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SUMMARY

We analyse two frequently used measures of the demand for health—hospital visits and out-of-pocket health care
expenditure—which have been analysed separately in the existing literature. Given that these two measures of
health demand are highly likely to be closely correlated, we propose a framework to jointly model hospital visits
and out-of-pocket medical expenditure, which allows for the presence of nonlinear effects of covariates using
splines to capture the effects of aging on health demand. The findings from our empirical analysis of the US
Health and Retirement Survey indicate that the demand for health varies with age. © 2015 The Authors. Journal
of Applied Econometrics published by John Wiley & Sons Ltd.
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1. INTRODUCTION

The world population is aging: according to a joint report by the US Department of State and
the National Institute on Aging, almost 500 million people worldwide were 65 and older in 2006
(Dobriansky et al., 2007). By 2030, this number is expected to increase to 1 billion, or, one in every
eight persons will be 65 years old or older. In the USA, life expectancy has increased from 49 years
for Americans born in 1900 to 78 years for those born in 2006 (Arias, 2010). Rapid demographic
change is expected to lead to an increase in health care spending by 25% by 2030 (Strunk et al., 2006;
Dobriansky et al., 2007). While global aging represents a triumph of medical, social, and economic
advances, it also poses tremendous challenges for health systems. It is well understood that aging will
change the mix of diseases in favour of chronic conditions for inpatient care and this alone is likely to
increase the demand for health care (Strunk et al., 2006; Hartman et al., 2008). With limited long-term
benefits under health care schemes such as Medicare in the USA, such increases in demand will poten-
tially lead to large out-of-pocket medical expenses for the elderly (Wei et al., 2004; Hartman et al.,
2008). Thus, with aging becoming a worldwide challenge, obtaining reliable estimates for the demand
for health care has arguably never been more important than now (Dobriansky et al., 2007).

Health economics has traditionally focused on health care demand and Duan et al.’s (1982) seminal
work on health demand explored different strategies to estimate medical expenditure to address data
concerns specific to health cost data. Another metric that is also frequently used to measure health
demand is the rate of hospital admissions (Atella and Deb, 2008). Despite the likely relationship
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between hospital visits and medical expenditure, these two measures of health care demand have
typically been modelled separately in the existing literature. Furthermore, the probability of needing
health increases with age, particularly with the onset of chronic conditions. Hence it is important to
understand the effects of aging when modelling the demand for health. Thus managing health demand
arguably requires an understanding of hospitalizations as well as medical expenditure in the context of
an aging population. In this paper, we analyse the key factors affecting both hospital visits and medical
expenditure by developing a novel joint modelling framework, which allows us to reliably study health
demand and the correlation between these alternative measures of health demand.

Modelling hospitalizations and medical expenditure requires consideration of a number of
complications specific to health data. First, both hospitalization and out-of-pocket expenditure at the
individual level usually have a considerable amount of zero observations, which cannot be adequately
described by a simple distribution such as a Poisson or a lognormal distribution. For example, Table I
shows that 95% of our sample shows no hospital visits and 16% report zero out-of-pocket expen-
diture in wave 1 of the US Health and Retirement Survey (HRS). Spurious overdispersion occurs
due to the presence of these zeros. Recently, Naya ef al. (2008) compared model fits of a Poisson
model and a zero-inflated Poisson (ZIP) model to zero-inflated data and found that a ZIP model gave
estimates closer to the true values. Thus we need to modify parametric distributions to incorporate
excess zeros in the distributions of the hospitalizations and out-of-pocket medical expenditure. Recent
literature (such as Deb and Trivedi, 1997; Winkelmann, 2004; Atella and Deb, 2008) has devel-
oped zero-inflated distributions for modelling the count of hospital visits and medical expenditure;
however, they are modelled independently. Second, hospital visits and medical expenditure are likely
to be correlated with each other over time for the same individual. Accounting for this correlation
may lead to a better understanding of health demand. Third, some important individual characteristics,
such as age, may have complex nonlinear effects. In addition, the potential nonlinear effects of age
could vary with other demographic characteristics, such as gender, resulting in an interaction effect
that influences health demand in a nonlinear fashion. Fourth, both the count of hospital visits and
medical expenditure are known to be skewed (Liu et al., 2010). Although some authors have argued
in favour of log transformations to deal with skewness, this can be problematic. Re-transformation
presents no problems when errors accord with linearity, normality and homoscedasticity assumptions
(Jones, 2000). When any one of these does not hold, re-transformation bias arises on reverting back to
the original scale. Since the log-transformed model results in geometric means rather than arithmetic
means, log scale predictions will, in general, provide biased estimates of the impact of any explanatory
variable on the arithmetic mean (Yu et al., 2014).

In this paper, we develop a joint framework for modelling counts of hospital visits and out-of-pocket
medical expenditure in an integrated framework to accommodate the aforementioned complications
as follows. We model the count of hospital visits made by an individual using a Poisson hurdle model
(Mullahy, 1986) and we model out-of-pocket medical expenditure using a semi-continuous model
(Liu et al., 2010). The Poisson hurdle model (semi-continuous model) consists of two components: a
Bernoulli component that models the probability of hospitalization (any positive expense) and a trun-
cated Poisson component (log-normally distributed component) that models the number of hospital
visits (amount of money spent) among users. Together, these components accommodate both the high
proportion of zeros and the right-skewness of the nonzero events. In addition, we explicitly account
for interdependencies between these events by modelling the correlation between these two processes.
While the literature on health care demand discusses ‘multi-part’ models, such as in the original work
of (Duan et al., 1982) or the more recent work of Liu et al. (2008), these differ from our model in a
number of ways. These models focus on a single outcome and the multi-part model allows for flex-
ibility in model parameters across subgroups with different demands for health care. For example,
Duan et al. (1982) focus on how the parameters vary by non-spenders, ambulatory spenders and inpa-
tient spenders; more recently, Liu ez al. (2008) are interested in the differences between non-spenders,
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outpatient spenders and inpatient spenders. Our model provides a richer specification of health demand
that not only captures health care expenditure but also hospital visits within the same joint model with
explicitly modelled random effects.

