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Background An international comparison of health system performance is a popular tool of health policy analysis.
However, the efficiency evaluation of health systems is a practical example of an international comparison in which
non-homogeneity is expected. The objective of this paper is to evaluate the efficiency of health systems by models
in which a degree of non-homogeneity among countries is considered.

Methods We study the problem of non-homogeneity of health systems in the theoretical framework of the data
envelopment analysis (DEA), which is a popular method of efficiency evaluation with hundreds of applications
from various fields. DEA assume the homogeneity of production units and the homogeneity of the environment

in which the production units operate. Hence, we compiled a summary of 14 recommendations on how to deal
with the non-homogeneity in the DEA models. The analysed sample includes 38 OECD member countries. The data

Results As an example, we evaluated the health system efficiency of the Czech Republic. We used the DEA models
with the neighbourhood measure of distance and the constraint limiting the comparison of countries with different
levels of economic development. The health system inputs were the numbers of physicians, nurses, and hospital beds.
In the production of the intermediate outputs (doctor consultations, inpatient care discharges), the Czech Republic
should look at Poland, Slovakia and Slovenia. In the production of health outcomes (life expectancy), the peer coun-

Conclusions The results of the DEA analysis are only indicative because no single analytical method can determine
whether a health system is better or worse than others. We need to combine different methods, and DEA is one
of them. We consider DEA as an exploratory method, not a method providing definitive answers.
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Introduction

An international comparison of health system perfor-
mance is a popular and frequently used tool of health
policy analysis. Lessons from the top-performing coun-
tries can inform the decision-makers seeking to improve
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the national health system. International comparisons,
including national health system performance assess-
ments with international benchmarks, are carried out
by the World Health Organization [1, 2], the European
Observatory on Health Systems and Policies [3-5],
OECD [6], the European Commission [7], as well as by
the universities, research centres, and think tanks [8—14].

In our view, there are three assumptions of interna-
tional comparisons. Firstly, health systems are compa-
rable, so their production processes are more or less
homogeneous. The issue of comparability (homogene-
ity) of health systems is the main focus of this paper.
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Secondly, we are able to say that the performance of one
health system is, at least in some aspects, better than the
performance of another health system. Otherwise, such
performance would be useless. Thirdly, the international
experience obtained from performance evaluation is,
to some extent, transferable from one health system to
another.

There are various ways to evaluate the performance of
health systems. Still, none of them provides a universal
guide to determining whether a health system is better
or worse compared to other health systems. One of the
key findings of the European Commission Report [7] is
that no single efficiency metric at any level of analysis
can generally indicate whether an evaluated entity is effi-
cient. To get a more comprehensive analysis, it is appro-
priate to combine different methods. Data envelopment
analysis (DEA), a popular quantitative method of rela-
tive efficiency evaluation, may be one of the complemen-
tary methods. Mbau et al. [15] reviewed 131 papers that
evaluated the efficiency of health systems on a national or
subnational level. DEA was used exclusively in 76% of the
papers and used in 2% of the papers in combination with
Free Disposal Hull and stochastic frontier analysis.

Efficiency evaluation in health care is a challeng-
ing application field with many specific characteristics.
Above all, the causal relationship between health system
inputs and health as the final output is uncertain. Many
health determinants are outside the health system, such
as lifestyle, physical activity, smoking, and alcohol con-
sumption. Hence, the definition of the national health
system as a traditional production unit in DEA is a sim-
plification that allows us to study this system, but we
must be aware of many limitations. Measuring the health
system efficiency by using intermediate outputs such as
the number of consultations and hospitalisations ignores
health as the ultimate goal but allows us to think more
about the health system as a production unit.

The technical efficiency is used in studying how health
care can be produced when both outputs and inputs are
measured in physical units. An allocation of resources
is technically efficient if no alternative allocation would
increase the output of one good without reducing the
output of others. We can define the technical efficiency
of a health system in two ways: first, efficiency is defined
as the ratio between health system inputs (costs, in the
form of labour, capital, or equipment) and outputs (e.g.,
the number of patients treated), and second, efficiency
is defined as the ratio between health system inputs and
health outcomes (e.g., life years gained). The health sys-
tem is not a single production unit but an aggregation
of many small units, such as medical practices, hospi-
tals, nursing homes, pharmacies, etc. The units operate
within a national health system that sets administrative

Page 2 of 12

and financial regulations. We measure the performance
of this system.

The efficiency evaluation of health systems is a prac-
tical example of an international comparison in which
a presence of non-homogeneity is expected. Hence, the
comparability of health systems is a theoretical and prac-
tical problem. No health systems are perfectly homoge-
neous, so it is not practical to deal with non-homogeneity
unless it exceeds a certain limit. Thus, one possibility is
that a researcher ignores the problem and assumes for
convenience that the health systems are homogeneous
and comparable. Another possibility is that a researcher
accepts the limited comparability of health systems and
chooses an appropriate model or procedure to enhance
the comparability.

