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Abstract

Previous studies assume consumers make medical care choices over large (e.g. yearly)

time steps. However, most health expenses occur in the weeks immediately following a

shock to health. It is unknown whether demand during an illness episode di�ers from

�normal� long-run demand. How do consumers make the sequential, dynamic choices to

consume medical care during an episode of severe illness? A theory of the consumer's

short-run health investment is o�ered and tested empirically using the Medical Expen-

diture Panel Survey. It is found that demand is extremely price inelastic immediately

following the shock, but is very responsive to changes in health.
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I. Introduction

Health economics has been studied with increasing fervor in recent years, and this

is not without due reason. In the US alone the cost of care has grown at an alarming

rate, well outpacing growth in per capita GDP and projected to encompass as much as

twenty-�ve percent of total GDP in the coming decades (Orszag, 2008). Previous re-

search con�rms that rising prices encourage over-insurance (Feldstein 1973) and expose

individuals and families to greater expenditure risk as larger portions of their wealth are

tied to uncertain health. Demand for insurance increases as families seek to defray this

risk, and the rising premiums that result block millions of other consumers from access-

ing a�ordable care across the US. As a result, di�erences in health insurance coverage,

and thus health outcomes, have been linked to various calamities�the perpetuation of

racial inequality (Weinick, Zuvekas, and Cohen, 2000), income inequality (Schoen et al.,

2000), and variations in health capital with important implications for economic growth

(Hartwig, 2009 is a good review of this literature), to name only a few. Understanding

how, and when, individuals make choices to consume medical care is foundational to un-

derstanding their exposure to expenditure risk and the incentives that drive the upward

spiral of costs.

In applied studies, if a theoretical framework is o�ered it is based, at least in a loose

sense, on the Grossman (1972) concept of health capital investment. In Grossman's

conception, health capital is an essential component of human capital. It is produced for

its own utility and for the sake of consuming other goods. As a result, health itself and

not health care enters the individual's utility function. Individuals adjust medical care in

discrete time steps1 and set optimal levels of health based on deterministic health stock,

lifetime utility, and permanent income considerations. Hence, demand for medical care

is a derived demand, intended as an input to maintain a desired level of health.

Most previous studies assume that the time steps over which individuals make health

care decisions is large, such as on a year-to-year basis. At the beginning of each year,

the consumer assesses his health and the amount of care needed to maintain his stock of

health. He obtains the amount of care that equates marginal bene�t to marginal cost,

producing lifetime steady state levels of health and investment through medical care.

The framework often does well to explain health producing behaviors over large time

spans, for example physician checkups or optimal diet and exercise (Huston and Finke

2003).

There are basic shortcomings to the assumption of large time steps, however. Chief

among these shortcomings lies in ignoring the uncertainty of health capital. Empirically,

1In this context, a time step is simply a length of time over which a person's choices are �xed.
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the processes which govern deterioration of health and the e�ectiveness of health care

are never deterministic. Under uncertainty over health, consumers will theoretically hold

higher long-run equilibrium levels of health capital (Cropper 1977; Muurinen 1982; Dar-

danoni and Wagsta� 1987, 1990). For example the incident of heart attacks, infections,

and cancer are at least partially random, as are the prices and marginal product of med-

ical care to treat these illnesses. After a shock, the exact marginal bene�t of care is

unknown because whether a particular drug or therapy will work for the given patient is

random2. Hence, the set of treatments must be reassessed periodically to ensure the con-

sumer's health improves over time, and to ensure that the consumer's demand is utility

maximizing.

Following a severe shock, it is doubtful that these adjustments occur on the same large

time step basis, e.g. year-to-year, that describes the consumer's long-run demand for care.

Both empirically and practically, these reassessments of the patient's stock, treatment

bundle, and prices must take place over smaller time steps such as on a daily, weekly, or

even monthly basis. Consider a hypothetical individual who has just experienced a heart

attack. The physician immediately performs surgery and prescribes medication to save

the patient's life. Does the physician then wait one year to see if the patient survived?

Does the patient allow this to happen? Clearly not.

The e�ectiveness of the surgery and medication is uncertain, so the consumer is

enticed to ensure he is actually healing from the attack. The physician and patient

meet the next week and reassess the patient's health and cost of care, and then adjust

treatment accordingly. For example, if the medication is ine�ective or too expensive,

a substitute medication might be prescribed. The week-to-week reassessments continue

and medical care demanded is likewise adjusted until the consumer is eventually satis�ed

with his long-run level of health3.

It is erroneous to assume that an aggregated year-to-year decision captures all of the

dynamics of the choices to assess and update demand during an illness episode. Since un-

certainty implies that shocks to health induce such episodes, there must be a �short-run�

period of adjustment over which the consumer temporarily makes choices in smaller time

steps4. Estimation of this short-run adjustment problem is largely ignored by the litera-

ture, even though it is foundational to understanding how and when consumers demand

most medical care. This study asks the question: How do consumers make sequential,

2This very realistic, as treatments and drugs are usually characterized by the distribution of their
e�ectiveness within the population. The physician does not know where the patient falls within that
distribution.

3This can either be his old level of health or a new one, depending on the severity of the shock
4That is, the period over which choices are �xed is temporarily shorter.
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dynamic choices to consume medical care during an episode of acute or chronic illness?

Is the information captured by these short-run choices di�erent from that uncovered by

previous long-run demand estimates?

This paper immediately distinguishes itself from previous literature by directly ana-

lyzing dynamic demand during an illness episode, when patients and physicians adjust

and update treatment due to random treatment e�ectiveness and prices. A better un-

derstanding of the incentives that govern the adjustment back to long-run steady state

demand and health are important to addressing other overarching issues in health eco-

nomics. Gilleskie (1998, 2009) are the only remotely similar treatments known to this

author, and no previous study has addressed demand after a severe shock. Moreover,

this paper is a novel treatment of demand choices that comprise the majority of health

care expenses, as more than half of all medical expenses are incurred during these chronic

episodes (Machlin, Cohen, and Beauregard, 2008) or when treating acute illnesses.

This paper is secondly unique in its theoretical o�ering. The conceptual literature

ignores heterogeneity of time steps after a health shock and the short-run, small time

step adjustment path that follows. As will be seen, the importance of this path is well

motivated empirically. The portfolio framework this paper o�ers and the stochastic

decision tree that directly follows tie the short-run problem into the well understood

lifetime health capital theory of medical care demand.

This study is �nally novel in its empirical o�ering. The model's intuition motivates a

straightforward empirical exercise which has never before appeared in the literature: an

estimate of dynamic short-term demand for medical care following a severe health shock.

The empirical exercise tests whether demand during the adjustment period is indeed

di�erent from demand over large time steps. The richness of the Medical Expenditure

Panel Survey (MEPS) is exploited to do so. The results shed new light both on the

acceleration of cost as well as on e�ciency of equilibrium in �over-insured� markets.

For organizational purposes, the paper proceeds as follows. Section II o�ers an

overview of the literature pertinent to the study. III outlines the theoretical model in

detail, both short and long-run, and motivates the empirical exercise that is the paper's

focus. Section IV describes the empirical strategy and data, while V presents the results

and discussion. VI o�ers concluding remarks.

II. Literature Review

A study of demand for medical care after a health shock is interesting for numerous

reasons, and though the literature directly analyzing demand during acute and chronic

illness episodes is sparse, its potential implications are vast. A discussion of the broader

implications for previous empirical research is left for the results section, as it is tan-
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gential to the theoretical and empirical arguments which are this section's focus. In the

theoretical literature on health capital, special attention is paid to the role of uncertainty

in the model, since uncertainty over health stock and over the e�ectiveness of health care

induce the short-run adjustment problem in the �rst place5.

Grossman (1972) introduced the notion of health capital. Grossman observed that,

unlike in a market for traditional goods, people did not value medical care for its own sake.

Rather, they value the health that the medical care produced, for its ability to maintain

their stock of human capital for other consumption6. In Grossman's health investment

model, health and not health care enters the utility function and individuals receive utility

from health and other consumption. He assumes the production function for income is

an increasing function of health stock: the healthier the individual the higher his wage,

the more time to work, etc. The agent produces, or more aptly maintains, health capital

because it both makes him happy and a�ords income by which his consumption of other

goods ultimately increases. In the health investment model the consumer maximizes

lifetime utility subject to permanent income, investment in and deterioration of health

capital stock, and restrictions on usage of time. The solution to the problem results in a

optimum level of health capital stock and an optimal level of investment for each discrete

point in time.

Grossman's conception is novel but not without �aws. First is the assumption of

uniform time steps for decision making throughout the consumer's lifetime. The mathe-

matics of the model do not depend on the size of the time step, implying that the utility

maximizing behavior only depends on the choices being made. Yet, for analytical pur-

poses it is assumed that the time step is �xed throughout the consumer's life. Making

this uniform time step assumption has serious implications for applied work, as the in-

vestment model provides excellent intuition but is not a tractable, closed-form theory for

empiricist to easily employ.

One implication is that most empiricists assume decisions are made on a year-to-

year basis. Medical care only arises as an investment in health to stave o� or repair

deterioration to health stock7. Given this, the consumer must be capable of perceiving

5It should be noted throughout the exposition that almost every application of the theory assumes
the relevant decision time steps are large, such as year-to-year, and uniform. Hence, they only address
long-run steady state responses to the risk of a shock, and not peoples' actual responses to the shock

during an illness episode. The response is assumed instantaneous.
6Grossman outlines two models in his original paper, one for consumption and one for investment.
7Health care demand is a derived demand somewhat analogous to demand for factor inputs in classical

producer theory. Intuitively, then, it is expected to be compensated in the long-run optimal level of health
capital, less elastic than typical Marshalian demand, and possibly zero at any given point in time, via
compensated in health stock. Grossman's �threshold� emphasizes this point, there is a threshold of
health beyond which the consumer demands no medical care. An excellent example of data phenomenon
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his health stock over the entire year, otherwise he cannot choose the investment that

equates marginal bene�t to marginal cost. Clearly this assumption is only reasonable

in limiting contexts, where the occurrence and e�ects of disease as well as the marginal

product of care are known by the consumer with certainty. For example, year-to-year care

for high cholesterol or perhaps adjustments in diet to treat diabetes are well described

by such a model.

However, most medical expenses do not meet these criteria (Machlin, Cohen, and

Beauregard, 2008). Instead, most are incurred adjusting care for the random e�ectiveness

of treatment and for the uncertain evolution of health stock in the weeks and months

immediately following a shock to health. For the introduction's example of a hypothetical

heart attack patient, treatment was reassessed on a weekly basis to account for this

randomness. Previous studies have not allowed for di�erent time steps in the consumer's

lifetime problem, one for illness episodes and one for long-run decisions. Additionally, no

previous study has contrasted demand for medical care in each context.