In addition, our sample is drawn from a predominantly aging population and the effects of age on
hospital visits and medical expenditure are arguably poorly understood in the existing literature, yet,
as argued above, are of utmost policy importance. We thus adopt a semi-parametric approach using
spline models to flexibly capture the potentially nonlinear effects of age. This approach not only pro-
tects the model from the possible misspecifications of age effects but also allows us to explore whether
this nonlinear effect varies across gender. For the distribution of the latent random effects terms of the
joint model, a standard assumption is to use a parametric distribution, such as the multivariate nor-
mal distribution. The importance of such a choice has received much attention in the joint modelling
literature. In particular, it has been shown that a restrictive parametric assumption for this distribution
could influence the results (Tsonaka ef al., 2009; Naskar and Das, 2006). Thus, in order to protect the
derived inferences against potential misspecification effects, we opt for a semi-parametric approach
based on a Dirichlet process prior. A similar approach to modelling random effects, but with a single
outcome and without splines, has also been proposed (Jochmann and Leon-Gonzalez, 2004). Finally,
given our focus on a sample of aging individuals, we develop a discrete time survival model that
explicitly allows for dropout and intermittent missing observations within our joint estimation frame-
work that allows the shared random effects to influence the process generating the missing data. The
rest of the paper is organized as follows: Section 2 presents the four-part model; Section 3 discusses
the HRS data and the results of our empirical analysis; finally, Section 4 concludes.

2. A FOUR-PART ROBUST SEMI-PARAMETRIC JOINT MODEL

Our joint model consists of three components: a semi-parametric Poisson hurdle mixed-effects
model for the number of hospitalizations, a semi-parametric semi-continuous model for out-of-pocket
medical expenses, and a Dirichlet process for the joint distribution of the latent random effects from
the Poisson hurdle and the semi-continuous models.

2.1. The Poisson Hurdle Model for the Count of Hospital Visits

The Poisson hurdle model is a two-component mixture model consisting of a point mass at zero
followed by a truncated Poisson for the nonzero observations (Mullahy, 1986). The hurdle model, with
independent and identically distributed responses, is given by

Pr(Y; =0)=1—-p, 0=<p=l

ke=r (D
uce
Pr(Yi =k)=p———, k=1,...,00,:0< u <
=0 = raa—en oS HEee
where Y; denotes the response for individual i = 1,...,m, and u is the mean for an untruncated

Poisson distribution. As the zeros and nonzero counts are modelled uniquely, the hurdle model accom-
modates both an excess number of zeros and a right-skewed distribution for the positive counts. With
a large probability mass at zero (such as in our data; see Tables I and II) we have skewed data that
may be spuriously suggestive of over-dispersion. Su et al. (2009) have shown, both theoretically as
well as through simulations, that bias will be induced if skewness due to a large amount of zeros is
not modelled by a zero-inflated distribution (see also Naya et al., 2008). In comparison, a standard
Poisson regression would have to compromise between the effect of having excess zeros that would
tend to lower the Poisson mean, while large nonzero values would tend to increase it. Separating these

©2015 The Authors. Journal of Applied Econometrics published by John Wiley & Sons Ltd. J. Appl. Econ. (2015)
DOI: 10.1002/jae



A. MUKHERII ET AL.

competing effects are handled appropriately in a two-part framework.! The expected count under the
Poisson hurdle model is given by E(Y) = pu/ (1 —e™).

In health services research, p is known as the usage probability, i.e. the probability of using services
at least once. When (1 — p) > e™#, the data are zero-inflated relative to an ordinary Poisson; when
(1 — p) < e * there is zero deflation (i.e. fewer than expected zeros). In the extremes, p = 0 or
1. When p = 1, there are no zero counts and the model reduces to a truncated Poisson, and when
p = 0 there are no users (i.e. all counts equal zero) and the model is degenerate at zero. Typically,
one assumes that p lies strictly between O and 1, so that all individuals have a nonzero probability of
usage and are, therefore, considered ‘potential’ users even if they do not actually use health services
during the study period. A special case of equation (1) is the ZIP model, which is often used in this
context (Lambert, 1992). The ZIP model consists of a degenerate distribution at zero mixed with an
untruncated Poisson distribution:

PY;=0=({0—-p)+pe™, 0<p<l )
ke
PYi=k) =p—5— k=1..00:0<p<o0 3)

Note that the ZIP model can be rewritten as a hurdle model with mixing probability 6 = p(1—e™").
Unlike the hurdle model, which accommodates zero deflation as well as zero inflation, the ZIP allows
only for zero inflation and thus allows for greater flexibility (Neelon et al., 2010). Let YJ{ be the count
of the number of hospital stays reported by the ith individual in the jth wave, i = 1,2,...,m; j =
1,2,...,n, where m represents the number of individuals in the study, and » is the total number of
waves over which the individual is surveyed. Depending on whether an individual is hospitalized or
not, a large number of zeros is observed in Yif . Also, let X;;x be the kth covariate for individual i at
time j; such covariates include baseline and time-varying variables.

Each individual’s total count of hospital visits is determined simultaneously by needing some health
care (p;;) as well as the level of care needed given that the person needs care A;;. Given that these are
jointly determined, and that the determinants of either may or may not be relevant for the other, we con-
sider simultaneous modelling of both A;; and p;;. The hurdle model can be extended to accommodate
covariates and random effects as follows:

(v i) = (1= pH) 1 [vf = 0] + pliTpois (viF: nff) 1 [y > 0]
togi( pfl ) = X5, 7 + Z[j1bix + 17 (W) (4)

tog(ufl ) = X[.8% + Zlobiz + £+ (W)

where pllf = Pr(YiJH > 0), Tpois(y# ; /Lg ) denotes a truncated Poisson distribution with parameter

,ug . Xij1,Xij2 are the vectors of covariates corresponding to the fixed effects and Z;;y, Z;;, are the
vectors of covariates corresponding to the random effects. Note that the zero-state and the Poisson
state do not need to have the same set of covariates. The b;; and b;, are the random individual effects
on p;; and A;;, respectively. We will discuss the distribution of the random individual effects later.

! A trinomial distribution is an alternative to the standard Poisson regression, particularly when there are limited positive values.
While this is attractive, it still fails to allow for the two-part process and thus would attract similar concerns to the standard
Poisson regression as in Naya et al. (2008) and Su et al. (2009). Consequently, we specify the more flexible two-part Poisson
hurdle specification.
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In many situations, such as our application, the effect of some covariates, viz. W;; on pilj'.l and /Lllj s
may not be linear. Thus the effects of those covariates can be modelled by unspecified nonparametric
functions f?(W;;) and f 2 (W, 7). These unknown smoothing functions reflect the nonlinear effects of
the covariate. However, these functions only represent the population averages for a single population.

