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Abstract

In the last decades, there has been a growing interest in measuring the efficiency of hospitals using different
methodological approaches, mainly represented by data envelopment analysis (DEA) and stochastic frontier
analysis (SFA). In this study, we estimate efficiency measures of performance for a sample of Panamanian
public hospitals over an 11-year period (2005–2015) using both traditional methods (DEA and SFA) and
compare them with efficiencies estimated with an alternative approach, the so-called StoNED (stochastic
semi-nonparametric envelopment of data), which combines the virtues of those methods in a unified frame-
work. One of the most interesting features of the public health system in Panama is that it is segmented,
as hospitals are operating under two parallel management schemes (the Ministry of Health and the Social
Security Fund), thus in our empirical analysis we will also focus on exploring the differences between hospi-
tals operating under each regime. Our results show that there are certain divergences in the efficiency scores
estimated with different methodologies, but for all of them it is possible to detect that Panamanian hospitals
experienced a clear decrease in their efficiency levels throughout the period evaluated, being this much higher
in the hospitals belonging to the Social Security Fund.

Keywords: hospitals; efficiency; healthcare; data envelopment analysis; stochastic frontiers; stoNED

1. Introduction

Improving efficiency levels in the provision of healthcare services has become a priority for health
systems worldwide in response to the need to optimize the use of scarce resources in a sector and en-
sure the provision of public services that better satisfy population needs (Hollingsworth, 2013). This
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is particularly relevant in developing countries where there is a pressing need for proper resource al-
location given the limited level of overall infrastructure, resources, and health budget (Hafidz et al.,
2018). Within this group are the Latin American and Caribbean (LAC) countries, most of which
have significantly increased their public health expenditures in recent decades and will have to con-
tinue to do so in the future to serve an increasingly aging population (Moreno-Serra et al., 2019;
Akkan et al., 2020). In this context, policymakers and healthcare managers are under increased
pressure to exert comprehensive control over resources allocated to healthcare providers (Ferreira
et al., 2020).

This research focuses on the study of the health sector in one of those LAC countries, Panama,
where the volume of budgetary resources allocated to the health sector has experienced strong
growth in recent years (almost doubling in size between 2005 and 2015, whereas population only
increased 20% in the same period) because of the increase in staff salaries, the creation of new
health facilities and the large increase in budget allocations for medicines and medical and surgi-
cal equipment (Ministry of Health, 2015). Moreover, it is important to highlight that the public
health Panamanian system has a segmented structure, with two differentiated management models
coexisting side by side and covering populations in the same geographic territory: the Social Secu-
rity Fund and the Ministry of Health. This fragmentation in the financing of healthcare, which is
relatively common in LAC countries1, has negative consequences in terms of the efficiency of the
system, as it duplicates administrative costs and makes it very difficult to centralize the mechanisms
for strategic purchases from service providers. Therefore, it is not surprising that there is an enor-
mous interest in incorporating structural improvements in the model with the aim of reducing costs
and avoiding inefficiencies.

Specifically, we analyze the performance of Panamanian hospitals, as they account for the highest
proportion of total healthcare expenditures in the country. Specifically, we examine a sample of 22
hospitals over an 11-year period (2005–2015) so that we can evaluate how their efficiency levels
have evolved over the period and whether belonging to one management scheme or the other has
influence on their efficiency levels. Moreover, the estimation of efficiency measures should be useful
for identifying the most and least efficient hospitals, which may help hospital administrators in
benchmarking and establishing systems of rewards and/or penalties.

Generally, efficiency scores of healthcare institutions can be estimated using either parametric
or nonparametric methods. Since the pioneer work by Sherman (1984), data envelopment analy-
sis (DEA) has been the most widely applied method to measure hospital efficiency (for extensive
reviews of this literature, see O’Neill et al., 2008; Cantor and Poh, 2018; Kohl et al., 2019). This
technique provides a measure of the relative efficiency of organizational units according to their
use of their resources and the outputs achieved without imposing any functional form on technol-
ogy, thus it is more flexible and can be easily adapted to the characteristics of healthcare provision.
The main shortcoming of this method comes from their deterministic nature, that is, it attributes all
deviations from the frontier to inefficiency without consideration for measurement errors, sample
noise, or specification errors. As an alternative, parametric approaches assume a specific functional
form of the boundary of the production set with constant parameters to be estimated. In this case,
deviations from the efficiency frontier (measured by the error term) can be decomposed into two

1In many countries, there is usually one social health insurance scheme mostly for the formal sector and a national health
system that guarantees coverage for the poor and those in the informal labor market (Medici and Lewis, 2019).
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parts, one representing randomness (or statistical noise) and the other inefficiency, by applying
stochastic frontier methods (SFA). Their main disadvantage is that they require specifying a func-
tional form for the production frontier and relying on strong distributional assumptions about the
inefficiency term.