In this paper, we study the problem of non-homogene-
ity of health systems in the theoretical framework of the
data envelopment analysis. DEA is a popular method of
efficiency evaluation with hundreds of applications from
various fields, such as health care, education, banking,
agriculture and others [16]. DEA assume the homoge-
neity of production units and the homogeneity of the
environment in which the production units operate.
However, such assumptions do not often correspond to
reality. We investigate how the comparability of produc-
tion units (health systems) can be enhanced in the case of
non-homogeneity. The objective of this paper is to evalu-
ate the efficiency of health systems by the DEA models in
which a degree of non-homogeneity among countries is
considered.

The rest of the paper is organised as follows: Non-
Homogeneity in Data Envelopment Analysis section
introduces DEA and makes a summary of recommen-
dations on how to deal with non-homogeneity in DEA.
An application section is an application to health system
efficiency evaluation. Conclusion section concludes the

paper.

Non-homogeneity in data envelopment analysis

There are two types of main quantitative methods of effi-
ciency evaluation. The first method is non-parametric
data envelopment analysis [17], and the second method
is the stochastic frontier analysis [18]. In this paper, we
use the data envelopment analysis as it does need any
assumption about the functional form of the production
frontier, it comfortably deals with multiple inputs and
outputs, and it is able to identify (for inefficient units)
the peers that are real production units. DEA uses linear
programming to construct the production frontier as the
piecewise linear envelopment of the data. The method
assumes that the homogenous production units use a set
of inputs to produce a set of outputs and that the weights
(prices) of inputs and outputs are unknown. Without
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information on prices, the allocative efficiency that meas-
ures the ability to use inputs in optimal proportions and
the overall economic efficiency that is the product of
technical and allocative efficiency cannot be calculated.
DEA calculates the technical efficiency of a production
unit as the best possible ratio of the weighted output to
the weighted input or vice versa.

DEA classifies the production units as technically effi-
cient or technically inefficient. Technically efficient units
are those that lie on the production frontier and can serve
as peer units for inefficient units. DEA distinguishes the
output-oriented model, which maximises quantities of
outputs produced by the fixed levels of inputs, and the
input-oriented model, which minimises quantities of
inputs required to produce the fixed levels of outputs.
According to the character of the returns to scale, there
are two original DEA models: the CCR model with the
constant returns to scale [17], and the BCC model with
the variable returns to scale [19]. Many other models
have been developed since the formulation of the first
DEA models [20-22].

The DEA models have two equivalent formulations:
the multiplier form and the envelopment form. Suppose
we have a set of n production units that use m types of
inputs to produce r types of outputs. The envelopment
formulation of the input-oriented variable-returns-to-
scale DEA model (1) for production unit g is below:

minimise 04

subject to
Z}Ll xij},j < quiq, i=12,..,m,
Z]}'Ll yk/‘ij > Yigr k=1,2,..r, (1)
;i >0,j=1,2,.,n,
PiA=1
j=177 — =

where 6, is the technical efficiency score of unit g, x; is
the quantity of input i used by unit /, y,; is the quantity of
output k produced by unit /, A, is the variable that meas-
ures the individual contribution of unit j in the formation
of the efficient target for unit g. If 4; > 0, production unit
j serves as an efficient peer unit for unit g. In the input-
oriented DEA model, the technical efficiency score 6,
represents a size of input reduction that makes unit g
technically efficient.

In the DEA framework, Dyson et al. [23] stated three
assumptions of homogeneity: (1) the production units
perform similar activities and produce comparable out-
puts; (2) the same set of inputs is available to all units;
(3) the units operate in similar external environments.
The first two assumptions of homogeneity are related to
production units, while the third assumption is related to
a non-homogeneous environment under which produc-
tion units operate. The environment is defined as a set
of external factors that affect the technical efficiency of
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a production unit but are not usually considered typical
inputs in the DEA models and are not under the control
of the management. Examples of such external factors
are governmental regulation, socio-economic conditions,
ownership, and geographic location.

We compiled a summary of 14 recommendations on
how to deal with the non-homogeneity in the DEA mod-
els. Recommendations 1-7 deal with the non-homogene-
ity in the set of production units, and recommendations
8-14 deal with the non-homogeneity of the external
environment.

(1) Choose the set of units carefully. A researcher can
avoid the problem of non-homogeneity if the set
of units is properly chosen. For example, different
faculties from the same university can be com-
pared internally, but they are not homogeneous
in terms of inputs and outputs. Therefore, the
correct procedure would be an external com-
parison with equally focused faculties from other
universities [23].

