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PREFACE

This report contains a statistical and economic analysis of data omn
the demand for medical care from the Rand Health Insurance Experiment
(HIE). The HIE, funded by a grant from the U.S. Department of Health
and Human Services, is a large-scale social experiment designed to
assess how varying patients' cost of health services affects their use
of services and their health status. The experimental design for

estimating the effects of financing on demand for health care is

 described in J. P. Newhouse, "A Design for a Health Insurance

Experiment," Inquiry, Vol. 11, March 1974, pp. 5-27. Other economics

papers include J. P. Newhouse et al., "Some Interim Results from a

. Controlled Trial in Health Insurance," New England Journal of Medicine,

i December 17, 1981, and Naihua Duan et al., A Comparison of Alternative

Models for the Demand for Medical Care, The Rand Corporation,

R~2754~HHS, January 1982. In addition, many Rand Papers describe the
measurement and analysis of health effects, details of the experimental
design, and data reliability issues.

This report presents methods and interim results for medical care
spending data organized by episodes, a powerful and fairly new approach
to the study of demand. It applies the theory presented in E. B.
Keeler, J. P. Newhouse, and C. E. Phelps, "Deductibles and the Demand
for Medical Services: The Theory of a Consumer Facing a Variable Price
Schedule Under Uncertainty," Econometrica, April 1977. The methods
should interest health economists and health services researchers, and
the results should be useful to persons involved in designing, choosing,

or evaluating health insurance schemes.






SUMMARY

Those designing or choosing health insurance schemes need to know
how cost-sharing by users affects the use of health services. Studies
of the effects of copayment that are based on nonexperimental data are
flawed because people in chronic or frequent poor health may choose
fuller coverage than most other people, and because of inevitable gaps
in such data. To overcome these data problems, The Rand Corporation has
been conducting a social experiment, the Health Insurance Experiment
(HIE). The HIE assigned families to 14 different insurance plans,
balancing the plan groups in terms of nonprice characteristics that
affect use. Much effort ﬁas gone into obtaining complete and accurate
data on the participants' use of health services.

The initial analysis of the experimental data estimated the effects
of plan on annual expenses. These estimates are unbiased and accurate,
and can be extrapolated to plans similar to the 14 tested. However,
annual estimates cannot readily be used to assess the effects of
insurance with a different scope of coverage, a different basis for
copayment, or a different deductible. To estimate the effects of such
insurance, we must know how decisions to buy medical services during the
year are actually made.

We show that such decisions can be analyzed in terms of episodes
that contain all the spending associated with a given bout of illness,
chronic condition, or well-care procedure. Since most participants have
several episodes of various types in a year, information at this level
may also increase precision, untangle competing effects, and generate
new ideas on how to use copayments to meet the goals of health insurance
more effectively.

To use the episodic approach, we developed procedures for grouping
expenses into episodes. Grouping was based on diagnosis, treatment
history (initial, repeat, or routine), referral and other linking
information (for drugs, tests, and supplies), and the amount of time
between possibly related claims. Episodes were categorized (hospital,

acute ambulatory, chronic, well, or dental care), and spending was
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summed and dated to the first time the patient could have anticipated
it.

The analytic methods and results presented here are a first attempt
to determine the effects of price on behavior. The results are based on
data from the first three years of the experiment in Dayton, Ohio. More
refined methods based on more data will be used in subsequent analyses
and reports.

The major finding is that although price affects the number of
episodes chosen by participants, it has little effect on the cost of
each episode. Several approaches were taken to detect differences in
the cost of episodes across plans, but the only differences found were
somewhat larger dental and chronic episodes on the full coverage plan.
Differing rates of episodes, then, explain almost all the differences in
spending between plans.

Episode rates differ most between full coverage and the other plans
as a group, with less difference between low and high levels of
coinsurance. Acute episode rates are more affected by price than are
the rates of dental, chronic, hospital, or well-care episodes. Health
status, age, sex, and MD visits in the year before the experiment are
the most important determinants of episode rates. Income, insurance
plan, and having a regular doctor and dentist are highly significant
statistically, but less powerful than the first group of variables. The
occurrence of dental and well-care episodes was strongly associated with
education and income, but not with health status. A negative binomial
model in which variables affect the rate of episodes multiplicatively
fit the data well. Family members tend to be more alike in usage than
the explanatory variables they share would predict.

There were small "sales," or surges of demand, for well care and
dental care on the full coverage plan at the beginning and end of the
three-year experimental period. Episode rates of those on the pay plans
who exceeded their maximum-dollar-expenditure limit (MDE) on out-of-
pocket spending during the year showed no immediate 'sale" surge, but
instead rose slowly toward free plan rates for acute care spending, and

more rapidly for chronic, well care, and dental care spending.
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Possible anticipation of exceeding the limit for families who were
close to it occurred too rarely to be important in the large deductible
plans. The $150 individual deductible effectively restrained demand for
ambulatory care, as most participants never spent more than $150 a year
on ambulatory care nor appeared to anticipate that they would.

People do not appear to change the timing of medical purchases to
reduce costs. They may find that it is too much trouble to keep track
of sale periods (when the price of care is temporarily low), or they may
not want to wait for relief.

The result that the cost of episodes is about the same on all plans
is unexpected and important, and it simplifies the task of simulating
and predicting medical expenses. If the episodes treated on the pay
plans are more severe than average, then the equality of cost reflects
some economizing beyond the decision to treat. If the treated episodes
are equally severe on all plans, then the approximate equality of cost
implies that insurance is not affecting the choice of doctor or the
quality of care provided by that doctor. The only question about the
effects of insurance on health status then becomes whether the higher
full coverage rate of episodes or the lower partial coverage rate is

better for health.
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Chapter 1

INTRODUCTION

The soaring costs of medical care have made health insurance more
necessary, but insurance is an important cause of these rising costs.
Cost-sharing in health insurance is often proposed as a way out of this
bind, but until recently there has been little quantitative evidence on
the effect of cost-sharing. Studies of the effects of cost-sharing
based on nonexperimental data are flawed because people in chronic or
frequent poor health may choose fuller coverage than most other people,
and because of inevitable gaps in such data. Using surveys has the
drawback that people may not know or may forget what they spent, while
insurance companies have little data on uncovered expenses. To overcome
these problems, the federal government sponsored a large-scale social
experiment, the Rand Health Insurance Experiment (HIE). The HIE is
intended to be a definitive study of the effects of alternative
financing arrangements on the use of services and on health status. It
assigned families to 14 different insurance plans, balancing the plans
in terms of preexperimental use and other characteristics known to
affect use. Much effort has gone into obtaining complete and accurate
data on the use of health services.

Data from the HIE are free from the inherent flaws of
nonexperimental data. The initial analysis of the HIE data yielded
estimates of plan-effects based on annual spending (Newhouse et al.,
1981). These estimates are unbiased, but they waste information by
aggregating across many decisions that participants make over the course
of the year. In this report we use episodes of spending to analyze the
experimental data. This is a powerful and fairly novel approach that
better reflects the actual decisions to spend money on medical care than
does analyzing annual expenses.

The methods and results presented here are preliminary. They are
based on three years of experience in Dayton, Ohio--only about 15
percent of the final fee-for-service experience in the HIE. More

refined methods based on more data will be used in subsequent analyses.



Still, the results are already interesting, and we hope that they will
stimulate work on the hypotheses they suggest, and on refinements of the
methods.

When people become sick, they must decide whether to get medical
care. They consider the severity of the illness, the perceived value of
treatment (this perception might be based on a phone call or previous
contact with a physician), and the out-of-pocket and time-costs of going
to a doctor. If the costs of treatment seem higher than the benefits,
sick people may decide to give time and home remedies a chance to work.
A recent survey of episodes of illness among government workers found
that in three-eighths of the episodes with disability days, no medical
contacts were made (Riedel et al., 1982). Spending on chronic, dental,
or well-care episodes of treatment may not be triggered by an acute
problem, but entails a similar decision. Once a patient has decided to
see a doctor, that doctor helps to decide how much to spend on care for
the duration of the episode. Thus, any episode of treatment contains
two decisions of interest: The first is whether to seek care at all;
the second, after conferring with the doctor, is to decide on the level
of treatment.

Although episodes clearly reflect behavior more closely than do
annual totals, expense data grouped into episodes have only rarely been
available (Kilpatrick, 1977; Stoddart and Barer, 1980; Lohr, Brook, and
Kaufman, 1980; Pederson and Christiansen, 1982). Hence, most previous
economic analyses of demand for health care have been performed on
annual expenses, which are aggregates of many such episodic decisions.
Because the HIE collected extensive information on all filed claims for
health spending, we were able to organize spending into episodes of the
different basic types: dental, hospital, and outpatient acute, chronic,
and well care. Consequently, we can study spending on each separately.

The rest of this chapter explains the potential advantages of such
episodic analysis and the rationale for economic episodes. Chapter 2
describes the data, and Chap. 3 describes the assumptions and procedures
used to group claims into episodes. Chapter 4 gives our analysis of the
effects of price and other covariates on the cost per episode, and the
number of episodes per year. Chapter 5 shows how occurrence rates
change over the year. Finally, Chap. 6 discusses the consequences of

these results for economic and health services research.



POTENTIAL ADVANTAGES OF EPISODIC ANALYSIS

Because all of the HIE experimental insurance plans have an annual
accounting period, it is natural to analyze the participants' expenses
on an annual basis. This analysis gives unbiased and reasonably precise
results about annual spending for each plan in the experiment.

We collect much more detailed information from the participants,
however. Indeed, we have reports for each claim they file. This
information, organized into coherent spending episodes, has three major

advantages over annual totals. Episodic analysis permits

o More precise estimates of demand,
o Better understanding of the effects of deductibles, and
o Estimation of transient spending changesifollowing a price

change.

PRECISION

Disaggregation into episodes increases the number of observations
to analyze, since participants average about four episodes per year.[1]
The price of care and other circumstances may change as decisions are
made through the year. The detailed study of individual line charges
(for specific services for which charges are filed) can be used to group
expenses into chronic, acute, and well categories. Since decisions
within categories may be made differently, separating them for analysis
may permit better modeling. Since the patient is the one who starts the
episode, the number of episodes may be more related to patient
characteristics than is total spending, which can be influenced by the
supplying physicians (Stoddart and Barer, 1980). In sum, the greater
number of episodes and the closer relationship between their generation
and behavioral circumstances should allow more precise estimates of

demand.

[1] However, because individual propensities to have episodes
persist over time (are correlated), there is less than four times as
much information in the episodic data as in annual totals.



THE EFFECTS OF DEDUCTIBLES

By studying episodes, we can improve our ability to model and
predict the effects of deductibles. A deductible is the amount a
policyholder must pay before insurance takes over; deductibles are
attractive to economists because they can preserve some consumer market
incentives at a low cost in risk. Arrow has shown that when the price
of care does not affect spending, the optimal insurance policy for risk-
averse consumers has no coinsurance after a deductible (Arrow, 1963,
1973). We have modified his argument for the case where demand is price-
elastic to compute illustrative optimal deductibles that balance the
value of risk-reduction with the inefficiencies resulting from lower
prices and administrative costs (Keeler, Newhouse, and Phelps, 1977).

The situations arising through the year are natural experiments for
different sized deductibles. To keep the number of different
experimental plans small, we limited the deductible plan types to one
individual deductible at $150 and three family deductibles at the
minimum of $§1,000 or 5, 10, and 15 percent of income.{2] During the
course of the year, individuals and families will find themselves with
different remaining amounts of deductible. By analyzing their behavior
at those points, we may be able to better extrapolate our results to
insurance plans that were not in our design. Even plans with the same
nominal deductibles may not be directly predictable from the annual
results, since inflation or differences in the scope of coverage may
greatly change the probability that such a deductible be exceeded.

The episode is the natural sales unit for analyzing the effects of
price, since estimates of the effect of price on annual expenditures are
biased when a deductible is present. This bias explains why annual
analysis on the HIE has been performed on plan differences rather than
price differences. Economic theory usually deals with a fixed price or
a one-period model, but in the experiment, the coinsurance rate falls to
zero after families spend a certain amount. There is, therefore, no

straightforward definition of the marginal price for annual spending.

[2] Our deductible or maximum dollar expenditure (MDE) is the point
at which the coinsurance rate shifts from positive to zero. The
traditional definition of deductible is the point where the coinsurance
rate shifts from 100 percent to some smaller percentage.



Three natural proxies for the true unobserved price are the coinsurance
rate at the start of the year, the coinsurance rate at the end of the
year, and the average coinsurance rate. None of these is a valid
measure of marginal price. The starting price ignores the effects of
the zero-price period on those who exceed the deductible, and therefore
is higher than the true average price. The finishing price is the
marginal price under perfect foreknowledge, but illness is not
completely predictable. Thus, the finishing price ignores the initial-
price period and therefore is lower than the true average price.

In addition, because participants whose out-of-pocket price dropped
to zero during the year obtained that status by spending on health care,
they are naturally prone to spend more than the others. Although the
plans are balanced for propensity to go to the doctor, use of the within-
year price, instead of plan, to group observations destroys that
balance. This selection problem will be discussed in more detail when
its solution is presented in Chap. 5.

The nominal average price (total spending divided by total out-
of-pocket spending) is biased for a&a more subtle reason. Families may
not know for sure that they will exceed a deductible over the course of
the year, but as the year goes by, they will have some information on
their chances. Everything spent before the deductible is exceeded has a
bonus of reducing the deductible for the rest of the year. This bonus
makes the true cost of care fall away from the nominal cost as the
chance to exceed the deductible increases. Thus, before the deductible
is exceeded, the real price is somewhat less than the nominal price.

How much less depends on the amount of time left in the year, the
distribution of expected family expenses, and the amount of deductible
remaining (Keeler, Newhouse, and Phelps, 1977).

In particular, families close to the deductible in the early part
of the year may anticipate they will probably go over, and may then
start to spend freely.[3]

[3] This behavior should lead to gaps in the distribution of family
expenses in the region of the deductible. Another reason for such gaps
is that, late in the year, families with a bent price line must have
extremely inelastic demand for medical care to want to spend an amount
close to the bend. (Keeler, Newhouse, and Phelps, 1977.)



Scheduled future expenses, such as a delivery fee for a mother-
to-be, create a stronger form of anticipation, which we handle by dating
the expenses to the first time they would be known. In the weaker form,
a father of three small children may not know when or for exactly what
he will be paying the pediatrician, but knows from experience that he

probably will do so.

CHANGES IN SPENDING OVER TIME

Spending dynamics when insurance plans change are important in
resolving issues related to the phase-in of more complete insurance, and
in choosing the scope of coverage. Since all plans have a limit on out-
of-pocket spending, any family that exceeds that limit receives all
medical care free for the rest of the year. To the extent that people
can invest in their health, such a "sale" temporarily offers more
incentive to spend than if they had free care forever, and it is
interesting to see how much they try to take advantage of sales.

Catch-up demand occurs when people change permanently to new and
fuller coverage. This factor can be significant in planning for the
period when new insurance is being phased in. For example, in the first
two years of the British National Health Service (NHS), the number of
dentures supplied in England and Wales rose from 200 thousand in the
year before NHS to 2.3 million and then 3.6 million, and the number of
spectacles supplied rose from 1.5 million in the year before NHS to 6
million and then 10 million (Abel-Smith and Titmuss, 1956).

Understanding these dyndmic changes is especially important to
analysis of scope-of-coverage questions, since many of the medical
services whose coverage is most debatable--eye glasses, hearing aids,
psychiatric services, dentures, and elective surgery--may be strongly
influenced by sales. Sales and catch-up are important in another way to
the experiment: Those people with the most generous family health
protection plans may feel that the experiment itself is a prolonged
sale. Episodic analysis of the other plans can provide additional
evidence bearing on transient demand at the beginning and end of the

experiment.



Chapter 2

DESCRIPTION OF THE DATA

The work presented here on the demand for medical services is based
on data from the Health Insurance Experiment. This chapter describes
the study, focusing on the data used in our analysis. After a brief
introduction, we discuss the sample studied here, the experimental

insurance plans, and the other covariates used to explain demand.

THE HEALTH INSURANCE EXPERIMENT

How the extent of health insurance coverage affects the demand for
medical services has been a key issue in the American debate over
national health insurance. Past studies of this issue have used
nonexperimental data that suffer from several flaws: Insurance is
potentially endogenous; existing policies are difficult to describe
parametrically; data on use are frequently based on recall and therefore
are subject to reporting biases; and coinsurance rates and deductibles
often vary little for a given service, such as a hospitalization.

The HIE is an effort to overcome these problems. In late 1974, the
HIE enrolled 390 families living in Dayton, Ohio, and in 1976, enrolled
2370 additional families in five other sites (Seattle, Washington;
Fitchburg, Massachusetts; Franklin County, Massachusetts; Charleston,
South Carolina; Georgetown County, South Carolina). The families were
given health insurance plans with differing coinsurance rates and
deductibles; in return they assigned to the experiment the benefits of
any nonexperimental plans for which they were eligible. If the
assignment could make the family worse off, the family was given a lump-
sum payment equal to the maximum it could lose from participating.
Seventy percent of the families were enrolled for three years, the
remainder for five years.

The experimental design included a novel method to ensure balance
among the various treatments (Morris, 1979), and split samples to
control for limited duration and the effects of physical examinations

and illness-reporting requirements. These methods are described in



Newhouse (1974) and Brook et al. (1979). Since our work is concerned
with estimation of demand for health care services, we will discuss only

the sample and insurance plan treatments here.

EXPERIMENTAL INSURANCE PLANS

The families were assigned plans by a new method of randomization
that maximized balance across the 14 different insurance plans (Morris,
1979). No choice of plan was offered; the family could either accept
the experimental plan offered or decline to participate. About one-
third of the sample received all services free (their coinsurance rate
was zero), and nearly one-fifth paid 25 percent coinsurance subject to
an upper limit on annual out-of-pocket family expenditures of 5, 10, or
15 percent of the previous year's income, or $1,000, whichever was less.
In analysis, plans that differed only by their percent-of-income limit
are usually grouped. This limit or deductible is called the Maximum
Dollar Expenditure (MDE). Just under one-twelfth of the sampled
families had a 50 percent coinsurance rate, also subject to the MDE (in
Dayton this plan accounted for about one-fifth of the sample).

