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Abstract This paper uses a mixed effects model to

examine the temporal variation of cost efficiency in Swit-

zerland’s general hospitals. The variations in total costs,

the number of empty beds and the length of hospital stays

are analyzed using financial data from a sample of 168

hospitals operating from 1998 to 2003, as well as hospi-

talization records disaggregated to Diagnosis Related

Groups. Individual intercepts and random coefficients are

used to account for the unobserved time-invariant hetero-

geneity and the differences in temporal patterns across

hospitals and DRG categories. The analysis illustrates the

usefulness of mixed models to account for unobserved

factors such as quality, with a relatively weak assumption

that their temporal variations, rather than their initial lev-

els, be uncorrelated with efficiency changes. The results

indicate that hospitals have adopted measures to curtail

hospitalizations and reduce empty beds. The extent and

effectiveness of these measures vary significantly across

individual hospitals. However, there is no evidence in favor

of a particular ownership type or subsidization regime.

While the link between reduction rates of empty beds and

gains in cost-efficiency is statistically significant, the

expected association between shortening hospital stays and

cost-efficiency cannot be clearly established in the data.

Keywords General hospitals � Stochastic frontier �
Cost efficiency � Mixed models � Random coefficients

JEL Classifications C230 � I120 � I180 � L250 �
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1 Introduction

The increasing growth of health care costs in Switzerland has

raised public concern for containing the hospitalization

costs. Starting from 1994, together with the introduction of

the mandatory federal insurance law and its implementation

in 1996, the Swiss legislators have provided the cantonal

authorities with several discretionary measures to control

hospitals’ operating costs. Among these measures was the

gradual implementation of a prospective reimbursement

system based on Diagnosis Related Groups (DRG).1

Thus far, the implementation of DRG-based payment

system has been mainly limited to specific services such as

ambulatory visits and over-night hospitalizations. Aware of

the ongoing reforms, hospital managers are increasingly

engaged in the economical planning of their hospitalizations.

In particular, the mandatory DRG coding requirement for all

hospitalizations introduced in 1998 can be considered as a

preface to cost saving pressures. Policy debates reflect a
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1 DRG is a system of classification based on the required hospital

resources. DRG codes are assigned by patented computer programs

using information on diagnoses, complications/comorbidities and

procedures as well as patient’s age and gender. DRGs have been first

used by Medicare (the US health insurance program for the elderly) in

its case-based reimbursement rules, known as Prospective Payment

System. Hospitalization costs of each DRG are usually estimated by

statistical analysis of large samples of similar cases. In Switzerland,

this information is provided by ‘APDRG Suisse,’ a non-profit

association comprising of DRG users throughout the country.

123

J Prod Anal (2008) 30:155–168

DOI 10.1007/s11123-008-0105-7



common perception that certain types of hospitals do not

have strong incentive for a substantial improvement in their

efficiency. Small local hospitals, non-profit providers and

university hospitals have often been singled out as inefficient

providers.

Several studies tried to detect the efficiency differences

across different ownership and organization types (cf. Farsi

and Filippini 2006, 2008; Steinmann and Zweifel 2003).

The main difficulty of such analyses is that the efficiency

differences among hospital types might be biased by the

potential cost effects of unobserved exogenous factors.

However, the required simplifying assumption that the

unobserved heterogeneity is uncorrelated with efficiency

differences, has received little attention. This assumption is

particularly debatable if important factors such as quality

and/or case mix are not completely observed.

In this paper focusing on growth rates instead of levels of

efficiency, I get around the problem of unobserved hetero-

geneity to the extent that the temporal variation of omitted

variables is uncorrelated with efficiency changes. This is a

relatively weak assumption in that it allows correlation

between heterogeneity and initial values of efficiency.

Assuming that the hospitals have undertaken cost-saving

measures, I use a mixed effects model to estimate the

evolution of cost-efficiency over the ‘‘reform period’’

starting from 1998. Rather than searching for a reliable

estimate of a specific hospital’s efficiency at a given period,

the focus is upon hospital-specific rates of change in cost-

efficiency and their differences across hospital types.

Moreover, I analyze the relationship of efficiency changes

with observed decreases in empty beds and length of stays.

Such analyses can provide some insight on the overall

effectiveness of the cost-saving measures adopted by the

hospitals and their eventual impact on quality of service.

The data are based on a relatively rich panel of 168

general hospitals operating from 1998 to 2003 and about

108,000 records of the average length of hospitalization of

patients with similar DRG’s. The econometric specification

is based on a special version of the general parametric

framework proposed by Sickles (2005), or the mixed

effects model proposed by Kneip et al. (2003), combining

individual hospital and DRG fixed effects with random

coefficients of the time variables. The adopted model can

also be considered as an extension of the random effects

model proposed by Cornwell et al. (1990).

While pointing to significant efficiency differences

among hospitals regarding their cost-reduction efforts, the

results do not provide any evidence in favor of a particular

hospital ownership type or subsidization status. The anal-

ysis in general indicates that hospitals with relatively

important cuts in their empty beds are likely to have rel-

atively high efficiency gains. The evidence regarding the

hospitalization length is not conclusive. In most cases, the

cost reductions often expected from shortening hospital

stays do not appear to be significant.

The rest of the paper is organized as follows. Section 2

provides a critical discussion of the methods of efficiency

estimation and justifies the adopted methodology used in this

paper. The econometric specification and the explanatory

variables are described in Section 3. Section 4 summarizes

the data and provides the descriptive statistics of the main

variables included in the models. Section 5 presents and

analyzes the estimation results and Section 6 concludes the

paper with summary of main results and policy implications.

2 Methods

The estimation of firm-specific efficiency is a contentious

topic that has been subject of a great body of literature with

a variety of econometric models commonly referred to as

Stochastic Frontier Analysis. The application of these

models to hospitals has been questioned by several authors

(Newhouse 1994; Skinner 1994; Street 2003; Folland and

Hofler 2001). The main criticism lies on the aggregation of

a myriad of services provided by a hospital into a few

output measures, required by any practically manageable

multi-output cost function.

Despite these general criticisms the efficiency analysis

in health care sector remains commonplace (Hollingsworth

and Street 2006; Worthington 2004; Jacobs et al. 2006).

While admitting the limitations of their approach many

authors have adopted various measures for accounting for

output characteristics such as case mix severity indexes and

other distinctive hospital characteristics (Zuckerman et al.

