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Abstract

The aim of this meta-regression literature review is to examine the effect of modeling choices
on technical efficiency scores within the econometric literature based on fundamental concepts
rooted in the operations and production management sciences. Building on key modeling
frameworks of efficiency analytics and diverse frontier methodologies relevant for use in health
services research, the focus of this paper is on the major considerations following the selection of
nonparametric data envelopment analysis (DEA) variables/hospital indicators and the choices
applied to this estimation technique, accounting for model specification and variables included in
the efficiency analysis. The review concludes with an empirical section containing a statistical
summary of the literature on hospital efficiency frontier modeling, as well as a meta-regression
analysis aimed at identifying the key factors of DEA model specifications or study
characteristics that influence efficiency estimates. This step, undeniably, is vital in understanding
the limitations and drivers of efficiency score estimations and avoiding certain pitfalls that can
reduce the robustness of frontier modeling methods. Based on the meta-regression analysis, it is
clear that as the number of variables included in the frontier model increases, the average
efficiency predictions drop fairly rapidly when the sample size is fairly small. This significant
phenomenon identifies the importance of the sample size effect, indicating that the inclusion of
an extra variable into a model with more than 10 (hospital) observations does not alter the
average efficiency score very much; as long as the hospital sample size is large and homogenous,
the mean technical efficiency shows little change, and the mean efficiency seems to remain
constant after a sliding threshold is reached. Therefore, correcting for sample size has a major
impact on the assessment of average efficiency estimates and aids in robust empirical analysis
that can potentially be deemed scientifically evidence-based to allow for future health policy
reforms and allocation redistribution decisions to be made.

Keywords: Efficiency models, health services research, DEA, nonparametric analysis, frontier
analysis, efficiency literature review, public health efficiency, hospital productivity.
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Introduction

Frontier-based methods for analyzing and estimating efficiency have been applied to many
different types of healthcare institutions, including nursing homes, hospitals, health
districts/regions, and physician practices. Parametric methods (stochastic frontier analysis; SFA)
have gained popularity in recent years, while nonparametric methods (data envelopment
analysis; DEA) have long been the dominant tool in this body of literature [1, 2]. A majority of
studies utilize efficiency estimates to shed light on policy issues such as ownership and
organizational structure [3]. Therefore, this empirical analysis of the literature and meta-
regression is necessary to determine how best to model variables and capture measures of
hospital efficiency to (i) inform health officials and policy-makers on healthcare funding or care
service delivery and capacity utilization and (ii) conduct a post evaluation of healthcare policy
effects on hospital behaviors by comparing preintervention baseline measures of hospital
efficiency performance and evaluating any improvement/deterioration in efficiency, following
policy changes or intervention implementation, to determine their success or failure to meet
initiative goals.

The influence of modeling choice on efficiency estimates is widely acknowledged in the
efficiency literature. Although most studies do not have a choice in either the sample size or
variables used due to data availability, the decision on analytical methods and model
specifications, to a larger extent, can be controlled to accommodate the research question(s).
Therefore, there are good reasons for examining alternative model specifications and their results
to ensure the reliability of the estimation. This is especially important for studies with a policy
design focus, as other health economists have pointed out in earlier studies [4-6]. If the
efficiency estimates are to inform decision makers on funding or capacity utilization, then
incorrectly labeled inefficient hospitals might receive less funding resources or need to trim their
production. If post evaluation of a healthcare policy on hospital behaviors is the issue of concern,
a biased estimation of efficiency would be misleading to assess the true policy impacts.

Key Modeling Choices and Considerations for Efficiency Estimation Improvement

Variables

The first major decision in modeling production technology relates to output and input choices.
Inputs and outputs should be relevant and sufficient to capture the production process. In
practice, problems with variable choice come under the form of imperfect measures of inputs
and/or outputs, incorrect aggregation, and omitted variables. The inclusion of irrelevant variables
is another issue [2, 7]. However, in the hospital efficiency literature, it is far more often that a
frontier model fails to capture all aspects of healthcare service production than including an
extraneous variable, mainly because of data deficiency. Furthermore, it is suggested that
exclusion of relevant variables is likely to be more damaging to frontier models than inclusion of
irrelevant variables [8-10]. Although studies far too often do not have choice over quality of
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input and output data, it is worth emphasizing that findings based on rudimentary measures of
inputs/outputs should be interpreted with caution. Omitted variables and aggregation in many
situations are mainly attributed to different research questions or data availability, while in other
cases, they are due to modeling choice. Its existence usually distorts findings.

Now, let us consider the question of whether it is possible to predict the direction of impact on
the average efficiency score by variable inclusion or exclusion in a model. Basically, what
considerations should be taken when deciding which hospital variables to include in the
efficiency model and what to expect in terms of overestimation of efficiency scores or
underestimation of efficiency scores based on variable selection alone? Technically, the
inclusion of another variable in the estimated model will increase the dimensions of the frontier.
We know this from previous studies that suggest that increasing frontier dimensions may
produce higher mean efficiency scores (overestimated efficiency). The magnitude of this effect,
however, depends on the omitted variable’s correlations with included variables. This means, for
example, if the extra variable is an input and it is highly correlated to other input variables,
omission of the variable is unlikely to significantly affect the results. However, if the variable is
not strongly correlated, then the impact on mean efficiencies can be significant. This is a solid
point of consideration when constructing models for hospital efficiency analysis.

One strong example found in the hospital efficiency literature is the study by [11], in which they
added case-mix variables to a basic trans log function and found the basic trans log case yielded
lower efficiency scores compared to the one with case-mix variables. In fact, the potential impact
of dimensionality on efficiency scores was discussed by [12], where the author found that
variable set expansion, either through adding new variables or even disaggregating existing
variables, may produce an upward trend in mean efficiency scores (important consideration
when attempting to transform or decompose data measures originally reported as aggregate
hospital variables). Then, again, another study also confirmed that aggregation of many outputs
into fewer or one output introduces a downward bias on efficiency estimates, and the more
outputs are aggregated, the greater the bias that may be expected [13]. In essence, the modeling
process alone is arguably the ultimate determining factor of whether the efficiency scores
obtained from our analysis are truly representative of a hospital’s efficiency.