A second shortcoming of Grossman's uniform time step assumption is it predicts

that health and medical care consumption will be positively correlated, since greater

investment equates to higher health in the long-run. Empirically, though, health and

medical care are negatively correlated8. This is intuitive, since one expects an individual

to consume more care when sick than when well. The literature exploring this negative

correlation is vast but includes two convincing explanations. The �rst is that health

capital does not adjust instantly in response to medicare care (Wagsta�, 1986). The

mere existence of such a path in long-run estimates �ts consumption data well (Wagsta�,

1993), even though the adjustment path itself is never estimated in the literature.

A second explanation is that consumers choosing not to purchase medical care are

at a corner solution of their health investment problem. Allowing for a corner solution,

examining a cross-section of medical care consumers will lead to a negative correlation

between health and medical care since healthy individuals will consume no care (Galama

and Kapteyn, 2009). Of course, neither explanation is mutually exclusive and, when

coupled with the existence of a negative health shock, begs an empirical study of the short-

run adjustment problem. That no such study has appeared in the literature constitutes

a clear gap in economists' understanding of how consumers demand medical care.

The next weakness of Grossman's conception lies in the incorporation of uncertainty

in the model. Potential sources of uncertainty are easy to imagine, for instance the exact

is zero-in�ated expenditures. Many individuals will consume no health care within a period, and those
that do consume behave as if it is a necessity.

8For example, see Wagsta� (1986).
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incident of cancer is unknown, as is the chance a particular antibiotic will e�ectively

treat a bacterial infection. Reconsider the case of the hypothetical consumer after a

heart attack from the introduction. If the heart attack were foreseeable, as in Grossman's

model, then the consumer would have acquired the care to prevent the attack and his

health would adjust to equilibrium levels instantly. Depicting consumption this way is

unreasonable due to randomness in health shock and in the e�ectiveness of health care.

More realistically, the consumer may be very concerned about the e�ectiveness of care

along the short-term adjustment path, since his health capital impacts his grander human

capital investment choices (Muurinen, 1982).

Numerous studies have incorporated randomness into Grossman's investment frame-

work9. Typical of the �ndings is Dardanoni and Wagsta� (1987), who aim to ascertain

the interaction of uncertainty over health and income inequality. They show that, as-

suming random health, initial wealth endowments matter a great deal in determining

long-run optimal levels of health capital. This is contrary to Grossman's original result,

where health investment at any given stage in life is independent of initial wealth. Dar-

danoni and Wagsta� (1990) explore this issue further by allowing medical care to be

randomly e�ective. Individual's maximize lifetime utility in each period by equating the

discounted marginal bene�t of increased health to the marginal cost of the health invest-

ment. Surprisingly, uncertainty over health and the e�ectiveness of medical care only

changes this basic story slightly. Covariance terms arise in the First Order Conditions

of optimality that, under reasonable assumptions such as risk aversion, would lead the

consumer to purchase more medical care than he otherwise would under certain health.

Picone et. al. (1998) a�rm this result and explore the implications of varying degrees

of risk aversion. On a year-to-year basis, for instance, they show that the consumer's

risk preferences matter a great deal to the �smoothing� of health investment over the

individual's lifetime.

The basic intuition of all the lifetime models in each case only a�rm Dardanoni and

Wagsta� (1990)'s foundational results10. The evolution of health capital over time follows

9Early in the literature, Cropper (1977) allows mortality rates to be random. Over large time spans,
individuals precociously invest in health to decrease the odds death and disease, but the care itself is not
randomly e�ective. Cropper shows that Grossman-style deterministic health stock underestimates the
demand people place on preventative health care when any degree of uncertainty exists over their health.
Hence, if the consumer is risk averse then there is a clear incentive to insure against the expenditure risk
imposed by negative shocks to health.

10Though they are all not addressed fully here, notable extensions are as follows. Liljas (1998) produces
a model in which the deprecation of health explains the degree to which the consumer will insure
themselves against potential shock. The deprecation of health stock is dependent on the level of health;
optimal insurance levels arise in long-run steady state to maintain utility maximizing health stock. The
optimality of Liljas (1998)'s insurance is doubtful but one incentive is clear: individual's are more likely
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a deterministic component (e.g. aging, diet and exercise) as well as a random component

(e.g. accidents, cancer, heart attacks). The health capital framework is sensitive to the

type of uncertainty and not just uncertainty itself. If randomness is allowed to separately

impact both the occurrence of illness and the e�ectiveness of medical care, then long-

run average levels of health stock are higher, and the poor might be less attracted than

the wealthy to the health investment due to the uncertainty. No previous study has

incorporated randomness into the short-run adjustment path after a health shock.

Given uncertainty over health stock, individuals from time to time will �nd themselves

below their optimal level of health and must thus consume health care until back to

normal levels. Since most are informed of illness by a physician, people rarely know

their exact health stock and amount of needed care until already sick. Over half of all

medical expenditures are incurred during acute or chronic illness episodes. Yet, the focus

of the aforementioned literature remains on the long-run conception of health capital�a

problem better suited for understanding lifetime levels of health and insurance but not

necessarily suited for understanding demand for physician visits or prescription drugs in

response to a negative shock to health.

Gilleskie (1998) is the �rst direct treatment of the short-run problem. Gilleskie focuses

on worker absenteeism, but also models health care demand during acute illness episodes

21 days or less for less severe in�ictions (e.g. �u, cold, accident, etc.). In Gilleskie's model,

individuals trade between time o� work and the consumption of medical care in order

to return to normal health . Structural equations, rather than reduced-form estimation,

are used in the empirical exercise. Gilleskie (2009) extends the work, attempting to

understand the di�erences between men and women as they respond to acute illnesses.

Gilleskie's framework is important in that it a�rms that consumers adjust demand over

smaller time frames after a health shock.

Gilleskie's work has many shortcomings, however. First, illness episodes driven by the

�u, colds, or minor accidents do not usually pose large expenses nor are they fearful for

the consumer. This is important since it is still unknown in the literature how consumers

adjust to a severe health shock over longer periods of time. Second, uncertainty is not

to fully insure if health shocks impose risk to long-run optimal consumption and health. Jacobson
(2000) supposes that health capital decisions are made at the family, rather than individual, level. This
interweaves the utility functions of each family member. Unsurprisingly, if a family member's health
is at risk then one's own utility falls, meaning the basic uncertainty results already established are
ampli�ed in the family-level utility model. More recently, Laporte and Ferguson (2007) make health
fully stochastic in continuous time. They consider the implications of a Poission shock to health. This
allows the consumer to adjust �instantaneously� to health shock by consuming care, and hence ignores
the fact that consumer treat illness with a sequence of, for instance, physician visits. However, since
the utility maximizing behavior is invariant to the time step, the results do not di�er substantially from
previous knowledge.
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incorporated in the dynamic programming model. This is likely because uncertainty in

treating the illnesses Gilleskie examines may be small and fairly inconsequential for indi-

viduals both �nancially and in terms of short-run health. Empirically, the e�ectiveness

of care varies widely over the adjustment period. As is shown in the next section, unlike

in the long-run open-ended random extensions of Grossman's model, feasible short-run

random paths are likely mean-reverting or closed-ended stochastic bridges. This calls

into questions the consistency of any empirical estimation which does not explicitly take

such a path into account, including Gilleskie's work.

Finally, Gilleskie models daily decisions but does not consider whether time steps

are di�erent between illnesses or whether demand over the episode di�ers from demand

estimated in large time steps, such as on a year-to-year basis. Uncertainty clearly plays

a role in determining the long-run steady state of health, so it is natural to question

how consumption after a severe shock converges to the long-run steady state. Such a

comparison is lacking in the literature but potentially has profound explanatory power.

Does an individual at a corner solution of health investment respond to shock di�erently

compared to an individual already in poor health? If the shock is particularly severe,

is it possible that long-run optimal health can never again be achieved? If so, how do

consumer's invest in health to re-devise their long-run steady state? These questions are

unanswered by the literature but have powerful implications for a consumer's welfare.

Within this context, this paper contributes to the literature in two ways. First, it

distinguishes itself from previous literature by directly analyzing dynamic demand during

a severe illness episode. It generalizes the theoretical literature on health capital into a

portfolio allocation problem over health inputs. It is the �rst to question the uniformity

of decision time steps in a Grossman model in order to explain various data phenomenon,

such as health investment corner solutions and the negative correlation between health

and medical care. Secondly, the paper is the �rst to compare demand during an illness

episode to its long-run counterpart. This comparison tests whether price responsiveness

and potentially risk aversion in the short-run di�ers from the long-run steady state. The

welfare, insurance, and policy implications of the dynamics are addressed. The following

section outlines this model in detail, while sections IV and V outline the empirical heart

of the study.

III. Theoretical Framework

Recall that the overarching research question of the thesis is: How do consumers

make sequential, dynamic choices to consume medical care during an episode of acute

or chronic illness. This section's goal is to illustrate the utility maximizing behavior of

the consumer over his lifetime. For the sake of presentation clarity, the following model
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assumes that health only a�ects the individual through his production of income and also

ignores randomness11. The case where the individual derives utility from health stock as

well is considered outside of the main text, the interested reader may consult Appendix

A. However, the overarching interpretation of the model is similar in all cases.

The Lifetime Utility Problem

The lifetime problem sets the long-run utility maximizing level of health capital stock

for the individual. Individuals are utility maximizing, forward looking in their choices,

and have some function ψ(Ht, ·), increasing in health stock, that de�nes the bene�t

received from increased health. One need only consider a value function of two periods

of consumption to uncover the First Order Condition of particular interest.

Model Summary

Ht(·): Health capital stock in period t, an increasing function of health

investment.

δ: Depreciation rate of health capital per period.

ψ(Ht, ·): Income as a function of health (due to healthy time, etc.), an

increasing function of health stock.

Mt: Medical care health inputs in period t.

I(Mt): Health investment function, maps a portfolio of medical care inputs to

health stock.

Ct: Consumption in period t.∑
βtU(Ct): Additively separable lifetime utility w/ discount rate β

Pm: Price of medical care inputs.

The consumer's lifetime utility maximization problem is exempli�ed by two periods of

utility U(Ct)+βU(Ct+1), where utility is assumed continuous, increasing, and concave in

consumption (U ′ > 0 and U ′′ < 0 ). The t period budget constraint as a savings relation

is S = ψ(Ht)−Ct−PMMt. With a per-period interest rate r the resulting second period

budget constraint is Ct+1 = (1+ r)S+ψ(Ht+1)−PmMt+1. For clarity, an example of the

income function is the process ψ ∼ yt + ψ(Ht) where yt is a �basic� level of income and

ψ(·) is additional income tied to health stock, such as healthy time to work. Assume ψ

is continuous and increasing in health stock, ψ′ > 0.