We now consider a modified model for multiple subgroups. Instead of fitting one nonparametric
smoothing spline for the entire sample, we use multiple nonparametric smoothing splines for different
subgroups within one model. We consider

togit( pff ) = X187 + 2T, bix + 17 (Wipdf, + 17 (Wid},

(5)
o P (1= df —dby ——dl, )
tog(ifl) = X5,8% + 25 0bia + AWy + £ (W), o
A A A A
o R (1= —dfy = = d )
where d; ks k =1,2,..., L are indicator variables for multiple populations. With L populations, the

first group is indicated by (d;j1 = 1, dij» = 0,...,d;j(z—1) = 0), the second group is indicated
by (dij1 = 0, dij» = 1,...,d;ji.—1) = 0) and the last group is indicated by (d;j1 = 0, dij2» =
0,....djj(t—1) = 0). The fi, f>,..., fi are their respective nonparametric smoothing splines. So far
we have described a general structure for the model. For the analysis of our sample of aging individuals
presented in Section 3, we have two groups—male (d;;; = 1) and female (d;;; = 0)—and we have
f(age). The explicit expression for the model in the context of our data and the relevant covariates are
discussed in detail in Section 3 below.”

2.2. Semi-Continuous Out-of-Pocket Medical Expenditure Model

In this section, a semi-continuous model for longitudinal data on out-of-pocket medical expenditure
is introduced. Since in some years the individual may not have incurred any medical expenditure, this
type of data has a mix of zeros and positive continuous observations. To formulate the model, let yiij‘ff
be the medical expenditure of individual i at year j. Let R;; be a random variable denoting annual
medical expenditure, where

0, ifyM =0
Rij = L (N
1, if Vii > 0
with conditional probabilities
1— p.M, ifri; =0
Pr(Rij = rij) = { M Zj.f _ljl
pbij» wrj=

For these semi-continuous data, we introduce an analogous semi-continuous model consisting of a
degenerate distribution at zero and a positive continuous distribution, such as a lognormal (LN), for
the nonzero values:

1—ri;
M| M M Yl M M. M 2
f(yij p; ) = (1 — Dij ) {pij x N(log(y;j ): ii7 » 0 )}

rij

2 Further details on the spline formulation are available in the online Appendix (supporting information).
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logit(pM) = XL BYV? + 28 1b:3

ijl
+ hY (Wij)efy + hy (Wij)el, + ... (8)
+hy W) (1=efy —ehy— .= el )
My M M
log(Y;;" |Y;" > 0) ~ N (Mij "72) ©)
M T @MA | T
wij =Xi;Br "+ Zjjsbis
+ Wi (Wyjefs, + hs (Wij)ef;
1Wijleiy + hy(Wijejis ... (10
A A A A
+ hp (Wij) (1 1 T T eij(L—l))

where r;; is an indicator as defined above, ,ug’.' and o2 are the mean and variance of log (yllju ),

respectively. The interpretation of e;;x is the same as d;j; in the ZIP model and the nonparametric
spline function /(.) is also defined in a similar fashion. The model given by equations (9) and (10) is
a semiparametric counterpart of the correlated two-part model proposed by Olsen and Schafer (2001);
a gamma or log-skew-normal distribution may also be used to model the nonzero values.

2.3. Modelling Missing Observations

Recently there has been a great deal of interest in modelling longitudinal data subject to dropout.
Biased inferences result when dropout is related to either the unobserved value or the underlying
response process and this is not modelled properly. These dropout data mechanisms have been referred
to as informative dropout mechanisms (Little and Rubin, 1987). When the probability of dropping out
is related to the underlying response process for an individual, the dropout data mechanism is said
to be informative (Wu and Carroll, 1988). This type of dropout has been modelled by introducing
random effects that are shared between the model for the repeated measures and the model for the
missing data mechanism. Various authors have proposed shared random-effect models for longitudinal
data subject to informative dropout and we also take the same route. However, our scenario is more
complicated as we observe two distinct dropout patterns in the data: one type of individual can be
regarded as ‘rotational dropout’, i.e. they drop out intermittently and return to the survey in later
waves. This is opposed to individuals who, once they drop out, never return to the survey, who we
classify as permanent dropout. To account for these two different types of dropout processes, we
develop a discrete-time competing risk model, which is essentially a multinomial logistic model. The
proposed discrete-time logit model can be extended by incorporating random effects varying across
individuals. This effect takes into account unobserved heterogeneity and dependence between the
different dropout processes.

Let, V;; be the missing value indicator, which takes the value 0 if individual i is observed, 1 if indi-
vidual 7 exhibits intermittent missing values and 2 if individual i permanently dropped out. Thus V;;
is a multinomial response vector with v (= 3) categories. The probability model for the multinomial
logit V;; can be written as follows:

—1 =
I+Z%=| exp(:rrf/’-v) v 0
Ppvij = prob (Vij =v) = (x)
e;‘P Tijy v = 1’ 2
1+Zv=l exP(ﬂf;v)
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The dropout model is assumed to be conditionally dependent on past and current values of the
dependent variables. The regression for the intermittent missing value is given by

mi =y E  + v+ (11)

and the same for the permanent dropout is given by

[

w2 = a1 v+ a8 v+ A

Here, u; is the random effect corresponding to the intermittent dropout and follows the normal
distribution. The A5 is the connection of the random effects between intermittent and failure time. The
ni‘;?v is the hazard of an event of type v occurring at time ¢ for an individual i (Elashoff et al., 2008).

In the traditional approach to the problem of competing risks, where the occurrence of an event
removes the individual from the risk of other events, each event is analysed separately, while all other
events are treated as censored. In our formulation, however, the two risks are correlated through the
sharing of the random effects ;. This is important, as an individual who is intermittently dropping out
may be more prone to permanently dropout and thus the two risks may be correlated. We have taken
the censored cases as the reference category.’

2.4. The Latent Random-Effects Distribution: Dirichlet Process Priors

Without loss of generality, we assume that all b;; in equations (5), (6), (9) and (10) are r x 1 unobserved
vectors. Let b; = (b;';,b;';,b;';,b;';)—r, i =1,...,m,1is a 4r x 1 vector representing the random
effects for the ith individual. To allow for the correlation structure between repeated observations for
the same individual taken over different years and also to account for uncertainty in the probability
distributions of the random effects, usually one takes a multivariate normal distribution. Recent work
shows the importance of explicitly modelling the correlation structure (Su et al., 2009).