Sample Size

In terms of the sample size, number of observations, or decision-making units (DMUs) in an
analysis, the opposite effect is generally observed. It seems that the increase in sample size will
either push the production frontier up when new observations form part of the new frontier or
does not change the frontier at all when new observations lie entirely under the existing frontier
[14]. This means that if we decide to include more hospitals to have a larger sample size and
these new observations form part of the new frontier, then the units (hospitals) that were once
identified as efficient under the old frontier may now be identified as inefficient. Only when a
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new observation in our sample does not affect the position of the frontier (because it is either on
or below the existing frontier) will it not change the status of already identified efficient and
inefficient units (hospitals). Therefore, this consideration of the number of hospital units in an
efficiency analysis indicates a point of depreciation so that, on average, increasing the sample
size is unlikely to result in an increase in mean efficiency scores. This important point was also
noted by [15, 16], who both found a negative correlation between the estimated mean efficiency
and the number of firms in the industry. The key takeaway here is that when the sample is
relatively small, the mean efficiency decreases quickly as the number of observations increases.
When sample sizes are large, the mean efficiency shows little change. Above a threshold, a mean
efficiency seems to be constant.

Orientation

The other important consideration in frontier modeling relates to orientation. The choice of
input/output orientation is usually driven by the objective of production units under relevant
production and management constraints. In our case of hospital efficiency, hospitals under an
expenditure cap scheme tend to maximize output, while hospitals receiving reimbursement based
on units of treatment appear to conserve cost. If maximizing output (or outcome) is considered a
relevant objective of a hospital, then an output orientation (output-oriented DEA frontier) may be
warranted. Alternatively, if the hospital is interested in minimizing inputs or cost, then input-
oriented DEA may be selected. In practice, the underlying assumption of input orientation in
hospital efficiency studies is that cost (input) minimizes the behavior of hospitals. We assume
this and justify it from the viewpoint of hospital managers, who are constantly under the pressure
of meeting a budget requirement. However, this assumption has received much criticism in the
literature, especially from medical professionals who often argue that their objective is not
minimizing cost but improving lives through prevention and treatment of diseases.

Furthermore, orientation has a certain effect on the efficiency score. If the sample in the analysis
contains mainly small and few large hospitals, it is expected that most hospitals are operating in
the increasing returns to scale region, and therefore an input-oriented DEA approach would
produce a higher efficiency level for small hospitals; consequently, higher mean efficiency. The
reverse applies to samples with mainly large hospitals. A sample with a balanced mix of hospital
sizes is likely to generate similar mean efficiency scores under either output or input orientations.
It is noted that this issue only applies for the variable returns to scale (VRS) frontier. In the
constant returns to scale (CRS) circumstance, output and input orientations produce identical
technical efficiency [17]. This point of consideration indicates that adjustments should be made
in terms of the total number of hospital beds (hospital size) to control for higher exaggerated
efficiency estimates in a sample of small, medium, and large hospital sizes.
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Return to Scale

In economics, returns to scale describe what happens to long-run returns as the scale of
production increases, when all input levels including physical capital usage are variable (able to
be set by the firm). The concept of returns to scale arises in the context of a firm's production
function and relates to whether production units are of the optimal size. This is one of the
popular research questions in efficiency analysis. Some production technologies possess the
property of constant returns to scale (CRS), and the production size does not matter. Others (and
the majority) do not. This raises the question of how returns to scale should be modeled. The
CRS assumption is appropriate when all hospitals are operating at the optimal scale (i.e.,
productivity is scale dependent). However, imperfect competition, government regulations, valid
social objectives, and financial and labor constraints may cause the hospital to not operate at the
optimal scale [17].

In this case, if we impose CRS in the model, efficiency estimates will be significantly biased.
This bias is generally more serious than in the case where VRS is assumed for a CRS technology
[18]. Moreover, [19] suggests that imposing CRS will vastly underestimate efficiency, whereas
[20] imply that this inappropriate use of returns to scale assumption is particularly damaging
when the sample size is small. Table 1 summarizes this section on the expected relationships
between efficiency scores and choice of model specifications based on the literature outlined
above. The following section statistically evaluates differences in study characteristics, model
specifications, and reported efficiency scores in a sample of reviewed studies.

Table 1: Some expected impacts of modeling choices on mean efficiency estimates

Factors which push Factor with ambiguous Factors which push

mean efficiency impact on mean efficiency mean efficiency

upwards downwards

Number of variables Orientation Sample size

Pooled panel data Constant  returns to
scale (CRS)

Research Methodology

Priority was given for constructing a meta-dataset of reviewed studies and declaring the meta-
analysis regression (meta-regression) data in Stata 16.1 statistical package, which is used to
perform the meta-regression analysis on study-level summary data. Therefore, most of the time
was spent during this phase of the process to ensure that a diverse and globally representative
study sample with quality-appropriate findings was finalized. The literature search query applied
used the initial “hits” or returns from the many databases searched to review academic and
scholarly peer-reviewed studies following specific, predetermined inclusion/exclusion criteria.
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Primary studies are then sorted according to keyword usage in the title or abstract with inclusion
terms: “efficiency”, ‘“hospital”, “healthcare facility”, ‘“health center”, “data envelopment
analysis”, and “DEA”, which helped identify approximately 1,286 publications on
healthcare/hospital efficiency [21]. This review followed the recommendations and guidance of
the Joanna Briggs Institute (JBI) Global; thus, all methods, including protocol, study selection,
critical appraisal, data extraction and synthesis, are supported and approved by the international
scientific committee (https://auth.jbisumari.org).

