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How Redistributive Are Public Health Care Schemes?
Evidence from Medicare and Medicaid in Old Age
Abstract
Most health care for the U.S. population 65 and older is publicly provided through Medicare and
Medicaid. Despite the massive expenditures of these systems, little is known about how
redistributive they are. Using data from the Health and Retirement Study matched to
administrative Medicare, Medicaid, and Social Security earnings records, we estimate the
distribution of lifetime Medicare and Medicaid benefits received and the distribution of lifetime
taxes paid to finance these benefits. For the cohort who turned 65 between 1999 and 2004, we
find that benefits are greater among those with high income, in large part because they live
longer. Nonetheless, high-income people pay more in the way of taxes. Middle-income
households gain the most from these programs as these people live long yet pay modest taxes.
All income groups gain from these programs: This cohort’s lifetime tax contribution did not cover
the medical benefits it received. This deficit is paid by younger cohorts.
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Introduction

The great majority of American households aged 65 and older receive health care benefts from
Medicare, a mostly free single payer program that covers most health care services. Furthermore,
many older households also receive benefts from Medicaid, which covers the health care costs of
those with limited fnancial resources. Both programs are funded out of insurance premia and
tax revenues. This paper estimates health care benefts received from these programs and taxes
and insurance premia paid to fnance these benefts, which contributes to the debate on reforming
healthcare. Which income groups receive the most health care benefts? How redistributive are the
benefts received and the taxes paid to fnance those benefts? These are important questions to
answer before reforming the programs currently in place. These questions are also of importance
as some US policy makers advocate a single payer health care scheme. In this paper we seek to fll
this gap.
We focus on households aged 65 and older, a group who is responsible for 33%1 of all medical
care received, whose expenditures are on average 2.6 times higher than the national average, and
who rely much more on public funding than the average household.
Using data from the Health and Retirement Study matched to administrative Medicare, Medicaid, and Social Security earnings records, we estimate the distribution of lifetime medical benefts
received and the distribution of lifetime taxes paid for that care among the cohort who turned 65
in 1999-2004. We forecast future health, longevity, and health care benefts received, allowing us
to infer lifetime Medicare and Medicaid benefts received by this cohort. We also calculate total
income, state and federal taxes paid at each age for this cohort. To do so, we calculate federal and
state tax payment for each household in each year, then multiply these by the shares of aggregate
federal and state taxes in that year that go towards paying Medicare and Medicaid for those over
65.
We estimate models of total medical spending, in addition to the share of medical spending paid
by Medicare and Medicaid. We impute private insurance and other payments using data from the
Medical Expenditure Panel Survey (MEPS). Thus our framework allows us to not only consider the
amount of redistribution in the current system, but also how the amount of redistribution would
change as a function of changes in reimbursement rate policy, for example.
For this cohort, we fnd that Medicare and Medicaid benefts received are 1.7 times greater
1

See De Nardi et al. (2016) and Exhibit 1 of Lassman et al. (2014).
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among those in the top lifetime income quintile than among those in the bottom quintile, in large
part because they live longer. Nonetheless, high income people pay more in the way of taxes
and as a result there are net transfers to those at the bottom of the income distribution. For
example, we calculate that households in the top income quintile contribute 7.5 times more than
those in the bottom quintile through taxes and Medicare insurance contributions. Those at the top
of the income distribution contribute $248,000 on average to Medicare and Medicaid, and receive
$401,000 in benefts over their lives. Those at the bottom of the income distribution contribute
$33,000 on average to Medicare and Medicaid, and receive $229,000 in benefts over their lives. The

largest benefciaries of Medicare and Medicaid are those in the middle of the income distribution,
as these people live long yet pay modest taxes. For example, those in the middle 20% of the
income distribution contribute $82,000 on average to Medicare and Medicaid, and receive $337,000
in benefts over their lives.
All income groups within the cohort we study are net benefciaries from Medicare and Medicaid.
On average this cohort’s lifetime tax contribution did not cover the medical benefts it received. Put
diferently, the key source of redistribution is from younger cohorts to the cohort we study. Thus, for
the cohort we study, cross-cohort redistribution (from young to old) is greater than within cohort
redistribution (from rich to poor).

2

Literature Review

This paper contributes to the literature on the redistribution generated by government programs.
Although there is a lot of research about the amount of redistribution provided by government pension and other cash transfer schemes, there is less known about how health care systems redistribute
resources.
A few papers (Bhattacharya and Lakdawalla 2006; McClellan and Skinner 2006; and Rettenmaier 2012) study Medicare progressivity. Most of these papers fnd that Medicare does redistribute
resources from the lifetime income rich to the lifetime income poor, since the those with high income
pay more in taxes. The amount of redistribution is lower than what one might think, however, because high income people consume more resources at each age and because they tend to live longer
than their lower income counterparts. Furthermore, these estimates are sensitive to how lifetime
income is measured. For example, when using local area income as a measure of lifetime income,
McClellan and Skinner (2006) fnd the rich use more health care resources and are more likely to
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live until very old. In contrast, it does not appear that the high income use more resources per
year when using either education (Bhattacharya and Lakdawalla 2006), or the individual’s income
(Rettenmaier 2012) measured over a long time interval. None of these papers consider the redistribution due to Medicaid in old age. One might expect Medicaid to be very progressive, since to be
eligible an individual must have low assets and low income net of medical spending. While De Nardi,
French, and Jones (2016) do fnd that the program does redistribute from rich to poor, they also
fnd that even the highest income often receive benefts if they live long enough to run down their
assets paying for expensive medical care. To the best of our knowledge this is the frst paper to
comprehensively examine how Medicaid and Medicare health care transfers are jointly distributed
across income groups. While Auerbach et al. (2017) considers the distribution of benefts received
from these programs, as well as from other programs such as Supplementary Security Income (SSI)
and Social Security, they do not consider the distribution of taxes paid.
We also estimate the distribution of the taxes used to fnance Medicare and Medicaid. Although
Medicare Part A is funded by a dedicated tax, Medicaid and some Medicare health care benefts
are not fnanced using a specifc tax, but by general government revenue, making it difcult to
determine how redistributive “Medicare and Medicaid taxes” are. For services that do not have a
dedicated tax, we adapt the approach of McClellan and Skinner (2006), and De Nardi, French, and
Jones (2016) and assume that the Medicare and Medicaid tax burden is proportional to the general
tax burden.
This paper also contributes to a literature on cross-country comparisons of health care funding
schemes. Two important papers are Wagstaf and Van Doorslaer (1992) and Wagstaf et al. (1999),
who show that tax-fnanced schemes provide more redistribution than other schemes, such as private
insurance.

3
3.1

An Accounting Framework for Measuring Redistribution
The Financing of Medicare and Medicaid

Like Social Security, Medicare and Medicaid are fnanced largely on a pay as you go basis. Since its
inception in 1966, Medicare Part A, which provides hospital care, has been fnanced by a payroll
tax on wages. The Part A payroll tax rate has increased over time and is currently 2.9%, half
levied on the employee and half on the employer. Medicare Part B, which provides physician and
outpatient services, is fnanced partly by benefciary premia that cover one-quarter of expenditures
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(Cubanski et al. 2015, Figure 29), with the rest primarily fnanced by general federal tax revenues.
Because payroll and income taxes are increasing functions of earnings and income, respectively, an
individual’s overall Medicare contributions increase with their lifetime income. Medicaid, which was
established at the same time as Medicare, provides income- and asset-tested health care benefts to
families with young children, those who are disabled, or those who are over 65. We focus on the
provisions for those over 65. Unlike Medicare, Medicaid is primarily fnanced by general federal tax
revenues, with the remainder being paid by state tax revenues. As such, an individual’s lifetime
contributions to Medicaid should increase with their lifetime income.
While Medicare eligibility is nearly universal for those 65 and older, Medicaid eligibility is
targeted towards the poor, which means that Medicaid benefts are falling in income. Eligiblity is
not the only factor afecting the distribution of benefts, however. Lifetime Medicare and Medicaid
benefts also vary because medical care usage difers across the income distribution at any given
age and because lifespans difer across the income distribution. It is well known that those at the
top of the income distribution live longer than their poorer counterparts, as shown both in the
HRS (De Nardi, French, and Jones 2016; Pijoan-Mas and Rı́os-Rull 2014) and in administrative tax
records (Waldron 2007; Chetty et al. (2016)). But there is considerable debate about whether health
care expenditures are positively or negatively correlated with lifetime income. These discrepancies
seem to depend heavily on the time period, the measure of lifetime income, as well as for the
measure of medical spending (see the aforementioned debate between McClellan and Skinner 2006
and Bhattacharya and Lakdawalla 2006). For this reason it is particularly important to have
full lifetime income measures and detailed medical spending data on all components of Medicare,
including parts A, B, C, and D.
For older cohorts born before the inception of Medicare and Medicaid, lifetime tax payments
did not come close to fnancing their lifetime benefts. Individuals who were 65 or over in 1966
were clearly better of with the programs, since they contributed little to the programs but received
signifcant benefts. More generally, previous research on Medicare has found that the rapid growth
in expenditures over time, coupled with the largely pay as you go nature of its fnancing, has likely
led to substantial intergenerational transfers to older benefciaries (Vogel 1988).

3.2

Redistribution Within and Across Cohorts

For any individual household, the redistribution attributable to Medicare and Medicaid is the
diference between present value of the Medicare- and Medicaid- related benefts that the household
5

received over its lifetime and the present value of the Medicare- and Medicaid- related taxes that it
paid. We use the accounting framework employed by McClellan and Skinner (2006) to decompose
this sum into within-cohort and across-cohort components,2 which allows us to measure the extent
of cross-cohort redistribution among the multiple cohorts appearing in our sample.
Consider household i of birth cohort c. Our fundamental accounting identity is
PV(Benefts)ci − PV(Taxes)ci =

PV(Within-Cohort Redistribution)ci
+ PV(Cross-Cohort Redistribution)c .

(1)

We make two defnitional assumptions. The frst is that the amount of cross-cohort redistribution
is the same for all members of a given cohort. The second is that within each cohort, redistribution
sums to zero:

Nc
X

PV(Within-Cohort Redistribution)ci = 0,

i=1

where we use Nc to denote the size of cohort c. Inserting this result into equation (1) and summing,
we have:
PV(Cross-Cohort Redistribution)c =

Nc 

1 X
PV(Benefts)ci − PV(Taxes)ci .
Nc

(2)

i=1

Let C denote the total number of cohorts. For each cohort c, c = 1, 2, ..., C, we proceed as follows.
First, we measure PV(Benefts)ci and PV(Taxes)ci for every household (i = 1, 2, ..., Nc ) in cohort c,
using the procedures described below. Next, we use equation (2) to fnd PV(Cross-Cohort Redistribution)c
for each cohort c. Finally, we insert PV(Cross-Cohort Redistribution)c back into equation (1), allowing us to calculate PV(Within-Cohort Redistribution)ci for every household i in cohort c.