1994; Linna 1998; Rosko 2001; Deily and McKay 2006;

Brown 2003). Other studies have used econometric mod-

eling strategies that have proved more robust in presence of

such heterogeneities (Liu et al. 2007; Bradford et al. 2001)

or panel data models that account for unobserved factors

through hospital-specific stochastic terms (Farsi and Fil-

ippini 2008).

The frontier literature is especially rich in panel data

modeling approaches with a variety of underlying

assumptions about temporal variations of efficiency. While

models such as Kumbhakar (1990) and Battese and Coelli

(1992) assume a uniform variation for all the firms, others

such as Kumbhakar (1991), Polachek and Yoon (1996) and

more recently Greene (2005) allow for stochastic variation

without any correlation over time. The latter models

include three stochastic components respectively for effi-

ciency, random noise and time-invariant heterogeneity.

While recognizing that the firm’s efficiency can con-

siderably change over time, a fully stochastic variation

over time implies an idiosyncratic nature for the temporal

changes. This is probably a too flexible assumption that
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ignores the fact that efficiency changes are driven by an

underlying learning process specific to the firm’s man-

agement and their efforts. As Alvarez and Schmidt (2006)

point out, even though the randomness appears to be quite

important, ‘over longer periods of time, skill persists while

luck averages away.’ Even assuming that firms constantly

face new technology shocks and market developments that

make their resulting productive efficiency look like a sto-

chastic variable, an independent identical time distribution

is unrealistic.

As Sickles (2005) points out, in many cases the para-

metric assumptions help to have a better interpretation of

the results. Therefore, a reasonable assumption would be to

assign a deterministic functional form for the temporal

variation of firm’s efficiency while allowing for changes in

the values of the parameters across individual companies.

This is the approach adopted by Cornwell et al. (1990)

through a quadratic function and Lee and Schmidt (1993)

with a linear function both with random coefficients that

vary across firms. The functional form and the variation of

the individual effects have been later extended to mixed

effects models and semi-parametric models respectively by

Kneip et al. (2003) and Sickles (2005). These models

reconcile the idea of heterogeneity with the need for

imposing a time structure upon efficiency changes.

Sickles (2005) provides a general framework for the

treatment of time-varying efficiency. He recognizes the

vulnerability of efficiency and productivity measures as

estimation residuals and ‘reduced form’ concepts that are

inevitably based on ad hoc econometric specifications.

With a series of Monte Carlo simulations and applying

several alternative specifications, the author highlights the

difficulties in identifying firm-specific and time-varying

efficiency. Sickles (2005) asserts that the robustness, flex-

ibility and precision are the most ‘important distinguishing

features’ that should be considered in model specification

strategies.

Lack of robustness can be due the reliance of many

frontier models on non-testable distribution assumptions

often required to distinguish random noise from the effi-

ciency term. For instance, the original frontier approach in

cross-sectional data (Aigner et al. 1977; Meeusen et al.

1977) assigns a half-normal distribution to efficiency and a

normal distribution to random noise. This model as well as

many later extensions relies upon skewed residuals to

produce any meaningful values for efficiency estimates. In

many cases, one of the stochastic components might easily

degenerate to zero because of a misspecification of the

explanatory variables. This sensitivity can be exacerbated

in panel data models that decompose the residuals into

three components instead of two.

Robustness can be achieved by relaxing the assumptions

on the distribution and correlation structures, usually at a

loss of precision or identification. For instance, considering

freely distributed fixed effects instead of random effects

allows more realistic assumptions about the potential cor-

relation between the individual effects and the explanatory

variables. However the fixed effects capture the unob-

served time-invariant factors, which if correlated with

efficiency, distort the pattern of efficiency differences

among the companies. In these cases, the potential esti-

mation bias in the overall efficiency can be anticipated

depending on the model.2 However, assessing the resulting

biases for individual companies is a matter of pure spec-

ulation. Therefore, using fixed effects requires an

assumption about the correlation of individual effects not

with explanatory variables, but with efficiency differences.

In this paper, recognizing that time-invariant differences

in efficiency are captured by the fixed effects, thus indis-

tinguishable from the remaining unobserved heterogeneity,

the fixed effects are used to ensure an unbiased estimation

of temporal changes in efficiency to the extent that they are

uncorrelated with temporal changes in other unobserved

factors. Therefore, the proposed model combines a fixed

effects approach for intercepts with random effects for time

variables representing various temporal patterns across

individuals.3 A formal description of this specification will

be presented in the next section.

Another important issue in the estimation of productive

efficiency is the study of the sources of inefficiency. The

reduced form of the frontier model does not allow in itself

an understanding of the inefficiency sources. As Sickles

(2005) elegantly points out, a ‘strong institutional under-

standing of the industry under study’ is required to choose

an adequate estimator among the available alternatives that

satisfy the generic properties. Given the existing discrep-

ancy and sensitivity issues in the frontier methodology (as

discussed earlier), most studies face a recurrent question

regarding the validity and reliability of efficiency esti-

mates, namely, whether these estimates are artifact of

2 The overall inefficiency is usually over-stated should the fixed

effects be interpreted as inefficiency as in Schmidt and Sickles (1984),

and understated if they are considered as external factors unrelated to

cost-efficiency as in Polachek and Yoon (1996) and Greene (2005).

Farsi and Filippini (2004) show how the efficiency differences could

reach implausible levels in the former case. As for the latter cases,

where inefficiency is identified as an additional skewed stochastic

term, this author’s experience suggests that the available algorithms

have a high risk of producing unreliable estimates of the fixed effects.

Farsi et al. (2005) propose a solution around the incidental parameters

problem by combining Mundlak’s (1978) specification to Greene’s

(2005) random effects model.
3 Sickles’ (2005) general framework can be applied with fixed effects

for temporal changes as well, however at a considerable loss of the

model’s degrees of freedom. For instance in a quadratic form for

temporal variations would require 3 fixed parameters for each

hospital, which might create a plausibility problem for short and

medium panels.
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sampling variations. A common approach is to explore the

statistical association between efficiency estimates and the

potential sources of inefficiency or to directly integrate

such relationships into the frontier model. This approach is

however plagued by the possible correlations with third-

party unobserved factors such as quality that could bias the

results. I argue that the effects of such correlations are

attenuated when the relationships are explored between the

growth/reduction rates instead of levels. In fact, focusing

on temporal changes allows us to reduce the heterogeneity

bias due to correlation with time-invariant factors.

