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Abstract
Nowadays, it is seen that the COVID-19 virus has changed with mutation and the most effective method in combating this
virus is vaccination. In addition to increasing the number of tests, the development and implementation of policies to increase
vaccination rates also increase the efficiency of countries in the fight against the virus. This study aims tomeasure the efficiency
levels of OECD countries in the fight against the COVID-19 pandemic in different periods with data envelopment analysis
(DEA). To achieve this goal, efficiency analyses were conducted using the output-oriented DEA-constant return to scale
(CRS) model with data for 2021. As a result, Colombia, Denmark, New Zealand, Slovakia, and the USA were efficient, while
Slovenia, Hungary, and Chile were the countries with the lowest efficiency scores. For inefficient countries to be efficient in
the future, it is suggested that policies should be developed and rapidly implemented to reduce the number of cases and deaths,
as well as to increase the number of tests. With the study, it has been concluded that the use of the DEA method together with
multi-criteria decision making (MCDM) methods such as TOPSIS, EDAS and CODAS for efficiency evaluation of OECD
countries allows for a better ranking of efficient decision-making units.

Keywords OECD · COVID-19 · Health efficiency · DEA · MCDM
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1 Introduction

In the last two decades, the world has witnessed various
diseases such as Zika, Nipah, Ebola, and Coronavirus that
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emerged in various regions and affected the whole world.
The disease, which was first observed in Wuhan, China, in
December 2019 and named 2019 Novel Coronavirus (2019-
nCoV) and Coronavirus Disease 2019 (COVID-19) by the
World Health Organization (WHO), was declared a pan-
demic on February 12, 2020 [1]. As of 09.12.2021, more than
268.4 million (3.3 million on 04.05.2020) COVID-19 cases
have been confirmed worldwide [2], including more than 5.3
million (238,000 on 04.05.2020) deaths. Compared to the
previously known coronaviruses, namely, SARS and MERS
2019-nCoV infected a much larger population worldwide
and affected more lives [3]. Today, it has been determined
that this virus has undergone various mutations and infected
more populations than other pandemics. Different studies
have shown that this virus can affect even more, reaching
6.5 million [4]. It is inferred that these would be the new
cases. The number of cases reached as of today (18.11.2022)
is 641.9 million and the number of deaths is 6.6 million [2].

The importance of health services, which includes high
technology-oriented R&D and innovation studies, which
have a multiplier effect on the economy and social welfare
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of countries on an international scale, has become more evi-
dent during the pandemic period. In this context, innovation
policies for health systems should be strengthened in OECD
member countries, regardless of their level of development.
The OECD is an international organization that creates the
infrastructure to ensure thewell-being of even the societies of
countries [5]. 25May 2021, Costa Rica has formally become
an OECD Member, the 38th country to do so in the Organi-
zation’s 60-year history [6]. The OECD has become one of
the world’s largest and most reliable sources of comparative
economic and social data and statistics [7].

In the event of an epidemic in a country, the number of
infected and death cases and the rate of their increase largely
dependon the preparedness of that country and the strength of
its health system. An indicator of countries’ performance in
epidemic response management is the number of confirmed
cases, which is determined by the large number of tests per-
formed. Although indicators such as the case recovery rate
and death rate can be used as output data for countries to eval-
uate their efficiency against the COVID-19 pandemic, they
can also fully reflect the impact of the situation in which a
country is battling the disease.

In this study, the efficiency of OECD countries affected
by the COVID-19 pandemic was evaluated using data envel-
opment analysis (DEA), taking into account their population
density and health system infrastructures. As input variables
in the study; number of doctors, nurses, and hospital beds per
thousand people as output variables; health expenditure per
capita in OECD countries, the number of tests per thousand
people, the number of cases, and the number of deaths are
used. Constant return to scale (CRS) model was used in the
efficiency analysis, and then improvement suggestions were
developed for inefficient countries.

It is predicted that the COVID-19 epidemic will have
important social and economic consequences in the long
term. Therefore, it is vital to evaluate the performance of
countries against the COVID-19 pandemic [8]. Measur-
ing the health efficiency of different countries during the
COVID-19 epidemic is very important in determining which
countries’ health systems perform better. Thus, it is possible
to assess which countries need to improve their performance
[9]. As in many other sectors, the DEA method is widely
used for efficiency assessment in the health sector [10–12].
MCDMmethods are also widely used for performance eval-
uation [13–19].

It would be useful to compare the results of super-
efficiency DEA analysis with the results of other MCDM
methods in order to rank the efficient DMUs among them-
selves more clearly [18, 20–22]. In this study, the results
of the super-efficiency CRS-DEA model were compared
with the results of TOPSIS, EDAS and CODAS methods.
In the literature, no study has been found in which the
health efficiency assessment of OECD countries was made

by combining DEA, TOPSIS, EDAS and CODAS methods.
Therefore, this study aims to contribute to the literature by
using DEA, TOPSIS, EDAS and CODAS methods together.
The main research question is how the COVID-19 pandemic
has affected the health efficiency of OECD countries? The
rest of the study is organized as follows. In the second part,
the literature review is given. In the third chapter, the data
set and the methods used in the research are explained. In
the fourth section, the efficiency evaluation and ranking of
OECD countries are included. In the fifth chapter, a general
evaluation of the study was made.

2 Literature Review

In the literature review section, studies using the DEA
method and MCDM methods are included. Some of the
studies carried out using the DEA method are given in the
following paragraphs.

In the study of Sel [23] the COVID-19 performance of
the health system developments of the G-20 countries was
evaluated by the DEA method, and according to the scale
effectiveness scores, America, Argentina, Brazil, China,
France, England and Turkeywere efficient. Ozcelik andYigit
[24], Küçükaycan [25], Akbulut and Senol [26] and Kumru
et al. [27] analyzed the relationship betweenCOVID-19mor-
bidity andmortality rates in countries using demographic and
socioeconomic factors.

Jouzdani and Shirouyehzad [3] investigated the effect of
contact frequency between people during the COVID-19 epi-
demic in Iran using the system dynamics approach, using the
capacity of the health system. Hadad et al. [28] created two
models using the DEA method to calculate the efficiency of
the health systems of OECD countries. As a result of the
study, the health systems of nine countries with large and
stable economies were found to be efficient in the 1st model
and inefficient in the 2nd model. In addition, the relationship
between socioeconomic and environmental indicators was
found to be uncertain. Using the DEA method, Demir and
Bakırcı [29] measured the economic efficiency of 34 OECD
member countries with the data for the years 2006–2010 and
revealed the changes in the activities over the years. As a
result of the analysis made with the CRS method, 16 coun-
tries were efficient, and as a result of the analysis made with
the VRSmethod, 18 countries were efficient. Kaya et al. [30]
examined the determinants affecting the efficiency and activ-
ities of hospitals in 29 OECD countries between 2000 and
2010. Productivity scores were obtained by the DEA, panel
tobit analysis methods to determine the factors affecting effi-
ciency scores, and the changes in factor productivity were
investigated throughMalmquist Productivity Index. Accord-
ing to the findings obtained from the study, it was determined
that the productivity scores obtained after 2000 decreased in
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2004 and reached their lowest levels between 2009–2010.
It has been shown that income from environmental factors,
education and the number of private hospitals affect produc-
tivity positively, while the effect of public and private health
expenditures and the number of public hospitals on this effi-
ciency is negative.