3.3

Lifetime Benefts and Taxes

For each household we calculate the present value of Medicare and Medicaid benefts as:

PV(Benefts)i = λ2014

2050
X

Sit Mit

t=1965
2

 Y
t

−1

(1 + rs )


,

(3)

s=1965

An alternative approach is to calculate the internal rate of return, as used by Bhattacharya and Lakdawalla
(2006). In their framework, however, the internal rate of return is selected such that the amount of cross-cohort
redistribution is 0, ruling out any assessment of cross-cohort redistribution.
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where: Mit is household i’s Medicare and Medicaid benefts in year t (which may equal 0); rs is the
Q
interest rate in year s; and λ2014 ≡ 2014
s=1965 (1 + rs ) rescales the total to 2014 dollars. For the years
1965-2016, the variable Sit is a 0-1 indicator equal to 1 if any member of household i in our data is
alive at time t. From 2019 forward, we predict survival, which depends on each household member’s
age, gender and income, so that Sit is continuous. We describe our approach to estimating mortality
probabilities below.
Turning to taxes, for each household i we calculate the present value of their Medicare Part A
payroll taxes, their contributions to Medicare Parts B, C, and D and Medicaid from their federal
and state income taxes, and their Medicare Part B insurance premia:

PV(Taxes)i = λ2014

2050
X

h

(τtm min{yit , ytmax }) + ψtf Titf + ψts Tits + Pit

t=1965

t
i Y


(1 + rs )−1 ,

(4)

s=1965

where: τtm is the Medicare payroll tax rate in year t; yit is household i’s earnings; ytmax is the taxable
maximum; ψtf and ψts are the shares of federal and state income taxes that go towards Medicare and
Medicaid; Titf and Tits are federal and state income tax payments; and Pit is the Medicare Part B
insurance premium.
The frst term in the square brackets in equation (4) captures the Medicare Part A component
of the payroll tax. In earlier years, the payroll tax rate τtm was only 0.7% for salaried and wage
workers and 0.35% for the self employed, and the cap on taxable earnings ytmax was modest: for
max = $7,800. Since then both the tax rate and the cap have risen, and in 1994 the cap
example, y1971

was removed.3 The second and third terms estimate the household’s federal and state income tax
payments that are devoted to Medicare Parts B, C and D and Medicaid, based on the fraction of
total federal and state expenditures devoted to Medicare Parts B-D and Medicaid in that calendar
year (ψtf and ψts ). The fourth term is the Part B premium Pit , which is zero prior to age 65 and
is zero for Medicaid benefciaries as well.

Prior to 2007, the Part B premium was not income-

tested (for example, it was $381.60 per household member in 1992), but since then higher income
households have paid higher premia. As with benefts, tax payments are scaled by the probability
that the individual is alive at year t, Sit , and as before are normalized to 2014 dollars using the
adjustment factor λ2014 . For our main results we do not discount.
3
Because the payroll tax cap is applied to each family member separately, in households with multiple workers
equation (4) is not completely accurate.
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4

Data and Descriptive Statistics

Our principal data source is HRS survey data matched with administrative Medicare fee-for-service
and Medicaid records. We use the MEPS data to impute payments for payors missing in the HRS,
such as Medicare Part C, private insurers and other government programs. The result is a version
of HRS medical spending data that is representative of all payors. We also match the HRS data to
restricted earnings records provided by the Social Security Administration that date back to 1951.

4.1

The HRS

We use data from the HRS, which is a representative biennial survey of the population aged 51
and older and their spouses. In order to focus on the benefts from Medicaid and Medicare for the
age-65+ population, we drop households whose head was younger than 65 at the end of the sample
period in 2016. Although we focus on the cohort of individuals who turned 65 in 1999-2004, we
estimate demographic transitions using the full sample of individuals aged 65 and older. Consistency
with our demographic model leads us to drop a small number of households who, for example, are
“partnered” or whose partner reports conficting marital status. Furthermore, we drop households
who do not consent to provide their Medicare and Medicaid information or are otherwise unable to
be matched with administrative records. This leaves us with 8,777 households comprising 122,878
household-year observations for the full estimation sample.

Appendix B documents our sample

selection criteria.
The HRS conducts interviews every other year. Households are followed until both members die;
attrition for other reasons is low. When a respondent dies, an “exit” interview with a knowledgeable
party – usually another family member – is conducted in the next wave. This allows the HRS to
collect data on end-of-life medical conditions and spending. Fahle, McGarry, and Skinner (2016)
compare the medical spending data from the “core” and exit interviews and show that out-of-pocket
spending rises signifcantly in the last year of life.
The HRS has a variety of health indicators. We assign individuals to the nursing home state if
they were in a nursing home at least 120 days since the last interview or if they spent at least 60 days
in a nursing home before the next scheduled interview and died before that scheduled interview.
We exclude short-term visits: as Friedberg et al. (2015) and Hurd, Michaud, and Rohwedder (2017)
document, many nursing home stays last only a few weeks and are associated with lower expenses.
We focus instead on the longer and more expensive stays. We assign the remaining individuals a
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health status of “good” if their self-reported health is excellent, very good or good and a health
status of “bad” if their self-reported health is fair or poor.
Although HRS respondents are drawn from the non-institutionalized population when frst interviewed, they are tracked and reinterviewed as they enter nursing homes and other institutions.
French and Jones (2004) show that by 1999, when our main sample begins, the HRS matches well
the aggregate statistics on the share of the older population in a nursing home. (In 1999 roughly
2.8% of men and 6.1% of women in the data had entered nursing homes.)
The HRS collects data on all out-of-pocket medical expenses, including drug costs, hospital
stays, nursing home care, doctor visits, dental visits, and outpatient care, including those incurred
during the last year of life. To these data we append administrative Medicare and Medicaid data,
which we describe next.

4.2

Administrative Medicare and Medicaid Records

The Centers for Medicare and Medicaid Services (CMS) have confdential administrative spending
records for Medicare (Parts A, B and D) and Medicaid (including through Medicaid HMOs), that we
link to the survey responses of consenting HRS respondents. We have Medicare data for each year
between 1991 and 2016. These records include reimbursement amounts for inpatient, skilled nursing
facility, home health, and hospice claims made under Medicare Part A, as well as outpatient, carrier
(non-institutional medical care providers such as individual or group practitioners, non-hospital labs,
and ambulances), and durable-medical-equipment payments made under Medicare Part B. To this
total we add drug-related spending made under Medicare Part D, which began in 2006.
As with the Medicare records, we link restricted Medicaid data for those who give permission,
allowing us to measure Medicaid spending for each year between 1999 and 2012. The Medicaid fles
contain information on enrollment, service use, and spending. Appendix C describes the Medicare
and Medicaid data in more detail. Linking these data to the HRS results in a broad set of spending
measures for the years 1999-2012. These will be the years used in our main analysis. For medical
spending outside of this range, we predict medical spending using the methods described below.

4.3

Imputations Using MEPS Data

While the HRS contains accurate measures of out-of-pocket medical spending, and can be linked to
Medicare and Medicaid records, it does not contain information on the payments made by Medicare
Part C, private and other smaller public insurers (such as the Veterans Administration and state
9

or local health departments). To circumvent this issue, we use data from the 1996-2017 waves of
MEPS to impute these payments.
The MEPS is a nationally representative survey of non-institutionalized households. MEPS
respondents are interviewed up to 5 times over a 2 year period, forming short panels. We aggregate
the data to an annual frequency. MEPS respondents are asked about their (and their spouses’)
health status, health insurance, and the health care expenditures paid out-of-pocket, by Medicaid,
by Medicare, private insurance, and by other public and private sources. The survey responses
are matched to medical spending information provided by health care providers. Although the
MEPS does not capture certain types of medical expenditures, such as nursing home expenditures,
Pashchenko and Porapakkarm (2016) compare MEPS data to the aggregate statistics and show that
MEPS captures most types of spending very well.
To impute medical spending not captured in the HRS, we proceed in two steps. First, we use
the MEPS data to regress these payments on a set of observable variables found in both datasets.
Variables include household income, a fourth order age polynomial, labor force participation status,
education, marital status, doctor and hospital visits, race indicators, health measures, out-of-pocket
spending and interactions. Second, we impute these expenses in the HRS data using a conditional
mean-matching procedure. Applying the MEPS regression coefcients to the HRS data yields
predicted values for each HRS household, to which we add residuals drawn from MEPS households
with a similar levels of predicted spending. We describe our approach in more detail in Appendix D.

4.4

Total Medical Spending

Total medical spending is calculated as the sum of the measures described in Sections 4.1-4.3. This
measure includes all types of medical care and all payors. To the best of our knowledge, this is the
frst paper that includes all types of coverage over a long panel.4 All payors are measured on an
annual basis, except out-of-pocket expenses which we annualize..
Table 1 summarizes the medical spending data contained in our HRS sample. The frst two
columns of the table show total spending by all payors for older households, sorted by the permanent
income measure we describe in the next section. The columns show that medical spending is about
$3,000 higher at the bottom income quintile than at the top, $19,400 as opposed to $16,400. This

refects in large part the tendency of poorer households to be in worse health.
4

Becacuse we are imputing insurance payments from MEPS, we are missing private payments for long-term care.
We believe our measure captures all other payors and types of care.
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The remaining 4 columns of Table 1 decompose this total by payor. Households in the top four
income quintiles pay between 24% and 26% out of pocket, but those at the bottom pay only 13.4%.
Most of this diference is accounted for by Medicaid, which is concentrated in the bottom income
quintile.
In Appendix E we show that our medical spending measures against the MCBS. French et al.
(2017) fnd that out-of-pocket medical spending in the HRS, MCBS, and MEPS match up well. We
extend their exercise by comparing Medicare and Medicaid payments in the HRS restricted data to
Medicare and Medicaid payments in the MCBS.
Total Spending

Percent paid by

PI
Quintile

Average
Amount

Pct. of
Total

Medicare

Medicaid

Out-ofPocket

Private

Other

All
Top
4th
3rd
2nd
Bottom

17,077
16,394
16,139
16,115
17,594
19,416

100.0
19.3
19.6
19.5
20.9
20.7

62.9
68.4
63.0
62.1
59.9
61.5

7.5
0.6
3.1
2.8
9.3
20.8

22.6
24.3
26.4
25.8
23.5
13.4

3.5
3.0
3.9
5.3
4.0
1.4

3.4
3.7
3.5
4.0
3.3
2.9

Notes: This uses HRS data linked to Medicare and Medicaid records. Private and other imputed
using MEPS. Data are from 1999-2012. Sample is cohort whose household head was 65 in 1999-2004.

