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ABSTRACT

The demand for air transport services has significantly increased around the globe, which has brought
new investments in airports, which, in turn, requires in-depth efficiency analysis of these capital-
intensive endeavors. This study examines the operational efficiencies of 46 Turkish civil airports from
2015 to 2018. We employ a novel hybrid methodology that combines Spherical Fuzzy Sets based
Analytic Hierarchy Process (SFS-AHP) and Data Envelopment Analysis (DEA), which provides a solid
basis for efficiency analysis. To this end, it can handle the hesitancy and uncertainty that the subjective
evaluation process of input and output factors possess. Then, we use Self Organizing Maps (SOM), a
machine learning method for clustering, to examine the effect of outlier airports on the efficiency
scores. Finally, a posthoc analysis is conducted with Tobit regression model to assess the explanatory
power of external factors on the efficiency scores, i.e., tourism potential, number of international flights,
distance to the city center, population, public/private ownership, and age of airport. The findings
show that 67.2% of the Turkish airports operate below the optimal efficiency level, and 93.5% of
them should make considerable efforts to refine their operations by implementing managerial and
structural changes to reduce input factors. The results also suggest that the airports located in high-
density touristic areas achieve higher efficiency levels. Those relatively closer to the city center lead
to more airport traffic, generating more revenues. Thus, both factors have a significant impact on
efficiency scores. The study provides a novel efficiency analysis framework for airport operators and
policy makers that helps them make informed decisions.

© 2022 Elsevier B.V. All rights reserved.
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1. Introduction

The Air transport industry plays a vital role in connecting
countries and contributes significantly to the economic growth of
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nations, acting as a catalyst for international trade. The effective
working mechanism of the industry is a kegiiy factor for ensuring
the safety of passengers and product transportation between
airports across the globe. In this frame, airports should provide
efficient operating services by qualified labor force at the inter-
national standards by offering high quality, safe, and human- and
environment-sensitive infrastructure to the passengers, airlines,
and other customers.

Since airports are complex entities, the authorities are ex-
pected to rapidly adapt to changing global conditions and manage
costly operational activities to increase efficiency in machine
park, human resources, slot rights, and energy use [1,2]. Under
this challenging environment, countries follow different policies,
i.e.,, renewing existing terminals, opening new terminals, or trans-
ferring terminal management to the private sector to maximize
profitability and to offer the best quality services to customers.
Another striking trend in the air transport industry is the increas-
ing role of private operators in airport management. The private
sector primarily considers the profitability of the airports, mostly
focusing on their size and attractiveness in terms of high inter-
national scope rather than on social and demographical factors.
Hence, these attributes underline the importance of efficiency
measurement among airports, particularly for the public-owned
ones, in pinpointing potential areas for improvement through
new policies.

On the operational side, airports and air navigation services
are operated by a central airport authority in many European
countries, including Turkey [3]. Turkey has 53 civil airports coun-
trywide. The Turkish General Directorate of State Airports
(TGDSA), as a state-owned enterprise, regulates and controls
the management of airports and the Turkish airspace in Turkey.
TGDSA also handles public-private  partnerships via
build-operate-transfer (BOT) contracts.

Given its strategic nature, the efficiency of the airports is of
paramount importance in Turkey, like in other countries. Ac-
cording to the World Airport Traffic Report, 2019, the global air
passenger transport industry has recorded an average growth rate
of 6.4 percent in 2018. Airports could handle 7.2 billion passen-
gers and more than 122 million tons of air cargo, while Turkey
has recorded 8.8 percent growth, carrying 210 million passengers
and 1.4 million tons of air cargo [4]. Additionally, according to
the United Nations World Tourism Organization 2019, Turkey is
ranked sixth in the international tourist arrivals with 52 million
tourists and USD 34.5 billion in revenues in 2019. Hence, it is
vital to execute the right policies to increase airports’ efficiency
to keep this growth rate sustainable.

Several studies are held on airport efficiency covering oper-
ational, technical, scale dimensions and employing hybrid mul-
ticriteria decision-making techniques [5-12]. Among many, pas-
senger boarding capacity, low-cost regional airline routes, air-
line traffic management, detection of the best alternative sec-
ondary runaway, maintenance planning, infrastructure manage-
ment, uncertainty management, scale, optimization for airport
gate assignment are some of the aspects used for measuring
efficiency.

Additionally, several techniques measure the efficiency scores
of airports in related literature. Data Envelopment Analysis (DEA)
and related hybrid models are the most prominent ones. They
measure the efficiency levels of airports by using different input-
and output measures [1,13-16]. Furthermore, recent works em-
ploy a two-step procedure for measuring airport efficiency. In the
first step, the DEA method is employed to evaluate the efficiency
of each airport. In the second step, regression analysis is used
to identify the aspects that influence airport efficiency [17,18].
Similarly, the performance of the Turkish airports can be asso-
ciated with specific determinants, such as tourism potential, the
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population residing in the vicinity of the airports, which will be
questioned in the present study as well.

However, an overview of the relevant studies reveals some
shortcomings on the DEA method to be carefully addressed. More
precisely, the initial stage of DEA is to select proper inputs and
outputs that are assumed representative for the performance of
Decision-Making Units (DMUs). Thus, the soundness of findings
relies on the chosen criteria measuring the operational efficiency
of airports. Given the multitude of efficiency measures used in
the extant literature, there is no unique set of factors upon
which researchers agree [17-21]. In DEA-based applications, the
common practice is to select the factors based on the frequency
of use in the literature, availability of data, and subjective pref-
erences of stakeholders. Obviously, this requires using a more
systematic approach that considers the subjective evaluations
on the relevance of the performance measures [22]. For that
reason, the present study hybridizes Spherical Fuzzy Sets based
Analytic Hierarchy Process (SFS-AHP) with DEA to handle the
highly subjective essence of the selection task.

Another drawback of DEA-based studies on airport perfor-
mance is that they usually neglect the effect of the outliers on the
performance scores [17,19,20,23-26], which may be reportedly a
crucial complementary part of DEA-based efficiency analysis [27].
The single exception that we determine is a recent study [28],
where efficiency scores were reported without outliers. Remark-
ably, outlier detection requires a careful approach that can cluster
extreme DMUs given the multidimensionality (multiple inputs
and outputs) of the problem domain. To this end, the present
study uses a machine learning based clustering technique, Self
Organizing Map (SOM) [29].

Studies on the Turkish airports are very scarce [3,23,25,28].
These studies can be improved in terms of the above-mentioned
shortcomings of DEA-based efficiency analysis on airports. With
this motivation, the present study investigates the efficiency
of the Turkish airports by using an integrated Spherical Fuzzy
AHP/DEA technique throughout 2015-2018. To identify the de-
terminants of efficiency, the Tobit regression model is employed
to evaluate the impact of different attributes that lead to airport
efficiency.