Those approaches are frequently identified as competitors, thus in the literature we can find a
large number of studies that have measured hospitals’ performance using different approaches and
comparing the indicators estimated with those alternatives (e.g., Banker et al., 1986; Linna, 1998;
Chirikos and Sear, 2000; Jacobs, 2001; Siciliani, 2006; Katharakis et al., 2014). However, DEA and
SFA should not be viewed as direct opponents, but rather complements, as the main strength of
each method (consideration of noise in SFA and flexibility in DEA) is precisely the main limitation
of the other method (DEA is deterministic and SFA needs the assumption of a functional form)
(Kuosmanen et al., 2015). In fact, there is a growing body of literature focused on bridging the gap
between parametric and nonparametric approaches by combining the virtues of both alternatives to
develop semi-parametric methods or nonparametric stochastic frontier methods (Fan et al., 1996;
Kumbhakar et al., 2007; Simar and Zelenyuk, 2011)2.

In the present study, we apply one of those extensions that allows for a full integration of
DEA and SFA into a unified framework. Specifically, we rely on the so-called Stochastic semi-
Nonparametric Envelopment of Data (StoNED) method developed by Kuosmanen and Korte-
lainen (2012) by refining the main ideas introduced by Banker and Maindiratta (1992). This method
can be interpreted as a generalization of both DEA and SFA, incorporating a classical model of
noise into DEA and imposing few microeconomic properties (monotonicity, concavity, and con-
tinuity) on the shape of the function estimated in SFA. Therefore, it combines the main virtue of
DEA, as the production frontier is estimated without specification of a functional form, with the
main advantage of SFA, because it allows for disentangling noise and efficiency. Moreover, this
alternative methodology seems to provide more accurate measures of units’ performance than tra-
ditional methods, especially in noisy scenarios, as demonstrated in several studies conducted within
the controlled environment of Monte Carlo simulations (Kuosmanen et al., 2013; Andor and Hesse,
2014). As a result, this method has started to be applied to measure efficiency in empirical studies
conducted in different sectors such as electricity distribution (e.g. Kuosmanen, 2012; Saastamoinen
and Kuosmanen, 2016), banking (Eskelinen and Kuosmanen, 2013), agriculture (Vidoli and Fer-
rara, 2015), tax administration (Nguyen et al., 2020), municipal services (Cordero et al., 2020),
regional analysis (Polo et al., 2021) or subjective wellbeing (Cordero et al., 2021). However, as
far as we know, this methodological approach has not yet been applied to assess the performance
of hospitals.

This study contributes to the existing research field focused on assessing hospital performance in
several directions. First, we apply a technique (StoNED) that attempts to combine the advantages
of DEA and SFA models to estimate efficiency measures for a set of hospitals for the first time. This
approach allows us to consider that deviations from the frontier of inefficient Panamanian hospitals
might be caused by some unobserved factors (included as part of statistical noise). Likewise, we
investigate whether the application of different methods to estimate efficiency measures produce
consistent rankings of units by comparing the estimates obtained by applying this method with

2Olesen and Petersen (2016) provide an exhaustive literature review of the main alternatives related to stochastic DEA
that allow for an estimation of stochastic inefficiency.
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those derived with the traditional DEA and SFA approaches. Second, we focus our attention on
assessing the performance of public hospitals operating in Panama, a Latin American country for
which no previous empirical study on the hospital sector has been conducted so far. This lack of
prior evidence is mainly due to the lack of official and accessible databases on the functioning of the
Panamanian hospital system. Unfortunately, this limitation is frequently present in low and middle
income countries that frequently lack sufficient data to perform a meaningful efficiency analysis
(Au et al., 2014). Therefore, an added value of the present work has been precisely the development
of an analytical tool to collect information on a large number of indicators and for an extended
period of 11 years (2005–2015) through questionnaires specifically designed for the development of
this research. Third, the existence of two differentiated management models coexisting within the
same health system (MoH and SSF) allows us to analyze whether there are differences in the levels
of efficiency demonstrated by hospitals belonging to each regime and explore how they evolved
over the evaluated period.

The remainder of this paper is structured as follows. In Section 2, we briefly review the related
literature on efficiency measurement in the hospital sector. In Section 3, we describe the three
methodologies applied in this study, that is, DEA, SFA, and StoNED. Then, in Section 4, we ex-
plain the main characteristics of the database and the variables used in our empirical study. The
main results are presented and discussed in Section 5. Finally, Section 6 summarizes the main
conclusions.

2. Literature review

There is a large literature on measuring the productivity and efficiency of healthcare institutions, es-
pecially for hospitals, using both parametric and nonparametric approaches (Worthington, 2004).
Among all these applications, we can find studies with very different purposes, ranging from studies
focused on exploring the effects of different types of ownership (Herr, 2008; Czypionka et al., 2014;
Ferreira and Marques, 2021), analyzing the relationship between efficiency and quality (Gok and
Sezen, 2013; Wu et al., 2013; Khushalani and Ozcan, 2017; Ferreira and Marques, 2019) or examin-
ing the relationship between specialization and efficiency (Langabeer and Ozcan, 2009; Lindlbauer
and Schreyögg, 2014).

Most of these studies rely on nonparametric methods and, more specifically on DEA, to calcu-
late efficiency scores as well as other closely instruments such as distance functions or Malmquist
indices when panel data are available (Jacobs et al., 2006; Hollingsworth, 2008; Kohl et al.,
2019). The main advantages of those methods are that they can easily handle multiple out-
puts in the transformation process, they provide detailed information on areas of inefficiency
and, more importantly, they do not require to specify any functional form that links inputs to
outputs.

