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Chapter 1

Introduction

Health care markets in general and hospital competition in particular are subject
to increasing interest and multi-faceted research for several reasons: On the one
hand, the particularities of health care markets give room to many theoretical ques-
tions concerning the impact of regulation, individuals’ behaviour and behaviour of
the firms on health outcomes, prices, quality, distribution or efficiency of health
care production. On the other hand, the growing empirical literature on health
economics adapts and refines methodological techniques from other fields such
as labour, production or behavioural economics, social sciences, psychology, or
medicine to test the theoretical questions and to underpin and guide policy makers’
decisions. Finally, technological change, demographic change, and the increase
of chronic diseases are the main challenges (and the main cost drivers) health care
systems of industrialised countries face today. However, technological change is
not only a challenge for health care due to increased costs but also a merit since it
increases quality of care. These developments make health economics a vivid and
relevant area of research.

The particular challenge for health economics research is that health care pos-
sesses many distinctive features, but is not unique in any of them. Issues include
the presence and extent of uncertainty, prominence of insurance, problems of in-
formation, restrictions on competition, the role of equity and need, the large role
of nonprofit firms, and finally government subsidies and public provision (Folland,
Goodman and Stano, 2004). All these features impose again several issues for the
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theoretical and empirical analysis of health care markets.

In this research we will focus on three topics which we think are particularly
relevant for hospital competition: i) quality, ii) efficiency, and iii) ownership.

i) Quality of health care is the most important good of the health production
process. It is of major concern in health care for three reasons. First, the effect
of health care quality on an individual’s well-being can be substantial, and often
will be more important than the quality of other goods or services. Second, due to
the presence of insurance against health care expenditures, prices play a reduced
role. Thus, quality serves as an important rationing device (Gaynor, 2006). Third,
governmental agencies cover the major part of health care expenditure. Thus,
they are both interested in cost prevention as well as in best possible outcomes
for the population where equity and need determine regulatory decisions. The
present thesis presents both a theoretical (Chapter 2) and an empirical (Chapter 5)
approach to assess the effect of competition on quality of care.

ii) The health economy also merits attention because of its sheer size e.g. with
respect to public and private spending, the labor force, research and develop-
ment, or capital investments. In 2005, private and public health care expendi-
ture summed up to 10.3% of GDP of which approximately 80% was government
funded. Public expenditure on health care have grown 1.83 times more than GDP
in Germany and twice as much as GDP in the US between 1970 and 2002 (Hagist
and Kotlikoff, 2009). In both countries, around 25% of the growth can be at-
tributed to ageing. The biggest part is explained by the increase in benefit levels,
though. In many industrialised countries, approximately one third of health care
expenditure is generated by inpatient care. For this reason hospitals are in the
focus of many studies on health care costs and production. Since the main cost
drivers are difficult to control by policy makers, it is important to detect and re-
duce inefficiencies in this market. Therefore, hospital inefficiency is one main
aspect in our research presented in Chapters 3 and 4.

iii) Asymmetric information and other market failures (for example externali-
ties or public goods) or historic developments often lead to the simultaneous ex-
istence of different ownership types in one market serving a similar population of
agents. In Germany and in comparable economies, three types of hospitals can be
found: private for-profit, private non-profit, and public. The ownership has been
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in the focus of considerable research. Here, we study the effect of the ownership
type on the production of quality of care and efficiency from a theoretical (Chapter
2) and empirical perspective (Chapters 3 and 4). Our research sheds some light
on market outcomes by hospital ownership type given their respective underlying
objectives.

This research thesis is structured as follows.

Chapter 2 is entitled Product Differentiation and Welfare in a Mixed Duopoly
with Regulated Prices: The Case of a Public and a Private Hospital. It
presents a theoretical approach to assess hospital quality competition depending
on ownership in price regulated markets. In this study, a duopoly may consist
of three different constellations: two private hospitals, two public hospitals or a
mixed market in which the hospitals’ ownership types and thus their objectives
differ from each other. To model the behaviour of the public hospital, we assume
that it maximises profits plus a proportion of its market share. The higher this pro-
portion is, the more the hospital increases its quality to attract more patients. This
in turn increases the surplus of the patients. The single welfare-maximising price
fixed by the regulatory authority is higher in a mixed duopoly than if there were
two public hospitals to induce the private hospital to produce a higher quality.

We analyse differences in quality, profits, and welfare outcomes in these differ-
ent market constellations. We find that it depends on the difference in exogenous
marginal costs of production, the public hospital’s valuation of its market share,
and the observed distance between the two hospitals whether a mixed duopoly
leads to higher overall welfare than a symmetric setting with either two private
or two public hospitals. We apply a Hotelling framework where prices are fixed
in the first stage by a regulatory authority and quality is set by the hospitals in
the second stage. Locations are symmetric and exogenous. Throughout the chap-
ter we assume that a change of ownership does not alter the relative marginal
cost structure of the market. We conclude that in general symmetric markets –
either both private or both public– are preferred from a welfare-perspective to the
mixed setup since prices can be set to induce the same welfare-maximising qual-
ity in both cases. The distribution between consumer benefits and profits differs,
though. However, in a price regulated market with fixed symmetric locations and
two private (public) hospitals it may be welfare-increasing to nationalise (priva-
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tise) one hospital if it has a high cost disadvantage compared to the other hospital.
In Chapters 3 and 4 we consider the efficiency of German hospitals. In par-

ticular, we are interested to explain the variation in technical, cost, and profit
inefficiency across hospital ownership types. Hospital cost inefficiency has been
identified to be substantial in other countries, especially in the US. Many studies
have been conducted since the early 90ies which measure hospital cost efficiency.
Concerning the ownership type of hospitals, private for-profit or investor owned
hospitals have been shown to produce less cost efficiently than public or private
nonprofit hospitals (except of Swiss hospitals). In Germany, however, literature
on hospital efficiency is scarce and evidence is mixed. Furthermore, there are only
two studies analysing profit efficiency of hospitals (US).

In Chapter 3, entitled Cost and Technical Efficiency of German Hospitals:
Does Ownership matter?, we analyse whether there is technical and cost in-
efficiency in hospital production.1 Furthermore, we identify exogenous hospital
characteristics which explain parts of the variation in inefficiency across the hos-
pitals. Since in recent years more and more hospitals have been privatised, the
variation across ownership types is of special interest to policy makers. We use
the stochastic frontier framework both on single cross sections as well as on a
three years panel with Cobb-Douglas and translog production technologies. We
exploit a multifaceted administrative German data set for the period from 2000 to
2003. In order to compare a large number of heterogeneous hospitals, we weight
the cases treated in each hospital according to their severity. The weights are con-
structed by exploiting information about patients’ diagnoses and lengths of stay.
The hospital specific efficiency scores are estimated and used to compare hospi-
tal rankings across different distributional assumptions and models. Applying a
bootstrapping approach, we can finally test whether the mean scores of the three
ownership groups differ significantly from each other. We detect significant in-
efficiencies in the German hospital market. In particular, it is shown that private
and non-profit ownership are associated with both lower cost efficiency and lower
technical efficiency compared to public ownership in each of the years from 2001
to 2003.

Chapter 4, entitled Does higher Cost Inefficiency imply higher Profit In-
1Main parts of Chapter 3 have been published in Herr (2008).



5

efficiency? Evidence on Inefficiency and Ownership of German Hospitals,
resumes and extends the study presented in Chapter 3.2 It is motivated by the
question why private hospitals generate higher profits and face lower risk of in-
solvency compared to public hospitals in spite of the results from the previous
chapter. The study is based on Chapter 3 but exploits an extended data set that
includes information on hospital profits from hospital balance sheets. The study
is the first to analyse profit efficiency of German hospitals and suggests that al-
though private hospitals are less cost efficient, they produce more profit efficiently
than public hospitals. The main result may partly be explained by the fact that
hospitals of different ownership types behave differently because they target dif-
ferent outcomes. While public hospitals probably seek to minimise costs, private
hospitals are rather interested in maximising profits. This conclusion may have
an impact on the future analysis of differences in the efficiency of hospitals which
has been focussed so far on the measurement of cost efficiency.

From the perspective of a policy-maker, cost reduction might be preferred to
profit maximisation in publicly financed markets. However, higher profits allow
hospitals to increase investments in their hospitals. Whether higher profits are
associated with better health care quality remains an open question. When we
include overall in-hospital mortality rates as a measure of quality they do not have
an effect on the main results in neither of the two studies. However, hospitals are
reluctant to publish more refined quality indicators such as post-surgical infection
rates and re-admission rates. Thus, we cannot judge objectively for or against
privatisation with respect to cost-benefit criteria.

In Germany, there has been a fundamental reform in the hospital financing
system. In 2004, the new payment system based on Diagnosis Related Groups
(DRGs) has replaced the former system of mainly cost reimbursement. This
change poses many questions for the future. Since the adaptation process is still
ongoing during the years of data we observe, we do not address this issue specif-
ically. However, we control for time effects to capture possible changes in the
technology and efficiency of the production process.

2The research of this chapter is part of a joint project with Hendrik Schmitz, RGS Econ, Univer-
sität Duisburg-Essen, and Boris Augurzky, RWI Essen (Forschungsdatenzentrum der Statistischen
Landesämter, 2007).
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Finally, Chapter 5, entitled How Do Hospital Closures Affect Infant Health?
Evidence From California Patient Data3, exploits hospital closures to assess the
effect of competition on quality of care in Californian hospitals. The analysis is
split in two parts. First, we analyse whether closures have an impact on in-hospital
and overall infant mortality in affected zip codes. In the second part, we look at
the impact of closure on the remaining hospitals which are likely to be affected
by a higher caseload due to the incumbent’s closure. In the second part, the out-
comes of interest are the in-hospital mortality of infants and of newborns as well
as four selected Patient Safety Indicators relevant for infant health. In both parts,
we apply a negative binomial as well as an OLS fixed effects approach using ad-
ministrative Patient Discharge Data of the Office of Statewide Health Planning
and Development (OSHPD) for the years 1989 to 2005 as the main data source.
This data provides us with information on each patient’s treatments, demographic
characteristics, and zip code of residence in California. We estimate a dynamic
difference–in–differences specification which reveals that although the long term
effect is insignificant or negative, there is a weak increase in infant mortality in
affected zip codes one or two years after the hospital closure. However, we cannot
confirm this increase in our analysis on hospital level which may be partly due to
the small number of 20 closures of rather small hospitals in our final sample.

3 The research of this chapter is obtained in collaboration with Arindrajit Dube, IRLE, Berkeley
as part of a larger research project (Office of Statewide Health Planning & Development, 2007).
We are grateful to Ethan Kaplan and Alex Mas for helpful discussions and support.
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Product Differentiation and Welfare
in a Mixed Duopoly with Regulated
Prices: The Case of a Public and a
Private Hospital

2.1 Introduction

As in other countries, public, non-profit and private (for-profit) hospitals compete
with each other in Germany. Furthermore, an increasing number of public hos-
pitals have been privatised over the last decade. Since the health care system is
mainly publicly financed, regulatory authorities are interested in cost reducing and
quality enhancing activities of the hospitals. This chapter analyses in a theoreti-
cal framework, whether and in which respect different objectives lead to different
quality outcomes. Furthermore, given the assumed incentive structure, it shows
whether and when a mixed duopoly would be preferred to a symmetric public or
private duopoly from a welfare perspective.

A mixed oligopoly is in general defined as a market in which two or more firms
with different objectives co-exist.1 In their seminal paper on mixed oligopolies,

1For surveys of the literature on mixed oligopolies compare De Fraja and Delbono (1990) and
Nett (1993).
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Merrill and Schneider (1966) assume that the public firm maximises output facing
a budget constraint. Often, the public firm is assumed to follow the public owner’s
interest and to maximise social surplus (for example De Fraja and Delbono, 1989;
Cremer, Marchand and Thisse, 1991; Nishimori and Ogawa, 2002; Matsumura
and Matsushima, 2004; Willner, 2006; Ishida and Matsushima, 2009). One is-
sue inherent to that assumption lies in the multiple principal agent problems a
hospital faces.2 As Cutler (2000) notes, key considerations in the choice of organ-
isational form for hospitals include underlying concerns about agency problems
and asymmetric information, the provision of public goods, and access to capital.
At the same time, interests of major stakeholders, including administrators, staff,
trustees, and communities may also play a role when choosing the ownership of a
hospital.

To analyse the behaviour of firms in mixed oligopolies, mostly Cournot or
Bertrand models are applied assuming that goods are homogeneous and prices
can be set by the firms according to their objective functions. Although the as-
sumptions about the firms’ differences in costs and efficiency, number of firms,
and timing may matter, it typically turns out that better allocations are achieved
when public firms are present (e.g. Cremer, Marchand and Thisse, 1989) where
in some cases the welfare-maximising first-best result can be attained. With en-
dogenous costs for investments into efficiency gains, a public monopoly would be
preferred to a mixed duopoly (Nishimori and Ogawa, 2002).

In this work, the goods (the treatments of the patients) are assumed to be dif-
ferentiated. We follow an important approach to model product differentiation,
spatial competition à la Hotelling (Hotelling, 1929).3 Cremer et al. (1991) apply
a price-location game where the public firm pays higher wages and maximises
social surplus under a non-negative profit constraint. They show that only for less
than three and for more than five firms in the market, a mixed oligopoly with less
than (n+ 1)/2 public firms leads to higher welfare than a private oligopoly. How-
ever, with endogenous production costs, privatisation of the public firm would
improve welfare compared to a mixed duopoly because it would mitigate the loss

2In his comprehensive review Sloan (2000) classifies and evaluates the theoretical and empiri-
cal literature on non-profit hospitals’ behaviour until 2000.

3Gabszewicz, Thisse, Fujita and Schweizer (2001) provide a comprehensive overview over
location choice models.
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arising from excessive cost-reducing investments of the private firm (Matsumura
and Matsushima, 2004). In price regulated markets such as the hospital industry,
firms rather compete in quality or location than in prices (Brekke, 2004; Brekke,
Nuscheler and Straume, 2006). Whilst prices and profits are easy to observe, it
is difficult to measure a hospital’s quality. The measurement of quality in stud-
ies of hospital competition has been in the focus of recent research (McClellan
and Staiger, 1999b; Romano and Mutter, 2004; Gaynor, 2006). In Germany, qual-
ity regulation has been intensified significantly over the last ten years (introduc-
tion of minimum quantities, external quality comparisons, and internal quality
management as well as the obligation to publish quality reports). However, the
evaluation of these means has only started recently and has not led yet to signif-
icant results with respect to quality differences between different hospital own-
ers (Geraedts, 2006). Empirical studies of US hospitals find weak evidence that
private hospitals may provide higher quality in some local or specific markets
(McClellan and Staiger, 1999a; Santerre and Vernon, 2005).4 The following anal-
ysis builds on the model of Brekke et al. (2006). They model competition in
location and quality between two profit maximising hospitals in a price regulated
market. This approach is then applied on a mixed duopoly similar to Cremer et al.
(1991).

We provide a first theoretical analysis of a mixed duopoly with regulated prices
consisting of a public and a private (for-profit) hospital. However, due to the gen-
eral setup, the results can be also applied to a duopoly of a private and a non-profit
hospital or other price-regulated mixed oligopolies.5 As in other studies, the pub-
lic hospital is assumed to maximise a linear combination of both profits and out-
put. This assumption is considered to be more realistic and to mirror the interests
of the different stakeholders better than the assumption of welfare-maximising

4Gaynor and Vogt (2000) and Dranove and Satterthwaite (2000) review in detail the literature
on antitrust and competition in mainly US health care markets, also considering differences across
ownership types.

5While the literature on mixed oligopolies mostly deals with public firms, in the literature
on health care markets, non-profit hospitals are assumed to also follow other incentives than
to purely maximise profits such as to maximise output (Gaynor and Vogt, 2003; Lakdawalla
and Philipson, 1998), quality (Newhouse, 1970; Ma and Burgess, 1993; Dranove and Satterth-
waite, 2000), consumers’ surplus (Steinberg and Weisbrod, 2005), physicians’ interests (Pauly
and Redisch, 1973) or other monetary or non-monetary incentives (e.g. charity in Dranove, 1988).
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behaviour of public hospitals.

The chapter proceeds as follows. In Section 2.2, preliminary assumptions will
be shortly described. In Section 2.3, the quality choice of the two hospitals in
the three scenarios (private profit-maximising duopoly, state-owned duopoly and
mixed duopoly) will be analysed and the comparative statics characteristics of the
quality choice in equilibrium will be shown. Finally, welfare-maximising prices
will be derived in Section 2.4. The corresponding welfare levels, consumer rent,
and profits in all three scenarios will be compared with each other and with the
first-best scenario in Section 2.5 before Section 2.6 concludes.

2.2 The Structure of the Model

Assume that the two hospitals face a unit mass of patients, distributed uniformly
on the line segment [0, 1]. Locations xi, i = 1, 2 are assumed to be exogenously
fixed in the hospital sector. This assumption is realistic since locations are often
regulated at least in rural regions. Hospitals cannot change their location in the
short or medium term because of their size and infrastructural needs and local
demand. Vertical differentiation may also be understood as specialisation versus
diversification of the medical programs the hospitals offer. The only parameter
hospitals can choose according to their respective maximisation problems is qual-
ity qi given regulated price p. Marginal production costs ci differ between the
two hospitals and are constant with p > ci, i = 1, 2. Let total marginal costs of
production C = c1 + c2 and the cost difference D = c1 − c2 where c1 and c2 are
exogenously given. Transportation costs, which the patients face, are quadratic in
the distance between the patient’s location z and the hospital i, i.e. t(z − xi)2.6

Utility function and the indifferent patient

A patient located at z derives the utility from getting one unit of the service pro-
vided by hospital i located at xi and providing the quality qi

U(z, xi, qi) = v + qi − t(z − xi)2 − p, (2.1)

6Linear transportation cost would lead to similar results.



2.2. The Structure of the Model 11

with price p > 0 and transportation costs t > 0. In this model, the patient pays
the price per treatment either privately or for example as a co-payment to the
health insurance. Furthermore, the constant valuation of consuming the good v is
assumed to be sufficiently high such that the market is covered at any time. Due to
the latter, a monopolistic hospital would always choose zero quality as long as it is
costly (unless otherwise regulated). A monopolist would earn non-negative profits
as long as the regulated price exceeds average or marginal costs of production.7

The indifferent patient is located at

z̄ =
1

2
(x1 + x2) +

q1 − q2

2t(x2 − x1)
(2.2)

For such a location to exist, we need to assume in the following, that the distance
between the hospitals x2 − x1 is strictly positive. We concentrate our analysis
on equilibria in pure strategies8 and assume throughout that x2 > x1, namely
x1 ∈ [0, 1

2
− x̄], x2 ∈ [1

2
+ x̄, 1], with x̄ > 0 small. We assume that the two

hospitals are located symmetrically, i.e. x2 = 1 − x1. Then, x1 = 1
2
(1 −∆) and

x2 = 1
2
(1 + ∆) with distance ∆ = x2 − x1. That means that the marginal patient

is located at
z̄ =

1

2
+
q1 − q2

2t∆
(2.3)

Profit Functions

As in Brekke et al. (2006), the marginal production costs of one good and the
costs of producing a certain quality can be linearly separated, where quality costs
are the costs of investing into higher quality that are not related to the marginal
cost of production. The cost of investing into higher quality is assumed to be

7Brekke, Siciliani and Straume (2008) compare a monopolistic altruistic hospital with a market
composed by two altruistic hospitals assuming that a fraction of patients may not be treated due
e.g. high transportation costs and capacity constraints. They find that it depends on the hospital’s
valuation of consumer surplus as to which setting would be preferred by the regulator.

8Bester, De Palma, Leininger and Thomas (1996) show that the Hotelling location game with
quadratic transportation costs and price competition possesses an infinity of mixed strategy Nash
equilibria. In these equilibria coordination failure invalidates the principle of “maximum differen-
tiation” discovered by D’Aspremont, Gabszewicz and Thisse (1977). For a similar finding, com-
pare Wang and Yang (2001) showing the existence of mixed equilibria in a 2 stage price-quality
game.
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Cq
i (qi) = 1

2
q2
i throughout the analysis to ensure that the profit function is concave

and a unique maximum exists. The profit of hospital i is defined as

πi = (p− ci)yi −
1

2
q2
i (2.4)

Under the assumptions that each patient consumes one unit of the service and that
the market is covered, two hospitals’ market shares are determined by the location
of the indifferent patient z̄, where y1 = z̄ and y2 = 1 − z̄ constitute the number
of cases treated by the two respective hospitals. Furthermore, the framework is
generalised by assuming that the two hospitals may differ with respect to their
marginal costs ci (compare Cremer et al., 1989). In Germany, private hospitals
do not underlie the same regulatory restrictions as public or non-profit hospitals.
Private hospitals are, in contrast to public hospitals, not obliged to pay the rather
high public sector wages, for example. That is why, on average, private hospitals
face lower personnel costs than public hospitals in Germany. Since personnel
costs account for approximately 60% of total hospital costs, they are an important
factor.9 Furthermore, private hospitals are less constrained in negotiating input
prices with suppliers and to borrow capital while non-profit and public hospitals
are not allowed to accumulate profits because of their legal forms.10

The structure of the game is as follows: In stage 0, symmetric locations and
marginal costs of production are exogenously fixed before prices are set by the
regulatory authority in stage 1 and hospitals compete in quality in stage 2. The
game will be solved by backward induction to identify a stable Nash-equilibrium.

The Three Scenarios

In general, a hospital’s objective function is defined as Zi = πi + αiyi. Here, as
opposed to private profit-maximising hospitals, public hospitals are assumed to
maximise their own profits plus a fraction of their market share, which depends

960% of the private hospitals operate less than 100 beds. In this size category, costs per full-
time equivalent employee sum up to 56,000 e in public, 47,000e in non-profit and only 43,000
e in private hospitals in 2007. However, for hospitals with more than 500 beds the costs per
employee are similar across ownership types (between 52,000 and 54,000 e).

10Given those input prices and outputs, cost inefficiency will be shown to be highest in private
hospitals in the years from 2000 to 2003 (see Chapter 3).
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positively on the hospital’s quality. In the three possible scenarios the two hospi-
tals behave as follows.

(i) Scenario PD (profit-maximising duopoly): α1 = α2 = 0

As in Brekke et al. (2006), both hospitals behave as profit-maximising pri-
vate hospitals and maximise their respective objective function Zp

i = πi,
i = 1, 2.

(ii) Scenario SD (state-run duopoly): α1 = α2 = α > 0

Both public hospitals follow the objective function Zs
i = πi + αyi.

(iii) Scenario MD (mixed duopoly): α1 = α > α2 = 0

In this scenario, the mixed duopoly is analysed. It is assumed that hospital 2

is a profit-maximising private hospital, Za
2 = π2, while hospital 1 is a public

hospital maximising the mixed objective function Za
1 = π1 + αz̄.

2.3 Quality Choice in the Three Scenarios

2.3.1 Quality Choice

In all three scenarios, the two hospitals choose their quality levels in equilibrium
such that the first order conditions

dZi
dqi

=
p− ci + αi

2t∆
− qi = 0

are fulfilled. Thus, the hospital’s quality level in the Nash-equilibrium can be
derived to be

qi =
p− ci + αi

2t∆
, (2.5)

which is uniquely defined since d2Zi

dq2i
< 0 and t > 0, ∆ > 0, p > ci. The hospital

i’s quality level in equilibrium does not depend on the other hospital’s quality. It
only depends on the price mark-up, the patients’ transportation costs and distance
and the weight αi. This equilibrium quality level is a dominant strategy for both
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hospitals. The first hospital provides higher quality (q1 > q2) if c1− c2 < α1−α2,
i.e. if the cost difference is smaller than the difference in the weights.

If αi = 0, i = 1, 2, the equilibrium collapses to a private profit-maximising
duopoly (Scenario PD) in which the first hospital sets higher quality as long as
c1 < c2 and vice versa, given symmetric locations. In Scenario SD the two public
hospitals will produce higher quality than in Scenario PD, since they value market
shares and thus patient’s utility more than purely profit maximising hospitals.

The additional asymmetry of the mixed duopoly (Scenario MD) comes from
the assumption that α1 = α > 0 for the first hospital and α2 = 0 for the second
(pure profit maximiser). Then,

qa1 =
p− c1 + α

2t∆

qa2 = qp2 =
p− c2

2t∆

and qa1 > qa2 if α > c1 − c2 = D. Put differently, depending on the underlying
cost structure and on α it is possible that the private hospital produces at a higher
quality level than the public hospital.

2.3.2 Comparative Statics with respect to Transportation Costs,
Price Margin, and Distance

The comparative statics results hold similarly for all three scenarios, which only
differ in their magnitudes of αi and the levels of qualities and price.

Change in Location

The higher the distance ∆, the lower the two quality levels in equilibrium. This
result complies with basic competition theory. When hospitals are close to each
other (geographically or in the services they offer) competition becomes fierce
and quality increases, especially if αi, the valuation of the market share, is high.

dqi
d∆

= −(p− ci + αi)

2t∆2
< 0 (2.6)
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For the two symmetric scenarios the only difference between the two hospitals’
reactions is determined by the difference in cost of production.

Change in Patients’ Transportation Costs

If the marginal transportation costs increase, switching to the other hospital will
become more expensive, ceteris paribus. This softening of competition leads to a
decrease in quality enhancing investments.

dqi
dt

= −p− ci + αi
2t2∆

< 0 (2.7)

The reason is that the quality difference becomes less important for the location
of the marginal patient when transportation costs increase (see (2.3)).

Change in Regulated Price and the Price–Cost Margin

Regarding the effect of the price cost margin on the hospital’s quality, the com-
parative static result can easily be derived from the first order condition:

dqi
d(p− ci)

=
1

2t∆
> 0 (2.8)

As expected, an increase in the margin will lead to higher quality levels for both
hospitals. Patients will be compensated for the increase in prices by higher quality
levels. This result holds independent of αi. Note that the regulated prices and thus
the magnitudes of change differ across the scenarios, though.

Change in Valuation of Market Shares

An increase in the weight of the quantity or market share α leads to an increase in
quality provided.

dqi
dαi

=
1

2t∆
> 0 (2.9)

In the mixed duopoly, the public hospital will increase its quality as shown in
Equation (2.9) while the private hospital’s quality does not depend on the public
hospital’s valuation α of the market share. It will thus not change.
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While these results are clear, empirical studies analysing the effect of compe-
tition on quality of hospitals have shown mixed results. Kessler and McClellan
(2000) analyse the impact of competition on both costs and patient health out-
comes in the US. They find that whilst the welfare effects of competition in the
1980s were ambiguous, post-1990 competition was welfare improving. Looking
at mergers, Hamilton and Ho (1998) do not find any effect of mergers on mortal-
ity of either heart attack or stroke. Propper, Burgess and Green (2004) show that
more intense competition between hospitals is associated with higher death rates
in the English NHS.

2.4 Regulating Prices

In the first step of the game the regulatory authority sets welfare-maximising
prices in each of the three scenarios. The corresponding second-best results are
compared to the first-best that will be derived first.

The Welfare Function and Consumer Surplus

In the following, total welfare is defined as W = K+π1 +π2, where in a duopoly
with symmetric locations the consumer rent K is defined in general as

K =

∫ z̄

0

(v + q1 − t (x− x1)2 − p)dx+

∫ 1

z̄

(v + q2 − t (x− x2)2 − p)dx

= v − 1

12
t− p+

1

2
(q1 + q2) +

1

4
t∆(1−∆) +

1

4∆t
(q2 − q1)2 (2.10)

Given symmetric locations, the welfare function can be written as11

W = v − 1

12
t+

1

4
t∆(1−∆)− 1

2
C +

1

2
(q1 + q2)− 1

2

(
q2

1 + q2
2

)
+

1

4∆t
((q1 − q2)2 − 2 (q1 − q2)D), (2.11)

11Regulated prices as well as resulting quality, profits and consumer rent in equilibrium
would not differ when adding the higher utility of the public hospital(s) to overall welfare
(W +

∑
i αiȳi, i = 1, 2). However, total welfare would be higher than before when there are

one or two public hospitals in the market (for a detailed analysis compare Section 2.5.1).
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Note that overall welfare does not depend on the price chosen by the regulatory
authority. Only the distribution of rents between consumers and producers differs
with the price.