The study contributes to three aspects of the relationship
between operational efficiency and airport management strategy.
First, we selected DEA input- and output-factors using a novel
variant of AHP, SFS-AHP, that provides an appropriate approach
to overcome the disadvantages of deterministic AHP. In this way,
subjective opinions of different stakeholder groups could be com-
bined, and the most proper efficiency measures may be em-
ployed for DEA. Second, we conducted an outlier analysis by
utilizing SOM to examine the effect of outlier airports on the
efficiency scores obtained by DEA, which is uniquely embedded
in an efficiency analysis study on airports. Finally, a posthoc
analysis has been held by employing a Tobit regression model
to examine the relationship between airports efficiency and the
potential explanatory variables i.e., tourism potential, number of
international flights, distance to the city center, population, pub-
lic/private ownership, and age of airport that have been scarcely
addressed in the prior studies.

This paper is organized as follows. Section 2 provides a com-
prehensive review of the extant literature. Section 3 elaborates
the suggested methodology and the variables of interest for the
analysis, while Section 4 presents the empirical results and pro-
vides a detailed discussion. Finally, Section 5 concludes the work
and offers possible research areas for new studies.
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2. Literature review

In recent years, numerous studies have focused on assessing
the efficiency of airports drawing attention to their increasing
role in sustainable development from different angles [2,28,30-
33]. The topic has gained significant importance with the rapid
growth of the air transport industry in developing countries.
Many of these studies highlight that higher operational efficiency
significantly improves overall airport efficiency and increases
their financial performance [33-35].

A study [36] measured the efficiency of 40 Spanish airports
and showed that the capacity has a vital role. [37] used DEA to
analyze 35 Brazilian airports to evaluate efficiency. A similar DEA
approach was adopted by [21] to measure the relative efficiency
of Japanese airports and specifically addressed the issue of over-
investment. [26] also employed DEA and truncated bootstrapped
regression to identify significant factors affecting the efficiency
scores of Greek airports obtained with DEA. The study highlighted
location, size, and operating characteristics as vital determinants
of efficiency. In the Chinese context, [20] investigated the ef-
ficiency of 41 airports. The study used the double bootstrap
DEA method and indicated that airports located next to large
cities are more efficient than regional airports. Another study
addressing Chinese airports was conducted in [38], which eval-
uated 20 major Chinese airports between 2006 and 2009. Similar
to the previous research, they concluded that the international
airports performed significantly better than the regional airports.
A novel approach was proposed in [39] that combined AHP, DEA,
and Assurance Region (AR) to assess 24 international airports.
They claimed that the DEA-AR combination demonstrated higher
discriminatory power than classical DEA. A recent study on the
efficiency of Italian airports for a 10-year time period starting
from 2006 to 2016 has provided additional insights on the de-
terminants of technical and scale efficiency scores obtained with
DEA [19]. The authors reported that airport size, presence of
low-cost carriers, and cargo traffic are vital factors. Ennen and Ba-
tool [40] examined the efficiency of 12 major airports in Pakistan
by using DEA for the year 2012 and indicated that overstaffing
and overinvestment on capacity caused cost inefficiencies at sev-
eral airports. Olariaga and Moreno [41] analyzed airport efficiency
in Colombia for 2012-2017, revealing that major airports oper-
ated by the private sector had higher efficiency. Stichhauerova
and Pelloneova [42] assessed the efficiency of 27 German airports
for the year 2016 by employing DEA-CCR (Charnes, Cooper, and
Rhodes) and BCC (Banker, Charnes, and Cooper) models [43].
They identified that 13 airports performed technically efficiently
by employing the best practices. Ngo and Tsui [18] engaged
DEA-Window analysis relying on slack-based measures for evalu-
ating 11 New Zealand airports. The authors showed that tourism,
airport privatization, regional economic development, airport’s
domestic networks, and low-cost carrier services positively affect
the efficiency scores. Huynh et al. [33] investigated the effi-
ciency of the Southeast Asia airports by a two-stage approach
covering DEA-SBM, and Tobit regression and reported that the
decentralizing authority tends to increase efficiency. In a similar
study, Liu analyzed East Asian airports by using Network DEA and
concluded that airport efficiency was positively influenced by the
number of airlines served and destinations [44].

Recent studies aiming to identify the determinants of effi-
ciency from different perspectives have gained new ground. The
effect of logistic channels and the intermodality of the transport
system was evaluated in [31], where the authors report that every
1% increase in Logistic Performance Index leads to an efficiency
improvement of 0.15%, and a High-Speed Rail network serving the
airport contributes strikingly to the efficiency scores of airports.
The relationship between the ownership, human capital, and
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the efficiency scores of 12 Polish airports was studied in [30],
confirming the relevance of managerial experience gained in
the same airport. The authors used time-variant stochastic fron-
tier analysis. Identifying the operational drivers of efficiency is
another focal point in recent research. [45] calculated the infras-
tructure and flight consolidation efficiency of major international
airports using DEA. The efficiency drivers were then extracted
with quantitative analysis on well-performing airports in the pre-
vious stage. The study in [32] addressed the sustainable efficiency
of major Euroasian airports considering desirable and undesirable
outputs using a novel fuzzy double-frontier network DEA. The
results confirm the positive impact of private participation.

When it comes to the efficiency analysis on Turkish airports,
the topic has received a relatively high level of attention since
the 2010s. Although few studies shed light on Turkish airports’
efficiency based on data before 2012 [3,23,46], they are not quite
relevant to the current situation of airports in Turkey, as the air-
port infrastructure were substantially expanded in 2011 with vast
investments in the airport infrastructure. Hence, the numbers
and capacities of the airports were remarkably increased [25].
Thus, we report only those DEA studies conducted with the data
after that year. [25] analyzed the operational performance of 21
Turkish airports for the years 2009-2014 using the Malmquist
productivity index, indicating that the operating hours and in-
ternational traffic were the factors explaining variations in effi-
ciency. This study is also remarkable because it benchmarks the
efficiency scores before and after the expansion policy. Keskin
and Koéksal [46] compared the efficiency of publicly and privately
operated airports in Turkey by DEA and AR methods. The study
revealed that 14 airports were efficient according to the DEA-BCC
and DEA-CCR methods. In contrast, the private sector operated
only two efficient airports, and none of the publicly operated
airports was efficient according to the AR method. Recently, [28]
explored the operational efficiency of 43 Turkish airports for the
year 2013 and found that airport efficiency is influenced by the
ability of the airports to use their resources more efficiently than
external factors.

Overall, these studies provide important insights for airports’
performance evaluation based on a wide variety of input and
output measures. Accordingly, one may note that there is no
single set of criteria due to the subjective nature of the data
selection and preparation stage. Thus, a systematic approach that
can handle subjectivity, SFS-AHP, as suggested by the present
study, is of great help. In addition, the studies presented in this
section provide evidence that the outlier analysis did not get
the attention it deserved. Here, we employ a machine learning
approach, SOM, which can cluster airports on a multidimensional
problem domain.

3. Data and methodology

Considering the studies presented in the previous section, DEA
is the most commonly used method for measuring efficiencies of
airports, while some hybrid techniques were proposed to remedy
the drawbacks of DEA. In a similar vein, this study employs
a hybrid methodology. In classical DEA studies, the process of
determining inputs and outputs is generally executed subjectively
by considering the most frequently used factors in the litera-
ture. However, this approach has been subject to criticism [22].
Another weak point of the previous DEA studies is that they
measure the efficiency of airports without considering outliers.
However, extremely large decision-making units may seriously
affect efficiency scores [27,47,48]. Since the airports with extreme
values cannot be detected by considering a single dimension due
to the nature of DEA, SOM is used to cluster multidimensional
data [29,49] successfully.



