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Abstract

Using data from the Health a.nd@etirement Survey (HRS) and Assets and Health
Dynamics of the Oldest Old (AHEAD), this paper presents estimates of the stochastic
process that determines both the distribution and dynamics of health costs. We find
that the data generating process for health costs is well represented by an ARMA(1,1).
Furthermore, innovations to this process are close to lognormally distributed. In any
given year, .1% of our sample receives a health cost shock that costs at least $80,000 in
present value. Lastly, we discuss the accuracy of numerical solutions when integrating

over health costs. Assuming lognormailty, simple approximation rules work well.
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1 Introduction

The stochastic process that determines the distribution and dynamics of health costs is
an essential input into understanding savings and retirement decisions.! Empirical estimates
of health cost processes, however, are relatively scarce. This paper adds to the literature
by simultaneously considering both the cross-sectional distribution and persistence of health
costs. Using panel data from the Health and Retirement Survey (HRS) and Assets and
Health Dynamics of the Oldest Old (AHEAD) surveys, we provide new evidence on both the
cross-sectional distribution and the intertemporal persistence of health costs.

With the exception of Feenberg and Skinner (1994), no one has estimated a parameterized
model of the time series properties of health costs.?2 Feenberg and Skinner find that health
costs are well represented by an ARMA(1,1) process. They further find that the parameters
of this process are such that a $1 increase in current health costs will generate an additional
$2.65 of lifetime health costs. Hubbard, Skinner, and Zeldes (1994, 1995) use Feenberg
and Skinner’s estimates to calibrate a life cycle model of consumption and savings under
uncertainty. They find that health cost uncertainty has a small effect on savings decisions,
but that labor income risk has a large effect. This occurs because the dollar value of a one
standard deviation shock to health costs is much smaller than a one standard deviation shock
to labor income.®

Hubbard, Skinner, and Zeldes (1994, 1995) adopt Feenberg and Skinner’s assumption
that the innovations to the health cost shock process are lognormally distributed. Rust and
Phelan (1997), however, argue that the right tail of the health cost distribution is better
represented by a Pareto distribution. A Pareto distribution has a fatter right tail than a

lognormal distribution, allowing a higher possibility of catastrophic health costs. Although

'Examples include studies of saving by Hubbard, Skinner, Zeldes (1994, 1995) and Palumbo (1999), and
studies of retirement by Rust and Phelan (1997), Blau and Gilleskie (2001) and French and Jones (2002).

2Fichner et al. (1998) model health costs non-parametrically, claiming that health cost shocks are “not well
approximated very well by any analytic solution.” However, we find that a lognormal distribution approximates
the data very well.

3Using estimates from Hubbard, Skinner, and Zeldes, Kimball (1994) infers that the capitalized value of a
one standard deviation shock to health costs is about i%th as large as the capitalized value of a one standard
deviation shock to labor income.




a one standard deviation shock to health costs may be small vis a vis lifetime resources, a
catastrophic health cost shock may be quite large. Using a Pareto distribution may be one of
the reasons that Rust and Phelan find that health insurance has large effects on retirement
behavior. However, Rust and Phelan do not formally test their Pareto specification against
a lognormal alternative, and they do not account for the autocorrelation of health costs.
We begin our analysis by comparing the cross-sectional distribution of these two models.
Using the likelihood ratio test developed by Vuong (1989), we conclude that in most cases,
a lognormal specification usually fits the right tail of the distribution (i.e., the top quintile)
better than a Pareto specification. Having concluded that the lognormal is an appropriate
distribution for modeling catastrophic health cost shocks that potentially drive economic be-
havior, we then turn to our primary goal of modeling the entire cross-sectional distribution
of health costs. Since catastrophic health cost shocks are potentially important for explain-
ing behavior, we match the mean and the 99.5th percentile of the lognormal model to the
empirical distribution. This approach fits the top 20% of the empirical distribution also.
Fitting the cross-sectional distribution, however, is not the only criterion for picking be-
tween distributions. We consider an additional criterion. The “best” distribution should be
consistent with the time series properties of the empirical health cost process. If health costs
are persistent over time, a good distribution for modeling them must capture this. Unfor-
tunately, the Pareto distribution is an intractable distribution for modeling the dynamics of
health costs. This is because there is no stochastic process for which the sum of innovations
over time maps into a cross sectional Pareto distribution. Fortunately, however, the lognor-
mal distribution has desirable properties for modeling dynamics. It is tractable because an
ARMA process with lognormal innovations is distributed lognormally in the cross-section.
Estimating the time series properties of health costs, we find that health costs are reason-
ably well represented by an error components model that includes both an AR(1) component
and a white noise component. The AR(1) component is quite persistent, so that health cost

shocks can have a large impact on lifetime wealth. Assuming lognormal innovations, in any

given year 0.1% of all households in our sample receive a health cost shock that exceeds




$80,000 in present value.

Because the estimates in this paper are useful inputs into dynamic models of savings and
retirement behavior, which most often must be solved numerically, we also provide a practical
guide to using the estimates in this paper. For example, a common way of analyzing dynamic
models with uncertain health costs is to work with value functions. In these problems one

must compute the expectation

/ V(A — he) f(hc)dhe )

where V(.) is a value function, A is assets and f(.) is the pdf of health costs. In most cases, this
integral must be solved with numerical techniques. To evaluate the quality of these techniques,
we specify a simple value function and find its expectation under different approaches. First,
we integrate over the entire empirical distribution of health costs—we average across the
36,970 observations in our sample. With so many observations, this approach is very accurate.
It is also slow. Second, we integrate over health costs using estimates from our lognormal
model of health costs and quadrature-based techniques. Quadrature techniques evaluate
integrals at a finite number of points. Although quadrature is much faster, it will be accurate
only if the health cost distribution is correctly specified. The problem is compounded by
curvature in V(.). A quadrature method that matches, say, the expected value of health
costs, may not match the expectation of V(4 — he). We find, however, that combining low-
order quadrature with our estimated process yields a fairly precise approximation. Our results
imply that assuming a lognormal distribution for health costs is reasonable. Paradoxically,
we find that in some cases decreasing the number of quadrature nodes improves the numerical
approximation.

The rest of the paper is organized as fo]iows. In section 2, we describe the health cost
data contained in the HRS and AHEAD surveys, and compare it to some aggregate statistics.
In section 3, we examine the cross-sectional distribution of health costs more carefully, and

in section 4, we consider the correlation of health costs across time. In section 5, we see




whether our distributional assumptions lead to accurate numerical integration. We conclude

in section 6.

2 Data

We use the Health and Retirement Survey and Asset and Health Dynamics Among the
Oldest Old (HRS/AHEAD) data. These data contain detailed information on health costs,
health ingurance, and demographics.

The HRS is a sample of non-institutionalized? individuals aged 51-61 in 1992. Spouses of
these individuals were also interviewed, regardless of the spouse’s age. The HRS includes both
a nationally representative core sample as well as additional samples of blacks, Hispanics, and
Florida residents. A total of 12,652 individuals in 7,608 households were interviewed in 1992.
These individuals were again interviewed in 1994, 1996, 1998, and 2000, creating up to five
separate responses for each individual.

The AHEAD is a nationally representative sample of non-institutionalized individuals
aged 70 and older in 1993. Researchers at the University of Michigan collect these data, the
same researchers who collect the HRS data. As a result, the two data sets have similar sample
designs. Like the HRS, spouses of AHEAD respondents are also interviewed, regardless of age.
Also like the HRS, the AHEAD includes both a nationally representative core sample as well
ag additional samples of blacks, Hispanics, and Florida residents. A total of 8,222 individuals
in 6,047 households were interviewed in 1993. These individuals were again interviewed in
1995, 1998, and 2000, creating up to four separate respounses for each individual.