Table 1: Household Medical Spending by PI Quintile and Payor

4.5

Social Security Earnings Records

In order to measure lifetime income, we link the HRS data to the Social Security earnings records
of consenting respondents. In particular, we use the Respondent Cross-Year Summary Earnings
dataset, which provides earnings records covering the years 1951-2016 for respondents and, when
applicable, their former spouses. Accounting for former spouses is important because in our data
many women with little or no lifetime earnings had husbands with high earnings. Given that a
large share of our sample consists of older widows, omitting their deceased husbands’ earnings
would signifcantly understate their lifetime fnancial resources.
Because the SSA earnings records are used to calculate Social Security benefts, they are high
quality data with little measurement error or attrition. However, earnings are top-coded for much
of the sample period, as earnings above a taxable maximum are not subject to payroll taxes. We
have non-top-coded earnings information for employed salaried and wage workers as far back as
11

1978, although self-employed earnings data were still top-coded until 1994. When present, these
top-coding issues are not trivial: 30% of people had top-coded earnings records in 1966 and 22%
had top-coded earnings in 1977.
For earnings that are top-coded or are “masked” (i.e., expressed as an interval rather than an
exact value, which is done for high income individuals in some years), we use the imputed values
provided by Fang (2018). For most top-coded or interval records, imputations are made using a
lognormal or Pareto distribution, depending on the information we have about how much higher
than the taxable maximum the earnings are likely to be, or a nearest neighbor-matching method.
See Appendix F for more details.

4.6

Measuring Total Income

In order to measure lifetime taxes, we need measures of total income during each year of life.
The HRS survey data include measures of capital income, pensions and Social Security benefts.
Combining the HRS survey measures of capital and retirement income with the administrative
earnings records gives us a comprehensive measure of total income. When the HRS income measures
are missing or lie outside the sample period, we impute capital income, pensions and Social Security
benefts.

4.7

Measuring Tax Contributions

We calculate payroll taxes using earnings data and historic tax rates, and we use NBER’s TAXSIM
program to compute federal and state taxes for each household. We allow these taxes to depend
on the year, state of residence, marital status, number of dependents, number of taxpayers over age
65, and total household income. For calculating taxes after 2023, we use the tax schedules for 2023.
The federal and state tax amounts for each household in each year are then multiplied by the shares
of aggregate federal and state taxes in that year that go towards paying Medicare and Medicaid for
those over 65. We describe these calculations in detail in Appendix G.

5
5.1

Measuring Permanent Income and Medical Spending
Permanent Income

Our goal is to measure Medicare and Medicaid redistribution by permanent income. We construct
a measure of permanent income (PI) that captures substantial household ex-ante heterogeneity:
12

households with diferent PI ranks have diferent income levels when working, receive diferent fows
of retirement income and face diferent processes for health, mortality and medical expenses. A
contribution of this paper is distinguishing this ex-ante heteogeneity from risk.
To estimate a household’s PI, we frst sum all of its annuitized income sources (Social Security
benefts, defned beneft pension benefts, veterans benefts and annuities). Because there is a
roughly monotonic relationship between lifetime earnings and our annuity income measure, this
measure refects income during the working period. We then construct a PI measure comparable
across households of diferent ages and sizes. To do so, we follow the approach of De Nardi et al.
(2021) and regress annuity income on a household fxed efect, dummies for household structure,
a polynomial in age, and interactions between these variables. The rank order of each household’s
estimated fxed efect provides our measure of its PI. This is a time-invariant measure that follows
the household even after one of its members dies. See Appendix H for details.
When constructing lifetime income, we use the taxable earnings histories to calculate the age-65
present value of each household’s earnings history:

PV(Earnings)i =

64
X

�

eit Π64
j=t (1 + rj ) ,

(5)

t=25

where eit is household i’s earnings at age t and rj is the real interest rate at time j, so that
�

eit Π64
j=t (1 + rj ) is the value of earnings received at age t and saved until age 65. For our main
analysis we do not discount and set rj = 0. We construct this measure using the Social Security
earnings records, which include the earnings of deceased spouses. We defne household i’s PI, Ii , as
the percentile rank of PV(Earnings)i .

5.2

Medical Spending

Our approach is to use observed data whenever possible. However, our medical spending data cover
the years 1999 to 2012, so we do not have lifetime medical spending histories. Thus, we must
forecast lifetime medical spending using a model.
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5.2.1

Modeling Medical Spending

∗ denote total medical spending for household i at time t, and let m
Let Mi,t
i,t denote its logarithm

net of the observed variables contained in the vector Xi,t :
∗
ln Mi,t
= Xi,t γ + mi,t .

(6)

∗ into Medicare and Medicaid payments
Below we describe how we map total medical spending Mi,t

Mi,t . In practice the vector Xi,t includes an age polynomial, health indicators, household structure
and death-year indicators, PI percentile, and interactions among the aforementioned variables. We
assume that mi,t follows the quantile-based panel data model proposed by Arellano, Blundell, and
Bonhomme (2017) and extended by Arellano et al. (2021). In particular, we assume that mi,t can
be expressed as the sum of the persistent frst-order Markov component ηi,t and the transitory
component εi,t :
mi,t = ηi,t + εi,t ,

∀i ∈ {1, ..., N }, ∀t ∈ {1, ..., T }.

(7)

We assume the transitory component is i.i.d., but require only that it be zero-mean and satisfy the
regularity conditions set forth in Arellano, Blundell, and Bonhomme (2017).
In the framework of Arellano, Blundell, and Bonhomme (2017), rewrite the conditional distribution for the persistent component ηi,t as:
ηi,t = Qη (νi,t | ηi,t−1 , ai,t ),

iid

νi,t ∼ U [0, 1],

(8)

where Qη (ν | ηi,t−1 , ai,t ) denotes the νth quantile of ηi,t conditional on its lagged value and age (ai,t ).
The quantile function Qη maps ηi,t ’s conditional rank, νi,t , into a value of ηi,t itself. To fx ideas,
if we draw νi,t = 0.1, the realized value of ηi,t will equal the 10th percentile of the conditional
distribution of ηi,t at age ai,t , given ηi,t−1 . As a rank, νi,t is distributed uniformly over the [0, 1]
interval.
If ηi,t followed a standard AR(1) process with normally distributed innovations, ηi,t = ϕηi,t−1 +
ζi,t , ζi,t ∼ N (0, σζ2 ), the quantile function would take the linearly separable form ηi,t = Qη (νi,t | ηi,t−1 , ai,t ) =
ϕηi,t−1 + σζ Φ−1 (νi,t ), where Φ−1 (·) is the inverse of the standard normal cumulative distribution
function. (Conversely, with νi,t ∼ U [0, 1], we have σζ Φ−1 (νi,t ) ∼ N (0, σζ2 )). Age-independence, normality, and linearity can thus be expressed as restrictions on the quantile function in equation (8).
In its most unrestricted form, this specifcation allows for a great degree of fexibility. One way
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to see this is to construct the persistence measure
ϕτ (ηi,t−1 , ai,t ) =

∂Qη (τ | ηi,t−1 , ai,t )
,
∂ηi,t−1

(9)

with τ denoting the conditional rank of interest. ϕτ (ηi,t−1 , ai,t ) measures the efect of ηi,t−1 on the
τ th conditional quantile of ηi,t . Persistence can vary by rank (τ ), age (ai,t ) and prior realization
(ηi,t−1 ). In contrast, in the standard model persistence always equals the constant ϕ.
In estimation we parametrically approximate the conditional quantile function with low-order
Hermite polynomials. Let hηk (·) denote the kth Hermite polynomial used in the approximation

Kη
forming the polynomial basis for the approximation. Qη (τ | ηi,t−1 , ai,t ) is
of ηi,t , with hηk (·) k=0
thus a linear combination of the Kη Hermite polynomials, with the coefcients on the polynomials,
 η
Kη
βk (τ ) k=0
themselves functions of the quantile rank τ . We thus have

Qη (τ | ηi,t−1 , ai,t ) =

Kη
X

βkη (τ ) · hkη (ηi,t−1 , ai,t ), τ ∈ (0, 1]).

(10)

k=0

The distributions of the initial shock ηi,1 and the transitory shocks {εi,t }t are handled in analogous
ways:

Q1 (τ | ai,1 ) =
Qε (τ | , ai,t ) =

K1
X
k=0
Kε
X

βk1 (τ ) · h1k (ai,1 ), τ ∈ (0, 1),

(11)

βkε (τ ) · hεk (ai,t ), τ ∈ (0, 1).

(12)

k=0

For these distributions we do not condition on ηi,t−1 but only only on age.
�

Kη
K1
Kε
Each of the coefcient functions {βkη (τ )}k=0
, {βk1 (τ )}k=0
, {βkε (τ )}k=0
in equations (10)-(12)

L
is modelled with a set of polynomial splines defned over the intervals [τℓ−1 , τℓ ] ℓ=1 , along with
two low-dimensional tail functions defned over (0, τ1 ] and [τL , 1). It is the parameters for these
weighting functions that we must estimate.
As both the persistent and transitory shocks are unobserved, we cannot estimate the parameters
of the weighting functions directly using quantile regressions. Furthermore, our data are unbalanced
because sample members die. We therefore follow the extension of the E-M algorithm described in
and applied by Arellano et al. (2021).
‹ In the E-step we fnd the posterior distribution of the unobserved persistent shocks ({ηi,t }t )
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implied by the data and the current parameterization of the model. In particular, we use the
�

Kη
K1
Kε
coefcients of the Hermite polynomials {βkη (τ )}k=0
, {βk1 (τ )}k=0
, {βkε (τ )}k=0
, which fully
determine the distributions of the shocks, and a Monte Carlo method to simulate draws from
the distributions of the initial shock ηi,1 and the subsequent shocks {ηi,t }t .5 This part of the
procedure is a special case of the Sequential Monte Carlo methods described in greater detail
in Creal (2012).
‹ In the M-step we use quantile regressions to update the coefcient functions for the Hermite

polynomials, using the distribution of {ηi,t }t found in the E-step. Once the coefcients have
been updated, we return to the E-step and simulate new draws.
We iterate between the E and M steps until the parameters converge. See Appendix I for a more
detailed description of the methodology.