One-fifth had a 95 percent coinsurance rate, subject to the MDE. 1In
effect, this last group of families had an income-related family
deductible. Finally, around one-fifth of the families were enrolled in

a 95 percent coinsurance plan that limited annual out-of-pocket
outpatient expenditures to $150 per person ($450 per family), providing
in effect an individual outpatient deductible.[1] In this plan the cost-
sharing applied only to ambulatory services; inpatient services were
free.

All plans covered a wide variety of services. Medical expenses
included services provided by nonphysicians such as chiropractors and
optometrists, and prescription drugs and supplies. The only significant
exclusions were outpatient mental health services in excess of 52 visits
per year, nonpreventive orthodontia, and cosmetic surgery unrelated to
accidents occurring after the start of the experiment. Dental services
and outpatient mental health services were, however, treated somewhat

differently in the first year in Dayton.[2] The same coinsurance rate

[1] The coinsurance rate for the family and individual deductible
plans was 100 percent in Dayton Year 1. The rate was changed to 95



applied to all medical services, except for the individual outpatient
deductible plan.[3] Claims filed by participants, including those for

unreimbursed expenses, provide data on the amount and type of expenses.

THE SAMPLE

The sample was a stratified random sample from each site, but the
following groups were not eligible: (1) those 62 years of age and over;
(2) those with incomes in excess of $25,000 (1973 dollars), which
excluded approximately the upper seven percent of the income
distribution; (3) those eligible for the disability Medicare program;
(4) those in the military or in institutions such as jails; (5) veterans
with service-connected disabilities. Over 80 percent of the population
was eligible. In Dayton, the lower third of the income distribution was
(intentionally) oversampled and the middle third undersampled.

The work reported here is based on the first three years'
experience in Dayton. It includes enrollees who participated for a full
year in any of the first three years of Dayton, plus those who died or
were born during the three-year period. Excluded from this analysis are
other individuals with partial years of participation: participants who
were suspended (e.g., for joining the military), who voluntarily quit,
and who were involuntarily terminated for noncompliance during the
year.[4] But a person who left in Year 2 was included in Year 1 if he
participated for all of Year 1. Moreover, the hospital expenditures on

newborns were entirely allocated to the mother for the purpose of this

percent to increase the incentive to file in all other site-years,
although there was no statistical evidence of underfiling.

[2] Dental services for adults were covered only in the plan with a
zero coinsurance rate; expenditures on outpatient mental health services
did not count toward satisfying the MDE. After Year 1 in Dayton and in
all other sites, dental services for adults and outpatient mental health
services (up to 52 visits per person annually) were covered like any
other service in all plans.

[3] In other sites not analyzed here, some plans had a 50 percent
coinsurance rate for dental and outpatient mental health services and a
25 percent rate for all other services.

[4] We also excluded four cases who participated in the dlsablllty
Medicare program. They were enrolled because the HIE expected to
receive a waiver from the Social Security Administration (SSA)
permitting participation. When SSA denied the waiver, individuals
eligible for such benefits became ineligible for the HIE.



analysis. The exclusions comprise about five percent of the total

sample.

COVARIATES

Insurance plans are grouped into five groups and coded with
indicator variables, each for: a family medical coinsurance rate of 25
percent (P25); a family medical coinsurance rate of 50 percent (P50); a
family medical coinsurance rate of 95 percent (behaviorally the same as
a family deductible) (PFD); the individual deductible of $150 per person
or $450 per family for outpatient care (ID); and the free-care plan
(FREE).

Three other coded experimental treatment variables were described
above, namely: whether a household was given a preenrollment screening
examination (EXAM) or not; whether the family reported disability-days
weekly (WEEKLY) rather than biweekly in the first year of Dayton; and
whether the family was enrolled for 3 (YR3) rather than 5 years.

The remaining variables measure other factors. Since the analysis
of annual demand for medical care had already been completed, we used
the set of variables found useful in predicting annual spending for our
episodic analysis. These include preexperimental income, education of
head of household, family size, preexperimental contact with the medical
system, race, age, sex, self-reported health, pain, and worry about
health. Preenrollment interviews provided data on all of these

characteristics.
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Chapter 3

GROUPING CLAIMS INTO EPISODES

The Episode Processing System (EPS) transforms the different claims
(called MERs, short for Medical Expense Reports) into dated and typed
episodes. The four types of MERs reflect the four types of services for
which subjects can make a claim: (1) hospital, (2) physicians and
supplies, (3) pharmacy, and (4) dental. A physician MER is shown in
Fig. 3.1. As can be seen, each MER may contain charges for several
different services. Each of these charges is referred to as a "line
charge." Note that providers are asked to date, describe, and link each
charge to a diagnosis and treatment history. The episodic programs use
these line charges as the basic building blocks of the episodes. Below

we discuss how episodes are linked, dated, and categorized.

LINKING

Line charges are linked according to the probable units of
decision, rather than by the location or type of services provided. The
first move in an episode of spending is up to the patient, although
physicians can encourage that move in previous contacts, or over the
phone. The total cost of the episode then is decided by the patient and
physician jointly, although an unusual course of illness can also have
an effect.

Our grouping is designed to illuminate these two decisions. For
example, all expenses surrounding a hospital episode--ocffice visits
leading to an admission, and visits and drugs following the admission--
are considered to be part of one hospital episode. Similarly,
restorations following a dental exam are included with the exam in omne
episode of spending. Tests and drugs are linked to the visit in which
they were ordered. A later discussion of results assumes in effect that
at the initial visit, the participant is told of the need for additional

care, and the approximate total cost of the episode is negotiated.
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Details of the algorithms and methods used to process the claims
are given in Fowler, Keeler, and Keesey (1981). The programs are long
and complex because of the great variety of types of charges and claims,
and because of the complex rules necessary to decide whether a new
charge is or is not related to some set of previous charges.[1l] The
grouping is based primarily on the diagnosis, time since last charge,
and Treatment History Code, which classifies diagnoses listed on the
claim as acute (initial or repeat), chronic (routine or flare-up), well,
or unobtainable. These codes are normally filled in by personnel of the
billing physician, but are also filled in or corrected by clerks at Glen
Slaughter and Associates according to guidelines supplied by Rand
physicians.[2]

Analyzing spending by line charge would greatly increase the sample
size; although the median episode has fewer than two charges, the mean
number of charges per episode is around seven. The main problem with
analyzing spending on the basis of line charges is the close connection
between charges in the same episode. Treatment is often a package.
Operations are often explicitly sold as a package, but even medical
treatment of mild acute problems may involve a drug purchase and follow-
up visit. The high correlation of charges (e.g., drug charges are much
more likely in the days following an office visit than at other times)
within an episode complicates analysis, and makes the apparent gains in
precision from the larger number of charges an illusion. (Some
hospitalizations have hundreds of charges, and these reflect behavior
that is anything but a series of independent decisions.) Grouping
spending into episodes avoids some arbitrariness in how follow-up
charges, tests, drugs, and supplies are priced, because aggregating over
the episode abstracts the problem away. Finally, aggregating to episode
reduces the expense of later processing--A sevenfold increase in sample

size is no boon to the computer budget!

[1] See Lohr, Brook, and Kaufman (1980) for a much simpler way of
defining episodes.

[2] Glen Slaughter and Associates act as Rand's subcontractor in
the administration of the insurance plans and in the collection of
related data.



- 14 -

In theory, barring within-year price effects discussed later, the
illnesses that might lead to acute episodes are supposed to be
independent over time, and we assume that decisions for different
chronic and well-care episodes will also be independently made. Thus,
on the free plan, in steady state, we would expect acute and well-care
episodes to be randomly distributed over time. The independence tests
discussed in App. F were used as a check of claims grouping, and led to
improvements in the grouping algorithms for drugs. A theoretical
advantage of independence was that it simplifies statistical analysis of

the results, and the simulation of the effects of different plans.

EPISODE DATES

From their responses to a questionnaire, we can assume that most
participants understand their experimental insurance policies (Marquis,
1981). Most patients know their share of expenses as well as which
medical services are covered. Since each plan has a limit on out-of-
pocket spending, the price depends on the amount of medical services
already purchased (except on the full coverage plan). The amount
already purchased is provided by Glen Slaughter and Associates with each
claim processed, and is thus available to participants even if they have
not kept a record themselves.

The rational economic person, however, does not change his or her
other decisions on medical spending on the date of receiving a bill, but
on the date he or she[3] decided to incur the expense. Suppose a woman
learns she is pregnant and will deliver well before the end of the
accounting year. Suppose the hospital bill alone at that time will
exceed her deductible. She may not wait to get her new glasses, and she
may go more readily to the doctor for mild acute conditions. Since she
knows the deductible eventually will be exceeded, she can act as if it
already has been because she faces an effective price of zero.

Thus, for purposes of economic analysis, we try to date each charge
to the earliest time that the participant would have committed himself

to paying it. Continual spending for chronic conditions such as

[3] For expository convenience, we shall refer to the individual
patient henceforth as "he,” which we intend as a genderless pronoun.



diabetes or hypertension is presumably anticipated from the first visit
of the accounting year; such episodes are dated to that time. Routine
pregnancy costs are dated to the first prenatal visit. Drugs and follow-
up visits for acute conditions are dated to the first office visit for
that condition. Expenses carried over from an episode in a preceding
accounting year are dated to the first of that year. Dental work is
dated to the first in a series of procedures or the preceding
examination. We distinguish elective surgery and well care from acute
care by the criterion of deferrability, calling it acute if it loses

most of its value if deferred.

We assume that the whole cost of the episode is known at the time
of the first charge. This is not always true, but claims records do not
reveal how much the doctor told the patient or, indeed, how much the
doctor knew about the course of the episode at that time.

We could examine the sensitivity of this assumption by comparing
the results with those under two extreme assumptions. At one extreme,
the participants know at the beginning of each year whether or not they
will exceed the deductible (i.e., we assume that all people who do
exceed the deductible knew that they would from the beginning); at the
other extreme, we could analyze charges by billing date, assuming that
patients have no foreknowledge whatsoever.[4] We have not yet performed

the latter test.

EPISODE TYPES

Deciding to get a physical examination is different from deciding
to get treatment for a broken leg or for arthritis. Thus, to understand
the effects of price on health care behavior, each type of decision
should be analyzed separately. Without analyzing homogeneous categories
of episodes separately, aggregating decisions that are affected
differently by price and other covariates such as age will muddy the
findings. In addition, there are reasons why different categories might
be subject to different coinsurance rates in a national health insurance

plan. First, there is the standard economic result that more price-

[4] Even this may be inadequate if participants do not know the
charge until they receive a bill. In most cases, however, they should
be able to make an adequate guess.
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responsive categories should be subsidized at a lower rate (Baumol and

Bradford, 1970). Second, the state, acting in loco parentis, may want

to subsidize such expenditures as well care for small children.
Finally, to reduce exposure to risk, it is sensible to insure rare
catastrophes more fully than common smaller expenses.

Because of numerous differences from ambulatory medical episodes,
we consider hospital episodes and dental episodes separately. We
classify ambulatory medical episodes by how foreseen the problems were
and how deferrable the treatment. We wish to group episodes that are
similar with respect to the effect of price on the timing of purchases.
A classification based instead on severity or necessity might show which
kinds of episodes were being treated on the free plan but not on the
other plans. Unfortunately, such distinctions are hard to make from the
claims records. Severity is closely connected to the amount of
treatment, but using this measure would confound the analysis of price
effects. Necessity of treatment will be studied as part of future
analysis of the quality of care on different plans. We will investigate
the effects of price on the number and size of episodes for each common
diagnosis. Even so, it will be difficult to separate severe and mild
cases of such diseases as upper respiratory infections. Thus, we will
neglect severity here and restrict our analysis to the standard medical
categories: acute, chronic, and well care.[5]

Unforeseen and undeferrable treatment opportunities define acute
episodes. From an economic point of view, spending on these episodes
will only occur when the patient is temporarily sick.

Chronic "episodes' comprise foreseen and continuing expenses.
Treatment for most chronic diseases is designed to ameliorate the
consequences, rather than to cure, and people getting such conditions
treated should be able to budget their routine expenditures from the
start of the year. All the routine care for each chronic condition will
be considered as one episcde. With some conditions, there is a

reasonably high chance of some complications during the year, just as

[5] We study episodes of treatment, realizing that not all
illnesses get treated, even with free care. However, we presume that
the main reason for fewer acute episodes on plans where care is
expensive is that price is deterring people from treating illnesses that
they might treat if care were free.
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the owner of a decrepit car knows that sometime during the year his
mechanic may well have to do something about it. However, we will
distinguish these flare-ups as unforeseen, and treat them as we do acute
spending. They are economically different from the drugs and checkup
routines normally followed by those with hypertension or diabetes.
Finally, well-care episodes deal with conditions that are
deferrable without great loss. Examples are gynecological examinations
and immunizations. It seems inappropriate to call this category
elective, because it implies a contrast with necessity, and care for
minor acute conditions such as colds may be more elective than such well
procedures as immunizations. The deferrability of the procedures is
what distinguishes them economically, not their degree of necessity.
Indeed, many of the well procedures may be medically deferrable, but not
legally or socially. Examinations and immunizations for school, and pap

smears for birth control pills are examples.
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Chapter 4

COST AND ANNUAL FREQUENCY OF EPISODES

INTRODUCTION
In this chapter, we analyze the cost and annual frequency of
episodes. Together, episode cost and frequency determine annual medical

spending. That is,

Annual Spending = (Number of Episodes) x (Cost per Episode). (4.1)

We will describe how the cost and annual frequency of episodes vary by
episode type, by insurance plan, and by the characteristics of
individual participants. Using Eq. (4.1), we can then see how
predictions of annual medical spending deduced from the episodic
approach compare with the annual spending predictions obtained from data
on annual medical spending by individual (Newhouse et al., 1981; Duan et
al., 1982). This comparison will serve as a check on the validity of
both methods.

Information about the distribution of the cost and frequency of
episodes is needed for simulation models that use the episodic approach.
In these models, individual streams of medical expenses can be created
by first generating episode occurrences and then generating the cost of
each episode. To the extent that episode size is independent of
occurrence pattern and insurance plan, modeling how individuals behave
is simplified. More generally, it simplifies the overall analysis when
we can decouple the cost-of-episode analysis from the number-of-episodes
analysis.

We deal first with the cost per episode. We tabulate how the
average cost per episode varies by episode type and insurance plan.

Only the average cost of dental episodes varies systematically across
insurance plans. Next, we model an individual's cost per episode as a

multiplicative function of his or her attributes. After adjusting for



individual characteristics, chronic episode costs also vary
systematically with insurance plan.

The final section of this chapter reports our analysis of the
number of episodes per year, and, in particular, how numbers vary with
episode type, insurance plan, and participant characteristics. This
analysis parallels the common approach to estimating annual spending but
uses episodes rather than dollars. We first give descriptive statistics
on how the annual number of episodes varies with plan. Episode
occurrence rates differ most between full coverage and the other plans,
with smaller differences between the low and high levels of coinsurance.
Differences are larger for acute episodes than for the other episode
types. Next, we analyze how well participant characteristics predict
annual rates of episodes for each type. Most of our results are based
on a negative binomial regression model of the episode counts. This
model has the natural interpretation that individual propensities to
have episodes vary more than participants' measured variables can
predict. The major factors associated with varying episode rates are
self-assessed health, age, sex, and physician visits in the year
preceding the experiment. Income, plan, and having a regular physician
are also important, but less so.

We defer discussion of how individuals' behavior varies within the
year, to Chap. 5. There we describe the effects that within-year price-
changes (caused by a participant's expenses reaching the MDE before the

end of the year) seem to have on medical spending.

COST OF EPISODES

As described earlier, we have divided episodes into five types.
There are at least two reasons for analyzing these types separately.
First, episode categories may be affected differently by price changes.
Second, to the extent that episode types have markedly different
distributions of cost and frequency, analytical modeling can be
simplified by treating them separately.

The first episode type is inpatient episodes or hospitalizations,
which are much rarer and costlier than other episodes. Dental episodes,
our second type, are distinguished from medical outpatient episocdes.

The three remaining types, acute, chronic, and well-care outpatient
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episodes, are more alike. We analyze episode cost for each of the five
types in varying levels of detail: the distribution of costs by episode
type and by insurance plan, and finally, the cost per episode by type as
a function of insurance plan and other participant attributes. We begin
with the simplest data--episode costs in aggregate--and then adjust for

other factors.

Some Descriptive Statistics on Cost

The overall distribution of episode cost varies with type of
episode. No one family of distributions fits the cost of all episode
types well, but the lognormal distribution is a good approximation
except for dental episodes. The same conclusion holds when episodes are
divided by insurance plan and the distributions are tabulated
separately. For each of the five episode types (hospital, dental,
acute, chronic, and well care), there is a small proportion of
relatively large episodes that makes fitting distributions very
assumption-dependent.