In 1998 and 2000 individuals in the HRS and AHEAD (as well as an additional sample
of older individuals) were asked the same questions. In the HRS and AHEAD waves before
1998, many of the questions asked were the same across the two datasets, allowing us to merge
the datasets together. Because the health insurance and health cost data are incomplete in

wave 1 of both datasets, we use waves 2 through 5 in the analyses below.

“Institutionalized individuals include individuals in nursing homes.




In order to assess the quality of the HRS/AHEAD data, we compare the means of several
key variables to aggregated per capita statistics. Table 1 presents means and standard devia-
tions of variables that measure health insurance coverage, health costs, health care utilization,
and demographic features.® To annualize the data, we divide the health cost and health care
utilization measures by the number of years since the individual was last interviewed—which

on average is two—or by two if the individual was never previously interviewed.

Variable Mean Std. Dev
annual bealth costs (in 1998 dollars) 2,454 4813
male head of household 0.62 0.49
married 0.47 0.50
age 67.21 10.58
none x (age <65) 092 .288
employer-provided x (age < 65) 0.32 0.47
private x (age < 65) 0.05 0.21
medicaid x (age < 65) 0.04 0.19
none x (age >65) 0.17 0.37
employer-provided x (age > 65) 0.15 0.36
private x (age > 65) 0.12 0.32
medicaid x (age > 65) 0.06 0.25
annual doctor visits 6.92 9.89
annual nursing home nights 3.79 33.67
annual hospital nights 1.59 5.76
N=36,970

Table 1: SAMPLE STATISTICS

The central variable of interest in this study is the level of health costs paid by the
household. For single households, this the individual’s health costs. For married households,
this is the sum of husband’s and wife’s health costs. Health costs are the sum of insurance
premia, drug costs, and costs for hospital, nursing home care, doctor visits, dental visits, and
outpatient care. For our sample, mean household health costs are $2,562 and mean health
costs for those aged 65 and older are $2,602. This compares to the US per capita average of
$2,831 for households headed by an individual aged 65 or older (United States, 2000).

Omne important reason why average health costs in the HRS/AHEAD data are below the

5For married households, insurance refers to the husband’s insurance. See French and Kamboj (2002) for
a fuller description of the construction of all of these variables.




national average is that individuals in the HRS/AHEAD spend far fewer nights in a nursing
home. Households headed by someone aged 65 or older spent 6.9 nights in a nursing home per
year in our sample versus 15.8 nights in the aggregate statistics (National Center for Health
Statistics, 1999).® Selden et al. (2001) find that 9% of total aggregate health costs and 13%
of costs paid out of pocket arise from nursing home visits. Because of the skewness of nights
spent in a nursing home, Palumbo (1999) argues that nursing homes are a significant source

of health cost uncertainty for the elderly.

3 Cross-Sectional Distribution

A critical aspect of health cost uncertainty is the possibility of catastrophic health cost
shocks. This means that in modeling the cross-sectional distribution of health costs, special
attention must be given to fitting the far right tail of the distribution. We thus proceed in
two steps, considering first the upper tail, and then considering the entire distribution.

Previous studies have identified two statistical models for the upper tail of the health cost
distribution. Feenberg and Skinner (1994) use the lognormal distribution.” This implies that

the density function for large health costs, f(.), is

1
1—@([lnhcr — u]/o)

f(nhe|lnhe > Inhc) = d([Inhe — y)/o), (2)

where: ® and ¢ are the standard normal cdf and pdf, respectively; u and ¢ are the mean and
standard deviation, respectively, of the untruncated distribution; and hcy, is the truncation

point used to define the upper tail. Rust and Phelan (1997) use the Pareto distribution,

%Because the HRS/AHEAD sample was drawn from the non-institutionalized population—which excludes
individuals in nursing homes—it is not surprising that the number of nights in a nursing home is lower in the
HRS/AHEAD sample than for the national average. Nevertheless, many HRS/AHEAD household members
do enter a nursing home after they were initially interviewed.

"While Feenberg and Skinner fit a lognormal ARMA process to their data, their approach automatically
implies that the upper tail of the cross-sectional distribution is truncated lognormal.




which has the density
g(helhe > her) = yhclhe= (47, (3)

A change of variables shows that if hc follows a Pareto distribution, its logarithm follows an

exponential distribution:
g(In he|Inhe > Inhey) = e Ymhe—lnhes] (4)

Choosing between the two models boils down to seeing whether logged health costs are better
modeled as following a truncated normal or an exponential distribution.

The two models can be compared formally with the likelihood ratio test developed by
Vuong (1989). Counsider an ii.d. sample of size N. Let Ly(%, ;5) and Ly(¥) denote the
sample log-likelihoods for the truncated lognormal and Pareto models, respectively, and define
wh =% E,I:’:l[]n f(lnhey; 1, ;ﬁ) — In g(In hcy;7))2. Since the two models at issue are strictly

non-nested, it follows from Vuong’s Theorem 5.1 that the statistic
Dy = N7'2[Ly(f,02) — LN ()] /wn (5)

will converge in distribution to a standard normal variable if the two models are equivalent.
On the other hand, if the lognormal model better represents the data generating process,
Dy will converge to infinity, and if the Pareto model is better, Dy will converge to negative
infinity.

Table 2 presents parameter estimates, log-likelihoods, and the p-values of Dy for all the
subsamples. Given the way the Vuong test statistic Dy has been constructed, a low p-value
should be taken as evidence in support of the lognormal specification, and a high p-value

should be taken as evidence in support of the Pareto specification. With one exception, the

data are truncated to exclude health costs below $4,000 for unmarried individuals and $6,000




for married couples.® For most of the truncated sﬁbsa.mples shown in Table 2, the truncated
lognormal model provides the better fit. The Pareto model does fit better, however, for some
of the subsamples, which are marked by a “**°

In practical terms, however, the differences are small. This is shown in Figure 1, which
applies a variant of Pareto’s law.!0 In particular, if health costs follow a Pareto distribution

with c¢df G(.),
In(1 — G(he)) = —y[Ilnhec — Inhey], _ (6)

so that the probability that health costs exceed hc is log-linear in hc. Figure 1 shows the
curve for In(1 — G(hc)) generated by the data, which we refer to as the “Pareto curve”. It
also shows the curves generated by the truncated lognormal and Pareto models, described
above, as well a “fitted” lognormal, described below. In the first panel, which shows curves for
individuals over 79 years old, the empirical Pareto curve bends down at higher income levels;
consistent with the Vuong statistic for that subsample, the lognormal distribution clearly
provides a better fit. In the second panel of Figure 1, which shows curves for agents in the
65-79 age group, the empirical Pareto curve remains straight. The two competing models,
however, appear to fit the data equally well; this, too, is consistent with the Vuong statistic,
which assigns a relatively small advantage to the Pareto model. In both panels, however, the
upper tail of the health cost distribution is well-approximated with a truncated lognormal

distribution.

8The gap in the truncation points reflects the $1,700 gap in average health costs for the two groups. When
considering the married and unmarried, we use a floor of $5,000. In addition, the truncation points for younger
(age < 65) individuals with privately-purchased insurance are set to $6,000 and $10,000 for unmarried and
married respondents, respectively. Because these individuals tend to have especially high health costs, the
usual truncation points are too low to isolate the upper tail of their health cost distribution. The better fit
of the lognormal model in this subsample is not a function of this higher truncation point. In fact, when the
truncation points are $4,000 or $6,000, the lognormal model is more likely to outperform the Pareto model.