5.3

Health and Mortality

Let hsi,g,t denote the health of member g ∈ {h, w} in household i at age t. Health has four mutually
exclusive possible values: dead; in a nursing home; in bad health; or in good health. We assume
that the transition probabilities for an individual’s health depend on his or her current health, age,
permanent income I, and gender g.6 It follows that the elements of the health transition matrix
are given by

�

πq,r (t, Ii , g = Pr hsi,g,t+1 = r hsi,g,t = q; t, Ii , g ,

(13)

with the transitions covering a one-year interval. Although the HRS interviews every other year,
we adopt the approach in De Nardi, French, and Jones (2016), who ft annual models of health
to the HRS data for singles. We extend their approach to account for the dynamics of two-person
households. We estimate health/mortality transition probabilities by ftting the transitions observed
in the HRS to a multinomial logit model.7 See Appendix J for further details.
5

This approach takes advantage of the Markovian structure of the model and has been shown to perform well in
low-dimensional models.
6
We do not allow health transitions to depend on medical spending. The empirical evidence on whether medical
spending improves health, especially at older ages, is surprisingly mixed (De Nardi, French, and Jones 2016). Likely
culprits include reverse causality – sick people have higher expenditures – and a lack of insurance variation – almost
every retiree gets baseline insurance through Medicare. We also do not allow health transitions to depend on marital
status. De Nardi et al. (2021) fnd that after controlling for income and past health, marital status has little added
predictive power.
7
We do not control for cohort efects. Instead, our estimates are a combination of period (cross-sectional) and
cohort probabilities. This may lead us to underestimate the lifespans expected by younger cohorts as they age.
Nevertheless, lifespans have increased only modestly over the sample period. Accounting for cohort efects would thus
have at most a modest efect on our estimates.
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5.4

Medical Spending Budget Sets

The variant of the Arellano, Blundell, and Bonhomme (2017) framework that we estimate provides
∗ . To infer Medicare and Medicaid
us with a dynamic model of total medical medical spending Mi,t

payments Mi,t we disaggregate this total into its components, using budget sets that map total
medical spending into Medicare and Medicaid. We estimate these budget sets in two steps. First,
using a logit model, we estimate the probability of Medicaid receipt as a function of: age, marital
status and gender, the health and nursing home status of the husband and wife, the log of total
medical spending, and Medical spending interacted with PI. Second, using OLS we estimate the
share of total medical spending paid by Medicare and Medicaid as a function of the same same
variables we use to estimate Medicaid recipiency.

6

Estimation Results

6.1

Earnings Profles

We calculate percentile ranks of lifetime earnings for the cohort whose household head turned 65
in 1999-2004. Figure 1 presents average earnings, conditional on PI quintile and age. For those at
the bottom of the distribution, earnings are close to $20,000 between ages 40-55, and lower at other
ages. For those at the top, earnings exceed $60,000 per year between ages 40 and 55.
Figure 2 presents the taxes and insurance premia used to fund Medicaid and Medicare, again
conditional on PI quintile and age. To calculate taxes, we frst calculate total income from all
sources. From that we calculate total payroll, federal and state taxes. Then, using the methods
described above, we attribute a portion of these taxes to the funding of Medicare and Medicaid. For
those at the bottom of the distribution, total tax payments are very low, whereas the taxes paid to
Medicare and Medicaid by those at the top exceed $3,000 per year. Prior to age 30, payments are
close to $0, both because income is low at these ages and also because the Medicare and Medicaid
programs were just starting at these ages for the cohort we study, and the tax rates for Medicare
and Medicaid were low when the programs were new. At age 65, Medicare Part B premia begin to
be paid, leading to a jump in payments. Because households at the bottom of the PI distribution
are likely to have their Medicare premia covered by Medicaid, their total contributions jump less at
age 65 than those of other groups.
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Figure 1: Average Household Earnings from Wage and Self-Employment Income by PI Quintile.
Cohort whose household head turned 65 in 1999-2004

Figure 2: Contributions are the sum of: state & federal taxes going to Medicare/Medicaid+Medicare
payroll contributions + premia. Cohort whose household head turned 65 in 1999-2004
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6.2

Mortality and Health Status

We estimate health transitions and mortality rates simultaneously by ftting the transitions observed
in the HRS to the multinomial logit model described in Section 5.3.
Table 2 shows the life expectancies implied by our demographic model for those still alive at
age 65. The frst panel of the table shows the life expectancies for individuals under diferent
confgurations of gender, PI percentile, and age-65 health. The healthy live longer than the sick,
the rich (higher PI) live longer than the poor, and women live longer than men. For example, a
man at the 10th PI percentile in a nursing home expects to live only 5.4 more years, while a single
woman at the 90th percentile in good health expects to live 20.9 more years. The second panel of
the table shows life expectancies for married households, that is, the average length of time that at
least one member of the household is still alive or, equivalently, the life expectancies for the oldest
survivors. While wives generally outlive husbands, a non-trivial fraction of the oldest survivors are
men, and the life expectancy for a married household is roughly three years longer than that of a
married woman with same initial health and PI quantile.

Permanent
Income Percentile

Nursing
Home

Men
Bad
Health

Good
Health

5.4
5.5
4.7

13.7
15.8
15.6

15.8
18.1
18.2

20.2
22.8
22.7

21.4
24.0
24.0

Women
Nursing
Bad
Home
Health

Good
Health

All∗

18.6
20.8
20.9

16.6
19.1
19.2

Individuals
10
50
90

8.7
9.2
8.2

17.1
19.3
19.2

Couples (oldest survivor)†
10
50
90

10.8
11.7
10.5

21.0
23.7
23.8
17.1
19.9
23.3

All Men
All Women
All Couples (oldest survivor)
∗

Averages taken over initial health found in the data. Results indexed by PI percentile are taken
over the associated PI quintile.

†

Life expectancy of oldest survivor in a household. Health-specifc results for couples assume
that both spouses have the same health at age 65.

Table 2: Life expectancy in years, conditional on reaching age 65
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Most of the results shown in Table 2 are disaggregated by PI and initial health. When we average
over all these factors, we fnd that a man alive at age 65 will on average live an additional 17.1
years, while a woman alive at age 65 will on average live an additional 19.9 years.8 Our predicted
life expectancy at age 65 is close to what the aggregate statistics imply. In addition, our estimated
income gradient is similar to that in Waldron (2007) and De Nardi et al. (2021), who fnd that those
in the top of the income distribution live 3 years longer than those at the bottom, conditional on
being 65.
Another key statistic for our analysis is the probability that a 65-year-old will spend signifcant
time (a stay of more than 120 days) in a nursing home before he or she dies. We estimate this
probability to be 22.6% for men and 36.1% for women. Nursing home incidence difers relatively
modestly across the PI distribution. Although high-income people are less likely to be in a nursing
home at any given age, they live longer, and older individuals are much more likely to be in a
nursing home. The nursing home risk also varies relatively little with age-65 health status (good or
bad), for similar reasons.

6.3

Budget Sets

We estimate the probability of Medicaid receipt as a logistic function of: age, marital status and
gender, the health and nursing home status of the husband and wife, the log of total medical
spending and its square, PI percentile and its square, and medical spending interacted with PI. The
estimated coefcients can be seen in Appendix Table 8. Medicaid receipt is increasing in medical
spending and, for older households, decreasing in PI. Households with members in bad health are
more likely to receive Medicaid, as are older households with a member in a nursing home.9 Table 3
shows how Medicaid recipiency varies by PI quintile, both in the data and as predicted by the
logistic model. Households at the bottom of the PI distribution are more likely to receive Medicaid,
especially at older ages. Among those 65 and older, 39% of households in the bottom PI quintile
receive Medicaid. The table also shows that the model fts the observed income gradient of receipt
well.
Using OLS, we estimate the share of total medical spending paid by Medicare and Medicaid
as a function of the same variables we use to predict Medicaid recipiency. Figure 3 shows the
8

We construct these distributions of PI and initial health with bootstrap draws of people aged 63-67 in HRS.
Although the specifcations difer in many respects, our results share a number of similarities with those reported
in Borella, De Nardi, and French (2018), who also fnd that Medicaid use decreases with PI and increases as health
worsens.
9
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estimated budget sets for older households, holding all health and household composition indicators
fxed at their sample averages. The share of total medical spending paid by Medicare is rising in
total spending, refecting the fact that Medicare pays for close to 100% of high-cost hospital stays.
Among Medicaid recipients, having a member in a nursing home leads the Medicare share to decline
by 20 percentage points and the Medicaid share to rise by a similar amount. This refects the fact
that Medicare does not pay for extended nursing home stays but Medicaid does. For those not on
Medicaid, having a member in a nursing home leads to a somewhat smaller decrease in the Medicare
share, of around 10-12 percentage points. However, residing in a nursing home signifcantly increases
the likelihood of Medicaid receipt among older households.
PI Quintile

Data

Model

Top
4th
3rd
2nd
Bottom

1.2%
3.2%
6.1%
14.3%
39.3%

1.5%
2.7%
5.8%
15.0%
39.0%

Notes: Model fractions are mean logit probabilities.

