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Abstract

Current healthcare consumption may yield future health benefits that lower longer-run
expenditures. In this study I leverage exogenous variation in the expansion of Medicaid
under the Affordable Care Act to assess how comprehensive insurance affects immediate
healthcare spending for the near-elderly (aged 60-64) and future healthcare spending once
they receive Medicare at age 65. Using panel data from the Health and Retirement Study, I
provide evidence that Medicaid coverage increases immediate expenditures by roughly 112
percent; but, after receiving Medicare, the same individuals are healthier and consume 77
percent less care measured by total expenditures. I then develop and estimate a life-cycle
model of near-elderly individuals that incorporates the Medicaid expansions as well as dy-
namic health investment and endogenous mortality. I find that the Medicaid expansions
were valued by the near-elderly population at slightly above net government costs, and that
modest reforms to increase Medicare’s generosity could generate considerable welfare im-
provements relative to program costs.
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1 Introduction

Current health investments have the potential to influence future demand formedical care; how-
ever, much of the economics literature examining health insurance omits this mechanism. In
particular, if incremental healthcare consumed due to lower out-of-pocket prices (i.e., moral
hazard) improves health outcomes, then moral hazard spending may reduce future healthcare
consumption. These dynamics are particularly relevant in the context of public health insurance
in theUnited States, where nearly all individuals aged 65 and older receive government financed
insurance through Medicare. Moreover, high uninsurance rates due to market incompleteness
or information frictions may lead some individuals to underinvest in health prior to age 65. In
this case, earlier provision of public health insurance may generate a positive dynamic fiscal
externality on the Medicare system in addition to providing value to consumers.

The goal of this paper is to quantify the role of health dynamics in shaping the value and
cost-effectiveness of expansions in public health insurance. To do so, I investigate howMedicaid
enrollees’ moral hazard spending affects their future healthcare consumption, accounting for
potential selection. My research design leverages state-level variation in Medicaid expansions
under the Affordable Care Act (ACA). These expansions led to plausibly exogenous variation
in whether and when low-income individuals gained Medicaid eligibility. Through this quasi-
experimental variation, I estimate the causal effect of a large-scale increase in publicly provided
health insurance on current and future healthcare spending and health. I focus on individuals
who are near the threshold age forMedicare eligibility, which allowsme to better compare future
spending and utilization across individuals since insurance options after age 65 are relatively
homogeneous. To evaluate the welfare implications of expanding public health insurance, in
the second part of this paper I develop and estimate a life-cycle model that incorporates the
Medicaid expansions, dynamic health investment, and endogenous mortality. In estimation,
I use the reduced form causal estimates as targeted moments to credibly identify key model
parameters.

Focusing on the potential complementarity between the Medicaid expansions andMedicare
program is both policy relevant and technically appealing. First, both programs are large—
together, they insure over 120millionAmericans and account for nearly one quarter of all annual
federal outlays (i.e., $1.3 trillion). Furthermore, these two programs specifically cover the low-
income (Medicaid) and the elderly (Medicare), which are some of themost vulnerablemembers
of society. Second, many people covered byMedicaidwould otherwise be uninsured. Third, the
federal government pays for nearly all of the costs of theMedicaid expansions; meaning that any
dynamic fiscal externalities generated are internalized by the same entity paying the upfront
costs. Finally, the expansions changed insurance eligibility rules differentially across states and
across time, whereas the discontinuity in access to Medicare (i.e., turning 65) is constant. This
allows me to exploit the exogenous change in insurance eligibility for both programs without
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concerns that one policy affects the rules of the other.
I begin my empirical analysis by employing an instrumented triple-differences (TDIV) strat-

egy to estimate the causal effect of Medicaid coverage on current and future healthcare expen-
ditures using panel data from the Health and Retirement Study (HRS).1 Consistent with prior
literature, I find that the expansions increased Medicaid enrollment and access to healthcare
for individuals aged 60 to 64.2 Specifically, I find that new enrollees immediately purchased
roughly twice as much healthcare as measured by annual expenditures—an increase of approx-
imately $1,900 per enrollee, on average. Next, I examine how exposure toMedicaid affected later
healthcare consumption for new Medicare enrollees. My results indicate that, all else equal,
those who received Medicaid due to the expansions were healthier during their early Medicare
tenure, spent less out-of-pocket, and amassed roughly 60-80 percent less in annual gross med-
ical expenditures—an average annual decrease of $1,300 per person. Additionally, I find that
the reduction in expenditures and improvements in health persist for several years after turning
65. A back-of-the-envelope calculation suggests that the dynamic effect of Medicaid coverage
recovers roughly half of the initial Medicaid costs. Taken together, these results suggest that
insurance expansions allow individuals to afford timely medical care that has a dynamic benefit
of lowering future healthcare needs and expenditures.

Though these results indicate that the Medicaid expansions imposed a positive fiscal ex-
ternality onto Medicare, recent work has shown that insurance coverage (Goldin, Lurie, and
McCubbin, 2020 and Abaluck et al., 2020) and the Medicaid expansions specifically (Miller,
Johnson, and Wherry 2021) lead to significant reductions in mortality. Therefore, a robust ac-
counting of the costs and benefits of expanding needs to account for endogenous survival. In the
second part of this paper I develop and estimate a finite-horizon life-cycle model for individuals
over age 55 that incorporates the primary features of my empirical setting along with the key in-
sight of dynamic health investment introduced byGrossman (1972). I usemy TDIV estimates as
targeted moments to identify the parameters of the health production function and preference
parameters governing the complementarity of health and consumption in utility. Then, I eval-
uate how cost-effective the Medicaid expansions were for the near-elderly population, finding
that the expansions were valued at $1.05 for every dollar of net cost to the government.

The cost-benefit analysis yields several additional insights: (1) a large share of the welfare
generated by the program accrues to people who are unlikely to ever be eligible for Medicaid.
However, they benefit considerably from the risk protection the program offers because the state
of the world in which they want to enroll in Medicaid (i.e., low-income, uninsured, and un-
healthy) is exactly when the marginal utility from consumption and health is highest.3 (2)

1Intuitively, identification comes from cross-state and within-state variation in eligibility over time, where Med-
icaid enrollment is instrumented by Medicaid eligibility based on year, state of residence, and low-income status.
Formally, I derive identification of the TDIV estimator in Appendix D.

2I also find no evidence of anticipatory behavior prior to the expansions.
3This result is intuitively similar to the key finding in Braun, Kopecky, and Koreshkova (2017) that means-tested
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Though my reduced form results suggest a positive fiscal externality of the Medicaid expan-
sions ontoMedicare in the short term, I find that accounting for endogenous survival is likely to
cause net Medicare costs to increase following the expansions. The main reason being that the
Medicaid expansions decrease mortality (particularly among individuals with poor health), in-
creasing both the number of individuals covered byMedicare and their longevity.4 (3) Roughly
one third of the value of the Medicaid program arises specifically due to individuals’ ability to
increase their future health through health investments. I interpret this result as suggestive evi-
dence that, for this population, additional healthcare spending induced by lower out-of-pocket
prices is considerably valuable and unlikely far out on the “flat of the curve.” This also reflects
the fact that these households face considerable liquidity constraints, and public insurance dras-
tically shifts their access to (potentially large) health investments.

Finally, I use the model to analyze a counterfactual reform to the Medicare program that
allows lower income individuals up to 250 percent of the Federal Poverty Level (FPL) to “buy-
in” to Medicare at age 62.5 I find that this reform would generate roughly $1.15 of welfare
for every dollar of net cost to the government, which is more cost-effective than the Medicaid
expansions for individuals in the same age range. However, the total welfare gains are smaller
and more dispersed among the population. This is primarily due to the less generous cost-
sharing ofMedicare, whichmitigates the initial moral hazard response but limits the immediate
and dynamic benefits of coverage. Overall, the model results suggest that there is considerable
scope to cost-effectively reform public health insurance for the near-elderly population.

My findings have both broad and specific policy implications. My TDIV estimates suggest
that provision of public health insurance does induce additional expenditures, but that these
costs are somewhat mitigated by the dynamic benefit of coverage. However, the structural
model results suggest that future cost reductions are short lived due to increased longevity as-
sociated with expanding public health insurance. Broadly, I find that increasing access to public
insurance for the low-income near-elderly is cost-effective, but that the exact level of efficacy
is dependent on policy design. A stricter means-test coupled with more generous insurance
can provide larger and more targeted benefits but at much higher costs. Alternatively, broader
provision with leaner benefits delivers more benefits per net cost. Additionally, combining my
evidence on the dynamic health benefits of the Medicaid expansions for older adults with prior
evidence of smaller effects for younger adults (e.g., Finkelstein et al., 2012) suggests that there
is likely an age at which these benefits become relevant and that the most efficient age at which
to provide a universal form of public health insurance (i.e., Medicare) should take advantage
of these complementarities.

insurance programs for the elderly produce large welfare gains.
4In counterfactual simulations of the implementation of Medicare Part D, Yang, Gilleskie, and Norton (2009)

also find that longevity is an important determinant of program costs.
5This is motivated by recent proposals from U.S. lawmakers to lower the Medicare eligibility age to age 60

(Luhby, 2021).
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This study is closely related to a small literature that examines the dynamic role that health
insurance plays in determining the trajectory of future health and healthcare demand (e.g., Fang
and Gavazza, 2011; Black et al., 2017; McWilliams et al., 2007; and Yang, Gilleskie, and Norton,
2009).6 While previous studies have provided some insight into the dynamic effects of insurance
coverage, the results have been somewhat contradictory, likely reflecting the inherent challenge
in isolating causal effects due to potential unobserved differences between the uninsured and
insured populations. My research adds to this literature by utilizing a research design that
leverages plausibly exogenous variation in Medicaid eligibility, which helps to overcome bias
due to selection.

This paper is also related to a larger literature on the effect of insurance on contemporaneous
healthcare consumption and health. In particular the Rand Health Insurance Experiment from
the 1970s (Newhouse and The Insurance Experiment Group, 1993) and the Oregon Health In-
surance Experiment in 2008 (Finkelstein et al., 2012 and Baiker et al., 2013), which document
that healthcare consumption increases in response to more generous insurance coverage. Ad-
ditional work, however, has demonstrated that insurance coverage substantially reduces mor-
tality, especially for the low-income near-elderly population (Card, Dobkin, and Maestas, 2008;
Miller, Johnson, andWherry, 2021; and Goldin, Lurie, andMcCubbin, 2020). I contribute to this
literature by providing novel evidence unifying these results. Namely, that additional health-
care consumption induced by insurance coverage improves future health, which can explain
reductions in mortality. Moreover, the model results reflect each of these margins and provide
valuable insight into their implications for consumer welfare and insurer costs.

The structuralmodel developed in this study relates to a separate literature on life-cylcemod-
els with health uncertainty (e.g., Palumbo, 1999; De Nardi et al., 2010; French and Jones, 2011;
De Nardi et al., 2016; and Lockwood, 2018). I contribute to this literature by modeling medical
spending as a choice variable and allowing for endogenous substitution between consumption,
health, and mortality risk. Several studies have also treated medical expenditures and health
as endogenous choices (e.g., Yang, Gilleskie, and Norton, 2009; Khwaja, 2010; Ozkan, 2017; and
Saha, 2021). I extend this literature primarily through my strategy for identifying the structural
parameters. I take an indirect inference approach that allows my causal TDIV estimates to help
identify my structural parameters of interest, while remaining consistent with life-cycle profiles
of health, medical expenditures, and mortality rates. Additionally, I model endogenous enroll-
ment into public insurance (i.e., Medicaid). Therefore my results reflect the fact that not all
eligible individuals enroll and that hassle costs may exacerbate selection.

The rest of this paper is organized as follows. Section 2 outlines key institutional features
6A number of studies that examine the shorter-run dynamics in health insurance within a contract period, typ-

ically a year (e.g., Diaz-Campo 2022; Aron-Dine et al., 2015; Einav, Finkelstein, and Schrimpf, 2015; Cronin, 2019,
Lin and Sacks, 2019), but these are less related. There is also a large literature examining the long-run of insurance
coverage for children (e.g., Boudreaux, Golberstein, andMcAlpine, 2016 and Goodman-Bacon, 2021), which is also
distinct.
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of the Medicaid expansions under the ACA and summarizes prior research on the impacts.
Section 3 describes the data that I use, and discusses how the Medicaid expansions affected
insurance coverage for individuals in the HRS. Section 4 details my reduced-form models and
their identifying assumptions. I present the results from my reduced form analysis in Section
5. Section 6 presents a stylized late in life-cycle model of healthcare demand. Section 7 outlines
how I estimate the structural model, discusses identification, and presents the model results
and fit. In Sections 8 and 9 I use the model to evaluate the welfare gains and associated net
government costs of the Medicaid expansions for the near-elderly and a counterfactual reform
to the Medicare program. Finally, Section 10 concludes.

2 The Medicaid Expansion Under the Affordable Care Act

A key component of the ACA was to expand Medicaid to adults in families with incomes up to
138 percent of the FPL.7 Prior to the ACA, Medicaid was fairly restrictive, providing insurance
mainly to pregnant women and children. Originally, the ACA intended for the expansions to
apply to all states, with states given some flexibility in implementation. However, in 2012 the
Supreme Court ruled that the expansions needed to be voluntary at the state level. As a result,
only twenty-nine states andWashington D.C. adopted the expansions upon initial implementa-
tion in 2014. As of summer 2023, ten states have yet to expand and North Carolina has adopted,
but not yet implemented, the expansion (Kaiser Family Foundation 2023). Figure 1 presents
states by expansion status as of 2019.8

In addition to increasing eligibility, the expansions aimed to simplify the application process
and the eligibility rules. Before the ACA,Medicaid applicants had to pass an asset test to qualify.
The ACA abandoned the asset test for most people under 65. Therefore, to be eligible in an
expansion state, an individual needed to only demonstrate that their Modified Adjusted Gross
Income (MAGI) was below the new FPL threshold.9 In total the expansions are estimated to
have affected roughly 13.6 million people across the U.S. (Centers for Medicare and Medicaid
Services 2020).

Since passing in 2010, the ACA and the Medicaid expansions have been studied extensively.
Early analyses concluded that theMedicaid expansion was particularly effective in lowering the

7In addition to expanding Medicaid the ACA introduced several additional policies aimed aimed at moving
the United States towards universal health insurance coverage. The first implemented a new regulator regime
for private insurers, which, among other changes, famously required insurers to provide health insurance to all
individuals regardless of pre-existing conditions. The second was an individual mandate for all legal residents of
the U.S. to purchase health insurance. Individuals violating the mandate are subject to a fine in the form of a tax
penalty.

8I chose this version of the map because my data only extend through 2018. Therein, this version of the map
provides the relevant information on expansion status to help visualize the variation underlying my identification
strategy.

9MAGI includes labor income, Social Security income, and other sources of capital income but excludes Supple-
mental Security Income (SSI).
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Figure 1. Map of Medicaid expansion status as of 2019

Notes.—Figure from Kaiser Family Foundation’s “Status of State Medicaid Expansion Decisions: Interactive Map”.

non-elderly uninsured rate (e.g., Courtemanche et al. 2017 and Mazurenko et al. 2018). Con-
sistent with the moral hazard hypothesis, the expansion has consistently been associated with
increased healthcare utilization.10 Other studies have focused on health effects of the expan-
sions. For instance Miller, Johnson, and Wherry (2021) find that adults most likely to benefit
from the policy saw a 9.4 percent reduction in annual mortality, and Khatana et al. (2019) find
that rates of cardiovascular disease among adults aged 45-65 declined in states that adopted
the Medicaid expansion relative to those that did not. Tipirneni et al. (2020) looks at how the
Medicaid expansion affected access to and utilization of care for the sample of individuals that
I ammost interested in. Their results suggest that the expansions led to an increase in Medicaid
coverage for low-income individuals across the country, but coverage increased substantially
more in expansion states. In terms of consumption, the authors find that expansion states saw
increases in hospitalization rates but not along any other measures of healthcare use. The au-
thors conclude that this result may suggest “poor access to chronic disease management and
pent-up demand for hospital services” for the low-income uninsured.

In addition to finding that expansion states saw increases in coverage and access to care for
the target population, Simon, Soni, and Cawley (2017) investigate the potential “ex-ante moral
hazard” response to the expansions.11 Overall they find that expansions increased the use of

10Mazurenko et al. (2018) provide a comprehensive review.
11“Ex-ante moral hazard” refers to changes in lifestyle behaviors such as smoking habits or diet that occur due

to the fact that medical care is relatively cheaper with insurance. This differs from “ex-post moral hazard”, or the
responsiveness of demand for healthcare to the price an individual has to pay for it, which is the focus of this paper.
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some preventative care, but did not seem to drive any additional risky health behaviors. Further,
they conclude that the expansions led to a slight increase in self-reported health amongst low-
income individuals. Also of note is the effect that the expansions had on non-health outcomes.
For instance, Hu et al. (2018) explore the effect of the expansion on financial outcomes for
low-income populations. Their results suggest that the number of unpaid bills and the amount
of debt sent to collection agencies declined substantially for the low-income, highly uninsured
communities in expansion states.

The reduced form exercise in this paper is also closely related to recent work by Shupe (2023)
that uses the Medical Expenditure Panel Survey (MEPS) to examine the effect of the Medicaid
expansions on healthcare consumption. Somewhat contradictory to my results, she finds that
healthcare spending did not increase for the target population in expansion states. However,
the expansions dramatically shifted the incidence of payment from private insurers to public
sources and, therefore, taxpayers. There are a number of reasons to expect that I would find
different results. In particular, their study examines the entire adult population rather than just
the near-elderly. If the near elderly derive a larger benefit from consumption of medical care,
then it is likely that they will be more price sensitive than the average adult.

3 Data

3.1 Data Sources and Construction of Estimating Samples

To estimate the extent to which the expansion of Medicaid affected medical consumption I use
the Health and Retirement Study and the Medical Expenditure Panel Survey. In this section I
briefly describe how use each of these data sets and my strategy for imputing medical expendi-
tures in the HRS using MEPS. I then discuss how I construct the main samples for my analysis.
I conclude the section with a discussion of how I identify individuals affected by the Medicaid
expansions in the data and how important the expansion was in increasing actual Medicaid
enrollment.

Data Sources.—TheHRS provides a nationally representative panel of individuals near and in
retirement, spanning from 1992 to 2018. Individuals are interviewed every two years from their
first interview wave until they die. The survey records individual demographics and economic
variables of interest such as educational attainment, income, employment history, and wealth.12

Important for my study, the HRS also has detailed information on health status, healthcare
utilization, insurance coverage, and out-of-pocket spending. Measures of health include self-
reported health and objective indicators such as smoking habits, disease diagnoses, and if the
respondent has difficulties completing daily tasks. Utilization information includes measures

12I deflate all monetary values in my analysis using the GDP implicit price deflator, with 2012 as the base year.
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such as the number of doctor visits and nights spent in the hospital.
There is one important limitationwith theHRSdata for this study. In earlier years, the survey

included questions about total medical expenditures. This variable aimed to report the total cost
of all medical services the individual received, rather than just their out-of-pocket payments. To
estimate the extent of moral hazard induced spending due to the Medicaid expansion and its
effect on future expenditures, I would ideally observe this variable for the entire length of the
study. Unfortunately, the HRS removed this question from the survey in the mid 2000s, well
before theMedicaid expansion took place. I address this limitation by adopting the approach of
Fang, Keane, and Silverman (2008). Specifically, I complement the HRS with another data set—
theMEPS—which is also nationally representative, contains many of the same surveymeasures
for health and utilization, but also includes detailed expenditure information. Using informa-
tion that is similar across the data sets, I develop a regression based imputation strategy which
allows me to predict an individual’s total medical expenditures in the HRS. I provide an addi-
tional discussion of both the HRS and the MEPS in Appendix A and I provide extensive details
on the imputation process and results in Appendix B.

HRS Sample Construction.—The empirical strategy that I present in Section 4 requires that I
construct two primary samples for analysis. The first is the pre-Medicare sample which consists
of individuals who I can observe enrolling inMedicare at age 65 at some point during the panel.
The second is the sample of individuals who are on their first or second waves of Medicare and
are at least age 65.13 In order to do this I determine the second sample first. I then construct the
first sample such that it includes only individuals that I observe in the second sample. This way
I am sure that any effects that I detect in the pre-Medicare and Medicare groups are occurring
within the same set of individuals. I provide additional details and descriptive statistics for the
main analysis samples in Appendix A.

3.2 Medicaid Expansion in the HRS

To help validate the main empirical approach that I outline in Section 4, I first look to the data to
see how the expansions affect Medicaid enrollment in the HRS. Table 1 presents estimates from
a series of triple-difference-in-differences (TD) models of the following form:

Medicaidi,t = α0 + α1Expands,t × LIi,t + α2Expands,t + α3LIi,t +X ′
i,tΦ +Ψ+ ϵi,t (1)

whereMedicaidi,t is an indicator for whether individual i claims to have Medicaid coverage in
time t; Expands,t is a dummy equal to one if individual i is living in a state s that has expanded
Medicaid by time t; LIi,t is an indicator for if individual i is in the target population of the
expansions at time t; X is a vector of time-variant individual characteristics like health status

13A wave of Medicare corresponds to one to two years of Medicare coverage. So individuals in their first wave
are either 65 or 66 and on Medicare for the first time in the sample.
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and income; and Ψ denotes fixed effects for state, year, state by year, state by low-income, and
year by low-income. In this TD equation, the parameter of interest is α1 which captures the
average effect of the expansion on Medicaid enrollment for the eligible low-income population
due to the expansions.14 Table 1 reports estimates for the pre-Medicare sample of individuals
aged 60-64. Consistent with previous literature (e.g., Miller, Johnson, and Wherry 2021 and
Frean, Gruber, and Sommers 2017), the results in Table 1 demonstrate that the expansion had a
large positive affect on enrollment for the targeted population.

The coefficient estimate onMedicaid Expansion×Low-income in column 1 suggests that enroll-
ment intoMedicaid for low-income individuals in expansion states increased by roughly 17 per-
centage points after the expansions. Recent work by Goodman-Bacon (2021a) and others shows
that the results estimated via Equation (1) can be biased in the presence of time-varying treat-
ment effects, since α̂1 is estimated using variation in treatment (i.e. expansion) timing across
states. Given that most states expanded in 2014 and that the post periodwindow is fairly short, I
do not expect this to be amajor issue. However, to address this potential bias, column 2 presents
results where I limit my main estimating sample to individuals living in states that expanded
Medicaid in 2014 or at no point throughout the sample period.15 This estimate is somewhat
larger in magnitude, but qualitatively similar to the coefficient estimate in column 1.

Columns 3 and 4 present additional results where I include interactions between prior in-
surance coverage and the expansion and low-income terms. The results in these columns show
that the majority of low-income individuals gaining Medicaid coverage through the expansions
were previously uninsured. For example, the coefficient on the triple interaction of Expansion×
Low-income × Uninsuredt−1 in column 4 suggests that, following the expansions, enrollment in
Medicaid for low-income previously uninsured individuals increased by 28 percentage points.
Alternatively, the coefficient on the triple interaction with an indicator for being previously pri-
vately insured is much smaller in magnitude and statistically insignificant. This suggests that
the scope of private insurance crowd out (i.e., privately insured people switching to Medicaid)
for the near-elderly population is relatively small. This is somewhat contradictory to prior work
that has documented substantial crowd-out of private coverage due to the introduction of pub-
lic insurance (Cutler and Gruber 1996). There are a number of reasons that could explain this
difference. First, my sample is different from those previously studied, and the near-elderly
may be less likely to actively drop employer sponsored coverage for Medicaid than the sample

14Defining eligibility according to the law is difficult in the HRS. As a result, I take a number of approaches.
The first is to come up with my best guess of eligibility according to the poverty level threshold. The second is
to separate out individuals who are in the lower three deciles of the sample income distribution and flag them as
“low-income”. For the main text of the paper I present results using the latter definition, however the results are
robust to either. The primary reason I adopt the latter as my indicator for eligibility, is that it better predicts actual
Medicaid enrollment. I take this as suggestive that the latter definition, while less grounded in the law, is the more
empirically relevant definition of the eligible population due to potential errors in my eligibility determination
process. Ultimately, these measures are highly correlated (correlation coefficient of 0.77) and the main results are
robust to either definition, as shown in Appendix F.