®Fitting the truncated normal distribution proved especially difficult for these subsamples as well; the
likelihood function was too irregular to yield the exact maximum implied by first-order conditions. A look at
the underlying data suggests that the difficulties arise because these data are in fact well approximated by the
Pareto model.

19Gee Creedy (1977) for an interesting discussion of Pareto’s derivation.




Subsample N I 0?2 Ln(f,0%) 5§  Ly(¥) P-value(Dy)
Entire Sample 4591  2.84 3.71 -1850.8 1.81 -—-1861.3 0.0047
Age < 65, Unmarried
All* 579 —19.61 15.85 -225.8 1.84 —225.6 0.6954
Employer-Provided* 237 —16.07 12.04 —59.6 212 -59.3 0.8954
Privately-Purchased* 81  —15.57 11.98 -20.7 211 -20.5 0.9396
No Insurance 73 6.37 2.09 —43.3 149 —44.1 0.2009
Medicaid 34 7.15 1.44 —18.3 1.56 —18.8 0.2340
Medicare 54 5.29 3.49 —40.8 1.27 —41.2 0.2496
Ages 65-79, Unmarried
All* 494 -20.10 16.39 -—201.8 1.81 —200.9 0.9960
Employer-Provided* 110 —22.86 20.03 —57.5 1.61 —57.5 0.6883
Privately-Purchased* 201 —13.43 9.56 —26.9 239 -26.1 0.9872
No Insurance 5 8.63 1.31 —4.9 0.95 -5.2 0.2914
Medicaid* 40 —24.69 22.07 —22.2 1.56 —22.2 0.6872
Medicare* 138 —2392 21.74 —78.5 1.54 784 0.5695
Age > 79, Unmarried
Al 534 2.72 5.51 —402.5 127 —404.5 0.0848
Employer-Provided 117 6.51 3.40 —-112.8 1.02 -1147 0.1093
Privately-Purchased* 216 —24.05 21.59 -119.8 1.56 -—119.6 0.8464
No Insurance 4 890 0.24 -1.9 1.41 —-2.6 0.3060
Medicaid 56 8.25 1.14 —43.4 1.20 -46.0 0.0801
Medicare 141 6.86 2.35 -111.6 1.21 -113.9 0.0926
Age < 65, Married
All 1449  7.58 1.04 —472.6 193 —492.38 0.0009
Employer-Provided 709 -—-2.70 5.68 -160.9 217 —161.3 0.3296
Privately-Purchased 248 5.45 1.68 —4.6 266 —5.2 0.2838
No Insurance 158 8.17 0.88 —69.2 171 -73.1 0.0461
Medicaid 13 —4.41 8.45 —6.2 1.69 —6.2 0.4593
Medicare 47 2.97 3.83 —20.1 .77 —20.2 0.3673
Ages 65-79, Married
All* 934 -—12.82 9.46 -1224 239 -121.0 0.9788
Employer-Provided* 258 —12.97 9.54 ~35.3 238 345 0.9772
Privately-Purchagsed 456 —7.82  6.46 -1.7 267 7.8 0.4826
No Insurance 7 9.01 0.03 2.9 3.08 0.9 0.0443
Medicaid 30 -180 6.70 —13.5 1.73 -13.5 0.4393
Medicare* 184 -—-17.14 13.54 —58.2 1.98 -58.0 0.7962
Age > 79, Married
All 233 -9.44 1071 —96.7 1.79 —96.7 0.4127
Employer-Provided* 560 —16.64 13.00 —14.7 2.03 147 0.6535
Privately-Purchased 127 8.20 0.60 —-27.1 215 -=30.0 0.0932
No Insurance 1 NA NA NA NA NA NA
Medicaid 3 9.26 1.65 -3.4 080 3.7 0.4032
Medicare 52 1.15 7.23 —40.2 1.25 —40.3 0.3799

Table 2: PARAMETER ESTIMATES AND LIKELIHOOD RATIOS
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Figure 1: PARETO CURVES

Having concluded that the upper tail can be approximated by truncated lognormal, we
turn to the entire cross-sectional distribution of health costs. A nice property of a lognormal
specification for the entire distribution of health costs is that an ARMA process with lognor-

mal innovations generates a lognormal unconditional/cross-sectional distribution.!! Because

M1 health costs follow a stationary stochastic process, the unconditional distribution of an individual’s
health costs should be equivalent to the cross-sectional distribution of the population.
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the goal of this paper is to simultaneously model both the cross sectional and time series
properties of health costs, we consider whether a lognormal can fit the entire distribution of
health costs.

One problem with a lognormal distribution is that a large number of individuals have very
low health expenses; 18% report less than $250 of health costs and 8% report no expenditures
at all. If one includes these individuals,'? the empirical distribution of logged health costs
has a lower tail that is too fat for a lognormal distribution. This is illustrated in Figure 2,
which shows the empirical cdf and the lognormal cdf generated by standard estimates for all

unmarried individuals.3
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Figure 2: DISTRIBUTION OF LOGGED HEALTH COSTS FOR RESPONDENTS AGED 65-79

These considerations lead to us to an alternative estimate. We find the mean and variance

of the lognormal distribution that matches both the mean and 99.5th percentile of health

'?For more interpretation of these low cost reports, see French and Kamboj (2002).
¥ To be consistent with the time series analyses below, health costs below $250 were recoded to $250.
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costs. In particular, we pick values u and o2 such that

e"t7°12 = E(he), (7)

In heg.g95 —

B(—22 £) = 0.995, )

where E(hc) and hcp.g95 are the mean and the 99.5th quantile of the empirical cross section.!4
Defining 29995 = ®71(0.995) to be the 99.5th quantile of the standard normal distribution,

we get

0 = 20995 — \/ 28 g95 — 21 hco g5 — In(B(he))], (9)

k= Inhcy.995 — 020.995- (10)

Figure 1 shows that in addition to replicating average health costs, this “fitted” specifi-
cation fits the far upper tails of the data fairly well. As Figure 2 shows, the weakness of this
specification is that it dramatically undershoots the lower tail of the distribution. In practical
terms, this is relatively a minor cost; at the lower tail of the distribution, large differences in
logged health costs lead to relatively small changes in health costs themselves.

Table 3 presents the parameters of the “fitted” distributions, and the log-likelihoods that
result when these distributions are applied to the upper tail. Table 3 also presents means
and variances for each subsample. Comparing Table 3 to the truncated lognormal estimates
shown in Table 2 reveals that while the parameters themselves differ greatly, the fits are for

the most part quite similar.

