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Abstract

We use an event study approach to examine the economic consequences of hospital admissions
for adults in two datasets: survey data from the Health and Retirement Study, and hospitaliza-
tion data linked to credit reports. For non-elderly adults with health insurance, hospital admis-
sions increase out-of-pocket medical spending, unpaid medical bills and bankruptcy, and reduce
earnings, income, access to credit and consumer borrowing. The earnings decline is substantial
compared to the out-of-pocket spending increase, and is minimally insured prior to age-eligibility
for Social Security Retirement Income. Relative to the insured non-elderly, the uninsured non-
elderly experience much larger increases in unpaid medical bills and bankruptcy rates following

a hospital admission. Hospital admissions trigger less than 5 percent of all bankruptcies.
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1 Introduction

Adverse health shocks are a major source of economic risk for adults in the United States. Protection
against such risk has been a major rationale for health insurance policy in the United States. For
example, speaking at the signing ceremony for Medicare, President Johnson declared, “No longer
will illness crush and destroy the savings that [older Americans] have so carefully put away over a

"I More recently, the United States undertook a major expansion of both public and private

lifetime.
health insurance coverage through the 2010 Affordable Care Act, which particularly expanded
coverage for non-elderly adults. As a result, the vast majority of American adults now have health
insurance. Yet we know remarkably little about their exposure to economic risk from adverse health
events.

Using an event study approach, we examine the economic impacts of hospital admissions for
adults in two complementary panel data sets. First, we use 20 years of the Health and Retirement
Study (HRS) from 1992-2012 to analyze the impact of hospital admissions on out-of-pocket medical
spending, income, and its components; our primary focus is on 2,700 adults with health insurance
(hereafter “insured”) hospitalized at ages 50-59, but we also report results for insured adults hospi-
talized at older ages. Second, we construct a 10-year panel of credit reports (2002-2011) for adults
in California with hospital admissions from 2003-2007 to analyze the impact on unpaid medical
bills, bankruptcy, access to credit, and borrowing; our primary focus is on 400,000 insured, adults
hospitalized at ages 25-64, but we also report results for uninsured adults ages 25-64 and for elderly
adults (ages 65+ at the time of admission). In both data sets, to focus primarily on health shocks,
we restrict our analysis to non-pregnancy-related admissions and to adults who have not had a
prior hospital admission for several years preceding the “index” admission. In each data set, we find
compelling visual evidence of sharp, on-impact effects of hospitalizations that in many cases persist
- or even increase - over time.

For insured non-elderly adults, hospital admissions increase out-of-pocket medical spending,
unpaid medical bills, and bankruptcy, and reduce earnings, income, access to credit, and consumer
borrowing. The decline in earnings is substantial. Three years after admission, non-elderly insured

adults hospitalized at ages 50-59 in the HRS have experienced an 11 percentage point (15 percent)

!See http://www.presidency.ucsb.edu/ws/?pid=27123, last accessed July 2, 2015.



decline in the probability of being employed, and an average annual decline in labor market earnings
of $9,000 (20 percent of pre-admission earnings). By comparison, out-of-pocket medical spending
increases by much less - an average annual increase of $1,400 in the three years after admission,
and is relatively concentrated in the first year after admission. The earnings decline appears to
be persistent, or even increasing, over time. Consistent with an increasing impact of earnings over
time, we find that hospital admissions also decrease consumer borrowing in the credit report data.

Very little of the earnings decline for 50-59 year olds is insured. We find no evidence of a spousal
labor supply response to the hospital admission, and we estimate that only about 10 percent of
the earnings decline is insured through social insurance. In Denmark, by contrast, non-fatal health
shocks to households under 60 produce comparable (15-20 percent) declines in earnings, but almost
50 percent of the earnings decline is insured through various insurance programs, particularly sick
pay and disability insurance (Fadlon and Nielsen 2015).

Substantial insurance for earnings losses due to health shocks does not exist in the U.S. until
individuals become age-eligible for Social Security. We find that 60-64 year old insured adults in
the U.S. experience similar declines in earnings and employment following a hospital admission as
50-59 year olds, but that for 60-64 year olds, a much larger share of this decline (over 60 percent)
is insured, primarily through Social Security Retirement Income. At even older ages, earnings
declines from hospital admissions become minimal or non-existent, presumably reflecting the much
lower rates of labor force participation.

These results could look very different for adults without health insurance (hereafter, “unin-
sured”). Our analysis of the uninsured is limited to the credit report data due to insufficient sample
size in the HRS. In fact, we find similar impacts of hospital admissions for insured and uninsured
adults ages 25-64 on borrowing (about a 10 percent decline over four years) and borrowing limits
(about a 5 percent decline). The decline in borrowing for the uninsured suggests that their increase
in out-of-pocket spending is small relative to the decline in income they experience.

However, we find much larger impacts of hospital admissions on unpaid bills for the uninsured
than the insured: Four years post-admission, a hospital admission is associated with an increase in
unpaid bills of about $6,000 for the uninsured, compared to $300 for the insured. Complementary
results from a regression discontinuity (RD) analysis at age 65 provide some supportive evidence

for interpreting the comparative impacts of hospital admissions as approximating the causal impact



of insurance. These findings add to a growing body of evidence suggesting that the nominally
“uninsured” in fact have substantial “implicit insurance” and that, as a result, much of the economic
benefits from insurance may accrue to external parties who bear the economic incidence of unpaid
medical bills (Garthwaite et al. 2015; Finkelstein et al. 2015; Mahoney 2015).

Our results also speak to the extent and nature of insurance coverage for the economic conse-
quences of hospital admissions in the US. Those with health insurance have coverage for a large share
of the medical expenses that hospital admissions incur, but they have considerably less coverage for
the labor market consequences of the hospital admission until they reach the age eligibility for Social
Security. A back-of-the-envelope calculation for 50-59 year olds with health insurance suggests that
in the first year, over 90 percent of the total medical expenses associated with a hospital admission
are covered, but only about 80 percent of the total economic consequences (medical expenses plus
earnings declines) are covered. Over time the share of total economic costs covered declines further,
since the subsequent labor market consequences loom larger than the continued medical expenses;
in the third year after admission, for example, our estimates suggest that for the insured ages 50-59,
only about 50 percent of the total economic consequences of the hospital admission are covered.

Of course, the welfare implications of uninsured earnings and uninsured medical spending may
differ. If the medical spending associated with a hospital admission is taken as exogenous, but
changes in earnings reflect a labor supply response to reduced productivity or increased disutility
of labor, a given change in earnings will have less of an impact on utility than the same change in
out of pocket spending; nonetheless, our calculation from a simple, stylized model suggests that the
welfare consequences of the uninsured earnings decline for adults with health insurance is at least
three times that of the out-of-pocket medical spending increase.

The welfare consequences of the declines in consumption that likely follow decreased earnings
or increased out of pocket medical spending are not obvious. Some decline in consumption will
be optimal if, as the literature has suggested, the marginal utility of consumption is lower in poor
health (Viscusi and Evans 1990; Finkelstein et al. 2009; Finkelstein et al. 2013). Additionally, in
the presence of moral hazard effects of insurance, the (constrained) optimal level of insurance would
not fully equate the marginal utility of consumption across health states (Pauly 1968; Baily 1978).

Naturally, we are not the first to consider the economic consequences of health shocks in the

United States. Cochrane’s (1991) classic study used panel survey data on food consumption from



the Panel Study of Income Dynamics (PSID) to examine the covariance of food consumption changes
and various shocks, concluding that individuals are imperfectly insured against illness. A subsequent
literature has used the PSID to study the correlation between changes in self-reported health or
disability and changes in earnings and (food) consumption (e.g., Charles 2003; Chung 2013; Meyer
and Mok 2013), and has used the HRS to study the correlation between the onset of self-reported
health problems and changes in out-of-pocket medical spending, income, assets, retirement, and
disability (e.g., Cutler et al., 2011; Poterba et al. 2017; Smith 2005; Smith 1999). Our analysis in
the HRS is similar in spirit to this prior work; it complements it by focusing on the relatively sharp
event of a hospital admission rather than changes in self-reported health conditions. This helps
us to separate the impact of the health event on economic outcomes from other potential secular
trends and from the potential endogeneity of reported health to economic circumstances.

Our analysis of the linked hospital discharge and credit report literature adds to a comparatively
smaller existing literature that uses rich administrative data and the sharp timing of health events
to study the economic consequences of adverse health events in the United States. Morrison et al.
(2013) and Gupta et al. (2014) use an event-study type approach to examine the impact of non-
fatal automobile accidents in Utah and cancer diagnoses in Western Washington, respectively, on
bankruptcy; they are unable to reject the null hypothesis of no effect. In follow-on work, Gupta et
al. (2015) also examine the differential impact of cancer diagnoses on bankruptcy and foreclosures
across individuals with (cross-sectionally) different pre-diagnosis access to liquidity.

In the last section of our paper, we consider the impact of hospital admissions on bankruptcy.
We find that a hospital admission is associated with an increase in probability of bankruptcy of 1.4
percentage points for the uninsured non-elderly (ages 25-64), compared to 0.4 percentage points for
the insured non-elderly (ages 25-64). We find no economically or statistically significant increase
in bankruptcies for the elderly (ages 65 plus). Our estimates imply that hospital admissions are
responsible for about 4 percent of bankruptcies for insured, non-elderly adults, and about 6 percent
of bankruptcies for uninsured, non-elderly adults, and have no effect on bankruptcies for adults aged
65 and over. These findings speak directly to the controversial, high-profile literature on “medical
bankruptcies”, where prior studies have claimed that medical events can explain 20 to 60 percent
of all consumer bankruptcies (Himmelstein et al. 2005, 2009; Dranove and Millenson 2006).

The rest of the paper proceeds as follows. Section 2 provides a simple conceptual framework in



which health shocks can generate both uninsured medical expenses and reductions in wages, and
discusses potential impacts on out-of-pocket medical costs, earnings, and credit report outcomes in
this setting. Section 3 provides an overview of our data and empirical framework. Section 4 presents
our results from the HRS on the impact of hospital admissions on out of pocket medical expenses,
earnings and income. Section 5 presents our results of the impact of hospital admissions on credit

report outcomes. Section 6 discusses some implications of the findings. The last section concludes.

2 Economic framework

We develop a simple economic framework in which health shocks may generate both increases in
out-of-pocket medical expenses and reductions in earnings; we will analyze these impacts using data
from the HRS on out-of-pocket medical spending, earnings, and income. We also use the framework
to help interpret the impact of health shocks on the various financial outcomes we will analyze in

credit report data: borrowing, borrowing limits, unpaid medical bills, and borrowing costs.

2.1 Model setup

An individual lives for two periods. At the start of period 1, she faces an adverse health event
with probability p; in what follows, we superscript outcomes in the state of the world in which
the adverse health event has occurred with an S (for sick state), and we use H (healthy state) as
superscript when the adverse health event has not occurred. After observing the period 1 health
shock, she chooses her labor supply (h:) in each period and her consumption path (¢;) subject to
her lifetime budget constraint in order to maximize her state-specific utility.

Utility U7 in health state J € {H, S} is given by

Ul hf) +—=U(c],h3),

1+906

where ¢ is the discount rate. The per-period utility function U(c/, h{) is defined as

Uei hi) = g(cf) = f(h)),

with g() a concave utility function over consumption (¢;) and f() a convex disutility function over



hours worked (hy).

The health event generates exogenous medical expenses m and exogenously reduces the wage in
each period from w; and ws to (1 —ap)w; and (1 — ag)ws, with 0 < o < 1.2 Of course, in principle
the individual can choose how much health care to consume following a health shock (and we discuss
this briefly in Section 6.2 below); nonetheless, the assumption of exogenous medical expenses seems a
reasonable approximation in our empirical setting of hospital admissions. We assume that the total
shock is bounded above by total income when healthy; i.e., m—l—alwlh{[—l—anghg < wlh{I—i—thgI,
which is a sufficient condition to ensure that the individual can choose positive consumption in
both periods. Health insurance covers a share )\, € [0, 1] of medical costs m and replaces a share
Aa € [0,1] of the reduction in wages in each period. A (weakly positive) insurance premium 7 is
paid in every period and in every health state.

After observing the health shock and the amount of insurance, the individual chooses: (1) hours
of work in each period (h; and hg), (2) borrowing or savings in period 1 (b) at the interest rate
r(u,b), and (3) what amount of uninsured medical expenses (1 — A,;,)m to pay, with the remainder
u < (1 — A\py)m as unpaid medical bills.

The cost of borrowing r(u,b) is strictly increasing in borrowing (b) and in unpaid bills (u).
Borrowing is also limited by a maximum borrowing limit L. We model L as an increasing function

of the present discounted value of maximum total income Y. Specifically, we assume

L =~Y,

with 0 <y < 1and Y = wi H + weH /(1 + 1), where H is the maximum hours an individual can
work each period. The parameter ~ is a reduced-form representation of the supply side of the credit
market, which may not let individuals borrow all the way up to their “natural borrowing limit” (e.g.,
Ljungqvist and Sargent 2004).

Finally, it is useful to define total income in each state:

H _ H
Y = wihy

yP = (1= (1= Aa)ay)wihy .

2We show in Appendix A that our main results obtain in an alternative model where health shocks increase the
disutility of hours worked rather than reduce the wage.



