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Abstract

This paper develops and estimates a life cycle dynamic stochastic discrete choice model of individual
decisions about health insurance, exercise, smoking, alcohol consumption and medical treatment in a
Grossman (1972) type framework where health is human capital. The model accounts for the effects of
moral hazard from health insurance and longevity on health related behaviors. Furthermore, longevity
is endogenous to behaviors. The estimation of the model controls for dynamic selection through mor-
tality. In particular it develops and implements a simulation based procedure for dealing with an initial
conditions problem that is common in estimating dynamic models. The model is estimated using data
from the Health and Retirement Study. Model simulations imply that access to health insurance has
considerable impact on medical utilization but there is little moral hazard with respect to other health
related behaviors, i.e., alcohol consumption, smoking and exercise. The results also suggest that in-
creases in longevity provide incentives to lead a healthier life-style (the ‘Mickey Mantle’ effect). Hence,
one reason that the level of moral hazard in health behaviors may be small is that the dynamic effects of
longevity counteract the moral hazard generated by health insurance. The effects of health insurance on
health outcomes are found to be small because utilization is largely for palliative rather than preventive
or curative purposes.
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1 Introduction

This paper develops and estimates a life cycle dynamic stochastic discrete choice model of individual de-
cisions about health insurance, exercise, smoking, alcohol consumption and medical treatment and the
consequent effects of these choices on health outcomes. The model is in the Grossman (1972) type frame-
work where health is human capital as well as a consumable commodity. The model accounts for the
effects of moral hazard from health insurance and longevity on health related behaviors. Furthermore,
longevity is endogenous to behaviors. The estimated model is used to examine the effects of potential
changes in health insurance coverage on health outcomes and health related behaviors over the life cycle.
In particular to determine the moral hazard associated with the provision of health insurance on medical
treatment (Arrow 1963, Pauly 1968) and habits like smoking and alcohol consumption. The model is also
used to analyze the effect of longevity on health behaviors.

An analysis of the individual as a (household) producer of his own health must recognize the significance
of uncertainty in this process. An individual’s decisions about health related choices (e.g. health insurance,
medical care use, exercise) depend on his state of health, which is randomly determined. Conversely, his
state of health is also affected by his health-related choices in a stochastic way. Thus the production of
health and the health related decisions of individuals are inter-related. It is not just that the demand for
medical care and health insurance is derived from the demand for health. More than that, the demand for
health, demand for health insurance, medical utilization, and health related behaviors that also directly
affect utility (e.g., smoking) are jointly determined. Consequently to analyze the production of health and
the choices about health related behaviors one has to be cognizant of the endogeneity of these choices (see
e.g., Mundlak 1963, Rosenzweig and Schultz 1983). In particular one important reason for formulating
a dynamic life cycle model of investment in health is to understand the role of medical care on health
outcomes. At any given point in time health status and medical care are negatively related because sicker
people tend to seek more medical care, i.e. the medical treatment choice is endogenous. Further, since
health itself is an endogenous commodity that can be produced or degraded by individual actions, there
will be a systematic tendency for individuals with certain kinds of “unhealthy” choices to be sicker than
others on average (Grossman, 1972). In other words there will be dynamic selection in to the sample
that seeks medical treatment (Rosenzweig and Wolpin 1995). Given this correlation between individual
behaviors, medical treatment and health status it is imperative to track the interaction of habits, medical
care and health status over the life cycle in order to measure the benefits of medical care on health status.

A second reason for developing a dynamic model of life cycle investment in health is “survivorship



bias” or dynamic selection (e.g., Olley and Pakes 1996, Cameron and Heckman 2001). In other words, a
crucial determinant of individuals being included in a data sample is because they had not degraded their
health to an extent that they died prior to the process of being sampled. Since in the model developed in
this paper the life horizon of an individual is endogenously determined, on the basis of his life cycle health
investment decisions, the issue of survivorship bias in empirical work can be resolved by accounting for the
process that leads to censoring of individuals from the data.

A third reason for constructing a life cycle model of health production that incorporates health insurance
decisions is to deal with the issue of adverse selection in the individual choices about health insurance
(Phelps 1973, Rothschild and Stiglitz 1976) and the consequent endogeneity in estimating the effects of
insurance on individual health related decisions and health outcomes. In addition if one is interested
in analyzing the effects on health outcomes of individual choices like smoking that both provide utility
through consumption as well as play a role in household production of health then one has to account for
the endogeneity that arises through “joint production” (Pollak and Wachter 1975). The endogeneity makes
the task of disentangling the individual preferences from household technology difficult in determining the
marginal effects of these choices on health outcomes. The dual objectives of analyzing the effects of
individual choices about health insurance and habits (that lead to joint production) on health outcomes
can be tackled through the construction of a dynamic model of health outcomes that endogenizes the
health insurance decision and clearly delineates the separate consumption and production roles of the
habits. A fifth reason for developing and estimating a health as human capital model is to examine in a
rigorous fashion whether Grossman type models, which are the work horse models in the health production
literature, are able to explain observed individual behaviors well.

Grossman (1972), in a deterministic framework, analyzed the decisions of individuals to invest in
their own health under both economic and bio-technological constraints. He noted that investment in
health by individuals involved behavioral inputs (e.g. exercise) as much as the use of medical care. He
also emphasized the dynamic and forward looking aspects of individual decisions in the production of
health, i.e. past decisions affect the current health, which in turn affects current decisions and thus future
health. This implies that in effect individuals can make choices about their desired health states through
their decisions regarding behaviors that affect health. Some of these behaviors also provide direct utility
through consumption, e.g. smoking. Thus the consumption choices and the production of desired health
outcomes are made simultaneously by individuals. This “joint production” leads to endogeneity in the
individual decisions, which is an issue of importance when considering empirical analysis (Barnett 1977,

Pollak and Wachter 1977). In fact this means that a static (or cross-section) regression of health outcomes



on medical care will often produce a negative relationship. This is because at any given point in time,
it is more likely that the sicker individuals (who have made less investment in their health behaviorally,
e.g. high smoking and low exercise) will be using more medical services compared to the healthier ones
(to compensate for the other choices). The Grossman model also has implications for dynamic empirical
analysis. It suggests that there will be attrition from a longitudinal sample of individuals on a systematic
basis leading to selection in the data. This will happen because the individuals who invest less in their
health (and are consequently sicker) or receive bad health shocks will die and drop out of the sample.

In the model developed in this paper I adopt a framework of health as human capital a la Grossman
(1972). The model is dynamic and incorporates uncertainty with respect to future health outcomes. One
novelty of the research is to explicitly include the choices over smoking, exercise and alcohol consumption.
I allow for “rational addiction” (Becker and Murphy 1988) in these habits. Secondly, in estimating the
benefits of medical care I differentiate between the mitigatory effects that alleviate short run discomfort
and those that lead to long term investments in health. A third innovation is that in the estimation I
allow for health to play the dual roles of a consumption good that provides utility and a human capital
input in the income earning capacity of an individual. Fourthly, I model the decisions of individuals about
health insurance. This provides me with a means of estimating the effects of health insurance on not
just medical care but also health outcomes and habit decisions, which is an additional contribution of my
research. Consequently one way of characterizing my model is to see it as an extension of Grossman (1972)
and Phelps (1973) to a framework of uncertainty with the addition of an health insurance choice for the
individual and an explicit incorporation of multiple inputs in the health production function.

To my knowledge there is almost no work on the joint estimation of the demand for health insurance
and the demand for other services and behaviors that affect health outcomes. Cameron et. al. (1988) was
an exception that developed a model of the joint decision by an individual to purchase health insurance
and to seek medical care. However the demand for medical care was not estimated jointly with the demand
for health insurance. A reduced form was used to estimate the demand for health insurance whereas the
structural parameters determining the medical treatment decision were estimated.

The work in this paper also complements the methods developed by Manning et. al. (1987) and Duan
et. al. (1983, 1984). These ‘two/four part models’ was developed in tandem with the RAND Health
Insurance Experiment (Newhouse 1993). Since it is unlikely that such an enterprise will be undertaken in
the near future, e.g., due to ethical and economic constraints, comparing the results of this research which
relies on ‘counter-factual simulations’ to estimate the level of moral hazard to the results of the RAND

study should be of considerable interest.



I use data from the Health and Retirement study (HRS) on 3671 males for the period 1991-1998. The
model is estimated using a maximum likelihood procedure that nests the numerical solution of the mode
(Rust 1987, 1994). The estimation controls for unobserved heterogeneity with respect to latent preferences
for health, ability to produce health and income earning capacity. Failure to control for unobserved
heterogeneity can result in misleading estimates of a health production function. This is because in the
presence of unobserved heterogeneity the inputs in a health production function will be correlated with the
econometrically specified residual. The consequence would be biased estimates of the production coefficients
if the endogeneity is ignored (Rosenzweig and Schultz 1983). One reason unobserved heterogeneity may
occur is because of differences in genetic endowments (that are known to the individuals but unknown to
the econometrician and) that may make some individuals more resistant to the consequences of unhealthy
behaviors and others more susceptible.

The methodology adopted in this paper may be traced in form to Wolpin (1984) which examined
the relationship between fertility and child mortality. Rust and Phelan (1997) used similar estimation
methodology to analyze the effects of social security policies and the Medicare system on the retirement
behavior of the elderly. Similarly Lillard and Weiss (1997) have examined the financial behavior of the
elderly vis a vis their health outcomes. Their model however did not allow for the health status of the
individuals to change through their behavioral choices. Related work by Sickles and Yazbeck (1998) jointly
estimated a health production function and the demand for consumption and leisure for elderly males. Their
research however did not incorporate any decisions about habits and was limited to the input of medical
care in the production of health. Recently Gilleskie (1998) analyzed medical care use and absenteeism and
the effects of these on health care costs using closely related techniques. However her model was one of
short run acute illnesses that did not change a person’s fundamental state of health. My research extends
this aforementioned work and in one sense may be seen as an extension of Gilleskie’s model to a long run
framework.

Estimates suggest that the model is able to replicate the data well. The model does well in matching
the means, frequencies and transitions in the data for the health states, habits and medical care. Income
and out of pocket expenditure are also matched well. The out of sample fit of the model is also examined
using US mortality data from the CDC, Atlanta and data on males from the National Health Interview
Survey 1998 for smoking, alcohol consumption and proportion of uninsured in the population. By these
measures the model performs well too.

The estimates of the model are employed in evaluating the effects of two radically different counter-

factual public health policies. Though it is not likely that these two policies per se are going to be



introduced in to the real world in the near or far future they help provide bounds on what the greatest
potential changes in individual behaviors and health outcomes would be in the face of the highly drastic
changes in health insurance. The first policy is one in which every individual in the economy is mandated
to be on a health insurance plan that charges an annual premium of $1000.0. This is approximately the
average premium paid by the individuals in the HRS data. The insurance however covers all out of pocket
costs. This experiment tries to simulate the effects of a policy that provides comprehensive health insurance
coverage. The simulations suggest that there is not much change in average life cycle health outcomes.
However there is a substantial increase in the demand for medical care. The proportion of individuals
seeking medical treatment increases by as much as 49% while health outcomes improve negligibly (up to
0.06%). It is also found that there is a slight increase (up to 0.4%) in alcohol consumption compared to
the baseline simulations. Smoking rates are slightly higher (as much as 0.5%) compared to the status quo.
Importantly it is found that the provision of subsidized medical care does not lead to a large increase in
the rates of smoking or alcohol consumption.

In the second policy experiment every individual in the economy is denied health insurance. In this
policy regime the individuals do not incur any insurance costs but have to pay for any medical treatment
they seek. This experiment tries to replicate the effects of the complete withdrawal of the provision of
subsidized medical care. Not surprisingly it is found that the demand for medical care falls. The fall is
most marked for the elderly. The proportion of individuals seeking medical care reduces as much as 95%
compared to the status quo and there is a drop in life cycle health outcomes of as much as 0.9%. It is also
found that the proportion of individuals consuming alcohol falls (up to 0.3%) compared to the baseline
simulations. Smoking rates fall as much as 0.6% in comparison with the baseline simulations. This policy
experiment indicates that withdrawal of medical coverage leads to a fall in the demand for medical care
but not to a significant fall in the rates of smoking and alcohol consumption.

Taken together the two experiments suggest that there is moral hazard associated with the provision
of subsidized medical care and the demand for medical treatment as found in the literature previously
(Manning et al. 1987). However there is no moral hazard associated with the provision of subsidized
medical care and the individual decisions about smoking and alcohol consumption.

The rest of the paper is organized as follows. Section 2 describes the model, while Section 3 provides
a brief summary of the data. Section 4 discusses the estimation procedure. The estimation results and
the consequences of two radically different policy experiments are analyzed in section 5. Finally section 6

concludes.



