetime earnings yt and whether the household

is receiving disability benefits (DIt = 1) or retirement benefits (t ≥ 65). τ(At, w
h
t h

h
t , w

w
t h

w
t )

denotes payroll and federal income taxes.32

For low-income households, government transfers Tt provides a minimum consumption

level c which satisfies the following equation.

Tt = max
{

0, c−
(
(1 + r)At +

∑
j∈{h,w}

wjth
j
t + UIt + bt(yt, DIt)− τ(At, w

h
t h

h
t , w

w
t h

w
t )
)}

(13)

c is a tractable of way of incorporating the consumption floor provided by means-tested

programs such as the Supplemental Security Income (SSI) and the Supplemental Nutrition

Assistance Program (SNAP). This is a standard way of modeling means-tested programs in

the literature following the work of Hubbard et al. (1995).33

Finally, households are not allowed to borrow such that At ≥ 0 holds for each period.

This is partly due to the fact that it is illegal to borrow against future SSDI/retirement

benefits and means-tested program benefits.

31See footnote 23 regarding the use of husbands’ average lifetime earnings to compute wives’ retirement
benefits. See Appendix C for details on how benefits are computed.

32State income taxes are not modeled due to wide variation in state tax codes. See Appendix D for details
on how taxes are computed.

33Although the disability determination process is the same for both SSDI and SSI, SSI requires applicants
to hold less than $3,000 in assets in order to be eligible for benefits. However, most assets are excluded from
this $3,000 limit including primary residence and adjacent land, and one vehicle. This makes it difficult to
precisely model SSI since it requires modeling different types of assets and imposing assumptions regarding
how these different types of assets are consumed. Also, SSI benefits are a flat monthly amount which is de-
ducted by both unearned (including SSDI benefits which are deducted $1 to $1) and earned income (including
own and spouse’s earnings). Given that the purpose of SSI is to provide a minimum consumption floor and
thus benefits are deducted accordingly if the household has additional resources through unearned/earned
income, equation (13) incorporates the nature of SSI while maintaining tractability.
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Model Solution – Define the vector of state variables at period t as X t =
{
At, st, yt, ϑt, DIt,

fh, ζht , ζ
w
t , εt

}
which consists of household assets (At), the husband’s health status st, the

husband’s average lifetime earnings at age t (yt), whether the husband is laid off (ϑt ∈ {0, 1}),
whether the husband is receiving SSDI benefits (DIt ∈ {0, 1}), the husband’s individual type

(fh ∈ {high, low}), idiosyncratic wage shocks of both spouses (ζht , ζ
w
t ), and the idiosyncratic

caregiving utility shock (εt). For each period t, households solve the following problem

subject to time and budget constraints (3), (4), and (13).

Vt(X t) = max
ct,hht,hwt,
tct,Appt

u(ct, lht, lwt, tct; st)

+ β
{(

1− δhm,t(st)
)(

1− δwm,t
)(

1− δd(st)
)
Et
[
Vt+1(X t+1|X t)

]
+
(
1− δhm,t(st)

)(
1− δwm,t

)
δd(st)

( ∑
j∈{h,w}

vjt+1(
1
2
At+1, y)

)
(14)

+
(
1− δhm,t(st)

)
· δwm,t · vht+1(At+1, y)

+ δhm,t(st) ·
(
1− δwm,t

)
· vwt+1(At+1, y)

}
The model requires to be solved numerically as there is no analytical solution. This is done

by solving the value functions at the terminal period tT and iterating backwards such that

I solve for the value functions and the decision rules for each period.

3.2 Discussion of the Model

This section discusses some of the key model mechanisms and their implications for eval-

uating the welfare benefits of SSDI. First, health state dependence in consumption utility,

θ(s), has important implications for determining the optimal level of SSDI benefits. This is

because ideally, transfers should be made from the healthy state (in the form of taxes) to

the disabled state (in the form of disability benefits) such that the marginal utility of con-

sumption in both states are equal. If θ(s) > 1 in the disabled state (i.e, positive health state

dependence), household consumption needs to be higher in order to equate the marginal util-

ity of consumption in the disabled state to that in the healthy state. Therefore, exhibiting

positive health state dependence increases the insurance value of SSDI since it provides a

transfer to the disabled state which is more valuable compared to when husbands are healthy.

This also implies that the optimal level of benefits will be higher compared to when there

is no health state dependence. The opposite holds if θ(s) < 1 in the disabled state (i.e.,
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negative health state dependence): since consumption is valued less in the disabled state

than in the healthy state, households do not require as much transfers in the disabled state,

and therefore optimal benefit levels are lower (i.e., the insurance value of SSDI is lower).

Empirically, the direction and magnitude of θ(s) is ambiguous. For example, expenditures

on vacations would drop when one becomes disabled which implies that θ(s) is less than one

for expenditures on vacations. On the other hand, it is likely that consumption for taxis,

wheelchairs, and medical services would increase in the disabled state, which implies θ(s)

being greater than one for those consumption goods. Notice that θ(s) in the model is a

catch-all measure which averages over all of the consumption goods at the household level.

Next, wives’ time allocation to market work and spousal care in the event of their hus-

bands’ disability has implications for the household insurance mechanism against disability

shocks. Compared to a layoff shock, a disability shock is an earnings shock that also entails

receiving care, which is reflected in the model as a caregiving preference shock ωc,t(s). This

implies that while wives would insure against their husbands’ layoff by increasing working

hours, this is not necessarily true in the event of their husbands’ disability since wives’ time

endowment can also be used in spousal care to generate utility ωt(tc; s).
34

Another implication of wives’ time allocation to market work and spousal care is that it

provides inference for θ(s). For simplicity, consider a static environment where the period

utility is specified as equation (2). First order conditions indicate that there is a direct link

between household consumption and wives’ leisure since the following holds (i.e., marginal

utility of wives’ leisure per dollar equals the marginal utility of household consumption).

θ(s) · c−γ =
ψw · l−γww

ww
, ∀s (15)

Notice that if the model ignores caregiving such that wives allocate all of their time to leisure

and market work only, wives’ market hours can always be mapped into the marginal utility

34If caregiving utility could also be produced by expenditures on professional caregivers, then this would
be a form of health state dependence in consumption utility since the demand for professional caregivers
would be higher in the disabled state. Then, wives may choose to increase their working hours so that they
can hire professional caregivers. However, as shown in Table 3, almost all of the care that husbands receive
is provided by wives despite the existence of alternative market options (either because hiring professional
caregivers is more expensive than wives’ forgone earnings or husbands prefer to receive care from their wives
rather than from professional caregivers). This implies that wives’ time endowment is valuable not only
because it can be used as market hours to make up for the loss in their husbands’ earnings, but also because
it can generate caregiving utility which has imperfect market substitutes.
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of consumption in each health state since equation (15) can be expressed as follows.

θ(s) · c−γ =
ψw · (L̄− hw)−γw

ww
, ∀s (16)

This implies that conditional on the realization of each health state, hw is chosen such that it

reveals how much consumption is valued in the form of spousal earnings. Therefore, changes

in spousal labor supply responses across husbands’ health states can recover θ(s). This is

extremely useful since θ(s) is empirically challenging to estimate in the absence of panel data

that provides a comprehensive measure of household consumption in each health state. The

mapping between wives’ market hours and the marginal utility of consumption circumvents

this issue and provides inference for θ(s) which is the key parameter of interest.

