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Theories of competitive for-profit firm behavior are well understood.

However, in the hospital industry, more than three-quarters of the hospitals

are nonprofit or government organizations that may not maximize profits.

Given the growing presence of managed care plans and capitation based re-

imbursement policies, hospital responses to increased competition need to be

better understood. This dissertation explores these issues from both empirical

and theoretical perspectives.

The first essay investigates the determinants of hospital mergers, ac-

quisitions, and closures. Duration analysis models time-to-exit in terms of

characteristics of hospitals prior to merger, acquisition, or closure. This esti-

mation technique allows for increased statistical efficiency because it explicitly

incorporates time into the model. Results suggest that larger hospitals and

hospitals with productive inefficiencies are more likely to merge and close. In

addition, increased market concentration decreases the occurrence of mergers,

acquisitions, and closures on average.
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The second essay uses three simple theoretical models of nonprofit hos-

pitals to investigate equilibrium behavior when hospitals compete and merge.

We find that the specification of the nonprofit motive influences the results.

When nonprofit hospitals care about serving the uninsured, prices fall as the

market becomes more competitive. However, when the nonprofit motive is

quality maximization, prices and quality rise. In addition, when a nonprofit

acquires a for-profit hospital, we find that even if the nonprofit is pursuing

objectives other than profit maximization, prices for the acquiring hospital

unambiguously rise after a merger.

The third essay uses nonparametric estimation techniques to examine

the potential and actual cost savings from a merger. In addition, we investi-

gate how similarities between the merging pairs affect the cost savings from

a merger. Our findings suggest that mergers have the potential to save costs,

but these cost savings are not realized. Specifically, the output mix is altered

for mergers between teaching and nonteaching hospitals in such a way that

any possible cost savings are eliminated. In contrast, mergers between two

large hospitals tend to decrease both potential and actual cost savings.
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Chapter 1

Introduction

The health care industry has undergone many dramatic changes over

the last several decades. In 1983, Medicare implemented a new reimbursement

policy which covered costs based on the average costs for services rather than

on a cost-plus basis. Then in the 1990’s, managed care plans, rather than fee-

for-service, became the dominant form for individual insurance. Given that

hospital costs are approximately one-third of all health care expenditures in

the United States, these changes in the industry have particularly affected

hospitals and have forced them to become more competitive.

Much research has studied responses to competition in for-profit in-

dustries. However, less than one-quarter of all hospitals are for-profit firms.

Contrary to their name, nonprofit firms can earn a profit, but unlike for-profits,

they cannot distribute those profits to residual claimants. Many hypothesize

that such a difference may not lead nonprofit hospitals to maximize profits.

Papers such as Newhouse (1970), Pauly and Redisch (1973), and Dusansky and

Kalman (1974) investigate different objective functions for nonprofit hospitals

and find that objectives other than profit maximization alter equilibrium be-

havior. Given these results, the dominance of nonprofit hospitals in the health
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care industry may also affect hospital responses to competition. This disser-

tation uses empirical and theoretical methods to investigate the competitive

behavior of hospitals.

One of the most noticeable responses to competition is the large number

of hospitals exiting the industry due to mergers, acquisitions, or closures. In

particular, a wave of closures occurred in the 1980’s while there was a spike in

mergers in the 1990’s. In order to better understand the competitive pressures

on hospitals, it is important to analyze which hospitals are leaving the industry.

The first essay investigates the determinants of mergers, acquisitions, and

closures using duration analysis. Duration analysis models time-to-exit in

terms of characteristics of hospitals prior to merger, acquisition, or closure.

This estimation technique allows for increased statistical efficiency because

it explicitly incorporates time into the model, unlike prior studies that use

static logit specifications which ignore the dynamic aspects (Shumway, 2001).

Covariate values can vary over time which also increases the information used

to estimate the model. In addition, this paper improves on earlier studies by

utilizing a larger, nationwide dataset instead of focusing on hospitals in one

region or on one type of hospital.

Due to data constraints in some cases, the exact time of exit is un-

known. However, upper and lower bounds for exit times can be determined

and used to estimate the probability of an exit within the time interval. The

estimation incorporates these interval-censored observations as well as all other

observations.
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Evidence shows that competitive pressures are purging the productively

inefficient hospitals out of the market. In addition, the greater the competitive

pressures in the market, the more likely a hospital exits the industry due

to merger, acquisition, or closure. We also find that ownership status and

control of the hospital affect consolidations and closures. Government hospitals

are less likely to merge or close, while for-profit hospitals have a decreased

probability of acquisition but an increased probability of closure. Membership

in a health care system also increases the likelihood of a merger or acquisition.

Although several studies have investigated individual nonprofit hospital

behavior when nonprofits have different motives other than profit maximiza-

tion, very little is known about how these nonprofit motives affect competitive

behavior. The second essay explores these issues by formally modelling compe-

tition between nonprofit and for-profit hospitals. In this model, two hospitals

compete on price. For-profit hospitals simply maximize profits while nonprof-

its maximize a linear combination of profits and some nonprofit motive. The

nonprofit motive is modelled using three theories of nonprofit behavior in or-

der to study how different nonprofit objective functions influence equilibrium

behavior. We find that changes in prices differ according to the nonprofit mo-

tive. As the market becomes more competitive, prices rise when the nonprofit

hospital cares about maximizing the total number of patients served, but fall

when the nonprofit cares only about the number of uninsured patients served.

However, if hospitals compete on price and quality of service and the nonprofit

motive is quality maximization, then prices and quality rise in a more com-
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petitive environment. These results hold for a market where a nonprofit and

a for-profit compete, and also where two nonprofit hospitals compete.

As discussed above, merger activity has increased for hospitals. In

addition, conversions from nonprofit to for-profit status and from for-profit

to nonprofit are common when mergers occur. It is, therefore, important to

explore how prices and quality of care are affected by a merger in a market.

Comparing the competitive behavior above to the equilibria when a for-profit

acquires a nonprofit hospital or when a nonprofit acquires a for-profit, results

show that both a for-profit and a nonprofit acquirer raise prices after a merger.

We also find that, due to nonprice competition, quality of care decreases for

the nonprofit hospital if a merger occurs, regardless of the ownership status of

the acquiring hospital.

After exploring which hospitals are more likely to merge in the first

essay, a logical continuation is to investigate which hospitals are merging with

each other. In the third essay, we classify hospitals based on their ownership

status, teaching status, size, and caseload severity and examine the frequencies

of hospital merger pairs. Nonprofit and nonteaching hospitals merge more

often with their own type. However, large hospitals and hospitals treating

more severely ill patients tend to merge with slightly smaller hospitals and

hospitals with a less severe caseload.

The changes in the health care field have created strong incentives to

reduce costs. Although many assume that reductions in costs are one of the

main reasons that hospitals merge, there is little empirical evidence either to
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support or contradict that mergers actually decrease expenditures. Thus, the

third essay also analyzes cost savings from a merger and studies whether these

cost savings are influenced by the similarities of the merger pairs.

In order to examine cost savings, we need to estimate expected costs

before and after a merger. Unlike previous studies that use parametric regres-

sion techniques, this essay uses local linear estimation to nonparametrically

estimate a cost function. Parametric methods such as the translog specifica-

tion provide a poor fit for hospital data.1 Nonparametric estimation avoids

the inherent restrictiveness of parametric estimation by allowing the data to

“speak for themselves” rather than imposing a priori assumptions which may

not be warranted.

Using these techniques, expected costs are obtained for the merging

firms three years prior to the merger and for the merged entity three years

after the merger. The difference between expected costs before and after the

merger give a measure of the actual cost savings. After a merger, hospitals

may alter their scale of production and their output mix. It would be useful to

know whether cost savings would exist if the scale and output mix remained

constant following a merger. Thus, costs are also predicted for the merged

entity assuming that the merging firms maintained their same output levels.

These hypothetical post-merger costs are subtracted from actual pre-merger

expected costs to measure potential cost savings.

1See Vita (1990) and Koop and Carey (1994) for further discussion.
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Results indicate that the potential to save costs exists, but hospitals

alter their output mix such that the actual cost savings are negative. That

is, post-merger costs are higher than pre-merger costs on average. Regressing

these potential and actual cost savings on characteristics of the merging pairs

reveals that mergers between teaching and nonteaching hospitals improve po-

tential but not actual cost savings. However, relative to mergers between small

hospitals, large hospitals would be better served to remain separate than to

merge100100in terms of cost savings. These results suggest that cost reduction

may not be the primary catalyst for mergers.

Although these essays provide some insight into hospital responses to

competition, there is much left to investigate. The final section of the paper

discusses the main conclusions from the dissertation and future directions for

research.
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Chapter 2

Consolidations and Closures: An Empirical

Analysis of Exits from the Hospital Industry

2.1 Introduction

Rising health care costs have been a major policy concern over the

past 30 years and remain at the forefront of the political arena. Health care

providers, and in particular hospitals, have functioned in a more competitive

economic environment as the industry has moved toward managed care in-

surance and away from cost-plus reimbursement policies in attempts to curb

these rising costs. Meanwhile, the hospital industry has experienced an overall

decline in the total number of hospitals in the United States from 7, 166 in

1981 to 6, 247 in 1998. The disappearance of hospitals is attributable to three

primary modes of exit: merger, acquisition, and closure.1 A merger occurs

when two or more existing hospitals join operations to create a new hospital

entity, while acquisitions are defined as an event where one or more hospitals

1There are several cases where hospitals cease to function as a hospital entity and are
transformed into another medical facility such as an emergency room or a nursing home
facility. These events are not defined as closures by the American Hospital Association
and therefore are not treated as closures in this research. Of those hospitals that left the
industry between 1981 and 1998, 10.5% were due to these reasons.
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are subsumed into an existing hospital entity.2 Hospitals that simply cease

operations experience closures.

The determinants of these three exit destinations are investigated in

this paper using competing risk duration models. These models are used to

estimate how hospital-specific characteristics increase the probability of merg-

ers, acquisitions, and closures. This econometric modeling choice incorporates

the dynamic aspects of a hospital’s lifespan into the model, unlike previous

studies that use a static logit specification. Binomial choice models, such as

the logit, fail to capture the inherently continuous process of a hospital’s life

prior to the exit event. This snapshot view can lead to misleading conclusions

about the determinants of mergers, acquisitions, and closures.

This paper also utilizes a nationwide dataset spanning 18 years which

is rare in previous studies that generally focus on one area of the country

and use a short time interval. Evidence shows that competitive pressures are

purging the productively inefficient hospitals out of the market. In addition,

the greater the competitive pressures in the market, the more likely a hospital

exits the industry due to merger, acquisition, or closure. We also find that

ownership status and control of the hospital affect consolidations and closures.

2A merger as defined by the American Hospital Association (AHA) may not constitute
a merger in the legal definition. For example, a hospital with two campuses may decide to
combine operations of the hospital campuses. In this case, the two campuses would be listed
as separate hospitals by the AHA. Following the merger, the AHA assigns a new hospital
identifier to the combined hospitals and deletes the identifiers belonging to the separate
campuses. Even though a legal transaction may not have occurred, the question of why the
hospitals “merged” operations is still of economic interest. The limitations of the dataset
are discussed in greater detail in section 4 and Appendix C.

8



The next section of the paper discusses previous studies of hospital

mergers, acquisitions, and closures. Section 3 describes the empirical model

and the particular specifications used. Section 4 describes the data and Section

5 presents the estimation results. The final section of the paper discusses

implications of the results and concludes the paper.

2.2 Previous Literature

Empirical investigation into hospital mergers, acquisitions, and closures

is still in its infancy. Much of the previous literature on hospital exits from

the industry concentrates on the effects of hospital mergers and acquisitions

on operations and pricing. These studies have chosen less sophisticated statis-

tical methods that investigate the variable of interest without controlling for

other demographic and structural characteristics of the hospital or, possibly

due to data availability, have used small samples that draw on mergers and

acquisitions that occur in only one state. Due to these issues, results from

previous studies represent crucial beginnings for understanding this important

and dynamic industry, but cannot be considered conclusive.

Alexander et al. (1996) investigate whether mergers improve economic

efficiency at the merging hospitals.3 Student t-tests are used to test whether

3In most of the previous literature, it is not clear whether the authors’ definition of
merger is the same as the classification used in my paper. In a few cases, including the
study by Alexander et al. (1996), authors pooled mergers and acquisitions and treated them
as the same event.
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the mean and rate of change (slope) of average number of beds, adjusted admis-

sions, occupancy rates, total expenses per adjusted admission, total number

of staff, and total number of nurses differ significantly between pre- and post-

merger. They find that mergers provide short-term improvements in operating

efficiency (occupancy rate, total expenses per adjusted admission), but not in

the scale of operations (beds, admissions) or staffing practices (number of staff

and number of nurses). Hospital operations are more affected by mergers be-

tween similarly sized hospitals and mergers occurring between 1988-1989. The

small number of mergers in these split samples raises concern, however, over

the accuracy of the results.

Rather than focusing on increased efficiency for the hospital as a whole,

Lynk (1995a) hypothesizes that mergers can take advantage of economies of

scale at the specialized clinic level. He suggests that mergers consolidating sep-

arate hospitals’ specialized services can reduce risks associated with daily pa-

tient load variability. Using patient-level information from a particular merger

of four hospitals, he finds that increases in the average daily census reduce the

standard deviation in the daily census. In addition, his results show that

consolidation of clinical departments at these hospitals would result in lower

staffing requirements than if the clinical departments remained open at each

of the hospital campuses. He also uses data from all United States hospitals

in 1990 to investigate the relationship between the size of a hospital and its

excess capacity, measured as the difference between staffed beds and the av-

erage daily census. His results show that as the size of the hospital increases,
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excess capacity decreases. Although he finds evidence to support his hypoth-

esis that improved risk management of patient load through mergers reduces

excess capacity, he does not control for other characteristics such as teaching

or ownership status. Failure to control for factors that are positively corre-

lated with hospital size will bias the results if for-profit hospitals or teaching

hospitals are inherently more efficient regardless of size.

The extent to which hospitals exploit market power to raise prices has

attracted much attention in the literature. Lynk (1995b) argues nonprofit

hospitals function similarly to a consumer cooperative rather than a profit-

maximizing firm, and thus their response to increased market share will not

be the same as profit-maximizing firms. He uses a hedonic regression model

to regress price per inpatient-day on various structural and demographic char-

acteristics of California hospitals, sub-dividing the price variable by the type

of services received. His results suggest that prices decline after a merger of

two nonprofit hospitals.

This result sparked considerable debate. Dranove and Ludwick (1999)

argue that Lynk’s results are biased for several reasons including endogeneity

of his market share regressor. After correcting for these biases, Dranove and

Ludwick are unable to support lower prices by nonprofit hospitals. Keeler et

al. (1999) use similar econometric methods to predict changes in hospital ser-

vice prices after hypothetical mergers in 1986, 1989, 1992, and 1994. They find

that all hospitals raise their prices in response to a merger but for-profits have

higher price increases than nonprofit hospitals. In addition, mergers between

11



direct competitors not only raise the merging hospitals’ prices, but also the

prices for the remaining hospitals in that market. Another paper by Melnick et

al. (1999) support these findings.

In a subsequent paper, Lynk and Neumann (1999) respond to the cri-

tiques of Lynk’s original paper, specifically addressing papers by Dranove and

Ludwick (1999) and Keeler et al. (1999). Their main criticism of the pa-

pers is that even if the results are accurate, the main hypothesis is different.

His primary goal in the 1995 paper is to show that ownership status should

be considered when assessing the competitive effects of a merger. Lynk and

Neumann assert that the results from the other papers do not contradict the

finding that nonprofit pricing behavior is significantly different from for-profit

pricing behavior.