The individual chooses hl‘] , h{ , b7, and u to maximize utility subject to the state-specific budget
constraints. These choices are associated with the following consumption choices in each health

state and time period:

& =y —m—Q=Ap)m+u+b°

5 = y5—7m— (1+7r(u,b%)b’ (1)
off = yi —m+o

A = Y =7 — (1+r(0,0M)) 0"

We also impose some additional technical conditions which we discuss in more detail in Appendix

A. These conditions ensure interior solutions for b and w.

2.2 Impact of health shocks

We use A to compare outcomes when sick to outcomes when healthy (e.g., Ab = b — b, Ay =
y? —yl, AU = U® — UH). We consider the impact of a health shock that is not “fully covered”, by
which we mean one with m > 0, ay > 0, ag > 0, A\, < 1, and A\, < 1. These conditions imply that

(1 - )\m)m + (1 — )\a)(alwlhfl + a2w2h5[) > 0.3

Proposition 1. A health shock that is not fully covered generates Acy < 0, Acy < 0, AU < 0, and
Au > 0; the signs of Ab, Ar, AL, Ay, and Ays are ambiguous, but Ab # 0 and/or Ar # 0 and/or
AL # 0 and/or Ay; # 0 and/or Ays # 0 reject full coverage.

Proof. See Appendix A. O

Proposition 1 says that individuals who experience a health shock that is not fully covered
will experience a decline in utility and consumption when sick; this is an intuitive result based on
objects we do not directly observe. More usefully, Proposition 1 says that we can reject the null of
full coverage through changes in outcomes we can observe or proxy for: income (y; and y2), credit
limits (L), borrowing (b), unpaid medical bills (u), and interest rates (7). A change in any of these

outcomes following a health shock implies a rejection of full coverage because with full coverage

3For ease of exposition, our definition implies that Am = Ao = 1 provides “full coverage”. Naturally equating
consumption across states is not equivalent to full insurance (equating marginal utility of consumption across states),
as the marginal utility of consumption may vary with health (Finkelstein et al. 2013).



(A = Ao = 1), health shocks do not change either the level or time profile of wages or lifetime
resources, and hence do not change labor supply choices, income, borrowing behavior, borrowing
costs, or unpaid bills.

Without full coverage, unpaid bills increase; they are (mechanically) zero when healthy and will
be strictly positive when sick by the envelope theorem. While interest rates are increasing in u, the
effect on interest rates is ambiguous because Ab is ambiguous and r depends on both v and b. The
change in borrowing limits (AL) is also ambiguous because Ar is ambiguous.

More interestingly, Proposition 1 says that the sign of the impact of a health shock on borrowing
and on earnings is a priori ambiguous. The intuition for why Ab could be of either sign without
full coverage is more easily seen in an alternative simplified setting in which individuals cannot
forgo paying medical bills (i.e., v = 0), interest rates are exogenously fixed at the discount rate
(r = §), there are no insurance premiums (7w = 0), and the borrowing limit is equal to available
income (v = 1). In this simplified case, solving the agent’s optimization problem yields the following

closed-form expression for the change in borrowing (see Appendix A for derivation):

Ab = (Aya —Ayr)  + (1 —Am)m : (2)
Relative change in income ~ Uninsured medical expenses

Equation (2) shows that the sign of Ab depends on the importance of the uninsured medical
cost shock, (1 — A, )m compared to the relative income change, (Ays — Ay ). Increases in out-of-
pocket medical spending tend to increase borrowing, while declines in future income tend to decrease
borrowing. Thus borrowing is more likely to decline following a health shock when uninsured wage
shocks are more important relative to uninsured medical cost shocks, and when the resultant income
decline grows over time. Indeed, if the health event only creates an uninsured medical cost shock
(ie, m > 0, A, < 1, and g = a9 = 0 ), this will increase borrowing (Ab > 0) because the
individual will borrow from the future to smooth consumption across the two periods when faced
with uninsured medical expenses in period 1. For borrowing to decline following a health shock, the
income decline needs to be larger in later relative to earlier periods, so that the individual now wants
to move consumption to later periods. Evidence of the impact of the health shock on borrowing

will therefore complement our direct estimates of the impact of the health shock on out-of-pocket



medical spending and income.

The intuition behind the ambiguous sign of Ay; and Ays is similar. The health shock is both a
negative shock to unearned income (uninsured medical expenses) and a negative shock to the wage
in each period. If the health shock is primarily a medical expenses shock, then the negative wealth
effect will tend to increase hours and (if wages don’t change by very much) this will increase total
labor income. Alternatively, if out-of-pocket medical expenses are small and wages are reduced by
a lot, then this will decrease total labor income, although hours can either increase or decrease
depending on the relative importance of income and substitution effects in labor supply in response

to a health shock. We describe this trade-off more formally in Appendix A.

3 Data and Empirical Framework

3.1 Data

We analyze the impact of hospital admissions as the empirical analog of the “adverse health shock”
in the model. We focus on hospital admissions because they are large expenses, relatively common,
measurable, and likely unanticipated (although in recognition of the fact that not all hospital ad-
missions are unanticipated, we report robustness results in which we limit to subsets of hospital
admissions that are more likely to be unanticipated). Naturally they are a subset of health shocks -
for example an unexpected cancer diagnosis based on outpatient screening could generate substan-
tial spending without necessarily generating an inpatient hospital admission - and discrete health
shocks are themselves only a subset of adverse health events, which include the slow onset and
worsening of chronic conditions. We return to this in Section 6.4 when we calibrate the implications
of our findings for the likely total magnitude of “medical bankruptcies.”

Our analysis uses two complementary data sets to analyze many of the outcomes in Proposition
1. We analyze 11 bi-annual survey waves from 1992 through 2012 of the Health and Retirement
Study (HRS), a nationally representative panel survey of the elderly and near-elderly in the United
States. We also analyze a sample of individuals discharged from hospitals in California between
2003 and 2007 whom we linked to their January credit reports for 2002-2011; we also link these

individuals to information on all of their California hospitalizations between 2000 and 2010 and
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to mortality data (both in and out of hospital) from California vital statistics through 2010.* For
confidentiality reasons, all of the analyses using California discharge data were conducted on a non-
networked computer in the Sacramento office of California’s Office of Statewide Health Planning
and Development (OSHPD).

We provide a brief overview of the sample definition and key variables here. Appendix B provides

considerably more detail.

3.1.1 Analysis samples

In both data sets, to try to focus on health “shocks” we restrict attention to non-pregnancy related
hospital admissions for individuals who have not had a recent hospital admission. In the HRS, we
identify the survey wave in which the individual first reports having had a hospital admission over
the last two years (hereafter, the “index” admission), and require that we observe the individual
in the previous bi-annual interview without reporting an admission over the last two years; the
index hospital admission, therefore, on average represents the first hospital admission in at least 3
years. In the California discharge data, we restrict attention to individuals who have not had a prior
hospital admission in the three years preceding their index admission, and exclude pregnancy-related
admissions from the analysis.

Our primary focus is on non-elderly adults with health insurance who had a hospital admission.
In the HRS, individuals from our non-elderly sample are 50-59 at admission; in the credit report
analysis they are 25-64 at admission. We define an individual in the HRS as “insured” if he reports
having private insurance or Medicaid in the interview prior to the one where he reports the index
admission. In the California discharge data, we define an individual as “insured” if his primary
payer for the index admission is private insurance or Medicaid. In both data sets, we exclude the
approximately 15 percent of non-elderly adults on Medicare because such individuals are disabled
and therefore presumably have already had an “adverse health event”. Our baseline sample consists
of approximately 2,700 insured adults ages 50-59 at the time of hospitalization in the HRS and
380,000 insured adults ages 25-64 at the time of hospitalization in the credit report data. Throughout

we refer to these two groups as “non-elderly, insured.”

4To ensure sufficient sample sizes for important sub-samples, we over-sampled certain types of admissions. In all
of our analyses, we weight each individual by the inverse of their probability of being sampled.
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We supplement our primary analysis with additional populations that provide informative con-
trasts. In the HRS, we report a parallel set of analyses for approximately 1,600 non-elderly adults
with health insurance aged 60-64 at the time of admission; unlike our primary sample, these indi-
viduals are age-eligible for Social Security Retirement Income during the 3 years post admissions
that we focus on. In both data sets, we report a parallel set of analyses for the elderly (65 and
older), analyzing about 5,800 individuals in the HRS and about 400,000 in the credit report data.
Finally, in the credit report data we analyze about 150,000 uninsured non-elderly adults with a
hospitalization; these are individuals ages 25-64 at admission whose “expected source of payment” is

“self-pay”. There is insufficient sample size for analysis of uninsured non-elderly adults in the HRS.

Summary statistics Table 1 presents some basic summary statistics for our primary analysis
samples in the HRS and the credit report data; Appendix Tables 4, 13, and 14 provide additional
detail on how sample characteristics are affected by our sample exclusions, as well as summary
statistics for the additional populations analyzed. Naturally, the average age at admission for the
non-elderly insured is higher in the HRS sample in column 1 (56) than in the credit report sample
in column 2 (49). Importantly for interpreting the empirical findings, insurance status is persistent
post-admission for the non-elderly insured .

We gain additional insight into the nature of the hospital admissions for insured non-elderly
adults through the California discharge data linked to the credit report sample in column (2). We
see that 85 percent of admissions are privately insured, three-quarters are admitted to a non-profit
hospital, and about half are admitted through the Emergency Department. The two most common
reasons for the index admission (each of which are about 15 percent of admissions) are circulatory
system and musculoskeletal conditions (see Appendix Table 14). The index hospital admission lasts
an average of 4 days and incurs about $46,000 in list charges (which are notoriously higher than
actual payments and thought to be significantly higher than actual costs). The index admission is
also associated with subsequent additional health care utilization: one-fifth are re-admitted to the
hospital within 12 months and 36 percent are re-admitted within 48 months (see Appendix Table
13). There are also likely associated non-hospital medical expenses. Our estimates from the Medical
Expenditure Panel Survey (MEPS) suggest total medical payments in the 12 months post admission

of about $19,000, of which $11,000 reflect the index admission, $3,200 reflect non-inpatient medical
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expenses, and the remainder reflect payments from re-admissions; see Appendix B.3 (and Appendix

Table 37) for more details.

3.1.2 Key outcomes

We use the HRS to analyze the impact of a hospital admission on out-of-pocket medical spending
((1 = A\pp)m — u), earnings (wihy), income (y;), and several potential sources of earnings insurance
(M), specifically spousal earnings and social insurance programs (unemployment insurance and
various Social Security programs).® All outcomes are derived from self-reports. We use the CPI
to adjust all dollar amounts to 2005 levels (the midpoint of the credit report data) and censor all
outcomes at the 99.95th percentile.

We use the credit report data to analyze the remaining key outcomes in the model: unpaid
medical bills (u), borrowing (b), borrowing limits (L), and borrowing costs (r). All of these measures
are stocks, and are at the individual, rather than household, level.® Once again, we censor all the
continuous outcomes at the 99.95th percentile to purge the data of extreme outliers.

Our main measures of unpaid bills (u) come from collections - unpaid bills that have been sent
to collection agencies for recovery attempts. We analyze both the “number of collections to date”
(starting from 2002) and current unpaid collection balances. We are able to observe medical and
non-medical collection balances separately starting in 2005. We also analyze consumer bankruptcy
- specifically, whether the individual has filed for consumer bankruptcy at any point back to 2002;
this may be viewed as an extreme form of unpaid bills.”

We analyze two measures of borrowing (b). Our primary measure (“credit card balances”) is
total revolving account balances, summed over all open revolving credit accounts the individual
may have. We focus on revolving credit because we suspect it corresponds most closely to the
function of b in the model; that is, the source of the marginal dollar borrowed in response to a
health event. We also analyze balances for automobile installment loans, which are another major
source of loans and may also be a proxy for motor vehicle consumption (e.g., Agarwal et al. 2015b).

Finally, we analyze two components of “access to credit”: borrowing limits (L), and interest

5There is insufficient sample to analyze consumption in the HRS, which is measured for only a small subset of
individuals and survey waves.

5We are unable to identify or link spouses in either the hospital data or the credit report data.

"We informally interpret consumer bankruptcy as an extreme case of “unpaid bills”. For a formal model of personal
bankruptcy, see Wang and White (2000).
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rates (). We proxy for total borrowing limits (L) based on the individual’s total credit limit across
all open revolving accounts. We use the individual’s credit score to proxy for the interest rate (r)
faced by individuals. Credit scores are well-known determinants of individual borrowing costs (e.g.,
Einav et al. 2013a; Agarwal et al. 2015a; Han et al. 2015), with higher credit scores corresponding
to lower r. We analyze the VantageScore 2.0 credit scores, which range from a worst possible score

of 501 to a best possible score of 990.

3.2 Econometric models

We estimate both non-parametric and parametric event study models. The details naturally differ
slightly across the two data sets. In particular, in the HRS we analyze bi-annual survey data while in
the credit report data we analyze the annual outcome data in terms of months relative to admission.

At a broad level, however, they are quite similar.

3.2.1 Non-parametric event study

We analyze the coefficients on various indicator variables for time relative to the event (“relative
time”). The primary advantage of this non-parametric event study is that it allows us to visually
(and flexibly) assess the pattern of outcomes relative to the date of hospitalization. The basic

non-parametric event study specification takes the form

r=—2 r=F
yit = Y + X + Z o+ Zﬂr-i-t‘m (3)
r=S r=0

where 7, are coefficients on calendar time fixed effects, X;; represents a vector of other potential
control variables, and p, are coefficients on indicators for time relative to the hospital admission.
All analyses allow for an arbitrary variance-covariance matrix at the individual level and include the
relevant sample weights. The key coefficients of interest are the pattern on the p,’s which estimate

the outcome at a given r relative to the omitted category p—j.

HRS specification In the bi-annual HRS data, event time r refers to the survey wave relative
to the survey wave in which the index hospital admission is reported to have occurred in the last
two years (r = 0). The r = 0 interview therefore occurs, on average, one year after the index

admission. We analyze up to three waves prior to the index admission (S = —3) and three waves
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after the index admission (F = 3); the omitted category (u—1) reflects an interview conducted, on
average, one year prior to the index admission. Our baseline specification includes bi-annual survey
wave indicators that control for calendar time () and, as additional covariates (X;;), a series of
“HRS cohort”by-wave dummies, because of the changes in sample composition over time as the
HRS added additional birth cohorts for study (see Appendix B.1.1 for details). In the robustness

analysis we also show results with individual fixed effects.