11This admittedly appears hypocritical given the discussion of the literature review. However, the
foundational utility maximizing behavior of the consumer does not change when randomness is intro-
duced. Randomness does induce the short-run adjustment problem, though.
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The consumer is granted an initial health stock Ht and a depreciation rate δ reduces

stock between periods. I(Mt) is a health stock investment function choosing a portfolio

of health inputs (medical care, diet, etc.). Assume I(·) is continuous, increasing, and
concave in medical care inputs as well, I ′ > 0 and I ′′ < 0. Concavity of I(·) over

the health portfolio re�ects the complementary nature of health inputs, for example

prescription drugs and physical therapy working together to achieve higher health levels12.

By net investment, health stock in period t+ 1 is Ht+1 = (1− δ)Ht + It(Mt). With this,

the consumer's lifetime utility maximization problem is:

max
Ct,Mt

U [Ct] + βU [(1 + r)(ψ(Ht)− Ct − PMMt) + ψ((1− δ)Ht + I(Mt))− PmMt+1]. (1)

Noting that the maximization is with respect to the previous period budget constraint13,

the �rst order conditions are:

FOC on Ct : U
′ + β(1 + r)(−1)U ′ = 0 =⇒ β =

1

1 + r
. (2)

FOC on Mt: β(1 + r)(−Pm)U ′ + βU ′ψ′I ′ = 0 =⇒ Pm = βψ′I ′. (3)

Which together imply that in each each period:

Pm
I ′(Mt)

=
ψ′(Ht)

1 + r
. (4)

(4) states that individuals invest in health until the discounted bene�t to their welfare is

equal to the marginal cost of the investment. The same basic behavior is also uncovered

when the consumer receives utility from health, as well as when uncertainty is allowed

to a�ect health stock and the marginal product of medical care14. For larger time steps

t, such as year-to-year decisions, it is useful to denote the consumer's long-run optimal

steady state health stock by H∗.

The Illness Episode Problem

Now assume that uncertainty over health stock exists and that a severe random shock

to health occurs, knocking the the consumer out of long-run steady state15 and leading the

12It is also possible that inputs are substitutes and not compliments. In this case, the second derivative
condition need only re�ect decreasing returns to a single input.

13Hence Mt+1 is not in the maximization argument. This ignores the trade-o� between medical care
now and medical care consumed later. In Appendix A this trade-o� is explored.

14See Picone et. al. (1998) and Galama and Kapteyn (2009)
15Recall that the notion of long-run steady state implies large time steps, such as year-to-year decisions.
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consumer to purchase medical care. Suppose that the time step over which adjustment

occurs after a shock is shorter than the one which well describes the consumer's lifetime

steady state. That is, the period over which this medical care is adjusted after a shock

is short but not insigni�cant, such as on a week-to-week or month-to-month basis. Since

the individual is lifetime utility maximizing, and since the mathematics of the lifetime

problem are independent of the size of the time step, he must either once again settle

to a long-run steady state exempli�ed by his year-to-year decisions, or re-devise a new

steady state based on his obtainable health stock16.

This utility maximizing behavior places boundary conditions on the adjustment path.

If one allows shocks and random e�ectiveness of medical care within the episode, then

the adjustment of health over the episode is a stochastic path. Though this stochastic

path is discussed further below, the probabilistic nature of the path guarantees that a

probability measure exists which captures the information of each choice to consume or

not consume throughout the episode.

Denote the length of this short-run time period as 0 ≤ t ≤ T , and discretize it such

that each step4t is taken over n steps with n4t = t17. For some N number of total steps

in the episode, N4t = T . The consumer has a short-term welfare function ψ̃t(Ht) that is

increasing in health stock as before and has the terminal condition ψ̃T (H
∗) = ψT (H

∗) to

nest the problem within the long-run steady state: when the consumer has adjusted to

steady state demand. The short-run investment function is Ĩt(Mt), and the consumer's

problem is to assess and adjust a portfolio of medical care inputs at each time step

such that normal health levels are ultimately achieved through Ĩt(·). At each stage the

consumer picks the amount of medical care that equates marginal bene�t to marginal

cost. This is just as before, only now choices are made in temporarily smaller increments.

Over the illness episode it is di�cult empirically to di�erentiate between �quantities�

of medical care, for example distinguishing outpatient from normal o�ce-based care.

For su�ciently small time steps, that utility maximizing behavior may also lead to zero

consumption in the health investment portfolio. For empirical convenience it is useful,

then, to adopt a probabilistic interpretation of demand over the illness episode. Fix Mt

as a binary choice to consume or not consume medical care at period t, note that because

Mt is binary the Prob[Mt = 1] is the probability measure which captures all information

re�ected in the consumer's health portfolio adjustment choices18.

16The later situation is the case of a chronic illness, when original health is never again achievable.
This is acceptable for the problem at hand, as the only concern is that some sort of long-run steady
state is once again achieved.

17Take note that here 4t is much smaller than the t considered in the utility maximization problem.
18At �rst glance this assumption limits the analysis. However, it is necessary in order to consider the
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Under this assumption the model of demand during the episode is really just the

formalization of a decision tree branching at each 4t node. The episode starts at low,

shocked health stock H0, at n4t = 0. The empirically observed choice rule for an

arbitrary period t is:

Mt =

1 , if
ψ̃t((1−δ)Ht−1+Ĩt(Mt))
(Ĩt(Mt)−δHt−1)(1+r)

≥ PmMt

Ĩt(Mt−1+Mt)

0 , if
ψ̃t((1−δ)Ht−1+Ĩt(Mt))
(Ĩt(Mt)−δHt−1)(1+r)

< PmMt

Ĩt(Mt−1+Mt)

. (5)

The rule in (5) is simple: the individual compares the discounted bene�t of consuming

medical care to the additional cost of acquiring the care. If the bene�t of an input is at

least as great as its cost, then in period t we observe medical care consumption. If the

cost outweighs the bene�t, then the individual does not consume19.

The choice is the same at each node n so that in time period t the individual decides

to consume medical care in period t+4t only if the marginal bene�t equals the marginal

cost. Observe that for small changes in medical care consumption and small time steps

we have
Ĩt(Mt+Mt+4t)

Mt+4t
≈ Ĩ

′
t(·) and

ψ̃t((1−δ)Ht+Ĩt+4t(Mt+4t))
( ˜It+4t(Mt+4t)−δHt)

≈ ψ̃
′
t, and (5) reduces to the

FOC of the lifetime health investment problem. Hence, the model is consistent with the

same type of utility maximizing behavior the consumer displays in the lifetime problem,

only now with potentially di�erent income and investment functions.

The above choice rule only di�ers from the lifetime steady state choice by an additional

constraint: that by some �nite period N , at N4t = T time, enough health investment

must occur to achieve a long-run steady state H∗. This implies that certain paths in the

tree are not feasible, namely those with too few choices to consume, since they prohibit

H∗ from being achieved. Graphically, Figure 1 depicts the {0, 1} decision to consume

across the period.

There is a probability pt at each step that the individual will consume care, where

pt captures all of the information of the decision rule to equate marginal bene�t with

marginal cost at each node. Observe that health improves with each �up-tick� and de-

teriorates otherwise. Also note that, if there is a random component in the adjustment

of health, then there is some small chance that the consumer can achieve H∗ without

medical care.

consumer's holistic portfolio problem over numerous medical care inputs.
19In reality, Mt is a vector of inputs and choice rule above applies to each vector component. Each

input is adjusted until the overall net bene�t of the portfolio equates to its marginal cost.
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Figure 1

The prohibited branches not resulting in H∗ are worth exploring, since there is a

di�erential path health stock must follow across the period. We want to allow the evo-

lution of health to be random, so de�ne Bt to be a random shock between periods.

Intuitively this captures the random e�ectiveness of medical care and the potential for

additional shocks to health. Then, if no branches were prohibited, the probability map-

ping describing the decision tree's impact on health stock would be a simple binomial

tree. In this case, by net investment health stock would evolve across periods according

to Ht+4t = (Ĩt(·)− δ)Ht4t+ σHtBt+4t, where σ is the standard deviation of the health

stock due to the shock.

However, since the terminal condition H∗ is enforced at N4t = T , the evolution

of health over the period is not open ended. At each node, the consumer is clearly

concerned with ultimately achieving normal health. Hence, a relevant measure of the

marginal impact of the consumption choice is the period-discounted distance between

current health and ideal health, or H∗−Ht

N4t−n4t . Putting it all together, health stock must

evolve between choice nodes according to a modi�ed net investment formula:

Ht+4t = [Ĩt(·)− δ]
H∗ −Ht

(N − n)4t
4t+ σHtBt+4t. (6)

(6) states that the consumer may increase health by a factor of Ĩt(·)− δ at each choice.

From the convergence fraction, the consumer is concerned with achieving normal health

at each node in the episode as n −→ N . If the consumer is lucky, σHtBt+4t will fall

in his favor and the constraint will be less binding. If he is unlucky, σHtBt+4t forces

more medical care consumption that he would otherwise have preferred. The evolution

of health described above is known as a stochastic bridge20. The stochastic bridge grants

the existence of the probability measure pt. Hence, the consumer's problem at each choice

20An illustration of such a bridge driven by brownian motion is provided at the end of Appendix A.
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node in the tree is to assess the discounted net bene�t of additional medical care subject

to the constraint that health evolves according to this stochastic path.

Graphically, by net investment there is then a mapping from the consumption choice

to the evolution of health. Refer to Figure 2.

Figure 2

This illustrates how health might move dynamically across the illness episode. The

darker paths indicate which nodes are feasible to ultimately achieve healthH∗ to leave the

individual back in long-run equilibrium. It is possible, such as the case of chronic illness,

that the original H∗ can never be achieved. The research question is only concerned with

whether a person's consumption settles over time into a long-run equilibrium, a steady

state captured by larger time steps.

Figure 3

The model as outlined is indi�erent to such an outcome, and it is acceptable from the

theorist and econometrician's standpoint that the new equilibrium is di�erent from the

original steady state. This is because the model is concerned primarily with the health
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investment function I(Mt) eventually reaching a long-run steady state. Refer to Figure

3. No matter what the level of long-run health H∗ happens to be, when adjustment of

the portfolio stops the individual is back in a long-run equilibrium and the short-run

analysis may end. The next section outlines the empirical strategy for assessing these

optimal investment choices in the data.