(2) Divide the set of units into homogeneous catego-
ries. Dividing the set of units is a frequent way
to deal with non-homogeneity, especially if a
sufficient number of units is at disposal. In this
method, the categories must be specified by a
researcher. In some cases, the criterion is rela-
tively straightforward; for example, in hospital
efficiency evaluation, it is reasonable to divide the
set of hospitals into the category of teaching hos-
pitals and the category of non-teaching hospitals
[23]. In other cases, the categories are not explic-
itly given and have to be determined.

(3) Be aware of the limited validity of the evaluation.
Even if there are serious doubts about the homo-
geneity of production units, it is still possible to
perform a DEA evaluation. However, the valid-
ity of the results should be subjected to a critical
analysis [23].

(4) Select the right type of returns to scale. Another
source of non-homogeneity is a false assump-
tion about the returns of scale. For example, the
wrong choice of a model with the variable returns
to scale instead of the one with constant returns
to scale leads to an overestimation of efficiency
scores for the smallest and largest units [23].

(5) Construct a unit-specific reference set. Golany and
Thore [24] describe the concept of dynamic clus-
tering that establishes a categorisation of the set
of units for each evaluated unit g. The set of units
is divided into the subset P, (permitted units)
and the subset N, (not-permitted units) for each
unit g. Hence, each unit constructs its unit-spe-
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cific frontier. The boundaries of the cluster can
be defined in absolute terms, so the unit belongs
to the cluster only if its distances from the evalu-
ated unit are smaller than the predefined distance
in all dimensions. The alternative possibility is to
define the boundaries of the cluster in relative
terms determined by the proportions taken from
input—output values of the evaluated unit g. The
following constraint on the cluster (unit-specific
reference set) is added to the DEA model (1):

> i=o0. @

JENy

Use reliable data. The ideal situation is if the data
come from standardised databases and account-
ing systems. The non-homogeneity in the data
can be a particular problem in studies involving
international comparisons in which there is a
risk of different national definitions of indicators.
The exact definitions of data are given in a reli-
able database, and different definitions used in
some countries are mentioned. We recommend
using the databases of international organisations
and statistical offices, such as the World Bank,
OECD, Eurostat, and the World Health Organi-
sation. These are the best sources of comparative
data available.

Use internal measures of distance. We assume
that the degree of homogeneity is a decreasing
function of the distance between units. In this
alternative, the distance between two produc-
tion units (health systems) is based on all input
and output values or a selected subset of them.
We can follow Golany and Thore [24] and meas-
ure the distance separately for each input or
output dimension, or we can construct a single
(weighted) measure of distance. The simple case
is if the data are normalised to the [0,1] range,
and the distance between units is measured by
the non-weighted Euclidean distance. We pro-
pose the following approach:

Determine the input and output weights. The
unit-specific weights of inputs and outputs are
determined by the multiplier DEA model; alter-
natively, the weights are determined by the
common weights model in which the weights
of inputs and outputs are the same for all units.
Both alternatives for determining weights are
in accordance with the DEA methodology and
should be prioritised over unweighted measures
of distance.

2.

3.
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Calculate the matrix of distances. The weighted
internal measures of distance d;; are calculated
for each pair of units. You do not have to include
all inputs and outputs in your calculations. In the
health system efficiency evaluation (Application
section), the inputs are physicians, nurses, and
hospital beds, and the outputs are doctor consul-
tations and inpatient care discharges. If you want
to compare the health systems with the same
structure of health system inputs, you do not
have to include outputs to calculate the distances
between units. The distances are normalised by
setting the maximum distance to one so that dis-
tances lie in the interval [0,1].

Apply the DEA model. For each unit g, the envel-
opment BCC model is calculated with compa-
rability constraints on the intensity variables
/1]' < dqj-

The comparability constraints on the intensity
variables 4; can have various forms. Some exam-
ples for the variable returns-to-scale DEA model
(1) and the normalised values d,; follow:

A <1—adgforj=12,...,m0 <x=< 1;
(32)

A < 1—(dqj)ﬂ forj=1,2,...,m; 8 > 0;
(3b)

