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Summary
In this paper, we extend the 4-random-component closed skew-normal stochastic

frontier model by including exogenous determinants of hospital persistent (long-run)

and transient (short-run) inefficiency, separated from unobserved heterogeneity. We

apply this new model to a dataset composed by 133 Italian hospitals during the

period 2008–2013. We show that average total inefficiency is about 23%, higher

than previous estimates; hence, a model where the different types of inefficiency and

hospital unobserved characteristics are not confounded allows us to get less biased

estimates of hospital inefficiency. Moreover, we find that transient efficiency is more

important than persistent efficiency, as it accounts for 60% of the total one. Last,

we find that ownership (for-profit hospitals are more transiently inefficient and less

persistently inefficient than not-for-profit ones, whereas public hospitals are less

transiently inefficient than not-for-profit ones), specialization (specialized hospitals

are more transiently inefficient than general ones; i.e., there is evidence of scope

economies in short-run efficiency), and size (large-sized hospitals are better than

medium and small ones in terms of transient inefficiency) are determinants of both

types of inefficiency, although we do not find any statistically significant effect of

multihospital systems and teaching hospitals.
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1 INTRODUCTION

Exponential growth of health care costs and forecasts of soaring future trends have driven the attention of academics, health

care managers, and policy makers on measures to contain health expenditure (World Health Report, 2000).1 Several attempts

have been made to improve the efficiency of providers (Jacobs, Smith, & Street, 2006): hospital competition, incentive pay-

ment system, and so on. Consequently, many studies have measured hospital efficiency and its variation over time and after

1The Organisation for Economic Co-operation and Development (OECD) countries’ average per-capita health spending is about $3,500 in 2013, with peaks of

$8,700 in the United States, $6,300 in Switzerland, about $5,000 in Germany and the Netherlands, and about $4,100 in France. In 2003, the OECD average was

$2,200 (+59% in 10 years), whereas in the United States, it was $5,750 (+52%). (See the data available at the OECD website, https://data.oecd.org/healthres/

health-spending.htm) In Italy, the total health spending is 8.8% of the gross domestic product; in the United States, it is 16.4% (OECD, 2013); 10 years before,

it was, 7.9% and 14.5% for Italy and the United States, respectively, a substantial increase despite the global economic crisis that has instead reduced several

other types of expenditures.
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reforms.2 This implies that a robust estimation of hospital productivity and cost is essential for both policy makers and man-

agers (Hollingsworth & Street, 2006). Policy makers may include efficiency scores in hospital payment systems, for example,

by providing premiums or penalties for those organizations that improve or worsen their performance over time.3 Managers may

instead be interested in comparing their organization with others, to assess their relative position and implementing corrections

for improvements.

Hospital efficiency has been estimated using two alternative methods: data envelopment analysis (DEA) and stochastic

frontier (SF) approach. DEA is a nonparametric approach based an linear programming.4 An SF model, adopted here, is a para-

metric approach that has the advantage of considering the impact of random shocks and possible measurement errors; an SF

model allows us to obtain interesting insights regarding hospital efficiency (e.g., input elasticities) and to discriminate between

unobserved heterogeneity and inefficiency.

A typical SF model splits the error term into two random components: a normally distributed noise term (taking into account

for random shocks and measurement errors) and a nonnegative inefficiency term. When dealing with panel data, SF models

typically disentangle hospitals’ unobserved heterogeneity from inefficiency. Unobserved characteristics are elements concurring

to creating different hospital types (Dormont & Milcent, 2005): They may give rise to adverse selection in the funding process

(e.g., a hospital may have a better road access system and so is treating more patients than do others). Moreover, inefficiency can

be divided into persistent (time-invariant) and transient (time-varying) components. The former may be due to long-run moral

hazards (e.g., an obsolete equipment that is not replaced for several periods); transient inefficiencies are related to short-run

moral hazards (e.g., inefficient supplier selection and suboptimal resource allocation) or to trial-and-error processes in unknown

situations.

As shown by Dormont and Milcent (2005), considering both unobserved hospital characteristics, persistent and transient inef-

ficiencies are essential to understanding the differences in average health costs and productivity among regions and states, and

among hospitals operating in the same environment. Although most SF models fail to consider simultaneously unobserved het-

erogeneity and persistent and transient inefficiencies, Colombi, Kumbhakar, Martini, and Vittadini (2014) recently presented an

SF model that includes all these components in the error term, together with the normally distributed random shock. The possi-

bility to disentangle the two types of inefficiencies, hospital unobserved heterogeneity and random shocks, comes from previous

results (Dominguez-Molina, Gonzáles-Farías, & Ramos-Quiroga, 2004; Gonzáles-Farías, Dominguez-Molina, & Gupta, 2004).

These contributions show that when combining the error terms of an SF model’s normally distributed random variables and nor-

mal random variables left truncated at zero (inefficiencies cannot be negative), we obtain a generalization of the normal-skew

distribution denoted as closed skew-normal (CSN) distribution.5 This has an important consequence for econometric analysis:

It is possible to provide a maximum likelihood (ML) estimation method for an SF model with this specific distribution. Colombi

et al. (2014) applied these results to a model with four random components in the error term (which has therefore a CSN distribu-

tion), wrote the log-likelihood for applying the ML estimation method, and showed how to compute the persistent and transient

inefficiency scores. This enables us to disentangle the two types of inefficiency, unobserved heterogeneity and random shocks.