M.K. Yilmaz, A.O. Kusakci, M. Aksoy et al.

Applied Soft Computing 119 (2022) 108620

Fig. 1. The conceptual framework.

Considering the aforesaid points, a four-stage approach is fol-
lowed in this study. In the first stage of data preparation, the
inputs and outputs used to measure the performance of airports
will be determined based on the literature survey. Then, the
relative importance of the factors will be measured with the fuzzy
spherical AHP method, which was evaluated by seven experts in
the field of airport management. The top-scored factors will be
shortlisted for DEA. In the second stage, the selected inputs and
outputs will be used to evaluate the performance of the airports
in Turkey for the years 2015-2018. In the third stage, we examine
how much the DEA performance scores are affected by extreme
values. For this purpose, SOM, a multidimensional clustering and
outlier detection algorithm, will be employed. Different alterna-
tives will be evaluated to determine the correct SOM architecture
by considering Dunn’s cluster validity index [49,50]. With the
optimal SOM topology, outlier DMUs will be detected and sep-
arated. DEA performed in the previous stage will be repeated
to answer whether there is any significant difference between
the scores. Finally, during the posthoc analysis stage (stage four),
the association between the efficiency scores and some potential
attributes that are expected to impact the performance of the
airports will be examined. The methodological framework is dis-
played in Fig. 1. Obviously, airports have better control over the
outputs due to the fact the input factors, such as terminal utilities,
runway, and terminal capacities, are usually determined by the
public authorities. Thus, we assume input factors as given and
use the output-oriented DEA. Throughout our work, we used MS
Excel for storing and editing data for other platforms, DEAP [51]
and IBM SPSS v25. MS Excel was employed for data preparation
and SF-AHP weights. The scores of DEA were calculated with
DEAP [51], while MATLAB and IBM SPSS v25 were used for outlier
detection and posthoc analysis, respectively.

3.1. Spherical Fuzzy sets: Preliminaries

The deterministic AHP method is criticized for its incapability
to handle uncertainty in human judgments [52]. In this study, we
used a novel variant of AHP, spherical fuzzy sets (SFS), based on
the AHP method that offers an appropriate approach to overcome
the disadvantages of AHP, the lack of capturing indeterminacy of
information. SFS defines a membership function on a spherical
surface, which enables assigning the parameters of the member-
ship function on a larger domain independently for various types
of uncertainty [53,54]. In SFS, the squared sum of membership,
non-membership, and hesitancy parameters can be between zero
and one. Furthermore, each can be projected independently to a
domain to satisfy that their squared sum is at most equal to one.

The following section presents the preliminaries on SFSs. The
reader may refer to [54] for more details on SFSs.

Definition 1. SFS, Z\S, of the universe of discourse U is defined by
the following expression;

uA~S:U—>[0,1],vAS:U—> [O,l],nAS:U—> [0, 1]
and

0<ui W+v; W+ w<1 (uel)

As = {(u’ (u;\s (u) ’ vAs (u) ’ jTAS (u))) |u € U} :

The values, uz, (W), vz, (W, and m;, (u) are the degree of
membership, non-membership, and hesitancy of u to As, respec-

tively.

Definition 2. The basic operations on SFSs are defined as follows:

Addition:

1 B 2 2 02 .2
As @ B = [ uAs +u§s uAs.uBS, V4, Vg, s

2 2 2 2 2 2
\/(<1 — ués) T[As + (l — uAs) nBs — nA{”l%)]

Multiplication:

R P
2 2 2 2 2 2

\/(<1 - v1§5> T+ (1 - UAS) T n;‘s.nés)}
Multiplication by a scalar:

~ X
xA; = 1—(1_u2),

As
X 2 X 2 2 X
Vi (1 — uAS) — (1 —ug — JTAS)

x Power of A;:

A=l 1—(1—u2)x (1—v2)x—(1—v2—ﬂz>x
s =1 i) N 5 T T
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Table 1
Linguistic scale and its Score Index and its corresponding SF Sets.
Score Index (SI) (u, v, )

Absolutely more importance(AMI) 9 (0.9,0.1,0.0)
Very high importance (VHI) 7 (0.8,0.2,0.1)
High importance (HI) 5 (0.7,0.3,0.2)
Slightly more importance (SMI) 3 (0.6,0.4,0.3)
Equally importance (EI) 1 (0.5,0.4,0.4)
Slightly low importance (SLI) 1/3 (0.4,0.6,0.3)
Low importance (LI) 1/5 (0.3,0.7,0.2)
Very low importance (VLI) 1/7 (0.2,0.8,0.1)
Absolutely low importance (ALI) 1/9 (0.1,0.9,0.0)

Union

A;UB, = { max(u;,, ug,),
min(u;, v, ), min (1 ((max (i, )’
+ (min (v, v,;s))z) . max(ms , 75, ))}
Intersection:
As N By = {min(uy_, uz,), max(vs_.vg,).
min (1 - ((min (uz,. UBS))Z + (max (v, UBS))Z) ;
min(r;_, 7)) }

Definition 3. Spherical Weighted Arithmetic Mean (SWAM) with
respect to, w = (w1, wo, ..., w,) and Z?:] w; = 1, is defined as
follows:

SWAMw(Aslv ASZs ceee Asn) = wl;‘sl + U)ZASZ +--+ wnAsn

n

n
= — — U~ 1_[U~
( Asi) ’ Asi’

i=1

i=1

n n
wi wi
2 2 2
l_[(l—u,;;,.) _1‘[(1_%_%)

i=1 i=1

To determine the weights of performance criteria, SFS-AHP com-
prises four steps defined based on the definitions given above.

Step 1: Construct the hierarchical structure, that is, to define
the candidate inputs and outputs for the efficiency evaluation of
airports.

Step 2. Given the linguistic terms given in Table 1, construct a
pairwise comparisons matrix (Giindogdu and Kahraman, 2019).
Then, Eqgs. (1) and (2) are used to obtain the score indices (SI) in
Table 1.

For AMI, VHI, HI, SMI, and EI

st= 100 x (w5, —75)" ~ (5, ~ 7)) o
whereas for reciprocal indices;

SITt = ! (2)

\/‘100 X ((u;‘S — ”As)z — (v;,s - 71;‘5)2)‘

Step 3. Estimate the main and sub-criteria’s spherical fuzzy global
and local weights, respectively. This is done with SWAM in Def-
inition III. Finally, the weighted arithmetic mean needs to be
computed for the spherical fuzzy weights.
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3.2. Evaluation of airport efficiencies with DEA

Before applying DEA, a survey for FSF-AHP was sent to the
experts on airport management by e-mail to select the most
proper inputs and outputs. We sent ten questionnaires and re-
ceived seven of them, a response rate of 70%. We use DEA model
based on the selected input and output measures.