*The GAUSS function we use to find the 99.5th quantile of the data interpolates between data points to
get the exact quantile. Mechanically, this allows us to find the 99.5th quantile in subsamples with less than
200 observations. The precision of such estimates, of course, is quite low.
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- Subsample E(lnhc) Var(ln he) B o2 Ly(i,o?)
Entire Sample 7.07 1.47 7.05 1.56 —1898.2
Age < 65, Unmarried .
All 6.58 1.17 6.41 1.75 —235.4
Employer-Provided 6.65 0.96 6.62 1.16 —65.4
Privately-Purchased 7.64 0.96 7.43 1.31 ~25.0
No Insurance 6.24 1.02 5.78 2.46 —43.3
Medicaid 5.93 0.74 5.60 2.04 —18.8
Medicare 6.68 1.58 6.50 2.38 —40.9
Ages 65-79, Unmarried
All 6.67 1.19 6.29 2.17 —223.6
Employer-Provided 6.71 1.02 6.40 1.90 —59.5
Privately-Purchased 7.46 0.78 7.30 1.10 —44.8
No Insurance 6.28 1.23 .77 3.08 -5.3
Medicaid 5.99 0.81 539 2.72 —22.9
Medicare 6.51 1.11 5.92 2.67 —~80.8
Age > 79, Unmarried
Al 6.79 1.52 6.55 2.38 —405.0
Employer-Provided 6.86 1.62 6.51 2.90 —113.9
Privately-Purchased 7.58 0.99 7.37 1.49 —128.5
No Insurance 6.24 1.31 6.60 1.21 —2.8
Medicaid 6.13 1.13 5.63 3.16 —44.5
Medicare 6.56 1.32 6.36 2.30 -113.5
Age < 65, Married
All 7.47 1.34 7.56 1.08 —473.1
Employer-Provided 7.40 1.12 7.42 1.03 —167.6
Privately-Purchased 8.65 0.83 8.63 0.71 -18.2
No Insurance 7.12 1.70 7.32 1.34 —69.6
Medicaid 6.58 1.49 6.18 2.65 —6.5
Medicare 7.69 1.27 7.64 1.26 —20.5
Ages 65-79, Married
All 7.59 1.19 7.61 1.06 ~171.5
Employer-Provided 7.46 1.05 740 1.17 -51.0
Privately-Purchased 8.28 0.62 8.22 (.68 —40.8
No Insurance 7.27 1.26 762 0.42 1.2
Medicaid 6.79 1.71 6.94 1.68 —13.7
Medicare 7.37 1.20 7.33 1.30 —63.2
Age > 79, Married
Al 7.67 1.44 7.61 1.49 -103.7
Employer-Provided 7.52 1.19 7.28 1.66 -17.6
Privately-Purchased 8.34 0.76 8.35 0.62 —28.1
No Insurance 7.37 0.92 7.62 0.45 NA
Medicaid 6.35 1.25 5.44 4.04 -3.9
Medicare 7.52 1.49 7.45 1.86 —41.1
E(Inhe) and Var(In he) correspond to the empirical mean and variance
i and ¢? correspond to “fitted” mean and variance

Table 3: PARAMETERS AND LIKELIHOGQZ RATIOS FOR FITTED DISTRIBUTIONS




4 The Persistence of Health Cost Shocks

In this section, we consider the time series properties of health costs. Health cost uncer-
tainty depends not only on the probability of receiving a massive health cost shock, but also
on the persistence of a massive health cost shock. It follows from the estimates presented in
the first row of Table 3 that in any given year only 0.13% of households have health costs in
excess of $560,000. Given that 68% of households in the HRS-AHEAD sample have at least
$50,000 in assets, most households can self-insure against a $50,000 shock by dissaving. How-
ever, if a household must spend $50,000 per year for 10 years, its total medical expenditure
is roughly $500,000. Given that only 14% of all households have assets over $500,000, this is

a disastrous expense.

4.1 The Model

Feenberg and Skinner (1994) find that their health cost data are reasonably well repre-
sented by the sum of an AR(1) and a white noise process.!® Simulating this process, they
find that a $1 shock to health costs raises future health costs by $2.65. In order to re-examine

their findings, we estimate the following error components model:

Inheyy = Xi,8 + Ry, (11)
Rit = fi + ait + i, (12)
ait = pait—1 + Eit, (13)
Uit = Py + Ohir—1, (14)

where X/, represents average health costs given covariates X;;. We decompose the residual
Rj; into: f;, a permanent person-specific component; a;;, an autoregressive component; and
uj, a moving average component. For tractability, we assume that all the components in

equations (11) -(14) are mutually orthogonall® and that a;; is a stationary process. Note that

15Note that this sum can be written as an ARMA(1,1).
1GSpeciﬁca.lly, we assume E[XitRit] = E[f,'a‘-t] = E[f.'u,-t] = E[a‘-gun] = E[Ch‘t—lEit] = E[1/)it¢it—1]= 0.
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in this model ¢ denotes a two year period.

The estimation procedure has two stages. First, we regress log health costs on demo-
graphic and health insurance variables that households can use to forecast future health
costs. The estimates are presented in Table 4. The omitted category is a single female

younger than 65 who has no health insurance.l”

Coef. Std. Err.

male -0.072 0.017
married 0.851 0.016
age 0.033 0.008
age squared -0.0002  0.0001
employer-provided x (age < 65)  0.251 0.020
private X (age < 65) 1.361 0.030
medicaid x (age < 65) -0.495 0.034

none or medicare X (age >65) -0.042 0.029
employer-provided x (age > 65) 0.137 0.029
private x (age > 65) 0.898 0.031
medicaid x (age > 65) -0.586 0.034
wave dummies included

R%=10.270, 0 = 1.0336, N = 36, 970

Table 4: REGRESSION OF Lo¢ HEALTH COSTS

In the second step of the estimation procedure, we fit the model described in equations
(12)-(14) to the empirical covariance matrix shown in Table 5. Empirical covariances are
shown below the diagonal of this matrix, and empirical correlations are shown above the
diagonal. Standard errors are in parentheses. Because the data are unbalanced, Table 5 also
shows the number of observations in each cell (in brackets).

We fit several variants of the error components model to this covariance matrix. Details of
the estimation procedure are in appendix A. Table 6 shows parameter estimates and yalues
of Newey’s (1985) overidentification test statisticc. When the model is true, this statistic
will converge to a x? distribution, with degrees of freedom equal to the number of moment

conditions less the number of parameters.

"Most of the parameter estimates are of the expected sign. The one surprising finding is that those with
no health insurance have lower health costs than those with employer-provided insurance. This is particularly
surprising given that employers on average contribute $2,700 towards employee’s health insurance plans (EBRI,
1999). See French and Kamboj (2002) for more on how to interpret the estimates in Table 4.
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Empirical Covariances and Correlations of the
Residuals of log Health Costs, Waves 2-5
Wave2 Wave3d Waved4d Waveb
Wave 2 1.0993 0.3948 0.3643 0.3590
(0.0232)
[3957]
Wave 3 0.4585 1.2267 0.4058 0.3319
(0.0199) (0.0192)
[3366] [9722]
Wave 4  0.3778 0.4446 0.9784 0.4691
(0.0187) (0.0147) (0.0144)
[3380] [6999] [11369]
Wave b 0.3776 0.3688 0.4655 1.0066
(0.0192) (0.0142) (0.0117) (0.0147)
[3528] [6590] [9362] [11415]
Standard errors in parentheses, number of
observations in brackets.

Table 5: EMPIRICAL COVARIANCE MATRIX

The first column of Table 6 shows the results for a simple AR(1) model. This model is
overwhelmingly rejected by the data; the overidentification test statistic is 367, for a p-value
of 0. The reason for this failure can be seen in Table 5, which shows that while there is large
decline from the variance to the first autocovariance, the decline between the first and second
(and second and third) autocovariance is much smaller. An AR(1) model, which generates a
geometrically declining series of autocovariances, cannot replicate this progression.