Sener and Yigit [31] measured the technical efficiency
of the health systems of 30 OECD countries with the DEA
method and developed potential improvement suggestions
for inefficient countries. According to the results of the input-
oriented VRS model, 14 of the OECD countries were found
to be productive. The average productivity score of all coun-
tries was calculated as 0.94, with Austria having the lowest
score. Yilmaz and Şenel [32] calculated the efficiency of
the health systems of 36 OECD member countries with the
DEA method. As a result of the analysis made with the data
of 2007, 10 countries were effective, and as a result of the
analysis made with the data of 2017, 5 countries were effi-
cient. Iceland, Mexico, Chile and Turkey were total efficient
in the analyses made for both years. Sahinbas et al. [33]
evaluated the efficiency levels of 35 OECD member coun-
tries in health services based on the assumption of constant
(CRS) and variable returns to scale (VRS) of the DEA. As a
result of the study, it was seen that 23 countries were effec-
tive in health services according to VRS. Australia, Belgium,
Canada, Greece, Italy and Turkey were among these coun-
tries.

Yuksel [34] compared the health efficiencies of OECD
countries with the window analysis method of the input-
oriented data envelopment analysis technique for the years
2014–2018. According to the DEA window analysis results,
it was seen that only Mexico was efficient, while Turkey,
Japan, Korea and Luxembourg got the closest scores to
efficiency. Bas Kaman and Yucel [35] applied DEA on
the relationship between the living and educational condi-
tions of children living in 23 OECD countries and alcohol
and cigarette addiction. As a result of the study, 6 OECD
countries were found to be relatively total efficient and 8
relatively technically efficient.Denmark, Iceland, theNether-
lands,Norway, Sweden andGreatBritainwere efficient in the
output-oriented CRS model. Konca et al. [36] evaluated the
effectiveness of health expenditures of G-20 countries with
the DEA. According to the CRS model, approximately half
of the countries, and according to the VRS model, approxi-
mately 2/3 of the countries were relatively efficient.

Shirouyehzad et al. [37] have evaluated the performance
of the most severely affected countries regarding transmis-
sion control and medical treatment of COVID-19 by using
the DEA. In the study, efficacy values were first calculated
according to country conditions and the number of con-
firmed cases, and then performance evaluation was carried
out by considering the total number of confirmed cases,
deaths and recovered cases to evaluate the effectiveness of

medical treatment in the countries. The results indicated that
Singapore, Vietnam, and Belgium are the countries with the
highest efficiency in both aspects. Selamzade and Ozdemir
[38] examined the efficiency level of the COVID-19 epi-
demic struggles of OECD countries. In his study, he used
CRS and VRS models of DEA based on output methods.
In this way, the efficiency levels of the struggle applied by
the countries were calculated. After determining the factors
affecting productivity, some productivity-enhancing sugges-
tions were also made. Ghasemi et al. [39] investigated the
performance of 19 selected countries in their fight against
the COVID-19 pandemic between February 2 and April 12,
2020, using dynamic data envelopment analysis. As a result
of the research, it has been determined that the trend of ineffi-
ciency in preventing the spread of coronavirus has decreased
in Singapore, South Korea, China and Australia.

Sherpa [40] estimated the impact of governments’ health
policies on COVID-19 case fatality rates in OECD coun-
tries using Quantile regression. In the study, it was concluded
that the policies of reducing health expenditures significantly
increased the COVID-19 death rates. Ergulen et al. [41]
investigated the effectiveness level of the Ministry of Health
of the Republic of Turkey in combating the Covid-19 epi-
demic using DEA. As a result of the study, it was determined
that theMinistry ofHealthwas productive inApril,May, July
and September 2020, and inefficient in other months. Bas
Kaman and Yucel [42] analyzed the performance of health-
care workers in the 9 OECD countries most affected by the
pandemic. As a result of the analysis, the Czech Republic,
Poland and Portugal were found to be efficient in protecting
health workers, while Italy was found to be inefficient.

MCDMmethods are widely used in the literature in many
fields such as education, health, energy, defense, and tourism
[14, 43–49]. TOPSIS, EDAS and CODASmethods are some
of the commonly used MCDM methods [18, 22, 50–58].
Some of the studies in which performance evaluation was
carried out using MCDMmethods are given in the following
paragraphs. Sufiyan et al. [59] have used fuzzy DEMATEL
and ANP methods for evaluating food supply chain perfor-
mance. Abdel-Basset et al. [16] have used AHP, VIKOR
and TOPSIS methods for the financial performance evalu-
ation of 10 steel companies in Egypt. Prabhuram et al. [60]
have used AHP, TOPSIS and fuzzy AHP methods for per-
formance evaluation of Omni channel distribution network
configurations in the Indian retail industry. Baydaş and Elma
[61] have used the PROMETHEE and TOPSIS methods for
the financial performance of 131 manufacturing companies
in Turkey. Zhao et al. [62] have used anti-entropy weight
method, grey-DEMATEL and DQGRA-TOPSIS methods
for economy-environment-energy performance evaluation of
combined cooling, heating and power micro-grid. Yiğit [63]
has used the TOPSIS method for the health performance
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analysis of 35 OECD countries. Ince et al. [64] have evalu-
ated the policy performance of 18 different OECD countries
in terms of rare diseases by using TOPSIS, MOORA and
COPRASmethods. Acar [19] has evaluated the performance
ofOECDcountries in terms of socio-economic global indices
using CRITIC and CoCoSo methods. Aydin [65] has used
ENTROPI, ARAS and TOPSIS methods for the relative
assessment of the health systems of OECD countries dur-
ing the COVID-19 pandemic.

There are many studies in the literature in which the
DEAmethod andMCDMmethods are used together [18, 20,
66–73]. Some of the studies inwhich performance evaluation
was made by using the DEA method and MCDM methods
together are given in the following paragraphs. Chitnis and
Vaidya [74] have used the DEA method and TOPSIS for
the efficiency of different branches of a bank in India. Lee
et al. [71] have used the DEA method and VIKOR method
for performance evaluation of 12 manufacturing industries
in Taiwan. Ersoy [18] has used DEA method and TOPSIS
method for the performance evaluation of distance educa-
tion in Turkey. Guler et al. [17] have used the PROMETHEE
method and DEA method for the evaluation of sustainable
energy performance forOECDcountries. Ersoy [22] has used
theDEAmethod, TOPSIS and EDASmethods for the perfor-
mance evaluation of 12 different international airports. Stevic
et al. [75] have used the DEA method, MARCOS, EDAS,
WASPAS and ARAS methods for the efficiency evaluation
of transport companies. Altın and Filiz [76] have used the
DEA method, EDAS, MAUT and MAUSRA methods for
the performance evaluation of 8 railways logistics villages
in Turkey. Gupta et al. [77] have used the DEA technique,
AHP and TOPSIS techniques for the performance evaluation
of green transportation alternatives in India.