Elimination was based on two main publication factors, studies dated before 2002 (older than
twenty 20 years) and non-English language studies; broader exclusion criteria included studies
not reporting weighted average technical efficiency scores (or no data given for readers to
calculate), no full-text available or accessible, DMUs other than hospitals (i.e., cross-country
health system comparisons, health districts/regions, etc.), literature reviews and all other types of
study analyses (graduate thesis, dissertations, etc.), studies using cost function to estimate
productivity along with efficiency measures, and any hospital efficiency study using parametric
stochastic frontier analysis (SFA) and not nonparametric data envelopment analysis (DEA) as the
primary technique for frontier estimation. All working papers were additionally eliminated.
Finally, studies on allocative efficiency and healthcare services other than hospitals (such as
physicians, primary health clinics, diagnostic labs, nursing homes, etc.) were removed from the
list.

The screening of identified articles and assessment process for eligibility is based on quality
indicators set using the fifteen-point scale by [22] for quality appraisal of the literature. The
criteria used to assess study quality include the following: literature review and identification of
research gaps; research question and design; validity and reliability; data collection; population
and sampling; and analysis and reporting of results. These criteria were rated as 0 (not present or
reported), 1 (present but low quality), 2 (present and mid-range quality), or 3 (present and high
quality). Studies are rated using the article quality rating sheet [22]. Given the specificity of this
review, several papers were continuously eliminated following low-quality ratings, and a few
concerns regarding diversity of papers were raised; therefore, to maintain research inclusion
while controlling for publication bias, papers rated as present and mid-range quality in their data
analysis and interpretation of results were still included.

Articles were then evaluated to determine their relevance and authority in terms of the research
question(s) and study objectives, as well as other characteristics, units of analysis,
country/region, publication year, methodology, model specifications, and efficiency results and
findings — among other exogenous variables (not shown) that were included in the meta-
regression based on approaches and model specifications in the primary studies, such as cross-
section versus panel data and sample heterogeneity. Most relevant primary studies were
identified as journal publications. Studies using any of the different forms of DEA (two-staged
Tobit, two-staged Malmquist Productivity Index, bootstrap DEA, dynamic network DEA, etc.)
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were enough to warrant their inclusion if the technical efficiency scores were clearly reported.
The final meta-dataset consisted of 47 peer-reviewed studies from 27 different countries and
published within the past two decades with a median publication year in 2015; the sample size
ranged from five (5) decision-making units (DMUs) to 1,259 hospitals. The number of
input/output variables were among the model specifications recorded, as well as ownership and
hospital type(s) under analysis and orientation choice and returns to scale model used. A
summary of the different efficiency frontier characteristics in DEA studies of hospital efficiency
is shown in Table 2.

Table 2: Characteristics of reviewed hospital efficiency studies using DEA
Arti Stud Publicat Coun Sam No. No. of Orienta Return Hospital

cle vy ion try ple of Outp tion to Type
No. Year Size Inpu uts Scale
ts
1 Stetk 2018 Slova 8 3 2 Output- VRS & Regional
o et kia oriented CRS public
al. healthcar
e
facilities
2 Chen 2015 China 114 3 2 Input- VRS & County
g et oriented CRS hospitals
al.
3 Linet 2021 Taiw 19 5 6 Input- VRS & MoH
al. an oriented CRS tertiary
hospitals
4 Torab 2014 Iran 12 3 3 Input- VRS Universit
ipour oriented y
et al. teaching
&
nonteach
ing
hospitals
5 Jehu- 2014 Ghan 128 4 4 Output- VRS Mixed-
Appi a oriented ownershi
ah et p district
al. hospitals
6 Ahm 2019 Bangl 62 2 3 Input- VRS & Public
ed et adesh oriented CRS district
al. hospitals
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7 Camp 2017 Italy 50 3 Input- CRS Public
anella oriented hospital
et al. trusts

8 Kalh 2016 Iran 54 4 Input- VRS General
or et oriented hospitals
al.

9 Jat & 2013 India 40 3 Input- VRS District
Sebas oriented hospitals
tian

10 Yusef 2013 Iran 23 3 Input- VRS Public
zadeh oriented hospitals
et al.

11 Masi 2007 Zamb 30 4 Input- VRS Public
ye ia oriented hospitals

12 Dash 2010 India 29 4 Input- VRS District
et al. oriented hospitals

13 Shah 2011 Iran 12 4 Input- VRS Provinci
hosei oriented CRS al
ni et hospitals
al.

14 Farzi 2012 Iran 16 3 Input- VRS Universit
anpo and CRS y
ur et output- teaching
al. oriented hospitals

15 Li & 2015 China 14 2 Output- CRS Public
Dong oriented hospitals

16 Meda 2021 Serbi 39 3 Input- VRS Public
revic a oriented CRS general
& hospitals
Vuko
vic

17 Xu et 2015 China 51 4 Input- CRS Provinci
al. oriented al

tertiary
hospitals

18 Lobo 2016 Brazil 31 3 Output- VRS Universit
et al. oriented y

teaching
hospitals

19 Muyja 2016 Ugan 18 2 Output- VRS District
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si et da oriented hospitals
al.

20 Floko 2017 Greec 73 3 3 Input- VRS & Public
u et e oriented CRS hospitals
al.

21 Jia & 2017 China 5 2 3 Output- VRS Public
Yuan oriented hospitals
et al.

22 Li et 2017 China 12 4 3 Input- VRS & Public
al. oriented CRS hospitals

23 Gianc 2018 Italy 41 2 3 Input- VRS & Public
otti et oriented CRS hospitals
al.

24 Alsab 2019 Kuwa 15 4 2 Input- VRS MoH
ah et it oriented hospitals
al.

25 Franc 2019 Spain 25 3 4 Input- CRS Mixed-

0 oriented managed
Migu public—p
el et rivate

al. hospitals

26 Alata 2020 Saudi 91 4 6 Input- VRS & MoH
wi et Arabi oriented CRS hospitals
al. a

27 Hofm 2002 Austr 93 4 2 Input- VRS Provinci
arche alia oriented al
r et hospitals
al.

28 Rama 2005 Oman 20 3 3 Input- VRS & MoH &
natha oriented CRS public
n regional

hospitals
universit
y
teaching
hospital,
police
hospital

ISSN:1539-1590 | E-ISSN:2573-7104 13711 © 2023The Authors

Vol. 5 No. 2 (2023)