However, these methodologies have the important limitation that they do not provide any infor-
mation of the uncertainty due to sample variation, thus it is not possible to perform a statistical
sensitivity analysis or applying statistical testing procedures. As a potential remedy to this problem,
Simar and Wilson (1998, 1999, 2000) propose several bootstrapping procedures to accurately esti-
mate efficiency and productivity scores and confidence intervals that establish the desired statistical
inferences. As these options have become available, their use has become increasingly common for
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statistical testing of estimators calculated with DEA and Malmquist indices in the assessment of
hospitals (e.g., Staat, 2006; Chowdhury et al., 2011; Marques and Carvalho, 2013; Ferreira and
Marques, 2015; Cheng et al., 2016).

Another potential drawback of nonparametric methods is that they are very sensitive to the
presence of extreme points and outliers. A possible solution to this problem consists of using ro-
bust partial frontiers (order-m and order-α) proposed by Cazals et al. (2002) and Aragon et al.
(2005), respectively3. These methods are characterized by the fact that the benchmark for each
evaluated unit is not the full frontier formed by the best practices of all units, but a partial
frontier that envelop only a reduced number of observations randomly drawn from the sam-
ple. As they do not include all the observations, it mitigates the problem caused by the pres-
ence of outliers, extreme values, or noise in the data. Given this advantage, it is not surprising
that the use of these techniques has recently become popular to assess the efficiency of hospitals
(Varabyova et al., 2017; Ferreira et al., 2018; Mastromarco et al., 2019; Ferreira and Marques,
2020).

The use of stochastic frontier models is another possibility to mitigate the two problems men-
tioned above. This approach offers rich specification of the production process, allows for statis-
tical testing of hypotheses about the production frontier and constructing confidence intervals
around the estimated efficiency measures. Moreover, they also perform well with panel data be-
cause they take into account potential unobserved heterogeneity due to the use of econometric
techniques. All these advantages have led to its widespread use for analyzing hospital performance
(e.g., Rosko, 2001; Herr, 2008; Rosko and Mutter, 2008; Barros et al., 2013). However, SFA has
two major limitations. The first is the requirement of a large sample size for the applied economet-
ric technique to work well and the second is the reliance on an assumed distribution of efficiency
estimates.

As mentioned in the introduction, an obvious alternative would be the combination of both
methods using some of the alternatives that have been developed in the literature for this purpose
such as the stochastic data envelopment analysis. However, the use of these techniques to mea-
sure hospital efficiency is still in its infancy, with few applied studies having applied them to date
(Kheirollahi et al., 2015; Mitropoulos et al., 2015).

The vast majority of the aforementioned studies and, in general, most part of the existing liter-
ature on the measuring the performance of healthcare providers are referred to developed coun-
tries, mainly from Europe and North America (O’Neill et al., 2008). Nevertheless, in the last two
decades, there has been a certain growth in the number of studies applied in low and middle-income
countries (e.g., Pham, 2011; Şahin and İlgün, 2019; Babalola and Moodley, 2020; Seddighi et al.,
2020). Despite this, the available empirical evidence on LAC countries is still very scarce. These
include the empirical studies conducted by Arocena and García-Prado (2007) for hospitals oper-
ating in Costa Rica, de Castro Lobo et al. (2010) and Longaray et al. (2018) for Brazilian hospi-
tals, Giménez et al. (2019a, 2019b) for Mexican and Colombian hospitals, respectively, or Piedra-
Peña (2020) for Ecuadorian hospitals. Therefore, the present paper focused on assessing the perfor-
mance of Panamanian public hospitals constitutes an important contribution within this area of
research.

3For a detailed explanation of these approaches, see Daraio and Simar (2007) or Daouia and Gijbels (2011).
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3. Methodology

In the next lines, we introduce the basic notation of the three methodological approaches used in
this study considering that the production units use a set of inputs X (x ∈ �p

+) to produce a single
output Y (y ∈ �q

+). We assume that all units share the same production technology � where the
frontier is given by the maximum output that can be produced given their inputs. Then, the feasible
combinations of inputs and outputs can be defined as the marginal attainable set:

� = {
(x, y) ∈ �p+q

+ |x can produce y
}
. (1)

Given that the production set � cannot be observed, it has to be estimated from a random sam-
ple of production units. Following the seminal work of Farrell (1957), technical efficiency can be
interpreted as producing the maximum amount of output from a given amount of input (output
orientation) or producing a given output with minimum quantities of inputs (input orientation)4.
The efficient units (hospitals in our case) will be part of the production frontier and the inefficiency
for those who do not belong to the frontier can be defined as

θ (x, y) = inf{θ |(θx, y) ∈ �}. (2)

3.1. Data envelopment analysis

DEA is a linear programming technique introduced by Charnes et al. (1978) that relies on the
convexity assumption of �. The aim of this method is to build an envelope that includes all the
efficient units, together with their linear combinations, leaving the rest of the (inefficient) units
below it. Following the notation provided by Daraio and Simar (2007), this estimator �̂DEA can
be defined as