Table 3: Probability of Receiving Medicaid for over 65s by PI Quintile

7

Lifetime Taxes Paid and Healthcare Benefts Received

To assess taxes paid and benefts received from a lifetime perspective, we calculate the present
values of taxes paid and medical spending from all payors. We use observed values of income,
health and survival when they are available, which is up through 2016. For the years after 2016,
we simulate life histories of health and mortality for each household member using our estimated
transition probabilities and calculate income and thus tax payments for these households. Next, we
simulate medical spending consistent with the stochastic processes described in the model section.
We then use our estimated budget sets to calculate Medicare and Medicaid expenditures at each
age, and can thus calculate the present value of these expenditures.
Figure 4 presents total medical spending (panel (a)), Medicare spending (panel (b)), Medicaid
spending (panel (c)), and the sum of out-of-pocket spending, private and other insurance payments
(panel (d)). Total medical spending rises with age. It also rises with income, refecting the fact that
high-income households have lower mortality, and are thus more likely to be two-person households,
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Fraction of Medical Expenditures Covered by Medicare,
Ages 65+, PI = 0.5, Non-Medicaid Recipients

Fraction of Medical Expenditures Covered by Medicare,
Ages 65+, PI = 0.5, Medicaid Recipients
0.5

0.7

0.45

0.6

0.4

0.5

0.35
0.3

0.4

0.25

0.3

0.2
0.15

0.2

0.1

0.1
0

0.05
0

10

20

30

40

0

50

0

10

Total Medical Expenditures ($000s)
Age = 65

Age = 75

20

30

40

Total Medical Expenditures ($000s)

Age = 85

Age = 65

(a)

Age = 75

Age = 85

(b)
Fraction of Medical Expenditures Covered by Medicaid,
Age = 75, Medicaid Recipients

0.6
0.5
0.4
0.3
0.2
0.1
0

0

10

20

30

40

50

Total Medical Expenditures ($000s)
PI = 0.25

PI = 0.50

PI = 0.75

(c)

Figure 3: Fraction of Medical Expenditures Paid by Medicare (panels (a) and (b)) or Medicaid (panel (c))
Notes: These fractions average over all health states, marital status and gender. PI is permanent income percentile,
so PI=.5 is median income.

even at older ages. Because high-income households have high medical spending, and they are less
likely to receive Medicaid, they beneft heavily from the Medicare program. Panel (c) shows that it
is mostly those at the bottom of the distribution who beneft from the Medicaid program, although
at very old ages some high-income households also beneft from Medicaid, often because they face
catastrophic nursing home expenses that deplete their assets (De Nardi, French, and Jones 2016).
Panel (d) shows that that the low income pay less out of pocket.
Table 4 shows the lifetime value of income, tax contributions, and medical benefts. Column (1)
shows the present value of income, the sum of earnings, capital income, Social Security, and pensions.
Those in the highest PI quintile have an average lifetime income of $8.0 million, whereas the
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50

(a)

(b)

(c)

(d)

Figure 4: Mean Annual Medical Spending for Surviving Households, by permanent income (PI)
quintile. Panel (a): Total Medical Spending, Panel (b): Medicare Payments, Panel (c): Medicaid
Payments, Panel (d): Out-of-Pocket+Private+Other
average for those in the bottom is $0.9 million. Column (2) shows the sum of Medicare payroll
tax contributions, state and federal income taxes that go to Medicare and Medicaid, and Medicare
Part B premia. Those at the top pay much more in taxes than those at the bottom of the PI
distribution. For example, those in the highest quintile on average contribute $248,000, whereas
those at the bottom contribute $33,000. This refects both higher income and higher marginal tax
rates for those in the top PI groups. Despite much higher contributions, those at the top of the PI
distribution do not pay as much as they receive in benefts from Medicare and Medicaid. Columns
(3)-(5) show lifetime medical spending payments from Medicare and Medicaid. Those in the top
PI quintile receive on average $396,000 in Medicare benefts, whereas those in the bottom receive
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$137,000, refecting the longer lifespans of those at the top. Those at the bottom of the distribution

receive more in the way of Medicaid benefts, however. Whereas those at the top of the distribution
on average receive $5,000 from Medicaid, those at the bottom receive $92,000.
Column (6) reports net benefts, which is the diference between Medicare and Medicaid benefts
received and total contributions paid. All income groups in our cohort are net benefciaries, on
average receiving a net beneft of $220,000. This is the amount of cross-cohort redistribution that
will be paid by younger cohorts. Diferent income groups within our sample cohort receive diferent
net benefts, however. Those at the top and at the bottom receive fewer net benefts than those in
the middle. Those at the top of the income distribution pay the most in the way of contributions,
whereas those in the bottom receive the least in the way of benefts. As a result, the amount of
within-cohort redistribution is -$67,000 for those at the top and -$25,000 for those at the bottom.
Lifetime

Lifetime

Net

Within-Cohort

Income

Contributions

Medicare

Medicaid

Total

Benefts

Redistribution

(1)

(2)

(3)

(4)

(5)

(6)

(7)

All

3,306

107

296

31

327

220

–

Top

8,003

248

396

5

401

153

-67

4th

4,082

131

354

9

362

231

11

3rd

2,445

82

321

15

337

255

34

2nd

1,310

47

272

36

308

261

41

906

33

137

92

229

196

-25

PI

Bottom

Medical Benefts After Age 65

Cross-Cohort Redistribution: 220
Notes: Amounts in 1000s of 2014 dollars.
Lifetime Income = earnings + capital income + Social Security + pension income.
Lifetime Contributions = Part B premia + Medicare payroll contributions + state and federal income taxes
devoted to Medicare/Medicaid. Net Benefts = Medicare + Medicaid benefts – Lifetime Contributions.

Table 4: Income, Tax Contributions and Medical Spending by Permanent Income Quintile
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Comparison to England and the NHS

An interesting comparison to the US Medicare and Medicaid systems is the National Health Service
(NHS) system in the United Kingdom. In the UK all households have access to health care benefts
from the NHS, which is (mostly) free at the point of use and (mostly) fnanced out of general tax
revenues. Yet not all households receive equal benefts from the NHS over their lifetime, and not all
households contribute equally in tax payments. Figure 5 presents evidence from survey data from
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ELSA matched to hospital records (Hospital Episode Statistics, HES). The fgure uses two measures
of socioeconomic status: education level and local income in the area the individual lived. It shows
that those at the bottom of the distribution received more health care benefts than those at the
top. Comparing this fgure to Figure 4 suggests there is more redistribution to the low income in

2500
1500

2000

Most deprived

1000

1500
1000

0

500

Local area deprivation quintile
Least deprived
Middle quintile

500

Low

Mean annual hospital costs (£, 2018/19 prices)

2500

Education level
Mid

2000

High

0

Mean annual hospital costs (£, 2018/19 prices)

the NHS than there is in the US Medicare and Medicaid systems.

50-54

55-59

60-64

65-69

Age

70-74

75-79

80-84

85-89

50-54

55-59

60-64

(a)

65-69

Age

70-74

75-79

80-84

85-89

(b)

Figure 5: Mean hospital spending by education group (left panel) and local deprivation level (right
panel)
Note: Hospital spending refers here to the sum of inpatient, outpatient and Accident & Emergency spending. Data
are pooled for waves 4–8 of ELSA (covering the period from 2008 to 2017). Source: Authors’ calculations using linked
ELSA-HES data.
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Conclusion

Using data from the Health and Retirement Study, matched to administrative Medicare, Medicaid,
and Social Security earnings records, we estimate the distribution of lifetime medical benefts received and the distribution of lifetime taxes paid for that care among the cohort who turned 65
in 1999-2004. The largest benefciaries of Medicare and Medicaid are those in the middle of the
income distribution, as these people live long yet pay modest taxes. In contrast, while those at the
top of the income distribution live the longest, they contribute more in taxes. Those at the bottom
contribute the least in taxes, but also have the shortest lifespans.
However, all income groups within the cohort we study are net benefciaries from Medicare and
Medicaid. On average this cohort’s lifetime tax contributions did not cover the medical benefts it
received. This defcit must be paid by younger cohorts. Thus, for the cohort we study, cross-cohort
redistribution is greater than within cohort redistribution.
25
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Appendix A: How Medicare is Financed
Medicare is divided into four parts: each part provides diferent coverage and is funded diferently.
Medicare originally was made up of Hospital Insurance (HI, Part A) and Supplemental Medical
Insurance (SMI, Part B). Since then it has expanded to include Medicare Advantage (Part C) in
which benefciaries can select an HMO or PPO plan ofered by private companies approved by
Medicare, and drug coverage (Part D), which was frst ofered in 2006. Part A is primarily fnanced
using a payroll tax, whereas Parts B and D are fnanced primarily out of general tax revenues. Part
C is fnanced out of transfers from both Parts A and B (and is thus funded through a combination
of general revenues and the payroll tax). We take these diferences in fnancing into account when
calculating how much each individual pays into the Medicare and Medicaid systems.
Part A covers inpatient hospital services and is funded primarily (88% in 2019) through a payroll
tax, with most of the rest coming from taxation of OASDI benefts. Part A is available for free if an
individual or their spouse contributed 40 quarters of payroll tax during the time they spent working.
Otherwise, they must pay a premium or, if they are low income, Medicaid pays the premium. As
a result, most people (99%) [https://www.cms.gov/newsroom/fact-sheets/2020-medicare-parts-bpremiums-and-deductibles] do not pay the Part A premium. As a result, we assume nobody pays
the Part A premium.
Part B mostly covers doctor ofce visits and other outpatient services. It is fnanced roughly
75% by general revenue and 25% by premia. Most Medicare benefciaries enroll in Medicare Part
B (in 2007, 93% of Medicare benefciaries were enrolled in both Parts A and B, 6% were enrolled
in Part A only, and 1% were enrolled in Part B only) and thus we assume everyone is enrolled in
both Part A and Part B.
Part B benefciaries pay a monthly premium ($144.60 is the standard monthly premium, though
some get their Part B premia paid through Medicaid). However, this premium can vary based on
a person’s circumstances.
Higher earning benefciaries have had to pay larger premia since 2007; this afects about 7% of
people with Medicare Part B. $491.60 is the maximum monthly premium for the highest income
individuals.
Medicaid also plays a role in what benefciaries have to pay for Medicare coverage. In 2016,
5.3 million traditional Medicare benefciaries (traditional Medicare refers to Parts A and B) were
“dual-eligibles” who received both full Medicaid benefts and payments of their Medicare premia
and cost sharing. An additional 1.7 million traditional benefciaries did not qualify for full Medicaid
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benefts but qualifed for the Medicare Savings Programs that cover Part A and/or Part B premia
and/or cost sharing.
We calculate the Part B premia in our HRS data using information on individuals’ earnings
and Social Security benefts. We assume that if a household receives Medicaid, Medicaid pays the
premium.
Part C (Medicare Advantage) can be chosen instead of Parts A and B and covers the same
services, in addition to possibly including prescription drugs and other additional benefts. Dualeligible Medicare and Medicaid benefciaries can also choose to enroll in Medicare Advantage plans.
In 2019, 34% of Medicare benefciaries were enrolled in a Medicare Advantage plan, which is a significant increase from 18% in 1999 (https://www.kf.org/medicare/fact-sheet/medicare-advantage/).
Part C monthly premia vary by plan and over time, averaging $36 in 2020. In addition to this,
the Part B premium must be paid as well because a person has to have coverage from Parts A and
B to join a Part C plan. The Medicare Advantage program is not separately fnanced; Medicare
payments to private health plans come from both the HI (Part A) trust fund and Part B account
of the SMI trust fund. The split in 2019 was 43% from Part A and the rest from Part B.
Part D covers prescription drugs and is fnanced by a combination of benefciary premia (16%
in 2019), general revenues (71% in 2019) and transfers from states (12% in 2019) in part to pay
for those enrolled in both Medicare and Medicaid. The Part D monthly premia average $30 for
2020, but also vary by plan and higher income benefciaries can pay up to $76.40 more than their
standard plan premia. In 2019, 70% of Medicare benefciaries were enrolled in Part D.10

Appendix B: Sample Selection
Our initial sample comprises 26,598 households. We drop households with multiple members of
the same sex, who share the same household but are not married, or who disagree about their marital
status, or who marry or divorce over the sample period. We also drop households where members
disagree about their marital status, problematic mortality transitions (e.g., who are reported to be
dead in one period and are reported to be alive subsequently), whose household head is under 65,
or whose Medicare and Medicaid records were not provided or were missing. Table 5 below denotes
the HRS sample size after every drop. Our fnal sample is 8,777 households comprising 122,878
household-year observations for the full estimation sample.