However, a crucial point is that wives’ time endowment is not solely used for market

work and leisure when their husbands become disabled. If wives also spend their time in

spousal care, their choice of hw cannot fully capture the marginal utility of consumption in

the disabled states. This can be shown from the following,

θ(s) · c−γ =
ψw · (L̄− hw − tc)−γw

ww
, ∀s ∈ {1, 2} (17)

which indicates that the marginal disutility of hw is higher in the disabled state since tc

reduces the time endowment that can be allocated to leisure. Since the direct mapping

between wives’ market hours and the marginal utility of consumption in the disabled state

does not hold, the key implication is that wives’ time allocation to both market work and

spousal care needs to be considered in order to correctly infer θ(s).

4 Estimation

4.1 Estimation Method

To estimate the parameters of the model, I employ a two-step estimation method which

is similar to the one used by Gourinchas and Parker (2002), De Nardi et al. (2010), and

French and Jones (2011). In the first step, I estimate or calibrate certain parameters that

can be identified without explicitly using the model. Given the parameter values from the

first step, the remaining preference parameters are estimated by indirect inference. First, I

numerically solve the model for a given initial guess of the parameter values and simulate
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forward to generate simulated moments. Based on the fit between the model simulated

moments and data moments, I update the parameter guess and repeat this process until I

find the parameter values that generate the closest fit between the model simulated moments

and the data moments.

Formally, denote the vector of the model parameters that are estimated in the first stage

as θf and those that are estimated in the second stage as θs. Then, the estimate θ̂s is chosen

such that it minimizes the weighted distance between the vector of data moments md and

the vector of simulated moments ms(θ̂f , θs) where the weight is specified by the matrix Ŵ .

θ̂s = arg min
θs

(
md −ms(θ̂f , θs)

)′
Ŵ
(
md −ms(θ̂f , θs)

)
(18)

Following Pischke (1995), I use a diagonal weighting matrix Ŵ which uses the inverse of

the variance-covariance matrix of the data along the diagonal and zero elsewhere.35 25,000

households are simulated to calculate the simulated moments ms(θ̂f , θs).36

4.1.1 Estimation Sample and Initial Conditions

I use the same data as described in Section 2.1.1. I make the additional sample restriction

where I focus on households in which husbands are white and hold less than a bachelor’s

degree. This is because even after controlling for average lifetime earnings, mortality and

disability processes differ significantly for non-whites and four-year college degree holders.

Furthermore, SSDI recipiency rates differ considerably for men with a bachelor’s degree.37

These differences in SSDI recipiency rates persist even after controlling for disability status.

In my data sample, 85% of married households consists of husbands who are white and 75%

of married white men hold less than a bachelor’s degree. Therefore, the additional sample

cut still covers the majority of the population of interest.

When simulating households, I control for initial conditions by using the first observation

of each married household in the estimation sample as the state vector and simulate forward.

Table 5 provides a summary of this initial distribution.

35This is because although the inverse of the variance-covariance matrix is asymptotically efficient, in
practice it can be severely biased in small samples as shown in Altonji and Segal (1996). Therefore, the
diagonal weighting matrix is a common weighting matrix used in empirical papers using SMM.

36Parameter estimates are robust to increasing the number of simulated households.
37In the HRS, the share of white men receiving SSDI for those with less than a high school degree and

those with a GED is 13% and 13.3%, respectively. For white men whose highest level of education is a high
school degree or some college education,38 the recipiency rate drops to 6.8% and 6.6%, respectively, but the
numbers are similar between the two education groups. In contrast, recipiency rates among white men with
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Table 5: Summary Statistics of the Initial Distribution

Healthy Moderate Severe

Husband’s age (mean) 55.07 55.59 55.81
Wife’s age (mean) 51.80 51.76 52.13
Husband’s average lifetime earnings (mean, in $) 28,498 23,669 21,195
Household assets (median, in $1,000) 177.38 139.20 87.79
Fraction of “high type” husbands† 0.45 0.35 0.26

Observations 2,533 290 308

Notes: Dollar values are in 2015 dollars.
† Hubands’ individual type fh is measured using their average lifetime earnings. “High type” refers to
husbands whose average lifetime earnings is greater than $30,223 (median average lifetime earnings of
males in the HRS).

4.1.2 First Stage Parameters

Model period, annual time endowments, and part- and full-time hours – I set t1 = 50 and

tT = 80. Annual time endowment L̄ is set as 8,760 hours (24 hours × 365 days).

For both spouses’ market hours (hh, hw), I define annual full- and part-time labor mar-

ket hours as 2,000 hours (40 hours × 50 weeks) and 1,000 hours (20 hours × 50 weeks),

respectively. For the wife’s caregiving hours, annual full- and part-time caregiving hours are

defined as 2,000 hours and 350 hours (7 hours × 50 weeks), respectively. This is because

the average weekly caregiving hours of part-time caregivers in the HRS data, who I define as

those spending more than zero but 25 hours or less in caregiving per week, is roughly 7 hours.

Coefficient of relative risk aversion with respect to leisure – I set γh = 1 and γw = 1 such

that both spouses’ utility from leisure is specified as a log function.39

a bachelor’s degree drops to 2.7%.
39Assuming certainty and interior conditions, γh and γw govern the Frisch labor supply elasticities of

the husband and wife. However, in the model, the husband’s labor market hours are discretized to two
choices (non-employment and full-time employment). Therefore, for given a parameter value of γh, we can
always find a value of ψh that matches husbands’ employment choices (at the extensive margin). The wife’s
labor market hours are discretized to three choices (non-employment, part-time, and full-time employment).
I measure female labor supply elasticity by introducing a 20% increase in simulated female wages at the
beginning of the simulation period and computing the change in total hours worked in this period. This
labor supply elasticity will be smaller than the Frisch labor supply elasticity due to wealth effects. Given
the model parameter values, the resulting female labor supply elasticity is 0.46, which is within the range of
female (Marshallian) labor supply elasticities that have been estimated in the literature (see Keane (2011)
for an excellent survey of the empirical literature on male and female labor supply elasticities). A recent
work by Blundell et al. (2016) reports female Marshallian labor supply elasticities of 0.40 to 0.42, depending
on specification, which is very similar to the female labor supply elasticity of 0.46 that my model generates.
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Table 6: Annual Job Destruction and Divorce Rates by Husbands’ Disability

Husbands’ Disability Job Destruction Rate δj(s) Divorce Rate δm(s)

Healthy (s = 0) .052 .0056
Moderate (s = 1) .042 .0056
Severe (s = 2) .075 .0094

Rate of return and discount factor – Real interest rate for assets is set as r = 0.03 and

discount factor is set as β = 0.975, which are commonly assumed values in the literature

(Gourinchas and Parker, 2002; Cagetti, 2003; Brown and Finkelstein, 2008; Low and Pista-

ferri, 2015; Autor et al., 2017).

Job destruction and job arrival rates – Annual job destruction rates δj(s) are calculated

from the HRS by measuring the fraction of workers that are laid off in the next 12 months,

conditional on current disability status. These values are reported in the second column of

Table 6. I use self-reported dates on when respondents left their previous employer due to

either a business closure or layoff. Job arrival rate is set to λ = 0.99. This is very similar to

job arrival rates estimated in previous works when converted to an annual basis.40

Divorce rates – Biennial divorce rates δ̃m(s) are computed as the fraction of married cou-

ples in the HRS that divorced in the next survey wave, conditional on husbands’ disability

status. In order to get annual divorce rates δm(s) from the biennial rates δ̃m(s), I assume

that annual divorce rates between the survey waves are equal41 and use the relationship

1 − δ̃m(s) = (1 − δm(s))2. The resulting parameter values are reported in the third column

of Table 6. Notice that annual divorce rates for healthy and moderately disabled husbands

are the same but higher for severely disabled husbands.