Credit report specification In the annual credit report data, we observe each individual’s credit
report outcomes in January of each year. However, because individuals are admitted to the hospital
in different months within the year, we can define event time r as the number of months relative
to the hospital admission (which occurs at » = 0). Our baseline specification limits the sample to
relative months -47 (S = —47) through 72 (F = 72). The omitted category (p—1) is the month
prior to hospitalization. The v are coefficients on calendar year fixed effects, and there are no
additional covariates (X;;) in the the baseline specification. Because this is a slightly non-standard
setup (involving monthly analysis of annual data) we discuss the specification and identification of
the parameters in more detail in Appendix D; we also describe there the additional normalizations

required when we include individual fixed effects in some of the robustness analysis.

Interpretation To interpret the non-parametric event study coefficients on indicators for time
after the hospital admission in equation (3) as the causal effect of the admission would require
the identifying assumption that, conditional on having a hospital admission during our observation
window and the included controls, the timing of the admission is uncorrelated with the outcome.
Among other things, an admission that is preceded by deteriorating health, or an admission caused
by the adverse health effects of job loss would violate this assumption.

A priori, there is reason to be concerned about such threats. For example, there is evidence
that job loss can produce adverse health outcomes (e.g., Sullivan and von Wachter 2009; Black
et al. 2015), suggesting a potential confounding interpretation. Likewise, it seems plausible that
some hospital admissions are not completely unanticipated; for example, Nielsen (2016) shows in
Danish data that deteriorations in self-reported health can predict future hospital admissions. Our

restriction to individuals experiencing their first hospitalization in the last three years is designed
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to reduce - but cannot eliminate - the chance that individuals are on a downward trend prior to the
hospitalization.

The non-parametric event study in equation (3) allows us to examine patterns in outcomes
in the months leading up to the hospitalization. Not surprisingly, given the types of concerns we
suggested, there is sometimes evidence of secular trends in outcomes prior to the hospital admission.
The relatively sharp timing of the event and high frequency measurement of outcomes (particularly
in the credit report data) allow us to visually and informally assess whether outcomes appear to
change sharply around the event. It also guides our formulation of the parametric event studies

that deliver our main estimates.

3.2.2 Parametric event study

We use the parametric event study to summarize the magnitude of estimated effects and their
statistical significance. Our choice of functional form is guided by the patterns seen in the non-
parametric event studies. In the figures below, we superimpose the estimated parametric event
study on the non-parametric event study coefficients which allows for a visual assessment of our

parametric assumptions.

HRS specification In the HRS, our baseline specification is:

r=3
Yit = ’y; + Xitoz, + or + Z ,LL; + 5;15- (4)
r=0

Equation 4 allows for a linear pre-trend in event time r (i.e., between bi-annual waves of the HRS).
The key coefficients of interest, the u;’s, show the change in outcome following an index admission
relative to any pre-existing linear trend (4). As before, we include “HRS cohort”-by-wave dummies

as additional covariates (in Xj).

Credit report specification In the higher-frequency credit report data, we again allow for a
linear pre-trend in event time r (now months relative to admission), and we now impose a a cubic

spline in post-admission event time:
Yit =Y, +Brr+Por? {1 > 03+ Bsr® {r > 0} + B (r — 12) {r > 12} + 55 (r — 24)° {r > 24} +¢;; (5)
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Equation (5) allows for the second and third derivative of the relationship between outcome and
event time to change after the event (r > 0), and for the third derivative to change further 12
months after the event (r > 12) and 24 months after the event (r > 24). The key coefficients of
interest - B2 through S5 - allow us to summarize the change in outcome following an index admission

relative to any pre-existing linear trend (5;).

Interpretation The parametric event studies in equations (4) and (5) allow for a linear trend in
event time. The choice of the linear trend was motivated by the results from the non-parametric
event studies which, as we will see in the results below, suggest that a linear trend captures any
secular trends quite well. For the parametric event study, the identifying assumption is that,
conditional on having a hospital admission and the included controls, the timing of the admission is
uncorrelated with deviations of the outcome from a linear trend in event time. This assumption still
requires that there are no factors correlated with y;; that, conditional on the included controls, occur
contemporaneously with the hospital admission - such as a job loss that simultaneously produces a

hospital admission.

4 Impacts on Out-of-Pocket Medical Expenses and Income

4.1 Main Results

Figure 1 shows the impact of hospital admissions for insured non-elderly adults ages 50-59 at
admission on out-of-pocket spending, employment, earnings, spousal earnings, government transfers,
and total household income in the HRS. For each outcome, we plot the estimated coefficients on
event time (u,’s) from the non-parametric event study regression (equation (3)), and the estimated
pre-admission linear relationship between outcome and event time (J) from the parametric event
study regression (equation (4)). Recall that survey waves are two years apart and that, on average,
the hospital admission occurs one year prior to the “wave 0” interview. Out-of-pocket spending is
reported for the last two years, employment (defined as “working part- or full-time”) is reported
as of the time of interview, and earnings, government transfers, and income are reported for the
calendar year prior to the interview.

Because of the survey design, it is not straightforward to read the time pattern of the impact
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of hospital admissions directly off of the event study coefficients in Figure 1. Roughly speaking, to
make comparisons of the non-parametric estimates at different post-admission years, the estimates in
the survey wave reporting the hospital admission (wave 0) should be doubled. We calculate implied
effects at different time periods post-admission more formally based on the parametric event study
coefficients (shown in Appendix Table 6). Table 2 summarizes the implied annual effects at one
and three years after admission, and the implied average annual effect three years post admission;
the formulas for translating the parametric event study coefficients into these implied effects are

derived and described in Appendix C.

Out-of-pocket spending, employment and earnings The impact of hospital admissions on
out-of-pocket spending and earnings is visually apparent “immediately” (i.e., at wave 0, approxi-
mately one year after the hospital admission), and persists in subsequent years. The figures suggest
that a linear trend fits the pre-hospital admission trend remarkably well, presumably reflecting the
fact that adverse health is one of the main forms of idiosyncratic variation in medical expenses and
labor market activity for insured adults age 50-59.

A hospital admission increases average annual out of pocket spending by $1,429 (standard error
= $202) in the three years after admission. Not surprisingly, the impact on out-of-pocket spending
is higher in the first year. Indeed, the impact on out of pocket spending in the first year after
admission ($3,275, standard error = $373) is over three times the impact in the third year after
admission ($1,011, standard error = $371). The fact that the hospital admission continues to have a
statistically significant (albeit substantially smaller) impact on out-of-pocket spending in subsequent
years likely reflects the fact that, as discussed above, the index hospital admission is associated with
increased future medical expenses.

A hospital admission reduces the probability of being employed by 8.9 percentage points (stan-
dard error =1.8) in the first year after the admission, and by 11.1 (standard error = 2.3) percentage
points in the third year after admission. This represents a 12 to 15 percent decline in employment
relative to the pre-admission mean. The point estimates suggest that the decline in annual earn-
ings associated with hospital admissions grows over time, from $6,445 (standard error = $4,024)
in the first year after admission, to $11,071 (standard error = $3,475) in the third year after ad-

mission. On average, over the three years after the admission, annual earnings decline by $8,753
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(standard error = $3,415); this represents a decline in earnings of about 20 percent relative to the
pre-admission average.® If the reduction in employment on the extensive margin were drawn evenly
from the pre-hospitalization earnings distribution, about 85 percent of the first year decline in earn-
ings and 60 percent of the third year decline in earnings would be accounted for by the reductions
in employment.

Appendix Table 10 and Appendix Figure 9 provide more detail on the components of the earn-
ings decline. A hospital admission decreases annual hours by 228 (standard error = 54) in the third
year after admission, or about 14 percent relative to the pre-admission average.” The decline in em-
ployment (“working part- or full-time”) represents primarily an exit from full-time work, with little
or no net impact on working part-time, being unemployed disabled, or not in labor force. Much or
all of the reduction in full-time work represents transition to retirement; self-reported retirement in-
creases by 10 percentage points (standard error = 1.8) by the third year post-admission. Consistent
with the declines in labor force activity reflecting the consequences of a hospital admission, in the
first year post-admission, hospital admissions are associated with a 9.5 percentage point (standard
error = 2.1) increase in the portion of people who report that their ability to work for pay is limited

by health.

Earnings insurance We consider both informal earnings insurance through spousal labor supply
and formal insurance through social insurance programs. There is no statistical or substantive
evidence of a response of spousal earnings.'? There is evidence of an increase in average annual
social insurance payments to the household of $881 (standard error = $338) over the three years after
the admission. In other words, about 10 percent of the average annual earnings decline is insured

through social insurance; we suspect this primarily reflects Social Security Disability Insurance

80ur earnings measure includes both labor market earnings and self-employment income, although it may un-
dercount self-employment income that instead gets classified as “business or capital income” (see Appendix B.1.2 for
more details). In Appendix Table 8 we show that the decline in earnings primarily reflects a decline in labor market
earnings.

9We find no evidence of a change in log wages conditional on working, but the estimates are imprecise and would
be difficult to interpret regardless because of potential compositional effects.

10We might expect spousal earnings to increase due to the income effect from the decline in respondent earnings,
or to decline if spousal leisure is a complement to poor health. Consistent with the presence of such offsetting effects,
Fadlon and Nielsen (2015) find in Denmark that spousal earnings increase substantially following a spouse’s death,
but exhibit a (statistically significant but economically modest) decline following a spouse’s severe - but non-fatal -
health shock.
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Payments.'! On average, three years after the admission, total annual household income has fallen
by $8,161 (standard error $5,709); these results, while statistically imprecise, are consistent with

the estimates of earnings decline and offsetting social insurance payments.!?

Heterogeneity Our baseline sample of 50-59 year olds was chosen to restrict analysis to individ-
uals who do not have access to Social Security retirement income at any point during our main,
three-year follow-up period (eligibility starts at age 62). We therefore also consider the impact of
hospital admissions for two older age groups: individuals who are 60-64 at the time of hospital
admission and individuals who are 65+ at the time of admission (“the elderly”). Table 3 shows our
estimates for these older age groups; Figure 2 shows results graphically for the 60-64 year olds and
Appendix Figure 11 shows them for the elderly. Both older age groups have access to Social Secu-
rity Retirement Income during our analysis period. The pre-admission employment rate is declining
with age: it is 74 percent in our baseline sample compared to 55 percent for 60-64 year olds and 11
percent for 65+.

Impacts on out-of-pocket spending are similar for all three age groups, although slightly smaller
for the elderly. Earnings and employment declines are also roughly similar for the 60-64 year olds
and the 50-59 year olds; declines in the probability of employment are slightly higher for 60-64
year olds while declines in earnings are slightly lower; although neither difference is statistically
significant, together they suggest that extensive-margin employment declines may be quantitatively

more important in explaining earnings declines for 60-64 year olds compared to 50-59 year olds.

1 Appendix Table 11 and Appendix Figure 10 provide more detail on the components of the increase in social
insurance payments to the household. We examine separately each payments from each social insurance program
we can measure in the HRS: Unemployment Insurance income, and three types of Social Security income: Disability
Insurance (SSDI), Supplemental Security Income (SSI), and Retirement Income (SSRI). There is no evidence of an
increase in unemployment insurance income following a hospital admission; the increase in social insurance payments
reflects an income in Social Security Income. It appears to reflect an increase in both SSDI and SSRI, with about
two-thirds of the increase coming from the latter. However, by construction, our sample consists of individuals who
will not be age eligible for SSRI during the three years post admission. It is possible that some may have spouses
who are eligible, but given the lack of a change in earnings of spouses and the fact that mean reported Social Security
Retirement Income is non-zero at ages below 62 even for single individuals in the HRS, we suspect there is some noise
in the data in attributing benefits to Social Security Retirement Income as opposed to other Social Security benefits
such as disability insurance and survivor benefits. The HRS document supports the idea of some measurement error
in the distinction among types of Social Security benefits (Chien et al. 2015, see especially pages 734 forward on
measuring SSIT and SSDI, and pages 748 forward on measuring SSRI).

12Total household income is measured as the sum of the components shown in Table 2- respondent earnings, spousal
earnings, and household social insurance payments - plus household pension and annuity income; Appendix Table
9 and Appendix Figure 8 show estimated effects on household pension and annuity income. We exclude household
capital and business income and “other household income” from our baseline household income measure because they
appear to be quite noisy. However, Appendix Table 9 and Appendix Figure 8 show estimated effects for these two
components, as well as estimated effects on an alternative measure of total household income which includes them.
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Strikingly, a much larger share - over 60 percent - of the earnings decline for 60-64 year olds is
insured through social insurance.'® This increase in social insurance payments for 60-64 year olds
appears to come entirely from larger increases in Social Security retirement income (see Appendix
Table 11). Finally, for the elderly we find no effects of hospital admissions on either earnings or social
insurance payments. Taken together, these results suggest that hospital admissions have important
impacts on employment and earnings for those who are working at the time of the admission, and
there is little formal insurance for these declines until individuals reach the age eligibility threshold
for Social Security benefits.

In addition to studying heterogeneity by age, we also explored how our results for our baseline
sample of 50-59 year olds varied with socio-economic status (proxied for by pre-admission financial
assets), and with (pre-admission) marital status. Appendix Table 12 and Appendix Figures 12-15
show the results. We see similar declines in employment by SES; level declines in earnings are,
not surprisingly, larger for higher-wealth households (who have higher pre-admission earnings, as
well), but they also appear to be somewhat proportionally larger. Impacts on employment and
earnings appears to be slightly larger for single individuals. However, even for the three-quarters
of the sample who are married pre-admission, spousal earnings do not respond. Interestingly, for
previously single individuals we do see an increase in spousal earnings following the admission,

which reflects increases in the probability of being married post-admission (not reported).