2 The Model

2.1 Structure and Specification

The stochastic life cycle model in which health is both a consumption good and human capital (Grossman
1972) employs a dynamic discrete choice framework used previously in estimating a durable goods model
(e.g., Rust 1987, 1994a, 1994b). Individuals are assumed to be forward-looking with a finite lifetime,
t=1,...,T. They maximize their lifetime discounted utility by making sequential choices about health
insurance, I, alcohol consumption, a;, smoking, ¢;, exercise, e¢; and medical care, m;, in each time period, t.
They derive utility from health, H;, alcohol consumption, smoking, exercise and a composite consumption
commodity, X;. The model adopts a random utility specification (McFadden 1981, McFadden and Richter
1990) with a stochastic component, (;, for the preferences associated with each of the choices. Defining
B as the discount rate and U(-) as the single period utility function over decisions and states described

below, the maximization problem is represented as,

T
{It’at{g?);ymt}E ;ﬁtU(IhIt—l,Hta at, A1, Ct, Ct—1, €1, €41, X¢, St, My, HH Sy, Ay, Gt) (1)
subject to
H; = h(Hyi—1, a1, Ci—1, €41, St—1, My—1, €, ) (2)
X = Y, — Pr— OOPF; (3)
Y, = y(Hi1, Ay, €f) (4)
OO0P; = O(It,Ht,mt,At,HHSt,efOp) (5)
S = s(Hy, Aty €;) (6)
HHS, = f(HHS;_1, A, e9) (7)

Hy=H,; Iy=1, ao=7ay co=7Co ey==€y; mg=m, HHSy=HHS, .

The model may also be interpreted as a long run version of the model developed by Gilleskie (1998). The
model accounts for the moral hazard because the endogenous alcohol consumption, smoking and exercise
choices explicitly depend on health status and health insurance. The model also allows for addiction
(Becker and Murphy 1988) in these behaviors. Thus the current choices depend on the past as well as the
expected future choices. The alcohol consumption choices, a;, take one of three values (1-“none,” 2-“drinks
per day < 1,” 3-“drinks per day > 17); smoking choices, ¢, take one of three values (1-“none,” 2-“packs

per day < 1,” 3-“packs per day > 17); exercise choices, e;, may be one of two values (1-“no,” 2-“yes”).!

! There are only two choices for exercise due to data limitations in the HRS.



In the model, insurance protects against medical expenditure risk by reducing out of pocket costs. In
turn, the demand for insurance depends on health outcomes and health behaviors (Phelps 1973), which
also affect medical expenditures. Insurance does not provide any utility per se but there is a monetary
equivalent of the cost of switching insurance plans. Hence I; is an argument of the utility function (1).
Insurance choices take one of six values if age < 64 and three if age > 65. The set of insurance choices is
enumerated as:

(a) For age < 64,

INS={1-“none,” 2-“group,” 3-“personal,” 4-“VA /Champus,” 5-“group/VA /Champus,” 6-“group/personal.” }
(b) For age > 65,

INS={1-“Medicare,” 2-“Medicare/Medigap/other-personal,” 3-“Medicare/group.” }

These alternatives are based on the empirical distribution of insurance choices in the HRS.? For those
under 65, “1” is the choice to be uninsured, plan 2 represents group coverage, e.g., through employer, plan
3 is personal coverage and plan 4 is coverage for armed services personnel and veterans. Plan 5 represents
a mix of group and VA /Champus coverage® and plan 6 represents a mix of group and personal insurance
coverage. Plans 2 and 3 for those 65 and over are similarly defined. Individuals younger than 65 can be
uninsured but those over 65 have at least Medicare coverage. An advantage of modelling insurance choices
in a discrete choice framework is that it parsimoniously characterizes the non-linear expenditure contingent
features of insurance plans (Keeler et al 1977). The supply of insurance is assumed to be exogenous because
the HRS data lacks information about the insurance choices available to each individual, and the factors
used by insurers (or employers) to determine the characteristics and premiums of plans they offer, and also
for computational reasons.? Thus all individuals are assumed to have access to the same set of insurance
choices conditional on age. The idiosyncratic random utility shocks can however account for the temporary
unavailability of a particular plan, e.g., through the association between insurance and employment.

The model accounts for the “full price” of medical care by including a term for the monetary equivalent

of the psychological cost of seeking medical care in the utility function (1), e.g., cost of scheduling and

?Medicaid is not included because of the small number of male HRS respondents on Medicaid and the difficulty of assessing

Medicaid eligibility when asset formation and savings behavior are not modelled.
3E.g., veterans who have VA/Champus coverage and additional coverage through their current civilian employer.

“Dey and Flinn (2005) is the only example, to the best of my knowledge, of estimation of demand for health insurance in
an equilibrium framework. They estimate an extremely sophisticated model of joint determination in equilibrium of employer
provided health insurance and wages in a search, matching and bargaining framework. However they do not consider the life
cycle aspect of health production nor the moral hazard and trade-offs inherent in the provision of health insurance. Further,
“due to data limitations and also for reasons of tractability” even they assume that the “employer’s direct cost of purchasing

health insurance coverage is exogenously determined (p. 575).”



waiting for an appointment. The medical care choices, my, take one of three values: 1-“low,” 2-“moderate,”
and 3-“high,” depending on whether the total number of visits to a physician or medical facility are
respectively fewer than approximately® 1/3, or between 1/3 and 2/3, or more than 2/3 of the empirical
distribution. The model decomposes the effects of medical care in to three components. The first is
palliative care. It is the pure consumption aspect that alleviates the short-run disutility of sickness (eq.
1). The second is curative care. It is the productive aspect that reduces the period specific depreciation in
health stock (eq. 2). The third is preventive care. It is the productive net investment aspect that leads to
improvements in future health (eq. 2). Disentangling these three components is insightful in understanding
the effect of insurance on health outcomes. More details are provided below in the discussion on the health
production technology, and in section 2.3 that discusses the specification of the utility function.

The model also distinguishes between the stock of health and a flow variable measuring sickness,’
s¢. This helps to account for situations in which there may be consumption of medical care without any
change in the underlying health stock, and also helps to disentangle the mitigative, curative and preventive
components of medical care. It allows for disutility from sickness.” The sickness variable takes one of
three values: 1-“none,” 2-“moderate,” 3-“high.” The roles of household size, H HS;, age, As, and lagged
variables in the utility function (1) are explained later in section 2.3.

Health and longevity are endogenous in the model through a health production function (eq. 2).
This allows for the current health to depend on one period lagged health, alcohol consumption, smoking,
exercise, medical treatment, sickness and a random element, /. Empirically health stock, Hy, is defined
using two measures of health, i.e., (a) self-reported health status® (SRHS) and (b) mortality. Thus H;

takes one of six values: 1-“dead,” 2-“poor,” 3-“fair,” 4-“good,” 5-“very good,” 6-“excellent.” Death is an

5Given the discrete nature of the utilization variable the cut offs are not exact.
SFor example, an Olympic skier would have a certain level of health stock while an AIDS patient would have a different

level. The same sickness e.g., the common cold, could have very different effects on the health outcomes, medical utilization,

OOP expenditures and health related behaviors of the two individuals.

"Conceptually the variable s; may be considered an index of illnesses in the past two years. This is however difficult to
implement empirically because the HRS data has limited information about illnesses in the past two years making it impossible
to track every possible illness. Also explicit inclusion of multiple illnesses would expand the state space considerably creating

a significant computational burden.
8SRHS is a rough but good measure of life cycle health that does well in predicting significant health events e.g., mortality.

See e.g., Deaton and Paxson (1998a, 1998b), and Case and Deaton (2003), who discuss the pros and cons of the measure. The
validity of the SRHS as an objective measure of health stock in the HRS data is strengthened because the survey question
does not include a reference to “people your age.” More complicated measures of health status could have been used but these
would have made the model computationally intractable. Wallace and Herzog (1995) provide an overview of health measures

in the HRS data.



absorbing state. The stochastic health production technology is specified to have a multinomial logit form
with the index function for transition from health stock level H;_; to health stock level ¢ =1, ..., 6, at each
time ¢, t=1,...,T, given by,

exp(ﬂ; - Ry)
S0y exp(n), - Ri)

(8)

PriHy =q | Hi-1,8t-1,€1-1,Ct—1,a4—1, M —1] =
where the index function (Q:; - Ry) is parameterized for ¢ # 1 as,

n,cRe = mge (¢ = Hia) + 029 (0 Hy1)?
—[M3.q = Mg - me—1] - [M{st-1 =2} =54 - [13,¢ — Mg - 1] - [1{5¢-1 = 3}]

+M6,qg - Ot—1 +N7,g - Ct—1 +1M8,q - €t—1 T M9,q - Mt—1 + N10,q - 9)

A multinomial specification is adopted (here and elsewhere below) rather than an ordered logit as the
former allows for greater flexibility in replicating the inter-temporal transitions.” The current health out-
come depends on the lagged health outcome via the terms 7 , and 72 4. The quadratic specification allows
for the persistence in health transitions. The effects of lagged choices on current health are represented
by 16,4 (alcohol), 17 4(smoking), ng , (exercise), and 79, (medical treatment). The lagged sickness affects
current health through 73 ,, in case of moderate sickness (i.e., s;—1 = 2), and [154 - 73,4] in case of high
sickness (i.e., s;—1 = 3) respectively. The 75, is a proportionality factor for high sickness. Utilization
of medical care alleviates the effect of moderate sickness by the amount 7,4. In case of high sickness,
utilization alleviates the effect of sickness by the amount [ns, - n44]. Hence 144 is the effect of medical
care in alleviating the depreciation in health stock. It is referred to as the curative component of medical
treatment. On the other hand 79, is the net investment effect of medical care on future health. This is
referred to as the preventive component of medical care.

The sickness variable (s;) may be considered to be an index of illnesses in the past two years. It is
assumed to be a latent variable that is unobserved to the econometrician.'?. It is specified to evolve as a
multinomial logit process that is a function of For all ¢t = 1,..., T the probability of sickness level'l ¢ = 2,3

is,
— emp((blq + ¢2q . Ht + (bSq . At)
1+ 22/:2 6mp(¢lq’ + ¢2q’ . Ht + ¢3q’ . At)

9The benefit of using an ordered logit would likely be efficiency gains in estimation but preliminary work showed that this

P’I”‘[St =q | Ht,At] (10)

specification would do a poor job in replicating health transitions. Hence it was not adopted.

10The HRS data has limited information about illnesses in the past two years. It would be near impossible to track every
possible illness that afflicted each individual. Explicit inclusion of multiple illnesses would create a significant computational

burden.

1The sickness levels are 1-none, 2-moderate, 3-high.
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with the standard normalization of the parameters, i.e., ¢,1 =0 for r =1,...,3. the current health (¢2)

and age (¢34). . There is conditional independence assumption between H; and s;. That is,

Pr(Hy, s | Hi—1,8t-1,€t—1,Ct—1,at—1, my—1] = Prs; | Hy, A¢] - Pr[Hy | Hi—1,8t—1,€t—1,Ct—1,Qt—1, Mt —1]

PT[Ht,St | Ht—laSt—laet—lpct—laat—lamt—l] =

Pris; | Hy, At - Pr(Hy | He—1, St—1,€t—1,Ct—1, Qp—1, Mt_1] .

This is an exclusion restriction that implies that the current sickness does not affect the current health
but, conversely, the current health does affect the current sickness. Current sickness does, however, affect
the future health state. The parameters are identified using the variation in pre-determined health and
age, and the exclusion restriction. The household size is specified to be a multinomial logit process that is
a function of lagged household size and current age. For all t = 1,...,7T the probability of moving from

household size HHS;_; at time t — 1 to a household size level'? ¢ = 1,...,4 is,

_ _ €$P(¢1q+¢2q'(q_HHSt—1)‘“/’311‘(Q_HHSt—l)2+1/}4q'At+7/)5q'(At)2)
PT‘[HHSt =q | HHSt—l,At] - 1+23/:2 exp(wlq/+w2q/~(q—HHSt71)+w3q/-(q—HHSt71)2+¢4qf~At+w5q/~(At)2) . (11)

As with multinomial logit specifications the parameters are normalized so that 1,1 = 0 for r = 1,4, 5.
The specification states that current household size depends in quadratic'® fashion upon both the lagged
household size (via 1o, and 13,) and age (via 14, and 15,). Given an unique classification feature of the
HRS data the household size process is endogenous to mortality. The HRS dictates that if a spouse in a
two or more member household dies then in the next wave the dead spouse is classified as a new single
member household. Identification comes from the the pre-determined lagged household size and current
age variables.

The per-period budget constraint (eq. 3) is, X; + Pr+ OOP; =Y, where X, is the composite consump-
tion good in monetary terms, P; is the insurance premium in each period,'* OOP; is the current OOP
medical expenditure and Y; is the current income.®

The OOP cost function is used to model the affect of insurance coverage on individual health behaviors,

and consequent health outcomes, i.e., through the budget constraint (eq. 3). The OOP expenditures (5)

12The household size levels are 1-one member, 2-two members, 3-three members, 4-four or more members.

13This specification allows for persistence in the household size transitions as well as the characteristic that the likelihood

of a transition to household size closer to HHS;—1 is greater than to a size further away from HHS;_1.

141t is assumed that the individual has perfect foresight about the insurance premia and these are constant over time. This

restrictive assumption is adopted because information about plan characteristics in extremely limited in the HRS data.