The above reasoning suggests adding a moving average component to the AR(1) model.
We begin with the simplest case, setting § = 0, so that the moving average component is
white noise, and assuming this white noise component of health costs, ;;, 18 homoskedastic

across waves. This leads to the following covariance restrictions:

Var(R;) = Var(a) + Var(y), (15)

Cov(Rit, Ris_k) = p¥Var(a). (16)

Note that Var(a) and Var(y) are not time specific. Estimates from this model are reported

in the second column of Table 6. The overidentification test statistic is 99, implying a
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: Model
Parameter 1 2 3 4 5 6
Var(ai) 1.026  0.520 0.687  0.361 0.520 0.425
(0.009) (0.017) (0.14) (0.038) (0.017) (0.039)
Var(e;) 0.739  0.127 0.675 —0.011 0.127 0.043
(0.014) (0.045) (0.012) (0.111) (0.045) (0.106)
P 0.529 0.870 0.134 1.015 0.870 0.949
(0.008) (0.019) (0.017) (0.047) (0.019) (0.041)
Var(us) 0.532 0.691 0.557 ~0.683
(0.017) (0.050) (0.035) (0.078)
Var(i;) 0.532 0.678  0.557 —0.683
(0.017) (0.034) (0.023) (8.741)
0 0.134 0.078
(0.025) (0.027)
Var(f;) 0.365
(0.014)
x2-statistic 432.6 131.1 124.2 123.7 8.8 6.3
Degrees of freedom 8 7 7 6 4 2
p-value 0.000 0.000 0.000 0.000 0.068 0.042
Notes
Standard errors in parentheses
Estimates obtained using a diagonal weighting matrix
Var(a;) = variance of transitory component of health costs
Var(eit) = variance of the innovation in autoregressive component
p = autoregressive coefficient of health costs
Var(u;;) = average variance of moving average component
Var(yi) = average variance of the innovation to the moving average component
# = moving average coefficient of health costs
Var(f;) = variance of permanent person-specific component

Table 6: PARAMETER ESTIMATES

considerably better fit than the AR(1). Given that we have only 7 degrees of freedom,
however, the model is still strongly rejected.

A common error components model of wages (see Abowd and Card (1989) and Baker
(1997), for example) includes a permanent person-specific effect, f;, and allows the moving
average component of wages to follow an MA(1) process instead of white noise. Columns
3 and 4 of Table 6 show estimates from these two models. These models do not fit the
data much better than the AR(1) with white noise. Moreover, parameter estimates from the

MA(1) model produce estimated variances that are negative.18

18 Adding a white noise component also produced negative variances.
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What does seem to improve goodness of fit, however, is allowing the variance of the white
noise component, ¥, to differ across waves. The questions used to generate the health
cost measure vary from wave to wave. Such heteroskedasticity could reflect variation in
survey questions. Results from this model are shown in column 5 of Table 6. Given that
the empirical variance of health costs changes significantly from wave to wave, allowing for
heteroskedasticity significantly improves the fit; the x? statistic falls to 9.7. Although the
model is still rejected at the 10% level, there are no large systematic differences between the
data and the fitted model. The variances and covariances of the fitted model are shown in
Table 7. Note how closely the fitted variances and covariances match the empirical variances

and covariances in Table 5.

Model Predicted Covariances of the Residuals
of log Health Costs, Waves 2-5

Wave 2 Wave 3 Wave 4 Wave 5
Wave 2 1.0993
Wave 3 0.4525  1.2267
Wave 4 0.3935 0.4525 0.9784
Wave 5 0.3421 0.39356 0.4525 1.0066

Table 7: COVARIANCE MATRIX IMPLIED BY AR(1) PLUS HETEROSKEDASTIC WHITE NOISE

One last attempt to improve the fit of the model is to allow the moving average component
of health costs to be a MA(1) with heteroskedastic innovations. The model does fit the data
slightly better, but introduces two additional parameters, leaving us with only two degrees
of freedom. Fortunately, the parameters p, Var(a;:), and Var(u;;)'® seem stable across most
specifications. This means that even though the AR(1)-plus-white-noise model is rejected
in favor of more complicated models, all of the models have similar time series implications.
These implications are discussed below.

An important limitation of our data is that our health cost measure refers to average
health costs over the previous two years. In most studies of household decision-making the
relevant time period is one year. We use a simulation model, described in Appendix B, to

calibrate annualized white noise and AR(1) processes that are consistent with the two-year

®Note that Var(ui:) = Var(ys) + 02 Var(u-_1).
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estimates presented in Table 6. Table 8 presents the parameters that result when the annual
data are modeled as the sum of an AR(1) and homoskedastic white noise processes.

Also included in Table 8 are estimates of Var(a), Var(u), and p from Feenberg and Skinner
(1994) and Hubbard, Skinner, and Zeldes (1994), both of which are measured at 1-year
frequencies. Feenberg and Skinner’s estimates of both Var(a) and Var(u) are much smaller
than our estimates. There are several potential reasons for this. First, their data are from
1968-1973, when medical spending was lower and potentially less volatile. Second, they use
a balanced panel in their analysis whereas we use an unbalanced panel. Given that a major
reason for attrition in our analysis is death, and those who die likely have higher medical
expenses, Feenberg and Skinner likely underestimate the variance of health costs.?® Third,
their sample consists only of individuals whose health costs are high enough to be itemized
on their income tax returns. The adjustments they make for truncation might not recover
all of the underlying variance. Alternatively, this tax data could be less noisy than standard
survey data. Note that their estimate of Var(u) is much smaller than ours, and assuming
that measurement error is transitory, differences in the pervasiveness of measurement error
across datasets will be reflected in differences in Var(u).

Hubbard, Skinner, and Zeldes (1994, 1995) use data from the 1977 National Health Care
Expenditures Survey to estimate the cross sectional variance of health costs. Their estimated
cross-sectional variance is slightly smaller than our estimate. We are not sure what causes this
discrepancy, although their data are 20 years older than our data. The variance of health
costs has potentially grown over time. Alternatively, their data might be measured more
accurately than our data, leading to lower variance from measurement error.>! Given that
Hubbard, Skinner and Zeldes take their estimates of the shares of variance of Var(a) and
Var(u) from Feenberg and Skinner, they attribute more of the cross-sectional variance to the

autoregressive component, a;, than do we.

2OWhen restricting our sample to those who have non-missing health costs in all waves, the variance of
health costs drops by 5%.

Hubbard, Skinner and Zeldes delete all zero-cost observations from their data. When we use their bottom
coding ruleg, our cross sectional variance increases. Therefore, bottom coding decisions are not the source of
the discrepancy.
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Frequency Var(a) Var(u) p

2 year .520 .b32 870
1 year 515 972 954
Feenberg and Skinner .269 099  .896
Hubbard, Skinner, Zeldes  .920 220 .901

Table 8: PARAMETER ESTIMATES, 1 AND 2 YEAR FREQUENCIES

4.2 Lifetime Health Cost Risk

With the parameters described immediately above, we can estimate the health cost risk
that households face. To evaluate this risk, we run the following experiment. First, we
simulate a large number of health cost histories. Next, we simulate the health cost histories
again, but with the shocks set to zero in initial period. The differences between the two sets
of histories give the effects of the shocks on lifetime health costs.