IMPLICATIONS OF MODEL CHOICE ON THE ESTIMATION OF EFFICIENT FRONTIERS: A SYSTEMATIC LITERATURE
REVIEW AND META-REGRESSION ANALYSIS

29 Maha 2016 UAE 96 6 Output- VRS & Private
te & oriented CRS &
Hami governm
di ent
hospitals
30 Mogh 2012 India 55 3 Output- VRS Private
a et oriented CRS hospitals
al.
31 Sulta 2016 Jorda 27 4 Input- VRS MoH
n & n oriented CRS public
Crisp hospitals
im
32 Kont 2006 Greec 17 3 Input- CRS Rural
odim e oriented small-
opoul scaled
os et hospitals
al.
33 Wei 2011 Taiw 21 2 Input- CRS Public &
et al. an oriented private
medical
centers
34 Vitik 2009 Finla 40 1 Input- VRS Public
ainen nd oriented CRS acute
et al. care
hospitals
35 Puen 2008 Thail 92 5 Input- VRS Provinci
pato and oriented al public
m & hospitals
Rose
nman
36 Prior 2006 Spain 29 4 Output- CRS Public
oriented healthcar
e
network
hospitals
37 Butle 2015 Unite 57 4 Input- VRS Rural
r & d oriented state
Li States hospitals
38 Mitro 2015 Greec 117 4 Output- VRS Public
poulo e oriented hospitals
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s et
al.
39 Mitro 2013 Greec 96 4 Input- VRS & MoH
poulo e oriented CRS public
s et general
al. hospitals
40 Mehr 2014 Iran 18 4 Input- VRS Provinci
tak et oriented al
al. general
hospitals
41 Linh 2011 Vietn 101 2 Input- VRS MoH
Pham am oriented hospitals
42 Lindl 2016 Germ 749 7 Input- VRS Mixed
bauer any oriented ownershi
et al. p acute
care
hospitals
43 Lee 2008 Korea 106 3 Input- CRS Mixed-
et al. oriented ownershi
p acute
care
hospitals
44 Khus 2017 Unite 1259 3 Input- CRS General
halan d oriented medical-
1 & States surgical
Ozca hospitals
n
45 Kawa 2014 Japan 112 10 Input- VRS & Municip
guchi oriented CRS al
et al. hospitals
46 Fries 2008 Unite 80 3 Input- VRS & General,
ner et d oriented CRS mixed-
al. States ownershi
p acute-
care
hospitals
47 Abo 2013 Saudi 20 4 Input- VRS & Privately
El- Arabi and CRS managed
Seou a output- public
d oriented hospitals
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The final meta-dataset contained a total of 4,217 hospitals (pooled sample size) spanning a 19-
year period (2002-2021), categorized according to frontier-based study characteristics, DEA
model specifications, and estimated mean technical efficiency (MTE). Additionally, studies
using panel data that were already pooled and reported MTE as weighted averages from across
the study period, their sample size therefore included number of “observations” accounted for
over the years and not necessarily individual numbers of hospital units. Reported efficiency
scores were assessed with consideration of the different estimates or measures of efficiency,
including overall technical efficiency, pure technical efficiency, and scale efficiency, with a
primary focus on technical efficiency (TE) scores of the reviewed studies. Since TE is provided
by the CRS model while also capturing both pure technical efficiency (PTE) and scale efficiency
(SE), whereas the VRS returns to scale model captures PTE devoid of SE effects, studies
typically will apply the most relevant model best suited to address research questions and
provide the efficiency score of interest; both models can also be pursued in a given study
according to research objectives.

Nonetheless, the average TE score being evaluated and recorded for each reviewed study
specifically refers to the CCR (CRS) technical efficiency model as described by [23] and based
on the extended BCC (VRS) pure technical efficiency model developed by [24] shown in
Equation 1. This formula illustrates the fundamentals of CCR and BCC models that follow the
assumptions of CRS and VRS technology; whereby the CRS score can be further decomposed
into a VRS score and an estimate of scale efficiency, or more often in practice, the scale
efficiency (SE) is determined as a quotient (or as a fraction or a ratio in the case of proper
division) when dividing technical efficiency (TE) by pure technical efficiency (PTE), or the
dividend TE/PTE the divisor.

CRS score = VRS score X Scale ef ficiency (1)
TE = PTE x SE

For the choice of input- or output-orientation, only two studies decided on a mixed orientation
approach (i.e., both input- and output-oriented models), in which output orientation was used for
sensitivity analysis [25, 26]. A clear majority of studies had selected the input-oriented approach
(74.5%) based on the argument that hospitals (especially government or state-funded public
hospitals) cannot choose their level of output, which depends on demand for health services.
Hospitals then try to conserve inputs, which makes input (or cost) minimization a reasonable
assumption for DEA estimation. Some countries have different methods of financing health
service providers: instead of payment based on cost history or per diem, reimbursement for
hospitals is based on output volume and sector average cost with a cap (global budget). The
assumption of maximizing the output level, given the amount of health resources available, has
been chosen in those studies to reflect this change. Overall, the distribution of studies using CRS
versus VRS assumptions to estimate efficiency scores is unevenly spread out, where the highest
proportion of studies favored using a combination of both VRS & CRS models (42.6%),
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followed by the VRS model only (38.3%) and last, the CRS model only (19.1%). Technical
efficiency (TE) scores, classified by model orientation and returns to scale (under CRS and/or
VRS technologies), are presented in Table 3.