�̂DEA =
{

(x, y) ∈ �p+q
+ | y ≤

n∑
i=1

γi · yi; x ≥
n∑

i=1

γi · xi, for (γ1, . . . , γn)

s.t.
n∑

i=1

γi = 1; γi ≥ 0, i = 1, . . . , n

}
. (3)

This model implicitly assumes variable returns of scale in production according to the model intro-
duced by Banker et al. (1984). Thus, inefficient units are only compared with others that operate
on the same scale. In this way, the technique is made more flexible by facilitating the analysis in
those cases (very common) in which not all the units evaluated operate on a similar scale. The

4In this paper, we adopt an input orientation because hospital managers generally have more control over their inputs
than their outputs. Moreover, in most countries the emphasis is on controlling costs rather than increasing demand for
healthcare (O’Neill et al., 2008).
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input-oriented efficiency scores for a given observation (x, y) can be obtained by solving a simple
linear program:

θ̂DEA(x, y) = inf
{
θ |(θx, y) ∈ �̂DEA

}
, (4)

where θ̂DEA denotes an efficient unit, while θ̂DEA < 1 implies that the hospital is inefficient. DEA
typically relies on cross-sectional data to estimate performance, which makes it difficult to obtain a
view of the evolution of efficiency over time. Therefore, when longitudinal data are available, DEA
needs to be adapted to a dynamic framework.

In the literature, we can find different alternatives to measure efficiency with panel data (Linna,
1998), but the most widely used approach for this purpose is DEA window analysis, which is based
on the principle of moving averages (Charnes et al., 1984). This approach suggests pooling all
cross-sections together forming an intertemporal production set that uses and treats separately all
observations from all time periods. The basic idea within this framework is to regard each unit,
in this case each hospital, as if it were a different unit in each of the reporting periods. Thus, the
performance of a unit in a particular period is compared with its own performance in other periods
as well as with the performance of other units (Harrison et al., 2009; Kazley and Ozcan, 2009). This
procedure has the advantage of increasing the number of observations available in the analysis,
which can be useful when the sample size is small as in our empirical application. Nevertheless,
we should bear in mind that when using this method we are implicitly assuming that there are no
substantial technical changes over the entire time period, as all units within a given window are
measured against each other.

3.2. Stochastic frontier analysis

Contrary to the DEA explained above, this approach is based on an econometric (i.e., paramet-
ric) specification of the functional form of the production frontier with constant parameters (β).
The main exponent is the SFA model introduced by Aigner et al. (1977) and Meeusen and van
Den Broeck (1977), which estimates the unknown parameters (β) from the actual observations us-
ing maximum likelihood techniques. Using a Cobb–Douglas production function, this method can
be expressed as follows:

ln yi = β0 +
p∑

j=1

β j · ln xi, j + εi, (5)

where the error term (ε) is composed of two independent components, εi = vi − ui (i = 1, . . . , n).
The first element, vi, is a random variable reflecting noise and other stochastic disturbances like
a temporary local outbreak of disease or some unexpected expenditures for repairs as well as po-
tential measurement errors resulting from the nonconsideration of relevant variables in the model.
This term is assumed to be an independent and identically distributed normal random variable
with zero mean and constant variance. The second component, ui, captures technical inefficiency
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(distance from the frontier) and it is assumed to follow a one side distribution (e.g., half-normal,
truncated normal, exponential), as it can only affect output in one direction.

We assume here a half-normal distribution for the inefficiency term (ui → |N(0; σ 2
u )|) and a nor-

mal distribution for the noise term (vi → N(0; σ 2
v )). Under these assumptions, the marginal density

function of the composed error term is defined by

f (ε) = 2
σ

φ
( ε

σ

)



(
−ελ

σ

)
, (6)

knowing that σ = √
σ 2

u + σ 2
v , λ = σu

σv
and φ and 
 are the standard normal cumulative distribution

and the density function, respectively. To estimate σu, σv, and εi, we use the maximum likelihood
procedure. Thus, the corresponding likelihood function of Equation (6) that must be maximized is
represented by

L(α, β, σ, λ) = C − n · ln σ +
n∑

i=1

ln 


(
−ελ

σ

)
− 1

2σ 2

n∑
i=1

ε2
i , (7)

where εi = yi − (β0 + ∑p
j=1 β j · ln xi, j ).

Once the parametric functional form has been estimated, it is also possible to derive individual
efficiencies. To do this, we use the consistent point-estimator proposed by Battese and Coelli (1988):

Ê (exp (−ui)|ε̂i) =
φ
(

μ̂∗i
σ̂∗u−σ̂∗v

)
φ
(

μ̂∗i
σ̂∗u

) · exp
(

1
2
σ̂ 2

∗ − μ̂∗i

)
, (8)

where μ̂∗ = − ε̂iσ̂
2
u

σ̂ 2 and σ̂ 2
∗ = σ̂ 2

v σ̂ 2
u

σ̂ 2 .
Finally, this model can also be adapted to a dynamic context when longitudinal data are available,

that is, when different observations are available for the same unit in different time periods (t =
1, . . . , T ), by assuming that the production function is time invariant and common to all units.
To estimate this model, it is common to use the fixed effects approach suggested by Schmidt and
Sickles (1984), in which usually the inefficiency term (ui) is assumed not to change over time, but
the disturbance term (vit) can. Likewise, we assume that ui and vit are independent of inputs xit and
of each other.