Aj < e Vg forj=1,2,...,m;y >0; (3¢

Z; < ceil(§(1 — dg))/8 forj=1,2,...,m;8 € N*;
(3d)
where d; is the distance between the evalu-
ated unit ¢ and unit j; parameters «, 3, y, and §
are determined subjectively by the researcher,
which makes it possible to flexibly determine the
decreasing influence of units according to their
distance from the unit g. In the CCR model, we
modify (3a-3d) to allow values greater than 1. The
disadvantage of this approach in some applica-
tions is that relatively distant units can also be
selected as peer units. In situations where such
a finding is undesirable, it is appropriate to com-
bine comparability constraints (3a-3c) with con-
straint (2) to set the maximum allowable distance
between the evaluated unit and peer units.
If the environmental factors can be ordered,
compare the production unit only with those
units that are from the same category or the cat-
egories with a less favourable environment. This
approach prohibits situations in which a produc-
tion unit is unfairly compared with units operat-
ing in a more favourable environment [25].
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In the case of the categorical character of the envi-
ronmental factor, compare the production unit
only with units from the same category. In this
case, a separate production frontier is calculated
for each category of units. If we compare effi-
ciency scores obtained from separate production
frontiers with efficiency scores of the common
production frontier, we can determine the effect
of the external environment. Typical examples of
external factors are public/private ownership and
geographical location [25].

Ifthe environmental factors are continuous, include
them directly in the model. If an external factor is
favourable, it should enter the DEA model as an
input, assuming that more output is produced. If
an external factor is unfavourable, it should enter
the DEA model as an output, assuming that more
input is needed. Because radial reduction of inputs
or expansion of outputs of external factors does
not make sense, it is recommended for the exter-
nal factors to enter the model as the non-control-
lable inputs or outputs [25].

If the environmental factors have a categorical or
continuous character, use regression to identify
environmental factors and measure their signif-
icance. In the first stage, the DEA model with
conventional inputs and outputs is calculated.
In the second stage, the technical efficiency
scores are regressed upon the environmental
factors. The advantages are that the method
can test if the environmental factor has a sta-
tistically significant influence on efficiency,
the method can be used for more factors, and
it does not need any prior assumptions on the
direction of the influence of the environmental
factor [25].

Set the maximal proportions of units from other
categories in the reference set. Golany and Thore
[24] studied the possibility of the restricted ref-
erence set in cases in which an analyst has to
consider the external non-homogeneous envi-
ronment (institutional circumstances, exter-
nalities in production, equity considerations or
other extraneous information). The so-called
categorisation constraints control the partici-
pation of units in the reference set for other
units simply by separating the whole sam-
ple into clusters (groups). In the dichotomous
approach, described by recommendation (9),
we will either include or not include a unit in
the subset of permitted units P, However, a
more flexible approach is proposed in which
units from the set of non-permitted units N,

(13)
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are partially included in the reference set by
adding a constraint such as:

>4/

JENy j=

N,
4 = Amaxs (4)
1

where /IZZM is a constant that determines the
maximal proportion of units from N, in the ref-
erence set. If the maximal proportion constant
Jmbx 1S set to zero, then units outside the cat-
egory cannot be included in the reference set,
and an evaluation of units according to individual
categories is carried out.
Use external measures of distance. In this alter-
native, the distance is not derived from input or
output values as in the case of the internal meas-
ures of distance (recommendation 7) but from
some external variable that is independent of
the production process and does not enter pro-
duction directly. An external variable can be a
geographical distance among cities or the gross
domestic product in the case of an international
comparison of health systems. The model is the
same as for internal measures of distance, i.e.
model (1) with constraints (3a-3d) proposed by
recommendation (7). The difference is just in the
type of non-homogeneity. We can easily com-
bine internal and external measures according to
the nature of the analysed problem.
Use the neighbourhood measure. The use of
neighbourhood as a measure of distance is suit-
able for evaluating geographical units such as
districts, regions, and countries. The distance
d,; between the evaluated unit g and unit ; is
measured in a graph in which vertices are the
units and edges express the geographical neigh-
bourhood (see Fig. 1 in Application section).
The distance d; is the path between the units g
and j with the minimal number of edges. While
the geographical distance takes on continuous
values, the neighbourhood distance takes on
discrete values. The neighbourhood distance is
1 if the two geographical units are direct neigh-
bours. The comparability constraint for unit g
can be formulated in various ways; the following
one (5a) can be the first choice for the variable
returns-to-scale model:
1 . )
)ujf;f()l"]:l,z,...,l’l,]#q. (5a)
4



Dlouhy BMC Health Services Research (2023) 23:1237

55°N

45°N

40°N

10°W 0°

i0°E
Fig. 1 Neighbours of the Czech Republic within a maximum distance of 2

This comparability constraint (5a) may be supple-
mented by a constraint (5b), which eliminates the influ-
ence of distant neighbours:

/j=0if dj > Dforj=1,2,..., n (5b)

The first extreme case is when only direct neighbours
enter the reference set (D=1), then /; can be positive for
direct neighbours, and is zero for other units. The second
extreme case is if D is greater than the maximal distance
or equals infinity. In this case, all units are included in the
evaluation.