2.4.1 First-best Solution

To find the welfare-maximising first-best quality level of the two hospitals, the
first derivatives of the welfare function with respect to q1 and q2 are set to zero.
After rearranging, the welfare maximising quality levels are,

qw1 =
t∆− 1−D
2 (t∆− 1)

(2.12)

qw2 =
t∆− 1 +D

2 (t∆− 1)
, (2.13)

whereD = c1−c2, t∆ > 1
2

for a local maximum to exist and t∆ > 1+|D| or t∆ <

1−|D| for both quality levels to be non-negative. The latter two restrictions ensure
that a finite quality level exists (t∆ 6= 1). The difference between the quality levels
is qw1 − qw2 = − D

t∆−1
, which only depends on the hospitals’ locations and their

marginal costs. In the optimum, the public hospital’s quality is higher than the
private hospital’s if c1 < c2 and t∆ > 1 or vice versa. If marginal costs are equal
for both hospitals, the welfare maximising quality levels are q1 = q2 = 1

2
for both

hospitals. Market shares are non-negative if t∆ > 1 + |D| (non-negative quality)
and t∆(t∆ − 1) > D > t∆(1 − t∆). We assume that in equilibrium, hospitals
should at least be able to produce at a non-negative profit level. In general,

πw1 = (p− c1)
−D − t∆ + t2∆2

2t∆ (t∆− 1)
− (t∆−D − 1)2

8 (t∆− 1)2 and (2.14)

πw2 = (p− c2)
D − t∆ + t2∆2

2t∆ (t∆− 1)
− (t∆ +D − 1)2

8 (t∆− 1)2 . (2.15)

Both profits are non-negative if the price mark-up is sufficiently high. That means
that if the price is low (for example ps = t∆ + 1

2
C − α of Scenario SD derived

below), this is only fulfilled if the restrictive non-zero-profit condition t∆ > t∆̃ =

1 + (c1 + c2) + α holds.
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Inserting first best qw1 and qw2 , the maximum welfare level will be

Ww = v − 1

12
t+

1

4
− 1

2
C +

1

4
t∆ (1−∆) +

D2

4 (t∆− 1) t∆
(2.16)

It can be easily shown that overall welfare in the first-best setting increases,
the lower transportation costs, distance and marginal costs and the higher the cost-
difference (if t∆ > 1). The latter may result from different influences. If the cost
difference increases, the quality of the disadvantaged hospital will decrease and
it will thus attract fewer patients than the hospital with the lower cost of produc-
tion. Furthermore, the assumption of symmetric locations may also play a role
preventing the hospitals to move in different directions.

2.4.2 Price Regulation

In a second-best setting, hospitals behave in the second stage according to their
objective functions and choose the quality levels derived in Section 2.3 as op-
posed to welfare-maximising quality of the first-best setting. This behaviour will
be anticipated by the regulator in the first stage when setting prices. For stable
solutions to exist in all scenarios, we need to assure concavity of the objective
functions by assuming that distance and transportation costs are sufficiently high.
In all scenarios as well as in the first-best case, a stable equilibrium exists with
given welfare-maximising prices if the resulting profits, market shares, and qual-
ity levels are non-negative. An example for a sufficient condition ensuring a si-
multaneous equilibrium in all settings is given by t∆ > t∆̃ = 1+(c1 +c2)+α. In
the following, all equilibria are analysed under this assumption. However, except
of in the first-best equilibrium it would be sufficient if t∆ > 1

2
+ 1

2
(c1 + c2) +α.12

If the hospitals are close to each other or transportation costs are low, competi-
tion will be fierce leading the hospitals to overbid each other until one or both of
the hospitals exit the market. In that case, no solution exists to the maximisation
problem and we cannot identify a unique equilibrium.

12The private duopoly requests the least restrictive constraint with t∆ > 1
2 |D|+

1
4 ≥

1
4 .
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Prices, Quality, Profits, and Welfare in the Private and the Public Duopoly

Welfare will be maximised by the price setting authority with respect to the quality
choice of the hospitals of the second stage. Inserting the quality levels of Scenarios
PD and SD into the welfare function, the second-best prices are given by

Scenario PD: pp = t∆ +
1

2
C (2.17)

Scenario SD: ps = t∆ +
1

2
C − α (2.18)

where in Scenario SD both hospitals value their own output equally much
(α1 = α2 = α). In the private profit-maximising duopoly (PD) the price is higher
(pp > ps) to induce the hospitals to produce at a higher quality level. The second
derivative of the welfare function with respect to p is negative in both scenarios
letting us conclude that the prices are in the respective local maxima of the welfare
functions. The resulting quality levels correspond with each other in the two sce-
narios with qp1 = qs1 = 1

2
− 1

4t∆
D and qp2 = qs2 = 1

2
+ 1

4t∆
D. Thus, the higher price

induces both profit-maximising hospitals to produce at the same quality level as if
they were also considering output in their objective function. The first hospital’s
quality is lower than the quality of the second hospital if c1 > c2. Inserting the
corresponding quality and price levels into the profit functions, we gain for the
profit maximising duopoly (Scenario PD)

πp1 = πs1 +
1

2
α(1− 1

2(t∆)2
D) and (2.19)

πp2 = πs2 +
1

2
α(1 +

1

2(t∆)2
D) (2.20)

and for the public duopoly (Scenario SD)

πs1 =
1

32(t∆)2
D (8α− 4t∆ + 3D)− 1

8
(4α− 4t∆ + 2D + 1) and(2.21)

πs2 = − 1

32(t∆)2
D (8α− 4t∆− 3D)− 1

8
(4α− 4t∆− 2D + 1) (2.22)

A unique Nash equilibrium with non-negative quantities and profits exists if si-
multaneously πi ≥ 0 and yi ≥ 0 at equilibrium prices and quality levels.
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Proposition 1. Let ps = t∆ + 1
2
C−α and t∆ > α+ 1

2
C+ 1

2
with two public hos-

pitals. Then, a unique Nash equilibrium with non-negative quantities and profits

exists. In the private duopoly with pp = t∆ + 1
2
C, it suffices that t∆ > 1

2
|D|+ 1

4

for a stable and unique Nash-equilibrium in pure strategies to exist.

Since the second best quality levels are equal across scenarios, welfare is in-
dependent of the price, and distance is exogenously fixed, welfare is equally high
in both symmetric settings

W p = W s (2.23)

= v − 1

12
t− 1

2
C +

1

4
+

1

4
t∆(1−∆) +

1

16(t∆)3
D2 (3t∆ + 1) .

The distribution of consumer rent and profits differs, though, since the price and
profits are lower and the consumer rent is higher if both hospitals are state-run
(SD).

Note that we restrict the regulatory authority to impose a single price for both
hospitals. We would reach first best always if the government was able to perfectly
discriminate between the hospitals and for example to account for the differences
in marginal costs of production. However, in the hospital market we actually see
that the hospitals receive the same price for the same treatment adjusted for case-
mix severity (payments based on Diagnosis Related Groups).

Prices, Quality, Profits, and Welfare in the Mixed Duopoly (Scenario MD)

In the mixed duopoly, quality levels differ between the two hospitals. The welfare
maximising price is

pa = t∆ +
1

2
C − 1

2
α (2.24)

with ps < pa < pp. The price will always be higher in the mixed duopoly than in
the symmetric public duopoly to induce the private hospital to produce at a higher
quality level. For positive market shares of both hospitals, 2(t∆)2 > D − α and
2(t∆)2 > −(D−α) need to be assured which is given if p > ci ⇔ 2t∆ > α+|D|
and t∆ > 1. The corresponding quality levels qa1 = 1

2
− D−α

4t∆
and qa2 = 1

2
+ D−α

4t∆

are higher and lower, respectively, than the levels in the two symmetric scenarios.
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Inserting the quality and price levels into the profit functions, we obtain

πa1 =
1

32(t∆)2
(4t∆− 5α− 3D) (α−D) +

1

4

(
2t∆− α−D − 1

2

)
(2.25)

and

πa2 =
1

32(t∆)2
(4t∆− 3α + 3D) (−α +D) +

1

4

(
2t∆− α +D − 1

2

)
(2.26)

Both hospitals stay in the market if profits πi > 0 and market shares yi ≥ 0.

Proposition 2. Let pa = t∆ + 1
2
C − 1

2
α and t∆ > α + 1

2
C + 1

2
. Then, a

unique Nash equilibrium with non-negative quantities and profits exists in the

mixed duopoly. The public hospital’s quality is higher than the private hospital’s

if D < α, i.e. if the difference in marginal costs is lower than the valuation of the

market share. The private hospital earns higher profits than the public hospital if

D < α α−t∆
α−t∆−2t2∆2 which is possible even if D > α.

The welfare level in the mixed duopoly is given by

W a = v − 1

12
t− 1

2
C +

1

4
+

1

4
t∆(1−∆) (2.27)

+
1

16(t∆)3

(
(α−D)2 − t∆ (α−D) (α + 3D)

)

2.5 Comparison of Welfare, Consumer Surplus, and
Profits

Assume in the following that t∆ > t̃∆ = 1 + 1
2
C + α to enable comparisons

across all four scenarios (including the first-best scenario). Furthermore, let cpi =

csi = cai = ci, i = 1, 2. This assumption applies also when a hospital changes
the ownership. That means that marginal costs of production do not alter after a
switch from for example public to private ownership. In the following, all results
are interpreted given this hypothetical setup.
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2.5.1 Comparison of Welfare Levels

”Classic” Welfare Function

Given second best prices in the two symmetric scenarios, quality and welfare
levels are of the same magnitude, no matter whether hospitals take into account
market shares or only maximise profits. Furthermore, comparing (2.23) and (2.28)
it can be shown that

W a > W p = W s ⇔ D < −α t∆− 1

2(1 + t∆)

with D = c1 − c2. Let D > 0. Then, the welfare level in the mixed duopoly is
below the level in the two symmetric scenarios. In this case, a private duopoly
would provide higher welfare than a mixed market due to its symmetric structure.
Conversely, there is a difference in marginal costs D, for which a mixed duopoly
increases welfare compared to two public or two private hospitals. The lower the
valuation of the market share α (since t∆ > 1) or the more intense the competition
(low t∆), the more often a regulatory authority would implement a mixed duopoly
compared to a symmetric setup as long as the public hospital has an advantage in
marginal cost of production. That means, in a symmetric duopoly the hospital
with lower costs of production should switch the ownership type.

Naturally, the first-best setting gives the highest welfare level since with Equa-
tions (2.23), (2.16) and (2.28) and t∆ > t̃∆ > 1 the comparison shows

W s −Ww = W p −Ww = − D2 (t∆ + 1)2

16(t∆)3(t∆− 1)

W a −Ww = −(α(1− t∆)−D (t∆ + 1))2

16(t∆)3 (t∆− 1)

The first-best result can be reached in the symmetric Scenarios PD and SD
if D = 0 that means if marginal costs are equal across hospitals. Comparing
the two symmetric settings, it is rather a political decision whether the public
authority prefers to support producers by privatising both hospitals or to enlarge
consumer rent. In the mixed duopoly, the first-best can only be reached if t∆ =
α−D
α+D

> t̃∆, thus if c1 � c2. In the case that the public hospital has a big cost
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advantage, a mixed setting would increase welfare compared to the symmetric
settings. This may be due to the assumption that hospitals are nevertheless located
symmetrically between 0 and 1 which decreases transportation costs compared to
asymmetric locations. However, if the private hospital has the cost advantage,
quality levels in the mixed duopoly would be that low that the first-best outcome
cannot be reached even with regulated prices and symmetric locations.

Extension: Welfare with Additional Utility of Public Hospitals

Assume that the second part of the hospital’s utility also increases overall welfare.
That means in general that

W u
j = Wj + α1j z̄j + α2j(1− z̄j) (2.28)

where αi differs according to the respective scenarios j={PD,SD,MD}. Since
the market shares are independent of the regulated prices, there is no effect on
prices and thus also not on quantities, consumer surplus and profits. However,
welfare in the public duopoly will always be higher than in a private duopoly
(W u

p = W u
s + α). The threshold for which a mixed duopoly is still preferred to

a private duopoly increases to Du
PDMD < 1

2
α + 4(t∆)3

1+3t∆
, which is always positive

and thus allows the public hospital to have higher marginal costs than the private
hospital. The cost difference D can even be higher than α depending on t∆,
which would result into lower quality of the public hospital. In contrast to the
above results, this threshold increases in α and t∆.

A mixed duopoly leads to higher welfare than a duopoly of two state-run hos-
pitals if Du

SDMD < 1
2
α − 4(t∆)3

1+3t∆
< Du

PDMD where this threshold also increases
in α but decreases in t∆ as it did in both symmetric scenarios in Section 2.5.1.
Put differently, a mixed duopoly outperforms a duopoly of two public hospitals in
terms of overall welfare not only if the public hospital has a cost advantage but
also if competition between the two hospitals is fierce.

In the following, it is assumed that the additional utility from treating more
patients does not enter overall welfare. This assumption only has an effect on the
comparison of the scenarios with respect to welfare results since quality, prices,
and quantities are not affected.
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2.5.2 Comparison of Consumer Surplus

Since ∂K
∂qi

=
qi−qj
2t∆

+ 1
2
> 0 if qi − qj > −t∆, for at least one hospital i 6= j the

consumer surplus would be maximal if quality increased to infinity or distance
is close to zero (leading to infinitely high quality via high competition between
the hospitals).13 However, given the quality choice by the hospitals and inserting
second best prices which are paid by the consumers, consumer surplus in the case
of two profit-maximising hospitals (αi = 0) is defined by

Kp = v − 1

12
t− 1

4
t∆(3 + ∆) +

1

2
− 1

2
C +

1

16t3∆3
D2 (2.29)

In Scenario SD (α > 0 for both hospitals) the consumer surplus is higher, namely

Ks = Kp + α (2.30)

The consumer surplus in a public duopoly is higher due to higher quality and
lower regulated prices. In the mixed duopoly it holds that

Ka = Kp +
1

2
α +

1

16(t∆)3
(α− 2D)α (2.31)

Proposition 3. Assume that a sub-game perfect Nash equilibrium exists where

both hospitals are active in the market in all three scenarios, i.e. transportation

costs and distance are sufficiently high with t∆ > 1
2
C+α+ 1

2
. Then, Ks > Ka >

Kp.

For an analysis of consumer rents with lower transportation costs, compare
Appendix 2.A.1.

2.5.3 Comparison of Profits

The profits of the first two scenarios are easy to compare with each other. Since
welfare levels coincide but prices are higher in the duopoly with two profit-maximising
hospitals than in the public duopoly, profits will be higher in the former duopoly

13The consumer surplus and the profits of the three scenarios are not compared with the first-best
setting since in the latter any arbitrary price would lead to maximal welfare.
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than in the latter. From (2.19), (2.20), (2.21) and (2.22) it can be shown that
πpi > πsi if |D| < 2(t∆)2. Compared to the mixed duopoly the following Proposi-
tion can be derived.

Proposition 4. Assume that a sub-game perfect Nash equilibrium exists where

both hospitals are active in the market, i.e. transportation costs and distance are

sufficiently high with t∆ > 1
2
C + 1

2
+ α. Then, πpi > πai > πsi for i = 1, 2.

See Appendix 2.A.2 for a comparison of the respective profit functions.

2.6 Conclusion

This analysis has shown that a mixed oligopoly can lead to the highest welfare
and quality when compared to two public or two private hospitals and may come
closest to the first-best solution. This result implies that it can be best to privatise
one or several public hospitals when a public hospital is still present in the market.

Compared to the mixed duopoly, a private duopoly will be preferred if the
public hospital that would be privatised faces relative marginal costs that exceed a
certain threshold in the mixed duopoly. This threshold differs by the definition of
the underlying welfare function and depends on the valuation of the market shares
and the degree of competition.

When assuming a ‘classic’ welfare function, our result derived in a price reg-
ulated setting conflicts with the result by Cremer et al. (1991) who state that a
mixed duopoly would be superior to a private duopoly in a price-location game
although the public firm faces higher wages and thus higher marginal costs. Here,
in the mixed duopoly, first-best can only be reached if the public hospital has a
big cost advantage compared to the private (for-profit) hospital.

Further possible generalisations of this model include the introduction of en-
dogenous costs, location choice, choice of slack, and the extension to more than
two competitors. For future research on hospital privatisation, it is essential to
identify the objectives of different ownership types empirically. Additionally, em-
pirical studies of hospital competition should be conducted in which it is not only
accounted for prices and costs, but also for quality.
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2.A Appendix

2.A.1 Consumer Surplus with high and low Transportation
Costs

Comparing the consumer rents without obeying the necessary constraint on trans-
portation costs and distance, we can identify three different orders of magnitude
shown in the table below. In the case of high transportation costs (1 and 2), the
order is clear, the symmetric public scenario is preferred by the patients with
Ks > Ka > Kp. For low transportation costs, the asymmetric setting can lead
to lowest (3) and highest (4) consumer surplus depending on the relative marginal
costs of the two hospitals.

D > 1
2
α D < 1

2
α

t∆ > 1
2

3
√

(−2D + α) if D < 1
2
α 1 2

t∆ > 1
2

3
√

(2D − α) if D > 1
2
α Ks > Ka > Kp Ks> Ka> Kp

t∆ < 1
2

3
√

(−2D + α) if D < 1
2
α 3 4

t∆ < 1
2

3
√

(2D − α) if D > 1
2
α Ks > Kp > Ka Ka > Ks > Kp

As expected, two profit maximising hospitals set quality levels such that the
consumer surplus is always lowest across scenarios. Since it is assumed that t∆ >

t∆̃, only cases 1 and 2 will be observed in equilibrium.

2.A.2 Comparison of Profits

The hospital’s profits in the mixed duopoly (2.25) and (2.26) are lower than the
profits of the profit maximising hospitals in the private duopoly (2.19) and (2.20)
if

πp1 − πa1 > 0⇔ 8t2∆2 − 4t∆ > −5α + 2D

and
πp2 − πa2 > 0⇔ 8t2∆2 + 4t∆ > 3 (α− 2D)
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The profits of the first of the two public hospitals in the state-owned duopoly
(2.21) are lower than the public hospital’s profits of the mixed duopoly (2.25) if

πs1 − πa1 < 0⇔ 8t2∆2 + 4t∆ > 5α + 6D

The profits of the second public hospital (2.22) are lower than the private hos-
pital’s profits of the mixed duopoly (2.26) if

πs2 − πa2 < 0⇔ 8t2∆2 − 4t∆ > −3α− 2D

In the stable Nash equilibrium it is assumed that transportation costs and dis-
tance are sufficiently high with t∆ > 1

2
C + 1

2
+ α. Thus, the above inequalities

are fulfilled in equilibrium and πpi > πai > πsi .





Chapter 3

Cost and Technical Efficiency of
German Hospitals: Does Ownership
matter?∗

3.1 Introduction

Tight public budgets and increasing per capita expenditures due to technological
change, more chronic diseases, and an ageing population characterise the chal-
lenges faced by the German health care system today. In 2003, hospital expen-
ditures made up 59.2 billion euro, which amounts to 2.7% of the German GDP.
Since per capita expenditures for health care have grown by 50% between 1993
and 2003, debates about reforms and inefficiency of the German health care sys-
tem had started in the late nineties and have resulted in several health care reforms.

This study is the first to investigate both the technical and cost efficiency of
more than 1,500 German general hospitals. It deals with two questions: (1) what
is the average degree of hospital inefficiency and (2) how does this vary with own-
ership, patient structure, and other exogenous factors, which are neither inputs nor
outputs to the production process. To reduce avoidable costs is one reason why we
want to detect inefficiency in hospitals. Another reason is that only by measuring
efficiency, and by separating its effect from those of the operating environment,

∗Main parts of this chapter have been published in Herr (2008).
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we can explore hypotheses concerning the sources of efficiency differentials be-
tween e.g. different ownership types. Identification and separation of controllable
and uncontrollable sources of performance variation is essential to improve per-
formance, also in view of public policies.

The factors affecting cost and technical inefficiency will be identified by con-
ducting a cross sectional Stochastic Frontier Analysis (SFA), which exploits the
newly available and multifaceted German hospital statistics provided by the Sta-
tistical Offices of the German Federal States for the period from 2000 to 2003.1

The results of the cross sectional models will then be compared to a similarly
distributed panel model. In order to compare a large number of heterogeneous
hospitals, we weight the cases treated in each hospital according to their sever-
ity. The weights are constructed by exploiting information about patients’ diag-
noses and lengths of stay. To check the robustness of the signs of the efficiency
variables, we estimate their influence on both cost and technical inefficiency and
compare the results over the three years under study. For the same reason, differ-
ent specifications of both models with different samples are estimated. In a last
step, hospital specific efficiency scores are estimated and used to compare hospital
rankings across different distributional assumptions and models.

The German hospital industry is characterised by the simultaneous existence
of various ownership types. Following the definition of the Statistical Offices of
the Länder, three hospital types occurring in Germany are distinguished: public,
non-profit, and private hospitals. Non-profit hospitals are also private, i.e. non-
public, but, in contrast to private hospitals, they are run by non-profit organisations
such as churches or miners’ associations. Thus, in this research the term ‘private’
is used synonymously for ‘private for-profit’. Over the last ten years an increas-
ing number of public hospitals have been privatised in Germany. From 1992 to
2003, the share of all public hospitals has decreased from 45% to 36% whereas the
share of all private hospitals has increased from 15% to 25% (Statistisches Bun-
desamt, 2007). The share of non-profit hospitals has remained relatively constant
over the same period of time. Public funding has decreased steadily for all own-
ership types, which forces hospitals to invest independently. From 1972 to 2003,

1Krankenhausstatistik: Grund- Diagnose- und Kostendaten, 2000-2003, Antrag am
Forschungsdatenzentrum der Statistischen Landesämter Nr. 254-2005.
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the ratio of hospitals’ financing resources relative to all expenses of the statutory
health insurance decreased from 27% to 7.2% (Clade, 2004). Since non-profit
hospitals are, by definition, not allowed to accumulate profits (except for reinvest-
ments), they have more difficulty than private hospitals to take up credit from the
capital market. On the other hand, non-profit institutions are exempt from corpo-
ration tax and pay a reduced value-added tax rate of 7% for all other goods (§§3-5
UStG and §§51-68 AO). Public hospitals face similar financial difficulties where
debts are still publicly compensated in most cases. Furthermore, the organisa-
tional structures of non-profit and public hospitals may be less flexible than those
of private institutions.

Inefficiency is defined as the hospital’s deviation from the estimated or con-
structed cost or production frontier. Given exogenous input prices and demand
driven outputs, the cost frontier maps minimal costs possible. Following Far-
rell (1957), the production frontier maps maximum feasible output given input
use. This definition of inefficiency is from an input-oriented point of view, since
we assume output being more easily influenced by German hospitals than inputs,
which holds especially for the number of beds and prices.

The relative performance of public versus private producers has been exam-
ined from different theoretical perspectives (e.g. Agency and Property Rights,
Public Choice, and Organisation Theories). Following different approaches, they
all conclude that private firms produce more efficiently than public firms in un-
regulated markets (Villalonga, 2000), partly due to the duality between profit
maximising behaviour and efficiency.2 Regarding non-profit hospitals’ behaviour,
Philipson and Posner (2006) analyse antitrust issues theoretically and find that the
same incentives to restrain trade exist in the non-profit sector as in the private
(for-profit) sector. In his overview about non-profit ownership and hospital be-
haviour, Sloan (2000) also concludes that there is no clear empirical evidence for
a difference between these two ownership types. Duggan (2000) uses a change
in financing US hospitals to reveal that the difference between the three types is
driven by the soft budget constraint of public hospitals.

SFA has been used broadly in other countries to measure cost efficiency of

2For a discussion of the basic economic interrelation between a firm’s behaviour and its effi-
ciency refer to a microeconomic textbook (e.g. Mas-Colell, Whinston, and Green, 1995).
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hospitals. In the seminal study by Zuckerman, Hadley and Iezzoni (1994), private
(proprietary) hospitals turn out to be less cost efficient than non-profit or public
hospitals, when comparing average efficiency scores of only highly efficient hos-
pitals. Zuckerman et al. further detect that treating male or elderly patients or
having high surgery rates have a negative effect on the cost frontier (not directly
on inefficiency, though). Using the more recent one-step approach for panel data
by Battese and Coelli (1995), which allows to estimate the impacts of the exoge-
nous variables on firm-specific inefficiency directly, Rosko (2001, 2004) identify
investor-owned hospitals to be more inefficient than the respective base group
composed by non-profit and public US hospitals and non-profit US teaching hos-
pitals, respectively. Rosko (1999) and Folland and Hofler (2001) come to the con-
clusion that private proprietary hospitals are less efficient than non-profit hospitals
using the two-step approach introduced by Pitt and Lee (1981) and excluding pub-
lic hospitals. In Switzerland, hospital cost efficiency does not differ by ownership
type (Farsi and Filippini, 2006, 2008). To our knowledge, there are only two stud-
ies applying SFA to measure technical efficiency of hospitals (Webster, Kennedy
and Johnson, 1998; Brown, 2003). Brown finds non-profit hospitals to be the
most technically efficient. In their review on productive efficiency, Pestieau and
Tulkens (1993) point out that the estimation of productive or technical efficiency
offers the attractive feature that it focuses on a single objective, whose desirabil-
ity is independent of any other considerations when assessing the performance
of public enterprises and can yield robust comparisons among e.g. hospitals op-
erating in different settings. In his surveys about non-parametric (e.g. Data En-
velopment Analysis (DEA)) and parametric applications (e.g. Stochastic Frontier
Analysis (SFA)) on efficiency in health care, Hollingsworth (2003, 2008) reviews
all studies published since 1983 and finds that the results that private hospitals are
less cost efficient to be robust across models and years.

The efficiency of German hospitals has only been investigated with DEA so
far, and results with respect to the ownership type are mixed. Helmig and Laps-
ley (2001) use data from 1991 to 1996 aggregated on the three ownership types
(public, non-profit and private) and measure the highest inefficiency scores for
the group of private hospitals. Staat (2006) applies DEA to two different samples
of comparable hospitals in western Germany using data from 1994. Differences
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between ownership types are not significant when comparing group means of the
estimated efficiency scores. This lack of precision may be attributed to small
subsamples. Werblow and Robra (2006) calculate high saving potentials in non-
medical departments. They use aggregated non-medical costs differentiated by
the three ownership types and 16 federal states (48 observations) in the year 2004.
Calculated mean efficiency varies greatly over ownership types and federal states.
On average, however, the group of public hospitals is least efficient compared to
the other two groups. After our study was conducted, Tiemann and Schreyögg
(2008) also exploited the hospital statistics on the question of hospital efficiency
and ownership. Using an advanced DEA approach they confirm our results.

The remainder of the chapter is organised as follows: The estimation strategy
is explained in Subsection 3.2.2, the dataset is described in Subsection 3.2.3, and
the problem of adjusting cases for severity of illness is discussed in Subsection
3.2.4. The results are presented in Section 3.3. Section 3.4 contains conclusions.

3.2 Estimation Strategy and Data

3.2.1 A Prior to Efficiency Analysis

Before describing the empirical model, the estimation strategy and the data set, we
make some general comments on the underlying economic model of the efficiency
study. In the literature, there is no consensus about the economies of scale in the
hospital market.3 Linna (1998) and Farsi and Filippini (2006) assume simple
Cobb-Douglas production technologies. We follow their example but also extend
our analysis by using more flexible specifications in robustness checks. In the
panel data setting, the translog production function is used additional to the Cobb-
Douglas setting.

The widely used methods to estimate technical or cost efficiency of individ-
ual firms can be classified into non-parametric and parametric methods. Non-
parametric methods, like DEA introduced by Charnes, Cooper and Rhodes (1978),

3For different conclusions on optimal size of US hospitals compare, e.g. Zuckerman et al.
(1994) and Ozcan and Luke (1992) or Steinmann und Zweifel (2003) and Farsi und Filippini
(2006) for Switzerland.
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solve an algorithm that constructs the convex hull of the observed data points to
define the deterministic cost or production frontier of the hospitals. Parametric
methods like Stochastic Frontier Analysis (SFA), simultaneously introduced by
Aigner, Lovell and Schmidt (1977) and Meeusen and van den Broeck (1977), are
based on the idea of estimating a stochastic cost or production frontier, which
splits the estimated inefficiency into two components. The first component con-
trols for random noise whereas the second component captures the deterministic
inefficiency of the hospital. Maximum Likelihood estimation is used to find a
solution to the highly non-linear estimation problem.4

The incorporation of exogenous variables, which are neither inputs nor out-
puts of the production process but influence the performance of the producer, is
crucial for the analysis of hospital efficiency. The SFA approach, which is used in
this study, enables us to estimate and test the significance of the effects of the ex-
ogenous variables on mean efficiency in one step, which poses problems in DEA.
Despite these differences between the two approaches, most authors applying both
SFA and DEA find that the resulting efficiency scores are highly correlated.5

In general, the estimation of cost efficiency using SFA requires information
on input prices, output quantities, and total expenditure on the inputs used. It is
assumed that all hospitals seek to minimise costs, which is especially necessary in
the case of an underlying Cobb-Douglas production function (Coelli et al., 2005,
Kumbhakar and Lovell, 2000). In the literature it is still discussed whether this
assumption is appropriate to describe the behaviour of non-profit and public hos-
pitals. Although not seeking to maximise profits, non-profit hospitals may e.g.
seek to minimise costs of production to increase means for redistribution among
employees or patients in need. When estimating technical efficiency, no assump-
tions about cost minimising behaviour need to be imposed and it is not necessary
to know input prices; input quantities are sufficient. However, the drawback of

4An introductory overview and a survey over both, Data Envelopment Analysis and Stochastic
Frontier Analysis can be found in Coelli, Rao and Battese (2005) and Lovell (1993). Kumbhakar
and Lovell (2000) provide a complete summary of both the theory and techniques used in stochas-
tic frontier production, cost, and profit analysis. Other detailed reviews are provided by Greene
(1997, 2008).