We now describe our analysis of the distribution of episode sizes
for each episode type, ignoring differences across plans, site-years,
and other covariates. This analysis consisted of various probability
plots, computation of empirical moments and quantiles, and the fitting
of several different distributional forms to the size distributions of

the five episode types.[1]

[1] Besides fitting the lognormal distribution and the gamma
distribution, we used Hinkley's quantile method (Hinkley, 1975) to
estimate a power transformation from the Box-Cox family (Box and Cox,
1964), which makes the distribution of each episode type approximately
symmetric. The fitted values of the power parameter A\ are nonzero (not
lognormal) for all episode types. Nonetheless, the lognormal
distribution was chosen because it yielded a fit that was practically
indistinguishable from that of the best~fitting Box-Cox. While this is
the first attempt to model the cost per episode, there has been
considerable work in modeling annual medical expenses. Catastrophic
episodes and hospitalizations make annual expenses skewed strongly to
the right. Nonzero annual expenses for Health Insurance Experiment
participants follow approximately a lognormal distribution (see Manning
et al., 1981; Duan et al., 1982). Other workers studying annual
expenses have found that the lognormal or gamma distributions fit their
data well (Friedman, 1974; Keeler, Morrow, and Newhouse, 1977).
Newhouse et al. (1980) use Box-Cox power transformations to model annual
expenses.
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Table 4.1 gives descriptive statistics on the distribution of cost
per episode for the five episode types. While the table shows the
second year of Dayton, summary statistics for the other years of Dayton,
Seattle, and Fitchburg are similar. The five episode types differ
considerably both in frequency and cost per episode. Hospitalizations
are the most costly, averaging about $1,800 with the median episode
costing about $1,300. Other episode types are more than an order of
magnitude smaller, with acute episodes being the least expensive on
average (mean = $33, median = $16), followed closely by well-care
episodes (mean = $36, median = $21). A comparison of means and medians,
as well as an examination of the quantiles, reveals that all episode
types are skewed to the right. The bottom four rows of the table give
the fitted lognormal distribution parameters for the five episode types.
The much smaller values of skewness and kurtosis indicate that the

distribution of episode costs is roughly lognormal.

Plan Differences

We turn now to analyzing how episode cost varies with insurance
plan--the primary goal of this section. For each of the five episode
types, we looked at whether the cost per episode is the same across the
five insurance plans. The results were consistent: There appear to be
small plan differences for dental episodes but not for any other episode
types for the three years of Dayton data. Tables 4.2 and 4.3 give
comparisons by plan of the cost per episode and the logarithm of cost
per episode, respectively, for all five types of episodes. The average
dollar cost per episode data in Table 4.2 are more easily comprehended,
but the average of the logarithm of episode cost in Table 4.3 is given
because the skewed nature of the cost distributions makes comparisons of
logarithms statistically more stable. We discuss both tables below.

There is not very much variation in the cost of hospitalizations

across plan. Differences by plan in both average hospitalization cost
and average log hospitalization costs do not seem to fall in a
meaningful pattern. Because of the presence of a few very large
hospitalizations, statistical tests were carried out using both the

logarithm of hospitalization costs given in Table 4.3 and the relative
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Table 4.1
SUMMARY OF COST PER EPISODE DISTRIBUTION BY TYPE,

DAYTON YEAR 2, ALL PLANS

(In § rounded)

Outpatient
Well
Item Hospital Dental Acute Chronic Care
Number of Episodes 118 1,275 2,355 990 801
Quantiles
100 percent (maximum) 12,000 2,900 758 1,300 750
90 3,400 200 66 160 82
75 2,200 54 32 62 44
50 (median) 1,300 23 16 25 21
25 700 15 9 10 15
10 360 10 4 5 7
0 (minimum) 15 2 1 1 1
Moments
Mean 1,800 89 33 65 36
Standard deviation 1,900 227 65 123 49
Skewness > 3.0 6.2 6.3 5 7
Kurtosis® 11.5 51 50 42 88
Lognormal parameters
Mean 7.1 3.5 2.8 3.3 3.2
Standardadeviation 1.0 1.2 1.1 1.3 0.9
Skewnessa -0.9 1.1 0.4 0.3 0.1
Kurtosis 3.1 1.2 0.5 -0.3 0.5

8 The skewness and kurtosis are based on the third and fourth moments
of the empirical distribution. They can be regarded as measures of how
nonnormal the distribution is. Values of zero correspond to normality.
See Kendall and Stuart (1961), Vol. 1, Chap. 3, for details.
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Table 4.2

COST PER EPISODE BY TYPE AND BY PLAN (ROUNDED)
(DAYTON: YEARS 1, 2, 3)

Plana
Episode Type Free ID 25 50 95

Hospital

Mean 1505 2161 2023 2366 1530

(Standard deviation) (1445) (3592) (1899) (6615) (1477)

[Number] [108] [31] [78] [40] [83]
Dentalb

Mean 86 50 30 68 58

(Standard deviation) (291) (82) (195) (182) (156)

[Number ] [837] [178] [576] [364] [616]
AcuteC

Mean 30 29 32 27 33

(Standard deviation) (32) (52) (35) (30) (68)

{Number] [885] [164] [510] [310] [486]
Chronic

Mean 62 60 73 45 55

(Standard deviation) (108) (102) (173) (76) (109)

[Number] [1005] [251] [707] [355] [617]
Well care

Mean 36 39 33 34 35

(Standard deviation) (38) (63) (32) (46) (39)

[Number] [818] [189] [525] [425] [492]

NOTE: The top entry in each category is the mean episode cost in
dollars. The second entry is the standard deviation while the bottom
entry is the number of episodes in this cell.

3 The 11 plans studied here are grouped into the five plan cate-
gories. Free and individual deductible (ID) plans are their own
category. The three coinsurance categories (25, 50, 95) each consist
of plans with that coinsurance rate and one of the three MDE's (5, 10,
15 percent of income).

b Dental episode data are for years 2 and 3 only. The year 1
statistics are difficult to interpret since only the Free Plan
covered adults, and there appears to be underreporting by adults on
the pay plans.

c . s .

Acute cost per episode statistics are for Dayton year 2 since
this sample size is sufficient to get reliable estimates. The other
years are similar.
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Table 4.3

LOG COST PER EPISODE BY TYPE AND BY PLAN (ROUNDED)
(DAYTON: YEARS 1, 2, 3)

Plan?
Episode Type Free ID 25 50 95

Hospital

Mean 6.87 7.07 7.15 6.99 6.90

(Standard deviation) (0.91) (0.85) (0.83) (0.89) (0.81)

[Number] [108] [31] [78] [40] [83]
Dentalb

Mean 3.44 3.26 3.55 3.31 3.19

(Standard deviation) (1.14) (1.00) (1.19) (1.07) (1.09)

[Number) [837] [178] [576] [364] [616]
AcuteC

Mean 2.77 2.70 2.76 2.63 2.76

(Standard deviation) (1.03) (1.11) (1.07) (1.08) (1.13)

[Number] [885] [164] [510] [310] [486]
Chronic

Mean 3.24 3.23 3.35 3.04 3.09

(Standard deviation) (1.31) (0.28) (1.29) (1.17) (1.33)

[Number] [1005] [251] [707] [355] [617]
Well care

Mean 3.13 3.20 3.13 3.10 3.13

(Standard deviation) (0.97) (0.89) (0.90) (0.91) (0.90)

[Number] [818] [189] [525] [425] [492]

NOTE: The top entry in each category is the mean log episode
cost. The second entry is the standard deviation while the bottom
entry is the number of episodes in this cell.

4 The 11 plans studied here are grouped into the five plan cat-
egories. Free and individual deductible (ID) plans are their own
category. The three coinsurance categories (25, 50, 95) each con-
sist of plans with that coinsurance rate and one of the three MDE's
(5, 10, 15 percent of income).

Dental episode data are for years 2 and 3 only. The year 1
statistics are difficult to interpret since only the Free Plan cov-
ered adults, and there appears to be underreporting by adults on the
pay plans.

c . . o . ,
Acute episode size statistics are for Dayton year 2 since this
sample size is sufficient to get reliable estimates. The other
years are similar.



ranking of average per-plan costs of hospitalization. We compared all
five plans separately and also grouped the three "pay plans" together
and the two "free plans" together and compared. (Recall that the ID
plan provides for free hospitalizations.)} None of the statistical tests
for differences in cost per hospital episode across plans yielded values
that were significant at the conventional 5 percent level but sample
sizes are relatively small.[2] The similarity in costs implies that we
can model size of hospital episodes as being independent of plan.

From Table 4.1 it was clear that there are substantial differences
among the episode cost distributions of the four nonhospital episode
types. Tables 4.2 and 4.3 show how mean episode cost and log cost vary
by plan and type of episode. Unlike hospitalizations, many people have
more than one episode of any given outpatient type per year. But like
hospital episodes, the distribution of outpatient episode costs has some
outliers. On an absolute scale, the costs of these large outpatient
episodes are considerably smaller than those for hospitalizations, but
their costs relative to the average cost for that episode type are still
considerable. When the percentage of outpatient episodes above $500 are
cross-tabulated by plan and episode type, the episcdes costing more than
$500 are scattered across the different insurance plans.

For dental episodes, Table 4.2 and Table 4.3 show the cost per
episode falling with coinsurance. The free plan has the costliest
episodes, with the 25, 50, and 95 plan costs declining in order.

Because the ID plan has cost~sharing for outpatient episodes, costs on
this plan should be similar to those on the 95 plan--if there is indeed
a price effect. For dental episodes, the mean ID plan log cost of 3.26

falls between 50 and 95 plan means.

[2] We computed both the parametric F-test and the nonparametric
Kruskal-Wallace Rank Test to test for differences across the five plans;
the hospital episode data are consistent with no plan differences at the
5 percent significance level. When we contrasted the pay plans (25, 50,
95) against the free plans (free, ID), the difference again was not
statistically significant at the 5 percent level. These tests do not
account for correlations across episodes for the same individuals. This
is taken into account in the next section, where other covariates are
adjusted for.



For the other outpatient episodes, the patterns are less clear.
However, statistical tests for plan differences for each of the episode
types reveal no statistically significant difference except for dental
episodes.[3] Thus we conclude that, at least when looking at plan
averages, we cannot detect any differences in episode costs across
insurance plan for any episode types except for dental. We next explore
how this conclusion holds up when we explicitly adjust for other

factors.

Plan Effects Controlling for Other Factors

Since the groups of health insurance experiment participants
assigned to each insurance plan are approximately balanced with respect
to their relevant measured characteristics (Newhouse, 1974; Morris,
1979), the plan differences in episode costs reported earlier should in
principle be approximately correct, whether or not one controls for
other factors. Still, there are at least three reasons for carrying out
a more detailed analysis.

First, one use of our models will be to simulate streams of medical
episodes. If the cost per episode varies systematically with
participant characteristics, it is important to include this variation
in any simulation model. If there is appreciable variation in the cost
per episode across participants, modeling this variation will help us to
estimate distributional effects of national health insurance plans more
accurately. Second, to the extent that we can model how costs depend on
individual characteristics, that model can be used to estimate the
particular group's portion of the total costs of a National Health
Insurance (NHI) Plan. This information might well be an important
contribution to the political debate on NHI. Similarly, in the private
sector, such a model might help in devising more competitive health
insurance premiums. A third reason for including covariates is accuracy
of estimation. That is, even though plan groups may be balanced,

controlling on an individual basis for the effect of covariates will

[3] We computed the same parametric and nonparametric tests for
outpatient episode types as for hospitalizations. See previous footnote
(2) for details and caveats. The dental episode costs were
statistically significant for all tests at the 0.01 level.



lead to more accurate estimates of the plan effects, if any, on the cost
per episode. (See Duan et al. (1982) for a discussion of this issue in
the context of modeling annual medical expenses.)

Our primary tool for modeling the effects of participant attributes
will be regression models. Considerable work has been done in modeling
annual expenses as a function of various predictors (see Manning et al.,
1981). Guided by this work, we fit similar regression models to the log
of episode cost. The conclusions of this analysis are with one
exception consistent with the previous section. The new finding is the
existence of statistically significant plan differences for chronic
episode costs. Except for dental and chronic episodes, there are no
detectable plan differences. There are some small statistically
significant coefficient estimates associated with individual participant
attributes.

Table 4.4 gives the means and standard deviations of the potential
predictors. For ease of interpretation our exploratory analysis elected
to use the logarithm of episode cost as the dependent variable. Table
4.5 gives the results of our regression analysis. In this table we see
the logarithm of episode cost being fit by a number of predictors for
each of the five episode types. We will not describe in detail the
various steps that were carried out in arriving at these regression
equations. A discussion and interpretation of the fitted models is
given below.

In addition to computing various diagnostics and residual plots, [4]
we also explored the possibility that the residuals of the log episode
cost of a given individual might be correlated across episodes. The
question was, even after controlling for the measured attributes of
individuals (including insurance plan), does the size of one episcde
help in predicting the size of that individual's subsequent episodes?
For the Dayton data, the answer is that there is a positive correlation

among residuals from the same individual for some episode types. The

[4] A goodness of link test (Pregibon, 1980} was computed to check
the appropriateness of the logarithm specification of the dependent
variable. Because of the extreme values noted earlier, various
influence functions were computed to see whether some observations were
very influential (Cook, 1977; Belsley, Kuh, and Welsch, 1980). Neither
check revealed any problems.
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Table 4.4

COVARIATES USED IN REGRESSION

Stan-
dard
Name of a Devi-
Variable Mean ation Comments
"FREE" 0.28 (0.4) The Omitted Insurance Plan variable; full
coverage
ID 0.09 (0.3) $150 Individual Deductible Plan
P25 0.22 (0.4) 25 percent Coinsurance Plan
P50 0.16 (0.4) 50 percent Coinsurance Plan
P95 0.25 (0.4) 95 percent Coinsurance Plan (Family Deductible

Plan)

NEWBORN 0.02 (0.1) 1 for those born during current accounting year,
0 otherwise

SQRAGE 4.67 (1.9) The square root of age at start of accounting
year

HPW SUM 4.71 (1.6) The sum of & point scales for Health, Pain, and
Worry, added so that Excellent Health, No Pain
and No Worry = 3, and Poor Health, Great Pain
and Great Worry = 12

LMDVIS 1.1 (1.0) The logarithm of MD visits in year preceding
experiment (set at 0 if there were no visits)

LINC 9.3 (0.6) Log Income in year preceding experiment

LFAM 1.3 (0.5) Log Family Size

EXAM 0.51 (0.5) Took exam at start of experiment

MAX-ED 13 (3) Maximum of years of education of female and
male heads of family

WOMAN 0.33 (0.5) 1 if female over 17 years old at start of
accounting year

NOMDVIS 0.19 (0.4) 1 if no MDVIS in year preceding experiment

NO DDS 0.16 (0.4) 1 if no regular dentist at time of enrollment

NOPROV 0.19  (0.5) The sum of "no MD" and "no DDS" at enrollment

BLACK 0.09 (0.3) 1 if head of family is black, 0 otherwise

YR 3 0.48 (0.5) 1 if in experiment for 3 years, 0 if in for 5

8values in year 1 of 1074 individuals who were in Dayton sample all
three years.
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size of this correlation varies with episode type, but is large
enough for some types to merit using a variance components or random
effects model with an individual-specific error component.[5]

The first column of Table 4.5 gives the fitted regression equation
to the logarithm of the cost of hospital episodes. The squared multiple
correlation (Rz) is 0.17, there are no statistically significant plan
effects, and a few of the individual attributes are only marginally
statistically significant: whether the individual is a newborn baby,
HPWSUM (a health status measure), the logarithm of MD visits, whether
the person had an enrollment exam, the person's education and race. We
conciude that the data are consistent with little or no consistent plan
effects on the cost per hospitalization.

Plan and individual characteristics have little effect on the cost
of acute episodes. While the F-test is statistically significant (p <
0.001), the proportion of variance explained is only 3 percent. Plan
differences and between-episode correlations are not statistically
significant; a few individual attributes have small but statistically
significant coefficient estimates.

Predicting the cost of chronic episodes yields a similar
conclusion; the proportion of variance explained is small (0.04) and the
between-episode correlation appears to be zero. However, the partial
F-test for plan effects is statistically significant and the estimated
plan coefficients, while small, are in plausible order. The cost of a
chronic episode for a participant on the stingiest plan (95) is
estimated to be 81 percent of that for a similarxr participant on the free
plan.[6] The differences that exist appear to be between the free plan
and the 50 and 95 plans. Several nonplan covariates make statistically
significant contributions, and in particular, women have smaller chronic

episodes than men.[7] In sum, insurance plan exhibits a small but

[5] See Manning et al. (1981), Chap. IIIc, for a discussion of both
theoretical and computational aspects of this type of model for
intrafamily correlations in annual expenses from the Health Insurance
Experiment. The same algorithm is used here for estimation.

[6] Most chronic episodes are dated January 1lst and consist of the
entire year's treatment of a chronic condition. Thus, the cost per
episode is similar to annual spending on the condition and so should
exhibit a plan-effect analogous to that found by Newhouse et al., 1981,
on annual spending.

[7] One can speculate about reasons for this effect if it is real:
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statistically significant association with the cost of chronic
episodes.

The regression equation does a better job of predicting the cost of
well-care episodes than it does for the other outpatient episodes, in
the sense of explaining more of the variance of the log cost (R2 =
0.11). Interestingly, there are no apparent plan effects on episode
cost. The coefficients for age and the square root of age show that
cost is an increasing but concave function of age. Women have smaller
well-care episodes than men, all else equal.

Finally, while the fitted regression equation for dental episode
costs is not a strong predictor (R2 = 0.06), the estimated plan effects
are moderate, with a moderate-size intraperson correlation (p = 0.18).
Stingy (95) plan episode costs are estimated to be 82 percent of free-
plan dental episode costs. Like well-care medical episodes, dental
episodes have a statistically significant increasing age-effect
function. Also of note is that blacks and participants with less well
educated household heads have larger dental episodes. Surprisingly,
dental episodes are an estimated 77 percent more costly for blacks than
for others.[8] In our future work, we plan to look at the prevalence of
different dental procedures, by plan, to explain this difference.

These fitted regression equations for the cost of episodes yield
some interesting conclusions. First, only dental and chronic episodes
exhibit statistically significant plan effects on the cost per episode,
and even here the estimated effects are not large. For each episode
type, there are statistically significant estimated coefficients
associated with some participant characteristics. These appear to be
strongest for hospitalizations, dental episodes, and well-care episodes.
Most important, for practical purposes the cost per episode can be
treated as independent of, or only weakly related to, insurance plan.

It is interesting that the apparent plan effects for the cost per chronic

episode only emerged after individual attributes were controlled for.