Table 3: Technical efficiency estimates by choice of returns to scale and model orientation of
studies

Technical Efficiency (TE) Scores

DEA Model Mean Std. Dev. Median Min Max
Specifications

Input-oriented (n=35) 0.810 0.1046 0.8154 0.52 0.989
Output-oriented (n=10) 0.748 0.1373 0.7716 0.476 0.96
Mixed orientation 0.902 0.079 0.902 0.846 0.958
(n=2)

CRS (n=9) 0.8007 0.1256 0.8 0.52 0.96
VRS (n=18) 0.7947 0.1187 0.8045 0.584 0.989
VRS & CRS (n=20) 0.8069 0.1105 0.8027 0.476 0.96

Note. TE scores are shown on a 0-1 scale. Model orientation (input- and/or output-oriented) and
returns to scale (VRS and/or CRS) are not restricted to one model choice or a specific approach
in frontier analysis. Technical efficiency scores are grouped by choice of returns to scale (RTS)
orientation choice due to this very fact; please see meta-regression results and interpretation for
more information.

The number of variables contains all inputs and outputs included in the model (dimension). In
general, the number of input/output variables included in the model is thought to depend on the
sample size; the rule of thumb believed is that 2 or 3 times the sum of input/output variables
should be less than the sample size (number of hospital observations). The sample size is
generally the number of individual hospitals included in the primary study. In effect, we can
assume that a larger sample size and a lower number of input and output variables in a study will
be associated with lower efficiency scores since not enough variables are accounted for;
however, with proper weighted adjustments to hospital data and suitable model choices, there
may not be any such constraints besides the restrictions of the number of variables used in
modeling analysis for small sample size studies. Table 4 below shows some descriptive statistics
of model specifications recorded from the reviewed studies.

Table 4: Descriptive statistics of prominent study features

Sample size  No. of inputs  No. of outputs
Mean 89.723 3.55 3.26
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Median 40 3 3
Min 5 1 1
Max 1259 10 8

The most common inputs were capital-based (number of hospital beds, etc.) and labor-based
variables (counts of human resources and hospital workforce, i.e., number of different
specialists, clinicians, allied health professionals, other medical and nonmedical staff). Several
output variables were centered around healthcare activities and direct patient services (i.e.,
number of outpatient visits, discharges, and inpatient services received). The pooled estimate of
mean TE was 0.803 (£0.114). This suggests that hospitals could improve their performance by
approximately 19.7%.

Although addressed by previous studies in the literature [1, 6, 27, 28], we still wish to repeat and
further push a few points here since it is one of the difficulties in developing a productivity
model and in preparation of the data. In addition to managerial reasoning for the selection of
input and output factors, the computational and data aspects of this selection process are unclear
among all 47 reviewed studies. Typically, the choice and the number of inputs and outputs and
the (hospital) DMUs determine how good a discrimination exists between efficient and
inefficient units. There are two conflicting considerations when evaluating the sample size. One
consideration is to include as many DMUs as possible because with a larger population, there is
a greater probability of capturing high-performance units that would determine the efficient
frontier and improve discriminatory power [29]. However, the other conflicting consideration
with a large sample size is that the homogeneity of the dataset may decrease, meaning that some
exogenous impacts beyond our control have the potential to affect the final results [30].

An interesting trend emerged when we compared technical efficiency TE scores reported from
high-income versus lower to upper middle-income economies, as well as by hospital efficiency
studies from developed versus developing countries in Table 5 below. The reported scores in the
reviewed studies tell us that on average, hospitals in developing countries are much less efficient
than those in the developed world, with approximately 22.2% versus 16.6% inefficiency. The
story changes after the mean technical efficiency TE estimates are adjusted by country income
levels; introducing high-income economies not necessarily deemed fully developed in terms of
development index and usually classified as developing or emerging markets (Gulf Arab states).
The difference is now not thus far behind between high-income and lower to upper middle-
income countries, with only a 3.2% difference being observed.

The hypothesis is that this large change is primarily a consequence of developing country studies
having access to datasets with sample sizes and variables that are smaller relative to developed
country studies, suggesting that developing country studies construct DEA efficiency models
based on the availability of observations and hospital-level data and not based on reliability or
accuracy considerations. The comparison adjusted by income level has shifted the efficiency

ISSN:1539-1590 | E-ISSN:2573-7104 13716 © 2023The Authors
Vol. 5 No. 2 (2023)



IMPLICATIONS OF MODEL CHOICE ON THE ESTIMATION OF EFFICIENT FRONTIERS: A SYSTEMATIC LITERATURE
REVIEW AND META-REGRESSION ANALYSIS

studies from the Gulf Cooperation Council (GCC) member states to the high-income group with
the developed majority European Organization for Economic Cooperation and Development
(OECD) countries that were previously grouped separately based on development; this directly
points to the weakness in regional study methodology. However, it must be emphasized that
comparisons of mean efficiencies across countries (or across any groups) can be misleading
unless a single reference frontier is used.

Table 5: Hospital technical efficiency in high-income and developed countries

Technical Developed Developin High- Lower to

efficiency countries g income upper

TE score countries economies middle-
income
economies

Mean 0.834 0.778 0.817 0.785

Median 0.855 0.79 0.846 0.79

Std. Dev.  0.108 0.114 0.124 0.104

Min 0.52 0.476 0.476 0.584

Max 0.96 0.989 0.96 0.989

Note. Income level determined by GNI per capita (calculated using the atlas method) definition
from the World Bank; country development index based on the World Trade Organization
(WTO) classification threshold. High-income economies are not necessarily developed countries.

A noteworthy theory cited in some studies is that construction of the DEA efficiency model is
less about the number of hospital variables included but rather the broad range of input/output
variables accounted for in the efficiency frontier analysis. The logic for this focus on scope of
coverage is based on theoretical foundations of nonparametric methods introduced by [31, 32];
the argument is that hospitals are complex organizations of production and should not be treated
like other frontier firms in an industry. Thus, attempts are made to ensure that hospital variables
used in efficiency models closely mirror the resource intensity of procedures in healthcare
delivery units [33]. This raises the issue concerning the aggregation of variables. Constraints on
degrees of freedom and zero (0) values in some variables (not missing data) usually lead to
aggregation of variables. In most studies, the leading human resources of two primary labor
categories of doctors and nurses are produced by aggregating many subcategories of very
different skill levels, ranging from junior trainees to specialists or directors of nursing, without
much weight adjustment. Aggregation of administrative, allied health professionals and other
nonmedical staff or hospital workers is another common practice [34-36].