For instance, unnecessarily long hospitalizations might

be a source of excess costs. This is surely a debatable issue

that has been subject of a number of papers. For instance

Carey (2000) provides evidence that the US hospitals,

facing the policy concerns about rising costs, have reduced

the lengths of hospitalizations. Her findings suggest how-

ever, that the extent of cost savings has been commonly

overstated. Other studies suggested that curtailing the

hospital stays has led to a deterioration of quality of care

and might have a counter-productive effect in the long run.

In Switzerland, there is a considerable variation in the

average length of stay (LOS) among hospitals with the

small local hospitals having significantly longer hospital-

izations, suggesting possible inefficiencies (Farsi and

Filippini 2006). Another potential source of inefficiency in

hospitals could be related to excess capacity. For instance

Gaynor and Anderson (1995) estimate that in the US, the

costs of empty hospital beds could amount to 9.5% of the

total costs.

Partial efficiency measures based on changes in length

of hospital stays and the number of empty beds could be

helpful in understanding how the hospitals have dealt with

those possible sources of inefficiency. In particular, mea-

sures based on LOS are less affected by aggregation bias

for, unlike cost data, the records of hospital stays are

generally available for individual patients. In this paper, in

addition to hospital costs, I use the average LOS at the

DRG level and average number of hospital’s empty beds.

The statistical relationships between these measures are

used to assess the differences in cost-cutting strategies

across various hospital types.

3 Model specification

The measure of hospital’s cost efficiency is based on a total

cost function with a Cobb-Douglas functional form.4 The

two complementary measures are the excess capacity

defined by the hospital’s average number of empty beds

and a measure of hospital’s excessive LOS based on the

average length of hospitalization. The working hypothesis

is that the hospitals have adopted measures to contain their

operating costs by improving their overall productive

efficiency, by reducing their excess capacity, or by cur-

tailing the hospital stays. Including individual fixed effects

allows a straightforward identification of the temporal

variation of each of the three variables without worrying

about the unobserved hospital’s time-invariant character-

istics5 and their potential correlation with the observed

explanatory variables.

The downside is that those efficiency differences across

hospitals that are stable over time are entirely captured by

the fixed effects, thus inseparable from other time-invariant

external heterogeneities. Therefore, any assessment of the

hospitals’ efficiency in a given year (relative to other

hospitals), is valid only to the extent that the hospitals do

not differ significantly with respect to their initial effi-

ciency before the reforms say in 1998. However, it should

be noted that the analysis in this paper and the policy

conclusions reported here, are strictly based on the tem-

poral changes of efficiency, thus do not require any

assumption on efficiency levels. Rather, the required

assumption here is that the efficiency gains or losses be

uncorrelated with the temporal changes of other unob-

served factors such as hospital quality.

The explanatory variables for the cost function include

two outputs namely, a DRG-adjusted number of hospital-

izations, a measure of ambulatory services offered by the

hospital, and three input factor prices i.e., labor price in two

categories, non-physician employees and employed phy-

sicians, and capital price. The average LOS and the number

of medical training positions (interns and medical students)

have also been included as output characteristics. For the

excess capacity the explanatory variables are specified as

follows: the number of hospitalizations and the share of

patients with private health insurance. The idea here is that

hospitals should adjust the number of available beds

4 The adopted cost function is similar to the specification used in

Farsi and Filippini (2008), with the difference that here because of the

presence of individual fixed effects, a number of variables that are

time-invariant or practically stable over time are excluded. Similarly,

the choice of Cobb–Douglas from as opposed to flexible forms such

Footnote 4 continued

as translog is motivated by the trade-off between flexibility and the

model’s degrees of freedom, especially restricted here because of

fixed effects. Moreover, we do not impose the restriction of linear

homogeneity in input prices, because as we see later in the data

section, the included input prices do not cover all the input factors.
5 These omitted characteristics could include hospital’s specialization

level, quality of service, and also case mix severity to the extent that

these factors depend on hospital location and long-term factors such

as medical staff and reputation. Concerning the case mix it should be

noted that the DRG adjustment (used in the specification) is only an

imperfect measure of severity, thus the within-DRG variations across

hospitals remain unobserved.
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according to the fluctuations in the demand and also to

accommodate the patients entitled to private rooms.

The analysis of hospitalization lengths has been con-

ducted at the DRG level. Namely, the dependent variable is

the average LOS for the patients within a given DRG

hospitalized in a given hospital-year. Individual fixed

effects are considered for each hospital-DRG group. In

addition to time variables, the total number of training

positions has been included as explanatory variable. The

findings in previous studies such as Rogowski and New-

house (1992) and Simmer et al. (1991) suggest that

hospitals with more teaching activities are likely to have

longer hospitalizations.6 As shown by Martin and Smith

(1996), the length of stay could depend on several patient

characteristics that cannot be summarized in the DRG

categories, thus remain among unobserved variables in the

present analysis. Part of such variations should be captured

by the hospital-DRG fixed effects.

The definition and the summary statistics of all the vari-

ables included in the models will be provided in the data

section. Now we turn to the econometric specification: The

cost model is based on a mixed effects model written as:

ln Cit ¼ b ln Xit þ cZi þ qt þ ut2 þ ai þ uit þ eit; ð1Þ

where i and t represent the hospital and year respectively

with t = 0 representing the first year covered in the

sample; C is the total costs; lnXit is the vector of time-

varying explanatory variables expressed in logarithm; Zi is

a vector including all the hospital-specific characteristics

that do not vary with time; and b; c; q;u½ � is the vector of

regression coefficients. The stochastic terms ai and eit

respectively represent the hospital’s individual effect and

the random noise. Finally uit is the inefficiency (here excess

costs) of hospital i at year t, specified as a quadratic

function of time:

uit ¼ ui0 þ dit þ hit
2; ð2Þ

with ui0 representing hospital i’s initial inefficiency at year

t = 0, di and hi are random coefficients with a multivariate

normal distribution, specified as:

di

hi

� �
�Nð0;RÞ; with R ¼ r2

1 r12

r12 r2
2

� �
; ð3Þ

where ðr1; r2; r12Þ are the parameters to be estimated. The

residual term eit is assumed to be normally distributed with

zero mean: Nð0;r2
e Þ and the individual effects ai are

assumed to be constant fixed effects.