Appendix C: Our Medicare and Medicaid Data
10

Of this 70%, 39% had coverage through Medicare Advantage plans
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Selection criteria (reason for dropping)

Remaining sample size

Initial sample
Partnered households or marital status contradictions1
Inconsistent marital status transitions2
Wrong number of people in the household3
Attrition or missing values4
Household head under 65 in 2016
Incomplete Medicare and Medicaid records

26,598
23,936
23,270
22,270
18,709
12,530
8,777

Notes: Sample size refers to the number of unique households after a sample selection criteria.
1
We drop households who are partnered but not married, disagree about their marital status, or get divorced
over the sample period.
2
We drop households with the following transitions: never married to widowed, married to never married, never
married to divorced, or who get married.
3
We drop same sex households, married but spouse is not observed, unmarried people sharing a household.
4
Household drops out of sample for reasons other than death, or who have missing marital status, or who have
all sample members die before a second interview.

Table 5: Sample Selection

Medicare
We link restricted Medicare fee-for-service (Parts A and B), and Part D data for the years 19992012 (2006 was the frst year of Medicare Part D and thus our Part D data begins then) to our HRS
survey data for respondents who consent to allow their Medicare data to be linked to their survey
responses (approximately 64.7% percent of persons in our study population). These records have
enrollment information and data on reimbursement amounts for inpatient, skilled nursing facility,
home health, and hospice claims (Medicare Part A), as well as outpatient, carrier (non-institutional
medical care providers such as individual or group practitioners, non-hospital labs, and ambulances),
and durable medical equipment claims for Medicare Part B.
We use the Benefciary Annual Summary File (BASF), which summarizes information from
the micro-level claims records. The BASF contains annual information for each individual on the
number of months of enrollment in Medicare Part A, Part B, and non-fee-for-service plans. The
BASF has information on Medicare fee-for-service (FFS) claims. Almost all claims for services used
by non-FFS Medicare patients are not observed in these data, so all analyses exclude an individual
in a given year if they were enrolled in a non-FFS Medicare plan for more than half the year.
Medicare Part D is the prescription drug beneft. We calculate the Medicare Part D payment
using the Part D event fles. For the Part D contribution we subtract from the gross drug cost the
payments paid by the benefciary, family, or friends the drug costs at point of sale over the whole
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year.
Medicaid
As with the Medicare data, we are able to link restricted Medicaid data (CMS Medicaid Analytic
eXtract, or “MAX” fles) for those in the HRS who gave permission, allowing us to measure Medicaid
expenditures for the Medicaid benefciaries in our dataset for the years 1999-2012. The MAX fles
contain personal summaries (which contain eligibility, enrollment, and demographic information)
and claims data across four service categories (inpatient, long-term care, prescription drugs, and
other services). Other services include a variety of services (e.g., physician services and lab work)
that do not ft under the other three service categories. The inpatient, long-term care, prescription
drugs, and other services fles contain the primary variable of interest, “Medicaid Payment Amount,”
which is the total amount of money paid by Medicaid for a particular service. We sum over all the
claims for all the diferent service categories for a particular individual in each year.

Appendix D: Imputing Missing Medical Expenditures
Our goal is to measure all medical spending: the variable Mit in equation (6) of the main text
is defned to include out-of-pocket spending, Medicare and Medicaid payments, and private and
other public (such as Veterans Administration benefts, and care provided by local and state health
departments) insurance payments. While the HRS includes information on out-of-pocket spending
and can be linked to Medicare and Medicaid payments, it does not include Medicare Part C, private,
or other public insurance payments. In this appendix we describe how we use data from the Medical
Expenditure Panel Survey (MEPS) to impute these payments in the HRS. Although the MEPS has
extremely high quality information on all payors for all household members, it lacks the long-panel
dimension of the HRS. Our imputation procedures allows us to exploit the best of both datasets.
Our imputation procedure has two steps. First, we use the MEPS to infer private and other
public insurance payments, conditional on variables that are observed in both datasets. Second,
we impute private and other public insurance payments in the HRS data using a conditional mean
matching procedure (which is a procedure very similar to hot-decking).
First Step of Imputation Procedure
We use the MEPS to infer payments of other payors, conditional on the observable variables
that exist in both the MEPS and the HRS datasets.
Let i index individuals in the HRS and j index individuals in the MEPS. Defne Mitobs as out of
pocket, Medicaid, and Medicare (Part A, B, and D, but not Part C) payments which are observed in
both the HRS and MEPS datasets, Mitmiss as the components of medical spending that are missing
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in the HRS but observed in the MEPS, and Mit = Mitmiss + Mitobs as total medical spending. To
impute Mitmiss , which is missing in the HRS, we follow David et al. (1986), French and Jones (2011),
and De Nardi et al. (2021) and use a predictive mean-matching regression approach. There are two
steps to our procedure. First, we use the MEPS data to regress Mitmiss on observable variables that
exist in both datasets. This regression has an R2 statistic of 0.30 for Medicare Part C, 0.15 for
private insurance payments and 0.18 for other payors. Second, we impute Mitmiss in the HRS data
using a conditional mean-matching procedure, a procedure very similar to hot-decking.
First, for every member of the the MEPS sample, we regress the variable of interest M miss on
miss = z β + ε . Second, for each individual j
the vector of observable variables zjt , yielding Mjt
jt
jt

\
miss = z β,
ˆ and for each member of the sample
in the MEPS we calculate the predicted value M
jt
jt
miss − M
\
\
miss . Third, we sort the predicted value M
miss into
we calculate the residual εbjt = Mjt
jt
jt

deciles and keep track of all values of ε̂jt within each decile. We use this procedure separately to
impute Medicare Part C benefts, private payments, and other payments.
In practice we include in zjt a fourth-order age polynomial, marital status, gender, self-reported
health (=1 if self reported health is good, very good, or excellent), race, visiting a medical practitioner (doctor, hospital or dentist), out-of-pocket medical spending, education of head (high school,
some college, college), death of an individual, and total household income. We estimate this regression two times: once for the privately insured, and once for other payors.
Because the measure of medical spending in the HRS is medical spending over two years, we
divide HRS out-of-pocket medical spending by 2 and assume that medical spending is equal across
the two years.
Second Step of Imputation Procedure
[
For every observation in the HRS sample with a positive Medicaid indicator, we impute M
edit =
b using the values of βb estimated from the MEPS. Then we impute εit for each observation of
zit β,
[
this subsample by fnding a random observation in the MEPS with a value of M
edjt in the same
[
[
decile as M
edit , and setting ε̂it = ε̂jt . The imputed value of M edit is M
edit + ε̂it .
As David et al. (1986) point out, our imputation approach is equivalent to hot-decking when the
“z” variables are discretized and include a full set of interactions. The advantages of our approach
over hot-decking are two-fold. First, many of the “z” variables are continuous. Second, to improve
ft we use a large number of “z” variables. We fnd that adding extra variables is very important
for improving ft when imputing payments. Because hot-decking uses a full set of interactions, this
would result in a large number of hot-decking cells relative to our sample size. Thus, in this context,
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hot-decking is too data intensive.
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Appendix E: Validating the Administrative Medical Spending Data
Here, we examine in greater detail the accuracy of the administrative medical spending data,
as well as the out-of-pocket spending found in the AHEAD cohort of the HRS, comparing them to
data from the Medicare Current Benefciary Survey (MCBS) and Medical Expenditure Panel Survey
(MEPS). See De Nardi, French, and Jones (2016) and De Nardi et al. (2016) for more details of the
MCBS data and for example Nicholas et al. (2011) for details of the HRS linked data.
The MCBS is a nationally representative survey of Medicare benefciaries, consisting of Disability
Insurance recipients and Medicare recipients aged 65 and older. The survey contains an over-sample
of benefciaries older than 80 and disabled individuals younger than 65. Respondents are asked about
health status, health insurance, and health care spending (from all sources). The MCBS data are
matched to Medicare records, and medical spending data are created through a reconciliation process
that combines information from survey respondents with Medicare administrative fles. As a result,
the survey is thought to give extremely accurate data on Medicare payments and fairly accurate
data on out-of-pocket and Medicaid payments. As in the HRS survey, the MCBS survey includes
information on those who enter a nursing home or die. Respondents are interviewed up to 12 times
over a 4 year period. We aggregate the data to an annual level. In both samples, we applied only
modest sample selection restrictions. The key sample selection issue shown in Table 5 is that in the
HRS we drop households with missing or erroneous Medicare or Medicaid records.
Table 6 compares distributions of total, out-of-pocket, Medicare, and Medicaid payments between the MCBS and the HRS data. In the table medical spending in the HRS is at an individual
level (rather than household) to be comparable with the MCBS, which only has individual level
data. Medical spending is higher in our HRS sample than in the MCBS sample. Furthermore, this
higher level of spending is driven by higher out-of-pocket spending, Medicare, and Medicaid spending. These diferences potentially are an advantage of the HRS data since, as noted in De Nardi
et al. (2016), the MCBS clearly understates aggregate Medicare and especially Medicaid spending, potentially due to the issue that the MCBS does not have administrative data on Medicaid
spending, and thus relies heavily on imputation.
The next set of benchmarking exercises that we perform is for out-of-pocket medical spending,
Medicaid recipiency and income between the AHEAD cohort of the HRS and MCBS. For both
the HRS and MCBS, we restrict the sample to singles (over the sample period) who meet the
HRS/AHEAD age criteria (at least 70 in 1994, 72 in 1996, ...) and who are not working over the
sample period. Because the MCBS sample lacks spousal information, for this analysis we focus
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All
95-100%
90-95%
70-90%
50-70%
0-50%