4.2 Identifying Assumption and Robustness

Table 4 presents results from a number of alternative specifications of the parametric event study; the
corresponding figures are in Appendix Figures 2-7. The results are generally reassuring . Column 1
presents the baseline specification. All subsequent columns represent a specific deviation from this
baseline.

If we were to interpret the coefficients on the indicators for time after the hospital admission
from the non-parametric event study coefficients as the causal effect of the admission, this would
require the identifying assumption that, conditional on having a hospital admission during our

observation period and the included controls, the timing of the admission is uncorrelated with the

13The share of earnings decline insured would be even larger (over 80 percent) if one considered only the declines in
respondent earnings. However, for 60-64 year olds there are statistically imprecise but quantitatively non-trivial and
same sized declines in spousal earnings, which we include in our measure of the earnings decline.
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outcome. An implication is that there should be no trend in outcomes in the period leading up
to the hospital admission. Figure 1 indicates that this is not strictly true. Our estimates indicate
a (statistically insignificant) pre-admission rise in annual out-of-pocket spending of about $65 per
year, a (statistically significant) pre-admission decline in the probability of employment of about
1.75 percentage points per year and a (statistically insignificant) pre-admission increase in annual
earnings of about $80 per year (see Appendix Table 6). The rise in out-of-pocket expenses and
decline in employment probability may reflect a gradual decline in health preceding the hospital
admission. The parametric event study therefore requires a weaker identifying assumption, that,
conditional on having a hospital admission during our observation period and the included controls,
the timing of the admission is not correlated with deviations from the outcome’s linear trend in
event time. Figure 1 suggests this is a very reasonable assumption.

We report two specifications designed to investigate sensitivity to potential violations of the
identifying assumption of the parametric event study. The identifying assumption would be violated
if there is an individual-specific component of the error term that, relative to the linear trend in
event time, is correlated with the timing of hospitalization, conditional on the included controls. If,
for example, individuals of different admission cohorts have different levels of outcomes, this would
violate our identifying assumption. Therefore, in column 2 we report robustness to an alternative
specification with individual fixed effects. This requires an additional normalization due to the
collinearity of admission cohort, calendar time and event time; we omit an additional survey wave
fixed effect.

Attrition - either from mortality or non-response to the survey - that is correlated with the
post-admission outcome poses another potential threat to our identifying assumption if attrition
is correlated with the post-admission outcome. Attrition is mechanically zero in the survey wave
after the admission (i.e., in survey wave 0) since one must survive to report the index admission.
We estimate that about 3 percent of the non-elderly insured die between bi-annual waves after
the index admission interview, and about 5 percent do not respond in a given wave. Inclusion
of individual fixed effects (see column 2) is one natural approach to addressing potential bias due
to attrition; the impact of a hospital admission is now estimated entirely off of within-individual
changes and therefore should not be contaminated by any differential attrition correlated with the

level of the outcome. However, if there is heterogeneity in treatment effects across individuals, the
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pattern of event study coefficients (y).s) could still be affected by compositional changes in the set
of individuals used to identify a given relative year coefficient. Therefore, as an additional check,
we also re-estimated the baseline specifications on a balanced panel of individuals whom we observe
in all survey waves -2 through 2 (column 3). This balanced panel specification also allows us to
examine the time pattern of outcomes in the figures without concerns about potential effects of
compositional changes.

The remaining columns of Table 4 investigate sensitivity to other choices. The baseline specifi-
cation included “HRS cohort”-by-wave dummies because of the changes in sample composition over
time as the HRS adds additional birth cohorts. Columns 4 and 5 show the results if we instead
control only for wave dummies (column 4) or we add to the baseline specification additional controls
for demographics, specifically a cubic in age and dummies for gender, race, and educational attain-
ment (column 3). Column 6 relaxes the requirement that we observe individuals in wave -1 without
reporting a hospital admission, so that these individuals may have experienced a hospital admission
in the three years prior to their index admission; for this sample, we define insurance status based
on the survey wave reporting the hospital admission (as opposed to the survey wave preceding the
hospital admission as in the baseline sample). Finally, given the high variance, right-skewness of
out-of-pocket spending, earnings, and income, column 7 reports the results of estimating a propor-
tional rather than a linear model. Specifically, we estimate a quasi-maximum likelihood Poisson
model; this produces quantitatively similar proportional estimates, as does a model of log household

income.

5 Impacts on Credit Report Outcomes

5.1 Main results

Figures 3 and 4 show the impact of hospital admissions for insured adults ages 25-64 at the time
of admission on collections, credit limits, credit card borrowing, and automobile loans in the credit
report data; the top panel of Figure 5 shows the impact on bankruptcy rates for this same popula-
tion. Once again, we plot the estimated coefficients on event time (u,’s) from the non-parametric

event study regression (equation (3)), and the estimated pre-admission linear relationship between
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outcome and event time (&) from the parametric event study regression (equation (5)).14 Tables 5
and 6 (panel A) summarize the implied effects of the hospital admission (from equation (5)) at 1
year and 4 years after the index admission. Appendix Table 19 reports the estimated coefficients

directly.

Unpaid bills and bankruptcy There is a clear “on impact” effect of hospital admissions on
collections (number and balances). Four years later, a hospital admission is associated with an
increase in total collection balances of $302 (standard error = $37) or about 25 percent relative to
pre-admission balances. The effect is most pronounced for medical collections, although there is
some evidence of a smaller increase for non-medical collections as well, which may in fact reflect an
increase in mis-classified medical collections.'® The effect on medical collections increases initially
over time and then appears to flatten out after about two years. This makes sense; medical collection
balances represent a stock (not flow) and hospitals usually make several attempts to get payment
on a bill before sending it to a collection agency.

Hospital admissions are also associated with a statistically significant increase in consumer
bankruptcy. Four years later, a hospital admission is associated with an increase in the proba-
bility of bankruptcy of 0.4 percentage points, or about 33 percent relative to the annual bankruptcy

rate of 1.2 percent in this population.

Borrowing and access to credit Four years later, hospital admissions are associated with a
decline in credit card balances (our primary proxy for borrowing b) of $1,208 (standard error =
$253) - or about 10 percent. Automobile loan balances also decline in the four years post admission
- by $507 (standard error = $71), or about 7 percent. In Appendix Table 34, we show that hospital

admissions are also associated with a slight decline in the probability of having a second mortgage

MFor many of the outcomes, there is visual evidence of a cyclical pattern to the non-parametric event study
coefficients. The pattern is particularly pronounced post hospitalization, but also visible pre admission for some
outcomes. This appears to reflect systematic variation in our sample by admission month since, recall, we observe
each individual once every 12 months. The fact that that pattern is more pronounced post-hospitalization and (as
we will see in the robustness analysis below) is usually still present after the inclusion of individual fixed effects
suggests that the variation across admission months primarily reflects variation in treatment effect rather than mean
outcome levels. Thus, the point estimates from our spline regressions should be viewed as an average of the impact
of hospitalization across the groups admitted to the hospital in different months.

15While we can be fairly confident that “medical” collections reflect unpaid medical bills, the converse is less clear.
Non-medical collections may reflect non-payment of non-medical bills (such as utility bills). But they may also reflect
unpaid medical bills; for example, a medical bill that is charged to a credit card whose balances are then not paid
would show up as a non-medical collection.
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(such as a Home Equity Line of Credit). Overall, the decline in all three forms of borrowing is
consistent with the persistent decline in future income following a hospital admission estimated in
the HRS.

Hospital admissions are also associated with declines in access to credit. Four years after admis-
sion, credit limits have declined by $2,215 (standard error = $440), or about 5.5 percent relative
to pre-admission levels - and credit scores by 1.8 (standard error = 0.5) - or about 0.2 percent -
although the visual evidence for credit scores is not particularly compelling.'®

The decline in credit limits is likely more consequential than the decline in credit score. The
decline in credit limits following a hospital admission is over half the the decline in credit limits
following an unemployment spell,!” while our back-of-the-envelope calculations suggests that the
decrease in credit score may be associated with an increase in interest rate of less than one-tenth
of one percent (0.054%).'® A larger impact of hospital admissions on borrowing limits (L) than
interest rates (r) is consistent with our theoretical model in which the effect of a hospital admission
on r was theoretically ambiguous due to two opposing forces: hospital admissions increase unpaid

bills (), which should serve to increase 7, but also decrease b which should serve to decrease r.'9

Alternative samples: The elderly and the non-elderly uninsured We conducted a parallel
set of analyses for elderly individuals and for uninsured non-elderly admissions and summarize them
briefly here. Tables 5 and 6 presents the results from the parametric event studies in panels C and
B, respectively; the underlying regression coefficients are shown in Appendix Tables 20 and 21, and
the non-parametric event study figures are shown in Appendix Figures 16-19.

For the elderly, even though the severity of the health shock (as measured by length of stay
or charges) is larger (see Appendix Table 13) the results suggest similar proportional (and smaller

absolute) impacts on collection outcomes as compared to the non-elderly insured, and limited or

16Not everyone has a credit score; 96 percent of our sample has a credit score prior to hospitalization. We therefore
examined the impact of hospital admissions on the probability of having a credit score (see Appendix Table 34). A
hospital admission is associated with a statistically significant decline of 0.28 percentage points in the probability of
having a credit score after 48 months.

1"Bethune (2015) examines people who lose their job between 2007 and 2009, and estimates that unemployment is
associated with a decline in credit card limits of $925 by 2009. By comparison, we estimate that a hospital admission
associated with a $500 decline in credit limits 12 months later.

18Recent estimates suggest that, on average, a 100 point decline in credit score is associated with an increase in
interest rates (r) of 100 to 300 basis points (Agarwal et al. 2015a, Han et al. 2015).

19The larger effect on credit limits may also reflect differences in how these instruments are used as screening devices
for borrowers; indeed, consistent with our findings, Agarwal et al. (2015a) find that credit card companies will often
impose large changes in borrowing limits without meaningful changes in interest rates as a function of credit score.
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no impact - either visually or in the estimated implied effects - on other outcomes. In particular,
there is no evidence of an impact on bankruptcy or credit limits; the point estimates are usually
wrong-signed and substantively small compared to estimates for non-elderly adults. There is no
evidence of a decline in credit card borrowing, and weak evidence of a small increase in automobile
loans. There is a decline in credit score following a hospital admission that is similar in magnitude
to the quantitatively trivial estimate for the non-elderly insured. The lack of evidence of impacts
on credit limits and borrowing goes hand-in-hand with the lack of evidence of impacts on earnings
and employment for the elderly in the HRS.

For the uninsured, non-elderly, we find much larger impacts on collections and bankruptcy than
for the insured non-elderly, but similar (or smaller) impacts on credit card balances, automobile
balances, and credit limits. For example, four years later, a hospital admission is associated with an
increase in collection balances of $6,199 (standard error = $130) for the uninsured, compared to $302
(standard error = $37) for the insured. The right tail effects are also much larger for the uninsured,
for example, the 90th percentile impact on collection balances is $23,000 for the uninsured, compared
to $600 for the insured (see Appendix Tables 26 and 32 for quantile regressions). The impact on
bankruptcy is also larger for the uninsured; a hospital admission is associated with a 1.4 percentage
point (standard error = 0.14) increase in bankruptcy over four years, compared to a 0.4 percentage
point increase for the insured (the pre-hospitalization annual bankruptcy rate is similar at about
1.2 percent). In interpreting these results, it is important to note that unlike being insured, being
“uninsured” is not a persistent state post-admission; for those uninsured at the index admission, only
about 43 percent of subsequent hospital days over the next four years are uninsured (see Appendix
Table 14), which may reflect post-admission incentives to take up insurance or post-admission
changes in eligibility for public health insurance.

The four-year impacts on the other outcomes are similar proportionally (and smaller in absolute
terms) for the uninsured relative to the insured.?’ For example, four years post-admission, the

decline in credit limits is about 5 percent for each group, and the decline in borrowing about 9

20The results for the uninsured on credit scores (Table6 column 3 and Appendix Figure 17) are somewhat puzzling
- suggesting a similar proportional decline to the insured at 12 months but a statistically significant increase at 48
months. However, given the potential endogeneity of presence of a credit score, we urge some caution in interpreting
these results. As noted above, only 84 percent of the uninsured sample has a credit score prior to hospitalization.
We find that a hospital admission is associated with a statistically significant decline of 0.85 percentage points in the
probability of having a credit score after 48 months (see Appendix Table 34).
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t.21

percen The decline in borrowing following a hospital admission for the uninsured suggests that

the increase in out of pocket spending they experience is small relative to their decline in income.

5.2 Identifying assumption and robustness

Table 7 presents results from a number of alternative specification of the parametric event study
for the insured non-elderly; the corresponding figures are in Appendix Figures 20-26.?2 The results
are generally reassuring. Column 1 presents the baseline specification. All subsequent columns
represent a specific deviation from this baseline.

Once again, we use the non-parametric event study to examine trends in outcomes leading up
to the hospital admission in Figures 4 and 5. For some outcomes - such as collection balances,
credit card borrowing, and credit limits - the pre-trends appear negligible. However, for others
- particularly bankruptcy and credit score - they are quite pronounced. Fortunately, once again
where there are trends relative to event time, they seem reasonably well-approximated by a linear
trend. Thus, we are comfortable relying on the identifying assumption of the parametric event
study model.

However, we report results from several alternative specifications designed to investigate sensi-
tivity to potential violations of the identifying assumption of the parametric event study. In column
2 we include individual fixed effects. This specification requires an additional normalization; we
impose that there are no pre-trends in outcome y;; in the months leading up to the hospitaliza-
tion event between r = —47 and r = —35. We discuss the specific requirements in more detail in
Appendix D.2.2.