3 Methodology

In this study, the health efficiency levels of OECD coun-
tries were evaluated with data envelopment analysis (DEA).
Although the DEA method is a useful method used in effi-
ciency measurement, it has some disadvantages. An impor-
tant disadvantage is that DMUs cannot be ranked exactly in
the DEA method [18, 22]. DEA also has some related disad-
vantages, such as low discrimination power and impractical
weight distribution [9, 78, 79]. On the other hand, the weight
assignment of DEAmay be inconsistent with reality and thus
cause many DMUs to be efficient [79]. Nevertheless, it is
believed that MDCM methods will be combined with the
DEA method so that a full ranking of DMUs can be made.
Some researchers argued that the DEA method can be con-
sidered as aMCDMmethod [18, 22, 80, 81]. Although it was
stated byMousavi-Nasab and Sotoudeh-Anvari that the DEA
method cannot be generally accepted as a MCDM method,

the applications ofDEAmodels asMCDMmethods are gain-
ing increasing attention [78, 79]. DMUs that are efficient in
DEA models are ranked according to their Super efficiency
scores. In some cases, Super-efficiency scores may be insuf-
ficient for a clear ranking of efficient DMUs [18]. Therefore,
in addition toDEAmodels,MCDMmethods are widely used
in the literature to evaluate efficient DMUs [18, 20, 82].

Firstly, the health efficiency scores of OECD countries
were determined by the output-oriented CRS model. Later,
the CRS-SE model and TOPSIS, EDAS and CODAS meth-
ods were used to rank the efficient DMUs. The input and
output variables of the efficient DMUs are also used in
TOPSIS, EDAS and CODAS methods. The criteria weights
(weights of input and output variables) used in TOPSIS,
EDAS and CODAS methods are equally considered [18, 22,
70, 74, 83, 84]. DEAP version 2.1 program was used for the
analysis of the DEAmethod. Microsoft Excel 2016 program
was used for TOPSIS, EDAS and CODAS methods.

The framework of the study can be seen in Fig. 1. The
DEA, TOPSIS, EDAS and CODAS methods and data and
variables of the study are explained below.

3.1 DEAMethod

Thenonparametric data envelopment analysis (DEA)method
is a boundary-based linear programmingoptimization perfor-
mance evaluation technique. This method evaluates the effi-
ciency score obtained by the decision-making units (DMU)
as a result of the production of more than one input and
more than one output. The DEA technique is frequently
used to compare national and international health systems
[85]. The Constant Return to Scale (CRS) model developed
by Charnes, Cooper, and Rhodes in 1978 [86] and variable
returns to scale (VRS)models developedbyBanker,Charnes,
and Cooper in 1984 [87] is widely used to evaluate the effi-
ciency of health systems. Input-oriented models are used to
estimate how many inputs are needed with the number of
available outputs, and output-oriented models are used to
estimate how much output should be with the use of avail-
able inputs [88].

In the CRS model, the ratio of the final products (outputs)
of DMUs to the resources (inputs) spent is as follows [86,
89]:

max�0 �
∑s

r�1 ur yru∑m
i�1 vi xio

(1)

Constraint :

∑s
r�1 ur yr j∑m
i�1 vi xi j

≤ 1; j � 1, . . . nvr ,

ui ≥ 0; r � 1, . . . s, i � 1, . . .m., (2)
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Fig. 1 The framework of the study

where n is the number of analyzed DMUs, s is the number
of outputs, m is the number of inputs, yij is the r‘th out-
put of the jth DMU, xij is the ith input of the jth DMU. ur
and vi are the weighting coefficients of the corresponding
inputs or outputs. Here � o denotes the efficiency coefficient
of that DMU. The main advantage of this model is that the
weights ur and vi are automatically selected for each input
and output. Equation (1)equating the denominator of the lin-
ear fractional programming formula to 1 and reducing it to a
linear programming problem under constraint Eq. (2) is valid
if all DMUs operate at the most appropriate output level with
the available inputs [90]. The following formula was created
for the output-oriented CRS analysis [86]:

minho �
m∑

i�1

vixio (3)

s∑

r�1

ur yro � 1Constraint :

∑s
r�1 ur yro∑m
i�1 vi xio

≥ 1

( j � 1, . . . , n);
s∑

r�1

ur yro � 1 : ur > 0; vi > 0. (4)

In DEA model analysis, “Super Efficiency” (SE) is a
model that is measured whenDMUhas a value higher than 1.
Because in CRS and VRS models, DMUs do not allow itself
to be used as a peer in calculating the efficiency of other active
DMUs. The output oriented super-efficiency DEA model

based on the basic DEA models predicted by Seiford and
Thrall in 1990 can be expressed as follows [91]:

Maxρ
n∑

i�1

vixij (5)

Constraint :
n∑

j � 1
j �� 0

λ j x j ≥ ρx0;
n∑

j � 1
j �� 0

λ j y j ≤ y0; ρ,

λ j ≥ 0, j �� 0.

With this linear programming, no add-on is needed when
its super efficiency is used for the CRS model, but when it
is used for the VRS model,

∑n

j � 1
j �� 0

λ j � 1 is added to the

model.
DMUs with an efficiency score of “1”, i.e. 100%, accord-

ing to the results of the DEAmethod are considered efficient.
The classical DEA model is insufficient to rank the effi-
cient DMUs among themselves. Therefore, super-efficiency
DEA models are used to rank the efficient decision-making
units among themselves [18, 21, 22, 92]. TOPSIS, EDAS
and CODAS methods used in addition to the CRS-SE DEA
model in this study are explained below.
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3.2 TOPSIS Method

The TOPSIS method was first developed by Hwang and
Yoon in 1981 [93–95]. The method is based on the principle
of identifying the distances of the alternatives subjected to
evaluation from the positive ideal solution and negative ideal
solution [94–98]. The steps of the TOPSISmethod as follows
[74, 93, 95–101].

Step 1: Creating the decision matrix.
There are i, i � 1,2, … m alternatives in the rows of the

decision matrix Aij and j, j � 1,2, … n criteria in the columns.
The decision matrix is shown below.

Ai j �

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

a11 a12 . . . a1n
a21 a22 . . . a2n
. . . .

. . . .

. . . .

am1 am2 . . . amn

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(6)

Step 2: Creating the normalised decision matrix.
Thenormalised decisionmatrix is calculated usingEq. (7).

ri j � ai j
√

m∑

i�1
a2i j

i � 1, 2, ..., m j � 1, 2, ..., n

(7)

the normalised decision matrix is shown below.