This paper is a first attempt, to the best of our knowledge, to estimate transient and persistent hospital inefficiencies, disentan-

gling both of them from unobserved heterogeneity. We apply the Colombi et al. (2014) SF model to a dataset composed of 133

Italian hospitals located in Lombardy, the most populated (about 10 million inhabitants) and richest (its gross domestic prod-

uct is 20% of the national one) Italian region. Furthermore, we also present an extension of the Colombi et al. (2014) model:

a maximum log likelihood estimation method for a 4-random-component SF model that includes exogenous variables affect-

ing inefficiency levels. This implies modeling heteroskedasticity, which may be relevant because both model parameters and

inefficiency estimates are adversely affected when these features are neglected. The model is also important from the empirical

perspective as it allows us to test specific policy implications, avoiding biased two-step procedures. For instance, policy mak-

ers might be interested in evaluating whether large-sized hospitals are performing better in terms of persistent inefficiencies

(because they may have better infrastructures) but not in terms of transient inefficiencies. Hence, this contribution may be an

attempt to answer the need recently identified by Hollingsworth and Street (2006, p. 1058), that is, to better identify the nature

and form of inefficiency.

We find that overall inefficiency in the hospital regional system is higher than the estimates obtained in previous contributions.

Hence, an SF model where the different types of inefficiency and hospital unobserved characteristics are not confounded gives

2Good surveys on hospital efficiency contributions are provided by Hollingsworth (2003), Jacobs et al. (2006), and Rosko and Mutter (2008, 2011).
3Hollingsworth and Street (2006) provide examples on Australia and Norway. In Lombardy, Italy, the regional government acknowledges a share based on

performance indicators (related to both health outcomes and productivity) of the annual budget allocated to each hospital.
4DEA does not require specifying ex ante any functional form regarding the efficiency frontier (the benchmark estimated in the efficiency exercise), but it

considers any distance from it as inefficiency and does not take into account any measurement error.
5The term closed means that linear transformations or sums of CSN variables generate random variables belonging, in turn, to the CSN distribution family.
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less biased inefficiency scores. Moreover, we find that persistent inefficiency is more important than transient inefficiency, as it

accounts for 60% of total hospital inefficiency. Last, for-profit (FP), specialized, medium-sized, and small-sized hospitals have

more transient inefficiency than not-for-profit (NFP), public (P), general, and large-sized hospitals.

The paper is organized as follows. Section 2 revises previous contributions on hospital efficiency. Section 3 presents the

Colombi et al. (2014) SF model and its extension. Section 4 introduces the dataset, whereas Section 5 shows our results. Section

6 concludes the paper with some policy implications.

2 LITERATURE REVIEW

The issue of hospital efficiency has been widely investigated in the literature (Castelli et al., 2015). The number of papers on this

topic has grown almost exponentially until a few years ago (Hollingsworth & Street, 2006), whereas the number of contributions

has increased at a lower pace during recent years (Castelli et al., 2015).6 Table 1 presents previous contributions that studied

hospital efficiency using SF models, ordered by publication year. We analyze 37 contributions, the vast majority (25 out of 37)

of which are on U.S. hospitals; there are many papers on European countries (11) and one paper on Japan. A high percentage

(31 papers out of 37) provides estimates of hospital efficiency using a cost frontier. Notably, because they are related to our

contribution, both previous contributions on Italian hospitals analyze a production frontier, given that data on hospitals costs

are not publicly available in Italy. Only 13 out of 37 of previous studies investigate cross-sectional data, whereas the majority

exploits the possibility to include unobserved heterogeneity using panel data; the average observed period is 6 years. The average

estimated hospital inefficiency (when available) is about 17%.

The most important information provided by Table 1 is that related to the SF model. It describes the error components included

in the analysis; by inspection, the vast majority of papers (25 out of 37) has investigated hospital efficiency by considering

only a time-invariant component. Hence, estimated efficiency scores may be biased because hospital unobserved heterogeneity

is confounded with persistent inefficiency. A smaller number of contributions (eight) has instead adopted an SF model with

a time-varying inefficiency component; in this case, estimated scores may be affected by both unobserved heterogeneity and

persistent inefficiency.7 Two of the most recent papers (Carey et al., 2008; Farsi & Filippini, 2008) have analyzed hospital

efficiency by estimating the Greene (2005b) SF model. In this way, the transient estimated efficiency scores are not affected by

unobserved heterogeneity, but all the inefficiency is transient whereas persistent inefficiency is confounded with unobserved

heterogeneity. Hence, by inspection, this is the first paper where hospital efficiency is investigated with four random components

separating unobserved heterogeneity, transient and persistent inefficiencies, and random shocks, providing scores not affected

by the omission of one of these factors.

Many papers have studied the determinants of inefficiency. The results obtained range from the importance of internal factors

(e.g., ownership, multi-hospital management, and specialty hospitals) to the importance of external factors (e.g., public payment

policy, unemployment rate, and hospital competition). The empirical evidence depends upon the country or region investigated,

the available dataset, and the estimation method adopted. As shown by Rosko and Mutter (2011), the evidence on ownership is

mixed: For instance, Rosko and Mutter (2008) find that private NFP hospitals are more efficient than private FP ones, whereas

McKay and Deily (2005) obtain an opposite result. Daidone and D’Amico (2009) present some evidence for Italy, using a sample

of hospitals belonging to an Italian region (Lazio), and show that P hospitals are more efficient than NFP and FP ones. Bernet,

Rosko, and Valdmanis (2008) display that independent hospitals are less efficient than multi-hospital systems, pointing out the

possible presence of scale economies. Carey et al. (2008) present some evidence that general hospitals are more efficient than

specialized hospitals (i.e., possible economies of scope in multiproduct hospitals).8 Last, the evidence on the relation between

hospital competition and efficiency is mixed: Rosko et al. (2007) find increases in efficiency, whereas the opposite result is

found by Mutter and Rosko (2008).