1527 states expanded in 2014 out of 31 states that expanded during the entire sample period.
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Table 1. Effect of expansion status on Medicaid enrollment

(1) (2) (3) (4)
Medicaid Expansion × Low-income 0.171∗∗∗ 0.192∗∗∗ 0.039 0.040

(0.041) (0.043) (0.089) (0.089)
Expansion × Low-income × Uninsuredt−1 0.264∗∗∗ 0.281∗∗∗

(0.097) (0.097)
Expansion × Low-income × Privatet−1 0.056 0.071

(0.089) (0.088)

Sample Whole sample
2014 expansions

only Whole sample
2014 expansions

only
Controls included ✓ ✓ ✓ ✓
Individual FEs ✓ ✓ ✓ ✓
Obs. 18871 17096 17962 16273

Notes.—Table reports regression coefficient derived from separate triple-difference regressions of Medicaid enroll-
ment onto exposure to the Medicaid expansions (Equation (1)). The models in columns 3 and 4 also include
interactions between the triple-difference terms and indicators for prior insurance status (private insurance or
uninsured). Columns 1 and 3 report results when including the entire pre-Medciare sample. Columns 2 and 4
present results when the estimating sample is limited to states that either expanded Medicaid in 2014 or at no
point throughout the sample period. Each regression equation also includes controls for demographics (gender,
age, age squared, race, educational attainment, marital status, smoker status, and employment status), health con-
trols (self-reported health and counts of ADLs and IADLs), indicators for household income and household asset
deciles, individual fixed-effects, and a set of fully-interacted indicators for survey wave, state of residence, and low-
income eligibility status. Standard errors clustered at the state level in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗

p < 0.01.

of low-income pregnant women studied in Cutler and Gruber (1996). Second, my measure of
past insurance coverage is only a noisy measure of the type of coverage individuals would have
available to them in the current period. Specifically, it is possible that the previously uninsured
would have chosen private insurance in the current period had the Medicaid expansions not
occurred. In this sense, the results in columns 3 and 4 of Table 1 are likely a lower bound on the
amount of crowd-out.

To further highlight the role that the expansions played in Medicaid coverage for the near-
elderly, Figure 2 reports results from the following event study specification on the pre-Medicare
sample of individuals in states that expanded Medicaid in 2014 or did not expand during the
sample period:

Medicaidi,t = ρ+ LIi,t ×
2016∑

y=2008

θy1(t− tEs = y) +X ′
i,tΓ + χ+ ϵi,t, (2)

where, as before, LIi,t is equal to one if individual i is in the low-income group in year t, and zero
otherwise. The indicator variables 1(t − tEs = y) denote the year of the wave for individuals in
expansion states, whereas for non-expansion states these indicators are always zero.16 I omit the

16I am able to treat 2014 as the treatment year for all observations because I limit the sample to individuals in
states that either expanded in 2014, or at no point throughout the sample.
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Figure 2. Variation in Medicaid coverage around Medicaid expansions
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Notes.—Figure displays coefficient estimates and 95% state-level clustered confidence intervals from an event study
regression of Medicaid coverage onto indicators for the survey wave relative to theMedicaid expansions (Equation
(2)). The estimating sample is limited to the pre-Medicare sample of individuals in states that expandedMedicaid
in 2014 or did not expand during the sample period. The regressionmodel includes a rich set of observable controls
for demographics and health status.

wave before the expansions take place (y = 2012) as the base year. Each θ̂y can be interpreted as
the change inMedicaid coverage in wave y relative to the year before an expansion took place. χ
denotes a fully interacted set of indicator variables for state, wave, and low-income status. These
indicators difference out differences in outcomes within low-income groups across states and
over time, and differences within states but across income groups over time.

Aswith Table 1, the results from the event study specification demonstrate that theMedicaid
expansions had a economically (and statistically) significant effect on Medicaid enrollment for
the near-elderly population that has persisted across time. Importantly, the figure also demon-
strates that prior to the expansion periods, there were likely common trends across in Medicaid
enrollment across the treatment and control groups and that there were no obvious anticipation
effects.

4 Empirical Strategy

In this section I present my main reduced form strategy. First, I outline the ways in which I em-
pirically test how the Medicaid expansions affected the near-elderly’s healthcare consumption.
Second, I present a strategy to test howpast insurance coverage, due to theMedicaid expansions,
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affected future healthcare consumption once on Medicare.

4.1 Estimating the Utilization Response to the Expansions

Local Average Treatment Effect of Medicaid Coverage.— My first task is to determine how the Med-
icaid expansions affected healthcare use and expenditures. To do this I estimate a LATE of
Medicaid coverage by using the policy change as an instrument for Medicaid enrollment with
an instrumented triple-difference (TDIV) design.17 I model this as follows:

Yi,t = π0 + π1 ̂Medicaidi,t + π2Expands,t + π3LIi,t +X ′
i,tΓ + Ψ + ϵi,t (3)

where Yi,t is individual i’s utilization outcome in survey-wave t; ̂Medicaid is the predicted mea-
sure of Medicaid coverage; Expands,t is an indicator for whether state s expanded Medicaid by
year t; LIi,t is a dummy variable indicating if individual i is in the target low-income group in
year t;X is a vector of time-variant and invariant controls including flexible functions of house-
hold income and assets, self-reported health status, a third-order polynomial of age, indicators
for the number of limitations to activities of daily living (ADLs) and instrumental activities of
daily living (IADLs), gender, race, education level, marital status, an indicator for employment
status, and an indicator for whether the individual was ever a smoker; and Ψ is a vector of fixed
effects.18 I estimate equation (3) by two-stage least squares (2SLS), where the first-stage is the
triple difference-in-differences estimating equation shown in Equation (1).

The excluded instrument, Expands,t × LIi,t, is the interaction between the Medicaid expan-
sion and target income group indicators.19 In this model I interpret the coefficient of interest, π1,
as the causal effect of Medicaid coverage on Y for individuals who gain Medicaid through the
expansion, and would not have had access to Medicaid coverage without the policy change.20

Triple Difference and Event Study Analyses.— In addition to estimating the LATE of Medicaid
enrollment, I also estimate the effects of the Medicaid expansions on medical expenditures for
the near elderly directly using triple difference-in-differences and event study designs. These
strategies are common in the public health and Medicaid specific literatures, and help ground

17I discuss identification of the TDIV estimator later in this section and formally derive the estimator in Appendix
D.

18For the majority of my analysis, the dependent variable of interest is the imputed natural log of total medical
expenditures, ̂ln(Ei,t). In additional analysis I also include other measures of utilization such as the number of
doctor’s office visits. I exclude health variables from theX vector that could be a function of insurance status, such
as medical diagnoses. For all specifications, Ψ includes state, year, state by year, state by low-income, and year by
low-income fixed effects. In some specifications I also include individual level fixed effects.

19Note that the additional indicators Expands,t and LIi,t appear in equation (3). This ensures that the variation
Medicaid coverage that is driving identification arises directly from the policy change.

20In other words, π1 identifies the LATE for low-income individuals in expansion states. With stronger assump-
tions on treatment effect homogeneity–namely that the effect of the expansions onMedicaid coverage and outcomes
for low-income groups in expansion and non-expansion states are the same–it is also possible to interpret π1 as the
LATE of Medicaid coverage for the whole low-income population.
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my LATE estimates of Medicaid coverage by providing information on the intent-to-treat (ITT)
effect of the expansions. For the TD analysis, I estimate the reduced form equation:

Yi,t = β0 + β1Expands,t × LIi,t + β2Expands,t + β3LIi,t +X ′
i,tΩ +Ψ+ εi,t (4)

where each element is similar to those in Equation (1). Under the standard TD identifying
assumptions, the estimand β1 summarizes the effect of the Medicaid expansion on medical ex-
penditures for individuals in the target income group across all expansion years. As previously
discussed, in my main analysis I limit my sample to the states that expanded in 2014 or did not
expand at any point throughout the sample period.

In order to further explore how treatment may evolve over time, I also use an event-study
design to see how the Medicaid expansions affected medical expenditures for the low-income
near elderly. Specifically, I estimate a version of Equation (2), but with Yi,t as the dependent
variable.

4.2 Long-Run Consequences of the Expansions

The Effect of the Expansions onHealthcare Expenditures in Retirement.—Next I explore how exposure
to Medicaid due to the expansion affects future expenditures. To do so, I first estimate how first
year Medicare enrollees’ expenditures vary based on their previous (pre-Medicare) Medicaid
status using an TDIV strategy analogous to (3):

Yi,t = α0 + α1
̂Medicaidi,t−1 + α2Expands,t−1 + α3LIi,t−1 +X ′

i,tΛ + ψ + εi,t, (5)

where Xi,t is a vector of individual time-variant and invariant characteristics including sets of
lagged health indicators (diagnoses and self-reported measures), gender, race, education level,
marital status, an indicator for smoking history, and flexible functions of household income
and non-housing assets; ψ is a set of indicator variables for the state that i was living in the
previous wave, wave, lagged state by wave, lagged state by lagged low-income status, and wave
by lagged low-income status; and ̂Medicaidi,t−1 is the predicted Medicaid status in the previous
period generated from the following first stage equation:

Medicaidi,t−1 = π0 + π1Expands,t−1 × LIi,t−1 + π2Expands,t−1 + π3LIi,t−1 +X ′
i,tΓ + ψ + ϵi,t. (6)

Unlike Equation (3), in this formulation I only observe each individual in their first wave of
Medicare once; however, because the data are longitudinal I include controls for past health-
status in X which helps mitigate concerns of selection into treatment. That said, if negative
selection into Medicaid prior to the first Medicare wave does occur (i.e. that less healthy indi-
viduals are more likely to be enroll in Medicaid due to the expansions), I would expect α̂1 to be
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upward biased. I discuss the implications of this potential bias further in Section 5.
Equation (5) only takes into account Medicaid coverage in the year right before going onto

Medicare. Given that the data are available through 2018, there are twowaves inwhich first-year
Medicare beneficiaries could have been exposed to the expansions. To explore how additional
years of exposure affect future spending I estimate the following equation:

Yi,t = β0 + β1

̂2∑
j=1

Medicaidi,t−j +X ′
i,tΛ + ψ + εi,t, (7)

with a first stage equation that is analogous to Equation (6). The estimate of β1 describes the
effect of having an additional year of Medicaid coverage on an individual’s healthcare spending
in their first period with Medicare coverage.

Additionally, since themajority of expansions occurred in 2014 and the data go through 2018,
I can also explore how previous Medicaid coverage affects expenditures for individuals in their
second wave of Medicare. To this end, I estimate a model analogous to Equation (5) but on the
sample of individuals in their second period of Medicare coverage. In this case, the estimate
will tell me how persistent the effects of previous Medicaid coverage are on future spending.
For example, if receiving earlier insurance coverage through the Medicaid expansions lowers
spending on the first year of Medicare, this may simply due to shifting pent-up demand from
one period to another. However, if receiving care earlier is more beneficial for future health, it is
possible that the effects of that spending could persist and future spending may remain lower
for a prolonged period.

As with the pre-Medicare analysis, I also employ more standard TD and event-study strate-
gies for the Medicare periods. Each of these approaches are analogous to those presented in
(4) and (2); however, as with the rest of the Medicare analysis, I limit the sample to individuals
who are enrolled in Medicare for the first (or second) time and my explanatory variables of in-
terest are the interactions between lagged (or twice-lagged) indicators of expansion status and
low-income status or event time in the case of TD or event-study equations, respectively.

4.3 Identification

Identifying Assumptions for TD.—Causal identification of the impact of the Medicaid expansions
on medical expenditures comes from cross-state and within-state variation in eligibility over
time. In this sense, the control groups in my analysis are (1) low-income individuals in non-
expansion states and (2) high-income individuals in expansion states. The rationale for adopt-
ing a TD specification is that healthcare demand of low-income individuals across expansion
and non-expansion may differ systematically due to time-variant differences in the distribu-
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tion of health or other public services provided to low-income households.21 By including the
within-state control group, I am able to better control for differential trends in healthcare de-
mand across expansion and non-expansion states.

More formally, identification of the TD estimator requires that the path of expenditures, con-
ditional on covariates, across the target (i.e., low-income) and control populations trend simi-
larly in non-expansion states and expansion states had they not expanded.22 Ex-ante I have no
reason to believe that this assumption would be violated. In particular, once controlling for po-
tentially time-varying attributes of each state, it seems unlikely that states that chose whether to
expand or not would have had different trends in expenditures or Medicaid enrollment given
that the decision not to expand Medicaid was primarily partisan. Ultimately, it is impossible to
know for certain if this assumption is met, but I do provide suggestive evidence its validity in
Section 5.23

Identifying Assumptions for TDIV.—As discussed inHudson, Hull, and Liebersohn (2017), DDIV
models require assumptions that are standard across both the differences-in-differences and IV
literatures. However, given that my first stage is actually a triple difference, the presentation in
Hudson, Hull, and Liebersohn (2017) is incomplete. In addition to the standard IV assump-
tions of exogeniety, relevance, and monotonicity; identification for the DDIV estimator requires
several additional assumptions, the most important being parallel trends for both treatment
and outcomes. In contrast, my setting requires the weaker TD parallel trend assumption for
both expenditures (i.e., outcomes) and Medicaid enrollment (i.e., treatment). In Appendix D
I formally derive identification for the TDIV estimator for the just-identified case (which is the
relevant case for Equations (3) and (5)).24

In addition to parallel trends, the TDIV estimator also requires two exclusion restrictions on
the instrument, which are common with the DDIV estimator. First, the instrument (i.e., the in-
teraction between expansion status and income group) should not affect outcomes or treatment
prior to the introduction of the policy. This would be violated if individuals decide to con-
sume less healthcare leading up to the expansion since they anticipate receiving more generous
coverage in the future. Similarly, if the years leading up to the expansions resulted in a surge
in Medicaid enrollment because of increased discussion of Medicaid in the popular press, this
assumption could be violated.25 Violations of this assumption could also take the form of indi-
viduals moving across states and low-income status in response to the expansions. However, as
discussed above, there is little evidence that individuals were acting strategically in either way.

21For example, Vermont (an expansion state) provides much larger public transfers to low-income households
than Georgia (a non-expansion state), and it is possible that these differences evolve over time and differentially
affect healthcare demand.

22For more details, see Olden and Møen (2022).
23I provide further discussion of the TD identifying assumptions in Appendix C.
24Though I believe I am the first to formally demonstrate this (and possibly to use this estimator), the derivation

closely follows the work in Hudson, Hull, and Liebersohn (2017).
25In my event-study analysis, I find neither of these trends in the data for states that expanded Medicaid.
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The second exclusion restriction is that, as in the standard IV setting, the instrument must only
affect the outcome of interest through Medicaid enrollment. This assumption could be violated
if other state-level policies change around the same time as the expansions that effect expen-
ditures. For example the assumption would be violated if a state decided to expand Medicaid
while also increasing income subsidies to near-elderly individuals. In this case, the unobserved
policy change could increase the household budget constraints for the near-elderly in that state
allowing them to increase their medical expenditures. Though such a policy would violate this
exclusion restriction, I amunaware of any such state policy. Another potential concern is that the
ACA changed other aspects of the insurance landscape for the working-age population. How-
ever, most of the policy changes that theACAbrought aboutwere at the federal level, suggesting
that, conditional on observables (including state-by-wave dummies), all states experienced sim-
ilar changes from the ACA at around the same time. The Medicaid expansions were a unique
aspect of the ACAwhich allowed states to decide if andwhen the policywould be enacted. With
that in mind, and given my rich set of controls, I find this assumption plausible.

The final key assumptions for TDIV in this setting are that the effect of the instrument on
Medicaid enrollment is monotone and that the instrument is relevant in determining Medicaid
enrollment. Though monotonicity is not directly testable, I believe it is a reasonable assumption
in this context. Specifically, since the expansions made enrolling in Medicaid easier for anyone
who was previously eligible as well as expanded eligibility to more people, it is unlikely that
expandingMedicaid reduced the likelihood ofMedicaid enrollment for low income individuals.
Further, the relevance of the instrument is testable and the results presented in Section 3 suggest
that this assumption is also satisfied.

Overall, I take multiple econometric approaches to answering my two questions of interest,
with the goal of presenting a complete story of how theMedicaid expansions affected healthcare
spending for individuals over time. One of the benefits this holistic approach is that the different
econometric have different limitations and, in fact, some help provide insight into the validity
of the identifying assumptions of the others. For example, the common pre-trends assumption
necessary for the TDIV and TD strategies is visually tested in the event-study estimates.

5 Empirical Analysis

5.1 Initial Response to the Expansions

Table 2 presents my estimates for the effects of the Medicaid expansions andMedicaid coverage
on total imputed medical expenditures. Columns 1-3 report estimates of the triple-difference
term inEquation (4) (with corresponding state-level clustered standard errors reported in paren-
theses and the implied Kennedy corrected percentage change in brackets) for different model
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specifications and estimating samples.26 The coefficient estimate in column 1, implies an ITT
of the Medicaid expansions on medical expenditures of roughly 30 percent for the full pre-
Medicare sample. In order to mitigate the concerns related to the staggered roll-out of the Med-
icaid expansions, column 2 presents results when the sample is restricted to individuals living
in states that expanded in 2014 or at no point during the sample period. The coefficient estimate
implies that total expenditures for low-income individuals increased roughly 33 percent follow-
ing the Medicaid expansions. Finally, column 3 presents results from a model that includes
individual fixed-effects estimated on the same sample as column 2, and implies an increase in
total expenditures of about 18 percent. To help contextualize these findings, consider that the
average level of total imputed expenditures in the pre-Medicare sample is roughly $3,400 per
wave, which implies that total expenditures increased by roughly $620-$1,100 for low-income
individuals in expansion states. Comparing results across the columns, it appears that includ-
ing the entire sample introduces little if any bias due to the staggered nature of the expansions.
Additionally, when controlling for time-invariant individual level observables, the estimated ef-
fect is somewhat muted. This may be suggestive that, even conditional on observable health,
there is still adverse selection into the Medicaid program. However, all three of the coefficient
estimates are within the others’ confidence interval.

Columns 4-6 present the TDIV coefficient estimates on Medicaid coverage in Equation (3)
(with Equation (1) as the first-stage) across variousmodel specifications on the same estimating
samples as columns 1-3. The first-stage Kleibergen-Paap cluster-robust F-statistics are presented
in the bottom of the table and demonstrate that the instrument is sufficiently powered to explain
Medicaid enrollment (the values of the F-stats range from 18.2-25.5, depending on the specifica-
tion).27 Unsurprisingly given that these are estimates of the LATE, the results in columns 4-6 are
qualitatively consistentwith the ITT estimates in columns 1-3 but larger inmagnitude. For exam-
ple, the coefficient estimate in columns 5 and 6 suggest that total medical expenditures increased
by 230 and 112 percent, respectively, for individuals who gained Medicaid coverage through
the expansions. These estimates imply increases in expenditures of roughly $7,820 and $3,800,
respectively. These numbers are substantially larger than those found in previous work (e.g.,
Finklestein et al. 2012).28 There are a number of reasons why these estimates, though larger, are
plausible. First, the population I am looking at is older and likely sicker than the sample of in-
dividuals in their setting. Therefore, if individuals are increasing their healthcare consumption

26The bracketed terms (p̂) are calculated according to:

p̂ = exp(β̂ − .5V ar(β̂))− 1

.
27Given that the model is just-identified, the Kleibergen-Paap F-statistic is the relevant measure of instrument

strength. For details see Andrews and Stock (2018).
28Though the point estimates are relatively large, the confidence intervals overlap with estimates in previous

work.
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Table 2. Effect of expansion status on medical spending

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

Medicaid expansion
× Low-income 0.265∗∗ 0.292∗∗ 0.172∗

(0.106) (0.098) (0.100)
[0.296] [0.333] [0.182]

Medicaid coverage 1.329∗∗ 1.228∗∗∗ 0.886∗
(0.528) (0.449) (0.515)
[2.286] [2.087] [1.124]

Sample Whole sample
2014 expansions

only
2014 expansions

only Whole sample
2014 expansions

only
2014 expansions

only
Controls included ✓ ✓ ✓ ✓ ✓ ✓
Individual FEs ✓ ✓
First-stage F-stat 18.2 25.51 20.82
Obs. 20050 18197 17081 20050 18197 17081

Notes.—Table reports regression coefficient derived from separate triple-difference (TD) and instrumented triple-
difference (TDIV) regressions of imputed log totalmedical expenditures onto exposure to theMedicaid expansions.
The results in columns 1-3, correspond to Equation (1). The results in columns 4-6 correspond to Equation (3)).
Columns 1 and 4 report results when including the entire pre-Medciare sample. All other columns present results
when the estimating sample is limited to states that either expanded Medicaid in 2014 or at no point throughout
the sample period. Each regression equation also includes controls for demographics (gender, age, age squared,
race, educational attainment, marital status, smoker status, and employment status), health controls (self-reported
health and counts of ADLs and IADLs), indicators for household income and household asset deciles, and a set
of fully-interacted indicators for survey wave, state of residence, and low-income eligibility status. Columns 3 and
6 include individual fixed-effects as well. Standard errors clustered at the state level in parentheses and Kennedy
corrected percentage change estimates are presented in brackets. Kleinbergen-Paap first-stage F-statistics clustered
at the state-level reported. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

on the extensive margin, they are probably more likely to discover additional health problems
or experience complications, which is likely to increase the cost of additional care relative to a
younger and healthier population. Second, since this change in access to Medicaid is only for
a short period of time, the individuals in my sample may be more price responsive due to the
fact that current Medicaid out-of-pocket prices are lower than what they will experience once
turning 65 and enrolling in Medicare. In fact, prior evidence indicates that the relative differ-
ence between current and future prices plays a significant role in determining current utilization
decisions (Lin and Sacks 2019).

Figure 3 presents results from the event study specification in Equation (2). The point es-
timates in the figure are consistent with the results presented in Table 2 and demonstrate that
the effect of the expansions on spending for low-income individuals seems to be consistent over
time (with all three post-period point estimates hovering at around 0.3). The figure also lends
credibility to the identification strategy given the lack of any noticeable pre-trends. Importantly,
there does not appear to be any noticeable decrease in expenditures in the years prior to the ex-
pansions in anticipation of the access to futureMedicaid coverage, which is a critical assumption
for the identification of the TDIV and TD estimators.
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Figure 3. Variation in total expenditures due to Medicaid expansions
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Notes.—Figure displays coefficient estimates and 95% state-level clustered confidence intervals from an event study
regression of imputed log total medical expenditures onto indicators for the survey wave relative to the Medicaid
expansions interacted with low-income status (Equation (2)). The estimating sample is limited to individuals in
states that expandedMedicaid in 2014 or did not expand during the sample period. The regression model includes
a rich set of observable controls for demographics and health status.