Although Lynk and Neumann disagree with some of the assumptions

in the contradictory papers,4 they admit that some nonprofit hospitals may

exercise market power and raise prices. They emphasize though that nonprofits

are diverse in their missions and goals. Young et al. (2000) specifically focus

on this issue in their paper. They state that local versus nonlocal control

of the hospitals is an important factor in distinguishing between nonprofit

hospitals. They separate hospitals by degree of community control and find

that all nonprofit hospitals raise prices. However, hospitals that are members

4They particularly argue that much of the qualitative difference in the results stems
from differences in the definition of a merger. Hospitals with common ownership in the
same market are accounted for differently in Dranove and Ludwick (1999) and Keeler et
al. (1999) than in Lynk (1995b). See Lynk and Neumann (1999) for further discussion.
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of nonlocal hospital systems price more aggressively than locally controlled

hospitals. Although debate on price effects due to merger is ongoing, the

prevailing view is that nonprofits do exercise market power when competition

in the market declines.

Several studies estimate translog cost functions to investigate the re-

lationship between economies of scale and merging hospitals. It is unclear,

based on the conflicting evidence of the studies, whether hospitals merge in

order to exploit scale economies. In one study, Sinay (1998a) reports that

merged hospitals exhibit pre-merger decreasing returns while facing increasing

returns two years after the merger event. Investigating the pre-merger and

pre-closure scale economies of rural hospitals, Sinay (1998b) finds that merg-

ing and closing hospitals have increasing returns to scale prior to the merger

or closure.

The contradictory findings may be due to the inherent misspecification

in using the translog cost function as discussed in Carey and Wilson (2000).

Although a more flexible form than traditional parametric specifications, coef-

ficient estimates are inaccurate for values far away from the mean values of the

data. Given that the size distribution of hospitals is highly skewed, translog

specifications may not estimate hospital cost functions and economies of scale

accurately.

Studies that have investigated the pre-merger or pre-closure character-

istics of hospitals estimate binomial choice models such as a logit specification

to obtain their results. These static types of models cannot incorporate the
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dynamic aspects of a hospital’s lifespan into the model. All mergers, acquisi-

tions, and closures are treated as if they occur at the same time, regardless of

whether a hospital merges at the beginning of the year or at the end of the

year. Ignoring the timing of the exit event and assuming that hospitals’ char-

acteristics do not change over time may cause static models to inconsistently

estimate probabilities of mergers, acquisitions, and closures (Shumway, 2001).

Indeed, Brooks and Jones (1997), using a logit specification, are unable

to obtain significant results when examining the characteristics that increase

the likelihood of a merger. Explanatory variables for this model include a cal-

culation of the Herfindahl-Hirschman index (HHI), market share, number of

beds, financial performance, and population growth. Brooks and Jones also in-

vestigate why particular pairs of hospitals choose to merge. They find that ge-

ographic market overlap between the hospitals positively affects the likelihood

of a merger between particular pairs of hospitals. The interaction between a

high degree of market overlap and a small difference in financial performance

also increases the probability of hospitals merging together. Insignificance of

all covariates in the first model, they argue, suggests that hospitals are not

motivated to merge for market power or increased efficiency. Given the pos-

sible inefficiency of the logit specification and their small sample of hospitals

(105 observations with 17 mergers, all from California), this conclusion may

be premature.

Results from research investigating determinants of hospital closures

are more informative even though the logit specification is used. Longo and
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Chase (1984) find that high physician-to-population ratios or low levels of

service diversification are strong determinants of hospital closures. Low occu-

pancy rates, for-profit ownership status, bed size of less than 50, location in

an urban area or in the North Central states, and presence of a state govern-

ment rate regulatory agency increase the probability of a closure. A report

by the United States General Accounting Office (1990) supports the findings

by Longo and Chase (1984) with a few exceptions. Their results show that

for-profit rural hospitals are more likely to close than their urban counterparts.

The paper also investigates whether the change to the Prospective Payment

System (PPS) by Medicare affected the closure of hospitals. Regression results

indicate that rural hospitals with fewer than 50 beds may have been adversely

affected by implementation of this insurance reimbursement policy.

Duration models provide an alternative estimation method to binomial

choice models. These models are more complicated to estimate but allow ex-

plicit modeling of the lifespan of a hospital. In addition, mergers, acquisitions,

and closures that occur in different years can be estimated in the same model

without losing information on the timing of the exit event. The number of

mergers, acquisitions, and closures that occur in any given year can be quite

low. To overcome this problem, binomial choice models must pool several

years together to create a sample that is large enough to estimate. Thus, an

event that occurs in 1986, for example, is treated as observationally equivalent

to an event that occurs two years later. Duration models avoid this problem

by modeling the time to merger, acquisition, or closure. Duration analysis
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also allows covariate values to change in the model as new information is ob-

tained about the regressors. Therefore, duration models should result in more

efficient estimation (in a statistical sense) due to the additional information

about the timing of the merger, acquisition, or closure as well as the larger

number of events available for estimation. This paper, therefore, builds on the

groundwork laid by these previous studies by using duration analysis to further

investigate pre-event characteristics of mergers, acquisitions, and closures.

2.3 Empirical Model

Let T be a random variable for the lifespan of hospitals. Hospital i is

first observed at time t0,i = 0 and exits at Ti. Any hospital that enters the

industry after 1981 is not used in this study.5 Characteristics of the hospitals,

represented by covariates in the vector X, are updated when new information

on the variables is known. Thus, hospital i’s entire duration Ti is divided

into Ji nonoverlapping and possibly unequal time intervals [tji,i, t(ji+1),i) where

5Because the age of hospitals is not known for hospitals entering the industry prior to
1981 (old hospitals), t0,i = 0 is the first time observed—not necessarily the time of creation.
In contrast, hospitals formed after 1981 (new hospitals) are observed entering the industry,
and thus, t0,i = 0 is the time of creation. There is a discrepancy in the interpretation of
t0,i if both types of hospitals are included. Old hospitals are left-censored because their
complete duration time is not known. The bias created by this left-censoring can be easily
corrected in the model, but the practical implications for estimation are more complex.
Since approximately 85 percent of hospitals are old hospitals and most hospitals do not exit
the industry (approximately 75 percent), these hospitals are both left- and right-censored
which requires double integration. Given the computational difficulty of double integration
over thousands of observations and the fact that a vast majority of hospitals are created
before 1981, hospitals formed after 1982 were deleted from the dataset.
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t0,i < t1,i < . . . < tJi−1,i < tJi,i = Ti (For the remainder of the paper, the

i in tji
∀ j ∈ {0, 1, 2, . . . , J} are suppressed for notational simplicity. Note,

however, that the number of time intervals varies across hospitals.) At time

tj,i, a covariate vector Xj,i is observed and used until new covariate values

Xj+1,i are observed at time tj+1,i. Thus, all covariate values Xj,i are constant

over the interval [tj,i, tj+1,i) ∀j ∈ {0, 1, 2, . . . , J − 1}.

Potentially, the motivations to merge, be acquired, or close may be very

different from each other. In a merger, two or more hospitals join to form a

new entity where an acquisition occurs when one or more hospitals consoli-

date into an existing hospital. Given the difference in the transactions, it is

conceivable that a dominant hospital with strong name recognition acquires

weaker (in terms of competition) hospitals while relatively equal competitors

merge. Thus, hospital characteristics and market conditions that influence

mergers and acquisitions may vary. In addition, exits due to consolidation

rather than closure may be due to financial or economic strength instead of

weakness. Each exit is treated as a different event in order to empirically

investigate the differences between mergers, acquisitions, and closures.

Once a hospital has exited the industry by either merger, acquisition or

closure, it is precluded from exiting by either of the other two methods. These

distinct and mutually exclusive exit destinations are referred to as competing

risks. Allowing for possible correlations between the three destinations would

be the preferred model to estimate. When using a parametric specification

that does not incorporate unobserved heterogeneity, however, this model is
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observationally equivalent to estimating a separate model for each mode of

exit. Any dependence between the different destinations cannot be identified

(e.g., Lancaster, 1990).6 Therefore, each exit event is estimated separately.

When estimating the model for one exit type, the remaining two exit

modes are right-censored at the last time interval observed, tJ,i = Ti. A hospi-

tal that never exits the industry is also treated as right-censored. Knowledge

that the right-censored hospitals survived at least until time tJ,i is modelled

using a survivor function

S(tk,i | Xk,i,θ) =
k∏

`=1

Prob(T ≥ t` | T ≥ t`−1) (2.1)

where θ is the parameter vector to be estimated. Use of the conditional prob-

abilities incorporates the time-varying covariates such that

Prob(T ≥ t` | T ≥ t`−1) = exp

[
−

∫ t`

t`−1

λ(s|X`−1,θ) ds

]
(2.2)

where the hazard function, λ(t|X`−1,θ), is defined as the probability that a

hospital that survives until time t leaves the industry in a short time after t:

λ(t|X`−1,θ) = lim
∆→0

Prob(t ≤ T ≤ t+ ∆ | T ≥ t)

∆
. (2.3)

6Recent work by Canals and Gurmu (2000), McCall(1996), Sueyoshi (1992), and But-
ler et al. (1989) use semi- and nonparametric techniques to estimate competing risks models
with unobserved heterogeneity. In addition to estimating the coefficients of the model, cor-
relations between the errors terms are also estimated. Although these techniques allow for
dependence between the different exit modes, the models are more difficult to estimate and
require more computational time. Thus, estimating dependence between mergers, acquisi-
tions, and closures is left for further research.
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Hospitals that exit the industry by the exit mode under investigation

are not treated as right-censored. For those observations where the precise

time of exit is known, the density function f(·) is used and is expressed in

terms of the hazard and survival functions; i.e.,

f(tk,i | Xk,i,θ) = λ(tk,i | Xk,i,θ)S(tk,i | Xk,i,θ) ∀ k ∈ {0, 1, 2, . . . , J}.(2.4)

In some cases, the precise time of exit (tJ,i) is not known. However, it is

known that the hospital survived until time tJ−1,i and exited at least by some

later date, tJ∗,i. In this case, the actual but unknown time of exit is bounded

such that tJ,i ∈ [tJ−1,i, tJ∗,i]. This case is defined as interval-censoring and is

calculated as a survivor function evaluated at the upper bound tJ∗,i subtracted

from a survivor function evaluated at the lower bound tJ−1,i. This expression

gives the probability that a hospital exited after tJ−1,i and before tJ∗,i.

Define the indicator variable di such that

di =


1 if no censoring;

2 if only right-censoring;

3 if only interval-censoring.

Then the following likelihood function is maximized with respect to the pa-
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rameter vector θ for each exit mode:

LLF =
∑N

i=1 I(di = 1) ln [f(tJ,i | XJ−1,i,θ)]

+I(di = 2) ln [S(tJ,i | XJ−1,i,θ)]

+I(di = 3) ln [S(tJ−1,i | XJ−1,i,θ)

−S(tJ∗,i | XJ−1,i,θ)] (2.5)

=
∑N

i=1 I(di = 1)

[
ln(λ(tJ,i))−

J∑
`=1

Λt`
t`−1

]

+I(di = 2)

[
−

J∑
`=1

Λt`
t`−1

]

+I(di = 3) ln

[
J−1∏
`=1

exp Λt`
t`−1

]
−

J∗∏
`=1

exp
[
Λt`

t`−1

]]
(2.6)

where I(·) is the indicator function and

Λt`
t`−1

=

∫ t`

t`−1

λ(s | X`−1,θ)ds. (2.7)

Many types of distributions could be used to estimate this model, but

given the complexity of the model, some distributions, such as the log-logistic

distribution, do not converge. For the exponential distribution, the hazard,
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survivor, and density functions are defined as:

λ(t) = γ (2.8)

S(t) = e−γt (2.9)

f(t) = γe−γt (2.10)

where γ is a location parameter and is parameterized γ = eXβ. Note that the

hazard function does not vary with time. Substituting these functions into

equation (6) gives:

LLF =
∑N

i=1 I(di = 1)

[
XJ−1,iβ −

J∑
l=1

∫ tl

tl−1

exp(Xl−1,iβ)ds

]

+I(di = 2)

[
−

J∑
l=1

∫ tl

tl−1

exp(Xl−1,iβ)ds

]

+I(di = 3) ln

[
J−1∏
l=1

exp

[
−

∫ tl

tl−1

exp(Xl−1,iβ)ds)

]

−
J∗∏
l=1

exp

[
−

∫ tl

tl−1

exp(Xl−1,iβ)ds

]]
(2.11)

The Weibull distribution is less restrictive than the exponential distri-

bution. The probability of an exit can now vary over time. In a simple model

with constant explanatory variables, the hazard function can either mono-

tonically increase or decrease with time. However, because the time-varying

covariates create a step-wise hazard function, time now enters the function in
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a more complicated way. This gives even greater flexibility to the model, but

the interpretation of the effect of time on the hazard is less clear.

Given the hazard, survivor, and density functions:

λ(t) = γαtα−1 (2.12)

S(t) = e−γtα (2.13)

f(t) = γαtα−1e−γtα (2.14)

and that γ = eXβ and α = σ−1 where σ is the standard deviation, the likeli-

hood function is maximized with respect to β and α:

LLF =
∑N

i=1 I(di = 1)

[
XJ−1,iβ + ln(α) + (α− 1) ln(tJ,i)

−
J∑

l=1

∫ tl

tl−1

exp(Xl−1,iβ)αsα−1ds

]

+I(di = 2)

[
−

J∑
l=1

∫ tl

tl−1

exp(Xl−1,iβ)αsα−1ds

]

+I(di = 3) ln

[
J−1∏
l=1

exp

[
−

∫ tl

tl−1

exp(Xl−1,iβ)αsα−1ds)

]

−
J∗∏
l=1

exp

[
−

∫ tl

tl−1

exp(Xl−1,iβ)αsα−1ds

]]
(2.15)

The exponential distribution is a special case of the Weibull distribution with

α = 1. Thus, the validity of the exponential versus the Weibull distribution
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can be tested using a likelihood ratio test:

−2(L̂LFR − L̂LFU) (2.16)

where the function has a chi-squared distribution and L̂LFR and L̂LFU are the

log-likelihood values for the exponential and Weibull distributions respectively.

If the chi-squared value is greater than the critical value for one degree of

freedom and a given significance level, then the exponential distribution can

be rejected in favor of the Weibull distribution.

2.4 Description of Data

The primary data used for this research comes from the annual Amer-

ican Hospital Association (AHA) Survey of Hospitals for 1981-1998. With a

few exceptions, all information obtained from the survey is self-reported by

the hospitals. All United States hospitals, including United States territories,

are included in the survey. In those cases where a hospital does not respond

to the survey but has not exited the industry, the AHA supplements the sur-

vey data with data from other sources and from estimates based on previous

information submitted by the hospital. The supplemental data is obtained for

key variables such as ownership status, membership in a health care system,
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number of beds, and number of admissions.

Only hospitals that existed in 1981 were used in this study; any hospi-

tals created after 1981 were dropped from the data. Table 2.1 provides a brief

description of the covariates used in this paper. BEDS is a proxy for hospi-

tal size while INPDAYS, ADMIT and OUTVISIT provide information on the

output of the hospital. FTE and EXPENSES describe the staffing and costs

of the hospital respectively. PROFIT and GOVT are included to determine

whether ownership status affects the likelihood of a merger, acquisition, or clo-

sure. Nonprofit hospitals are the omitted group. INPDAYS, ADMIT, FTE,

and EXPENSES are divided by BEDS in order to control for the collinear-

ity between these variables and the size of the hospital. Once inpatient days

and admissions are divided by BEDS, these variables give a measure of the

utilization of the facility. Controlling for bed size, an increase in admissions

or inpatient days implies better utilization. Thus, in addition to mitigating

multicollinearity, this adjustment also provides a desirable economic interpre-

tation.