DEA is a technique introduced in [55] to measure the relative
efficiency of DMUs. In DEA, input and output factors are used to
construct a production frontier for a set of comparable DMUs,
which defines a relative efficiency benchmark for the target DMU
based on the distance. This study utilizes the DEA-BCC model
as it allows distinguishing technical and scaling inefficiencies.
DEA provides the following advantages: Firstly, it assigns a score
to each DMU and enables the analyst to build a solid ranking.
Secondly, it provides a recipe for inefficient REITs by outlining
how the efficiency of a certain DMU improved with a marginal
change in the input or output domains.

According to the conventional DEA, the efficiency of a DMU
can be evaluated from two angles: input-oriented and output-
oriented DEA. The first one assumes the control of the man-
agement is on the inputs, whereas the latter indicates that the
performance of a DMU is mainly manipulated by the output
factors. To conduct the efficiency analysis on the airports, we
used the output-oriented DEA-BCC model [43] because the air-
port managements have more control over the outputs than the
inputs as the input production factors are usually determined
by policymakers and the public authorities rather than airport
operators.

DEA solves a linear programming problem for each DMU under
consideration so that an efficiency score can be assigned to it.

Given n DMUs, each being evaluated with r inputs and s
outputs. The data for evaluation is given as X, a rxn matrix of
input factors, and Y, a sxn matrix of output factors. For the
gth DMU, the inputs and outputs are defined with two vectors,
x4, and y,, respectively. The efficiency score of each DMU is
calculated by maximizing the ratio of outputs to inputs under
the assumption all DMUs build an envelope. However, the initial
form of the problem is not linear. A dual linear equivalent of the
problem is formulated to overcome this burden. To obtain the
efficiency score 6, for DMUj, the following output-oriented dual
linear programming problem is solved [51] (see Eqs. (3)-(7)):

max b, (3)
St. — 6y —YA >0 (4)
Xq— XA >0 (5)
B'A =1 (6)
L>0 (7)
where 1 < 6; < oo is a scalar to be determined, A = [A, ..., An]

is an n-dimensional vector of dual variables, and B is an n-
dimensional vector of ones. That is, Eq. (6) implies that the sum
of the elements of the vector, A, is equal to one. The problem
with Eq. (6) is called variable return to scale formulation of DEA,
whereas the formulation without Eq. (6) is for constant return to
scale and assumes DMUs are operating at optimal scale [51]. Note
that 1/6, gives a technical efficiency score between zero and one,
which will be also reported in this paper.

3.3. Self Organizing Maps (SOM)

SOMs are a special type of artificial neural network used
for data clustering and representation [29,56]. The method has
been preferred as an unsupervised machine learning technique
for the complex dimensional presentation of a dataset in hybrid



M.K. Yilmaz, A.O. Kusakci, M. Aksoy et al.

Input Layer

Fig. 2. A standard SOM layout.

decision-making problems. By employing this technique, it will
be possible to visualize the high-dimensional data to observe
engineering problems [29,57]. A SOM consists of an input layer
and a two-dimensional Kohonen layer. The nodes in the input
layer are the input data variables (or properties), while the nodes
in the output layer represent clusters.

Unlike other artificial neural networks, in Kohonen networks,
the alignment of neurons in the output layer is quite important.
Assuming that there is m number of variables and n number of
nodes (clusters), the distance of each pair of nodes is calculated.
SOM can reduce a multidimensional dataset into two dimen-
sions. This allows the entire data set to be quickly evaluated by
decision-makers. In the training process of SOM, neurons com-
pete with each other. At the end of the training process, similar
samples containing same/similar patterns will be represented in
the same neurons (see Fig. 2).

Different cluster validity indices are used to evaluate the suit-
ability of the cluster divisions obtained by SOM. The Dunn index
(DI) is only one of these [58]. The main objective of DI is to obtain
the best topology that provides the largest ratio between the
smallest inter-cluster distance and the largest in-cluster distance.
The topology with the largest DI will give the best clustering
(Eq. (8)). We will compare various clustering topologies using DI.
DI = min {min' { d (Ci’ Cj)

1<i<nli<j<n r1n§wl‘<§n {d/ (Ck)}

Even though it is a practical and widely used technique in
engineering problems, few studies employ the SOM in the avi-
ation industry [59,60]. Therefore, this study will also significantly
contribute to the related literature of the aviation industry by
utilizing the SOM technique to examine the effect of outlier
airports on the efficiency scores.

Kumar’s study on SOM neural networks for air space sector-
ing demonstrated that the computation of automatic balanced
sectoring of airspace increases air traffic control capacity in high-
density traffic airspace [59]. Chen and colleagues developed a
reliability prediction model of aircraft using SOM technique to
help proactively diagnose spare parts faults with a sufficient
lead time. This method aims to prevent actual system failures
with timely scheduled preventive maintenance while reducing
the downtime cost [60].

Furthermore, there is no significant study that blends SOM
and AHP techniques in the aviation industry except Zhao and

Boi# ] (8)
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Chen'’s study [61]. Their study hybridized both techniques for data
analytics in the aviation industry to demonstrate how SOM and
AHP techniques accurately and effectively classify and evaluate
the competitiveness of airlines and the efficient allocation of
traffic rights resources [61].

4. Empirical findings
4.1. Results of spherical fuzzy AHP and sample selection

Our sample covers 46 Turkish airports for the period of 2015-
2018. Out of 46 airports, the private sector operates seven of
them, while the public sector operates the remaining ones. We
had to exclude the recently built airports as no data is available.
The list of the airports is given in the Appendix (see Table A.1).

After the sample selection, we conducted the variable selec-
tion procedure. We drew the most frequently used performance
measures based on the extensive literature review. Nine inputs
and four outputs were taken into consideration to be evaluated
with the SFS-AHP method, which is a mix of capacity, financial,
and service measures. The problem hierarchy is depicted in Fig. 3.
Based on the subjective evaluations collected from seven experts
in airport management. If the consistency index is less than 0.10
for the pairwise comparison matrix obtained from the experts,
then this questionnaire was considered acceptable. Then, we cal-
culated normalized SFS-based weights for the inputs and outputs.
The fuzzy values are then defuzzified, and the items were ranked
in decreasing order based on the relevance scores. Figs. 4 and 5
depict the defuzzified relevance scores of the candidate inputs
and outputs. Accordingly, we used terminal capacity in square
meters (0.1427), runway capacity (length of the runway) in meters
(0.1358), and total expenditures (in TL) (0.1270) as inputs, while the
number of passengers (0.2782), total revenues (0.2718), and cargo
volume (0.2598) are selected as outputs. The data set covers both
domestic and international traffic.

The size of runways and terminals shapes the handling capac-
ities of airports. Runway capacity is important in airport infras-
tructure and makes it possible for different sizes of aircraft to
land. Some Turkish airports, particularly in smaller cities, have
short runways, making it impossible for larger aircraft to land.
Terminal size reflects the number of passengers that could be
annually handled, which can be linked to the quality of services
and satisfaction of the passengers. Finally, we used a more generic
input factor, total expenditures. Some other recent studies have
also recognized the selected candidate variables [62-65].