15Tnformation about geographical location of the HRS respondents was not available. Thus it was not possible to calculate
expenditures on alcohol consumption and smoking. Exercise could not be priced e.g., as time costs, as information about the

duration of exercise is not available. These costs are subsumed in the net indirect utility from these choices.
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depend on the health and insurance status of the individual as well as the utilization of medical care, age,
the household size,'0 HHS; and a random element, €;””. The OOP cost function takes a flexible mixed-
continuous form to allow for non-linearities in the insurance coverage and reimbursements conditional on
the amount of medical treatment (Keeler et al. 1977). The model allows for OOP expenditures, OOP;, to
be zero conditional on medical utilization due to generous coverage. It also explicitly relates the non-use
of medical care to zero OOP costs. The probability that the OOP costs are zero is a function of insurance
status, medical utilization, health, household size and age. This probability is modelled as a logit.

If the OOP costs are positive at time ¢, the mean OOP expenditure, OOF;, is a function of insurance

status, health status, age, household size!” and medical care consumption. That is,

OOF = Z pq - {1 = q} - 1{A; <65} - ll{mt =2} + (M? -Hmy = 3]’)]

q=1,...,6

+ | D preg Wi =g} 1{A; > 65} - ll{mt =2} + (Mll Hmy = 3})]

q=1,...,3
+pio - Hy + piz - HHSy + 14 - log(Ay) .

The terms (p1, ..., ug) represent the effect of insurance status'® for individuals under the age of 65 who
consume moderate (i.e., m; = 2) level of medical care. For individuals under the age of 65 seeking high (i.e.,
my = 3) levels of medical care, the mean OOP expenditure is determined by the coefficients (1, ..., tg)
multiplied by a proportionality constant pu7.!? Similarly, the mean OOP expenditure of those over the
age of 65 who seek a moderate amount of medical care is determined by the terms (us, ..., f10), while in
the case of high medical care consumption these terms are multiplied by the proportionality constant pq1.
The terms p12, p13 and p14 represent the effects of health status, household size and age respectively. The
law of motion for out of pocket expenditures states that in each time period, ¢, the individuals know their

oop

medical expenditures up to a random error. Thus if OOF; > 0, log OOP;, = OOPF; + ¢,

log OOP, = OOP; + €] (12)

Household size is included because individuals purchasing insurance typically consider the future needs of their household
members along with their own. In this they form expectations over not just their own but also the medical expenditures of the
household. Income information exists at the household level and hence only a measure of household consumption is available
in the HRS data. Thus a reason for including household size in the model is to normalize household consumption to create a

measure of individual consumption. This is discussed further in section 2.3.

"The individuals may purchase insurance in anticipation of not just their own expected OOP costs but also for their

household members.
18There are 6 insurance choices for those under the age of 65 and 3 for those older than 65.

¥Tncluding a more complicated non-linear form was not computationally feasible.
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oop

where €, ~ N(0,02 ). The model allows for OOP expenditures, OOP;, to be zero in spite of con-

» Y oop

sumption of medical treatment. It also explicitly relates the non-use of medical care to zero OOP costs.
The probability that the OOP costs are zero, OOP, = 0, is a function of the insurance status, medical
utilization, household size and age. This probability is modeled as a logit process. with the index function

(7' - G¢) parameterized as,

Y-Gr = mtye-Hi+rs- HHS,

+ Z Y2tq * 1{],5 = q} : 1{At < 65} : 1{mt = 2} + (’}/9 . 1{mt = 3})]

q=2,...,6 L

| S qesg- 1l =a} - 1{A; > 65} | - 1{mt=2}+<713-1{mt=3}>]-

q=1,...,3 L

The v parameters have a similar interpretation as the p parameters described above. The price effects of
insurance (i.e., the u and « parameters) are identified off those individuals under the age of 65 who are
uninsured and those over the age of 65 who have only Medicare compared to others who also have supple-
mental plans. The source of the variation is the pre-determined insurance status and medical treatment
choice.

Income (eq. 4) is considered to be the sum of wage and non-wage income. It is determined endogenously

with the law of motion of income is log Y; = Y, + ef,

log Y; =Y; + ¢/ (13)

where ¢/ ~ N(0, 0’3) and Y is the average income of an individual in each period. The mean income is

specified to be a function of past health, age, and education. Thus,
Y = k1 +rg - (Hy1) + k3 - Ap + ry - A7 (14)

The parameters are identified using the variation in pre-determined health and age variables. Further, it is
assumed that the random components of out of pocket medical expenditures and income are uncorrelated.??

The current sickness (eq. 6) depends on the current health, age and a random term, €. It is specified
to evolve as a multinomial logit process. 2! The household size (eq. 7) depends on the lagged household

HHS
t

size, HH S;_1, current age and a random element, € . It is specified to take one of four values: 1-“one

20This assumption is not unreasonable given that the current income depends on lagged health while current OOP expen-
ditures depend on current health. The model’s dynamics would capture a large part of the correlation between income and
OOP expenditures through the effect of health on these variables. Similarly the correlation between income and health status,

in particular the reverse effect of income on health would be captured by the model’s dynamics.

21 As mentioned previously, the palliative component is the effect of medical care in reducing the disutility of sickness. The
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Figure 1: Timing of Per-period Decisions

member,” 2-“two members,” 3-“three members,” 4-“four or more members,” and to evolve as a multinomial
logit process.

Since labor supply and savings are not the focus of the present study, these decisions are excluded from
the model to keep it tractable.?? Individuals can however save implicitly by investing in their health stock,
which is the only asset in the model. Also the random utility component for each of the insurance choices
can account for the dependence between insurance and employment e.g., the lack of access to a certain

insurance choice because of limited employment opportunities.

2.2 The Timing Convention

The HRS surveys respondents at two year intervals so each time period ¢ is assumed to be the same
length. There are 324 potential choices for those under age 65 and 162 for those 65 and older. Hence
each time period is divided into three sub-periods to reduce computational demands (fig. 1).This also
provides a source of dynamic exclusion restrictions for identification (see section 5). At the start of
each time period t, t = 1,...,T, random draws associated with income and household size are realized

concurrently but independently. In the first sub-period, the individual makes a decision about insurance.

curative component is the gross investment effect that counteracts the depreciation of the health stock through sickness in the
production function. The preventive effect is the net investment aspect of medical care in the production function that leads

to improvement in future health outcomes.

22 Additionally, preliminary work indicated that inclusion of these decisions would make the model computationally in-
tractable. The existing literature has also been unable to account for endogenous employment and savings decisions in
examining the effects of Medicare. Palumbo (1999) is an exception, and examines the effects of medical expenditures on
savings behavior of the elderly using a dynamic framework. However he does not analyze decisions regarding medical care
or health insurance. In spite of excluding these decisions, the model is able to fit the data quite well, especially on OOP

expenditures and income (see table ?? in section ?77).
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Next the the health status draw is realized. If an individual dies no further decisions are made. In the
second sub-period the individual makes choices about alcohol consumption, smoking and exercise and
also derives utility from the accumulated stock of health. Next the random draw for sickness is realized.
The assumption that insurance decisions precede the revelation of the current period health and sickness
states prevents transitory adverse selection due to contemporaneous correlation between health shocks and
insurance decisions.?? In the third sub-period the individual makes the medical treatment choice without
knowledge of the actual costs. At the end of the period the random draw for the OOP expenditures is
realized and these are determined. The individual also derives utility from the composite consumption

good.

2.3 Per Period Utility Functions

In the first sub-period an individual makes an insurance choice i € INS.?* The payoff from insurance
choices is a switching (or transactions) cost if and only if the current choice is different from last period’s
choice. The utility function for insurance choice i at time ¢ is, U(*Z.)(Iz,At,C) = U (I}, Ar) + ¢} The

deterministic component® of the utility function takes the form
Uiy (I, A) = an - {I—1 # 11} - 1{Ay <65} + g - 1{Ly—1 # I}} - 1{A; > 65} . (15)

The term I} denotes that the choice at time ¢ is i € IN.S while 1{x} is an indicator function that takes the
value 1 if the expression within the brackets is true and 0 otherwise. This specification allows the switching
cost to to be different for those who are younger than 65 (i.e., a1) from those 65 or older (i.e., az). These
are the only utility parameters that vary by age. There is also the exclusion restriction that current income
affects the current insurance choice but not vice versa. However lagged insurance may affect current income.
The ¢} is an additive period ¢ and choice i specific stochastic component of the preferences for insurance
(McFadden 1981, McFadden and Richter 1990). It is assumed to be IID and drawn from a multivariate
extreme value distribution (p17, #), where v = 0.577 is Euler’s constant.

In the second sub-period the individual makes choices about alcohol consumption, smoking and exercise.

He derives utility from each combination®® j € J of these health related behaviors, and the health stock.

23 As mentioned earlier, accounting for the endogenous supply of insurance would add considerable computational burden

and also require information that is unavailable in the HRS.
24Tt should be noted that #INS is 6 if age < 64 and #INS is 3 if age > 65.
258trictly the notation should be Uay(It, 111, Ar). The argument for the lagged insurance choice is omitted for brevity. A

similar practice is adopted when representing the choices in the other sub-periods.
26There are 3 choices for alcohol consumption, 3 for smoking and 2 for exercise and so #J = 18.
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The utility function for each combination j depends on the current health status, the current health related
choices, and the lagged health related choices, i.e., U(*j)(Ht,az,cg,e{,At,Cg) = U(j)(Ht,ag,cZ,ez,At) + Ctj.
Inclusion of lagged choices allows for habit persistence and addiction in these behaviors (Becker, Grossman

and Murphy 1994). The deterministic component of the utility function has the form,”

U(j)(Ht,ag,cz,e{,At) = a3 -Hi+ay- Ht2 + as - eg + o - 1{et_1 7é eg}
+a7 - Cg +asg - 1{01571 #* CZ} + Qg - I{thl % CZ} . 1{Ct,1 = 1} <A

+aqg - CL{ + o1 - 1{6Lt,1 75 ag} + a9 - 1{at,1 75 ag} . 1{at,1 = 1} . At . (16)

This function is quadratic in the health stock, with the parameters ag and a4, to allow for risk aversion
with respect to health. The net utility from the behaviors is given by ajg (alcohol), a7 (smoking) and as
(exercise).?® There is a switching cost associated with alcohol consumption (1), smoking (o) and exercise
(ag) decisions (note that a value of “1” indicates “no activity”). This represents the disutility of changing
the level of consumption between periods. There is a start-up cost associated with the alcohol consumption
(av12) and smoking (ag) decisions. This measures the disutility of initiating a behavior provided it did not
occur in the previous period. Thus the specified start-up cost is more general than the cost of first time
initiation, which is included as a special case.?? The start-up cost for alcohol consumption and smoking is
allowed to change proportionally with age. However the utility parameters do not vary by age. Analogous
to addiction capital (Becker and Murphy 1988) this represents non-addiction capital that individuals may
develop, i.e., as individuals age they are less likely to start smoking or consuming alcohol if they had not
done so in the past.?® The Ctj is an additive period ¢t and combination j specific stochastic component
of the preferences for the three health related behaviors. It is IID with a multivariate extreme value

. m2p3
distribution (p2y, =

). Though the taste shocks are independently drawn, the independence is across the
combinations of the behaviors and not across each single behavior. This assumption restricts the level of
correlation between behaviors but does allow for some level of “bundling.”

In the third sub-period, U(*k)(Yt,P],OOPt,st,mf,HHSt,Cf) = U(k)(Yt,PI,OOPt,st,mf,HHSt) + ¢F,

2"The notation (a?, ¢!, e’) represents (a: = a’,c; = ¢/, e; = €7), where (a?, c?, e?) are respectively the alcohol consumption
tr~tr ™t ) I ) I ’ )

smoking and exercise choices associated with the j*" combination of the three behaviors.

28The prices for alcohol, smoking and exercise are not explicitly included in the budget constraint but are subsumed in the
net utility parameters due to lack of such data in the HRS. Arcidiacono et al (2001) using data from other sources show that

alcohol and cigarette prices are not significant determinants of the consumption decisions in the HRS sample.

29There are two choices for exercise (1-“no”, 2-“yes”). Thus the start up and switching cost cannot be separately identified

and are not distinguished.

3%Including an explicit cumulative measure of past addiction (or non-addiction) would have expanded the state space

considerably and added to the computational burden. Such information is also very limited in the HRS data.
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is the indirect utility function for each medical care choice k € K.3! In making the medical treatment
choice the individual knows the distribution but not the actual realization of the OOP cost for each choice.
He also derives utility from the composite consumption commodity at this stage. The indirect utility
function depends on income, insurance premium, OOP costs, current sickness, medical treatment choice

and household size.?? The deterministic component of the indirect utility function is,

a1z (Yo — Pr—O00P,) ays- (s — P — OOP,)?
(HHS;) (H H Sy)?a19

+ais - 1{my > 1} - (mf)* + [0416 - (my) — anr| - [1{sr = 2}]

U(k)(Yta Pr,O0F;, St,mf, HHSt) =

+ais - |ae - (my) — 0417} (st =3} . (17)

The function is quadratic in consumption, with the coefficients a3 and «q4, to allow for risk aversion.
The model extends previous empirical research by allowing for risk aversion in two dimensions, i.e., health
and aggregate consumption.?® The individual consumption is the household consumption normalized non-
linearly, via aqg, by household size. Hence the model allows for the public good aspect of within household
consumption. There is a monetary equivalent of a psychological cost for getting medical care, ays, e.g.,
due to waiting time or scheduling costs, that increases convexly with medical utilization. The last set
of terms on the second line and those on the third line of eq. 17 represent the net difference between
the disutility of sickness and its mitigation through medical treatment. The monetary equivalent of the
disutility of moderate sickness (i.e., s; = 2) without medical treatment is [—«aq7]. Medical care sought by a
moderately sick individual mitigates the disutility of sickness by the amount ajg. Similarly the disutility

of high sickness (i.e., sy = 3) is [—aig - auy], where aqg is a proportionality constant. This disutility is

31The choices for treatment are: 1-low, 2-moderate, 3-high. Thus #K = 3.
32The household size variable is included because only a household measure of non-labor income is available in the HRS. To

calculate individual consumption the household consumption is normalized by the household size. Alternatively, the household
income could be directly normalized by the household size providing a measure of individual income. However that would

disallow self-insurance within households.