Because we estimate a production frontier, it is necessary to take into account that the raw number of patients admitted into a

hospital does not capture the complexity of different acute treatments (Newhouse, 1994). Discharges have not the same weight:

More complex surgical operations (e.g., a marrow transplant) should have more weight than other treatments (e.g., carpal tunnel

decompression). Hence, we give more weight to complex treatments; that is, we adjust each acute discharge with an indicator

that takes into account the amount of resources allocated to each treatment, using the diagnosis-related group weight, which

takes into account the treatment complexity.

6Excellent reviews are provided by Hollingsworth (2003), Hollingsworth and Street (2006), Rosko and Mutter (2008, 2011), and Hollingsworth (2008).
7Two papers have considered first time-invariant inefficiency and then time-varying inefficiency, without tackling the problems just highlighted.
8Rosko and Proenca (2005) find that hospitals are more efficient the higher the share of patients covered by U.S. Medicare and Medicaid public programs and

that the unemployment rate (i.e., a proxy for uncompensated care) is positively associated with efficiency.
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Concerning methods to estimate SF models, many contributions have been continuously developed over time since the first

publications of Aigner, Lovell, and Schmidt (1977), Meeusen and van den Broeck (1977), and Battese and Corra (1977).9 They

cover both cross-sectional and panel data. The latter have initially focused on either persistent inefficiency (Battese & Coelli,

1988; Kumbhakar, 1987; Pitt & Lee, 1981; Schmidt & Sickles, 1984) or transient inefficiency (e.g., Battese & Coelli 1992;

Cornwell et al., 1990; Kumbhakar, 1990; Lee & Schmidt, 1993). Later models have added other components to the error term:

a firm effect treated as persistent inefficiency, a transient inefficiency component (Kumbhakar & Heshmati, 1995; Kumbhakar

& Hjalmarsson, 1993, 1995), and an unobserved heterogeneity component together with a transient inefficiency term (Greene,

2005a, 2005b; Kumbhakar & Wang, 2005; Wang & Ho 2010).

The above models fail to take into account simultaneously persistent and transient inefficiencies, unobserved heterogene-

ity, and random shocks.10 Colombi et al. (2014) introduced a four-random-component SF model and an ML estimation

method.11Filippini and Greene (2016) propose to estimate the Colombi et al. (2014) model using a maximum simulated

log-likelihood as an estimation method exploiting the possibility to characterize the four-random-component model as a pair of

two-part disturbances in which each element of the pair has its own skew-normal distribution. This approach might be useful

when the ML estimation method becomes computationally demanding, that is, for a long time interval (e.g., T > 20–25).

3 A CLOSED SKEW-NORMAL SF MODEL WITH DETERMINANTS OF
TRANSIENT AND PERSISTENT INEFFICIENCY

Our aim is to estimate transient and persistent hospital inefficiencies in a production frontier. Starting from the Colombi et al.

(2014) SF model, we introduce a new element of analysis: the determinants of inefficiency. We consider the following hospital

production frontier model:

yit = 𝛽0 + x′
it𝜷 + bi − uit − ui + eit, (1)

where the index i, i = 1, 2, … , n, denotes n hospitals in the sample and t, t = 1, 2, … ,T , T periods at which each hospital is

observed. The dependent variable yit is the logarithm of hospital i’s number of patients treated in period t, x′it is a row vector

of p inputs transformed in hospital i’s health care production process, and 𝜷 is a column vector of p unknown parameters. The

random hospital effect bi captures unobserved heterogeneity, uit is a nonnegative random variable for transient inefficiency of

hospital i at period t, ui is a nonnegative random variable for persistent inefficiency of hospital i, and eit is a normal random

variable representing the exogenous shock affecting hospital i’s number of treated patients in period t. We assume the following:

• For i = 1, 2, … , n, the random variables ui, bi and uit, eit, t = 1, 2, … ,T , are independent in probability. This means that,

within every hospital, the random components in model (1) are independent.

• The random vectors (bi, ui, ui1, ui2, … , uiT, ei1, ei2, … , eiT), i = 1, 2, … , n, are independent in probability; that is, the errors

are independent between hospitals.

• For i = 1, 2, … , n, ui is a normal random variable with null expected value and variance 𝜎2
u , left truncated at 0, and bi is a

normal random variable with null expected value and variance 𝜎2
b .

• For i = 1, 2, … , n and t = 1, 2, … ,T, uit is a normal random variable with null expected value and variance 𝜎2
ut, left

truncated at 0, and eit is a normal random variable that has a null expected value and variance 𝜎2
e .

• For i = 1, 2, … , n and t = 1, 2, … ,T, x′its are row vectors of exogenous variables.

The deterministic component 𝛽0 + x′it𝜷 is the production function mapping the inputs transformed in hospitals to provide

acute treatments to admitted patients. The components uit have expected values 𝜇it =
√

2

𝜋
𝜎2

uit that depend on a set of covariates

(exogenous determinants of the transient inefficiency) through the linear model:

ln(𝜎2
uit) = 𝛼0 + z′it𝜸, (2)

where ln(𝜎2
uit) is the logarithm of the transient inefficiency variance, z′it is a row vector of q exogenous determinants of transient

inefficiency, and 𝜸 is a column vector of q unknown parameters. Moreover, the persistent inefficiency components ui have

9See Coelli, Rao, O’Donnell, and Battese (2005), Greene (2009), and Kumbhakar and Lovell (2000) for surveys on these models.
10They have considered each of these elements individually (e.g., Pitt & Lee, 1981) or in combination with only one other element (e.g., Greene, 2005a, 2005b).
11A similar SF model has also been proposed by Kumbhakar, Lien, and Hardaker (2014) but using a three-step model that gives less efficient and more

biased estimates. Tsionas and Kumbhakar (2014) present a Bayesian Markov chain Monte Carlo estimation method applied to the four-error-component model.