We used the number of passengers as the first output. It reflects
the volume of operations and hence, the actual use of airport in-
frastructure. We did not use the number of aircraft movements as
an output since it is a similar performance indicator. Airport total
revenues was the second output. For this output, we did not differ-
entiate between aeronautical revenues, i.e., passenger fees, land-
ing and parking fees, and non-aeronautical revenues, i.e., rents,
car parking, and other services, since both types can effectively
be manipulated by airport management. The third output is the
cargo volume reflecting another significant revenue-generating
activity of the airports. The literature has also emphasized the
importance of the selected outputs [19,26,28,39].

To measure airport efficiency, we used TGDSA as the primary
data source. We collected the data for the input and output
variables from TGDSA annual reports, whereas the data on the
explanatory variables, i.e., tourist traffic and population, were
obtained from annual reports published by the Turkish Statistical
Institute. Table 2 summarizes the descriptive statistics of the in-
put and output variables over the evaluation period (2015-2018).
We also applied a Spearman rank-order correlation analysis to
find out the relationships between the inputs and outputs. Table 3
presents the results. All the correlation coefficients are positive,
meaning that an output does not decrease with an increased
input.
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Table 2
The summary of descriptive statistics.
Outputs Inputs
Number of Cargo traffic Total revenues Runways Terminal Total expenditures
passengers (tons) (k TRY) (m?) size (m?) (k TRY)
Min 20,876 0 30 90,000 380 4,253
Max 68,346,784 1,281,186 3,454,705 440,550 135,634 679,213
Mean 4,186,967 24,740 110,224 168,068 16,631 57,982
SD 10,905,003 147,046 388,029 80,984 29,414 87,378
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Table 3
Correlation matrix.

Input variables

Output variables

Number of Cargo traffic Total
passengers (tons) revenues
(k TRY)
Runways (m?) 0.663** 0.477** 0.655™*
Terminal size (m?) 0.896** 0.630 0.750**
Total expenditures (k TRY) 0.865** 0.675** 0.871**

**Correlation is significant at the 0.01 level (2-tailed).

4.2. Efficiency analysis with DEA

Table 4 reports the average efficiency scores of the selected
airports for each year, while Fig. 6 gives the mean Technical Ef-
ficiency (TE), Pure Technical Efficiency (PTE), and Scale Efficiency
(SE) scores for the entire sample. The results in Table 4 show that
most of the airports in the sample have not performed well from
2015 to 2018, particularly in 2016, with an annual average TE and
PTE scores of 0.328 and 0.461, respectively. These results indicate
that the CRS-frontier envelops 93.5% of Turkish airports and, thus,
they are subject to varying degrees of inefficiency. This finding is
in line with the results of [25,28]. One explanation may be related
to the poor management of the available resources by the airport
managers during this interval. Although Turkish airports have
expanded and have been equipped with modern equipment and
services, airport managers have not shown the required ability to
use these resources and implement appropriate policies to handle
operational and structural changes.

Overall, SE scores suggest that 93.5% of the airports should
spend considerable efforts to refine their operations by imple-
menting managerial and structural changes to reduce input fac-
tors for the majority of the airports. Furthermore, DEA findings
indicate that the selected Turkish airports have been operated
at about 67.2% below their optimal efficiencies under the con-
stant returns to scale (CRS) assumption, that is, they operate
in the optimal scale. Considering PTE values, 18.5% of the air-
ports are operating on the efficient frontier. PTE and SE scores

show that reported inefficiencies may be primarily attributed
to the operational practices (overall mean PTE = 0.490), while
economies/diseconomies of scale issue (overall mean SE = 0.709)
is less important.

Table A.1in the Appendix displays the individual PTE scores of
the airports for the period of 2015-2018. It is apparent that very
few airports enjoy operational efficiency; Istanbul Atatiirk, Istan-
bul Sabiha Gokcen, Adana, Amasya Merzifon, Kahramanmaras,
Sinop, and Usak are the efficient airports, whereas Bursa Yenise-
hir, Bali kesir Kocaseyit, Erzincan, Tekirdag Corlu, and Denizli
Cardak are the five least efficient DMUs in the sample. Most effi-
cient airports are usually characterized by the comparatively low
capacity of infrastructural facilities that allows them efficient uti-
lization of the resources and high international traffic. However,
some of these findings contradict the results in [28]. For example,
they reported only Istanbul Atatiirk and Bingdél airports as being
efficient ones, while the five least efficient airports were listed
as Ankara Esenboga, Adana, Izmir, Erzurum, and Bursa Yenisehir
based on the PTE scores [28]. This somewhat contradictory result
may be due to the different time-period and different set of
factors they used: labor and total expenditures as inputs and total
revenues as output.

When we decompose TE scores into PTE and SE values, it
seems that the industry would have increased its average effi-
ciency if the airports had operated at an optimal scale. However,
despite the relatively high SE score, an average of 93.5% of Turkish
airports practice inconvenient policies regarding the scale and
still have some improvement opportunities to explore. A closer
look at Table 4 and Fig. 7 reveals that most of the airports (over-
all mean 90.8%) are subject to increasing returns to scale (IRS)
condition, that is, the scale inefficient airports may increase their
outputs more than double if the input factors double. Namely,
an expansion on the infrastructure of the airports may lead to
an efficiency increase. Likewise, [28] reported a similar condition
based on the SE scores of the Turkish airports in 2013.

On the other hand, decreasing returns to scale (DRS) condition
appeared only once for Antalya airport, which seems to be slightly
too big to be scale efficient with an average SE of 0.945 over the
entire period. In addition, the airport operates close to the effi-
cient frontier with an average PTE score of 0.846. The SE results
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Table 4

Summary of efficiency analysis on the Turkish airports.
Year TE mean PTE 1ean SE mean % of TE % of PTE % of SE % of irs % of drs % of crs

efficient DMUs efficient DMUs efficient DMUs

2015 0.351 0.551 0.696 6.5% 21.7% 6.5% 87.0% 6.5% 6.5%
2016 0.306 0.461 0.697 6.5% 17.4% 6.5% 93.5% 0.0% 6.5%
2017 0.314 0.457 0.721 6.5% 17.4% 6.5% 91.3% 2.2% 6.5%
2018 0.341 0.492 0.721 6.5% 17.4% 6.5% 91.3% 2.2% 6.5%
Mean 0.328 0.490 0.709 6.5% 18.5% 6.5% 90.8% 2.7% 6.5%

also show that the efficiency of Turkish airports may be increased
by marching towards the optimum scale, while improvements in
the utilization of resources must be another focal point.

On temporal dimension, we observe a fairly stable and station-
ary series with limited fluctuations from 2015 to 2018. However,
what is striking in Fig. 6 is the considerably lower average effi-
ciency of the airports during the year 2016. This can be associated
with the condemned terror attack in Istanbul Ataturk Airport and
the military coup attempt, which took place in June 2016, and July
2016, respectively. These two grievous events caused devastating
consequences on Turkish tourism, which, in turn, hampered the
civil aviation sector. As a result, in 2016, international visitors
were slightly above 25 million, representing a sharp decline by
30% compared to 2015.

Fig. 8 illustrates the distribution of individual performance
scores for each year. The left-skewed bell shapes indicate a low
number of efficient airports, confirming that a non-negligible
portion of DMUs demonstrates poor performance, achieving effi-
ciency scores of 0.5 and below. A mapping in Fig. 9 visualizes the
efficiency scores of the individual airports, which confirms that
efficiency scores are evenly distributed over the entire country.
Thus, the scores may not be associated with regional differences.