In order to analyze the lifetime incidence of health cost shocks, we combine information
on the variance and persistence of shocks from Tables 3 and 8. We take both the autoregres-
sive parameter p and the share of cross-sectional variance explained by the autoregressive
component, W(%?)«Fm’ from Table 8, using the parameters for annual frequencies. As
discussed above, however, our preferred cross-sectional model matches the mean and the 99.5
percentile of the cross-sectional distribution, rather than the cross sectional variance. There-
fore, we pick the cross sectional variance parameter, 02 = Var(a) + Var(u), from the fitted
estimates in Table 3, using the value that applies to individuals that are ages 65-79, married
and covered by employer-provided insurance. We rescale Var(a) and Var(u) so that the sum
Var(a) + Var(u) is equivalent to this variance parameter. For the experiments below, this
led us to set mean log health costs to 7.153 and the variance to 1.652.22

Using the parameters just described, we simulate 30-year health cost sequences for 1

million households. Each household begins at age 64 with a draw of (ai64,uigs), and then

2We want our value of o when measured at a two-year frequency to equal 1.17, which is the value of
o2 reported in Table 3 for married households aged 65-79 with employer-provided insurance. Note that the
measure of total variance shown in Table 8, measured at a two-year interval, is 1.05. Therefore, we scale up
the one-year values of Var(a) and Var(u) by £5%, so that the adjusted values we use in the experiments are
Var(a) = 0.515 x 33 = 0.574 and Var(u) = 0.972 x 117 — 1.083. To keep the overall mean the same, we

1.06 1.06
lower i from 7.395, which is reported in Table 3, to 7.153.
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realizes a 30-year sequence of the innovations {e;, u; }. The resulting health cost sequence is
then discounted back to age 65, using a discount factor that combines an annual interest rate
of 3% with age-specific mortality adjustments. We then redo the sequence with the age-65
innovations, (e;65,uigs), set to zero. The difference between the two discounted sequences
gives the lifetime effects of the age-65 innovations.

This Monte Carlo exercise allows us to construct the distribution of lifetime health cost
shocks. When the AR(1) and white noise innovations are considered together, lifetime health
cost shocks have a standard deviation of $9,300. This considerably larger than the contem-
poraneous (age-65) standard deviation of 85,400, indicating that persistence in health costs
is quite important. Turning to catastrophic shocks, we find that 1% of the population will
receive a lifetime shock of at least $34,000, and 0.1% will receive a shock of at least $80,000.
The AR(1) innovation, €;, has a lifetime standard deviation of $7,700 and a contemporane-
ous standard deviation of $1,450. While the AR(1) innovation is only responsible for 7% of
the contemporaneous variance, it is responsible for 67% of the lifetime variance. Transitory
shocks generate most of the cross-sectional and short-term variance, but persistent shocks,
reflecting chronic conditions, generate most of the lifetime risk.

The amount of health cost risk implied by our estimates is higher than that found by
Feenberg and Skinner (1994) or Hubbard, Skinner and Zeldes (1994). Redoing the Monte
Carlo exercise with Feenberg and Skinner’s parameter values, we find that lifetime health
cost shocks have a standard deviation of $3,500, of which $3,400 is attributable to the AR(1)
innovation. When Hubbard, Skinner and Zeldes’ parameter values are used, the standard
deviation of lifetime health cost shocks rises to $7,000 (versus our value of $9,300).

Feenberg and Skinner report that a $1 health cost shock today leads to $2.65 in future
health costs. In contrast, we find that a $1 health cost shock today only leads to an ad-
ditional $.40 in health costs in the future. Most of this reflects differences in parameters.
Given that our error components model attributes a much smaller fraction of the variance
to autoregressive component than theirs, we would expect the effects of health cost shocks

to be much less persistent in our model. Using Feenberg and Skinner’s values of Var(a) and
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Var(u) (from their ARMA(1,1) model) and our simulation methods, a $1 health cost shock
today leads to an additional $1.84 in health costs in the future. Using Hubbard, Skinner and

Zeldes’ values, the corresponding figure is 2.56.23

4.3 Lognormality Revisited

We conclude this section by re-examining the lognormality assumption. When estimating
the model described in this section, we made no assumptions about the distribution of inno-
vations. However, in order to make inference about lifetime uncertainty over health costs, we
assumed that innovations to the health cost process are lognormally distributed. Below we
provide descriptive evidence about this assumption. An important implication of lognormal
innovations is that there should be a linear relationship between the log of the current health
costs (more precisely, the log health cost residuals) and the log of lagged health costs. Figure
3 provides evidence on this. The left panel of Figure 3 shows the relationship between health
costs over the last two years and health costs for the same households over the preceding two
years. The center and right panel show the relationship between health costs over the past
two years and preceding four and six years, respectively. The figures also show the fitted
regression lines implied by the AR(1) plus white noise model.?* Note that in all three panels,
the relationship is roughly linear.

put figures in fig3.zip here

Figure 3: RELATIONSHIP BETWEEN HEALTH COST RESIDUALS AND LAGGED HEALTH
CosT RESIDUALS

*30Our measure was constructed as follows. For each simulated individual, we divided the discounted health
cost stream caused by an age-65 health cost shock by the age-65 health cost shock itself. The numbers reported
in the text correspond to the median of this ratio. We took the median of this ratio because the combination
of a positive (negative) AR(1) innovation and a negative (positive) white noise innovation can lead to a large
positive—or negativel—ratio. The median will be more robust to these sorts of outliers.

24 io i Cov(Rie,Rip—g) __ kaar(a.)
Note that this is Vm_'( R{:) = Vet 1V er(a) for k > 1.
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5 Numerical Applications

Health cost uncertainty is potentially an important determinant of savings and retirement
behavior. It follows that a useful test of our model of health costs is to see whether it generates
accurate predictions within dynamic models of saving and retirement. Since these models are

often solved using value function iteration, an important prediction is the expectation:
/ V(A — ") f(In he)d In he, 1%

where V(.) is a value function, A is assets and f(.) is the pdf of logged health costs—we work
with logs for convenience.?

Our goal in this section of the paper is two-fold. First, we provide evidence on whether a
lognormal model of health costs allows us to accurately compute the integral in equation (17).
In particular, we see whether integration using the density function implied by our statistical
model generates the same expectation as an integration using the unrestricted empirical
density. Second, because the integral in equation (17) must often be solved numerically, we .

provide a practical guide on how to utilize our estimates with numerical integration.

The first approach to computing the integral in equation (17) is to find the sample mean:

/ V(A—em") f(lnhc)dInhe ~ — Z V(A — emhen), (18)

n. 1

where n indexes observations and N is the sample size. This approach places few restrictions
on f(.), and the approximation becomes exact as N approaches infinity. But in exercises
where equation (17) must be calculated repeatedly, solving the value function N times is

not computationally feasible. Nonetheless, computing the sample mean as in equation (18)

#5]deally, the expectation should be conditioned on current and lagged health costs; we should consider
E(Vi41|het, hee—1, ...) rather than E(Viq1). An important part of this section, however, is to calculate the
integral in equation (17) with an empirical density that has not been restricted to fit any analytical model
of health costs. Given that we have a relatively short panel, we cannot compute the conditional density
fv(nhesyr|Inhes,Inhey_y, ...), nor can we infer this using fn (In hesta|In hee). Because health costs are not
Markov, a researcher cannot disentangle the persistent and transitory components of In hc; without making
distributional assumptions.
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provides a useful benchmark for evaluating other approaches.

A more practical approach is to approximate the expected value function by quadrature,

1., by evaluating the value function at a small number of points:

/ V(A - e™*) f(Inhe)dIn he = ZI: V(A — ™) (In he;), (19)
i=1
where In he; is a quadrature node and w; = w(ln hc;) is a quadrature weight, with )~ w; = 1.
In order for quadrature to yield an accurate approximation, one must not only choose the
correct distribution for f(.), but good values of nodes and weights as well.