However, as noted by Filippini and Greene (2016), the Bayesian approach is largely sensitive to the priors on the main estimation objects.
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expected value 𝜇i =
√

2

𝜋
𝜎2

ui that depends on exogenous determinants through the following linear model:

ln(𝜎2
ui) = 𝛿0 + w′

i𝝉 , (3)

where ln(𝜎2
ui) is the logarithm of the persistent inefficiency variance, w′

i is a row vector of q′ exogenous determinants of transient

inefficiency, and 𝝉 is a column vector of q′ parameters.

As shown by Colombi et al. (2014, Proposition 1), under the above assumptions, the vectors of outputs yi = (yi1, yi2 … , yiT)
′
,

i = 1, 2, … , n, are independent and have a CSN density. Accordingly, model (1) can be labeled as CSN-SF.

The maximization of the log-likelihood of model (1) and ML estimators are discussed by Colombi et al. (2014, Proposition

2), who also showed (Proposition 3) how to compute the efficiency scores E[exp(−ui)|yi)] and E[exp(−uit)|yi)] for each hospital

i and period t.
We fit model (1) with the additional Equations (2 and 3) for the determinants of efficiencies under two functional spec-

ifications: (1) Cobb–Douglas and (2) translog.12 The equation representing the translog hospital production function is

ln(yit) = 𝛽0 +
p∑

k=1

𝛽k ln(xit) +
1

2

p∑
k=1

p∑
j=1

𝛽kj ln(xkit) ln(xjit) + bi − uit − ui + eit, (4)

where 𝛽kj = 𝛽 jk. The translog production function collapses to the Cobb–Douglas production function if 𝛽kj = 0, j =
1, 2, … , p, k = 1, 2, 3, … , p. One of the main assumptions of the CSN-SF model is that unobserved heterogeneity is uncorre-

lated with the frontier regressors. In order to have control over this assumption, we implement the Mundlak (1978) approach.13

We add to Equation (4) the means over time of the time-varying input variables, x̄i = 1

T

∑T
t=1 ln xit, so that we can rewrite

Equation (4) as follows:

ln(yit) = 𝛽0 +
p∑

k=1

𝛽k ln(xit) +
1

2

p∑
k=1

p∑
j=1

𝛽kj ln(xkit) ln(xjit) +
p∑

k=1

𝛿kx̄ki + bi − uit − ui + eit. (5)

We test the joint significance of the Mundlak terms on the basis of a likelihood ratio test.

The Cobb–Douglas production function has output–input elasticities given by the first-order coefficients; that is, 𝜖y,k = 𝛽k. In

the translog production function, these elasticities depend instead on the level of the inputs; that is, 𝜖y,k = 𝛽k +
∑p

j=1
𝛽kj ln(xjit).

In the available data, each hospital has five inputs (physicians, nurses, other workers, beds, and surgery rooms hours); regard-

ing the possible determinants of the two inefficiency terms in (2) and (3), we investigate five factors: hospital ownership,

specialty hospital, single hospital, teaching hospital, and size. Ownership is given by belonging to three possible categories: P,

private NFP, and private FP. Hospital size is measured in terms of operating wards and then categorized into three classes, so

that it is not strongly related to beds, avoiding multicollinearity problems.

4 THE DATA

Our data are related to 133 acute hospitals located in Lombardy during the period 2008–2013, a panel balanced dataset covering

6 years.14 Table 2 presents the variables included in the analysis and their description.

The variable WEIGHTDISit represents the weighted annual output of hospital i in year t, using the diagnosis-related group

weight. Regarding inputs, we consider three labor variables (PHYSit, physician annual working hours; NURSEit, nurse hours;

and OTHERSit hours, i.e., administrative and technical staff), beds for acute discharges (BEDit, a proxy of capital), and the

annual hours of activities in operating theaters (HOURSURGEit). All input and output variables are expressed in logarithms.

The factors possibly affecting persistent and transient inefficiencies are hospital ownership (the dummies PUB for P, i.e.,

equal to 1 in case of P hospital, FP for private FP and NFP for private NFP hospitals), teaching status (the dummy TEACHING
equal to 1 if there is a School of Medicine), specialization (the dummy SPECIALIZED equal to 1 if the hospital provides only

a specific treatment) to capture for presence of economies of scope, and hospital system (the dummy variable MULTIHOSP is

equal to 1 if the same management controls more than one hospital). Last, we consider the possible impact of hospital size on

12The Cobb–Douglas production function is popular and easier to estimate (less parameters involved). However, it has low flexibility because the input elasticity

of substitution (i.e., the ratio between two inputs and their marginal products) is fixed.
13We are grateful to an anonymous referee for suggesting this change in our empirical strategy.
14In Italy, the organization of the health care sector is in charge of the regions, that is, local governments with heterogeneous administrated population and

territorial extension. Lombardy is the largest region, with a 10 million population and an extension of 24,000 km2; Valle d’Aosta, located on the Alps, has about

a 128,000 population and an extension of 3,300 km2.
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TABLE 2 Definition of variables

Variable Description

WEIGHTDISit Hospital annual acute discharges corrected by treatment cost

PHYSit Annual working hours of physicians

NURSEit Annual working hours of nurses

OTHERSit Annual working hours of other workers

BEDit Total beds for acute discharges

HOURSURGEit Annual hours of activity of surgery rooms

PUBi Dummy equal to 1 if the hospital is public

FPi Dummy equal to 1 if the hospital is private for profit

NFPi Dummy equal to 1 if the hospital is private not for profit

TEACHINGi Teaching (non-teaching) hospital, dummy equal to 1 (0)