An application

Suppose that the Czech Ministry of Health asked a group
of researchers to evaluate the performance of the Czech
health system in comparison with similar health sys-
tems. One way for improvement is to compare the Czech
health system with the health systems of countries with
similar economic, social and cultural characteristics. The
author chose the Czech Republic as an example because
he works there.

Setting the health system goals is a crucial decision
for any efficiency evaluation. Although there is some
consensus on the most common goals of the health sys-
tem, the efficiency evaluations differ in using interme-
diate goals (called as outputs) or final (health) system
goals (called as outcomes). In the first model, the out-
put efficiency model, the health system outputs are doc-
tor consultations and inpatient care discharges. In the
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distance
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second model, the outcome efficiency model, the single
health outcome is the life expectancy at birth. The data
are from the year 2019 or the latest available year. The
year 2019 was selected because the COVID-19 pan-
demic distorted the data from the following years. In
both models, the health system inputs are the numbers
of physicians, nurses, and hospital beds. The selected
health system inputs and outputs are among the typi-
cal and most frequently used indicators [14]. However,
we are aware of the problem that health is affected by
various factors (health determinants) outside the health
system. This will be partially addressed by including
GDP in the model, but not as an input variable.

We reduced the non-homogeneity and thus enhanced
the reliability of international comparison among
health systems by the following recommendations.
First, we choose the OECD member countries to obtain
a set of developed countries with developed health
systems (recommendation 1). Second, we use a reli-
able data source (recommendation 6), in this case, the
OECD Health Statistics. The sample includes 38 OECD
member countries (Table 1). Third, we apply the neigh-
bourhood distance (recommendation 14), which is
limited to a maximum distance of 2. Fourth, the pos-
sibility for countries to become peer units is limited by
an external factor (recommendation 13), in this case by
the gross domestic product (GDP) per capita in USD
purchasing power parity. GDP expresses the power of
the economy; however, GDP as an indicator of social
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Country Physicians Nurses per Beds per Consultations Discharges Life Neighbourhood GDP per Normalised
per 1000 1000 1000 per person per 1000 Expectancy measure capita in GDP
usD distance
Australia 383 12.22 3.84 7.30 184 83.0 5 53,079 1
Austria 532 10.37 719 6.60 243 82.0 1 58,650 0.8
Belgium 3.16 11.07 557 7.30 165 82.1 2 54,710 1
Canada 2.74 9.98 2.52 6.60 82 82.1 5 50,666 1
Chile 264 287 203 2.90 86 80.6 5 25,764 08
Colombia 2.25 1.39 1.74 2.60 33 76.7 5 15,610 0.8
Costa Rica 3.07 341 1.10 2.30 53 80.5 5 21,748 0.8
Czech 407 8.56 6.58 8.20 191 793 0 43,006 1
Republic
Denmark 419 10.10 259 4.00 146 815 2 60,335 0.8
Estonia 347 6.24 453 550 161 788 4 38,819 1
Finland 321 14.26 335 4.40 158 82.1 4 51,557 1
France 3.17 11.07 5.84 5.90 184 829 2 49,377 1
Germany 4.39 13.95 791 9.80 252 814 1 55,891 1
Greece 6.16 338 418 3.20 137 81.7 4 30,869 1
Hungary 349 6.62 691 10.70 190 764 1 33,957 1
Iceland 3.89 15.36 2.80 5.90 109 832 5 60,082 0.8
Ireland 332 12.88 2.88 5.80 134 828 4 89431 0.6
Israel 3.29 5.01 2.96 820 150 829 5 41,948 1
[taly 4.05 6.16 3.16 1040 113 836 2 44,851 1
Japan 249 11.76 12.84 12.50 131 84.4 5 42,230 1
Korea 246 7.94 1244 17.20 180 833 5 42,728 1
Latvia 327 4.39 542 6.10 186 755 3 32,003 1
Lithuania 4.57 7.74 6.35 9.50 220 76.4 2 38,765 1
Luxem- 298 11.72 426 5.50 143 827 2 120,962 0
bourg
Mexico 244 285 097 230 39 75.1 5 20,609 08
Netherlands 3.72 10.69 3.08 8.80 90 82.2 2 59,469 0.8
New Zea- 3.38 10.24 2.54 3.80 137 82.1 5 44,917 1
land
Norway 497 17.88 347 4.40 158 83.0 4 68,345 0.8
Poland 2.38 5.10 6.17 7.70 168 78.0 1 34,152 1
Portugal 532 7.08 3.51 4.10 107 818 4 36,872 1
Slovakia 357 5.74 5.76 11.10 189 77.8 1 32,557 1
Slovenia 3.26 10.28 443 6.70 173 81.6 2 41,194 1
Spain 4.40 5.89 2.95 7.30 114 839 3 42,184 1
Sweden 432 10.85 207 2.60 138 83.2 3 55,069 1
Switzerland 435 17.96 4.59 4.30 169 84.0 2 73,115 0.8
Turkey 1.95 240 2.88 9.80 165 786 4 27,600 1
United 2.95 8.20 245 5.00 127 814 3 48,542 1
Kingdom
United 2.64 11.98 2.83 4.00 125 789 5 65,298 0.8
States

and economic development also affects the quality of

the health system.