5For a further discussion of advantages and disadvantages of DEA and SFA and for hospi-
tals studies comparing both methods see Jacobs (2001), Chirikos and Sear (2000), Webster et al.
(1998), Linna and Haekkinen (1997), and Linna (1998).
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this approach is the necessity to define a single output.6

3.2.2 Estimation Strategy

We will first derive the cost frontier in detail below. Then, the technical frontier
can be derived analogously.

To measure cost efficiency for each hospital i = 1, . . . , N , the K input prices
wi = [w1i, . . . , wKi] of inputs xi are calculated. A stochastic cost frontier with a
producer specific random part exp(vi) can be written as

Ci ≥ c(yi, wi; β) exp(vi), (3.1)

where Ci are the observed total adjusted costs of hospital i. c(yi, wi; β) represents
minimal costs, given outputs yi and input prices wi, and defines the part of the
cost frontier that is deterministic. The appropriate measure of cost efficiency CEi
is

CEi =
c(yi, wi; β) exp(vi)

Ci
≤ 1

which defines cost efficiency as the ratio of minimum cost feasible in an envi-
ronment characterised by hospital specific random shocks exp(vi) to observed
expenditure. For future modelling, we define

CEi =: exp(−ui), (3.2)

and assume the inefficiency term ui to be truncated at zero to assure that efficiency
CEi ≤ 1. The log-linear cost frontier to be estimated is defined as

ln
Ci
wki

= β0 +
∑
n6=k

βn ln
wni
wki

+ βy ln yi + vi + ui, (3.3)

where Ci are the observed total adjusted costs of hospital i, yi is the output, and βn
and βy are the vectors of the respective coefficients to be estimated. Since a cost
frontier must be linearly homogeneous in input prices, total costs and the other

6Breyer, Zweifel and Kifmann (2004) point out that the actual output of a hospital, health,
is difficult to measure. They list several outputs used as proxies in the literature on health care
production.
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input prices wni are normalised by dividing them with one fixed input price wki.
Estimation results do not depend on this choice.

Additionally, the more flexible translog production function is estimated adding
interaction terms between the inputs and outputs to the frontier. These interaction
terms capture different degrees of substitutability between inputs and possible in-
creasing or decreasing returns to scale.7 The translog cost function in a panel data
setting where the symmetry restriction that βkl = βlk is imposed is defined by

ln
Cit
wkit

= β0 +
∑
n6=k

βn ln
wnit
wkit

+ βy ln yit +
1

2

∑
n6=k

∑
m 6=k

βnm ln
wnit
wkit

ln
wmit
wkit

+
∑
n 6=k

βyn ln
wnit
wkit

ln yit +
1

2
βyy(ln yit)

2 + βt2003 + vit + uit.

(3.4)

In the case of technical efficiency, the log-linear technical stochastic frontier
assuming a Cobb-Douglas production function is defined as

ln yi = β0 +
∑
n

βn lnxni + vi − ui, (3.5)

i.e. for each hospital i the output yi (the weighted number of cases) is maximised
given inputs xi = [x1i, . . . , xKi] and given an environment characterised by stan-
dard normally distributed random noise vi and systematic hospital specific inef-
ficiency ui. The inefficiency term ui is assumed to be truncated at zero to assure
that efficiency is smaller than 1. The translog panel production function can be
derived analogously to (3.4) and is not presented.

The literature offers several different approaches to model the non-negative
systematic inefficiency component ui. A simple specification is e.g. suggested by
Zuckerman et al. (1994), who assume that ui follows a normal distribution trun-
cated at zero, the so-called half-normal distribution. Further exogenous factors are
assumed to shift the cost frontier but not to affect inefficiency, i.e. u ∼ N+(0, σ2).
This study follows an approach first suggested by Deprins and Simar (1989) by
assuming that hospital-specific factors zi = [z1i, ..., zLi] directly impact ineffi-
ciency. Formally, ui ∼ N+(z′iδ, σ

2
u), i.e. ui has a normal distribution truncated

7For a detailed discussion about functional form in production function analysis compare Grif-
fin, Montgomery and Rister (1987).
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at zero with mode z′iδ varying over the hospitals and constant variance σ2
u. Note

that zi does not influence the deterministic part of the cost or technical frontier.
The truncated normal distribution provides a more flexible representation of the
pattern of efficiency in the data than the half-normal distribution, the latter being a
special case of the truncated distribution with ziδ = 0. In particular, the estimated
vector of coefficients δ incorporates the effects of the exogenous variables on the
mode of individual inefficiency.

In order to estimate our model, we use the one-step procedure by Huang and
Liu (1994), which has been generalised to panel data by Battese and Coelli (1993,
1995). To derive the log likelihood function, it is necessary to assume that ui
and vi are distributed independently of each other and of the regressors. The log
likelihood function for both normal-truncated normal models for a sample of N
producers is given by8

lnL =
N∑
i=1

{
− 1/2 ln(2π)− lnσ − ln Φ(z′iδ/σu)

−1

2

(
sεji + z′iδ

σ

)2

+ ln Φ

(
z′iδ

λσ
− sλε

j
i

σ

)}
(3.6)

where σ = (σ2
u + σ2

v)
1
2 , λ = σu

σv
, εji the composite error, s = −1, j = c in the

case of cost efficiency, and s = 1, j = t in the case of technical efficiency. The
log likelihood function and the point estimates for technical efficiency coincide
with those of the cost model apart from some sign changes due to the fact that in
the case of technical efficiency the composite error εti = vi − ui whereas in the
case of cost efficiency εci = vi + ui. Therefore, the parameters of the model to
be estimated are the vectors of coefficients β and δ, the variance of the composed
error σ2 = σ2

u + σ2
v , and the ratio of the standard deviation of the inefficiency

component to the standard deviation of the random component λ = σu/σv.

Due to the assumption that the variance is constant, the signs of the coef-
ficients correspond to the signs of their marginal effects on the unconditional
expected inefficiency (Wang, 2002). Maximum Likelihood estimation delivers

8The derivation of the likelihood function for the normal-truncated normal cost model can be
received upon request; for the production model compare e.g. Battese and Coelli (1995, 1993).
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consistent parameter estimates, that means it allows inference about the deter-
ministic part of the frontier and the impacts of the exogenous variables on inef-
ficiency. Furthermore, the estimates allow us to compute hospital-specific cost
(technical) efficiency scores CEi (TEi) as the expected value of the efficiency
conditional on the random composite error, i.e. CEi = E[exp(−ui)|vi + ui]

(TEi = E[exp(−ui)|vi − ui]). These estimated scores, however, are inconsistent
using cross sectional data because the variation associated with the distribution of
(ui|vi±ui) is independent of i (Kumbhakar and Lovell, 2000). The inconsistency
of the efficiency estimators can only be overcome with a long panel dataset that
allows asymptotics along the time dimension.

3.2.3 The Dataset

The data used in this study are extracted from the annual hospital and patient
statistics, which are collected and administered by the Statistical Offices of the
German Federal States for the years 2000 to 2003 (Forschungsdatenzentrum der
Statistischen Landesämter, 2005). All German hospitals are, by statute, obliged
to deliver this information (§17b KHG). Our unbalanced samples consist of 1556
to 1635 general hospitals each year. Approximately 11% of the observations are
dropped due to data inconsistencies, namely hospitals with zero costs for doctors
or nurses (734 obs.), where costs per nurse were higher than costs per doctor (ad-
ditional 105 obs.), and where the numbers of doctors and nurses were missing (90
obs.). Exhibiting very short lengths of stay, these observations are mainly small
private hospitals with a very specific organisational structure (e.g. beds rented out
to self-employed physicians; only privately paid treatments like plastic surgery).9

Finally, the dataset is trimmed by excluding the observations with the highest and
lowest 1% in weighted cases, beds, and length of stay (300 obs.). By trimming
with respect to the length of stay, we exclude many private hospitals with an av-
erage length of stay of one day.10 These hospitals are not comparable to the other
general hospitals. Table 3.1 reports descriptive statistics of the final sample by
ownership type for 2003. Summary statistics of a) the frontier parameters, b) the

9Regarding the log-linear specification, we thus decided not to impute any small values to the
observations which were missing or zero.

10The length of each inpatient stay is at least one day even if the patient does not stay overnight.
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exogenous variables, and c) further characteristics are reported.
a) We first describe the specification of the technical and cost frontier. For

a better comparability of the hospitals, total costs are adjusted by subtracting
costs for research and ambulatory care from total hospital costs. These adjusted
costs (total adjusted costs) only capture ’hospital and nursing charges’ (”pflege-
satzfähige Kosten”) which are reimbursed by the health insurance companies.
These costs, however, are not differentiated by the type of care provided (e.g.
acute care vs. rehabilitation care). Input prices for the labour variables medi-
cal services (costs per doctor), nursing services (costs per nurse) and other staff
(costs per other staff ) are calculated by dividing the costs incurred per group by its
number of full-time equivalent employees. The price for capital (costs per bed)
is determined as the ratio of costs for all medical requirements (pharmaceutical
drugs, medical instruments, transplants, etc.) and the number of installed beds
(beds).11 The technical efficiency frontier is constructed by choosing the number
of weighted cases (weighted cases, cp. following subsection) as the output vari-
able. Additional to the labour variables described above, the number of installed
beds is used as a proxy for capital input.

b) The exogenous variables concur in both models and are included to control
for observable heterogeneity, and to measure their direct effects on inefficiency.
First, public hospitals are compared to private and non-profit hospitals. Since
public subsidies, in particular investments in the hospital’s infrastructure, only
have an intermediate effect on inefficiency, we use the subsidy status of the pre-
vious year (no subst−1). A closer look at the non-subsidised hospitals reveals
that private hospitals, while forming the minority in the overall sample (15%), are
strongly overrepresented in this subgroup (76-80%). As a consequence of this
observation, we include interactions of subsidy status with ownership type (e.g.
(no subs×private)t−1) to allow for heterogeneous effects. The regional dummy
(eastern Germany) differentiates between hospitals located in eastern Germany
(including Berlin) and those located in western Germany. Analogously to Zuck-
erman et al. (1994), the ratio of female patients (female ratio), of patients of at

11 The number of beds given in the hospital statistics is the annual average of installed beds for
inpatient treatment (as opposed to semi-inpatient and post-inpatient treatment) independent of the
source of funding. This number does neither include those beds rented out to external physicians
nor does it reflect the number of actually used beds.
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Table 3.1: The Hospital Statistics: Mean values and standard deviations of selected variables of
the year 2003

Total Public non-profit Private
variable mean s.d. mean s.d. mean s.d mean s.d.
output/costs
cases [in 1,000] 9.37 8.05 11.84 9.66 8.64 5.95 5.23 6.29
weighted cases [in 1,000] 9.25 7.87 11.67 9.50 8.50 5.73 5.30 6.23
total adjusted costs [in mio e] 28.50 3.01 37.30 3.91 25.00 1.90 16.40 2.11
inputs
number of beds 281.00 222.23 345.85 267.29 264.68 162.78 164.58 178.04
number of doctorsa 57.49 57.49 78.28 106.19 47.94 39.99 30.67 44.40
number of nursesa 160.68 157.59 209.62 203.57 142.99 99.41 87.21 108.38
number of other staffa2 189.95 246.48 263.99 347.17 155.15 114.32 100.17 126.53
costs per doctorb [in 1,000e] 88.98 14.29 90.66 11.41 88.34 12.46 86.42 22.73
costs per nurseb [in 1,000e] 44.85 6.29 46.52 5.18 44.85 49.56 40.72 9.35
costs per other staffb [in 1,000e] 41.75 7.13 42.48 5.91 42.35 6.42 38.36 10.12
costs per bedc [in 1,000e] 15.47 13.04 15.79 10.72 14.31 10.87 17.78 20.89
exogenous variables
no subsidiesd 0.06 0.23 0.02 0.14 0.01 0.11 0.27 0.44
eastern Germany e 0.17 0.38 0.17 0.37 0.14 0.35 0.26 0.44
female ratio 0.56 0.09 0.55 0.07 0.57 0.10 0.56 0.13
ratio of elderly patientsf 0.21 0.11 0.21 0.08 0.23 0.13 0.17 0.12
surgery ratio 0.44 0.28 0.45 0.25 0.42 0.27 0.44 0.36
other figures of interest
occupancy rateg 0.75 0.10 0.76 0.09 0.75 0.09 0.73 0.17
nurse per bed ratio 0.54 0.15 0.56 0.12 0.54 0.15 0.49 0.21
av. length of stay per hosp. 9.24 3.67 8.57 2.47 9.53 3.69 10.09 5.42
mortality rate 0.025 0.02 0.026 0.01 0.027 0.03 0.018 0.02
total adj costs per bed [in 1000e] 93.28 31.42 96.44 30.15 90.21 28.14 93.67 54.47
total adj costs per weighted cases 2,979 1,164 2,930 801 3,160 937 3,158 1,742
Sample size N 1594 641 693 260

Source: Final sample of the Hospital Statistics, Statistical Offices of the Länder, Germany.
a: number of full time equivalent employees, a2: Total number of employees minus doctors minus
nurses, b: costs per full time equivalent employee, c: Costs for medical requirements (including
drugs, transplants, implants) per bed, d: Equals one if a hospital is not incorporated in the federal
hospital planning and does not receive any public subsidies, e: Equals one if located in eastern
Germany, including Berlin, f: The ratio of patients of 75 years of age or older to all patients
treated, g: Number of inpatient days divided by the number of beds x 365.
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Figure 3.1: Unweighted average length of stay by ownership type and year

least 75 years of age (ratio of elderly patients) and of patients receiving surgeries
(surgery ratio) are used to control for further case-mix differences.

c) Other characteristics seem to be important for the description of the different
groups. However, they are not included in the preferred specifications. The nurse
per bed ratio (nurse/bed), which had been shown to decrease efficiency (Farsi
and Filippini, 2006), is minimal for private (for-profit) hospitals. The unweighted
average length of stay in the final sample turns out to be 3.52 days higher in
private than in public institutions in 2000 and declines over time (cf. figure 3.1).
This decline may be due to the expected change in payment schemes towards the
capitation fee system introduced in 2004.

Since the health insurance type cannot be observed in the data, it is assumed
that privately and statutory (“gesetzlich”) insured patients (10% and 85% of the
German population in 2003, respectively) are proportionally distributed across all
hospital ownership types. Similarly, we assume that minimal quality requirements
are fulfilled by all hospitals across ownership types.

3.2.4 Constructing Case-Mix Weights

Demographic and geographic factors and specialisation of hospitals constitute
structural differences regarding the severity of illness of the patients and related
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treatment costs. To account for this heterogeneity, most authors add a scalar mea-
sure of patient mix to their model. This is typically based on cost information,
such as the Medicare Case-Mix Index (MCI) for US hospitals (Ozcan and Luke,
1992; Rosko, 1999, 2001, 2004) or similar indices for Finland and UK (Linna and
Häkkinen, 1997; Linna, 1998; Jacobs, 2001).12 However, Medicare patients do
not cover all available treatments such that the MCI might be biased.

In this research, severity of illness weights are constructed using the average
length of stay (los) of each inpatient diagnosis in Germany. A mean los by year13

and main diagnosis m = 1, . . . ,M (ICD-10 Version 2.0, three digits) over all
N = 2, 290 German hospitals is calculated:

losm =
1

N

N∑
i=1

(daysmi/casesmi) (3.7)

The mean length of stay over all diagnoses and all hospitals is denoted by losG.
The weight

πm =
losm
losG

(3.8)

is bigger (smaller) than one if the treatment of diagnosis m takes more (less)
time than the overall average los. These weights rely on the idea that length of
stay is a good proxy for resource use. However, weights of rehabilitation care
diagnoses may be upward biased compared to their costs, while weights for severe
cases with high mortality rates may be biased downwards. Comparing the variable
cases with the number of cases of each diagnosis multiplied by πm (denoted by
weighted cases), between −7, 065 and 6, 250 cases (−60% and 140%) are added
due to weighting.

12In Chapter 4, the German Case-Mix Index (CMI) is available. We find that the CMI does
neither explain profit efficiency significantly nor does its inclusion alter the main results in our
data.

13The time index t is suppressed for ease of illustration.
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3.3 Results

3.3.1 Cross Sectional Analysis

Cross section estimation results for the three years 2001 to 2003 are reported in
Table 3.2 (cost efficiency) and Table 3.3 (technical efficiency). The hypothesis that
there is no inefficiency (which means σu = 0) can be rejected for each year under
study when estimating a norma-half-normal model (not reported). Over the three
years, the signs of most coefficient estimates coincide in both models. Although
standard errors and point estimates differ between the years and the models, both
tables show similar and consistent results. The estimated effect of input prices on
the cost frontier and of the inputs on the technical frontier are presented in the first
part of Tables 3.2 and 3.3. The variation across time within each model is small
and all but two coefficients are significantly different from zero at a one per cent
level. They also show the expected positive effects on the respective dependent
variables.

The coefficient estimates of the exogenous factors in the second part of Ta-
bles 3.2 and 3.3, are read as effects on inefficiency. First and most importantly,
they reveal that both private and non-profit hospitals are less efficient than public
hospitals in Germany. This finding confirms the results of international hospital
efficiency studies. Although in Germany the health insurance coverage of treat-
ments is highly regulated and hospitals cannot negotiate prices, we find differ-
ences in the hospitals’ efficiency. Studies analysing profits and debts of German
hospitals show that public hospitals face a much higher risk of insolvency and clo-
sure (Augurzky, Engel, Krolop, Schmidt and Terkatz, 2004). One explanation of
this paradox is the regulatory regime. The former system of cost reimbursement
including per diem payments offers profit maximising hospitals an incentive to
boost revenues by increasing the lengths of stay. This conclusion is derived from
the descriptive statistics in Table 3.1, from Figure 3.1 and from the rank correla-
tion matrix in the Appendix (Table 3.5). The pairwise correlation matrix reveals
that efficiency rankings are negatively correlated with length of stay by at least
43% at the 1% significance level across all models. Thus, a further decrease of
the average lengths of stay in private hospitals due to the introduction of capitation
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Table 3.2: Cost efficiency of German hospitals, 2001-2003. SFA
ln adjusted costs 2001 2002 2003
frontier estimates
ln costs per doctor 0.081 0.127 0.082

(0.033) (0.033) (0.034)

ln costs per other staff 0.321 0.299 0.340
(0.034) (0.034) (0.033)

ln medical requirements per bed 0.217 0.279 0.239
(0.016) (0.014) (0.014)

ln weighted cases 1.018 0.980 0.997
(0.009) (0.008) (0.009)

constant -2.832 -2.470 -2.640
(0.100) (0.094) (0.100)

effects on inefficiency
private 2.016 2.164 2.140

(0.730) (0.955) (1.047)

non-profit 1.087 0.962 1.229
(0.454) (0.541) (0.666)

(no subs×private)t−1 1.893 2.725 2.812
(0.586) (0.968) (1.127)

(no subs×non-profit)t−1 2.656 4.283 3.603
(0.913) (1.591) (1.499)

(no subs×public)t−1 3.472 3.641 3.476
(1.214) (1.580) (1.708)

eastern Germany 0.692 0.664 0.439
(0.327) (0.441) (0.404)

ratio of elderly patients 1.327 3.830 3.364
(0.837) (1.533) (1.618)

surgery ratio -2.677 -3.307 -2.026
(0.868) (1.298) (0.945)

ratio of female patients -4.503 -4.502 -5.318
(1.518) (1.740) (2.285)

constant -1.078 -2.575 -2.463
(0.878) (1.555) (1.688)

Log likelihood 234 236 259
Obs. 1,556 1,549 1,565

Standard errors in parentheses. Price for nursing staff used for normalisation of prices and costs.
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Table 3.3: Technical efficiency of German hospitals, 2001-2003. SFA
ln weighted cases 2001 2002 2003
frontier estimates
ln doctors 0.158 0.184 0.154

(0.016) (0.017) (0.015)

ln nurses 0.072 0.095 0.097
(0.023) (0.023) (0.023)

ln other staff 0.113 0.046 0.089
(0.018) (0.019) (0.019)

ln beds 0.589 0.619 0.598
(0.024) (0.025) (0.023)

constant 4.342 4.314 4.314
(0.053) (0.056) (0.051)

effects on inefficiency
private 3.182 2.883 2.884

(1.216) (1.311) (1.518)

non-profit 2.137 1.821 1.947
(0.869) (0.901) (1.075)

(no subs×private)t−1 1.565 2.735 2.286
(0.531) (1.034) (1.025)

(no subs×non-profit)t−1 2.356 3.587 3.046
(0.885) (1.408) (1.402)

(no subs×public)t−1 4.409 4.339 4.233
(1.651) (1.942) (2.184)

eastern Germany -0.001 -0.580 -1.395
(0.290) (0.501) (0.831)

ratio of elderly patients 1.313 3.974 3.346
(0.797) (1.605) (1.658)

surgery ratio -3.492 -3.337 -2.375
(1.251) (1.391) (1.193)

ratio of female patients -2.119 -1.915 -1.466
(1.073) (1.185) (1.210)

constant -3.181 -4.673 -4.712
(1.578) ( 2.365) (2.750)

Log likelihood 508 482 519
Obs. 1,556 1,549 1,565

Standard errors in parentheses.
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fees in 2004 may reduce the differences in efficiency across the ownership types
in the long run. This question will be left to further research when more data
points are available and the transformation process has proceeded. In addition,
one may argue that public authorities mainly privatised unprofitable hospitals in
order to rehabilitate their finances. However, the calculated efficiency scores of
the 43 privatised hospitals are, on average, only slightly below those of all other
hospitals. The result that private hospitals are less efficient than public hospitals
does not imply that hospitals which have been privatised are less or more efficient
than if they had not been privatised.

Turning to the other exogenous factors, hospitals which had not received sub-
sidies in the previous year are significantly more inefficient than those having been
partly or fully subsidised, independent of ownership type. Annual public funding
negotations and obligations to justify spending may yield hospitals to produce
more efficiently. Tables 3.2 and 3.3 display that technical and cost inefficiency
are not affected by location. Looking at the patient characteristics, the ratio of
patients who are more than 75 years old to all patients affects efficiency nega-
tively. Higher ratios of female patients and of surgeries incorporate significantly
higher efficiency. However, the patients’ characteristics could capture unobserved
case-mix effects which have not been addressed by the weighting.

Allowing for more flexibility in the underlying production technology, we es-
timated both models assuming a translog production function. Because of the
various interaction terms which are highly correlated with each other, the cost
model does not deliver precise estimates for the years 2001 and 2002 and the al-
gorithm does not converge in 2003. That is why we only present the results of the
production model, which confirm the results of the Cobb-Douglas specification
with respect to the signs and significance of the exogenous variables, in Table A-1
in the Appendix.
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3.3.2 Panel Data Estimation

The availability of a two (cost model)14 and three (production model) years panel
dataset allows us to apply the extended one-step approach by Battese and Coelli
(1995). It is assumed that all variables, the inefficiency, and the error term vary
over time leading to a quasi-pooled panel with solely the variance of the compos-
ite error assumed to be constant. Table 3.4 shows the corresponding results for
technical and cost efficiency estimation including time year dummies capturing
technological change and change in inefficiency over time. The frontier coeffi-
cients, which are mostly significant, are not presented. Concerning the signs of the
estimated coefficients, the cross sectional results can be reproduced with higher
precision due to more observations. In a panel data setting, both models deliver
precise estimates when a translog production function is assumed (columns 1 and
3). Quality of treatment may differ across hospitals. Different efficiency studies
including quality measures reveal that quality has little impact on estimated out-
comes (Zuckerman and Hadley, 1994; Vitaliano and Toren, 1996). In columns 2
and 4, the death rate is included to show that results do not depend on this type of
quality or case-mix adjustments (cp. Section 3.3.4).

In addition to the above discussed results, the positive and significant signs of
the year dummies’ coefficients in the production frontier show that there is tech-
nological change shifting the frontier outwards. Additionally, technical efficiency
is significantly increasing over time. In the cost model, the lack of precision of
the year dummy may be due to the short panel. Given the short time period of
the panel dataset and very small within hospital variation, the higher accuracy of
the panel estimates may be misleading. Within variation of weighted cases, beds,
doctors, nurses, and other staff from 2000 to 2003 explains on average 2% of the
variables’ means and 8% of the overall variation. For the cost model, this varia-
tion is even lower, since we can only analyse two out of the four years in a panel
data setting. To overcome the possible underestimation of the standard errors in
the panel model, the data could be clustered by hospital. Since the cross sectional
results suggest that the effects of interest are significant at least at a 10% level for

14Since the definition of the costs changed between 2001 and 2002, we can only use two out of
the four years in the cost efficiency panel model.
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Table 3.4: Cost and technical efficiency of German hospitals: Panel data estima-
tion, SFA.

CE, 2002-2003∗ TE, 2001-2003
(1) (2) (3) (4)

ln adjusted costs Translog Cobb-Douglas Translog Cobb-Douglas
frontier estimates +const 16 coeff. 6 coeff. 17 coeff. 7 coeff.
year 2002 dummy (technology) 0.013 0.012

( 0.005 ) ( 0.006 )

year 2003 dummy (technology) -0.004 -0.004 0.011 0.011
( 0.006 ) ( 0.009 ) ( 0.006 ) ( 0.006 )

effects on inefficiency
private 1.709 1.342 2.063 1.909

( 0.071 ) ( 0.137 ) ( 0.094 ) ( 0.048 )

non-profit 1.145 0.682 1.205 1.169
( 0.045 ) ( 0.079 ) ( 0.049 ) ( 0.034 )

(no subs×private)t−1 1.660 1.586 1.454 1.325
( 0.109 ) ( 0.125 ) ( 0.092 ) ( 0.045 )

(no subs×non-profit)t−1 3.144 2.777 2.344 2.049
( 0.155 ) ( 0.244 ) ( 0.115 ) ( 0.106 )

(no subs×public)t−1 2.476 2.221 3.226 2.980
( 0.145 ) ( 0.210 ) ( 0.154 ) ( 0.100 )

eastern Germany 0.488 0.455 -0.258 -0.326
( 0.033 ) ( 0.058 ) ( 0.050 ) ( 0.031 )

ratio of elderly patients 2.600 3.314 2.192 2.292
( 0.106 ) ( 0.327 ) ( 0.080 ) ( 0.146 )

surgery ratio -2.084 -1.692 -2.120 -2.181
( 0.064 ) ( 0.171 ) ( 0.078 ) ( 0.046 )

ratio of female patients -3.059 -3.867 -1.341 -1.178
( 0.164 ) ( 0.325 ) ( 0.100 ) ( 0.148 )

death rate -5.594 -2.610
( 1.367 ) ( 0.652 )

year 2002 dummy (inefficiency) -0.095 -0.129
( 0.040 ) ( 0.037 )

year 2003 dummy (inefficiency) -0.044 -0.040 -0.138 -0.151
( 0.031 ) ( 0.032 ) ( 0.030 ) ( 0.026 )

constant -2.477 -0.768 -2.519 -2.346
( 0.279 ) ( 0.188 ) ( 0.185 ) ( 0.126 )

σ2 = σ2
u + σ2

v 0.532 0.472 0.416 0.402
( 0.029 ) ( 0.047 ) ( 0.030 ) ( 0.012 )

γ = σ2
u/σ

2 0.970 0.969 0.979 0.974
( 0.002 ) ( 0.004 ) ( 0.002 ) ( 0.001 )

Log likelihood 790 567 1922 1731
Obs. 3,010 3,010 4,329 4,329
Balanced panel. Standard errors in parentheses. The frontier coefficients are suppressed except of
the year dummies. Price for nursing staff used for normalisation of prices and costs.
∗ Only years 2002 and 2003 used for estimation of cost efficiency in the panel data setting since
the definition of the cost variables changes in 2002. Costs are deflated to year 2000 prices.
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each year separately, we refrain from this approach. Furthermore, the estimated
mean efficiency scores can still not be estimated consistently using such a short
panel since asymptotic properties of the maximum likelihood estimators cannot
be exploited. Once a longer panel dataset is available, the ‘true’ fixed effects
or the ‘true’ random effects models proposed by Greene (2005) may be able to
fit the normal-truncated normal models as opposed to the half-normal distributed
case discussed in Section 3.3.4. Because of the drawbacks described above, the
following discussion is based on the preferred cross sectional results.