In Appendix E, I demonstrate that the spending response documented in Table 2 appears to
be driven by increases in the likelihood of going to the doctor, receiving any home healthcare,
and for previously uninsured individuals, an increase in the likelihood of using prescription
drugs regularly. Interestingly, I do not observe any immediate effects on health outcomes fol-
lowing theMedicaid expansions. InAppendix F, I also demonstrate the robustness of the results
in Table 2 to alternative definitions of the eligibility criteria and an alternative version of imputed
expenditures. Overall the results are robust to these various specifications, with point estimates
that are quantitatively similar and not statistically different from each other. I take all of these
results as providing consistent evidence that the Medicaid expansions lead to an economically
significant increase in medical expenditures for the low-income near-elderly population.

5.2 Effect of Medicaid Coverage on Future Outcomes

Overall, the results presented so far indicate that there was a large positive consumption re-
sponse to the increased Medicaid coverage generated by the expansions. This is consistent with
prior literature on health insurance provision and with the moral hazard hypothesis—when the
relative price of healthcare that consumers face falls due to increased insurance coverage, they
consume more. However, the primary aim of this study is to examine how this past insurance
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Table 3. Effect of prior expansion status on first wave of Medicare imputed expenditures

(1) (2) (3)

A. Triple-difference model
Medicaid expansiont−1

× Low-incomet−1 -0.312∗∗ -0.326∗∗ -0.250∗∗
(0.138) (0.145) (0.113)
[-0.275] [-0.286] [-0.226]

Sample Whole sample
2014 expansions

only
2014 expansions

only
Healtht−2 controls ✓
Obs. 9847 8949 8032

B. Instrumented triple-difference model

Medicaid coveraget−1 -2.078∗ -1.757∗ -1.278∗∗
(1.192) (0.933) (0.644)
[-0.938] [-0.888] [-0.774]

Sample Whole sample
2014 expansions

only
2014 expansions

only
Healtht−2 controls ✓
First-stage F-stat 7.9 12.75 15.72
Obs. 9847 8949 8032

Notes.—Table reports regression coefficient derived from separate TD and TDIV regressions of imputed log total
medical expenditures during the first wave of Medicare onto prior exposure to the Medicaid expansions. The
results in panel A, correspond to Equation (6). The results in panel B correspond to Equation (5)). Column
1 reports results when including the entire first wave of Medciare sample, and columns 2 and 3 present results
when the estimating sample is limited to states that either expanded Medicaid in 2014 or at no point throughout
the sample period. Each regression equation also includes controls for demographics (gender, age, age squared,
race, educational attainment, marital status, and smoker status), indicators for household income and household
asset deciles, and a set of fully-interacted indicators for prior survey wave, prior state of residence, and prior low-
income eligibility status. Column 3 includes all of the same controls, but adds additional controls for twice lagged
health status (self-reported health, BMI, and indicators for high-blood pressure, diabetes, cancer, heart disease,
lung problems, and stroke diagnoses). Standard errors clustered at the state level in parentheses and Kennedy
corrected percentage change estimates are presented in brackets. Kleinbergen-Paap first-stage F-statistics clustered
at the state-level reported. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

coverage affects future outcomes. To do this, I begin by estimating Equation (5) as well as the
analogous TDmodel with a number of dependent variables. I first focus on individuals in their
first wave ofMedicare coverage. Then I move on to explore whether the effects persist over time.
For each of these samples I estimate the effect of past Medicaid coverage on medical expendi-
tures as well as other measures of utilization and health.

Medical Expenditures.—Table 3 presents results on the effect of past exposure to the Medicaid
expansions on medical expenditures while newly enrolled in Medicare.29 Columns 1 and 2 of
panel A present coefficient estimates for the triple-difference term in the reduced formTDmodel
estimated on the whole sample and the sample limited to either 2014 expansion states or non-
expanding states. Column 3 of the panel presents results from a specification that includes a

29In Table 3 I limit attention to the version of imputedmedical expenditures that includes insurance status, but the
results are extremely similar in terms of magnitudes and precision across both measures. I present the results for
the measure that excludes insurance in the imputation as well as alternative specifications in Table 22 of Appendix
F.
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Figure 4. Variation in total expenditures once on Medicare

-.5
-.2

5
0

.2
5

.5

2008 2010 2012 2014 2016 2018
Year

Variation in total expenditures once on Medicare

Notes.—Figure displays coefficient estimates and 95% state-level clustered confidence intervals from an event study
regression of imputed log total medical expenditures during the first wave ofMedicare coverage onto the indicators
for the survey wave relative to theMedicaid expansion interacted with previous low-income status. The estimating
sample is limited individuals in states that expanded in 2014 or did not expand during the sample period. The
regression model includes a rich set of observable controls for demographics and lagged health status.

rich set of controls for an individual’s past health estimated on the 2014 expansion sample.30

The results presented in panel A show that prior exposure to the Medicaid expansions caused a
statistically and economically significant decline inmedical expenditures for first timeMedicare
beneficiaries. Specifically, the estimates in columns 1, 2, and 3 indicate that total expenditures
fell by 27.5, 28.6, and 22.6 percent, respectively. Given that the mean imputed expenditure for
the first wave of Medicare sample is roughly $3,600, these coefficient estimates imply that total
expenditures declined by between $815 and $1,030.

Panel B of Table 3 presents the coefficient estimates on (instrumented) Medicaid coverage in
the previouswave estimated across the same samples and analogous TDIVmodels as in panel A.
As with the estimates in panel A, all three of these estimates are negative, economically larger,
and statistically significant. Columns 1-3 reflect that imputed expenditures decreased by 93,
89, and 77 percent, respectively. This corresponds to declines in total expenditures between
roughly $2,600 and $3,150. The cluster-robust first-stage Kleibergen-Paap F-statistics presented
at the bottom of the panel show a slightly weak first-stage for the whole sample model, which
may explain the relatively large point estimate in column 1. Comparing the results in columns

30The rational for including twice lagged health measures is that these are unlikely to be affected by the expan-
sions. Table 24 in Appendix F presents additional specifications with thrice lagged health measures and the results
are very similar to those presented in Table 3.
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Table 4. Effect of cumulative Medicaid coverage on first wave Medicare spending

(1) (2)

A. Triple-difference model

One wave of Medicaid expansion
× Low-income -0.168 -0.166

(0.119) (0.125)
Two waves of Medicaid expansion

× Low-income -0.469∗∗ -0.481∗∗
(0.213) (0.213)

Sample Whole sample
2014 expansions

only
Healtht−3 controls ✓ ✓
Obs. 7683 6971

B. Instrumented triple-difference model

Sum of past Medicaid coverage -0.666∗∗ -0.614∗∗
(0.303) (0.277)

Sample Whole Sample
2014 expansions

only
Healtht−3 controls ✓ ✓
First-stage F 105.57 119.74
Obs. 7683 6971

Notes.—Table reports regression coefficient derived from separate TD and TDIV regressions of imputed log total
medical expenditures during the first wave of Medicare coverage onto the prior exposure to the Medicaid expan-
sions. In panel A, the coefficient estimates of interest indicate the intent to treat of different years of exposure to
the Medicaid expansions. Panel B reports the LATE of an additional year of Medicaid coverage (Equation (7)).
Column 1 reports results when including the entire first wave of Medciare sample, and column 2 presents results
when the estimating sample is limited to states that either expanded Medicaid in 2014 or at no point throughout
the sample period. Each regression equation also includes controls for demographics (gender, age, age squared,
race, educational attainment, marital status, and smoker status), indicators for household income and household
asset deciles, and thrice lagged health controls (self-reported health, BMI, and indicators for high-blood pressure,
diabetes, cancer, heart disease, lung problems, and stroke diagnoses) and a set of fully-interacted indicators for
prior survey wave, prior state of residence, and prior low-income eligibility status. Standard errors clustered at the
state level in parentheses. Kleinbergen-Paap first-stage F-statistics clustered at the state-level reported. ∗ p < 0.10,
∗∗ p < 0.05, ∗∗∗ p < 0.01.

2 and 3 demonstrates that conditioning on observable health is important given that doing so
leads to an attenuation of the estimated decline in expenditures due to past Medicaid coverage.

As with my previous findings, I also examine the robustness of these results by estimating
an event-study specification. Figure 4 presents the results. Overall the figure corroborates the
findings presented in Table 3—individuals who were exposed to theMedicaid expansions prior
to turning 65 had lower initial medical expenditures once on Medicare. Moreover, the fact that
the point estimates in the post-period are consistent in magnitude suggests that this effect was
similar for both cohorts of new Medicare enrollees that were affected by the expansions in my
sample (i.e., individuals who were 63-64 and 61-62 in 2014). Finally, though the pre-treatment
coefficients are somewhat noisy, there is no discernible pre-trend which (at least visually) vali-
dates my identifying assumptions.
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Dose Response to Past Medicaid Coverage.—Given the panel nature of the data, I can also ob-
serve the extent to which the response of first wave Medicare expenditures vary based on years
of exposure to the expansions. Table 4 presents results where the independent variables of inter-
est capture the cumulative exposure to the expansions as presented in Equation (7). Columns
1 and 2 of panel A, respectively, present results from the reduced form TD model where the
effects of each level of exposure (e.g., one wave or two waves) are separately estimated on the
whole pre-Medicare sample and the sample including only 2014 expansion and non-expansion
states.31 Regardless of the estimating sample, the results in the panel show thatmore years of ex-
pansion exposure lead to larger declines in Medicare expenditures. Columns 1 and 2 of panel B
present estimates for the effect of (instrumented) cumulative Medicaid coverage prior to Medi-
care estimated on the same samples. These coefficient estimates also suggest that the decrease
in Medicare expenditures is increasing in the duration of past Medicaid coverage. Specifically,
the point estimate of -0.614 in column 2 of panel B suggests that each additional year of Medi-
caid coverage reduces first waveMedicare expenditures by roughly 46 percent (which translates
to approximately $1,600 based on the mean of predicted expenditures in the sample). These
findings affirm those previously discussed and provide the additional insight that the poten-
tial dynamic benefits of insurance coverage (in terms of decreased expenditures) depends on
the length of coverage. This is consistent with a hypothesis that prolonged spells of uninsur-
ance increase the likelihood of forgoing preventative care or care that aids in the management
of chronic diseases.32

Utilization in the First Wave of Medicare.—As with the pre-retirement analysis, I also explore
how other measures of utilization respond to prior Medicaid coverage in the sample of newly
eligible Medicare enrollees. Columns 1 and 2 of panel A in Table 5 present results from TD and
TDIV models, respectively, where I estimate the effects of Medicaid coverage in the previous
wave on current utilization measures. All of the coefficient estimates are negative and larger in
magnitude, which is consistent with my imputed expenditure findings above. However, only
the coefficients from the models with more than five doctor visits, any at home healthcare, and
(marginally) total out-of-pocket spending are statistically significant at traditional significance
levels.33 The fact that there is a strong effect on doctor visits on the intensive but not extensive
margin is encouraging (nor is there a detectable effect on prescription drug use). This may sug-
gest that having prior coverage doesn’t decrease the consumption of future preventative care,
but–instead–reduces the need for more complex and costly treatment regimens. The signs on
the coefficients for hospital use are also consistent with this hypothesis, though the estimates are

31In the table I define exposure as being in the low-income group in an expansion state in an expansion year.
Models also include controls for thrice lagged health status.

32For recent evidence on this, see Chandra, Flack, and Obermeyer (2013) and Harris et al. (2022).
33I show in Table 24 in Appendix F that the point estimates on the hospitalization measures are more precise

when excluding lagged health controls or including thrice (instead of twice) lagged health controls. I take these
result, as well as those in Table 5 as jointly indicating a decline in the intensity of hospitalizations due to past
Medicaid coverage.
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Table 5. Effect of expansions on other outcomes during the first wave of Medicare

TD TDIV
(1) (2)

A. Other utilization
Any doctor visits -0.044 -0.225

(0.052) (0.266)
Doctor visits ≥ 5 -0.162∗∗ -0.826∗∗

(0.069) (0.389)
Any hospitalizations -0.077 -0.393

(0.059) (0.305)
Hospitalizations (counts) -0.137 -0.698

(0.128) (0.688)
Nights in hospital -1.716 -8.763

(1.322) (7.342)
Any Rxs -0.015 -0.076

(0.051) (0.261)
Any at home care -0.050∗∗ -0.255∗

(0.025) (0.149)
Total out-of-pocket spending -816† -4165†

(551) (2797)

B. Health outcomes
Self-reported health 0.230∗∗ 1.174∗

(0.099) (0.623)
Health index 0.014∗∗ 0.071∗

(0.006) (0.038)

Sample
2014 expansions

only
2014 expansions

only
Healtht−2 controls ✓ ✓
First-stage F-stat 15.84
Obs. 8028 8028

Notes.—Table reports coefficient estimates from regressions of different dependent variables onto exposure to the
Medicaid expansions prior to enrolling in Medicare. Triple-difference (TD) and instrumented triple-difference
(TDIV) regression models in columns 1 and 2, respectively. The coefficient estimates in each row correspond to
models with different dependent variables. All utilization measures correspond to utilization over the previous
two years. “Self-reported health” is a subjective measure of health ordered from 1 (“Fair”) to 5 (“Excellent”).
“Health index” is a measure of health constructed from the first principal component of a number of subjective
and diagnostic health measures. See Appendix A for more details. Each regression equation also includes controls
for demographics (gender, age, age squared, race, educational attainment, marital status, and smoker status), in-
dicators for household income and household asset deciles, and twice lagged health controls (self-reported health,
BMI, and indicators for high-blood pressure, diabetes, cancer, heart disease, lung problems, and stroke diagnoses)
and a set of fully-interacted indicators for prior survey wave, prior state of residence, and prior low-income eli-
gibility status. Standard errors clustered at the state level in parentheses. Kleinbergen-Paap first-stage F-statistic
clustered at the state-level is reported. † p < 0.15, ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

imprecise. Overall, these results help validate the previous findings for imputed expenditures
and demonstrate that, broadly speaking, healthcare consumption across a number of measures
appears to fall when individuals have more generous insurance coverage before going onMedi-
care, all else equal.

Health in the First Wave of Medicare.—In addition to understanding how Medicare expendi-
tures are affected by previous insurance coverage, I am also interested in what drives these ef-
fects. As proposed in Fang and Gavazza (2011), a likely mechanism leading to lower future
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healthcare consumption is that individuals who get more generous insurance coverage before
retiringmay enter the retirement phase with better health, due to larger or more frequent health
investments before turning 65. To test if this mechanism is important, I also analyze the effect
of past insurance coverage on self-reported health and a general health index in the first period
of Medicare.34 Panel B of Table 5 presents the results.

Remarkably, the point estimates across both measures of health and both estimation ap-
proaches show that prior exposure to theMedicaid expansions andMedicaid coverage has large
positive and statistically significant effect on health outcomes when on Medicare. The point es-
timates in column 1 indicate an ITT of roughly one fifth and one quarter of a standard deviation
increase in self-reported health and the health index, respectively. And the point estimates in
column 2 suggest that past Medicaid coverage increased self-reported health and the health in-
dex by approximately 1 standard deviation and 1.8 standard deviations, respectively. Together
these results demonstrate that individuals who received insurance through the expansions did,
in fact, enter the Medicare phase healthier than those unaffected, all else equal. These findings
suggest that the primary channel for lower future expenditures is through increased health,
which is brought about—in part—from increased healthcare consumption prior to turning 65.35

Persistence.—Given that the data go through 2018, there is a cohort of individuals who had
been affected by the expansions and that have been on Medicare for at least two waves. In
order to see how persistent the effects of past insurance coverage are on future spending and
health, I conduct additional analysis on this sample of Medicare enrollees who are further into
their Medicare tenure. Table 6 reports results from the TD and TDIV models estimated on this
sample, where the independent variables of interest are twice lagged expansion exposure and
Medicaid coverage. Columns 1 and 2 report the TD and TDIV results, respectively, and each row
of the table corresponds to a regression model with a different dependent variable. Given the
lack of explanatory power of the instrument in the first-stage, as indicated by the first-stage F-
statistics presented in the table, I amhesitant to interpret the TDIV coefficient estimates as causal.
That said, I think that for both expenditures and health status, taken together with the results
from the TD models, Table 6 strongly suggests that the dynamic effects of generous insurance
coverage are persistent. In other words, the increased healthcare consumption in pre-retirement
that was induced by the Medicaid expansions depress spending and increase health for several
years into future.

34I construct a general health index in the spirit of Poterba, Venti, and Wise (2013) and Poterba, Venti, and Wise
(2017). The index is given by the first principal component a large list of diagnostic and subjective measures of
health and well-being.

35Figure 14 in Appendix E presents results from an event-study specification where the health index is the de-
pendent variable. These results are consistent with those in Table 5 and reflect common trends in the dependent
variable prior to the expansion treatment.
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Table 6. Effect of expansions on expenditures and health during the second wave ofMedicare

TD TDIV
(1) (2)

A. Expenditures
̂ln(Ei,t) -0.322∗∗ -3.118

(0.146) (2.727)

B. Health outcomes
Self-reported health 0.307∗∗ 2.983∗∗

(0.104) (1.158)
Health index 0.016∗∗ 0.158∗∗∗

(0.005) (0.045)

Sample
2014 expansions

only
2014 expansions

only
Healtht−3 controls ✓ ✓
First-stage F-stat 2.06
Obs. 6937 6937

Notes.—Table reports coefficient estimates from regressions of different dependent variables onto variousmeasures
of exposure to the Medicaid expansions prior to enrolling in Medicare. Triple-difference (TD) and instrumented
triple-difference (TDIV) regression models in columns 1 and 2, respectively. The coefficient estimates in each row
correspond to models with different dependent variables. “ ̂ln(Ei,t)” is an imputed measure of log expenditures
that includes insurance coverage in the imputation. “Self-reported health” is a subjective measure of health or-
dered from 1 (“Fair”) to 5 (“Excellent”). “Health index” is a measure of health constructed from the first principal
component of a number of subjective and diagnostic health measures. See Appendix A for more details. Each
regression equation also includes controls for demographics (gender, age, age squared, race, educational attain-
ment, marital status, and smoker status), indicators for household income and household asset deciles, and thrice
lagged health controls (self-reported health, BMI, and indicators for high-blood pressure, diabetes, cancer, heart
disease, lung problems, and stroke diagnoses) and a set of fully-interacted indicators for prior survey wave, prior
state of residence, and prior low-income eligibility status. Standard errors clustered at the state level in parentheses.
Kleinbergen-Paap first-stage F-statistic clustered at the state-level is reported. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

5.3 Further Discussion of Empirical Findings

The results presented in this section point to two important phenomena. First, the exogenous
enrollment in Medicaid spurred by the expansions under the ACA led to an increase in total
medical expenditures for those affected. Second, individuals whowere exposed to theMedicaid
expansions prior to going onto Medicare ended up consuming fewer healthcare services, spent
less out-of-pocket, accumulated fewer total medical expenditures, and reported better health
outcomes once onMedicare compared to similar individuals where were unaffected by the pol-
icy change. However, the appropriate way to interpret these results is unclear. My findings are
consistent with are two non-mutually exclusive hypotheses.

The first hypothesis is that additional healthcare consumption is productive in improving
future health which lowers the demand for healthcare services in future periods. The second
hypothesis is that the change in future expenditures that I detect is due to an inter-temporal
substitution of care; where, upon receiving Medicaid, individuals front load healthcare con-
sumption that would have been realized on Medicare in the absence of the expansions. While
the data do not allowme to definitively distinguish between these two channels without further
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assumptions, the cumulative evidence of health improvements, effect persistence, and thatmore
periods of coverage leads to larger declines in expenditures all provide suggestive evidence for
the former.

Additional evidence presented in Appendix E suggests that Medicaid coverage increased
utilization of care that improved information about chronic conditions and increased access to
chronic disease management, all of which lead to lower expenditures and improved health once
enrolled in Medicare.36

6 A Stylized Model of the Medicaid Expansion

In this section, I develop a stylized “late in life”-cycle model of the Medicaid expansion. The
goals of which are to provide insight into how to interpret the evidence presented in Section 5,
to estimate the welfare effects of the expansions, and to evaluate a counterfactual reform to the
Medicare program. Features of the model are drawn from a number of different sources includ-
ing De Nardi, French, and Jones (2016), Finkelstein, Hendren, and Luttmer (2018), Lockwood
(2018), Low and Pisteferri (2015), and Ozkan (2017).37 There are also several innovations in the
model which I describe in detail in the proceeding section.

Individuals enter the model as workers at t0 = 55, retire at tR = 65, and live for up to
T = 95 periods.38 In this way, the model is divided into a pre-Medicare (working) phase and
a Medicare (retirement) phase.39 Knowing that Medicare coverage is in their future, working
individuals choose insurance coverage, how much healthcare and all other goods to consume,
and how much wealth to accumulate in each period before retiring.40 At t = tR they no longer
work, but they receive Social Security payments and Medicare coverage which changes the out-
of-pocket price they face to varying degrees depending on their pre-retirement insurance. In
order to replicate my empirical setting of the Medicaid expansions, I use the model to simulate
a treatment and control group of individuals who start at age 55 with the same set of initial
conditions. The treatment group is provided the opportunity to enroll in Medicaid starting at
age 62 if they meet the income eligibility criteria.

36Table 20 in Appendix E shows that though the expansions improved future health (as measured by self-
reported health and the health index), the share of people diagnosed with diabetes also rose. I interpret these
seemingly conflicting pieces of evidence as reflective of an increase in diagnoses but not an increase in prevalence. In
this sense, I suspect that the expansions led to more diagnoses and subsequent treatment for chronic conditions
such as diabetes, which likely plays a role in reducing future expenditures.

37An alternative modeling approach implemented by Yang, Gilleskie, and Norton (2009) and Khwaja (2010) is
to treat all choices within the model as discrete.

38By modeling retirement as exogenous, I am implicitly assuming that the Medicaid expansions do not affect
retirement choices. In the HRS I do not detect any relationship between the expansions and retirement decisions.

39Henceforth, I will use the terms working phase and pre-Medicare phase interchangeably. I will also use the
terms retirement phase and Medicare phase interchangeably.

40Each period in the model is a year.
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6.1 Environment

Preferences.—In each period t, individuals derive utility from the consumption of non-medical
goods and services ct, a continuous measure of health ht, and Medicaid enrollmentMt ∈ {0, 1}
according to:

u(ct, ht,Mt),

and they discount future utility by β. I do not assume that utility is additive separable in con-
sumption and health. Instead I assume that utility takes the following form:

u(ct, ht,Mt) = A+
(γcθt + (1− γ)hθt )

1−σ
θ

1− σ
−ΨMt (8)

where σ > 0 is the coefficient of relative risk aversion, θ is the substitution parameter between
consumption and health, γ is the share of utility loaded onto consumption, A is a positive con-
stant that ensures the value of being alive is non-negative, and Ψ denotes a utility penalty that
individuals pay if enrolled in Medicaid (Mt = 1).41 The primary motivation for allowing health
and consumption to be non-separable comes from Finkelstein, Luttmer, andNotowidigo (2013),
who find that the marginal utility of consumption is likely higher when individuals are in good
health.