Do women go to the doctor more often? Are their illnesses less severe?

(8] We will see later in this chapter that blacks also have fewer
dental episodes. These countervailing differences partially offset one
another in terms of total dental spending.
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Refinements and Conclusions About Episode Costs

In the fitted regression models reported on above, some
dependencies in the data were ignored. We have already discussed
intrafamily and interepisode dependencies. It may also be worth noting
two issues that we do not address in this study and defer to future
reports. First, there is some evidence that episode cost and episode
frequency may be related, perhaps because of MDE effects. We do not use
episode frequency to predict episode cost here. Second, costs per
episode may be affected by whether people have exceeded their MDE.
Since costs per episode are similar on all plans, it is unlikely that
this MDE effect would be large, and the statistical problems involved
are great. We therefore defer any analysis of MDE effect on episode
size to future work. Chapter 5 describes a model of MDE effect on
episode frequency.

To summarize, we estimate plan effects controlling for other
factors, by fitting regression equations to the logarithm of episode
cost using "dummy' variables for insurance plan, and using other
independent variables to capture participant characteristics. From
these regressions, we conclude that there is no evidence of large plan
effects for any episode types. For dental and chronic episodes there
are small plan differences in episode cost. All other things equal, we
estimate that participants on stingy (95) plans have dental episodes and
chronic episodes that are about 20 percent smaller on average than they

would be on the free plan.

ANNUAL EPISODE FREQUENCIES

In the previous section, we showed that except for dental and
chronic episodes, the plan effects on the size of episodes are
negligible. Plan-related differences in demand for medical care, then,
are almost fully captured by differences in the number of episodes. We
investigate how price and other independent variables affect those
numbers. This section considers the problem of explaining annual rates
of episode occurrence, ignoring what happens as the price changes during
the year. Our analysis here parallels the common appreocach to estimating

annual spending, but uses episode counts rather than dollars. Chapter 5
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deals with the more difficult problem of estimating the effects of
intrayear price changes.

We first give descriptive statistics on annual episode counts by
type. We then cross-classify the counts by type and plan. Episode
rates differ most between full coverage and the other plans, with less
difference between low and high levels of coinsurance. Differences are
larger for acute episodes then the other types. Next, we model how
annual rates of episodes of various types are related to family
characteristics. We first discuss the choice of regression models. Our
results are based on a negative binomial regression model although we
give a simple (ordinary least-squares) regression of the square root of

episodes in App. A.

Episode Frequency by Type

There is great variation in the number of episodes per person.
Table 4.6 shows some descriptive statistics for the 1074 participants in
Dayton year 2. Although the average number was only 5, one person had
38 episodes that year. Acute outpatient episodes are the most common
type. The different chronic "episodes" are the number of distinct
chronic conditions under treatment. There are sizable portions of
participants with no episode of any given type, and 11.8 percent of

participants incurred no health care spending at all.

Episode Frequency by Type and Plan

We describe here how the average annual number of episodes varies
with the insurance plan. Since, as we have seen, the cost per episode
varies little with plan, the major differences in spending between plans
result from the differences in the number of episodes.

Participants receiving free care have more episodes of every type
than those on the other plans. Table 4.7 summarizes three years of
experience in Dayton. Episode frequencies for the pay plans line up
roughly in order of copayment,[9] but the biggest difference is between

free care and all other plans. The standard errors of the difference

[9] Out-of-pocket payment for outpatient services on the individual
deductible plan lie between those of the 25 and 50 percent coinsurance
plans.
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Table 4.6

SUMMARY OF ANNUAL EPISODE FREQUENCIES BY TYPE
(DAYTON, YEAR 2: 1074 PARTICIPANTS)

Qutpatient
Well
Item Hospital Dental Acute Chronic Care Total
Distribution percent
0 91.7 41.1 32.5 58.0 52.2 11.8
1 6.5 22.3 18.8 19.9 32.2 10.0
2 1.6 22.5 13.9 11.1 11.9 10.9
3 0.2 8.6 11.6 4.6 2.0 10.8
4 0.0 3.3 7.9 3.0 1.1 10.1
5 0.0 1.3 6.4 1.0 0.3 7.8
6-10 0.0 0.9 4.9 2.2 0.2 26.9
Over 10 0.0 0.0 0.9 0.1 0.0 11.7
Mean number 0.10 1.2 2.1 0.9 0.7 5.0
Standard deviation 0.36 1.3 2.5 1.5 0.9 4.2
Maximum 3 8 29 12 8 38

between free care and any other particular plan are about 0.4 for

mean total nondental outpatient and acute frequencies and from 0.1 to
0.2 for mean dental, chronic, and well-care frequencies. (As explained
below, family and intertemporal correlations make these errors about
twice what they would be if all observations were totally independent.)
It turns out that differences across plans in the number of total
nondental and acute episodes are highly statistically significant, and

differences for other episode types are marginally significant.[10]}

[10} Gus Haggstrom has pointed out to us that the ratios of means
of different plans provide estimates of the relative average price
effects when the treatment groups are assumed balanced. See App. G of
Haggstrom et al. (1981) for standard errors of such estimators.
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Table 4.7

ANNUAL EPISODE FREQUENCIES BY TYPE AND BY PLAN
(DAYTON: YEARS 1, 2, 3)

Plan
Episode Type Free ID 25 50 95
Hospital
Mean 0.12 0.10 0.10 0.07 0.10
(Standard (0.37) (0.40) (0.37) «(0.31) (0.37)
deviation)
Dentala
Mean 1.39 0.94 1.19 1.06 1.16
(Standard (1.28) (1.16) (1.29) (1.27) (1.30)
deviation)
Total NonDental
Outpatient
Mean 4.98 3.48 3.82 3.37 3.20
(Standard (4.26) (4.01) (3.78) (3.29) (3.40)
deviation)
Acute
Mean 3.01 1.99 2.19 1.92 1.84
(Standard (3.07) (2.53) (2.47) (2.24) (2.23)
deviation)
Chronic
Mean 1.07 0.84 0.93 0.65 0.75
(Standard (1.55) {(1.54) (1.60) (1.05) (1.41)
deviation)
Well Care
Mean 0.89 0.65 0.70 0.79 0.61
(Standard (1.06) (0.95) (0.94) (1.07) (0.88)
deviation)
Number of 930 297 763 544 821

participants years

% Dental episode data are for years 2 and 3 only. The
first-year statistics are difficult to interpret since only
the free plan covered adults, and there appears to be under-
reporting by adults on the pay plans.
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Copayment causes the greatest proportional differences in acute
episode counts. This is not too surprising since acute episodes are
nondeferrable but frequently not serious. Real emergencies are rare;
only 10 percent of participants are hospitalized on average in a year,
and these are classified as hospital episodes. Acute conditions such as
colds are much more common, and care for them may be quite optional. By
contrast, care for chronic conditions such as high blood pressure and
diabetes is often very beneficial to long-run health and may respond
less to plan. Even well care may not be elective, in that immunizations
or physical examinations may be required by schools and employers.

Thus, it is quite plausible that price would have a larger effect on the
number of acute episodes than on the other categories.[11]

Changes in the episode occurrence rates from year to year were
small, except for a downward shift in acute episodes on all plans in the
second year and a slight decline in the other nonacute categories.

Table 4.8 shows trends over the three-year period for the five planms.
Perhaps the second year was a nonepidemic or mild year for flu. The pay
plans did not cover adult dental care in the first year of Dayton, so

their values (about 0.4 episodes on average) are low.

Predicting Annual Episode Frequencies

Good predictions of annual episode frequencies are needed in order
to apply the methods in Chap. 5 for estimating within-year price
effects. Moreover, episodes are a rational behavioral unit and have
desirable statistical properties that make them useful in studying the
effects of various personal characteristics on the use of health
services.

The statistical problems associated with analyzing annual expenses
are greatly reduced by using the number of episodes instead of dollars.

There are no problems with outliers, the distribution of episode

[11] Other researchers in the Health Insurance Experiment are
analyzing these data to determine how the quality of care varies by
plan. They will look at exactly which diagnoses are contributing most
to the difference between episode frequencies on the various plans.

Even using these finer diagnostic categories, it may be hard to separate
what care is essential from what is not--since it is hard to determine
severity from the claims recoxd.
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Table 4.8

TRENDS IN THE AVERAGE NUMBER OF EPISODES
PER PERSON (ROUNDED)
(DAYTON: YEARS 1, 2, 3)

Plan
Episode Type Free 1D 25 50 95
Hospital
1 0.10 0.15 06.11 0.08 0.07
2 0.15 0.05 0.07 0.08 0.13
3 0.10 0.11 0.12 0.06 0.11
Dental
1 1.5 0.2 0.4 0.5 0.4
2 1.4 0.7 1.1 1.0 1.2
3 1.3 1.1 1.3 1.0 1.1
Total nondental
outpatient
1 5.0 3.8 4.1 3.7 3.3
2 4.9 3.1 3.6 3.1 3.2
3 5.1 3.4 3.7 3.3 3.1
Acute
1 3.0 2.1 2.4 2.2 2.0
2 2.9 1.7 2.0 1.7 1.8
3 3.2 2.2 2.2 1.9 1.8
Chronic
1 1.1 1.1 0.9 0.8 0.7
2 1.1 0.7 0.9 0.6 0.8
3 1.0 0.7 0.9 0.5 0.8
Well care
1 1.0 0.7 0.8 0.8 0.7
2 0.8 0.7 0.7 0.8 0.6
3 0.9 0.5 0.6 0.8 0.5
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occurrence is considerably less skewed (because much of the

variance of dollar expenses comes from the size of episodes instead of
their number), the people with no episodes are not very distinct from
the people with some (e.g., zeros need not be modeled separately as they
are for annual expenses {(Duan et al., 1982), and perhaps most important,
experience over several years is easy to handle.

In analyzing the counts, various refinements are preferable to OLS
(ordinary least-squares) regression, since the variance increases with
the number of episodes. Since episodes occur roughly randomly over time
(evidence for this is discussed in App. F), the number of episodes for
an individual should be Poisson-distributed conditional on his expected
number. In addition, individuals have different expected numbers of
episodes. 1In Table 4.7, the mean of the number of outpatient episodes
on the free plan is 4.98, with a standard deviation of 4.26. A Poisson
distribution with this mean would have a standard deviation of about
4.981/2 = 2.23 rather than 4.26. Thus, a model that allows for
different individual rates seems warranted.

These statistics are consistent with other analyses of episodic
data that have found that a negative binomial distribution fits well
(Kilpatrick, 1977). The negative binomial can be generated by a gamma
distribution of underlying expected number of episodes, with the number
of episodes being Poisson conditional on that value (Johnson and Kotz,
1969). This "mixing" interpretation of the negative binomial
distribution has been exploited by workers in a number of fields for
situations in which the group-counts result from combining counts for
individuals, each generating counts according to his own Poisson
process. Applications include accidents (Greenwood and Yule, 1920),
crime commissions (Rolph, Chaiken, and Houchens, 1981), and insurance
claims (Ferreira, 1974).

In the applications of the negative binomial model referred to

above, no attempt was made to explicitly take into account how an

individual's Poisson 'rate' might vary with his measured attributes. In
this section, we model how a participant's expected number of episodes
of a particular type varies with his characteristics. To fix ideas,

think of one episode type and let Xi\be the expected number of episodes
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for individual i in a year. We will call Xi his episode propensity and
distinguish it from his observed rate n, in a given year. Then,
conditional on Xi’ n, has a Poisson distribution with mean Xi. Now
since Xi is unobservable, we model Xi as ki = 6iui’ where Si is
predicted from individual i's attributes (including plan) and u, is the
random component. We assume that log Gi = XiBj, where Xi is the vector
of individual i's attributes and B is a vector of regression
coefficients to be estimated. We also assume that u, is gamma

distributed with mean 1 so that the marginal distribution of n., given

Gi’ is negative binomial with mean 6i.

- In more familiar terms we can write an individual's expected number

of episodes Xi as a multiplicative regression equation. That is,

= + = + indivi .
log Xi log 6i log v, XiB individual error

The error term reflects the negative binomial distribution discussed
above. The vector of regression coefficients is estimated by the method
of maximum likelihood.

This multiplicative form is especially convenient for comparison

with results on annual spending. Taking the log of (4.1), we obtain[12]

|

log(spending) = log(cost per episode) + log(number of episodes)

XB. + e, + )
XBl e YBZ + e

1 2

X(ﬁl + 52) + (e1 + ez).

Since both components are modeled multiplicatively, the proportional
change in spending caused by, say, income can be obtained by adding the
regression coefficients of income in the two regressions. This sum can

then be compared with coefficients in a regression of log(spending).

[12] Strictly speaking, we usually take log(spending + c¢) to take
care of those who spend zero.
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We do not lose much information when we add together three years of
episode counts and regress these on predictor variables that come from
data at the start of the experiment. This procedure eliminates having
to worry about year-to-year correlations as we would have to if we used
each of the three years as a separate data point. Three facts justify
this procedure: the stability of regression coefficients over time, the
stability of independent variables over time, and the independence of
episode counts over time. (See App. F for the analysis leading to these
conclusions.)

The same independent variables are available for predictors of
episode counts as for the cost per episode regressions. Table 4.4 gives
the means, standard deviations, and descriptive comments for the
relevant predictors.

We first present the results of our negative binomial regression
model and then discuss extensions and caveats.[13] Table 4.9 gives the
results of regressing the annual frequencies of episodes, by type,
averaged over the three years of Dayton for 1074 participants on a group
of individual predictors. The fitted equations vary considerably across
the episode types. The coefficients should be interpreted as indicating
how much the logarithm of the episode rate can be expected to change
when the variable is increased one unit. Hence, exponentiating the
coefficient gives the proportional change with a one-unit increase in
the predictor. For example, the estimated coefficient of -0.33 on the
dummy variable for black (black = 1, other = 0) in the dental episode
equation means that blacks on average have 72 percent (= exp(-0.33)) as
many dental episodes as nonblacks, all other predictors being equal.[14]

The estimated regression coefficients show that the raw plan
differences reported in Table 4.7 hold up after individual attributes
have been accounted for. As before, the free-plan participants generate

more episodes of every type, and the biggest difference is between free-

[13] This same negative binomial regression was developed
independently by Hausman, Hall, and Griliches to analyze research and
development expenditures (Hausman, Hall, and Griliches, 1981).

[14] Recall from Table 4.8 that blacks have on average 77 percent
higher costs per dental episode than comparable nonblacks. It would
appear that this is somewhat offset by the lower frequency.
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plan participants and those on any other plan. The coefficients across
the pay plans differ mostly in the expected order. Plan has the largest
effect on acute episodes, and the smallest on hospital.

The influence of the other predictors on episode frequency varies
with the type of episode being considered. The more important
determinants of number of episodes appear to be the physician's visits
in the preceding year, a scale of self-reported health (HPWSUM), age
(both age and the square root of age, and whether newborn, are
important), and whether the participant is a woman (over 17).
Generally, log income, being black, no regular provider, log family
size, and maximum education are also moderately important.

Other variables were tried in developing the model, but proved to
be unimportant. They include measures of overweight, smoking status,
marital status, life change in the preceding year, size of MDE as
percentage of income, whether the participant was in the experiment for
three or five years, a depression scale, a positive well-being scale, a
satisfaction with medical care index, and AFDC status. Self-reported
health status was measured prior to the beginning of the experiment.

There were no significant interactions of insurance plan with
income, age, or number of previous visits. The interaction with income
is pelitically important since it measures how much more (or less) poor
people are affected by coinsurance than rich people. Because the
individual deductible plan is not income-related, it theoretically
should affect rich people less than poor people. The other plans are
income~related, although the MDE limits mean that middle- and upper-
income families have the same $1,000 limit. The signs of the
interactions with income are plausible: positive for the nonincome-
related ID plan and negative for the income-related coinsurance plans,
but the coefficients were small and not statistically significant.