Controlling for other characteristics of hospitals is also important. For

example, hospitals that are members of a health care system (SYSTEM) and
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Table 2.1: Variable Descriptions

BEDS Total number of beds in facility
INPDAYS Total number of inpatient days
ADMIT Total number of admissions
OUTVISIT Total number of outpatient visits
MCAID number of Medicaid inpatient days/INPDAYS
MCARE number of Medicare inpatient days/ INPDAYS
FTE Full-time equivalent for all staff
EXPENSES Total expenses for facility in 1996 dollars
SYSTEM 1 if member of Health Care System; 0 otherwise
PROFIT 1 if for-profit hospital; 0 otherwise
GOVT 1 if government hospital; 0 otherwise
TEACH 1 if teaching hospital; 0 otherwise
HMO 1 if contracts with HMO; 0 otherwise
URBAN 1 if located in area with > 1 million people; 0 otherwise

HHI
∑N

`=1((BEDS`/
∑N

k=1 BEDSk) ∗ 100)2 ∀ `, k in market j
CT 1 if located in Connecticut; 0 otherwise
MA 1 if located in Massachusetts; 0 otherwise
MD 1 if located in Maryland; 0 otherwise
NY 1 if located in New York; 0 otherwise
NJ 1 if located in New Jersey; 0 otherwise
WA 1 if located in Washington; 0 otherwise
CTDEREG 1 if CT=1 and year ≥ 1993; otherwise
MADEREG 1 if MA=1 and year ≥ 1990; otherwise
NYDEREG 1 if NY=1 and year ≥ 1995; otherwise
NJDEREG 1 if NJ=1 and year ≥ 1991; otherwise
WADEREG 1 if WA=1 and year ≥ 1988; otherwise
AFT86 1 if year ≥ 1986; otherwise
CMI Caseload severity
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teaching hospitals (TEACH) tend to be larger hospitals. Failure to control for

these characteristics could lead to inaccurate conclusions about the influence

of BEDS on the probability of exiting the hospital industry. Similarly, infor-

mation on whether the hospital contracts with HMO’s (HMO) or resides in

an urban area (URBAN) provides a better understanding about the type of

hospitals that are more prone to mergers, acquisitions, or closures.

MCARE and MCAID give information on the percentage of patients in

each hospital who use Medicare and Medicaid respectively. They are calculated

as the number of inpatient days for Medicare and Medicaid divided by the total

number of inpatient days for the hospital. In addition to providing information

on the type of insurance patients have, these two variables serve as a proxy

for the patient mix served by the hospital. Higher percentages of Medicare

and Medicaid patients indicate higher levels of elderly and indigent patients

serviced respectively.

The state geographic dummy variables are included to investigate how

state rate regulation affects the probability of mergers, acquisitions, or clo-

sures. During the early 1980’s, Connecticut, Massachusetts, Maryland, New

York, New Jersey, and Washington had mandatory regulation of hospital pay-
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ment rates. Several other states participated in voluntary regulation, but

because studies indicate a lack of effectiveness of the voluntary programs, the

mandatory rate-setting states are the only geographic dummies used in this

study (McDonough, 1997). By 1995, all of the states except for Maryland

had deregulated. Hospitals located in one of the mandatory rate regulated

states are subject to greater restrictions than other hospitals. This difference

might alter the propensity for mergers, acquisitions, or closures. In addition,

rate deregulation could influence consolidation and closure activity, perhaps

increasing the competitive pressures on hospitals within the newly deregulated

states. For these reasons, the state dummy variables and the interaction of

the state dummies with each year dummy after rate deregulation in each state

are included as covariates.

In addition to possible state rate regulations, hospitals are subject to

federal rate regulation through the Medicare program. Medicare implemented

a new reimbursement policy in hopes of better containing hospital costs. The

new system categorizes all patient illnesses and treatments into approximately

400 diagnosis related groups, or DRGs. Hospitals are reimbursed based on the

average cost associated with each DRG rather than the actual cost incurred by

the hospital. Medicare fully implemented the new policy in 1986. As the report
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by the United States General Accounting Office (1990) suggests, this policy

change can influence the operations and behavior of hospitals. Therefore,

AFT86, which equals one for all years after 1986, is included to account for

this regime shift.

The case mix index (CMI) compiled by the Health Care Financing

Administration (HCFA) measures the severity of hospitals’ caseloads. The

CMI is a weighting for each hospital based on the proportion of patients treated

under each DRG. A higher CMI value indicates a more severe caseload for the

hospital.

Unfortunately, CMI data cover only the period since 1984. In addition,

the number of hospitals for which HCFA computes the CMI is far less than the

total number of hospitals reported in the AHA survey for the same year. To

overcome this problem, values for CMI are inferred using regression estimates

discussed in Appendix A.

The variable HHI uses information on total number of beds in any

given market area to calculate the Herfindahl-Hirschman index. The HHI is a

measure of market concentration and ranges in value from 0 to 10,000. For this

paper, the market is defined using a combination of county and Metropolitan
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Statistical Area (MSA) codes. Each hospital is assigned to its county unless

it belongs to an MSA in which case the MSA code is used.7 For each firm in a

market with N firms,8 let αi = (BEDSi/
∑N

k=1 BEDSk)∗100. Then HHI=
∑

i α
2
i

where the summation is over all firms in the market such that HHI varies only

for each market. Larger values of the HHI indicate greater concentration

and less competition in the market area with the maximum value of 10,000

indicating that a monopoly exists in the market.

A total of 2, 409 hospitals are deleted from the dataset due to miss-

ing or inconsistent data. Table 2.2 shows the number of observations lost to

the deletions described in Appendix B. The number of closure, merger, and

acquisition events lost due to the deletions is also given. After all deletions,

the data contain 6, 042 total hospitals, 562 mergers, 72 acquisitions, and 628

closures.

7There are many different methods used to calculate hospital market areas (see
Zwanziger et al. (1990) for a detailed discussion of different methods). Many assert that
MSA’s are too large a market area and therefore overstate competition in the area. A
method developed by Zwanziger et al. (1990) uses patient origin data to calculate market
area and is commonly used in recent studies (e.g., Melnick et al., 1992; Brooks and Jones,
1997; Keeler et al., 1999). However, given the lack of patient level data, this method was
not possible. In addition, studies by Melnick et al. (1992) and Keeler et al. (1999) show
that HHI’s based on counties rather than patient level data tend to underestimate the effect
of the HHI on the dependent variable. For our study, this bias is in the right direction and
indicates that any significance associated with HHI is understated.

8Note that all firms, prior to any necessary deletions, are used to calculate the HHI.
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Table 2.2: Deleted Observations

Hospitals Mergers Acquisitions Closures

Duplicate
Mergers 12 24 19 0

Created
After 1981 1283 54 27 171

Exit
Survey More
Than Once 125 19 7 84

Missing or
Implausible
Data 174 11 4 84

Not in US 73 2 0 18

Not Acute
Care 742 63 15 157

Table 2.3 gives the descriptive statistics for each of the explanatory

variables in the final dataset. Approximately 12 percent of the sample are for-

profit hospitals while 33 percent are government hospitals with the remaining

hospitals classified as nonprofit. The size distribution of hospitals, measured

by BEDS, is skewed to the right; most hospitals are relatively small and only a

few hospitals are quite large. This skewness is also reflected in other variables
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such as ADMIT and INPDAYS which are highly correlated with BEDS and the

size of the hospital. The average HHI concentration of hospitals is also quite

high (the US Department of Justice deems a market as highly concentrated

if the HHI is greater than 1800). This concentration is probably indicative of

the fact that only 25 percent of hospitals are located in an urban area.

Hospitals exiting the survey due to merger, acquisition, or closure are

denoted as such in the AHA survey documentation. For any survey year, the

AHA reports hospitals that no longer exist and also reports the reason for

their disappearance. Due to this reporting system, the exact time of exit is

unknown. In some cases, information on the exact time of exit is obtained from

a dataset of hospital acquisitions from 1993-1998 compiled by Irving Levin

Associates (ILA). The ILA data provide detailed information on acquisitions

and mergers including the announcement date of the consolidation. Where

possible, hospitals denoted as merged or acquired by the AHA are matched

with the ILA data in order to obtain the announcement date of the merger

or acquisition. Not all mergers and acquisitions in the AHA correspond with

mergers and acquisitions in the ILA data due to reasons described in Appendix

C. Of the 634 mergers and acquisitions in the final dataset, approximately 26

percent are matched with an exact exit time.
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Table 2.3: Descriptive Statistics

Variables Mean Standard Deviation Min Max
CMI 1.1533 0.1903 0.50 4.17
SYSTEM 0.3259 0.4687 0 1
PROFIT 0.1164 0.3206 0 1
GOVT 0.3282 0.4696 0 1
TEACH 0.0692 0.2537 0 1
URBAN 0.2502 0.4331 0 1
BEDS 176.2460 181.5106 5 1955
ADMIT 5809.9260 6487.5290 4 81492
FTE 617.7577 801.7135 4 10502
INPDAYS 43668.3200 53141.0100 23 565141
HHI 4000.5507 3716.9966 65.7554 10000
OUTVISIT 60778.6200 97743.8300 0 2350290
EXPENSES 194584.2046 139146.6011 37.6138 5187194
HMO 0.4041 0.4907 0 1
MCARE 0.4228 0.1971 0 1
MCAID 0.1446 0.1582 0 1
MD 0.0110 0.1045 0 1
MA 0.0213 0.1445 0 1
NY 0.0445 0.2062 0 1
NJ 0.0173 0.1303 0 1
WA 0.0172 0.1299 0 1
CT 0.0079 0.0884 0 1
MADEREG 0.0072 0.0847 0 1
NYDEREG 0.0046 0.0676 0 1
NJDEREG 0.0054 0.0736 0 1
WADEREG 0.0082 0.0903 0 1
CTDEREG 0.0015 0.0386 0 1
AFT86 0.61561 0.4860 0 1

N 92374
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The remainder of mergers and acquisitions, along with all closures, are

treated as interval-censored. For closures, the lower bound, tJ−1, on the time

interval is the date at the end of the last reporting period while the upper

bound is 365 days later. If the hospital did not close within a year of the last

reporting period, then it would have still been recorded as an existing hospital

in that year. For mergers and acquisitions, except for one case described below,

the lower bound is the last day of the last reporting period for the merging

or acquired hospital. In all cases, the upper bound, tJ∗ , is the first date of

the reporting period for the newly formed hospital or the acquiring hospital.

This rule follows from the intuition that the consolidating hospital must have

exited the industry between the last time it was observed and the first time

that the resulting hospital is observed.

If the last reporting period is not known (that is, it is not reported

by the hospital), the reporting dates are assumed using information from the

previous year’s survey. If this assumed reporting period is greater than the

start date of the known reporting period for the merger/acquisition result, it

is assumed to be inaccurate and is not used. In this case, the lower bound

on the time interval is the end of the next-to-last reporting period for the

merging/acquired hospital. This modification increases the bound on the time
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interval, but provides better confidence that the true, unknown exit time tJ

lies within the lower and upper bound.

Most of the time intervals for the merging or acquired hospitals are

close to a year, but can be as high as 11
2

years and as low as 0 days. An inter-

val bound of 0 days occurs when a hospital exits the survey the same day as

the newly merged hospital enters the survey or the acquiring hospital begins

its reporting period. Table 2.4 describes the average duration for hospitals in

the survey separated by type of event and whether the exact time of exit was

known. For mergers and acquisitions, the average duration is shorter for the

interval-censored observations than for the observations where the announce-

ment date for the merger or acquisition is known. Much of this difference is

probably due to the fact that the ILA data were only available after 1992.

For a hospital to be matched with the ILA data, it could not have exited the

survey prior to 1992. The average duration is also smaller for closures than

for mergers and acquisitions. This result follows from the trend of a wave of

closures in the 1980’s and a wave of mergers/acquisitions in the 1990’s.
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Table 2.4: Mean Duration by Type

Mergers Acquisitions Closures

Not Not
Interval Interval Interval Interval
Censored Censored Censored Censored

N 133 429 20 52 628

Lower Bound 5070.78 3735.04 5220.55 3973.33 3220.29

Upper Bound N/A 3824.15 N/A 4143.63 3585.29

2.5 Empirical Results

The model given in equation (2.6) is estimated for mergers, acquisi-

tions and closures using the exponential and Weibull distributions. Given

that likelihood ratio tests for each event reject the exponential model in fa-

vor of the Weibull, only results for the Weibull model are presented in Tables

2.5-2.7. Due to the small number of acquisitions in the data and the fact that

all closures are interval censored, convergence for the full model could not be

achieved for acquisitions and closures. A partial model that omitted several

covariates, particularly the geographic dummy variables, is estimated.9

9Because only the partial model is estimated for acquisitions, we could not statistically
test whether mergers and acquisitions should be pooled or treated as separate events. We
did however combine mergers and acquisitions in order to estimate the full model. Although
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Results show that better utilized facilities are less likely to merge or

close. An increase in admissions per bed decreases the likelihood of a merger

or closure. In addition, hospitals with higher inpatient days per bed are less

likely to close. Although admissions per bed and inpatient days per bed are

not true measures of efficiency, they give some measure of the productivity

of the hospital. Competition appears to purge these less productive hospitals

from the market, either through mergers or closures.

Size of the hospital is also an important factor for mergers and closures.

BEDS enters the model in a complicated manner due to scaling admissions,

inpatient days, and expenses by beds. Calculating the total mean marginal

effect of BEDS shows that larger hospitals are more likely to merge and to

close. How this result translates to the effect of economies of scale is not clear.

It is commonly believed that smaller hospitals, rather than larger hospitals,

exhibit economies of scale. However, Carey and Wilson (2000) find that in

1984, hospitals with a bed size of 90-120 beds have increasing returns to scale

while smaller hospitals face decreasing returns to scale. Although this result

reverses itself by 1996 such that hospitals with a bed size of 90-120 have

not statistical proof of a difference between mergers and acquisitions, the results for this
model are quite different than the results in Table 2.5.
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Table 2.5: Merger Estimates

Variable Coefficient Z-statistic
CONSTANT −6.1514 −16.29∗∗∗

CMI 0.3190 1.55
SYSTEM 0.4019 4.20∗∗∗

PROFIT −0.0220 −0.27
GOVT −0.3608 −3.69∗∗∗

TEACH 0.1592 1.46
URBAN −0.0970 −1.18
BEDS 0.0007 1.35
BEDS2 −5.98E–07 −1.32
BEDS*SYSTEM −0.0003 −1.12
ADMIT/BEDS −0.0084 −2.67∗∗∗

FTE/BEDS 7.13E–05 1.44
INPDAYS/BEDS −0.0002 −0.28
HHI 0.0002 4.02∗∗∗

HHI2 −3.10E–08 −5.62∗∗∗

OUTVISIT 1.30E–07 0.43
EXPENSES/BEDS 2.11E–07 0.74
HMO 0.5471 3.17∗∗∗

MCARE 0.3392 1.65∗

MCAID −0.4162 −1.56
MA 0.2893 1.48
MD −0.4444 −1.20
WA 0.8691 4.38∗∗∗

CT 0.0592 0.21
NJ 0.1483 0.64
NY 0.1869 1.36
AFT86 −0.0940 −0.89
MADEREG 0.2203 0.89
WADEREG −0.7899 −2.54∗∗

CTDEREG 0.6170 1.53
NJDEREG 0.0613 0.20
NYDEREG −0.1540 −0.49
α 1.6111 10.99∗∗∗

LLF value −5113.1
LLF value for exponential −5127.49
*, **, *** denote ≥ .90, .95, and .99 significance
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Table 2.6: Acquisition Estimates

Variable Coefficient Z-statistic
CONSTANT −8.7801 −5.50∗∗∗

CMI 0.6207 0.87
SYSTEM 0.6484 1.69∗

PROFIT −1.1917 −2.70∗∗∗

GOVT −0.2882 −0.87
TEACH 0.4889 0.86
URBAN 0.0875 0.33
BEDS 0.0010 0.41
BEDS2 −4.92E–06 −1.11
BEDS*SYSTEM −0.0015 −0.84
ADMIT/BEDS −0.0085 −0.77
FTE/BEDS −0.0003 −0.42
INPDAYS/BEDS −0.0012 −0.68
HHI 0.0004 1.63
HHI2 −1.07E–07 −2.12∗∗

OUTVISIT −6.51E–07 −0.31
EXPENSES/BEDS 9.94E–07 0.77
HMO 0.4370 0.71
MCARE 2.0994 1.70∗

MCAID 2.0873 1.67∗

α 1.4074 4.90∗∗∗

LLF value −700.557
LLF value for exponential −702.259
*, **, *** denote ≥ .90, .95, and .99 significance
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Table 2.7: Closure Estimates

Variable Coefficient Z-statistic
CONSTANT −2.3321 −6.84∗∗∗

CMI −0.9142 −2.97∗∗∗

SYSTEM 0.0681 0.63
PROFIT 0.7059 7.14∗∗∗

GOVT −0.1690 −2.01∗∗

TEACH 0.2713 0.67
URBAN 0.3856 3.40∗∗∗

BEDS −0.0073 −4.83∗∗∗

BEDS2 3.84E–06 1.44
BEDS*SYSTEM −0.0008 −0.81
ADMIT/BEDS −0.0359 −8.43∗∗∗

FTE/BEDS 0.0001 1.16
INPDAYS/BEDS −0.0034 −6.06∗∗∗

HHI −1.89E–05 −0.39
HHI2 −8.39E–09 −1.97∗∗

OUTVISIT 1.18E–06 1.35
EXPENSES/BEDS −8.07E–07 −2.08∗∗

HMO −0.0672 −0.34
MCARE −0.2687 −1.40
MCAID 0.1044 0.45
α 1.2968 14.72∗∗∗

LLF value −3249.19
LLF value for exponential −3261.57
*, **, *** denote ≥ .90, .95, and .99 significance
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decreasing returns and smaller hospitals exhibit increasing returns to scale,

mergers in my dataset are mostly before 1996. Since hospital size is highly

skewed to the right with the median hospital bed size at 113, larger hospitals

might merge to exploit increasing returns to scale. Closures of larger hospitals

may be due to hospitals that would prefer to merge but do not have a viable

partner. Or, the hospitals may be so large that they are exhibiting decreasing

returns to scale, and exit the market due to this inefficiency. Given these

results and the inconclusive results from Sinay (1998a, 1998b), it appears

that more investigation of the effect of size on consolidations and closures is

warranted.