Health and Death.—In the spirit of Grossman (1972), I treat health as a stock that evolves
according to a partially stochastic technology. For simplicity, I assume that health is continuous
on the unit interval (i.e., ht ∈ [0, 1]).42 Therefore, health in each future period (t) is given by:

ht = max

{
min

{
f(ht−1,mt−1, εt), 1

}
, 0

}
where ht−1 is the health stock inherited from the end of the previous period, mt−1 is the health
care services (in dollars) consumed in the previous period, and εt is a health shock that is re-
alized at the beginning of the current period. I assume that the function, f(·, ·, ·), takes the
following form:

f(ht−1,mt−1, εt) = δht−1 + λmα
t−1 − εt. (9)

Here, δ denotes how much the health stock and medical investments depreciate from period
to period and λ and α are, respectively, scale and curvature parameters governing the produc-
tivity of medical investments in generating future health. The health shock, εt ≥ 0, enters the
production function by (weakly) decreasing the inherited stock of health augmented by prior

41TheA term follows fromHall and Jones (2007). Specifically, since estimates of σ are typically greater than one,
the second term in utility is negative. Since I will be normalizing the value of death to be zero, I include A so that
agents are motivated to stay alive in the model. I discuss the Medicaid enrollment choice in detail later on.

42Given this assumption, I standardize the constructed health index to lie within this range as well.

28



investments. For ease of exposition, denote the inherited stock of health augmented by prior
investments as h̄t (where h̄t = δht−1m

α
t−1). The distribution of health shocks depend on age (t)

εt ∼ Fε(ε; t),

which I assume is log-normal with parameters µt and σt (log(εt) ∼ N(µt, σt)).
As shown above, individuals may choose to consume healthcare because it increases future

health, increasing future utility. I also assume that investments in health decrease future mor-
tality risk. Specifically, I map the end-of-period health stock into a function that determines the
likelihood of surviving to the next period, Φ(ht, t). I follow Chetty et al. (2016) by adopting a
Gompertz specification where the log of the hazard rate, 1 − Φ(ht, t) is assumed to be a linear
function of the health stock:

log[1− Φ(ht, t)] = ϕ1,t + ϕ2,tht

Φ(ht, t) = 1− exp(ϕ1,t + ϕ2,tht).
(10)

Therefore, any investments in health also reduced the risk of death in future periods which is a
key driver of the demand for healthcare.

Insurance.—Before becoming eligible for Medicare, there are three possible insurance plans:
a private plan (P), no insurance (U), or Medicaid (M). Each plan i ∈ {P,M,U} is summarized
by a premium, pi, and a cost sharing structure, πi(·), which assigns the out-of-pocket payments
associated with each level of total expenditures:

πi(m) =

m ifm <= di

ψi(m− di) + di ifm > di
(11)

where di and ψi are the annual deductible and coinsurance rates, respectively, associated with
plan i. Relative to the private plan, Medicaid offers both a lower premium and more generous
cost-sharing. The uninsured pay no premiums (pU = 0) and have to pay full price for any
medical consumption (πU = 1).43 I assume that the private insurance plan and uninsurance
arrive stochastically at the beginning of each period according to a first-order Markov process.44

I denote an insurance draw with jt ∼ dFj(jt|jt−1, I), such that the transition probabilities from
insurance to uninsurance differ by income status. Moreover, I impose that private insurance is
highly persistent (whichwould be the case if individuals receive employer sponsored insurance)

43While the uninsured do technically have to pay full price for medical care, there are a number of reasons why
this is not true in practice. For example, Hadley andHolahan (2003) find that roughly 35 percent of all care received
by the uninsured in 2001 was not paid for. In estimation, I account for this by assuming ψU < 1, but much higher
than the other plans.

44This is a simplification that I make to capture the fact that private insurance is often tied to employment, rather
than actively purchased. However, I plan to change in future versions of the paper. In particular, I plan to allow
agents to choose to enroll in private insurance, rather than them exogenously receive it.
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and that uninsurance is also persistent, but somewhat less so.45

If eligible, an individual may choose to give up their existing plan and replace it with Med-
icaid (Mt = 1), where eligibility is determined based on labor earnings and whether Medicaid
has been expanded at time t. However, if the individual does enroll, they must pay the util-
ity cost Ψ, introduced previously. This term is meant to capture both the pecuniary and non-
pecuniary burdens associated with enrolling in the program.46 Once an individual reaches re-
tirement age (t = tR) they switch ontoMedicare, which is summarized by premium pR and cost
sharing πR(·). Thus, in retirement individuals no longer make any choice related to insurance.

Income, Assets, and Taxes.—In the pre-retirement phase (t < tR), agents supply labor inelas-
tically and earn a per-period income that is determined by a combination of permanent income
(I) and an unobserved stochastic productivity draw (ωt):

wt = I × (1 + ωt) for t = 0, . . . , tR − 1

where productivity evolves according to a five state first-order Markov process:47

ωt ∼ P(ωt|ωt−1).

Once retired (t ≥ tR), agents receive a (fixed) transfer from the Social Security Administration
(SSA) according to a schedule S(·)which provides some level of replacement based on perma-
nent income during one’s working years:

wt = S(I) for t = tR, . . . , T,

where the replacement rate is decreasing in permanent income.
In addition to earning labor income and receiving Social Security payments, agents can also

accumulate assets, at, which earn a risk-free return, r. For a given insurance plan i, assets evolve
according to

at+1 = at + wp(rat + wt, τ) + bt − πi(mt)− pi − ct, (12)

where wp(rat + wt, τ) denotes post-tax income, τ describes the tax structure, and bt denotes
government transfers (in addition to SSA payments while retired).48 Further, I assume that
agents cannot borrow (i.e., at ≥ 0). As is standard in the literature, I assume that non-SSA
government transfers provide a consumption floor which will vary across working years and
retirement:

bt = max

{
0, c+ πi(mt) + pi − (at + wp(rat + wt, τ))

}
.

45In practice, I estimate transitions from private insurance to uninsurance directly from the data.
46For example, see Fox, Feng, and Reynolds (2023).
47I summarize the distribution of these shocks with a persistence component, ρ, and a transitory component, σ2

ω .
48Note that the above equation defines the per-period budget constraint.
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Figure 5. Model timing while working

End of
t− 1

Draw
εt, jt, ωt

t

Inherit
ht = δht−1 + λmα

t−1 − εt

ChooseMt,mt,
ct, at+1

End of
t

Notes.—Figure provides an outline of the timing in the model.

Theprior equation states that government transfers ensure that an individual’s per-periodwealth
less medical expenditures never falls below the consumption floor, c. Following De Nardi,
French, and Jones (2010), I assume that these transfers are only positive if next period’s assets
are zero.

Timing.—The timing of the model is outlined in Figure 5. Before the start of each period,
the individual inherits their augmented health capital h̄t and receives a health shock εt, which
jointly determine health in the period ht and if the agent will survive to t + 1.49 The period be-
gins and the agent receives an initial insurance plan (either private insurance or no insurance)
and a productivity draw ωt. If labor earnings are below the Medicaid eligibility threshold and
the individual is located in an expansion state, the agent can choose whether to enroll in Medi-
caid. Following that choice, the agent decides how to divide their cash on hand between health
augmenting medical consumption mt, consumption ct, and savings at. Instantaneous utility is
then realized given ht and ct and the period concludes. The timing during the Medicare phase
is similar, except there are no insurance or productivity draws and no choice over Medicaid
coverage.

6.2 Value Functions and Solution Method

For any set of parameter values, I solve the model numerically through backward induction
beginning at the maximum attainable age, T . During the Medicare eligible phase, individuals
inherit their insurance coverage, so the only control variables are consumption (ct), medical
expenditures (mt), and assets (at). Given the environment outlined above, the individual’s
problem throughout the retirement phase can be written recursively with the following value
function:

Vt(ht, at, I) = max
ct,mt,at+1

u
(
ct, ht, jt = R

)
+ β

∫
Vt+1

(
ht+1, at+1, I

)
dFε(εt+1|t) (13)

49Notably, this formulation allows me to exclude the health shock from the list of state variables because ht fully
describes an agent’s health status at a given point in time.
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subject to

ct + at+1 + πR(mt) + pR ≤ at + τ(S(I) + rat)

ht+1 =f(ht,mt, εt+1)

VT+1 = 0,

(14)

where β is the discount factor and the final constraint normalizes the value of death to zero. For
the final working period, the individual’s value function is given by

Vt(ht, at, jt, ωt, I) = max
ct,mt, at+1,

Mt ∈ {0, 1}

u
(
ct, ht,Mt

)
+ β

∫
VtR

(
htR , atR , I

)
dFε(εtR |tR) (15)

subject to

ct + at+1 + πi(mt) + pi ≤ at + τ(I(1 + ωt) + rat)

htR = f(ht,mt, εtR).
(16)

For every other working period, an individual’s value function is given by

Vt(ht, at, jt, ωt, I) = max
ct,mt, at+1,

Mt ∈ {0, 1}

u
(
ct, ht,Mt

)
+ β

∫ ∫ ∫
Vt+1

(
ht+1, at+1, jt+1, ωt+1, I

)
dFε(εt+1|t)dFj(jt+1|jt)dFω(ωt+1|ωt)

(17)

s.t.

ct + at+1 + πi(mt) + pi ≤ at + τ(W (1 + ωt) + rat)

ht+1 = f(ht,mt, εt+1)

h0 = h and a0 = a given.

(18)

7 Model Estimation

In this section I discuss the identification of the model parameters and estimation. Estimation
proceeds in two steps. First, I estimate or calibrate a subset of model parameters that can be
determined directly from the data or taken from the literature, including the discount factor β
and the coefficient of risk aversion σ. In the second step, I estimate the following Θ vector of
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Table 7. Externally calibrated parameters

Description Parameter Value Source

Discount factor β 0.96 Estimates in the literature.
Coefficient of risk-aversion σ 2.5 Estimates in the literature.
Risk-free rate of return r 0.025 Ozkan (2017).
Consumption floor pre-65 bt<65 $2000
Consumption floor 65+ bt≥65 $3500
Income process

Income persistence ρ 0.90 Russo (2023).
Variance in transitory income shock σ2

ω 0.09 Russo (2023).
Insurance transitions

Probability of remaining uninsured (low-income) 0.84
Probability of remaining privately insured (low-income) 0.82 Author’s calculations.
Probability of remaining uninsured (high-income) 0.70
Probability of remaining privately insured (high-income) 0.90
Cost-sharing

Uninsured
Coinsurance πU 0.7
Deductible dU $0
Premiums pU $0

Private
Coinsurance πP 0.32
Deductible dP $1500
Premiums pP $3000

Medicaid Author’s calculations.
Coinsurance πM 0.07
Deductible dM $20
Premiums pM $200

Medicare
Coinsurance πR 0.25
Deductible dR $300
Premiums pR $1500

Notes.—Table presents the model parameters that are set externally. The insurance transition rates are determined
from coefficient estimates from the regression model presented in Equation (19) estimated using data from the
MEPS. “High-income” and “low-income” refer to individuals in the second and first permanent income quintiles,
respectively. Coinsurance rates are calculated based on differences in out-of-pocket spending and total expendi-
tures by insurance coverage status in the MEPS.

parameters
Θ = {θ, γ, A,Ψ,︸ ︷︷ ︸

Preferences

δ, λ, α,︸ ︷︷ ︸
Health production

µt, σt,︸ ︷︷ ︸
Health shocks

ϕ1,t, ϕ2,t︸ ︷︷ ︸
Mortality risk

}

via indirect inference.50
50For both the health shock and mortality risk parameters, I make a simplifying assumption to reduce the pa-

rameter space. Namely, I estimate values of the parameters at every 5 years, and approximate the fully age-varying
formulation with a linearly spaced vector between each of those values.
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7.1 First-Step Calibration

Insurance Transitions and Cost Sharing.—In order to determine the exogenous transitions across
private insurance and uninsurance during working years, I estimate the following regression
separately by permanent income groups for individuals aged 55 to 64 in the MEPS:

Insurancei,t = β0 + βInsuranceInsurancei,t−1 + ui,t, (19)

where Insurance can be an indicator for either private or uninsured, depending on the state. I
then use the estimated values of β̂Insurance to construct the transition matrix. The probabilities
for low- and high-income groups of remaining uninsured or privately insured are presented in
Table 7.51

I also use theMEPS to determine the coinsurance rates associatedwith each type of insurance
plan. In order to do this, I divide total out-of-pocket expenditures by total expenditures for each
individual separately by the insurance status, which yields an estimated set of coinsurance rates.
I also externally set the values of premiums and deductibles for each plan based on information
I gathered from various sources. For example, the associated premiums forMedicare come from
the total annual premiums you would need to pay in order to enroll in Medicare Part B.

Other Fixed Parameters.—I set the discount factor to β = 0.96 and the coefficient of risk aver-
sion to σ = 2.5, which are values common in the literature.52 I also externally set the parameters
governing the wage process, the tax and SSI structure, the risk-free rate of interest, and the con-
sumption floor. Though I could estimate the wage process directly in the HRS, I opt instead
to take values from the literature. I use values for the persistent and transitory wage compo-
nents from Russo (2023). The values for the tax schedule are set based on the 2012 tax brackets
and federal marginal tax rates. I simplify the social security reimbursement rate schedule to
roughly match the estimates from actuaries at the Social Security Administration (Clingman,
Burkhalter, and Chaplain 2022). I set the interest rate to 2.5 percent. Finally, I set the consump-
tion floor while old to $3,500, which falls between estimates in the literature.53 I assume that the
consumption floor while young is less generous, and I set it to $2,000.

51Note that “low-income” and “high-income” refer to the first and second quintiles of the permanent income
distribution, respectively.

52For example, in a model with heterogeneous preferences, De Nardi, Pashchenko, and Porapakkarm (2017)
estimate a discount factors of 0.88 and 0.99, Achou (2023) estimates a value of 0.95, and Lockwood (2018) calibrates
the discount factor to 0.975. For the risk-aversion parameter, many studies assume a value of σ = 2 (e.g., Hall and
Jones 2007) and work specifically focusing on retirees often finds values of σ larger than 3 (e.g., De Nardi, French,
and Jones 2010). Thus, I believe the assumption of σ = 2.5 is a reasonable and somewhat conservative value.

53For example, De Nardi, French, and Jones (2010) estimate that the consumption floor for retirees is $2,700, but
De Nardi, French, and Jones (2016) estimate a value of $4,600.
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7.2 Estimation of Structural Parameters

Sample Initialization.—Given that I do not observe the entire life-cycle of each individual, I deter-
mine the initial distribution of state variables at age 55 in a way that is designed to accomplish
two goals: (1) ensure that the sample generating the simulated analogs to the results presented
in Section 5 draw initial states consistent with what I see in the data for the estimating sample
and (2) that the groups that may not have been relevant inmy empirical analysis, but are relevant
in the counterfactual analyses are simulated based on accurate initial conditions in the data. I
satisfy (1) by drawing initial observations (a collection of initial state variables) directly from
the data. In particular, I jointly draw (randomly and with replacement) 5000 values for assets,
health, permanent income, and insurance status from a subset of individuals aged 53-57who are
in the bottom two income quintiles. Based on the policy functions determined through the back-
ward induction, I then simulate each of these 5000 observations twice, once in a control group
and once in a treatment group, where the treated group receives (unexpectedly) the Medicaid
expansions at age 62. I include the bottom two quintiles instead of just the bottom quintile to
satisfy (2). Though many of the individuals will never end up eligible for Medicaid, I include
them in themodel to provide a reasonable groupwith which to simulate policy counterfactuals.
For example, if I want to determine the effects of increasing the Medicaid eligibility threshold,
I need to make sure that my estimated parameters are appropriate for individuals in a higher
income group.

Indirect Inference Procedure—. I estimate the remaining structural parameters, Θ, via indirect
inference.54 Indirect inference relies on matching moments from an auxiliary model which can
be estimated on real data as well as simulated data generated within the structural model.55

Formally, the indirect inference estimator is

Θ̂ = argmin
Θ

[m(Θ0)−m(Θ)]′W [m(Θ0)−m(Θ)]

where m(Θ0) and m(Θ) are vectors of moments generated by the auxiliary model on the true
data and the simulated data at a set of model parameter valuesΘ, respectively. W is a weighting
matrix which I set in a way that appropriately scales the moments and puts more emphasis on
moments that contribute to identification of the key structural parameters.56

54See Gourieroux, Monfort, and Renault (1993).
55This auxiliary model need not describe the correct data generating process as long as the moments it generates

are related to the structural parameters of interest. The vector of parameters, Θ, can then be estimated by mini-
mizing the distance between moments of the auxiliary model estimated on the observed data and those generated
from the simulated data. If the structural model is correctly specified, any bias generated by the estimated auxiliary
model will be reproduced when the same model is estimated on the simulated data.

56Specifically, I put a weight of 2 on each of the medical expenditure life-cycle moments, a weight of one on
each of the health and mortality life-cycle moments, and a weight of ten on each of the regression based moments.
The intuition for this is that there are only 9 causal regression based moments (compared to 120 life-cycle profile
moments), but they are critical for identification of the structural parameters. I put additional weight on the ex-
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What remains, then, is to choose which auxiliary moments to match. In the model individu-
alsmake choices overMedicaid enrollment, healthcare expenditures, consumption, and savings.
Therein, I choose moments that closely reflect these choices and that provide a link between ob-
served choices and structural parameters of interest. In particular, I use: (i) the evolution of total
medical expenditures over the life-cycle; (ii) the evolution of assets over the life-cycle; (iii) the
evolution of health by age; (iv) survival probabilities by age; and (v) a series of regressions of
the effect of the Medicaid expansion on enrollment into Medicaid, initial medical expenditures,
future medical expenditures, and future health as presented in Sections 4 and 5.

Moments: Expenditure, Health, and Survival Profiles.—I first construct themedical expenditure-
age profile using the MEPS. Given that I currently only model low-income individuals who
could potentially become eligible for Medicaid, I limit construction of the asset-age profile to
individuals in the bottom two quintiles of the income distribution. I then calculate the mean of
total expenditures at each age. Following De Nardi, Paschenko, and Porapkkarm (2017), I then
scale mean medical expenditures up by a factor of 1.7 in order to make medical expenditures
in the model consistent with aggregate spending measures in the National Health Expenditure
Accounts. One limitation of MEPS data is that there are very few individuals in the sample over
the age of 85. As a result, the expenditure profile for the most elderly in the sample is very
noisy. I attempt to overcome this issue by forecasting expenditures out from age 85 to 95 as a
second-order polynomial of age.

I construct life-cycle profiles of health and mortality using the HRS. As with the medical
expenditure profile, I limit construction of the asset and health by age profiles to individuals in
the bottom two quintiles of the permanent income distribution.57 With the sample limited to
low-income individuals, I construct the health-age profile using the mean of the health index
described in Section 3 at each age. I also rescale the health index to lie between 0 and 10 for
numerical tractability. I do not limit the sample to low-income people when constructing the
mortality rate by age because there are too few observations to generate a reliable description
of mortality. However, using the entire HRS sample has been shown to generate mortality-age
profiles that are consistent with national data sets (see Weir, 2016).

These age profiles provide me with 40 moments each, yielding 120 moments, which are
summarized in Table 8.

Moments: Treatment Effects of the Medicaid Expansions.—The next set of moments that I use in
estimation are the reduced form treatment effect estimates presented in Section 5. Specifically, I
target the ATE of the expansions on Medicaid enrollment, the ITT and LATE of the expansions

penditure moments in order to derive accurate cost predictions from the model. This method deviates from the
most common practice of using the inverse of the variance-covariance of the data moments, but is similar to the
method used in Vreugdenhil (2023). In future iterations of the paper I will explore how sensitive my results are to
alternative weighting schemes.

57I calculate permanent income in the HRS as the average income within individual for all years that they are
observed in the data.
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Table 8. Estimation moments

Moment description Targeted parameters

Life-cycle profiles

Mortality rate by age in the HRS (40 moments) A, ϕ1,t, ϕ2,t, σt
Health profile of low-income individuals in the HRS (40 moments) δ, ϕ2,t, µt

Medical expenditure profile for low-income individuals in the MEPS (40 moments) λ, α, θ, γ

Treatment effects

ATE of the Medicaid expansion on Medicaid enrollment Ψ
ITT and LATE of the Medicaid expansion on initial expenditures (2 moments) θ, γ, λ, α
ITT and LATE of the Medicaid expansion on expenditures during first Medicare wave (2 moments) θ, δ
ITT and LATE of the Medicaid expansion on health during first Medicare wave (2 moments) λ, α
ITT of the Medicaid expansion on expenditures during second Medicare wave (1 moment) θ, δ
ITT of the Medicaid expansion on health during second Medicare wave (1 moment) λ, α, δ

Notes.—This table presents the 129 moments that are used in estimation as well as the structural parameters that
each moment is closely connected to in identification.

on initial medical expenditures, and the ITT and LATE of the expansions on expenditures and
health once onMedicare.58 In the model, a period is a year, but in the data a period is two years.
In order to replicate this fact with the simulated data, I collapse the simulated data down into
waves (groups of two years). With the data in the correct panel structure, I estimate regressions
analogous to those presented in Section 4 for the simulated pre-Medicare sample, as well as
the simulated first and second wave of Medicare samples. Since, in the simulated data each
initial observation will appear in both the treatment and control groups, I do not implement the
TD and TDIV estimators on the simulated data. Instead, I estimate the DD and DDIV analogs.
Ultimately, each estimator aims to recover the same empirical objects so the auxiliary moments
are the same.

The estimates from the regression model provide me with another 9 moments which are
listed in Table 8. In sum, there are 129 moments to identify 40 parameters.

7.3 Identification

Since the parameters are jointly identified, no single moment identifies a single structural pa-
rameter in the joint estimation. However, each parameter is closely linked to particular features
of the data. In this section I outline which key moments provide identification of the structural
parameters.

Preferences.—Two features of the data help pin down the elasticity of substitution between
health and consumption, θ. First, medical spending patterns over the life-cycle provide infor-
mation about howmuch consumption people are willing to trade-off for small improvements in
health as health deteriorates. For example, if health and consumptionwere highly substitutable,

58In addition to targeting the ITT and LATE during the first wave of Medicare, I also target the ITTs for health
and spending in the second wave. I choose not to target the estimated LATEs because the first-stage F-statistics for
those estimates are quite small, so I am less confident in the validity of those moments.
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agents would have little incentive to make increasingly costly health investments towards the
end of life (at the expense of additional consumption) as health declines. Alternatively, in the
extreme where health and consumption are perfectly complementary, large health investments
become worthwhile even if it requires forgoing significant consumption. Second, θ is also iden-
tified by the reduced form estimates of the effect of Medicaid coverage onmedical expenditures,
since gaining Medicaid changes the relative prices of healthcare and other consumption. Thus,
the extent to which individuals substitute away from consumption and to medical expenditures
when the out-of-pocket price falls, provides additional information on the complementarity be-
tween health and consumption.59

As with θ, the term governing the share of utility coming from health and consumption, γ,
is also identified from the response of medical expenditures to Medicaid and Medicare cover-
age. The overall level of medical expenditures also helps pin down γ, since total expenditures
summarize the share of total resources devoted to health versus consumption. The value of A
is identified from the average mortality rates over time. Larger values of A increase the flow
utility of being alive at every age, and, therefore, increase the life expectancy that agents aim to
achieve. The final preference term, Ψ, which denotes the disutility associated with enrolling in
Medicaid, is primarily identified from the reduced form estimate of the effect of the Medicaid
expansion on Medicaid enrollment. Therefore, Ψ allows the model to rationalize why many in-
dividuals whowould otherwise benefit fromMedicaid coverage (if eligible) choose not to enroll
in a manner that is directly linked to the observed patterns outline in Section 3.