3.3.3 Estimated Efficiency Scores

In a last step, the stochastic frontier estimation results are used to estimate ex-
pected efficiency scores. Over the years 2001 to 2003, average estimated mean
technical (cost) efficiency is measured to be approximately 86%-87% (82%-84%).
In the panel settings, average technical efficiency is also higher than or equal to
cost efficiency (88% vs. 85-89%)15 Although efficiency scores range between
21% (11%) and 99% (98%), they are clustered around their mean value due to the
underlying normal-truncated normal distributional assumption. Since both mod-
els yield the same results with respect to the sign of the coefficients as well as
similar efficiency estimates, our results are robust with respect to the model used.
This observation is confirmed by ranking the hospitals with respect to their esti-
mated efficiency scores. The two rankings (cost and technical efficiency) correlate
highly in each of the three years with a correlation coefficient of for example 82%
in 2001 (compare Table 3.5).

Descriptive statistics reveal that average estimated efficiency scores of the
cross sectional models differ greatly among the different ownership types (Fig-
ure 3.2). The mean efficiency scores for public hospitals are unchanged across
time. On average, they are approximately 90% technical efficient and 86%− 87%

cost efficient. Even though private hospitals show an increase in efficiency scores
from 76% to 82% and from 72% to 77% for technical and cost efficiency, respec-
tively, these are still substantially below the scores of public hospitals. Taking up

15These values are presented for illustrative reasons, depend on model specification and increase
with the inclusion of exogenous variables or the exclusion of the ownership dummies.
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Figure 3.2: Mean values of technical (left) and cost (right) efficiency scores by
ownership type and year

a) b)

a middle position, efficiency scores of non-profit hospitals stay relatively constant
over time (86% − 87% technical efficient and 82% − 84% cost efficient). To test
for the difference in group means by ownership type, the standard errors of the
estimated group mean scores are gained by a bootstrapping procedure with 1,000
repetitions for our two preferred cross sectional specifications and for each of the
three years. The t-tests reveal within each of the three years and both models, that
the group means differ significantly from each other at a 1% level.

3.3.4 Robustness Checks

The results were shown to be robust across two different underlying production
technologies and two efficiency models. For further robustness checks, the models
were estimated using different a) distributional assumptions, b) samples, and c)
specifications (results are not reported).

a) Cost and technical efficiency are also estimated assuming inefficiency to
be half-normally (analogously to Zuckerman et al. (1994)) and exponentially dis-
tributed. In those models, it is assumed that the exogenous variables shift the fron-
tier and the mode of inefficiency does not vary over the hospitals (mode µ = 0). In
both models, the half-normal and the exponential specification reveal significant
influences of all variables on the frontier except of private and non-profit own-
ership in some years. The ‘true’ random effects model by Greene (2005) -only
applied to the cost model- confirms the results of the half-normal and exponential
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Table 3.5: Pairwise correlation coefficients of efficiency rankings in 2001 across
different models.
Pairwise correla-
tion

Technical Efficiency models Cost Efficiency Models

TE
expo-
nential

TE half-
normal
w/o zi

TE half-
normal
with zi

TE
trun-
cated

CE
expo-
nential

CE half-
normal
w/o zi

CE half-
normal
with zi

CE trun-
cated

TE exponential 1.0000
TE half-normal
w/o zi

0.9419 1.0000

TE half-normal
with zi

0.9909 0.9337 1.0000

TE truncated 0.8913 0.9569 0.8577 1.0000
CE exponential 0.8066 0.8247 0.8221 0.7247 1.0000
CE half-normal
w/o zi

0.7175 0.8039 0.7328 0.6877 0.9647 1.0000

CE half-normal
with zi

0.7655 0.7917 0.7921 0.6711 0.9906 0.9699 1.0000

CE truncated 0.7849 0.8633 0.7738 0.8247 0.9423 0.9452 0.9093 1.0000
non-profit -0.0797 -0.1633
Public 0.0907 0.1633 0.058* 0.3024 0.061* 0.0679 0.1688
Private -0.1712 -0.1137 -0.1274 -0.1948 -0.1241 -0.0845 -0.0845 -0.1764
Length of stay -0.5010 -0.5604 -0.4865 -0.5828 -0.4634 -0.4776 -0.4372 -0.5333

The highest efficiency score has the highest rank. Printed correlation coefficients are significant at
a 1% level, correlation coefficients marked with ∗ are significant at a 5% level.
TE/CE exponential: Exogenous variables zi shift the frontier and are uncorrelated with ineffi-
ciency, inefficiency follows an exponential distribution.
TE/CE half-normal without zi: No exogenous variables included, the mode of the inefficiency
distribution is zero for all hospitals.
TE/CE half-normal with zi: Exogenous variables shift frontier and are uncorrelated with ineffi-
ciency, the mode of the inefficiency distribution is zero for all hospitals.
TE/CE truncated: Exogenous variables explain inefficiency directly in one step (Final model).

models. In the half-normal model, average scores of private hospitals are up to 10
percentage points lower than those of public hospitals. This observation confirms
our assumption that inefficiency and ownership type are correlated and rules out
the application of the above described models. Table 3.5 shows exemplary for
the year 2001 that rankings correlate with each other with at least 67% at a 1%
significance level over all models.

b) We also use different samples to test for the sensitivity of the results to
sample selection. First, if the dataset is only cleaned for unreliable observations
and not trimmed by size, the final results can be confirmed for the years 2001 and
2002. In 2003, private ownership is not significant any more probably due to the
high decrease in length of stay in very small private hospitals. If we excluded all
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non-subsidised hospitals from the sample we would exclude one third of the pri-
vate hospitals. Then, results of the cost efficiency model differ slightly: ownership
effects are significant for the years 2000 and 2002 only.

c) Lastly, different specifications concerning the inclusion or exclusion of dif-
ferent control variables or the definition of the dependent variables are tested.
First of all, with respect to the ownership dummies, signs of the estimates do not
change if we included death rates to capture other unobserved patients’ or hospi-
tals’ characteristics (see Table 3.4). As in a cross sectional setting (not presented),
the panel data results show that a high death rate is associated with lower ineffi-
ciency, which is due to lower costs and higher numbers of cases treated. Second, if
the weighted number of cases is replaced by the unweighted number of cases, the
signs of the coefficient estimates coincide with the results obtained by using the
final sample in both the Cobb-Douglas and the translog specification. Using the
number of inpatient hospital days as an alternative capital variable in the produc-
tion model or unadjusted total costs in the cost model reinforces the main results.
Third, a higher nurse per bed ratio and a lower occupancy rate are associated with
higher inefficiency, the other effects remaining the same. These variables are not
included in the final specification due to possible problems of endogeneity.

3.4 Conclusion

This study is the first to examine the cost and technical efficiency of German
general hospitals and its variation with type of ownership, location, and patients’
characteristics. The rich and detailed diagnosis statistics of each single hospital
enables us to construct case-mix weights based on average lengths of stay includ-
ing all inpatient stays of all health insurance types. Cobb-Douglas and translog
production technologies are assumed and estimated by using the one-step stochas-
tic frontier approach developed by Huang and Liu (1994) and its extension to
panel data developed by Battese and Coelli (1995). The results of international
studies with respect to most of the exogenous influences on hospital efficiency
can be confirmed for Germany. First, the study shows that there are inefficiencies
in the German hospital market. Most important, it is shown that private and non-
profit ownership are associated with both lower cost efficiency and lower technical



3.4. Conclusion 53

efficiency compared to public ownership in each of the years from 2001 to 2003.
This result can be partly explained by the importance of length of stay, which is
highest in private hospitals, for technical and cost efficiency of hospitals. In Ger-
many, until 2004, hospitals faced a system of cost reimbursement where one part
consisted of per diem payments. Private profit maximising hospitals may have
exploited the latter by keeping patients, at least at the margin, longer than medi-
cally required. While this behaviour may lead to higher profits, it also produces
higher costs than necessary given input prices and given the number of patients
treated. Thus, under the former reimbursement scheme, privatisation cannot be
expected to increase technical or cost efficiency. In Chapter 4, we will extend the
analysis and discussion of hospital efficiency by analysing profit efficiency, which
requires–among others–the simultaneous presence of technical, cost, and revenue
efficiency. The fact that private hospitals are less technical and cost efficient than
public hospitals should not be confounded with the fact that privatisation of an in-
efficient public hospital may reduce inefficiency compared to the counter-factual
situation in which the particular hospital had not been privatised.

Over all ownership types, hospitals which had not been incorporated in the
federal hospital planning one year before, turn out to be on average more inef-
ficient than those having been partly or fully subsidised. The location in east-
ern Germany does not affect inefficiency significantly. Exploiting the short panel
dataset allows us to show that technical efficiency is significantly increasing be-
tween 2001 and 2003. Estimated individual mean efficiency varies much over the
hospitals due to their heterogeneity. Nevertheless, the majority of the hospitals is
clustered around the expected mean efficiency scores of 87% (technical efficiency)
and 83% (cost efficiency).

In this first attempt to analyse the efficiency of German hospitals, the tech-
nology is mainly restricted to follow a Cobb-Douglas production function. We
overcome this assumption in the cross sectional production model and in both
panel data models by assuming a translog functional form. For further flexibil-
ity and for the application of advanced panel data methods, the use of a longer
panel dataset would be desirable to additionally capture unobserved heterogene-
ity of the hospitals. However, given the data available so far, applying these panel
data models is only possible when assuming half-normal as opposed to truncated-
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normal distributed inefficiency. A further improvement would be to complement
the German hospital statistics with information about patients’ health insurance
types or hospital quality. In the long run, it would be of interest to evaluate the
introduction of capitation fees in 2004 and the subsequent changes in estimated
efficiency of private, non-profit and public German hospitals.

3.A Appendix

The influence of the exogenous variables on technical inefficiency of German hos-
pitals assuming translog production is presented in Table AI.
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Table A-1: Technical efficiency of German hospitals, translog production, SFA.
ln weighted cases (2001) (2002) (2003)

frontier estimates +const 14 coeff. 14 coeff.
effects on inefficiency
private 3.902 2.553 2.822

(1.614) (1.102) (1.358)

non-profit 2.640 1.566 1.744
(1.149) (0.748) (0.894)

(no subs×private)t−1 1.819 2.575 2.379
(0.667) (0.913) (0.968)

(no subs×non-profit)t−1 2.839 3.338 3.310
(1.128) (1.229) (1.392)

(no subs×public)t−1 5.228 4.030 4.438
(2.124) (1.682) (2.042)

eastern Germany 0.005 -0.356 -1.072
(0.335) (0.404) (0.625)

ratio of elderly patients 1.187 3.895 2.825
(0.912) (1.452) (1.343)

surgery ratio -3.678 -2.955 -1.745
(1.433) (1.159) (0.805)

ratio of female patients -2.373 -1.707 -1.246
(1.251) (1.055) (1.023)

constant -4.066 -4.239 -4.633
(2.088) (2.029) (2.476)

σ2 = σ2
u + σ2

v 0.752 0.593 0.604
(0.307) (0.236) (0.278)

γ = σ2
u/σ

2 0.989 0.976 0.983
(0.005) (0.009) (0.008)

Obs. 1556 1549 1565
Log likelihood 591 532 620

Standard errors in parentheses. The 14 frontier coefficients are supressed.





Chapter 4

Does higher Cost Inefficiency imply
higher Profit Inefficiency? Evidence
on Inefficiency and Ownership of
German Hospitals∗

4.1 Introduction

Rising health care expenditures have been a concern to policy-makers in almost
all industrialised countries for the past decades. Two of the main driving forces of
exploding health care expenditures are technological progress and demographic
change. Both factors, however, are difficult to control by policy-makers. They
can address a third factor contributing to high costs: Inefficiencies in the health
production process. Since the inpatient sector usually accounts for the major part
of health care expenditures, analysing hospital efficiency has become an important
issue of the health economics literature (compare the discussion of the literature
below).

This paper gives a comprehensive evaluation of hospital inefficiency by focus-
ing on costs and profits. Based on a unique data set, we perform both cost and

∗The research of this chapter is part of a joint project with Hendrik Schmitz, RGS Econ, Univer-
sität Duisburg-Essen, and Boris Augurzky, RWI Essen (Forschungsdatenzentrum der Statistischen
Landesämter, 2007).
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profit efficiency analyses within the framework of stochastic frontier analysis. For
the analysis, we combine the Hospital Statistics administered by the Statistical
Offices of the German Federal States with the Hospital Database of the RWI Es-
sen for the years 2002 to 2005. The data include detailed information on costs per
hospital, the number as well as the demographics of the patients, and information
on revenues and profits. The goal is to explain differences in inefficiencies across
hospital ownership types. The main contribution of this study is twofold. First,
it is the first study that analyses profit efficiency of German hospitals. Second, it
is, to the best of our knowledge, the first paper that conducts a cost- and profit-
efficiency analysis of hospitals with the same data set, giving us the opportunity
to directly compare the results and interpret the differences between both types of
efficiency analyses.

Theory clearly suggests that in competitive markets private organisations work
more efficiently than public ones (Villalonga, 2000). Consequently, one solution
to address inefficiencies in the hospital sector is to introduce more competition
and subsequently reduce regulation, opening the doors for privatisation of public
hospitals. Indeed, a large number of public hospitals have been privatised over the
past ten years.1 From 1991 to 2007, the share of all public hospitals has decreased
from 46% to 32% whereas the share of all private hospitals has increased from
15% to 30%. The share of non-profit hospitals has remained relatively constant at
38–39% over the same period of time (Statistisches Bundesamt, 2007).2

Whether privatisation of public hospitals leads to better health outcomes and
better use of scarce resources is a yet insufficiently answered question. Most em-
pirical studies concerning US hospital efficiency find that private hospitals are less

cost efficient than the respective base groups (e.g. Zuckerman et al., 1994; Rosko,
2001; Rosko, 2004; Ozcan, Luke and Haksever, 1992).3 Based on a stochastic

1The German hospital industry is characterised by the simultaneous existence of various own-
ership types. Following the definition of the Statistical Offices of the Länder, three hospital types
are distinguished: public, non-profit, and private hospitals. Non-profit hospitals are also private,
i.e. non-public, but, in contrast to private hospitals, they are run by non-profit organisations mainly
by churches, some by miners’ associations. Thus, in this paper the term ‘private’ is used synony-
mously for ‘private for-profit’.

2However, German private general hospitals still only supply 16% of the beds compared to
35% of the beds provided by non-profit and 49% by public general hospitals in 2007.

3Hollingsworth (2008, 2003) provides an extensive overview on international cost and techni-
cal efficiency studies of the health care market.
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frontier analysis, Chapter 3 confirms this result for German hospitals.4 Hence,
this result seems to be robust to the different health care systems schemes in the
US and Germany.

The difference between the theoretical prediction and the empirical evidence
on efficiency seems to be puzzling. One explanation may be that theoretical mod-
els assume cost minimising behaviour equally for all hospitals, regardless of the
ownership type. This assumption may be true for non-profit hospitals, but private
hospitals rather seek maximise profits to satisfy the private investors, for example.
Maximising profits involves a simultaneous choice over the optimal input and out-
put mix such that costs are minimised and revenues are maximised.5 Berger and
Mester (1997) argue that maximised profits are achieved by raising revenues at the
expense of higher costs. In fact, our data and Augurzky et al. (2008) show that in
Germany private hospitals have substantially higher profit margins than non-profit
hospitals while they have higher costs per bed and per treated case.

Profit efficiency has been analysed first and foremost in the US banking in-
dustry (Akhavein, Berger and Humphrey, 1997; Berger and Mester, 1997; Kumb-
hakar, 2006) or in agriculture (Kumbhakar, 2001; Ali and Flinn, 1994; Ali, Parikh
and Shah, 1994). Even though there is a large literature on cost efficiency, there
are only two profit efficiency studies focusing on the health care market. For in-
stance, Bradford and Craycraft (1996) estimate the effects of the Medicare reforms
in 1983 on the level of inefficiency of capital expenditures using a stochastic profit
frontier. Their study, however, does not distinguish between different ownership
types. Knox, Blankmeyer and Stutzman (1981) analyse economic efficiency of
nursing homes in Texas and find private providers to be more allocative and tech-
nical efficient than public nursing homes using OLS techniques.

Similar to most hospital markets, the German market is regulated in several
different aspects and leaves, at first sight, little room for profit maximising be-
haviour. The new prospective payment system introduced in 2004 fixes prices for
medical services based on the patients’ diagnosis related group (DRG). Hospi-
tals have nevertheless avenues to increase their revenues, either by attracting and

4Using DEA, Tiemann and Schreyögg (2008) come to the same conclusion regarding the effi-
ciency of private hospitals in Germany in a later study.

5Hoerger (1991) shows that indeed non-profit and private hospitals responded differently to
changes in the health care system in the US in the years 1983 to 1988.
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treating more patients with complex needs and – to a certain extent – by offering
additional services. They may also treat more patients with complex diagnoses
to exploit cost reducing economies of scale. In the DRG system a higher level of
complexity measured by the case-mix index (CMI) increases both remuneration
and costs. Thus, in a cost-efficiency analysis hospitals with a large amount of
complex diagnoses might be considered less cost-efficient. In fact, in Germany,
private hospitals have a higher CMI than public hospitals (compare our data dis-
cussed below or Augurzky, Budde, Krolop, Schmidt, Schmidt, Schmitz, Schwierz
and Terkatz (2008)).

The next section outlines the estimation strategy and describes the data. Re-
sults and robustness checks are presented in Section 4.3. Section 4.4 concludes.

4.2 Estimation Strategy and Data

4.2.1 Estimation Strategy

Inefficiency is defined as the hospital’s deviation from the estimated or constructed
cost or profit frontier. In the case of cost inefficiency, a hospital does not choose a
cost-minimising input mix given input prices (input-allocative inefficiency) even
though it may be technically efficient and produce on the technical frontier. In
the case of revenue inefficiency, a hospital fails to maximise revenues because
of either or both of two sources: output-oriented technical inefficiency (less than
possible output produced given input use) and production of an inappropriate out-
put mix in light of a prevailing output price vector. Finally, profit efficiency is the
product of technical and both allocative efficiencies as well as a certain type of
scale efficiency.

As explained in greater detail in Chapter 3,when measuring cost efficiency it is
assumed that all hospitals seek to minimise costs (Coelli et al., 2005; Kumbhakar
and Lovell, 2000).6 Analogously to Chapter 3, we specify a log-linear single-

6Kumbhakar and Lovell (2000) provide a complete summary of both the theory and techniques
used in Stochastic Frontier Production, Cost, and Profit Analysis.
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output cost frontier assuming a Cobb-Douglas production function as follows

ln
Ci
wki

= β0 +
∑
n6=k

βn ln
wni
wki

+ βy ln yi + vi + ui. (4.1)

Ci are the observed total adjusted costs of hospital i, yi is the output and βn and βy
are the vectors of the respective coefficients to be estimated. The K input prices
wi = [w1i, ..., wKi] of inputs xi = [x1i, ..., xKi] are calculated by dividing the costs
for each input by its quantities used (e.g. number of doctors). Since a cost frontier
must be linearly homogeneous in input prices, one input price wki is chosen to
normalise total costs and the other input prices wni. Estimation results do not
depend on this choice. We further assume that the environment is characterised
by standard normally distributed random noise vi and systematic hospital specific
inefficiency ui. The inefficiency term ui is assumed to be non-negative. The
distribution of the two error terms is characterised below.

When estimating profit efficiency, hospitals are assumed to seek to maximise
profits. The analysis of profit efficiency focuses on the short-run where hospitals
face input rigidities. In the long-run, inefficient hospitals would exit competitive
markets with marginal cost pricing and variable inputs.7 Following Kumbhakar
and Lovell (2000), the profit frontier maps maximum profits possible given ex-
ogenously fixed output prices, prices of variable inputs (labour), and quantities
of quasi-fixed inputs such as the number of installed beds. The assumption that
hospitals behave as price takers is plausible for a fixed price DRG market as the
German one. Output prices are exogenously fixed and probably do not correspond
with marginal costs.

As Coelli et al. (2005) note, no particular profit efficiency methodology has
become widely used to date. The reasons are two-fold: Firstly, maximising profits
means simultaneously to minimise costs and maximise revenues which makes the
empirical identification of inefficiency more difficult than in the case of simple
cost minimisation or revenue maximisation. Secondly, only few datasets provide
information on input and output prices, profits, and the utilisation of inputs.

In the stochastic frontier framework, we differentiate between two profit fron-

7In competitive markets, duality between cost and profit efficiency holds given prices (Mas-
Colell, Whinston and Green, 1995) which probably does not hold for the German hospital industry.
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tiers explained in detail below. The first one is constructed analogously to the cost
frontier above. Variation in inefficiency is in this case solely due to output alloca-
tive and technical inefficiency (model (i)). The second profit frontier additionally
accounts for input allocative inefficiency by weighting the normalised prices with
the returns to scale of production. Furthermore, in the second case, the output
price, as opposed to one input price, is used for the normalisation (model (ii)).

In the first case, the profit frontier of a single-equation model without input
allocative inefficiency is given as

model (i): ln
πi
wki

= β0 +
∑
n6=k

βn ln
wni
wki

+ βp ln
p

wki
+ βq ln qi + vi − ui, (4.2)

where πi is the observed profit of hospital i, qi is a quasi-fixed input, vi is random
noise and the profit decreasing inefficiency is captured by a non-negative system-
atic error term ui. Again, the frontier must be linearly homogeneous in prices,
that is why the same input price wki is chosen to normalise the profits and the
other prices. In this case, the parameters of the profit frontier can be estimated
consistently if input allocative efficiency is assumed, which means that the inputs
are used in an optimal combination to each other given input prices and technol-
ogy.8 Thus, we estimate the effect of technical and output allocative inefficiency
on profits assuming that output prices are fixed.

In the second case, we first need to calculate the returns to scale of produc-
tion. Let r =

∑
n βn < 1 measure the degree of homogeneity of the production

function y = f(x, q; β) exp(−u) in x, i.e. we estimate the production frontier and
sum across the coefficients on the inputs x. Since we assume the production func-
tion to be of a Cobb-Douglas type with a single output y, we can estimate profit
efficiency in a single-equation model consistently if the normalised variable profit
frontier is written as (Kumbhakar and Lovell, 2000, p.195)

model (ii): ln
πi
p

= δ0 +
∑
n

δn ln
wni
p

+ δq ln qi + vπi
− uπi

, (4.3)

8Specifically, a firm is input allocative efficient if the ratio of the partial derivatives of the
production function in f(x1, x2) with respect to the respective inputs corresponds to the input
price ratio: ∂f(x1,x2)/∂x1

∂f(x1,x2)/∂x2
= w1

w2
.
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where πi are actually observed profits, p is the exogenous output price, qi are
quantities of the quasi-fixed input and wni are the prices of the variable inputs.
Furthermore, δ0 is a constant, δn = −1/(1 − r)βn ∀n, δq = (1/1 − r)βq, vπi

=

1/(1− r)vi and uπi
is the overall normalised variable profit efficiency, where the

inefficiency term uπi
contains both, allocative and technical inefficiency, which

cannot be identified separately.

The literature offers several approaches to model the non-negative systematic
inefficiency component ui. For the three models described above, this study fol-
lows the approach first suggested by Deprins and Simar (1989) assuming that
hospital-specific factors zi = [z1i, ..., zLi] directly influence inefficiency. For-
mally, ui ∼ N+(z′iδ, σ

2
u), i.e. ui has a normal distribution truncated at zero with

mode z′iδ varying over the hospitals and constant variance σ2
u. Note that zi does

not influence the deterministic part of the cost or profit frontier. These models are
called ‘normal truncated normal’ models because one component of the compos-
ite error is normally distributed while the other is truncated normally distributed.
In order to estimate our model, we use the one-step procedure by Huang and Liu
(1994) where we pool the years of observation and cluster the standard devia-
tions on hospital level. Due to the assumption that the variance σ2

u is constant, the
signs of the coefficients δj correspond to the signs of their marginal effects on the
unconditional expected inefficiency (Wang, 2002).

To derive the log likelihood function, it is necessary to assume that ui and vi
are distributed independently of each other and of the regressors. Furthermore, the
estimates allow us to compute hospital-specific cost efficiency scores as CEi =

E[exp(−ui)|vi + ui] or profit efficiency scores as PEi = E[exp(−ui)|vi − ui],
respectively. The estimated cost efficiency scores are consistent in a panel data
setting that allows for asymptotics along the time dimension (Kumbhakar and
Lovell, 2000). In Section 4.3.4, we discuss two other approaches conducted as
robustness checks.

4.2.2 Data

The data used in this study are extracted from the annual hospital and patient
statistics, which are collected and administered by the Statistical Offices of the
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German Federal States for the years 2002 to 2005 (Forschungsdatenzentrum der
Statistischen Landesämter, 2007). They include detailed information on costs,
number of doctors, nurses, beds, and patients characteristics. We merge our data
with information on profits, sales, depreciations and costs extracted from the hos-
pital database of the RWI Essen which contains balance sheet information of 374
hospitals. In particular we know the hospitals’ EBITDA (Earnings before Inter-
est, Taxes, Depreciation, and Amortization), EBIT (Earnings before Interest and
Taxes), and EAT (Earnings After Taxes). EBITDA subsumes earnings before in-
terests and tax payments, depreciation, and amortisation and represents the result
of the operative business. EBIT denotes earnings before interest and tax pay-
ments. EAT is defined as earnings after taxes which thus captures the final result
after subtracting all types of expenses. We construct a fourth measure from the
balance sheets by subtracting total costs from total sales (before any reductions).
In the following, we will call this measure ”economic profits” (EP). It is inde-
pendent of different profit reporting conventions across hospital types. As profits
may be negative, we add a constant to each profit variable for all observations in
the sample (compare e.g. Berger and Mester, 1997). The constant is the mini-
mum value of the respective profit measure (that is, the highest loss in absolute
terms) and leads to non-negative adjusted profits in the entire sample. Finally,
we add the hospital-specific base rates (Basisfallwert)9 of the years 2003 to 2005,
the hospital-specific case-mix index (CMI) of the year 2004, and information on
the regional structure (urban or rural) on postal code level from publicly available
sources.10

The sample used in the analysis contains 1,026 observations from 374 hospi-
tals excluding hospitals not receiving any public subsidies11, university hospitals,
and those with less than 100 beds (32 observations in total). Monetary variables
are deflated to 2000 prices. The unit of analysis is either a single hospital or a

9The hospital-specific base rate and the potential number of cases weighted by their case-mix
determine a hospital’s budget. The revenues the hospital finally receives for a certain case are
the product of the cost weight of a case (depending on the severity of the case and equal for all
hospitals) and the base rate.

10Base rates and case-mix index originate from the AOK (the biggest German insurance fund).
Since base rates were introduced in 2003 we use the same base rates for 2003 in 2002.

11Hospitals which do not receive public subsidies are on average small and specialised and
probably not comparable to the other hospitals in our data.
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small chain of hospitals (with up to 12 hospitals). Some small chains do not pub-
lish balance sheets for each single member but consolidated balance sheets. In
this case we cannot decompose the different profits for the single hospitals within
the chain and, therefore, we treat the small chain as one (large) hospital with aver-
age case-mix index and base rate. Since usually small chains encompass hospitals
within a specific region which work closely together, this procedure is justified.