The results for HHI and HHI2 indicate that hospitals in more compet-

itive markets have a greater probability of a merger, acquisition, or closure.

For mergers, HHI exhibits concavity in the hazard function. The probability

of a merger increases as the HHI increases until the HHI reaches approxi-

mately 3084. At this point, the probability begins to decline.10 The overall

marginal effect is negative, however. For acquisitions and closures, the linear

term for HHI is no longer significant, but the coefficient on HHI2 is significant

10Note that the US Department of Justice acknowledges an HHI above 1800 as a concen-
trated market.
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and negative. Thus, hospitals are more likely to exit the industry, whether by

merger, acquisition, or closure, when the market is more competitive. This

result seems transparent, but given the dominance of nonprofit firms in this

industry, it is important to empirically confirm economic intuition.

In addition to direct competitive pressures from other hospitals, out-

side pressures to contain costs positively affect the likelihood of a merger or

acquisition. Contracting with an HMO increases the chances of a merger. In

addition, results suggest that rate regulation policies in Washington created

a pro-merger environment. Hospitals located in Washington are more likely

to merge, but since deregulation in 1988, the incentive to merge has declined.

For acquisitions, the coefficients on Medicare and Medicaid are positive. The

capitation based reimbursement policies of Medicare, Medicaid, and managed

care plans create incentives to contain costs and improve economic efficiency.

Such efficiency gains may be achieved through merger and acquisition. In ad-

dition, economies of scale may also exist for administrative overhead in filing

insurance claims.

Ownership status influences exits from the industry as well. In com-

parison to nonprofits, government hospitals are less likely to merge or close.
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This result corresponds to the belief that government hospitals face fewer pres-

sures to compete economically. For-profit hospitals, however, are more likely

to close but less likely to be acquired. Unlike government or nonprofit hospi-

tals that tend to care more about community welfare, for-profits, who motive

maximize profits, have less incentive to stay in the market if they are not eco-

nomically solvent. In addition, for-profits tend to be the acquirer rather than

the acquiree, explaining their low probability of being acquired.

Control of the hospital, in addition to ownership status, affects hospital

mergers and acquisitions. Hospitals that are members of a health care system

are statistically more likely to merge or be acquired. However, membership

in a health care system is not a determinant of hospital closings. Health

care systems have been actively involved in consolidations during the 1990’s.

In many instances, health care systems purchase several hospitals in the same

area and consolidate their operations.11 Such consolidations would be reflected

at the individual hospital level and help to explain the significance of the

SYSTEM variable.

Unlike mergers and acquisitions, closures are influenced by the severity

11See Irving Levin Associates Health Acquisition Report (2000) for examples.
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of the caseload, expenses, and the location of the hospital. An increase in the

severity of the medical cases decreases the probability of a closure. Results

also show that hospitals with larger expenses per bed have a lower propensity

to close. Perhaps hospitals are able to recover more of the costs associated

with treating severely ill and costly patients, and therefore less likely to close

due to financial insolvency. In addition, hospitals located in urban areas are

more likely to close. As hospitals become more efficient, fewer hospitals are

needed to serve the same population. Thus the less efficient hospitals in the

urban areas are forced to close.

Many determinants of mergers and closures are similar such as the

negative coefficient on ADMIT/BEDS and HHI. Perhaps closures are the last

alternative for hospitals that would prefer to merge but do no have any merger

possibilities. In contrast, economically inefficient hospitals merge but are not

likely to be acquired, suggesting a negative dependence between mergers and

acquisitions. Although not addressed in this paper, such correlations between

mergers, acquisitions, and closures should be investigated further.

For mergers, acquisitions, and closures, the location parameter α = σ−1

is greater than 1. This implies positive duration dependence such that the
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probability of mergers, acquisitions, or closures increases with time. As hos-

pitals grow, perhaps they become more constrained by their existing infras-

tructure and capital requirements, and are therefore, less able to respond to

changes in market conditions. Hospitals where efficiencies can be improved

merge or are acquired, while the remaining hospitals close.

Results are robust to modifications to the covariates used and to as-

sumptions made in the data cleaning process. Several specifications were es-

timated and the estimates did not change dramatically. In some cases, the

AHA estimates values for ADMIT, INPDAYS, FTE, EXPENSES, OUTVISIT,

MCARE, and MCAID when hospitals do not respond to the survey. As a ro-

bustness check, AHA- estimated values are not used; instead previous values

for the variables are filled forward as described in Section 4 of this paper.

We also check the sensitivity of our results to the predicted values for

the casemix index. The casemix index is calculated by the Center for Medicare

and Medicaid Services12 for hospitals that treat Medicare patients. In order

to increase our sample size, we predict CMI values for all hospitals, including

those that do not treat Medicare patients such as children’s hospitals. We

12Formerly, the Health Care Financing Administration
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check the validity of this assumption by creating an alternative dataset that

predicts CMI values only for hospitals that are designated as general, surgical

hospitals in the AHA data. This modification removes approximately 3, 000

observations and 248 hospitals from the data.

Estimates are robust using both sets of alternative data with a few

exceptions. For closures, MCARE is significant at the 5% level and has a neg-

ative coefficient. Given that this variable is almost significant for the original

dataset and is also negative, this difference seems negligible.

2.6 Conclusion

This paper uses duration analysis to assess the determinants of hospital

mergers, acquisitions, and closures. Due to data restrictions, the traditional

duration model is modified to include observations that are interval censored

on the right. Unlike previous studies, a nationwide dataset spanning 18 years

is used to estimate the model. Results show that competitive pressures are

purging the productively inefficient hospitals out of the market. In addition,

the greater the competitive pressures in the market, the more likely a hospital

exits the industry due to merger, acquisition, or closure.
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We also find that ownership status and control of the hospital affect

consolidations and closures. Government hospitals are less likely to merge or

close, while for-profit hospitals have a decreased probability of acquisition but

an increased probability of closure. Membership in a health care system also

increases the likelihood of a merger or acquisition.

Further research on hospital mergers, acquisitions, and closures would

give additional information on the dynamics of the hospital industry. In par-

ticular, identification of whether a propensity to exit the industry by one mode

increases the probability of an exit by another mode is important. There is

weak evidence in this paper that closures may be a substitute for merging when

a potential partner is not available, but more rigorous investigation of correla-

tions between the exits, using semi- and nonparametric estimation techniques,

is needed.

In addition, this research question focused on mergers and acquisitions

at the local hospital level. Future investigation of mergers and acquisitions by

health care systems that function as holding companies is warranted to assess

whether these transactions are motivated by the same economic incentives as

individual hospital consolidations.
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Chapter 3

The Objective Function Matters: An

Investigation of Competition in the Hospital

Industry

3.1 Introduction

An extensive literature exists concerning competition between for-profit

firms. From Cournot to Bertrand models, with homogeneous or differentiated

products, the economic theory of profit-maximizing organizations is well un-

derstood. However, industries, such as the hospital industry, where nonprofit

firms dominate have received little attention. As suggested by studies such

as Newhouse (1970), Pauly and Redisch (1973), and Dusansky and Kalman

(1974), nonprofits may have a different objective than profit maximization.

Their reaction to a competitive environment might not follow the conventional
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predictions for competitive behavior. Given the public policy concerns about

rising health care costs and availability of services, better understanding of the

effects of competition when nonprofits are present in the market is essential.

Relatively recent changes to this industry have forced nonprofits to be-

come more competitive. The presence of managed care plans and the shift

to the Prospective Payment System by Medicare in 1983 created greater in-

centives to reduce costs. Presumably, the wave of hospital mergers and ac-

quisitions in the 1990’s was largely a response to these changes. Although

more media attention has focused on acquisitions of nonprofit hospitals by

for-profit health care systems, individual hospitals, as well as nonprofit health

care systems, have also engaged in merger activity.

Although several empirical studies investigate the effects of consolida-

tions and for-profit conversions on prices, outputs, and efficiency, results from

these studies are contradictory, and thus, inconclusive. In particular, there is

debate in the literature concerning whether nonprofits raise prices in response

to a merger. Given that nonprofits may not profit maximize, a broader theo-

retical perspective of competition in the industry may provide insight into this

debate.
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This paper uses a simple theoretical model to explore competition in the

hospital industry and to study how different nonprofit objective functions in-

fluence equilibrium behavior. In particular, we construct three separate models

with different nonprofit objective functions to investigate how prices, output,

and quality of service change when i) a nonprofit and for-profit compete, ii) two

nonprofits compete, iii) a nonprofit hospital merges into a for-profit hospital,

and iv) a for-profit merges into a nonprofit hospital.

The next section of the paper discusses previous models of nonprofit

behavior and previous literature on price increases when nonprofits merge.

Section 3 presents in detail the three models of competition used in this pa-

per. Section 4 discusses the equilibrium results when a nonprofit competes

with either a for-profit firm or another nonprofit hospital. The changes to

equilibrium behavior when a merger occurs are presented in Section 5 and the

final section concludes the paper.

3.2 Previous Literature

One of the first theories of nonprofit objectives comes from Long (1964).

He suggested that hospitals seek to maximize the number of patients served
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subject to budget and quality constraints. Newhouse (1970) builds on this

model to explicitly incorporate quality into the objective function. He conjec-

tures that nonprofit hospitals jointly maximize quality and quantity subject

to a budget constraint. For each level of quality, the hospital chooses the

maximum quantity possible given a zero-profit condition. The hospital then

chooses the quantity-quality combination that produces the highest attainable

level of utility for the hospital. Although this model still leads to production

of the least costly bundle, the emphasis on quality implies an inefficient mix of

services. In particular, nonprofits are biased toward providing higher quality

services than for-profit hospitals.

Instead of corporate ownership, nonprofit hospitals may be owned by a

group of community physicians. Although less prevalent in today’s industry,

Pauly and Redisch (1973) investigate the behavior of these physician cooper-

atives. They assume that staff physicians have de facto control of the hospital

and operate the hospital in order to maximize the sum of income for all physi-

cians. In the short-run, they show that, if the number of physicians is fixed,

the model is identical to that of a profit-maximizing hospital with one input

fixed. However, the long-run behavior depends on the hospital’s staffing pol-

icy. If the entry of new physicians must be approved by the cooperative (closed
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staffing policy) and hospital revenue are divided equally among the physicians,

then an increase in demand for hospital output leads to higher prices (i.e., up-

ward sloping demand curve), lower outputs, and fewer physicians. If entry into

the cooperative is open, the equilibrium number of physicians is greater than

in the closed staffing policy, although the hospital still may not employ the

optimal number of physicians. All of these results assume cooperative behav-

ior between the physicians. Noncooperative behavior between the physicians

leads to overutilization of labor relative to the cooperative solution.

Teaching hospitals presumably have different objectives due to their

educational mission. Dusansky and Kalman (1974) address this different ob-

jective in their model. In their paper, hospitals are concerned with the diversity

of the medical cases. Patients are classified based on their teaching usefulness

classification (TUC). In order to adequately train medical students, the hospi-

tal needs a certain number of patients for each TUC. The hospital, therefore,

minimizes costs subject to meeting this lower bound for every TUC.

Lynk (1995b) relies on the assumption of a nonprofit motive to argue

that mergers by nonprofits do not raise prices in the market. He assumes that

nonprofit hospitals function similarly to a consumer cooperative rather than

51



a profit-maximizing firm, and thus their response to increased market share

will not be the same as profit-maximizing firms. He uses a hedonic regression

model to regress price per inpatient-day on various structural and demographic

characteristics of California hospitals, sub-dividing the price variable by the

type of services received. His results suggest that prices decline following a

merger of two nonprofit hospitals.

Several papers contradict the findings of Lynk (1995b). Dranove and

Ludwick (1999) argue that Lynk’s results are biased for several reasons in-

cluding endogeneity of his market share regressor. After correcting for these

biases, Dranove and Ludwick are unable to support lower prices by nonprofit

hospitals. Keeler et al. (1999) use similar econometric methods to predict

changes in hospital service prices after hypothetical mergers in 1986, 1989,

1992, and 1994. They find that all hospitals raise their prices in response to

a merger but for-profits have higher price increases than nonprofit hospitals.

In addition, mergers between direct competitors not only raise the merging

hospitals’ prices, but also prices for the remaining hospitals in that market.

Although the most recent empirical evidence described above does in-
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dicate that nonprofits respond similarly to their for-profit competitors,1 it is

still commonly thought that nonprofit hospitals behave differently from their

for-profit counterparts. As Blackstone and Fuhr (1993) discuss in their paper,

even the courts assume that nonprofits have altruistic motives that prevent

anticompetitive behavior, and thus, antitrust cases against nonprofit hospi-

tal mergers have been mostly unsuccessful. Gaynor and Vogt (2000) using

a model where hospitals’ residual demand is a function of the firm’s output

and amenities, and competitors’ output and amenities, they show that for-

profit and nonprofit hospitals react similarly to a merger. As we describe in

detail below, we strengthen this result by showing that the presence of altruis-

tic motives does not necessarily preclude conventional responses to decreased

competition. The following section, therefore, develops the models in order to

provide a theoretical framework for investigating nonprofit hospital behavior.