Mortality rates – Husbands’ annual survival rates are estimated from a logit regression model

using reported death dates in the HRS data. Covariates include a quartic in age, disability

status, and a dummy for whether average lifetime earnings are above the median of the dis-

tribution. Wives’ annual survival rates are taken from the SSA Life Tables (Bell and Miller,

40Low et al. (2010) estimate a quarterly job arrival rate of 0.73 from the PSID. Merkurieva (2018) reports
a monthly job arrival rate of 0.24 based on the CPS data.

41This assumption is due to the fact that HRS does not report actual divorce dates.
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2005) since the model tracks neither wives’ health status nor their average lifetime earnings.

I use the reported survival rates for females born in 1930 since most wives in the estimation

sample are born between the years 1930 and 1940.

Disability transition probabilities – Husbands’ biennial disability transition probabilities are

estimated from the HRS data using a multinomial logit regression model. Covariates include

a quadratic in age, a dummy for whether average lifetime earnings are above the median

of the distribution, and current disability status. Conditional on age and average lifetime

earnings, I obtain a three by three matrix of annual transition probabilities Πa from the

matrix of biennial transition probabilities Πb using the relationship Π2
a = Πb.

Wage offer function – I follow the estimation method used by Low and Pistaferri (2015) to

estimate the parameters of the wage offer equations (9) through (11). In order to correct

for selection into employment, a two-step Heckman estimation procedure is employed. I

use state and year variation in “residualized” SSDI award rates, potential UI benefits, and

potential SNAP benefits as exclusion restrictions.42 For husbands, I generate interactions of

the exclusion restriction variables with disability status, and use these interaction terms as

additional exclusion restrictions. The variance of the idiosyncratic wage shocks (σ2
η,h, σ

2
η,w)

and their covariance between the two spouses (σηh,ηw) are estimated by GMM.

Parameter estimates reported in Table 7 indicate that for husbands, moderate and severe

disabilities lead to a 12% and 21% decrease in hourly offered wages. These estimates are

similar to those reported by Low and Pistaferri (2015).

4.1.3 Second Stage Moments and Identification of the Preference Parameters

Given the parameter values estimated in the first stage, the remaining preference parameters

are estimated using indirect inference. There are a total of 17 parameters including the health

state dependence in consumption utility (θ(s), s ∈ {1, 2}), the husband and wife’s weight

on leisure utility (ψj, j ∈ {h,w}), the husband’s time cost of working in the disabled states

(φ(s), s ∈ {1, 2}), the weight on terminal utility (ψv), the caregiving utility parameters

(µc(s), ρ(s), σξ,s, s ∈ {1, 2}), the minimum consumption level guaranteed by government

42Refer to Appendix E for details on the construction of the exclusion restrictions. Instead of using actual
SSDI award rates, I use the “residualized” version by controlling for various state-level demographics that
may be correlated with both disability benefit award rates and wages. Potential UI and SNAP benefits are
computed based on formulae coded in federal and state legislation. By using potential benefits based on
legislative formulae, only exogenous characteristics (state and year) are exploited.
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Table 7: Estimates of the Wage Offer Function

Male Female

s = 1 (Moderate) -0.119 -
(0.045)

s = 2 (Severe) -0.205 -
(0.091)

Age 0.076 0.066
(0.023) (0.032)

Age sq./100 -0.074 -0.067
(0.023) (0.033)

High type† 0.232 -
(0.015)

Variance of wage shock (σ2
η,j) 0.044 0.023

(0.008) (0.007)

Covariance of spouses’ wage shocks (σηh,w) .011
(0.002)

Exclusion restrictions
χ2 14.41 12.02
p-value 0.025 0.003

Observations 15,245 18,105

Notes: Dependent variable: log hourly earnings. Results are based on a sample of HRS
respondents who are white and under age 65, estimated separately for males and females.
Controls for education, marital status, and year fixed effects. Standard errors in parentheses,
computed via bootstrap to correct for first-stage estimation bias.
† Corresponds to hubands’ individual type fh, measured using their average lifetime earnings.
“High type” refers to husbands whose average lifetime earnings are greater than $30,223
(median average lifetime earnings of males in the HRS, in $2015).

transfers (c), the coefficient of relative risk aversion with respect to consumption (γ), and

SSDI award probabilities by disability severity (Pr(DIt+1 = 1|Appt = 1, st), st ∈ {1, 2}).
This section discusses how the targeted moments identify the preference parameters.

First, health state dependence in consumption utility θ(s) is identified by jointly matching

1) wives’ labor supply responses in the event of their husbands’ disability and 2) wives’

caregiving choices. As discussed in Section 3.2, this is because the direct mapping between

wives’ marginal disutility of working and the marginal utility of consumption in each health

state does not hold in the presence of spousal care since time spent in caregiving increases

wives’ marginal disutility of working by reducing the time endowment that can be allocated
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to leisure and market work.

The husband and wife’s weight on leisure utility (ψh, ψw) can be recovered by match-

ing both spouses’ employment rates when the husband is in the healthy state. Husbands’

time cost of working in the disabled states (φ(s), s ∈ {1, 2}) is identified by matching the

changes in husbands’ employment rates after a disability shock. I use fixed effect regression

coefficients of husbands’ employment on dummies of disability severity as the corresponding

moments.

The coefficient of relative risk aversion with respect to consumption γ is identified by

matching median household asset profiles by age for healthy households. This is because γ

directly governs the speed in which assets are decumulated over the life-cycle. The minimum

household consumption floor c can be recovered by matching household asset profiles by age

at the 25th percentile since c affects the savings decisions of households with low levels of

assets. The weight on terminal utility (ψv) is inferred from median household assets when the

husband is age 65 (i.e., beginning of the retirement period in the model). Since consumption

is the only choice that is made in the retirement period, ψv affects the speed that assets are

decumulated in the retirement period. Therefore, ψv can be recovered from the amount of

assets that households have when they enter the retirement period.

Caregiving utility weight parameters (µc(s), ρ(s), σξ,s) are identified by matching the

percentage of part- and full-time caregivers as well as transition probabilities from caregiver

to caregiver and non-caregiver to non-caregiver, conditional on health status s. This is

because ρ(s) governs persistence in wives’ caregiving choices. Also, the variance of the

idiosyncratic caregiving utility shock σξ,s affects the fraction of part- and full-time caregivers

since households that receive a higher idiosyncratic shock will be more likely to choose full-

time caregiving.

Finally, the probability of being awarded disability benefits Pr(DIt+1 = 1|Appt, st) is

identified by matching the percentage of SSDI applicants by health status.

5 Results

5.1 Model Fit and Parameter Estimates

Tables 8 through 10 report the estimated parameter values and model fit of the targeted

moments. Parameter estimates of the baseline model specified in Section 3 are reported in

column (a) of Table 8. Next, I re-estimate the model without caregiving (i.e., caregiving util-
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ity is zero in all states such that wives never choose caregiving) and report the corresponding

parameter estimates in column (b). The goal of this exercise is to highlight the potential bias

in the estimates of key preference parameters when caregiving is omitted. When I estimate

the model without caregiving, I use the same moments described in Section 4.1.3 except for

wives’ caregiving choices.