Ri j �

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

r11 r12 . . . r1n
r21 r22 . . . r2n
. . . .

. . . .

. . . .

rm1 rm2 . . . rmn

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(8)

Step 3: Creating the weighted normalised decision matrix.
First, the weight values (wi) for the evaluation criteria are

determined. Then the weighted normalised decision matrix
is created by multiplying the elements in each column of
the matrix by the corresponding value of wi. The weighted
normalised value yij is obtained as in Eq. (9).

yi j � w j .ri j (9)

the weighted normalised decision matrix is shown below.

Yi j �

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

w1r11 w1r12 . . . wnr1n
w1r21 w2r22 . . . wnr2n

. . . .

. . . .

. . . .

w1rm1 w2rm2 . . . wnrmn

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

, (10)

where yij is the weighted normalised value of the jth criterion
of the ith alternative.

Step 4: Creating a positive ideal set (A*) and negative ideal
set (A−).

To create the ideal solution set, the largest of the weighted
column values in Yij matrix is chosen. The positive ideal
solution set is obtained from Eq. (11).

A∗ �
{

(max
i

yi j

∣
∣
∣
∣ j ∈ J ), (min

i
yi j

∣
∣ j ∈ J ′)

}

(11)

The negative ideal solution set is created by choosing the
smallest of the weighted column values in Yij matrix. The
negative ideal solution set is obtained from Eq. (12).

A− �
{

(min
i

yi j

∣
∣
∣
∣ j ∈ J ), (max

i
yi j

∣
∣ j ∈ J ′)

}

(12)

In both equations, J benefit and J’ loss value, where yj*

represents the positive ideal solution of the jth criterion; yj−
represents the negative ideal solution.

Step 5: Calculating the distance of each alternative to the
positive ideal solution and the negative ideal solution.

The distance to the positive ideal solution is Si* and the
distance to the negative ideal solution is Si−. The distance
to the positive ideal solution is calculated using Eq. (13) and
the distance to the negative ideal solution is calculated using
Eq. (14).

S∗ �
√
√
√
√

n∑

j�1

(
yi j − y∗

j

)2
(13)

S− �
√
√
√
√

n∑

j�1

(
yi j − y−

j

)2
(14)

Step 6: Compute the relative proximity of each alternative
to the ideal solution.

The relative closeness (Ci
*) of each alternative to the ideal

solution is calculated as in Eq. (15).

C∗
i � S−

i

S−
i + S∗

i

, (15)
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where 0 ≤ Ci
* ≤ 1.

3.3 EDASMethod

The EDAS method was first developed by Keshavarz
Ghorabaee et al. [22, 102–104]. In this method, the average
solution is used to evaluate the alternatives. The positive dis-
tance average (PDA) and negative distance average (NDA)
are two separate measures used to evaluate alternatives. The
best alternative is chosen based on these two distances [22,
95, 101, 102, 105, 107]. The steps of the EDASmethod were
given below [22, 101, 102, 105–109]:

Step 1: Choosing alternatives and criteria and creating a
decision matrix (X).

X � [
xi j

]
n×m �

⎡

⎢
⎢
⎢
⎢
⎣

x11 x12 . . . x1n
x21 x22 . . . x2n
...

...
...

...
xm1 xm2 . . . xmn

⎤

⎥
⎥
⎥
⎥
⎦
, (16)

where xij demonstrates the performance value of ith alterna-
tive on jth criterion.

Step 2: Determine the average solution considering all
criteria.

AV � [
AVj

]
1xm , (17)

where

AVj �
∑m

i�1 xi j
m

. (18)

Step 3: Calculate the positive distance fromaverage (PDA)
and the negative distance from average (NDA) matrices
according to the type of criteria (cost and benefit).

PDA � [
PDAi j

]
nxm (19)

NDA � [
NDAi j

]
n×m (20)

If jth criterion is beneficial,

PDAi j � max(0, (xi j − AVj ))

AVj
(21)

NDAi j � max(0, (AVj − xi j ))

AVj
(22)

and if the jth criterion is non-beneficial

PDAi j � max(0, (AVj − xi j ))

AVj
(23)

NDAi j � max(0, (xi j − AVj ))

AVj
, (24)

wherePDAij andNDAij demonstrate the positive andnegative
distance of ith alternative from the average solution in terms
of the jth criterion respectively.

Step 4: Calculate the weighted sum of PDA and the
weighted sum of NDA for all alternatives.

SPi �
m∑

j�1

w j PDAi j (25)

SNi �
m∑

j�1

w j N DAi j , (26)

where wj is the weight of the jth criterion.
Step 5: Normalise the SP andSN values for all alternatives.

NSPi � SPi
maxi (SPi )

(27)

NSNi � 1 − SNi

maxi (SNi )
(28)

Step 6: Calculate the appraisal score (AS) for all alterna-
tives.

ASi � 1

2
(NSPi + NSNi ), (29)

where 0 ≤ ASi ≤ 1.
Step 7: Ranking of the alternatives considering the

descending values of AS.
The alternative with the biggest AS value is the best.

3.4 CODASMethod

Combinative distance-based assessment (CODAS) method
was first developed by Ghorabaee et al. [95, 101, 102]. In
the CODASmethod, which is based on the choice of alterna-
tives based on the distances to the negative ideal solution, the
preference of the alternatives is determined by the Euclidean
(Euclidean) and Taksicab (Taxicab) distances [101, 102,
110]. The application steps of theCODASmethodwere given
below [52, 95, 101, 102, 111, 112]:

Step 1: Creating a decision matrix (X) with alternatives
and criteria.

X � [
xi j

]
n×m �

⎡

⎢
⎢
⎢
⎢
⎣

x11 x12 . . . x1m
x21 x22 . . . x2m
...

...
...

...
xn1 xn2 . . . xnm

⎤

⎥
⎥
⎥
⎥
⎦
, (30)

where (xij ≥ 0) denotes the performance value of ith alterna-
tive on jth criterion.
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Step 2: Compute the normalized decision matrix.

ni j �
{ xi j

maxi xi j
i f j ∈ Nb

mini xi j
xi j

i f j ∈ Nc
(31)

The values Nb and Nc in Eq. (31) express the benefit and
criteria, respectively.

Step 3: Compute the weighted normalized decision
matrix.

This calculation, which is based on multiplying the col-
umn elements belonging to the normalized decision matrix
with the relevantweight coefficients, is realizedwithEq. (32).

ri j � w j ni j (32)

Step 4: Determine the negative-ideal solution point (NIS).
Using Eq. (33), the smallest values of the columns in the

weighted matrix are selected.

ns � [
ns j

]
1×m ns j � min

i
ri j (33)

Step 5: Calculate the Euclidean and Taxicab distances of
alternatives from the negative-ideal solution.