4.3. Clustering with SOM and the outlier effect

The use of DEA may lead to problems in the presence of
outliers. The outliers may negatively influence the efficiency
scores [66]. Therefore, after performing the primary analysis, we
ran an outlier analysis to observe the effect of outliers on the
efficiency scores as the latter may be extremely sensitive to the
outliers [67]. In this context, we make evaluations by eliminating
exceptionally large airports. To do this, we used three indicators,
cargo traffic (in ton), number of passengers, and number of
flights, which reflect the operational scale of the selected sample
airports. We aim to detect and separate outlier DMUs with the
optimal SOM topology.

We used SOM and evaluated various SOM topologies. To clus-
ter 46 airports, it is expected that the optimal number of clusters
will be between 4 (46 * 10% is rounded down to the next integer)
and 7 (square root of 46 is rounded up to the next integer) [68].
For this purpose, all two-dimensional topologies have been inves-
tigated with cluster numbers between four and seven, namely,
1 x41x51x61x 7,2 x 2,and 3 x 2. Fig. 10(a)
shows the DI values for different topologies. Accordingly, the best
clustering topology is selected as 2 x 2 led to four clusters.

The outlier analysis flagged five outliers in the data set: Is-
tanbul Atatiirk, Istanbul Sabiha Gokcen, Esenboga Airport, Izmir
Adnan Menderes Adana Airport, while the remaining 41 airports
are placed in a separate cluster (Fig. 10(b)). Fig. 11 illustrates
the clustering of 46 airports based on three indicators, i.e., the
total number of commercial flights, total number of passengers,
and cargo traffic in the outlier analysis, over the entire evaluation
period. Therefore, Fig. 10 confirms the SOM clustering.

We re-ran the DEA-BBC model for 41 airports after eliminating
the identified outliers. The new analysis yielded remarkably dif-
ferent results, as shown in Table 5. When we remove the outliers

from the sample, the number of efficient airports increases, cover-
ing 21% of the sample. However, we still observe a decrease in the
percentage of efficient airports from 2015 to 2017. As observed in
the original sample, most of the new sample (92.7%) also suffers
from IRS condition. Fig. 12 compares the percentage of pure tech-
nically efficient airports with and without the outliers where a
slight increase is observable. Thus, we can conclude that the effect
of the outliers on the efficiency scores remained limited. Hence,
we employed the efficiency scores obtained without eliminating
the outliers for the posthoc analysis.

4.4. Post-Hoc analysis: Tobit regression

We conducted a second-stage regression analysis to explain
the previous DEA efficiency scores. Following [69], we run the
Tobit regression model. Then, drawing on the earlier studies and
data availability, we regressed the DEA efficiency scores on six ex-
planatory variables: number of tourists, number of international
flights, distance to the city center, city population, age of the
airport, and operator type (public/private).

The cross-firm u; (random effect) and time (unique effect) er-
rors v;; are controlled in the panel data set by using the following
random-effects Tobit regression model:

yit = & + B1TOURISTS;; + BoINTFLIGHTS;; + B3DISTANCE;,
+ B4POPULATIONi;; 4+ BsAGE;: + BsPUBLIC_PRIVATE;: + vir + u;

where y;; is the efficiency score (for either TE, PTE, or SE) of
the airport i in the relevant year t, TOURISTS;; represents the
number of tourists, INTFLIGHTS;; represents the number of in-
ternational flights, DISTANCE;; represents the distance to the city
center, POPULATION;; represents the population of the city, AGE;;
represents the age of the airport and PUBLIC_PRIVATE; is the
operator type (public/private). The impact of the private sector in-
volvement is examined by including a dummy variable in the re-
gression, which takes the value of one when an airport has private
involvement and zero otherwise. TOURISTS, INTFLIGHTS, DIS-
TANCE, and POPULATION variables were normalized/scaled using
natural logarithms. The descriptive statistics are summarized in
Table 6.

Tobit panel data model investigates the statistical relationship
between efficiency scores and explanatory variables. The random-
effects Tobit panel data model results are presented in Table 7.
The results show the significance and magnitude of the impact of
explanatory variables on the efficiency scores.

The most significant explanatory variables affecting PTE and
TE are TOURISTS and DISTANCE. The POPULATION and AGE sig-
nificantly affect TE and SE, but no significant impact on PTE. The
results in Table 7 show that most of the variation comes from
the between-system variation (ou), which is not unexpected.
Most of the explanatory variables have not changed much over
time. A random-effect Tobit model captures this between-system
variation well and validates its use in this context.

Tobit regression model delivers positive and statistically sig-
nificant results for the number of tourists. The results suggest
that the airports located in high-density touristic areas are ex-
pected to achieve higher efficiency levels than areas with less



M.K. Yilmaz, A.O. Kusakci, M. Aksoy et al. Applied Soft Computing 119 (2022) 108620

TE PTE SE

10
sl
ol
7

0 i

— 5-

1=

Q .
3
2l
1
0
%
10
oL
ol
.

o~ T

— st

(=

IS -
3
J
1
0
-0.

©

—

o

Q

%)

—

=)

Q

0.75-1

W 05-075

0 025-05
@ 0-025 Created with paintmaps.com

Fig. 9. Mapping of the average efficiency scores for Turkish airports.

10



M.K. Yilmaz, A.O. Kusakci, M. Aksoy et al.

Applied Soft Computing 119 (2022) 108620

a) b)
1.4
ISL iAY‘ﬁ’
1.2
1
0.8
0.6
0.4
0.2
0 . | ] |
1x4 1x5 1x6 1x7 2x2 3x2
Fig. 10. (a) DI values for candidate topologies, (b) Clustering topology of 46 airports.
% 10°
T T T T T T
10 ISL
9l i
8 = -
7k - Number of flights
=
2 61 T
b 367765
% L 41 Airports o
[=]
j=a}
a I ] .
< ESB, ADB
3 N . 1235
Pas 4
Al /'] SAW, AYT |
or | «@l® T
L 1 1 1 1 1
o~—" 1 2 3 4 5 6
Number of passengers w107
Fig. 11. Bubble chart representation of outlying airports.
mean
2018
2017
0.0% 5.0% 10.0% 15.0% 20.0% 25.0% 30.0%

% of PTE efficient firms

B % of PTE efficient firms without outlier

Fig. 12. Comparison of the percentage of pure technical efficient airports with and without the outliers.

11



M.K. Yilmaz, A.O. Kusakci, M. Aksoy et al.

Applied Soft Computing 119 (2022) 108620

Table 5
Summary of efficiency analysis on the Turkish airports without the outliers.