IV. The Empirical Strategy and Data

Uncertainty over health stock, prices, and the e�ectiveness of care necessitates sequen-

tial reassessments of one's demand throughout the episode. As outlined, at each point

in time the utility maximizing consumer updates quantities in the health input portfolio

until marginal bene�t equates to marginal cost. We are interested in understanding how

consumers make these sequential, dynamic choices, given that the patient and physician

update based on recent information from previous attempts at treatment. Hence, the

theoretical story is about quantities in a portfolio vector.

The empiricist is unable to di�erentiate between relevant quantities, however, since

he only observes whether or not the individual visited the doctor. There is no uniform

assessment of the intensity of a particular visit in the data. Is an outpatient visit worth

more quantitatively than an o�ce visit? How do ER visits compare to inpatient stays?

In a theoretical sense, the �intensity� of treatment implicitly de�nes a �quantity� for the

consumer, but consistent assessment of that quantity is elusive for the econometrician.

The empirical story, then, is of discrete choice to consume or not consume within a time

period.

This paper adopts a probabilistic approach to estimating these choices21. Since the

decision tree model generates a stochastic bridge for the evolution of underlying health

stock, the theory guarantees that for each choice to consume there is an equivalent

probability describing that choice. The empirical strategy, then, is to estimate this

probability at each node of the tree.

The Data

To test the theoretical model, this paper's empirical exercise focuses on illness episodes

beginning with heart attacks, ischemic heart conditions, or other general severe shocks

to health related to the heart. Examining illness episodes related to heart conditions is

advantageous for three reasons. First, they are expensive and fearsome, and are thus

non-trivial threats to the consumer's long-run health equilibrium. Second, treatment

is generally comparable across individuals but also maintains an unavoidable random

21It is also chosen to avoid the complications caused by zero-in�ated expenditures.
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component in the treatment's e�ectiveness. Finally, the episodes are well de�ned. ICD-

9 diagnosis codes related to the conditions are easily identi�ed, and the length of the

episodes are regarded in the literature to last 90 days to complete primary treatment22.

The data used are panels 8-10 (2003-2006) of the Medical Expenditure Panel Survey

(MEPS). MEPS began in 1996 and is an ongoing survey in which each panel follows

roughly 15,000 individuals over two year periods. Data are collected in �ve rounds over

the sample period, or every 5 months. MEPS was chosen because it has detailed medical

event data for a large number of individuals. Panels 8-10 were chosen for the sake of

variable uniformity caused by MEPS design, as well as to narrow the window of medical

expenditure in�ation.

The heart conditions sample was constructed as follows. All inpatient, outpatient, ER,

and o�ce based medical provider events for panels 8-10 were linked to medical conditions

data and to demographics data for each individual. The time aggregated (year, round,

month) data includes demographics, income23, insurance converge, as well as various

measures of health status. Panels 8-10 yielded approximately 45,000 individuals across

555,000 medical event observations.

Using ICD-9 diagnosis codes recorded at each medical event, all heart attacks, is-

chemic conditions, and generally severe heart problems were �agged as potential start

points of the illness episode. The �agged list was further narrowed to only include hos-

pitalization events24. Of these hospitalizations, the earliest was identi�ed as the actual

start of the illness episode. Next, all medical events within a 91 day window of the episode

start date were identi�ed as being within the primary-care illness episode commonly used

by the literature. A small fraction of individuals had incomplete responses for key vari-

ables, such as source of payment or race, and were thrown out of the sample. This yielded

a �nal sample of 1, 803 individuals with 19, 715 events. Four key variables were further

de�ned for analysis: price, health status, 4t, and the dependent consumption variable.

Determining 4t

After a shock, the relevant time step dividing the tree's decision nodes is the length

of time over which health portfolio inputs are relatively �xed. In the introduction's heart

attack patient example, if 4t = 1wk then each week the patient and physician assess

health stock and the e�ectiveness and price of previous care and then adjust treatment

2290 days is considered the appropriate time frame to capture primary treatment for the heart condi-
tion, such as surgery and initial physical therapy, while also avoiding treatment for various complications
due to the shock. For example, see Cutler, McClellan, and Newhouse (2000).

23Annual income is not included in the regressions due to invariance across the illness episode. It is
assumed that insurance coverage will capture necessary income e�ects.

24To maintain the notion of a severe shock.
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accordingly. The appropriate time step 4t for the decision tree was uncovered from

the heart episode sample by examining the day-to-day frequency of medical care events

within the episode. The histogram in Figure 4 is the daily distribution of medical events

across the episode. It revealed that individuals, on average, �x their health portfolio

choices on a week-to-week basis25.

Figure 4

The Dependent Variable

With 4t = 1wk set, consumption is assumed to occur on a week-to-week basis. The

dependent variable was coded as 1 if the individual consumed medical care in a given

week, and 0 if not. There are potential weaknesses of the dependent variable that should

be noted. For instance, visits may be bundled together early on in the episode and

scheduled in advance. There is also the possibility of an unobservable marginal product

of medical care from week-to-week, and even the ability for the consumer to update

demand without a visit. These are not accounted for in the data 26.

25The start of the episode, day 0, is omitted for the sake of scaling. There is also evidence in the
data that the week-to-week 4t holds for longer than the 91 day period. There is a structural break
in frequency of care around the 13th week, however, evidencing the choice for the length of the illness
episode. This is discussed in the data appendix, Appendix B.

26Some possibilities include the following. First, empirically some medical visits are scheduled in
advance without consideration to current information or need, and are thus not generated from the
assess-and-update decision theory as proposed. For instance, a physician may schedule a checkup one
month after a surgery; and this would not be a week-to-week decision. Second, the marginal product
of some medical treatments may not be fully observed after only one week. In this case, it is assumed
that the physician and patient make choices in line with the treatment's expected marginal product
based the most information available. Finally, it is possible no visit is needed to assess health stock and
update demand, and the data will not observe an adjustment. For example, a consumer and physician
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The variable's construction is in line with the probabilistic approach to measuring

consumption this paper adopts. As already outlined, such an approach is motivated to

avoid complications in measuring �quantity� and also to prevent complications caused by

zero-in�ation of the dependent variable. The {0,1} measure aggregates the week-level

portfolio of health inputs, and a change from 0 to 1, or 1 to 0, occurs with the consumer's

assessment of week level prices and week level health status. To control for individuals

who die during the episode, once dead they are removed from the sample for the weeks

following death.

The Price Variable

Price is measured as the per-visit running average out-of-pocket expense; throughout

the episode Pm,t =
∑
OOPt∑
Mt

. This means average expenses in, for instance, week 4 are

a�ected by previous weeks' prices and quantities. Another potential measure of price

is the weekly per-visit average out-of-pocket expense, rather than the running average.

The running average measure of price was motivated by the analysis below, largely since

it is close to the cost measure of interest in the theoretical decision tree. However, for

robustness the model was tested using the alternative price measure and the results were

unaltered.

Determining the appropriate price is di�cult since individuals are both forward look-

ing and often billed ex post for treatment. Even when they are not billed ex post they

are generally concerned with the total expense of their treatment over an episode, and

not just the immediate choice. Furthermore, insurance often includes out-of-pocket max-

imums and deductibles. If an individual is near his deductible, his average out-of-pocket

cost will not equal the marginal cost of care since he accounts for the impact of the

deductible on future consumption.

When present, deductibles create a non-linear price schedule in which price is a func-

tion of quantity. Hence, out-of-pocket prices are endogenous to the choice to consume

care, and using purely retrospective or average prices for a period can lead to biased

results. For instance, Keeler, Newhouse, and Phelps (1977) consider the consumption

of health care for individuals nearing their insurance deductible within a period. When

uncertainty over health status is introduced into their model the deductibles induce non-

linear price schedules over the entire illness episode.

For these reasons, Ellis (1986) argues that expected end-of-year or end-of-episode

prices are the theoretically appropriate price measure. Following Ellis (1986), studies

might weigh treatment options over the telephone. In this case, the dependent variables as coded will
underestimate the quantity consumers actually demanded.
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often proxy expected end-of-period prices in their estimation using a two-stage model

treating average out-of-pocket costs as endogenous and instrumenting the expected out-

of-pocket cost using insurance coverage. Insurance coverage is viewed as the option

to access a particular non-linear price schedule for medical care. This paper follows

previous research and uses insurance coverage as instruments. When accounting for

non-linear price schedules, on a week-to-week basis the predicted change in average cost

should approximate the per-unit marginal cost of additional medical care consumed at

the decision node.

Admittedly, in the long-run individuals who expect to consume more care are thus

more likely to fully insure27. In lifetime steady state, then, the insurance choice is also

endogenous to the consumption choice. However, if coverage is �xed in the short run,

which is supported by the data, then the quantity e�ect of insurance is negligible over the

adjustment period. Consumers are not capable of switching contacts to re�ect increased

illness episode care. Hence, using insurance coverage in the short-run as an instrument

is valuable since it is di�cult to imagine ways that coverage, essentially the option to

purchase care at a set price, would a�ect the choice to consume in ways other than

through the price itself. The empirical strength of insurance status as an instrument is

supported by the data; this addressed later in the results section.

Measuring Health Status

Since a direct event level measure of health status is not available, weekly health status

is constructed using weekly ICD-9 diagnosis codes and the individual's annual health

score provided by MEPS. The annual health score ranges on [0, 100] and is computed

by MEPS taking many facets of the individual's health into account28. ICD-9 codes are

available for each medical event, however, which does reveal signi�cant information about

the individual's health status at each point in time. The challenge is to convert weekly

ICD-9 codes into a uniform, comparable measure of health status29. The method used

to construct the variable is as follows.

All ICD-9 primary codes diagnosed for an individual within the year were examined

to obtain the 40 most common codes in the data30, excluding uninformative codes such

27This is essentially adverse selection in health insurance markets, and the literature exploring its
existence is large. See Rothschild and Stiglitz (1976) for an early theoretical treatment.

28e.g. ADL �ags, medical events and conditions, and demographics.
29This author recognizes that such a constructed measure of health status is less than ideal. However,

the intent of the measure is to have a consistent update of health stock throughout the episode. The
ICD-9 diagnoses do hold consistent information on heterogeneous in�ictions. Any consistent, order-
preserving mapping of these codes to a health level will maintain all of the needed information contained
in the code.

30Forty codes is not an immediately intuitive cuto�. It was chosen examining frequency of codes across
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as �unde�ned illness.� These 40 codes, which account for more than 53% of events in the

sample, were converted into indicator variables: 1 if the individual was diagnosed, 0 oth-

erwise. Annual health scores were then regressed on the yearly ICD-9 indicator variables;

insigni�cant codes were thrown out sequentially until remaining ICD-9 codes were either

indicators of heart disease and/or signi�cant at the 10% level using heteroscedasticity

robust standard errors. There were 22 codes in the �nal annual health score regression;

the results of this regression appear in Appendix B. Variation in these 22 codes explained

10% of the variation in the annual health score.