Table 4.1 reports summary statistics of the variables used in the analysis pre-
sented separately by ownership type. In general, big hospitals are overrepresented
in this sample compared to the whole population of German general hospitals be-
cause they are more likely to publish their balance sheets than small hospitals.
For a better comparability across hospitals, we choose total adjusted costs as the
main cost variable. They are adjusted by subtracting costs for research and am-
bulatory care from total hospital costs. Input prices for labour such as doctors,
nursing services, and other staff are calculated by dividing the costs incurred per
group by its number of full-time equivalent employees. We distinguish three dif-
ferent generated capital prices in the cost frontier.12 The first capital price, medical

requirements per case, includes material costs for all medical requirements (phar-
maceuticals, medical instruments, transplants, etc.) and is divided by the number
of cases. The second and the third capital prices are generated by dividing admin-

istrative costs and the remaining material cost category all other material costs,
respectively, by the number of installed beds. When estimating profit efficiency,
we assume that the number of installed beds is a quasi-fixed input, which then
serves as the measure for capital use instead of its price. Thus, we only keep the
first of the three capital prices in the profit frontier. The hospital’s output used
in the cost frontier is the number of weighted cases. Analogously to Chapter 3,
we construct weights based on the across-hospital average length of stay of each
diagnosis relative to the overall length of stay assuming that the length of stay
is correlated to the severity of illness.13 The base rate serves as the price of one

12We thus refine our cost model of Chapter 3 using two more capital prices and defining the
price for medical needs rather by the number of cases treated than by the number of installed beds.
In that way, we may account for the origination of capital costs more precisely. Results do not
depend on this choice.

13For robustness checks, we use the hospital specific Case-Mix-Index (CMI) to weight the num-
ber of cases. We observe the CMI only for one year, hence we lose 74 observations, which causes
problems with the convergence rates in the general model. As it turns out that it does not have any
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Table 4.1: The Hospital Statistics: Mean values and standard deviations of selected variables
Total Public Non-profit Private

variable mean s.d. mean s.d. mean s.d mean s.d.
costs and profits
EBIT/sales [in %] 0.349 6.310 -1.246 4.957 -0.132 4.643 5.757 9.207
EBITDA/sales [in %] 7.761 6.779 6.804 5.285 6.326 5.579 13.477 9.396
EAT/sales [in %] 0.132 5.299 -0.949 4.703 -0.052 4.515 3.491 6.842
Economic Profits/sales [in %] -0.0005 0.0085 -0.0009 0.0125 -0.0003 0.0004 0.0000 0.0004
adjusted costs / beds 33,306 13,215 32,949 7,164 31,328 7,992 38,546 26,815
adjusted costs / case 2,828 1,022 2,747 476 2,736 608 3,250 2,134
output
no. weighted of cases 15,615 13,777 19,226 16,907 13,128 9,509 11,079 8,520
unweighted no. of cases 15,734 13,366 19,461 16,062 13,252 9,617 10,867 8,561
inputs
doctorsa 94 101 118 128 77 63 66 52
nurses 261 252 325 319 216 159 186 142
other staff 296 335 385 438 232 182 191 157
number of beds 1,298 1,049 1,569 1,243 1,130 805 916 678
input and output prices
costs per nurseb 42,304 5,364 43,772 4,729 42,239 4,470 38,421 6,681
costs per docb 83,021 10,302 84,180 9,010 82,739 9,562 80,454 14,048
costs per other staff 40,450 5,938 40,344 5,541 41,126 5,821 39,283 6,986
medical requirements/ casec 506 342 465 146 472 264 689 667
administrative costs/ bedd 835 698 777 515 794 330 1,080 1,358
other material costs/ bedd 5,534 2,685 5,327 1,684 5,307 1,749 6,588 5,193
base rate 2,698 321 2,729 302 2,652 304 2,710 390
exogenous variables
eastern Germanye 0.30 0.46 0.26 0.44 0.23 0.42 0.53 0.50
urban 0.52 0.50 0.44 0.50 0.64 0.48 0.49 0.50
ratio of elderly patientsf 0.21 0.08 0.21 0.05 0.21 0.10 0.21 0.09
surgery-ratio 0.41 0.25 0.43 0.22 0.39 0.26 0.38 0.30
ratio of female patients 0.55 0.07 0.55 0.05 0.55 0.09 0.54 0.08
HHIf 0.43 0.28 0.53 0.29 0.30 0.22 0.41 0.25
further characteristics
length of stay 8.64 2.42 8.20 1.25 8.84 2.77 9.45 3.54
mortality-ratio per 1,000 26.09 13.24 25.76 8.02 25.78 13.23 27.66 21.91
doctors per 1,000 cases 5.69 2.03 5.62 1.26 5.56 1.57 6.15 3.81
nurses per 1,000 inpatient day 1.98 0.49 1.98 0.31 1.96 0.58 2.04 0.64
Case Mix Index (953 Obs.) 1.02 0.37 0.96 0.18 1.00 0.22 1.24 0.76
Sample size N 1,026 477 375 174

Source: Final sample of the Hospital Statistics, Statistical Offices of the Länder, Germany.
Economic Profits (EP)= sales-total costs, a: number of full time equivalent employees, b: costs
per full time equivalent employee (other staff= total number of employees minus doctors minus
nurses), d: Costs for medical requirements (including drugs, transplants, implants) per unweighted
case, e: Equals one if located in eastern Germany, including Berlin, f: Hirshman-Herfindahl Index
(HHI) measured as squared market share [in installed beds] of each hospital (chain) per county
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weighted case in the profit frontier. It is regulated and adjusted on an annual ba-
sis and may not be comparable to market prices used in other efficiency studies,
e.g. in agriculture. However, it reflects the current price level, because the rev-
enues for a certain case are the product of the cost weight of a case (depending on
the severity of the case and equal for all hospitals) and the hospital-specific base
rate. Hence, different hospitals receive different reimbursements for the same
treatments. The base rate is set annually based on former budgets and case-mix
weighted utilisation of the hospitals.

The following exogenous variables are included in all models to control for
observable heterogeneity and to assess their direct effect on inefficiency. The
dummy variable eastern Germany differentiates between hospitals located in east-
ern Germany (including Berlin) and those in western Germany. The Hirshman-
Herfindahl index (HHI), defined as the squared market share of installed beds of
hospitals and hospital chains per county, accounts for the degree of competition
the hospital faces. The ratio of female patients, of elderly patients of at least 75
years of age, and of patients receiving surgeries are used to control for case-mix
differences (Zuckerman et al., 1994). Unfortunately, the data do not provide any
quality measures other than in-hospital mortality rates. Above average quality,
which is probably more expensive, may also be captured by higher cost ineffi-
ciency or lower profit inefficiency.

In 2004 there was a fundamental reform of the renumeration system of hos-
pitals in Germany. The new system is mainly based on diagnosis related groups
(DRGs) and thus accounts for case severity. Until 2004, to a large degree, remu-
neration was proportional to length of stay and costs of treatment. Our data covers
the period from 2002 to 2005 which includes the change in the system. To account
for effects of the reform as well as other time trends, we include dummy variables
for each year in most of the models to capture technological change (in the profit
frontier) as well as to capture the change of inefficiency over time (explaining the
mode of the inefficiency distribution). Due to technical reasons, we cannot con-
trol for each single year from 2002 to 2005 in the computation intensive one-step
model with truncated normally distributed inefficiency. Hence, we do only con-

explanatory power in either of the models when including it as an exogenous variable, we refrain
from including the CMI in the final specifications.
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trol for one year (year 2005, first year after the reform) in the profit function. If
we did not control for the year of observation, we would assume that there is no
technological change shifting the frontier in the four-years period.

4.3 Results

4.3.1 Cost Efficiency

Estimation results of the cost efficiency model specified similar to the model pre-
sented in Chapter 3 are shown in Table A-1 in the appendix. The first part of the
table reports the coefficients on the input prices. The input prices positively influ-
ence the cost frontier. The model in which we control for technological change
(left column) suggests that there had been cost decreasing technological change
in 2005 compared to the years 2002-2004. The coefficients of the exogenous
variables in the second part of the table are read as effects on inefficiency. The
coefficients are jointly significantly different from zero, but not individually. Nev-
ertheless, these results suggest that both private and non-profit hospitals are less
cost efficient than public hospitals in Germany and are in line with the predictions
of Herr (2008) and a deeper analysis of the estimated efficiency scores presented
in Section 4.3.4.

4.3.2 Profit Efficiency

Tables 4.2 and 4.3 report the results on profit efficiency with three out of four dif-
ferent profit measures (EBIT, EBITDA, EAT, and EP) described in Section 4.2.2.14

The two models use one-step SFA with normal truncated normal distributed inef-
ficiency. In the following, we differentiate between the two approaches discussed
in Section 4.2.1.

(i) Table 4.2 reports the results of the restricted model where we assume that
there is no input-allocative inefficiency (Equation (4.2)). In the model which uses
EBITDA as outcome measure all but one coefficient of the profit function are indi-

14The data demanding models did not converge for all four profit variables in all specifications.
Only converged models are presented.
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vidually significant. F-tests indicate that the coefficients of the profit functions are
jointly significantly different from zero in all models and both approaches.15 The
coefficient of the dummy variable for the first year after the reform (year 2005) is
significantly negative. This means that first technological change shifts the fron-
tier over time and second that this technological change is profit decreasing.

The results of the second part of the table show the impact of exogenous fac-
tors on hospital inefficiency where a negative signs means lower inefficiency and
thus higher efficiency. Our results suggest differences in the hospitals’ profit effi-
ciency across ownership types. In contrast to the results on cost efficiency, under
the assumption that all hospitals use inputs allocative efficiently, private hospi-
tals are less profit inefficient than public hospitals. This has several implications:
First, it is in line with the findings of lower risks of insolvency and closure of
private hospitals (Augurzky et al., 2008). Second, it shows that firms can simulta-
neously be less cost efficient and more profit efficient in price regulated markets.
This means that private hospitals increase revenues by producing at higher costs.
Third, it may imply that private hospitals maximise profits rather than minimise
costs. The main result is robust to the way profits are measured (see columns 2 to
4, Table 4.2).

With respect to the other exogenous variables, the results indicate that hospi-
tals in eastern Germany are more profit efficient considering EBITDA as a profit
proxy but not when considering the other two profit proxies as outcomes. Non-
profit ownership increases profit efficiency when considering EBIT as a proxy for
profits. The HHI and the ratio of female or elderly patients and of surgeries do not
affect profit efficiency significantly in model (i).

Although we find profit decreasing technological change, Augurzky et al.
(2008) point out that profit margins (profits divided by sales) have increased in the
same time period. This suggests that profits still increased relative to sales. One
possible reason is shown in the second part of the table. All three year dummy
variables have negative and significant coefficients which show that profit ineffi-
ciency has decreased over time. Tests on all coefficients of the exogenous vari-

15In contrast to the cost efficiency case, the signs of the coefficients in the production function
are not clear a priori. While for example one more bed usually leads to higher costs, it might lead
to higher or lower profits, depending on the actual number of beds compared to the individually
optimal number.
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Table 4.2: Profit efficiency, truncated, SFA, model (i) – assuming input allocative
efficiency

EBITDA EBIT EAT
ln costs per doctors -0.255 0.006 -0.043

( 0.124 )∗∗ ( 0.036 ) ( 0.040 )

ln costs per other staff -0.018 -0.004 0.003
( 0.133 ) ( 0.040 ) ( 0.039 )

ln medical requirements per case 0.166 0.044 0.028
( 0.042 )∗∗∗ ( 0.016 )∗∗∗ ( 0.015 )∗

ln base rate 0.746 0.017 0.161
( 0.051 )∗∗∗ ( 0.043 ) ( 0.012 )∗∗∗

ln beds 0.237 -0.006 0.005
( 0.023 )∗∗∗ ( 0.006 ) ( 0.005 )

year = 2005 -0.434 -0.191 -0.462
( 0.097 )∗∗∗ ( 0.082 )∗∗ ( 0.022 )∗∗∗

Const. 0.458 0.678 1.011
( 0.344 ) ( 0.164 )∗∗∗ ( 0.104 )∗∗∗

exogenous variables
private -0.229 -0.176 -0.140

(0.084)∗∗∗ (0.042)∗∗∗ (0.067)∗∗

non-profit 0.013 -0.074 -0.081
(0.052) (0.035)∗∗ (0.056)

eastern Germany -0.128 -0.024 0.019
(0.053)∗∗ (0.041) (0.059)

urban -0.029 0.023 0.050
(0.048) (0.041) (0.061)

HHI -0.050 0.019 0.019
(0.083) (0.064) (0.091)

ratio of elderly patients 0.041 -0.043 -0.195
(0.271) (0.14) (0.139)

surgery-ratio -0.009 -0.094 -0.084
(0.073) (0.063) (0.077)

ratio of female patients 0.243 0.078 0.130
(0.316) (0.208) (0.139)

year = 2003 -1.739 -2.608 -3.639
(0.418)∗∗∗ (0.485)∗∗∗ (0.959)∗∗∗

year = 2004 -0.156 -0.197 -0.425
(0.038)∗∗∗ (0.034)∗∗∗ (0.050)∗∗∗

year = 2005 -1.013 0.294 -3.173
(0.421)∗∗ (0.104)∗∗∗ (1.293)∗∗

Constant 0.901 1.111 1.310
(0.177)∗∗∗ (0.114)∗∗∗ (0.092)∗∗∗

Obs. 1,026 1,026 1,026
Robust standard errors below coefficients in parentheses. Clustered at hospital

level. Significance levels: *: 10%, **: 5%, ***: 1%. The signs of the exogenous
variables’ coefficients are to be read as effects on inefficiency.
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Table 4.3: Profit efficiency, general truncated SFA, model (ii) – allowing for input
allocative inefficiency and normalising with the output price (base rate)

EBIT EAT EP
ln costs per doctors -0.008 0.006 -0.002

( 0.073 ) ( 0.034 ) ( 0.027 )

ln costs per nurse 0.143 0.062 0.068
( 0.064 )∗∗ ( 0.035 )∗ ( 0.031 )∗∗

ln costs per other staff -0.041 -0.025 -0.029
( 0.068 ) ( 0.033 ) ( 0.024 )

ln medical requirements per case -0.076 -0.032 -0.024
( 0.024 )∗∗∗ ( 0.012 )∗∗∗ ( 0.010 )∗∗

ln beds 0.008 0.004 -0.011
( 0.009 ) ( 0.005 ) ( 0.004 )∗∗

year = 2005 -2.903 -0.806 -3.554
( 0.089 )∗∗∗ ( 0.049 )∗∗∗ ( 0.059 )∗∗∗

Const. 7.278 6.965 10.844
( 0.365 )∗∗∗ ( 0.202 )∗∗∗ ( 0.224 )∗∗∗

exogenous variables
private -1.213 -0.770 -0.758

(1.290) (0.743) (0.615)

non-profit -0.618 -0.402 -0.345
(0.718) (0.449) (0.336)

eastern Germany 0.14 0.08 0.112
(0.486) (0.379) (0.34)

urban = 1 0.299 0.268 0.487
(0.551) (0.441) (0.457)

HHI 0.086 0.192 0.126
(0.68) (0.595) (0.511)

ratio of elderly patients -0.384 -1.299 -1.741
(1.634) (1.367) (1.403)

surgery-ratio -0.696 -0.545 -0.541
(0.997) (0.7) (0.579)

ratio of female patients -1.575 0.892 0.119
(2.651) (0.861) (0.719)

year = 2003 -20.515 -23.027 -0.903
(16.879) (15.056) (0.367)∗∗

year = 2004 -2.363 -2.816 -27.020
(1.860) (1.619)∗ (19.797)

year = 2005 -9.798 -18.916 -12.271
(9.860) (15.510) (8.964)

Constant 3.463 2.815 3.405
(0.817)∗∗∗ (0.623)∗∗∗ (0.511)∗∗∗

Obs. 1,026 1,026 1,026
Robust standard errors below coefficients in parentheses. Clustered at hospital

level. Significance levels: *: 10%, **: 5%, ***: 1%. The signs of the exogenous
variables’ coefficients are to be read as effects on inefficiency.
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ables being jointly zero (with and without the year dummies) are rejected, i.e. the
mode of profit inefficiency is not constant but varies across the hospitals.

(ii) In Table 4.3 we report results of a model that allows for allocative inef-
ficiency (Equation (4.3)). This is a more general model in which input prices
are divided by the base rate. Furthermore, input prices, the quasi-fixed input
and the profits are weighted by the returns to scale of the production function
r =

∑
n βn = 0.53 and 1

1−r = 2.15 according to Equation (4.3).16

Qualitatively the results are comparable to the ones before, except that the es-
timated parameters of the exogenous variables are not individually significantly
different from zero at conventional levels. We tested for the case of excluding
the year dummy variable for year 2005 in the profit frontier equation (results are
not reported). This results in an increase of the constant term equivalent to the
coefficient of the omitted year dummy variable. The coefficient on private own-
ership and the year dummy variables are then significantly different from zero for
the two profit measures EBIT and EP (”economic profits”). This is the case since
standard errors decrease more (by 1/3 to 1/4) than the coefficient on private own-
ership decreases (by 1/2). In the presented models in Table 4.3 the exogenous
variables (with and without year dummy variables) are still jointly significantly
different from zero when using EBIT and EP as profit proxies.

The following factors may explain the differences in the results across the two
models. First, as the cost efficiency results showed that private hospitals are less
technical and input allocative efficient than public hospitals, we conclude that the
private hospitals’ higher profit efficiency of the first model is due to higher output
allocative efficiency. This positive effect seems to be dominated by the negative
effect of input allocative inefficiency, which is introduced in model (ii). Private
hospitals would therefore manage better to produce an efficient output mix, given
output prices, but perform worse with respect to the input mix given input prices
than public hospitals. Second, we restricted model (ii) assuming input allocative
efficiency to make it comparable to model (i). This shows that normalising the
input prices and the profits with the output price (base rate) explains the biggest

16The production function is specified as follows: we regress the number of doctors, of nurses,
of other staff, and of beds as well as the three year dummies on the number of weighted cases as
discussed in Chapter 3. Then, we sum the coefficients of the variable inputs (thus excluding beds)
to calculate the economies of scale based on x.
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part of the variation in results although it does not play a role which input price is
used in model (i). Third, the new parameter and the generalisation of the model
may come at a cost of lower accuracy of the estimates. However, as shown be-
low, the estimated profit efficiency scores of the different ownership types are still
significantly different from each other, which means that private hospitals have a
significantly higher average efficiency score than public and non-profit hospitals
also in this general framework.

4.3.3 Estimated Efficiency Scores

In a last step, we use the stochastic frontier estimation results to estimate expected
efficiency scores. Estimated average cost efficiency is approximately 92%. Al-
though the estimates vary in magnitudes, they show that the hospitals in this study
are relatively cost efficient when we compare the findings to former estimates of
82%-84% (see Chapter 3). The difference is due to the different samples used. In
the first study, we looked at all general hospitals separately, while in this study,
we consider less than one third of the hospitals (on hospital chain level, reporting
detailed balance sheets). Furthermore, the cost efficiency scores imply that hospi-
tals are quite technical and input allocative efficient. Thus, low or negative profits
of some hospitals may be driven by ouput allocative or scale inefficiency only.
Finally, model (i), in which we assume hospitals to be input allocative efficient,
may apply to our data since on average input allocative efficiency is very high.

Profit efficiency scores vary across models and profit variables between 36%
(EBIT) and 78% (EAT, both model (i)). In the two models presented, average
profit efficiency for example using EAT as outcome is on average 78% in model
(i) and 68% in model (ii).17 Since profit efficiency is a combination of cost and
revenue efficiency, profit efficiency scores are (on average) lower than cost effi-
ciency scores.

To test for the difference in group means by ownership type, the standard
errors of the estimated group mean scores are obtained by a bootstrapping pro-
cedure with 100 repetitions for the two preferred specifications and different cost

17These values are presented for illustrative reasons and depend on model specification and the
use of exogenous variables explaining inefficiency.



74 Chapter 4. Profit Efficiency and Ownership of German Hospitals

and profit measures. The two-sample t-tests with unequal variances suggest that
group means differ significantly from each other at a 5% level over the years from
2002 to 2005. Public hospitals have a higher average cost efficiency score than
non-profit competitors, while the latter are still more cost efficient than private
hospitals. In contrast, private hospitals have on average higher profit efficiency
scores than public hospitals across all models. As our results suggest, the order of
public and non-profit hospitals is less clear and varies across models. Considering
EBIT for instance, non-profit hospitals have higher scores in model (i) but are not
significantly different to public hospitals in model (ii).

4.3.4 Robustness Checks

We conduct several robustness checks with respect to selection of output and con-
trol variables and distributional assumptions.

First, we re-estimate the cost model not weighting the number of cases or we
include overall death rates in all models as a proxy for hospital quality (results are
not reported). We obtain the same results regarding the sign and statistical signif-
icance of the ownership indicators in the inefficiency equation. The coefficient of
the mortality rate turned out not to be significantly different from zero.

Second, we conduct a two-step SFA-approach in which, in the first step, we es-
timate the half-normal profit frontier while accounting for allocative inefficiency
and time fixed effects. In a second step, the estimated efficiency scores are re-
gressed on the exogenous variables. Although Wang and Schmidt (2002) point
out that both regressions lead into biased estimates due to contradictory assump-
tions about the error terms in the two steps, this procedure has been commonly
applied in the literature (e.g. Rosko, 1999).

Third, we estimate a fixed effects approach on the standard profit function ex-
ploiting the structure of our panel data set. The fixed effects approach allows us to
relax the distributional assumption on the efficiency term. All we have to assume
is that the inefficiency is constant over time. Therefore, it can be distinguished
from a random error term that averages out over time.18 Using the linear fixed
effects approach, we calculate efficiency scores relative to the lowest fixed effect

18For this approach we can only use hospitals with at least two observations in the panel.
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in the sample, which can be negative. In a second step, we regress the efficiency
values estimated for each hospital on the exogenous hospital characteristics as the
ownership type in the last year of observation of the hospital in our sample.

The regression results of both models are reported in Tables A-2 and A-3. A
positive sign of the coefficients indicates higher profit efficiency scores. Qualita-
tively the results are comparable to the ones of Section 4.3. Private and non-profit
hospitals are more profit efficient than public hospitals for most of the profit vari-
ables used. These models also suggest that non-profit ownership is correlated
with higher profit efficiency compared to public hospitals. The weak results of the
normal truncated normal models with respect to the higher efficiency of hospitals
located in eastern Germany are confirmed by these alternative specifications. The
HHI, being higher when hospitals face less competition in the market, is associ-
ated with higher profit efficiency in the two step model (Table A-2, EBIT and EP).
Now, the other patients’ characteristics also have individual explanatory power.
However, it seems to make a difference which profit measure is used for one ex-
ogenous variable: Non-profit ownership is associated with higher profits when
considering EBIT, EAT, or EP but changes signs when considering EBITDA in
the fixed estimation approach.

Table 4.4 shows pairwise correlation coefficients between hospital rankings
obtained from the various models as well as between those hospital rankings and
other selected variables. Although different distributional assumptions result in
different magnitudes of the scores, our results turn out to be very robust with
respect to ranking. Since theoretically only a cost efficient hospital can be fully
profit efficient, the cost efficiency score ranking is positively and significantly
correlated with the different rankings of the profit efficiency models. However, as
expected, the correlation is lower than between the profit efficiency rankings. In
the lower part of the table we show that public hospitals have a higher rank while
private hospitals are correlated negatively with the hospital ranking based on cost
efficiency scores.

The profit efficiency rankings are highly correlated by more than 93% when
looking at the same profit measure (EBIT) and comparing the simple half normal
model with model (ii). Furthermore, even the OLS fixed effects specification
is correlated by more than 48% with the two rankings of the two different SFA
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Table 4.4: Pairwise correlation coefficients of profit efficiency rankings across
different models for the profit variable EBIT.

SFA cost eff SFA Profit Efficiency Models OLS FE
truncated half-normal truncated, model (ii)

costs EBIT EBIT EAT EP EBIT
SFA cost eff 1

SFA half normal:
EBIT

0.1399 1

SFA model (ii):
EBIT

0.0927 0.9357 1

SFA model (ii): EAT 0.1244 0.7667 0.8253 1
SFA model (ii): EP 0.0757∗ 0.5519 0.5575 0.5269 1
OLS Fixed Effects:
EBIT

0.4884 0.6205 0.5485 0.2636 1

Public 0.1261 -0.078∗ -0.2082 -0.2012 -0.1542 -0.2409
Non-profit 0.073∗

Private -0.1183 0.074∗ 0.2001 0.1733 0.1737 0.3341
Beds -0.077∗ -0.1625 -0.1327 -0.3478 -0.065∗

base rate -0.2953 -0.1719 -0.079∗ -0.1042 -0.1016 0.066∗

CMI -0.2006 -0.1878 -0.072∗ -0.080∗ 0.1759

The highest efficiency score has the highest rank. Printed correlation coefficients are signif-
icant at a 1% level, correlation coefficients additionally marked with ∗ are significant at a 5% level.

specifications. In the second part of the table, the negative correlation coefficients
of beds, the base rate and CMI indicate that an increase in size, output price or
severity of illness is on average correlated with a lower hospital rank. The fixed
effects specification differs from the stochastic frontier estimation by the sign on
the correlations coefficients of the base rate and the CMI. In that specification, they
are correlated with a higher rank. Private (public) ownership is again associated
with higher (lower) ranks based on the profit efficiency scores while non-profit
ownership is only significantly correlated with the ranking based on model (ii)
(EAT).

4.4 Conclusion

This study is the first to analyse both cost and profit efficiency for German hospi-
tals and to compare cost and profit efficiency analyses based on one data set.



4.4. Conclusion 77

Our results provide first insights into the question why private hospitals on av-
erage generate higher profits while simultaneously producing less cost efficiently
than public hospitals. In contrast to lower cost efficiency, private and non-profit
ownership are associated with higher profit efficiency compared to public own-
ership in the time period from 2002 to 2005. This result is robust to the choice
of proxy to measure profits, different estimation techniques and different assump-
tions concerning the distribution of the inefficiency terms (except of the lack of
individual significance of the ownership indicators in the most general model (ii)).

The main result may partly be explained by the fact that hospitals of different
ownership types behave differently because they target different outcomes. While
public hospitals probably seek to minimise costs, private hospitals are rather in-
terested in maximising profits. This conclusion may have an impact on the future
analysis of differences in the efficiency of hospitals, which is up to date focusing
on the measurement of cost efficiency.

From the perspective of a policy-maker, cost reduction may be preferred to
profit maximisation in publicly financed markets. However, higher profits allow
hospitals to increase investments in their hospitals, e.g. in better technologies to
improve outcome quality. The ability to finance investments by own resources
becomes more and more important. Officially, hospital investments should be
financed by the tax revenues of the federal states. However, in the last 20 years the
federal states have substantially reduced their engagement in financing hospital
investments. Thus, only hospitals with sufficiently high profit margins are able to
fill the gap between necessary investments on the one hand and resources provided
by the federal states on the other hand. Indeed Augurzky et al. (2009) show that
investment rates are higher for private hospitals.

Whether higher profits are associated with better health care quality remains an
open question. Hospitals are reluctant to publish quality indicators such as post-
surgical infection rates and re-admission rates. Thus, we cannot judge objectively
for or against privatisation for example with respect to cost-benefit criteria.

However, under the assumption that outcome quality does not differ between
ownership types and since output prices are equal for all hospitals irrespective of
ownership type, private hospitals are performing better in financing investments
without recurring on taxpayers’ money. Further research has to investigate quality
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differences between ownership types. Moreover, methodological improvements
should be made by generalising the production function from a Cobb-Douglas
to a translog type or by applying more advanced panel data analyses. Finally,
the empirical models should incorporate more behavioral aspects of hospitals by
ownership types.