Columns 3 and 4 address potential threats to the identifying assumption arising from non-
random attrition, which in this setting arises primarily due to mortality. For non-elderly insured
adults, mortality is 3.2 percent in the 12 months following the index admission, and 6.3 percent in 48
months (Table 1, column 2). Mortality per se is not a problem for our analysis. However, since by

construction mortality is correlated with event time (you must be alive to have the event), it would

21The declines for the uninsured may be mechanically dampened by the relatively large share with zero credit limits
and credit card balances (50 percent, compared to about 20 percent for the insured; see Appendix Table 15). However,
at higher quantiles where such censoring is less of a concern, the pattern of results across quantiles look similar to that
for the insured; impacts for the uninsured are similar at the 75th percentile compared to the mean, and estimated
effects at 90th percentile are roughly three times larger than the effects at the mean (see Appendix Table 32).

22 Appendix Tables 33 and 31 present the corresponding robustness analysis for the elderly and the non-elderly
uninsured.

27



pose a threat to our identifying assumption if mortality were correlated with y; ;, in either levels or
changes. For example, if hospitalizations for individuals who have worse pre-hospitalization financial
outcomes are also more likely to result in death, attrition due to mortality would bias downward
our estimated impact of hospitalizations on financial well-being; Appendix Table 17 suggests that
post-admission mortality is correlated with somewhat worse pre-admission financial outcomes.

As discussed in the context of the HRS analysis, inclusion of individual fixed effects (see column
2) or restricting to a balanced panel are approaches to addressing potential bias due to attrition.
Column 3 shows the results are not sensitive to estimating the baseline specification on a balanced
panel of individuals whom we observe alive in all relative months from —23 to 48. Consistent with the
pattern in Appendix Table 17 that post-admission mortality is correlated with worse pre-admission
financial outcomes, the estimated impacts of a hospital admission tend to be slightly larger with
either individual fixed effects (column 2) or the balanced panel (column 3).A separate attraction
of the balanced panel specification is that it allows us to examine the pattern of pre-trends and of
post-hospitalization effects without concerns that they might be driven by compositional changes.
Primarily for space reasons, in the main text we show the post-hospitalization effects only out to 48
months (which is also the maximum follow-up period we can observe for all hospitalizations). As
noted, however, we estimate our equations on data out to 72 months post hospital admission. For
completeness, the “baseline” results in Appendix Figures 20 through 26 (top left corner) therefore
show the results out to 72 months. We also show results limited to early hospitalizations (2003-2005)
- for whom the analysis out to 72 months can be done on a balanced panel of all admissions with
outcomes observed through 72 months- and the later hospitalizations (2005 - 2007) - for whom the
entire 4 year pre period can be estimated on a balanced panel of admissions with outcomes observed
for that entire pre period. Columns 7 and 8 of Appendix Table 24 show the estimates are similar
for these “early” and “late” balanced panel analyses. The graphical evidence in Appendix Figures
20 through 26 for both the unbalanced panel (top left figure) and balanced panel (bottom right
figure) suggests that the impact of hospital admissions on collections, and perhaps bankruptcies,
has plateaued by 48 months; the impacts on the other outcomes - credit limit, credit score, credit
balances, and automobile balances - if anything may be larger over a longer time horizon. We show
graphical results for the early and late balanced panel results in Appendix Figures 27-28.

The individual fixed effect specification and the balanced panel specification address possible
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bias due to correlations between mortality and the level of the outcome, but there is still potential
for bias if mortality is correlated with the impact of a hospital admission (i.e., mortality is correlated
with py~0). The sign of any potential bias is unclear. If hospitalizations that cause greater financial
strain are more likely to result in death, our estimated impact of hospitalizations on financial strain
would be biased downward. Alternatively, if one way individuals improve their health and reduce
their mortality probability following a hospitalization is to borrow and take on more debt, our
estimated impact of hospital admission would be biased upward.

To investigate this potential concern, we restricted our sample to the lowest quartile of predicted
mortality - predicted based on diagnosis and age at admission.?> The sample restriction to the lowest
quartile of predicted mortality essentially eliminates attrition during our sample period; 12- and 48-
month mortality are 0.24 percent and 0.9 percent, respectively, compared to 3.2 and 6.3 percent in
the full sample (see Appendix Table 18). Column 4 shows the results are, once again, robust to this
alternative specification. The point estimates vary more relative to the baseline (column 1) with
this alternative specification than the previous ones, although there is no clear directionality to the
sign and the differences are not statistically significant. Overall, we view these results as reassuring
about the robustness of our findings to potential differential attrition.

In column 5 we expand rather than restrict the sample - adding back the approximately 15
percent of individuals who had a prior hospital admission in the last three years. These individuals
are excluded from the baseline sample because of our desire to examine the impact of an initial
health shock, for both econometric and economic reasons. In practice, the results are robust to
including individuals with a prior hospital admission in our analysis; if anything, the estimated
impacts become slightly bigger in magnitude. However, as seen in Appendix Figures 20 through 26,
the pre-trends in outcomes are, as expected, more pronounced with the inclusion of these additional

individuals who have already started to experience a health decline prior to the index event.

Heterogeneity An implication of the identifying assumption of the parametric event study is that
while individuals may be on a slow secular trend relative to the admission, they do not anticipate or

have discretion over the exact timing of the hospital admission. The detail in the hospital discharge

Z3pecifically, we regress an indicator variable for whether the individual died by the end of our sample (Jan-
uary 2011) on a full set of age-in-years-at-admission dummies and one’s primary diagnosis-related group (DRG) at
admission; we observe almost 500 different DRGs.
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data allows us to investigate the sensitivity of our findings to restricting to admissions that are more
likely to fit these criteria.

We find that the results look similar when we limit to admissions that are less likely to be
anticipated. Column 6 shows the results of limiting to admissions through the ER; column 7 shows
the results of limiting to admissions to admissions that are classified as “non-deferrable” using the
Card et al. (2009) metric of admissions whose ratio of weekend to weekday admissions is “close
to” two-fifths.?* In Appendix Table 25 we present further such cuts, looking at admissions for
particular conditions that may be less likely to be anticipated, such as heart attacks, car accidents,
and external injuries; in some cases the samples get quite small, but there is no obvious pattern of
differential effects for less anticipated admissions. As a final sample restriction related to concerns
about the identifying assumption, in column 8 we exclude admissions for “ambulatory care sensitive
conditions” - these are admissions for conditions that are potentially avoidable with timely treatment
from either the patient or his primary care provider (Caminal et al. 2004) - since they may violate
the assumption of a sudden and unexpected shock.

We also explored heterogeneity in the impacts of hospital admissions more generally across
different sub-samples of individuals and types of hospitalizations. Results are shown in Appendix
Tables 23 through 25. We find smaller impacts of a hospital admission for those on Medicaid
than those with private insurance, which may reflect the lower labor force attachment for those
on Medicaid; consumer-cost sharing is similar for these groups.?®> There is some evidence of larger
impacts for admissions for chronic diseases and for admissions with higher predicted list charges;
such admissions may have larger impacts on medical expenses and/or earnings. Results also look
similar for admission across different types of hospitals (public, non-profit and for profit), and for
the five most common reasons for admission.

Finally, Appendix Table 26 moves beyond mean impacts to examine results from unconditional
quantile regressions on the distribution of five continuous outcomes: total collection balances, credit

limit, credit score, credit card balances, and automobile loan balances. Many of these are highly

24Non-deferrable hospital admissions are limited to the subset of admissions that originate through the ED and
have an ICD-9 code as the primary diagnosis that has weekend to weekday frequencies closest to the 2:5 ratio that
we would expect if there is no delay in care.

25In the 2000-2011 CPS, we estimate labor force participation rates in California of 85 percent and 40 percent for
the privately insured and Medicaid recipients, respectively. In the 1999-2010 MEPS, we estimate only slightly lower
consumer cost sharing for those covered by Medicaid (6.7 percent compared to 8.8 percent for the privately insured);
see Appendix Table 37.
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skewed variables (see Appendix Table 15). Median impacts tend to be smaller than mean, par-
ticularly for balances. In general, the impacts at the 75th percentile are fairly similar to mean
effects, and the 90th percentile impacts are often between two and three times larger than the mean
impacts. This could suggest a skewed distribution of health shocks, with a subset of shocks having
particularly severe credit market consequences. Mean impacts that are larger than median impacts
are also consistent with our findings in the HRS that a large share of the earnings decline associated
with hospital admissions comes from extensive margin labor supply adjustments; this suggests a
skewed pattern of earnings responses, with many individuals experiencing small changes in earnings
but some individuals experiencing much larger changes from leaving the labor force.

Given the right-skewness of many of our continuous outcomes, in Appendix Tables 27 and 28
we also report results from estimating a proportional rather than a linear model. Specifically,
we estimate a quasi-maximum likelihood Poisson model. The results are robust and similar in
magnitude to the implied proportional effects (relative to pre-admission means) from the linear

model.

6 Implications

6.1 Impact of hospital admissions on earnings

In the first three years post-admission we estimate an average annual earnings decline for 50-59
year olds of about 19 percent of pre-hospitalization earnings. This earnings decline is similar in
magnitude to estimates of earnings losses from job displacement (e.g., Jacobsonet al. 1993, Sullivan
and von Wachter 2009). The earnings decline appears permanent over the seven post-admission
years we can analyze - indeed, the point estimates suggest the impacts are increasing over time -
and large relative to the (shorter run) increase in out-of-pocket medical spending.

The results from the credit reports complement and enrich this analysis. In the framework in
Section 2, declines in credit limits are assumed to proxy for declines in earnings potential, and de-
clines in borrowing are consistent with an impact of hospital admissions on income that is increasing
over time and large relative to the (front-loaded) increase in out-of-pocket medical costs. Consistent

with this interpretation, we find little impact of hospital admissions for the elderly on earnings in
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the HRS or on credit limits or borrowing in the credit report data.?S

What causes the decline in earnings and employment for the non-elderly insured that we observe
in the HRS data? In Section 2 we modeled the hospital admission as reducing wages (productivity)
or increasing disutility of work. Another - unmodeled - possibility is that a hospital admission
reduces life expectancy. If consumers are living “hand to mouth” a change in life expectancy would
have no effect on earnings and employment. However, for life-cycle consumers who are saving up
for retirement, a decline in life expectancy would be expected to decrease savings and labor market
activity (e.g., Attanasio and Hoynes 2000; Restuccia and Vandenbrouke 2013). Using Restuccia and
Vandenbrouke’s (2013) estimate that the elasticity of annual earnings with respect to life expectancy
is -0.05, our calibration exercise suggests that the decline in life expectancy due to a hospital
admission would imply a 0.1 to 0.5 percent average decline in earnings after 3 years or, in other
words, a very small share of the 19% earnings decline we estimate.?” One can get a larger role for
life expectancy in explaining our earnings decline if we consider a model of retirement rather than
hours choice (e.g., Bloomet al. 2014). Here, our calibration exercise suggests that the decline in life
expectancy due to a hospital admission would imply a 0.4 to 1.5 percentage point increase in the
probability of retired after 3 years, which may be able to explain up to 15 percent of the decline

in employment we observe.?® While larger than the hours-based calculation, the bottom line from

26Naturally, there are other differences between the elderly and non-elderly insured adults that could also contribute
to the differential impacts of hospital admissions observed in the credit report data. In particular, there may be im-
portant differences in the nature of their insurance and the nature and severity of their hospital admissions. Appendix
Tables 13 and 14 provide some descriptive information regarding differences in severity; not surprisingly, the health
shock appears more severe for the elderly (as measured by list charges or length of stay for the index admission).
Indeed, as we show in Appendix Table 35, when we re-weight the elderly sample to match the non-elderly insured
sample on demographics (race and gender) and health conditions (diagnosis codes and length of stay), the results for
the elderly become smaller. Another comparability issue is that credit report measures may proxy for different things
in differnet populations. After a hospitalization elderly retirees may finance consumption by drawing down savings
rather than taking on debt, and the uninsured may rely less on formal credit markets and more on other sources of
liquidity. We are not able to observe changes in wealth or savings behavior directly, but the lack of change in credit
report measures for the elderly is consistent with lack of change in total income that we find in the HRS data.

*For this calibration exercise, we use the estimates from the US Life Tables that expected remaining life at 56 (the
average age of a hospital admission in our HRS sample) is 26.2 years, and 3-year mortality is 2.0% (Arias et al. 2010).
In the HRS we estimate a 3-year post admission mortality rate of 3.8%. To allow for the maximal possible effect
of life expectancy changes, we assume that all of the elevation in mortality post admission relative to the national
average reflects the impact of the hospital admission. To convert this elevated three-year mortality rate into a change
in life expectancy we consider two alternative assumptions: (1) the increased annual mortality risk due to hospital
admission is limited to the the first 36 months post admission, and (2) the change in annual mortality risk due to
hospital admission is permanent and equal to the average change during the first 36 months. These two assumptions
suggest that hospital admissions result in a 2.8 to 9.2 percent decline in life expectancy. Thus, if the entire earnings
response came through changes in life expectancy (without any change in wage), this would imply a 0.1 to 0.5 percent
decline in earnings

ZBloom et al. (2014)’s estimates suggest that the decline in life expectancy due to a hospital admission that we
calculated in footnote 27 would produce a 1 to 4 percent decline in the retirement age. If we assume everyone’s life
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both approaches is that the decline in life expectancy alone, with no change in wages (or disutility

of work), cannot account for much of our estimated decline in earnings and employment.