Health Production.—The health depreciation term, δ, is pinned down by the evolution of
health over the life-cycle. If δ is too low, then individuals have less incentive to maintain high
health because investments in health are highly transitory making maintaining even moderate
levels of health very costly. The scale, λ, and curvature, α, parameters governing the degree to
which medical expenditures produce health present a key identification challenge. This is due
to the fact that the individuals with the highest demand for care are typically sick, which makes
determining the relationship between health and healthcare consumption notoriously difficult.
I am able to overcome this challenge by the inclusion of my reduced form estimates which pro-
vide me with a measure of the causal relationship between healthcare consumption and future
health outcomes (see Table 5). Specifically, these two parameters are identified by the reduced
form estimates for the effects of Medicaid coverage on expenditures and future health, where
the combination of the initial expenditure response and the effect that has on future health out-
comes helps to pin down these parameters.

Health Shocks and Mortality Risk.—Given that agents are risk-averse, they prefer to smooth
their utility across time. This yields a result that most agents aim to maintain a relatively con-
sistent level of health as they age. Therein, the degree to which average health declines in the

59The change in average expenditures due to Medicare coverage provides similar variation to help identify this
term.
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Table 9. Select estimated parameters

Preferences Health production
Parameter Estimate Parameter Estimate
γ 0.593 δ 0.967
θ -49.03 λ 0.121
A 19.03 α 0.077
Ψ 0.101
Notes.—This table reports a select set of model parameters
estimated via indirect inference.

population is directly related to the distribution of health shocks. Specifically, as themean of the
distribution decreases, average health declines and as the variance increases, more individuals
are likely to experience particularly bad shocks which increase the pool of individuals who are
a high mortality risk. In this sense, the means of the shocks are most closely related to the mean
health while the variances are more related to the survival profiles. Finally, the mortality risk
parameters are identified jointly by the health andmortality gradients. For example, a relatively
steep health profile and a fairly flat mortality curve would be consistent with health becoming
less important for mortality over time (i.e., ϕ2,t > ϕ2,t+1).

7.4 Parameter Estimates and Model Fit

In this section I first present the results frommy estimation procedure and describe howwell the
model performs fitting the targeted moments. I also provide a discussion of external validity
based on the estimated model’s ability to match additional untargeted moments of economic
significance.

Estimated Parameters.—Table 9 presents a select set of estimated parameters.60 The estimate
of γ = 0.539 is suggestive that consumption and health share somewhat equal weight in terms
of resource expended on each, with a slightly higher weight on consumption. This is plausible
given that I am focused onmore elderly individuals who aremuchmore likely to expend signifi-
cant resources on health than younger, healthier individuals. The estimated value of θ = −49.03

suggests that health and consumption are highly complementary in utility. Though not directly
comparable, this is qualitatively consistent with the findings of Finkelstein, Luttmer, and No-
towidigdo (2013) who find that health and consumption are likely complements for individu-
als in the HRS. The parameter defining the flow utility of being alive (A) is sufficiently large to
ensure that utility is positive over relevant values of health and consumption. Finally, the disu-
tility of enrolling in Medicaid, Ψ, is a non-trivial share of the flow-value of being alive (roughly
0.5 percent). This suggests that the hassle costs and administrative burdens associated with

60The remaining estimated parameters are presented in Table 25 of Appendix G. In future iterations of this paper
I will include the bootstrapped standard errors of the parameter estimates.
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Medicaid enrollment could play an important role in discouraging eligible individuals from
enrolling.

The parameter governing health depreciation, δ = 0.967, is close to one, indicating that health
is highly persistent over time. This is consistent with other work that often takes health as ex-
ogenously determined, but finds that transition probabilities across health states are typically
quite low (see DeNardi, Pashchenko, and Porapakkarm, 2017 andAizawa and Fang, 2020). The
values of the scale and curvature parameters, λ = 0.121 and α = 0.077, respectively, are also rea-
sonable and suggest that the marginal return to health expenditures is steeply decreasing. This
is consistent with the argument that there is clearly a “flat of the curve” for healthcare, where
an additional dollar of healthcare spending produces significantly less than a dollar in health
benefits.

Model Fit.—Figure 6 displays themodel fit for the life-cycle profileswhere the data are plotted
with solid lines and the simulations are plotted with dashed lines. Panel 6a shows the evolution
of average medical expenditures over the life-cycle for low-income individuals in the MEPS.61

Expenditures gradually increase as people age due to the deterioration of health. The mean of
the health index at each age in the HRS is presented in panel 6b and demonstrates that health
steadily declines as individuals age, which complements the trends in panel 6a. Finally, panel
6c plots the average mortality rate by age in the HRS.

Generally, the model is able to closely match the patterns across all three profiles. Impor-
tantly, the model also is able to reproduce the pattern that is observed in the data where indi-
viduals have a noticeable increase in expenditures around age 65, when they become eligible for
Medicare. For health, the model simulations are slightly below the data, but the overall trend
is accurate. The model struggles to generate the empirically observed mortality rates towards
the end of life (i.e., people in the model live somewhat longer), however the model fits the data
well over the relevant range of ages for my empirical setting. I suspect that the difficulty in
fitting mortality at the end of life may be due to error in my expenditure prediction over the
same ages. Specifically, my predictions likely underestimate the rate at which expenditures in-
crease near the end of life.62 Thus, the model struggles to rationalize the (relatively) low level
of expenditures and higher mortality rates simultaneously.

Figure 7 displays themodel fit for the regression basedmoments. Panel 7a presents the treat-
ment effects related toMedicaid enrollment and spending. All of themodel generatedmoments
fall within the 95 percent confidence intervals, and many of them are also very close in magni-
tude to the targeted point estimates. On the other hand, the model has a difficult time matching
the health related regression moments. Though the model based moments are near (and in
some cases within) the 95 percent confidence interval of the data moments, they are smaller in

61As previously discussed, the MEPS expenditures are scaled by a factor of 1.7 and the data from ages 85-95 are
forecasts.

62Saha (2021) shows that expenditures in the MCBS increase markedly after age 85.
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Figure 6. Model fit of targeted life-cycle profiles
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Notes.—Each figure plots the targeted data moments (solid lines) and the simulated analogs (dashed lines). Ex-
penditure data is from the MEPS and inflated by a factor of 1.7 to better match aggregate measures in the National
Health Expenditure Accounts. Expenditures after age 85 are forecasts. Age specific means of the health index and
mortality rates are calculated in the HRS.

magnitude.63 That said, the model generated moments are all positive and, themselves, statis-
tically different from zero, which suggests that the model is still capturing the main underlying
mechanisms identified in the empirical results.

External Validation.—To validate the model I also explore how the model replicates four key
patterns observed in the data: (1) the effect of the Medicaid expansions on mortality, (2) the
extent of adverse selection into Medicaid, (3) the heterogeneity in expenditures by health sta-
tus, and (4) the heterogeneity in expenditures by past insurance coverage. As shown in Table

63I believe this could be due to discrepancies in the way I ammeasuring health in the data (i.e., the health index),
and what units of health represent in the model. In future iterations of the paper, I plan to re-estimate the model
targeting the elasticity between past insurance coverage and future health rather than the level change. Based on
initial attempts at estimation using these newmoments, I suspect that this will not qualitatively change the model’s
main results.
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Figure 7. Model fit of targeted treatment effect moments
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Notes.—Figures plot the targeted regression based data moments and their 95 percent confidence intervals in
black. The analogous simulation generated moment is plotted in red.

10, the model is able to replicate all of these patterns well. Existing work demonstrates that
the Medicaid expansions significantly reduced mortality for people aged 55-64 (by 9.4 percent
over the sample mean). The model reproduces a reduction in mortality of roughly 8.2 percent
relative to the control group mean, indicating that the model is able to generate realistic effects
of Medicaid on survival.64 Additionally, in the data less healthy individuals are more likely to
enroll in Medicaid following the expansions. They are also more likely to consume more care
once enrolled. The model is able to match both of these patterns quite well, suggesting that
the reaction to the expansions across health levels is consistent across the data and the model.
As shown in Appendix Table 19, the previously uninsured also have a larger expenditure re-
sponse to the Medicaid expansions, which the model also reflects. I discuss external fit further
in Appendix G.

8 Assessment of the Medicaid Expansions

With the parameters of the model estimated, I now use the model to answer two key questions:
(1) how much did expanding Medicaid to the near-elderly change welfare and (2) how much
is this policy going to cost the government? To answer these questions, I conduct a cost-benefit
analysis of expanding Medicaid to the near-elderly population. Specifically, I simulate 25,000
agents in both the treatment and control groups, where each set of agents are given the same
initial conditions (drawn from the data) and are exposed to the same series of shocks. From the
simulated data, I determine the welfare effects of the Medicaid expansions and the net govern-

64This is important for later exercises that aim to determine the value of the expansions or counterfactual policies,
since decreased mortality is an important channel through which health insurance can increase lifetime utility.
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Table 10. Model validation

Untargeted moment Data Model Data source

Effect of Medicaid expansions on mortality -0.094 -0.082 Miller, Johnson, and Wherry (2021)
Adverse selection into Medicaid -0.065 -0.069 Author’s calculations
Effect of interaction between Medicaid expansions -0.200 -0.081 Author’s calculations
and health on expenditures

Effect of interaction between Medicaid expansions 0.19 0.10 Table 19
and uninsurance on expenditures

Notes.—This table presents a series of untargeted empirical moments and their simulated analog. The data estimate
for the effect of Medicaid expansion on mortality (row 1) denotes the relative change in mortality rates in expan-
sion and non-expansion states for individuals aged 55-64. Simulated moment is calculated estimating the relative
difference in mortality rates across the treated and non-treated simulated agents aged 62-65. The data moment in
row 2 is the coefficient estimate from a regression model similar to Equation (1) that includes an interaction term
between the TD term and the health index. The data moment in row 3 is estimated from a regression model similar
to Equation (1) where predicted log expenditures is the dependent variable and that includes an interaction term
between the TD term and the health index. The data moment in row 4 is estimated from a regression model similar
to Equation (1) where predicted log expenditures is the dependent variable and that includes an interaction term
between the TD term and an indicator for if the individual was previously uninsured. For more details on these
moments, see Appendix G.

ment costs associated with expanding.

8.1 The Value of Medicaid

Welfare Measurement.—To quantify the value of the Medicaid expansions, I measure welfare in
terms of the compensating variation (CV) that makes agents in the control group indifferent
between remaining in the control group and switching into the treatment group at age 55. This
notion of welfare provides a measure of the lump-sum transfer at age 55 the government would
have to provide each individual in order to make them as well off as expanding Medicaid.65

Formally, I calculate the asset differential ∆a satisfying the indifference condition

V C
55(h, a+∆a, j, ω, I) = V T

55(h, a, j, ω, I). (20)

where V i
55 denotes the value of being in the treatment (T) and control (C) groups at age 55 with

a given set of initial conditions for health (h), assets (a), insurance coverage (j), productivity
(ω), and permanent income (I). The per-capita CV generated by the Medicaid expansions is
reported in the first row of panel A in Table 11.66 This average, however, masks substantial

65Note that because I assume the expansions were unanticipated, I restrict the treatment group’s policy functions
to be the same as the control group up to age 62. However, I calculate their value function based on the realized
continuation values. Therein, the treatment group’s age 55 values reflect the future value of Medicaid even though
they do not internalize that value when making decisions prior to expansions.

66In order to arrive at a per-capita estimates of the costs and benefits, I divide the totals by the number of simulated
agents and then multiply by 0.4 to account for the fact that I only model individuals in the bottom two income
quintiles. This calculationmakes the implicit andpotentially strong assumption that for people outside of themodel
(i.e., individuals above the second permanent income quintile) do not benefit from the expansions, nor do they cost
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Table 11. The per-capita benefits and costs of the Medicaid expansions

A. Benefits

CV of Medicaid expansions $3,142
NPV of uncompensated care transfer to providers $102

Total benefit: $3,245

B. Costs

NPV of Medicaid expenditures $2,853
NPV of dynamic fiscal externality $250

Total net cost: $3,102

C. Change in welfare per net cost

CV +NPV of transfers to providers
Net costs

= 1.047

D. Welfare decomposition

CV of Medicaid expansions without moral-hazard $2,245
Additional CV due to moral-hazard $897

Notes.—This table reports the per-capita welfare benefits and net government costs of the Medicaid expansions for
the near-elderly population. “CV” refers to welfare as measured by the notion of compensating variation presented
in Equation (20). The result in panel D are determined by an exercise in which I fix agent’s medical expenditure
policies in a given period, but I allow them to enroll in Medicaid to lower their out-of-pocket prices. To calculate
per-capita estimates I divide the simulated totals by the number of simulated agents and then multiply by 0.4 since
I only include the bottom two income quintiles in the simulations.

heterogeneity with the 10th percentile of modeled agents placing no value on the Medicaid
expansions and the 90th percentile valuing the expansions at $15,190.67

Drivers of Welfare.—These results provide two new insights into why public health insurance
is valuable. First, a large portion of the value of the expansions is due to Medicaid lowering
the out-of-pocket price for costly investments in future health. To illustrate this, I fix the health
policy functions for the simulated agents, but allow them to enroll in Medicaid (if eligible) and
benefit from lower out-of-pocket prices. This means that the insurance does not lead to addi-
tional healthcare investments due to the lower prices.68 Panel D of Table 11 presents the results

the government anything. The assumption that these people do not cost the government, seems reasonable since
they are very unlikely to ever become eligible. However, the assumption that they do not benefit most likely leads
me to understate the benefits of the program, since they are still risk-averse and benefit from the existence of the
insurance even if their likelihood of using it is very low.

67Theminimum andmaximum valuations are $0 and $64,670, respectively. One important note is that the model
does not increase taxes on higher earners in order to fund the program; so, by construction, the minimum possible
valuation is $0. If, however, taxes were to increase in order to implement the expansions, some individuals would
certainly be made worse of. I plan to explore the importance of taxes in future iterations of the paper.

68Technically, this exercise allows people to consume more healthcare, but only due to intertemporal income
effects. For example,Medicaid allow an agent to consume the same amount of healthcare at a lower cost, the savings
from which can be immediately consumed or carried over as assets into the next period. If this savings response
is large enough, then even with the original policy function, the optimal level of health investment has increased.
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from this decomposition. As shown in the table, roughly 30 percent of the welfare generated by
the expansions is due the fact that additional healthcare spending, i.e., moral hazard spending,
increases future health.

Second, due to the level of risk-aversion in the population, the Medicaid expansions gen-
erate considerable value for many individuals who are unlikely to ever become eligible for
coverage. This is consistent with findings in other work which finds that even high income
households receive considerable insurance value from means-tested social insurance programs
(Braun, Kopecky, and Koreshkova 2016). This also helps reconcile differences between my re-
sults and those in Finkelstein, Hendren, and Luttmer (2019), who find a fairly low willingness
to pay for Medicaid for Oregon Health Insurance lottery winners.

8.2 Program Costs

To determine program costs I compare the amount of medical consumption that is paid for by
the government across the simulated expansion and non-expansion groups. The share that the
government pays depends on the type of insurance that an agent has (i.e., Medicare or Medi-
caid) and the amount of their total expenditures that are paid for by the insurer. To get a sense
for how dynamics factor into program costs, I separately look at costs for the initial expansion
period and then the Medicare period.

Initial Costs.—As expected and shown in Section 5, initial program costs are large. For the
simulated treatment group, annual per-capita expenditures go up by $300, of which $279 is
paid for by the government.69 To help ground the estimate of initial costs note that simulated
median annual government expenditures per-Medicaid enrollee are about $4,000, which is con-
sistent with the median level of medical expenditures for Medicaid enrollees in this age group
in the MEPS.70 Given that a large share of initial Medicaid expenditures come from otherwise
uninsured individuals, I also account for the fact that a non-trivial share of the government’s ex-
penditures are actually direct transfers to providers for what would have been uncompensated
care. To determine how much, I calculate the simulated levels of uncompensated care across
the treatment and control groups. As shown in panel A of Table 11, I offset these payments by
including the transfer that providers receive as a benefit (where the payments the government
makes are included in the $2,853 number in panel B).

However, this is a wealth effect rather than a response to the prices directly and, therefore, non-distortionary.
69By construction, government expenditures are zero for the untreated group prior to turning 65. Also, not all

additional spending induced by the expansions is covered by the government. For example, an agent may only be
covered by Medicaid for one periods, but their expenditures could increase in subsequent periods as well if they
are able to save more than they would have in the control group. However, that the government is covering most
of the expenditures suggest that this happens infrequently.

70Median expenditures for 62-64 year olds in the MEPS ranges between $6,000 and $8,000 when scaled to match
aggregate spending measures in the National Health Expenditure Accounts (see. De Nardi, Paschenko, and Po-
rapkkarm 2017). The fact that my estimate is lower is consistent with the fact that expansion individuals are less
costly than traditionally covered Medicaid enrollees (see Guth et al. 2021).
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Dynamic Fiscal Externalities.—The empirical results presented in Section 5 demonstrate that
the Medicaid expansions imposed a positive fiscal externality on the Medicare program, as
newly eligible Medicare beneficiaries had relatively lower expenditures throughout their early
Medicare tenure. As shown in Figure 7a, the model also replicates this pattern well. However,
the positive value presented in the second row of panel B in Table 11 demonstrates that my
reduced form result is somewhat misleading. Specifically, when accounting for endogenous
survival, the Medicaid expansions increase net costs for the Medicare program. This result is
driven by two patterns in the model. First, the Medicaid expansions decrease mortality. While
this is an important benefit of the expansions, it also produces an additional cost in the form of
more, and longer living Medicare enrollees whom the government must insure during retire-
ment. Second, the agentswho survive due to theMedicaid expansions (but die in the un-treated
group) are also in worse health and have higher healthcare demand. These two results put up-
ward pressure on both total and per-capita Medicare expenditures.

To help illustrate, consider a uninsured individual with chronic conditions who, at age 62,
gains Medicaid coverage due to the expansions. The initial provision of coverage induces more
consumption and (for the example) better disease management. By the time she turns 65, she
is healthier than she otherwise would have been in the absence of the Medicaid expansions,
resulting in a relative decrease in healthcare needs. However, her chronic conditions have not
been cured and her better health increases her longevity. In this example, it is possible that even
though initial Medicare expenditures are lower, the increase in longevity for costly beneficiaries
can increase a given individual’s cumulative expenditures. In fact, the results from the model
are well aligned with this example. Specifically, the model predicts that per-capita Medicare
expenditures remain lower in the control group for the first 12 years of Medicare coverage, after
which they switch.

Additional Considerations.—There are several other ways in which the Medicaid expansions
could affect government expenditures that I have not accounted for, some of which are included
in the model and others that are not. For example, the fact that individuals live longer means
that they receive SSA benefits and pay taxes for a longer period of time. Though my model can
speak to the change in the effect thiswill have on net costs, I exclude it frommymain calculations
due to data limitations. That said, when I make the additional assumptions needed to take
these into account the results do not change much. The provision of Medicaid may also change
reliance on other forms of social insurance, which, in the model, would show up as changes
in receipt of the government provided consumption floor. In fact, though not presented, I find
that Medicaid reduces reliance on other forms of social insurance (i.e., the consumption floor),
which, if anything would lead me to overstate the program’s net costs.

One limitation of the model is the exclusion of an endogenous labor supply margin (either
intensive or extensive). For example, if the Medicaid expansions increase early retirements this
would lead to a decline in tax revenues due to the program. While I acknowledge this limitation,
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there is little empirical evidence that it is likely a relevant margin in this context.71 However, this
could be more relevant for my counterfactual evaluations in Section 9.

8.3 Final Evaluation

Panel C of Table 11 displays the ratio of total benefits to total net costs of the Medicaid expan-
sions. The value of roughly 1.05 indicates that every dollar that the government spends on the
Medicaid expansions for the near-elderly generates roughly $1.05 of benefits. This result is con-
sistent with ranges provided in other studies.72 Overall, this suggests that expanding Medicaid
to the low-income near-elderly is a relatively productive use of public funds even though the
healthcare consumption response to Medicaid coverage of this group is considerable.

9 Medicare Reform

In this section, I use themodel to assess how allowing low-income individuals to enroll inMedi-
care starting at age 62 would affect welfare and total government expenditures. To do this, I
simulate agents in the control group and a new counterfactual treatment group where instead
of Medicaid expanding at age 62, individuals have the option to enroll in Medicare at age 62.
The key difference between this counterfactual exercise and the evaluation of the Medicaid ex-
pansions is that eligibility for Medicare is not means-tested. However, unlike the automatic
enrollment that occurs at age 65, in this counterfactual agents need to actively enroll in Medi-
care between 62 and 64.73 The final difference between this counterfactual and the Medicaid
expansion is that I assume agents anticipate the changes to Medicare. This is so that I can inter-
pret the results as the longer-run effect of a new Medicare regime, rather than specifically how
individuals aged 62 would immediately respond to the program.

Table 12 presents results analogous to those presented for the Medicaid expansions in Ta-
ble 11. The total CV associated with the policy change is substantially lower than the Medicaid
expansions, even though every one in the simulation would be eligible to enroll in coverage
through the Medicare reform. This is driven by two differences in the policies. First, the cost-
sharing ofMedicare is less generous thanMedicaid, so the implicit transfer value to consumers is
lower. Moreover, anything beyond very marginal improvements in health are extremely costly,
so the relatively lean benefits of Medicare (as compared to Medicaid) do not reduce out-of-
pocket prices enough to lead to longer-run health improvements for the treated groups. That

71For more information, refer to the discussion in Section 4.
72See De Nardi, French, and Jones (2016); Finkelstein, Hendren, and Luttmer (2019); and Hendren and Sprung-

Keyser (2020).
73I assume that there is a utility penalty of enrolling that is equal to one half of the Medicaid enrollment penalty.

This is to capture the fact that individuals may still need to fill out extensive paperwork for enrollment, but there is
less likely to be any social stigma attached to enrolling. In future work I plan to examine how the ratio of benefits
to costs vary by the size of the enrollment cost parameter.
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Table 12. The per-capita benefits and costs of Medicare reform

A. Benefits

CV of Medicare reform $2,707
NPV of uncompensated care transfer to providers $136

Total benefit: $2,843

B. Costs

NPV pre-65 Medicare expenditures $1,824
NPV of net post-65 Medicare expenditures $653

Total net cost: $2,477

C. Change in welfare per net cost∑
iCVi +NPV of transfers to providers

Net costs
= 1.148

Notes.—This table reports the per-capita welfare benefits and net government costs of a counterfactual Medicare
reform for the near-elderly population. “CV” refers to welfare as measured by the notion of compensating vari-
ation presented in Equation (20).To calculate per-capita estimates I divide the simulated totals by the number of
simulated agents and then multiply by 0.4 since I only include the bottom two income quintiles in the simulations.

said, there is still a positive mortality effect of the Medicare reform (with mortality rates de-
creasing by roughly 4 percent of baseline mortality), which drives the welfare improvements.
The second difference is the lack of means-testing. In particular, the Medicare reform does pro-
vide a substantial consumption smoothing benefit. However, Medicaid is more valuable in this
dimension because it provides much more generous coverage in the states of the world where
the value is highest (i.e., when people are very low income, uninsured, and in bad health). This
targeting of the Medicaid program generates a much larger insurance value than the Medicare
reform even though far fewer individuals enroll in Medicaid.