The key preference parameter that has significant implications for evaluating the opti-

mality of social insurance benefits is the health state dependence in household consumption

utility, θ(s). Under the baseline model, the marginal utility of consumption is 8% and 18%

higher compared to that in the healthy state when husbands become moderately and severely

disabled, respectively. Although empirical evidence on both the direction and magnitude of

health state dependence in consumption utility is mixed, these values are in line with previous

works that support positive health state dependence.43

Importantly, the “no-caregiving” model which omits wives’ caregiving choices and does

not match wives’ caregiving choices underestimates the health state dependence in the

marginal utility of consumption. Under the “no-caregiving” model, the marginal utility of

consumption is 2% and 9% lower than that in the healthy state when husbands are moder-

ately and severely disabled, respectively, which indicates negative health state dependence.

This implies that changes in wives’ labor supply responses across their husbands’ health

states are not sufficient to recover key preference parameters. By omitting the fact that

wives are actually spending a significant amount of time in caregiving, the “no-caregiving”

model incorrectly interprets the small spousal labor supply responses in the event of hus-

bands’ disability as households valuing consumption less in the disabled states.

Also, while almost all models in the literature do not consider wives’ caregiving decisions,

these results indicate that this will underestimate the insurance value that married house-

holds place on SSDI benefits. This is because models that ignore caregiving will incorrectly

interpret the small spousal labor supply responses as households valuing consumption less in

the disabled states and therefore conclude that government transfers to the disabled states

are less valuable.

43See Finkelstein et al. (2009) for an overview of the empirical literature regarding health state dependence.
Low and Pistaferri (2015) estimate a 25% and 57% increase in marginal utility of consumption in the
moderately and severely disabled states, respectively. Lillard and Weiss (1997) find that the marginal utility
in the sick state is 155% of that in the healthy state. Also, notice that there is no distinction between medical
and non-medical consumption in this model. However, it is possible that there is negative health dependence
in non-medical consumption but positive health dependence in medical consumption such that θ(s) > 1 may
be due to the magnitude of health dependence in medical consumption being larger than that in non-medical
consumption. While interesting, measuring the health dependence for different types of consumption goods
is left as future work.
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Table 8: Estimates of the Model Parameters

Parameters (a) Baseline (b) “No-caregiving”†

Health state dependence in consumption utility
θ(1) Moderately disabled 1.079 0.977

(0.033) (0.013)

θ(2) Severely disabled 1.183 0.909
(0.017) (0.015)

Coefficient of relative risk aversion (consumption), γ 1.458 1.460
(0.005) (0.005)

Husbands’ weight on leisure utility (×10−3), ψh 7.029 6.928
(0.640) (0.771)

Husbands’ (per-unit) time cost of working
φ(1) Moderately disabled 0.608 0.544

(0.068) (0.190)

φ(2) Severely disabled 0.781 0.631
(0.147) (0.197)

Wives’ weight on leisure utility (×10−3), ψw 4.721 4.626
(0.275) (0.173)

Weight on terminal utility, ψv 0.646 0.900
(0.476) (0.237)

Caregiving utility weight parameters
Moderately disabled
µc(1) Average (×10−6) 4.666 -

(1.876)

ρ(1) Auto-regressive persistence 0.637 -
(0.066)

σξ,1 Variance of white noise (×10−5) 3.711 -
(0.777)

Severely disabled
µc(2) Average (×10−4) 1.691 -

(0.538)

ρ(2) Auto-regressive persistence 0.850 -
(0.140)

σξ,2 Variance of white noise (×10−4) 4.978 -
(0.555)

Minimum consumption floor ($2015), c 23,798 23,165
(992) (1,118)

Probability of receiving SSDI by disability status
Pr(DIt+1 = 1|Appt = 1, st = 1) Moderate 0.108 0.107

(0.044) (0.030)

Pr(DIt+1 = 1|Appt = 1, st = 2) Severe 0.550 0.591
(0.207) (0.185)

Notes: Standard errors in parentheses. Refer to Appendix F on how standard errors are computed.
† Parameter estimates when caregiving is omitted (i.e., caregiving utility is always zero such that wives
allocate their time to leisure and market work only).
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Table 9: Targeted Moments I

Model Data Model Data

Panel A: Changes in Labor Supply by Husbands’ Disability Severity†

Husbands’ Employment

Moderate -0.205 -0.205
(0.016)

Severe -0.303 -0.294
(0.019)

Wives’ Employment Wive’s Weekly Hours (in hours)

Moderate 0.002 -0.020 0.150 -0.138
(0.014) (0.520)

Severe 0.003 -0.017 0.193 -0.315
(0.018) (0.634)

Panel B: Employment Rates when Husbands are Healthy

Husbands’ Employment Rate Wives’ Employment Rate

Healthy 0.838 0.835 0.655 0.651
(0.006) (0.009)

Panel C: Household Assets when Husbands are Healthy (by age, in $1,000)

50th Percentile 25th Percentile

Ages 50 - 54 169.74 184.44 76.80 78.16
(7.10) (3.67)

Ages 55 - 59 211.93 223.50 100.27 96.57
(6.04) (3.33)

Ages 60 - 64 257.23 274.28 120.37 121.10
(6.92) (3.67)

Panel D: Median Household Assets at Retirement (Age 65)

262.25 249.16
(11.01)

Panel E: SSDI Application Rate by Husbands’ Disability

Moderate Severe

0.089 0.083 0.137 0.142
(0.007) (0.009)

Notes: Standard errors in parentheses. All moments are computed conditional on both spouses
being younger than age 65. Dollar values are in 2015 dollars.
† Based on fixed effect regressions of labor supply variables on indicators of husbands’ disability
severity, a quartic in both spouses’ ages, and household fixed effects. The reported moments are the
regression coefficients for the indicators of husbands’ disability severity.
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Table 10: Targeted Moments II – Caregiving Choices

Model Data Model Data

Moderate Severe

Panel A: Fraction of Spouse Caregivers by Husbands’ Disability

Overall 0.195 0.198 0.577 0.566
(0.034) (0.025)

Part-time 0.193 0.191 0.444 0.437
(0.034) (0.023)

Full-time 0.002 0.007 0.132 0.128
(0.007) (0.016)

Panel B: Caregiving Transition Rates by Husbands’ Disability (t→ t+ 2)

No Care → No Care 0.868 0.885 0.651 0.654
(0.045) (0.045)

Care → Care 0.505 0.450 0.732 0.741
(0.155) (0.034)

Notes: Standard errors in parentheses. All moments are computed conditional on both spouses
being younger than age 65.

Next, the coefficient of relative risk aversion with respect to consumption is 1.458 which

is within the range of reported values from previous studies as well as being close to 1.5 – a

value commonly assumed in the literature.44 Panel C of Table 9 shows that the model can

generate median asset profiles by age reasonably close to that of the data.

The annual minimum consumption floor c is $23,798 in 2015 dollars. Given that c is the

consumption floor for a two-member household, this estimate is within the range of values

reported by previous works.45 Finally, Table 10 indicates that estimates of the caregiving

utility parameters generate reasonable fit. On average, caregiving generates greater utility

and exhibits greater persistence for severely disabled households compared to moderately

disabled households. As wives of severely disabled husbands are more likely to choose care-

giving, this increases the marginal disutility of wives’ market hours and discourages wives

from choosing market work to make up for the loss in their husbands’ earnings.