33 A quadratic utility specification may suggest limited risk aversion. However the Arrow-Pratt coefficient of absolute risk
_ 2014
[(HHStl)E(’lQ ]
[ 2014 Xy 13
(HHS)2¥19 ' (HHS;)19
model can flexibly generate varying levels of risk aversion conditional on the estimates, in particular a level sufficient to

Since this depends on the parameters, the

aversion for the aggregate consumption commodity is

make insurance valuable. In fact the model does perform well in replicating the life cycle income and OOP cost profiles (see
section ?? below). The same is true for risk aversion regarding the health commodity. Experimentation with more general
forms of risk preferences, e.g., a CRRA utility function, made simulating from the model computationally burdensome, which
made the optimization of the likelihood function unfeasible. Details are provided for a related model in Khwaja (2001). The
model does not allow for “prudence,” that generates precautionary saving which is important in matching life cycle savings
behavior (Hubbard, Skinner and Zeldes 1995). This implies the model may not account for any precautionary value of Medicare

insurance to individuals. However savings are not the focus of the current research.

17



mitigated by the amount [a;s - a16] in the case of high sickness. The ajg represents the pure consumption
or mitigative component of medical care. The Cf is an additive period ¢ and choice k specific stochastic
component of the preferences for medical care. It is IID with a multivariate extreme value distribution

2 2
(10377 z 6pd )

The stochastic components of the preferences Cf,(g,and Cf represent information associated with a
particular choice respectively of insurance, health related behaviors and medical treatment that is known
to the individual but unknown to the econometrician. The distributional assumption implies that choice
probabilities have the familiar multinomial logit closed form expression (Rust 1987, 1994a, 1994b). However
the model does not suffer from the usual Independence of Irrelevant Alternatives (IIA) limitation because
of its dynamic structure (Rust 1994a, p. 139, 1994b, pp. 3107-3108). It represents information about
each medical care choice that is known to the individual but unknown to the econometrician. Hence the

probability of the k™ choice takes the multinomial logit form.

2.4 The Dynamic Programming Problem
An individual’s choice b in any sub-period from any set B in time period ¢ is denoted by d;(b), where

0y(b) 1 if the b*" alternative is chosen from set B in period ¢
e 0 otherwise.
The choices are mutually exclusive, i.e., ZliBl di(b) = 1. The value function, V(Z;), is defined as the
maximal expected present value of lifetime utility at age ¢t when the individual is in state Z;, where
Zy = {H; 1,I;_1,a1_1,¢-1,€1-1,5t-1,m¢_1, HHS;} is the predetermined component of the state space®?
for the insurance choices. It contains information known up to time ¢ relevant for the insurance decision,

including past endogenous transitions, random variable realizations, and decisions. Given the discount

factor, (3, the value function is,

T #INS
V(Z) = max E|N gt N+ U (1L ¢) - d(i) | Z- (18)
! {de(4),de (5),de (k) Y, ; ; { v t }
where N = Z [M-i- U{j)(HmajﬂC]Taejer” ~d-(j) | ZT]
j=1

3
and M = (Z (Eeoop[ng)(YT,PI,OOPT,ST,m’:,gf)] -dT(k)> \ZT> .

k=1

348¢rictly speaking the state space is the Cartesian product of the discrete possibilities for each of the outcomes and choices.

This notation is adopted to simplify the exposition.
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The Z ={H, Ii,ar_1,¢1-1,€1—1, HHS;} is the predetermined component of the state space relevant for
the choice of health related behaviors and Z; = {Hy, I, as,cq, e, 8, HHS,} is the predetermined compo-
nent of state space relevant for the medical treatment choices. At every age t = 1,...,T an individual
makes decisions about health insurance (d;(7)), health related behaviors (d;(j)), and medical treatment
(d¢(k)) that maximize the expected present value of his remaining lifetime rewards (18) subject to the
constraints (2), (3), (4), (5) , (6) and (7) discussed earlier. The Bellman equations representing the maxi-
mization problem are formulated by defining the separate Bellman equations and the associated alternative
specific value functions, i.e., Vi(Z,), Vj(Z), Vk(Zy), for the choices related to health insurance, health
related behaviors and medical treatment respectively.
The Value function for the insurance choices is,

V() = B |m (Vi2)}] (19)

and the associated Bellman equation is,

ViZy) = Up(Ii,A)+ ¢
+ S0y Pr(H; = q) - [V(Z) | dili), He = )], if t < T

V*(Zri1) = UlyUri1, () =0 (20)

The Bellman equation (20) represents the health insurance choice by an individual given information about
his lagged states of health and sickness, the lagged choices about insurance, health related behaviors and
medical care, and the current household size. In making this choice the individual considers the current
payoff from each insurance option along with the the future expected maximum return from the next sub-
period’s optimal choice of health related behaviors conditional on his current insurance choice. Through
this explicit dependence of the current insurance choice on the past as well as the future expected individual
behaviors and outcomes the model accounts for the endogeneity of the demand for health insurance (Phelps
1973). A terminal value function represents the utility after the final time period 7" and is parameterized
as a function of the health and sickness states in that period.

The Value function for the health related behavior choices, i.e., alcohol consumption, smoking and
exercise is,

V(Z)=E [Tﬁ} {Vj(Z)}] (21)
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and the associated Bellman equation is,

Vj(2t> = U(j)(Ht, ag, CZvega At) =+ Ct]
+[E3, Pr(se = q) - V(Zy) | de(j), s =ql], if t < T

VI(Zr) = Uly(Hrin, @y, Gy €y Argn, Gy ) = 0. (22)

The Bellman equation (22) states that an individual with knowledge of his current health state, current
insurance and lagged choice of health related behaviors, and current household size makes a decision about
current health related behaviors. In this choice he considers the current payoff from the choice of health
related behaviors and also the future expected maximum return from the next sub-period’s optimal medical
treatment choice conditional on his current health related behaviors. The explicit dependence of current
choices on past and expected future behaviors and outcomes helps account for the endogeneity of health
related behaviors.
The Value function for the medical treatment choice is,

V(Z)=E [max {V’“(Zt)}} (23)

keK

and the associated Bellman equation is,

V¥(Zy) = Pr(OOP, =0)- Uy (Y, Pr,se,my, HHS;) +
(1—Pr(OOP, = 0)) - Ecoon[Uy) (Y, Pr, OOP,, sy, my, HHS,)] + (f
+83 [Sq_y Pr(HHSi11 = q) - [V(Zig) | de(k), HH Sy 11 =q]] , ift < T

VMZr11) = Ujy(Yri1, Pr,OOPryy, sria,mipyy, HHS 1, () = 0. (24)

The Bellman equation (24) states that an individual with knowledge of his current health and sickness
states, current choices of insurance and health related behaviors, and current household size makes a
decision about medical care. In doing so he considers the current payoff from the medical treatment choice
as well as the future discounted expected maximum return from the next period’s optimal insurance choice
conditional on his current treatment choice. This accounts for the endogeneity of the medical treatment
choice. The Bellman equation involves expectations (Eeoop) over the distribution of €°°P that will be realized
later in the same period, since the individual makes the medical treatment choice with knowledge of the
distribution but not the exact OOP cost of treatment.

More generally, the expectations operator E [-] in equations (19), (21) and (23) signifies that expecta-

tions are taken over the distribution of the stochastic elements {¢f, e/}, {¢/, €5}, and {¢F, €2, el q, 5}
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respectively. In the empirical analysis the decisions of the individuals are modelled from ages 22 to 80 with
a terminal value function representing utility after age 80.%> The model has no closed form solution and is

solved using numerical techniques of backward recursion.3®

3 Data

The data comes from the Health and Retirement Study (HRS). The data and information about it is
available from the following website, i.e. “http://www.umich.edu/ hrswww”. This is a national panel
study with an oversampling of Blacks, Hispanics and residents of Florida. In estimating the model I use
data from the first four waves that were sampled in 1992, 1994, 1996 and 1998. Data has been collected
from individuals who were between the ages of 51 and 61 in 1992, i.e. in the 1931-41 birth cohort. Each
individual was surveyed every two years. Information has been collected on the following subjects among
others, demographics, health, employment, disabilities, retirement plans, income and insurance. I use a
longitudinal sample of 9627 observations on 3671 males from this data set for my research. This is a subset
of individuals for whom there is complete information available regarding the variables of interest for at
least two waves.

A summary of the data is provided in table 15. All values are in 1991 prices. An interesting fact to
note is that according to the sample information even those who claim to be uninsured report an average
two yearly insurance cost of $215.0. One possible explanation for this could be that some of these so called
uninsured individuals were on a type of insurance plan that was not mentioned on the questionnaire. Thus
the individuals whom I categorize as “uninsured” may be on some unknown insurance plan. Alternatively
there could be some coding errors in the data. A third possibility is that some of the respondents where
insured for part of the period the question addressed. For the purposes of estimating this model I ignore
this information and assume that those who were “uninsured” paid no insurance premium. From tables 16
- 31 it is clear that there is a high degree of persistence in the health states and the choices of habits and
insurance. Figure 2 provides information about the age distribution of my sample. Not unexpectedly the
bulk of the distribution lies between the ages of 50 and 70 (inclusive). One implication of this fact is that
I don’t expect the model to do very well in matching the states and behaviors observed for the individuals

in the tails of the age distribution in my sample (i.e. for those under 50 and those over 70). However the

35This start date is adopted because individuals typically leave college and start making independent decisions about health
insurance and medical care at age 22. The terminal decision making age, T', is assumed to be 80 to reduce the computational

burden.
36Khwaja (2001) provides details for a related model.
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model should be able to match representative data for the ages in question (i.e. under 50 and over 70)
obtained from some other source. In fact this would be an important test of the model. It is imperative
for a structural model to be able to extrapolate beyond the data it is fit to if one has to have any faith in
the model. Indeed I perform such a test and report the results in section 6.

I would also like to draw attention to one idiosyncracy of the HRS data. In the period that an individual
is observed to die, the HRS data follows the convention of assigning the individual to a separate “single-
member” household. Thus in the period of an individual’s death I have two pieces of information about
the individual, i.e. his health state and his household state. This information will be important later in
the construction of the likelihood and consequently in the estimation.

The data used in the estimation is constructed in the following manner. The health stock of an
individual was the self-reported health status®” (for those who are alive). Thus the health states are
enumerated to be excellent, very good, good, fair, poor or dead. There are six insurance states for
those under 65 years of age, i.e. uninsured, personal insurance, group insurance, VA/Champus plans,
Group/Personal insurance, Group/VA/Champus plans. These states were determined from the choices
(and their combinations) observed in the data. Similarly there are 3 possible insurance states for those 65
and over, i.e. Medicare, Medicare/Group, Medicare/Medigap/Other-Personal insurance. I do not include
Medicaid as an insurance state as less than 1% of the males in the sub-sample were observed to be on
Medicaid and hence there is a paucity of information for such individuals.

The medical treatment variable was constructed by finding the total of all the visits to hospitals and
nursing homes, the number of nights spent in hospitals and nursing homes and the number of other visits
to doctors. The total was then discretized in to three categories representing “low”, “medium” and “high”
number of visits by splitting the distribution of the data on total visits in to three (almost equal) parts.
The variable for smoking was constructed by determining the number of cigarettes smoked per day by an
individual and then discretizing it to represent those who did not smoke at all, those who smoked less than
a pack a day and those who smoked a pack or more a day.

The variable for alcohol consumption was constructed by calculating the number of drinks for an
individual per day. The discretization was done to represent those individuals who don’t drink at all.
Those who reported having 1 or fewer drinks a day, and those who reported having more than a drink

¢

a day. The exercise variable was constructed using a “yes” or “no” response to question about whether

individuals get “rigorous physical exercise” three or more times a week. Rigorous exercise included not

3TThis is a controversial assumption however there exists empirical research that has employed the same notion of health
stock, e.g. Benitez-Silva et. al. (1999).
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just sports but also heavy household work.