The mean values of the random coefficients ðdi; hiÞ have

been set to zero. This is a simplifying assumption that

allows the parameters ðq;uÞ to be identified, while rec-

ognizing that the hospital costs might follow a growth

pattern that is not related to hospitals’ efficiency, but due to

external factors, such as the general progress in medical

treatments and pharmaceuticals that are increasingly more

costly. Such temporal variations that are not captured by

the explanatory variables included in the model, are

assumed to be more or less similar for all hospitals, thus

represented by the average growth in costs captured by

parameter pair ðq;uÞ:
Noting that because of the presence of the fixed effects the

coefficient vector c cannot be identified, the model in Eqs. 1

and 2 can be easily transformed to a random-coefficient

model on the deviations from hospital mean, written as:

Di ln Cit ¼b � Di ln Xit þ q � Dit þ u � Dit
2 þ di � Dit

þ hi � Dit
2 þ eit; ð4Þ

where Dixit for a generic variable xit is defined as the

deviation of the variable from its mean value ð�xiÞ within

hospital i:

Dixit ¼ xit � �xi ; with �xi ¼
1

Ti

XTi

t¼0

xit; ð5Þ

and Ti is the number of periods for hospital i.
As it can be seen the above specification does not allow

a separate identification of the unobserved heterogeneity

represented by fixed effects ai and the initial inefficiencies

denoted by ui0. Both of these terms along with the time-

invariant variables Zi (including the intercept) are canceled

out in the within transformation. It is important to highlight

that while being useful for an effective estimation of the

temporal variations free from time-invariant heterogeneity,

the fixed effects capture all the ‘between’ variation, namely

the long-term and persistent differences across hospitals.

Therefore, the marginal effects and elasticities estimated

from this model are strictly driven from within-hospital

variations that are generally of a transient short-term nat-

ure. The implication is that the estimated results can only

be used to predict quantities or behaviors that entail a

limited range of variation comparable to the within-hos-

pital variations in the sample. This caveat is particularly

important for technological characteristics of the produc-

tion function such as returns to scale, that are best

identified through long-term differences between hospitals

with different scales of production.

The model used for the analysis of the hospitals’ excess

capacity is similar to that described in Eq. 4 with the dif-

ference that the dependent variable is the number of

hospital’s empty beds (instead of total costs) and includes

its own the explanatory variables X. Another difference is

that unlike costs, there is no reason other than efficiency

improvement that the excess capacity should uniformly

6 In line with the Rogowski and Newhouse, we assume that this

effect is a result of ‘indirect’ costs of training medical students rather

than hospital’s inefficiency suggested by Simmer et al. (1991).
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grow or decrease among all hospitals. Therefore it is rea-

sonable to relax the zero-mean assumption for the

individual random coefficients. Thus, the resulting speci-

fication can be written as:

Di ln Eit ¼ be � Di ln Xit þ de
i � Dit þ he

i � Dit
2 þ ee

it; ð6Þ

where E is the number of empty beds and superscript e

denotes parameters related to excess capacity; and the

random coefficients are specified as:

de
i

he
i

� �
�Nðle;ReÞ; with le ¼ qe

ue

� �
;Re

¼ ðre
1Þ

2 re
12

re
12 ðre

2Þ
2

� �
: ð7Þ

The analysis of hospitals’ average length of stay (LOS)

has been conducted at DRG level observations. Denoting

DRG group by subscript j, the model specification for this

analysis can be formulated as:

Dij ln Lijt ¼ bl � Dij ln Xijt þ dl
ij � Dijt þ hl

ij � Dijt
2 þ el

ijt;

ð8Þ

where Lijt is the average LOS for DRG group j hospitalized

in hospital i during period t; superscript l denotes

parameters related to LOS equation; and the random

coefficients and the within operator are respectively

defined as:

dl
ij

hl
ij

 !
�Nðll;RlÞ; with ll ¼ ql

ul

� �
;Rl

¼ ðrl
1Þ

2 rl
12

rl
12 ðrl

2Þ
2

� �
; ð9Þ

Dijxijt ¼ xijt � �xij ; with �xij ¼
1

Tij

XTij

t¼0

xijt; ð10Þ

where Tij is the number of periods for patients with DRG j

treated in hospital i.

The random-coefficient models described in Eqs. 4, 6

and 8 will be estimated using the EM algorithm. Based on

the estimated parameters and the obtained residuals for each

hospital, the hospital specific parameters are calculated

using a conditional Bayesian predictor denoted hereafter, by

a superposed symbol ^. The changes in excess7 costs,

capacity and LOS for a given hospital i as well as the sec-

tor’s growth in total costs due to technological progress can

therefore be identified compared to the beginning of the

sample period (1998). These temporal changes are respec-

tively specified as:

Excess Costs: Dui ¼ d̂it þ ĥit
2

Excess Capacity: Due
i ¼ d̂e

i t þ ĥe
i t2

Excess LOS: Dul
i ¼ d̂l

it þ ĥl
it

2

Sector’s Cost Trend: Dc ¼ q̂t þ /̂t2

ð11Þ

In order to test the statistical significance of efficiency

differences across different ownership/subsidy types, I

apply the Kruskal and Wallis (1952) rank test to the

predicted random coefficients di; hi; d
e
i ; h

e
i ; d

l
i and hl

i; as well

as the estimated total changes realized over the sample

period.8

4 Data

The data used in this paper consist of two data sets covering

214 general hospitals operating in Switzerland from 1998 to

2003.9 These data include a ‘‘hospital-level data set’’ based

on hospitals’ financial and administrative data (SFSO

1997a), and a ‘‘DRG-level data set’’ extracted from medical

records of individual hospitalizations,10 including the aver-

age LOS and the number of cases by hospital, year and DRG

categories (SFSO 1997b). While the hospital-level data set is

used for the analysis of cost-efficiency and excess capacity,

the analysis of hospital stays is based on the DRG-level data.

The latter data are also used to calculate an average DRG cost

weight for each hospital-year that is merged into the hospital-

level data. This average cost weight represents a measure of

the severity of the patient mix, used for adjusting the number

of admissions (more on this later).

The available data contain a number of missing values

and invalid observations. In order to have a sufficient

number of sample points over time, about 36 hospitals that

have been covered for less than 3 years are excluded from

the sample: In fact, the quadratic form of temporal changes

requires at least three values for a reasonable identification

of individual parameters. Moreover, an adequate efficiency

analysis requires a sample of comparable hospitals that

satisfy the basic assumptions of the model. Therefore, ten

hospitals that have changed ownership status over the

sample period are also excluded. Given that the ownership

changes are probably related to efficiency reasons,

7 I use the word excess in a narrow sense, to denote the temporal

changes that cannot be explained by the changes in variables included

in the model.

8 Kruskal–Wallis test is a non-parametric test that has been often

used in frontier analysis (Singh and Coelli 2001; Grosskopf et al.