44Rust and Phelan (1997), Attanasio et al. (1999), Blau and Gilleskie (2006), and Banks et al. (2001)
report estimates of 1.07, 1.57, 1.811, and 1.96 respectively. Blau and Gilleskie (2008) report a range of values
from 1.011 to 1.04 depending on health and employment status.

45Using the CPI-U to convert to 2015 dollars, French and Jones (2011) and Merkurieva (2018) estimate
$6,369 and $10,505 ($4,380 in 1998 dollars and $7,632 in 2000 dollars), respectively. Hubbard et al. (1995)
set the consumption floor as $15,968 ($7,000 in 1984 dollars) based on calculating annual SSI and food stamp
payments and verify that it matches asset profiles well compared to other values. All of these papers model
households as single-member households.
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5.2 Decomposing Added-Worker-Effects and Measuring the In-

surance Value of SSDI

Building on parameter estimates that generate good model fit, I use the model to perform

two sets of counterfactuals. First, in order to explore the extent to which added worker

effects are attenuated by either caregiving or the existence of SSDI, I perform an event study

regression of wives’ labor supply on husbands’ disability events under three scenarios: (1)

baseline, (2) when SSDI is shut down46, and (3) when SSDI is shut down and wives never

choose to provide care.47 Using the same specification as equation (1), I control for four

years prior and five years after husbands’ disability. Changes in wives’ labor supply at the

onset year of husbands’ disability event are reported in Table 11.48

Under the counterfactual scenario of no-SSDI and no-spousal care, wives increase em-

ployment by 1.8% in response to their husbands’ disability. This drops to 0.9% once wives

optimally allocate their time between market work and spousal care (but still without SSDI).

Table 11: Simulated Added-Worker Effects (AWE) at Husbands’ Disability Onset Year

AWE at Year=0

Wives’
Employment

Wives’ Weekly
Hours

Counterfactual
No SSDI + No spousal care 0.018 0.884
No SSDI 0.009 0.482

Baseline: with SSDI & spousal care 0.002 0.242

Notes: Reports changes in wives’ employment and weekly working hours upon their husbands’
first disability onset. Estimates obtained via event study regressions using simulated data and
controlling for four years prior and five years after husbands’ first disability onset as well as a
quartic in both spouses’ ages. “No SSDI” is the counterfactual scenario where SSDI is shut down
by assuming that SSDI benefits are always zero. “No spousal care” indicates the scenario where
caregiving utility is imposed to be zero (i.e., wives never choose caregiving).

46SSDI is shut down by imposing that SSDI benefits are always zero. Both the payroll and federal income
tax rates are kept the same as in the baseline scenario.

47While constraining wives such that they never choose caregiving is suboptimal, the goal of this exercise
is to illustrate the magnitude in which the two mechanisms (spousal care and SSDI) contribute to the
attenuation of wives’ labor supply responses.

48When generating simulated data under the counterfactual scenarios, I assign wives’ optimal employment
choices, conditional on their husbands’ choices being the same as those chosen in the baseline scenario. This
is because the counterfactual scenarios also affect husbands’ employment choices and thus does not provide
a fair comparison for the purpose of decomposing whether the observed added worker effect is attributable
to either caregiving choices or the existence of SSDI benefits.
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This indicates that 50% of spousal labor supply responses are attenuated due to wives choos-

ing to spend time in spousal care. Once we return to the baseline scenario with both SSDI

and spousal care, wives’ employment reduces by an additional 0.7 percentage points (i.e.,

38% of the 1.8 percentage point observed in the “No SSDI+No spousal care” scenario) such

that the increase in wives’ employment in response to their husbands’ disability is only

0.2%. Therefore, the fraction of spousal labor supply responses attenuated due to spousal

care choices is larger compared to that due to the income effects of SSDI. We can observe

a similar pattern when considering changes in wives’ weekly hours as well (last column of

Table 11).

These results further strengthen the importance of using both changes in spousal labor

supply responses across husbands’ disability status and spousal care choices in order to

correctly infer how much households’ valuation of consumption varies across health states.

From observing small added worker effects, one may mistakenly conclude that this is partly

due to consumption not being valuable in the disabled state when in fact, a large fraction of

spousal labor supply responses is attenuated due to spousal care.

The second and final set of counterfactuals measures the ex-ante insurance value of SSDI

relative to its costs among married households. To do this, for each simulated household,

I calculate the amount of income y that needs to be annually given until death in the

counterfactual world where SSDI does not exist such that the expected utilities under the

baseline world with SSDI and the counterfactual world without SSDI are equal. Then, I

compute the present discounted value of income stream y measured at age 50 (i.e., the

start of the model). This present discounted value is the compensating variation that I use

to measure the insurance value that each household places on SSDI. I divide the average

compensating variation by the average present discounted SSDI benefits to get a measure of

how much a dollar of SSDI benefits is valued (ex-ante) among married households. These

numbers are reported in Table 12 for households that first enter the model as healthy. I

consider two types of models: 1) baseline model using baseline estimates and 2) the “no-

caregiving” model which omits caregiving (using corresponding parameter estimates reported

in column (b) of Table 8). The key point of this exercise is to quantify the difference in the

ex-ante insurance value of SSDI that each model predicts.

Row (1) of Table 12 reports the ex-ante insurance value of SSDI per each dollar of SSDI

benefits for married households. Under the baseline model where consumption is valued

higher in the disabled states than in the healthy state, households value a dollar of SSDI

benefits as 97 cents. In contrast, the “no-caregiving” model predicts the insurance value
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relative to a dollar of SSDI benefits as 91 cents per SSDI benefit payments.

In order to interpret the magnitude of the difference in the insurance value of SSDI

between the two models, row (2) reports the required percentage change in SSDI benefits

such that the insurance value of SSDI equals to the value predicted by the “no-caregiving”

model. Note that an increase in benefits will decrease the insurance value of SSDI relative to

its direct costs (i.e., expenditure on SSDI benefit payments) as it creates a work disincentive

for both husbands and wives. Row (2) indicates that SSDI benefits need to be 11.1% higher

in order for the insurance value of SSDI per dollar of benefits to be decreased to $0.91, which

is a non-negligible magnitude. This implies that SSDI benefits for married households need

Table 12: Ex-ante Insurance Value of SSDI for Married Households (in 2015 dollars)

Model

Baseline
“No-

caregiving”∗

Health state dependence estimates (θ(1), θ(2)) (1.08, 1.18) (0.98, 0.91)

(1) Ex-ante insurance value of SSDI per dollar of
SSDI benefits†

0.97 0.91

(2) Required % change in SSDI benefits such that
(1) equals 0.91

+11.1% -

(3) Additional fiscal costs per dollar of SSDI
benefits

0.10 0.11

(4) Ex-ante insurance value of SSDI per dollar of

SSDI benefits, net of fiscal costs (= (1)
1+(3)

)
0.88 0.82

(5) Required % change in SSDI benefits such that
(4) equals 1

-17.4% -

Notes: Reports the ex-ante insurance value of SSDI for married households that enter the model at age
50 as healthy.
∗ Alternative model without caregiving (i.e., caregiving utility is always zero) using the corresponding
parameter estimates reported in column (b) of Table 8.
† Computed as the average compensating variation divided by the average present discounted SSDI benefits.
For each simulated household, compensating variation is measured as the present discounted value of an
annuity income stream y which should be given to households upon entering the counterfactual economy
where SSDI does not exist such that the expected utilities at the beginning of the model under the economies
with and without SSDI are equal.
‡ Fiscal costs are measured by taking the difference in net government expenditures between the economy
with SSDI and the counterfactual economy where SSDI is non-existent. Net government expenditures are
measured as the sum of government transfers (which guarantees the minimum consumption floor) and
SSDI payments, subtracted by tax revenues (payroll and income taxes). The difference in net government
expenditure captures both the direct costs (SSDI benefit payments) and indirect costs (changes in transfers
and tax revenues) induced by the existence of SSDI.
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to be higher when we take into account that the insurance role of spousal labor supply is

reduced due to time spent in caregiving.