However, in an aging population the subjects’ responses may result in increased heterogeneity
in the population. In addition, the endpoints are skewed and thus a parametric normal distribu-
tion may be restrictive for the latent random effects. Thus, instead of a normal distribution, we
employ a Dirichlet process (DP) prior based on a stick-breaking scheme (Ferguson, 1973; Blackwell
and MacQueen, 1973; Antoniak, 1974; Sethuraman, 1994) that makes fewer assumptions about the
distribution function.

To proceed, we assume latent variables b; are drawn from an arbitrary distribution G, where G has
a DP prior, denoted by b; ~ DP(aGy), Go ~ N4r(0, X) and a is an unknown concentration parameter.
Usually a uniform prior is assumed for a. Thus the DP prior is essentially a distribution on the space
of distributions and parametrized by a known base distribution Gy and by a positive concentration
parameter a that represents variability around Gg. The G can be viewed as the ‘mean’ distribution in
the space of distributions covered and a is a measure of the ‘variance’ of realizations of G around Gy.
Hjort et al. (2010) provide a thorough review of the DP literature. Formally our model for b; can be
hierarchically expressed as

b|G K Gi=1,....m,

G|a, Go ~ DP(a Go), with Gg = Ny, (0, )

(12)

3 In our application presented in Section 3 below, in the case of both intermittent and permanent missing values, past and current
values of the dependent variables are found to be statistically significant. For brevity, these results are not reported in the paper
but are available on request.
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Sethuraman (1994) provided an explicit characterization of G in terms of a stick-breaking con-
struction, where G is represented as an infinite mixture of discrete atoms mj with probabilities
wy, (ZZOZI wp = l). In our context, the my, are drawn i.i.d. from Gy ~ Ny, (0, X). For wy,, imagine
a probability stick of unit length and break off a portion w; = m;, where 7; is drawn from a beta
distribution, Beta(1, ). The length of the remaining stick is (1 — 7). Let 7, be another independent
draw from the same beta distribution, representing the portion of the remaining probability stick that
is broken off. Thus w, = m2(1 — 71) denotes the probability associated with the second independent
draw m, from G,. Continuing, we obtain

0o h—1
G = th&nh; with wy, = 7y, 1_[(1—711), forh=1,2,...,00
h=1 =1

i.d.

where my|v ~ Beta(1,a), andmy, ~" Gy

=

Here, §,,,, denotes a discrete distribution with all its probability mass at . For all values of a(a ~
1) the first four or five mj account for 99% of the distribution G, while for a large value of a(a =~ 10),
99% of the distribution of G is accounted for by the first 50 my,’s (Hjort et al., 2010). Because of this
fact G can be reduced to a truncated DP by truncating at a large number R.*

3. EMPIRICAL ANALYSIS
3.1. Data

In order to explore the relationship between out-of-pocket medical expenditure and hospitalizations,
we use data from the University of Michigan’s Health and Retirement Study (HRS). The HRS is a
longitudinal survey of Americans over the age of 50, with a follow-up frequency of 2 years, and is
designed to provide multidisciplinary data to understand the challenges of aging. In this paper, we
use data for eight waves from the 1931-41 cohort—the HRS cohort. Baseline observations for the
HRS cohort begin in 1992 when individuals were between 52 and 62 years of age and were near
retirement. The data we use are maintained by RAND’s Center for the Study of Aging and has been
comprehensively cleaned and documented (St Clair et al., 2009). Our estimation is based on sampling
from 1929 individuals, 1227 of whom we observe in all eight waves. All individuals are observed in
wave 1 and at least two other waves.

For our outcome measures, we use the number of hospital visits made since the previous inter-
view, which is based on responses to the following question: How many different times were you a
patient in a hospital overnight in the last 12 months? On the other hand, the total out-of-pocket
medical expenses variable (OOPMD) covers total medical costs for all medical services since the
previous interview and excludes all costs that were reimbursed or paid through insurance. It covers
four groups of services, namely: hospital/nursing; doctor/outpatient/dental; prescription drugs; and
home health care/special services. Our focus on out-of-pocket medical expenditure, namely medical
expenditure minus that covered by insurance, follows numerous contributions to the existing health
economics literature (such as Palumbo, 1999; Finkelstein and McKnight, 2008; and, more recently,
Goda et al., 2013; Goldman and Maestas, 2013) and reflects the argument that it is a measure of
the actual financial burden of medical expenditure incurred by individuals, as well as a significant
source of financial risk. It is important to acknowledge, however, that type of insurance status has an

4 Details on Bayesian inference and computation are presented in the online Appendix.

©2015 The Authors. Journal of Applied Econometrics published by John Wiley & Sons Ltd. J. Appl. Econ. (2015)
DOI: 10.1002/jae



ESTIMATING HEALTH DEMAND FOR AN AGING POPULATION

Table I. Distribution of outcomes

Count of hospital visits Out-of-pocket medical expense

% Non-zeros % Non-zeros

HRS wave  Zeros Mean Min. Max. Zeros Mean Min. Max.

1 94.67 1.12 1 2 16.00 1075 8 15,928
2 94.20 1.62 1 6 18.12 1437 9 34,687
3 92.86 1.30 1 2 15.00 1201 15 13,400
4 90.48 1.08 1 2 15.08 1269 3 21,600
5 81.97 1.45 1 6 12.30 1463 25 18,080
6 80.87 1.27 1 2 11.30 2310 5 29,780
7 88.70 1.15 1 2 1043 2414 100 52,400
8 81.25 1.24 1 3 9.82 1971 15 15,100
Table II. Summary statistics of response and predictors
Variables Mean SD Min. Max.