3.3. Stochastic semi-nonparametric envelopment of data

This model is based on the regression interpretation of DEA proposed by Kuosmanen and Johnson
(2010) to combine the key characteristics of DEA and SFA into a unified model, that is, the DEA-
type nonparametric frontier with the probabilistic treatment of efficiency and noise in stochastic
models. In this scenario, the production function is defined in such a way that the deviations of
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outputs from the production frontier can be decomposed into two different sources: the inefficiency
term (ui) and the stochastic noise term (vi), thus the production function can be defined as

yi = f (xi) + εi = f (xi) − ui + vi i = 1, . . . , n, (9)

where εi = vi − ui is the composed error term and it is assumed that variables vi and ui are random
variables that are statistically independent of each other as well as of inputs. The inefficiency term
has a positive mean denoted by E (ui) > 0 and a constant finite variance denoted by Var(ui) = σ 2

u <

∞. For the noise term, a mean value of zero E (vi) = 0 and a constant finite variance Var(vi) = σ 2
v <

∞ is also assumed.
We can adapt this technique to a dynamic context if panel data are available (i.e., each unit

in t = 1, . . . , T ). Again, we follow Schmidt and Sickles (1984) taking the most efficient unit in
the sample as the reference, and estimate the time-invariant inefficiency terms ui (for a detailed
description of that procedure, see Kuosmanen and Kortelainen, 2012). Therefore, we can define a
time invariant frontier model as

yit = 
(xit ) · exp (εit )

εit = vit − ui (10)

where yit is the observed output of firm i in time period t, xit is a vector of inputs consumed by firm
i in time period t, and 
 is a production function that is time invariant and common to all units.

The estimation of the StoNED model is conducted in two stages. The first stage estimates an
average production function with concave nonparametric least squares (CNLS) (Hildreth, 1954).
The main advantage of this method is that, like nonparametric methods, it does not assume any a
priori assumption on a functional form, but establishes only concavity and monotonicity of the pro-
duction function. Specifically, the estimator can be solved as the optimal solution to the following
quadratic programming problem5:

min
T∑

t=1

n∑
i=1

ε2
it s.t.

yit = αit + β′
itxit + εit ∀ i = 1, . . . , n ∀ t = 1, . . . , T

αit + β′
itxit ≤ αit + β′

itxhs ∀ h, i = 1, . . . , n ∀ s, t = 1, . . . , T (11)

β′
it ≥ 0 ∀ i = 1, . . . , n ∀ t = 1, . . . , T,

where εit represent the residuals of the regression in time period t. The parameters αit and β′
it char-

acterize the tangent hyperplanes of the estimated production, which are specific to each unit in
each time period. Thus, the frontier is estimated with as many as nT hyperplanes. The inequality
constraints impose convexity using Afriat inequalities (Afriat, 1972), which are the key to modeling
the concavity axiom in the general multiple regression setting (Kuosmanen, 2008).

5This problem is equivalent to the standard DEA model when a sign constraint on residuals is incorporated to the
formulation (εi ≤ 0, ∀i) and considering the problem subject to shape constraints (monotonicity and convexity).
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Using the CNLS residuals from the first stage (ε̂it), the next step is to estimate the expected
value of the inefficiency term μ = E (ui), thus we need to identify which part of the deviation from
the frontier is attributable to inefficiency. For that purpose, and to maintain homogeneity of cri-
teria with respect to the previously described SFA method, we also use the maximum likelihood
estimation by following Equations (6) and (7). Analogously to the preceding subsection, in this
second step firm-specific efficiencies are estimated by means of the Battese and Coelli (1988) point

estimator, Equation (8), knowing now that ε̂it = ε̂it
CNLS − σ̂u

√
2
π

is the estimator of the composite
error term.

The main limitation of this approach is that it is computational intensive, thus it might be difficult
to apply when the sample size is large. However, several authors have proposed new algorithms
to solve the CNLS formulation (e.g., Lee et al., 2013; Mazumder et al., 2019) with the aim of
mitigating this drawback. Likewise, another possible limitation could be that, like the SFA models,
this approach was originally designed for a production process with a single output. Nevertheless,
it can be adapted to a multiple output framework using directional distance functions (Kuosmanen
and Johnson, 2017) or ray production functions (Schaefer and Clermont, 2018).

4. Data and variables

In order to conduct this research, it was necessary to build a database about Panamanian hospitals,
as there was no previous formal register including data on the activities and services and available
resources for these institutions. This information was collected through a questionnaire designed
specifically for the development of this research that was sent to the managers of all public hospitals
that are part of the system. As we were interested in capturing information over a sufficiently long
period of years, it was necessary to provide the support of expert staff in statistics and medical
records in some cases, as the existing data were widely dispersed.