1For discussion of the effects, other than price changes, of mergers and acquisitions and
for-profit conversions see Cutler and Horwitz (2000), Alexander et al. (1996), and Lynk
(1995a).
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3.3 Theoretical Models

In this paper, we modify the simple Bertrand model to examine equi-

librium behavior between a nonprofit and for-profit hospital. Let a market

exist with a nonprofit and for-profit hospital, where the hospitals compete on

price.2 The for-profit hospital maximizes profits while the nonprofit hospital

maximizes a linear combination of profits and a nonprofit motive. Mathemat-

ically,

Firm 1 (For-Profit) Objective Function:

max
p1

p1q1(p1, p2)− c(q1(p1, p2)) (3.1)

Firm 2 (Nonprofit) Objective Function:

max
p2

α [p2q2(p1, p2)− c(q2(p1, p2))] + (1− α)V (3.2)

where pi and qi are the price and quantity for firm i respectively, c(·) is the

cost function, α is the weight assigned to profit maximization, and V is the

2Some might argue that, due to third-party payers in the health care system, patients
are not price sensitive, and thus, hospitals do not compete on price. Although it is true
that the consumers do not pay full price for hospital services, the insurance companies
have contracted with the hospital to provide the services for agreed upon prices. Thus,
hospitals still compete on price in order to contract with the insurance companies. In fact,
as Dranove and Satterthwaite (2000) note, “they (PPO’s and HMO’s) are also more capable
shoppers than are patients, for they shop on behalf of potentially thousands of patients and
can therefore afford to purchase information systems that permit comparison of complex
cost and quality information.” We, therefore, assert that price competition is a reasonable
assumption.
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nonprofit motive to be defined for each of the three models. Depending on V,

the nonprofit hospital may choose another variable in addition to p2.

Modeling the nonprofit objective function as a linear combination of

different objectives is not new to the literature. Steinberg (1986) uses this

technique to empirically test whether nonprofit firms are budget or service

maximizers. In his paper, he focuses on the nonprofit sector as a whole and

uses charitable donations as the main source of revenue for the nonprofit firms.

He then estimates α (actually, in his paper, he defines the variable k as the

weighting parameter, but for simplicity, we will use α). Although the model

in equation (3.2) could be empirically tested to estimate α, here we assume

that α is fixed. The choice of α and the empirical estimation of the parameter

are left for further research.

We now need to specify V . Given the different objective functions

hypothesized for the nonprofit hospital, we specify three models of nonprofit

behavior. We, therefore, in this paper are not presuming to know the “right”

model of nonprofit behavior. In fact, it may be reasonable to assume that

no one model of nonprofit hospital behavior is correct. Factors such as the

demographics of the population, the location of the hospital in a rural or
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urban area, and the teaching status of the hospital are likely to influence

the objective function of the hospital. We instead want to investigate how

equilibrium behavior changes depending on the specified nonprofit objective

function.

3.3.1 Maximize Total Number of Patients Served

As discussed by Long (1964), hospitals may seek to serve the maximum

number of patients possible. Thus, the model is:

Firm 1 Objective Function:

max
p1

p1q1(p1, p2)− c(q1(p1, p2)) (3.3)

Firm 2 Objective Function:

max
p2

α [p2q2(p1, p2)− c(q2(p1, p2))] + (1− α)q2(p1, p2) (3.4)

where q2, the quantity for the nonprofit hospital, is the nonprofit motive of the

hospital. Note that a zero-profit constraint as discussed by Long is implicitly

incorporated into this model; there is an α at which the hospital just breaks

even.
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3.3.2 Maximize Total Number of Uninsured Patients Served

Conventional wisdom about nonprofit and, in particular religiously af-

filiated, hospitals is that they are concerned about the health of the entire

community, including the economically disadvantaged. We model this sector

of the population by assuming that the indigent have no insurance. The com-

munity is then divided between two types: insured and uninsured patients.

Uninsured patients are only served by the nonprofit hospital. The nonprofit

hospital does not expect to recover the cost of serving these patients. These

patients are a function of costs, but they do not provide a form of revenue. Let

q1
2 represent the insured patients while q2

2 are the uninsured patients. Thus,

we get:

Firm 1 Objective Function:

max
p1

p1q1(p1, p2)− c(q1(·)) (3.5)

Firm 2 Objective Function:

max
p2,q2

2

α
[
p2q

1
2(p1, p2)− c(q1

2(p1, p2), q
2
2)

]
+ (1− α)q2

2 (3.6)

The nonprofit hospital chooses prices and also the quantity of uninsured pa-

tients served. Since it is assumed that the uninsured cannot pay for their

services, the uninsured are not concerned about the price of the services, and
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therefore, their demand is not a function of price.

3.3.3 Hospitals Compete on Price and Quality; Nonprofits Maxi-

mize Quality

For health care, consumers value the quality of care. Drawing from

Newhouse (1970), we let quality of care enter the objective function. In par-

ticular, firms compete on price and quality of care. We follow the specification

discussed by Dranove and Satterthwaite (2000) in which the quality of care

provided by firm i, xi, enters the objective function indirectly through its ef-

fect on quantity. In addition, the nonprofit hospital cares directly about the

quality of its services. We, therefore, get the following model:

Firm 1 Objective Function:

max
p1,x1

p1q1(p1, p2, x1, x2)− c(q1(p1, p2, x1, x2)) (3.7)

Firm 2 Objective Function:

max
p2,x2

α [p2q2(p1, p2, x1, x2)− c(q2(p1, p2, x1, x2))] + (1− α)x2 (3.8)

Each hospital chooses its own prices and quality of care. The assumptions

about the behavior of the demand function with respect to quality are dis-

cussed in the next section.
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Henceforth, these models are referred to as models 1, 2, and 3 respec-

tively. Equations (3.3) through (3.8) are maximized for each of the choice

variables. We then perform comparative statics to determine how the equi-

librium behavior for each variable changes as the nonprofit hospital increases

its weight on profit maximization (i.e., α increases). An increase in α can

be viewed as a need for the nonprofit to become more competitive which, as

discussed earlier, seems to be a trend in the industry. The following section

presents the first-order conditions and the comparative static results.

In addition to nonprofit and for-profit competition, many markets exist

where nonprofit hospitals compete with each other. To model such a market,

firm 1 in each model is transformed into a nonprofit hospital that is identical

to the other nonprofit hospital in the market. We define these equations as:

max
p1

α [p1q1(p1, p2)− c(q1(p1, p2))] + (1− α)q1(p1, p2) (3.3a)

max
p1

α [p1q
1
1(p1, p2)− c(q1

1(p1, p2), q
2
1)] + (1− α)q2

1 (3.5a)

max
p1,x1

α [p1q1(p1, p2, x1, x2)− c(q1(p1, p2, x1, x2))] + (1− α)x1 (3.7a)

where q1
1 and q2

1 are the quantity of insured and uninsured patients served

by firm 1. Equations (3.3a), (3.5a), and (3.7a) replace (3.3), (3.5), and (3.7)

respectively and the equations are once again maximized and comparative
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statics analyzed. A comparison of these results and the previous results when

a nonprofit and for-profit compete gives a better understanding of whether,

qualitatively, the presence of a for-profit in the market affects the equilibrium

conditions. Section 4 also presents these comparative static results of compe-

tition between two nonprofits and discusses the differences between the two

markets.

Another trend in healthcare is the recent wave of mergers, acquisitions,

and for-profit conversions. A popular misconception is that all acquisitions re-

sult in a for-profit hospital or health care system acquiring a nonprofit hospital.

Although this activity is prevalent (Phillips, 1999), an investigation of only

for-profit conversions omits many of the dramatic changes to the hospital in-

dustry. Nonprofit health care systems, particularly religiously affiliated health

care systems, have also engaged in many acquisitions. In several instances,

these acquisitions have resulted in a for-profit conversion to a nonprofit hospi-

tal.3 It is therefore important to study for-profit and nonprofit acquisitions to

better understand the effect on hospital behavior. Section 5 examines how be-

havior changes when a merger occurs and whether these changes are influenced

3For examples of such acquisitions, see Irving Levin Associates (2000)
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by the ownership status of the acquiring hospital. Equilibrium conditions for

an acquisition by a nonprofit and also by a for-profit hospital are compared to

the pre-merger equilibria and the differences discussed.

3.4 Results

3.4.1 Model 1

The first-order conditions for equations (3) and (4) are:

∂π1

∂p1

=

(
p1 −

∂c

∂q1

)
∂q1
∂p1

+ q1 = 0 (3.9)

∂π2

∂p2

= α

[(
p2 −

∂c

∂q2

)
∂q2
∂p2

+ q2

]
+ (1− α)

∂q2
∂p2

= 0. (3.10)

Due to the nonprofit motive of the nonprofit hospital, the marginal benefit

to serving an additional patient is higher than for the for-profit firm. Thus,

firm 2 chooses lower prices in order to serve a higher quantity of patients.

In order to sign the effect of an increase in α on p1 and p2, we assume that

the demand and cost curves are well-behaved. We also assume that demand

is linear and that own-price effects are greater than cross-firm price effects.
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Mathematically:

∂qi
∂pi

≡ q′i(pi) < 0 ∀ i = 1, 2 (3.11)

∂qi
∂pj

≡ q′i(pj) > 0 ∀ i 6= j (3.12)

∂2qi
∂p2

i

= 0 ∀ i = 1, 2 (3.13)

∂2qi
∂pi∂pj

= 0 ∀ i 6= j (3.14)∣∣∣∣∂qi∂pi

∣∣∣∣ >
∂qi
∂pj

∀ i 6= j (3.15)

∂c

∂qi
> 0 ∀i = 1, 2 (3.16)

∂2c

∂q2
i

> 0 ∀i = 1, 2. (3.17)

Given these assumptions, we find that:

dp1

dα
> 0 (3.18)

dp2

dα
> 0 (3.19)

Thus, as the nonprofit hospital shifts more weight toward profit maximiza-

tion, the prices for both firms increase. The implicit subsidy provided by

the nonprofit motive creates an incentive for the nonprofit firm to price more

aggressively than it would otherwise. As the nonprofit hospital places less em-

phasis on quantity maximization, the impact of the subsidy is less and prices

for the nonprofit rise. Now, the for-profit can also extract more surplus from
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consumers and raise prices as well.

3.4.2 Model 2

Maximizing equations (3.5) and (3.6) with respect to prices and the

number of uninsured patients gives:

∂π1

∂p1

=

(
p1 −

∂c

∂q1

)
q′1(p1) + q1 = 0 (3.20)

∂π2

∂p2

= α

[(
p2 −

∂c

∂q1
2

)
q′2(p2) + q1

2

]
= 0 (3.21)

∂π2

∂q2
2

= −α ∂c
∂q2

2

+ 1− α = 0 (3.22)

In addition to assumptions (3.11)-(3.15), we assume that (3.16) and

(3.17) hold for q1, q
1
2, and q2

2, and that

∂2c

∂q1
2∂q

2
2

> 0 (3.23)

∂2c

∂q1
2
2 ≥ ∂2c

∂q1
2∂q

2
2

(3.24)

∂2c

∂q2
2
2 ≥ ∂2c

∂q1
2∂q

2
2

(3.25)

Assumption (3.23) tells us that an increase in the number of uninsured pa-

tients increases the marginal cost of serving the insured patients. Given limited
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capacity and a limited medical staff, this assumption seems reasonable.4 As-

sumptions (3.24) and (3.25) imply that increases in the number of insured or

uninsured patients served affects own marginal cost at least as much as the

marginal cost of the other patient type.

Given these assumptions, it can be shown that:

dp1

dα
< 0 (3.26)

dp2

dα
< 0 (3.27)

dq2
2

dα
< 0 (3.28)

These results differ from those in Model 1 because the nonprofit motive is sep-

arate from the price competition between the two firms. Serving the uninsured

patients does not provide an implicit subsidy to the nonprofit hospital, and

therefore, they do not price as aggressively. In fact, prices for the insured pa-

tients are higher than marginal costs in order to cover the costs of serving the

uninsured patients. This type of cost-shifting is discussed in detail in Dranove

(1988). For-profit hospitals reap the benefits from a nonprofit in the market

because they also can price above marginal cost and still be competitive with

4A negative sign for assumption (3.23) would imply that serving the uninsured provides
additional knowledge to medical staff or some other benefit that makes serving the insured
patients less costly per patient. We consider this possibility unlikely.
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the nonprofit hospital. Therefore, as less weight is attached to the nonprofit

motive, prices decrease and the number of uninsured patients served decreases

as well.

3.4.3 Model 3

We now turn to the model where firms compete on price and quality

as described in equations (3.7) and (3.8). The first-order conditions are:

∂π1

∂p1

=

(
p1 −

∂c

∂q1

)
q′1(p1) + q1 = 0 (3.29)

∂π1

∂x1

=

(
p1 −

∂c

∂q1

)
∂q1
∂x1

= 0 (3.30)

∂π2

∂p2

= α

[(
p2 −

∂c

∂q2

)
q′2(p2) + q2

]
= 0 (3.31)

∂π2

∂x2

= α

(
p2 −

∂c

∂q2

)
∂q2
∂x2

+ (1− α) = 0 (3.32)
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Assumptions (3.11)-(3.17) hold in addition to the following:

∂qi
∂xi

≡ q′i(xi) > 0 ∀ i = 1, 2 (3.33)

∂qi
∂xj

≡ q′i(xj) < 0 ∀ i 6= j (3.34)

∂qi
∂xi

>

∣∣∣∣ ∂qi∂xj

∣∣∣∣ ∀ i 6= j (3.35)

∂2qi
∂x2

i

= 0 ∀ i = 1, 2 (3.36)

∂2qi
∂xi∂xj

= 0 ∀ i 6= j (3.37)

∂2qi
∂xi∂pj

= 0 ∀ i, j = 1, 2 (3.38)∣∣∣∣∂qi∂pi

∂qi
∂xj

∣∣∣∣ >

∣∣∣∣ ∂qi∂pj

∂qi
∂xi

∣∣∣∣ ∀ i 6= j (3.39)

An increase in quality at firm i increases the demand for services at firm i, while

decreasing demand at firm j. As with prices, own-quality effects are assumed

stronger than cross-quality effects. In addition, a linear demand curve with

respect to quality is assumed. Equation (3.39) states that the magnitude of

difference between own- and cross-price effects is greater than the difference

between own- and cross-quality effects. Thus, own-demand is more sensitive

to changes in price than quality.

Now, a shift by the nonprofit toward profit maximization alters equi-
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librium behavior such that:

dp1

dα
= 0 (3.40)

dp2

dα
> 0 (3.41)

dx1

dα
> 0 (3.42)

dx2

dα
> 0 (3.43)

As with Model 1, the nonprofit hospital prices more aggressively due to its

nonprofit motive; as it cares less about quality maximization, prices increase.

However, an increase in α, increases quality. Because the firms compete on

quality as well as price, more emphasis on profits provides an economic, as

well as altruistic incentive, to care about quality. The for-profit hospital in

order to stay competitive raises quality as well.

3.4.4 Competition between Two Nonprofits

Details are omitted here, but, with two exceptions, we find no qualita-

tive difference in the market with two nonprofits competing versus competi-

tion between a nonprofit and a for-profit. For Model 2, if firm 1 has nonprofit

ownership status rather than for-profit, it now puts weight on serving the unin-

sured. Thus, when α increases, both q2
1 and q2

2 increase. For Model 3, prices
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for firm 1 increase when α increases rather than remaining constant as shown

in equation (3.40) when the firm has for-profit status. As with Model 2, this

change is due to the new incentive on the nonprofit motive.

Note that these conclusions are only relevant for qualitative, not quan-

titative, differences. Thus, the presence of two nonprofits rather a nonprofit

and for-profit in the market likely influences the initial equilibria, and also the

magnitude of changes to these equilibria when more weight is placed on profit

maximization.

3.5 Merger Results

We now examine how mergers in the market affect the equilibria. A

common method to study mergers in a market is to maximize over the joint

objective function for the merging firms. We adopt this technique here. We

present results for the cases where the for-profit acquires the nonprofit hospital

and where the nonprofit acquires the for-profit. For all cases, assume that

marginal costs are constant.
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3.5.1 Model 1

Now, let the for-profit acquire the nonprofit hospital. The for-profit

now maximizes over the joint profit from the two hospitals such that:

πm = max
p1,p2

p1q1(p1, p2) + p2q2(p1, p2)− c [q1(p1, p2) + q2(p1, p2)] (3.44)

The first-order conditions are:

∂πm

∂p1

= (p1 − c)q′1(p1) + q1 + (p2 − c)q′2(p1) = 0 (3.45)

∂πm

∂p2

= (p2 − c)q′2(p2) + q2 + (p1 − c)q′1(p2) = 0 (3.46)

Comparing (3.45) and (3.46) to (3.9) and (3.10) shows that prices for both firms

increase after the merger relative to the pre-merger values. Because the merged

entity now cares about joint profit, it takes into account the positive cross-

price effects when calculating the equilibrium prices. This positive externality

is internalized after the merger and prices increase. This effect is discussed

further in Deneckere and Davidson (1985) for the general case of Bertrand

competition with differentiated products. Since the for-profit firm took over,

the pre-merger nonprofit motive of firm 2 is no longer relevant.