While the results shown in Table 12 consider the direct costs of SSDI, SSDI has indirect

costs since an increase in SSDI benefits disincentivizes both husbands and wives to work,

which leads to a decrease in tax revenues. Also, an increase in SSDI benefits affects gov-

ernment transfers that provide the minimum consumption floor, since low asset households

would have a stronger incentive to receive SSDI benefits rather than government transfers.

In order to measure both the direct and indirect costs of SSDI, I compute the difference in

net government expenditures (i.e., sum of SSDI benefit payments and government transfers

that guarantee the minimum consumption floor, minus payroll and income taxes) between

the scenarios with and without SSDI. The additional fiscal costs due to behavioral responses

are reported in row (3).

Both models indicate that a dollar of SSDI benefits induces an additional fiscal cost of

approximately 10 cents. This indicates that a dollar of SSDI benefits net of indirect costs is

valued as 88 cents (=0.97/1.10) under the baseline model and 82 cents (=0.91/1.11) under

the “no-caregiving” model.49 This implies that given the degree of moral hazard in the

model, the total government costs (direct and indirect) of SSDI exceed the welfare benefits

(i.e., ex-ante insurance value) that it provides to married households at age 50. The estimate

in row (5) shows that under the baseline model, SSDI benefits needs to be decreased by 17.4%

in order for the direct and indirect costs of SSDI to be equal to the insurance value that

married households place on SSDI.

Row (5) of Table 12 shows that under the baseline model, one possible reform in order to

make the insurance value of SSDI equal to the total government cost of providing SSDI would

be to reduce SSDI benefit levels across the board by 17.4%. An alternative policy would be

to reduce SSDI benefit levels by x% but provide a flat amount of annual caregiving benefits

bcare to “deserving” SSDI beneficiaries. Providing a supplementary caregiving benefit for

disability beneficiaries is a common feature in a number of OECD countries but not in

the US. Instead of mimicking specific policies, I consider a hypothetical policy where SSDI

49To my knowledge, Bound et al. (2004) is the only paper on SSDI that reports estimates that can be
compared with the ones reported in Table 12. Bound et al. (2004) assumes that individual preferences exhibit
constant relative risk aversion and are separable in consumption and leisure. Given these preferences, for
male workers of ages 45 to 61 and with less than a college degree, individuals’ willingness to pay for a dollar
of SSDI benefits net of fiscal costs is $0.83 ~ $0.90 when the coefficient of relative risk aversion (γ) is 1 and
$1.02 ~ $1.22 when γ = 2. Given that the estimated coefficient of relative risk aversion in this paper is
γ = 1.458, the values reported in row (4) of Table 12 are reasonably within the range that is reported by
Bound et al. (2004).
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Table 13: Policy Reform: Introducing Supplementary Caregiving Benefits

∗ Baseline policy: Reducing SSDI benefits by 17.4%
∗ Alternative reform: Reducing SSDI benefits by x% but providing

annual caregiving benefits bcare to eligible
beneficiaries†

Government budget-neutral and utilitarian welfare-improving
combinations of (x, bcare)

x bcare

21 $6,090
45 $37,737
50 $42,372

† In this policy experiment, beneficiaries eligible for caregiving benefits are defined as
those whose caregiving utility weight ωc,t(s) is above some threshold z. In line with
the fact that about 4% of severely disabled men in my data are completely unable
to perform one or more ADL, I set z such that 4% of severely disabled households
are eligible for this caregiving benefit.

beneficiaries are eligible for a flat amount of bcare in the periods where their caregiving utility

weight ωc,t(s) is greater than some threshold z. In my data sample, about 4% of severely

disabled men are completely unable to perform one or more ADL. Since it is natural to expect

that this subgroup would require a greater degree of caregiving and be more identifiable as

being “severely disabled,” I set z such that 4% of severely disabled households are eligible

for this caregiving benefit.50 Table 13 reports combinations of x and bcare in which the

government budget is the same as under the baseline policy (i.e., reducing benefits across

the board by 17.4%) but generate higher utilitarian social welfare.

The results reported in Tables 12 and 13 point toward a couple of important conclusions.

First, Table 12 shows that even under the estimates for the baseline model with caregiv-

ing, the ex-ante insurance value of SSDI among married households is lower than the total

government cost of providing SSDI which suggests that SSDI generosity should be reduced.

However, Table 13 implies that this can be done in a way such that government resources

are targeted to a certain population (in this case, disabled beneficiaries requiring significant

degree of care from others) and that this can improve (utilitarian) social welfare.51 This

50Note that this is based on interpreting ωc,t(s) as unobservable heterogeneity in caregiving needs (con-
ditional on disability severity s). A higher ωc,t(s) leads to households spending more time in spousal care
and variation in ωc,t(s) across time and households is what allows the model to generate simulated wives’
caregiving choices as observed in the data.

51A important caveat is that this analysis abstracts from distributional concerns.
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is because household welfare increases when more resources are transferred to the severely

disabled states due to positive health state dependence. In addition, reducing overall bene-

fits discourages marginal individuals from applying but the supplementary caregiving benefit

targets resources to severely disabled individuals who require receiving care from others (and

these individuals are more likely to be inframarginal).

6 Conclusion

This paper provides empirical evidence that spousal care plays an important role in under-

standing married women’s labor supply responses to their husbands’ disability and illustrates

its implications for evaluating the insurance value of SSDI. The key results of this paper are

twofold. First, spousal labor supply responses to husbands’ disability are attenuated by a

large extent due to time spent in caregiving. Second, the insurance value of SSDI relative

to its costs is considerably higher when I account for the fact that caregiving needs substan-

tially reduce the insurance role of spousal labor supply. Furthermore, counterfactual policy

experiments indicate that for a given government budget, it is possible to improve (utilitar-

ian) social welfare by reducing overall SSDI benefit levels but introducing a supplementary

caregiving benefit to eligible SSDI beneficiaries with significant caregiving needs.

Between 1980 to 2013, the number of SSDI beneficiaries and their eligible dependents rose

from 4.7 million to 11 million. During the same time period, spending on benefits increased

from 0.54% to 0.84% of gross domestic product, putting a significant strain on the DI trust

funds (Morton, 2015). This has raised concerns among policymakers and subsequently,

various reforms to the current SSDI program have been proposed. Given that SSDI benefit

amounts are computed based on individuals’ past earnings and do not vary by severity under

the current system, these results imply that further adjusting benefit generosity based on

the degree of required care may be an effective method to address the rapid growth of SSDI

while providing households with valuable insurance.
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Appendix

A Detailed Health Conditions

The following are the detailed health conditions that are included in the aggregated health

condition groups reported in Table 1. These are the aggregate groupings used in the HRS

Master Codes.