In the first step, we solve the output efficiency
model with the output orientation (6). As was already

mentioned, the health system is not a typical production
unit but an aggregation of many small units (e.g., hospi-
tals, medical practices); thus, we decided to apply con-
stant returns to scale. Our argument is based on the fact
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that the health system is not one firm that can increase
its production with some type of returns of scale. The
increased production is achieved by opening a new inde-
pendent medical practice or a hospital. In the output
efficiency model, three countries are technically efficient:
Korea, Sweden, and Turkey (Table 2). The health system
efficiency of the Czech Republic is 55%, with Turkey as
a single peer. This result means that the Czech health

Table 2 Efficiency of health systems
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system could reduce the amount of health system inputs
by 45%, or alternatively, it should almost double outputs
(doctor consultations and inpatient care discharges). This
is not a very realistic health policy recommendation.
The efficiency of 55% is extremely low, and the Ministry
of Health will surely consider it as an inadequate bench-
mark. The inputs of the Turkish health system are rela-
tively very low in comparison to other OECD member

Country Output efficiency model Output efficiency model Outcome efficiency model with Outcome efficiency
with CRS (CCR model) with VRS (BCC model) NIRS (life expectancy) model with NIRS (HAQ
Index)
Australia 0.8054 1.0000 0.9930 0.9815
Austria 0.5845 1.0000 09748 0.9638
Belgium 0.6141 0.7891 0.9848 0.9491
Canada 0.7697 0.7870 1.0000 1.0000
Chile 0.7195 0.7661 1.0000 1.0000
Colombia 0.4581 1.0000 1.0000 1.0000
Costa Rica 0.7988 1.0000 1.0000 1.0000
Czech Republic 0.5543 0.8700 0.9431 0.8996
Denmark 0.8876 0.9396 0.9766 09413
Estonia 06115 0.8230 0.9449 0.8792
Finland 0.7972 0.9068 0.9904 0.9566
France 0.6853 0.8819 0.9935 0.9644
Germany 0.6781 1.0000 0.9672 0.9396
Greece 0.5890 0.7818 1.0000 1.0000
Hungary 0.6435 0.9563 0.9145 0.8452
Iceland 0.6657 0.6697 0.9984 1.0000
Ireland 0.7699 08117 0.9991 0.9803
Israel 0.8708 0.9013 1.0000 1.0000
Italy 0.9672 1.0000 0.9996 1.0000
Japan 0.7182 0.7269 1.0000 1.0000
Korea 1.0000 1.0000 1.0000 1.0000
Latvia 0.6702 1.0000 09178 0.8680
Lithuania 0.6011 1.0000 0.9089 0.7514
Luxembourg 0.5829 0.7519 0.9983 0.9594
Mexico 0.7002 1.0000 1.0000 0.9882
Netherlands 0.8397 0.8603 0.9866 0.9980
New Zealand 0.8764 0.8926 0.9929 09414
Norway 0.7300 0.8933 0.9889 0.9710
Poland 0.8335 0.9309 0.9610 0.9579
Portugal 0.5079 0.6022 0.9746 0.9309
Slovakia 0.6247 1.0000 0.9338 0.8510
Slovenia 0.6756 0.8944 0.9807 0.9650
Spain 0.7272 0.7353 1.0000 1.0000
Sweden 1.0000 1.0000 1.0000 1.0000
Switzerland 0.6212 0.8555 1.0000 0.9946
Turkey 1.0000 1.0000 1.0000 1.0000
United Kingdom 0.8531 0.8614 0.9910 0.9601
United States 0.7503 0.7666 0.9652 0.9203
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countries, and the outputs are quite high (Table 1). The
reason may be differences in national reporting of health
system outputs. The DEA study [13] also identified Tur-
key as an outlier compared to other OECD member
countries. However, for comparison, we also calculated
the output efficiency model with the variable returns to
scale. This model is not very discriminatory because 13
health systems were identified as efficient (Table 2). The
health system efficiency of the Czech Republic is 87%,
with Austria, Germany, Lithuania, and Turkey as peers.