2001). An alternative approach would be to include type indicators as

interaction terms in the regression models and test their significance. I

preferred the non-parametric test because of its robustness to

distribution assumptions.
9 Specialized clinics, rehabilitation centers and other long-term

facilities are excluded.
10 The original data base includes about a million records by DRG

and admission categories.
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assuming constant parameters for efficiency changes

ðdi; hiÞ is not realistic for these hospitals.11 In addition a

few extremely small hospitals (with less than ten beds)

were excluded. Although officially classified as general

hospitals, these hospitals appear to belong to a special

category of local hospitals whose services might deviate

from the short-term treatments commonly provided in

general hospitals. The final hospital-level sample includes

863 observations from 168 general hospitals.12

As for the DRG-level data, the adopted sample has been

restricted to the hospitals that have been included in the

hospital-level data set and the observations that are based on

three or more inpatient cases with hospitalizations longer

than 24 h, from the DRG categories that have a clear defi-

nition13 according to the Swiss AP-DRG classification

version 4.0 (APDRG Suisse 2003). The final sample, after

excluding severe outliers,14 consists of 108,227 observa-

tions from 162 general hospitals, 492 AP-DRG categories,

826 hospital-year groups and 23,281 hospital-DRG groups.

From the 492 DRG’s included in the sample, 223 are

classified as surgical procedures. In terms of the number of

hospitals and the composition of hospital types regarding

ownership, university hospitals and also the distribution

across different regions, this sample is very similar to the

hospital-level sample used for the analyses of cost and

excess capacity. A descriptive summary of the main vari-

ables included in the models is provided in Table 1. In the

rest of this section these variables will be described.

The main measure of hospital output is taken as a DRG

adjusted number of hospitalizations (cf. Linna 1998; Rosko

2001; Heshmati 2002), obtained by multiplying total

admissions by an average DRG cost weight calculated for

each hospital-year.15 Since the number of outpatient cases

is not available in the data, the ambulatory output is

approximated by the corresponding revenues adjusted for

inflation. This approximation is based on the assumption

that the average unit price of ambulatory care is similar

across hospitals.

Three input factors are considered: capital, physicians’

input and all other employees’ labor. Similar to Wagstaff

and Lopez (1995) and Rosko (2001), capital prices, are

approximated by the hospital’s total capital expenditure

divided by the number of available beds in the hospital.

Labor prices are calculated by dividing total salaries by the

number of remunerated days. Physicians and non-physi-

cians are considered as two separate labor inputs similar

(cf. Folland and Hofler 2001; Scuffham et al. 1996). The

physicians’ labor price represents the average salary of

those employed by the hospital and exclude honoraries and

fees, accounting on average for about 5% of the hospital’s

total costs, usually paid to both employed and unemployed

physicians. Both labor prices are proportionally adjusted

for social benefits, accounting on average, for about 9% of

total costs with the proportions being the respective shares

of each group’s salaries. This adjustment captures the

potential variation in social benefits due to differences in

pension funds as well as the age and seniority of the

employees mix.

In line with most hospital cost studies in the literature

(with a very few exceptions such as Rosko 2001), the input

prices are assumed to be exogenous. This simplifying

assumption usually reflects the difficulty of finding rea-

sonable instrumental variables to account for such

endogeneities. Here, the hospital fixed effects alleviate the

problem, to the extent that the price endogeneity is time-

invariant sources. Moreover, I argue that the problem is

less severe in Switzerland, where given the strong restric-

tions in the labor market, the relative uniformity of capital

markets, and the strong monitoring system for quality and

maintenance, the hospitals’ ability in affecting the prices

are relatively limited.16

The three input factor prices considered in the model

correspond to about 70% of total costs in a typical hospital

included in the sample. The available data do not allow an

appropriate calculation of the prices of remaining inputs

such as medical materials, food, water and power as well as

physicians’ fees and other personnel charges. The excluded

prices might vary over time and across hospitals. The time-

11 Such an assumption might bias the estimated differences across

different ownership types. Assuming a sudden structural change in

parameters after the conversion year is also unrealistic, because the

ownership changes are usually long processes and the converting

hospitals might undergo gradual changes prior to conversion. See

Farsi (2004) for some evidence on this issue.
12 A series of probit analyses and t-tests indicated that the excluded

observations are not related to an obvious selection of hospitals

regarding size (number of beds) or ownership/subsidy types. In any

case, given the presence of fixed effects in the model sample selection

is not expected to affect the results.
13 The DRGs described by ‘other’ or ‘non-specified’ were not

considered.
14 About 1,600 severe outliers with average LOS greater than

36.4 days (three times the inter-quartile range) were excluded.
15 The average cost weight for any given hospital-year is calculated

form the medical data, by dividing the weighted sum of the number of

admissions (with weights being the DRG cost weights according to

Swiss AP-DRG version 4.0), by the total number of cases. This provides

a single measure of inpatient services in contrast with Brown’s (2003)

approach with multiple groups with similar DRG weights.

16 In any case the focus of this study is on efficiency estimates and

the endogeneity bias in the price coefficients is of secondary

importance. The possible impact of endogeneity on efficiency

estimates is an open question that depends on whether a company’s

intentions in changing their inputs are interpreted as a quality-neutral

effort to improve efficiency or as an intentional change in the quality

of inputs. In the latter case, by including the input prices we can

provide more realistic values of efficiency adjusted for quality

differences, even though the price coefficients are obviously biased.
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invariant differences are captured by the hospital fixed

effects, thus cannot bias the results. As for the temporal

variations in the excluded prices, they are partly captured

by the time variables included in the cost model, otherwise

are assumed to be uncorrelated with temporal variations of

efficiency.

The average length of hospitalization has been included

in the model (Vita 1990; Scuffham et al. 1996; Carey

1997). In addition to representing hospital’s ‘hotel ser-

vices’ like nursing care and accommodation (Breyer 1987),

this variable provides a measure of severity of the case mix

within each DRG. In fact, there is a considerable variation

among patients within a DRG, as indicated by the wide

range of acceptable hospitalization length provided by the

Swiss DRG Association (APDRG Suisse 2003).