The income and out of pocket expenditure used in the estimation are the empirical household coun-
terparts. The information on insurance premiums is very sketchy in the HRS data. The values of the
insurance premiums were constructed by averaging over the household insurance payments after pooling
the individuals by each type of insurance plan considered in the estimation. The average was taken over
the number of individuals in each pool. This is admittedly a very rough estimate of the actual costs for
health insurance and was truly a last resort given the nature of the data set.

As mentioned earlier the respondents were sampled every two years. Thus there are individuals in
the data who are observed at a sequence of odd ages and others observed at even ages. To reduce the
computational burden in estimating the model I modified the data so that every individual was coded to
be observed at an even age. Care was however taken that the insurance states of the individuals were not
affected, i.e. those who were observed to be 65 or older in the raw data and thus had access to Medicare
were not coded to an age below 65 and vice versa for those under 64. One implication of this is that the
estimates of the model using data in its current form would not be very precise with respect to any age
effects. However this is not of prime concern as I have kept age effects to a bare minimum in constructing
the model. It should also be noted that at a future date this restriction on the data could be removed and
the model re-estimated using the original data. This will only entail a larger computational burden and
pose no other methodological problems.

Figures 3 - 10 provide information about the general trends observed over the life-cycle for the health
states and the choices. As seen in figure 3, average health status declines with age. It is also seen in figure
4 that mean household size follows an inverted U-shape. Average level of medical treatment rises with age
while mean alcohol consumption is also an inverted U from figures 5 and 6 respectively. Figure 7 shows
that mean smoking levels decline with age while mean exercise is relatively flat over the life cycle as seen
in figure 8. Figure 9 shows that mean of log income declines with age though it is not clear what the trend
is like in the initial years due to the lack of data. The mean of log of out of pocket expenditures is found

to be increasing with age from figure 10.

4 Estimation

4.1 The Likelihood Function

The model’s parameters are estimated by maximizing a likelihood function that nests the solution to
the dynamic programming problem (see e.g., Rust 1987, 1994a, 1994b). The HRS provides data for a

sample of n = 1,..., N individuals on the sequence of insurance, alcohol consumption, smoking, exer-
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cise and medical treatment choices, and health outcomes, household size, income and OOP costs, i.e.,
{Imt,an,t,cm,en,t,mn,t,ant,HHSnvt,Ym,OOPn,t}tT;tw, where t,, is the first and 7, < T the last ob-
servation for individual n. These variables are observed if an individual is alive, i.e., H;y > 1. However at
the time of death only the health outcome and household size are observed. The sickness variable is not
observed in any time period. Hence it is treated as a latent variable and integrated out in the likelihood
function. The solution of the model provides the joint probability of observing the choices and outcomes
for each individual n at time ¢ conditional on the pre-determined state and the model’s parameters, ©.

Suppressing the subscript n and parameters O, the likelihood function for each individual is,

T
En(@) - Pr[HtovltmatoactmetovHHSto | (Hto > 1)] ’ H (P[m])l{Ht>1} ’ Pr[HHSt]
t=to+1

.Z{Pr si—1 = q)(Pr[l; | Zq})l{Ht>1}P [Hq]} (Prlag, ¢, ey | Z])l{Ht>1} (25)
q=1

3
> { Prlsy = al(Pefme | Z0)) V- (PloOR)) Y

q=1
The sample likelihood is £(©) = HN L,(0).

The first term in (25) is the probability of observing the individual in the sample conditional on survival.
The second term is the likelihood contribution of the individual’s income. A term in (25) that has the
indicator function, 1{H; > 1}, as its exponent is a likelihood contribution relevant only when an individual
is alive. The third term is the likelihood contribution of the household size. The terms in the first set of
brackets (on the second line of (25)) are the contributions of the individual’s insurance choice and health
outcome. The calculation of these terms involves integrating over the distribution of the latent sickness
variable for the last period. The Z/ is state Z; with the superscript denoting that the value of lagged
sickness is ¢, i.e., s;.1 = ¢. The Z; and Pr[H{] (eq. 9) are similarly defined. The next term is the
likelihood contribution of the choice of health related behaviors. The second set of brackets (on the third
line of (25)) contains the likelihood contribution of the medical treatment choice. This involves integrating
over the distribution of the latent sickness variable for the current period. The final term is the likelihood
contribution of the OOP expenditure variable.

Maximum likelihood estimation does not impose the requirement that components associated with
OOP costs, income and household size be included in the likelihood function (see e.g., Eckstein and
Wolpin 1987, p. 588-589). In particular if OOP costs were observed regardless of treatment in all four

waves then parameters of its distribution could be consistently estimated directly from the data. However
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the OOP cost data suffer from selection on medical utilization and insurance coverage.>® Hence the OOP
cost parameters are estimated jointly with the other parameters of the model. The model provides a means
of correcting for selection in estimation (Heckman 1979).37 Thus even in the absence of data on the OOP
costs of all individuals®® the parameters of the OOP cost distribution can be estimated consistently, in
fact joint estimation provides efficiency. It is important to estimate the OOP cost parameters consistently
because these affect estimation of other utility and belief parameters in the model. For the same reason

the parameters of other outcome variables, e.g., health, are estimated jointly with the utility parameters.

4.2 Unobserved Heterogeneity and Measurement Error

Typically there is serially correlated unobserved (to the econometrician) heterogeneity between individuals
which if ignored can bias estimates. Therefore the estimation procedure controls for unobserved hetero-
geneity through the well known procedure proposed by Heckman and Singer (1984).4! Specifically, suppose
there are [ = 1,..., L types of individuals with the proportion of the {*" type in the population given by
7;. The model is modified to allow for unobservable differences in the health technology (i.e., {7710’%1}2:2),
preferences for health (i.e., ag;) and income earning ability?? (i.e., r1,). It is assumed that preferences
and technology are common to individuals of a given type, and they know their type. Hence conditional
on an individual’s observed characteristics and unobserved type, the unobserved stochastic components of
preferences, health technology and income process are assumed to be serially uncorrelated.

Let the population probability of being a particular type, 7, be defined as a multinomial logit in
education and race with parameters \. This allows the unobserved type of an individual to be correlated
with education and race.*® The likelihood is modified to integrate out the probability of an individual
being a particular type and follows a mixture distribution given by £,(©) = Zle 7 - Ly1(0,A). The
sample likelihood is £(©) = ny:l L,(0). This can be maximized with respect to the parameters ©, where
© = ({6,}E,,)). The estimation also allows for additive measurement errors (see e.g., Wolpin 1987) in

income e, "~ N(0,02) and in OOP expenditures e, L N(0, JZ).

38The OOP cost data is limited to waves 2 and 3. It could also be zero even in the case of treatment depending on the
insurance coverage. This selection problem is similar to that of estimating a wage equation in a job search or labor participation
model.

39The mixed-continuous distribution of OOP costs explicitly allows for these to be unobserved in the absence of treatment,
and to potentially be zero even conditional on treatment due to generous insurance coverage. The estimation also allows for
measurement error in the data.

“OThere are 4276 observations on OOP costs (table ??) suggesting no cause for concern about statistical power.

41 Applications of this procedure are, e.g., Keane and Wolpin 1997, Gilleskie 1998, and Cameron and Heckman 2001.

42The constant in the income function is allowed to differ by type.

43Lleras-Muney (2005) finds that there is a substantial effect of education on mortality in the U.S.
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4.3 Initial Conditions and Dynamic Selection

Incorporating unobserved heterogeneity in the model implies that the entire sequence of choices and out-
comes of each individual is correlated with those in the initial period and there is dynamic selection in
behaviors. An initial conditions problem exists as data is unavailable for the individuals at younger ages.**
Mortality is endogenous to behaviors so there is also selection on survival.

To correct for initial conditions and selection, the distribution of initial choices and outcomes conditional
on unobserved heterogeneity is estimated jointly with the distribution of unobserved effects (Heckman
1981).% To illustrate, assume that all the individuals are first observed at the age of 50 or ¢t = 15.46
Suppressing the indices n for individuals and [ for types, and the parameters ©, the first term in the
likelihood function (25) is modified to Pr[His, I15, a15, 15, €15, HHS15 | (H15 > 1)]. This term corrects
for the initial conditions and dynamic selection. It can be calculated by simulating choices and outcomes
for a sample of individuals between the ages of 22 (i.e., t = 1) and 50 (i.e., ¢ = 15) conditional on type
from the model.*” In doing so it is assumed that the state of health at t = 1 is determined by the health
production technology (eq. 9) with the only non-zero regressor being the constant 1194, ¢ =1,...,6. It is
also assumed that at ¢ = 0, the values of the health, alcohol, smoking, exercise, sickness and medical care
variables are zero. The initial household size is determined similarly through the household process. There
is also an assumption that at ¢ = 1 there is no start-up or switching cost for insurance or health related
behaviors. The simulated sample can be used to obtain, Pr*[His, I15, a1s, c15, €15, HHS15 | (His > 1)],
where “x” denotes that these simulated probabilities may not be “continuous,” i.e., potentially a hyper-cell
associated with a given element of the state space at ¢ = 15 may contain no simulated data.

To obtain continuous initial probabilities a kernel smoothing procedure (Aitchison and Aitken 1976)
is adopted.*® Define the set of cell indices*® as C = {¢ = (c1,¢2,¢3,¢4,¢5,¢6) : c1,c2 = 1,...,6;¢3,¢4 =
1,2,3;¢5 = 1,2,¢5,¢6 = 1,...,4}. The smoothing of cell probabilities is done by non-parametrically esti-

mating a linear combination of the simulated cell frequencies. The smoothed cell probabilities denoted by

44The HRS respondents were aged between 51 and 61 in 1991-92, however spouses of any age are included.

SWooldridge (2000) solves the initial conditions problem based on the converse approach of specifying a distribution for
unobserved heterogeneity conditional on initial observations. There is also a literature that relies on lagged regressors as
instruments to solve the initial conditions problem, e.g., Blundell and Bond (1998).

46The problem can be generalized easily to include different ages at which an individual’s history becomes observable.

4T0Olley and Pakes (1996) provide a semi-parametric procedure to correct for similar selection that does not rely on explicitly
solving and simulating from a model. Their method however requires input (or investment) levels to be strictly positive in
each period. Hence it is not applicable in this case.

48 This procedure came to my attention through Gilleskie (1994).

49These dimensions follow from 6 possible health and insurance states, 3 possible alcohol consumption and smoking choices,
2 possible exercise choices and 4 possible states for the household size.
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pe = Pr[His, 15, a15, c15, €15, HH S15 | (H15 > 1)] are calculated as,
Pe=Y ag(w) P -
leC

The p; =Pr*[His, I15, a15, c15, €15, HHS15 | (Hi5 > 1)] is the simulated frequency of cell I. The ag(w) is
the weight attached to cell | in estimating the probability of cell & This depends on the parameters
w = (w1,w2,ws,ws,ws,ws) that represent the bandwidth in each direction of the “hyper-rows” (or the
dimensions that define each hyper-cell). The smoothing technique assigns a smaller weight to the cells that
are further away. The rate of decline is determined by the parameter w. Thus if w = 0 then there is no
smoothing while if w = 1 there is extreme smoothing and every cell gets equal probability. The following
standard assumptions are made in the smoothing procedure: (i) az; > 0 V ¢l (i) ag > ag vV ¢, and

(iii) Y zecag =1 V 1 € C. In particular the weights according to the Aitchison and Aitken method are,

ag(w) = wllcl_m - wécﬁ_l‘j' - D(w)

where

-1
c1—1 ce—l
D(w) = { E w‘ll il -w‘ﬁﬁ 6'}

ceC
The pz is substituted in place of the first term in (25) to obtain a “smoothened” sample likelihood that is

maximized using a Newton-Raphson hill climbing algorithm employing the BHHH method (Berndt et al

1974) to calculate the Hessian. The BHHH method is also used to compute the standard errors.

5 Identification

The model is identified®® through a combination of exogenous variation in the data, economic assumptions
about the individual’s optimization problem, and parametric assumptions (see e.g., Rust 1994a, 1994b).
Since estimation involves solving a dynamic programming problem it necessitates making parametric as-
sumptions about the stochastic terms in the model. One important source of identification is the exogenous
change in the set of insurance choices through eligibility for Medicare at age 65.°! The identification as-
sumption is that eligibility for Medicare at age 65 is independent of past health outcomes or health related
behaviors of an individual.’?> Card, Dobkin and Maestas (2004) and Decker (2005) employ a similar iden-

tification strategy. This strategy is valid if the model’s parameters close to age 65 are the same as at other

50The formal conditions for identification are the same as required for consistency in maximum likelihood estimation (see e.g.,
Newey and McFadden 1994). Unlike linear models there are no analytical conditions that can be used to establish identification
(Eckstein and Wolpin 1989, p. 588). Hurwicz (1950) provides an excellent discussion of identification in structural non-linear
models.

51Recall, there are 6 insurance choices under age 65 and 3 thereafter. This identification assumption also relies on not all
individuals retiring at age 65, i.e., the retirement profile is smoother than eligibility for Medicare.

52The exceptions to this eligibility criterion are described in footnote ??. These do not adversely affect the identification
assumption.
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ages.”® Hence the parsimonious specification of the model with respect to age is a source of identification
through the local discontinuity in insurance coverage at age 65 (Hahn, Todd and Van der Klaauw 2001).