4.A Appendix

The influence of the exogenous variables on cost inefficiency of German hospitals
are given in Table A-1. The results of the robustness checks are presented in Table
A-2 (2-step SFA) as well as Table A-3 (fixed effects estimations).
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Table A-1: Cost efficiency, normal-truncated-normal model, SFA
truncated truncated w/o 2005

ln costs per doctor 0.086 0.096
(0.058) (0.058)∗

ln costs per other staff 0.137 0.135
(0.046)∗∗∗ (0.045)∗∗∗

ln administr. costs per bed 0.039 0.039
(0.017)∗∗ (0.017)∗∗

ln material costs per bed 0.197 0.195
(0.024)∗∗∗ (0.024)∗∗∗

ln medical requirements per case 0.296 0.291
(0.033)∗∗∗ (0.031)∗∗∗

ln weighted cases 1.003 1.004
(0.013)∗∗∗ (0.013)∗∗∗

year = 2005 -0.030
(0.011)∗∗∗

Constant -0.978 -1.030
(0.309)∗∗∗ (0.296)∗∗∗

exogenous variables
private 1.893 2.157

(2.639) (3.119)

non-profit 0.513 0.573
(1.042) (1.196)

eastern Germany -0.429 -0.464
(0.944) (1.099)

urban -0.154 -0.112
(0.719) (0.758)

HHI -2.119 -2.369
(3.325) (3.864)

ratio of elderly patients 7.902 8.624
(7.672) (8.594)

surgery-ratio -0.840 -0.714
(1.894) (1.674)

ratio of female patients -7.380 -8.378
(8.628) (9.625)

year = 2003 0.665 0.658
(0.824) (0.854)

year = 2004 0.079 0.053
(0.375) (0.380)

year = 2005 0.507 -0.121
(0.622) (0.508)

Constant -1.326 -1.224
(2.573) (2.695)

Obs. 1,026 1,026
Robust standard errors below coefficients in parentheses. Clustered at hospital

level. Significance levels: *: 10%, **: 5%, ***: 1%. The signs of the exogenous
variables’ coefficients are to be read as effects on inefficiency.
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Table A-2: Profit efficiency, normal-half-normal model, SFA, accounting for al-
locative inefficiency and year. Second Step: OLS, regressing estimated scores on
exogenous variables

EBITDA EBIT EAT EP
private 0.071 0.050 0.018 0.032

(0.014)∗∗∗ (0.011)∗∗∗ (0.009)∗∗ (0.010)∗∗∗

non-profit -0.009 0.031 0.016 0.028
(0.011) (0.009)∗∗∗ (0.007)∗∗ (0.008)∗∗∗

eastern Germany 0.064 0.022 0.025 0.013
(0.012)∗∗∗ (0.009)∗∗ (0.007)∗∗∗ (0.009)

urban = 1 0.013 -0.008 -0.005 -0.017
(0.010) (0.007) (0.006) (0.007)∗∗

HHI 0.024 0.031 0.015 0.025
(0.020) (0.015)∗∗ (0.013) (0.015)∗

ratio of elderly patients 0.146 0.123 0.024 0.126
(0.065)∗∗ (0.049)∗∗ (0.041) (0.048)∗∗∗

surgery-ratio -0.037 -0.019 -0.003 -0.027
(0.020)∗ (0.015) (0.012) (0.015)∗

ratio of female patients -0.179 0.042 -0.007 0.170
(0.073)∗∗ (0.055) (0.046) (0.054)∗∗∗

year = 2003 0.034 0.038 0.052 -0.009
(0.014)∗∗ (0.010)∗∗∗ (0.009)∗∗∗ (0.010)

year = 2004 -0.008 0.017 0.014 0.037
(0.014) (0.010) (0.009) (0.010)∗∗∗

year= 2005 -0.010 -0.053 0.045 -0.094
(0.015) (0.011)∗∗∗ (0.010)∗∗∗ (0.011)∗∗∗

Constant 0.499 0.523 0.59 0.607
(0.041)∗∗∗ (0.031)∗∗∗ (0.026)∗∗∗ (0.031)∗∗∗

Obs. 1,026 1,026 1,026 1,026
Robust standard errors below coefficients in parentheses. Significance levels: *:

10%, **: 5%, ***: 1%
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Table A-3: Profit efficiency, OLS fixed effects in first step. Second Step: Regress
scores on exogenous variables, OLS on last observation in sample

EBITDA EBIT EAT EP
private 0.029 0.075 0.020 -0.061

(0.013)∗∗ (0.014)∗∗∗ (0.01)∗∗ (0.170)

non-profit -0.023 0.017 0.014 -0.055
(0.011)∗∗ (0.011) (0.008)∗ (0.137)

eastern Germany 0.023 0.028 0.009 0.274
(0.011)∗∗ (0.011)∗∗ (0.008) (0.136)∗∗

urban 0.015 -0.006 0.003 0.069
(0.010) (0.010) (0.007) (0.124)

ratio of elderly patients -0.122 0.018 -0.008 0.077
(0.062)∗∗ (0.066) (0.044) (0.785)

surgery-ratio 0.021 0.040 0.009 -0.006
(0.023) (0.024)∗ (0.016) (0.289)

ratio of female patients -0.229 -0.251 -0.077 0.167
(0.076)∗∗∗ (0.081)∗∗∗ (0.055) (0.970)

Constant 0.207 0.109 0.029 -0.212
(0.040)∗∗∗ (0.042)∗∗ (0.028) (0.504)

Obs. 364 364 364 364
Robust standard errors below coefficients in parentheses. Significance levels: *:

10%, **: 5%, ***: 1%





Chapter 5

How Do Hospital Closures Affect
Infant Health? Evidence From
California Patient Data∗

5.1 Introduction

In California between 1989 and 2005, 36 out of a total of 531 hospitals providing
care for infants were closed permanently. Hospital closures are politically contro-
versial and therefore receive substantial media coverage. This is particularly so
because it is usually low income communities, who have the least access to care,
that are most affected. It has also been shown that hospital closures have a nega-
tive impact on regional welfare, for example, due to increasing unemployment in
the medical workforce (Holmes, Slifkin and Randolph, 2008).

One of the main arguments against hospital closures is that they increase av-
erage travelling time to a hospital and may therefore discourage patients in need
from seeking medical advice and treatment. Another argument is that they in-
crease the caseload of other hospitals, and therefore reduce access to medical
services. Even though increasing caseloads in other hospitals are usually matched
by an increase in staff and equipment, there are most likely temporary adjustment

∗The research of this chapter is obtained in collaboration with Arindrajit Dube, IRLE, Berkeley
as part of a larger research project (Office of Statewide Health Planning & Development, 2007).
We are grateful to Ethan Kaplan and Alex Mas for helpful discussions and support.
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costs to increasing demand. Additionally, hospital closures can reduce the degree
of competition among regional hospitals, causing a general decline in the quality
of care.

On the other hand, hospital closures may have also positive effects, depending
on which hospitals are shut-down. For instance, if it is the low quality hospi-
tals, then a hospital closure can force patients in need to obtain medical treatment
from the remaining higher quality hospitals. Also, the closure of an underutilised
hospital frees financial resources that may be reallocated to facilities that ensure
better access to care. For instance, as part of California’s restructuring of mater-
nity and infant care system, many smaller (”intermediate”) neonatal intensive care
units (NICUs) were shut down while other ”intermediate” NICUs were upgraded
into larger Community NICUs which provide a greater range of medical services.
Gould et al. (2002) has shown that regionalisation of the infant delivery and in-
fant care system in California led to a lower level of usage of intermediate NICUs
and a larger usage of regional NICUs. They also show substantial reductions in
neonatal mortality for very low birth weight babies in all levels of NICUs.

Less evident is whether closing down a medical facility has a negative effect on
quality of care and ultimately health outcomes of infants. Any effect will depend
on (1) the type of facility that is closing, (2) the access of infants and their mothers
to alternative facilities, and (3) the ability (and the incentives) of such alternative
facilities to accommodate an increased caseload while maintaining a certain level
of care quality. The net effect of hospital closures is therefore an empirical one
and is thus the focus of this chapter.

In our research, we analyse the impact of hospital closures on hospital qual-
ity. Our analysis is split in two parts. First, we show whether closures have an
impact on in-hospital and overall infant mortality in affected zip codes. In the
second part, we look at the impact of closure on the remaining hospitals which are
likely to be affected by a higher caseload due to the incumbent’s closure. In this
second part, the outcomes of interest are the in-hospital mortality of infants and
of newborns as well as four selected Patient Safety Indicators relevant for infant
health. In both parts, we apply both a negative binomial conditional fixed effects
as well as an OLS fixed effect estimator on a distributed lag model approach using
administrative Patient Discharge Data of the Office of Statewide Health Planning



5.1. Introduction 85

and Development (OSHPD) as the main data source.

Our analysis differs methodologically from the previous literature. First, we
focus on the dynamic effects of hospital closure. We estimate annual effects be-
tween three years before a closure occurs and three years after a closure, as well
as a long term effect beyond this window. Second, we separate out the direct ef-
fect of closure on mothers who are directly affected by the closing hospital from
indirect (or external) effects on mothers living in areas served by hospitals with
overlapping service areas as the closing facility. This allows us to look at spill-
over effects on other hospitals through congestion or scale considerations. Last,
we use a different measure of how closures affect surviving hospitals than other
studies, which usually focus on the distance. We create a ‘pressure index’ on sur-
viving hospitals by reallocating patients from zip codes serviced by the closing
hospital to remaining hospitals based on patterns of attendance prior to closure.

A number of papers before us have looked at the impact of hospital closure
on welfare or on economic efficiency (Capps, Dranove and Lindrooth, 2006; Mc-
Namara, 1999) or on the probability of hospital exit (Ciliberto and Lindrooth,
2007; Lindrooth and G. Bazzoli, 2003). Most similar to our research question is
Buchmueller, Jacobson and Wold (2006) who use a fixed effect count data model
to estimate the impact of closure, and therefore of distance to the nearest hospi-
tal, on hospital quality in Los Angeles county. They find that hospital closures
increased mortality from heart attacks and unintentional injury.

By focusing on the effect of closures on patient outcomes, our study also has
implications for the literature on hospital competition. Most studies regress health
care outcomes on Hirshman Herfindahl Indices of patient load shares or on the
number of competitors within a given geographical radius. Some research has
found a positive impact of competition (Kessler and McClellan, 2000; Kessler
and Geppert, 2005; Sari, 2002) and others negative (Propper et al., 2004; Propper,
Burgess and Gossage, 2003; Gowrisankaran and Town, 2003). Ho and Hamilton
(2000) use a different approach and identify the impact of competition on quality
by exploiting the occurrence of hospital mergers. They find some weak increase
in readmission rates after an episode of a heart attack and in the early discharge
of newborns after a hospital merged with another hospital for California. Gaynor
(2006) reviews the theoretical and empirical evidence on competition and quality
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in health care markets. The main message across the several studies reviewed is
that Medicare patients benefit from more competitive markets while the results for
privately insured patients are mixed.

However, the literature on hospital competition typically focuses on medical
problems, for instance heart attack, whose survival probability after an episode
is sensitive to the distance to the nearest hospital. This focus may be too nar-
row, as it captures only emergency needs of a small fraction of the adult popula-
tion. We focus on infant mortality, a measure less sensitive to the distance to the
next nearest hospital, because infant mortality rates are one of the most widely
used indicators of population health. In a widely acknowledged report of the US
government, the infant mortality rate of 4.5 has been set as the target national
objective rate to be met by the year 2010 (U.S. Department of Health and Hu-
man Services, 2001). Infant mortality rates in the US stood at 6.8 (6.4) deaths
per 1,000 live births in 2004 (2007). In California, the rate was 5.2 in 2004 and
11.1 in 1980 (Springborn, 2006) - showing a substantial decline - but still these
rates are relatively high and the spread is increasing compared to other developed
countries.

It is important to recognise that if closures affect access to care for infants and
would-be mothers, it may be particularly so for minority and lower income groups
in the US. Infant mortality rates differ substantially by race within California. In
2004, 12 infants out of 1,000 births of black mothers died while in the same year
infant mortality for non-Hispanic whites was at 4.6 (Springborn, 2006). As we
show in this analysis, the probability of hospital closure is higher for hospitals
treating a relatively high proportion of Black and Hispanic patients. Thus, infant
mortality may increase especially in regions with a big minority population.

There is also evidence that access to high-quality care, for example driven
by increased funding, affects neonatal mortality (Cutler and Meara, 2000; Aizer,
Lleras-Munay and Stabile, 2005). Cutler and Meara (2000) evaluate the costs
and benefits of increased medical spending for low-birth weight infants. Lifetime
spending on low-birth weight babies increased by roughly $40,000 per birth be-
tween 1950 and 1990 while infant mortality rates fell by 72 percent over this time
period, largely due to improved care for premature births.

In this study, we find no clear long run effects of hospital closure on infant
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mortality. We do find evidence indicating a short run effect, primarily in affected
zip codes. Our lack of long run effects suggests a limited role for hospital compe-
tition, distance and selection for the set of closing hospitals in California between
1989 and 2005. However, we do find a role for both consumer learning about
hospital quality after closure as well as hospital adjustment to a higher caseload.

Although we find a limited role for a long term competition’s effect on hos-
pital quality, closing hospitals tend to be small and not specialised on neonatal
intensive care and therefore may have a more limited impact on hospital quality
than most hospitals. Additionally, we focus on urban hospitals where the degree
of competition is most likely much higher than average. Similarly, the effect of
decreasing the possibility of selecting bad hospitals as well as the distance effect
cannot be too strong.

In Section 5.2 we present our econometric specifications. The data used is
described in Section 5.3. In Section 5.4 we present our results and in the last
section we conclude.

5.2 Model Specification

Our empirical strategy is to estimate the effect of hospital closures at two levels–at
the level of non-closing hospitals, and at the level of patient residential location
(zip codes). By definition, we cannot estimate the impact of a hospital closure
on infant mortality in the closing hospital. At the hospital level, therefore, we
estimate the impact of hospital closure on infant mortality in neighboring hospitals
that are most likely to take on patients who would have gone to the closed facility.
At the zip code level, we break up the effects of closure into a direct effect and an
indirect effect. We define directly affected zip codes for a given hospital closure
to be zip codes where a positive number of infants were treated in the closing
hospital in the two years prior to closure.

We have three reasons for doing our analysis at the zip code level. First, given
the selectivity guiding the patient reallocation process, changes in hospital-level
outcomes (such as infant mortality) can easily be driven by unobserved hetero-
geneity in the risk-mix of incoming patients. In contrast, patients are less likely
to respond to a hospital closure by changing residences. By identifying zip codes
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that are likely affected by such a closure, we are able to estimate the effect for
a less endogenous population. Second, a possible avenue for an effect on infant
health outcomes is through out of hospital events. Since we also have zip code
level data on overall infant births and mortality, this type of analysis allows us to
capture deaths that occur outside as well as inside hospitals. Third, our goal is to
separately estimate the effect of closures through two distinct channels. A closure
can directly affect would-be patients who now have to find alternative (and pos-
sibly more distant) facilities. At the same time, increased caseload at incumbent
(non closing) hospitals can affect outcomes for patients who would never have
visited the closing facility. In theory, such an indirect effect can be positive or
negative. On the one hand, increased caseload at incumbent hospitals can cre-
ate congestion effects, potentially worsening outcomes especially in the short run.
On the other hand, increased scale of demand may make it economically advanta-
geous to invest in equipment or specialised resources which may (especially in the
longer run) improve the delivery of care. In our zip code level analysis, for each
patients’ location we will separately define the extent of both direct and indirect
pressures from hospital closures.

In this section, we will first explain our approach for quantifying pressures
from closure at both hospital and zip levels. We will then describe the various
specifications for the regressions we estimate.

5.2.1 Defining Pressure from Closures at the Hospital and Zip
Code Level

Intuitively, we wish to construct a measure of the size of the displaced caseload
(pressure) from all hospital closures affecting zip code z at time t and express it
as a percentage of total caseload from zip code z at time t. We denote by Nizt

the number of infants from zip code z discharged at time t from hospital i. Note
that many infants living in a zip code z will not go to a given hospital i at time
t. Others may go several times and thus be counted more than once. Similarly,
we define Nzt to be the total caseload from zip code z, and Nit the total caseload
at hospital i at time t. We denote by Pcztc the displaced caseload (pressure) from
hospital c′s closure on zip code z at time t. This is the average caseload from
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the zip code z at the closing hospital c during the two years prior to closure.1 If
hospital c closes at time tc, we denote:

Pcztc =
Ncz(tc−1) +Ncz(tc−2)

2
(5.1)

Directly Affected Zip Codes

We denote the average caseload in a zip code z in the two periods before the
closure of hospital c as:

Aztc =
Nz(tc−1) +Nz(tc−2)

2
(5.2)

We thus define the direct effect of closing hospital c on zip code z at time t to be:

Dcztc =

{
Pcztc

Aztc
for t = tc

0 for t < tc

}
(5.3)

The displaced caseload Dcztc is defined as zero prior to closure, and then takes on
a constant thereafter. Finally, the total amount of direct pressure on a zip code z
at time t is the sum of the displaced caseload over all closing hospitals c at t:

Dzt =
C∑
c=1

Dcztc (5.4)

Dzt is the key explanatory variable for the direct effect of hospital closure in the
zip code level analysis. It is a cumulative measure of affectedness which is zero
before the first closure affects that zip code and positive and probably increasing
afterwards since it is possible that patients from one zip code are hit by several
closures.

1Because of data restrictions we cannot average across more than two years. However, we
prefer looking at two years compared to a single year to account for random shocks in certain
years.
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Indirectly Affectedness

Defining the indirect pressure is somewhat more complicated, and we do it in
two steps. In the first step, we explain how the surviving hospitals are affected by
closures. This measure will be the hospital-level indirect effect. In the second step,
we define the ”hospital-share” of surviving hospitals in each zip code. Finally, we
multiply these two effects together to get the zip code level indirect effect.

Indirectly Affected Hospitals

First, we turn to our hospital affectedness measure. Since hospitals cannot be
directly affected, we only look at non-closing incumbents which are indirectly
affected by the closure of a hospital. We need to identify which surviving hospitals
are likely to be affected by a closure and how many patients going to the closing
hospital c are likely to come to the incumbent hospital i. Our key assumption is
that the greater is the extent of overlap in patient residences between i and c, the
greater is i affected by the closure of facility c. We also assume that the caseload
from a zip code gets reallocated in proportion to the caseload in the surviving
hospitals in the two years before closure. The non-closing hospitals caseload from
that zip code in that same time period is defined asAiztc =

Niz(tc−1)+Niz(tc−2)

2
where

i 6= c. The predicted number of reallocated patients from a zip code z to a hospital
i due to a hospital c’s closure is thus equal to:

Rc
izt =

{
Pcztc

Aiztc∑
j 6=c Ajztc

for t = tc

0 for t < tc

}
, (5.5)

which can be close to zero if only a few infants from that zip code go that hospital
(e.g. due to a long distance). The total pressure experienced by an incumbent hos-
pital from a single hospital closure is the sum over all zip codes of the reallocated
patients. Thus the total increase in caseload to a given hospital is the sum over
all closing hospitals of the total reallocated patient caseload from each hospital
closure:

Sit =
C∑
c=1

Z∑
z=1

Rc
izt (5.6)
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In some of our hospital-level regressions we use the raw increase in patient caseload.
In other circumstances, we express it as a percentage of total caseload:

ζit = Sit/Nit (5.7)

Indirectly Affected Zip Codes

Second, we define the notion of an indirectly affected zip code for which we
need to calculate the hospital share of the surviving hospitals per zip code as an
intermediate step. Our hospital-share variable of surviving hospitals is the ratio
of the caseload for a given hospital i in year t coming from zip code z to the total
caseload coming from zip code z at time t:

HSizt =
Nizt

Nzt

(5.8)

To form the zip code level measure of indirect pressure from a closure, we simply
multiply the hospital-share variable by the affectedness measure:

IDzt =
I∑
i=1

ζitHSizt (5.9)

Figure 5.1 presents directly and indirectly affected zip codes for four selected
closures. It shows that our definition of affectedness based on former patient
movements mainly covers zip codes which are geographically close to the closing
hospital. However, it also includes zip codes which we would not capture if we
concentrated on proximity only.

5.2.2 Econometric Models

Given the count nature of the main variable of interest - number of infant deaths
- and hence the restricted support for the distribution of the dependent variable,
OLS estimates may be deficient. Since the mean of the count is not large, normal
approximations will not hold, leading to possibly large biases in finite samples.
Moreover, even if they are unbiased, the OLS estimates are inefficient in presence
of this deviation from normality. Therefore, we use a negative binomial spec-
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Figure 5.1: Maps of directly and indirectly affected zip codes around a closing
hospital

ification. This approach is appropriate to analyse rare events with a near zero
probability of event occurrence in large samples. We prefer the negative binomial
to the Poisson model because the Poisson imposes that the mean and the vari-
ance of the distribution are identical. The negative binomial model allows for an
independent variance parameter.

The probability mass function of y deaths can be written as distributed in a hy-
pergeometric distribution in the negative binomial conditional fixed effects model
(Cameron and Trivedi, 1998):

f(yj1, ..., yjT |
T∑
i=1

yjt) =

(∏
t

Γ(λjt + yjt)

Γ(yjt + 1)Γ(λjt)

)
×
(

Γ(
∑

t λjt)Γ(
∑

t yjt + 1)

Γ(
∑

t λjt +
∑

t yjt)

)
(5.10)

where t indexes the observation year, and j = {i, z} the observation level (hos-
pital or zip code). The mean and the variance (as a multiple of the mean) of
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the observed outcome yit in this specification is defined by three parameters: the
overdispersion parameter2, the individual fixed effect, and the conditional mean
of yjt. The individual specific fixed effect αj and the overdispersion parameter θj ,
which is allowed to vary across individuals, cannot be identified individually but
as a ratio only. However, the ratio of the two drops out for conditional maximum
likelihood. λjt, the conditional mean of yjt, is context-specific and detailed be-
low. The negative binomial models are estimated by Maximum Likelihood. The
models with continuous outcomes are estimated by OLS which needs no further
explanation.

Patient Zip Code Level Specifications

At the zip code level, we jointly estimate the indirect and direct effects from clo-
sure (i.e., Dzt and IDzt) on both the number of in-hospital and overall infant
deaths. We control for time varying zip code level controls Zzt and for zip code
(γz) and year (τt) fixed effects. The log of the expected count parameter λzt for
the negative binomial probability distribution is specified as:

ln(λzt) =
2∑

k=−3

βDk ∆Dzt+k + βD3 Dzt+3 +
2∑

k=−3

βIDk ∆IDzt+k

+βID3 IDzt+3 + ZztΓ + ln(Birthszt) + τt + γz + εzt (5.11)

Equation (5.11) shows the main methodological idea of our difference-in-
differences approach. Throughout the empirical analysis we focus on the dynamic
impact of the pressure induced by hospital closure on various hospital and zip code
level outcomes. We capture these dynamics in distributed lag models with three
leads and lags, respectively.3 Considering leads of an outcome (i.e. time periods
before the treatment) has been introduced by Ashenfelter (1978), first applied by
Ashenfelter and Card (1985) and become known as the ‘Ashenfelter dip’ in the

2Overdispersion means that the variance exceeds the mean of the distribution.
3In the following, the notion lags (t− s) and leads (t+ s) are defined as years before and after

we observe the outcome in t, e.g. infant mortality. With respect to the closure event, one lead thus
means one year before the closure, since we observe today how the mortality rate will react on a
closure event one year later.
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literature on difference-in-difference estimation. In their paper, Ashenfelter and
Card (1985) showed that it may be useful to extend a simple before–after analysis
by allowing for pre-trend components when measuring the effect of job trainings
on earnings. The rationale behind that is that employees may respond to upcom-
ing trainings by changing their behaviour in view of the event. In this study, the
leads are used to verify whether there is any pre-trend in changes of the quality
of care before closure.4 Since we are interested in the cumulative response coef-
ficients of the affectedness on hospital and zip code level, we use first differences
for all these cumulative variables except for the last lag (t− 3 and forward). That
means, we actually use the raw affectedness of the hospital or the zip code by any
closure in that year except of the last one. Then, since we insert the cumulative
affectedness as the third lag, which we do not differentiate, we generate directly
cumulative coefficients for each year before and after closure in comparison to
four years before closure (compare Autor, 2003). The third lag (with respect to
the mortality in year t) then captures the effect of closure on infant mortality three
years after the closure and forward.

Since the mortality count will be a function of births, we use the number of to-
tal births (in- and out-of hospital) as the ”exposure” variable in the equation above
with the coefficient for the log of births set to unity. Additionally, we estimate a
OLS variant of this specification using the mortality rate as dependent variable.

MortalityRatezt =
2∑

k=−3

βDk ∆Dzt+k + βD3 Dzt+3 +
2∑

k=−3

βIDk ∆IDzt+k

+βID3 IDzt+3 + ZztΓ + τt + γz + εzt (5.12)

To make the results comparable to the count regression case, we multiply the co-
efficients by the average number of births per zip code in the sample. We estimate
all models with and without the vector of controls Zzt. Our preferred specification
includes these controls and uses the number of overall births as weights to produce
population representative treatment estimates in case of heterogeneous impacts.

4In the robustness checks we discuss that using less than three leads or lags does not alter the
main idea of the results.
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In addition, as a robustness check, we estimate the models with an alternative
censored definition of treatments. We set D and ID to zero if less than a given
cutoff. The cutoffs are chosen at the 20th an 40th percentiles of the actual distri-
butions of D and ID. Furthermore, we present estimates of a model in which we
concentrate on directly affected zip codes and thus set the affectedness measures
for indirectly affected zip codes to zero.

Hospital Level Specifications

To check whether the effects of closure are driven by a decrease in quality of the
remaining hospitals, we take advantage of further quality indicators and conduct
the analysis on hospital level in a similar dynamic model. Our sample includes
hospitals that treated at least one infant every year.

We first evaluate how changes of overall caseload in affected incumbent hos-
pitals respond to a closure, where the treatment variable is the caseload pressure
Sit as defined above. We estimate the following equation controlling for hospital
(γi) and time fixed effects (τt):

Nit =
2∑

k=−3

βk∆Sit+k + β3Sit+3 + τt + γi + εit (5.13)

We next consider the impact of closure on hospital level infant mortality. Our
outcomes include the number of deaths associated with newborns5, as well as
the total number of infant deaths (i.e., deaths of patients less than a year old at
discharge). As before, we include hospital and year fixed effects, and the vector
of hospital level controls Xit. λit is therefore given by:

ln(λit) =
2∑

k=−3

βk∆ζit+k + β3ζit+3 + XitΓ + ln(InfantCaseloadit) + τt + γi + εit

(5.14)

5In the OSPHD data, infants are coded as newborns only if they are born in that hospital and
admitted to the acute care nursery. When they are admitted directly to other units (e.g. intensive
care), they are not coded as newborns. If infants arrive at the nursery after out-of hospital birth,
they are also not counted as newborn even when they are less than 24 hours old.
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Since the mortality count will be a function of births, we use the number of
infants treated as the ”exposure” variable in the equation above with the coefficient
for the log of the exposure set to unity. Again, we also estimate a parallel OLS
specification with the dependent variable being the mortality rate.

MortalityRateit =
2∑

k=−3

βk∆ζit+k + β3ζit+3 + XitΓ + τt + γi + εit (5.15)

To make the results comparable to the count regression case, we multiply the
coefficients by the average number of infant caseload in the sample of non-closing
urban hospitals.

Finally, we consider hospital level patient safety measures that are related to
birth. Of the 20 patient safety measures developed by the AHRQ, four are clearly
birth-related. For each of these, we also have risk adjusted ”expected” incidence
for each hospital/year, where the ”expected” incidence is predicted exploiting the
above information about the patients treated in the hospital compared to all hos-
pitals in the population. In these models we control for hospital level variables
Xit. Again we include hospital and time fixed effects. Since the outcomes are in-
cidences, we use the proportional treatment measure ζit as defined above. Finally,
as a summary measure, we construct the mean incidence of any of these birth-
related traumas. In the regressions on the indicators we use as a control the mean
incidence of the risk-adjusted ”expected” incidence of these traumas. Defining yJit
as the patient safety measure J , and eJit as its risk adjusted ”expected” incidence,
we estimate the following specification:

yJit =
2∑

k=−3

βk∆ζit+k + β3ζit+3 + XitΓ + δeJit + γi + εit (5.16)
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5.3 Data Documentation

5.3.1 The Datasets

We use various sources of data in this analysis. The Office of Statewide Health
Planning and Development (OSHPD) in Sacramento provided us with the confi-
dential Patient Discharge Data with individual records containing among others
age, gender, race, type of expected payer, all diagnoses and treatments, length of
stay, date of discharge and the zip code of residence of each patient of all Cali-
fornian hospitals between 1984 and 2005 (Office of Statewide Health Planning &
Development, 2007).6 We use the rich information on diagnoses and treatments
and apply the Patient Safety Indicator Software provided by the AHRQ (Agency
for Healthcare Research and Quality, 1989–2006) to create quality indicators at
the hospital level. For this study, we choose four out of the 20 provider-level Pa-
tient Safety Indicators that are related to births (PSI 17 - PSI 20).7 These indicators
will be called Trauma 1 to Trauma 4 in the following. They are a subset of the 33
Healthcare Cost and Utilization Project Quality Indicators which were introduced
in the early 1990s and since then have been further refined by the AHRQ. The
indicators have been used by hospitals themselves to detect potential quality of
care problems as well by researchers for instance to assess the impact of financial
pressures on quality of care (Encinosa and Bernard, 2005) or by controlling for
quality when measuring cost efficiency (Mutter, Rosko and Wong, 2008; Enci-
nosa and Bernard, 2005). The indicators are constructed based on diagnostic and
major procedure codes, along with information on patient’s age, gender, source of
admission, and discharge status.

Furthermore, we use the publicly available Hospital Annual Utilization Data
for information on utilisation and staffing measures, hospital addresses, and the
size and number of cases (Office of Statewide Health Planning & Development,

6The data for this research comes from 20 mio. patient records maintained by OSHPD. Access
to the data was provided as part of a larger research initiative approved by OSHPD to Alexandre
Mas and Arindrajit Dube as co principal investigators. The use of confidential data was approved
by the California Office for the Protection of Human Subjects.