SPECIALIZEDi Monospecialistic (general) hospital, dummy equal to 1 (0)

MULTIHOSPi Dummy equal to 1 if the hospital belongs to a multi-hospital system

SMALLi Small hospital size: dummy equal to 1 if hospital i has less than 12

operating wards (median of hospital ward distribution)

MEDIUMi Medium hospital size: dummy equal to 1 if hospital i has between 12

and 21 operating wards (third quartile of hospital ward distribution)

LARGEi Large hospital size: dummy equal to 1 if hospital i has more than 21

operating wards

TABLE 3 Descriptive statistics on output, input, and exogenous factor variables

Variables Mean Standard deviation Minimum Maximum

WEIGHTDIS (number) 20,491.8 10,338.2 378.2 58,645.3

PHYS (hr) 206,535 224,763.8 2,129 1,807,788

NURSE (hr) 375,769 389,080.4 13,615 2,574,852

OTHERS (hr) 278,143 338,417 6,588 2,499,123

BED (number) 241 205.9 15 1,223

HOURSURG (hr) 7,491 8,689.1 0 64,993

PUB (dummy) 60.90%

FP (dummy) 27.07%

NFP (dummy) 12.03%

TEACHING (dummy) 15.04%

SPECIALIZED (dummy) 5.26%

MULTIHOSP (dummy) 52.63%

SMALL (dummy) 22.55%

MEDIUM (dummy) 27.07%

LARGE (dummy) 50.38%

inefficiency levels: We divide the hospitals into three groups, according to the operating wards in our sample. The first group

identifies small hospitals: A hospital has a small size (dummy variable SMALL equal to 1) if it has a number of operating wards

lower than the sample median (equal to 12). In the second group, there are medium-sized hospitals (dummy variable MEDIUM
equal to 1) belonging to the third quartile of the ward sample distribution (21 wards), and the third group is for large-dimension

hospitals (dummy variable LARGE equal to 1) with a number of operating wards greater than the third quartile.

Table 3 shows the descriptive statistics of output, inputs, and determinants of inefficiency variables. Regarding the latter,

about 61% of the hospitals in the sample are P, 27% are private FP, and only 12% are private NFP. Teaching hospitals are only

15% of the sample total, specialized hospitals only 5%, whereas almost 53% belong to a hospital system. Nurses and other staff

workers have an annual hour workload that is higher than that of physicians. The average hospital has 241 beds and is engaged

in surgical activities for about 7,500 annual hours. All inputs are decreasing over the period, as there is a trend for savings in

the regional health care sector.

5 EMPIRICAL RESULTS

In this section, we report the empirical evidence obtained by applying the SF model (Equation 1) to our dataset. First, we

present the econometric results regarding the estimated production function and the determinants of both inefficiencies. Then

we analyze the estimated efficiency scores and the different hospital types.
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5.1 The CSN-SF hospital production function with transient and persistent inefficiencies
Table 4 presents the econometric results regarding the production frontier obtained by applying the four-random-component SF

model. The top part of the table reports the estimated coefficients and t ratios for the inputs (columns 2 and 3 for Cobb–Douglas

and columns 4 and 5 for translog function); the bottom part shows instead the estimated coefficients and t ratios for the deter-

minants of persistent and transient efficiencies, always for Cobb–Douglas (columns 2 and 3) and translog (columns 4 and 5).

A positive (negative) coefficient decreases (increases) the efficiency. The estimated coefficients are obtained by applying the

ML estimation method to the Mundlak-adjusted frontier (Equation 5); the likelihood ratio test applied to the Mundlak-adjusted

model and to the frontier without it (i.e., Equation 1) has a p value close to 0. Hence, we can reject the null hypothesis that the

Mundlak coefficients are not statistically significant.

Regarding the estimated hospital production functions, it is interesting to notice that in the Cobb–Douglas specification, all

inputs are statistically significant, with the exception of physicians.15 In detail, lbed has the highest coefficient (+0.49), whereas

lnurse and lother have the same sign and small estimated effects (−0.08 and−0.05, respectively). Hence, a+1% in the amount of

available beds generates a 0.49% increase in the hospital annual weighted output. The estimated coefficients for other nurses and

other staff workers are statistically significant but negative. Daidone and D’Amico (2009) found a similar result for hospitals in

another Italian region (Lazio) and have interpreted it as an excessive amount of these types of workers in hospital activities. This

paper confirms this finding. The coefficient of lhoursurg is positive and statistically significant (+0.05%). In the Cobb–Douglas

model, physicians have no effect on hospital weighted acute discharges; this may be due to a dominant effect of beds and of

activity hours in surgery rooms (the latter may capture the physicians’ surgical activity more than the annual hour of workload).

The Mundlak adjustments have positive and statistically significant coefficients for physicians (lphys, +0.28%), nurses (lnurse,

+0.25%), and surgery room hours (lhoursurg,+0.23%), whereas beds and administrative workers are not statistically significant.

In the translog model, the only positive first-order significant estimated coefficient is for administrative workers (lother =
+1.01), whereas the second-order statistically significant estimated coefficients are for physicians (lphys2, +0.1%) and working

hours in operating theaters (lhoursurg2 = 0.03, weakly significant). Administrative worker (lother2) coefficient is significant

but negative. Interaction terms are not statistically significant. Physician (lphys, +0.23%, weakly) and nurse (lnurse, +0.44%)

Mundlak adjustments are statistically significant and positive.