The coefficients in Table 4.9 show that the five episode types fall
into two groups. Hospital, acute, and chronic episodes are heavily
affected by previous health and previous visits to a doctor, while well-
care and dental episodes are heavily affected by education and income.
Well-care episodes are concentrated in women and children, and chronic

episodes in older participants.
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Table 4.9

REGRESSION EQUATIONS FOR PREDICTING NUMBER OF EPISODES (ROUNDED)
(DAYTON: YEARS 1, 2, 3)

Hospital Acute Chronic Well Dental®
Coeff. (t) |Coeff. (t) |Coeff. (t) {Coeff. (t) |[Coeff. (t)

CONSTANT -3.7 (-2.6)] 0.19 ( 0.3)| 2.95 (-2.8)|-4.35 (-7.7)|-3.09 (-4.3)
IND -0.33 (-1.2)|-0.61 (-5.6)|-0.52 (-3.2)|-0.44 (-3.5)|-0.45 (-3.3)
P25 -0.12 (-0.6)|-0.42 (-5.2)1-0.25 (-1.7)|-0.29 (-3.3){-0.22 (-2.1)
P50 -0.31 (-1.3)|-0.59 (-4.7)}-0.50 (-4.1)|-0.24 (-2.6)|=-0.37 (-3.5)
P95 -0.11 (-0.6)|-0.54 (-6.2)|-0.47 (-3.3)|-0.40 (-4.1)|-0.22 (-2.2)
EXAM 0.22 ( 1.5)] 0.00 ( 0.0)| 0.21 ( 2.1)| 0.06 ( 1.0){-0.05 (-0.7)
HDWSUM 0.17 ( 3.9)| 0.09 ( 4.6)| 0.10 ( 4.2)]-0.01 (-0.7)|-0.02 (-1.1)
LMDVIS 0.23 ( 3.0){ 0.27 ( 8.2)| 0.40 ( 8.2); 0.13 ( 4.1)| 0.06 ( 1.8)
NEWMEN 0.83 ( 1.3)|-0.28 (-1.2)! 0.27 ( 0.7)] 0.51 ( 2.6)[-2.60 (-3.6)
WOMAN 0.39 ( 2.5)} 0.36 ( 6.3)] 0.27 ( 3.3)| 0.77 (12.6)] 0.13 ( 2.3)
AGE 0.00 ( 0.1)] 0.03 ( 3.7)f 0.04 ( 3.0)] 0.03 ( 4.0)|-0.02 (-2.0)
SQRAGE 0.01 ( 0.1){-0.37 (-5.3)}-0.17 (-1.4)|-0.41 (-5.8)} 0.17 ( 2.1)
MAXED -0.04 (-1.2)] 0.01 ( 1.0)} 0.04 ( 2.1)| 0.06 ( 4.7)| 0.06 ( 4.6)
BLACK 0.17 ( 0.6)]-0.41 (-3.2){-0.37 (-2.3)|-0.50 (-3.1)}-0.33 (-2.0)
LINC 0.18 ( 1.1)| 0.18 ( 2.2)f 0.26 ( 2.2)| 0.31 ( 4.9)} 0.20 ( 2.7)
LFAM 0.00 ( 0.0)}-0.17 (-2.1)}-0.18 (-1.8)|=-0.22 (-3.2)|-0.01 (-0.1)
NOPROV -0.04 (-0.2)1-0.21 (-2.4)}{-0.22 (-1.9)]|-0.21 (-2.1)]-0.22 (~-1.7)
(a) 1.03 (0.10)] 2.00 (8.6)| 1.07 (0.7)|14.70 (122)| 2.94 (6.9)
SAMPLE SIZE 1074 1074 1074 1074 1074
INTRAFAMILIES
CORRELATION 0.08 0.32 0.15 0.27 0.43

4 Dental data from years 2 and 3 only.

Because families share propensities to go to the doctor,
observations from members of the same family contain less new
information than would the same number of independent observations.
Correcting for this intrafamily correlation has little effect on the
regression coefficients, but the t-statistics measuring significance are
shrunk considerably for variables such as plan and family income, which

are the same for all members of the family. The greatest effects are
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seen in dental, acute, and well episodes, for which intrafamily
correlation is largest, and the effective sample size is about
halved.[15]

The estimated values for « in Table 4.9 show how much individuals
differ in unmeasured ways. The small values for hospital and chronic
show that people have strong propensities that are not captured by the
independent variables, and the large value for well episodes implies
that most individual tendencies are captured by the independent
variables.[16]

There was substantial correlation among counts of episode types
over individuals. Table 4.10 shows that acute and chronic episode-
counts were particularly correlated. This may reflect the assignment of
chronic flareups to the acute category, where from an economic point of
view they belong. Correlation does not affect predictions of average
spending on the experimental plans, which is still the sum of the
averages of the individual types. The correlation is most important for
simulation of different deductible plans. Since the full distribution
of expenditures determines who will exceed the deductible, correlation
must be considered. In simulation, we will combine episode types that
are highly correlated, or use a more complex random simulation procedure

that accounts for the correlation.

[15] We would like to thank our colleague William H. Rogers for
generously sharing his software with us to do these computations.

[16] Alpha is the shape parameter of the gamma mixing distribution
of unmeasured propensities for episodes. This distribution has a
coefficient of variation of

1/2 1/2

@p) 2 /ap = "

The "t" values test differences of o from 1, compared with a sample with
only one from each family.
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Table 4.10

CORRELATION OF RESIDUALS OF DIFFERENT EPISODE COUNTS

Type Acute Well Chronic Hospital
Dental 0.24  0.20 0.12 -0.01%
Acute 0.25 0.47 0.26
Well care 0.22 0.28
Chronic 0.26

NOTE: Residuals from the predictions discuss-
ed in App. A, shown in Tables A.1 and A.2, were
correlated. Based on three years of data for 1074
stayers in Dayton. All correlations significant
at 0.01 except hospital-dental.
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Chapter 5

CHANGES DURING THE YEAR IN EPISODE FREQUENCIES

In Chap. 4, we studied the determinants of annual episcde counts.
While annual episcde counts are at least theoretically a better measure
of behavior than annual expenses or visits, such an aggregate analysis
misses the major advantages of episodic data. If we knew how people
behave as price changes through the year, we would have a much better
understanding of the demand for medical care, and the effects of
deductibles on demand. The results could be used to predict, with some
confidence, the spending on plans with a range of deductibles. Studying
spending changes during the year may also reveal the size of the
transient effects in the experiment. These effects are important in
judging the generalizability of results, and in planning the phase-
in of insurance changes.

There are two methodological problems in analyzing changes within
the year. The economic problem lies in finding the response to the
marginal price of services for a family with a deductible. Below, we
will show how we adapted our solution in Keeler, Morrow, and Newhouse
(1977) to these data. The ability to anticipate exceeding the
deductible turns out to be very rare, and by ignoring it we obtain a
much more tractable estimation problem. Anticipation might be important
with smaller deductibles.

The statistical problem arises because "sickly" people who tend to
seek more care (and exceed the MDE) will face lower prices on average
later in the year than will others. We separate price effects from
sickliness effects, by assuming that unobservable individual
propensities to spend are constant over the year (an assumption we
test), and compare behavior before and after the MDE is exceeded with
behavior on the free plan (where presumably there are no within-year
price effects).

Except for small surges of demand for well care and dental care in
the first three months and the last month of the experiment, episode

rates for those on the free plan are constant during the year.
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Empirically, the occurrence of individual episodes are random over
time.[1] Episode occurrence rates of those on pay plans after they

"sale" effect.

exceed their MDE during a year do not indicate much of a
That is, pay-plan participants faced with free care between the time
they exceed their MDE and the end of the year have rates approaching
free-plan rates, but do not appear to splurge on deferrable conditions.
We begin by discussing the economic and statistical problems. Our
formal model of within-year behavior of pay-plan participants follows,
together with the results of fitting this model and our interpretation.
In App. F we discuss the assumptions underlying this model and the
checks that were made on them. These include: constant episode rates
during the year on the free plan, independence of an individual's
episode occurrences over time, and the infrequency of situations where
families might anticipate exceeding the deductible without having

specific purchases of medical care in mind.

DEMAND FOR SERVICES WHEN PRICE CAN VARY: THE ECONOMIC PROBLEM

When the rate of coinsurance for medical services can change, the
current out-of-pocket price is not a complete guide to action. Instead,
the economically rational family looks at the effects of current
spending on future prices. Before the deductible is exceeded, current
spending has the bonus of reducing the remaining deductible. Thus, the
true price is somewhat less than the nominal out-of-pocket price. How
much less depends on the probability that the family will subsequently
exceed the deductible. (See Keeler, Newhouse, and Phelps, 1977.) This
is shown graphically in the left side of Fig. 5.1, in which the real
price is sketched for families that are more or less likely to exceed an

annual deductible.

Anticipation

If families could reasonably anticipate that they would exceed the
MDE, they might start spending more from the point they first
anticipated doing so, instead of from the date they actually exceeded

the MDE. Thus, insurance plans with small deductibles that most

[1] That is, given a person's propensities to have episodes, the
actual events occur independently over the year.
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families would exceed would do little to restrain demand. In

addition, such anticipation would make the effective price less than the
nominal price, and estimates of price effects using average normal price
would be biased.

Families might anticipate future spending in two ways. First, they
may schedule spending on such things as dental problems found at a
previous examination or continuing care for diabetes. Second, a large
family with only a few dollars left on its MDE early in the year can be
fairly sure that it will exceed the MDE with time to spare, even if it
does not know precisely how.

Neither of these forms of anticipation changes our results very
much. Spending on particular known problems is already taken into
account by the program that links up charges into episodes. The program
assumes in its linking and dating procedures that such spending is fully

anticipated. The second form of anticipation cannot be important
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because it occurs so rarely. We show in App. G that for both family and
individual deductible plans, times at which participants might
reasonably expect to exceed the remaining MDE were only one-fourth as
frequent as times when families had already exceeded it. The situation
for the individual deductible plan was similar to that for the
coinsurance plans.

Thus, except for episodes that had already begun, participants were
rarely in a position to anticipate exceeding their MDE or deductible.
For this reason, we will simply compute the average rate of spending
before the deductible is exceeded, in effect grouping all pre-MDE
situations in the analysis. The rarity of anticipatory positions means
that the bonus effect cannot be important for plans with large ceilings
or caps, especially if these are combined with low coinsurance rates.
The rarity also means that we will have to wait for more of the data to
be processed before it is possible to attempt to distinguish between the

rate of episodes in nonanticipation pre-MDE and anticipation periods.

Families with changing coinsurance rates have another interesting
option. They can schedule deferrable treatment episodes to a time when
out-of-pocket prices are low. Thus, families with care that is
temporarily free have medical care '"on sale," and have more incentive to
spend than families with permanently free care. We can check this
phenomenon by looking at the experience on the free plan at the start
and finish of the experiment, and by studying what happens to families
in the months just following the time they satisfy their deductible.

The most deferrable types of treatment are dental and well care.
Three years of free-plan, quarterly data on dental and well-care
episodes are shown in Fig. 5.2. We can see an initial "catch-up'" surge
in the first quarter of year 1 and a somewhat smaller "store-up" surge
at the end of the three years. A week-by-week examination showed that
the initial surge fell to the normal rate after 12 weeks. Apparently
this was enough to obtain all desired deferred services. To mirror this
experience on the free plan, we will select the three months following

fulfillment of the MDE as the period to test for sales.
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Fig. 5.2 -- Individual quarterly rate of well-care

and dental episodes, free plan

The final surge is somewhat smaller because only half the
participants exited after three years, and half have another two years
to go. The transient effects of the experiment were very minor,
representing no more than a doubling for the first quarter. This
probably reflects much less pent-up demand than in the surge at the
start-up of British National Health Service in 1948 noted earlier.
Britain then was much poorer, and more poorly insured than we are now,
and nonessential health care may have been deferred by the war.

In sum, we will check spending rates for three economic periods in
each accounting year: the period before the MDE is exceeded, the next
three months, and the rest of the year. We will call these the pay
period, the sales period, and the final period, for short. Since only
20 percent of families exceed their MDE in any one year, these later

periods often do not exist for many families.
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SEPARATING SICKLINESS FROM PRICE EFFECTS: THE STATISTICAL PROBLEM

For health insurance plans with deductibles, prices are lower on
the average for those who tend to have more episodes. (We will call
such people "sickly.") Sicklier families tend to consume relatively
more care early in the year and hence are more likely to exceed their
deductibles (or MDEs). Annual analysis by plan was made easier because
plans are balanced by propensities to spend. Unfortunately, plan
subgroups based on price determined by spending within the year become
unbalanced as the year goes on.

Some data on first-year Dayton episodes by month bear out this
hypothesis. It contrasts behavior of those on the free plan with those
who have a family or individual deductible plan (100 percent coinsurance
in first-year Dayton). In the top display of Table 5.1, we see an
apparent sales effect as the pay-plan participants who exceed their
deductible (the row with 0 deductible left) then spend an average of $37
per month for the rest of the year. This is $10 more than average
monthly spending of those participants on the free plan. However, let
people in a given month be categorized by their previous spending. (In
this case, called "high" if the previous monthly average exceeds $15 per
menth and otherwise called "low.") Then the lower two displays in Table
5.1 show that the big differences are between those with high and low
previous spending, with only small differences depending on whether the
MDE is exceeded. The apparent sale effects have almost disappeared.
This is fairly convincing evidence of fixed individual propensities to
generate episodes.

Spending during the period before the MDE is not a perfect measure
of the natural propensity to spend, since it includes regression to the
mean. In other words, people have high expenses early in the year both
because they were sickly and because they were temporarily unlucky. The
sickliness should persist, but the bad luck may not. Appendix C gives
some data that show how large the regression to the mean is by looking
at free-plan behavior. We show there that the presumed sickliness

effect as given in Table 5.1 is reduced by regression to the mean.
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Table 5.1

AVERAGE MONTHLY EXPENDITURES BY DEDUCTIBLE REMAINING

Monthly Expenses

Number
of Average Average
Deductible Person Dollars Percent Log if
Plan Left Months per Month Positive Positive
Free plan -- 3396 $§27 33% 3.4
Pay plans 0 661 $37 35% 3.5
1-100 283 $16 23% 3.2
101+ 3472 $13 20% 3.2
Low previous expensea
Free plan -- 1773 $11 24% 3.2
Pay plans 0 155 $14 24% 3.4
Positive 2762 S 7 16% 3.0
High previous expense
Free plan -- 1623 $44 43% 3.5
Pay plans 0 506 $44 38% 3.5
Positive 993 $§32 34% 3.5

NOTE: Dayton, first year, excluding adult dental.

80w is defined as $15 per month or less.

A MODEL OF WITHIN-YEAR PRICE EFFECTS

Our model of within-year price effects resclves this statistical
problem. It allows us to compute the ratio of the episode rates in
different periods defined by MDE status to what those rates would have
been on the free plan. The model relies on four critical assumptions,
discussed briefly in the next four paragraphs. Evidence on the
assumptions is presented and discussed more fully in Apps. B and F.

Nonprice-related propensities to have episodes are fixed over the

year. These propensities are determined by measured and unmeasured

characteristics. We will estimate the expected number of episodes on
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the free plan for each individual, using nonplan individual covariates.

We can add these up to get a total for family k that we will call dk‘
Since our information about families is limited, they will also have
propensities that will not be captured in the statistical predictions.
(Over time, we would expect individual families to consistently be over-

or underpredicted by the d To account for this unmeasured variation,

k')

we will assume that each family has an unmeasured propensity Uy that is

constant from year to year. The families' actual propensity is the
product dkuk' The U will be assumed to be drawn from a gamma
distribution. The gamma is a fairly rich distribution (it can take a
variety of shapes), with computational advantages.

The year is split into three periods by MDE status, and within

these periods the effects of price are constant. Above, in the economic

section, we justified splitting the year into the period before the
deductible (or MDE) was exceeded (the 'pay'" period), the three months
just after (the "sale' period), and the rest of the year (the "final"
period). 1In effect, we will estimate three ratios (ﬂij; i=1, 2, 3)
for each coinsurance plan j. These price ratios are defined as the
ratio of the expected number of episodes in period i for a family on
plan j to the expected number of episodes in period i for that family if
care were always free. That is, it is the ratio of pay-plan propensity

to the free-plan propensity to generate episodes.

Episode rates on the free plan can be considered constant over

time. We show in App. B that episode rates for all types of episodes
are uniform except for sales effects, the first day of the year, and a
tendency for chronic episodes to occur early in the year. Except for
sales effects, these patterns persist in all three years. We compare
pay-plan episode rates with the nonsale average, assuming that this
represented the steady-state rate. The surge of carry-over episodes on
the first day of the year, and the tendency for chronic episodes to be
dated earlier in the year, follow from our grouping conventions. Thus,
these trends should be the same on all plans. In the analysis, we

transform time so that rates are uniform.[2]

[2] For example, the first day has as many acute episodes as 22
ordinary days. We say that someone who exceeds the MDE on the third day
has had (22 + 2)/(22 + 364) of the year's experience in their pre-MDE
stage.
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Occurrences of episodes are independent over time. Individuals

have different propensities, but conditional on these propensities,
episode occurrences do not appear to be bunched or spread more than
random. Thus, they can be modeled as being Poisson distributed.[3]
This is convenient for purposes of comparison because the Poisson
distribution is infinitely divisible, i.e., the episodes in any fraction
of the year also follow a Poisson distribution.

Thus, summarizing the four assumptions, a family k on plan j in MDE

status i for an effective period of time ti will have n, episodes,

k k

where n,, follows a Poisson distribution with mean 7,.8,u. t.,. Table
ik ij k'k ik

5.2 summarizes the notation and assumptions made thus far in specifying
the model; others will be made in fitting the model. For those who are
still confused, we offer Fig. 5.3. This depicts episode occurrence
rates for two hypothetical families on one of the pay plans. These are
not the actual rates, but the assumed true long-run average rates for
those families in that position.

Family 1 begins the year with expected occurrence rate nlfl, where

m, is the price ratio for period 1 (the "pay" period) and f, is the

(Mathematically, one can think of fl as the Poisson occurrence rate for

Family 1's "treatable illnesses on the free plan" with ™, being a 0-1
Bernoulli selection function determining whether spending occurs for
that illness.) When Family 1 exceeds its MDE six months into the year,

its expected occurrence rate jumps to m for three months (the "sale"

f
271
period). If ™, exceeds 1 as in Fig. 5.3 ('nzf1 is larger than fl), there

is a sales effect and people are spending more than selection and free

care would explain. After three months, the sale is over and Family 1's

[3] Families occasionally have several episodes on the day the MDE
is exceeded. We assume that all such episodes belong to the pre-MDE
period. Alternative assumptions that put some of the multiple episodes
into period 2 have no discernible effect on pre-MDE price ratios, and
raise period 2 price ratios by 0 to 5 percent, depending on plan and
type. The problem of multiple episodes exceeding the MDE is similar to
the case of someone with only a little MDE remaining who has a very
large episode. Multiple episodes are studied in more detail in App. D.
In App. E, we separately discuss multiple hospitalizations.
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Table 5.2

NOTATION AND ASSUMPTIONS

Notation:
ﬂij = ratio of occurrence rates for period i on plan j
to no pay rate; i = 1,2,3 (the price index).
Gk = predictable component of expected annual episode
occurrence rate under free plan for family k (a function
of the covariates of individuals in family k).
u = multiplicative component of expected annual
occurrence rate for family k if care were free that is
due to unmeasured family propensities to have episodes.
6kuk = expected annual occurrence for family k if
care were free (fk).
tik = time spent by family k in period i. The period until
family k exceeds the MDE is period 1, the next 3 months
is period 2 while t3k =1 - tlk - t2k is the
remainder of the year, if any.
N = number of episodes that family k has during period 1.
Assumptions:
1. Episodes occur during period i to family k on plan j,
according to a Poisson process with intensity function
m,. .
1J6kuk
2. Thus nikltik’ﬂij’akuk ~ Poisson (ﬂijﬁkuktik).
3. lEd Gamma {(e«,Bf). That is, the unmeasured component

u
k
is modeled as being drawn independently from a gamma
distribution independently for each family.
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occurrence rate drops to fl’ its "free" rate for the "final" period.