Total Spending
Percentiles

Total Spending
Percentiles
All
95-100%
90-95%
70-90%
50-70%
0-50%

7,720
67,560
28,370
10,280
2,980
550

100
43.7
18.4
26.6
7.7
3.5

MCBS
Average
Percentage
Expenditure
of Total

1,896
33,773
4,092
230
0
0

100
89.1
10.8
0.2
0
0

HRS
Average
Percentage
Expenditure
of Total

1,320
24,980
1,360
10
0
0

100
94.7
5.2
0.1
0
0

MCBS
Average
Percentage
Expenditure
of Total

Medicaid

MCBS
Average
Percentage
Expenditure
of Total
2,740
100
26,930
49.1
6,700
12.2
2,920
21.3
1,360
9.9
420
7.6

OOP
HRS
Average
Percentage
Expenditure
of Total
3,825
100
45,643
59.6
8,619
11.3
3,480
18.2
1,394
7.3
178
3.6

Table 6: Individual Medical Spending Percentiles: HRS versus MCBS

100
37.6
18.4
30.4
8.9
4.7

HRS
Average
Percentage
Expenditure
of Total
11,343
85,268
41,731
17,251
5,031
1,076

MCBS
Average
Percentage
Expenditure
of Total
14,120
100
97,880
34.6
48,890
17.3
20,540
29.1
7,750
11
2,250
8

Medicare

HRS
Average
Percentage
Expenditure
of Total
17,091
100
114,238
33.4
59,000
17.3
26,870
31.4
9,025
10.6
2,502
7.3

Total Spending

Income
Quintile

Total
Income

Top
4th
3rd
2nd
Bottom

33,580
19,290
15,500
10,290
7,740

HRS/AHEAD Data
Out-ofAnnuity
pocket
Medicaid
Income Expenses Recipiency
26,300
14,390
10,900
8,270
4,820

7,000
6,360
5,050
4,270
2,550

3.0
5.6
11.0
28.1
60.9

Total
Income
44,150
19,710
13,740
10,020
6,750

MCBS Data
Out-ofpocket
Medicaid
Expenses Recipiency
8,020
7,300
6,470
5,340
4,050

5.4
8.0
15.5
41.8
69.9

Source: Table A.2 of De Nardi, French, and Jones (2016).
Notes: Calendar years 1996-2010, for those age 72 and older in 1996.

Table 7: Income, Out-of-pocket Spending, and Medicaid Recipiency Rates: HRS versus MCBS

only on singles. We use the De Nardi, French, and Jones (2016) measure of permanent income and
construct a measure of permanent income that is the percentile rank of total income over the period
we observe these individuals (the MCBS asks only about total income). The frst four columns of
Table 7 show sample statistics from the full HRS/AHEAD sample while the fnal three columns
of the table shows sample statistics from the MCBS sample. The frst statistics we compare are
income. Total income in the HRS/AHEAD data (including asset and other non-annuitized income)
lines up well with total income in the MCBS data, although income in the top quintile of the MCBS
is higher than in the HRS/AHEAD. Next, we compare out-of-pocket medical spending in the MCBS
and HRS/AHEAD. Out-of-pocket medical spending (including insurance payments) averages $2,360
in the bottom PI quintile and $6,340 in the top quintile in the HRS/AHEAD. In comparison, the
same numbers in the MCBS data are $3,540 and $7,020. Overall, out-of-pocket medical spending in
the MCBS and HRS/AHEAD are similar, which may be surprising given that the two surveys each
have their own advantages in terms of survey methodology.11 The share of the population receiving
Medicaid transfers is also very similar in the HRS/AHEAD and MCBS. Sixty-one percent and 70
percent of those in the bottom PI quintile are on Medicaid in the the HRS/AHEAD and MCBS,
respectively. In the top quintile, 3% of people are on Medicaid in the HRS/AHEAD whereas 5%
are in the MCBS.

11
There are more detailed questions underlying the out-of-pocket medical expense questions in the HRS, including
the use of “unfolding brackets”. Respondents can give ranges for medical expense amounts, instead of a point estimate
or “don’t know” as in the MCBS. The MCBS has the advantage that forgotten medical out-of-pocket medical expenses
will be imputed if Medicare had to pay a share of the health event.
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Appendix F: Our Lifetime Earnings Data
We link restricted Social Security Administration (SSA) earnings data for the years 1951-2013 to
our survey data for HRS respondents who consented. In this appendix we describe our earnings data
and how we handle it. We can combine husbands’ and wives’ earnings records to create household
earnings. In addition, we also have earnings records of deceased spouses through the Deceased
Spouse Earnings fle.
The SSA earnings data are used to calculate Social Security benefts, and are thus of high quality,
with little measurement error or attrition. However, for much of the sample period, earnings were
taxable only up to a cap. We describe these issues, as well as how these issues are addressed, below.
A longer description of the data, and how the data are handled, is described in Fang (2018).
Earnings can be broken down into Social Security “covered earnings” or “noncovered earnings”,
where covered earnings refers to earnings in a sector of the economy where workers make mandatory
Social Security contributions. Our data only includes covered earnings. We have covered earnings
data for wage earners in commerce and industry, non-farm and non-professional self-employed workers from 1951. Between 1955 and 1966 more groups were covered, such as farm and professional
self-employed workers. Currently the great majority of all workers are covered apart from some
workers in state government.
The raw covered SSA earnings data are top-coded at the taxable maximum in earlier years.
This is because only summary earnings records, which come from Social Security contributions,
were available between 1951 and 1977; detailed records, which use information from W-2 and 1040
Schedule SE records, have been available since 1978. Thus after 1978 we have non-top-coded
earnings information for employed indivduals, although for self-employed individuals the data are
top-coded until 1994.12 Between 1978 and 1993 the nearest neighbor matching method was used to
impute self-employment earnings, and since 1994, self-employment earnings can be treated as not
being top-coded.
SSA earnings records were “masked” if above $250,000, and placed in intervals of between
$250,000 and $300,000, $300,000 and $500,000, and above $500,000. Masked values were dealt with

using the methods below.
In 1951 the taxable maximum was $3,600 and earnings above this level are top-coded. This
maximum rose more rapidly than earnings prior to 1978, making it less of an issue over time.
12

For some individuals who were initially interviewed in 1992 or 1993, the HRS only has their summary records
until 1991 or 1992 because they consented when initially interviewed but then never re-consented.
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During this period, information on quarters of coverage (QC) is also available and helps us to
impute top-coded earnings. Individuals could earn up to four QC a year. The “pattern of coverage”
reports which quarter the taxable maximum was hit. Assuming that earnings are equal in all
quarters, we can infer earnings up to four times the taxable maximum–above that level we will only
know that their earnings exceeded the taxable maximum in the frst quarter of the year. Earnings
between the taxable maximum and 200% of the taxable maximum are imputed using a log-normal
distribution and a Pareto distribution is used beyond that.
For those who reached the taxable maximum through self-employment earnings alone and also
those individuals who never re-consented after 1992/3, the “pattern of coverage” was not available
and a diferent imputation strategy was used.
As described below, wage earners and the self-employed face diferent payroll tax rates. We
cannot distinguish earnings from covered employment and covered self-employment when an individual has earnings from both prior to 1977, meaning that we may miss self-employment earnings
for those whose employment earnings exceeded the taxable maximum. However, according to the
Census Bureau’s Consumer Income Publication Series, in 1966, only 5.7% of all families earned
only self-employment income and 10.6% of all families’ earnings included both self-employment and
wages or salary income. For most of those families, self employment income is likely not top-coded,
and if it is, the amount is likely modest. Therefore, we assume that the self employed pay the
employed tax rate before 1977.

Appendix G: Calculating Tax Payments in the HRS Data
As noted in Appendix A, the Medicare Part A is fnanced using a payroll tax, whereas Part B
Part D and Medicaid are fnanced through general revenues from federal and state taxes. Below we
describe how we calculate tax payments.

Capital income, Pension and Social Security Beneft Predictions
We observe capital income, pension and Social Security benefts during the HRS survey years
1992-2016. For the year intervals 1951-1991 and 2017-2066, we predict them using a fxed-efect
regression. In the regression we control for household age using a third order polynomial and for
marital status. These regressions have R2 statistics of 0.41 for Social Security benefts, 0.010 for
pension benefts and 0.002 for capital income.
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Payroll Taxes
Federal Insurance Contributions Act (FICA) taxes for Medicare Part A (Hospital Insurance) were
frst collected in 1966 and amounted to 0.7% of wages up to the taxable maximum, with employers
and employees each paying 0.35% of wages. We assume that the employer contribution is ultimately
borne by the worker. The payroll tax rate has increased over time, and is currently 2.9% with
employers and employees each paying 1.45% of wages. Prior to 1984 the self employed only had to
the employee part of the tax: afterwards they had to pay both the employee and employer shares.
Prior to 1990 the Medicare and Social Security taxable maximum was the same, and was $51,300 in
1990. In 1991 the taxable maximum for Medicare jumped to $125,000 whereas for Social Security it
rose with wage growth to $53,400. In 1994 the taxable maximum was repealed; Medicare Hospital
Insurance payroll taxes are now paid on all wage and self-employment earnings. We apply these
tax rates, τtm , to earnings histories in each year t to calculate payroll tax contributions.

Federal and State Taxes
We calculate federal taxes, Titf , for individual i in each year t using TAXSIM (Feenberg and Coutts
1993) based on household income, marital status, number of taxpayers over age 65, and number
of dependents. We assume that all households take the standard deduction, and for years after
2023 we apply the 2023 income tax schedule. For household income we include all earnings, selfemployment, capital, pension and Social Security income. As we lack data on other components
of income that incur federal tax, such as rental or dividend income, we understate tax payments.
We assume that taxes to pay for Medicare and Medicaid are paid on a Pay as You Go basis, and
thus today’s taxpayers pay for today’s benefciaries. As such, we assume that a share ψtf of federal
taxes in year t go to paying Medicare Part B and D, and and also Medicaid. To do this for each
year we calculate ratio of expenditures on these programs for the over 65s to federal tax collections.
For state taxes, Tits , we also apply TAXSIM using the same method as above. Although we do not
know the state in which each household resides, we know the household’s Census Bureau division
after 1990. If we do not observe the Census Bureau division for a household in a given year (e.g.,
before 1990), we assign a household to the census division in which they reside the frst time they
are observed in the data. After calculating the possible state tax for each household if they resided
in every state in their census division, we calculate their state tax as a weighted average of the state
taxes for states in their census division, based each state’s population size in 1960. TAXSIM only
produces state tax information from 1977 onwards. As with the federal tax calculations, we assume
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that a share ψts taxes in year t go towards paying Medicaid for those over 65.
In practice, as we are working with restricted data, we do not run TAXSIM directly on our data
but instead on a large simulated dataset with millions of observations. The resulting federal and
state taxes from the simulated data are then merged to the restricted dataset based on the listed
characteristcs.