By applying the first derivatives, we get the output–input elasticities, shown in Table 5, together with the standard errors,

computed with the delta method. We have that with the more flexible translog production function the elasticity of beds is

+0.36% (lower than that obtained for the Cobb–Douglas case, +0.49%), that the elasticity of hours of activity in surgery rooms

is +0.14% (higher than that under the Cobb–Douglas model, +0.05%), and that the physician elasticity is +0.08% (again higher

than that with Cobb–Douglas, +0.003). The nurse elasticity is negative (−0.13% in the translog model and −0.08 under the

Cobb–Douglas specification), as well as the other staff elasticity (−0.04% and −0.05%, respectively). Under the Cobb–Douglas

specification, the return to scale is equal to 0.39 (statistically significant at 1%); that is, the hospitals in the sample are operating

under decreasing returns to scale.

Table 4 reports also the evidence regarding the determinants of inefficiencies. Under the translog specification, ownership

affects both persistent and transient inefficiencies: The estimated coefficient for private FP hospitals is significant and negative

in case of persistent inefficiencies (−3.76), whereas it is positive for transient inefficiencies (+0.33), but it is not statistically

significant. Because the dummy variable FP has NFP hospitals as the baseline case, this implies that private FP hospitals

have less persistent inefficiencies than private NFP ones. P hospitals show no differences in terms of persistent inefficiencies

with private NFP ones; however, they have less transient inefficiency (PUB = −1.72, weakly statistically significant). Further

evidence on the ownership effect on both types of inefficiencies is provided by the Cobb–Douglas model. We find that FP

hospitals have more transient inefficiency than private NFP ones (FP = +1.63) and less persistent inefficiency (FP = −6.02).

Hence, we may interpret these results as an evidence that private FP hospitals have a higher structural (persistent) efficiency

than other ownership types, whereas they have worse performances in terms of transient inefficiency. Following Dormont and

Milcent’s (2005) analysis, private FP hospitals have lower long-run moral hazards, maybe due to better incentive and monitoring

schemes regarding long-run assets in an organization with well-defined property rights.

Regarding the other investigated determinants, we find that under the Cobb–Douglas model specialized hospitals have more

transient inefficiency than general hospitals (SPECIALIZED = +0.83), whereas their estimated coefficient in the translog

model is +0.12, not statistically significant. We find also that hospital systems have no more transient inefficiency than single

hospitals (MULTIHOSP is not statistically significant under both specifications), as well as teaching hospitals. Similarly, we find

15Some inputs coefficients may be small or insignificant due to possible multicollinearity with beds, that have instead a significant and high coefficient.



COLOMBI ET AL. 13

TABLE 4 Hospital output frontier and determinants of persistent and transient

inefficiencies (Mundlak adjusted)

Cobb–Douglas Translog
Variables Estimate t ratio Estimate t ratio

Inputs
Constant 0.72 1.43 −6.47*** −3.22

lphys 0.003 −0.12 0.20 0.41

lnurse −0.08*** −2.59 −0.50 −0.84

lother −0.05*** −4.63 1.01*** 4.34

lbed 0.49*** 12.85 0.39 0.73

lhoursurg 0.05*** 3.91 0.47 1.52

lphys 0.28*** 3.19 0.23* 1.82

lnurse 0.25** 2.05 0.44*** 2.83

lother −0.03 −0.34 −0.08 −0.80

lbed −0.18 −1.59 −0.08 −0.48

lhoursurg 0.23*** 3.62 0.12 1.52

lphys2 0.10*** 4.46

lnurse2 0.14 1.34

lother2 −0.08*** −2.71

lbed2 0.06 0.42

lhoursurg2 0.03* 1.80

lphys × lnurse −0.03 −0.55

lphys × lother −0.03 −0.89

lphys × lbed −0.03 −0.43

lphys × lhoursurg −0.04 −1.03

lnurse × lother −0.02 −0.34

lnurse × lbed −0.11 −1.06

lnurse × lhoursurg −0.03 −0.49

Log-likelihood 501.79 531.40

Log-likelihood ratio p value .0 .0

Determinants of transient and persistent efficiencies
lother × lbed 0.09** 2.35

lother × lhoursurg 0.00 −0.10

lbed × lhoursurg 0.04 0.82
Factors affecting transient inefficiency uit

Constant 10.50 0.00 −3.65 0.00

FP 1.63*** 4.84 0.33 1.20

PUB −0.98 −0.42 −1.72* −1.73

SPECIALIZED 0.83** 2.22 0.12 0.26

MULTIHOSP 1.04 0.45 −0.004 −0.005

TEACHING −0.39 −1.02 0.42 1.21

MEDIUM 0.94** 2.20 0.09 0.27

SMALL 1.63*** 3.42 0.91*** 2.51
Factors affecting persistent inefficiency ui

Constant −3.46* −1.83 −3.20 −1.48

FP −6.02*** −9.26 −3.76*** −8.63

PUB −0.02 0.00 0.59 0.23

SPECIALIZED −4.35 −0.22 1.08 0.49

MULTIHOSP −0.92 −0.26 0.19 0.08

TEACHING 0.05 0.02 0.55 0.40

MEDIUM −0.28 −0.12 −0.97 −0.57

SMALL 1.30 0.71 0.50 0.31
Unobserved heterogeneity

bi (mean) −3.19*** −20.54 −3.17*** −13.18

Note. −m is the label for input variable with Mundlak adjustment.

***1% significance. **5% significance. *10% significance.

no evidence that hospital specializations, hospital systems, and teaching hospitals affect persistent inefficiency (the estimated

coefficients for these determinants are never statistically significant).