Time invariant

Education: GED or higher? (gedplus; ) 0.88 0.33 0.00 1.00
Is female? (female; ) 0.47 0.50 0.00 1.00
95-100% of pre 65 years covered (covered) 0.86 0.35 0.00 1.00
10-60% of pre-65 years covered (mostlycovered) 0.06 0.24 0.00 1.00
60-95% of pre-65 years covered (partlycovered) 0.05 0.23 0.00 1.00
Time varying

Count of hospital visits (rhsptim) 0.15 0.48 0.00 6.00
OOPMD (roopmd) 1391.30  3158.36 0.00  52400.00
Age (Age) 60.30 537  50.00 73.00
Has no difficulty in dressing (rdress) 0.84 0.37 0.00 1.00
Self-reported expectation of living 10+ years (rliv) 70.13 24.51 0.00 100.00
Self-reported health: A in current wave (rshlth) —0.95 0.88 —2.00 2.00
Self-reported health: A in previous wave (rshlthc) 0.06 0.71 —2.00 4.00
Does health limit work? (rwork) 0.05 0.22 0.00 1.00
Respondents BMI (rbmi) 26.87 4.39 15.30 51.50
Respondent has at least one of chronic conditions (rchronic) 0.50 0.50 0.00 1.00

important influence on out-of-pocket expenditure and that the extent to which we are able to control
for such factors is somewhat limited.’

Table I presents summary statistics for both outcome measures. The count of hospital stays exhibits
increasing frequency of missing observations in later waves; additionally, there is a high but declining
fraction of the sample in each wave with zero hospital visits. This change in health demand over time is
also captured through narrower ranges of outcomes in earlier waves than in later waves, emphasizing
the important effects of aging. Thus, while in wave 1 approximately 95% of the sample did not visit a
hospital, by the last wave this proportion had declined to 81%. This high frequency of zeros supports
the use of a Poisson hurdle model for hospital visits. Similarly, OOPMD also shows significant zero
inflation, suggesting that treating it as a continuous variable would be problematic. As people age, the
frequency of hospital visits rises, and so does OOPMD. We see this in Table I: as the frequency of
zeros declines, the average OOPMD rises from $1075 to $1971.

Descriptive statistics for the baseline and time-varying covariates are presented in Table II. Infor-
mation on many factors, such as gender, education, insurance coverage and functional independence,

5 Total medical expenditure is an alternative cost measure available in the HRS; however, it is only available in waves 1-6 of the
HRS. This would limit the length of the panel and would arguably lead to an overestimate of the burden of medical expenditure
incurred at the individual level.
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Table III. Between and within variation in time-varying variables

Time-varying continuous variables Mean SD Min. Max.
OOPMD (roopmd) Overall 1391.3 3158.36 0 52400
Between 803.33
Within 2855.54
Age (Age) Overall 60.3 5.37 50 73
Between 2.7
Within 0.22
Expectation of living 10 or more years (rliv) ~ Overall 70.13 24.51 0 100
Between 18.68
Within 14.6
Respondents BMI (rbmi) Overall 26.87 439 153 51.5
Between 44
Within 1.24

is available in the HRS. We control for being female as well as for whether the individual’s education
is at the level of the General Education Diploma (GED) or higher. We also control for the age of the
respondent; in almost any aging study, the age of the respondent is an important predictor of health
outcomes (Strunk et al., 2006; Wei et al., 2004); hence it is believed that the age of the respondent is
predictive of his/her health care demand and out-of-pocket medical expenditure. For each continuous
variable Table III reports the cross-sectional and time variation that we exploit.® While the extent of
the variation changes from variable to variable, we again note the substantial portion of the variation
that is due to time variation within individuals over time rather than across individuals.

In the context of the USA, it is important to control for health insurance. In particular, at age
65, US citizens become eligible for Medicare, a public insurance program. Hence, post age 65,
insurance coverage in our sample is universal. Thus there is a discontinuity in access to health insur-
ance at age 65 such that health care usage is expected to rise, especially if individuals were previously
uninsured (see, for example, Card et al., 2008, 2009). We thus include a set of controls for insur-
ance histories of individuals prior to turning 65 years of age. It is important to acknowledge that
there is heterogeneity in health insurance status post age 65, which our approach does not allow for.
7 For example, some individuals purchase Medicare supplements, some individuals may hold private
insurance 8 and some may be eligible for Medicare and Medicaid, a health care programme for those
with low income. Given data limitations, since we are unable to control for such considerations, our
approach essentially assumes that insurance status post age 65 is homogeneous. Thus it is important to
acknowledge that our estimated age effects may be contaminated by closely related omitted variables
(such as type of insurance).

A key aspect of aging is a loss of functional abilities (muscular strength, ventilatory capacity,
incontinence or cardiovascular output); however, the rate of this decay varies with lifestyle and
environmental factors (Wei et al., 2004). The variables used to capture functional independence are
whether the individual reports that they experience no difficulty in dressing and whether their health
limits their ability to work. We also control for the respondent’s BMI. Additionally, data on each
individual’s self-reported health status in the current and past wave, distinguishing between excellent,
very good, good, fair and poor health, is used as it is known to be predictive of health status (McGee
et al., 1999). Specifically, we include variables capturing the change in self-assessed health between

6 The online Appendix shows time plots of categorical variables that we use in our analysis.

7 We are very grateful to a referee for highlighting this important point.

8 Interestingly, in our sample, 1108 individuals reported having non-public health insurance after age 65, which in the vast
majority of cases was related to their employment. 99% of these individuals reported having previously held non-public health
insurance prior to age 65. For these individuals, we assume that the nature of their insurance cover is the same in the pre and
post age 65 periods.
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the current and previous waves, where positive (negative) values indicate a deterioration (improve-
ment) in self-reported health between waves.” The HRS also includes information on each respon-
dent’s expectation of being alive for the next 10 years or more on a 0—100 scale; this is known to predict
mortality (Hurd and McGarry, 2002). We include this variable to explore the influence of expectations
on health-seeking behaviour. To capture the long-term state of the respondent’s health, we include
a dummy variable for chronic conditions which equals one if the individual has ever had any of the
following chronic conditions: (i) high blood pressure or hypertension; (ii) diabetes or high blood sugar;
(iii) cancer or a malignant tumour of any kind except skin cancer; (iv) chronic lung disease except
asthma, such as chronic bronchitis or emphysema; (v) heart attack, coronary heart disease, angina,
congestive heart failure or other heart problems; (vi) stroke or transient ischaemic attack (TIA); (vii)
emotional, nervous or psychiatric problems; and (viii) arthritis or rheumatism.