6.2 Insurance coverage for the “insured”

Our findings highlight the nature of insurance against health shocks in the US. Our estimates imply
that for 50-59 year olds with health insurance, the impact of a hospital admission on total medical
expenses is similar to its impact on earnings in the first few years, while over longer horizons the
earnings decline is likely larger than increase in total medical expenses.?? Health insurance in the
United States covers over 90 percent of the medical expenses associated with a hospital admission.
However, our results suggest that less than 10 percent of the earnings decline associated with the
hospital admission is covered for individuals below the age of Social Security eligibility.

In other words, for those who have it, insurance for medical expenses ()\;,) is fairly comprehen-
sive, while insurance for income declines () is substantially less complete. As a result, the insured
have less protection against the economic consequences of health shocks than the cost-sharing provi-
sions of their insurance for medical expenses insurance would imply, and the degree of protection is
declining over longer time horizons. For example, we estimate in the MEPS that about 92 percent of
the medical expenses in the year following admission (including the medical expenses from the index
admission itself) are covered by insurance. However, once earnings consequences are accounted for,
only about 80 percent of the total economic costs (total medical expenses plus earnings decline) of
the hospital admission in the first year are covered. In the third year after admission, only about
50 percent of costs are covered, reflecting the growing impact on earnings and the declining impact

on medical expenses.?"

expectancy and retirement age shift by the same number of years, and use the mean (standard deviation) of retirement
ages from the HRS of 66 (9), and assume a normal distribution of retirement ages as an approximation, then this
would suggest an increase in the probability of retirement 36 months after hospital admission of 0.4 to 1.5 percentage
points - compared to the extensive labor market effects we found at three years of 10-11 percentage points (based
on “full or part time work” in Table 2 or self-reported retirement in Appendix Table 10). This suggests that life
expectancy might be able to explain up to 15 percent of the decline in employment we observe.

29We estimate in the MEPS that the average co-insurance for insured non-elderly adults for medical expenses in the
year including and following the admission is about 8 percent. Given our estimated average annual increase in out of
pocket medical spending of about $1,500 in the first three years, this implies average annual total medical expenses
(m) associated with the hospital admission of about $18,750 in the first three years. By comparison, we estimate
average annual declines in earnings of about $9,000 over the first few years, and these effects, unlike the out of pocket
spending effects, do not appear to decline over time.

30These calculations are based on estimates of the impact of the admission on out-of-pocket spending, earnings and
social insurance payments from Table 2. We assume based on our calculation in the MEPS (see Appendix B.3) that
92 percent of the incurred medical expenses are covered, and we assume based on our estimate from Table 2 that 10
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This stands in marked contrast to Fadlon and Nielsen’s (2015) recent findings for Denmark.
They analyze the impacts of non-fatal heart attacks and strokes for individuals under 60 and find
declines in own earnings that are broadly similar to our estimates - about 15 to 20 percent - and, like
us, find little evidence of informal insurance through spousal labor supply. However, they find that
almost 50 percent of the earnings decline is insured through social insurance, particularly through
sick pay and disability insurance. This underscores the very different nature of insurance against

the economic consequences of adverse health events in the two countries.

Welfare implications Our results indicate that the non-elderly insured still face considerable
economic risk from hospital admissions, with the primary source being uninsured earnings con-
sequences rather than uninsured medical expenses. Of course, the welfare implication of a given
decline in earnings following a hospital admission need not be the same as the welfare implication of
the same change in out-of-pocket spending. Suppose that the individual has no control over the size
of the total medical cost shock m, but that she endogenously chooses her hours in response to the
size of the wage shock (ajw; and asws). These assumptions correspond to our economic framework
in Section 2 and are in the spirit of our empirical strategy based on using hospital admissions as an
exogenous shock to medical expenses. In this model, a given change in earnings reduces welfare in
inverse proportion to the uncompensated labor supply elasticity, while any out of pocket medical
expenses feed through directly (one for one) to welfare reductions.3!

A conservative estimate is that the welfare decline associated with the uninsured earnings decline
is three times larger than the welfare decline associated with the increase in out-of-pocket spending.
To arrive at this estimate we use the upper end of the range of “consensus” estimates of the elasticity
of hours with respect to a permanent, unanticipated change in wages, which runs between—0.2 and
0.5 (Keane 2011). Using the upper bound estimate of 0.5, this suggests that, in the first three

years, the welfare consequences of the roughly $8,000 average annual decline in net earnings (i.e.,

percent of the earnings loss is covered.
31Gee Appendix A for details. There, we show that a first-order approximation to the money-metric change in utility

from a health shock is gﬁgl) ~ Aﬂ%ﬁfz — (1 = Am)m, where en, = dlog(h)/dlog(w) is the uncompensated labor

supply elasticity and g’(c1) is the marginal utility of consumption in the first period. If there is a non-zero income
effect in labor supply, then Appendix A shows this first-order approximation is an upper bound on change in utility,
since out-of-pocket medical costs represent a negative shock to unearned income. This bound will be tight if income
effects are small, which is likely the case given the relatively small increase in out of pocket spending, and income
effects on labor supply which tend to be small relative to labor supply elasticities (see e.g., Imbens et al. 2001 and
Cesarini et al. 2015)
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the $8,750 decline in average annual earnings net of the $880 increase in social insurance payments)
is about three times that of the roughly $1,400 average annual increase in out of pocket medical
spending. Moreover, since the net earnings decline appears permanent while the out of pocket
spending increase appears front-loaded, we suspect that the relative welfare consequences of the
earnings impact may loom larger over larger time horizons. The relative welfare consequences of
earnings would also loom larger if - unlike our current model - we allowed some or all of the out-of-
pocket spending to be an endogenous choice (involving, for example, a trade-off between the health
benefits of medical spending and the foregone utility from non-medical consumption as in Einav et

al. 2013b).

Implications for younger, insured adults Naturally, our results speak directly to the earn-
ings and out-of-pocket medical spending consequences of hospital admissions only for non-elderly
insured adults aged 50-59 whom we observe in the HRS. Uninsured earnings risk is likely much
smaller at older ages. For individuals aged 60-64 at the time of hospital admission we found similar
earnings declines but a much larger share of this insured through their ability to access Social Se-
curity Retirement Income. For individuals 65 and older, we found no evidence of earnings declines,
presumably reflecting their much lower labor market activity.

Younger, insured adults would have similar (i.e., limited) access to social insurance as our
baseline sample of 50-59 year olds, but it is a priori unclear whether to expect larger or smaller
earnings effects of hospital admissions. Earnings effects might be smaller at younger ages if the
elasticity of labor supply with respect to health shocks is smaller. For example, the substantial exit
into retirement that we estimate is presumably more likely at older ages (although the reporting
of non-employment as “retirement” is presumably also more common). However, there are two
countervailing reasons to expect that earnings effects of hospital admissions could be larger at
younger ages. First, hours worked are higher and so the impact of a given change in wages, holding

behavior constant, is larger.3?

Second, while our stylized model considers only two periods, in
practice, the relevant time horizon for potential earnings is larger for younger individuals, so that
a given permanent decline in annual earnings would be integrated over a larger number of years of

potential earnings.

32Employment rates are 79 percent for 25-49 year olds compared to 74 percent of 50-59, according to the 2000-2011
pooled March CPS.
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While we cannot directly examine the impact of hospital admissions on earnings for individu-
als under age 50, two indirect analyses show no suggestion of smaller earnings effects of hospital
admissions at younger ages. First, in the HRS we found similar effects on out of pocket spending
and earnings for those aged 50-59 at admission (Table 2) compared to those aged 60-64 (Table 3).
Second, in the credit report data, we analyzed the impact of hospital admissions separately for
the near-elderly insured (ages 50-59) and compared them to the impacts for the full non-elderly
insured sample (ages 25-64). These results, shown in Appendix Tables 29 and 30, indicate similar-
sized effects of a hospital admission on credit card limits and borrowing. According to our model,
these results are consistent with similar-sized impacts of the hospital admission on income and

out-of-pocket medical spending, although of course there could also be offsetting differences.

6.3 Insurance coverage for the “uninsured”

A growing body of recent evidence has suggested that a large share of the nominally uninsured’s
medical costs are not, in fact, paid for by the uninsured. As a result, a large share of the incidence
of being uninsured may be born by the actors who bear the costs of providing informal insurance
to the “uninsured” (Mahoney 2015; Garthwaite et al. 2015; Finkelstein et al. 2015). Our findings
are consistent with this literature.

We find similar impacts of hospital admission on access to credit (i.e., credit limits) and bor-
rowing for the insured and uninsured, with larger impacts for the uninsured limited to impacts on
unpaid bills and bankruptcy. A simple comparison of four-year impacts suggests that a hospital
admission generates about $6,000 more in unpaid bills for the uninsured than the insured.?® While
the uninsured likely experience larger out-of-pocket expenses than the insured (e.g., Finkelstein et
al. 2012), the decline in borrowing for the uninsured suggests that the increase in out of pocket
spending associated with a hospital admission is still small compared to the reduction in their

earnings.

330f course, unpaid bills may be based on charges (not hospital costs), which complicates the interpretation of the
impact of insurance on unpaid bills, since charges (prices) may differ by insurance status. Beyond this measurement
issue, many hospitals also may provide charity care to the uninsured, which we are not able observe in our data. Using
data from the American Hospital Association, Garthwaite et al. (2015) note that the total amount of uncompensated
care provided by hospitals is roughly evenly split between charity care and bad debt, which suggests that the $6,000
is likely a lower bound on the costs paid by external parties for average hospital admission for non-elderly uninsured
in our data. This is consistent with the breakdown of spending for uninsured that we observe in the MEPS data,
which suggests that total charges for average hospitalization for uninsured is $24,000, with $1,300 of that paid out of
pocket (see Appendix Table 37).
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Naturally one must exercise caution in interpreting such comparisons of impacts of hospital
admissions on unpaid bills for the insured and uninsured as reflecting the causal effect of insurance
per se; there may be other underlying differences between the two groups, such as the nature or
severity of the health event (See Appendix Tables 13 and 14). To try to adjust for observable
differences between the two groups, Appendix Table 35 shows results for the uninsured re-weighted
to make the insured sample on demographics (age, race and gender) and health conditions (diagnosis
codes and length of stay); this has little effect on the estimates.

To gain greater insight into the causal effects of insurance, we estimated the impact of insurance
coverage using a regression discontinuity (RD) strategy based on the discrete change in health
insurance when individuals are covered by Medicare at age 65 (in the spirit of Card et al. 2008,
Card et al. 2009, and Barcellos and Jacobson 2015). The RD strategy uses arguably more credible
identifying variation than the simple difference-in-differences comparison of the impact of admission
for insured relative to uninsured. However, it has much lower power, involves a distinct sample of
adults, and requires making an assumption about how to define the “first stage” in terms of the
change in insurance coverage (which, as emphasized by Card et al. 2009, may not be limited to the
observed, extensive coverage margin). To reduce concerns that insurance coverage may affect the
composition of people admitted to the hospital, we restrict the analysis to admissions that occur
through the emergency room; this is arguably less discretionary and, consistent with this intuition,
we find no statistically or economically significant impact of being 65 on admissions through the
ER.

We present the RD results in detail in Appendix E (see especially Appendix Figures 29 and 30,
and Appendix Table 36). They are consistent with the difference-in-differences comparison of the
impact of hospital admissions for uninsured and insured non-elderly adults: we find a statistically
significant impact of consumer cost sharing on unpaid medical bills, but no impacts on credit limits
or borrowing (although the latter are sufficiently noisy that we are unable to rule out large effects).
The RD evidence that insurance reduces the impact of hospital admissions on unpaid bills is also
consistent with existing evidence that health insurance reduces measures of financial risk exposure
and financial strain (Finkelstein and McKnight 2008; Engelhardt and Gruber 2011; Finkelstein et
al. 2012; Baicker et al. 2013; Mazumder and Miller 2014; Barcellos and Jacobson 2015).34

34Most closely related to the empirical strategy we implement in Appendix E is recent work using the discontinuity
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The welfare consequences of the reduction in unpaid medical bills associated with health insur-
ance coverage is less clear. The unpaid medical bills we measure (medical collections) are, for the
most part, ultimately never paid (Avery et al. 2003). In our model, any impact of increased u on
patient welfare is indirect; an increase in u raises welfare insofar as unpaid medical bills allow for
increased consumption following the health shock, and decreases welfare insofar as it increases fu-
ture borrowing costs r. Of course, in practice, there may also be other unmeasured and un-modeled
channels by which u directly affects patient welfare, such as impacts of u on “peace of mind” (Mann

and Porter 2010).

6.4 Medical bankruptcy

A growing empirical literature examines the impact of various economic shocks on consumer bankruptcy
(e.g., Domowitz and Sartain 1999; Sullivan et al. 1999; Fay et al. 2002; Warren and Tyagi 2003;
Livshits et al. 2007; Keys 2010). A controversial, high-profile strain of this literature has examined
the role of “medical bankruptcies”. A study by Himmelstein et al. (2005) interviewing bankruptcy
filers regarding the cause of their bankruptcy found that 54 percent of bankruptcy filers self-reported
“medical causes” as the reason for their bankruptcy. Follow-on studies using this same basic method
but varying in their definition of a “medical cause” have estimated rates of “medical bankruptcy”
ranging from 17 percent (Dranove and Millenson 2006) to 62 percent (Himmelstein et al. 2009).
These findings have attracted a great deal of attention from journalists, politicians, and policy-
makers (e.g., Obama 2009). However, self-reported “causes” among those who go bankrupt can be
difficult to interpret. More promisingly, recent research by Morrison et al. (2013) and Gupta et
al. (2014) has performed event study analyses of the relationship between an adverse health shock
and subsequent consumer bankruptcy, using a census of non-fatal automobile crashes in Utah and
cancer diagnoses in 11 counties in western Washington State, respectively. However, both papers are
unable to reject the null hypothesis of no causal effect of the medical event analyzed on bankruptcy.
Relative to this existing literature, our results provide evidence of a statistically significant
impact of hospital admissions on bankruptcies - for both insured and uninsured non-elderly adults

but not for the elderly. Figure 5 shows these results visually; the corresponding estimates are

in insurance coverage at age 65 when Medicare eligibility begins to examine the impact of Medicare on out-of-pocket
spending and medical-related financial strain in survey data (Barcellos and Jacobson 2015).
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in Table 6. Four years later, a hospital admission increases bankruptcy rates by 0.4 percentage
points for the insured non-elderly and 1.4 percentage points for the uninsured non-elderly; hospital
admissions have no effect on bankruptcy for the elderly. A larger impact of hospital admissions on
bankruptcy for the uninsured is consistent with Gross and Notowidigdo (2011) and Mazumder and
Miller (2014)’s findings that health insurance reduces the risk of bankruptcy.