Calculation of Euclidean distances (Ei) and Taxicab dis-
tances (Ti) values were shown in Eqs. (34) and (35),
respectively.

Ei �
√∑m

j�1
(ri j − ns j )2 (34)

Ti �
m∑

j�1

∣
∣ri j − ns j

∣
∣ (35)

Step 6: Creation of comparative evaluation matrix.
AComparative evaluationmatrix is created fromEq. (36).

Ra � [hik]n×n

hik � (Ei − Ek) + (ψ(Ei − Ek) × (Ti − Tk )),
(36)

where k ∈ {1,2,…, n} andψ denotes a threshold function rec-
ognizes the equality of the Euclidean and as given Eq. (37).

ψ(x) �
{
1 , i f |x | ≥ τ

0 , i f |x | ≤ τ
(37)

In this function, τ is the threshold parameter that can be set
by the decision-maker. It is recommended to set this parame-
ter at a value between 0.01 and 0.05. If the difference between
Euclidean distances of two alternatives is less than τ, these
two alternatives are also compared by the Taxicab distance
[95, 102, 111]. In this study τ value was taken 0.02.

Step 7: Calculate the assessment score of each alternative.

Hi �
n∑

k�1

hik (38)

By ranking theHi scores of the alternatives in descending
order, the alternatives are ranked from the best to the worst.

3.5 Data andVariables

In the selection of the input and output variables used in
the study, the variables in the studies conducted to calculate
the efficiency of the health systems of the OECD countries
were examined and used. In addition, the variables used in
the studies conducted to calculate the efficiency of the health
systems of the countries during the COVID-19 pandemic
were also used [3, 4, 7, 8, 11, 12, 23–42].

The current data of the input variables used in the study
were obtained from the websites of the OECD [5], theWorld
Bank [113], and the statistical institutions of the countries.
The data of the output variables are provided by the European
Center forDisease Prevention andControl [114], the Institute
for Health Metrics and Evaluation [115], Worldometers [2],
and the relevant institutions of the countries on the internet.
obtained from the sites. The input and output variables used
in the study are presented in Table 1.

Since the study aims to determine the most optimal output
with the available inputs and to calculate the efficiency of
the countries, analyses were made by taking the inverse of
the number of COVID-19 cases and the number of deaths.
While interpreting the potential improvement suggestions,
the reversed datawere translated into real data and interpreted
[116–118].

In this study, data on the number of Doctors and Nurses
could be obtained from the World Bank website for Chile,
Colombia, Costa Rica in 2018, Greece, Netherlands, Por-
tugal in 2017, and Australia and Finland in 2016 [113].
DEA-SOLVER-LV(V3) program was used for CRS, super
efficiency, statistical and correlation analysis in the study.

Table 1 Input and output variables used in the study

Inputs Outputs

Doctor—number of doctors (per
1000 pop)

HealthExp—health
expenditure per capita USD

Nurse—the number of nurses (per
1000 pop)

Test—the number of tests
(per 1000 pop)

Bed—number of hospital beds (per
1000 pop)

Case—number of cases (per
1000 pop)

Death—the number of deaths
(per 1000 pop)
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Table 2 Statistics and correlation
on input/output data Statistics

Inputs Outputs

Doctor Nurse Bed Exp Tests Case Death

Max 5.48 18.05 12.84 10,948.48 15,885.90 198.95 3.52

Min 1.95 1.33 0.97 1197.65 54.11 1.19 0.008

Mean 3.56 9.17 4.38 4237.37 2445.97 92.01 1.46

Std. dev 0.90 4.21 2.63 2032.68 3073.34 56.48 0.94

Correlation

Doctor Nurse Bed Exp Tests Case Death

Doctor 1.000

Nurse 0.304 1.000

Bed 0.008 0.106 1.000

Exp 0.260 0.750 0.047 1.000

Tests 0.360 0.107 − 0.052 0.268 1.000

Case − 0.035 − 0.093 0.087 − 0.149 − 0.145 1.000

Death − 0.029 0.103 − 0.055 0.013 − 0.093 0.445 1.000

The statistics of the input and output data used in the study
are presented in Table 2. As can be seen from Table 2, the
number of doctors per thousand people in the input vari-
ables used in the analysis was at least 1.95 (Turkiye) and at
most 5.48 (Greece). The number of nurses and midwives per
thousand people was at least 1.33 (Colombia), at most 18.05
(Norway), and the number of beds was at least 0.97 (Mex-
ico) and at most 12.84 (Japan). Health expenditure per capita
in 2020, which is one of the output variables, was at least
1197.65 USD (Mexico) and at most 10948.48 USD (USA).
When the output variables used for the analysis presented in
Table 2 are examined, it is seen that; the number of tests in
OECD countries was min 54.11 (Colombia), max 15,885.90
(Denmark). The number of cases was min 1.19 (Slovakia)
and max 198.95 (Slovenia). The number of death was min
0.008 (New Zealand) and max 3.52 (Hungary).

When the correlation relationship between the input and
output variables presented in Table 2 is examined, it is seen
that there is a high correlation relationship only between
the number of nurses and health expenditure. It has been
determined that the correlation relationship between all other
variables is very weak and even close to zero. A negative cor-
relation was found between number of cases and number of
doctors, nurses, health expenditures and number of tests.

4 Results and Discussion

First of all, the efficiency of 38 OECD countries was eval-
uated according to the CRS DEA model and the countries

with an efficiency score of "1" were determined. In the study,
TOPSIS, EDAS and CODAS methods were used as well as
the CRS-SE model to rank the efficient DMUs among them-
selves. The results of the CRS-SE DEA model, TOPSIS,
EDAS and CODAS methods are given below, respectively.

4.1 DEAMethod Results

The efficiency analysis estimates made with CRS and CRS
Super Efficiency methods are presented in Table 3. As can
be seen from Table 3, in the CRS analysis made with the
data for 2021, 5 OECD countries, Colombia, Denmark, New
Zealand, Slovakia, and the USA were efficient. The coun-
try with the closest score to technical efficiency was Greece
(0.927), while the countries with the lowest score were Fin-
land (0.395), Slovenia (0.384), Hungary (0.353), and Chile
(0.332).