7PSI 17: Birth Trauma - Injury to Neonate, PSI 18: Obstretic Trauma - Vaginal Delivery with
Instrument, PSI 19: Obstretic Trauma - Vaginal Delivery without Instrument, PSI 20: Obstretic
Trauma - Cesarean Delivery.
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2001–2006). Based on these datasets, it may be problematic to distinguish a
hospital closure from a merger, a change of location, or non-reporting. There-
fore, we add to this data several lists of hospital closures during that time period
(Office of Statewide Health Planning & Development, 2008; Kagan, S., J., Yu and
R., 2001; California Hospital Association, 2006).

For more information about out-of hospital birth and death records as well as
other regional demographic characteristics, we combine the hospital level datasets
with zip code level statistics. First, we use publicly available birth profiles by zip
code (aggregated in- and out-of hospital births including race, age (of mother),
birth weight) and the death profiles including the age and the cause of death
(California Department of Public Health, 1989–2006). These datasets comprise
all zip codes with at least 5 births or deaths. They are administered by the Cali-
fornia Department of Public Health (CDPH) and are available from 1989 to 2007.
Second, the US Census of the year 2000 enables us to differentiate between rural
or urban zip codes.

A hospital is defined to close if first, it is mentioned in at least two of the lists
of hospital closures in California (Kagan et al., 2001; CHA, 2006; OSHPD list
of all hospitals, 2008). Second, it must not appear in the Utilization Data or the
Patient Discharge Data after the official date of closure after 2004. Third, it must
have treated at least ten infants in total in the two years prior to closure. The year
of closure of the final 36 closed infant hospitals is based on the official dates of
these lists. However, it is shifted to a later date if we observe infants being treated
after the official date or it is shifted to an earlier date if we did not observe any
further discharges of infants while older patients are still treated in the hospital
(up to 8 years before the official final closure year of the whole unit). The latter
mirrors the year of closure of the infant unit, which we consider to be a more
important factor for infant mortality than the final closure of all other units.

Table 5.A-1 shows the names and locations as well as the number of patients
treated one year before closure for all closing hospitals.
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5.3.2 Descriptive Statistics

Our primary source of data is the individual-level Patient Discharge Data admin-
istered by OSHPD. We aggregated this information on diagnoses, treatments and
demographic characteristics of all discharges of the full set of hospitals by pa-
tient zip code for each hospital. From this hospital × patient-zip level, we created
our measures of affectedness and finally produced two different datasets. One
dataset is aggregated at hospital level (i.e., across patient zip codes), while the
other dataset is aggregated at the level of patient zip code (i.e., across all hospitals
serving that zip code). Thus, the discussion of the descriptive statistics is divided
in two parts.

First, we will present the data used in the analysis on zip code level (Table
5.1). The zip code level data itself can be divided into two parts. The first part is
based on the Patient Discharge Data of the OSHPD while the second part is based
on overall births and deaths profiles in urban Californian zip codes provided by
the CDPH. Since the latter is only available after 1988, our sample comprises the
years 1989 to 2005. We limit our sample to urban zip codes. We trim the sample
to exclude zip codes that have ”very large” annual growth rates in births (over
100% on average across time); this restriction excludes less than 2% of observa-
tions. Out of the 1,153 urban zip codes, on average only 55 directly affected by a
closure in a given year. 33 zip codes are both directly and indirectly affected 1,008
zip codes are only indirectly affected according to our definitions of chapter 5.2.
Since we use a continuous measure of affectedness, zip codes may be affected
based on for instance only two infants going to the closing hospital. Table 5.1
shows means and standard deviations of the control variables we use as well as
the affectedness measures we created for all zip codes and for directly affected zip
codes separately. All patients’s characteristics are reported by the patients them-
selves. We distinguish between several race categories as presented in the table.
The residual category other race includes small race groups as well as infants with
two or more races or unknown race. From the PDD data we know the expected
payer type. As women are eligible for MediCal at higher income thresholds for
births, 42% of the infants discharged from the acute nursery care or other acute
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Table 5.1: Descriptive statistics of final sample, 1989-2005 (pooled) - Zip code
level

All zip codes Directly affected zips
variable mean sd mean sd

in-hospital variables from discharge data
infants discharged 532.59 502.34 719.21 584.66
in-hosp. Infant mortality [per 1000 births] 4.34 6.78 4.43 4.3
total patients discharged 3,052 2,315 3,903 2,488
white [%] 0.56 0.31 0.46 0.28
Hispanic [%] 0.35 0.30 0.44 0.30
Black [%] 0.06 0.11 0.07 0.12
Asian [%] 0.09 0.12 0.1 0.12
Other race [%] 0.04 0.04 0.03 0.03
MediCal [%] 0.42 0.28 0.43 0.26
self paid [%] 0.05 0.05 0.05 0.05
private compensation [%] 0.58 0.25 0.57 0.22
other payer [%] 0.05 0.08 0.05 0.06
birth weight below 2,500 grams 0.04 0.03 0.04 0.02

aggregated zip code variables
total births 481.51 442.29 642.45 507.46
infant mortality per 1000 births 6.11 7.21 6.07 5.54
white [%] 0.48 0.27 0.39 0.26
Hispanic [%] 0.35 0.26 0.43 0.26
Black [%] 0.07 0.10 0.08 0.10
Asian [%] 0.06 0.10 0.06 0.11
Other race [%] 0.02 0.04 0.01 0.04
age of mother below 20 [%] 0.10 0.06 0.10 0.06
age of mother above 35 [%] 0.16 0.10 0.16 0.08
birth weight below 2,500 grams 0.06 0.03 0.06 0.02

Affectedness measures
directly affected 0.39 0.57 0.86 0.56
directly affected (cumulative over time) 6.45 7.71 12.25 7.11
indirectly affected 0.01 0.05 0.01 0.07
indirectly affected (cumulative over time) 0.05 0.14 0.09 0.18
N 15,444 6,964

Sample: all urban zip codes, 1989-2005. Directly affected zip codes: Directly affected in that
year.
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care are covered by MediCal.8 Affected zip codes send on average more infants
to a hospital and give births to more babies than the average zip code. The race
composition of the zip codes also differs by affectedness. While on average 56%
of the infants treated are reported as whites and 35% as Hispanics, in the directly
affected zip codes the proportions change to 46% and 44%, respectively.

As we can see from the second part of the table showing the aggregated zip
code level data of the CDPH, the composition of overall births in that zip code –
including out-of hospital births– also differs by race. The number of all newborns
living in a specific zip code is available from 1989 onwards for all zip codes with
at least 5 births per year. This variable does not capture births of babies who do
not live in a Californian zip code, whose zip code of residence is unknown or
who come from very small and perhaps negligible zip codes. If a mother is very
young (below 20 years) or relatively old (above 35 years) at the moment of birth
she is captured in one of the two risk groups. A very important factor for infant
mortality is birth weight. Thus, we control for birth weight below 2,500 grams on
zip code level which turns out to be the most important infant mortality predictor
in our sample. In the OLS specifications, we additionally control for birth weight
below 1,500 grams, which poses convergence problems in the negative binomial
specification. The base group to which we compare the other groups is a white
infant with private health insurance and non-low birth weight.

The summary statistics for the variables we use on hospital level are presented
in Table 5.2. The Patient Discharge Data (PDD) includes information on 531
hospitals treating infants of which 36 have their last year of operation between
1989 and 2005. We keep non-closing urban hospitals that treat at least one infant
each year during their existence. 267 hospitals are comprised in the final sample.
We present descriptive statistics about the important control variables and the af-
fectedness measure. The variables shown for the hospitals correspond with the
variables used for the analysis on zip code level except that we differentiate be-
tween very low and medium low birth weight on hospital level. Looking at the last
two columns, closing hospitals are smaller and treat more patients with MediCal

8Medicaid is in short the publicly financed health insurance for a very poor population as well
as families, disabled people and pregnant women. It is administered at the state level. MediCal is
the Californian Medicaid organisation.
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Table 5.2: Descriptive statistics of final sample, 1989-2005 - Hospital level
All Indirectly aff. Closed

variable mean sd mean sd mean sd
infants discharged 2,016 1,617 2,127 1,527 879 1,247
in-hosp. Infant
mortality [per 1000
birhts]

3.00 8.10 2.96 4.45 1.65 3.02

total patients dis-
charged

10,642 7,777 11,369 7,603 4,702 4,608

white [%] 0.44 0.28 0.42 0.26 0.28 0.29
Hispanic [%] 0.40 0.27 0.41 0.26 0.58 0.29
Asian [%] 0.07 0.10 0.07 0.09 0.05 0.08
Black [%] 0.06 0.08 0.06 0.08 0.07 0.11
Other race [%] 0.04 0.05 0.04 0.05 0.02 0.04
MediCal [%] 0.47 0.29 0.46 0.28 0.57 0.34
self paid [%] 0.04 0.05 0.04 0.04 0.06 0.09
private compensation
[%]

0.45 0.30 0.46 0.30 0.29 0.31

other payer [%] 0.05 0.09 0.04 0.09 0.08 0.21
birth weight below
2,500 grams

0.03 0.02 0.03 0.02 0.01 0.02

Beds in NICUs 9.06 13.62 10.31 14.25 2.35 7.76
Affectedness measures

indirectly affected 85 802 139 1,020 - -
indirectly affected
[%]

0.04 0.43 0.06 0.54 - -

N 2,503 1,536 379
Final sample: all urban hospitals treating at least one infant each year, 1989-2005. Numbers and
percentages based on infants discharged. Indirectly aff.: Indirectly affected in that year. Closed
hospitals and those not treating at least one infant each year are excluded from the final sample.

a: Neonatal Intensive Care Unit. For comparability: only urban closed hospitals

or self paying patients (without health insurance). Relatively more Hispanic and
less white infants are discharged from those hospitals. However, infant mortality
and the ratio of infants with very low birth weight are smaller, since these hospi-
tals provide less acute care in Neonative Intensive Care Units (NICUs) and thus
are probably less specialised and less often frequented for difficult births.

Indeed, we show in the appendix (Table 5.A-2) that the probability of closure
is higher for smaller hospitals which have faced a decline in caseload compared
to three years before closure and which treat a higher ratio of Black and Hispanic
patients or infants. Using a pooled probit-model with clustered robust standard
errors, neither the patients’ health insurance status nor the hospital ownership do
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predict hospital closure significantly. This simple analysis also shows that the
probability of closure is not significantly associated with the hospital’s infant mor-
tality rate. Thus, this analysis does not raise possible endogeneity concerns with
respect to infant mortality and the closure event in our data. Two out of the four
Patient Safety Indicators show explanatory power with respect to the probability
of closure (Traumas 1 and 2). However, they point in different directions. While
a high Trauma 1 index is associated with a higher probability of closure, Trauma
2 weakly significantly decreases it. The average affectedness across time is rel-
atively low compared to the number of infants discharged. However, as we will
show in Section 5.4.2, affected hospitals face indeed an increase in caseload after
the year of closure.

5.4 Results

5.4.1 Infant mortality in Directly and Indirectly Affected Zip
Codes

We start to present the analysis on zip code level before we present the effects
of closure on the quality of care in the remaining hospitals. Possible changes
in infant mortality rates at surviving hospitals may be driven by a compositional
shift in patient case mix in response to the closure of a facility. To address this
issue, we look at how closures affect infant mortality in residential areas (patient
zip codes) that are likely impacted by the closure. The rationale for this approach
is that parents are not likely to move into another area of residence because of a
hospital closure–at least in the short run. Furthermore, we look at overall infant
mortality in the zip code which captures out-of hospital death additional to the in-
hospital mortality. Finally, as we discussed in Section 5.2, we provide estimates
of effects in zip codes that are likely to be affected by the closure either directly
(i.e., through having to go to a different hospital or forgo care) or indirectly (i.e.,
increased case-load at surviving hospitals).

The following tables and graphs present results both for in-hospital and over-
all infant mortality for different OLS (Equation (5.12)) and Negative Binomial
(Equation (5.11)) models. Our preferred specifications (II) control for the full set
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of time-varying characteristics. We do not present the coefficients of the control
variables, but in general, zip codes with an above average ratio of Hispanic or
black and older mothers or a high ratio of low birth weight babies (less than 2,500
grams) face a higher infant mortality while the health insurance type does not have
a significant impact. We weight the zip codes by their size using the number of
total births (in- and outside of the hospitals). If we do not weight the zip codes and
thus overstate the importance of very small zip codes, the results become noisier
(not presented).

Tables 5.3 and 5.4 present our main results for in-hospital and overall infant
mortality, respectively. The top half of the tables presents the cumulative response
of infant mortality to closure in the respective years around closure. Due to adap-
tation process of patients and incumbent hospitals, we consider a dynamic spec-
ification superior to a static one.9 For all specifications, the lead (t + 1 to t + 3)
and lag (t − 1 to t − 3 and forward) coefficients represent the evolution of the
number of additional annual infant deaths due to a unit (100%) change in the di-
rect or indirect pressure from a closure at date zero. (For details, see Section 5.2,
Equations (5.4) and (5.9).) For example, if a hospital closure increased the indi-
rect pressure measure by 20% in a particular zip code, the effect on the number
of infant deaths two years down the road would be 1

5
times the coefficient associ-

ated with the second lag. The OLS results are based on infant mortality rates with
respect to all births in the zip code and clustered at zip code level. The Negative
Binomial specification is exploiting the nature of our count data where we use the
overall number of births as exposure (compare Section 5.2.2 for details on distri-
butional assumptions and specifications). In both cases, the control variables and
the affectedness of the zip codes are measured in incidences.

The patterns of signs and magnitudes of the coefficients for a particular type of
pressure are relatively similar across the specifications within the zip code’s type
of affectedness. The increase in mortality in directly affected zip codes in the year
after closure significantly exceeds the cumulated decrease of the former years in
the negative binomial specifications and OLS with control variables. The number

9If we do not account for the dynamic process and estimate the effect of closure on infant mor-
tality in the year of closure without any leads or lags, we find that the effect on directly affected zip
codes is negative while it is positive in indirectly affected zip codes across models (not presented).
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of additional infant deaths during the year after a closure –i.e. the coefficient as-
sociated with ”closuret−1”– is greater than during any other dates over the seven
year window, and is statistically significant.10 Finally, in the long run (”closuret−1

and forward” ), infant mortality decreases in directly affected zip codes. Indirectly
affected zip codes also face an increase in infant mortality where the change is sig-
nificantly different from zero two years after the last infants had been discharged.
This effect is robust across distributional assumptions and specifications.

In the lower half of the table, for each specification, we present F-tests on
the difference in coefficients associated with various lags. Comparing closuret+3

and closuret+1, changes in infant mortality do not differ significantly from each
other, which reassuringly suggests no pre-existing trends (except of in the NB
regression, model II).11 However, if we compare the year before the last year of
operation with one year after closure (t− 1 versus t + 1) for directly affected zip
codes and (t − 2) versus (t + 1) for indirectly affected zip codes we see that the
uptick is indeed significant in the short run across almost all specifications (except
of OLS, indirect, with controls).

The results for total infant mortality (in-hospital and out-of hospital) exhibit a
similar pattern compared to the results for in-hospital mortality (Table 5.4). The
negative trend in changes in infant mortality in directly affected zip codes seems
to be set off only one year after closure in the count data specification. The OLS
specifications do not show any significant positive change from year to year in
directly affected zip codes. Like the NB estimates, they rather suggest a negative
long-term trend for (closuret−3 and forward). However, the increase in the change
of infant mortality in indirectly affected zip codes two years after closure is also
revealed for total infant mortality across distributional assumptions.

In the lower half of the table, the F-tests show that the increase in overall
mortality rates in t − 1 and t − 2 is weakly significantly different from the year
before closure (t + 1) for directly and indirectly affected zip codes, respectively,
in the NB regressions. Again, the directly affected zip codes face the increase

10”closuret−1” represents the effect of a closure last year on today’s infant mortality where
today one year has passed after the zip code had been affected (one year after closure).

11In this case we may indeed overestimate the impact of closure when comparing changes in
mortality after closure with the negative changes one year before when comparing the coefficients
across the time path.
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Table 5.3: In-hospital infant mortality in affected zip codes around the year of
closure

OLS Fixed Effects Negative Binomial
(I) (II) (I) (II)

directly affected zip codes
closuret+3 -0.057 0.038 -0.017 0.014

(0.062) (0.056) (0.021) (0.020)

closuret+2 -0.072 -0.041 -0.027 -0.006
(0.069) (0.063) (0.022) (0.021)

closuret+1 -0.111 -0.089 -0.045 -0.049
(0.058)∗ (0.054)∗ (0.02)∗∗ (0.02)∗∗

closuret0 -0.046 -0.031 -0.027 -0.022
(0.063) (0.056) (0.020) (0.019)

closuret−1 0.089 0.103 0.052 0.041
(0.057) (0.051)∗∗ (0.019)∗∗∗ (0.018)∗∗

closuret−2 -0.003 -0.027 0.004 -0.004
(0.051) (0.045) (0.017) (0.016)

closuret−3 -0.017 -0.011 -0.007 -0.006
and forward (0.009)∗ (0.008) (0.002)∗∗∗ (0.002)∗∗

indirectly affected zip codes
closuret+3 0.176 -0.026 0.064 0.078

(0.256) (0.238) (0.110) (0.109)

closuret+2 0.367 0.348 0.103 0.061
(0.312) (0.368) (0.111) (0.111)

closuret+1 -0.072 0.216 -0.016 -0.010
(0.346) (0.319) (0.131) (0.13)

closuret0 0.151 0.243 0.170 0.154
(0.271) (0.201) (0.111) (0.112)

closuret−1 -0.090 0.082 0.039 0.057
(0.471) (0.399) (0.129) (0.128)

closuret−2 0.628 0.647 0.371 0.358
(0.331)∗ (0.288)∗∗ (0.11)∗∗∗ (0.108)∗∗∗

closuret−3 0.017 0.118 0.104 0.135
and forward (0.512) (0.427) (0.102) (0.101)

controls no yes no yes
weighted yes yes yes yes
N 15,444 15,444 15,154 15,154

F-tests on difference in coefficients
(t+ 1)− (t+ 3) -0.0537 -0.1266 -0.0277 -0.0632

(0.0867) (0.0802) (0.0301) (0.0295)∗∗

(t− 1)− (t+ 1) 0.1994 0.1923 0.0968 0.0898
(0.0816)∗∗ (0.0756)∗∗ (0.0286)∗∗∗ (0.0280)∗∗∗

(t− 2)− (t+ 1) 0.1080 0.0623 0.0492 0.0451
(0.0815) (0.0746) (0.0265)∗ (0.0259)∗

(t− 3)− (t+ 1) 0.0936 0.0783 0.0377 0.0436
(0.0585) (0.0539) (0.0202)∗ (0.0198)∗∗

indirect
(t+ 1)− (t+ 3) -0.2488 0.2423 -0.0808 -0.0874

(0.3909) (0.3880) (0.1605) (0.1575)

(t− 1)− (t+ 1) -0.0177 -0.1345 0.0559 0.0667
(0.3581) (0.3639) (0.1647) (0.1629)

(t− 2)− (t+ 1) 0.7005 0.4308 0.3878 0.3680
(0.3355)∗∗ ( 0.3145) (0.1496)∗∗∗ (0.1469)∗∗

(t− 3)− (t+ 1) 0.0899 -0.0979 0.1199 0.1443
(0.3988) (0.4094) (0.1448) (0.1421)

Standard errors below coefficients in parentheses (robust for OLS). Significance levels: *: 10%,
**: 5%, ***: 1%. Estimated with year and zip code fixed effects.
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Table 5.4: Overall infant mortality in affected zip codes around the year of closure
OLS Fixed Effects Negative Binomial

(I) (II) (I) (II)
directly affected zip codes

closuret+3 -0.050 0.030 -0.022 0.006
(0.068) (0.064) (0.017) (0.017)

closuret+2 -0.059 0.007 0.01 0.025
(0.072) (0.069) (0.018) (0.018)

closuret+1 -0.054 -0.011 -0.041 -0.041
(0.069) (0.066) (0.017)∗∗ (0.017)∗∗

closuret0 -0.078 -0.064 -0.021 -0.024
(0.074) (0.07) (0.016) (0.016)

closuret−1 0.009 -0.006 0.028 0.025
(0.065) (0.063) (0.016)∗ (0.015)

closuret−2 -0.036 -0.062 -0.020 -0.021
(0.056) (0.053) (0.014) (0.014)

closuret−3 -0.023 -0.015 -0.007 -0.006
and forward (0.01)∗∗ (0.009)∗ (0.002)∗∗∗ (0.002)∗∗∗

indirectly affected zip codes
closuret+3 0.394 0.347 0.128 0.153

(0.280) (0.256) (0.090) (0.089)∗

closuret+2 0.412 0.409 0.072 0.061
(0.497) (0.498) (0.096) (0.096)

closuret+1 0.047 0.092 0.017 0.044
(0.418) (0.469) (0.111) (0.109)

closuret0 0.162 0.377 0.13 0.116
(0.334) (0.281) (0.094) (0.095)

closuret−1 -0.007 0.338 0.07 0.094
(0.510) (0.43) (0.103) (0.102)

closuret−2 0.599 0.768 0.299 0.319
(0.405) (0.386)∗∗ (0.093)∗∗∗ (0.092)∗∗∗

closuret−3 -0.144 0.08 0.018 0.029
and forward (0.449) (0.382) (0.086) (0.086)

controls no yes no yes
weighted yes yes yes yes
N 15,209 15,209 15,062 15,062

F-tests on difference in coefficients
direct
(t+ 1)− (t+ 3) -0.0033 -0.0411 -0.0186 -0.0466

(0.1018) (0.0984) (0.0252) (0.0250)∗

(t− 1)− (t+ 1) 0.0630 0.0054 0.0686 0.0659
(0.0938) (0.0881) (0.0239)∗∗∗ (0.0235)∗∗∗

(t− 2)− (t+ 1) 0.0179 -0.0505 0.0207 0.0201
(0.0924) (0.0874) (0.0221) ( 0.0219)

(t− 3)− (t+ 1) 0.0310 -0.0035 0.0331 0.0351
(0.0692) (0.0661) (0.0169)∗∗ (0.0167)∗∗

indirect
(t+ 1)− (t+ 3) -0.3468 -0.2548 -0.1109 -0.1088

(0.4416) (0.5067) (0.1334) (0.1314)

(t− 1)− (t+ 1) -0.0544 0.2456 0.0532 0.0499
(0.4707) (0.5179) (0.1348) (0.1331)

(t− 2)− (t+ 1) 0.5514 0.6762 0.2820 0.2753
(0.5052) (0.5936) (0.1261)∗∗ (0.1246)∗∗

(t− 3)− (t+ 1) -0.1913 -0.0123 0.0008 -0.0156
(0.4767) (0.5463) (0.1222) (0.1207)

Standard errors below coefficients in parentheses (robust for OLS). Significance levels: *: 10%,
**: 5%, ***: 1%. Estimated with year and zip code fixed effects.
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right after the closure, where the effect on the indirectly affected zip codes seem
to follow one year later. The negative long term trend cannot be confirmed when
comparing the changes in the infant mortality rate three years after with one year
before closure in the OLS specification. However, we see a negative long-term
effect of closure in directly affected zip codes when using count data. We also
present these results graphically. Figure 5.2 plots the changes in infant mortality
around closure. The left column plots the coefficients of the preferred Model II of
in-hospital mortality shown in Table 5.3 and the corresponding 95% confidence
intervals while the right column shows plots of the estimated coefficients of Model
II, Table 5.4.

Robustness Checks for the Analysis on Zip Code Level

To test for the robustness of our specifications, we estimate the models with an
alternative definition of treatments, whereD and ID are set to zero if they are less
than a cutoff. The cutoffs are chosen at the 20th and 40th percentiles of the actual
distributions of D and ID (not presented). Using the cutoffs, the main results
can be basically reproduced for in-hospital infant mortality. For overall infant
mortality we saw that it decreased significantly in directly affected zip codes one
year before closure as well as three years after without cutoffs. Using cutoffs
on the affectedness measure, we find additionally positive coefficients two years
before closure for both cutoffs and one year after for the more restrictive one.
Thus, the results become noisier compared to Table 5.4. For indirectly affected zip
codes, the significant positive change in mortality in the second year after closure
is confirmed across all models, mortality outcomes, and cutoffs. However, there
is an additional positive coefficient on the change of infant mortality in the year
of closure for indirectly affected zip codes when using the 40th percentile cutoff
for both outcome measures.

If we do not account simultaneously for being directly and indirectly affected
but look at directly affected zip codes only, the results remain stable compared to
our preferred specifications (compare Models II).

For further checks, we keep the number of lags constant and only reduce the
number of leads to test for the sensitivity of our main results to our chosen dis-
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Figure 5.2: Preferred Specification (II) for In-hospital and Total infant mortality,
OLS (incidences) and Neg Binomial (counts)

a) Marginal effects and respective 95% confidence intervals, directly affected zip codes

b) Marginal effects and respective 95% confidence intervals, indirectly affected zip codes
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tributed lag model. Signs and significance levels of the lags coincide across the
four specifications (three down to zero leads, three lags). However, when using
two leads, the coefficient for two years before closure is weakly significant which
it had not been when using three leads (directly affected zip codes, NB). When we
change the number of lags and leads simultaneously, the last lead and the last lag
will always be negative for directly affected zip codes. Depending on the number
of leads and lags, one or two coefficients around the closure year will be positive.
For indirectly affected zip codes and a decrease in the number of leads and lags,
all leads and lags will be positive where at least one of the coefficients on the lags
or the contemporaneous (t0, t− 1, t− 2) is significantly different from zero.

Further robustness checks we conducted include using different control vari-
ables, not trimming the data, and using different cutoffs. All these variations in
model specification revealed that the cumulated change in infant mortality follows
a similar pattern to the pattern presented above.

To translate the coefficients of the affectedness measure in the years around
closure into number of additional deaths due to closure in a given year, we cal-
culate the average number of zip codes affected by one closure times the aver-
age affectedness in year t. Then, we multiply the estimated coefficients with
this number. We do this separately for only directly affected zip codes (55 ·
0.019·coeffdirectt), for only indirectly affected (1, 008 · 0.003·coeffindirectt) and for
both (33 · (0.019·coeffdirectt+0.003·coeffindirectt)) and sum across the three types
for each year. Table 5.5 shows that across all affected zip codes, there will be a
maximum of 2.4 (minimum 1) more infants dying on average two years after each
hospital closure compared to the year t + 4 and earlier. This increase decreases
for ‘closuret−3 and forward’ across all models estimated.

5.4.2 Caseload and Quality of Care in Affected Hospitals

The results on changes in infant mortality in affected zip codes suggest a tempo-
rary increase in in-hospital and overall infant mortality in directly and indirectly
affected zip codes and weak evidence for both a decrease one year before closure
and a negative long-term trend in directly affected zip codes. To further detect
mechanisms that could explain these observations, we now change the perspec-
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Table 5.5: Additional deaths due to one hospital closure across all affected zip
codes

In-hosp. Mortality Total Mortality
OLS Neg. Bin. OLS Neg. Bin.

closuret+3 -0.02 0.28 1.17 0.51
closuret+2 1.06 0.19 1.34 0.24
closuret+1 0.55 -0.11 0.28 0.07
closuret0 0.74 0.46 1.11 0.33
closuret−1 0.44 0.25 1.08 0.35
closuret−2 2.05 1.15 2.38 1.00
closuret−3 and forward 0.37 0.43 0.23 0.08

Own calculations based on Model II, Tables 5.3 and 5.4

tive and analyse the behaviour of the remaining hospitals with respect to their
quality of care.

We begin by documenting the validity of our definition of hospital closure.
There are several reasons why this is a non-trivial issue. First, we have multiple
sources of data on the timing of hospital closures based on (1) when they either
stopped reporting to the state agency, and (2) the closure date according to the lists
of different administrative sources. In either case, we are fundamentally interested
in whether this official or reporting-based closure timing corresponds to a clear
and sharp reduction of infant caseload. For instance, if the hospital had, for most
part, stopped treating infants a number of years prior to the date of official closure,
our closure variable would be measured with considerable error.