3.2. Model Specifications and Results

Before discussing our results, we first compare our model with some alternative models to test the qual-
ity of model fit that characterizes our model. To compare alternative models, we compute P (Y;|Y_;),
which is the posterior predictive distribution of Y; conditional on the observed data with a single data
point deleted. This value is known as the conditional predictive ordinate (CPO) and has been widely
used for model diagnostics and assessment (Gelfand et al., 1992). For the ith individual, the CPO
statistic under model M; : 1 <[ < L is defined as

CPO; = P(Y;|Y-;) = Eg [P (YiIQI, Y—i>:| (13)
where —i denotes the exclusion of individual i from the sample. The Ql is the set of parameters of

the M; and P [ Y;|6; | is the sampling density of the model evaluated at the ith observation. The
preceding expectation is taken with respect to the posterior distribution of the model parameter 6;

given the cross-validated data, Y_;. Also, note that equation (13) is based on the fact that m =

i mn(e |Y)d6. For individual 7, the CPO; can be obtained from the Markov chin Monte Carlo
samples by computing the following weighted average:

-1
M

CPO; = | — Y —— (14)
=\ (vil6™)

where M is the number of simulations and 91('") denotes the parameter samples at the mth iteration,
i.e. they are the draws from the posterior that uses the whole sample. A large CPO value indicates a
better fit. A useful summary statistic of the CPO; is the logarithm of the pseudo-marginal likelihood
(LPML), defined as

LPML = " log(CPO;) (15)

i=1

9 It is important to acknowledge that such health measures may be endogenous. We have also explored the approach taken by
Terza et al. (2008), where we include self-assessed health measures and the generalized residuals associated with modelling
self-assessed health. Such an approach is, however, constrained by the shortage of objective measures of health in the HRS to
use in modelling self-assessed health. Given such issues, we present the findings related to self-assessed health.
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Greater LPML values represent a better fit. The LPML is well defined under the posterior predictive
density, where it is computationally stable. We compare the following models using the LPML values:
Model 1, the four-part model proposed in this paper, the results from which are discussed below;
Model 2, a four-part model where each part is modelled independently without random effects; Model
3, a four-part model with correlated random effects in a multivariate normal distribution; and Model
4, a four-part model with robust random effects but no age splines or interactions. The LPML values
for Models 1-4 are —5405.7, —7198.4, —6201.8 and —61332.4, respectively. Thus Model 1 has the
highest LPML value, suggesting that it has the best fit amongst the alternative models. The large
difference in the LPML values between our proposed model and the alternative models indicates the
presence of a nonlinear age effect and the importance of DP for our analysis.

We formulate an empirical version of the four-part model discussed above to be applied to the
HRS data as follows. Equations (16) and (17) present the zero-inflated semi-continuous component
of the model that seeks to explain hospital stays. The same covariates are allowed to differentially
impact on the propensity for visiting a hospital (in equation (16)) and the count of such visits made (in
equation (17)):

logit (pfl) = BY, + Blatij + Blagedplus; + Bf,female; + Bfsthlthimy; + BYmodift
+ BYtlive;j + Bigeoh;; + Brocoh; j—1 + fiF (ageij)female; (16)
+ f5 (age;;)(1 — female;) + biy

log (;L,If) = ,3%1 + ,szt,-j + ﬁﬁgedplusi + ,Bﬁfemalei + ﬂfsrhlthlmij + ﬁfsrnodiffij
+ ,3117rlive,~j + ﬂfgcoh,-j + ﬁfgcoh,-,j_l + fl)L (ageij)female,- 17
+ fz)L (age;;)(1 — female;) + bia
Similarly, equations (18) and (19) are the two components of the semi-continuous hurdle model for
out-of-pocket medical expenses incurred. For both the Poisson hurdle model and the semi-continuous

model, age is allowed to flexibly affect both the propensity and the level of health care demand through
a smoothing spline that is allowed to vary by gender:

logit ( pf}l ) = fvf” +,3g” t;i+pB g” gedplus; +,3fi" female; ~|—,B%"rhlthlm,- i +B %” rnodift;;
M, .. M M
+ B17"tlive;; + Big” cohij + Bro”coh; j_1 + hf(ageij)ei’}l (18)
+ hf (age;;) (1 —ef) + bis

log(ufljf[) = %A + ,Bg‘t,-j + ,BgAgedplusi + ,Bfi‘female,- + ﬂ%*rhlthlmij + ,B%Arnodiffij
+ By rlivei; + 15 cohy; + Big cohi ;1 + ™ (age;;)e] (19)

+ h3' (agey; ) (1 — eff) + bia

Finally, in equations (16)—(19), the random effects by = (bj1, bi2, bi3, bi4) are jointly modelled
as a DP (aGy = N4(0,%)) and @ ~ Uniform(0.4, 10). To fully specify the Bayesian model,
we assign weakly informative conjugate priors for the parameters. For each aggregate-level coef-
ficient, we assume a normal density prior of N(0, 100). For the variance parameters, we assume
inverse-gamma (IG) priors of IG(2.01, 1.01), giving rise to a prior mean of 1 and a prior variance
of 100. Lastly, we take an inverse-Wishart prior for the variance—covariance matrix by assuming
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Table IV. Poisson hurdle model for hospital visits

Parameter Mean  95% credible interval

Logit: p

Intercept Mo 2.62 (1.04,4.33)
Wave Mo 1.70 (0.90, 2.69)
Education: GED or higher? 11‘;1’) 0.43 (—2.20, 1.39)
Is female? Mo 0.20 (0.015, 1.67)
95-100% of pre-65 years covered 11\;1,; —-0.39 (—2.32, 1.48)
10-60% of pre-65 years covered f‘g ’ —0.06 (—=2.05, 1.90)
60-95% of pre-65 years covered 11\;1,, —0.02 (—1.92,1.88)
Has no difficulty in dressing Meo 112 (—2.68, —0.86)
Self-reported expectation of living 10+ years 11‘;1 » —0.70 (—1.13,-0.2)
Self-reported health: A in current wave 2"3 ’ 0.70 (0.19, 1.4)
Self-reported health: A in previous wave 2}‘;[ z 0.10 (0.02, 1.01)
Does health limit work? 2”3'7 —0.18 (—2.18, 1.69)
Respondents BMI Mo 1.03 (0.34,2.27)
Respondent has at least one chronic condition 21‘:{ ’ —0.22 (—1.86,-0.1)
Log: u*