Turning to program costs, the results in panel B of Table 12 indicate that, though the program
covers more people, the less generous coinsurance discourages additional spending such that
the pre-65 costs to the government are much lower than those generated by the Medicaid ex-
pansions. In addition to the less generous cost-sharing, the fact that the program is anticipated
also allows individuals to alter consumption and savings patterns prior to age 62 leading to a
somewhat muted response to the insurance provision. The surprising result that net (post-65)
Medicare expenditures increased following the Medicaid expansions is also present in panel B
of the table, but even more marked. As with the Medicaid expansions, this is due, in part, be-
cause more people are surviving to age 65 and because relatively sick and costly individuals are
living longer than they otherwise would have, driving up program costs. This second channel
is even stronger in the case of the Medicare reform because the improvements in health that
people realized before turning 65 are smaller than those from the Medicaid expansions. This is,
again, due to less generous cost-sharing and lower corresponding health investments prior to

48



age 65.
Finally, the size of the transfers to private providers for otherwise uncompensated care is

higher than for the Medicaid expansion. This is due to the fact that more people are able to
move from uninsurance to Medicare coverage because of the lack of an income test.74

The change in welfare per dollar of net cost to the government is presented in panel C of Ta-
ble 12. It indicates that every dollar the government spends on the Medicare reform produces
roughly $1.15 of social benefit. This suggest that an opt-in style expansion of the Medicare pro-
gram to younger low-income individuals could generate considerable welfare gains relative to
program costs.

10 Conclusion

In this paper I explore the extent to which the Medicaid expansion under the ACA led to in-
creased healthcare expenditures (i.e., moral hazard), and how the introduction of insurance
earlier in life affected the spending habits for those on Medicare. Using data from the Health
and Retirement Study, I document a large effect of the Medicaid expansions on insurance cover-
age and healthcare consumption for low-income near-elderly individuals. Next I provide novel
evidence that Medicaid coverage in the periods before retirement led to substantial declines in
expenditures and increased health for newMedicare beneficiaries. These findings highlight how
earlier provision of public health insurance may impose a positive dynamic fiscal externality on
theMedicare system. Finally, I present additional evidence that these effects are persistent, sug-
gesting that there may be longer-term health benefits to providing insurance earlier in life.

Motivated by this evidence, I develop a late-in-life-cyclemodel that incorporates endogenous
health investment, survival, and public insurance enrollment. I am able to identify key model
parameters governing the relationship between medical expenditures and health using the re-
duced form estimates of the causal effects of Medicaid coverage on healthcare consumption and
future health outcomes. Model results suggest that expanding Medicaid to the near-elderly
population generated substantial welfare gains, where each dollar spent by the government on
the program produced roughly $1.05 of social surplus. Contrary to the reduced form results,
I find that accounting for endogenous survival causes net Medicare costs to increase following
the expansions due to increased longevity. The model also provides insight into why individu-
als value social insurance programs. Specifically, a decomposition in the value of the Medicaid
expansions suggest that roughly 30 percent of the welfare generated by public insurance is due
to Medicaid lowering the cost of investments in future health, rather than simply reducing out-

74Given that the ACA provides premium subsidies for individuals between Medicaid eligibility and 400 percent
of the FPL, it is possible that uncompensated care for middle-income previously uninsured would fall throughout
the sample period regardless. However, I abstract from this change in the model given that private insurance
coverage is not a choice.
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of-pocket risk.
Finally, I use the model to evaluate a reform of the Medicare program that would allow

individuals up to 250 percent of the FPL aged 62 to 64 to opt-in to Medicare. Though this re-
form generates less welfare than the Medicaid expansions, it does so at a considerably lower net
cost to the government, yielding nearly $1.15 in social surplus for every additional dollar spent.
This suggests that reforming the Medicare program to extend coverage to younger individuals
who face high health, earnings, and uninsurance risk could generate substantial value relative
to the costs of running the program. The asymmetry in cost-effectiveness across the Medicaid
expansion and counterfactual Medicare reform highlights a trade-off associated with the de-
sign of public health insurance expansions. Namely, more generous cost-sharing extended to a
narrower population can provide larger and more targeted benefits but at much higher costs,
whereas broader provision with leaner benefits delivers more benefits per net cost.
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A Additional Data Details

Further Details on the HRS.—Beginning in 1992, wave 1 of the HRS surveyed a nationally rep-
resentative sample of people born between 1931 and 1941 and their spouses. This initial panel
also included oversamples of Blacks, Hispanics, and Florida residents. The HRS has reinter-
viewed the wave 1 cohort every other year since 1992. In 1998, the HRS expanded the scope
of their study to provide insight into the entire U.S. population over the age of 50. In pursuit
of this goal, the HRS merged in a separate study of individuals born before 1924, dubbed the
AHEAD cohort. Respondents in AHEADwere first interviewed in 1993 and then in 1995, 1998,
and subsequently every two years. The HRS also began surveying two additional cohorts: the
“Children of the Depression” (CODA) and the “War Baby” (WB) cohorts. CODA contains in-
dividuals born between 1924 and 1930, and the WB cohort includes those born between 1942
and 1947. Each of these cohorts were first surveyed in 1998 and every two years after. Since
1998, three additional cohorts have been added to the HRS as Baby Boomers have approached
and entered retirement. HRS added the “Early Baby Boomer” (EBB) cohort in 2004, the “Mid
Baby Boomer” (MBB) cohort in 2010, and the “Late Baby Boomer” (LBB) in 2016. Individuals
included in the EBB were born between 1948 and 1953, the MBB cohort respondents were born
between 1954 and 1959, and the LBBwere born 1960 to 1965. Since first included, the EBB, MBB,
and LBB cohorts have been reinterviewed every two years.

Further Details on theMEPS.—MEPS ismade up of a set of large annual rotating panel surveys
of individuals and families, medical providers, and employers. These surveys provide nation-
ally representative estimates of healthcare expenditures, utilization, and insurance coverage for
the noninstitutionalized civilian population in the United States. My main purpose of using
MEPS is to impute total medical expenditures in the HRS sample, and there are a number of
reasons why the Household Component (HC) of MEPS is well suited to this end. In terms of
substance, theHC surveys contain a substantial amount of information on demographics, health
conditions, health status, healthcare utilization, insurance coverage, income, and employment
that mirror analogous measures in the HRS.75 The HC is also a good fit for imputation due to
the survey design. Specifically, the HC surveys households in two consecutive years which is
critical since many HRS survey variables cover the entire survey period (or two years). Since
I can observe the same household in the HC for the two consecutive years that correspond to
the HRS waves, I can generate measures that better match those in the HRS. Thus, to make the
HRS and MEPS directly comparable, I collapse the MEPS data at the individual level and keep
individuals that were surveyed over a two year period corresponding to a wave in the HRS.76

75As with the HRS data, I deflate all monetary values in MEPS using the GDP implicit price deflator, with 2012
as the base year.

76For example, an individual surveyed in 2015 and 2016 (which overlaps with HRS wave 13) is kept, but an
individual surveyed in 2014 and 2015 is dropped.
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Based on MEPS survey methodology, the representative nature of the data do not change when
dropping staggered observations in this way.

Descriptive Statistics in the HRS and MEPS.—Table 13 presents some descriptive statistics for
the elderly, which I define as above age 64 and on Medicare, and non-elderly samples. Overall,
the samples are similar, with the exception that theHRS sample is somewhat older and generally
less healthy based on the ADL and IADL indicators. The HRS sample also spends more out-of-
pocket on healthcare than those in MEPS. Somewhat surprisingly, the MEPS has much higher
share of Medicaid enrollees compared to the HRS even though incomes look quite similar.77

Within the HRS the elderly are much less likely to be working, are poorer, and are generally less
healthy. Even with those differences, their out-of-pocket spending is only slightly higher than
the non-elderly group. Overall, Table 1 demonstrates that the samples in the HRS and MEPS
are generally similar on a range of observables, suggesting that the MEPS is a reasonable option
for imputing mean expenditures in the HRS.

A.1 Description of Main Analysis Samples

The Pre-Medicare Sample.—Table 14 presents descriptive statistics for the pre-Medicare sample
separately for expansions and non-expansion states.78 Individuals across expansion and non-
expansion states are broadly similar in terms of demographics, with the exceptions that indi-
viduals in expansion states are whiter, more likely to have graduated high school, have higher
incomes and are wealthier. As a consequence of individuals in expansion states earning higher
incomes, there is also a slightly higher share of individuals in non-expansion states that fall be-
low the 138 percent threshold of the FPL. Unsurprisingly, Medicaid enrollment is slightly higher
in expansion states which is, in part, due to higher enrollment following the expansions. Private
coverage also differs across states, with non-expansion states having amuch lower rate of private
coverage. Correspondingly, non-expansion states also have a much higher share of uninsured
individuals. However, rates of SSDI do not seem to systematically vary across expansion and
non-expansion states.

A number of measures of health also vary across expansion and non-expansion states. For
example, based on self-reported health, individuals in expansion states appear to be somewhat
healthier than their non-expansion peers. However, across many diagnostic measures (e.g., di-
abetes, stroke, heart disease) there is little difference across the states. These differences suggest
that controlling for health status is likely important for my analysis. In addition to including
subjective and diagnostic measures of health, I also construct a general health index in the spirit
of Poterba, Venti, and Wise (2013) and Poterba, Venti, and Wise (2017). The index is given by
the first principal component a large list of diagnostic and subjective measures of health and

77It is possible that this is due to under-reporting of Medicaid status in the HRS.
78Note that an expansion state is one that expanded at any point throughout the sample period.
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Table 13. Descriptive statistics of selected variables in the MEPS and HRS

MEPS HRS
All Non-elderly Elderly All Non-elderly Elderly

Medicaid 0.26 0.24 0.27 0.16 0.14 0.17
(0.44) (0.42) (0.44) (0.37) (0.34) (0.38)

Total household income 25,138 29,043 22,385 25,889 31,117 23,705
(17,188) (19,217) (14,997) (18,454) (22,837) (15,756)

Female 0.61 0.60 0.62 0.64 0.64 0.64
(0.49) (0.49) (0.49) (0.48) (0.48) (0.48)

Age 66.04 56.37 72.83 69.76 57.79 74.77
(10.80) (4.31) (8.59) (10.90) (3.94) (8.80)

Black 0.22 0.24 0.21 0.22 0.28 0.20
(0.42) (0.43) (0.41) (0.42) (0.45) (0.40)

Hispanic 0.21 0.28 0.17 0.16 0.25 0.12
(0.41) (0.45) (0.37) (0.37) (0.43) (0.33)

Married 0.46 0.51 0.41 0.50 0.60 0.46
(0.50) (0.50) (0.49) (0.50) (0.49) (0.50)

Widowed 0.23 0.08 0.34 0.29 0.10 0.37
(0.42) (0.27) (0.47) (0.45) (0.30) (0.48)

Divorced 0.18 0.23 0.15 0.13 0.18 0.10
(0.39) (0.42) (0.36) (0.33) (0.38) (0.31)

Less than high school 0.34 0.29 0.38 0.42 0.36 0.44
(0.47) (0.46) (0.48) (0.49) (0.48) (0.50)

High school 0.28 0.29 0.28 0.35 0.35 0.35
(0.45) (0.45) (0.45) (0.48) (0.48) (0.48)

Some college 0.14 0.15 0.13 0.16 0.20 0.14
(0.34) (0.36) (0.33) (0.37) (0.40) (0.35)

College 0.09 0.10 0.08 0.07 0.08 0.06
(0.28) (0.30) (0.27) (0.25) (0.27) (0.24)

Working 0.28 0.56 0.08 0.19 0.52 0.05
(0.45) (0.50) (0.28) (0.39) (0.50) (0.22)

ADL help or difficulty 0.06 0.02 0.08 0.11 0.06 0.14
(0.23) (0.15) (0.27) (0.32) (0.24) (0.34)

IADL help or difficulty 0.11 0.05 0.16 0.25 0.21 0.27
(0.31) (0.21) (0.36) (0.44) (0.40) (0.45)

Smoker 0.17 0.22 0.13 0.17 0.28 0.13
(0.37) (0.42) (0.34) (0.38) (0.45) (0.34)

Total out-of-pocket spending 1,236 1,021 1,387 2,525 2,123 2,694
(2,167) (1,976) (2,281) (5,178) (4,162) (5,540)

Total medical expenditures 8,523 5,782 10,450 . . .
(11,840) (95,18) (12,880) . . .

Notes.—Standard deviations reported in parentheses. Number of observations varies by variable and sample.
All monetary values are deflated with 2012 as the base year.
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Table 14. Summary statistics for the pre-Medicare sample, by state expansion status

Non-expansion states Expansion states Difference
Mean Std. dev. Mean Std. dev. Non-exp. − Exp.

Demographics
Age 62.24 (1.476) 62.21 (1.480) 0.026
Female 0.58 (0.494) 0.57 (0.496) 0.010
Black 0.17 (0.377) 0.12 (0.326) 0.051∗∗∗
Hispanic 0.10 (0.296) 0.08 (0.276) 0.014∗∗
Married 0.75 (0.431) 0.76 (0.425) -0.010
Less than high school 0.20 (0.402) 0.15 (0.361) 0.049∗∗∗
High school 0.33 (0.470) 0.34 (0.475) -0.015∗
College 0.25 (0.433) 0.26 (0.440) -0.013∗
Household income 78360 (92136) 93655 (156572) -15295∗∗∗
Household assets 337546 (856592) 425455 (1483757) -87910∗∗∗
≤ 138%FPL 0.13 (0.334) 0.11 (0.316) 0.016∗∗

Insurance
Medicaid 0.02 (0.139) 0.03 (0.171) -0.010∗∗∗
Private coverage 0.78 (0.417) 0.84 (0.363) -0.068∗∗∗
Uninsured 0.16 (0.366) 0.10 (0.303) -0.058∗∗∗
SSDI 0.00 (0.067) 0.00 (0.069) -0.000

Health
Health index 0.70 (0.047) 0.70 (0.046) -0.001
Self-reported health 3.45 (0.997) 3.50 (0.983) -0.053∗∗∗
BMI 28.23 (5.455) 28.04 (5.244) 0.186∗
Smoker 0.17 (0.375) 0.15 (0.356) 0.020∗∗∗
Ever smoke 0.57 (0.495) 0.57 (0.494) -0.006
High blood-pressure 0.47 (0.499) 0.44 (0.497) 0.030∗∗∗
Diabetes 0.14 (0.352) 0.14 (0.342) 0.010
Cancer 0.08 (0.268) 0.09 (0.283) -0.010∗
Heart ailment 0.13 (0.332) 0.12 (0.328) 0.003
Stroke 0.03 (0.170) 0.03 (0.164) 0.002
Lung ailment 0.04 (0.206) 0.05 (0.217) -0.005

Healthcare utilization
Any hospital stay 0.16 (0.363) 0.16 (0.362) 0.001
Hospital stays 0.21 (0.577) 0.21 (0.564) 0.003
Nights in hospital 0.81 (3.395) 0.85 (3.888) -0.037
Any doctor visit 0.91 (0.291) 0.93 (0.262) -0.019∗∗∗
Num. doctor visits 6.92 (8.581) 7.55 (10.170) -0.635∗∗∗
Any outpatient care 0.17 (0.379) 0.17 (0.377) 0.002
Take Rxs regularly 0.73 (0.445) 0.72 (0.450) 0.010
Any dental visit 0.66 (0.475) 0.73 (0.445) -0.071∗∗∗
Any specialty facility 0.05 (0.224) 0.07 (0.252) -0.015∗∗∗
Imputed log expenditures,
(ins. incld.) 8.10 (1.120) 8.15 (1.052) -0.052∗∗
Imputed log expenditures,
(ins. excld.) 8.09 (1.091) 8.12 (1.045) -0.032∗
Total out-of-pocket spending 3023.45 (5403.035) 2527.63 (4465.841) 495.818∗∗∗

Observations 7780 12270
Note: ∗ p < 0.10, ∗∗ p < 0.05, and ∗∗∗ p < 0.01.
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Table 15. Summary statistics for the first Medicare wave sample

Non-expansion states Expansion states Difference
Mean Std. dev. Mean Std. dev. Non-exp. − Exp.

Demographics
Age 65.66 (0.731) 65.65 (0.725) 0.010
Female 0.57 (0.494) 0.57 (0.495) 0.005
Black 0.17 (0.380) 0.12 (0.324) 0.055∗∗∗
Hispanic 0.10 (0.298) 0.09 (0.279) 0.013∗
Married 0.72 (0.450) 0.73 (0.443) -0.015
Less than high school 0.22 (0.413) 0.16 (0.371) 0.053∗∗∗
High school 0.32 (0.468) 0.35 (0.477) -0.028∗∗
College 0.25 (0.431) 0.25 (0.435) -0.007
Household income 73808 (140389) 81965 (155607) -8157∗
Household assets 392839 (1371778) 459842 (1231275) -67003∗

Health
Health index 0.66 (0.051) 0.66 (0.049) -0.002
Self-reported health 3.35 (1.012) 3.39 (1.006) 0.049∗
BMI 28.29 (5.490) 28.19 (5.455) 0.095
High blood-pressure 0.56 (0.497) 0.52 (0.500) 0.043∗∗∗
Diabetes 0.20 (0.397) 0.18 (0.388) 0.011
Cancer 0.11 (0.318) 0.12 (0.326) -0.007
Heart ailment 0.18 (0.384) 0.17 (0.372) 0.014
Stroke 0.05 (0.212) 0.04 (0.206) 0.003
Lung ailment 0.07 (0.253) 0.07 (0.255) -0.001

Healthcare utilization
Any hospital stay 0.20 (0.402) 0.19 (0.395) 0.009
Hospital stays 0.31 (0.755) 0.30 (0.774) 0.012
Nights in hospital 1.45 (5.820) 1.36 (6.126) 0.089
Any doctor visit 0.92 (0.277) 0.94 (0.245) -0.020∗∗∗
Num. doctor visits 8.13 (10.899) 8.54 (11.929) -0.406
Any outpatient care 0.19 (0.394) 0.20 (0.403) -0.011
Take Rxs regularly 0.81 (0.396) 0.78 (0.412) 0.021∗
Any dental visits 0.63 (0.484) 0.70 (0.460) -0.070∗∗∗
Any specialty facility 0.08 (0.273) 0.09 (0.287) -0.009
Imputed log expenditures,
(ins. incld.) 8.22 (1.026) 8.20 (1.001) 0.022
Imputed log expenditures,
(ins. excld.) 8.20 (1.016) 8.17 (0.996) 0.026
Total out of pocket spending 3070.24 (5441.578) 2694.45 (4742.681) 375.788∗∗∗

Observations 3534 5409 8943
Note: ∗ p < 0.10, ∗∗ p < 0.05, and ∗∗∗ p < 0.01.
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well-being. Though there is a slight difference in the health index across expansion and non-
expansion states, it is not significant. The lack of a difference in the health index but notable
difference in self-reported health suggests that incorporating diagnostic measures are likely
important in understanding health. In the bulk of my analysis I limit attention to either self-
reported health or the health index to understand the evolution of health over the life-cycle and
in response to insurance coverage. Though no measure of health is perfect, I am confident with
these measures because they are strongly associated with future mortality as shown in Table 21
of Appendix E.

Some measures of healthcare utilization also differ significantly across states. For example,
individuals in expansion states are more likely to go to the doctor (along both extensive and
intensive margins), the dentist, and specialty facilities; but across other measures the states are
quite similar (e.g., hospital visits, outpatient care, and prescription drugs). Finally, both mea-
sures of imputed expenditures are higher in expansion states, but the relative difference is higher
for the measure that includes insurance in the imputation. At the same time, out-of-pocket
spending is actually lower in expansion states. For the imputation that includes insurance cov-
erage, this could be, in part, driven by lower uninsurance rates in expansion states. However, I
interpret the fact that this asymmetry exists for the imputation measure that excludes insurance
coverage as indicating that including other measures of utilization (which are, for themost part,
weakly higher in expansion states) is critical in determining true expenditures.

The Medicare Sample.—A similar set of summary statistics for the wave one Medicare sample
are presented in Table 15. As expected, since these are the same people in both samples, the
trends in demographics, health measures, and healthcare utilization across expansion and non-
expansion states are similar to those in the pre-Medicare sample. However, the difference in
imputed log total medical expenditures now disappears even though the difference in out-of-
pocket spending remains (but shrinks somewhat). Overall, the summary statistics in Table 15
demonstrate that, across many observables, individuals in expansion and non-expansion states
on their first wave of Medicare are fairly similar.

B Imputation Details

B.1 Imputation of Medical Expenditures in the HRS

In order to conduct the empirical analysis in this paper, I would ideally have a data set that
augments the HRS sample with information on each individual’s total medical expenditures for
each sample period. Though the HRS can be linked to administrative records from the Center
forMedicare andMedicaid Services, those linked records only provide expenditures paid for by
either Medicare or Medicaid. Since I am also interested in the expenditures of individuals not
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covered by either Medicare or Medicaid, those data will not serve my purposes.79 Alternatively,
MEPS provides detailed information on individual expenditures for all individuals regardless
of their insurance coverage. Unfortunately, MEPS does not have a long enough panel compo-
nent to allow me to examine how medical expenditures in one period affect outcomes long into
the future. As a result, I combine the HRS and the HC from MEPS for my empirical analysis,
where my imputation strategy is informed by Ridder and Moffitt (2007) and Fang, Keane, and
Silverman (2008).

Imputation Strategy.—Denote the MEPS data as

{Ei, Ii,Hi,Fi,Di}i∈IMEPS

and the data in HRS as

{Ij,Hj,Fj,Dj}j∈IHRS

where IMEPS and IHRS denote the MEPS and HRS samples, respectively. In this case, all of
the key variables from the HRS–insurance coverage (I), health measures and healthcare utiliza-
tion H, financial variables (F), and demographics (D)–are found in MEPS, but total medical
expenditures (E) are only in MEPS.80 My imputation strategy is to first use the variables that
are consistent across both HRS and MEPS to estimate a prediction equation for total expendi-
tures, which I then use to impute expected expenditures, Êj , for each person in the HRS sample.
Specifically, I obtain a prediction equation of the following form from MEPS:

Êi = θ̂0 + θ̂1Ii + θ̂2Hi + θ̂3Fi + θ̂4Di. (21)

Now I can use this prediction equation to impute expected expenditures for the remainder of
the HRS sample, where for each j ∈ IHRS :

Êj = θ̂0 + θ̂1Ij + θ̂2Hj + θ̂3Fj + θ̂4Dj. (22)

In practice, I estimate each of these equations separately for elderly and non-elderly individ-
uals. The motivation for doing so is that, ex-ante, one might expect that spending behavior
changes once individuals go on Medicare and around the time that they stop working (e.g.,
Card, Dobkin, and Maestas 2008). Also, as individuals get older, the data generating process
for expenditures may change substantially as well. Therefore, I find it appropriate to split the

79Additionally, HRS will only allow researcher to link the claims data with the geographic location data, which
is critical for my empirical strategy, under very unique circumstances. This hurdle makes constructing the ideal
data set nearly impossible.

80The vector of health related variables,H, contains a number ofmeasures for health as well as specific utilization
variables like number of nights spent in the hospital, which Iwill not include as controls inmy later analysis. Having
these additional measures of utilization is critical for identification.
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sample for imputation. Additionally, I include a subset of theHRS samplewhodo have observed
medical expenditures in Equation (21).81 I include this random subset to hopefully provide ad-
ditional information on spending patterns that could be important in the HRS data that is, for
some reason, not effectively captured by the MEPS.

Table 16 presents the regression results from the imputation process. The table demonstrates
that the regression model does a pretty good job of explaining the variation in total medical ex-
penses across both samples (based on the adjusted-R2 values of roughly 0.5 and 0.55 across the
different models). Moreover, the results across the models suggest that estimating these sepa-
rately for the Pre-Medicare and Medicare groups is likely important since the relative contribu-
tion of the covariates seems to differ somewhat substantially across the samples. For example,
the coefficients on educational attainment and insurance coverage are much larger for the Pre-
Medicare sample. Overall, the results in the table suggest that utilization, health, and insurance
coverage have the strongest association with expenditures. This is expected and encouraging,
since I argue that these utilization measures drive the variation in my imputed expenditure
measure which is central to the identification of my parameters of interest.