Instead, let the nonprofit hospital acquire a for-profit. The merged
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entity maximizes (we suppress quantity as a function of prices):

πm = maxp2 α [p2q2(·) + p1q1(·)− c [q1(·) + q2(·)]]

+(1− α) [q1(·) + q2(·)] (3.47)

Maximizing with respect to p1 and p2, we get:

∂πm

∂p1

= α [(p1 − c)q′1(p1) + q1 + (p2 − c)q′2(p1)]

+(1− α)(q′1(p1) + q′2(p1)) = 0 (3.48)

∂πm

∂p2

= α [(p2 − c)q′2(p2) + q2 + (p1 − c)q′1(p2)]

+(1− α)(q′1(p2) + q′2(p2)) = 0 (3.49)

As with the for-profit merger, p2 increases from the pre-merger price

given by equation (3.10). The nonprofit motive to maximize output, combined

with the cross-price effect, serves to reinforce the incentive to increase prices.

An increase in prices for firm 2 increases output at firm 1, increasing the total

number of patients served by both hospitals.

Post-merger prices for firm 1, defined as pA
1 , are less clear. Solving

for pA
1 in (3.48) and pre-merger prices, (pB

1 ), in (3.9) and assuming constant
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marginal costs gives:

pA
1 = c− q1

q′1(p1)
− (p2 − c)

q′2(p1)

q′1(p1)
− (1− α)

α

(
q′2(p1)

q′1(p1)
+ 1

)
(3.50)

pB
1 = c− q1

q′1(p1)
(3.51)

In (3.50), the third and fourth terms represent the positive externality to firm

2 if firm 1 raises prices. Both are negative while the last term, which is the

nonprofit motive of firm 1, is positive. Prior to the merger, firm 1 did not

care about output maximization. Now that the nonprofit motive for firm

1 is part of the joint objective function, the change to prices is ambiguous.

If the merged entity values increased output at firm 2 more than at firm 1,

then pA
1 > pB

1 while the reverse is true if output is valued more at firm 1.

Presumably, much of this decision depends on factors that are not present in

this simplified model. For example, firm 1 and 2 may be in the same market,

but firm 1 may be located in a more populated area. Under this scenario,

more benefit is derived from a decrease in pA
1 . Thus, the decision to raise or

lower prices at the former for-profit hospital is highly influenced by the specific

geographic and individual circumstances of the two merging hospitals.
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3.5.2 Model 2

Due to the separation between the nonprofit motive and profit maxi-

mization, the changes in equilibrium behavior when a merger occurs are intu-

itive for the second model. The joint objective function for the merged entity

if the for-profit acquires the nonprofit or the nonprofit acquires the for-profit

are respectively:

πm = maxp1,p2 p1q1(p1, p2) + p2q2(p1, p2)− c [q1 + q2] (3.52)

πm = maxp1,p2,q2
1 ,q2

2
α

[
p1q

1
1(p1, p2) + p2q

1
2(p1, p2)− c

[
q1
1(p1, p2) + q1

2(p1, p2)

+q2
1 + q2

2

]]
+ (1− α)(q2

1 + q2
2) (3.53)

For both types of mergers, the positive externality from a price increase is

internalized, and therefore, prices increase for both firms. If the for-profit

acquires the nonprofit, the merged for-profit no longer cares about serving

the uninsured at firm 2. Conversely, an acquisition by the nonprofit hospital

would create a nonprofit motive of serving the uninsured at firm 1. Because

the two firms do not compete based on the number of uninsured served, there

are no externalities to consider when the merger occurs. Thus, the number

of uninsured patients served at firm 2 remains at its pre-merger level and the
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total number of uninsured served increases.

3.5.3 Model 3

The joint objective function and first-order conditions when the non-

profit merges into the for-profit hospital are:

πm = maxp1,p2,x1,x2 p1q1(p1, p2, x1, x2) + p2q2(p1, p2, x1, x2)

−c [q1(p1, p2, x1, x2) + q2(p1, p2, x1, x2)] (3.54)

∂πm

∂p1

= (p1 − c)q′1(p1) + q1 + (p2 − c)q′2(p1) = 0 (3.55)

∂πm

∂x1

= (p1 − c)q′1(x1) + (p2 − c)q′2(x1) = 0 (3.56)

∂πm

∂p2

= (p2 − c)q′2(p2) + q2 + (p1 − c)q′1(p2) = 0 (3.57)

∂πm

∂x2

= (p2 − c)q′2(x2) + (p1 − c)q′1(x2) = 0 (3.58)

Results for this merger are as expected when compared to the first-order condi-

tions (3.29)-(3.32). When the for-profit acquires the nonprofit hospital, prices

rise and quality declines for both firms.
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While price changes are the same if the nonprofit is the acquirer rather

than the for-profit, the results are quite different for quality. The objective

function and first-order conditions for the merged entity are(we suppress quan-

tity as a function of prices and quality):

πm = maxp1,p2,x1,x2 α [p1q1(·) + p2q2(·)− c [q1(·) + q2(·)]]

+(1− α)(x1 + x2) (3.59)

∂πm

∂p1

= α [(p1 − c)q′1(p1) + q1 + (p2 − c)q′2(p1)] = 0 (3.60)

∂πm

∂x1

= α [(p1 − c)q′1(x1) + (p2 − c)q′2(x1)] + (1− α) = 0 (3.61)

∂πm

∂p2

= α [(p2 − c)q′2(p2) + q2 + (p1 − c)q′1(p2)] = 0 (3.62)

∂πm

∂x2

= α [(p2 − c)q′2(x2) + (p1 − c)q′1(x2)] + (1− α) = 0 (3.63)

For firm 2, the effect is unambiguous; quality declines when the for-profit

hospital merges into the nonprofit hospital. This effect is due to the negative

externality on firm 1’s output when firm 2 raises quality. This externality is

ignored prior to the merger, but is internalized when maximizing the joint
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objective function.

A closer investigation is required to determine the influence of the

merger on firm 1’s quality. Comparing (3.61) to (3.30), we find that the

negative externality is at odds with the nonprofit motive. Prior to the merger,

the for-profit hospital did not consider quality maximization an objective of

the firm. This added objective post-merger encourages higher quality of ser-

vices. However, an increase in quality negatively affects the demand for firm

2’s services. If the merged entity values output at firm 1 more than at firm

2, then quality will increase for firm 1. Otherwise, quality declines. As with

prices in Model 1 when the nonprofit acquires the for-profit, this decision will

be firm specific.

3.6 Conclusion

In this paper, we use three simple theoretical models of nonprofit hos-

pitals to investigate equilibrium behavior when hospitals compete and merge.

In particular, the nonprofit objective function is a linear combination of profit

maximization and some nonprofit motive. We examine how prices, quantity

of patients served, and quality of care are affected as nonprofits place more
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weight on profit maximization. We find that the specification of the nonprofit

motive influences the results. When nonprofit hospitals care about serving

the uninsured, prices fall as the market becomes more competitive. However,

when hospitals compete on price and quality and the nonprofit motive is qual-

ity maximization, prices and quality rise as the nonprofit cares more about

profit maximization.

In addition and contrary to popular belief, the presence of a nonprofit

motive does not preclude competitive behavior when a merger occurs. When

a nonprofit acquires a for-profit hospital, we find that even if the nonprofit is

pursuing objectives other than profit maximization, prices for the acquiring

hospital unambiguously rise after a merger. Prices for the acquiree also rise

unless the nonprofit motive is output maximization and the merged entity

values output at the acquired hospital more than at the acquiring hospital.

We also find that, due to nonprice competition, quality of care decreases for

the nonprofit hospital if a merger occurs.

This paper is merely a first step to examining nonprofit and for-profit

hospital competition. In this paper, the parameter (α) determining the non-

profit hospitals’ weight on profit maximization is taken as given. We do not
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address the question of how nonprofit hospitals choose α. Development of

a two-stage game where hospitals choose prices and also α would give addi-

tional insight into the industry. In addition, the models described above could

be empirically modelled in order to estimate α. An α close to 1 would indi-

cate that the nonprofit does not care about the nonprofit motive and can be

treated as a profit maximizer. This type of modeling may also be extended to

other industries where nonprofits and for-profits compete. Given the recent

rise of credit unions in banking and for-profits in the education industry, such

investigation is warranted.
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Chapter 4

Hospital Pairings and Cost Savings from

Consolidation

4.1 Introduction

The last decade has seen a tremendous increase in the number of hos-

pital mergers and acquisitions. Economic theory suggests that mergers and

acquisitions occur in order to exploit economies of scale or market power and

increase profitability. Indeed, structural changes in the health care industry

such as implementation of the Prospective Payment System for Medicare reim-

bursements and the dominance of managed care plans and health maintenance

organizations suggest that economic pressures faced by hospitals have served as

a catalyst for these consolidations. Previous studies such as Sinay (1998) and

the second chapter of this dissertation support this theory, finding that hospi-

tals facing increasing returns to scale, and hospitals with inefficient utilization
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of facilities, and lower market power are more likely to merge. The question

of whether hospitals can capitalize on the potential economic advantages of a

merger in order to improve their economic viability remains, however. This

paper investigates this question by analyzing costs for hospitals before and

after consolidation. In addition, the paper examines whether differing charac-

teristics between merging hospitals affect the cost effectiveness of the merger

or acquisition.

A few papers have studied the economic gains from consolidation.

Alexander et al. (1996) investigate whether mergers improve economic effi-

ciency at the merging hospitals. Without running formal regressions, they

compare the pre-merger mean and the rate of change of average number of

beds, adjusted admissions, occupancy rates, total expenses per adjusted ad-

mission, total number of staff, and total number of nurses to the post-merger

values. They find that mergers provide short-term improvements in operating

efficiency (occupancy rate, total expenses per adjusted admission), but not in

the scale of operations (beds, admissions) or staffing practices (number of staff

and number of nurses).

Connor et al. (1998) specifically study whether costs improve for merg-
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ing hospitals relative to non-merging hospitals. They assess whether a merger

significantly affects the change in average costs pre- versus post-merger while

controlling for individual hospital characteristics such as changes in admis-

sions, length of stay, outpatient visits, demographics of the patients, regional

location, and population and per capita income in the area,. Their results

show that cost inflation is approximately 5% lower for merging hospitals than

for non-merging hospitals. Their study, however, fails to correct for the endo-

geneity of the dummy variable indicating whether a merger occurred. Merging

hospitals may inherently have higher costs than their non-merging counter-

parts. These hospitals face downward pressure to reduce costs, and might

have reduced costs even without a merger. In addition, they use average costs

as their dependent variable. As discussed in Koop and Carey (1994), other

modelling techniques derived from economic theory of cost minimization, such

as the translog cost function, are generally more preferred. Nonetheless, their

paper lays the groundwork for additional research into the cost savings from

mergers.

Dranove and Lindrooth (2002) correct for several of the problems found

in Connor et al. (1998). Instead of using all non-merging hospitals in the sam-

ple,they use probit estimation to select the ten non-merging hospitals closest
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(in terms of characteristics) to each merging hospitals. These hospitals are

then consolidated with each other to create the control group. In addition,

Dranove and Lindrooth estimate a translog cost function rather than using

average costs. They find that mergers leading to closure of one of the facili-

ties exhibited significant cost savings. However, mergers where both facilities

remain open did not realize reductions in costs.

Hospitals differ greatly in terms of ownership status, teaching status,

hospital size, and severity of the patients served at the hospital. Thus, when

two hospitals merge, they may differ in one or more of these characteristics.

In this paper, we define a merger type to be a merger classified based on

differences in characteristics between the merging hospitals. For example,

a merger between two nonprofits is a different merger type than a merger

between two for-profits, or between a nonprofit and a for-profit.

Controlling for such differences may be quite important when investi-

gating cost savings from consolidation. Several studies suggest nonprofit hos-

pitals have different objective functions than profit maximization (Newhouse,

1970; Pauly and Redisch, 1973), which might alter their ability to respond to

economic pressures. In addition, teaching hospitals and hospitals specializing
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in treatment of severely ill patients presumably have higher costs than other

hospital types. Brooks and Jones (1997) show that controlling for merger type

is important for explaining why mergers occur and find that mergers between

similarly sized hospitals are statistically more likely. It seems plausible that

merger type affects the propensity to merge due to the potential cost savings

from consolidating with similar or dissimilar types. This paper tests this as-

sumption by analyzing cost savings as a function of the differing characteristics

of the merging hospitals.

Alexander et al. (1996) attempt to control for differences between merg-

ing hospitals. In addition to investigating the entire sample, they also divide

the data by whether the merging hospitals are of similar size or similar own-

ership type. Their results show that the impact of a merger on operating

efficiencies is greater when the merger occurs between similarly sized hos-

pitals. In this study, they only distinguish between hospitals of similar or

disssimilar type. So, for example, a nonprofit/nonprofit merger is the same as

a for-profit/for-profit merger. Given the possible differences in objective func-

tions as discussed above and that studies that indicate differences in technical

efficiencies by ownership type (Burgess and Wilson, 1996), compressing these

two types of mergers into one type may be misleading. Therefore, we separate

82



the merger types to distinguish not only between nonprofit/nonprofit and for-

profit/for-profit mergers but also between different merger combinations by

hospital size, teaching status, and caseload severity.

Most papers examining hospital costs, including the paper by Connor et

al. (1998) and Dranove and Lindrooth (2002), use a parametric specification.

Such models, including the translog cost function, fit the data poorly, and

in some circumstances, marginal costs are negative (Vita, 1990). This result

should not be surprising given that parametric specifications attempt to fit a

particular functional form to the entire set of data. Although in many cases

this procedure may be a good approximation to the true underlying function,

hospital data are highly skewed due to the presence of small, rural hospitals,

and large, teaching hospitals. Thus, an a priori assumption that the cost

function will be similar over the entire range of data seems premature.

This paper avoids misspecification by employing nonparametric estima-

tion techniques to estimate expected costs before and after consolidation. The

difference between expected costs before and after a merger gives a measure of

cost savings from the merger. This paper examines these cost savings to assess

whether mergers improve economic efficiency, and then investigates how the
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merger type, classified by ownership status, teaching status, hospital size and

caseload severity affect the cost savings from consolidation.

The next section describes the empirical model used to estimate ex-

pected costs and to regress cost savings on characteristics of hospital merg-

ers. Section 3 describes the data and presents summary statistics. Section 4

presents the empirical results and the final section concludes the paper.

4.2 Model of Hospital Costs

Let Ci represent the costs of hospital i. We then model hospital costs

as:

Ci = m(zi) + εi, (4.1)

where zi is a row vector of outputs and other characteristics of the hospital

and E(εi | z) = 0 ∀ i = 1, 2, . . . , n. Let the row vector yi represent the

outputs of the hospital while ci is a row vector of the remaining continuous

variables. The cost function also includes discrete regressors, defined by a row

vector di, which control for ownership status, teaching status, and location

in an urban area. Thus, zi = [yi ci di]. In addition, let xi = [yi ci]

represent the row vector of all continuous variables used to estimate the cost
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function.

For the continuous regressors, the function, m(x), can be approximated

locally at a point, x0, by taking a first-order Taylor series expansion such that:

m(x0) ≈ m(x0) +
∂m(x0)

∂x
(x− x0). (4.2)

Using this expansion and letting m(x0) = α(x0) and ∂m(x0)
∂x = β(x0), the cost

function is estimated by maximizing the following function with respect to α

and β:

n∑
i=1

(Ci − α(x0)− β(x0)(x− x0))
2K(

Xi − x0

H
)L(di | d, λ) (4.3)

whereK(·) and L(·) are kernel weighting functions and H and λ are bandwidth

parameters for the continuous and discrete regressors respectively.