Intercept Mio 103 (—2.60, 0.50)
Wave M 0.13 (—0.02, 0.29)
Education: GED or higher? 11\;1 A —0.15 (—0.93, 0.59)
Is female? Ma —0.18 (—0.70, 0.38)
95-100% of pre-65 years covered 11‘:-,1 A 0.35 (0.16, 1.55)
10-60% of pre-65 years covered f‘g’l 0.89 (0.12, 1.35)
60-95% of pre-65 years covered 1[‘;1 A 0.70 (0.19, 1.48)
Has no difficulty in dressing 1]‘;3[ A —0.40 (—1.05, —0.16)
Self-reported expectation of living 10+ years 1/\(/)/ A 0.00 (—0.007, 0.008)
Self-reported health: A in current wave 2}‘(/)’)‘ 0.43 (0.09, 0.73)
Self-reported health: A in previous wave 21‘;1)‘ 0.16 (—0.08,0.41)
Does health limit work? N 0.61 (—0.002, 1.22)
Respondents BMI 21‘;“ —0.06 (—0.10, —0.002)
Respondent has at least one chronic condition 2[‘:{ A 0.81 (0.33, 1.31)

Y1 ~ Wishart(4,0.114), where 1, is the 4 x 4 identity matrix. Each component of this multi-part
joint model with robust random effects captures important aspects of demand for health care.'”

The estimates for the two-part Poisson hurdle model given by equations (16) and (17) are reported in
Table IV. The top panel reports the determinants of the propensity for hospital stays, while the bottom
panel presents the determinants of the count of hospital stays conditional on stays. It is apparent that
flexibility to differentially affect the logit and log portions is important, with many variables behaving

10" See online Appendix for further details.
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differentially in the two components. There are some exceptions to this: for example, education and
health limiting work have no effect on either the logit or the log portion. Similarly, respondents who
are able to dress independently are less likely to visit a hospital and visit less frequently conditional
on visiting a hospital, indicating the importance of functional abilities. Finally, a deterioration in
self-reported health between the current and past waves is associated with an increased propensity to
visit the hospital as well as an increase in the count of hospitalizations conditional on there being at
least one hospitalization. Other variables, such as being female, having a higher self-reported proba-
bility of being alive for at least another 10 years, the lagged change in self-reported health status and
the respondent’s BMI, affect only the logit portion, with no effect on the log portion. The three insur-
ance history variables, on the other hand, have no effect on the propensity of hospitalization, but are
associated with an increase in the count of hospital visits conditional on visiting a hospital. Similarly,
having ever had at least one chronic condition affects the log portion of the model but not the propen-
sity to visit hospital. Thus our flexible modelling framework identifies the various different ways that
these variables affect the different parts of the demand for hospital visits.

Table V reports estimates from the semi-continuous model for out-of-pocket medical expendi-
ture (OOPMD). A number of interesting differences with the Poisson hurdle model are noted. First,
the propensity for any OOPMD is unaffected by education, changes in self-assessed health status and
insurance histories covering 10-60% of the individual’s pre-65 years. Similarly, a higher self-reported
expectation of being alive for the next 10 years is associated with not only a lower propensity of
incurring OOPMD but also a lower amount of expenditure if it is positive. While the middle level
of insurance coverage prior to 65 has no effect on OOPMD, high levels of coverage (95-100%
pre-65 years covered) are associated with a lower propensity of positive OOPMD, but no effect on the
level conditional on incurring any expenditure. For low levels of health insurance coverage (10-60%),
we find that there is no effect on the propensity for positive OOPMD; however, conditional on
positive expenditure, respondents with low levels of health insurance tend to experience higher
levels of OOPMD. Being female, or having health conditions that limit work affect the OOPMD
distribution in a similar fashion—they both increase the conditional out-of-pocket expenditure
on medical care, but have no effect on the propensity of positive OOPMD. Having no difficulty
in dressing, higher BMI, and having ever had at least one chronic condition, have a much more
complex effect on the OOPMD distribution. These variables reduce the propensity of experiencing
positive OOPMD; however, conditional on incurring expenditure, these variables are associated with
an increase in OOPMD.

With a large number of variables affecting multiple parts of the four-part model, it seems natural
to expect significant correlation across the random effects from each of the components. Some exam-
ples of these variables are being female (affecting the logit part of the Poisson model, and the log part
of the two-part model), having no difficulty dressing (affecting all four parts of the model), and the
self-reported probability of living another 10 years or more (also affecting all four parts of the model).
Table VI presents estimates for the correlation coefficients across the four components of the model.
Three of the correlation coefficients between the random effects are non-zero; these are the correlation
between the random effects of the logit and log components of the Poisson hurdle sub-model (nega-
tive), the correlation between the random effects of the log portion of the Poisson hurdle model and
the logit portion of the semi-continuous hurdle model (negative), and the correlation between the ran-
dom effects of the log portion of the Poisson hurdle and log of the semi-continuous model (positive).
The first, being negative, suggests that individuals with larger unobserved effects on the propensity
of hospitalization tend to have lower unobserved effects on the conditional count of hospital visits.
While statistically significant, the correlation coefficient is much smaller (—0.24) than the correla-
tion between the random effects from the conditional count of hospital visits from the Poisson hurdle
model and the random effects from the conditional OOPMD component of the semi-continuous model
(0.61). The high correlation between the unobserved components of the conditional count of hospital
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Table V. Two-part model for out-of-pocket medical expenses

Parameter Mean  95% credible interval

Logit: pM
Intercept Mro 003 (—1.952.04)
Wave Mro 020 (—2.03,-0.01)
Education: GED or higher? 11\;1,, 0.10 (—2.07,1.92)
Is female? Mp 003  (—1.90,1.87)
95-100% of pre-65 years covered 11\;1,7 —0.20 (—1.41,-0.07)
60-95% of pre-65 years covered 11\;1 ’ —0.03 (—0.93,0.98)
10 — 60% of pre 65 years covered 11\64” —0.10 (—1.91,1.90)
Has no difficulty in dressing Meo 042 (—2.16,—0.07)
Self-reported expectation of living 10+ years 1/\;1 r —1.01 (—1.96,—0.25)
Self-reported health: A in current wave %” 0.40 (—0.89,0.95)
Self-reported health: A in previous wave 21\11 r 0.10 (—0.4,0.89)
Does health limit work? 2}‘; P 0.30 (—1.01,1.00)
Respondents BMI Mo —121  (=2.02,—-0.19)
Respondent has at least one of chronic conditions 21\;1 ? —0.28 (—1.09, —0.08)
Log: M
Intercept Mro 020 (—1.05.1.8)
Wave Ma 020 (0.05.1.31)
Education: GED or higher? 11\;1 A —0.30 (—1.12,1.00)
Is female? Mx 040  (0.15,1.17)
95-100% of pre-65 years covered 11\;1;\ —0.20 (—1.05,-0.01)
10-60% of pre-65 years covered 11\64 A 0.70 (0.02,1.06)
60-95% of pre 65 years covered 11\74)‘ 0.10 (—1.01,0.89)
Has no difficulty in dressing 1/\;1 A 0.22 (0.02,1.2)
Self-reported expectation of living 10+ years 11\;1 A —0.23 (—0.48,—0.03)
Self-reported health: A in current wave 2}‘(/)[ A 0.10 (—0.88,1.09)
Self-reported health: A in previous wave 21\;1 A 0.40 (—0.3,1.8)
Does health limit work? 21‘;1 * 0.70 (0.05,1.17)
Respondents BMI 2}‘;1 A 0.50 (0.02,1.22)
Respondent has at least one of chronic conditions 2[\;1)‘ 1.10 (0.29,2.01)
Table VI. Correlation between random effects across models
Mean  95% credible interval