Following imputation, I trim the data by dropping all observations with imputed expendi-
tures above the 99th percentile of imputations in the sample.

Imputation Results.—Table 17 presents a summary of the imputations by different groups,
and provides expenditures in MEPS and total out-of-pocket spending and the working shares
in both sample for comparison. Across MEPS and HRS, the HRS imputations are generally
inflated relative to the average expenditures observed in MEPS. This discrepancy exists in the
out-of-pocket spending in both samples as well, suggesting that the imputations, while higher,
most likely reflect actual differences in spending across the two samples. Table 13 also shows
that individuals in the HRS are more likely to report having difficulties with both ADLs and
IADLswhich suggests the individuals in the HRS are generally less healthy than those inMEPS.
Thus, these differences across the samples in terms of health and utilization are reflected in the
imputations.

Focusing on the non-elderly, we see that individuals on Medicaid spend much more on
healthcare than those not in the program. This is most likely driven by a number of factors
including the moral hazard response that I am interested in. However, this is not evidence of
moral hazard directly since the sample of individuals that select into Medicaid are most likely
the sickest low-income individuals and, thus, the most in need of healthcare. As shown in the
table, the working share for those on Medicaid is slightly over a third of the non-elderly non-
Medicaid sample in the HRS. This could reflect that large negative health shocks lead to worse
employment outcomes andhigher rates ofMedicaid eligibility aswell as increased expenditures.
Motivated by the potential for selection, I use two versions of my imputedmeasure of healthcare

81I use the excluded observations in the HRS as a “hold-out” sample with which I can assess the accuracy and
validity of my predictions.
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expenditures: the first includes insurance information and the second excludes any insurance
information. The rational for exploring multiple imputation measures is that if Medicaid is tra-
ditionally adversely selected (i.e., enrollees are less healthy and consume more care), then the
imputedmeasures that account forMedicaid coverage could overstate true expenditures for indi-
viduals enrolling in Medicaid due to the expansions. Alternatively, not accounting for the effect
that Medicaid coverage has on out-of-pocket prices in the imputation process may lead to an
underestimate of expenditures if, for example, more generous insurance coverage causes individ-
uals to substitute from lower to higher cost services within a utilization category.82 Ultimately, I
employ both measures of imputed expenditures with the understanding that true expenditures
are likely to lie somewhere in between both of my measures.
Assessment of Imputation.—In order to assess the quality of my imputation I exclude a random
subset of HRS observations for which I have the survey measure of expenditures, which I de-
note as the “HRS hold-out” sample. First, Figures 8 - 11 plot binned scatters of the relation-
ship between actual log expenditures (as measured in the HRS) and the predicted level of log
expenditures for the two imputation measures across various subgroups of the HRS hold-out
sample.83 Figure 8 plots these values for the entire HRS hold-out sample, whereas Figures 9, 10,
and 11 plot them for the main analysis sample, individuals in expansion states, and individu-
als in non-expansion states, respectively. Overall, these figures suggest that my predicted log
expenditures measure is strongly correlated with actual expenditures for the hold-out group.

Additionally, Figures 12 and 13 plot the distribution of the prediction errors for several sub-
groups of the hold-out sample for each of the imputation measures. Broadly, these figures
demonstrate that the error in the predictedmeasure does not seem to be systematically different
across expansion and non-expansion states in the hold-out group. There does, however, seem
to be a slight difference in the distribution of errors across Medicaid status, where predicted
expenditures for Medicaid enrollees are somewhat more likely to be underestimates than for
individuals not enrolled in Medicaid. To the extent that this affects my estimates, I suspect that
this may lead to my estimates being biased towards zero. In this case, my estimates could be
perceived as a lower-bound of the effect of Medicaid coverage on current expenditures.

82Two examples where there would be no change in the utilization measures, but would lead to differences in
total expenditures would be switching from generic to name-brand drugs or switching from a low cost clinic to a
higher cost doctor’s office.

83The figures use the insurance excluded measure of predicted log expenditures, but the results are similar for
either measure. Conveniently, all of the observations in the HRS hold-out sample have strictly positive medical
expenditures which allows me to log transform the variable without biasing the sample included in the figure.
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Table 16. Regression results for imputation process
(1) (2) (3) (4)

Age -0.827 0.748 -0.916 0.565
(2.448) (1.169) (2.486) (1.174)

Age2 0.016 -0.009 0.017 -0.007
(0.043) (0.016) (0.044) (0.016)

Age3 -0.000 0.000 -0.000 0.000
(0.000) (0.000) (0.000) (0.000)

Female -0.008 0.017 -0.002 0.020
(0.033) (0.029) (0.034) (0.029)

Race:
Black -0.087∗∗ -0.121∗∗∗ -0.079∗ -0.120∗∗∗

(0.041) (0.035) (0.041) (0.035)
Hispanic -0.104∗∗ -0.161∗∗∗ -0.172∗∗∗ -0.159∗∗∗

(0.044) (0.040) (0.043) (0.039)
Other -0.116∗ -0.089 -0.127∗ -0.071

(0.064) (0.057) (0.065) (0.056)
Marital status:
Married -0.078 0.176∗∗∗ -0.094∗ 0.161∗∗∗

(0.053) (0.061) (0.054) (0.061)
Widowed -0.072 0.131∗∗ -0.085 0.112∗

(0.072) (0.062) (0.073) (0.062)
Divorced 0.005 0.203∗∗∗ -0.010 0.200∗∗∗

(0.056) (0.065) (0.057) (0.065)
Separated 0.007 0.103 0.001 0.084

(0.087) (0.101) (0.088) (0.101)
Educational attainment:
Some high-school 0.059 0.018 0.005 -0.002

(0.057) (0.047) (0.050) (0.042)
High-school 0.105∗∗ 0.077∗ 0.067 0.049

(0.052) (0.042) (0.042) (0.034)
Some college 0.202∗∗∗ 0.075 0.147∗∗∗ 0.048

(0.061) (0.051) (0.052) (0.044)
College 0.293∗∗∗ 0.119∗ 0.235∗∗∗ 0.086

(0.080) (0.063) (0.074) (0.057)
Graduate degree 0.190∗ 0.116 0.134 0.087

(0.106) (0.084) (0.102) (0.080)
Income:
$5, 000− $10, 000 0.010 0.093 0.092 0.112

(0.120) (0.121) (0.121) (0.121)
$10, 000− $15, 000 0.092 0.124 0.154 0.125

(0.135) (0.136) (0.137) (0.137)
$15, 000− $20, 000 -0.023 0.065 0.062 0.064

(0.149) (0.152) (0.151) (0.153)
$20, 000− $15, 000 0.013 0.061 0.119 0.056

(0.160) (0.165) (0.162) (0.166)
$25, 000− $30, 000 0.071 0.106 0.207 0.100

(0.169) (0.176) (0.171) (0.176)
$30, 000− $35, 000 0.085 0.158 0.236 0.161

(0.177) (0.185) (0.179) (0.185)
$35, 000− $40, 000 0.078 0.070 0.217 0.059

(0.186) (0.193) (0.187) (0.193)
$40, 000− $45, 000 -0.007 0.129 0.151 0.130

(0.191) (0.201) (0.193) (0.202)
$45, 000− $50, 000 -0.005 0.101 0.168 0.100

(0.199) (0.212) (0.201) (0.212)
$50, 000+ 0.107 0.038 0.277 0.027

(0.207) (0.217) (0.209) (0.218)
Working -0.154∗∗∗ -0.186∗∗∗ -0.128∗∗∗ -0.180∗∗∗

(0.036) (0.046) (0.035) (0.046)
Insurance coverage:
Private 0.494∗∗∗ 0.174∗∗∗

(0.039) (0.031)
Medicaid 0.536∗∗∗ 0.172∗∗∗

(0.049) (0.037)
Other public 0.405∗∗∗ 0.088∗

(0.076) (0.052)
Healthcare utilization:
Total out-of-pocket spending 0.000∗∗∗ 0.000∗∗∗ 0.000∗∗∗ 0.000∗∗∗

(0.000) (0.000) (0.000) (0.000)
Any doctor visit 0.019∗∗∗ 0.014∗∗∗ 0.020∗∗∗ 0.015∗∗∗

(0.001) (0.001) (0.001) (0.001)
Any hospital visits 0.486∗∗∗ 0.426∗∗∗ 0.494∗∗∗ 0.429∗∗∗

(0.027) (0.019) (0.027) (0.019)
Nights in the hospital 0.011∗∗∗ 0.005∗∗∗ 0.012∗∗∗ 0.005∗∗∗

(0.003) (0.002) (0.003) (0.002)
Any at home healthcare 0.592∗∗∗ 0.619∗∗∗ 0.647∗∗∗ 0.629∗∗∗

(0.086) (0.041) (0.087) (0.041)
Any dentist visits 0.506∗∗∗ 0.246∗∗∗ 0.554∗∗∗ 0.255∗∗∗

(0.032) (0.028) (0.032) (0.028)
Any Rxs 1.026∗∗∗ 1.149∗∗∗ 1.079∗∗∗ 1.155∗∗∗

(0.044) (0.062) (0.045) (0.062)
Health:
Cancer 0.385∗∗∗ 0.240∗∗∗ 0.418∗∗∗ 0.237∗∗∗

(0.060) (0.034) (0.061) (0.034)
Heart problems 0.312∗∗∗ 0.258∗∗∗ 0.332∗∗∗ 0.264∗∗∗

(0.044) (0.029) (0.044) (0.029)
Lung problems 0.292∗∗∗ 0.142∗∗∗ 0.289∗∗∗ 0.141∗∗∗

(0.059) (0.041) (0.060) (0.041)
Stroke 0.201∗∗∗ 0.093∗∗ 0.233∗∗∗ 0.096∗∗

(0.069) (0.038) (0.070) (0.038)
High blood-pressure 0.128∗∗∗ 0.055∗ 0.123∗∗∗ 0.052

(0.034) (0.032) (0.035) (0.032)
Diabetes 0.409∗∗∗ 0.364∗∗∗ 0.419∗∗∗ 0.367∗∗∗

(0.041) (0.030) (0.042) (0.030)
Arthritis 0.252∗∗∗ 0.188∗∗∗ 0.270∗∗∗ 0.191∗∗∗

(0.033) (0.028) (0.034) (0.028)
Smoker 0.028 0.050 0.018 0.048

(0.039) (0.044) (0.040) (0.044)
Struggles with any ADLs 0.036 0.219∗∗∗ 0.005 0.231∗∗∗

(0.102) (0.060) (0.104) (0.061)
Struggles with any IADLs 0.095 0.115∗∗ 0.093 0.123∗∗

(0.059) (0.047) (0.059) (0.048)
Intercept 20.061 -13.703 22.186 -8.950

(46.249) (29.049) (46.967) (29.169)
Sample Pre-Medicare Medicare Pre-Medicare Medicare
Insurance included ✓ ✓
Adj-R2 .49 .56 .48 .55
Obs. 7130 5889 7130 5889

∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01 70



Table 17. Summary of imputed expenditures and out-of-pocket spending, by group

MEPS HRS
Non-Elderly Elderly Non-Elderly Elderly

All Medicaid No Medicaid All Medicaid No Medicaid
Total expenditures 5,700 8,7987 4,965 10,132 6,575 13,341 5,406 11,573

(9,597) (11,793) (8,609) (12,603) (21,223) (32,613) (18,263) (27,478)
Total out-of-pocket spending 1,034 564 1,179 1,398 2,085 634 2,298 2,576

(1,991) (1,200) (2,157) (2,268) (4,628) (2,104) (4,851) (5,226)
Working share 0.55 0.25 0.64 0.08 0.55 0.25 0.60 0.06

(0.50) (0.43) (0.48) (0.28) (0.50) (0.43) (0.49) (0.23)
Note.—Total expenditures in the HRS are imputed. Number of observations varies by variable and sample.
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C Additional Discussion of Reduced Form Identification

Identification of the TD Estimator.—The validity of my TD strategy also requires that the composi-
tion of the treatment and control groups is stable across the repeated cross-sections. In practice
this requires that individuals do not shift from the non-eligible to the eligible population or
move from non-expansion to expansion states in response to the policy. A possible violation
would arise if individuals are strategic in their labor supply choices such that they lower their
income level below the eligibility threshold in response to the expansions. While this is possible,
existing work has found little evidence that the Medicaid expansions affected employment out-
comes or earnings. For example, Leung andMas (2016); Buchmueller, Levy, and Valleta (2019);
Callison and Sicilian (2016); Kaestner et al. (2015); and Gooptu et al. (2016) all find either no
effects of the expansions on employment or earnings, or small positive gains in employment for
some groups. Alternatively, Peng, Guo, and Meyerhoefer (2019) find a somewhat small and
temporary decline in employment following the expansions but no effects on wages. Overall,
these prior findings are suggestive that the low-income group is likely stable across treatment
and control periods for expanding states. However, to be confident in this assumption, I also
examine in the HRS whether eligibility, employment, income, or retirement were significantly
affected by the Medicaid expansions. Though not reported, I find that these outcomes were
unaffected by the expansions for individuals in my sample. The other key threat to this as-
sumption arises if individuals were more likely to move to expansion states in the pre-Medicare
period in order to obtain insurance coverage. However, previous evidence suggests that migra-
tion decisions are uncorrelated with state Medicaid expansions (Goodman 2017).84 Moreover,
considering the age and income of my sample, I find this type of threat even less likely.

Additional Threats to Identification.—In addition to the cases outlined previously, there are
several other threats to identification. First, the data collection in the HRS somewhat confounds
the interpretation of either π1 or α1 as the LATE of Medicaid. Respondents are reported as on
Medicaid if they are enrolled at the time of the survey, but respondents provide information on
healthcare utilization retrospectively for the two years prior to the current wave. As a result,
these specifications may confound the role that Medicaid is playing in determining total expen-
ditures. For instance, if individuals spend down their income in the two years leading up to the
survey due to medical costs and then go onMedicaid, my estimates would overestimate the role
of Medicaid on spending. Alternatively, if individuals switch off of Medicaid throughout the
survey period, but spend substantially while on Medicaid, my estimates would be understating
the effect of coverage. At the moment, I do not see a clear way to avoid this concern with the
current data limitations.

Second, Finkelstein et al. (2012) also point out that exogenous expansion in Medicaid eli-
84Though not currently presented, I also do not find evidence of migration in response to the Medicaid expan-

sions in the HRS.
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gibility may affect enrollment in other government programs such as Supplemental Nutrition
Assistance Program (SNAP) or Temporary Assistance for Needy Families (TANF). Enrollment
in these programs could result in higher levels of nutrition and health which may decrease total
expenditures, which would introduce a downward bias in my estimates. On the other hand,
cash-equivalent transfer programs alter the household budget constraints for low-income indi-
viduals. This may result in an even greater spending response than if the individual received
Medicaid alone. To explore this possibility I estimate equation (1), but I replace the dependent
variable with the total income from veterans’ benefits, food stamps, and welfare. The results,
which are imprecisely estimated, suggest that government payments actually decrease around
the time of the expansions, but only by around $100 over a two-year period. This highlights a
potentially interesting relationship between various public assistance programs, but does not
indicate a clear threat to my identifying assumptions.

Finally, prior work documents that the Medicaid expansions significantly decreased mor-
tality for near-elderly individuals (e.g., Miller, Wherry, Johnson, and Wherry 2021). This may
lead my estimates for the affect of Medicaid coverage on initial expenditures to be upward bi-
ased or attenuate my estimates for how prior Medicaid coverage affects future expenditures.
Specifically, if the reduction in mortality in expansions states leads to a decline in health for the
population of low-income people in those states, this may drivemy estimates of the expenditure
response up. At the same time, reduced mortality in expansion states may also lead to sicker
people aging onto Medicare, which could artificially drive up healthcare consumption in the
treatment group. To try and address these concerns, I explore the extent to which the Medicaid
expansions affected mortality in individuals aged 60-64 in the HRS. Though currently unre-
ported, I do find suggestive evidence that the expansions may have decreased the likelihood of
death for low-income 60-64 year old respondents in the HRS.85

Understanding exactly how mortality may affect my estimates is complex. For example, if
individuals withmore future expenditure risk consumemore healthcare due to receivingMedi-
caid through the expansions and that prolongs their lives, this has the potential to inflate expen-
ditures in the treatment group before and after aging into Medicare. As previously state, this is
likely to attenuate my estimates during theMedicare period, but may upward bias the estimates
in the pre-Medicare period as well. However, for the pre-Medicare period, it is not obvious that
incorporating this effect into the estimate is problematic, given that this is a relevant channel
through which insurance, if it has dynamic affects, is likely to alter expenditures across time.
In fact, from a policy maker’s point of view, accounting for the additional spending accruing
to sick individuals who would have died in the absence of the expansions is extremely impor-
tant in understanding the overall costs of the policy. Ultimately, I do not directly address these
concerns in estimation, but they are important to keep in mind when interpreting my results.

85The estimated coefficients for linear probability and logistic TD regression models are negative and economi-
cally significant, but only the point estimate of the linear model is marginally statistically significant.
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My hope is that by conditioning on observable health measures, I am able to control for any
underlying compositional change in the health of the treatment and control group populations
that might be introduced through this mortality response to the expansions.

D Identification of the TDIV Estimator

To demonstrate identification of the TDIV estimator employed in this paper, I adopt the nota-
tion and simplifying assumptions of Hudson, Hull, and Libersohn (2017) (henceforth, HHL).
Namely, I will assume that there is a time varying outcome Yit, a binary treatment Mit, and a
binary instrument Zit for individuals i in time periods t ∈ {0, 1}.86 Let Tt = 1{t = 1} denote the
period in which the instrument is introduced, such that Zit=0 = 0∀i. Additionally, assume that
the instrument can be expressed as the product of two binary indicators Sit (e.g. geographic
location) and Lit (e.g., low-income status) which jointly determine period-1 exposure to the in-
strument: Zi1 = Si1Li1. In a manner analogous to HHL, the TDIV coefficient βTDIV comes from
the following IV system:

Yit = αi + βTDIVMit + γ1Lit + γ2Tt + γ3LitTt + γ4SitTt + γ5SitLit + εit (23)

Mit = ϕi + πZitTt + ψ1Lit + ψ2Tt + ψ3LitTt + ψ4StiTt + ψ5SitLit + ηit. (24)

Given that the IV model is just-identified, βTDIV can be re-expressed as the ratio of the reduced
form and first stage coefficients, where the reduced form coefficient is ρ in the following regres-
sion equation:

Yit = µi + ρZitTt + θ1Lit + θ2Tt + θ3LitTt + θ4SitTt + θ5SitLit + νit, (25)

and the first-stage coefficient is π from Equation (24). As shown in Olden and Møen (2022),
each of these estimands can be expressed as:

ρ =
(
E[Yi1 − Yi0|Si = 1, Li = 1]− E[Yi1 − Yi0|Si = 1, Li = 0]

)
−

(
E[Yi1 − Yi0|Si = 0, Li = 1]− E[Yi1 − Yi0|Si = 0, Li = 0]

) (26)

π =
(
E[Mi1 −Mi0|Si = 1, Li = 1]− E[Mi1 −Mi0|Si = 1, Li = 0]

)
−

(
E[Mi1 −Mi0|Si = 0, Li = 1]− E[Mi1 −Mi0|Si = 0, Li = 0]

) (27)

where
βTDIV =

ρ

π
.

86The assumptions on the value of the treatment and the assumption that the instrument is binary are met in my
setting. As with standard difference-in-differences, it is possible to extend this analysis to the case with repeated
cross-sections and multiple time periods as in Abadie (2005).
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In order to arrive at Equations (26) and (27), note that it was required to drop the t subscript
from the L and S terms. Implicitly, this change in notation assumes that the triple-difference
assumption of group-stability (in both S and L) is fixed in the pre- and post-treatment peri-
ods. Specifically, by writing Li and Si as time-invariant, I am imposing that the composition of
the treatment and control groups is invariant to the introduction of the instrument (i.e., policy
change at t = 1).

Now, let Y m
it denote the potential outcome of individual i in time t if exposed to treatment

level m, and let M z
it denote an individual’s potential treatment level if exposed to instrument

value z in t. As discussed in HHL, this notation implies the standard IV exclusion restriction
that the instrument only affects outcomes through treatment as well as an additional restriction
that treatment and outcomes in period t = 0 are unaffected by the value of the instrument in
period t = 1.

In addition to the restrictions outlined above, I make two additional assumptions. The first
is the TD parallel trend assumption for both treatment and outcomes:87

A1:

E[M0
i1 −M0

i0|Si = 1, Li = 1]− E[M0
i1 −M0

i0|Si = 1, Li = 0]

=

E[M0
i1 −M0

i0|Si = 0, Li = 1]− E[M0
i1 −M0

i0|Si = 0, Li = 0]

and

E[Y
M0

i1
i1 − Y

M0
i0

i0 |Si = 1, Li = 1]− E[Y
M0

i1
i1 − Y

M0
i0

i0 |Si = 1, Li = 0]

=

E[Y
M0

i1
i1 − Y

M0
i0

i0 |Si = 0, Li = 1]− E[Y
M0

i1
i1 − Y

M0
i0

i0 |Si = 0, Li = 0].

The second assumption is the standard IV assumption of monotonicity:

A2 (Monotonicity): P (M1
i1 ≥M0

i1) = 1.
87I provide intuition behind this assumption in Section 4.
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Under A1 and the assumption that Zi is exogenous, the first stage coefficient identifies:

π =
(
E[Mi1 −Mi0|Si = 1, Li = 1]− E[Mi1 −Mi0|Si = 1, Li = 0]

)
−

(
E[Mi1 −Mi0|Si = 0, Li = 1]− E[Mi1 −Mi0|Si = 0, Li = 0]

)
=

(
E[M1

i1 −M0
i0|Si = 1, Li = 1]− E[M0

i1 −M0
i0|Si = 1, Li = 0]

)
−

(
E[M0

i1 −M0
i0|Si = 0, Li = 1]− E[M0

i1 −M0
i0|Si = 0, Li = 0]

)
= E[M1

i1 −M0
i1|Si = 1, Li = 1]

= E[M1
i1 −M0

i1|Zi = 1]

= E[M1
i1 −M0

i1]

and the reduced form identifies:

ρ =
(
E[Yi1 − Yi0|Si = 1, Li = 1]− E[Yi1 − Yi0|Si = 1, Li = 0]

)
−

(
E[Yi1 − Yi0|Si = 0, Li = 1]− E[Yi1 − Yi0|Si = 0, Li = 0]

)
=

(
E[Y

M1
i1

i1 − Y
M0

i0
i0 |Si = 1, Li = 1]− E[Y

M0
i1

i1 − Y
M0

i0
i0 |Si = 1, Li = 0]

)
−

(
E[Y

M0
i1

i1 − Y
M0

i0
i0 |Si = 0, Li = 1]− E[Y

M0
i1

i1 − Y
M0

i0
i0 |Si = 0, Li = 0]

)
= E[Y

M1
i1

i1 − Y
M0

i1
i1 |Si = 1, Li = 1]

= E[Y
M1

i1
i1 − Y

M0
i1

i1 |Zi = 1]

= E[Y
M1

i1
i1 − Y

M0
i1

i1 ],

such that:

βTDIV =
E[Y

M1
i1

i1 − Y
M0

i1
i1 ]

E[M1
i1 −M0

i1]
. (28)

If the denominator is nonzero (i.e., the instrument is relevant in the first stage), then by A2
and Theorem 2 of Imbens and Angrist (1994), TDIV identifies the LATE:

βTDIV = E[Y 1
i1 − Y 0

i1|M1
i1 ̸=M0

i1].