Next, ICD-9 indicators were created at the week level using ICD-9 diagnosis for each

individual in each week. The coe�cients of the annual health score regression were then

used to predict week-level health scores based on these week-level ICD-9 data. This

health score is the model's measure of week-to-week evolving health status.

Since �health status� depends on new ICD-9 codes to change each week, individuals

not consuming care are assigned the previous week's health status. That is, health status

is only updated when new information is available. This is arguably consistent with real

life, where individuals do not fully know their own health status until examined by a

doctor. However, it also may introduce a positive update bias in the regression models.

Figure 5

Figure 5 above shows the evolution of sample mean health stock over the episode.

medical events. Hundreds of ICD-9 codes appear in the data, but most have extremely low frequency
(e.g. less than .1% of events). Being very generous with an initial de�nition high frequency (at least
1% of the events must have recorded the code), just over forty codes appeared most often, and when
uninformative codes such as �unde�ned illness� were ignored only forty codes remained.
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Remarkably, it should be noted that the health stock measure appears theoretically

consistent with the notion of convergence to long-run health H∗ by the end of the episode.

However, the (in)variation of the constructed variable should be noted.

Table 1 provides descriptive statistics for the sample as well as weekly summaries

of average out-of-pocket expenditures, running average out-of-pocket price, and health

status. Refer to Table 1. Prices are relatively stable throughout the period but fall

as the episode progresses. This likely re�ects individuals reaching their out-of-pocket

maximums as a result of insurance coverage. It should also be noted that mean health

status grows over the episode, as a result of investment in health, but not over a wide

range of values. This is likely due to the constructed nature of the variable, since the

ICD-9 codes used only explain 10% of the variation in long-run health levels.

The cumulative mean number of ICD-9 codes diagnosed increases over the course

of the episode. This is consistent with the hypothesis that medical care has random

e�ectiveness and that additional shocks to health might occur during the adjustment to

long-run steady state, since both sources of uncertainty require new ICD-9 diagnoses.

Mean education is just below high school graduate. Fewer men are in the sample than

women. 52% of the sample is covered by private insurance, 53% by Medicare, 20% by

Medicaid, and 8% are uninsured. Whites represent 77% of the sample. The mean annual

income is $23,545 but the standard error is quite large. Mean age is 62 and age ranges

from 18 to 85 in the sample. A summary of the dependent variable is left for the results

tables for ease of reference to the marginal probability estimates.
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Linear Probability Model for each 4t

Two models are run to assess the probability of consuming medical care on a week-

to-week basis: three-stage least squares (3SLS) and dynamic three-stage least squares

(D3SLS). The empirically observed �price� is potentially endogenous to the choice to

consume, so a two-stage estimation is appropriate to control for the simultaneous choice.

The 3SLS estimator uses the �rst stage's predicted price in a second stage linear proba-

bility model of the weekly consumption of medical care. The three stage estimator was

used, despite only have two stages, to ensure the e�ciency of the standard errors. The

3SLS estimator allows correlation in residuals and as well as in the standard errors of the

the same covariates across regression stages.

The dynamic model, hereafter D3SLS, was chosen to capture the potential theoreti-

cally relevant dynamic adjustment of demand. The D3SLS regressions are the same as

the 3SLS model, only a lagged dependent variable enters as an additional covariate. The

D3SLS model also helps control for potential omitted variables e�ecting the consumer's

decision via the inclusion of lagged consumption, this helps stabilize the linear probability

predictions giving the model a better overall �t31.

Typical demographics (race, age, marital status, education, etc.) are used as controls

in each stage. Income is not used in the �nal speci�cation because the only data available

is annual income, this made it insigni�cant both statistically and economically throughout

the regressions. Income was found to be correlated with insurance, in which case one

may argue the use of insurance indicators to predict price will account for the income

e�ect in the non-linear price schedule.

For comparison to traditional large time step studies, an annualized model of health

care demand is estimated using 3SLS for the same sample's individuals over a pooled

two-year period32. The annual model di�ers from the weekly regression only in that

consumption is allowed to be continuous. This is done because zero-in�ation was not an

issue over the two year time span, rendering the linear probability models inapplicable.

31Special care must be taken in estimating models with lagged dependent variables. Potential issues
are dependence of the regression error across periods and correlation of other covariates with the lagged
variable. Short of complicating the econometrics of the paper considerably, these must be assumed minor
issues. The 3SLS estimator may control for correlation between the lagged variable and other covariates,
especially between stages of the regression model. However, it must still be assumed that the residuals
are not correlated with the lagged dependent variables. This is likely an erroneous assumption, but it is
made for ease of estimating the models.

32The annual sample is all medical care visits of the individuals' two year MEPS sample window. The
two years were pooled to account for the fact that some illness episodes spanned two di�erent years.
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For the same reasons, a 3SLS model is used to estimate demand during the week imme-

diately following the health shock (week 0). By sample construction, every individual

consumed in the �rst week and the binary model was inappropriate.

Formally, the �rst stage for the tth period price is:

3SLS Stage 1: P̂m,t = E[Pm,t|Hi,t, Xi,t, Ii,t] = β0 + β1Hi,t + β2Xi,t + β3Ii,t + εi,t

D3SLS Stage 1: P̂m,t = E[Pm,t|Hi,t, Xi,t, Ii,t] = β0 + β1Hi,t + β2Xi,t + β3Ii,t + β4Yi,t−1 + εi,t
(7)

where E[·] denotes the expectation, Pm,t is the per-visit average out-of-pocket costs up
to and including period t, Ii,t is the instrument vector of insurance status indicators

(Medicare, Medicaid, and Private Insurance), Ht is the health stock measure, Xi,t is a

vector of demographic controls, and εi,t is an error term. P̂m,t is predicted and included

in a second stage to estimate the probability of medical care consumption in period t.

The second stage is assumed to be a function of expected marginal cost, health status,

and demographics. Formally, the second stage is:

3SLS Stage 2: Prob[Yi,t|Hi,t, Xi,t] = β0 + β1Hi,t + β2Xi,t + β3P̂m,t + µi,t

D3SLS Stage 2: Prob[Yi,t|Hi,t, Xi,t] = β0 + β1Hi,t + β2Xi,t + β3P̂m,t + β4Yi,t−1 + µi,t
(8)

where µi,t is an error term and the other regressors are de�ned as in stage 1. It is

expected that invariance in the demographics reduces their added value in the regressions.

However, they provide a nice benchmark against previous research as well as stabilize

the regressions, and are thus kept for the analysis.

For the week level models other speci�cations, including �xed e�ects, were tried and

rejected for two reasons. First, the theoretical model speculates that the coe�cients are

time dependent. Models that violated the time dependence of the β coe�cients were not

used in �nal analysis. In the case of �xed e�ects, if the βs are not time independent then

the estimates will be an oddly weighted combination of the true βt's that is much larger

than a consistent estimate of βt.

The results of the �xed e�ects models indeed showed large coe�cients, ten times the

size of the regular 3SLS models. These appear in the results appendix. The elasticities

predicted using the �xed e�ects speci�cation were too large to be believable given previous

literature, and in many cases had positive signs.

Second, an F test of the null hypothesis that all the �xed e�ects are jointly zero

(vi = 0 ∀i) was run and the null could not be rejected in all but one weekly model (p
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values very close to 1 throughout the episode). The same F test was run on the pooled

episode observations to see if the two period comparisons biased the results. Again, the

p value of the F test was near 1 and the null could not be rejected.

For robustness, both the 3SLS and D3SLS speci�cations were tested on a sample in

which the dependent variable was subject to an expenditure threshold. Positive consump-

tion was recoded as zero if the total expense of the medical care (not just the out-of-pocket

cost) was below the week's sample median. This was done primarily to avoid potential

�false positives� for consumption that were, in reality, only trivial checkup visits. The

threshold also may help control for spurious correlation between the dependent variable

and the health status measure, as the health measure is updated only when the individ-

ual consumes care. Since nearly 50% of those with updated health have their dependent

variable recoded as zero due to low total expenditure, the update bias is lessened or

removed.

V. Results and Discussion

To provide context for the week-level models in reference to normal methods, Table

2 provides 3SLS results of the models at the annual level as well as for the �rst week

of the illness episode (week 0). The results of Table 2 are the consumer's long-run

estimates of demand. That is, demand over large time steps. Refer to Table 2. Note

that price is negative and statistically signi�cant in both regressions. Health status is

negative and signi�cant as well. This is in line with previous research that health and

medical care consumption are negatively correlated. Many of the demographic variables

are insigni�cant in the second stage of both models. As will be seen, the same trend

holds for the weekly regressions.

Education is positive and signi�cant in both models. A possible explanation is that

more educated individuals are more e�cient consumers of medical care. The sign and

signi�cance is in accord with previous research. The coe�cient on price is extremely

small relative to the magnitude of the average expenditures. The mean predicted price

elasticities a�rm this result. For the annualized model, the mean elasticity is -0.52. For

the �rst week of the episode it is -0.14. Previous elasticity estimates are often in the

range of -0.2, implying this sample is not unusual from those previously studied.

F-statistics assessed the joint signi�cance of the instruments. Each was well over 10,

implying that the instruments are both relevant and strong. It should be noted that the

F-statistics are much larger during the illness episode compared to the annual model.

This supports the hypothesis that the potential endogeneity of insurance coverage is not

an issue during the short-run adjustment problem.
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Weekly Regressions

Table 3 provides the results of the episode's week-to-week 3SLS linear probability

regressions both for the full sample and for the expenditure threshold sample. Demo-

graphics and the coe�cients from the �rst stage for each model are not reported, inter-

ested readers will �nd full results in Appendix C. Before beginning a general discussion

of the results, exceptional model �t throughout the regressions should be noted. Model

chi-squared statistics are universally signi�cant, most at the 1% level.

Unfortunately, R2 measures are inappropriate for two-stage models and there is no

immediate indication of how much of the variation in probability is explained by raw
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variation in the covariates. A measure of explained variation is useful since the main

independent variables, health stock and marginal price, are essentially the same as the

structural parameters of the theoretical model. To obtain an alternative indication of

the theoretical model's potential structural �t, one may consider the variation in the

dependent variable explained by predicted marginal price and the remaining covariates.

In this case, the R2 values of the second stage regression is remarkably high for panel

data models, often ranging between 23% and 50%. Though not a perfect measure, it

does evidence the strength of the model's underlying intuition.