This estimation technique is referred to as local linear estimation. The

more well-known nonparametric Nadarya-Watson estimator is just a special

case of the local polynomial estimator where a constant rather than a line is

fit to the data so that β(x) = 0. Ruppert and Wand (1994) show that the

local linear estimator improves upon the Nadarya-Watson estimator; the local

linear estimator has smaller asymptotic bias but the same asymptotic variance
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when estimating a regression function.1

Continuous and discrete regressors require different kernel functions

to estimate equation (4.3). For the continuous regressors, the second-order

Gaussian kernel is used and is given by:

K(u) =
1√
2π

exp(
−u2

2
). (4.4)

Although many other kernel functions exist for continuous data, it can be

shown that estimation results are generally not sensitive to the choice of kernel

function (see Härdle (1990) or Pagan and Ullah (1999) for further explanation).

For the discrete regressors, we use the kernel method developed by

Aitchison and Aitken (1976). Let di, d ∈ {0, 1}q where q is the number of

discrete regressors. Then

L(di | d, λ) = (1− λ)q−δ(di,d)λδ(di,d) (4.5)

where δ(di,d) = (di−d)T (di−d) gives the number of disagreements between

di and d.

1See Fan and Gijbels (1996) for further discussion of the properties of local linear
estimators.
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The bandwidth parameters are chosen by minimizing

n∑
i=1

Ci − m̂−i(z) (4.6)

where m̂−i(z) is obtained in the same manner as m̂(z) with observation i ex-

cluded. This method of deriving the bandwidths is computationally intensive.

Fortunately, the bandwidth parameters can be expressed as a function of the

standard deviation of the regressor, the sample size, and a constant scaling

factor which is independent of the sample size. For example, with continuous

data, each bandwidth h` = ψ`σ`n
−1

2o+p where o is the order of the kernel and p

gives the number of continuous regressors. Therefore, we use a random subset

of the data to obtain ψ` and then scale up the bandwidths to adjust for the

full sample size.

Although all the bandwidth values determine the extent to which the

cost function is smoothed, the bandwidths for the discrete regressors have a

particular interpretation. Bandwidth values for the discrete regressors can

range from 0 to 1
2

while the continuous regressors can take any non-negative

value. As seen from (4.5), λ = 0 gives a kernel weight equal to 1 only to

hospitals with the same values for all dummy variables. In this case, there is no

added benefit to estimating the different categories in the same regression. A
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value of 1
2
, however, indicates that there is no difference between the categories;

including the dummy variables provides no new information to the regression.

Thus, values between 0 and 1
2

indicate the degree to which the categories have

common information that can be used in the smoothing process.

Expected costs are calculated for every hospital involved in a merger

using the estimates from the cost function. For every merger, let Ĉj for j = 1, 2

be expected costs for the hospitals prior to the merger and Ĉk be expected

costs for the hospital resulting from the merger event. For hospitals j and k,

we use expected costs three years prior to the merger and three years following

the merger. Expected costs for the merger result are then subtracted from the

sum of the hospitals prior to the merger such that:

ĈSa =
2∑

j=1

Ĉj,t−3 − Ĉk,t+3. (4.7)

where t is the time of the merger event and ĈSa gives the actual cost savings

from the merger event. If ĈSa is positive (negative), cost savings are (not)

achieved from the merger of the two hospitals.

In addition to altering costs, the merged hospital may decide to change

its output mix, as well as its caseload severity. Such changes may affect the

potential cost savings from the merger. For example, assume that ĈSa is
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negative. It is possible that potential cost savings are positive but that the

hospital alters its outputs in such as way that it removes all potential efficiency

from the merger. An interesting experiment would be to hold outputs and

caseload severity constant for the merged entity and calculate whether any

potential cost savings exist.

Let yj,t be the actual vector of outputs at time t for each hospital

j before the merger. If outputs are held constant for each hospital j af-

ter the merger, then the output for the merged entity should be close to

y1,t + y2,t ≡ ŷk,t. If economies of scale exist, then the expected costs for

the merged entity with this hypothetical output Ĉ(ŷk,t) should be lower than

the two hospitals functioning independently. For CASEMIX, we average the

casemix values for each hospital j such that ĉmik,t = cmi1,t+cmi2,t

2
represents the

hypothetical CASEMIX. We, therefore, calculate Ĉ(ŷk,t, ĉmik,t,wk,t) (hence-

forth let (ŷk,t, ĉmik,t,wk,t) = (ẑk,t)), where wk,t includes all remaining covari-
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ates,2 to obtain:

ĈSp =
2∑

j=1

Ĉj,t−3 − Ĉ(ẑk,t+3). (4.8)

ĈSp gives the potential cost savings from the merger if the output mixture

of the two merging hospitals is held constant. ĈSp can then be compared to

ĈSa. If ĈSa is greater than ĈSp, then the merging hospitals have altered the

output and patient mix to improve on potential cost savings. ĈSa less than

ĈSp indicates that the merged hospitals have failed to realize the economic

efficiency gains from the merger.

Let w be a vector of variables with information on the differing char-

acteristics between the merging hospitals. As discussed in Section 2, different

types of mergers may affect the potential and actual cost savings from the

merger. We investigate this assertion by regressing w on ĈSp and ĈSa re-

spectively. Estimates from the first regression indicate what type of hospital

pairings influence potential cost savings, while the second shows the type of

mergers that actually result in cost savings. A positive sign on a coefficient

indicates that cost savings are improved for that particular type of merger

2In some cases, hospitals may change their ownership or teaching status due to a merger.
In fact, if two hospitals of different ownership status or teaching status merge, the status
of one of the hospitals changes in the data. However, given that there is no intuitive way
to “add” discrete regressors, the values used for all discrete regressors are the actual values
reported by the merged entity after the merger. The definition of TIME remains the same.
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pair. A negative coefficient suggests that, in terms of costs, hospitals would

be economically better off if they had not merged.

4.3 Description of Data

The primary source of data used in this paper comes from the an-

nual American Hospital Association (AHA) Survey of Hospitals for 1984-1998.

With a few exceptions, all information obtained from the survey is self-reported

by the hospitals. All United States hospitals, including United States terri-

tories, are included in the survey. In those cases where a hospital does not

respond to the survey but has not exited the industry, the AHA supplements

the survey data with data from other sources and from estimates based on

previous information submitted by the hospital. The supplemental data is

obtained for key variables such as ownership status, membership in a health

care system, number of beds, and number of admissions.

In order to estimate cost functions, information on the expenses of the

hospital (EXP), outputs of the hospital (ADMIT, INPAT, OUTPAT), and

demographic characteristics of the hospital such as ownership status (FOR-

PROF, NONPROF, GOVT), urban location (URBAN), and teaching status
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(TEACH) is collected from the AHA Survey. Ellis (1992) raises a valid con-

cern that these variables represent intermediate goods rather than final out-

puts. However, given the lack of credible data on quality of care and improve-

ment in health after hospital stays, ADMIT, INPAT, and OUTPAT are the

conventional measures of output. An index for the wages (WAGE) of every

metropolitan statistical area (MSA) and the severity of the caseload for a hos-

pital (CASEMIX) is reported from the Medicare Cost Reports for 1984-1998.

WAGE is the traditional measure used in cost functions to account for the

prices of inputs. EXP is divided by WAGE to normalize the cost function

with respect to labor prices. The number of hospitals for which HCFA com-

putes the CASEMIX is far less than the total number of hospitals reported

in the AHA survey for the same year. To overcome this problem, values for

CASEMIX are inferred using regression estimates discussed in Appendix A.

Although the entire sample of hospitals is used to infer casemix values, we only

predict values for hospitals that are denoted in the AHA survey as general and

surgical hospitals.

As discussed in the previous section, COST is nonparametrically re-

gressed on the outputs, and characteristics of the hospital, CASEMIX, and

TIME to calculate m̂(x). The entire dataset of hospitals, excluding obser-
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vations with missing data, is used to estimate m̂(x). Table 4.1 gives the

descriptive statistics for all variables used to estimate m̂(x). Any hospital

reporting non-acute care classification as an alcohol treatment center, psychi-

atric hospital, institution for the mentally retarded or rehabilitation facility is

deleted from the dataset.

Table 4.1: Descriptive Statistics of Cost Data

Standard
Variables N Mean Median Deviation Min Max

COST 78615 4.27E+07 2.07E+07 6.16E+07 216960 1.03E+09

ADMIT 78615 6045.28 3556 6757.56 4 81492

INPAT 78615 43134.13 24286 52474.89 23 669602

OUTPAT 78615 69386.49 34622 106341.10 0 2350290

CASEMIX 78615 1.19 1.15 0.21 0.43 4.17

FORPROF 78615 0.12 0 0.33 0 1

NONPROF 78615 0.56 1 0.50 0 1

GOVT 78615 0.31 0 0.46 0 1

TEACH 78615 0.07 0 0.26 0 1

URBAN 78615 0.25 0 0.43 0 1

After deleting for missing observations and non-acute care hospitals,
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78, 615 observations, from 6, 487 hospitals, remained in the dataset. It is clear

from Table 4.1 that, as discussed earlier, hospital data are highly skewed with

a long right tail; the means for COST, ADMIT, OUTPAT, and INPAT are

all much higher than the median. Most hospitals are nonprofit, nonteaching

hospitals, and located in non-urban areas.

Although all 78, 615 observations are used to estimate the cost function,

the function is only evaluated for those hospitals that participated in a merger

event, referred to as the evaluation dataset. In particular, this paper studies

only mergers that involve two hospitals; mergers with more than two hospitals

are deleted from the evaluation dataset. Furthermore, in order to analyze cost

savings, we must be able to calculate expected costs for each merging hospital

and for the hospital resulting from the merger. As an example, let hospital A

and B merge to form hospital C. If expected costs can be calculated for A and

C, but not for B, then the entire merger event is deleted from the dataset.

After accounting for these restrictions, 106 merger events are used in

the evaluation dataset, resulting in a total of 313 hospitals and 318 total ob-

servations.3 Table 4.2 presents the summary statistics for COST, ADMIT,

3In a most cases, two hospitals merge to form a third hospital. In 5 instances, one hospital
merges into an existing hospital, rather than forming a new hospital, thus explaining why
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OUTPAT, INPAT, FORPROF, NONPROF, GOVT, TEACH, URBAN, and

CASEMIX. Difference of means tests show that, with the exception of FOR-

PROF, GOVT, and URBAN, average values of COST and all other regres-

sors are statistically different (at greater than a 1% level of significance) and

larger for the dataset containing only the merged hospitals as compared to the

dataset with all hospitals. On average, hospitals that are merging have higher

costs than non-merging hospitals. The percentage of for-profit hospitals and

hospitals located in urban areas is not statistically different between the two

datasets. However, as would be expected, government hospitals are present in

the merged dataset at a lower percentage than they are present in the entire

dataset.

These 106 merger events form the dataset used to analyze the types of

mergers that occur most frequently and how these merger types affect the cost

savings of the merger. This paper is particularly interested in investigating

differences in i) ownership status, ii) teaching status, iii) hospital size, and iv)

severity of caseload for the pair of merging hospitals. Do hospitals tend to

merge with another hospital of similar type or do they exploit differences in

the total number of hospitals involved is 313 and not 318.
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Table 4.2: Descriptive Statistics of Evaluation Dataset

Standard
Variables N Mean Median Deviation Min Max

COST 318 7.32E+07 4.53E+07 8.40E+07 614412.5 5.99E+08

ADMIT 318 9008.50 7097 7170.10 380 38897

INPAT 318 59982.21 49093 47685.10 2011 241869

OUTPAT 318 103269.80 65171.5 108218.60 1168 712258

CASEMIX 318 1.30 1.24 0.23 0.73 2.11

FORPROF 318 0.12 0 0.33 0 1

NONPROF 318 0.75 1 0.43 0 1

GOVT 318 0.12 0 0.33 0 1

TEACH 318 0.13 0 0.34 0 1

URBAN 318 0.24 0 0.43 0 1
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their hospital type in order to achieve greater cost savings?

Hospitals are classified into four separate categories. Ownership sta-

tus is divided into for-profit, nonprofit, and government hospitals. Hospitals

are also divided into teaching and nonteaching hospitals. Quartiles are used

to transform the continuous variables, CASEMIX and BEDS, into categorical

variables. Using the entire dataset to calculate the quartiles, hospitals with a

casemix index higher than the 75th percentile are classified as severe caseload

hospitals, while hospitals between the 25th and 75th percentiles, and lower

than the 25th percentile are defined as moderate and mild caseload hospitals

respectively. The same procedure is performed for BEDS where the cate-

gories were big, medium, and small.4 Table 4.3 presents the frequencies for

CASEMIX and BEDS for the 212 merging hospitals. The hospitals are almost

evenly split between severe and moderate caseload hospitals. Medium-sized

hospitals are 58% of the evaluation dataset, with large hospitals represent-

ing 32% of the sample. Small and mild caseload hospitals represent a small

proportion of the merged hospitals.

The different categories of hospital types studied in this paper create a

4In order to check the validity of this procedure, the densities of CASEMIX and BEDS
are investigated. The 25th and 75th percentiles appear to be reasonable points to separate
the data.
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Table 4.3: Frequency of CASEMIX and BEDS

Variable Number of Obs Frequency Cumulative Frequency

Big 69 32.55 32.55
Medium 123 58.02 90.57
Small 20 9.43 100

Severe 77 36.32 36.32
Moderate 116 54.72 91.04
Mild 19 8.96 100

possibility of 6 combinations by ownership status, 3 combinations by teaching

status, 6 by hospital size, and 6 by caseload severity. Given these different cells

that mergers can fall into, what merger combinations occur most frequently?

Table 4.4 presents the frequencies for each merger combination. Most

mergers occur between two nonprofit hospitals. The remaining merger combi-

nations by ownership type, occur at about the same rate. Merger classification

by teaching status reveals that teaching hospitals rarely merge with each other.

In addition, medium-sized hospitals have a tendency to merge with a hospital

of similar size. They also frequently merge with big hospitals. Similarly, hos-

pitals treating severe and moderate cases tend to either merge with the same

type or merge with moderate or severe caseloads respectively. Hospitals with
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Table 4.4: Frequency For Each Merger Combination

Number Cumulative
Variable of Obs Frequency Frequency

Ownership Status

Nonprof-Nonprof 67 63.21 63.21
Forprof-Forprof 5 4.72 67.92
Govt-Govt 7 6.6 74.53
Nonprof-Forprof 12 11.32 85.85
Forprof-Govt 5 4.72 90.57
Nonprof-Govt 10 9.43 100.00

Teaching Status

Nonteach-Nonteach 85 80.19 80.19
Teach-Teach 3 2.83 83.02
Nonteach-Teach 18 16.98 100

Hospital Size

Big-Big 16 15.09 15.09
Medium-Medium 42 39.62 54.72
Small-Small 4 3.77 58.49
Big-Medium 32 30.19 88.68
Big-Small 5 4.72 93.4
Medium-Small 7 6.6 100

Caseload Severity

Severe-Severe 23 21.7 21.7
Moderate-Moderate 34 32.08 53.77
Mild-Mild 1 0.94 54.72
Severe-Moderate 31 29.25 83.96
Moderate-Mild 17 16.04 100
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mild caseloads have a tendency to merge with moderate caseloads rather than

merge with another mild caseload or with a severe caseload hospital.

4.4 Empirical Results

The first step to investigating cost savings from mergers and the effect

of hospital characteristics on these cost savings is to estimate the expected

costs for the 313 hospitals involved in the merger event. All nonparametric

estimation was performed using the N c© program written by Jeff Racine.