(In Fig. 5.3, w, is assumed to be 1.)

3
Similarly, Family 2 begins the year with occurrence rate nlfz,
where f, is Family 2's "free" rate. Since Family 2 never exceeds its
deductible, its rate remains at 7,6 f, throughout the year.

172

Methodology for Fitting the Price Effects Model

There are several pieces to put together in order to estimate the

parameters of the price effects model. Define fk =

is the remaining unpredictable

Gk’ where 6k is a
predictable family component and Uy
component. First, the predictable family component Bk must be estimated
from individual covariates. Next, the maximum likelihood procedure for
estimating the price indices L and the parameters of the distribution
of uy will be laid out. Finally, we describe the way pay-plan episode
rates are scaled to make them directly comparable with free plan rates.

We describe our methods before presenting the numerical estimates.
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Recall that 6k is the predicted annual number of episodes for

family k if care were free. This is estimated by d,, which is obtained

s
by summing individual regression predictions of annial episode rates
(from App. A) over the individuals in the family.[4] We assume there
are no interactions between within-year price effects and other
covariates, so that all the effects of covariates other than price on
numbers of episodes are summarized by 6k.

Analogously to our negative binomial regression model in Chap. 4,
we assume family k has an unmeasured multiplicative factor Uy with uy
having a gamma distribution with parameters a and B. Given the value
Uy s the annual rate for family k is assumed to be uka if care were
free. This can be regarded as the Poisson regression analog to random
effects models in the analysis of variance.

The parameters a and B of the gamma mixing distribution measure by
how much the underlying episode rates of families differ from the rates
predicted from their demographic characteristics. The larger the
unobservable or unmeasured differences between families, the higher the
variance aBz = B of the mixing distribution, and the lower the value of
a.[5]

Appendix H gives the likelihood function and technical derivations

of the maximum likelihood estimates presented in the next section.

RESULTS

We first give results on acute outpatient episodes. These are the
most frequent type and hence generate estimates that are the most
precise statistically. As noted earlier, the year is split into three

periods and the sale period is assumed to last three months after the

[4] For cost reasons, we chose the more standard OLS regressions
predicting the square root of individual episode frequencies given in
App. A in preference to the negative binomial regressions given in
Chap. 4. It turns out that both models give substantially the same
predictions.

[5] Since the regression estimates d, of rates based on demographic

k
characteristics are unbiased (the sum of the dk equals the sum of the
nk), the estimated mean of the Gamma distribution should teoc be clese to

one. The mean of a gamma is given by af (= 1) and the variance by aBZ,
where o is the shape parameter and B the scale parameter.
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MDE was exceeded. Table 5.3 shows that the pay-period rates for each
plan for the first three years of Dayton are all substantially less than
the free plan rate. The price indices for 95 and 50 percent coinsurance
plans are similar, being between 50 and 60 percent, while the price
index for the 25 percent coinsurance plan is somewhat larger (about 70
percent). Depending on the plan and the site and the year, only 15 to
30 percent of participants exceeded their MDE on these plans in the
first nine site-years (including sites other than Dayton) of the
experiment. Thus, most of the data are in the pre-MDE range and the
results are quite stable over time. In Table 5.3, the values for the
free-plan index are set at one and the estimated occurrence ratios p, on
the other plans are all relative to the free plan.

In the sale period after the MDE is exceeded, the estimated price
indices (pz) on the other plans are closer to the free-plan rates than

was p,. To compute more precise estimates of these indices, we based
Table 5.3

ESTIMATED PERCENTAGE PRICE INDEX FOR ACUTE
EPISODES BEFORE THE MDE IS EXCEEDED

Year Free 25 50 35 b
1 100 78 67 60 0.45
2 100 66 47 56 0.44
3 100 68 50 50 0.35
Standard error (S.E.) (10) (10) (7 (0.06)
All three years 100 71 54 55 0.40
S.E. for 3 years (5 ( & (4) (0.03)

NOTES: Here and in other tables, rates are given relative
to the free plan so that the free-plan rate is 100. The
values tabled are 100 Py for each plan, where Py is the

maximum likelihood estimate of .
The entries in parentheses are the standard errors of
100 Py based on the asymptotic variance of the maximum

likelihood estimate. Including the effects of random varia-
tion on the reference free plan increases these by about 1.
Details of the error calculation are in App. F.
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Table 5.4 on the combined data for all three years. We also show
estimates for the individual deductible plan here. They are very close
to those for the family deductible (95 coinsurance) plan. No sales
effects for acute conditions are observed (p2 < 1), as expected, since
there are few investment possibilities in acute care. The indices do
not jump to 1.0 in either of the last two periods, perhaps because of
habit, perhaps because participants may not know that they exceeded the
MDE. Unless they keep personal records, they will not be informed of
their MDE status until their insurance receipt arrives, that is, on
average, about a month after the billing date. By contrast, people on
the free plan, who did show pronounced sale behavior at the beginning of
the experiment, were aware from their enrollment interviews that their
insurance was changed by the experiment. Finally, we have assumed that
people on the pay plans have incorporated the full cost of an episode in-

to their planning as soon as it starts, and they probably did not do so.
Table 5.4

ESTIMATED PERCENTAGE PRICE RATIOS FOR ACUTE
EPISODES, THREE YEARS COMBINED

Plan
Individual
Period 25 50 95 Deductible
Pay (before MDE) 71 ( 5) 54 ( 4) 55 (4) 57 (&2
Sale (next
three months) 79 (11) 57 (10) 75 (9) 73 (10)

Final (rest of year) 97 (10) 71 (11) 85 (9) 91 (10)

Estimated b = 0.4 (0.03)

% The entries in parentheses are the standard errors
of 100 p as given by the asymptotic variance of the maximum
likelihood estimate. Including the effects of random vari-
ation on the reference free plan increases these by about 1.
The details of the error calculation are in App. F.
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Episode linking conventions may be responsible for some of the
difference between price ratios in the second and third periods. To
deal with visits for the same illness that might have been diagnosed
differently, we put acute spending within a week of an earlier acute
episode into that episode. Thus, there would be little chance of two
acute episodes occurring a week apart.[6] One week missing from three
months is about 0.08 of the total of randomly occurring illness.

We tested our methods on the actual free-plan experience split into
three pseudo-periods by an imaginary $500 deductible. The price ratios
for the three periods were 1.04, 0.88, 1.00. Since the three periods
were artificially imposed on the data, the differences from 1.0 were
either random or artifacts of the methods. The drop in the second
period was not quite statistically significant, but it may reflect the
acute episode one-week gap.

For acute episodes, the estimate variance b of unmeasured
differences between families was 0.4. This small variance means that
our measures capture most of the difference between families, and that
residually higher spending in the sale periods is mainly due to price
effects. If b were larger (if families differed more in unmeasured
characteristics), those going over the MDE would be quite different from
the others, and the increased spending would reflect selection effects
more than price effects. The price ratios in the sale periods would
then have been estimated smaller than in Table 5.4. 1In fact, the
uncertainty in the estimate of b is quite small (0.03), and the values

in Table 5.4 would not be greatly affected by much larger errors.[7]

[6] Our analysis of the independence of episodes was based on
monthly aggregates, so this very short-term correlation did not appear
strongly there. We plan to investigate this issue further when we look
at interarrival times of episodes.

[7] Setting b at +11 standard variations from its estimated value
of 0.4 leads to changes of 10 to 15 percent in sale period ratios and 2
percent changes in pay period ratios.
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Nonacute Episodes

After participants exceed the MDE, the rate of episodes of other
types goes up, but just as with acute episodes, there is not a large
"sale" splurge. After splitting the year into three parts for these
episodes, the estimate P, is higher than Pg five times out of twelve (3
years times 4 episode types: chronic, well care, dental, hospital).
That is, the price index for the sale period exceeded the price index
for the final period in about half the cases. This contrasts with acute
episode behavior and might be partially due to sales effect on stored-
up problems (which are more likely for well-care or dental episodes than
for acute). Sales for some participants might be balanced by other
participants being unaware that they had exceeded the MDE. Another
possible contributory factor is the larger error in the estimates.

These other episode types are less frequent than acute episodes. In all
cases p, and p, were close. Because of the lack of pattern and the
imprecision in the three part estimates, we combine all the experience
after the MDE is exceeded in Table 5.5. Even with this aggregation, the
hospital episode estimates are very imprecise.

Except for the 25 percent coinsurance plans, there are substantial
increases in spending after the MDE is exceeded. We would expect
effects to be smallest on the 25 percent plan, since the financial
change from coinsurance to free care is smallest there. For other pay
plans, episodes after the MDE is exceeded occur mostly at rates close to
the free-plan rate. Even for those episode types where the timing is
flexible, coinsurance appears to be restraining overall demand. Sales
effects, where they occur, seem much too small to overcome the initial
low-demand period. With more data we will get better precision, but for
the time being, the data are roughly consistent with demand after the

deductible is exceeded occurring at the free-plan rate.
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Table 5.5

PERCENTAGE PRICE INDICES FOR EPISODES
IN NONACUTE CATEGORIES

Individual 95 Percent 50 Percent 25 Percent Dispersion
Deductible Coinsurance Coinsurance Coinsurance b
Pay Rest Pay Rest Pay Rest Pay Rest Pay Rest
Type of Pe- of Pe- of Pe- of Pe- of Pe- of
Episode riod Year riod Year riod Year riod Year riod Year
Well 72, 87 66 101 84 110 86 56 None®
(6) (13) (5)  (10) (5) (20) (6) (14)
Chronic 67 84 62 100 55 78 82 81 0.49
(8) (12) (5)y (1) (6) (17) (6) (12) (0.05)
DentalC 70 92 79 112 74 88 90 104 0.50
(10) (200 (9) (18 (9 (20) (9) (26) (0.06)
Hospital 64 212 88 102 67 83 87 152 0.55
(19) (60) (15) (20) (14) (29) (15) (49) (0.22)
NOTE: Based on three years of data.

& There are no detectable unmeasured differences between families in
propensity to use well care. To get convergence of the estimates, o was
fixed at 9.0.

The entries in parentheses are the standard errors of p, as given by
the asymptotic variance of the maximum likelihood estimate. "Including the
effects of random variation on the reference free plan increases these by
about 1. Details of the error calculation are in App. F.

© Based on second and third years.
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Chapter 6

CONCLUSIONS

The episodic analysis was designed to take a closer look at
behavior that might not be apparent in the aggregated annual analysis.
Much effort and resources went into creating the programs that split
expenses into episodes of different types and placed them within the
year. Most of the data have not yet been analyzed, but these interim
results have important implications for insurance design, for other HIE
analysis, and for further work.

Plan differences in expenses appear mainly due to different numbers
of episodes--plan effects on episode size are small. The two-part model
of annual expenditures (Manning et al., 1981) showed that people on the
free plan were more likely than pay-plan participants to have some
positive spending, and to spend more when they did spend. Our results
show that both of these effects are due mainly to the higher expected
number of episodes on the free plan. This higher expected number of
episodes results in a lower probability of no episodes, and a higher
expected number given that there are some episodes.

We have not studied whether illnesses that would be treated on the
free plans, but are not treated on the stingy insurance plans, represent
mostly illnesses that are milder than average. It seems plausible that
they could be. If so, the equality of episode size on different plans
is the result of two effects canceling each other out. The more severe
illness seen in stingy plan episodes may be treated less intensively
because of the cost to the patient. Differences in severity will be
tested when we study plan effects on the occurrence of different
diagnoses, although we will still be unable to infer severity within the
diagnosis categories.

If the severity mix proves to be similar on all plans, the effects
of price on medical care costs must be limited to the patients' initial
decision to seek care. We would then be unlikely to find plan
differences in type of provider chosen, tendency to use generic drugs,

outpatient surgery, or other possible actions that economize on the
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treatment of a given illness. This would imply either that patients do
not ask doctors to keep uninsured expenses down, or that doctors do not
adjust treatments toward that goal. Also, if price affects only the
decision to seek care, it will be important to supplement quality-of-
care analyses with studies of the appropriateness of behavior by the
patient in initiating episodes. Studying whether each hypertensive
patient episode has enough checkups will miss hypertensive patients who
never get into the system. Fortunately, we have criteria for the
presence of tracer diseases in the HIE that are independent of care
received in the study and are based instead on the entrance screening
examination.

The various episode types clearly represent different decisions.
Acute and chronic episodes are related to health variables, whereas
dental and well care are more related to income and education. Overall
price has slightly more effect on the occurrence of dental and acute
episodes than on the other kinds. Within the year, the effects of
exceeding the MDE are smallest for the acute episodes, as expected.
Further analysis of particular subtypes such as pregnancy, or vision and
hearing, may reveal more coherent categories, and shed light on scope-
of-coverage issues.

The within-year price analysis shows that deductibles may be more
effective than expected in restraining demand. For the medium-sized HIE
deductibles, unspecific anticipation (where one expects to exceed the
small amount of deductible remaining, but has no particular illness in
mind) is too rare to be important. Surprisingly, observed sales effects
within the year were small. Apparently people do not care enough about
reducing the cost of medical purchases to keep up-to-date records and
defer deferrable care until they exceed their MDE.

These results support the economic appeal of such
income-conditioned, medium-sized deductibles as were offered in the
experiment. Two theoretical problems (sales and anticipation) with such
deductibles apparently are not important. Sales would show that
treatment demands were being delayed from their optimal (from the point
of view of health) time of purchase. Both sales and anticipation would
reduce the effects of the deductible in keeping demand close to its

uninsured level.



A major goal of this analysis was to acquire information that would
permit us to simulate the effects of plans other than the 14
experimental plans. In particular, we would like to develop tables or
formulae for the expected effects of various-sized deductibles on
demand. The results of the analysis are encouraging, because they point
to a fairly simple simulation procedure. First, since occurrences of
episodes are independent over time, we can use the nice convolution
properties of the Poisson distribution, and simply use the
characteristics of individuals in a family, and the family coinsurance
rate, to compute a family base rate. Because the numbers of different
outpatient episode types are correlated over individuals, it is probably
better to have only two distinct medical episode generators, one for
hospital episodes and the other for all outpatient episodes. For medium-
sized deductibles or MDEs, we need not worry about weak anticipation, so
we can simply generate episode dates for the family using the initial
(pre-MDE) rate, and generate costs for each episode,[1] adding them up
to see when the MDE is exceeded. At that point, we can switch to the
free-plan rate for the rest of the year.

We cannot yet model small deductibles very well, since we do not
yet have enough data to enable us to estimate the effects of weak
anticipation.

Only about 20 percent of participants exceeded their deductible or
MDE, and often did so late in the year. Hence estimates of how they
then behaved are based on much less abundant data than the
before-exceeding estimates. Next year, with more years of data, we will
be able to estimate the anticipation and sales effects more accurately.
For now, we have a solution to the vexing theoretical problem of
untangling sickliness and price effects in those who exceed, and a
suggestion that sales effects may not negate the advantages of

deductibles.

[1] We are still uncertain about the relation between numbers and
costs of episodes, and whether there is any sale effect on the costs of
episodes. However, based on the lack of plan effects on costs, we may
assume for now that episode costs are independent of number or time in
the year.
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Besides analyzing more data, we hope to improve these estimates by
developing more powerful techniques for within-year analysis. These
will be adapted from multivariate survival methods, in which we analyze
the time between episodes rather than episode rates. More data will
also permit us to create finer categories of episode types and utilize a
finer division of time within the year. For now, we are encouraged that

these interim results are both plausible and interesting.
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Appendix A

REGRESSION MODEL FOR SQUARE ROOT OF EPISODE COUNTS

In Chap. 5 we use a square root regression model to predict
individual annual counts on the free plan. These predictions are then
summed over each family to get a family prediction. Here we give the
development and results of this regression model. Since ordinary least
squares (OLS) is inexpensive and has more supporting software than the
negative binomial, it was used in preliminary analyses leading up to the
specification of the negative binomial model. We begin with a brief
description of some theory about the choice of a transformation for
episode counts and then show why we chose the square root. Tinally, we
give the results of fitting this model.

Because of the possible interest in modeling episode counts in a
more conventional way, we report our analysis leading to using the

square-root transformation in some detail here.

CHOICES OF TRANSFORMATION

Common assumptions for a linear model are that v =W + e, where
M, = XiB is the expected number of episodes for person i, and that the
errors e, are independent with a common variance. Since even after
conditioning on personal characteristics, the numbers of episodes do not
have equal variances, we will try to generalize the model in three ways.
Our discussion follows the theory given in Pregibon (1979). First, we
could try a transformation y = g(n), where n is the number of episodes,
with the hope that y would then satisfy the linear model assumptions.
Second, we can assume that the error distribution is the one-parameter

exponential family with density of the form

f(y;8) = exp{y6 - a(8) + b(y)}

which includes the normal density as a special case, but also includes

the Poisson and inverse Gaussian. Finally, we can let E(y,) = u, =
i i
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g_l(XiB), so that mean of y is a monotone transformation, not
necessarily the identity, of the weighted sum of individual
characteristics.

Ideally, one would like a transformation y = g(n) to satisfy a
number of conditions. In simple linear regression, the mean of the
transformed variable is assumed to be a weighted sum of the explanatory
factors (i.e., the transformation g(u) = x'B is the identity uw = x'B).
The error should be independent and identically distributed for all
people. Precision falls and confidence intervals are harder to compute
when OLS is used if, for example, those people with higher means also
have higher variance. Moreover, the usual computed significance
probabilities in least-squares assume normal errors; skewed error
distributions lead to outliers that may have undue influence on the
results and bias the t-tests of significance.[1l] Finally, since these
results will be used to predict numbers of episodes, we would like
retransformation to be simple.