Year TE mean PTE 1ean SE mean % of TE % of PTE % of SE % irs without % drs without % crs
without without without efficient firms efficient firms efficient firms outliers outliers without
outliers outliers outliers without without without outliers

outliers outliers outliers

2015 0.364 0.598 0.679 4.9% 24.4% 4.9% 92.7% 2.4% 4.9%

2016 0.331 0.532 0.650 4.9% 19.5% 4.9% 92.7% 2.4% 4.9%

2017 0.355 0.545 0.670 4.9% 19.5% 4.9% 92.7% 2.4% 4.9%

2018 0.383 0.575 0.685 4.9% 22.0% 4.9% 92.7% 2.4% 4.9%

Mean 0.358 0.563 0.671 4.9% 21.3% 4.9% 92.7% 2.4% 4.9%

Table 6

Descriptive statistics for the explanatory variables in the Tobit model

(2015-2018).

Explanatory Obs. Mean Std. Dev. Min Max
variable

PTE 184 0.490 0.316 0.053 1.000
TE 184 0.328 0.261 0.021 1.000
SE 184 0.709 0.259 0.021 1.000
TOURISTS 184 11.902 1.879 6.402 16.741
INTFLIGHTS 184 4.713 3.341 0.000 12.680
DISTANCE 184 2912 0.858 1.386 4.543
POPULATION 184 13.764 0.981 12.168 16.528
AGE 184 28.174 23.032 0.000 81.000
PUBLIC_PRIVATE 184 0.152 0.360 0.000 1.000

Table 7
Second-stage random effects of Tobit regression model results based on DEA
scores.

PTE TE SE
TOURISTS 0.065 0.040 0.013
(0.024)*** (0.014)*** (0.014)
INTFLIGHTS —0.019 —0.004 0.008
(0.012) (0.007) (0.007)
DISTANCE —0.134 —0.081 0.037
(0.052)*** (0.031)*** (0.032)
POPULATION —0.026 0.073 0.101
(0.047) (0.029)** (0.028)***
AGE 0.000 0.003 0.004
(0.002) (0.001)** (0.001)***
PUBLIC_PRIVATE 0.168 0.087 —0.082
(0.157) (0.096) (0.095)
Constant 0.524 —0.995 —1.089
(0.629) (0.383)*** (0.374)***
oy, Constant 0.258 0.158 0.159
(0.030)*** (0.018)*** (0.018)***
o, Constant 0.139 0.084 0.079
(0.008)*** (0.005)*** (0.005)***
Number of groups 46 46 46
Observations per group 4 4 4

Notes: Standard errors in parenthesis. * p < 0.10, ** p < 0.05, *™* p < 0.01.

tourism density. Thus, tourism inserts a productive externality
and acts as a stimulator, particularly by the involvement of low-
cost carriers. This result is in line with the findings of previous
studies [70,71], where the share of international traffic was a
vital factor to explain the efficiency scores. The regression result
shows a negative but insignificant relationship for international
flights. The negative coefficient shows that a higher share of
international traffic has an adverse effect on efficiency due to the
more sophisticated infrastructure and facilities required. Despite
its insignificant nature, the negative relationship is consistent
with the findings of the previous studies [3,25,72,73].

The results also show that distance to the city center has a
significant negative effect on the PTE and TE of the airports. Thus,
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the reasonably close airports to the city center enable accessibility
and leads to more airport traffic, generating more revenues from
the flight and air travelers’ movements. Furthermore, as expected,
the population and age variables positively and significantly im-
pact the TE and SE. Hence, a larger population may generate more
airport demand and increase scale efficiency.

Finally, the regression result indicates that TGDSA's collabora-
tion with private companies on airport operations has a positive
but insignificant impact on efficiency. This finding is partially in
line with the findings of previous studies [33,64,73-75]. How-
ever, on the contrary, [30] reports that the state-owned airports
in Poland are more efficient. That is, there are controversial
outcomes in the literature.

5. Conclusions and discussions

Airports play a vital role in economic growth and international
trade by their high traffic volume and rapid growth potential.
Hence, they are expected to provide efficient operations and high-
quality services to passengers, airline companies, and other cus-
tomers. Therefore, policymakers in the aviation industry should
enhance the efficiency of airports.

The present study examined the efficiency of 46 targeted
airports in Turkey from 2015 through 2018 via two methods;
the spherical fuzzy AHP hybridized with the output-oriented DEA
model and the Tobit panel regression model. We employed the
DEA analysis in the first stage to estimate the efficiency of the
airports, while the Tobit panel regression model was used in the
second stage to identify the impact of explanatory variables on
airport efficiency.

In the first stage, the experts’ perceptions regarding the eval-
uation factors were included in the analysis process to produce
solid results. Due to the selection process’s high subjectivity, SFS-
AHP was employed to elaborate the input and output factors.
The results indicate a majority of the airports operate ineffi-
ciently. Most of the Turkish airports operate under IRS, implying
that rising traffic volume would decrease unit costs, increasing
efficiency. However, the operational scale of many airports is
inefficiently small and has room for further improvement. These
results align with the findings of prior studies [28,32,40]. Thus,
underutilized airports should be enhanced to play a more sig-
nificant role in air transport. In this respect, airport operators
should use their own ability to utilize internal resources more
efficiently than external business opportunities. The TGDSA could
seek opportunities to increase scale efficiency to reach this goal.
Obviously, airport managers may not easily manipulate air traffic
in the short term. Thus, the visible results can be obtained only
in the long term.

The results of the second-stage analysis via Tobit regression
model identified two significant factors, i.e., number of tourists
and distance to the city center, in explaining variations in PTE and
TE of the airports, while the population and age have a positive
and significant impact on the TE and SE. These results suggest
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that airports located in high-density touristic areas are expected
to achieve higher efficiency scores. Further, the reasonably close
airports to the city center enable accessibility and lead to more
airport traffic. The results are in line with the prior studies [30,
70,71].

5.1. Implications of the study

The results provide valuable insights for airport authorities
and managers. The outcome of SFS-AHP is mainly in line with the
previous studies, where the number of passengers, total revenues,
and cargo volume were also highlighted as outputs [19,26,28,39],
and terminal capacity, runway capacity, and total expenditures
were also selected [62-65]. The novelty of our approach was to
capture the inherent subjectivity of the input and output selec-
tion procedure with spherical fuzzy numbers, which was rarely
addressed in the extant literature [32,76].

Central and local authorities should allocate the necessary
resources to inefficient airports to improve their performance
and increase their contributions to the regional economy. Airport
authorities should also recognize the significant roles of Low-Cost
Carriers on the growth of local airports, as argued by [77,78].
They should attract more airlines to offer air connectivity to
travelers, particularly in smaller regions to stimulate tourism
activity, investment opportunities, and the well-being of local
communities. This argument is especially of vital importance
for cities in the southern and northern Anatolia, such as Kars,
Erzurum, Diyarbakir, Elazig, Sanl: urfa, Trabzon, and Van. These
cities stand out with their relatively high population and/or the
growing economic activities. Increasing tourism potential in these
cities is another factor that pushes up the efficiencies of the
airports, as stated in [28].

Additionally, if airline companies have better knowledge of
efficient airports, they could make informed decisions in selecting
and cooperating with more efficient ones, as claimed by [19,76].
Airport operators may also use the results to understand better
their own operating efficiency and the aspects that need further
improvement [65,73]. Airport operators in the lower range of
efficiency may also consider collaborating with the peer airports
to increase operational efficiency as suggested by [79].