Two countries of the OECD had an efficiency score
of 40–49.99%, 16 of them 50–59.99%, three of them
60–60.99%, six of them70–70.99%andone country between
80–80.99%. Turkiye took 14th place among 38 OECD coun-
tries with an efficiency score of 0.672. United Kingdom
0.796, Italy 0.718, Spain 0.712, and France 0.572, which
are among the countries where the COVID-19 pandemic is
most prevalent today, received an efficacy score. USA 32,
New Zealand 26, Denmark 25, Colombia 23, and Slovakia
17 countries were referenced in the efficiency analysis using
the CRS method.
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Table 3 CRS and super efficiency scores

No. Countries CRS score CRS-SE score

1 New Zealand 1 14.728

2 Slovakia 1 3.439

3 Denmark 1 2.856

4 USA 1 2.162

5 Colombia 1 1.122

6 Greece 0.927 0.927

7 Austria 0.875 0.875

8 Israel 0.799 0.799

9 United Kingdom 0.796 0.796

10 Luxembourg 0.734 0.734

11 Sweden 0.731 0.731

12 Italy 0.718 0.718

13 Spain 0.712 0.712

14 Turkiye 0.672 0.672

15 Latvia 0.628 0.628

16 Poland 0.542 0.616

17 Netherlands 0.609 0.609

18 Canada 0.594 0.595

19 S. Korea 0.594 0.592

20 Portugal 0.542 0.590

21 Czechia 0.571 0.585

22 France 0.572 0.572

23 Japan 0.572 0.572

24 Iceland 0.558 0.558

25 Belgium 0.553 0.553

26 Estonia 0.549 0.549

27 Australia 0.524 0.524

28 Ireland 0.524 0.524

29 Germany 0.522 0.522

30 Norway 0.522 0.522

31 Costa Rica 0.518 0.518

32 Mexico 0.513 0.513

33 Lithuania 0.456 0.456

34 Switzerland 0.429 0.430

35 Slovenia 0.384 0.401

36 Finland 0.395 0.395

37 Hungary 0.353 0.353

38 Chile 0.332 0.332

Average 0.640 1.152

According to the results of the Super Efficiency analysis
made for the efficient countries as a result of the analy-
sis made with CRS method, New Zealand 14.728, Slovakia
3.439, the USA 2.162, Denmark 2.856 and Colombia 1.122,
were Super Efficiency score. The average score of efficiency
was 0.640 in the CRS analysis and 1.152 in the CRS super
efficiency analysis.

The efficiency score distributions ofOECDmember coun-
tries made with the CRS and super CRS models are shown
in Figs. 2 and 3.

Potential improvement suggestions for output variables
for some of the inefficient countries are presented as a result
of the efficiency analyses made on the output data for 2021
with the CRS method. Potential improvement suggestions
were examined by choosing a country with an average value
from each class, namely Chile, Lithuania, Belgium, Latvia,
Sweden, Austria and Greece (Table 4).

It can be seen from Table 4 that all countries need to
increase the number of tests to be efficient. In addition,
more comprehensive and drastic measures should be taken
to reduce the number of cases and deaths in Chile (0.332)
and Lithuania (0.456), which have lower efficacy scores.
Although Sweden (0.731) and Austria (0.875) had higher
inefficiency scores than other countries, it can be said that
they face higher rates of death with current inputs.

According to the results of the analysismadewith theCRS
method, it is seen that Greece should increase the number of
tests by 7.90%. For Greece to be efficient, the current inputs
and the number of Cases must be reduced by 15.36%, and
the number of Deaths by 29.6%. It has been determined that
Hungary’s number of tests should be 1702.93% more, while
the number of cases and deaths should be approximately 65%
less.

According to the results of the DEAmethod, efficient and
inefficient DMUs were determined and potential improve-
ment suggestionsweremade.DMUs thatwere found efficient
according to the results of the CRS DEA model were ranked
among themselves according to the results of the CRS-SE
model.

4.2 TOPSIS Method Results

The TOPSIS method results of DMUs that were efficient
according to the results of the CRS-DEA model are shown
in Table 5.

The countries are ranked according to the Ci
* values in

Table 5. It is understood that Denmark is in first place and
New Zealand is in last place.
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Fig. 2 CRS efficiency score
distribution

Fig. 3 CRS—super efficiency
score distribution
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Table 4 Potential improvement
suggestions for inefficient
countries

Countries/score Outputs Data Projection Difference %

Chile Tests 1,309,697 3,950,737 201.65

0.332 Case 90.685 30.063 − 66.85

Deaths 1.977 0.123 − 93.80

Hungary Tests 86,213 1,554,364 1702.9

0.353 Case 111.043 39.227 − 64.7

Deaths 3.518 1.243 − 64.7

Lithuania Tests 2,277,280 4,989,588 119.10

0.456 Case 174.076 55.805 − 67.94

Deaths 2.492 0.905 − 63.68

Belgium Tests 2,082,904 3,766,931 80.85

0.553 Case 144.065 79.660 − 44.71

Deaths 2.298 1.271 − 44.71

Latvia Tests 2,856,371 4,548,434 59.24

0.628 Case 135.176 75.868 − 43.87

Deaths 2.215 1.099 − 50.39

Sweden Tests 1,333,601 1,824,246 36.79

0.731 Case 117.676 86.026 − 26.90

Deaths 1.483 0.466 − 68.57

Austria Tests 12,029,623 13,746,061 14.27

0.875 Case 123.492 53.810 − 56.43

Deaths 1.353 0.492 − 63.60

Greece Tests 3,380,162 3,647,093 7.90

0.927 Case 88.376 74.799 − 15.36

Deaths 1.718 1.209 − 29.60

Table 5 TOPSIS method results
of efficient DMUs Countries Si* Si− Ci

* Rank

Colombia 0.1781 0.1578 0.4698 3

Denmark 0.1263 0.1721 0.5767 1

New Zealand 0.2159 0.0720 0.2500 5

Slovakia 0.2132 0.0974 0.3135 4

USA 0.1450 0.1808 0.5550 2

4.3 EDASMethod Results

The EDAS method results of DMUs that were efficient
according to the results of the CRS-DEA model are shown
in Table 6.

The countries are ranked according to the ASi values in
Table 6. It is understood that Denmark is in first place and
Slovakia is in last place.

4.4 CODASMethod Results

The CODAS method results of DMUs that were efficient
according to the results of the CRS-DEA model are shown
in Table 7.

The countries are ranked according to the Hi values in
Table 7. It is understood that Colombia is in first place and
New Zealand is in last place.
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Table 6 EDAS Method Results
of Efficient DMUs Countries SPi SNi NSPi NSNi ASi Rank

Colombia 0.228 0.247 0.480 0.251 0.366 3

Denmark 0.475 0.084 1.000 0.747 0.873 1

New Zealand 0.027 0.188 0.057 0.430 0.243 4

Slovakia 0.039 0.330 0.082 0.000 0.041 5

USA 0.211 0.133 0.443 0.597 0.520 2

Table 7 CODAS method results
of efficient DMUs Countries Ei T i Hi Rank

Colombia 0.24155 0.52631 0.33192 1

Denmark 0.18234 0.36076 0.03468 3

New Zealand 0.06958 0.12086 − 0.52680 5

Slovakia 0.14487 0.19344 − 0.15225 4

USA 0.23972 0.50622 0.32261 2

4.5 Discussion

The results of the efficient DMUs according to the CRS-SE
model and the results according to the TOPSIS, EDAS and
CODAS methods were compared and are shown in Table 8.