A promising approach is Gauss-Hermite quadrature, where the nodes and weights are
picked so that when f(.) is the standard normal pdf and V(.) is a low-order polynomial in
In he, the approximation is exact.?® Gauss-Hermite quadrature need not work well, however,
when V(A — ¢'5°) is not well-approximated by a low-order polynomial. We thus consider an

alternative approach. First, we constrain z; to lie in (z1,zH], with

$i=$L+[$H—(L'L] (;:]i)y’ (20)

with v > 0 controlling the spacing of the grid points. As v gets smaller, the grid becomes
increasingly fine at the upper end; conversely, ¥ = 1 implies evenly-spaced nodes. Let ®(.)
denote the standard normal distribution. If 4 and o? are the parameters of a lognormally-

distributed health cost distribution, one can approximate the integral with:

Inhe; = oz; + p, (21)
wi = ®([wit1 + 23)/2) — ©([z; + 7i1)/2), i=2,..,]—1, (22)

= ®([z2 +21)/2), i=1, (23)
=1-®(fer+274)/2), i=1I (24)

*Judd (1998) provides a nice review of Gauss-Hermite quadrature and numerical integration in general.
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Note that as I gets large, this converges to the Stieltjes integral, [ V(A — e )dF(In he),
where F(.) is the cdf of logged health costs. We will refer to this as (logarithmically) “even
grid” quadrature.?’ In the exercise below, we let ; lie in [—2,4.2] and set v to 0.75.28

In order to evaluate different integration techniques, we specialize the value function as

V(A —hc)= [maz{A — he, Amin})*7, p>0, p£1, (25)

1—p
=In(maz{A — he, Apin}), p=1, _ (26)

which combines a CRRA function with an asset floor given by A,;,.2° We measure the
importance of health cost uncertainty by computing the equivalent differential (EQD), the
decrease in assets that would leave a consumer facing no uncertainty no better off than a

consumer facing uncertainty:
V(Ace — EQD) = E(V (maz{A — he, Amin})) (27)

where Aqcp = lﬁ Y nmaz{A—hcp, Apin} denotes the average post-health-cost asset balance.

Figure 4 plots the equivalent differentials generated under each of the integration methods,
using the empirical and fitted distributions for the entire health cost sample. In Figure 4,
the asset floor is fixed at $25,000, p is set to 2 or 5, and the number of nddes is fixed at 14.30
What varies is the level of pre-health-cost assets, A; Figure 4 plots the functions EQDy (4),
EQDgg(A), and EQDEgg(A), the equivalent differentials using the empirical distribution,
Gauss-Hermite Quadrature, and the even grid, respectively.

When p = 2, so that the value function is not too curved, Gauss-Hermite quadrature

better matches the data integral. Note, however, when the even grid quadrature fails, the

?"1t is also worth noting that with certain combinations of nodes and intervals, even grid quadrature can be
quite similar to Gauss-Hermite quadrature,

28The motivation for the upper bound—beyond performance—is that in the data we use below, the largest
observed value of logged health costs lies roughly 4.2 standard deviations above the mean.

*%As a practical matter, this function is usually not well-defined for Apmin < 0; a more generous floor could
be attributed to social insurance.

%0The correct value of Ayin is not obvious. While the government-provided consumption floor is well below
$25,000, it is not clear how consumption floors translate into an asset floor in such a stylized setting.
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error in the equivalent differential is less than $100. When p =5, and the curvature is more
severe, even grid quadrature better matches the data. The reason why is that when p=>5
the equivalent differential generated by the data integral, EQDy, is driven by the largest
observed health expenditure, hepma,. While hcyp,r in the data is of catastrophic size (roughly
$200,000), it is nonetheless finite, and the risk effects it generates eventually shrink as pre-
health-cost assets, A, continue to grow. In particular, the second panel of Figure 4 shows that
once A reaches $250,000, EQDy declines steadily.3! Since the largest node of the even grid
generates a health cost roughly equivalent to hcpgs, the even grid function EQDr¢ has a
similar shape. But the largest two nodes under 14-point Gauss-Hermite quadrature generate
bigger expenses, and thus lead to higher equivalent differentials for agents with high asset

levels.

*1Conversely, when A is small, many health cost realizations will be offset by the asset floor Amin. This
generates the result that EQDy initially increases in A; people with more assets have more to lose.
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Figure 4. EQUIVALENT DIFFERENTIALS FROM DIFFERENT INTEGRATION METHODS
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The interpretation of these results depends on whether one really believes that health

costs have no upper bound. Figure 5 shows the equivalent differentials generated by even

grid quadrature with an interval of [—2, 6] and 500 nodes. Such an interval allows for health
costs well in excess of $1 million.32 Note that as A grows, the maximum effective health
cost shock, A — Apin, and thus the total amount of health cost risk, grows as well. On the
other hand, higher values of A imply lower levels of absolute risk aversion. Figure 5 shows
that when p = 2, the latter effect dominates, and FQDg¢ declines in the same manner as
EQDpy. When p = 2, the question of whether health costs are bounded is unimportant. But
when p = 5, the two effects offset, and EQDpg¢ is flat. In this case, a finite sample with
a finite largest element may greatly understate the degree of health cost risk that wealthy

agents actually face.

Equivalent Differentials from Even Grid Quadrature: 500 Nodes

-y u
—_— -
>
< ’
= /'3
1= £
o - EQD from Dato: Rho = 2
2 2 — — EQD frem Even Gridi 'Rho = 2 3
= —F | EQD from Deote: Rho = 3 3
a — — —- EQD from Even Grid: Rho = &
=
K
Q
=
= o
=Y .
. : \ : N . A . !
Q.Q Q.2 0.4 Q.6 0.3 1.0 1.2

Pre-Health—Cost Assets ($Millions) w 108

Figure 5: EQUIVALENT DIFFERENTIALS FROM EVEN GRID QUADRATURE

32The first line of Table 3 shows that the fitted lognormal distribution for the entire sample has a mean of
7.05 and a standard deviation of 1.25.
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If finite samples understate the degree of health cost risk, the version of even grid quadra-
ture with a maximum possible health cost shock of $200,000, as shown in Figure 4, is inad-
equate as well. Ideally, we would like to account for even more severe health cost shocks.
As discussed above, the upper nodes in 14-node Gauss-Hermite quadrature do correspond
to extremely high health costs. Observing the lower panel of Figure 4, however, shows that
when p = 5 the equivalent differential generated by Gauss-Hermite quadrature is erratic.
This erratic behavior is casued by the small number of evaluations of high health costs.
500-node quadrature, on the other haﬁd, is clearly impractical. Figure 6 presents another
alternative, even grid quadrature with an interval of [—2,6] and 14 nodes. When Figure 5
provides the beﬁchmark, this variant of even grid quadrature is less successful than Gauss-
Hermite quadrature in handling low levels of risk-aversion, but much more successful when
p = 5.3 With v = 0.75, the even grid nodes are more concentrated at the upper end than the
Gauss-Hermite nodes. When p = 5, and agents are more risk-averse, the additional emphasis
on large health costs leads to a better approximation.

On the other hand, if one believes that the largest cost in our 37,000-observation sample
estimates the upper bound of health cost distribution, the even grid methods illustrated in
Figures 5 and 6 are inappropriate. To better reflect the upper bound, one can return to
the even grid used in Figure 4; the upper bound of that grid closely matches the upper
bound of the data. It turns out, however, that the largest node under 8-node Gauss-Hermite
quadrature matches the data maximum as well. Not surprisingly, 8-node Gauss-Hermite
quadrature approximates the data integral very well. This is shown in Figure 7.