However, our results suggest that the share of “medical bankruptcies” may be lower than the
prior literature has concluded. Our estimates imply that hospital admissions are pivotal for about
4 percent of bankruptcies for non-elderly insured adults and 6 percent of bankruptcies for non-
elderly uninsured adults, and do not contribute to bankruptcies for the elderly.?®> This is likely a
lower bound on the total number of medically-induced bankruptcies since it excludes index medical
events not associated with a hospital admission. However, hospital admissions (and their sequelae)
are likely a major cause of medical bankruptcies. Hospital spending alone is about 40 percent of
total medical spending, and among individuals in the top 5 percent of annual medical spending,
two-thirds have had a hospital admission in the last year; for those in top percentile of annual

medical spending, almost 90 percent had a hospital admission (authors’ calculations from MEPS).

7 Conclusion

The United States has recently engaged in a major expansion of public and private health insurance
for non-elderly adults. This health insurance covers a substantial portion of medical expenses, but
does not provide coverage for potential earnings losses from poor health. Using two complementary
panel data sets, we have explored the economic consequences of hospital admissions for non-elderly
adults with health insurance. Our findings suggest that non-elderly insured adults still face consid-
erable exposure to adverse economic consequences of hospital admissions through their impact on

labor earnings. We estimate an earnings decline associated with hospital admissions that is similar

35In the MEPS, we estimate an annual non-childbirth household hospitalization rate of 8.2 percent for insured
adults, and 3.5 percent for uninsured adults. (We use the household adult hospitalization rate since bankruptcy
is a household-level event and any adult in the house can have a hospitalization that potentially contributes to
the household’s bankruptcy. We ignore hospitalizations for children. We estimate a 0.8 percent annual household
bankruptcy rate for the non-elderly by combining Census population estimates with the distribution of bankruptcy
filers by age, which is compiled by the Department of Justice U.S. Trustee Program (www.justice.gov/ust). Since the
pre-hospitalization bankruptcy rate is similar in our insured and uninsured samples, we assume that the bankruptcy
rate is similar in the overall population of insured and uninsured non-elderly adults, as well. This is consistent with
the results in Stavins (2000), which shows that the health insurance rates are similar between bankruptcy filers and
non-filers.
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to the existing estimates of the earnings consequences of job displacement (Jacobson et al. 1993).
We find the earnings declines are only minimally insured before adults are eligible for Social Security
Retirement Income.

We also find that the nominally uninsured face similar economic risks from hospital admissions
despite their lack of formal insurance, due to their ability to simply not pay large portions of their
medical costs, and that hospital admissions contribute to less than five percent of bankruptcies;
the former finding is consistent with a growing literature on substantial informal insurance for the
“uninsured”, while the latter finding suggests that “medical bankruptcies” are quantitatively much
less common than existing studies have concluded.

Taken together, our findings underscore the nature of insurance - and the lack thereof - in the
United States. Our estimates suggest that in the first few years, the total medical expense and
earnings consequences of a hospital admission are similar for insured adults and that over a longer
horizon the earnings consequences loom relatively larger. By design, insurance in the US covers (a
large portion of) medical expenses but relatively little of the earnings decline. Employer provision of
sick pay and private disability insurance is fairly sparse, and public disability insurance is available
only after a lengthy application and approval process (Autor et al. 2015). By contrast, in many
other countries, there is substantially more formal insurance for the labor market consequences of
adverse health. For example, in Germany, an overnight hospital stay automatically produces wage
replacement benefits from the Social Insurance System (Jager 2015); in Denmark, mandatory sick-
pay benefits from employers combined with public and private disability insurance covers most of
the adverse earnings consequences of a non-fatal health event (Fadlon and Nielsen 2015). On the
other hand, for those lacking formal health insurance in the US, there appears to be fairly extensive
informal insurance operating through unpaid bills.

Our analysis throughout this paper has been primarily descriptive, and additional assumptions
are required for drawing inferences about consumer welfare or optimal insurance design. For ex-
ample, while our results would suggest that hospital admissions are associated with consumption
declines for non-elderly insured adults, if the marginal utility of consumption is lower in poor health
(Finkelstein et al. 2013), then some decline in consumption is (ex ante) optimal. Moreover, in the
presence of moral hazard effects of insurance, on health care utilization and/or labor market activ-

ity, the (constrained) optimal level of insurance would not involve fully equating marginal utility of
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consumption across health states. The descriptive facts in this paper should be useful for calibrating

economic models that can more precisely quantify the welfare costs of adverse health shocks that

lead to hospitalizations.
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Table 1
Sample Characteristics for the Non-Elderly Insured

Data Source HRS Credit Report Sample
Age Range Ages 50 to 59 Ages 25 to 64
@ 2

Panel A: Demographics

Age at admission 55.6 48.5

Male (%) 47.6 45.1

Year of admission 2002.3 2005.0

Has spouse in survey wave preceding hospitalization (%) 77.2 n/a

Panel B: Race/Ethnicity

Hispanic (%)* 5.0 18.0
Black (%) 9.7 7.9
White (%) 85.2 63.0
Other Race (%) 5.0 11.0

Panel C: Index Hospitalization

Length of Stay (days) n/a 4.1
Hospital List Charges ($)" n/a 45,580
n/a (189,598)

Medicaid (%) 59 13.7
Private (%) 94.1 86.3
Hospital Non Profit (%) n/a 74.4
Hospital For Profit (%) n/a 16.3
Hospital Public (%) n/a 9.4
Admitted through Emergency Department (%) n/a 47.9

Panel D: Subsequent Outcomes ©

Re-Admitted to Hospital Within 12 Months (%) 23.7 20.4
Re-Admitted to Hospital Within 48/36 Months (%) 36.7 36.0
Died within 12 Months (%) 0 32
Died within 48 Months (%) n/a 6.3
Insured within 12 Months (%)" 92.7 97.6
Insured within 48/36 Months (%)° 91.8 96.6
Individuals 2,732 378,190

Notes: Age is defined at admission; non-elderly are 50-59 in HRS and 25-64 in credit reports. Insurance status is defined at the index admission
for the credit report sample and in the survey wave preceding the wave which reports the index admission for the HRS sample. "Insured"
denotes coverage by Medicaid or private insurance. All proportions are multiplied by 100 and the analysis is weighted to adjust for
oversampling of some groups for the credit report sample and using survey weights for the HRS sample. All hospitalizations that are pregnancy
related (MDC = 14) have been dropped from the credit report sample.

* In the credit report sample, black, white, other race, and Hispanic are mutually exclusive; in the HRS, "Hispanic" is asked separately from race.
® Charges are summed and insurance type is averaged (weighted by length of stay) for people that have a single hospitalization spread across
more than one unit in a hospital or more than one hospital. The standard deviation is in parentheses.

“In the HRS, survey waves are two years apart so we assume the index hospital admission occurs one year prior to its report. Subsequent
outcomes 12 months later are therefore measured based on the survey wave reporting the index hospital admission and for 36 months later we
use the survey wave subsequent to the one that reports the index admission. In the credit report data we measure outcomes 12 and 48 months
later. In the HRS, mortality is mechanically zero 12 months post admission, and thus the sample conditions on survival to the next survey.

4 Subsequent insurance status for the credit report sample is defined only if they are re-admitted to the hospital.
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Table 4

Robustness to Alternative Specifications and Sample Restrictions for the Non-Elderly Insured (Ages 50 to 59) in HRS

Additional
demographic controls

No Restriction

Specification [Baseline] Individual FEs Balanced Panel Wave FEs only (Cubic in age; for Pre-Period Poisson
dummies for gender, Obsevation
race and education)
@ (@) 3) “ ®) 6 ()
Panel A: Out-of-Pocket Medical Spending
12-month effect 3,275 3,461 2,362 3,286 3,244 3,486 1
(373) (409) (663) (349) (373) (356) (.13)
[<.001] [<.001] [<.001] [<.001] [<.001] [<.001] [<.001]
Average annual effect over 36 months 1,429 1,531 1,426 1,395 1,389 1,363 47
(202) (228) (485) (191) (203) (209) (.083)
[<.001] [<.001] [.0033] [<.001] [<.001] [<.001] [<.001]
Pre-hospitalization mean 2,133 2,133 1,967 2,133 2,133 2,170 2,133
Panel B: Working Part or Full-Time
12-month effect -8.9 -8.4 2.5 -9.9 -8.2 -8.5 -.14
(1.8) (1.9) (3.8) (1.8) (1.8) 2) (.026)
[<.001] [<.001] [.5] [<.001] [<.001] [<.001] [<.001]
Average annual effect over 36 months -10 -9.5 2.9 -11 -8.4 -8.7 -.16
(1.9) (1.9) 4) (1.9) (1.9) 2.1 (.026)
[<.001] [<.001] [.48] [<.001] [<.001] [<.001] [<.001]
Pre-hospitalization mean 74 74 73 74 74 73 74
Panel C: Respondent Earnings
12-month effect -6,445 -6,462 4,627 -8,417 -5,746 -11,340 -.15
(4,024) (4,102) (6,937) (4,518) (3,980) (4,921) (.088)
[.11] [.12] [.5] [.062] [.15] [.021] [.091]
Average annual effect over 36 months -8,753 -9,459 -2,338 -10,009 -7,432 -11,339 =21
(3,415) (3,239) (6,102) (3,819) (3,280) (4,027) (.075)
[.01] [.0035] [.7] [.0088] [.023] [.0049] [.0042]
Pre-hospitalization mean 45,327 45,327 45,704 45,327 45,327 44,130 45,327
Panel D: Spousal Earnings
12-month effect -444 -1,610 4,014 -635 200 1,623 -019
(3,851) (4,242) (5,915) (3,924) (3,840) (4,240) (12)
[91] [.7] [.5] [.87] [.96] [.7] [.87]
Average annual effect over 36 months 572 -129 2,971 977 1,841 1,956 014
(3,114) (3,474) (4,532) (3,144) (3,096) (3,337) (.096)
[.85] [.97] [.51] [.76] [.55] [.56] [.89]
Pre-hospitalization mean 30,718 30,718 32,332 30,718 30,718 30,338 30,718
Panel E: Household Social Insurance Payments
12-month effect 503 289 297 1,008 139 634 12
(379) (420) (724) (423) (380) (454) (.15)
[.18] [.49] [.68] [.017] [.71] [.16] [.45]
Average annual effect over 36 months 881 958 585 1,516 367 924 18
(338) (343) (649) (357) (337) (365) (.14)
[.009] [.0053] [.37] [<.001] [.28] [.011] [.19]
Pre-hospitalization mean 2,649 2,649 2,714 2,649 2,649 2,654 2,649
Panel F: Total Household Income
12-month effect -8,443 -9,208 12,240 -9,084 -7,632 -12,375 -1
(6,857) (7,297) (11,564) (7,523) (6,778) (8,116) (.081)
[.22] [.21] [.29] [.23] [.26] [.13] [.2]
Average annual effect over 36 months -8,161 -9,097 3,633 -7,398 -6,321 -10,336 -1
(5,709) (5,837) (9,985) (6,208) (5,536) (6,479) (.068)
[.15] [.12] [.72] [.23] [.25] [.11] [.13]
Pre-hospitalization mean 82,512 82,512 84,598 82,512 82,512 80,880 82,512
Number of Individuals 2,732 2,732 1,018 2,732 2,732 4,271 2,727
Number of Observations 13,286 13,286 5,090 13,286 13,286 17,647 13,262

Notes: Sample is the non-elderly insured (see Table 1, column 1). Column 1 replicates baseline results from Table 2. The individual fixed effects specification (column
2) includes wave dummies and individual fixed effects. Column 3 re-estimates the baseline specification restricting the sample to a balanced panel of individuals who
are observed in waves -2 through 2 relative to their hospitalization. Column 4 includes only wave fixed effects instead of cohort-by-wave fixed effects. Column 5 adds a
cubic in age, male dummy, race dummies and education dummies along with the cohort-by-wave fixed effects. Column 6 re-estimates the baseline specification on an
expanded sample that does not restrict on having a pre-admission survey wave interview. Column 7 re-estimates the baseline specification with a Poisson, rather than a
linear, regression. All estimates are weighted using survey weights. The 12-month and average annual effects over 36 months are calculated as described in Appendix C.
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Table 5
Impact of Hospitalization on Collections

Number of Collections to Date Collection Balances
All Medical Non-Medical All Medical Non-Medical
)] (2) 3 4) (5) 6
Panel A. Non-Elderly Insured (Ages 25 to 64)
12-month effect’ A1 .095 011 122 127 18
(.005) (.002) (.003) (13) (@) (16)
[<.001] [<.001] [.0011] [<.001] [<.001] [.26]
48-month effect® 21 18 034 302 271 101
(.019) (.008) (.014) (37) (18) 47)
[<.001] [<.001] [.017] [<.001] [<.001] [.03]
Pre-hospitalization mean .92 2 72 1,230 292 1,086
Number of Individuals 383,718 383,718 383,718 383,718 375,844 375,844
Number of Observations 3,131,534 3,131,534 3,131,534 3,131,534 2,208,517 2,208,517
Panel B. Non-Elderly Uninsured (Ages 25 to 64)
12-month effect’ .97 85 12 4,469 4,259 246
(.012) (.008) (.007) 51) (45) (36)
[<.001] [<.001] [<.001] [<.001] [<.001] [<.001]
48-month effect’ 1.3 1.2 A1 6,199 6,144 195
(.045) (.028) (.028) (130) (102) (100)
[<.001] [<.001] [<.001] [<.001] [<.001] [.051]
Pre-hospitalization mean 2.3 .59 1.7 3,529 1,292 2,762
Number of Individuals 153,617 153,617 153,617 153,617 151,343 151,343
Number of Observations 1,256,759 1,256,759 1,256,759 1,256,759 913,516 913,516
Panel C. Elderly (Ages 65 and Older)
12-month effect’ .027 .026 0 24 17 4
(.002) (.001) (.002) ®) 3) (11
[<.001] [<.001] [.8] [.0018] [<.001] [.74]
48-month effect’ .038 .049 -.011 84 37 39
(.01) (.004) (.008) (24) ®) (34)
[<.001] [<.001] [.19] [<.001] [<.001] [.25]
Pre-hospitalization mean 24 .048 .19 428 75 422
Number of Individuals 414,547 414,547 414,547 414,547 387,839 387,839
Number of Observations 2,959,802 2,959,802 2,959,802 2,959,802 1,946,208 1,946,208

Notes: Samples are non-elderly insured, uninsured, and the elderly (see Appendix Table 13, columns 3, 6, and 9). All columns report effects
based on OLS estimates of equation (5). Pre-hospitalization means are calculated using the credit report from January of the calendar year
preceding the hospitalization (between 12 and 23 months before the hospitalization). All variables are observed from 2002 to 2011, except
medical and non-medical collection balances which are only observed beginning in 2005. Standard errors (clustered on the individual) are in
parentheses and p-values are in brackets. All estimates are weighted to adjust for individuals' sampling probabilities.