Hospitals’ costs can also be affected by the number of

specializations and services offered in a hospital. Here we

assume that these factors are time-invariant, thus captured

by the fixed effects. The shortcoming of the analysis is

mainly related to the quality of care. In fact, it is reasonable

to consider that by improving cost-efficiency, certain

quality aspects of health care might be compromised. We

do not have any reliable data on any measure of quality in

Swiss hospitals that show a reasonable variation over the

sample period. It should be however noted that the evi-

dence on the effect of quality measures on hospital costs is

not conclusive. Zuckermann et al. (1994), Rosko (2001)

and Vitaliano and Toren (1996) conclude that quality

indicators do not have significant cost effects, whereas

others such as Folland and Hofler (2001) suggest a sig-

nificant effect for structural quality measures such as bed

availability and the share of board-certified physicians.

The measure of excess capacity is based on the average

number of empty beds in a given hospital-year. This is

obtained by subtracting the number of available beds by the

total number of patient days divided by 365. The semi-

hospitalizations (inpatient stays shorter than 24 h) are

considered as 1-day hospitalization. The data show some

discrepancy in this measure particularly several negative

values. These values have been re-calculated using an

Table 1 Descriptive statistics

Mean Std. Dev. Min. 1st Quartile Median 3rd Quartile Max.

Hospital’s total costs (CHF ‘000) 69,655 124,286 924 15,657 32,592 65,129 884,764

Number of hospitalizations 6,306 7,128 116 1,845 4,096 7,871 50,774

Number of hospitalizations (AP-DRG adjusted) 5,400 7,065 76 1,370 3,123 6,568 49,251

Average total cost per hospitalization (CHF ’000) 10.02 6.38 1.76 7.04 8.74 11.21 90.13

Number of patient-days 51,619 58,348 1,068 19,570 32,470 57,419 410,140

Average length of hospitalizations (days)a 10.4 6.6 2.0 6.6 8.4 11.5 57.6

Hospiatl’s outpatient revenues (CHF ’000) 10,752 20,458 0 1,301 4,118 10,281 144,802

Hospital capacity (number of beds) 175.2 202.0 12 63 104 210 1277

Excess capacity (average # of empty beds) 35.1 52.3 1 10 20 40 523

PK (capital price) CHF ’000 per bed 28.04 26.68 1.46 11.05 17.19 36.28 242.57

PL-physiciansb (CHF per day) 334.51 114.22 66.80 263.03 321.15 393.43 781.63

PL-other employeesc (CHF per day) 178.11 33.09 69.43 158.91 176.98 196.85 302.01

Number of medical training position 41.6 91.3 1 6 14 31 583

Share of private-insurance admissionsd 0.28 0.22 0.00 0.15 0.22 0.31 1

Average length of full hospitalizations excluding semi-hospitalizations (days)

Hospital-level sample 11.3 6.4 3.7 7.8 9.0 12.3 57.6

DRG-level sample 9.7 6.1 1.0 5.2 8.0 12.6 36.3

Average AP-DRG cost weight

Hospital-level sample 0.806 0.110 0.520 0.740 0.789 0.854 1.334

DRG-level sample 1.008 0.783 0.112 0.582 0.795 1.161 21.597

Unless stated otherwise, the numbers are based on the hospital-level sample

The hospital-level sample includes 863 observations from 168 hospitals (1998–2003)

The DRG-level sample includes 108,227 observations from 492 AP-DRG categories

All monetary values are adjusted by the global consumer price index relative to 2003 prices
a Semi-hospitalizations (shorter than 24 h) are considered as 1-day hospitalizations
b Employed physicians’ average salary, adjusted for social benefits and excludes fees
c Average salary (adjusted for social benefits) of all hospital employees except physicians
d Based on hospital discharges; includes cases with private and semi-private insurance
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alternative measure of hospital’s available beds namely,

the number of hospital’s bed-days. The ownership status

and subsidization form have been considered in four cat-

egories as described in Table 2.

5 Results

Table 3 provides the regression results of the hospital-level

analysis based on Eqs. 4, 6 and 8, respectively for total

costs, excess capacity and LOS. The results of the cost

model point to considerable effects of hospital stays on

costs. The variation of other factors such as ambulatory

services and the training positions though being statisti-

cally significant are practically limited to a few percentage

points in terms of elasticity. The estimated coefficients are

mostly significant and generally have the expected signs.

As discussed earlier, considering that the between-hospital

variations are entirely suppressed in the hospitals’ indi-

vidual fixed effects, the estimated coefficients here might

be inadequate for any inference about the technological

characteristics such as returns to scale.17 Therefore, in the

following discussion we focus on the efficiency estimates

and their variations.

The estimation results of the cost analysis (Table 3)

point to a pattern of increasing growth in hospital’ oper-

ating costs, as suggested by the positive coefficients of the

time variables with an average growth rate of about 1.6%

per year. The results also suggest that the temporal changes

are significantly different from one hospital to another, as

shown by the statistically significant values for the variance

of the random effects. The negative covariance between the

two random coefficients is consistent with the fact that any

growth (decline) is likely to slow down with time. The

negative correlation implies for instance, that hospitals that

start to cut the costs earlier and more aggressively, will

have a relatively lower success later.

The estimation results from the analysis of excess

capacity (Table 3, the middle column) indicate that hos-

pitals have decreased their empty beds with a substantial

average rate of about 8.6% per year. The negative effect of

number of admissions suggests that hospitals with greater

outputs have been downsizing more, perhaps because of

their greater margins for demand fluctuations.18 As

expected the share of private-insurance patients shows a

positive effect on excess capacity, however, the coefficient

is not statistically significant. Similarly the results indicate

significant variation across hospitals regarding the empty

beds.

Finally the last column (Table 3) provides the results of

the DRG-level analysis of the length of hospitalizations. As

seen in the table, the estimated annual rate of decrease in

LOS is about 2% on average. The number of training

positions has a positive but statistically insignificant on

LOS. The fixed effects at the hospital-DRG groups are

expected to capture the differences among DRGs regarding

the potentials for reducing LOS, thus decreasing the pos-

sible aggregation biases due to different distributions of

DRGs across hospitals.19 These results also indicate a

significant variation LOS’s temporal variations, across the

included hospitals and also among the DRG groups.

The considerable variation of temporal patterns across

individual hospitals suggests that the study of the variations

between hospital types could be used to test hypotheses

regarding the efficiency patterns in the hospital sector.

Before turning to the results of these statistical tests, it is

worthwhile to summarize the overall efficiency trends. The

average estimated time effects from Table 3 are illustrated

in Figure 1. These variations are obtained from Eq. 11

averaged over hospitals. As can be seen in the figure, over

the 5-year span in the sample period (1998–2003) a typical

hospital’s costs have grown about 14%. This is while the

length of hospital stays and the number of empty beds have

decreased by about 10% and 18% respectively. The sub-

stantial rate of decline in LOS and hospital empty beds

shown in the figure is indicative of hospitals’ considerable

efforts to contain costs.