Our sample includes information about 22 public hospitals and 11 years (2005–2015), thus the
total sample consists of 242 observations (22 hospitals × 11 years = 242). These hospitals are
divided between the two management systems that coexist in the country, the Social Security Fund
(SSF) and the Ministry of Health (MoH). The former is an institution that offers healthcare to the
insured population (approximately 75% of the population) and dependents through a network of
comprehensive care services, while the MoH has the mission of ensuring access to health services
for the entire population and the whole territory, including rural areas with more difficult access.
In our sample, half of the hospitals (11) belong to each provider.

Our selection of variables was based on the input/output categories proposed by two compre-
hensive reviews of variables used in empirical studies focused on evaluating the efficiency of hos-
pitals (O’Neill et al., 2008; Auteri et al., 2019), but also considering the limitations of the data
collection process existing in the country. Specifically, we consider three inputs and two outputs
to describe hospital production technology. As inputs, we selected the total number of beds as a
proxy of capital and two variables representing human resources (medical and nonmedical staff).
As for the outputs, although hospitals are recognized to provide different services, we restrict
our analysis only to inpatients activities, as outpatient visits are carried by local health authori-
ties. Moreover, it is also worth mentioning that we would have liked to include data about other
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Table 1
Descriptive statistics for total sample observations

Variables Mean S.D. Min Max

Outputs Discharges 8885 8598 407 32,009
Emergencies 52,153 36,082 2717 171,744

Inputs Beds 205 209 15 843
Medical staff 111 173 5 1021
Nonmedical staff 321 256 6 1049

potential variables representing quality measures of hospitals’ outcomes such as re-admissions
or nosocomial infections, but this information was available only for a limited number of hos-
pitals, thus we had to rule out their inclusion in our study. Therefore, we selected only two
variables, the number of discharged patients and the number of emergency services, as output
indicators.

Given the limited size of the available sample and the high correlation existing between the
two outputs6, we use the dimension reduction strategy based on factor analysis as suggested
by Wilson (2018). This procedure reduces potential dimensionality related problems with non-
parametric models and also facilitates the estimation of the SFA and StoNED models. The re-
sulting output factor (FY) is determined by the first eigenvector of the second moment ma-
trix of the two outputs, which can roughly be interpreted as an average of the scaled outputs.
It explains 92% of total inertia, thus little information is lost by using this single output fac-
tor. Moreover, the correlation between this factor and the original output variables is also high
(0.77 and 0.98 with discharges and emergencies, respectively). Therefore, in our model, we fi-
nally include three input variables and one output summarizing inpatient activities carried out by
hospitals.

Table 1 shows the main descriptive statistics for the whole sample, that is, for the 242 observations
available. The high values of standard deviation reveal the existence of significant heterogeneity
among hospitals, with very diverse sizes and wide variations in their resource endowment.

Table 2 shows the mean values of each variable for each year of the period studied. As a com-
plement to this information, Fig. 1 illustrates the evolution experienced by all these variables over
the 11-year period under analysis. Here we can see that the evolution of the number of discharges
has been on a downward trend since 2007. This phenomenon may be due in part to the growth
of chronic diseases, which causes bed rotation to slow down and extend the period of hospital-
ization of patients, affecting the possibility of new admissions and reducing hospital discharges.
In contrast, emergency services maintained an upward trend until 2012 and then declining in the
last years of the period under study. With regard to the inputs, the volume of medical personnel
is much lower than that of other workers. This gap has been maintained throughout the period
studied, during which both staff numbers have increased significantly. The number of beds has
remained constant over the 11 years studied in most hospitals, with only slight changes in some
hospitals.

6The correlation coefficient is 0.61 and statistically significant.
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Fig. 1. Evolution of average values over the period.

5. Results

This section presents the efficiency scores estimated by applying the three methods described in
Section 3 (DEA, SFA, and StoNED) to our data about public hospitals operating in Panama. As
explained earlier in the text, the main difference between those approaches is that DEA is deter-
ministic, that is, this method does not distinguish between inefficiency and noise, while SFA and
StoNED do include a random noise component, which represents potential measurement errors or
the effect of omitted explanatory variables.

Table 3 summarizes the main descriptive statistics of all the units evaluated in a dynamic context,
that is, 22 hospitals over an 11-year period (2005–2015), which make a total of 242 observations.
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Table 3
Descriptive statistics of efficiency scores estimated with alternative methods

Method Mean S.D. Min Max

DEA 0.7088 0.2341 0.1210 1.0000
SFA 0.6095 0.1975 0.1790 0.9145
StoNED 0.7112 0.1296 0.2531 0.9448

Table 4
Correlation coefficients between different efficiency estimates

(a) Pearson’s correlation coefficient

DEA SFA StoNED

DEA 1
SFA 0.7273 1
StoNED 0.8853 0.8168 1

(b) Spearman’s rank correlation coefficient

DEA SFA StoNED

DEA 1
SFA 0.6633 1
StoNED 0.7998 0.7838 1

(c) Kendall’s Tau correlation coefficient

DEA SFA StoNED

DEA 1
SFA 0.5266 1
StoNED 0.6237 0.6141 1
(*)

(All p-values are approximately 0.000 with a level of 0.1% of significance).