On the output side, episodes and procedures in healthcare usually differ from one patient to the
other, and aggregation is generally needed to reduce the number of outputs. Since the
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development of case-mix systems that consider the differences in resource consumption for
various types of treatments, studies have been using case-mix information to aggregate outputs,
often from more than several hundred output categories into one or perhaps two outputs. Many
other analyses, most notably studies from developing countries, including high-income countries
in the Arabian Gulf, struggle from data deficiency or limited data availability and often use raw
counts (or unweighted aggregation) of the total number of inpatient and outpatient service
events. This, unsurprisingly, can potentially lead to significantly biased results when certain
healthcare units provide complicated case-mix services [37-39].

Univariate and Multivariate Analyses

This section introduces the two main types of methods employed in our empirical evaluation of
the literature: univariate and multivariate analyses. The practical application of multivariate
statistics to a particular problem may require several types of univariate and multivariate
analyses to fully understand the relationships between variables and their relevance to the
problem being studied. That said, additional calculations in the analysis, such as estimating
weighted averages of pooled TE scores from panel data studies or using simple hypothesis
testing such as the independent-samples t test to compare estimated mean TE, among several
others, are not detailed in the methodology but mentioned if applied to estimates or displayed in
results. In the univariate analysis, mean technical efficiency TE estimates were compared using
Wilcoxon’s rank-sum test based on different features from the reviewed studies. Also known as
the Mann—Whitney two-sample statistic or Mann—Whitney U test, this nonparametric analysis
applies to unmatched data and was used to test the hypothesis on whether two independent
samples are likely to derive from the same population with the same distribution (i.e., if the two
populations have the same shape) [40, 41].

For the multivariate statistical analysis, the dependent variable is the mean efficiency score
expressed as a percentage with average TE values now on a scale between 0 and 100. The
transformation of efficiency estimates to percentages has no real impact on results and is simply
for ease of interpretation. Other considerations in the meta-regression analysis included
explanatory variables, such as the dimension regressor, which we expect to have a positive
impact on efficiency estimates, while sample size is the opposite. Their effects are likely to be
nonlinear and diminish when the dimension and the sample size increase. Among the many
functional forms that appear to suit this expectation (quadratic, trans log, etc.), the linear-log
model, as indicated by R-squared and adjusted R-squared, proved more effective in capturing the
positive and diminishing marginal impact on efficiency estimates we expect as the dimension
(number of inputs and outputs) increases and the marginal effect eventually turns negative.

Furthermore, the linear-log mathematical model takes the form of a function whose logarithm
equals a linear combination of the parameters of the model, which makes it possible to perform
multivariate linear regressions [42-44]; therefore, it was chosen as an ideal candidate for the
meta-regression of the reviewed literature. Exogenous variables included in the meta-regression
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were chosen based on approaches and model specifications in the primary studies, including
dimension variables of the frontier model (consisting of inputs, outputs and control variables
such as case-mix), sample size, dummy variables to capture the type of data used (cross-section
versus pooled panel data) as well as heterogeneity in the sample (lack of homogeneity in terms
of hospital type, activity, and ownership), orientation (input versus output), and other
explanatory variables such as model specifications (CRS versus VRS technologies) and
accessibility factors that may impact the availability of reliable data (developed versus
developing countries). Explanatory variables used to explain efficiency (in the one-stage or two-
stage estimation approaches) were not included in the count because they do not alter the
dimensions of the production space. Again, studies that pool the panel data to construct one
frontier instead of estimating a separate frontier for each year will be considered as having a
sample size based on the total number of observations that is usually equal to the number of
individual hospitals multiplied by the number of years for balanced panels.

Our primary aim is to examine the consistency of efficiency estimates and the effect of model
selection on the final technical efficiency score. According to the literature, the number of input
and output variables (dimension) in our analysis is expected to have a positive impact on
efficiency estimates, whereas sample size is the opposite (please see Table 1); their effects are
likely to be nonlinear and diminishing when the sample size and the model dimension increase
[7, 45]. Additionally, larger sample sizes and lower numbers of input and output variables
included in frontier models are thought to be associated with lower efficiency scores [46]. As
such, conducting a rigorous systematic literature review followed by a meta-regression is crucial
to statistically identify significant factor(s) of influence in DEA models and average hospital
efficiency scores using a diverse dataset of reviewed studies.

Results and Discussion

Variables included in the analysis were chosen based on study approaches and model
specifications expected to impact estimated mean efficiency. Table 6 shows Wilcoxon’s rank-
sum test of average TE scores by variables used in the analysis and by variable subgroups falling
above or below the median. This two-sample Wilcoxon rank-sum (Mann—Whitney) test simply
tests the null hypothesis (H,): mean efficiency percent (variable subgroup = = 0) = mean
efficiency (variable subgroup == 1).

Table 6: Rank-sum mean technical efficiency estimates by variables in the analysis, divided
based on median value

Variable N Mean TE (Std. P
Dev.) Value
No. of hospitals 0.120
ISSN:1539-1590 | E-ISSN:2573-7104 13719 © 2023The Authors
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<40 25 82.82 (£10.51)

> 40 22 77.45 (£12.05)
Orientation 0.259
Input 37 81.534 (£10.462)

Output 10 81.18 (£10.19)

No. of input & output 0.360
variables

<6 23 79.32 (£11.38)

>6 24 81.25 (£11.70)

Data sample 0.116
Panel 20 83.58 (£9.53)
Cross-section 27 77.88 (£12.32)

Returns to scale 0.607
CRS 29 80.83 (£11.38)

VRS 18 79.47 (£11.87)
Homogeneity 0.264
Yes 23 79.54 (£9.52)

No 24 81.05 (£13.22)

Country development 0.077
status

Developed economies 19 83.44 (£10.84)
Developing/emerging 28 78.18 (£11.57)

economies

Sample  size/dimension 0.083
ratio

<3 7 87.26 (£6.76)

>3 40 79.09 (£11.73)

Overall total 47 80.30 (£11.4) --

Eight (8) variables are specified to capture the various frontier efficiency model options
discussed above. Most studies incorporate approximately three (3) to four (4) input and output
variables; notable exceptions include [47] with 10 input variables, [48] using eight (8) output
variables, [49] analyzing a sample size of 1,259 observations, and [25] applying a mixed
orientation model (both input- and output-oriented approaches). Detailed variable descriptions
are presented in Table 7.