A brief discussion of the validity of the instruments at the weekly level is warranted.

The appendix lists the results of the �rst stage regression in detail. The instruments33

(Medicare, Medicaid, and Private Insurance coverage) in all weeks showed remarkable

strength and were both economically and statistically signi�cant in every model. Chi-

squared tests, rather than F tests due to the three stage model estimator, were run to

test the null hypothesis that the insurance instruments were jointly zero at each stage of

the illness episode. In all weeks the equivalent F statistic was greater than 10, implying

the null hypothesis that the instruments were jointly weak may be rejected. The week-

to-week variation in insurance coverage is small, implying people are not adjusting their

coverage during the episode. Together these �ndings evidence the relevance and validity

of the instruments chosen for the 3SLS models.

Refer to Table 3. The coe�cients of expected out-of-pocket marginal cost are sig-

ni�cant and properly signed in all weekly full-sample models. Note that soon after the

episode's start, the marginal e�ect of price quickly exhibits stability as the episode pro-

gresses. That is, the change or acceleration of the marginal probability of price goes

to zero soon after the health shock. This may describe rapid adjustment into an �ill-

ness episode demand.� If so, it directly evidences the theoretical prediction that the

consumer's investment function during his adjustment path di�ers from time-aggregated

analysis of health care demand.

It is also possible that the in-variation instead is a signal of new long-run stability. If

so, it is surprising from a theoretical standpoint since the decision tree theory of short-run

adjustment predicts that the underlying dynamics of demand will change throughout the

episode and only later settle at long-run levels.

In support of the former interpretation, though not apparent from Table 3, there is a

slight growing and settling trend in price e�ects beyond the signi�cant digits presented.

33Note that the indicator for other public insurance had to be dropped from the weekly regressions due
to weakness. It was strong in the annual regression, however, and is kept for that reason. For robustness
it should be noted that the results are not e�ected by the inclusion/exclusion of this indicator.
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Accounting for these changes, the absolute e�ect of price on the probability of consuming

in any given week grows by over 60% from the episode's start to end. The absolute e�ect

of price is more clearly described by weekly price elasticities, which are discussed later.

The threshold sample results in Table 3 reveal that the price coe�cients are robust

to the choice of sample. In most weeks, the threshold price coe�cients have similar sign,

magnitude, and signi�cance as the full-sample estimates. Toward the end of the episode,

however, this absolute similarity disappears. For instance, in week 12 the threshold

coe�cient is one third the size of the full sample's prediction. This likely is due to the

de�nition of individuals �consuming� care in the threshold sample, i.e. no trivial visits,

toward the end of the episode. For example, an individual without insurance might be

more sensitive to marginal price as the cumulative cost of the episode rises, and this

individual's consumption is more likely to pass the threshold test because of his price

schedule.

Before addressing the health stock coe�cients it is useful to apply the price marginal

probabilities to make their interpretation concrete. For instance, in the episode's sec-

ond week 52.4% of the sample, or 944 individuals, reassessed their health stock, the

e�ectiveness and prices of their medicare treatment, and adjusted health care demand

accordingly. By Table 3, a 1% increase in price would reduce the probability of consum-

ing by 0.2%. Hence, if out-of-pocket costs hypothetically increased by 1% we expect only

.998 ∗ .524 ∗ 1803 = 942.88 individuals to consume, meaning that on average one or two

people who would have changed their demand will not. In week 8, 34% of the sample,

or 613 people, consumed care. A 1% increase in expected out-of-pocket cost decreases

the probability of consuming by 0.3%. If prices hypothetically rose by 1% we would only

expect .997∗ .34∗1803 = 611.18 people to consume, meaning once again only two people

do not invest in health where they otherwise would have.

These results describe an extreme but entirely realistic insensitivity to price during a

severe illness episode. Consider our introductory example of the hypothetical consumer

after his heart attack. Suppose his marginal price of consumption in week 8 is only $30

because he is near his insurance deductible. Increasing his expected marginal price to

$30.30 is economically negligible, so it is reasonable that he only reduces his consumption

by 0.2%.
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A discussion of expectations for the health stock measure is warranted before present-

ing the 3SLS models in Table 3. The theoretical decision rule over health stock predicts

that as the marginal bene�t of consuming care increases, so too should the probability

of consuming care. The theoretical model implies two important scenarios to consider

for the sign of health stock in the regressions. First is a positive sign on health stock

resulting from actual bene�ts of care. The results do not align with this theory, and
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would do so only if the health stock measure re�ected the bene�ts of medical care and

not the state of current health. This expectation relies on an instantaneous impact of

medical care at the time of the medical event.

A second potential outcome is a negative sign on health stock explained by the indi-

vidual's current health. If individuals are capable of perceiving their own health status,

then the ICD-9 codes revealed at the medical care event signal health status already

known to the individual. If this is so, then one would expect poor health status to induce

a medical care event since that is when the marginal bene�t of care is highest. This

interpretation aligns with the results in all model speci�cations.

Refer once again to Table 3. Note that the health status measure �ts well with

theoretical expectations as well as past empirical observation. The marginal probabilities

are negative and statistically signi�cant in almost every week. Empirically, this aligns

with previous research �ndings that health and medical care demand are negatively

correlated.

Recall, however, that there is potential for positively signed update bias in the con-

struction of the health stock measure. The threshold sample controls for update bias in

the health measure and maintains the signi�cance and negative sign of health stock. This

evidences the hypothesis that consumers, with their physician, are capable of perceiving

the expected marginal bene�t of medical care in any given week. From the decision tree

theory, then, the marginal bene�t of consuming medical care is greater when an individ-

ual is less healthy. Consumers with lower health stock foresee the bene�ts of medical care

outweighing the marginal cost of the investment, so they are more likely to consume.

It should be noted that the coe�cients exhibit a pattern of periodic growth and

decay over the course of the episode. As Figure 5 revealed, this pattern is not part of

the underlying data at its mean. Hence, the statistically signi�cant periodic result must

be somehow driven by the typical consumer's dynamic choices to assess and update his

demand. One direct explanation is that the model is observing the consumer's response

to underlying uncertainty of health stock and the random e�ectiveness of medical care.

As in the case of prices, the results seem more reasonable when applied to the sample's

probabilities. In week 8, 34% of the sample, or 613 people, consumed care and the

marginal e�ect of health status was -0.017. Consider �rst the e�ect of a hypothetical

random shock. If consumers' collective health stock fell randomly by 1% between weeks

7 and 8, then it is expected that on average 10 or 11 more people (.017*.34*1803) would

have consumed care. Suppose next that a newly available medication prescribed in week

7 increases the marginal product of treatment by 10%. Then, on average, 105 people in

the sample would assess their improved health stock and adjust demand to not consume
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care in week 8.

The absolute magnitude of the health coe�cient is larger than the price e�ect. This

implies that individuals are more concerned with improving their health stock than with

the marginal price of the investment after a severe health shock. This makes intuitive

sense if consumers are extremely risk averse, since convergence to lifetime utility maxi-

mizing steady state depends on increasing their current health.

It is also possible that the length of the adjustment episode itself imposes cost (e.g.

Wagsta�, 1986). In this case, the marginal price estimate may not capture the full

marginal cost of current care since consuming today saves money in the future. Without

holding this full marginal cost constant in the regression, the e�ect may instead be cap-

tured by the health status measure. The potential for this bias cannot be ignored, though

the dynamic model (D3SLS) in Table 4 should account for the potentially unobserved

cost of time.

Table 4 provides results of the D3SLS model. The results are very similar to those of

Table 3; the overall trends in price and the �ndings regarding health stock are repeated34.

Refer to Table 4. Remarkably, the magnitudes of the price coe�cients are insensitive to

the introduction of lagged consumption. The most notable di�erence is found in the

e�ciency of the estimates; fewer price coe�cients are statistically signi�cant compared

to Table 3.

Health status falls in absolute magnitude in both samples in Table 4, but the direc-

tional impact from Table 3 remains the same. One explanation is that lagged consump-

tion captures much of the consumer's dynamic trade o�s over the course of the episode.

This includes the time cost of the adjustment period, as well as money saved in the future

due to health investment in the present. As hypothesized in the discussion of Table 3, it

is possible that the size of the health e�ect was due to the insu�ciency of the marginal

price estimate. With these �hidden� costs held constant through lagged consumption,

health status looses absolute magnitude as expected.

34It is interesting to consider the consumer's expected long-run behavior based only on his short-
run data. If the D3SLS model is viewed as a Koyck lag model, then in �equilibrium� the dynamics
fade, hence Yt = Yt−1 and consumption Yt = β0 + β1Hi,t + β2Xi,t + β3P̂m,t + β4Yi,t−1 + µi,t becomes

(1− β4)Yt = β0 + β1Hi,t + β2Xi,t + β3P̂m,t + µi,t. Thus, multiplying the coe�cients by 1
1−β4

yields the

long-run parameter. From Table 4, in weeks 11 and 12 1
1−β4

≈ 1.56. It should be noted that weighting
the week elasticities by 1.56 gives an estimate closer, but still below, the estimate based on the annual
model (.25 vs .31).
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Lagged consumption is highly signi�cant and positively signed throughout the mod-

els35. An immediate explanation is that individuals consuming care in any given week

have lower health stock, on average, than those not consuming care. Since the marginal

product of the care is random, the probability that their stock remains lower might be

35With the exception of the �rst week of the full sample. This is because lagged consumption has
no e�ect in the regression since everyone consumed during the �rst week. The threshold sample allows
inexpensive initial weeks to be coded as 0, so the measure has meaning in that model.
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high. One might also expect a negative sign on the dynamic variable, since that would

re�ect the durability of health investments in the previous week. Medical care consumed

today means less medical care is needed in the future. It is likely that these two direc-

tional e�ects, the illness e�ect (+) and the durability of health investment (-), compete

in the regression. The results cannot de-tangle the magnitudes of each. However, Table 4

does show that the illness e�ect clearly overwhelms any negative pressure future savings

might put on the coe�cient.

The dominance of the illness e�ect is even clearer when false-positives are controlled

for in the sample. In the threshold regressions, lagged consumption is large, positive, and

statistically signi�cant in all weeks. For a consumer in any given period it implies that

non-trivial consumption last week increases the likelihood of non-trivial consumption this

week. Unobserved variables, which are partially captured by lagged consumption, may

also be driving this result. In this case one need only view the results of Table 4 as more

robust variations of Table 3.

Elasticities

It is interesting to consider the price and health elasticities of demand throughout

the episode. Figure 6 graphs the mean predicted price elasticity over the course of the

episode for each model speci�cation and sample. The mean of the inter-80% range was

used to avoid the e�ect of outliers caused by the linear probability model36.