Another identification assumption is that the random components of preferences, and the income, OOP
cost, health, sickness and household size processes are IID conditional on the time invariant unobserved
type (Heckman and Singer 1984). Identification also relies on exogenous variation through evolution of
age and household size. These are assumed to be uncorrelated with the unobserved type. The evolution of
age is deterministic in the model. Age directly affects income (eq. 4), OOP costs (eq. 5), sickness (eq. 6),
and household size (eq. 7). The evolution of household size is stochastic but exogenous to the model.
The household size directly affects OOP costs. The combined pre-determined variation in income, OOP
costs and sickness provides variation in the respective decisions to purchase health insurance, the health
related behaviors and medical utilization. The pre-determined variation in the individual behaviors in turn
provides variation in the health outcomes. Identification also depends on the economic assumptions about
the individual’s optimization problem. These assumptions provide exclusion restrictions, e.g., the health
stock directly affects income (eq. 4) and OOP cost (eq. 5) but income and OOP costs are excluded from the
health production function (eq. 2). The timing convention is another economic assumption (section 2.2)
providing a series of dynamic exclusion restrictions, e.g., the last period’s medical treatment decision affects
the current insurance choice, conversely the current insurance choice affects the current medical treatment
decision.

The rest of this section describes the identification of the parameters in greater detail. In order to
be able to interpret the utility parameters as monetary equivalents, and because it cannot be identified
separately, the parameter, ajs, on the linear term for the composite consumption commodity (eq. 17)
is fixed to be 1. All the utility parameters are normalized to zero in the dead state i.e., H; = 1. The
parameters, «; and ag, for the switching cost of insurance in (15) are identified primarily through the
persistence in the insurance choices (see data in tables 7?7 and 77 in section ??) and the variation in the
insurance choice set due to age. Similarly, the switching cost parameters for alcohol consumption (aq1),
smoking (ag) and exercise®® (ag) are identified off the persistence in the respective choices (see e.g., data
on smoking in table 7?7 in section ?7).

The utility parameters associated with the health stock, ag and ay, and alcohol consumption («aqg),

3The only parameters that change locally at 65 are the switching cost for insurance, and coefficients related to the dummy
variables indicating insurance status in the OOP cost function. Insurance switching cost is a1 under age 65 and az at 65 or older
(eq. 15). Insurance status parameters in the OOP cost processes are shown in tables 7?7 and 7?7, which are self-explanatory.
These changes reflect the exogenous change in the insurance choice set at age 65. Alternatively put, identification relies on
the absence of any unrestricted age effects in the model, i.e., there are gradual changes over the life cycle in the behaviors and
outcomes described by the model without any changes in the parameters with the exceptions described above.

54There are two choices for exercise (1-“no”, 2-“yes”). Thus the start up and switching cost cannot be separately identified
and are not distinguished in the specification.
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Table 1: Demand for Medical Care Conditional on Change in Health: HRS Data

Change in Health Medical Care (row %)
Status [H; — Hy_1]

Low Moderate High

-4 11.11 33.33 55.56
-3 18.37 14.29 67.35
-2 37.01 23.70 39.29
-1 39.46 32.71 27.83
0 41.47 33.82 24.72
1 40.95 35.66 23.39
2 43.62 35.64 20.74
3 50.00 20.00 30.00
4 0.00 40.00 60.00

Source: Sample used for estimation. See table 7?7 for more information.

smoking (ay), and exercise (as) (eq. 16) are identified off the variation in pre-determined health status, and
alcohol consumption, smoking and exercise choices. The entails the further assumption that conditional
on unobserved type the random component of the choice of health related behaviors is IID. In addition
the payoffs from alcohol consumption, smoking and exercise are normalized to zero when the choice of
the respective behaviors is “1,” i.e., “no activity.” The start-up costs for alcohol consumption (a2) and
smoking (ag) (eq. 16) are identified primarily through variation over age in the individual decisions to
(re)start alcohol consumption or smoking conditional on not having done so in the last period.

The parameters a3 and a4 associated with utility from the composite consumption commodity (eq. 17)
are identified primarily through variation in age, insurance premiums and household size, along with
variation in pre-determined income, health and insurance status conditional on time invariant unobserved
heterogeneity. The identification of the transactions cost for getting medical care (ay5), the mitigative
component of medical care (ajs), the disutility from sickness (a17), and the proportionality factor for
‘high’ sickness (ayg) relies primarily on the variation in the data conditional on the assumption about
the underlying distribution of sickness. To illustrate, a5 is identified off the individuals who seek low>®
amount of treatment (i.e., are averse to seeking medical care), while a6 is identified off the individuals who
seek moderate or high medical care (i.e., have a greater desire to seek medical care), conditional on their
health getting worse between the last and current period (see table 1) and the underlying distribution of
sickness.”® Additionally, the transactions cost and mitigative component of medical care are normalized
to zero when the choice of medical care is “1,” i.e., “low.” The variation in the household size helps to

identify a9. The discount factor is not estimated and is fixed to be 0.95 annually.

55The medical utilization choices are: 1-low, 2-moderate, and 3-high.
56The latter assumption is used in forming the terms in brackets on the second line of the likelihood function (25).
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Table 2: Change in Health State Conditional on Medical Treatment: HRS Data

Lagged Medical Change in Health Status [H; — H;—1] (row %)
Care(m¢—1)

-5 -4 -3 -2 -1 0 1 2 3 4
Low 0.16 0.67 1.61 6.34 234 49.23 1493 3.35 0.32 0.00
Moderate 0.32 0.69 138 5.32 21.16 51.09 16.48 3.35 0.16 0.05
High 0.15 0.51 198 7.27 2151 4589 188 294 0.66 0.29

Source: Sample used for estimation. See table 7?7 for more information.

The health production function (9) has a multinomial logit form so the coefficients differ by outcome
and the parameters for the outcome g = 1, i.e., “dead,” are normalized to be ﬂll = (m1,7m2,1,0,...,0) for
identification. The identification assumption is that the current period health shock is IID conditional on
the time invariant unobserved type. The parameters 7, and 72, are identified off the persistence and
changes in health status over time (see data in table ?? in section ??). The effects of lagged sickness
on current health, 13,4, the curative component of medical care, 744, the proportionality factor for high
sickness, 754, and the preventive component of medical care, ng 4, are primarily identified off variation in
the data and the assumption about the underlying sickness distribution.?” For example, 4,4, is identified
off the individuals whose health is unchanged or worsens, while 79, is identified off those whose health
improves, between the last and current period after seeking medical care (see table 2) conditional on the
underlying distribution of sickness. The effects of alcohol consumption, 7 4, smoking, 77 4, and exercise,
78,4, o current health are identified off the variation in health outcomes induced by the pre-determined
lagged alcohol, smoking and exercise variables conditional on unobserved type. Furthermore, the effects
of the inputs in the health production function are normalized to zero when the lowest level of a input is
chosen, i.e., the choice is “1.”

The income parameters are identified through variation in pre-determined (one period) lagged health
and age. Specifically, the lagged health and current age variables are assumed to be uncorrelated with the
current income draw, €/, conditional on the time invariant unobserved type.’® There is also an exclusion
restriction that current income depends on lagged health and not current health, but current health is
permitted to depend on current income. The identification of the OOP cost parameters is aided by the
exclusion restrictions and timing assumptions. The current insurance status affects the current OOP costs
but not vice versa (eq. 5). However the lagged OOP costs may affect the current insurance status. Also
conditional on the insurance status, the current medical treatment choice affects the current realized OOP

costs but not vice versa. However expected OOP costs may affect the current medical treatment decision i.e.,

5TThe latter assumption is used in forming the terms in the brackets on the third line of the likelihood function (25).
58The constant in the income function varies by unobserved type.
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the individual knows the OOP cost distribution but makes the treatment decision without any information

about the current period’s realization, €, (see section 2.2). The sickness distribution parameters are
identified through variation in pre-determined health and age variables based on an exclusion restriction

in the form of a conditional independence assumption between H; and s;. That is,
Pr[Hy, s | Hi—1, 8t—1,€4—1,Ct—1, a1, My—1) = Prs; | Hy, Ay]-PriHy | Hy—1, 811, €4—1,Ct—1, ag—1,m¢—1] . (26)

This implies that the current sickness does not affect current health but conversely current health affects

current sickness. Current sickness is however assumed to affect future health states.

6 The Estimation Results and Model Fit
6.1 The Estimates

In the estimation I try to match the sample of 3671 males from the HRS data. The model has been
estimated using a gradient method to maximize the likelihood that incorporates the BHHH algorithm
for approximating the hessian, and calculating standard errors. The estimates are provided in Tables 3
- 12. The estimates have been obtained under the assumption of three types of individuals. The type 1
individual is a moderate type, with moderate demand for health, moderate ability to produce health and
a moderate income earning ability. The type 2 individual is a high type defined analogous to the type 1.
The type 3 individual is a low type as defined in similar fashion to a type 1 or 2 individual. It should be
noted that the parameter a3 is not estimated. It is a scale parameter and is set to 1. In fact this helps
provide an interpretation to the utility parameters as being monetary equivalents of psychological costs or
benefits.

It is seen from Figures 3 - 14 that the model does well in matching the means and frequencies®® for
all the choices and the health states. It needs to emphasized that only 221 of the 9650 (or approximately
2.2%) data points are under the age of 50 or over the age of 75 (see Figure 2). This is by design of the
HRS data. Thus the model is does a poor job of fitting the data at the tails of the empirical distribution.
In the figures I concentrate on establishing fit for individuals in the age range of 50-75.

The model does well in matching the persistence in the health states and the insurance choices (Tables
18 - 35). It does not do so well in matching the transitions for those who move on to medicare and
associated plans at the age of 66 from the different choice set that exists for the individuals under the
age of 65 (Tables 22 and 23). This could be because the model is under-parameterized in this dimension.

In fact there is no parameter that captures this transition so the reasonable success in this dimension is

59Tables for the frequencies are omitted in the interest of brevity.
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a cause itself to put some faith in the model. It should be noted that the model tends to over predict
transitions in to the uninsured state for the under 65 individuals (see Tables 20 and 21) but this could
just be a side effect of over predicting the number of uninsured at the younger ages (figure not shown).
Other evidence on transitions is found in Tables 24 - 35 and the model is seen to do reasonably well in
matching the persistence in the other choices and states. In particular the quitting behavior for smoking
and alcohol choices is matched fairly well. Thus the model is able to address a limitation of the rational
addiction models in being unable to match quitting behavior (see Choo (2000)).

Given the large number of coefficients, I do not discuss the estimates (see Tables 3 - 14) individually.
The model may appear to be highly parameterized with 199 estimated parameters. However as in Rust
and Phelan (1997) a relatively few number of parameters are needed to specify individual preferences (19
parameters). On the other hand a very large number of parameters are needed to specify the beliefs and
technology. Importantly, the model attempts to fit 5 decisions processes (insurance, alcohol consumption,
smoking, exercise and medical treatment) and 5 outcome processes (health, income, OOP costs, sickness
and household size), some of which are highly non-linear. If a combination of linear and discrete dependent
variable regressions were estimated with the model’s endogenous variables being regressed on the relevant
state variables there would be more than 600 parameters to be estimated.®® By this standard the model

is relatively parsimonious.

6.2 Out of Sample Fit

To further test the fit of the model I did some out of sample exercises. I compared the mortality (actually the
survival rates) of the US population and the survival rates from the model using the estimated parameters.
The obtained results are reproduced in Table 36. It is found that the predicted survival rates (under
the column heading “baseline simulations”) are quite close to the data except at the very old ages. The
discrepancy at the older ages could be because of the paucity of data on the aged as mentioned earlier.
The model is currently unable to reproduce the large increase in death rates as the individuals approach
the age of 80.

In another exercise I compared the predicted percentage of the uninsured males from the model to the
percentage of uninsured males for the US population as reported in the National Health Interview Survey
(NHIS) Sample Adult component for 1998. This comparison is illustrated in Figure 15. It is seen that
the model does well in predicting the percentage of uninsured males in the US population. I did a similar

comparison for the mean alcohol consumption for males as predicted by the model and the mean alcohol

59 A simple calculation showed that assuming reduced form specifications analogous to those adopted in the model for each
of the 10 regressions would yield 651 parameters.
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consumption for the US male population as reported in the NHIS 1998. This comparison was done in
terms of the discrete nomenclature adopted by me in estimating the model. As Figure 16 shows the model
does favorably in predicting out of sample alcohol consumption.

In the last of such exercises I compared the predicted mean smoking rates for males as predicted by
the model and mean smoking rates for the US male population as obtained in the NHIS 1998. It is seen
in Figure 17 that the model matched the out of sample smoking rates well for those over the age of 50.
However for males under the age of 50 the model tends to over predict the mean smoking rate. One reason
for this over prediction at the younger ages (i.e. between 22 and 50) could be that the model parameters
have been recovered using data (overwhelmingly) from the 1931-41 birth cohort. However the NHIS 1998
data contains a mixture of cohorts. Given the fact that there is evidence that smoking rates have declined
in the last fifty years it seems plausible to reason that for the age range of 22 to 50, the individuals in the
1931-41 birth cohort would have had much higher smoking rates compared to the mixture of cohorts that
are sampled in the NHIS 1998.