To make retransformation simple, we confined our choice of

transformation to four candidates:
y, (y + 0.375)1/2, (y + 0.5)1/3, log(y + 0.5).

The square-root and log transformations are the commonest for studying
the Poisson, and as described in the text, it appears that occurrences
of episodes for individuals are, in fact, independent over time.

After rating these transformations along all the criteria, it

1/2

appears that (y + 0.375) , Anscombe's variance-stabilizing square-

root transform, is best. Table A.1 summarizes the theoretical and

[1] It can be shown that
E(t) = -¥/2/n and Var(t) = 1 + 2(1 + Xz)/n,

where t is Student's t and ¥ is skewness. These formulas show that
moderate skewness has only small effects on t.
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empirical properties of each transform. Not much detail is given for
the identity transformation, since OLS is clearly inappropriate here.

The link transformation was tested using the goodness-of-link test
(Pregibon, 1980). This test regresses residuals from a nonlinear
function of (X'B) on residuals from the OLS regression of Y. If the
coefficient is significant, then the identity link is flawed. (Note
that this assumes the X'B form of covariates.) The test also indicates
whether the transformed variable should be more compressed or spread out
to improve the fit. The test showed that the cube root of n might be
preferable to the square root. The log fit was even worse and the test
pointed to a less severe transform. The cube-root identity link looked
good, as expected. However, further analysis of the square-root link
showed that most of the significantly poor fit came from the one
significant ocutlier, a woman with 103 outpatient episodes. When this
case was removed, the misfit of the square root was no longer
significant (t = 1.1).

The variance of various transforms of the Poisson can be
approximated using calculations such as those done by Anscombe (1948).
These calculations show that heteroscedasticity should not be present
for the square root (the constant 0.375 is chosen to take out the 1/m
term in the expansion). The variance declines slightly with larger m
for the cube-root transform and is inversely proportional to m for the
log. These theoretical computations are mirrored by the data.

The variance of residuals from regression of the square root
transform is the same for all plans, for other major dependent
variables, and for big or small predicted values. The variance of
residuals ranged from 0.50 to 0.56 on the five plans, with the free plan
in the middle. This variance is the sum of 0.25 (the Poisson variance)
plus differences between individuals that are not explained by the

regression. (These differences are modeled by the u, in Chap. 5.) Such

k

differences are roughly balanced across plans. All the other plans had

sample variances within one standard error of the free-plan estimate.
The residuals were checked for outliers, skewness, and kurtosis.

For both the square-root and cube-rocot transform, there were no

significant outliers. The distribution of square-root residuals is
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positively skewed (S = 0.27), which is significant statistically (p =
0.04), but is not big enough to have much effect on the significance
tests. The cube-root residuals are fairly symmetric and the log
residuals have marked negative skewness. Finally, retransformation is
easy for the square root, and requires more assumptions and work for the
cube-root and log transformations.

In his review of this report, Gus Haggstrom pointed out that, for
moderate values of X, the logarithm and square-root transformation are

1/2,

is 0.968 for X = 5.) He argues for using the logarithm on the grounds

very similar. (The correlation between log(n + 1/2) and (a + 3/8)

of its simpler multiplicative-mean structure. This argument has merit,
but we marginally prefer the square-root because of its retransformation
properties and traditional role as the variance-stabilizing
transformation for the Poisson.

The reasoning and findings in the Chap. 4 model specification for
the negative binomial regression model are virtually identical for the

square-root model as described above, and so will not be repeated here.

FITTING THE MODEL

Table A.2 shows the regression equations used in predicting numbers
of episode for the within-year analysis. Effects of plan are not
needed, but otherwise the results are very similar to Table 4.9. The

s . 2
retransformed predictions are given by Y + mean-square error -0.375.
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Table A.2

REGRESSION EQUATIONS FOR PREDICTING NUMBER OF EPISODES

Variable f(Acute) f(Chronic) f(Well) f(Dental) f(Hospital)
CONSTANT 0.58 0.07 0.35 -0.41 0.60
LINC 0.16 0.09 0.09 0.09 0.01
LFAM -0.10 -0.06 -0.05 0.05 0.00
NOMD -0.14 -0.08 -0.03 -0.05 -0.02
LMDVIS 0.20 0.13 0.03 0.05 0.01
HEALTH 0.02 0.03 -0.003 -0.02 0.01
NEWBORN -0.63 -0.11 0.30 -0.07 0.43
WOMEN 0.23 0.08 0.24 -0.01 0.02
AGE 0.02 0.02 0.02 -0.01 0.00
SQRAGE -0.26 -0.09 -0.22 0.12 0.00
BLACK -0.22 -0.05 -0.10 -0.12 0.01
MAXED 0.004 0.007 0.021 0.018 -0.002
N 3343 3343 3343 3343 3343
R2 0.16 0.25 0.20 0.10 0.11

MEAN-SQUARE
ERROR 0.46 0.21 0.13 0.21 0.03

NOTE: For definition of variables, see Table 4.4.



Appendix B

ANALYSIS OF FREE-PLAN OCCURRENCE RATES

To show the trends in free-plan rates over time, we have graphed
the number of episodes by quarter. Because the acute and chronic
categories are consistent over the years, Fig. B.1 shows only the third
year for each. The surge on the first day of the year reflects our
accounting convention that episodes carried over from the preceding
accounting year are dated to the first day of the next year. The rate
of free-plan acute episodes is stable after that, but because of the
convention that episodes are dated to their first visit or to the
beginning of the year, chronic episodes are more likely to occur toward
the beginning of the year.[1]

To study the effects of copayment on episode rates within the year,
we will compare pay-plan episode rates at each time point with free-
plan rates, because changes in the rate of free-plan episodes cannot

reflect any within-year price effects. The rate of free-plan episodes

) 1.02 52
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08 - over o4l over
061 031
04l- | 77| 76 | & | ® o2} e
0.2 - 0.1 .20 .14 .16
ol ol-
1 2 3 4 1 2 3 4
Quarter Quarter
Individual quarterly rate of acute Individual quarterly rate of chronic
episodes, third year free plan episodes, third year free plan
Fig. B.1 -- Quarterly rates over time

[1] Since each year is processed independently, unless a continuing
chronic episode has a link (such as a prescription date) into the
preceding year, it will be dated to its first claim in the new year. If
it has such a link, it is dated to the first day in the year.



- 74 -

varies over time because of the way episodes are linked and dated, and
possibly because of seasonal effects. By convention, all episodes
carried over from the preceding year are dated to the first day, and
other episodes (including chronic routine care episodes) are dated to
the first claim in a year they are mentioned. A changing rate of free-
plan episode occurrence affects estimation, because within-year price
estimation essentially compares the observed number in a period with the
number expected in that period on the free plan.

It turns out that free-plan episode occurrence rates are uniform
over time with three exceptions: the first day of each accounting year,
sale effects at the beginning and at the end of the experiment, and a
tendency for chronic episodes to occur early in the year.[2] Since we
will also show that minor variations in free-plan rates over time have
very small effects on the estimates of price effects for the pay plans,
we combine data from all three years, estimate the proportion of
episodes on the first day, and assume constant occurrence rates for the
rest of the year for all episode types except chronic. For chronic
episodes, the rate is higher for the first part of the year. For our
free-plan chronic episode occurrence rate, we estimate 1.3 episodes per

month from days 2 through 60 and 0.7 episodes per month thereafter.[3]

Details of Free-Plan Occurrence Analysis

When the within-year patterns of free-plan episodes are compared
for the first three years of Dayton, only chronic episodes have the same
pattern over time. Table B.1 gives the chi-square and significance
probabilities of testing whether the three years of Dayton have the same
pattern. We split the year into the first day and 26 consecutive l4-day
periods, and used these 27 categories for the contingency table. There

are 52 degrees of freedom.

[2] For the free plan, the first day contains 6.9 percent of the
acute episodes, 22.2 percent of the chronic, 1.2 percent of the well,
and 11.1 percent of the hospital episodes in the first three years of
Dayton. These percentages are approximately constant from year to year,
and are computed after estimated sales effects have been subtracted out.

. . 1 1 . . - - 2 .
[3] This is the best "two-rate'" fit using a minimum X~ technique.

(X2 = 81 on 75 degrees of freedom.)



Table B.1

CHI-SQUARE TEST OF SIMILARITY OF WITHIN-YEAR
PATTERN FOR FREE PLAN

Item Acute Chronic  Dental Hospital Well
Chi-square (52) 81 56 73 51 78
P-value 0.007 0.30 0.02 0.43 0.01
Number of episodes 2795 1004 1297 108 817

We will argue that the high chi-square values are primarily due to
catch-up demand at the outset of the experiment and to within-family
similarity. Since we are interested in comparisons of long-term rates
of spending on the free plan, we scale spending at the nonsale rate by
subtracting out the sales. Within-family similarity in episode
occurrence rates increases the variance of individual counts, but it
should not affect expected rates. Indeed, the cells with the high chi-
square values appear to be randomly scattered throughout the year.

When the first twelve weeks of the first year and last four weeks
of the last year are omitted, neither acute, dental, nor well free-
plan rates are significantly different from uniform. Episode rates for
these types during this omitted period are 30 to 80 percent higher than
average for dental, well-care, and acute episodes, presumably reflecting
catch-up demand.[4] By comparison, rates on the pay plans are only 0 to
10 percent higher in these periods than their nonsales average.

The moderately high chi-squares for dental and acute reflect within-
family similarities of episode rates that could result from contagion or

convenience in combining trips to the doctor or dentist. When one

[4] Compared with the nonsales average (the average excluding the
first twelve weeks and last four weeks), the free plan has an estimated
excess of 23 percent acute, 63 percent well-care, and 31 percent dental
episodes in the first twelve weeks, and 43 percent acute, 34 percent
well, and 55 percent dental in the last four weeks. This means an
excess of 7 percent acute, 19.4 percent well-care, and 9.6 percent
dental episodes in the first year, and 3.3 percent acute, 2.6 percent
well-care, and 4.2 percent dental episodes in the last year.



- 76 -

Table B.2

CHI-SQUARE VALUES FOR TESTING UNIFORMITY OF EPISODE RATES
UNDER THE FREE PLAN

Well
Item Acute Dental Care (b.F.)
(Omitting sales period)
All episodes?® . 87 88 71 69,
One from each family 30 32 25 34

& No values significant at 0.05 level.
Based on 4-week periods.

member from each family is picked at random (to eliminate within-
family correlation in the data), the significance probabilities fall
dramatically, as do the sample sizes, as shown in Table B.2.

Seasonal variations are a conceivable explanation for the high chi-
square values, and their existence would argue for a more refined
fitting method for free-plan values. However, the HIE enrolled families
in each site over at least three months, so that different families have
different accounting years. Thus, actual epidemics are spread out over
the family accounting years, greatly reducing seasonal effects. Such
effects were tested by splitting the free-plan families at random into
two groups and looking at the correlation of episode rates over time.
This test showed quite small correlations, which implies that the
reduced seasonal (or more properly, "time in family accounting year')

effects must be small.
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Appendix C

REGRESSION TO THE MEAN AND SICKLINESS EFFECTS

We present our analysis here of the effect of regression to the
mean on estimating the sickliness effects referred to in Chap. 5.

Spending before the MDE is exceeded may be a poor measure of the
natural propensity to spend, since it includes regression to the mean.
In other words, people have high expenses early in the year both because
they were sickly and because they were temporarily unlucky. The
sickliness may persist, but the bad luck may not. Table C.1 gives some
data on regression to the mean for the free plan. Here and elsewhere,
we have used the device of imagining a $500 family deductible on the
free plan. Since there are no real within-year price effects on the
free plan, any estimated effects will be either artifacts of the model
or random fluctuations. Table C.1 shows studentized residuals from a
regression of the logarithm of bimonthly spending (plus a dollar) on
important predictors of spending. These residuals are averaged for
people on the free plan whose families went over the imaginary $500
deductible at different times during the year. Note that the spending
residuals before the family went over depend, as expected, on how

quickly the family exceeded the deductible. The spending thereafter
Table C.1

SPENDING RESIDUALS BY TIME FAMILY SPENDING EXCEEDED $500

Month Family Average in Number
Spending Months Before Average for of
Exceeded $500 Exceeding $500 Whole Year People

0-2 1.2 0.5 58
3-6 0.3 0.2 57
7-12 0.1 0.2 69
Never -0.6 -0.6 91




shows a pronounced regression effect. That is, while there is still
a monotone pattern from the presumed sickliness effect, it is much

reduced.
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Appendix D

MULTIPLE FAMILY EPISODES

Families often begin several episodes on the same day. Indeed, 25
percent of all episodes are a part of multiple episodes. Most of these
(70 percent) involve more than one family member, with the remainder
generally arising from a person with a chronic condition who has it
looked after while having some other problem checked. Multiple episodes
are 5 to 30 percent smaller (depending on type) than all episodes on
average, probably because severe conditions do not allow for the slight
scheduling changes necessary to combine everyone's visits. The
frequency of multiple episodes shows that there must be substantial
noncharged costs of going to a doctor--either in the actual time and
transportation costs, costs in remembering different schedules, or
perhaps baby-sitting costs for children who do not go. The patterns
observed during the second year in Dayton are shown in Table D.1.

The results in Table D.1 are interesting; they illustrate the
effects of the arbitrary assumptions of our expense-grouping procedures.
For example, we decided to separate chronic, acute, and well-care
procedures performed at the same visit into separate episodes. Consider
someone who gets his high blood pressure checked during a visit for an
acute condition. The person may decide to schedule care for his chronic
high blood pressure at that time rather than at some other (in which
case two separate episodes are appropriate). Alternatively, if the
acute condition had not occurred, the person might never get the chronic
care at all (in which case, one combined episode is more appropriate,
although since our methods are not suited to fractional episodes, we
would still have to decide what type).

Similarly, siblings having a physical or dental checkup together
may reflect only one family decision, but we can imagine that a
hypothetical family not concerned with the convenience of joint visits

would have checkups spread throughout the period around the day the real
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Table D.1

FREQUENCY OF MULTIPLE EPISODE TYPES

Frequency
Type of Multiple Episode (percent)

Different people 70
All dental 20
All well 14
All acute 30
Other 6

Same person 30
Multiple chronic 8
Chronic and other 14
Other 8

SOURCE: Dayton year 2, all plans.

family went. Thus, it is probably best to assume in the overall
analysis that each child's checkup counts.

Multiple chronic episodes reflect our decision to make each chronic
condition a separate episode. This assumption combines with our
decision to treat prescriptions from before the start of the year as
starting on the first of the year, to create multiple episodes at the
start of the year.

Finally, there are the cases where several family members come in
together for acute conditions. In some cases this might represent
conditions so mild that, if only one child were involved, the family
might not go. Again, to make individual and family methods consistent,
it is best to count one episode for each person. The frequency of
family-combined acute conditions must reflect diseases that spread
within the family.

The main problem with multiple episodes for our analysis is the

multiple episodes on the day the MDE is exceeded. If family episodes
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were small and independent, the problem of such borderline multiple
episodes would be unimportant. 1In actual fact, the decision of how many
episodes to put into the post-MDE period could be important for the
estimated second-period price ratio. (Borderline multiple episodes are
rare enough that they could have very little effect on the large pre-
MDE episode category.) The estimation procedure for the first period
conditions on the time to the episode exceeding the MDE, so it scems
appropriate to put at least one of a set of multiple episodes in that
period. However, that decision means that the pre-MDE price ratio does
not exactly measure what the number of episodes would be in a pure
coinsurance plan, but is a mixture of that ratio with one from a plan
with an MDE. This would be true even without multiple episodes, because
of the problem of assigning a large episode greatly exceeding the MDE to
the pre-MDE or to the sale period. Economic theory does not deal with
such lumpy purchases very well.

Fortunately, episodes are common enough that even putting all of
the transitional episodes into the post-MDE period does not affect
results very much. Table D.2 compares price ratios under three
assumptions: all transitional episodes put into the pre-MDE period (as
assumed in the body of the report), all episodes that exceed the MDE put
into the second period, and by episodes ranked in descending order of
expense, with the MDEs remaining subtracted off one by one, and the
episodes that start with the MDE already exceeded assigned to the second
period. Only the extreme marginalist assumption that all episodes that
exceed the MDE be put into the sale period has much of an effect. The
differences between the method chosen, and splitting of multiple

episodes, are vanishingly small.
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Table D.2

PRICE INDICES WITH DIFFERENT ASSUMPTIONS ON
MULTIPLE EPISODES THAT EXCEED MDE

A1l in 1st Period All in 2nd Period Split
Pay period | 1.05 0.99 1.05
Next 3 Months 0.88 1.03 0.89
Rest of year 1.01 1.04 1.01

NOTE: Based on free plan in Dayton year 2.
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Appendix E

MULTIPLE HOSPITALIZATIONS

Hospital episodes are much more bunched than they would be if
everyone had the same propensity to have episodes and episodes were
independent. In three years of Dayton, with 3355 person-years of
experience, there were 235 single episodes per year, 34 doubles, 11
triples, and 1 person with 4 episodes. This distribution is clearly not
Poisson. A negative binomial with n = 0.311, p = 0.755 (i.e., B =
0.325) fits it well (X22 = 3.0).

The multiple episodes within a year are usually related but not
completely predictable. We have examined the diagnoses at discharge for
each case. Of the multiple episodes, 16 were unrelated, 8 were for the
same problem but more than two months apart, 17 were for the same
problem and less than two months apart, and 7 were completely
foreseeable from the first hospitalization. (The numbers do not quite
add, because the quadruple episode and one of the triples split into two
unrelated parts.) Even in cases where the diagnoses were not related,
it often seems as if people were searching for illness, instead of being
victims of unrelated unlucky accidents. Thus, as with other types of
episodes, it appears that people have propensities (either from
condition or temperament) to have episodes and the mixture of Poissons
model is appropriate.