The considerable growth in the sector’s costs is con-

sistent with the growth of hospital costs in many countries,

reported in previous literature. This growth has been often

associated with new medical procedures and pharmaceu-

ticals as well as the extension of life expectancy. These are

obviously external factors that are modeled by average

Table 2 Number of hospitals by category (1998–2003)

Ownership/subsidy status Frequency Percent

Non-subsidized for-profit (FP) 27 16.07

Non-subsidized non-profit (NP) 16 9.52

Public (PUB) 81 48.21

Private subsidized (SUB) 44 26.19

Total 168 100

17 The presence of fixed effects can also explain the lack of statistical

significance for some of the variables. Compare for instance with the

estimation results reported in Farsi and Filippini (2008).

18 This can also be explained by the mechanical negative relationship

between admissions and the number of empty beds. Such a

relationship might create endogeneity bias in the hospital-specific

estimates of growth in excess capacity. However, a preliminary

analysis showed that excluding the number of admissions from the

model does not cause much difference.
19 An additional analysis of LOS aggregated at the hospital level

(available upon request), indicates an average decrease of about 3.3%

per year in the length of hospitalizations, suggesting an upward

aggregation bias. All other coefficients are very similar to those

reported in Table 3.

J Prod Anal (2008) 30:155–168 163

123



trends in the model specification used in this paper. The

hospital-specific inefficiency is defined as the hospital’s

excess costs as compared to the average increasing trend

shown in Fig. 1. A useful way of investigation the rela-

tionships between costs and other measures, is by dividing

the sample into two groups namely hospitals that improved

on cost-efficiency and those who showed an efficiency loss.

These two groups correspond respectively to negative and

positive values for Dui at the end of the sample period

(t = 5) obtained from Eq. 11. The average temporal vari-

ations of excess costs, capacity and LOS in these two

groups are depicted in Figs. 2 and 3, respectively.

Figure 2 shows that the 81 hospitals that had an effi-

ciency gain (in costs) have also considerably cut their

hospital stays and empty beds. Compared to the overall

patterns in Fig. 1, these hospitals, while having a relatively

high reduction in excess capacity, are not much different

from average in terms of LOS. Similarly, the average

changes in excess LOS the 87 hospitals with declining cost

efficiency over the sample period (Fig. 3) show a change of

LOS that is totally comparable to the overall average trends

(Fig. 1). However, the excess capacity takes a somewhat

milder reduction here. The trends in both groups of hos-

pitals show an average change of about 8% points in cost-

efficiency over the sample period. This might suggest a

reasonable targeting benchmark that is comparable to the

2–3% annual efficiency gain targets set by the UK health

care authorities (Jacobs and Dawson 2003).

A comparison between Figs. 2 and 3 points to a dis-

tinctive difference in excess capacity changes between the

two groups, suggesting that empty beds have a crucial

impact on cost-efficiency. However, it should be noted that

Table 3 Estimation results

* Means significant at 5%;

Standard errors are given in

parentheses; all variables except

share of private insurance

admissions are in logarithms;

the hospital-level sample

includes 863 records from 168

hospitals; the DRG-level sample

includes 108,227 observations

from 492 AP-DRG’s treated in

162 hospitals; the sample period

covers from 1998 through 2003

Total costs Excess capacity Length-of-stay

Number of hospitalizations (AP-DRG adjusted) 0.300*

(0.018)

Outpatient revenues 0.025*

(0.008)

Average length of hospitalizations 0.228*

(0.022)

PK (capital price) 0.124*

(0.008)

PL-physicians 0.008 (0.013)

PL-others 0.050*

(0.021)

Number of training positions 0.021*

(0.010)

0.0046

(0.0046)

Time (linear trend) 0.016*

(0.006)

-0.086*

(0.035)

-0.019*

(0.0022)

Time (squared) 0.002*

(0.001)

0.010

(0.006)

-0.00034

(0.00039)

Number of hospitalizations -0.447*

(0.112)

Share of private-insurance admissions 0.147

(0.208)

r1 0.062*

(0.006)

0.317*

(0.036)

0.187*

(0.0027)

r2 0.011*

(0.001)

0.053*

(0.007)

0.032*

(0.00051)

r12 -0.894*

(0.027)

-0.915*

(.024)

-0.936*

(0.0023)

re 0.040*

(0.001)

0.287*

(0.009)

0.220*

(0.00061)

Log likelihood (restricted) 1288.16 -305.90 -1958.14

Number of observations 863 863 108,227

Observation unit Hospital-year Hospital-year DRG-hospital-year
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the variation among individual hospitals are ignored in the

average trends illustrated in these figures.20 A statistical

analysis of the correlations between these efficiency mea-

sures can be used to assess the relative importance of

hospital stays and excess capacity.

The differences between ownership/subsidy groups lis-

ted in Table 2 are analyzed with a series of Kruskal–Wallis

and t-tests with unequal variances. The results generally

suggest that the differences across hospital types are due to

sampling error, not a systematic difference in the under-

lying distribution. The observed significance level was

generally higher than 10% and the results were confirmed

using only the linear trends or the resulting change over the

5-year span of the sample. Similar results were obtained for

all three measures namely, changes in cost-efficiency,

excess capacity and LOS.

Noting that the variation among individual hospitals

often dominates the variations between hospital types,21 an

important question is whether improvement in cost-effi-

ciency are positively correlated with other measures like

limiting the empty beds and shortening hospitalizations,

presumably aimed at cost reductions. In order to see an

overall picture, the correlation matrix between these mea-

sures is provided in Table 4. The listed coefficients are

based on Spearman’s rank correlation between the esti-

mated rises for each hospital over the 5-year span, obtained

by substituting t = 5 in Eq. 11. The correlation coefficients

are also provided for the two sub-samples with a gain or

loss in cost-efficiency, corresponding to Duiðt ¼ 5Þ smaller

or greater than zero respectively.