When Table 8 is analyzed, while New Zealand ranks 1st
according to the results of the CRS-SE model, it is in last
place according to the TOPSIS and CODAS method results
and 4th according to the EDAS method results. While the
USA is in the 4th place according to the results of the CRS-
SE model, it is in the 2nd place according to the TOPSIS,
EDAS and CODASmethod results. While Denmark is in the
3rd place according to the results of the CRS-SE model, it is
in the 1st place according to the TOPSIS and EDAS method
results and in the 3rd place according to the CODAS method
results. According to all method results, it is possible to say
that Denmark is in first place and the USA is in second place.

It should be noted that the results of the DEA analysis
are relative. The results of DEA analysis may change when
the number of input variables, number of output variables and
DMUused inDEAanalysis change. The increase or decrease
in the amount of input variables and output variables affects
the results of DEA analysis.

5 Conclusion

In the study, the efficiency of OECD countries against the
COVID-19 pandemic was examined using Data Envelop-
ment Analysis (DEA). At the end of the analysis, potential
improvement rates were calculated for inefficient countries.
In the study, DEA method was used together with multi-
criteria decisionmaking (MCDM)methods such as TOPSIS,
EDAS and CODAS for efficiency evaluation of OECD coun-
tries to allow for a better ranking of efficient decision-making
units.

Considering that it is not possible to reduce the number of
doctors per thousand people, the number of nurses and mid-
wives per thousand people, and the number of hospital beds
per thousand people used as inputs to eliminate inefficiently
in the fight against the COVID-19 pandemic, and even more
input is needed. Outputs such as the number of deaths per
thousand people, the number of tests per thousand people,
and the health expenditure per capita (USD) need to be opti-
mized. In this respect, the output of the number of tests per
thousand people draws attention. It is considered the easiest
to increase this output with the decisions to be taken accord-
ing to the socio-economic status of the countries and the size
of their health systems.

Table 8 Efficiency comparisons
of efficient DMUs Countries CRS-SE TOPSIS EDAS CODAS

Colombia 5 3 3 1

Denmark 3 1 1 3

New Zealand 1 5 4 5

Slovakia 2 4 5 4

USA 4 2 2 2
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This study has several limitations. The most important
limitation is that given the change in COVID-19 pandemic
data, such as cases, deaths, and number of tests performed
in countries, generalization of the results to other periods
should be done with care. It can be said that the selection
of indicators according to the dynamism of the number of
cases affects the results of the model. Therefore, different
results can be achieved with a different set of indicators.
The disadvantage of this study is the lack of more effective
indicators for evaluating performance. In the study, different
models were used to make DEA efficiency score estimations
of OECD countries. In the CRS model and CRS-SE model,
the analyses were made with the input variables obtained
from the current data in the statistics pages of theWorldBank,
World Health Organization and OECD institutions in 2021.
In the analysis, the output variables obtained on 24.11.2021
were used. Another limitation of the study is that three inputs
and four outputs were used in the study.

As a result of the efficiency analysis made with the CRS
methodColombia,Denmark,NewZealand, Slovakia, and the
USA were efficient. In the efficiency analyses, the countries
with the closest technical efficiency score were Greece, and
the countries with the lowest efficiency scores were Slovenia,
Hungary, and Chile. New Zealand got the highest super-
efficiency score in the Super-efficiency analyses made for
the countries that were efficient in the CRS model.

According to the potential improvement rates estimated
for the inefficient countries as a result of the DEA, Greece’s
number of cases per thousand people is 15.36% and the num-
ber of deaths is 29.60% less than the current input of Greece,
which got the closest score to the full efficiency score in the
output-oriented CRS analysis. It can be said that the number
of tests should be increased by approximately 7.9%. It has
been seen that Hungary, which is in last place according to
the estimated efficiency score by both models, should have
a low number of cases and deaths per thousand people by
approximately 65%, and the number of tests per thousand
people should be increased by more than 1500%.

When similar studies in the literature are examined, this
is the case in the CRS analysis of Selamzade and Ozdemir
[38] with the input and output variables obtained onApril 24,
2020, in Australia, Austria, Israel, Iceland, Japan, Mexico,
Slovakia, and New Zealand and VRS analysis. Besides these
countries, S. Korea, Luxembourg, andTurkiyewere efficient.
In both models, the country with the least efficiency score
was France. When the DEA analyses made by Shirouyehzad
et al. [37] using 2 different models for countries severely
affected byCOVID-19using the output variables of 25March
2020 are examined, Canada, France, Iran, Singapore, and the
USA in the 1st model. In the second model, Canada, China,
France, Iran, Iraq, Italy, Lebanon, and Swedenwere efficient.
In the study conducted byAyranci andBagriacik [118]which
is one of the most recent studies in 2021, for OECD and

EU countries, the Total Number of Cases and Total Num-
ber of Recoveries were used as input variables and the Total
Number of Tests as the output variable. As a result of the
input-oriented VRS Model study, Austria, Iceland, Finland,
New Zealand, Czechia, Estonia, Israel, and Malta were effi-
cient, while Chile and Poland had the least efficiency score.

Recently, it is seen that the COVID-19 virus is rapidly
changing with mutation and the most effective method in
combating this virus is vaccination. In addition to increasing
the number of tests, the development and implementation of
policies to increase vaccination rates are one of the impor-
tant duties of the governments of the country. Considering all
these, the study reveals the relative efficiency ofOECDmem-
ber countries against the COVID-19 virus. The performance
evaluation of the epidemic response management applied in
this study can be made for other countries and unions with
similar data.

If a general evaluation of the study is made, it has been
concluded that the results of the DEA super-efficiencymodel
alone are not sufficient to rank and evaluate the DMUs that
are efficient according to the results of the DEA analysis,
and it will be useful to compare them with the results of
other MCDM methods.

When the results of this study are examined, it is under-
stood that DEA and MCDM methods can be used together
in future studies. The results of the MCDM method seem to
support the results of the DEA. There are very few studies
in the literature where DEA and MCDM methods are used
together in the field of health. Therefore, this study may con-
tribute to the literature in the field of health.
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101. Adalı, E.A.; Tuş, A.: Hospital site selection with distance-based
multi-criteria decision-making methods. Int. J. Healthc. Manag.
14(2), 534–544 (2021). https://doi.org/10.1080/20479700.2019.
1674005

102. Ghorabaee, M.K.; Zavadskas, E.K.; Olfat, L.; Turskis, Z.: Multi-
criteria inventory classification using a new method of evaluation
based on distance from average solution (EDAS). Informat-
ica 26(3), 435–451 (2015). https://doi.org/10.15388/Informatica.
2015.57

103. Mishra, A.R.; Rani, P.; Pandey, K.: Fermatean fuzzy CRITIC-
EDASapproach for the selection of sustainable third-party reverse
logistics providers using improved generalized score function. J.
Ambient. Intell. Humaniz. Comput. 13, 295–311 (2022). https://
doi.org/10.1007/s12652-021-02902-w