6.3 Counter Factual Policy Experiments

I used the estimates for two counter factual policy experiments (Figures 18-23). The first experiment was
designed to simulate the effects of the introduction of an insurance that provides comprehensive coverage.
I changed the insurance regime to be such that every individual was mandated to be on the same insurance
plan. The sole available insurance plan was deemed to charge a premium of $1000.0 per annum and cover
all out of pocket costs. The charge of $1000.0 per annum is in the range of the amounts charged by the
Group, Group/VA, Medicare and Medicare/Group plans as found in the HRS data. I simulated a sample
of a 3000 individuals (a 1000 individuals for each type) using the preliminary estimates. As figure 15 shows
the demand for medical care rose at all ages under the new regime compared to the previous one. The
increase in the proportion of individuals seeking medical care was as much as 49% higher at some ages.
There is also evidence that alcohol consumption in the new regime decreased slightly (up to 0.05 %) in the
younger years and increased marginally (up to 0.4%) during the later years. As for smoking, there is a rise
of up to 0.3% in the proportion of individuals smoking (see figures 16 - 18). However there was not any
significant change in the average health over the life-cycle (figure 19). The important thing to note is that
under the regime of subsidized medical care though there was a substantial increase in the demand for
medical treatment there was no large increase in the risky habits. This goes against the grain of common
wisdom that argues about the existence of moral hazard associated with the provision of subsidized medical

treatment and unhealthy habits like smoking.
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The intuition for this result is as follows. Since the individuals have life long access to subsidized
medical care they do not hesitate to seek treatment whenever they are sick. Thus as the individuals age
and get increasingly sicker they increase their demand for medical care. The increase in medical treatment
is used primarily for care that mitigates the disutility from increased sickness that results from aging.
Consequently though the life span of the individuals is not increased much their well being is improved
considerably compared to the status quo. Thus the individuals lead more comfortable lives when they are
older than they would have if they did not have access to subsidized medical care. Since the individuals are
forward looking they realize when they are younger that under the regime of subsidized medical care they
will be leading comfortable lives if they lived to be older. Thus there is an incentive to survive to be older
and derive the benefits of a longer life. This incentive leads the individuals to abstain from the practice
of harmful habits like smoking and alcohol consumption when they are younger. This is in anticipation
of the increase in survival rates that is brought about by staying away from these habits. In other words
the individuals are willing to trade off the instantaneous pleasure associated with smoking and alcohol
consumption for the future benefits that the curtailment of these habits provides in terms of an increased
life expectancy. This result provides empirical evidence that contrary to common wisdom there is no (or
little) moral hazard associated with the provision of subsidized medical treatment and habits like smoking
and alcohol consumption. It should be noted that spirit of this result is like that of measuring the wage
elasticity of labor supply. Theoretically there are two countervailing effects of a habit like smoking, i.e. the
instantaneous utility that smoking provides and the expected future cost in terms of the expected drop
in future health outcomes. The estimates suggest that empirically the two effects are such that the moral
hazard problem is non existent. Interestingly this result has the flavor of the result in Philipson and Becker
(1998) that says that back loading the rewards in the life-cycle can affect decisions at younger ages.

The intuition behind the lack of change of the average health profile over the life-cycle (see Figure 22)
even though there was drastic change in the amount of medical treatment demanded is the following. Most
of the extra medical treatment demanded under the regime that was more generous in terms of medical
care subsidy was for palliative purposes. Only small amounts of the additional treatment demanded played
the role of investment in health. This fits well with the intuition that other than in the most exceptional of
cases medical treatment that is imperative is sought (or received) by most people. However people do tend
to forego some sorts of medical treatment that can have significant effects in improving their well-being
but that which they perceive as unnecessary (and out of their financial reach), e.g. dental treatments, eye
exams or health screening visits to doctors.

To further test this intuition I calculated the average consumption over the life cycle under the new
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regime and compared it to the average consumption in the status quo. I found that the rise in average
consumption is as much as 7% (see Figure 23) under the new policy. Thus there is evidence that the savings
on the out of pocket costs are at least being channeled towards the composite consumption commodity and
not being spent on alcohol and cigarettes. This is also partial evidence of improvements in well being of
the average individual under a policy of comprehensive health insurance. This is partial evidence because
what one really needs to do to determine the answer to the question of welfare changes is to calculate the
life time utility of individuals under the two regimes and compare these. However I have only compared
one component of the life time utility, i.e. consumption of the composite good. This comparison is kept
for future research. However this examination tends to substantiate the intuition provided for the absence
of the moral hazard associated with the habits in the presence of subsidized medical insurance.

In the second experiment I tried to simulate the effects of a total withdrawal of the provision of
subsidized medical care. Thus everyone in the economy was denied health insurance and had to pay for
any medical care sought through their own pocket. As expected there was a fall in the proportion of
individuals seeking medical care. The fall was most dramatic for the elderly, being as much as 95% for
those over 70 years of age. It was also found there was an increase in the proportion of individuals smoking
compared to the status quo at the younger ages (upto 0.17%), and at the later ages there was a fall in
smoking (up to 0.6%). There was also an increase in the number of individuals consuming alcohol (as much
as 0.3%) at the younger ages and a decrease (as much as 0.35%) at the older ages (graphs are omitted for
brevity).

The intuition for this result is analogous to that provided for the first experiment. As the individuals
age they get sicker. However since they have to pay for all their medical treatment out of their own pocket
it is not rational for them to seek medical treatment as they approach their final years. This is because
at the later ages they find it more worthwhile to consume their incomes directly rather than wait for the
(expected) benefits of medical treatment to take effect in the future. This is natural since they do not
have enough of a life left to recoup the (expected) benefits of the treatment. As far as the short run
palliative aspect of medical care is concerned the elderly in this world of no health insurance prefer to
consume their incomes and use that to compensate for their afHlictions directly rather than seek solace
through medical treatment. Given that the individuals are modeled to be forward looking, at younger ages
the individuals foresee that they will be uncomfortable if they live to be old. Thus there is little incentive
for the individuals to live a long life in this policy regime where there is complete absence of subsidized
medical care. Hence the smoking rates and alcohol consumption go up under this regime as the individuals

trade off the future benefits associated with curtailing these activities with the instantaneous pleasures
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that these activities provide. It is almost as if at the younger ages the individuals in this no subsidy world
indulge in activities that are detrimental to themselves because they see no rationale to prolong their lives.
However the individuals who have survived in this world try to do their utmost (by curtailing smoking and
alcohol consumption) to improve their well being®!.

By doing a comparison between the predicted survival rates ( and average health outcomes) from the
two experiments (see table 35 and figure 20) it possible to say that the two policies provide examples of
two extreme policies with potentially two different life expectancy implications for the elderly. Under the
regime of complete subsidy for medical treatment the survival rates are predicted to rise marginally at the
older ages. However under the policy of no subsidy for medical treatment the survival rates are predicted to
exhibit a small drop in the later years. It remains a question for future research to calculate the economic
implications of this for the population in terms of the life time expected utility accumulation.

Before concluding it might be worthwhile to provide an example of another experiment that could
be done using the estimated model. The model can be used to examine the effects of barriers to health
insurance coverage that individual health insurance companies may create using genetic information about
individuals. If the objective is one of trying to simulate the effects of barriers to health insurance to the
individuals with poorer quality genetic material then one can simply create barriers to health insurance
coverage for the type 3 (i.e. low type) individuals (or deny them coverage altogether) in the model and
simulate the effects on the individuals of the new policy in terms of their health outcomes and the other

states and habits. In this and in many other ways the estimates of the model can be gainfully employed.
7 Conclusions

In conclusion, I have constructed a dynamic stochastic model of health insurance, exercise, smoking, alcohol
and medical treatment choices. The model has been estimated using data from 3671 males from the Health
and Retirement Study. By and large the model does well in matching the data. The model is also displays
a good out of sample fit. It is successful at matching out of sample survival rates (by age) for the US
population. Additionally the model predicts the proportion of the uninsured males for the US population
fairly well.

I have also provided two examples of the kinds of experiments that can be performed using the estimated

parameters of the model. In the first counter factual experiment where there is only one type of insurance

51 This is much like the story of Mickey Mantle. He came from a family that was afflicted with a hereditary illness that had
shortened the life span of all the males (no male in the family was said to have survived beyond 45). Micky Mantle led an
extremely careless life as far as smoking and alcohol consumption were concerned. However he survived to a relatively old
age. In his later years the following words have been attributed to him, “If I had known I was going to live this long I would
have taken better care of myself.”.
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available in the economy that covers all out of pocket costs and is mandated upon every individual. This
leads to an increased demand for medical care however smoking rates and alcohol consumption do not rise
much, in fact the alcohol consumption exhibits a slight decline at the younger ages. In the second case
where individuals are denied health insurance coverage there is a sharp fall in the demand for medical care,
especially in the later years. Further there is a small rise in the smoking rates at the younger ages and a
similar fall at later ages. Similarly there is a slight increase in the alcohol consumption in the younger years
and a small decrease in the older years. The two experiments taken together suggest that there is negligible
moral hazard associated with the provision of subsidized medical treatment in regards with smoking and
alcohol consumption. The experiments also provide evidence that the consequences for individual well-
being and welfare may be very different under the two radically contrasting health insurance regimes. The
model also provides a vehicle for conducting various kinds of health insurance policy experiments and to
determine the outcome of counter-factual health insurance policies on not just the demand for medical

care but also individual habits.
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Variable

Value

3 0.9025 (=.95%.95)
L (# of types) 3

Table 3: General Variables (Not Estimated)

Parameter wq w9 w3 wy ws we

Value

0.05 0.05 0.15 0.01 0.01 0.1

Table 4: Aitchison-Aitken Bandwidths for the Kernel Smoothing

Variable Estimate (Asy. S.E.)
o 50714 (10.4)

po 993.6 (0.9)

03 10121 (3.8)

oy 0.86 (0.02)

Toop 0.75 (0.003)

o 0.2 (0.08)

o, 0.01 (0.2)

Table 5: Variance Parameters

Parameter

ap (8% a3 1 Qg2 a3 3 Oy
Estimate -10478.8 -9027.2 150131.1 169986.6 129969.8 -15103.3
(Asy. SE.) (53.2)  (268.5) (258.8)  (267.06)  (341.9)  (28.04)
Parameter (0% Qg (07%4 asg Q9 a10
Estimate -344.9 -1153.2  191.7 -412.3 -111.1 95.8
(Asy. SE) (0.2) (1.3)  (0.3) (0.8) (0.2) (0.8)
Parameter 11 19 13 14 15 16
Estimate -322.6 -73.9 1.0 -9x1077  -3239.8 4201.2
(Asy. S.E.) (3.6) (0.3) (4x107%)  (35.2) (20.7)
Parameter a7 18 a9
Estimate 4132.9 4.11 0.52
(Asy. SE) (43.2)  (0.04)

Table 6: Utility Parameters
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Parameter 71 72,1 73,1 74,1 75,1
Estimate -0.4 -0.24 0 0 0
(Asy. S.E.) (6x107%) (2x107%)
Parameter 71,2 72,2 73,2 74,2 75,2
Estimate 0.25 -0.4 -1.1 0.2 0.1
(Asy. S.E.) (7x107%) (7x107%) (0.02) (0.005) (0.003)
Parameter 713 72,3 73,3 74,3 15,3
Estimate -0.35 -0.6 -0.5 0.2 0.3
(Asy. S.E.) (0.002) (0.001) (0.01) (0.001) (0.002)
Parameter 714 72,4 13,4 74,4 15,4
Estimate -1.52 -0.8 -0.1 -0.001 27.2
(Asy. S.E.) (0.002) (0.001) (5x107%)  (2x107%) (0.07)
Parameter 75 12,5 73,5 M4,5 75,5
Estimate -1.54 -0.4 -0.23 0.002 17.1
(Asy. S.E.) (0.004) (0.002) (6x107%) (6x107°) (0.05)
Parameter 716 12,6 13,6 14,6 15,6
Estimate -1.57 -0.7 -0.1 0.005 474
(Asy. S.E.) (0.002) (6x107%)  (3x107%) (5x107°) (0.1)
Table 7: Health Transition Parameters (a)
Parameter 761 7,1 18,1 N9,1 10,1 1,1
Estimate 0 0 0 0 0 0
Parameter 762 77,2 78,2 79,2 o2  M12
Estimate 0.0008 -0.0002 -0.00016  0.0002 1.28 1.36
(Asy. S.E.) (1x107%) (7x107%) -0.00016  (2x10~%) (0.04) (0.03)
Parameter 743 7,3 78,3 79,3 10,3 1,3
Estimate 0.0015 -0.014 -0.0017 0.0004 1.79 1.91
(Asy. S.E.) (6x107%) (2x107%) (2x107°) (1x10~%) (0.05) (0.03)
Parameter 764 7.4 78,4 19,4 Mo4a M4
Estimate 0.003 -0.019 -0.0039 0.0006 4.66 4.83
(Asy. S.E.) (1x107%) (2x107%) (5x107°) (5x10~%) (0.04) (0.02)
Parameter 745 N5 78,5 9,5 10,5 mi5
Estimate 0.0045 -0.02 -0.0055 0.0008 6.52 6.58
(Asy. S.E.) (8x107%) (3x107%) (7x107°) (6x10~%) (0.01) (0.006)
Parameter 746 7.6 78,6 79,6 10,6 1,6
Estimate 0.0012 -0.02 -0.0072 0.001 7.82 7.94
(Asy. S.E.) (7x107%) (3x107%) (8x107°) (4x107%) (0.02) (0.008)