As we show in table 5.6, we find that empirically our definition performs
well. There is, indeed, a very sharp reduction in both infant and newborn caseload
around the time of closure. Here tc denotes the last year the hospital was in oper-
ation. We find a moderated decrease in both infant and newborn caseload during
the two years prior to the year of closure, i.e., but caseload in tc − 1 is relatively
close to that in tc − 3. In contrast, both infant and newborn caseload fall to zero
by the year after closure (tc + 1). Since we are using annual data, and the hospital
could close at any point in time during tc, we would expect a positive but reduced
caseload during tc, which is what we find.
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Table 5.6: Patients Discharged by Years Till Closure in the 36 closing infant
hospitals, 1989-2005

Total Infants Total Newborns
tc-3 706.85 663.59

(18.20) (17.91)

tc-2 677.09 633.17
(17.13) (16.78)

tc-1 627.95 590.52
(16.03) (16.09)

tc 295.27 264.34
(9.48) (9.53)

tc+1 0 0
(0) (0)

tc+2 0 0
(0) (0)

tc+3 0 0
(0) (0)

Impact of Closure on Incumbent Hospitals

In this section, we investigate how caseload and patient outcomes at incumbent
hospitals are affected by closure of facilities, where ”affectedness” is captured by
our measure of caseload pressure Sit as defined in Equation (5.6).

We restrict the panel to the 267 non-closing urban hospitals which treated at
least one infant each year over their time of existence. The hospitals in our sample
are quite heterogeneous in size, demographic characteristics of the patients, and
ownership. That is why we control for demographic aspects of the patients, year
and hospital fixed effects, and the number of infants treated in all of the following
models.

In Table 5.7 and Figure 5.3, we find clear evidence that total, infant, and new-
born caseload in affected incumbent hospitals rise in response to supply pressure,
Sit. In particular, we see a statistically significant rise between dates closuret+1

and closuret−1 for all cases, while the spurt dies out by date closuret−3 and after.
Reassuringly, we do not see any ”pre-trends.” There is no evidence of a change in
caseload during the two years prior to closure, i.e., between dates closuret+3 and
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Table 5.7: Effect of Closure on Affected Hospitals - Caseload

Total Patients Infants Newborns
closuret+3 0.079 0.019 0.016

(0.044)∗ (0.018) (0.016)

closuret+2 0.069 0.006 0.006
(0.038)∗ (0.012) (0.012)

closuret+1 0.071 -0.0005 -0.002
(0.041)∗ (0.013) (0.012)

closuret0 0.112 0.0002 -0.002
(0.052)∗∗ (0.014) (0.013)

closuret−1 0.404 0.092 0.083
(0.125)∗∗∗ (0.041)∗∗ (0.039)∗∗

closuret−2 0.407 0.068 0.06
(0.105)∗∗∗ (0.031)∗∗ (0.029)∗∗

closuret−3 and forward 0.033 -0.094 -0.088
(0.145) (0.052)∗ (0.050)∗

N 2,503 2,503 2,503

F-tests on difference in coefficients
(t+1)-(t+3) -0.0083 -0.0198 -0.0179

( 0.0432) ( 0.0179 ) ( 0.0168 )

(t-1)-(t+1) 0.3333 0.0928 0.0847
( 0.1141 )∗∗∗ ( 0.0386 )∗∗ ( 0.0372 )∗∗

(t-2)-(t+1) 0.3362 0.0681 0.0611
( 0.0934)∗∗∗ ( 0.0283 )∗∗ (0.0275 )∗∗

(t-3)-(t+1) -0.0377 -0.0934 -0.0864
( 0.1359 ) ( 0.0489 )∗ ( 0.0459 )∗

Robust standard errors below coefficients in parentheses.
Significance levels: *: 10%, **: 5%, ***: 1%. Estimated with controls and hospital and year
fixed effects.
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closuret+1. However, the increase seems to be temporary only. The results sug-
gest that the eventual entry of new hospitals or ambulatory medical care absorb
the increase in caseload.

Figure 5.3: Change of caseload of indirectly affected hospitals

a) Total Patients b) Infants discharged

c) Newborns discharged

Given that increase in caseload in affected hospitals, we next look at how clo-
sures may affect infant-related outcomes in those hospitals. We first estimate the
impact of closures on the incidence of infant and newborn mortality at incumbent
hospitals.12 For none of the mortality indicators or models do we find any clear
change in infant or newborn mortality in the affected hospitals. Moreover, the
standard errors are quite large, indicating limited power to draw a clear inference
based on our data (Table 5.8). Additionally, the F-tests provide significant results
for one specification (OLS, Model I) for one year only which should be interpreted

12Note that newborns are defined as only those newborns which had been born in at discharged
from the nursery as opposed to from other departments like intensive care units.
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Table 5.8: Effect of Closure on Affected Hospitals - Infant and Newborn Mortal-
ity

Infant Mortality Newborn Mortality
OLS Neg. Bin. OLS Neg. Bin.

closuret+3 -0.051 -0.005 0.082 0.027
(0.075) (0.026) (0.103) (0.026)

closuret+2 -0.008 -0.001 -0.027 -0.002
(0.111) (0.029) (0.144) (0.031)

closuret+1 0.083 0.002 0.028 -0.024
(0.062) (0.032) (0.083) (0.036)

closuret0 0.043 -0.004 0.068 0.006
(0.070) (0.032) (0.076) (0.034)

closuret−1 -0.064 -0.021 -0.051 0.009
(0.100) (0.030) (0.092) (0.031)

closuret−2 -0.173 -0.020 -0.165 -0.025
(0.121) (0.035) (0.125) (0.037)

closuret−3 and forward 0.056 -0.038 0.124 -0.033
(0.059) (0.031) (0.069)∗ (0.033)

controls yes yes yes yes
Obs. 2,260 2,384 2,260 2,273

F-tests on difference in coefficients
(t+1)-(t+3) 0.1339 0.0074 -0.0544 -0.0512

(0.1015) (0.0388) (0.1283) (0.0419)

(t-1)-(t+1) -0.1469 -0.0230 -0.0789 0.0330
(0.1185) (0.0403) (0.0888) (0.0431)

(t-2)-(t+1) -0.2561 -0.0221 -0.1929 -0.0012
(0.1360)∗ (0.0419) (0.1658) (0.0456)

(t-3)-(t+1) -0.0263 -0.0399 0.0961 -0.0086
(0.0784) (0.0390) (0.0936) (0.0425)

Robust standard errors below coefficients in parentheses.
Significance levels: *: 10%, **: 5%, ***: 1%. Estimated with controls and hospital and year
fixed effects.
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with care. Overall, we interpret these results to show that although there may be
some short run increases in mortality rates among infants on zip code level, we
cannot confirm these results for incumbent hospitals. However, the control vari-
ables show that indeed black and Hispanic children face higher death rates. As
expected, very low birth weight has the biggest impact on infant and newborn
mortality.

Nevertheless, we translate the coefficients of the affectedness measure in the
years around closure into number of additional deaths due to closure in a given
year analogously to the zip code level analysis. According to these calculations,
there will be a maximum of 1.43 more newborns dying (OLS) on average across
all 178 affected hospitals two years after each hospital closure compared to the
year t− 4 and earlier (minimum for that year: -0.44 additional infant deaths, Neg.
Binomial). However, we also find a reduction of 1.9 deaths per closure in the same
specification one year before.

Besides the mortality, we consider the four Patient Safety Indicators that are
related to birth: incidences of (1) birth trauma (injury to neonate) (2) obstetric
trauma (vaginal birth without instruments), (3) obstetric trauma (vaginal birth with
instruments) and (4) obstetric trauma (cesarean section), as well as the summary
or mean incidence measure ‘PSI-Index’. For the results compare Table 5.9.

For each of these, we also have risk adjusted ”expected” incidence for each
hospital/year, where the risk adjustment is based on age, gender, DRGs (which
account for diagnoses and treatments as well as case severity) and co-morbidities.
The expected PSIs are estimated by the software based on the hospital’s observed
case-mix in comparison to estimates of PSIs using information about all hospitals
in the US. The Risk Mix presented in the second column is calculated as the
average across these expected values of the Patient Safety Indicators. This Risk
Mix increases before closure in the affected hospitals and decreases afterwards.
That means that the additional caseload rather shows a lower case-mix than a
higher compared to the average population treated in that hospital before it had
been affected. It also suggests that there is some pre-trend in the case-mix of
affected hospitals which we do not capture fully with our control variables. The
average risk-mix is used as a control in the regression on the average PSI-Index
which we present in the first column. We find a weak pre-trend showing a decrease
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Table 5.9: Effect of Closure on Affected Hospitals - Birth Related Patient Safety
Indicators

PSI-Index Risk Mix Trauma
1 2 3 4

closuret+3 0.0020 -0.0004 0.0004 0.0070 -0.0000 -0.0009
(0.0008)∗ (0.0002)∗∗ (0.0007) (0.0040)∗ (0.0003) (0.0006)

closuret+2 -0.0005 -0.0001 -0.0002 -0.0020 0.0001 -0.0001
(0.0006) (0.0001) (0.0003) (0.0020) (0.0003) (0.0002)

closuret+1 -0.001 -0.00004 -0.0001 -0.0030 -0.0005 -0.0003
(0.0006)∗ (0.0001) (0.0002) (0.0020) (0.0003) (0.0001)∗

closuret0 0.0007 -0.0003 0.0002 0.0020 -0.0002 0.0007
(0.0004)∗ (0.0001)∗∗∗ (0.0003) (0.0010)∗∗ (0.0005) (0.0006)

closuret−1 0.0004 -0.0005 -0.0005 0.0020 0.0020 -0.0010
(0.0007) (0.0001)∗∗∗ (0.0003) (0.0030) (0.0020) (0.0007)∗

closuret−2 -0.0009 -0.0004 -0.0000 -0.0040 0.0020 -0.0010
(0.0005) (0.0002)∗∗ (0.0002) (0.0020)∗∗ (0.0009)∗∗ (0.0007)∗

closuret−3 -0.0010 -0.0005 0.0003 -0.0040 -0.0002 -0.0007
and forward (0.0006)∗ (0.0003)∗∗ (0.0007) (0.0020)∗∗ (0.0003) (0.0004)

Obs. 2,323 2,503 2,295 2,217 2,251 2,257

F-tests on difference in coefficients
(t+1)−(t+3) -0.0025 0.0004 -0.0005 -0.0101 -0.0005 0.0006

(0.0013)∗ (0.0002)∗∗ (0.0005) (0.0055)∗ (0.0004) (0.0005)

(t−1)−(t+1) 0.0015 -0.0004 -0.0004 0.0049 0.0024 -0.0009
(0.0007)∗∗ (0.0001)∗∗∗ (0.0002)∗ (0.0028)∗ (0.0017) (0.0005)

(t−2)−(t+1) 0.0002 -0.0003 0.0001 -0.0010 0.0025 -0.0010
(0.0005) (0.0002)∗ (0.0002) (0.0013) (0.0009)∗∗∗ (0.0006)∗

(t−3)−(t+1) -0.0000 -0.0005 0.0004 -0.0004 0.0003 -0.0004
(0.0003) (0.0002)∗∗∗ (0.0005) (0.0013) (0.0003) (0.0003)

Robust standard errors below coefficients in parentheses.
Significance levels: *: 10%, **: 5%, ***: 1%. Estimated with controls and hospital and year
fixed effects. Traumas: (1) birth trauma (injury to neonate), (2) obstetric trauma (vaginal birth

without instruments), (3) obstetric trauma (vaginal birth with instruments) and (4) obstetric
trauma (cesarean section)
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from a positive change to a negative change of that index in closuret+1 which is
shown to be significant when looking at the F-tests in the second half of the table.
We find a positive change in the year of closure and a weakly significant negative
change three years after closure and forward (closuret−3).

Comparing the single indicators, we do not identify any systematic pattern of
effects across all birth related safety indicators. However, we find that the results
for the PSI-Index are mainly driven by Trauma 2 and Trauma 3. While Trauma
2 shows a similar pattern to the average index with an increase in closuret0 and
a later decrease, Trauma 3 increases significantly in closuret−2 only. Trauma 4
decreases in the year before and one and two years after closure but only weakly.
Trauma 1 is not affected in any year around closure. This is interesting since we
showed that Trauma 1 is a strong predictor for hospital closure in Table 5.A-2.

While the results on zip code level suggest a short term increase in infant
mortality, this cannot be confirmed on hospital level. However, some of the Patient
Safety Indicators respond to the change but in mixed directions. We thus conclude
that there is no clear evidence of any increase or decrease in hospital quality which
may explain the conclusions we draw from the zip code data. One reason may be
that the increase in caseload for the affected hospitals seems to phase out three
years after the closure, probably due to entry of new hospitals or the switch to
other types of medical care like ambulatory care by the patients.

5.5 Conclusion

In this study, we have estimated the impact of hospital closure on infant mortality
in California using Patient Discharge Data and Birth and Deaths Profiles by zip
code from 1989 to 2005. Our estimates suggest that closures increased infant
mortality temporarily at the zip code level. Taking into account both direct and
indirect effects, the average closure of a hospital resulted in an average of 1 to 2.4
additional infant deaths across all affected zip codes two years after the closure,
while in the long run, the effect is insignificant or slightly negative. Regarding the
effects at hospital level, our results are inconclusive. The statistical power of most
of our tests is too weak to draw conclusions. Overall, our evidence suggests that
closing hospitals were the less important ones for providing access to infant care
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and that the impacts of these closures on quality competition have been modest in
the long run.

However, our findings of short run direct effects on zip code level suggest that
there may be some short run congestion effects that temporarily increases infant
mortality after a closure. That means that it takes patients a while to learn about
new hospitals (i.e. a type of patient adjustment cost) and our findings of short
run indirect effects suggest that short run congestion does temporarily negatively
impact infant mortality (i.e. hospital adjustment costs).

Our lack of mortality increasing long-run effects of the analysed closures are
little surprising. Parallel to the closure of hospitals, which we observe in our
sample, supply for infant care increased dramatically. Duggan (2000) reports
that there has been an increasing trend in private hospitals to establish neonatal
care clinics in the past decade that aim directly at low income patients. This was
one strategy to benefit from the generous insurance coverages for maternal and
neonatal care that were provided to low income earners via Medicaid. Similarly,
Currie and Gruber (1995) report that previous expansions in Medicaid coverage
lowered infant mortality significantly.

We see our study as partly methodological. Ours is the first analysis to dis-
tinguish between transitional and long run consequences of hospital closure. We
also distinguish between direct effects of closure and indirect effects through in-
creasing caseload at nearby hospitals. Additionally, in a literature dominated by
studies on heart attack and unintentional injury, our study is also the first to look
at the impact of closure on infant mortality.

However, similar to the studies on hospital mergers, our study lacks suffi-
cient precision when analysing the effects of closure on hospital level. For in-
stance, Gaynor (2006) identifies three possible reasons why Ho and Hamilton
(2000) cannot identify strong effects of hospital mergers: First, due to a small
number of mergers, standard errors are large and therefore there is little statisti-
cal power. Second, the identifying variation in both types of studies comes from
within-hospital variation over time. If that is not the primary source of variation
in outcomes, then the estimates of the parameters will be imprecise. Third, if
mergers occur for reasons related to hospitals’ changing circumstances over time,
then the hospital fixed effects will not control for endogeneity. He concludes that
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”Mergers may truly have had no impact on hospital quality [. . . ], or it may just be
very difficult to precisely test the hypothesis.” Our data reveals that hospitals do
not close randomly. It is rather small hospitals in decline which serve a high ratio
of black and Hispanic patients. This result is in line with Lindrooth and G. Bazzoli
(2003) claiming that most closing hospitals tend to be smaller, tend to serve low
income communities, and tend to have underutilised capacity before closure. We
therefore cannot interpret our effects of closure on health outcomes as causal, that
would equally apply if the larger and better performing hospitals would close.

Potential methodological improvements include a propensity score matching
approach both on hospital and on zip code level. Matching could overcome the
potential endogeneity of hospital closure and infant mortality. In future work, we
intend to also distinguish between short and long run effects of Neonatal Intensive
Care Units (NICU) closures. Incorporating NICU openings and closures will also
be useful as local changes in the number and type of NICUs may confound our re-
sults. Of further interest is the use of alternative health outcomes or the analysis of
hospital markets in other countries like Germany. Furthermore, it would be inter-
esting to differentiate by different sub-populations of infants or mothers to follow
the hypothesis that underprivileged groups are hit harder by reducing access to
care. Finally, distance measures as opposed to demand measures of affectedness
may provide additional insights.

5.A Appendix
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Table 5.A-1: Closing infant hospitals in sample, data from one year before the
last year of operation, ordered by year of last infant discharge

Name of facility City infants total year of final
discharged discharges infant closure close year

Thompson Med Center 454 2,800 1989 1997
Queen of Angels Med Ctr 1,899 8,530 1989 1989
Charter B.H.S.-Yorba Linda YORBA LINDA 1,060 3,441 1989 1998
Wheeler Hospital 589 3,337 1989 1989
Dominguez Medical Center LONG BEACH 3,090 9,298 1991 1991
Children’s Hosp at Stanford PALO ALTO 112 1,707 1991 1991

Hospitals closures used in dynamic specification
Avenal District Hospital AVENAL 24 447 1992 1998
Los Medanos Community
Hosp

SHORE ACRES 610 3,647 1994 2001

Desert Palms Community
Hosp.

LAKE LOS ANGE-
LES

169 2,614 1995 1996

West Valley Hospital CANOGA PARK 297 2,418 1995 2001
LAC/High Desert Hospital LANCASTER 37 1,636 1995 2003
SHC Specialty Hospital WESTLAKE VIL-

LAGE
436 2,447 1996 2001

Pioneer Hospital CERRITOS 1,861 6,737 1997 1997
North Hollywood Medical
Center

VALLEY VILLAGE 1,204 5,641 1997 1998

Shriner’s Hospital - San Fran-
cisco

SAN FRANCISCO 50 495 1997 1997

Siskiyou General Hospital YREKA 245 1,503 1997 1997
Stanislaus Medical Center MODESTO 234 3,546 1997 1997
South Bay Hospital REDONDO BEACH 423 2,265 1998 1998
Friendly Hills Regional Med
Ctr

LA HABRA
HEIGHTS

1,606 8,567 1998 1998

Valley Community Hospital SANTA MARIA 911 4,142 1998 1999
Alta Hospital District DINUBA 12 1,324 1999 2001
Edgemont Hospital LOS ANGELES 21 1,213 2000 2000
St. Francis M/C-Santa Barbara SANTA BARBARA 308 3,228 2000 2003
Lindsay District Hospital LINDSAY 599 2,279 2000 2000
Central Valley Orthopedic &
Spine Institute

SANGER 294 910 2001 2004

St. Luke Med. Ctr - Pasadena PASADENA 614 5,150 2002 2002

Granada Hills Community
Hosp

GRANADA HILLS 633 4,614 2003 2003

Santa Teresita Hospital BRADBURY 185 3,384 2003 2004
Orange Co Comm Hosp-Buena
Pk

BUENA PARK 343 3,146 2003 2003

Santa Ana Hospital Med Cen-
ter

SANTA ANA 1,391 3,373 2003 2003

San Luis Obispo General Hsp SAN LUIS OBISPO 321 1,389 2003 2003
Robert F. Kennedy Medical Ctr HOLLY PARK 941 7,491 2004 2004
Elastar Community Hospital EAST LOS ANGE-

LES
575 36,92 2004 2004

Northridge Hsp M/C-Sherman
Wy

VAN NUYS 2,640 11,065 2004 2004

San Jose Medical Center SAN JOSE 185 6,700 2004 2004
Orthopaedic Hospital LOS ANGELES 40 1,168 2005 2005

Sources: Patient Discharge Data, Utilization Data and list of all Californian hospitals of the
OSHPD, Kagan et al. (2001), California Hospital Association (2006)
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Table 5.A-2: Probability of closure based on urban Californian hospitals closing
after 1988 in our sample

all patients infants
discharges -0.0001 -0.0002

( 0.0000 ) ∗∗∗ ( 0.0001 ) ∗∗

change in discharges to t-3 -0.0001 -0.0002
( 0.0000 ) ∗ ( 0.0001 ) ∗

low income 0.6623 0.4926
( 1.0019 ) ( 0.9488 )

investor 0.2089 0.4463
( 0.3411 ) ( 0.3277 )

non-profit 0.0538 0.0858
( 0.3815 ) ( 0.3521 )

Hispanic [%] 1.4761 1.7830
( 0.7567 ) ∗ ( 0.6089 ) ∗∗∗

Black [%] 3.1942 2.6013
( 0.9878 ) ∗∗∗ ( 1.0914 ) ∗∗

Other races [%] 0.5340 -0.8551
( 2.9840 ) ( 1.6253 )

MediCal [%] 0.9805 -0.1597
( 1.2013 ) ( 1.0456 )

self paid [%] 0.2665 -0.3774
( 2.0102 ) ( 1.2499 )

private compensation [%] 1.9363 0.1876
( 1.1478 ) ∗ ( 1.1434 )

Trauma 1 8.1618 7.0561
( 3.0663 ) ∗∗∗ ( 2.6249 ) ∗∗∗

Trauma 2 -3.1840 -3.1534
( 1.7164 ) ∗ ( 1.7907 ) ∗

Trauma 3 4.1147 4.0225
( 5.2539 ) ( 5.1991 )

Trauma 4 11.8646 14.2684
( 11.5982 ) ( 11.3091 )

infant mortality [%] 19.1237 14.3416
( 20.7629 ) ( 18.7400 )

constant -3.0873 -2.6011
( 0.7777 ) ∗∗∗ ( 1.1245 ) ∗∗

N 3,803 3,803
Robust standard errors below coefficients in parentheses. Significance levels: *: 10%, **: 5%,

***: 1%. Estimated with year fixed effects. Clustered at hospital. Sample: urban hospitals
treating at least one infant in each year of existence after 1988, results based on 36 closures.

Traumas: (1) birth trauma, (2) obstetric trauma (vaginal birth without instruments), (3) obstetric
trauma (vaginal birth with instruments) and (4) obstetric trauma (cesarean section)
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Table 5.A-3: Effects on In-hospital and total infant mortality, preferred specifica-
tion, only directly affected zip codes

only direct In-hosp. Infant Mortality Total Infant Mortality
OLS NegBin OLS NegBin

closuret+3 0.018 0.010 0.007 0.000
( 0.053 ) ( 0.019 )∗ ( 0.061 )∗ ( 0.016 )

closuret+2 -0.049 -0.006 0.009 0.026
( 0.060 ) ( 0.020 ) ( 0.065 ) ( 0.017 )

closuret+1 -0.089 -0.055 -0.017 -0.045
( 0.052 )∗ ( 0.019 )∗∗∗ ( 0.064 ) ( 0.016 )∗∗∗

closuret0 -0.031 -0.026 -0.070 -0.026
( 0.055 ) ( 0.019 ) ( 0.068 ) ( 0.016 )

closuret−1 0.097 0.035 -0.007 0.022
( 0.051 )∗ ( 0.018 )∗ ( 0.062 ) ( 0.015 )

closuret−2 -0.015 -0.001 -0.038 -0.013
( 0.044 ) ( 0.016 ) ( 0.051 ) ( 0.013 )

closuret−3 -0.010 -0.005 -0.012 -0.005
( 0.008 ) ( 0.002 )∗∗ ( 0.008 ) ( 0.002 )∗∗∗

N 15,444 15,154 15,209 15,062
controls yes yes yes yes
weighted yes yes yes yes

F-tests on difference in coefficients
(t+1)-(t+3) -0.107 -0.065 -0.025 -0.045

( 0.076 ) ( 0.028 )∗∗ ( 0.093 ) ( 0.024 )∗

(t-1)-(t+1) 0.186 0.090 0.011 0.067
( 0.074 )∗∗ ( 0.027 )∗∗∗ ( 0.087 ) ( 0.023 )∗∗∗

(t-2)-(t+1) 0.074 0.054 -0.021 0.032
( 0.072 ) ( 0.025 )∗∗ ( 0.085 ) ( 0.021 )

(t-3)-(t+1) 0.080 0.050 0.005 0.039
( 0.052 ) ( 0.019 )∗∗∗ ( 0.064 ) ( 0.016 )∗∗

Standard errors below coefficients in parentheses (Robust for OLS).
Significance levels: *: 10%, **: 5%, ***: 1%. Estimated with controls and zip code and year

fixed effects.





Chapter 6

Conclusion

In the following section, we summarise the conclusions discussed in detail in each
of the four chapters.

Chapter 2, entitled Product Differentiation and Welfare in a Mixed Duopoly
with Regulated Prices: The Case of a Public and a Private Hospital is a the-
oretical contribution. It has shown that a mixed oligopoly can lead to the highest
welfare and quality when compared to a duopoly of two public or two private hos-
pitals and may come closest to the first-best solution. This result implies that it
can be best to privatise one or several public hospitals when a public hospital is
still present in the market.

The results rely on several assumptions: First, it is assumed that marginal
costs of production do not change after a change in hospital ownership, which
seems reasonable in the short run. Second, the underlying objective functions
may not reflect actual behaviour of the different ownership types. Third, if the
regulatory authority could perfectly discriminate prices i.e. set a price for each
hospital, first best could always be reached. Possible generalisations of this model
include the introduction of endogenous costs, location choice, choice of slack,
and the extension to more than two competitors. For future research on hospital
privatisation, it is essential to identify the objectives of different ownership types
empirically. Additionally, empirical studies of hospital competition should be
conducted in which not only prices and costs are accounted for, but also quality.

Chapter 3, entitled Cost and Technical Efficiency of German Hospitals:



126 Chapter 6. Conclusion

Does Ownership matter?, is the first to examine the cost and technical efficiency
of German general hospitals and its variation with type of ownership, location,
and patients’ characteristics. The results of international studies with respect to
most of the exogenous influences on hospital efficiency can be confirmed for Ger-
many. It is shown that private and non-profit ownership are associated with both
lower cost efficiency and lower technical efficiency compared to public owner-
ship in each of the years from 2001 to 2003. The results on cost efficiency rely
on the assumption that all hospitals seek to minimise costs, which has not been
empirically verified for any country, including Germany.

For further flexibility and for the application of advanced panel data methods,
the use of a longer panel dataset would be desirable to additionally capture un-

observed heterogeneity of the hospitals. However, given the data available so far,
applying these panel data models is only possible when assuming half-normal as
opposed to truncated-normal distributed inefficiency.

Chapter 4 presents results of a follow-up study, entitled Does higher Cost
Inefficiency imply higher Profit Inefficiency? Evidence on Inefficiency and
Ownership of German Hospitals. This study is the first to analyse both cost
and profit efficiency for German hospitals and to compare cost and profit effi-
ciency analyses based on one data set. In contrast to lower cost efficiency, private
and non-profit ownership are associated with higher profit efficiency compared to
public ownership in the time period from 2002 to 2005. This result is robust to
the choice of proxies used to measure profits, different estimation techniques and
different assumptions concerning the distribution of the inefficiency terms.

From the perspective of a policy-maker, cost reduction may be preferred to
profit maximisation in publicly financed markets. However, higher profits allow
hospitals to increase investments in their hospitals, e.g. in technologies that im-
prove outcome quality. Whether higher profits are associated with better health
care quality remains an open question. Thus, we cannot judge objectively for or
against privatisation for example with respect to cost-benefit criteria.

Further research has to investigate quality differences between ownership types.
Moreover, methodological improvements should be made by generalising the pro-
duction function from a Cobb-Douglas to a trans-log type or by applying more
advanced panel data analyses. Finally, the empirical models should incorporate



127

more behavioural aspects of hospitals by ownership types.
Chapter 5, entitled How Do Hospital Closures Affect Infant Health? Evi-

dence From California Patient Data, analyses the effect of hospital closures on
infant health care in California for the years from 1989 to 2005. The results are
two-fold: In the first part, on the level of the zip code of the patient’s residence, we
see a transitory increase in infant mortality in both directly (one year after closure)
and indirectly (two years after closure) affected zip codes. In the long-run, the ef-
fects phase out or become negative in some specifications in directly affected zip
codes. In the second part, we show that these developments in mortality cannot be
found in the remaining hospitals which suffer from higher caseload. Our study is
the first to distinguish between transitional and long run consequences of hospital
closure and between direct effects and indirect effects.

Similar to other studies on hospital mergers, our study lacks precision. A
possible explanation for the large degree of noise in our analysis is the small num-
ber of closures where mainly small hospitals close. Another explanation is that
within hospital or zip code variation may not be the primary source of variation
in outcomes. Potential methodological improvements include a propensity score
matching approach both on hospital and on zip code level to overcome the poten-
tial endogeneity of hospital closure and infant mortality. In future work, we intend
to distinguish between short and long run effects of Neonatal Intensive Care Units
(NICU) closures and openings. Of further interest is the use of alternative health
outcomes. Furthermore, it would be interesting to differentiate by different sub-
populations of infants or mothers.
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