104. Zhang, N.; Su, W.; Zhang, C.; Zeng, S.: Evaluation and selec-
tion model of community group purchase platform based on
WEPLPA-CPT-EDAS method. Comput. Ind. Eng. 172, 1–12
(2022). https://doi.org/10.1016/j.cie.2022.108573

105. Kahraman, C.; Ghorabaee, M.K.; Zavadskas, E.K.; Onar, S.C.;
Yazdani, M.; Oztaysi, B.: Intuitionistic fuzzy EDAS method:
an application to solid waste disposal site selection. J. Environ.
Eng. Landsc.Manag. 25(1), 1–12 (2017). https://doi.org/10.3846/
16486897.2017.1281139

106. Stanujkic, D.; Zavadskas, E.K.; Ghorabaee, M.K.; Turskis, Z.: An
extension of the EDAS method based on the use of interval grey
numbers. Stud. Inform. Control 26(1), 5–12 (2017). https://doi.
org/10.24846/v26i1y201701

107. Aggarwal, A.; Choudhary, C.; Mehrotra, D.: Evaluation of smart-
phones in Indianmarket using EDAS. Procedia Comput. Sci. 132,
236–243 (2018). https://doi.org/10.1016/j.procs.2018.05.193

108. Das, P.P.; Chakraborty, S.: Application of grey correlation-based
EDAS method for parametric optimization of non-traditional
machining processes. Sci. Iran. 29(2), 864–882 (2022). https://
doi.org/10.2420/sci.2020.53943.3499

123

https://doi.org/10.1108/bij-09-29013-0093
https://doi.org/10.3390/axioms11030140
https://doi.org/10.21121/eab.983220
https://doi.org/10.1504/IJVD.2022.127019
https://doi.org/10.1016/j.matdes.2017.02.041
https://doi.org/10.1016/j.asoc.2022.109238
http://ijtte.com/uploads/2011-12-19/d4c8811d-2d60-b00a245-256.pdf
https://doi.org/10.4018/IJPMAT.2018010102
https://doi.org/10.1109/ACCESS.2020.2993108
https://doi.org/10.1016/j.eswa.2011.07.024
https://doi.org/10.17323/1814-9545-2013-2-15-48
https://doi.org/10.1016/j.ejor.2018.08.046
https://doi.org/10.1007/978-3-642-48318-9
https://doi.org/10.1016/S0165-0114(97)00377-1
https://doi.org/10.17270/J.LOG.2021.603
https://doi.org/10.1007/s00500-020-04899-4
https://doi.org/10.32038/mbrq.2018.07.02
https://doi.org/10.3390/su15032464das
https://doi.org/10.1016/j.mcm.2006.03.023
https://doi.org/10.3390/su9122329
https://doi.org/10.1080/20479700.2019.1674005
https://doi.org/10.15388/Informatica.2015.57
https://doi.org/10.1007/s12652-021-02902-w
https://doi.org/10.1016/j.cie.2022.108573
https://doi.org/10.3846/16486897.2017.1281139
https://doi.org/10.24846/v26i1y201701
https://doi.org/10.1016/j.procs.2018.05.193
https://doi.org/10.2420/sci.2020.53943.3499


15712 Arabian Journal for Science and Engineering (2023) 48:15695–15712

109. Mitra, A.: Selection of cotton fabrics using EDAS method. J.
Nat. Fibers 19(7), 2706–2718 (2022). https://doi.org/10.1080/
15440478.2020.1821289

110. Bakır, M.; Alptekin, N.: A new approach in service quality ass-
esment: an application on airlines through CODAS method. Bus.
Manag. Stud. Int. J. 6(4), 1336–1353 (2018). https://doi.org/10.
15295/bmij.v6i4.409

111. Badi, I.; Ballem, M.A.; Shetwan, A.G.: Site selection of desalina-
tion plant in Libya by using combinative distance-based assess-
ment (CODAS) method. Int. J. Qual. Res. 12(3), 609–624 (2018).
https://doi.org/10.18421/IJQR12.03-04

112. Sivalingam, V.; Poogavanam, G.; Natarajan, Y.; Sun, J.: Opti-
mization of atomized spray cutting fluid eco-friendly turning of
Inconel 718 alloy using ARAS and CODAS methods. Int. J. Adv.
Manuf. Technol. 120, 4541–4564 (2022). https://doi.org/10.1007/
s00170-022-09047-w

113. The World Bank: Data. 2021. https://data.worldbank.org/
indicator. Accessed 20 Nov 21

114. European Centre for Disease Prevention and Control—ECDC:
Data on the daily number of new reported COVID-19 cases and
deaths by EU/EEA country. (2021). https://www.ecdc.europa.
eu/en/publications-data/data-daily-new-cases-covid-19-eueea-
country. Accessed 24 Nov 21

115. Institute for Health Metrics and Evaluation-IHME: COVID-19
projections. (2021). https://covid19.healthdata.org. Accessed 24
Nov 21

116. Dinc, M.; Haynes, K.E.: Sources of regional inefficiency: an inte-
grated shift-share, data envelopment analysis, and input–output
approach. Ann. Reg. Sci. 33, 469–489 (1999)

117. Ozden, U.H.: Efficiency evaluation of foundation universities in
Turkey by using data envelopment analysis (DEA). Istanbul Univ.
J. Sch. Bus. Adm. 37(2), 167–185 (2008)

118. AyranciBagriacik, E.: Evaluation of Turkey’s effectiveness
against OECD and EU member countries in fighting COVID-19.
Erciyes Univ. J. Econ. Adm. Sci. 60, 215–233 (2021)

Springer Nature or its licensor (e.g. a society or other partner) holds
exclusive rights to this article under a publishing agreement with the
author(s) or other rightsholder(s); author self-archiving of the accepted
manuscript version of this article is solely governed by the terms of such
publishing agreement and applicable law.

123

https://doi.org/10.1080/15440478.2020.1821289
https://doi.org/10.15295/bmij.v6i4.409
https://doi.org/10.18421/IJQR12.03-04
https://doi.org/10.1007/s00170-022-09047-w
https://data.worldbank.org/indicator
https://www.ecdc.europa.eu/en/publications-data/data-daily-new-cases-covid-19-eueea-country
https://covid19.healthdata.org

	Health Efficiency Measurement of OECD Countries Against the COVID-19 Pandemic by Using DEA and MCDM Methods
	Abstract
	1 Introduction
	2 Literature Review
	3 Methodology
	3.1 DEA Method
	3.2 TOPSIS Method
	3.3 EDAS Method
	3.4 CODAS Method
	3.5 Data and Variables

	4 Results and Discussion
	4.1 DEA Method Results
	4.2 TOPSIS Method Results
	4.3 EDAS Method Results
	4.4 CODAS Method Results
	4.5 Discussion

	5 Conclusion
	Acknowledgements
	References