Table 8: Health Transition Parameters (b)
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Parameter  mi21 13,1 M4 M15,1
Estimate 0 0 0 0
Parameter 22 132 14,2 15,2
Estimate 1.21 1.13 0.98 1.17
(Asy. SE) (0.05) (2.8)  (10.3) (16.9)
Parameter  mi23 133 14,3 15,3
Estimate 1.73 1.07 1.11 1.13
(Asy. SE.) (0.06) (3L.8) (13.3) (1L1)
Parameter  7mi24 134 14,4 15,4
Estimate 4.54 0.97 1.03 1.12
(Asy. S.E.)  (0.05) (345.8) (182.1) (16.5)
Parameter  mi25 M35 14,5 15,5
Estimate 6.41 9.11 9.54 8.48
(Asy. SE) (0.01) (986.6) (0.4)  (8.2)
Parameter m126  M36 14,6 15,6
Estimate 7.69 9.52 10.55 8.07
(Asy. S.E) (0.02) (230.6) (L1) _ (7.6)

Table 9: Health Transition Parameters (c)

Parameter ¢ $2,1 ®3,1
Estimate 0 0 0
Parameter ¢ 9 $2,2 P32
Estimate -3.98 -0.1 0.3

(Asy. S. E.) (0.002) (0.0004) (0.00008)
Parameter  ¢1.3 $2.3 ®3,3

Estimate -6.96 -0.15 0.35
(Asy. S. E.) (0.002) (0.0003) (0.00008)

Table 10: Sickness Transition Parameters

Parameter k4 K9 K3 K4 K5 Kg

Estimate  0.185  0.0362  -0.0004  10.06 10.14 9.89
(Asy. S.E.) (0.001) (0.0001) (2x10~6) (0.01) (0.01) (0.02)

Table 11: Income Generating Process Parameters
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Parameter 111 a1 V31 Va1 P51 6,1

Estimate 0 411 153 0 0 0
(Asy. S.E.) (0.03)  (0.005)

Parameter 119 V2,2 V3,2 Y4, V5,2 V6,2
Estimate 2148  -192  -7.4 0.27 -0.005 2.52
(Asy. S.E.) (0.003) (0.008) (0.005) (6x107°) (4x1075) (108.7)
Parameter 113 a3 P33 P43 P53 63
Estimate  27.1 559 -889  0.54 -0.0075 2.1
(Asy. S.E.) (0.005) (0.01)  (0.006) (2x1076) (1x10=%) (108.7)
Parameter 114 V2,4 V34 Y14 V54 Vo4
Estimate 18.23 9.64 -7.9 0.79 -0.01 1.2

(Asy. S.E.) (0.009) (0.01) (0.006) (1x107%) (4x107%) (0.85)

Table 12: Household Size Process Parameters

Parameter 2 3 4 s 16 W
Estimate 24 0.79 0.8 3.21 3.27 2.58 1.11
(Asy. S.E.) (0.004) (0.004) (0.04) (0.003) (0.003) (0.006) (0.001)
Parameter g s K10 H11 12 113 M4
Estimate 0.89 0.97 0.85 0.8 -0.1 0.152 1.76

(Asy. SE) (0.03)  (0.06) (0.03) (0.03) (0.002) (0.002) (0.001)

Table 13: Out of Pocket Expenditure Process Parameters

Parameter 7 72 V3 V4 Vs V6 7
Estimate  -2.35 0.0049 -0.113 0.15 0.3 0.01  0.05
(Asy. S.E.) (0.03) (0.009) (0.008) (0.02) (0.07) (0.03) (0.03)
Parameter 93 Y9 Y10 71 V12 73

Estimate 0.2 1.1 0.2 0.3 0.2 27

(Asy. S.E.) (0.01) (0.2) (0.04)  (0.07) (0.04) (0.3)

Table 14: “Probability of Zero Out of Pocket Expenditure” Process Parameters

Insurance Type Premium
Uninsured (1) 0

Group (2) 2072.0
Personal (3) 8561.27
VA /Champus (4) 677.74
Group/VA /Champus (5) 2209.33
Group/Personal(6) 4564.5

Table 15: Insurance premiums by insurance type for age < 64
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Insurance Type Premium
Only Medicare (1) 1864.58
Medicare/Medigap/Personal (2) 5044.1
Medicare/Group/VA-Champus (3) 2032.35

Table 16: Insurance premiums by insurance type for age > 65
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Variable Obs Mean Std. Dev. Min Max

Age 9627 59.03 5.47 26 80
Education 9627 12.42 3.26 0 17

Sex 9627 1 0 1 1

Race 9627 1.29 0.63 1 3
Health 9627 4.43 1.18 1 6
Exercise 9423 1.31 0.46 1 2
Smoking 9423 1.41 0.76 1 3
Alcohol 9423 1.86 0.73 1 3
Medical care 9423 1.82 0.8 1 3

Log of hh-income 9423 11.25 0.86 2.19 15.08
Log of hh-OOP costs 4421 6.78 1.61 0.58  12.33
Household size 9627 2.33 0.84 1 4
Insurance cost for the uninsured 629  215.0 1086.77 0 13572.87
Insurance premiums:

Group plans 3651 2072.0 3661.7 0 67864.36
Personal plans 305  8561.27 6888.16 0 52097.14
VA /Champus plans 169 677.74 1613.64 0 7936.06
Group/VA /Champus plans 144 2209.33 6566.13 0 76912.94
Group/Personal. plans 134 4564.5  6543.99 0 40366.68
Medicare 361  1861.23 2544.51 0 13941.73
M-care/M-gap/Personal. plans 115  5016.19 5055.49 0 45824.3
M-care/Group plans 515  2025.61 2532.37 0 13747.29

Table 17: Data summary (all values are for 2 years and in 1991 dollars; Race:1-white, 2-black, 3-other;
Education-years of formal schooling)
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H;
H,; 1 2 3 4 5 6

2 2179 4047 2490 778 311 1.95
3 8.19 11.31 4252 2783 845 1.69
4 2.63 274 1433 50.46 23.69 6.16
5 1.56 1.09 547 27.34 49.38 15.16
6 1.00 0.69 232 1282 32.2 50.97
Table 18: Health State Transitions: Data (%)
H,

H,; 1 2 3 4 5 6

2 22.00 41.10 33.10 1.50 2.20 0.00
3 7.90 12.80 40.60 25.40 13.20 0.00
4 1.20  1.30 13.80 54.50 27.30 1.90
5 0.10 0.10 1.20 30.50 44.70 23.40
6 0.00 0.00 0.00 3.20 35.60 61.10

Table 19: Health State Transitions: Baseline Simulations (%)

46



I, (age < 65)

I,_1(age < 65) 1 2 3 4 5 6
65.49 21.25 9.11 4.05 0.17 0.84
3.12 90.26 2.78 0.33 0.78 2.73
11.70 33.96 50.57 0 0.38  3.40
8.66 5.51 0.79 75.59 9.45  0.00
0.00 19.31 0.00 14.48 63.45 2.76
3.03 67.68 4.04 2.02 5.05 18.18

SO W N

Table 20: Insurance Choice Transitions: Data (%)

I; (age < 65)

I;_1(age < 65) 1 2 3 4 5 6
62.20 18.00 3.80 7.00 5.00 4.00
4.00 8540 2.40 3.60 270  1.80
10.30 25.90 45.40 8.40 5.30  4.60
9.00 18.80 4.30 59.10 540  3.30
10.10 22.50 5.40 8.60 49.30 4.20
11.50 25.20 5.90 9.90 8.00  39.70

DUk W

Table 21: Insurance Choice Transitions: Baseline Simulations (%)
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I; (age = 66)

I_1(age=64) 1 2 3
51.28  33.33 15.38
18.32 7.69 73.99
62.50  29.17 8.33
37.50 12.50  50.00
10.00  10.00 80.00
37.50 0.00 62.50

ULk W

Table 22: Insurance Choice Transitions: Data (%)

I; (age =66)

I;_1(age=64) 1 2 3

47.50 17.40  35.10
4590  18.50 35.50
44.60 12.40 43.10
43.20  18.50 38.20
44.50 13.90 41.60
49.60 16.80  33.60

DUk W=

Table 23: Insurance Choice Transitions: Baseline Simulations (%)

I; (age > 66)
I:_1(age > 66) 1 2 3
1 80.26  6.58  13.16
2 50.00 39.36  10.64
3 20.00 769 7231

Table 24: Insurance Choice Transitions: Data (%)

I; (age > 66)

I;_1(age > 66) 1 2 3

1 7830  7.40  14.30
2 26.80 50.10 23.10
3 21.50 790  70.60

Table 25: Insurance Choice Transitions: Baseline Simulations (%)
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my
1 2 3
63.28 23.81 1291
26.94 46.13 26.94
15.07 32.51 52.42

N
L

Table 26: Medical Choice Transitions: Data (%)

my
m;_; 1 2 3
60.80 14.30 24.90
45.10 20.10 34.80
36.90 15.30 47.80

W N =

Table 27: Medical Choice Transitions: Baseline Simulations (%)

Ct
ci—1 1 2 3
97.78 1.10 1.12
25.49 56.37 18.14
10.94 12.81 76.26

W N =

Table 28: Smoking Choice Transitions: Data (%)

Ct
Ct—1 1 2 3
92.10 4.70  3.30
21.70  54.40 23.90
7.40  44.70 47.90

W N =

Table 29: Smoking Choice Transitions: Baseline Simulations (%)

49



ag
11 2 3
86.28 12.04 1.68
17.20 72,58 10.23
4.98 25.32  69.70

LN =

Table 30: Alcohol Choice Transitions: Data (%)

ag
a1 1 2 3
88.70 6.50  4.90
12.20 65.40 22.40
1.50  37.70 60.80

w N =

Table 31: Alcohol Choice Transitions: Baseline Simulations (%)

€t
€1 1 2
1 73.53 26.47
2 34.42  65.58

Table 32: Exercise Choice Transitions: Data (%)

€t
€1 1 2
1 84.50 15.50
2 34.50 65.90

Table 33: Exercise Choice Transitions: Baseline Simulations (%)
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HHS;

HHS;, ; 1 2 3 4

1 90.75 7.65 1.25 0.36
2 6.83 8539 558 2.19
3 5.88 38.53 48.04 7.55
4 3.24 2317 31.52 42.06

Table 34: Household Size Transitions: Data (%)

HHS,
HHS;, ; 1 2 3 4
1 86.30 13.40 0.30 0.00

740  82.00 10.60 0.00
2.10 41.00 45.60 11.30
1.50  2.70 30.00 65.80

=W N

Table 35: Household Size Transitions: Baseline Simulations (%)

o1



Suvivors

Age Data Baseline Mandatory No
Simulations Insurance Insurance
20 1000 1000 1000 1000
30 990 987 987 987
40 976 962 962 962
50 948 922 922 921
60 886 853 855 852
70 752 749 751 747
80 512 633 635 626

Table 36: Out of Sample Analysis: Aggregate Mortality Rate of the US Population (Survivors by Age).
Data source: CDC, Atlanta, GA
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Figure 2: Frequency of Sample Observations Figure 3: Mean Health by Age
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Figure 4: Mean Household Size by Age Figure 5: Mean Medical Care by Age
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Figure 6: Mean Alcohol Consumption by Age
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Figure 8: Mean Exercise by Age
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Figure 10: Mean Log-OOP Expenditures by Age Figure 11: Frequency of Un-insured Individuals
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Figure 7: Mean Smoking by Age
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Figure 9: Mean Log-Income by Age
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(Under 65) by Age
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Figure 12: Frequency of Individuals with Group Figure 13: Frequency of Individuals with Only
Insurance (Under 65) by Age
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Figure 14: Frequency of Individuals with Medi- Figure 15: Out of Sample Analysis: Percentage
care and Medigap Insurance (Over 65) by Age of Un-insured Individuals
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Figure 16: Out of Sample Analysis: Mean Alco- Figure 17: Out of Sample Analysis: Mean
hol Consumption Smoking
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Figure 18: Proportion of Individuals Seeking Figure 19: Proportion of Individuals Exercising
Medical Treatment Under the Different Insur- Under the Different Insurance Policy Environ-
ance Policy Environments ments
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Figure 20: Proportion of Individuals Consum- Figure 21: Proportion of Individuals Smoking
ing Alcohol Under the Different Insurance Pol- Under the Different Insurance Policy Environ-

icy Environments ments
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Figure 22: Proportion of Individuals in “Excel- Figure 23: Average Consumption of the Com-
lent” and “Very Good” Health Under the Dif- posite Consumption Commodity Under the Dif-
ferent Insurance Policy Environments
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