E Additional Empirical Results

E.1 Effects of the Medicaid Expansions on Initial Utilization and Health

Effects on Other Utilization.—Overall, the results in Tables 2 indicate that there was a large and
positive expenditure response to the increasedMedicaid coverage generated by the expansions.
However, the results presented thus far rely on imputed expenditures. To explore what is driv-
ing the increase in expenditures, I also estimate versions of Equations (3) and (4)where I replace
the expenditure measure with out-of-pocket spending as well as other utilization measures that
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are observed directly rather than imputed. I present these results in panel A of Table 18, where
each row of columns 1 and 2 present the coefficient estimate on the triple-difference term and
(instrumented) Medicaid coverage, respectively, for each dependent variable.

Generally, the results in Table 18 suggest that other measures of utilization also increased
or stayed the same following the Medicaid expansions. In particular, the estimates suggest that
the Medicaid expansions increased the likelihood of going to the doctor, with an ITT of 9 per-
centage points and a LATE of 46 percentage points. The coefficient estimates for the models of
intensive margin doctor visits are also positive and large in magnitude, but not statistically sig-
nificant. Interestingly, there is a small but imprecise negative effect on extensive hospitalization,
but a positive (but imprecise) effect on intensive margin hospitalization. Though imprecisely
estimated, these results could be suggestive of a substitution of uncompensated emergency de-
partment care for doctor office visits. At the same time, for individuals who truly require hospi-
tal services (beyond what a doctor’s office or clinic can provide), their consumption of services
increases (albeit statistically insignificantly). There was also a positive and (marginally) sta-
tistically significant effect on the use of any at home healthcare services (ITT of 3.7 percentage
points and LATE of 19.2 percentage points). Also of note is that out-of-pocket spending seems
to decrease (though the estimate is very imprecise) even though overall expenditures increased.
This makes sense given the dramatic reduction in cost-sharing that Medicaid offers in compari-
son to either private insurance or uninsurance.88 Overall, I interpret this evidence as reaffirming
the results in Table 2 and, in a way, further validating the healthcare expenditure imputations
as a reliable measurement of actual healthcare spending.

Effects on Health.—In addition to determining the effect of the Medicaid expansions on ex-
penditures and utilization, I assess the extent towhich these policies contributed to contempora-
neous health. To do so I re-estimate Equations (3) and (4) with two different measures of health
as the dependent variable. The first health measure is self-reported health, which ranges from
1 (“Poor” health) to 5 (“Excellent” health).89 The second measure of health is the health index
described in Section 3. The results from this analysis are presented in panel B of Table 18. All of
the coefficient estimates are positive, but imprecise. The positive sign indicates that increased
insurance coverage though the expansions increases self-reported health (e.g. a higher proba-
bility of moving from “Fair” to “Good” health) as well as the health index. The lack of precision
suggest that healthcare coverage does not necessarily increase health outcomes immediately. In
subsequent analysis, I explore how this changes overtime.

Heterogeneity by Past Insurance Coverage.—Before moving on to explore how the Medicaid ex-
88I suspect that out-of-pocket expenses did fall, but the design of the survey questions and the low-frequency of

the data makes this decrease difficult to detect. Using a different empirical design and slightly different measure
of out-of-pocket spending, McInerney et al., 2020 find that out-of-pocket costs fell by between $500 and $650 for
low-income near elderly individuals in the HRS.

89Since the self-reported health outcome is categorical, the linear specification in (3) is not completely appropri-
ate; however, I think it is a decent approximation since I am only interested in a broad relationship between health
and insurance coverage.
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Table 18. Effect of expansions on other outcomes

TD TDIV
(1) (2)

A. Other utilization
Any doctor visits 0.090∗ 0.462∗

(0.050) (0.265)
Doctor visits (counts) 1.595 8.191

(1.249) (6.916)
Any hospitalizations -0.034 -0.176

(0.058) (0.296)
Hospitalizations (counts) 0.013 0.069

(0.102) (0.526)
Nights in hospital 0.121 0.622

(0.476) (2.468)
Any Rxs -0.002 -0.011

(0.040) (0.204)
Any at home care 0.037∗ 0.192†

(0.023) (0.121)
Total out-of-pocket spending -150 -770

(579) (2957)

B. Health outcomes
Self-reported health 0.087 0.442

(0.099) (0.515)
Health index 0.002 0.013

(0.004) (0.026)

Sample
2014 expansions

only
2014 expansions

only
Controls included ✓ ✓
Individual FEs ✓ ✓
First-stage F-stat 20.82
Underid. P-val 0.001
Obs. 17081 17081
Note.—Standard errors clustered at the state level in parentheses.
† p < 0.15, ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

pansions affect future outcomes once onMedicare, I also examine heterogeneity in the response
to the expansions across prior insurance coverage. As shown in Table 1, a large proportion of
newMedicaid enrollees appear to have been previously uninsured. Motivated by this evidence,
I explore how my main findings for expenditures and other outcomes vary across prior unin-
sured status. To do this I estimate versions of the following TD equation:

Yi,t = ϕ+ δExpands,t × LIi,t × Uninsuredi,t−1 +X ′
i,tΩ +Ψ+ εi,t (29)

where Uninsuredi,t−1 is an indicator if individual i was uninsured in the previous wave and
Ψ is a vector of indicators which includes interactions between Expand and Uninsured, LI
and Uninsured, as well as all of the standard indicators and interactions in the TD model and
individual-level fixed effects. Under the identifying assumptions described previously, I can
interpret δ1 as the differential effect of the expansions on low-income individuals who were pre-
viously uninsured in expansion states. Table 19 presents results from estimating Equation (29)
with all of the previously presented dependent variables.90

90Note that the sample size decreases slightly from the previous tables. This is due to the fact that I cannot
observe previous insurance status for some individuals in the pre-Medicare sample.
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Table 19. Heterogeneous response to the expansions by previous uninsured status

δ̂

Dependent variable:

̂ln(Ei,t), (ins. included) 0.290∗∗
(0.130)

̂ln(Ei,t), (ins. excluded) 0.187†
(0.123)

Any doctor visits 0.196∗∗
(0.089)

Doctor visits (count) 1.961
(1.687)

Any hospitalizations -0.057
(0.083)

Hospitalizations (counts) -0.122
(0.125)

Nights in hospital -0.346
(0.471)

Any Rxs 0.135∗
(0.081)

Any at home care 0.014
(0.039)

Self-reported health -0.155
(0.167)

Health index -0.008
(0.010)

Sample
2014 expansions

only
Controls included ✓
Individual FEs ✓
Obs. 16260
Note.—Standard errors clustered on state in parentheses.
† p < .15, ∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

The results in the table show that a large share of the increase in healthcare utilization is
driven by the previously uninsured. This makes sense given that they experience the great-
est change in out-of-pocket prices when receiving Medicaid coverage. However, the coefficient
estimate for the model with “Any Rxs” as the dependent variable is positive and statistically
significant (which was not the case previously). This finding suggests that not only are previ-
ously uninsured more likely to consume healthcare, but that they are specifically more likely to
go to the doctor and consume prescription drugs. These consumption patterns are encouraging
because they suggest that the expansions are increasing access to certain types of preventative
care and chronic disease management services that are likely to have dynamic benefits. Some-
what puzzling, however, is that contemporaneous health measures also remain unaffected for
this group as well.

E.2 Effects of the Medicaid Expansions on Future Health and Diagnoses

Figure 14 plots results from an event study specification where the health index is the depen-
dent variable. The figure demonstrates that prior to treatment, there were (noisy but) common
trends between the treatment and control groups, but following the expansions, health during
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Figure 14. Variation in aggregate health index once on Medicare
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Notes.—Figure displays coefficient estimates and 95% state-level clustered confidence intervals from an event study
regression of the heath index during the first wave of Medicare coverage onto the indicators for the survey wave
relative to the Medicaid expansion interacted with previous low-income status. The estimating sample is limited
individuals in states that expanded in 2014 or did not expand during the sample period. The regression model
includes a rich set of observable controls for demographics and lagged health status.

the first two years of Medicare coverage increased for individuals previously exposed to the ex-
pansions. Moreover, the consistency in the point estimates for 2016 and 2018 suggest that this
effect persisted for both waves of individuals affected by the Medicaid expansions prior to age
65.

Table 20 presents results for the effect of previous exposure to the Medicaid expansions on
diagnoses during the first wave of Medicare. Interestingly, even though overall health appears
to increase for these individuals, rates of diabetes diagnoses actually increase. The point esti-
mate for the Diabetesmodel in column 2 suggests that past exposure to the expansions increases
rates of diabetes diagnoses by 5 percentage points. Given the results that I find for other health
measures, I think it is unlikely that the expansions are causing diabetes to become more com-
mon in the population. Rather, having access to insurance is most likely increasing detection of
cases that would have otherwise gone undetected. Alternatively, the negative (and marginally
significant) point estimates on the Stroke model suggest that the expansions may have led to
lower rates of strokes (which are more acute phenomena that may be avoided through proper
management of chronic disease).
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Table 20. Effect of lagged Medicaid expansion exposure on current health diagnoses

Dependent variables: (1) (2) (3)
High blood pressure -0.009 -0.016 -0.006

(0.028) (0.029) (0.030)
Diabetes 0.039† 0.050∗ 0.052∗∗

(0.026) (0.026) (0.024)
Stroke -0.007 -0.016† -0.009

(0.011) (0.010) (0.010)
Heart disease 0.013 0.024 0.024

(0.019) (0.020) (0.022)
Lung disease 0.006 0.009 0.013

(0.025) (0.027) (0.027)

Sample
2014 expansions

only
2014 expansions

only
2014 expansions

only
Healtht−2 controls ✓
Healtht−3 controls ✓
Obs.
Note.—Standard errors clustered at the state-level in parentheses.
† p < .15, ∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

E.3 Relationship Between Health and Mortality

Throughout the paper I use self-reported health and a general health index as key measures of
health. Table 21 present results that describe the association between these measures of health
and future mortality. Specifically. I estimate regressions of the following form:

Mortalityi,t+1 = β0 + β1Healthi,t +Xi,tΓ + εi,t (30)

where Mortality is an indicator equal to one if the individual died in between survey waves t
and t + 1, Health is one measure of health status in t, and X is a vector of additional controls.
Columns 1 and 2 show that self-reported health is strongly associated with mortality. For the
main sample in my analysis (column 1) and for the entire HRS sample aged 55-95 (column 2)
there is substantially higher rates of mortality among individuals in “Fair” or “Poor” health.
Relative to individuals in “Excellent” health, individuals in “Poor” health in my main analysis
sample are 4.8 percentage pointsmore likely to die over the next two years. For the entire sample
aged 55-95, the difference is 8.6 percentage points. Columns 3 and 4 report similar results but
when I replace self-reported health with the general health index. The index lies within 0 and
1, with a mean of 0.7 and standard deviation of 0.047 for the pre-Medicare sample. Thus the
coefficient estimate in column 3 suggests that a standard deviation decrease in the health index
is associated with an increase in the likelihood of mortality by roughly 1.4 percentage points.
The last two columns of the table report similar results using another measure of health called a
frailty index that is commonly used in papers that have life-cycle models (see Russo 2023). This
index is constructed from counts of various diagnoses and difficulties with ADLs and IADLs. I
include this measure to demonstrate that both self-reported health and the general health index
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are similarly associated with mortality as the frailty index.

Table 21. Relationship between various health measures and future mortality

(1) (2) (3) (4) (5) (6)
Self-report Self-reported Health index Health index Frailty Frailty

Self-reported health
Very good 0.002 0.001

(0.002) (0.002)
Good 0.007∗∗∗ 0.014∗∗∗

(0.003) (0.002)
Fair 0.019∗∗∗ 0.042∗∗∗

(0.003) (0.002)
Poor 0.048∗∗∗ 0.086∗∗∗

(0.005) (0.003)
Health index -0.288∗∗∗ -0.731∗∗∗

(0.016) (0.006)
Frailty 0.007∗∗∗ 0.023∗∗∗

(0.000) (0.000)

Sample Main sample
Everyone aged

55-95 Main sample
Everyone aged

55-95 Main sample
Everyone aged

55-95
Obs. 27771 175457 27443 173319 27777 175566
Note.—Standard errors clustered at the state-level in parentheses.
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

F Robustness of Empirical Findings

F.1 Results for Alternative Imputation Methods

Panel A of Table 22 re-displays the results from Table 2 and panel B presents estimates from
the same sets of specifications and estimating samples, but where the dependent variable is the
version of imputed log of total expenditures that does not incorporate insurance coverage di-
rectly in the imputation process. The coefficient estimates are largely consistent with those in
panel A, though consistently smaller in magnitude and the point estimates in columns 3 and 6
are also no longer statistically significant. This asymmetry across the panels is consistent with
my expectation outline in Appendix B that my imputation including insurance coverage may
overestimate expenditures whereas the measure of expenditures excluding insurance in the im-
putation likely underestimates true expenditures. Importantly, though, the point estimates across
each of the panels are not statistically different from each other which I take as consistent evi-
dence that the Medicaid expansions lead to meaningful increases in medical expenditures for
the low-income near-elderly population.
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Table 22. Effect of expansion status on medical spending

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

A. First imputation method: Insurance status included

Medicaid expansion
× Low-income 0.265∗∗ 0.292∗∗ 0.172∗

(0.106) (0.098) (0.100)
[0.296] [0.333] [0.182]

Medicaid coverage 1.329∗∗ 1.228∗∗∗ 0.886∗
(0.528) (0.449) (0.515)
[2.286] [2.087] [1.124]

B. Second imputation method: Insurance status excluded

Medicaid expansion
× Low-income 0.189∗∗ 0.206∗∗ 0.104

(0.093) (0.099) (0.094)
Medicaid coverage 0.946∗ 0.868∗∗ 0.534

(0.483) (0.414) (0.495)

Sample Whole sample
2014 expansions

only
2014 expansions

only Whole sample
2014 expansions

only
2014 expansions

only
Controls included ✓ ✓ ✓ ✓ ✓ ✓
Individual FEs ✓ ✓
First-stage F-stat 18.2 25.51 20.82
Underid. P-val 0.001 0.001 0.001
Obs. 20050 18197 17081 20050 18197 17081
Note: ∗ p < 0.10, ∗∗ p < 0.05, and ∗∗∗ p < 0.01.

F.2 Alternative Eligibility Definitions

Table 23 presents the main empirical findings of the paper, but using the legal threshold for
Medicaid expansion eligibility. Columns 1 and 2 present results from the first-stage regression
(Equation (1)). As discussed in Section 3, this measure of eligibility is strongly associated with
increased Medicaid enrollment, but somewhat less so than the rougher measure of eligibility
used throughout themain text of the paper. Columns 3 and 4present the TD results for the initial
spending response to theMedicaid expansions for the pre-Medicare sample for both imputation
measures. Though no longer statistically significant, the point estimates are of the same sign and
magnitude as those reported in the main text. Moreover, the point estimates are not statistically
different from one another when taking into account their confidence intervals. Columns 5-7
report point estimates from the TD regression on the Medicare sample for specifications with
varying degrees of controls for past health status. Overall, these estimates are very consistent
with those presented in Table 3 in the main text.
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Table 23. Robustness using FPL ratio to define eligibility

(1) (2) (3) (4) (5) (6) (7)

First-stage First-stage
Initial spending
(ins. exclud.)

Initial spending
(ins. includ.)

Medicare, no
health controls

Medicare, twice
lagged health

Medicare, thrice
lagged health

Expansiont× incomet ≤ 138%× FPL 0.148∗∗∗ 0.151∗∗∗ 0.172 0.195 -0.336∗∗ -0.238∗ -0.280∗∗
(0.046) (0.039) (0.129) (0.139) (0.134) (0.121) (0.135)

Obs. 20066 18875 17352 17352 8948 8032 6970
Note.—Standard errors clustered on state in parentheses.
∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01

F.3 Results for Additional Alternative Specifications

Table 24. Effect of expansions on various outcomes during the first wave of Medicare, TD

(1) (2) (3)
A. Expenditures

̂ln(Ei,t), ins. included -0.326∗∗ -0.250∗∗ -0.300∗∗
(0.145) (0.113) (0.126)

̂ln(Ei,t), ins. excluded -0.338∗∗ -0.264∗∗ -0.317∗∗
(0.145) (0.113) (0.126)

B. Other utilization
Total out-of-pocket spending -708.545 -815.627† -851.892†

(514.742) (551.265) (573.123)
Any hospitalizations -0.092† -0.077 -0.095∗

(0.059) (0.059) (0.056)
Hospitalizations (counts) -0.177 -0.137 -0.150

(0.127) (0.128) (0.126)
Nights in hospital -2.088∗ -1.716 -2.210∗

(1.253) (1.322) (1.194)
Any doctor visits -0.088∗ -0.044 -0.065

(0.050) (0.052) (0.056)
Doctor visits ≥ 5 -0.183∗∗ -0.162∗∗ -0.223∗∗∗

(0.073) (0.069) (0.074)
Any Rxs -0.044 -0.015 -0.043

(0.055) (0.051) (0.056)
Any at home care -0.052∗∗ -0.050∗∗ -0.052∗∗

(0.026) (0.025) (0.024)

C. Health outcomes
Self-reported health 0.271∗∗ 0.230∗∗ 0.197†

(0.133) (0.099) (0.122)
Health index 0.019∗∗ 0.014∗∗ 0.013∗

(0.010) (0.006) (0.007)
Sample 2014 expansions 2014 expansions 2014 expansions

only only only
Healtht−2 controls ✓
Healtht−3 controls ✓
Obs. 8949 8032 6971
Note.—Standard errors clustered on state-wave in parentheses.
† p < .15, ∗ p < .1, ∗∗ p < .05, ∗∗∗ p < .01
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Table 25. All estimated structural parameters

Preferences Health production
Parameter Estimate Parameter Estimate

γ 0.593 δ 0.967
θ -49.03 λ 0.121
A 19.03 α 0.077
Ψ 0.101
Survival parameters Health shocks
ϕ1,55, ϕ2,55 -4.54, -4.92 µ55, σ55 -10.68, 3.38
ϕ1,60, ϕ2,60 -1.63, -1.50 µ60, σ60 -9.20, 4.83
ϕ1,65, ϕ2,65 -1.18, -4.53 µ65, σ65 -9.19, 4.97
ϕ1,70, ϕ2,70 -0.74, -5.27 µ70, σ70 -9.12, 5.84
ϕ1,75, ϕ2,75 -0.59, -8.72 µ75, σ75 -9.09, 6.16
ϕ1,80, ϕ2,80 -0.19, -7.40 µ80, σ80 -8.93, 7.05
ϕ1,85, ϕ2,85 -0.16, -5.49 µ85, σ85 -8.61, 7.39
ϕ1,90, ϕ2,90 -0.04, -9.90 µ90, σ90 -8.36, 7.50
ϕ1,95, ϕ2,95 -0.04, -9.90 µ95, σ95 -7.57, 9.08

G Internal Estimation

G.1 Estimated Parameters

Table 25 presents the full set of model parameters. The health shocks evolve as expected, with
both the mean shock and the variance of the shock increasing in age. The rate at which the
shocks decline is (except for the difference from 55 to 60) roughly increasing in age as well.
This suggests that health begins deteriorating more quickly due to health shocks later in life.
The growth of the variance also suggests that the dispersion of shocks is also increasing in age,
which is intuitive. Therefore, as individuals age, the mean shock gets larger and relatively bad
shocks become more likely.

G.2 External Validity

Table 26 re-displays the untargeted model fit from Table 10. The first row is a measure of how
adversely selected Medicaid is following the expansions. To generate the data moment, I esti-
mate the regression model in Equation (1), but with additional interaction terms between the
triple-difference term and the health index. I then estimate the analog DD model on the sim-
ulated data with the additional interaction. The sign of these coefficients suggests that sicker
individuals are much more likely to select into Medicaid post-expansion. Given that enrolling
in Medicaid is costly, the model’s ability to replicate this pattern suggests that the types of in-
dividuals who are likely to value Medicaid the most (in terms of health) are consistent across
the model and the data. The second row of the table presents an estimate of the relationship
between the expenditure response to the Medicaid expansions and health. The data moment
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Table 26. Model validation

Untargeted moment Data Model Data source Description

Effect of Medicaid expansions on mortality -0.094 -0.082 Miller, Johnson, and Wherry (2021) Data estimate denotes the relative change in mortality
rates in expansion and non-expansion states for indi-
viduals aged 55-64. Simulated moment is calculated
estimating the relative difference in mortality rates
across the treated and non-treated simulated agents
aged 62-65.

Adverse selection into Medicaid -0.065 -0.069 Author’s calculations Data moment estimated from a regression model sim-
ilar to Equation (1) that includes an interaction term
between the TD term and the health index.

Effect of interaction between Medicaid expansions
and health on expenditures

-0.200 -0.081 Author’s calculations Data moment estimated from a regression model sim-
ilar to Equation (1) where predicted log expenditures
is the dependent variable and that includes an interac-
tion term between the TD term and the health index.

Effect of interaction between Medicaid expansions
and uninsurance on expenditures

0.19 0.10 Table 19 Data moment estimated from a regression model sim-
ilar to Equation (1) where predicted log expenditures
is the dependent variable and that includes an interac-
tion term between the TD term and an indicator for if
the individual was previously uninsured.

presented is the coefficient estimate on the triple interaction term from a regression model like
that presented in Equation (29), but where the indicator for uninsured status is replaced with
the health index. The value of the coefficient estimate suggests that the expenditure response
to the expansions is decreasing in health, which is consistent with the idea that sicker individ-
uals have a higher demand for healthcare. The model also reproduces this trend, with a point
estimate generated from the simulated data that is of the same sign and similar magnitude.

The next untargeted moment is the coefficient estimate presented in table 19 that describes
the relative expansion induced expenditure response for previously uninsured individuals. The
positive point estimate suggest that individuals who were uninsured prior to the expansions
consume more healthcare than those who had some other form of coverage. The model is able
to produce a similar pattern, where the relative expenditure response for individuals who were
previously uninsured is larger than simulated agents with prior private insurance. The fact
that he model replicates this pattern is encouraging, as The final targeted moment comes from
Miller, Johnson, and Wherry (2021), and is the estimated effect that the Medicaid expansions
had on mortality rates for individuals aged 55-64. The value of -0.094 reflects that mortality
rates decreased in expansions states by 9.4% over the sample mean. I construct an analogous
measure of the reduction in mortality relative to mean mortality in the simulated data, which
yields a reduction of 7.6% over the mean mortality rate for the control group.

One way in which the model somewhat struggles to match aggregate patterns is in terms
of savings. In the data, the asset to income ratio for individuals in the lower income groups is
roughly 5.73. However, agents in the simulated data have an asset to income ratio of approxi-
mately 7.19. This indicates that individuals over save in the model relative to the data. I believe
the primary reason for this is that I do not directly model dual eligibility for Medicare enrollees.
While I have ameans-tested consumption floor for retirees in themodel, I restrict those transfers
such that they can only be used for consumption and not medical spending. Further, there is no
notion of transfers based onmedical need. This leads to agents over saving in order to self-insure

86



against future health risk. Ultimately, the level of self-insurance is, if anything, likely to lead me
to understate the value of the Medicaid expansions and overstate future Medicare expenditures if
income effects are large (i.e., individuals with higher savings later in life consume more health-
care, all else equal). Therein, while this is a shortcoming of the model, I do not think it affects
the direction of the quantitative findings reported in Section 8.
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