The price elasticities appear relatively stable, but an overall increasing trend is clear.

Interestingly, they also exhibit the same periodic growth and decay observed in the

health status variable results from Table 3 and Table 4. Compared to his long-run

price elasticities37, the average consumer is less sensitive to price immediately following

the severe health shock. The annual model predicts the mean price elasticity is .31; the

weekly models show values from .9 to .16 (both are mean within 80% range of predictions).

This sensitivity grows over the course of the episode, increasing by over 60%. It is not

clear, though, whether it eventually settles near long-run levels. The short-run inelastic

di�erence is likely due to the unavailability of substitutes for particular medical care

inputs, or for medical care itself, compared to long-run options.

The long-run elasticities �t with the �ndings of previous literature based on annual

medical care demand, for example the RAND Health Insurance Experiment38. The fact

that elasticities during the illness episode are substantially di�erent from their long-run

36This range was chosen because it was the largest range over which the mean appeared stable.
37To be clear, long-run here refers to estimates from the annual regressions, which are assumed to

re�ect long-run steady state.
38The RHIE found price elasticities around -0.2.
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counterpart clearly evidences the importance of studying demand along the short-run

adjustment path. The trend and general size of the predicted elasticity is invariant to

the model speci�cation, 3SLS versus D3SLS, but is slightly larger in absolute magnitude

for the threshold sample. This evidences the notion that consumers with less insurance

coverage, and thus a higher price schedule, are more price sensitive. The implications of

this are discussed shortly.

Though the picture is convincing, t-tests on the di�erence between the mean weekly

estimate and the mean long-run estimate were run to formally test the results. In each

week, all estimates were signi�cantly di�erent from the long-run mean at either the 99%

or 95% level. The statistically signi�cant di�erence is particularly pronounced for the

non-threshold sample. The t-test results a�rm the insights of Figure 6.

Figure 6

The demand curve's implied elasticity of latent health stock is also of interest. It

should be noted that, to the knowledge of this author, no previous estimate exists of

health stock elasticity of medical care demand. Refer to Figure 7. The responsiveness of

demand to underlying changes in health is much larger than the price elasticity. Indeed, it

is almost universally greater than one. This implies that, unlike price, demand is elastic

to expected changes in health stock, such as shocks to health or increased marginal

product of medical care.

There are two ways to interpret the elasticity. The �rst is as a predictor of expected

marginal product of care. In this case, an increased marginal product of medical care
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means that consumers are able to decrease demand by more than their expected increase

in health. The second and more important interpretation is that health stock is a latent

variable. In this context, a negative elasticity (absolute elasticities are shown in the

table) implies that consumer are willing to increase demand to maintain health stock after

observing a decrease in their health. This is perhaps a more reasonable interpretation

given the dynamic updating prediction of this study's theory section.

The overall trend of the elasticities over time is also striking. Soon after the health

shock the health elasticities are smaller in absolute magnitude but begin to grow over

time. The upward trend is more pronounced in the expenditure threshold sample pre-

dictions, as is a periodic behavior similar to that found in the price elasticities. The

extreme di�erence between short and long-run health stock elasticities should also be

noted. Steady state elasticity is less than 1. As with price, weekly t-tests con�rm that

the health elasticity during the illness episode is signi�cantly di�erent from the long-run

steady state measure.

Figure 7

Discussion

The results of Tables 3 and 4, as well as the elasticities predicted by the models,

support the notion that consumers demand medical care dynamically during an illness

episode in ways that di�er from their long-run steady state demand. The robustness of
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the results evidences the intuition of the theoretical model. However, the results also

have powerful implications for the consumer's welfare. It is worthwhile to consider these

implications before concluding the paper

First, and perhaps trivially, price sensitivity in the short and long-run have direct

implications for e�ciency. The results show that the timing of a price change may be

of equal importance to the size of the price change for an individual during the illness

episode. Consumers in the middle of adjustment after a shock are a�ected far more by

price than consumers in steady state. This has direct implications for policy, since any

change in price schedule, for instance through Medicare, will e�ect welfare in ways that

cannot be fully captured by long-run estimates of medical care demand39.

Secondly, and more importantly, the dynamics of demand over the adjustment path

can explain propensity to adopt new medical technology. During a catastrophic illness

episode, it is likely that the consumer's fear of death or disability might more strongly

in�uence demand decisions than when the individual does not face impending doom. In

such a situation, the use of sophisticated medical care is widely regarded as the primary

source of price increases. The results of this study reveal that the incentives to utilize

expensive technological care di�er in the short-run versus the individual's long-run steady

state.

Risk averse patients desire the care, and pro�t maximizing doctors and hospitals are

only capable of incorporating more sophisticated treatments if the demand curve can

absorb the increase in price. However, because demand elasticities are steeper after a

health shock, the ability of the average consumer to absorb increased prices is understated

by his long-run elasticity. Hence, when medical care suppliers exploit this inelasticity,

or alternatively if they are completely benevolent and give in to the pressures of their

patients, then this study's short-run elasticity results help explain the rapid adoption of

medical technology and the price increases that accompany it.

To make this concrete, consider once again our hypothetical heart attack patient

when faced with a simultaneous drop in health and increase in price. Suppose that

during week 6 of the adjustment episode his health stock falls by 1%, perhaps due to

ine�ective treatment. In week 7, he and his physician assess this change and devise a

new set of treatments to update his health investment portfolio. Holding the marginal

cost of the portfolio �xed, the results show he is willing to increase demand by 2% to

account for his lower health state.

Suppose that at the same time the doctor o�ers an expensive new medication that

39However, prices are likely stable throughout a short illness episode, so such e�ciency concerns may
be unwarranted.
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may better meet the consumer's needs. Since the patient is price inelastic in week 7,

a 1% increase in price only decreases demand by .1%. Therefore, the cost of the new

medication must increase the marginal price of the health investment portfolio by more

than 20%40 before the patient is unwilling to make the investment and use the medication.

For comparison, if long-run estimates of the same parameters were used, a 1% in-

crease in cost decreases quantity demanded by .3% and a 1% decrease in health increases

quantity demanded by .75%. Thus, the cost of the new medication need only increase

marginal price by 2.5% before the consumer will not accept the new treatment. Clearly,

in ignoring these short-run dynamics past empirical explanations of rising costs must be

questioned.

The results �nally have implications for expenditure risk and insurance. Feldstein

(1973) argues that the adoption of sophisticated standards of care increases the price

of care for everyone. As prices rise, individuals are enticed to more fully insure against

increased expenditure risk. Yet, as consumers are more fully insured, the cost of utilizing

sophisticated care is lowered and hence consumers are more likely to consume. The cycle

then repeats. Feldstein �nds that welfare lost to increased prices in the cycle more than

outweighs the welfare gained by reduced risk. Hence, the market settles at an over-insured

equilibrium4142.

Explaining the rapid acceleration of health care costs and adoption of expensive medi-

cal technology is key to understanding these dynamics. In general, studies �nding welfare

loss and non-optimality in equilibrium are sensitive to two underlying parameters: price

responsiveness of demand and risk aversion of consumers43. Yet, in each case the param-

40i.e. where quantity demanded increased due to health equals quantity demanded decreased due to
price.

41Feldman and Dowd (1991) use Rand Health Insurance Experiment price elasticities and risk aversion
measures to �nd that the welfare loss may be even higher than Feldstein imagined.

42Other pertinent analysis of expenditure risk and insurance considers the choices made to hedge
against catastrophic illness episodes. Pauly (1974) opens the door for market failure in the case of
catastrophic care, largely due to prevailing imperfect information in health care markets. Besley (1989)
argues that optimal catastrophic insurance coverage does not exist without government intervention.
This is largely because public provision of catastrophic care insurance might reduce the ine�ciency
of provision by private �rms. Selden (1993) argues the reverse, noting that Besley's solved model is
unsustainable in equilibrium. Blomqvist and Johansson (1997) attempt to obtain more general results
insensitive to less restrictive assumptions about health and utility states like those made by Selden (1993).
In each case, the essential result remains clear: catastrophic illness episodes expose the consumer to
greater risk that might not be optimally insured away. Hence, the question of optimal protection against
expenditure risk caused by catastrophic illness is important to health economics because it directly
informs public policy over provision of of insurance and medical care.

43For instance, Feldstein (1973) and Feldman and Dowd (1991)'s �ndings are due to the empirically
observed high degree of risk aversion (Friedman 1974) that consumers exhibit when choosing insurance
against health shock and consequent expenditure risk. They are also caused by the degree of price
sensitivity, or lack thereof, of consumers when demand medical care (Feldstein, 1973) .
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eters used are estimated using steady state demand for medical care.

This study has shown that the consumer is less sensitive to price during the adjust-

ment, perhaps re�ecting some degree of necessity in the health investment. Given this,

long-run demand parameters will underestimate the welfare loss due to increased price

at lower insurance levels. Expenditure risk could easily be higher in the short-run due

to greater exposure of the individual's wealth to his uncertain underlying health stock.

The literature's common notions of over-insurance in health care markets, and attached

welfare implications, should be reconsidered in light of this potentially greater risk aver-

sion. From the results of this paper, the market's equilibrium may, in fact, allocate the

welfare maximizing level of insurance.

VI. Conclusion

In conclusion, this paper addressed a largely unanswered question in the literature:

How do consumers make sequential, dynamic choices to consume medical care during

episodes of acute or chronic illness. The question was motivated by the reality of human

health, that people rarely know they are sick until already in�icted. Answering this

question theoretically gave rise to a portfolio theory of health investment. It described

individual choices to assess and adjust health inputs over a �nite time period to achieve

a long-run targeted health level. The theory gave clear utility maximizing choice rules

for updating the consumer's demand for medical care after a health shock, as well as

a decision tree to describe these sequential choices individuals make during the illness

episode.

This, in turn, motivated a straightforward empirical exercise to test the model's

predictions. The empirical exercise con�rmed the model's intuition and compared the

�ndings to those based on previous long-run methods. Admittedly, the results fall short

of depicting convergence back to long-run steady state. However, the trend toward the

steady state is evident in the elasticity estimates. Inferences about underlying structural

parameters of the model also arose from the results, evidencing the theory's description of

short-run dynamic demand for medical care. Since the responses to severe random shocks

account for the majority of an individual's health expenses, knowing that those choices

are made dynamically has important implications for policy and consumer welfare.