The numbers estimated on the entire sample (first two

columns) indicate a positive and significant correlation

between efficiency measures related to excess cost and

excess capacity suggesting that hospitals that have been

able to decrease the empty beds are also successful in

cutting costs. This statement does not apply to hospital

stays: The null hypothesis of independence between excess

costs and excess LOS cannot be rejected at any reasonable
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Fig. 1 Temporal variation of costs, excess capacity and LOS

(168 hospitals)
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Fig. 2 Variations in hospitals that improved in cost-efficiency

(81 hospitals)
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Fig. 3 Variations in hospitals that declined in cost-efficiency

(87 hospitals)

20 Interpreting the average trends without statistical correlations,

could be misleading. For instance, as we see later the excess costs and

excess LOS show a positive correlation in the hospital group with

efficiency loss, which might seem contradictory to the opposing

trends in costs and LOS in Fig. 3. However, a positive correlation

does not necessarily imply similar average trends. Rather, it implies

that the hospitals that are located above the LOS curve are likely to be

above the excess capacity curve as well. Another interesting point is

the close coincidence of LOS and cost curves in Fig. 2, but the lack of

statistically significant correlation between the two measures in that

group (as we see later).

21 In addition to ownership types, we studied the differences among

five typologies based on size and specialization (SFSO 2001), and five

geographical regions (details available upon request). Virtually in all

cases, the differences across groups were statistically insignificant.

The only exception was canton Ticino (southern region) with greater

gains in cost efficiency compared to four other regions. Nevertheless,

further tests suggested no significant difference between Ticino and

six other cantons (BS, BL, FR, GE, NE and VS), out of 26 Swiss

cantons.
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significance level.22 However, the correlation patterns

within the two sub-samples (Table 4) point to certain dif-

ferences between hospitals showing efficiency gains and

losses: In particular, there is a borderline significant and

positive correlation between excess costs and excess LOS

in hospitals that have shown a decline in cost-efficiency.

This finding suggests that among hospitals with relatively

poor performance regarding efficiency gains, thus perhaps

with certain slackness in excess LOS, curtailing hospital

stays could be an effective means for improving cost effi-

ciency. On the other hand, in these hospitals there is no

significant correlation between excess capacity and excess

costs, suggesting that lowering excess capacity does not

necessarily bring about any cost savings. This can be

explained by the fact that in these hospitals the apparently

low excess capacity might be a result of excessively long

hospitalizations.

Finally, the numbers in Table 4 suggest a negative

correlation between temporal changes in excess capacity

and excess LOS. However, this correlation is not statisti-

cally significant within each one of the two sub-samples.

Considering that in the short-run, empty beds increase as a

result of reduction of hospital stays, this finding suggests

that at least in some hospitals, shortening LOS is not

completed by sufficient follow-up measures to reduce the

resulting excess capacity.

6 Conclusions

Using a panel data mixed effects model we proposed an

econometric specification inspired by Sickles’ (2005)

general models, for the analysis of temporal variations in

Swiss hospitals’ productive efficiency. The model includes

fixed effects for unobserved time-invariant factors related

to individual hospitals and DRG categories, and random

coefficients representing the effects of time variables. The

measures of interest are the hospitals’ gains in cost-effi-

ciency, the realized cuts in empty beds and the shortening

of hospitalizations over the period starting from 1998

which coincides approximately with the outset of health

policy reforms particularly the gradual implementation of

prospective payment system in Switzerland.

The results indicate that on average the length of hospi-

talization and the number of empty beds in a hospital have

decreased by about 10% and 18%, respectively. The results

also suggest that after adjusting for the changes in outputs,

labor prices and other characteristics such as teaching activ-

ities, hospital costs have risen considerably and increasingly

over the 6-year period from 1998 to 2003, amounting to an

average increase of 14% in total costs for a typical hospital. It

is assumed that this overall increase reflects the external

factors such as progress in medical treatments and extension

of life expectancy, and the remaining hospital-specific

changes in costs are associated with efficiency gains or losses.

There is a considerable variation among individual

hospitals concerning cost efficiency gains and also the

efforts in cutting the excess capacity and curtailing hospi-

talizations. In general hospitals that showed a relatively

important decrease in excess capacity are likely to show a

relative gain in cost-efficiency and vice versa. However,

the results do not provide any conclusive evidence that

gains in cost efficiency be associated with shortening

hospital stays. Interestingly, only among hospitals that

experienced an efficiency loss over the sample period,

relatively low cuts in hospitalization length are likely to be

associated with the hospitals with low efficiency gains,

suggesting that the length of stay could be an important

parameter in these hospitals. This result can also be inter-

preted as suggestive evidence that hospitals that have a

good performance in containing costs do not have much

slackness in their hospitalization lengths. While confirming

the strong heterogeneity across hospitals regarding effi-

ciency gains, the findings do not provide any evidence in

favor of a particular ownership/subsidization type.

The adopted methodology is readily applicable to other

industries and the assumptions are easy to understand and

interpret. In addition, in line with several models in this

field (probably starting from Cornwell et al. 1990) the

Table 4 Spearman’s rank correlation between three measures of growth between 1998 and 2003

Overall (N = 168 hospitals) Hospitals showing an improvement in

cost-efficiency (N = 81)

Hospitals showing a decline in cost-

efficiency (N = 87)

Excess capacity Excess length-of-stay Excess capacity Excess LOS Excess capacity Excess LOS

Excess costs 0.200** -0.054 0.244** -0.038 0.021 0.202*

Ex. capacity 1 -0.184** 1 -0.175 1 -0.176

Average decrease (%): 17.7 9.7 27.0 9.1 9.1 10.3

* Significant at 10%; ** Significant at 5%

22 This result was also confirmed by a series of correlation analyses

within various types of hospitals by ownership/subsidy. Excepting a

few cases with significant correlations in levels, the rank correlation

remained statistically insignificant across all sub-samples.
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efficiency estimates do not rely on the skewness of the

residuals. The combination of fixed effects with random

effects, allows a complete abstraction from the unobserved

time-invariant variables whose effects are not primordial

for the analysis (fixed effects) while at the same time

providing a ‘statistically’ efficient estimation basis for the

parameters of interest (random effects).

Given that in presence of strong unobserved heteroge-

neity, the time-invariant component of efficiency is

difficult if at all possible to identify, reliable measures of

efficiency gains over time can be helpful in many regula-

tion and policy applications. This paper illustrates that with

certain assumptions, panel data mixed effects can be used

for this purpose. However, it is important to consider the

implications of the model’s assumptions in each specific

application and the resulting policy limitations. In the case

studied here, the results are based on the assumption that

the potential changes in the unobserved quality of hospital

services in response to the reforms and financial pressures,

are either uniform across the sector or uncorrelated with the

adopted measures of efficiency improvement. Therefore,

any possibility of deviation form this assumption should be

considered before drawing relevant policy conclusions.
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