As can be seen, the average values of the efficiencies estimated with alternative approaches are
quite similar for DEA and StoNED (both are close to 0.71), while the mean value of the efficiency
scores estimated with the SFA approach are significantly lower (0.61). It is therefore clear that there
is plenty of room for Panamanian hospitals to improve their efficiency levels. Likewise, it is also
possible to verify that some fully efficient hospitals (θ = 1) can be identified with the DEA method,
while efficiencies estimated with the other two methods are all below one.

In order to check to what extent there are similarities between the efficiency measures estimated
with alternative methods, we rely on two indicators. First, we calculated three different correlation
coefficients (Pearson, Spearman and Kendall), whose values are reported in Table 4. According to
these values, it seems that there are many similarities between the efficiency levels estimated with
the different methods, as all of them are above 0.5 and are statistically significant. However, the
probability density distributions of the estimated efficiencies displayed in Fig. 2 reveal that there
are some notable divergences among them7. Specifically, we can observe that the distribution of

7These distributions have been obtained using nonparametric kernel density methods.
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Fig. 2. Probability density of efficiencies estimated with alternative methods.

Table 5
Nonparametric tests for equality of distributions

Methods Test statistic p-value

DEA–SFA 11.1197 0.00***

DEA–StoNED 25.0726 0.00***

SFA–StoNED 12.7056 0.00***

scores estimated with StoNED presents a high proportion of units with values around the mean,
represented by the vertical line, while the other two distributions are much more flattened. In both
cases, a bimodal-like structure can be observed, although much more declined toward the right in
the case of the efficiencies estimated with DEA as many of them are labeled as efficient, while the
values estimated with SFA are all lower than one. Thus, in order to test whether those divergences
between distributions are significant, we apply the nonparametric test proposed by Li et al. (2009)8.
According to the values of the p-values displayed in Table 5, we can reject the null hypothesis that
the distributions of the efficiency estimates can be considered as equal to each other in all cases,
which corroborates that the observed divergences are significant.

As one of the main interests of this work is to analyze the efficiency of hospitals in a dynamic
context, Fig. 3 shows the temporal evolution of the average efficiency scores estimated with each

8The test is based on a consistent integrated squared difference nonparametric test for equality of densities.
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Fig. 3. Evolution of efficiency scores estimated with different approaches.

Table 6
Descriptive statistics of efficiency scores by management system

Efficiency
model

Management
model Mean S.D. Min Max

Kruskal
Wallis test

Li et al.
(2009) test

DEA SSF 0.7083 0.2088 0.1210 1.0000 0.34 0.00***
MoH 0.7093 0.2578 0.1436 1.0000

SFA SSF 0.5649 0.1800 0.1790 0.9024 0.00*** 0.00***
MoH 0.6542 0.2047 0.1972 0.9145

StoNED SSF 0.7015 0.1183 0.2531 0.9448 0.00*** 0.00***
MoH 0.7210 0.1398 0.3335 0.8940

method over the 2005–2015 period. In all cases, it can be observed that there is a clear downward
trend from 2010 onward. In this regard, it should be noted that between 2009 and 2014 the govern-
ment declared public investments of more than 13 billion U.S. dollars to improve the infrastructure
of several hospitals. In addition, the health payroll increased dramatically because of increases es-
tablished by the wage laws governing healthcare employees as well as the payments for shifts and
surgeries performed outside regular hours. All this resulted in an increase in the level of inputs that
might explain the decrease of efficiency scores for those years.

After analyzing the results for the total set of hospitals, we focus on the comparison between
hospitals belonging to each of the two management systems co-existing in the country (SSF and
MoH). Table 6 displays the main descriptive statistics of efficiency scores estimated with alternative
approaches for each group of hospitals. It can be seen that the average efficiencies of the Ministry’s
hospitals is higher than those for the hospitals belonging to the SSF, although these differences
are only significant for the estimates made with SFA and StoNED, as can be seen from the p-
values of the nonparametric Kruskal Wallis test also reported in the table9. Nevertheless, when we

9We have also applied an alternative nonparametric test (Mann–Whitney) and the results are very similar.
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explore the divergences existing between management models with regard to the distributions of
efficiency scores, the p-values of the nonpametric test proposed by Li et al. (2009) suggest that they
are significant for all the estimates.

Figure 4 shows the evolution of efficiency scores estimated with each method differentiating be-
tween hospitals belonging to each system. These graphs allow us to detect that the above-mentioned
downward trend in efficiency levels is mainly explained by the decrease in efficiency levels experi-
enced by the SSF hospitals, whereas the Ministry’s hospitals maintain fairly stable levels of effi-
ciency throughout the period studied. This is not surprising, as most of the previously mentioned
increases in employee salary increases occurred mostly in SSF hospitals.