Appendix H: Computing Permanent Income
We assume that log income after age 65 evolves as following
ln yit = κ(t, fit ) + h(Ii ) + ωit ,

(14)

where κ(t, fit ) is a fexible function of age t and family structure fit (i.e., couple, single man or
single woman) and ωit represents measurement error. The variable Ii is the household’s percentile
rank in the permanent income (PI) distribution. Since it is a summary measure of lifetime income
at retirement, it should not change during retirement and is thus a fxed efect over our sample
period. However, income could change as households age and potentially lose a family member.
To estimate equation (14) we frst estimate the fxed efects model
ln yit = κ(t, fit ) + αi + ωit ,

(15)

which allows us to obtain a consistent estimate of the function κ(t, fit ). Next, note that as the
number of time periods over which individual i is observed (denoted Ti ) becomes large,
Ti
Ti




1 X
1 X
ln yit − κ(t, fit ) = αi = h(Ii ).
plim
ln yit − κ(t, fit ) − ωit =
Ti
Ti →∞ Ti
t=1

(16)

t=1

We thus calculate the PI ranking Ii for every household in our sample by taking the percentile
P i
ranking of T1i Tt=1
[ln yit − κ
b(t, fit )], where κ
b(t, fit ) is the estimated value of κ(t, fit ) from equation
(15). Put diferently, we take the mean residual per person from the fxed efects regression (where
the residual includes the estimated fxed efect), then take the percentile rank of the mean residual
per person to construct Ii .
However, we also need to estimate the function h(Ii ), which converts the estimated index Ii
back to a predicted level of income that can be used in the dynamic programming model. To do
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this we estimate the function
[ln yit − κ(t, fit )] = h(Ii ) + ωit

(17)

where the function h(Ii ) is a fexible functional form. In practice we model κ(t, fit ) as a third order
polynomial in age, dummies for family structure, and family structure interacted with an age trend.
When estimating equation (17), we replace the function κ(t, fit ) with its estimated value. We model
h(Ii ) as a ffth order polynomial in our measure of permanent income percentile.
Given that we have, for every member of our sample, t, fit , and estimates of Ii and the functions
κ(., .), h(.), we can calculate the predicted value ln ybit = κ
b(t, fit ) + b
h(Ibi ). It is ln ybit that we use when
simulating the model for each household. A regression of ln yit on ln ybit yields a R2 statistic of 0.74,
suggesting that our predictions are accurate.

Appendix I: Estimation Methodology
We estimate the model using the extension of the E-M algorithm employed by Arellano, Blundell, and Bonhomme (2017). Recall from equations (10)-(12) that the functions Qη (τ | ηi,t−1 , ai,t ),
�

Kη
K1
ε
Q1 (τ | ai,1 ) and Qε (τ | , ai,t ) are constructed from Hermite polynomials {hηk (·)}k=0
, {h1k (·)}k=0
, {hkε (τ )}K
k=0 ,
K

η
K1
Kε
using the coefcient functions {βkη (τ )}k=0
, {βk1 (τ )}k=0
, and {βkε (τ )}k=0
. The coefcient functions

L
are in turn modeled with a set of polynomial splines defned over the intervals [τℓ−1 , τℓ ] ℓ=1 , along

with two tail functions for (0, τ1 ] and [τL , 1). It is the parameters for these weighting functions that
we must estimate.
Defne θ as the vector of all parameters (the β parameters) in equations (10)-(12). The procedure
to estimate θ is as follows. Starting with the vector θˆ(0) we iterate between the following two steps
until θˆ(j) converges:
(s)

1. Stochastic E-Step: For each observation i, draw S values of ηi
�

(j)
(j)
(j)
derived from Q1 (·), Qη (·) and Qε (·) .

(s)
(s)
= (ηi1 , ..., ηiT ) from fi ( . ; θˆ(j) )

2. M-step: Find

argmin
η
η
βℓ0
,...,βℓK
η

N X
S X
T
X

ρτℓ

(s)
ηit

−

i=1 s=1 t=2

Kη
X

!
η
βℓk

(s)
hkη (ηi,t−1 , ait )

,

ℓ = 1, ..., L.

k=1

We use ρτ (·) to denote Koenker and Bassett Jr’s (1978) quantile “check” function. To identify
the full set of splines, this function is minimized at each point ℓ on the grid over τ . The
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coefcients for εi,t and ηi,1 likewise solve
N X
S X
T
X

argmin
ε ,...,β ε
βℓ0
ℓKε

(s)

ρτℓ mi,t − ηit −

i=1 s=1 t=1
N X
S
X

argmin
1 ,...,β 1
βℓ0
ℓK

i=1 s=1

1

ρ τℓ

Kε
X

!
ε
βℓk
hεk (ait ) ,

ℓ = 1, ..., L,

k=1
(s)
ηi1

−

K1
X

!
1 1
hk (ai1 ) ,
βℓk

ℓ = 1, ..., L.

k=1

There are also moment conditions related to the tails of the distribution: See Arellano, Blundell, and Bonhomme (2017). These estimates give us θˆ(j+1) .
For longer panels, settings with unbalanced data, or when estimating more complicated models
the E-step can perform poorly when using standard samplers (e.g., Metropolis-Hastings). We
therefore employ the sequential Monte-Carlo (SMC) approach implemented by Arellano et al. (2021).
Comprehensive surveys of these methods can be found in Doucet et al. (2009) and Creal (2012).
Step 1: SMC Stochastic E-Step to sample from f (ηi,1 , ..., ηi,T |YiT , aTi ). For i = 1, ..., N :
At t = 1 :
(s)

1. Sample S particles η1 ∼ g(η1 |y1 ), where g(·) is the closed form posterior from the Gaussian
model.
(s)

(s)

2. Compute the weights w1 (η1 ) and apply a self-normalization to obtain W1
(s)

(s)

∝ w1 (η1 ) .

(s)

3. If V ar(W (s) ) exceeds some threshold, re-sample {W1 , η1 } to obtain S equally weighted
particles.
At t > 1 :
(s)

1. Sample S particles ηt

∼ g(ηt |ηt−1 , yt ), where g(·) is the closed-form posterior from the

Gaussian model.
(s)

(s)

2. Compute the weights w(η1:t ) and apply a self-normalization to obtain Wt
(s)

(s)

(s)

∝ wt (η1:t ).

3. If V ar(W (s) ) exceeds some threshold, re-sample {Wt , ηt } to obtain S equally weighted
particles.
4. If t = T , sample P particles to be used in the M -Step. (We set P = 1).
Step 2: M-Step
1. Update quantile regressions for equations (10), (11) and (12) .
2. Update Laplace parameters for the tail functions.
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3. Update parameters for Gaussian proposal distributions.

Appendix J: Demographic Transition Probabilities in the HRS
Let hsi,j,t ∈ {0, 1, 2, 3} denote death (hsi,j,t = 0) and the 3 mutually exclusive health states of
the living (nursing home = 1, bad = 2, good = 3, respectively) of household member j, household
i, time t. Let xi,j,t be a vector that includes a constant, age, permanent income, gender, and powers
and interactions of these variables, and indicators for previous health and previous health interacted
with age. Our goal is to construct the likelihood function for the transition probabilities.
Using a multivariate logit specifcation, we have, for q ∈ {1, 2, 3}, r ∈ {0, 1, 2, 3}, we rewrite
equation (13) as
πq,r,t = Pr( hsi,g,t+1 = r| hsi,g,t = q; xi,g,t )
. X
γqs ,
= γqr
s∈{0,1,2,3}

γqs ≡ 1,

s=0

γqs = exp (xi,g,t βs ) ,

s ∈ {1, 2, 3},

where {βs }3s=1 are coefcient vectors for each future state s and xi,g,t is the explanatory variable
vector which depends on the current state q.

Appendix K: Additional Tables and Figures
Table 8 shows the coefcient estimates for the logit model of Medicaid receipt.
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(1)
log(total medical spending)
log2 (total medical spending)
PI percentile
PI

percentile2

Age
Age2
Age3

(2)

0.470

0.453

(0.07)

(0.11)

-0.006

-0.007

(0.004)

(0.006)

-13.012

-10.471

(0.43)

(0.67)

2.982

1.502

(0.23)

(0.38)

-1.021

-2.136

(0.25)

(0.46)

0.0105

0.0243

(0.003)

(0.006)

-3.55×10−5

-9.15×10−5

−5

(1.25×10

Woman in bad health
Man in bad health
Woman in nursing home
Man in nursing home
Couple
Single male
log(total medical spending)×PI
Couple×PI

)

(2.26×10−5 )

0.622

0.414

(0.03)

(0.05)

0.564

0.535

(0.04)

(0.07)

1.026

0.621

(0.05)

(0.09)

1.570

1.148

(0.08)

(0.14)

-0.255

-0.019

(0.06)

(0.11)

0.612

0.624

(0.03)

(0.06)

0.577

0.607

(0.04)

(0.07)

-1.806

-1.532

(0.15)

(0.24)

Lagged Medicaid receipt

5.972
(0.06)

Constant
Observations
Pseudo-R2

28.261

55.749

(6.90)

(12.39)

89,604
0.349

89,604
0.739

Table 8: Probability of Receiving Medicaid for over 65s, Logit Specifcation
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46

Lifetime Income and Contributions
Income Earnings Contributions
3,306
1,632
107
8,003
3,824
248
4,082
2,300
131
2,445
1,437
82
1,310
641
47
906
56
33
Total
536
611
587
561
516
406

Medical Spending (Age 65+)
Medicare Medicaid OOP+Private+Other
296
31
177
396
5
204
354
9
216
321
15
212
272
36
176
137
92
79

Table 9: Earnings, Tax Contributions and Medical Spending (in 000s) by Permanent Income Quintile

PI
All
Top
4th
3rd
2nd
Bottom