In the outcome efficiency model with the output orienta-
tion (7), the non-increasing returns to scale were applied,
assuming that the health benefits of health system inputs
are decreasing. In this model, the health systems of 13
countries are efficient (Table 2). The health system effi-
ciency of the Czech Republic is 94%, with Japan, Spain,
and Switzerland as peer countries. In this case, the health
system efficiency of 94% looks reasonable. However, the
Ministry of Health can consider it inadequate to have
as a benchmark geographically and culturally distant
country such as Japan. For a comparison, we also calcu-
lated the outcome efficiency model with the Healthcare
Access and Quality Index (HAQ) as the output variable.
The HAQ Index is measured on a scale from 0 (worst)
to 100 (best) and uses 32 causes of amenable mortality
that could be avoided by timely and effective health care
[26]. In this model, 13 health systems were identified as
efficient (Table 2). With the exception of Lithuania, the
model with the life expectancy and the model with the
HAQ index give similar results. The health system effi-
ciency of the Czech Republic is 90%, with Canada, Ice-
land, and Spain as peers.

maximise 04
subject to
38 s .
Z’gl xij/tj <xig, i=1,2,3, ©)
2121 Yijtj = qukq, k=1,2,
j=0,j=12,.,38.

maximise 04

subject to
21321 xl]/l] < xiqr i= 17 27 3)
38 )
Sm1 9% = Oy k=1, 7)
2j=0,j=12,.,38,
/?ﬁl ;Lj <1.

Based on the results of the models, we decided to
reduce the number of countries to ensure a compari-
son of the Czech health system with the more homo-
geneous set of health systems. In the second step, we
introduce the neighbourhood distance measure (5b)
that eliminates the influence of geographically distant
countries. This neighbourhood distance is 1 if the two
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countries are direct neighbours. For overseas coun-
tries, we set the distance to 5 (Table 1). In the model,
we set the maximum neighbourhood distance to 2 as
a suitable limit on the proximity of two countries. The
Czech Republic has 18 neighbours within a maximum
distance of 2 (dq]-SZ), see Fig. 1. Four countries are not
the OECD member countries (Belorussia, Lichtenstein,
Russia, and Ukraine) and are not included in the sam-
ple. In the output efficiency model, six health systems
are efficient. The health system efficiency of the Czech
Republic is 86%, with peer countries Poland, Slovakia,
and Slovenia. The value of health system efficiency and
the set of peer countries are more reasonable in com-
parison with the previous output efficiency model. In
the outcome efficiency model, seven health systems are
efficient. The efficiency score of the Czech Republic is
95%, with peer countries France, Italy, and Switzerland.
The peer countries are now more suitable for the Czech
Republic, and target values are much more achievable.

In the third step, we calculated the DEA models (8)
and (9) that also consider normalised differences in
the level of GDP (external factor), which is an impor-
tant indicator of social and economic development.
The constraint (4d) with §=5 was introduced into both
models (see Table 1). These additional comparability
constraints do not affect the efficiency of the Czech
health system (86% and 95%), and the peer countries
are also the same as in the previous output and outcome
efficiency models with the neighbourhood distance
measure. In Table 1, we can observe the imperfection
of the constraint (3d), which assigns zero to the most
distant unit (Luxembourg) and excludes that unit from
the set. This can be corrected by the condition that the
most distant unit gets the value of the last category 1/6,
which is 0.2 in this case.

Our health policy recommendation is that in the case
of output production (consultations, inpatient care dis-
charges), the Ministry of Health should look at Poland,
Slovakia and Slovenia, and in the case of health outcomes
(life expectancy) at France, Italy and Switzerland. How-
ever, this recommendation is only partial and indicative.
As mentioned above, no single method provides a univer-
sal guide to determining whether a health system is better
or worse compared to other health systems. It is appro-
priate to combine different methods, and DEA is one of
them. We consider DEA as an exploratory method, not
a method providing definitive answers. In our opinion,
the DEA models used in this analysis that aim to reduce
non-homogeneity among the health systems are superior
to conventional DEA models due to more reasonable val-
ues of estimated health system efficiency and more rea-
sonable selection of peer countries. This will improve the
acceptance of the results by end users.
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maximise 6 4
subject to
ngil x,',').j =< Xig, i=12,3,
S i = Oy k=12,
2 =0,j=12,..,38,
4 =0if dgj >2j=1,2,..,38,

2 < ceil(5(1 — normalised GDP distanceg))/5 = 1,2,...,38,
abs(GDPy—GDP,)

normalised GDP distancez = rasjabs(GDP, —GDP)

maximise 6 4
subject to
S8 xijdy < Xigy i =1,2,3,
38
Yim1 Vg4 = Ogyp k=1,
4i>0,j=1,2.,38,
?ﬁl 4=1
4i=0ifdj >2=1,2,..,38,

J; < ceil(5(1 — normalised GDP distanceg;))/5 = 1,2,..., 38,
abs(GDP,—GDP,)

normalised GDP distanceg = nax;abs(GDP,—GDP )

)

Conclusion

International comparisons of health systems allow us
to study different approaches to delivering health care.
However, at the international level, the comparability and
efficiency evaluation of health systems is a theoretical
and practical problem. As it was aptly said [12]: no two
countries are alike when it comes to health care. Over
time, each country has settled on a unique mix of poli-
cies, service delivery systems, and financing models.