Table 7: Regression variables and definitions

Variable Name Label Variable Definition
TE Technical efficiency score Reported average technical
ISSN:1539-1590 | E-ISSN:2573-7104 13720 © 2023The Authors
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efficiency scores  (0-100
scale)

SIZE Number of observations Number of (hospital)
observations included in the
reviewed studies

DIMENSION Number of variables Total number of inputs,
outputs, & control variables
included in the frontier model
(this does not include control
variables in second stage
analyses)

INPUT_ORT Orientation dummy Dummy 0/1 variable takes
value of 1 if input-oriented
(including if mixed input-
output- orientation), and 0
otherwise  (output-oriented
only)

CRS Returns to scale Returns to scale can either be
variable or constant returns to
scale; dummy variable takes
value of 1 if CRS (including
both CRS & VRS mix), and 0
otherwise (VRS only)

PANEL Pooled panel data This attempts to capture any
effects of using pooled panel
data instead of cross-sectional
data for efficiency frontier
construction; dummy variable
takes value of 1 if pooled
panel data study, and O

otherwise
HOMOGENEITY Sample homogeneity in Efficiency frontier units must
(hospital)  ownership be comparable & adjusted for
status heterogeneity; this dummy

variable takes value of 1 if
same ownership type in
sample, and 0 otherwise

DEVELOPED Efficiency studies using Dummy 0/1 variable takes
(hospital) data and/or value of 1 if classified
published from industrialized “developed” by WTO (more
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countries with economically advanced postindustrial
developed markets economies with advanced

technological infrastructure &
NOT BASED ON HIGH- high quality of life), and 0

INCOME otherwise

*If no data available, IMF
reference of $20,000 in 2021
USD nominal GDP per capita
used

The dependent variable in the meta-regression is the reported average TE score on a continuous
scale of 0-100. Apart from the two variables of sample size and dimension of input/output
variables, the rest are dummies that explain different methodological choices. Heterogeneity in
sample observations in terms of hospital type, ownership, activities, and level of care, among
others, has been associated with higher efficiency scores if no adjustments are applied to
homogenize hospital units [50]. Hospital ownership type is included as an additional explanatory
variable since failure in accounting for heterogeneity across units of a frontier can affect
estimated efficiency scores [51, 52]. Last, many studies estimate frontier models using panel data
in a cross-sectional manner (i.e., they pool the panel to construct one frontier instead of
estimating a separate frontier for each year). It is expected that a pooled panel sample has less
variation than a cross-sectional sample because one hospital will be observed more than once;
thus, variation from year to year is expected to be smaller than variation between different
hospitals [53]. This can potentially produce higher average efficiency scores (please see Table
1). Therefore, a dummy variable is included in our regression to capture any differences and
account for the type of data used (cross-sectional versus pooled panel data).

Table 8 contains some descriptive statistics of the dependent and explanatory variables. The
pooled mean TE was 80.30 (£11.4), with the highest being 98.9 and the lowest 47.6.
Interestingly, this considerable variation in efficiency scores comes from studies in the Middle
East with similar variable measures being used to estimate the frontier, as well as hospital
activity data included in the analysis; however, the model specifications clarify the distinction:
(1) heterogeneity in type of hospital, ownership status, and hospital activities (sample included
both teaching and nonteaching hospitals; teaching and research activities of university hospitals
were not accounted for and other general differences in ownership and hospital management
were poorly handled), pooled panel data, input-oriented, VRS, 3 inputs (dimension), 12 hospitals
(size) = 98.9 average TE score; and (ii) heterogeneity in hospital ownership status (sample
included both private and government hospitals; differences were unadjusted but instead
hospitals were grouped by ownership type and analyzed separately then merged unweighted
efficiency frontiers for comparison), cross-sectional, output-oriented, VRS & CRS, 6 inputs
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(dimension), 96 hospitals (size) = 47.6 average TE score [37, 54]. This is a striking example of
how the choice of models, input/output variables, and quality control adjustments can
significantly alter efficiency estimates and study robustness, which leads one to question the
degree to which policy can be influenced by this type of performance indicator, and if indeed
basic measures are done correctly, what can be drawn from hospital efficiency studies?

Table 8: Descriptive statistics of modeling choices in estimating the production possibility
frontier

Variable Mean Median Std. Dev.  Min Max
TE 80.30 80 11.41 47.60 98.90
SIZE 89.723 40 205.046 5 1,259
DIMENSION 6.809 6 2.223 3 14
INPUT_ORT 0.787 1 0.414 0 1
CRS 0.617 1 0.491 0 1
PANEL 0.426 0 0.410 0 1
HOMOGENEITY 0.489 0 0.505 0 1
DEVELOPED 0.404 0 0.496 0 1

Note. Efficiency scores (TE) are shown on a 0-100 percentage scale, similar to how mean TE
estimates were applied in the meta-regression and analyzed as dependent variables.

The choice of functional form is driven by the possible impacts of the two continuous variables:
dimension and sample size. Dimension is expected to have a positive impact on efficiency
estimates, while sample size is the opposite. Their effects are likely to be nonlinear and diminish
when the dimension and the sample size increase. The functional form that appears to suit this
expectation is the linear-log model. Described by [55] and [17] and recommended by [45], the
linear-log function is used in the following estimation with the specifications as follows:

MTE = S0 + B1 In (Size) + B2 In (Dimension) + [3(input — oriented)
2
+ B4(CRS) + B5(Panel) + f6(Homogeneity)
+ B7(Development)

where MTE is the mean technical efficiency TE. The marginal effect of dimension on efficiency
estimates is expressed by the partial derivative or differential below in Equation 3:

AMTE 1
dDimension ﬁl Dimension (3)
The marginal effect of sample size on efficiency is also expressed by Equation 4:
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OMTE 1
asiz p2 Size (4)

Consequently, when the dimension increases, a positive B1 will ensure that the marginal effect
approaches zero but does not turn negative. The opposite happens to size; a negative value of 32
allows the marginal effect of size on efficiency to approach zero from below as sizes increase
[45].