In short, when consumers are risk-averse, the most successful quadrature methods are the
ones that best reflect the extreme upper tail of the cost distribution. If this upper tail has
a finite bound, the most accurate quadrature methods are the ones that match this bound
with their highest nodes. In the case at hand, 8-node Gauss-Hermite quadrature matched

the data integral—which by definition has a finite upper bound—very well. This implies that

331t is also worth noting that even though the approximation error for p = 2 is quite large in relative terms,
in absolute terms it is around $100, compared to average health costs of around $2,000. '
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Equivalent Differentiols from Even Grid Quadrature: 14 Nodes
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DIFFERENTIALS FROM EVEN GRID QUADRATURE
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31




not only that our fitted lognormal distribution works well, but that low-order quadrature can

be accurate. In fact, 8-node Gauss-Hermite quadrature substantially outperformed 14-node
Gauss-Hermite quadrature. This may seem paradoxical, as more nodes typically imply better
accuracy, but the highest node in the 8-node scheme matches the upper bound of the data,
while the highest node in the 14-node scheme exceeds the upper bound. On the other hand, if
there is no upper bound, the most accurate quadrature methods are the ones that concentrate
their nodes at extremely high values. In our exercise, the best method appears to a variant

of 14-node even grid quadrature.

6 Conclusion

Using data from the Health and Retirement Survey (HRS) and Assets and Health Dynam-
ics of the Oldest Old (AHEAD), this paper presents estimates of the stochastic process that
determines the distribution and dynamics of health costs. When matching both the mean
and the 99.5 percentile of the empirical health cost distribution to a lognormal distribution,
we find that we match the upper 20% of the distribution very well. Matching the mean and
variance of health costs potentially leads to erroneous inference about the right tail of the
distribution of health costs. Similar to Feenberg and Skinner (1994), we find that the data
generating prdcess for health costs is well represented by an ARMA(1,1). Contrary to Feen-
berg and. Skinner, however, we find that most of the cross-sectional variation in health costs
comes from transitory variation. A $1 health cost shock today only leads to an additional
$.40 in future health costs. Nevertheless, in any given year .1% of our sample suffers from a
health cost shock that costs at least $80,000 over one’s lifetime. This estimate is larger than
previous estimates. Lastly, we present evidence on the accuracy of numerical solutions when
integrating over health costs.

Before concluding, we note four important caveats to our analysis. First, there are some
non-trivial measurement problems with our data. It is possible that some of the transitory

variation in health costs is merely measurement error. This might lead us to overstate the
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amount of variability in health costs. Alternatively, because the initial sample excluded those
who were in nursing homes, we may be understating health costs from this source, leading
us to underestimate the variability in health costs. The other three problems are more
conceptual. The second problem is that the quantity of health care services consumed is to
some extent a choice. This means that low income, low wealth households can reduce health
costs by reducing medical services consumed.>*, Third, low income, low wealth households
have access to Medicaid, making health care services very inexpensive. Lastly, those with
high health costs often die shortly after their health cost shock. Because they die shortly
after the health cost shock, people who suffer from massive health cost shocks face little risk
of being financially destitute (Pauly, 1990). Most of these caveats suggest that our estimates

tend to overstate the amount of health cost uncertainty that households face.

Appendix A: Distribution of Estimators

This appendix describes estimation procedures for the model described in Section 4. The
procedure is the same as Abowd and Card (1989) or Pischke (1995), except the procedure
allows the data to be unbalanced.

Recall that we are interested in fitting a model to the covariance matrix of health cost
residuals, R;;, shown in Table 5. Defining 7" as the number of years of data, we have L =
T(T + 1)/2 moment conditions, which are the unique elements of the covariance matrix in
Table 5. Define m;;(0) as the contribution of individual ¢ to moment condition ! € {1,..., L},
where 6 is the vector of parameters. This object is merely the difference between an individual
contribution to a variance or covariance and the variance or covariance implied by the model
in equations (12)-(14). For example, assuming that u; = ;; is homoskedastic white noise,

an individual contribution to a variance is

mq(6) = R}, — (Var(a) + Var()). (28)

Let N is the number of individuals observed in any wave, N is the number of observations in

34See Cutler and Zeckhauser (2000) for estimates of income elasticities
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the {th moment condition, and -%L 18 the share of all individuals ever observed that contribute
to the [th moment condition. Moreover, let that share be constant as N grows.
Because the data are unbalanced, we treat observations that are not observed as missing

moment contributions. Therefore, the sample moment condition corresponding to equation

(28) is
N,
Nl
mw =) 57 (37 3= (Vor() + Var(y)))- (29)
Denoting my(@) as the L x 1 vector of all sample moment conditions, we minimize
Nmpy(0)Wmn(9). (30)

Denoting § as the estimated vector of coefficients and 6y as the true vector of coefficients, the

estimator has a sampling distribution of  is

\/]V(é - 90) ~D N(07 V)) (31)
V = (D'WD)*D'WeWD(D'WD)™", (32)
D= a%ée)' |o=60 (33)

and @ is the fourth moment matrix of the data. We estimate D and & using their sample

analogs. For example, if moment condition [ represents a variance, ®;; = % Z?—L (R?t -
2

E[RZ, ) where E[R%) is estimated using y S-NM1 R2. Assuming that the model is properly

specified, Newey (1985) shows that

Nm(0)Q 'm(b) (34)
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is distributed x%_r ank(D) if the model is properly specified. Q1 is the generalized inverse of

() and
Q= P®P,P=1—-D({D'WD) 'D'W. (35)

Again, to estimate ¢}, we replace the objects in equation (35) with their sample analogs.
We use two different weighting schemes in our analysis. First, we use an “optimal”
weighting matrix, i.e. W = ®~ 1. Assuming optimal weighting, V = (D'WD) and Q = ®.
Although the optimal weighting matrix is asymptotically efficient, it can be severely biased in
the small sample. The fatter the tails of the empirical distribution, the more severe the bias
(see Altonji and Segal (1996) for details). Second, we use a “diagonal” weighting matrix, as
suggested by Pischke (1995). The diagonal weighting scheme uses the inverse of the matrix
that is the same as © along the diagonal and has zeros off the diagonal of the matrix. Although
not asymptotically efficient, it likely has better small sample properties. In practice, however,

the choice of weighting matrix had only a small effect on the results.

Appendix B: Calibrating the Health Cost Process at a One Year Frequency

This appendix describes the procedure to calibrate Var(a),Var(u), and p. Defining
aijt, U1it, 1 as the autoregressive component, white noise component, and autoregressive co-
efficient at a one year frequency and ao;s, uoi, p2 as the autoregressive component, white noise
component, and autoregressive coefficient at a two year frequency, we choose Var(a;), Var(u,),
and p; to mat.ch the variance and the first two autocovariances of health costs, measured at

a two year frequency:

Var ( Infefristunis 4 gfit+1 +“1fe+1]) = Var(az) + Var(u2), (36)

Cov(ln[ea1it+u1it + ea1n+1+u1it+1]’ ln[ea1¢:+2+um+2 + ealit+3+ulit+3]) = sza,r(ag) (37)
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Co*u(]n[em"t"'u’“t + ealit+1+’ulit+l], ln[ealit+4+‘u1it+4 + ealit+5+‘u1it+5]) — (pz')2Var(a2) (38)

where e+ 41t jg the annual health cost residual, a4 ~ N (0, Var(ai)), v1it ~ N(0,Var(u)),
and @iz g = Fai + E;’;& o €1it—j- We compute the variances and covariances of the left
hand side objects of equations (36)-(38) by simulation. We have three equations and three

unknowns, 8o the parameters are exactly identified.
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