The effects of price may be smaller on large expense items. Severe
illnesses are often expensive to treat. Moreover, on the 95 plan, one
hospitalization is usually enough to put a family over the deductible or
MDE. Indeed, 70 percent of all families with hospitalizations in the
first 9 site-years exceeded their MDE (Newhouse et al., 1981). Our data
also bear out the observation that multistay hospitalizations cost more
than average (Zook, 1980). In year 2, for example, 25 out of 40
(nonsingle) episodes cost over $1,000 when the overall median was about
$800. The distribution of episode size is closer to being lognormal

than is the distribution of annual hospital spending.
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We could simply study annual hospital bills, ignore
hospitalizations, and rely on analysis from the annual model. We will
defer a decision on whether to use the simpler annual model until we

have a larger number of hospital episodes to analyze.
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Appendix F

THE VALIDITY OF SOME ASSUMPTICONS IN THE PRICE EFFECTS MODEL

We now justify some of the underlying assumptions made in Chap. 5
in modeling the rate of occurrence of episodes and its dependence on

price. First, recall that we convert episode occurrence rates on pay

e
iy

plans into the "free-plan scale" by using a new time scale t*, with t =
F—l(t), where F is the cumulative free-plan episode-occurrence function
during the year. Since F is estimated from free-plan data, we examine
the effect of errors in estimating F on our other parameter estimates.
In particular, we discuss how estimation of the decline of chronic
episodes through the year on the free plan might affect other parameter
estimates. Second, we test our assumption that episodes occur
independently over time. Finally, we discuss the stability of

regression coefficients and independent variables over time.

EFFECTS OF ERRORS IN THE FREE-PLAN SCALE ESTIMATE

What are the effects of errors in free-plan occurrence-rate
estimates on annual price indices? In Chap. 5, we denoted the true
"pay" price index by m, and our estimates by p. We normalized the true
free-plan index to be 1. Let u be the true underlying free-plan rate
and 02 be the variance of observed annual number of episodes for a
randomly chosen person. Let r be the observed rate in our sample.

There are approximately 300 people on the free plan in Dayton, so the
Central Limit Theorem allows us to assume that X = r/u ~ N(1, oz/nuz),
where n = 300 and o and ¢ are given by the entries in Table 4.6. As can
be seen there, o/p is about 1 for all episode types. (Recall that these
counts are assumed to be mixtures of Poisson distributions.) Now assume
that p is the maximum likelihood estimate (MLE) of m conditional on the
free-plan price index being 1. For a given pay plan, think of m as the
proportion of the expected rate on the free plan that a person on the
pay plan would be expected to have. We are interested in the variance
of pX, our estimate of the pay-plan rate. Assume p ~ N(m, T2), where
the estimate of 12 comes from the MLE procedure; and assume that p and X

are independent. Then
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E(pX) = E(P)E(X) =7
Var (pX) = E(pZ)E(XZ) - “2
=@+ Ha+6'H - o?
=% + 1%'% + 7%5"2
;;;;eo'=jo;;n1/2.'Theterm120'2 is;egli;ib;esince T varies from

0.05 to 0.1 depending on plan and episode type; o' is about 0.06, and 7
about 0.8
Var (pX)

The two remaining terms have similar magnitude so that

2
12 + 1%6'% which is approximately bounded above by .01.

The above expression is used for the error calculation in the footnotes
to Tables 5.4, 5.5, and 5.8. For example, in Table 5.4, there is a 57
in the upper right-hand corner. The 4 alongside is 1001, which was

taken from the MLE printout. The total error is TZ + nzo'z, which is

0.042 + 0.572 e 1/300 = (0.05)2. Thus, the one hundred times the total
error is about 5, or one more than 4.

What are the effects of scale estimation error on estimates of
within-year rates? Since the free-plan rate is assumed uniform over the
year for all episode types except chronic, the error contributed by X is
the same for all types except chronic. The error contributed from the
MLE is higher since there is less experience on the pay plans in the
subperiods than in the year as a whole. For chronic care, we have
estimated the transition from high rates in the early part of the year
to lower rates later in the year. Errors in this estimate can add to
errors in the annual estimates. In the most extreme case, suppose that
everyone goes over the MDE before the transition period. Then the
errors in true free-plan rates are all in period two. If these errors
are caused by a momentary rise in free-plan rates, then the effect of
that rise on variance in the sale period estimates will be four times as

great as its effect on annual rates, since the sale period is one-fourth

of the year. 1In fact, since less than half of those who exceed the MDE



do it before the chronic transition point (see Table G.2), the effects
of such changes are at worst twice as large on within-year chronic rates

as on annual chronic rates.

INDEPENDENCE OF EPISODES OVER TIME

Episodes are said to occur independently over time if their
probability of occurrence in a time interval does not vary with how far
the time interval is from the preceding episode, and simultaneous
episodes occur with probability zero. Independence simplifies
statistical analysis. Because of these desirable consequences, the
independence of episode occurrences over time was tested for each
category of episode early in the analysis. Two tests were used. The

episodes on the free plan were grouped by month, with continuing chronic

" t

and carry-over acute episodes assigned to month 'zero." The first test
added episode counts in month zero, and in each of the six bimonths
(e.g., January and February comprise the first bimonth of the year).
Bimonthly episode counts were transformed by taking log(x + 1) to make
them less skewed. Then regressions of the transformed counts were
computed with demographic variables of participants as regressors.
Finally, the correlation over time of the residuals of these regressions
were computed. The results are shown in Table F.1. The average of the
diagonal elements is nearly constant. Such a pattern would appear if
participants had unmeasured constant differences in the episode
occurrence rate but episodes were independent over time, e.g., they did
not occur in bunches. By contrast, bunching would make the correlations
of points that were closer together in time larger than those that were
more distant. This test provides additional evidence supporting another
assumption--namely, the persistence of spending patterns through the
year.

A second test examined runs of months in which a certain type of
episode occurred. For each individual, we computed the number of months
having episodes, and the number of runs of consecutive months with the
same "sign" (having episodes or not). Having either too many or too few

runs indicates short-term dependence.



- 88 -

Table F.1

BIMONTHLY RESIDUAL OUTPATIENT CORRELATIONS ON THE FREE PLAN

Diagonal
0 1-2 3-4 5-6 7-8 9-10 11-12 Average

Month O
(carry-
over) 1 0.25 0.16 0.19 0.11 0.12 0.22
1-2 1 0.13 0.08 0.18 0.21 0.15 0.22
3-4 1 0.15 0.15 0.12 0.20 0.14
5-6 1 0.15 0.11 0.16 0.17
7-8 1 0.20 0.17 0.17
9-10 1 0.11 0.13
11-12 1 0.17

SOURCE: Dayton year 1.
NOTE: Diagonal averages are computed from upper left to lower
right, e.g., 0.22 = 0.22, 0.14 = 1/2 (0.12 + 0.15), etc.

The run-test P-values from each individual are then combined into
chi-square values using Fisher's method (Fisher, 1970). Because of the
discrete nature of the distribution, Lancaster's correction was used in
conjunction with Fisher's combination method (Lancaster, 1949). The

combined result, denoted as the combined runs test, is then used to test

for the existence of short-term dependence.

The combined runs test was done on data from Dayton year 1. We
found that dental episodes on pay plans are negatively dependent, with a
one-sided P-value of 0.006. There was no evidence of short-term
dependence in outpatient episodes.[1l] (We did not separate outpatient

into well care, acute, and chronic for this analysis.)

[1] We also found that drug episodes had significant positive
dependence, with one-sided P-value 0.004. This led to a revision of the
matching rules for drugs. After the conditions for a match were
relaxed, the number of distinct drug episodes fell, and they were no
longer positively dependent.
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It should be pointed out that the run test (and therefore the
combined runs test) is based on the assumption of stationarity, namely,
that the probabilities for having episodes in different months are the
same over time. The initial sale effect clearly violates this
assumption. However, the test is believed to be robust against the mild
nonstationarity caused by the initial sales effect.

Although an individual rarely has two episodes of the same type on
the same day, families often have several episodes on the same day. We
have described such multiple episodes more fully in App. D, showing that
they mainly reflect family convenience, but can alsc come from
contagion. We have tested various assumptions on how to divide multiple
episodes that together are enough to exceed the MDE, and have seen that
the choice of assumption has little effect. Multiple episodes should
also slightly raise the standard error of the estimated price ratios.

Independence and the effects of family dependence will be tested in
more detail when we study the time intervals between episodes. For the
present, we will abide by the results of these tests, and assume for
analysis and prediction that individual episode occurrence times are

independent over time.

STABILITY OF REGRESSION COEFFICIENTS OF INDEPENDENT VARIABLES
OVER TIME

This stability, together with the independence of episodes, allows
us to pool three years of data in the estimation. The stability of
regression coefficients was tested by regressing the differences between
transformed episodes in the first and second and in the first and third
years on the dependent variables. If coefficients are stable, the
regression coefficients for the differences should be zero. F-tests
were used to check this, and, indeed, neither regression was

significantly different from random at the 10 percent level.[2] Such

[2] The variance in transformed outpatient episodes explained by
enrollment variables falls from 0.36 to 0.28 over the three years. This
is somewhat due to changes in such variables as income and health,
somewhat due to declining transient effects of initial exams and price,
and somewhat unexplained. We plan further analysis to understand this
drop.



independent variables as sex, race, age, plan, and family size are
extremely stable over time. Changes in such health-related variables as
usage in the preceding year and self-assessed health status are
endogenous to the experiment. It would be improper to allow their
variation over the course of the experiment to reduce apparent
experimental price effects.

Independence of episodes within each year implies that an
individual's total episodes in three years should also be Poisson. If
underlying rates are stable from year to year, these three-year totals
are then sufficient statistics for inference about participants'
expected rate of episode occurrence. In our results, we look at the
1,074 people who were in the sample all three years and regress the
total number of episodes against initial characteristics and

experimental plans.
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Appendix G

ANALYSIS OF PARTICIPANT MDE ANTICIPATION

Families might anticipate future spending in two ways: They might
foresee spending on particular known conditions or, if a large family
has only a few dollars left on its MDE early in the year, they may feel
sure that they will exceed it. Neither form of anticipation changes our
results very much. Spending on particular conditions is already taken
into account by the program that links up charges into episcdes. The
program assumes in its linking and dating procedures that such spending
is fully anticipated. The second form of anticipation cannot be
important because it occurs so rarely. We now show that for both family
and individual plans, times at which participants might expect to exceed
the remaining MDE are only one fourth as frequent as times when families
have already exceeded it.

We first analyzed the data to see when in fact there was a good
chance of exceeding the MDE. As part of this analysis, we define the
"remainder" to be the MDE remaining divided by the coinsurance rate.
This term is the amount a family must spend in order to exceed its MDE.
For example, a family on a 25 percent coinsurance plan with $200
remaining on their MDE would not exceed it until they had purchased
$200/0.25 = $800 of medical care. Obviously, the chance of exceeding
the MDE increases with smaller remainders and with larger expected
number of episodes before the end of the year. To study the exact
relationship, and to see the possible effects of other variables, we
looked at the situation of families who had not exceeded their MDE in
Dayton year 2 at the beginning and at 30, 90, 180, and 270 days into the
accounting year. For each of these 1141 family-date pairs, we computed
the MDE remainder, their expected number of episodes for the time
remaining (by multiplying their annual expected rate by the time
remaining), and collected some other statistics. Only 121 (11 percent)

of these family-date pairs exceeded the MDE.
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To address the anticipation problem, we first looked at methods for
predicting whether a family would exceed its MDE given its remainder and
its expected number of episodes in the balance of the accounting year.
After experimenting with a variety of independent variables and
specifications of them, we found that a good predictor of the
probability of exceeding the MDE is 0.65 - 0.096 Xl + 0.015X2, where Xl

is the logarithm of the remainder and X, is the expected number of

episodes remaining. This exercise in piediction led to a classification
of the actual data. We used the two variables X1 and X2 to obtain Table
G.1. The 3/4 in the upper left corner of the table means that in four
cases, families had a remainder of less than $100 and fewer than six
additional expected episodes, and that in three of the four cases they
subsequently exceeded their MDE. If we use the criterion that families
in a certain situation might anticipate exceeding the MDE only if more
than half of the families in that situation actually did, we see that
families are very rarely in such situations. The upper right section of
the table above the solid line shows these families. There, 25 out of

34 families later exceeded the MDE.

Table G.1

FAMILY SITUATIONS WITH THE NUMBER WHO ULTIMATELY EXCEEDED
MDE, BY REMAINDER AND EXPECTED NUMBER OF EPISODES

Expected Number of Episodes

Remainder 0-6 6-12 12-18 18+ Total
<100 3/4 1/1 4/b 2/2 10/11
101-200 8/28 1/3 2/2 1/1 12/34
201-400 5/76 5/18 1 4/8 2/4 16/106
401-800 5/126 2/43 2/12 6/8 15/189
1+ 7/272 14/251 20/167 27/111 68/801

Total 28/506  23/316  32/193  38/126  121/1141
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Put another way, only 3 percent of the family-date pairs were in a
position where they might plausibly anticipate going over the MDE in
that year.[l] A breakdown of anticipation by plan shows that almost all
of these situations occur on the 95 percent coinsurance plan. Only 6
out of the 34 cases occurred on the 25 or 50 percent coinsurance plans.
Because the remainder is divided by the coinsurance rate, the lower the
coinsurance rate, the less likely families will be in a situation to
anticipate.

For individuals, just as for families, positions of anticipation
occurred only 3 percent of the time. This is about one-quarter the
frequency of actually being over. Participants on the individual
deductible plan are somewhat more likely to exceed their MDE than on

other plans, but they tend to exceed it later in the year, as Table G.2

shows.
Table G.2
TIME OF EXCEEDING SPENDING LIMIT BY PLAN
Day of Year Exceeded

Plan 1 2-30 31-90 91-180 181-270 271-366 Never Total
Individual
deductible 3 4 3 10 3 4 70 97
Family
deductible

95 4 4 8 6 4 2 64 92

50 0 1 3 4 1 1 61 71

25 2 1 0 2 1 3 79 88

[1] Table G.1 shows that 3 percent of family-date pairs anticipate
exceeding MDE. However, proportions of families who ever anticipate
exceeding MDE will be different. A family that never exceeded is
counted four times. Looking at families as the unit will change the
numbers in this family-date pair analysis but cannot change the
qualitative conclusions. Anticipation still happens rarely.
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Table G.3

INDIVIDUAL SITUATIONS WITH THE NUMBER WHO ULTIMATELY EXCEEDED MDE
BY REMAINDER AND EXPECTED NUMBER OF EPISODES

Expected Number of Episodes

Remainder 0-5 5-10 10+ Total
< 50 6/21 | 5/5 1/1 12/27
51-100 4/23 |  5/6 0/0 9/29
101-158 247275 26/90 | YA 54/369

|
Total 34/319 36/101 5/5 75/425

Situations of anticipation occur for individuals with high expected
numbers of episodes. In the marked upper right corner of Table G.3, 15
of 16 individuals later exceeded the MDE. Here, the expected number of
episodes is a better predictor than in the family case since the
deductible is small and hospital expenses are not counted. Note that if
the annual deductible were reduced below $100, individuals expecting 5
to 10 episodes could anticipate exceeding the deductible from the

beginning of the year.
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Appendix H

DERIVATION OF MAXIMUM LIKELIHOOD ESTIMATES

Recall that n. K

spent by the kth family in period i, respectively. (For the rest of

and ti are the number of episodes and the time

this exposition, we drop most subscripts.) Under all these assumptions,

conditional on ukﬁk, the density function of (n, t) =

(nl,nz,n3,t1,t2,t3) is given by P (time to episode n, is tl, n, episodes

in time t2, n, episodes in t3) for those who do exceed the MDE, and is
given by P(n1 episodes in tl) for those who do not.[1] In either

case,[2] the likelihood function for family k is given by

Lk o fo°° [Hi exp(-ﬂﬁut)(nﬁut)n/n!]dF(u).

Where the proportionality sign is for factors independent of price and

dF(u) = exp(-u/B)u® tdu/(a-1)18%.

[1] These probabilities do not depend on how the year is
partitioned into three groups. In particular, it makes no difference

whether the first period ends because the MDE is exceeded in episode n,
or (contrary to fact) the insurance plan states that price falls to zero

after n; episodes, or even if the first period ends after the first

episode with a physician whose name started and ended with a g.

[2] The probability that the time to the nlth episode is t1 is

given by
n
- - 1
exp( ﬂﬁutl)(ﬂéutl) /(n1 1).t1

which is nl/t1 . Prob(n1 episodes in tl). The difference is independent

of any estimated parameters, so it can be ignored.
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Let

PR and R = ziﬂitikak;

then

L, = M(wst)™ o
Foexpl-u@® + 1/8)1u™M D @ - 1)1 g%

« I m" e &+ /8] MWk a1/ @Dt g%
Thus up to a constant,

Log L, = Zinlogﬂ - (N + a)log(R + 1/B) + log(N + (a-1)!) -

k

log(e - 1)! - alogB.

Now we put the subscripts back and differentiate. Letting %, = Log L

k k’

(Sllk/d“ni = nik/'ni - (Nk + a) ® tikﬁk/(Rk + 1/8).

59, /da = -log(R_+ 1/B) + N1/ +a - 1) - log B

69,/dB = (N, + a)/(B°R, + B) - o/B



These equations can be used to maximize Zk with standard numerical
maximum likelihood estimation programs. Since the second derivatives
are not constant, we must iterate. As mentioned earlier, 5k (which is
part of Rk) is estimated from the regression in App. A and treated as
fixed for the maximum likelihood procedure.

Modifications are made to reflect the time trends in episode rates
through the year (caused by carryover from the preceding year, and the
episodic dating and linking conventions). If F(t) represents the
cumulative propensity function of episode rates within the year on the
-1

k S° that tikw =F (tik).

All analysis goes through as before, provided the multiplicative model

free plan, we simply change the time scale ti

ot

E(n]tw) = Gkuk“itik holds. The actual transforms used are estimated

from the data and are discussed in App. B.
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