In this study, we used data envelopment analysis, which
is a popular quantitative method of efficiency evaluation
in health care [15, 16, 27]. There are many other studies
that evaluate the health system efficiency of the OECD
member countries by DEA. For example, Retzlaff-Rob-
erts et al. [28] included in their study 27 OECD member
countries and used the OECD data for 1998. They com-
puted both the input-oriented and output-oriented BCC
models with seven inputs (four health system inputs and
four social environment inputs) and one health system
output. As the output they used infant mortality and life
expectancy, so finally, they computed four different DEA
models. Cetin and Bahce [13] evaluated the health system
efficiency of 34 OECD member countries by the input-
oriented CCR and BCC models. The number of doc-
tors, number of beds, and health expenditure per capita
were used as health system inputs and life expectancy at
birth and infant mortality rate were used as outputs (year
2011). At the second stage of their analysis, eight coun-
tries were removed from the set as outliers. Cylus et al.
[29] proposed the use of DEA to construct composite
health system efficiency indicators from several partial
efficiency measures. They tested their approach on a sam-
ple of 11 OECD member countries. Gavurova et al. [30]
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used the input-oriented dynamic network DEA model
to compare the health system efficiency of 36 OECD
member countries in the years 2000, 2008, and 2016. In
their study, the health system was divided into the pub-
lic health sub-division and the medical care sub-division.
Pereira et al. [31] applied a quite complex network DEA
model to evaluate the health system efficiency in the fight
against COVID-19. The sample included 55 countries (37
OECD member countries, six prospective OECD mem-
bers, four OECD key partners, and eight other countries).
Behr and Theune [32] investigated the health system effi-
ciency of 34 OECD member countries. Instead of analys-
ing the whole health system, they conducted five separate
partial analyses. They applied the input-oriented DEA
with the constant returns to scale.

In this study, we focused on the problem of non-homo-
geneity of health systems in the theoretical framework of
the data envelopment analysis. All the studies mentioned
above [13, 28-32] included the whole set of available
OECD countries in the health system efficiency evalua-
tion by the DEA models without any restrictions. In con-
trast, in our study, comparisons of countries are limited
by the neighbourhood distance and the level of economic
development (GDP), which serve as a proxy measures of
non-homogeneity. This is one of our contributions to the
existing literature on the health system efficiency evalu-
ation. The key difference between the DEA models used
in this paper and the dynamic clustering [24] is that the
inclusion of units in the reference set is not dichotomous
but gradually decreases with the degree of expected non-
homogeneity. To the best of our knowledge, the idea of
the neighbourhood distance measure was not previ-
ously used in the DEA framework for the health system
evaluation.

In addition to the theoretical contribution, the paper
contains an application in which we look for suitable
foreign health systems as models for the Czech health
system. Extended DEA models in this study restrict the
reference set in such a way that peer countries are more
reasonable for the Czech Republic, and target values are
better achievable. Hence, we believe that the recommen-
dations proposed in this paper that aim to reduce non-
homogeneity are superior to conventional DEA models
mainly due to more reasonable results and their better
acceptance by users. The author’s own personal experi-
ence as a health policy consultant supports this point of
view that an unrealistic benchmark is not very inspiring
and may be completely unsuitable for the practice.

There are some limitations of this study. First, there
needs to be a higher number of health system input and
output indicators in the DEA models, which is limited by
the number of units in the sample. Second, the limited
availability of international data and its comparability are
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traditional problems of international comparisons. Third,
outliers can extremely shift a production frontier. Fourth,
the production of population health is a multifactorial and
complex issue, so it is practically impossible to make the
absolutely right choice of key health system inputs [33].

In the future research, we should model the health
system as a heterogeneous system that is composed of
several interconnected divisions. Since the number of
countries is limited, the network models will also allow
us to use more inputs and outputs than conventional
DEA models. Therefore, we have to prioritise using of the
network DEA models with more input and output indica-
tors in the health system efficiency evaluation. Another
promising way of the future research in the health system
efficiency evaluation is to apply a conditional order-m
DEA models [34] that are able to take into account exter-
nal factors and are much more robust to outliers than full
frontier estimators.
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