Ordinary least squares (OLS), a type of linear least squares method for estimating the unknown
parameters in a linear regression model, was used for this model since ordinary least squares
regression is considered a consistent estimator [56]. That said, it is not necessary for us to use
Tobit or limited dependent variable procedures, which are usually used when the dependent
variable is bounded; there is no mean efficiency of 0 or 1 (or 100 in the case of percentage scale)
in the meta-data; therefore, Tobit estimates are identical to their OLS counterparts. Meta-
regression was analyzed in Stata/SE 16.1 (StataCorp LLC, College Station, TX), and a
correlation matrix identified the absence of multicollinearity between the independent variables.
The regression results are displayed in Table 9.

Table 9: Results of meta-regression analysis

Variables Coef. (Std. Err.)

Ln (SIZE) -4.072562 ***
(1.573681)

Ln (DIMENSION) 6.798539 **
(1.186624)

INPUT_ORT 5.278795
(3.780669)

CRS -0.9297522 *
(3.164268)

PANEL 4.573849 *
(1.127381)

HOMOGENEITY -1.058234 **
(1.203779)

DEVELOPMENT 7.999337 **
(3.421742)

Constant 89.03749 ***
(6.434255)
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F-statistics 3.5657
R-squared 0.3902
Adjusted R-squared 0.3615

Note. * p<0.1, ** p < 0.05, *** p < 0.01.

The estimated coefficient for SIZE, capturing the effect of sample size on mean efficiency, is
negative, while that for DIMENSION, the regressor that represents the influence of the number
of input and output variables on efficiency, is positive. Both sample size and dimension are
significant at the 1% and 5% levels, respectively, and in line with expectations according to the
reviewed literature. The negative sign of the coefficient for SIZE indicates that, holding
everything else constant or all other variables equal, increasing the number of hospital
observations will yield a lower mean technical efficiency score. For example, when evaluated at
the median sample size of 40 hospital observations, the marginal effect of SIZE is -0.102;
however, the marginal effect is larger at smaller sample sizes. Upon evaluating a sample size of
30 hospital observations, the marginal effect now becomes -0.136; looking at a sample size of
20, for instance, the marginal effect is larger at -0.204, suggesting that the addition of
observations could lead to a reduction in mean efficiency.

The effect of DIMENSION on the average efficiency score is more substantial. The marginal
effect is 1.133 when evaluated at the sample median of 6 variables. However, as the number of
variables decreases, the marginal effect is larger. For example, a value of 3 variables results in a
marginal effect of 2.266, suggesting that the addition of extra variables could lead to an increase
in mean efficiency. These larger effects at low SIZE and DIMENSION values seem to
statistically show relevant DEA assumptions cited in the literature. Based on the meta-regression
analysis, it is clearer that as the number of variables included in the frontier model increases, the
average efficiency predictions drop fairly rapidly when the sample size is small. The author(s) of
reference [16] also arrived at a similar conclusion on the sample size effect, further showing how
the inclusion of an extra variable into a model with more than 10 (hospital) observations does not
alter the average efficiency score very much. They observed that when the sample size was large,
the mean technical efficiency showed little change, and the mean efficiency seemed to remain
constant after a threshold. Therefore, correcting for sample size has a major impact on the
assessment of average efficiency estimates [15].

As expected, although significant only at the 10% level, the coefficient for the PANEL variable
produces a positive sign, suggesting that the use of a pooled panel tends to produce higher
average efficiency scores of 4.57 percentage points. A possible explanation for this is that a
single hospital is observed more than once in a pooled panel, and therefore, any variation from
year to year is expected to be smaller than variations between different hospitals when cross-
sectional data analysis is used. This can potentially produce higher average efficiency scores.
The lesson learned from this is to ensure that separate production frontiers are created for each
year in a cross-sectional manner instead of pooling the entire panel data into a single efficiency
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frontier and attempting to analyze hospitals at yearly cross-sections. Another variable found
barely significant at the 10% level is the estimated coefficient for CRS, which displays a
negative and p<0.1 significant effect on the mean efficiency score. The magnitude of the CRS
coefficient implies that choosing a CRS technology over a VRS returns to scale will reduce the
mean efficiency estimate by approximately one (1) percentage point.

Conclusions

While heterogeneity is assumed to be associated with higher efficiency scores or exaggerated
efficiency estimates, only heterogeneity in hospital type and ownership status was statistically
significant [57]. As the regression suggests, maintaining homogeneity (uniform hospital sample)
is expected to reduce overestimated efficiency scores seen in heterogeneous data analysis by
reducing the mean efficiency by approximately one (1) percentage point compared to
nonhomogeneous hospital samples. Last, data analysis studies published from developed
countries are statistically significant and reported an average of approximately 8 percentage
points higher efficiency scores compared to data analysis studies published from
developing/emerging countries. Among several reasons, the main findings suggest that
developing countries suffer from weak studies due to aggregation of input categories, no
adjustment for differences in case-mix and quality of care between hospitals, small sample size,
little adjustment for heterogeneity in hospital sample, and no attempt to evaluate the
misspecification in applied models. This raises issues of validity, usefulness, and generalizability
of studies from the developing world. The lack of data is above all the main explanation for such
limitations; therefore, improving data collection and processing in hospital databases of
developing nations is critical in promoting quality in efficiency studies aimed at informing
policy. Future efficiency analysis studies should therefore apply the proper adjustments and
model considerations gleaned from the findings of this meta-regression analysis.
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