Corr. between logit and log of ZIP —0.24 (—0.63, —0.05)

Corr. between logit of ZIP and logit of semi-continuous 0.04 (—0.95, 0.89)

Corr. between log of ZIP and logit of semi-continuous —0.23 (—1.96, —0.08)

Corr. between logit of ZIP and log of semi-continuous 0.01 (—0.08, 0.26)

Corr. between log of ZIP and log of semi-continuous 0.61 (0.13, 1.35)

Corr. between logit and log of semi-continuous 0.03 (—0.19,0.16)
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visits and the conditional OOPMD is expected as unobserved factors that determine hospital visits are
likely to be closely related to unobserved factors that explain OOPMD. The modestly negative correla-
tion (—0.23) between the log portion of the Poisson hurdle model and the logit of the semi-continuous
model is also interesting in that it suggests that unobserved factors that explain the conditional count
of hospital visits are negatively associated with the unobserved factors that explain the propensity to
experience positive OOPMD.

Finally, we analyse the effect of age on health care demand and how it varies as people age and with
gender. Figure 1 plots the effect of aging on each component of the four-part model. Figure 1 shows
that the demand for health care varies significantly across a person’s life and across gender; note this
is not apparent from the baseline effects in the regression tables. The first quadrant of the figure shows
that there is a large difference in the baseline levels of demand for health care with women having
a higher propensity for making any hospital visits. This finding accords with the existing literature
(see, for example, Briscoe, 1987; Bago d’Uva, 2005; Koopmans and Lamers, 2007). For women, the
baseline demand for health care does not change until the age of 40, after which it rises linearly until
the age of 60. After the age of 60, further aging appears to have almost no additional impact on the
propensity to use hospital facilities. Men, on the other hand, have no change in the baseline propensity
to visit a hospital until the age of almost 60. Thereafter, the propensity to visit a hospital at least
once increases exponentially. The conditional demand for health care in terms of the count of visits
behaves somewhat differentially—women visit more frequently over their entire lifetime, while men
maintain their baseline rates of hospitalization almost until the age of 60. Thereafter, men start visiting
a hospital more frequently than they had in the past. However, the increase is slower than the increase
in the conditional counts observed for women.

Similarly, with OOPMD, we find that women are more likely to incur expenditure and they also tend
to incur higher expenditure than men at each stage of the life cycle. From the age of 40, the propensity
to incur expenditure rises rapidly until the age of 60 and, thereafter, it increases at a much more modest
rate for women. For men, there is no change in the baseline propensity of incurring OOPMD until the
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Figure 1. Nonlinear effects of aging for each part of the 4PM. On each plot the x-axis measures age in years. The
plotted line is the logit of p;; the top two plots capture the gender effects of the Poisson hurdle model, where the
top left plot captures the difference in the propensity for any hospital visit and no hospital visit for women (dotted
line) and men (continuous line). The top right plot captures the conditional count of hospital visits. The bottom
two plots capture gender effects in a semi-continuous model, with the bottom left plot capturing gender differences
in propensity for any OOPMD, while the bottom right plot captures the gender difference in conditional OOPMD
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age of 60. Thereafter, there is a modest increase in the propensity of incurring any OOPMD. In terms
of OOPMD expenditure conditional on positive expenditure, it is clear that women incur substantially
higher costs throughout their lifetime than men, with a modest increase after the age of 40. Consistent
with the Poisson hurdle model, men have a much lower level of baseline conditional OOPMD expen-
diture until the age of 60. After the age of 60, conditional OOPMD expenditure increases very rapidly
and the gap between male and female medical expenditure declines rapidly, but does not fully go away.

4. CONCLUSION

In this paper, we analyse health care demand for an aging population using a Bayesian semi-parametric
joint modelling framework. We incorporate a number of interesting adaptations to this joint model
to ensure that our model is appropriate for this application as well as being robust and allowing us
to flexibly estimate a key covariate for an aging population, namely the effects of age itself. In the
Bayesian framework, we allow for zero inflation, which a key characteristic for both hospital stays and
out-of-pocket medical expenditure (Duan et al., 1982; Olsen and Schafer, 2001; Liu et al., 2010). Thus
our four-part model differentially captures the propensities for usage as well the levels of use across
these two measures of health care demand. This enables us to uncover complex patterns of correlations
across a range of covariates and at different portions of the distribution of each outcome. Using DP
priors to specify random effects for each participant allows us to reliably estimate health care demand
after accounting for unobserved heterogeneity. Finally, the correlation across the components allows
us to borrow information across the two measures of health care demand to better understand the
co-movement in our joint model in a way that has not been previously applied to health care demand.

The four-part model allows us to capture a number of important aspects relating to how aging
influences health care demand. Age splines and their interaction with gender allow us to ascertain
that at younger ages health care demand is higher for women, while after the age of 60 health care
demand for men increases very rapidly. This affects both hospital visits and out-of-pocket medical
expenditure. These findings have different implications: for example, with increased aging, there is
need for greater profiling of men as they near 60, which has implications for the health sector, while
greater out-of-pocket medical expenses will have important implications for the financial planning of
individuals and households as well as for the design of health insurance systems. We hope that our
findings will stimulate further research into this area of economics, which is clearly set to increase in
terms of its policy relevance in the future.
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