Finally, we explore the performance of hospitals on an individual basis. To do this, we rely on the
information reported in Tables 7–9, which provide the efficiency scores estimated with DEA, SFA,
and StoNED, respectively, for each hospital in different years. As hospitals are ranked according
to the average values recorded throughout the period, it should be noted that the ranking of units
are different depending on the methodology applied, especially with regard to the top positions in
the ranking. Thus, for example, Hospital Dr. Aquilino Tejeira is identified as the top performer
according to the classification of the average efficiencies estimated with SFA and StoNED, but it
ranks third according to DEA calculations. Something similar occurs with hospital San Miguel Ar-
cángel, placed at second best position according to SFA and StoNED, but fifth in the DEA rank.
Even more striking is the fact that the hospital considered to be the most efficient according to
the DEA model (Chiriquí Grande) is in the lower half of the ranking according to the other two
methods. However, it is also possible to find many similarities between the rankings, which largely
explain the high correlation found for the efficiency scores estimated with alternative approaches,
mainly with regard to the identification of the worst performers. Thus, it can be seen that the hos-
pitals placed at the bottom are practically the same in all three rankings (Hospital de la Palma,
Hospital Azuero Anita Moreno, Hospital Dr. Rafael Hernández, Hospital Ezequiel Abadía and
Complejo Hospitalario Arnulfo Arias Madrid).

When examining the evolution experienced by some hospitals over the period studied, some
interesting aspects can also be observed. For instance, there are several hospitals (e.g., Changuinola,
Dr. Rafael Hernández, Arnulfo Arias Madrid or Santo Tomás) in which there has been a very
pronounced decrease in their efficiency levels estimated with alternative methods over the period
studied. Thus, it can be assumed that the management of hospitalized patients has suffered a certain
setback in recent years in those centers. In contrast, other hospitals like Dr. Cecilio A. Astillero or
Dr. Joaquín Pablo Franco have experienced notable improvement over the years.

6. Conclusions

This study has implemented and compared three alternative approaches that can be used to esti-
mate efficiency measures of performance with panel data. We compare the results obtained with
the DEA and SFA methods, which have been widely applied in previous studies in the healthcare
sector, with the estimates obtained by applying a much more innovative technique, the StoNED
approach, which has hardly been used so far in this framework. The empirical analysis presented is
referred to a sample of public hospitals operating in Panama, a country where this type of studies
have not been conducted previously, and covers a period of 11 years (2005–2015) where there were
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Fig. 4. Evolution of efficiency scores by management system.
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important changes in the allocation of resources for these public healthcare providers. The main
results can be summarized as follows.

Our results suggest that there has been a decrease in the efficiency levels of Panamanian hospitals
throughout the period studied, and that there is still ample room for improvement for most of
them. This evidence is observed for all estimates made with alternative models. In fact, we find
little variation in the values of efficiency scores estimated with both nonparametric alternatives
(DEA and StoNED), being much lower for SFA. In contrast, when examine the probability density
distributions of the efficiencies, we observe greater similarities between scores estimated with DEA
and SFA. In any case, the rankings of hospitals derived from different approaches are quite similar,
especially with regard to the identification of the worst performers, thus we can conclude that the
estimates of the most innovative model applied in this empirical research, the StoNED approach,
are in line with the efficiency scores obtained with standard traditional models like DEA and SFA.

A detailed analysis of the differences existing between the hospitals belonging to the two public
management systems that coexist in the country has allowed us to identify that the efficiencies of
Ministry’s hospitals are higher than those for the hospitals belonging to the Social Security Fund.
Likewise, the analysis of the evolution of efficiencies throughout the period has allowed us to verify
that the divergences between the hospitals belonging to each management scheme arise mainly in
the last years of the period, in which the notable increase experienced by the SSF hospitals’ expenses
has not been reflected in an improvement of the results, causing the corresponding decrease in their
efficiency levels.

Despite these interesting results, we should mention that we are aware that our study presents
a series of limitations that should lead us to interpret them with caution. Probably the most im-
portant of these limitations is that we have not been able to include in our empirical analysis some
variables that may be relevant due to the absence of data. These include the use of some indicator of
the quality of health services, some type of complexity-adjustment (e.g., case-mix index), or some
other environmental variable representative of the typology of the patients in each hospital, such
as the percentage of the population above 65 years old living in its area of influence. Unfortunately,
this is a common problem in studies conducted in developing countries (Hafidz et al., 2018), al-
though, in our opinion, this should not be an obstacle to conduct assessments in this framework,
because only through them it is possible to identify benchmark units and organizations that are
not maximizing their resources, which should introduce changes to improve their performance. In
any case, it is worth mentioning that our results should not be used to make very strong policy rec-
ommendations such as closing hospitals or reducing investments in poorly performing institutions,
especially because apart from efficiency, there are other relevant health-system goals like access or
equity of care that have not been considered in the present study.

Another serious problem of our study is that the number of observations in our sample is quite
small, as it only includes 22 hospitals. However, we should mention that the hospitals that make
out our sample represent approximately 70% of total beds in the public hospital system and around
80% of the personnel, thus we consider our sample to be fairly representative of the total number
of hospitals in the Panamanian public health system.

Finally, it is worth mentioning that the design of our study has been largely conditioned because
two of the techniques used to measure efficiency were designed to be implemented in a single-output
framework (SFA and StoNED). However, it is worth mentioning that this potential limitation can
be overcome by using applying directional distance functions, which allows for handling multiple
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outputs in the estimation of efficiency scores. Therefore, a potential extension of the present study
could be to check whether shifting from one-output to two-output in the specification or our pro-
duction technology might affect the results.
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