Hospital size deserves more attention instead, as we find that it affects transient inefficiency: Medium- and small-sized
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TABLE 5 Output–input elasticities

Physicians Nurses Others Beds Hours surgery

Cobb–Douglas 0.003 (0.02) −0.08 (0.03) −0.05 (0.01) 0.49 (0.04) 0.05 (0.01)

Translog 0.08 (0.04) −0.13 (0.04) −0.04 (0.01) 0.36 (0.45) 0.14 (0.28)

Note. Standard errors in parentheses.

TABLE 6 Efficiency scores

Year Ownership type
Efficiency 2008 2009 2010 2011 2012 2013 Not for profit For profit Public

Persistent (expui ) 0.853 0.853 0.853 0.853 0.853 0.853

Transient (expuit ) 0.896 0.889 0.921 0.905 0.897 0.910

Total 0.761 0.759 0.784 0.769 0.765 0.775

Persistent (expui ) 0.830 0.974 0.804

Transient (expuit ) 0.865 0.843 0.937

Total 0.720 0.822 0.754
Hospital classification based on persistent efficiency ui
Inefficient 9 (56%) 0 (0%) 58 (72%)

Moderately efficient 7 (44%) 2 (6%) 23 (28%)

Efficient 0 (0%) 34 (94%) 0 (0%)
Hospital classification based on transient efficiency uit
Inefficient 81 (84%) 179 (83%) 138 (28%)

Moderately efficient 12 (13%) 26 (12%) 162 (33%)

Efficient 3 (3%) 11 (5%) 186 (38%)
Hospital classification based on total efficiency

Inefficient 68 (71%) 54 (25%) 276 (57%)

Moderately efficient 17 (18%) 33 (15%) 150 (31%)

Efficient 11 (11%) 129 (60%) 60 (12%)

hospitals have higher inefficiency than large-sized hospitals (MEDIUM = 0.94 and SMALL = 1.63, Cobb–Douglas model;

MEDIUM = 0.09, not significant, and SMALL = 0.91, under the translog output function). This also implies that medium-sized

hospitals have lower transient inefficiency than small-sized ones. Hence, we find evidence of a scale effect in hospital output

function.

To sum up, the determinant analysis shows that it is important to disentangle the two types of inefficiency; for instance, we

have observed that ownership has different transient and persistent effects, as well as size. Moreover, we find no evidence of

teaching and hospital system effects on both types of inefficiency.

5.2 Analysis of estimated efficiency scores
Table 6 shows the arithmetic averages of both types of hospital estimated efficiency scores. There are some interesting results:

• Persistent efficiency (85%) is lower than transient efficiency: The latter varies between 89.6% and 92.1% with a yearly average

equal to 90.2%.

• Transient efficiency tends to (mildly) increase over time, from 89.6% at the beginning of the observed period to 91% at the

end (+1.4%); hence, hospitals seem to improve their per-period performances.

• The average of estimated total efficiency scores (given by E[exp(−ui − uit)|yit]) in the Lombardy hospital system is about

76.8%; that is, the sector is still about 23.2% distant from the estimated hospital output frontier. This inefficiency esti-

mate (about 23%) is higher that those presented in Table 1, showing that being able to disentangle transient and persistent

efficiencies from unobserved heterogeneity may lead to higher and less biased estimates.

Taking the log of total efficiency scores, we obtain that transient efficiency accounts for 60% of total hospital efficiency;

that is, it accounts for a larger part of total estimated efficiency. This confirms, in turn, that long-run inefficiency acts as an

important constraint limiting hospital productivity.

Table 6 also displays a classification of hospitals according to two dimensions: (a) efficiency level and (b) ownership type. The

former dimension is identified by dividing hospitals into three groups: those having an efficiency score lower than the median

(inefficient group), between the median and the third quartile (moderately efficient group), and higher than the third quartile

(efficient group). NFP hospitals tend to be inefficient across all the three (persistent, transient, and total) efficiency dimensions:

9 times (56% of their 16 time-invariant scores) they fall in the inefficient group in terms of persistent efficiency, 81 times (84%
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FIGURE 1 Transient efficiency scores by hospital ownership [Colour figure can be viewed at wileyonlinelibrary.com]

of their 96 time-varying scores) they belong to the inefficient group in terms of transient efficiency, while 68 times (71% of their

96 time-varying total scores) they fall in the inefficient group in terms of total efficiency. Many times, FP hospitals are in the

efficient group in terms of persistent efficiency (34 times, 94% of their 36 time-invariant scores), whereas their majority (179

times, 83% of their 216 time-varying transient scores) belongs to the inefficient group in terms of transient efficiency. However,

because transient efficiency accounts for a larger part of total efficiency, only a small part of FP hospitals’ time-varying total

efficiency scores belongs to the inefficient group (54 times, 25% of the total scores). The majority of P hospitals (58, 72% of the

81 time-invariant scores) fall in the inefficient group in terms of persistent efficiency, whereas they are more evenly distributed

across the three groups when looking at transient efficiency: Moreover, the majority (186, 38% of the 486 time-varying scores)

of P hospital transient scores belong to the efficient group. Again, as transient efficiency contributes more to total efficiency

(and P hospitals belong much less in the transient efficient group), their majority (276 times, 57% of 486 time-varying scores)

belongs to the inefficiency group according to total efficiency scores.

Figure 1 confirms, by inspection, the previous evidence on hospital ownership and transient efficiency. It shows the dynamics

of the time-varying estimated scores over the observed period (2008–2013) among the three ownership types. P hospitals tend

to be more transient efficient, while private FP hospitals have more observations with very low transient efficiency and they

also show much more variability, whereas NFP hospitals display more variation in efficiency scores than P ones.