*12-month effect is calculated from equation (5) as 144*5,+1,728*p;
®48-month effect is calculated from equation (5)as 2304*B,+110,592*p++46,656*8,+13,824* B+
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Table 6

Impact of Hospitalization on Other Credit Report Outcomes

Any Bankruptcy Credit Card Automobile
to Date Credit Limit Credit Score Balances Loan Balance
&) 2 3) “ (5)
Panel A. Non-Elderly Insured (Ages 25 to 64)
12-month effect .0013 -515 -1.6 -293 -102
(.00031) (154) (.2) (94) (28)
[<.001] [<.001] [<.001] [.0018] [<.001]
48-month effect .0042 -2,215 -1.8 -1,208 -507
(.00092) (440) (.5) (253) (71)
[<.001] [<.001] [<.001] [<.001] [<.001]
Pre-hospitalization mean .034 37,664 731 11,942 6,684
Number of Individuals 383,718 383,718 371,715 383,718 383,718
Number of Observations 3,131,534 3,131,534 2,942,253 3,131,534 3,131,534
Panel B. Non-Elderly Uninsured (Ages 25 to 64)
12-month effect .0048 -678 -5 -264 -267
(.00046) (131) (.3) (83) (29)
[<.001] [<.001] [<.001] [.0014] [<.001]
48-month effect .014 -690 6.6 -443 -349
(.0014) (353) (.6) (214) (73)
[<.001] [.051] [<.001] [.038] [<.001]
Pre-hospitalization mean .037 15,145 655 5,376 3,981
Number of Individuals 153,617 153,617 137,913 153,617 153,617
Number of Observations 1,256,759 1,256,759 1,017,096 1,256,759 1,256,759
Panel C. Elderly (Ages 65 and Older)
12-month effect -.00019 370 -1.4 72 69
(.00022) (138) (:2) (73) 17)
[4] [.0073] [<.001] [.32] [<.001]
48-month effect -.001 -448 -3.3 -30 194
(.00072) (393) (.5) (187) (43)
[.16] [.25] [<.001] [.87] [<.001]
Pre-hospitalization mean .016 36,967 824 7,016 2,143
Number of Individuals 414,547 414,547 405,389 414,547 414,547
Number of Observations 2,959,802 2,959,802 2,833,027 2,959,802 2,959,802

Notes: Samples are non-elderly insured, uninsured, and the elderly (see Appendix Table 13, columns 3, 6, and 9). All columns report effects
based on OLS estimates of equation (5). All variables are observed from 2002 to 2011. Standard errors (clustered on the individual) are in
parentheses and p-values are in brackets. All estimates are weighted to adjust for individuals' sampling probabilities.
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Table 7

Robustness to Alternative Specifications and Sample Restrictions for the Non-Elderly Insured (Ages 25 to 64) Credit Report Sample

Lowest Predicted IndiI\‘/lic(K:ll: ith . Non-Deferrable Excluding
[Baseline] Individual FEs Balanced Panel X X . ER Admissions  (Weekend/Weekday ~Ambulatory Care
Mortality Quartile Prior . . L
Hospitalizations Ratio ~ 2/5) Sensitive Conditions
) ©) 6) @ 6) © @) ®
Panel A: Number of Collections to Date
12-month effect 11 11 12 11 .16 .14 .14 1
(.005) (.004) (.005) (.009) (.004) (.006) (.012) (.005)
[<.001] [<.001] [<.001] [<.001] [<.001] [<.001] [<.001] [<.001]
48-month effect 21 23 24 25 5 24 27 21
(.019) (.018) (.022) (.038) (.018) (.025) (.048) (.02)
[<.001] [<.001] [<.001] [<.001] [<.001] [<.001] [<.001] [<.001]
Pre-hospitalization mean 92 92 18 1.1 91 1.1 1 9
Panel B: Collection Balances
12-month effect 122 138 138 91 156 194 185 117
(13) (14) (15) 24 (12) 18) (34) (13)
[<.001] [<.001] [<.001] [<.001] [<.001] [<.001] [<.001] [<.001]
48-month effect 302 335 281 218 404 415 457 302
(37 41 (49) (72) (35) (50) 4) (39)
[<.001] [<.001] [<.001] [.0023] [<.001] [<.001] [<.001] [<.001]
Pre-hospitalization mean 1,230 1,230 1,012 1,334 1,316 1,500 1,369 1,188
Panel C: Any Bankruptcy to Date
12-month effect .0013 .00092 .0013 .0016 .0018 .00095 .00091 .0013
(.00031) (.00031) (.00039) (.0006) (.00029) (.00037) (.00069) (.00032)
[<.001] [.0031] [<.001] [.0078] [<.001] [.01] [.19] [<.001]
48-month effect .0042 .0029 .0039 .005 .0055 .0035 .004 .0043
(.00092) (.00096) (.0012) (.0018) (.00085) (.0011) (.0021) (.00096)
[<.001] [.0023] [.0016] [.0047] [<.001] [.0017] [.055] [<.001]
Pre-hospitalization mean .034 .034 .035 .039 .033 .036 .034 .034
Panel D: Credit Limit
12-month effect -515 -539 -758 -87 -924 -167 273 -483
(154) (164) (206) (265) (139) (168) (316) (162)
[<.001] [.001] [<.001] [.74] [<.001] [.32] [.39] [.0028]
48-month effect 22,215 -2,170 -2,414 -661 -4,124 -1,799 -484 -2,173
(440) (485) (637) (758) (395) (466) (872) (461)
[<.001] [<.001] [<.001] [.38] [<.001] [<.001] [.58] [<.001]
Pre-hospitalization mean 37,664 37,664 41,024 30,082 35,589 33,444 33,533 38,345
Panel E: Credit Score
12-month effect -1.6 -1.5 -1.9 -1.4 -1.7 -1.5 -1.1 -1.6
(.18) (17) (:24) (.32) (.17) (21) (41) (.18)
[<.001] [<.001] [<.001] [<.001] [<.001] [<.001] [.0057] [<.001]
48-month effect -1.8 -1.8 -1.4 -1.8 -23 38 -.26 -2
(.45) (.46) (.67) (.79) (42) (.55) (1) (.47)
[<.001] [<.001] [.036] [.025] [<.001] [.48] [.8] [<.001]
Pre-hospitalization mean 731 731 736 705 726 718 720 733
Panel F: Credit Card Balances
12-month effect -293 -294 -365 37 -448 -269 -159 -261
(94) (104) (128) (170) (85) (104) (202) (98)
[.0018] [.0048] [.0044] [.83] [<.001] [.0098] [.43] [.0078]
48-month effect -1,208 -1,180 -1,562 -169 -1,988 -1,275 -693 -1,153
(253) (290) (391) (458) (226) (275) (532) (264)
[<.001] [<.001] [<.001] [.71] [<.001] [<.001] [.19] [<.001]
Pre-hospitalization mean 11,942 11,942 13,026 10,589 11,309 10,714 10,810 12,130
Panel G: Automobile Loan Balance
12-month effect -102 -137 -151 -63 -130 -122 -115 -95
@8) &) 38) (56) (26) 33) (63) (30)
[<.001] [<.001] [<.001] [.26] [<.001] [<.001] [.068] [.0013]
48-month effect -507 -568 -782 -639 -531 -580 -665 -503
(1) (83) (110) (139) (65) (82) (158) (74)
[<.001] [<.001] [<.001] [<.001] [<.001] [<.001] [<.001] [<.001]
Pre-hospitalization mean 6,684 6,684 7,288 7,370 6,512 6,446 6,503 6,748
Number of Individuals 383,718 383,718 297,068 93,224 480,127 241,400 74,314 351,753
Number of Observations 3,131,534 3,131,534 1,782,408 810,774 3,836,488 1,958,271 600,610 2,876,934

Notes: Column 1 replicates results for the non-elderly insured (see Tables 5 and 6 and notes to Table 5 for details). All other columns indicate specific departures from the baseline sample and specification
as follows: Column 2 adds individual fixed effects to the estimating equation (see equation (17)). Column 3 limits the analysis to a balanced panel of individuals with non-missing data for the two years
before and four years after their hospitalization. Column 4 restricts the sample to individuals in the lowest quartile of predicted mortality risk based on age and diagnosis-related group for the index
admission. Column 5 adds back to the baseline sample insured individuals who had a prior hospital admission within the last three years. Column 6 restricts the sample to admissions through the
emergency room. Column 7 restricts to non-deferrable admissions, which are limited to the subset of admissions that originate through the ER and have an ICD-9 code as the primary diagnosis that has
weekend to weekday frequencies closest to the 2:5 ratio that we would expect if there is no delay in care. Column 8 excludes admissions for "ambulatory care sensitive conditions."
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Figure 1: Impact of Hospitalization for the Non-Elderly Insured (Ages 50 to 59) in the HRS
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Pre-Hospitalization Mean = 2,649

Survey Wave relative to Hospitalization
Pre-Hospitalization Mean = 82,512

Notes: The sample is the non-elderly insured (see Table 1, column 1). The points in each figure represent the estimated
effects of event time (i.e. the p,’s from the non-parametric event study in equation (3)), with the survey wave reporting the
hospitalization normalized to zero. Survey waves are biannual; we assume the hospitalization occurs halfway between survey
waves (12 months prior to survey wave zero) on average. The hollow circles present the 95% confidence intervals. The dashed
line represents the estimated pre-admission linear relationship between outcome and event time from the parametric event
study in equation (4) with the level normalized to match the non-parametric estimates. All estimates are weighted using
survey weights.
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Figure 2: Impact of Hospitalization for the Insured Ages 60 to 64 in the HRS
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Notes: The sample is the insured ages 60 to 64. The points in each figure represent the estimated effects of event time (i.e.
the p,’s from the non-parametric event study in equation (3)), with the survey wave reporting the hospitalization normalized
to zero. Survey waves are biannual; we assume the hospitalization occurs halfway between survey waves (12 months prior
to survey wave zero) on average. The hollow circles present the 95% confidence intervals. The dashed line represents the
estimated pre-admission linear relationship between outcome and event time from the parametric event study in equation
(4) with the level normalized to match the non-parametric estimates. All estimates are weighted using survey weights.
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Figure 3: Impact of Hospitalization on Collections for the Non-Elderly Insured (Ages 25 to 64)
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Notes: The sample is the non-elderly insured (see Table 1, column 2). The months on the x-axis are defined relative to
the index admission. The points in each figure represent the estimated effects of event time (i.e. the p,’s from the non-
parametric event study in equation (3)). The dashed line represents the estimated event study coefficients from the parametric
event study in equation (5) with the level normalized to match the non-parametric estimates. All estimates are weighted to
account for individuals’ sampling probabilities. All variables are observed from 2002 to 2011, except medical and non-medical
collection balances which are observed beginning in 2005.
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Figure 4: Impact of Hospitalization on Other Credit Report Outcomes for the Non-Elderly Insured (Ages 25 to 64)
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Notes: The sample is the non-elderly insured (see Table 1, column 2). The months on the x-axis are defined relative to the
index admission. The points in each figure represent the estimated effects of event time (i.e. the p,.’s from the non-parametric
event study in equation (3)). The dashed line represents the estimated event study coefficients from the parametric event
study in equation (5) with the level normalized to match the non-parametric estimates. All estimates are weighted to account
for individuals’ sampling probabilities. All variables are observed from 2002 to 2011.
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Figure 5: Impact of Hospitalization on Bankruptcy
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Notes: Samples are non-elderly insured, uninsured, and the elderly (see Appendix Table 13, columns 3, 6, and 9). The months
on the x-axis are defined relative to the index admission. The points in each figure represent the estimated effects of event
time (i.e. the u,’s from the non-parametric event study in equation (3)). The dashed line represents the estimated event
study coefficients from the parametric event study in equation (5) with the level normalized to match the non-parametric
estimates. All estimates are weighted to account for individuals’ sampling probabilities.
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