Table 4.5 gives the summary statistics for the actual (COST) and expected

(ESTCOST) costs of the hospitals. The statistics are quite similar, with a

difference of means test failing to reject the null of no difference at greater

than a 10 percent level of significance. The bandwidths for the regressors

used to estimate the cost function are also presented in Table 4.6. All of the

bandwidths for the discrete regressors are closer to zero than 1
2
, indicating

that, although some information is shared between the category types, the

types of hospitals are quite different from each other.

The average of expected costs are calculated for: i) each merging hos-

pital three years prior to the merger(Ĉj,t−3 ∀ j = 1, 2), ii) each merger result
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Table 4.5: Descriptive Statistics of Estimated and Actual Costs

Standard
Variables N Mean Median Deviation Min Max

COST 318 7.32E+07 4.53E+07 8.40E+07 614412.5 5.99E+08

ESTCOST 318 7.03E+07 4.20E+07 7.80E+07 884549 4.57E+08

Table 4.6: Bandwidths for Discrete Regressors

Variables Bandwidths

FORPROF 0.0473

GOVT 0.1370

TEACH 0.0543

URBAN 0.3241
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three years following the merger (Ĉk,t+3), and iii) each merger result three

years following the merger holding the output mix constant (Ĉ(x̂k)). The

difference between i) and ii) (ĈSa) and i) and iii) (ĈSp) is then calculated

and the descriptive statistics for these potential and actual cost savings are

presented in Table 4.7.

Table 4.7: Descriptive Statistics of Potential and Actual Cost Savings

Standard
Variables N Mean Median Deviation Min Max

ĈSp 106 3719894 2.93E+06 1.14E+07 −4.23E+07 3.13E+07

ĈSa 106 -2.46E+07 -1.79E+07 2.87E+07 −1.48E+08 2.20E+07

The average potential cost savings from a merger is positive. That

is, after controlling for ownership and teaching status, urban location, and

time, and assuming that the output mix remains constant after the merger,

pre-merger expected costs are larger than the post-merger expected costs of

the two merging hospitals. This suggests that, on average, economies of scale

and scope can be exploited to reduce costs from their pre-merger values. How-

ever, average actual cost savings are also negative, suggesting that, on average,

mergers do not result in cost efficiencies. These results indicate that merged
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hospitals adjust their post-merger outputs to their own detriment; costs in-

crease more than if the output mix had remained constant. Hospitals appear

to squander the economic advantages of merging.

ĈSp and ĈSa are then regressed on the characteristics of the merger

pairs, as shown in Tables 4.8 and 4.9. Many specifications were compared to

determine the best model. In particular, specifications that use all category

types as regressors result in too few observations in each cell and therefore cre-

ate a small sample problem. Although the categories for caseload defined as

severe, moderate, and mild are helpful in examining the frequencies of merger

types, classifying mergers under the 6 merger combinations for caseload sever-

ity does not help to explain cost savings. Results showed that a continuous

variable capturing the difference in the casemix indices between the two merg-

ing hospitals, defined as CMIDIFF, improved R̄2. In addition, all merger

combinations for ownership status are not necessary for explaining actual cost

savings. All mergers between two nonprofits, two government hospitals, or

a nonprofit and a government hospital are grouped together and defined as

NFP-NFP. For-profit/for-profit (FP-FP) mergers remain a separate category.

All mergers between a for-profit and either a government or nonprofit hospi-

tal make up the third category called NFP-FP. All ownership combinations
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are used to explain potential cost savings. We also compress teaching status

in a similar manner; mergers between similar teaching types (SAMETEACH)

are grouped together. SAMETEACH equals zero when a merger between a

teaching and nonteaching hospital occurs. Mergers between big and small hos-

pitals and between medium and small hospitals are also compressed into one

category defined as SMALLOTHER. Mergers between two small hospitals are

the omitted category. Only the models with the preferred specifications are

presented here.

Several merger combinations affect potential cost savings. Mergers be-

tween teaching and nonteaching hospitals increase the potential cost savings

from a merger. Conversely, large hospitals do not improve post-merger costs

by merging with each other. Their potential costs after the merger are larger

than if the two hospitals had remained separate. As studies such as Carey and

Wilson (2000) show, large hospitals exhibit decreasing returns to scale. Thus,

it appears that two large hospitals cannot exploit economies of scale when they

merge. Results also show that mergers between two government hospitals are

not beneficial for cost savings.

Results for actual cost savings report the same qualitative results for a
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Table 4.8: Empirical Results for Potential Cost Savings

Variable Coefficient Standard Error p-value

CONSTANT 9731071 4470719 0.03

FP-FP 3548273 4734394 0.46

G-G −1.58E+07 4.17E+06 0.00

NP-FP 2474344 3282384 0.45

G-NP −731110 3475860 0.83

G-FP 1269196 4743329 0.79

SAMETEACH −5271638 2933702 0.08

BIG-BIG −1.06E+07 4154430 0.01

MED-MED −1601589 3528607 0.65

BIG-MED −3178075 5043030 0.53

SMALLOTHER 4580496 5633121 0.42

CMIDIFF 3078588 6285708 0.63
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Table 4.9: Empirical Results for Actual Cost Savings

Variable Coefficient Standard Error p-value

CONSTANT −2.68E+07 1.09E+07 0.02

FP-FP 1.91E+07 1.20E+07 0.11

NFP-FP 1390944 7095201 0.85

SAMETEACH 1.11E+07 7381910 0.13

BIG-BIG −3.34E+07 1.05E+07 0.00

MED-MED 545576 8791516 0.95

BIG-MED 1.23E+07 1.25E+07 0.33

SMALLOTHER −2.12E+07 1.41E+07 0.14

CMIDIFF 1500973 1.59E+07 0.93
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merger between large hospitals; cost savings decrease for such a merger. No

other merger characteristics are significant in explaining variations in actual

cost savings. Changes in post-merger outputs remove the potential economic

advantage from mergers between teaching and non-teaching hospitals.

For the results presented in Tables 4.7, 4.8, and 4.9, we used hospital

data three years prior to and following a merger event (define as T3). In order

to check robustness of the results, potential and actual cost savings are also

calculated for two years prior to and following a merger and also for one year

prior to and following a merger (define as T2 and T1 respectively) . As with

the original estimates, we find that, for T2, potential and actual cost savings

are positive and negative respectively. Regression estimates are also robust

when comparing T2 and T3. However, comparing costs one year before and

after a merger shows that potential and actual cost savings are both positive.

Further investigation of the data reveals that, on average, costs reported the

year immediately following the merger are not representative of the average

reported costs for the merged entity in subsequent years. Hospitals are still

adjusting to the merger and thus their data do not accurately represent their

economic condition. Thus, it is important to account for this transition when

investigating the economic gains from mergers.
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The bandwidth parameters used to estimate the cost function are also

adjusted to check the sensitivity of the results. We find that the results, both

for the potential and actual cost savings and for the regressions, are robust to

changes in the bandwidths.

4.5 Conclusion

In this paper, we use nonparametric estimation techniques to examine

the potential and actual cost savings from a merger. In addition, merger types

are categorized according to the ownership status, teaching status, hospital

size and caseload severity of the merging hospitals. These merger types are

investigated to determine the types of hospitals that tend to merge with each

other and to analyze how differing merger types influence the cost savings

from a merger. Our findings suggest that mergers have the potential to save

costs, but these cost savings are not realized; costs are higher post-merger

than pre-merger. In comparison to nonprofit hospitals, government hospitals

that merge have lower potential cost savings. In addition, mergers between

teaching and nonteaching hospitals have the potential to improve cost savings,

but the output mix is altered after the merger in such a way that any possible
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cost savings are eliminated. However, mergers between two large hospitals

tend to decrease both potential and actual cost savings.

These results call for additional research analyzing the economic gains

from hospital mergers. If cost savings do not improve after a merger, maybe

other factors, such as bargaining power with insurance companies, are the

dominant reason for mergers. In addition, this study particularly focused on

explaining how the characteristics of hospital pairs affect the cost savings from

a merger. Presumably, the pairings are affected by the availability of different

hospital types in the area. A hospital seeking to merge might prefer another

hospital type, but only have the option of merging with another hospital type.

This paper admittedly stops short of answering why one hospital chooses to

merge with another. Additional studies to better understand the matching

process between merging hospitals would give better understanding of this

dynamic industry.
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Chapter 5

Conclusion

This dissertation explores hospital responses to competition using both

empirical and theoretical techniques. In Chapter 2, we use duration analysis

to examine the characteristics of hospitals that merge, are acquired, or close.

Chapter 3 modifies a model of Bertrand competition to determine how prices

and quality of care change when nonprofit and for-profit hospitals compete.

The final essay investigates potential and actual cost savings from a merger

and the characteristics of the merging pairs that affect these cost savings.

Evidence from this research suggests that, even with the large presence

of nonprofit hospitals in the industry, hospitals respond to increased competi-

tion as economic theory would predict. Competitive pressures are driving the

productively inefficient hospitals out of the market, either through merger,

acquisition, or closure. In addition, as competition in the market increases,

hospitals are more likely to exit the industry. We also find that, after an ac-

quisition, prices rise for the acquiring hospital regardless of ownership status.

Due to their nonprofit status, nonprofit hospitals may provide services
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to the community that are not provided by their for-profit counterparts. Some

nonprofits may care about serving the uninsured and indigent population,

while others may emphasize increased quality of services or possibly provide

both. Specification of the hospital’s nonprofit motive affects the equilibrium

competitive behavior. Nonprofit motives that act as a subsidy for profits create

an incentive for prices to rise when the market becomes more competitive.

However, if hospitals engage in cost-shifting, then prices fall for the higher-

priced patients in a more competitive environment.

There are similar characteristics of merging and closing hospitals to

suggest that hospitals may prefer to merge rather than close. However, if no

viable merging partners exist, perhaps the inefficient hospitals are forced to

close. Additional research is needed to clarify the possible dependence between

mergers and closures.

Once hospitals consolidate, post-merger costs are higher than pre-merger

costs. But if the merging hospitals maintained their existing output levels,

mergers appear to provide cost savings. This research indicates that produc-

tion at the consolidated entity changes so that cost savings are not realized.

Perhaps hospitals are merging for reasons other than cost savings.

Given the rise of managed care plans, hospitals may merge to increase bar-

gaining power with the insurance companies. In Chapter 2, we find that the

hospitals with better utilization of the facility are less likely to merge. Rather

than cost efficiencies, maybe there are other efficiency gains, such as technical

efficiency, to a merger. Or, possibly returns to scale in filing reimbursement
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claims exist such that costs can remain constant while hospitals receive a higher

level of reimbursement for services provided. Other potential administrative

and economic efficiencies such as these warrant further investigation.

The trend in the health care industry is toward greater competition.

But does increased competition produce the desired result? In this disserta-

tion, we find that increased competition increases the likelihood of consolida-

tions and closures, and raises prices unless cost-shifting exists. In addition,

mergers unambiguously raise prices for the acquiring hospital and do not re-

sult in cost savings. Given these conclusions, this dissertation contributes to

the existing literature by providing greater insight into the effect of compe-

tition on hospitals. Such research gives policymakers additional information

in order to better ascertain whether the trend toward increased competition

should continue.
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Appendix A

Predicting CMI Values

I regressed observed CMI values on dummy variables that indicate the

existence of different types of medical facilities (e.g., cardiac unit, radiology,

MRI capabilities) in order to infer CMI values for those hospitals without

a HCFA-computed value. Due to missing data, CMI values could not be

predicted for all hospitals in any survey year. However, as shown in Table A.1,

predicted CMI values were obtained for many hospitals that otherwise would

have missing CMI data. The R2 values were quite high for each regression,

ranging from .6145 to .7599. Table A.2 also shows the encouraging results

of the in-sample predictions. For every year that CMI values were reported,

10 percent of hospitals with reported CMI values were randomly drawn and

predicted CMI values were obtained using the regression results. For any year,

the in-sample predicted values fell between ± .1 of the actual value at least 60

percent of the time.
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Table A.1: Results from CMI Predictions

Number of Number of Number of
Total Observations with Observations with Adjusted

Year Observations Reported CMI Values Predicted CMI Values R2

1981 7166 0 6420 .6147

1982 7165 0 6431 .6145

1983 7120 0 6506 .6150

1984 7110 3130 3325 .6151

1985 7102 3131 3317 .6542

1986 7064 3131 3299 .6252

1987 7052 3569 2856 .6581

1988 7037 3513 2983 .6434

1989 6961 3463 2955 .6885

1990 6871 3409 2955 .7185

1991 6829 3367 2945 .7444

1992 6730 3315 2863 .7599

1993 6667 5187 1146 .6921

1994 6591 5100 1047 .6869

1995 6512 5046 1023 .6626

1996 6401 4970 994 .7119

1997 6299 5095 933 .7158

1998 6247 5174 872 .7027

115



Table A.2: In-Sample Predicted CMI Values Minus Actual CMI Values

Minimum Maximum Percentage of Sample Where
Year Difference Difference Difference Less than ± .1
1984 -0.46 0.19 0.93

1985 -0.29 0.20 0.89

1986 -0.43 0.24 0.81

1987 -0.34 0.25 0.78

1988 -0.31 0.38 0.68

1989 -0.36 0.39 0.73

1990 -0.37 0.38 0.70

1991 -0.40 0.26 0.70

1992 -0.58 0.38 0.71

1993 -0.89 0.46 0.64

1994 -0.65 0.48 0.64

1995 -0.75 0.47 0.60

1996 -0.47 0.54 0.60

1997 -0.89 0.59 0.69

1998 -0.60 0.38 0.60
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Appendix B

Description of Hospitals Deleted from Dataset

The AHA dataset contains self-reported information on the hospital’s

service classification. The AHA defines hospitals in 18 different service types

ranging from general surgical hospitals to children’s hospitals to alcohol treat-

ment centers. Any hospital reporting non-acute care classification as an alcohol

treatment center, psychiatric hospital, institution for the mentally retarded or

rehabilitation facility were deleted from the dataset. Because the data span

an 18-year period, there were many instances where hospitals report changes

in their service classification from year to year. Deletions from the dataset,

therefore, include any hospital that reported classification as a non-acute care

facility for at least one year. Hospitals were not deleted when reporting minor

changes in service classification such as a change from general medical and

surgical to a cardiac care facility.
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Appendix C

Matching Consolidations in AHA and ILA

Data

In theory, all mergers and acquisitions in the AHA dataset that occur

between 1993 and 1998 should have a corresponding entry in the ILA data.

However, merging and acquiring hospitals were not always identified in the

ILA data for three reasons:

1) The ILA dataset records all acquisitions by a holding company

or health care system such as Columbia/HCA or the Kaiser Foun-

dation. Although these type of events are research worthy in their

own right, these potentially very different actions are not the focus

of this research. These types of mergers would only match with a

merger from the AHA if two hospitals owned by the same health

care system merged to form one facility immediately following an

acquisition by the health care system of at least one of the hospitals

that is merging.

2) Because the ILA dataset focuses on acquisitions of hospitals,
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any merger in the AHA data that does not result in a change in

ownership will not be found in the ILA data. This difference results

in two main cases where the AHA will record a merger but ILA

will not. Two hospitals may merge that are part of the same health

care system and, unlike the scenario in 1) above, the merger occurs

significantly later than the acquisition by the holding company of

the two hospitals. In this case, the merger and acquisition are

treated as two separate events, and the time of exit provided by

the ILA data is not used. In addition, two hospitals that merge and

are owned by municipalities or other government agencies, such as

Veterans Administration hospitals, will be recorded in the AHA

data but not in the ILA data.

3) For a merger to be recorded in the AHA data and for the merged

hospital(s) to be considered as no longer existing as the same oper-

ational facility by the AHA, the two hospitals must merge opera-

tions sufficiently such that the merged hospital(s) closes its facility

or the hospitals at the very least function as one entity. Therefore,

a few cases exist where the ILA data records a merger/acquisition

between two or more independent hospitals that, for all practical

purposes, should match with the AHA data. Evidence suggests

that this type of merger is more a partial merger of ownership or

administration and not a true consolidation of operations. Thus,

this type of transaction is not recorded as a merger in this research

paper.
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