Musculoskeletal system and connective tissue conditions

1. Arthritis; rheumatism; bursitis

2. Back/neck/spine problems: chronic stiffness, deformity or pain; disc problems; scolio-

sis; spina bifida

3. Stiffness, deformity, numbness or chronic pain in foot, leg, arm or hand; knee/hip

problems; hip replacement

4. Missing legs, feet, arms, hands, or fingers (from amputation or congenital deformity)

5. Paralysis (including from polio)

6. Hernias; hiatal hernia

7. Other problems; lupus; osteoporosis; pinched nerve; carpal tunnel syndrome; fibrositis

Heart, circulatory and blood conditions

1. Heart problems: heart attack (coronary) or failure; arteriosclerosis; aneurysms; heart

deformities; angina; congestive heart disease

2. High blood pressure (hypertension)

3. Stroke; cerebral hemorrhage or accident

4. Blood disorders: anemia; hemophilia; polycythemia; toxemia

5. Other problems; phlebitis, clots, embolisms; varicose veins; hemorrhoids; low blood

pressure

Respiratory system conditions

1. Allergies; hay fever; sinusitis; tonsillitis

2. Asthma

3. Bronchitis; pneumonia; “acute upper respiratory problems”

4. Emphysema

5. Other problems; tuberculosis
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Neurological and sensory conditions

1. Blindness or vision problems: glaucoma; cataracts; detached retina

2. Deafness, hearing loss or other ear conditions

3. Multiple sclerosis; cerebral palsy; epilepsy; Parkinson’s; ALS; “seizures”; neuropathy

4. Speech conditions; congenital speech defects; stuttering

5. Mental retardation; learning disabilities; Down syndrome

6. Other problems; sciatica; meningitis; “memory loss”

B Robustness of Spousal Labor Supply Responses to

Husbands’ Disability

This section provides additional analysis regarding wives’ labor supply responses to their

husbands’ disability. Table 14 reports event study regression coefficients where the estimation

equation is based on equation (1) but with additional control variables. Column (1) reports

the baseline result that is documented in Figure 1b for comparison. Column (2) controls for

the wives’ health status by including dummy variables for wives’ disability status as well as

the interactions of husbands’ disability onset and wives’ disability status as follows:

yit = αi + γt +X ′itβ +
5∑

k=−4

δk · Iitk +
∑
s

(
Asit +

5∑
k=−4

δsk · Iitk · Asit
)

+ εit (19)

where Asit is an indicator for the wife in household i being disabled with severity s ∈
{moderate, severe} at period t. Columns (1) and (2) indicate that although correlated

disability status partially affects wives’ labor supply responses, the baseline result of small

added worker effects still persists.

Next, I explore whether the small spousal labor supply responses are driven by households

whose husbands are receiving SSI/DI benefits. This is done by including the interaction of

post-onset dummies and the dummy for whether the husband is receiving SSI/DI or not.

These results are reported in column (3). Note that these are not causal estimates of the

effect of SSI/DI receipt since applying for disability benefits is an endogenous choice. The

coefficients in column (3) imply that indeed wives with husbands who are on disability ben-

efits are more likely to reduce working hours but the estimates are statistically insignificant.

Moreover, spousal labor supply responses are still small and statistically insignificant even

among non-SSI/DI receiving households. Although wives whose husbands are not receiving
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Table 14: Robustness - Wives’ Weekly Hours Worked in the Event of Husbands’ Disability

(1)
Wives’ Hours

(2)
Wives’ Hours

(3)
Wives’ Hours

(4)
Wives’ Hours

Year = -4, -3 0.318 0.800 0.810 -0.373
(0.751) (0.825) (0.826) (1.266)

Year = -2, -1 -1.171 -0.858 -0.827 -3.885∗∗

(0.996) (1.083) (1.085) (1.818)

Year = 0, 1 -1.861 -0.707 -0.538 -1.391
(1.157) (1.273) (1.323) (2.121)

Year = 0, 1 ×
Receiving SSI/DI

-1.648
(3.203)

Year = 2, 3 -0.955 1.041 1.515 -1.252
(1.322) (1.412) (1.519) (1.968)

Year = 2, 3 ×
Receiving SSI/DI

-3.232
(2.801)

Controls for wives’
disability status

No Yes Yes Yes

Cause of husbands’
disability

All All All
Accident /

acute
conditions∗

Observations 16,365 16,327 16,327 16,327
R-sq 0.091 0.112 0.113 0.114

Notes: Results are based on a sample of married households where both spouses are under age 65 in
the HRS Core survey (1992-2014). Standard errors in parentheses, clustered at the household level. **
indicates statistical significance at the 5 percent level.
∗ Acute conditions include paralysis, heart problems, and stroke.
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disability benefits increase their weekly working hours by 1.5 hours by the second and third

year of their husbands’ disability onset, again these estimates are imprecise.

Finally, column (4) documents responses in wives’ working hours based on alternative

definitions of husbands’ disabilities. I employ the same estimation model as equation (1)

but distinguish whether the disability is due to accidents and/or certain acute conditions

(paralysis, heart problems, and stroke). Arguably, these disabilities are less likely to be

expected and therefore more likely to be regarded as an unexpected shock. Formally, the

estimation model is as follows:

yit = αi + γt +X ′itβ +
∑
g

(
5∑

k=−4

δgk · I
g
itk +

∑
s

(
Asit +

5∑
k=−4

δs,gk · I
g
itk · A

s
it

))
+ εit (20)

where g indicates the disability group (whether or not the disability is due to accidents/acute

conditions). Column (4) reports δgk for the disability group in which the disability was due to

accidents and/or acute conditions. Again, added worker effects are not observed even when

conditioning on certain disabilities that are more likely to be unexpected. This implies that

although there may be heterogeneity in the degree in which disabilities are expected, this

does not seem to be the main driving force given that households cannot perfectly predict

the timing that disabilities occur.

C Social Security Benefit Computation

This section describes how Social Security Disability Insurance and (household) retirement

benefits are computed in the model. Denote the age that the husband first receives Social

Security benefits (either SSDI or retirement) as tb. In reality, the individual’s 35 highest years

of earnings (including zero earnings) are used in computing benefits. Since keeping track

of husbands’ entire earnings histories is computationally infeasible, I approximate average

lifetime earnings at age tb as follows:

ytb =

∑tb
t=t0

e∗t
35

(21)
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where t0 denotes the first year of earnings. e∗t denotes period earnings subject to the maxi-

mum taxable earnings emax:

e∗t = min{whthht, emax} (22)

I set emax = $118, 500 based on the Social Security maximum taxable earnings in 2015.

The husband’s Average Indexed Monthly Earnings (AIME) is computed as his average

lifetime earnings (measured at age tb) ytb divided by 12.

AIME =
ytb
12

(23)

In reality, indexed nominal earnings are used when computing the AIME in order to ensure

that benefits reflect the general rise in the standard of living that occurred during the worker’s

working lifetime. Since all dollar values in the model are in 2015 dollars, equation (23)

provides a reasonable approximation of the AIME without the need of introducing a wage

index for each calendar year.

Next, the Primary Insurance Amount (PIA) is computed from the AIME based on the

following Social Security benefit formula.