The empirical results quantify those di�erences. Consumers are less price elastic and

more health elastic over their adjustment path. The theory and empirical predictions well

describe the incentives governing the rapid adoption of sophisticated medical technology,

the aggregate increase in cost that results, and the insurance levels consumers choose to

hedge against expenditure risk. At the very least, the implications warrant inclusion for

the short-run adjustment problem in future research.
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Appendix A: Health Capital Theory

Let the consumer holds preferences over health Ht and other consumption Ct. Health

also allows the individual to produce income, for example through healthy time in which

he can work. Future utility and income are discounted to present terms in the maximiza-

tion problem using rates β and r respectively. The consumer's lifetime utility maximiza-

tion problem is:

max
∑
t

βtU(Ct, Ht) (9)

s.t. Ht = (1− δ)Ht−1 + I(Mt) and Ct+PtMt = f(Ht) health and budget constraints.

I(·) is a continuous health investment function mapping an input Mt of medical care

(e.g. physician care, prescription drugs, diet, exercise, etc.) to health stock; I ′ > 0

and I ′′ < 0 to re�ect the increasing and complementary e�ects of medical care inputs

on health. Though a vector formulation of Mt is more realistic, assume Mt ∈ R for

simplicity. Note that the evolution of health stock is also continuous. Pt is the price

of medical care. Income is given by f(Ht) to re�ect the dependence of income �ow on

health stock (e.g. f(Ht) = yt+ψ(Ht) where yt is a basic level of income and ψ is income

tied to health, such as healthy time to work). Assume f(·) is continuous, with f ′ > 0

and f ′′ < 0.

De�ne the lifetime discount of future income as

dt ≡
t−1∏
j=0

(1 + r)−j. (10)

Note that Ht − (1 − δ)Ht−1 = I[Mt] =⇒ Mt = I−1[Ht − (1 − δ)Ht−1] ≡ G[Ht −
(1− δ)Ht−1] for some G ≡ I−1 since I(·) is continuous. Using these two relations we may

combine the budget and health constraints into a single lifetime constraint:

∑
t

dt(Ct + PtG[Ht − (1− δ)Ht−1]) =
∑
t

dtf(Ht). (11)

The consumer's lifetime utility maximizing problem becomes:

max
∑
t

βtU(Ct, Ht) (12)

s.t.
∑
t

dt(Ct + PtG[Ht − (1− δ)Ht−1]) =
∑
t

dtf(Ht).

In Lagrangian form, the problem is:
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L =
n∑
t=1

βtU(Ct, Ht) + λ

n∑
t=1

dt(f(Ht)− Ct − PtG[Ht − (1− δ)Ht−1]). (13)

Letting subscripts denote partial derivatives, the First Order Conditions for each

period t are:

βtUCt = λdt (14)

βtUHt + λdtf
′(Ht)− λdtPtG′(Ht) + λdt+1Pt+1(1− δ)G′(Ht+1) = 0. (15)

(14) establishes the inter-temporal association between utility from consumption and

its cost. For periods t and t+1 it states that
UCt

1+r
= βUCt+1 , or present utility discounted

at the cost of future consumption must equate to future utility discounted in utility terms.

(15) states that the utility of health stock and the income it generates is proportional to

the present net cost of the investment (cost in period t minus cost saved in period t+1).

Grouping (14) and (15) establishes the utility maximizing conditions for investment in

health stock:

βtUHt + βtUCtf
′(Ht)− βtUCtPtG

′(Ht) + βt+1UCt+1Pt+1(1− δ)G′(Ht+1) = 0. (16)

In (16), Mt enters implicitly as the means of investing in health. Individuals invest

in health until discounted marginal utility of health, as well as the additional consump-

tion the income from health allows, equates to the discounted marginal net cost of the

investment (discounted by consumption lost due to the marginal cost). Mt is consumed

in accordance to these conditions. The result is a lifetime steady state consumption path

for Mt and a lifetime optimal level of health stock H∗ that the individual wishes to

maintain.

An example of a stochastic bridge is the brownian bridge. A typical brownian bridge

is below.
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Appendix B: Data

This appendix discusses two variables of particular importance in the model: health

status and the construction of 4t. The time step 4t was pulled strait from the data

by examining the daily density of medical care events across the 13 week period. The

histogram in the text clearly showed that consumers on average consume in weekly time

steps.

It was noted, though, that there is evidence that the one week time step continues

past the 13 week period traditionally used in the analysis of heart conditions. The graph

below shows the same daily density of medical care events over the two years following

the start of the episode. Three things should be noted. First, not all individuals have

two years of data after the start of their episode, the amount of time they are sampled

depends on the timing of the episode within the MEPS sample window. Second, there

is a clear structural break in the distribution of medical care events just before day 100,

after which the weekly frequency is still apparent but much less so. This initial period is

captured in the 13 week sample used in this study.

Third, approximately the next 110 days follow the less pronounced weekly pattern,

it is possible that this is the continuation of the illness episode. If so, this may explain

why demand elasticities did not converge to long-run levels by the end of the 13 weeks.

An analysis of these later weeks was not conducted due to time constraints, the results

of such an analysis are unknown.

The construction of health status is crucial to the results of this study. As described

in the text, yearly MEPS health scores, a [0,100] measure, were predicted using yearly
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ICD-9 codes. The 40 most common codes were converted to indicators to predict health

status in a OLS regression with robust standard errors. Insigni�cant codes were thrown

out sequentially until all 22 remaining codes were either statistically signi�cant at the

90% level and/or were codes for the heart conditions used to identify the sample. The

initial R2 values with 30-40 codes were around .12, the 22 remaining codes yielded an R2

of about .1. The regression output is below. These coe�cients were used with the week

level ICD-9 codes to predict weekly health status.
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Appendix C: Results

This appendix contains the full regression results for Table 3 and Table 4. A graph of

the distribution of the elasticity estimates and how they di�er from the long-run predic-

tion is then provided so the reader may visibly verify that the probability distributions

of the predictions are, indeed, di�erent. It also presents the results of the initial �xed

e�ects regressions as discussed in the text.
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Table A2: Two-Stage (OLS) Marginal Probabilities of Consuming Medical Care 
 No Fixed Effects 1

st
 Differences Fixed Effects 

Average 

Price 
a
 

Health 

Status
 b
 

Const. 
Model 

Statistics 

Average 

Price 

Health 

Status 
Const. 

Model 

Statistics 

Week 2 
-0.027*** 

(0.005) 

0.077*** 

(0.021) 

-1.671** 

(0.771) 

N 1803 

Pr[F] 0.00 

0.199 

(0.189) 

-0.346 

(0.358) 

8.249 

(8.872) 

N 3606 

Pr[χ
2
] 0.00 

Week 3 
-0.038*** 

(0.008) 

0.092*** 

(0.026) 

-2.089** 

(0.882) 

N 1803 

Pr[F] 0.00 

-0.186*** 

(0.060) 

-0.073 

(0.108) 

8.281* 

(4.865) 

N 3606 

Pr[χ
2
] 0.00 

Week 4 
-0.036*** 

(0.007) 

0.087*** 

(0.020) 

-1.983*** 

(0.725) 

N 1803 

Pr[F] 0.00 

-0.204*** 

(0.053) 

-0.001 

(0.047) 

5.710** 

(2.355) 

N 3606 

Pr[χ
2
] 0.00 

Week 5 
-0.040*** 

(0.008) 

0.083*** 

(0.026) 

-1.828** 

(0.913) 

N 1803 

Pr[F] 0.00 

-0.589 

(0.572) 

0.058 

(0.272) 

12.679 

(16.093) 

N 3606 

Pr[χ
2
] 0.09 

Week 6 
-0.044*** 

(0.008) 

0.096*** 

(0.024) 

-2.279*** 

(0.865) 

N 1803 

Pr[F] 0.00 

-0.319** 

(0.129) 

-0.113 

(0.105) 

12.252** 

(6.152) 

N 3606 

Pr[χ
2
] 0.00 

Week 7 
-0.041*** 

(0.006) 

0.090*** 

(0.019) 

-2.117*** 

(0.686) 

N 1803 

Pr[F] 0.00 

-0.012 

(0.011) 

0.001 

(0.010) 

0.635 

(0.502) 

N 3606 

Pr[χ
2
] 0.00 

Week 8 
-0.050*** 

(0.009) 

0.105*** 

(0.021) 

-2.585*** 

(0.763) 

N 1803 

Pr[F] 0.00 

-0.438*** 

(0.107) 

-0.052 

(0.079) 

12.33*** 

(4.196) 

N 3606 

Pr[χ
2
] 0.00 

Week 9 
-0.052*** 

(0.011) 

0.122*** 

(0.026) 

-3.140*** 

(0.901) 

N 1803 

Pr[F] 0.00 

-0.699 

(0.608) 

0.069 

(0.184) 

13.470 

(13.256) 

N 3606 

Pr[χ
2
] 0.01 

Week 10 
-0.051*** 

(0.008) 

0.108*** 

(0.020) 

-2.691*** 

(0.729) 

N 1803 

Pr[F] 0.00 

-1.224 

(4.088) 

0.075 

(0.779) 

24.397 

(86.654) 

N 3606 

Pr[χ
2
] 0.76 

Week 11 
-0.051*** 

(0.008) 

0.095*** 

(0.024) 

-2.237*** 

(0.838) 

N 1803 

Pr[F] 0.00 

-0.445 

(0.304) 

-0.039 

(0.110) 

11.372 

(8.792) 

N 3606 

Pr[χ
2
] 0.00 

Week 12 
-0.053*** 

(0.008) 

0.071** 

(0.035) 

-1.292 

(1.320) 

N 1803 

Pr[F] 0.00 

-0.165* 

(0.099) 

0.100* 

(0.060) 

0.018 

(0.777) 

N 3606 

Pr[χ
2
] 0.00 

Week 13 
-0.053*** 

(0.010) 

0.075* 

(0.041) 

-1.441 

(1.458) 

N 1803 

Pr[F] 0.00 

-0.577*** 

(0.137) 

0.007 

(0.072) 

12.18*** 

(4.045) 

N 3606 

Pr[χ
2
] 0.00 

Sample is all inpatient, outpatient, office based, and ER medical visits in Panels 8-10 (2003-2006) of MEPS for 

individuals experiencing an illness episode (90 days) induced by heart attack or severe (e.g. ischemic) heart condition.    

St. Error in parenthesis; significance levels are *** p<0.01, **p<0.05, and *p<0.1. 
a
 Cumulative average out-of-pocket price is endogenous, instruments are insurance status indicators. 

 

b
 Health status is a continuous measure on [0,100] based on ICD-9 codes for conditions diagnosed at the medical event. 

It is derived by predicting the continuous annual health score supplied by MEPS using all annual ICD-9 codes, and then 

local week-level scores were computed using these coefficients and week-level ICD-9 diagnoses.
 

 