Figure 2 presents the dynamics of persistent efficiency for a subsample of 16 hospitals (the code in the top row of each panel

represents a hospital); it identifies the ownership by a different color (e.g., P hospitals are in green). It is possible to observe the

hospital individual behavior in terms of long-run efficiency and to rank each of them in the regional health system. The hospital
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FIGURE 2 Hospital-specific persistent efficiency over time: a sample [Colour figure can be viewed at wileyonlinelibrary.com]

in the left panel, first row of the figure, with code 30162, is a public hospital with persistent efficiency that is about 4% lower

than that of the hospital in the second row, left position with code 30935 (about 88% vs. 92%), an NFP one.

Figure 3 displays transient efficiency for the same hospital sample presented in Figure 2. In this case, the hospital in the left

panel (first row of the graph, code 30162), which is P (in green), has decreased its transient efficiency during the period, from

about 85% to about 75%. On the contrary, the hospital with code 30148 (fourth row, in blue), a private FP hospital, has improved

its transient efficiency from about 87% in 2008 to about 91% in 2013.
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FIGURE 3 Hospital-specific transient efficiency over time: a sample [Colour figure can be viewed at wileyonlinelibrary.com]

The hospital-specific behavior according to transient and persistent efficiencies for a subsample of 16 hospitals is shown in

Figure 4. There are hospitals (e.g., hospital 30202, first row) with persistent efficiency (in red) higher than transient efficiency

(in blue) over all the period and other hospitals (e.g., hospital 30029, third row) starting with a transient efficiency lower than the

persistent one at the beginning of the period and ending with a transient efficiency higher than the persistent one. This implies

that hospital managers have been able to improve their short-run performances during the observed period; this is an important
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FIGURE 4 Hospital-specific persistent and transient efficiency over time: a sample [Colour figure can be viewed at wileyonlinelibrary.com]

result that deserves attention by regional regulators. Moreover, we have hospitals (e.g., hospital 30938, third row) with transient

efficiency higher than the persistent one at the beginning of the period and lower instead at the end: The managers of these

hospitals have bad short-run performance and should be carefully monitored by the regional government. Hence, hospitals’

evaluation based on the two types of efficiency may become an element for incentive-based regulation: For instance, it may be

feasible to ask hospital managers to improve their transient efficiency in a given period (e.g., 2–4 years) and to design incentives

providing prizes if the target is achieved.
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6 CONCLUSIONS

In this paper, we investigate the issue of hospital efficiency using an extension of the Colombi et al. (2014)

four-random-component SF model, which allows observation of the determinants of persistent (long-run) and transient

(short-run) inefficiencies. We have applied the model to a dataset of 133 Italian hospitals located in Lombardy over the period

2008–2013. We provide the following empirical evidence. First, we find that average total inefficiency is about 23%, an estimate

higher than previous ones. This confirms that being able to disentangle transient and persistent inefficiencies from unobserved

heterogeneity may lead to higher and less biased estimates of hospital inefficiency. Second, transient efficiency seems to be

more important than persistent efficiency, as it accounts for a large part (60%) of the total one. Third, average transient effi-

ciency increases over time (more than +0.2% per year), showing that the regional system is improving its performances. Fourth,

we provide some evidence that ownership matters in assessing hospital productivity, as private FP hospitals have lower persis-

tent inefficiency and higher transient inefficiency than NFP ones, whereas P hospitals have lower transient inefficiency than

NFP hospitals. Fifth, large-sized hospitals have lower transient inefficiency than medium- and small-sized hospitals, providing

some insights on the existence of scale economies. Sixth, hospitals specialized in single treatments have higher transient ineffi-

ciency than general hospitals; that is, there is evidence of scope economies. Last, we do not find any evidence that multi-hospital

systems and teaching activities are determinants of transient and persistent inefficiencies.

We can draw some policy implications from these insights. First, being able to distinguish between persistent and transient

inefficiencies, it would be interesting to adopt a regulation model that provides incentives to improve transient inefficiency

in the short run (e.g., −1% within 2–3 years) and persistent inefficiency over a longer period (5–10 years). Possible targets

for improving transient inefficiency may involve increasing key performance indicators (e.g., discharges per working hours,

discharges per bed, and higher activity rates for surgery rooms); that is, targets have to be designed to achieve better short-run

performances through higher factors’ productivity. Lower persistent inefficiency, being a long-run outcome, may be achieved

through strategies involving a longer time horizon, for example, technology adoption that allows reducing the patients’ length

of stay and increasing the beds’ utilization rate, renovation of hospital’s physical organization, and so on.

Second, as persistent inefficiency seems to be more important than transient inefficiency, it is essential to consider which are

its possible determinants. They may be linked to obsolete machinery and equipment (which exhibit low productivity and frequent

breakdowns), to rigidities in the workforce (e.g., unupdated physicians’ and nurses’ human capital so that new technologies

cannot be fully exploited or adopted), to gaps in the administrative staff activities (bad coding, bureaucracy burden imposed on

health care staff, etc.), and to inefficient internal organization (e.g., duplicity of tasks in different wards such as operating and

surgery rooms, need of building a new hospital, and reorganization of primary and secondary care in a local health system).

This implies that policy makers need to adopt instruments to remove these possible sources of persistent inefficiency, ranging

from personnel training to technology and infrastructure investments. Last, policy makers have to consider that there might be a

scale effect in hospital productivity and balance the higher efficiency that may be reached by concentrating the acute discharge

treatments in less large-sized hospitals, with the higher social costs imposed especially to the elderly population with mobility

problems if some small hospitals are closed.

The above results may be extended by enlarging the time interval and by including more outputs in the analysis. Moreover,

comparing different regional systems may help to deepen the understanding of factors that may affect efficiency. This is left for

future research.
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