PIA = 0.90×min{AIME, b1}+ 0.32×min
{

max{AIME − b1, 0}, b2 − b1
}

(24)

+ 0.15×max{AIME − b2, 0}

b1 and b2 denote bend points which reflect the three progressive replacement factors (90%,

32%, and 15%) that are applied to the three brackets of AIME. I use b1 = $826 and b2 =

$4,980 based on the policy parameters for 2015.

Since the model period is annual, disability benefits are set as follows.

bt(ytb , DIt = 1) = 12× PIA (25)

Household retirement benefits are computed as the sum of both spouses’ retirement

benefits based on the husband’s average lifetime earnings.52 I use the fact that wives are

eligible for 50% of their husbands’ PIA and that the total amount of benefits payable to a

family is capped at a maximum family benefit amount (PIAfmax). PIAfmax is computed

52See footnote 23 regarding the use of the husband’s average lifetime earnings to compute the wife’s
retirement benefits.
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based on the husband’s PIA as follows.

PIAfmax = 1.5×min{PIA, bf1}+ 2.72×min
{

max{PIA− bf1 , 0}, b
f
2 − b

f
1

}
(26)

+ 1.34×min
{

max{PIA− bf2 , 0}, b
f
3 − b

f
2

}
+ 1.75×max{PIA− bf3 , 0}

The bend points (bf1 , b
f
2 , b

f
3) are set as bf1= $1,056, bf2 = $1,524, and bf3 = $1,987 based on

the Social Security formula in 2015.

Finally, household retirement benefits are calculated as below.

bt(y,DIt = 0) = 12×min{1.5× PIA, PIAfmax} (27)

D Taxes

Household taxes τ(At, whthht, wwthwt) are computed as the sum of payroll taxes of both

spouses and federal income tax.

Payroll tax – Payroll tax consists of Social Security and Medicare tax. Social Security tax

is 6.2% of earnings capped at the maximum taxable earnings while the Medicare tax rate

is 1.45% and earnings are uncapped. Therefore, each spouse’s payroll tax τPjt is specified as

follows.

τPjt = 0.062×min{wjthjt, emax}+ 0.0145× wjthjt, j ∈ {h,w} (28)

Federal income tax – Federal income tax is a progressive tax on labor and non-labor income.

Define the taxable household income as follows

It = max{rAt + whthht + wwthwt − d, 0} (29)

where d denotes the amount of household deduction. I set d as d = $12,600 based on the

standard deduction for married households filing jointly in 2015.

Similar to the PIA computation formula, the federal income tax has seven progressive

tax rates that are applied to seven taxable income brackets. Table 15 reports the amount of

federal income tax τFt that the household pays based on taxable household income It. I use

the 2015 income tax brackets for married households filing jointly.
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Table 15: Federal Tax by Taxable Income Brackets (in $)

Taxable Income (It) Federal Income Tax (τFt )

0 - 18,450 0.1× It
18,451 - 74,900 1, 845 + 0.15× (It − 18, 450)
74,901 - 151,200 10, 312.5 + 0.25× (It − 74, 900)
151,201 - 234,500 29, 387.5 + 0.28× (It − 151, 200)
234,501 - 411,500 51, 577.5 + 0.33× (It − 234, 500)
411,501 - 464,850 111, 324 + 0.35× (It − 411, 500)
464,851+ 129, 996.5+0.396×(It−464, 850)

Note: All values are in 2015 dollars.

E Estimating the Wage Offer Process

The husband and wife’s model of employment is specified as equations (30) and (31), respec-

tively.

P ∗iht = X ′itβh +
s∑
s=1

ϑs · 1(siht = s) + Z ′ihtβZh
+ εiht (30)

P ∗iwt = X ′itβw + Z ′iwtβZw + εiwt (31)

P ∗ijt denotes the utility from working and the econometrician observes the indicator for

whether an individual is employed or not: Pijt = 1(P ∗ijt > 0). Zijt is the vector of exclusion

restrictions that affect the individual’s probability of working but are plausibly exogenous

to wages (conditional on Xit and disability status siht).

For females, I use potential UI and SNAP benefits, and SSI/DI award probabilities as

exclusion restrictions. For males, I use the same exclusion restrictions as females but also

add their interaction terms with dummy variables that indicate disability severity. The

interaction with disability severity accounts for the possibility of differences in the effect of

the exclusion restriction variables by health status.

Potential UI and SNAP benefits affect one’s likelihood of working through an income

effect but are plausibly exogenous to wages. Unlike actual benefits which is the result of both

the individual’s decision to apply for benefits as well as other endogenous variables that affect

the amount of benefits, potential benefits are those that a “representative” individual would

have received if one took up the benefits for certain.53 Therefore, the variation only comes

53The individual is “representative” in terms of the endogenous variables (e.g., earnings, liquid assets)
that enter into the computation of benefits.
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from exogenous characteristics such as state of residence, year, and certain demographics. I

use federal and state legislative formulae for each calendar year from 1992 to 2014 where UI

benefits vary by state and year and SNAP benefits vary by year and family size.

SSI/DI award probabilities affect whether an individual chooses to work or not since

higher likelihood of being awarded benefits would incentivize (marginal) individuals to work

less and apply for disability benefits . I use a “residualized” version of SSI/DI award proba-

bilities since although there is wide state-year variation in award rates, part of this may be

due to certain state level characteristics that are also correlated with wages. First, I define

SSI/DI award rates as the percentage of disability claims (SSDI and SSI applications) that

were approved of benefits in the initial determination stage and calculate this for each state

and fiscal year. This is done by using the SSA State Agency Fiscal Year Workload Data54

for years 2001 and beyond as well as using data from 1992 to 2000 obtained directly from

the SSA through the Freedom of Information Act. Next, I compute state-year level demo-

graphic characteristics that may partly account for the variation in disability benefit award

rates. I use the CPS March Annual Supplement to compute each state’s unemployment

rate and per capita income. Also, for each state, I compute the percentage of working-age

individuals who are male, have low educational attainment, employed in industries with high

injury/illness rates, disabled, and below 150% of the federal poverty line, respectively. The

residualized SSI/DI award rate is the residual of the regression of disability award rates on

the aforementioned state-year level characteristics and year fixed effects.

F Computing Standard Errors of the Second Stage

Model Parameters

Recall that some model parameters (θf ) are calibrated or estimated without explicitly using

the model in the first stage and the remaining model parameters (θs) are estimated in the

second stage using indirect inference. The second stage estimate θ̂s is chosen such that it

minimizes the weighted distance between the vector of data moments md and the vector of

simulated moments ms(θ̂f , θs) where the weight is specified by the matrix Ŵ :

θ̂s = arg min
θs

(
md −ms(θ̂f , θs)

)′
Ŵ
(
md −ms(θ̂f , θs)

)
(32)

Standard errors of θ̂s are computed based on the following formula (Gourieroux et al., 1993)

54This data is publicly available at https://www.ssa.gov/disability/data/ssa-sa-fywl.htm.
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var(θ̂s) =
(

1 +
1

H

)
(J ′ŴJ)−1(J ′ŴSŴJ)(J ′ŴJ)−1 (33)

where H is the number of simulations, J =
∂ms(θ̂f ,θs)

∂θs
, and S is the variance-covariance

matrix of the data moments such that S = var(md). S is computed via bootstrap and J is

computed using numerical derivatives (i.e., finite differences).
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