Policymakers should focus on new forms of partnerships,
such as public-private-partnership that may increase the effi-
ciency of Turkish airports. In addition, the privatization of more
government-owned airports may provide a solid ground for a
careful evaluation and restructuring of the inefficient airports.
The same implications were also highlighted in previous stud-
ies [3,19,46,75], confirming the vital role of the private sector’s
efficiency-oriented operational approach. A higher private in-
volvement may be an option to remedy inefficiencies related to
Turkish airports’ recent capacity expansions. Primarily, significant
endeavors have been undertaken on infrastructure in 2011 [25].
Thus, we notice good investment opportunities for the private
sector in semi-regional airports that have reached a sufficient
scale and have increasing air traffic. However, a controversial
finding was reported by [17] in the literature. The authors state
that most of the Greek airports on the recent privatization list
were already the most efficient ones that could attract capital
from private investors. That is, the efficiency differences between
public- and private-owned airports may not be a result of privati-
zation, but the private sector is chasing the efficient and lucrative
ones [17]. Another interesting issue is jointly owned airports,
which was not studied in the current research. Some findings in
the literature suggest that such an ownership structure may lead
to inefficiency [62,75].
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According to our results, a major portion of the airports in
Turkey works under IRS condition, which is related to the enor-
mous one-time investments that may not be matched with ade-
quate demand. The findings of [3] support the same argument.
Overinvestment in some regional airports in Turkey is another
issue, which was also questioned in [67] for Japanese airports.
However, we note that the large investments in the transporta-
tions infrastructure need a long time to become feasible by reach-
ing a sufficient capacity utilization [40,67]. Therefore, the evalu-
ation of long-term trends by taking this argument into account
may be the subject of another study. Furthermore, the potential
impacts of small airports as drivers of economic growth and
regional development must also be considered while evaluating
the feasibility of such investments [80].

Lastly, tourism plays a significant role in the efficiency scores
of airports [71,80]. More direct flights from abroad to specific
tourist destinations, such as Denizli, Nevsehir, and Hatay, would
be beneficial [28]. An efficiency study on Spanish airports, a
competing touristic destination with a similar tourism market as
Turkey, provides additional insights on the role of tourism on the
operational performance of airports [71]. The airports in high-
density touristic areas share two common features: international
tourism and seasonal air traffic. That is, the airports serving such
regions are expected to be more efficient. This is also confirmed
for Antalya, a high-density touristic destination. Interestingly,
Mugla Dalaman (0.487 av. score) and Mugla Milas Bodrum (0.213
av. score), which two popular airports used on seasonal basis, do
not support this statement. Apparently, the seasonality could be
one factor of this result, which may be the focal point of further
studies on Turkish airports. Obviously, air transport and tourism
are highly interrelated. Thus, the policies regulating air transport
must consider the potential effects on tourism [71].

5.2. Limitations of the study

Some limitations can also be addressed regarding this study.
The selected input and output variables are partially determined
based on the data availability. Obviously, the social and environ-
mental impacts of the airports need to be investigated to evaluate
their long-term performance. Another interesting research at-
tempt may be a comparative study that benchmarks major Turk-
ish airports with their global competitors. Future work may also
explore the impact of other explanatory variables, such as busi-
ness potential, hub status of airports, the number of connecting
flights on the operational efficiency of the airports.
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Table A.1

The efficiency scores of the selected airports under variable return to scale assumption.
DMU 2015 2016 2017 2018 Average
Adana, ADA 1 1 1 1 1
Adi yaman, ADF 0.551 0.116 0.115 0.141 0.231
Agri Ahmed-i Hani, AJl 1 0.092 0.105 0.132 0.332
Amasya Merzifon, MZH 1 1 1 1 1
Ankara Esenboga, ESB 0.501 0.407 0.459 0.545 0.478
Antalya, AYT 0.743 0.784 0.872 0.984 0.846
Bali kesir Kocaseyit, BZI 0.112 0.12 0.131 0.17 0.133
Batman, BAL 0.131 0.304 0.317 0.437 0.297
Bingdl, BGG 0.314 0.585 0.806 0.935 0.66
Bursa Yenisehir, BTZ 0.067 0.099 0.082 0.09 0.085
Ganakkale, GKD 1 0.196 0.189 0.19 0.394
Denizli Cardak, DNZ 0.172 0.186 0.221 0.245 0.206
Diyarbakir, DIY 0.855 0.244 0.196 0.265 0.39
Elazig, EZS 0.45 0.447 0.423 0.454 0.444
Erzincan, ERC 0.102 0.12 0.134 0.179 0.134
Erzurum, ERZ 0.276 0.317 0.348 0.371 0.328
Gaziantep, GZT 0.522 0.484 0.563 0.583 0.538
Hakkari Yiik.ova Selahaddin Eyyubi, YKO 1 0.053 0.114 0.15 0.329
Hatay, HTY 0.252 0.248 0.267 0.328 0.274
Igdir Sehit Biilent Aydin, IGD 0.93 0.698 0.612 0.712 0.738
Isparta Siileyman Demirel, ISE 0.371 0.184 0.141 0.136 0.208
Istanbul Atatiirk, ISL 1 1 1 1 1
Istanbul Sabiha Gokg¢en, SAW 1 1 1 1 1
Izmir Adnan Menderes, ADB 0.443 0.467 0.409 0.39 0.427
Kahramanmaras, KCM 1 1 1 1 1
Kapadokya, NAV 0.374 0.376 0.131 0.297 0.295
Kars Harakani, KSY 0.337 0.192 0.201 0.184 0.229
Kastamonu, KFS 0.097 0.221 0.35 0.275 0.236
Kayseri, ASR 0.675 0.673 0.687 0.774 0.702
Kocaeli Cengiz Topel, KCO 0.479 0.393 0.188 0.221 0.32
Konya, KYA 0.287 0.288 0.285 0.311 0.293
Malatya, MLX 0.495 0.547 0.539 0.6 0.545
Mardin, MQM 0.195 0.222 0.223 0.246 0.222
Milas Bodrum, BJV 0.172 0.232 0.22 0.227 0.213
Mugla Dalaman, DLM 0.471 0.495 0.475 0.505 0.487
Mus, MSR 0.976 1 1 1 0.994
Ordu-Giresun, OGU 0.64 0.394 0.392 0.444 0.468
Samsun Carsamba, SZF 0.662 0.671 0.407 0.622 0.591
Sanli urfa Gap, GNY 0.26 0.286 0.291 0.307 0.286
Sinop, NOP 1 1 1 1 1
St rnak Serafettin Elgi, NKT 0.731 0.387 0.429 0.492 0.51
Sivas Nuri Demirag, VAS 0.236 0.252 0.224 0.268 0.245
Tekirdag Corlu, TEQ 0.204 0.168 0.104 0.095 0.143
Trabzon, TZX 0.583 0.663 0.735 0.705 0.672
Usak, USQ 1 1 * 1 1
Van Ferit Melen, VAN 0.671 0.603 0.626 0.618 0.63
Mean 0.551 0.461 0.457 0.492 0.49

* Operation was temporarily seized.

Table A.2

The efficiency scores of the airports under variable return to scale assumption without outliers.
DMU 2015 2016 2017 2018 Average
Adana, ADA 1 1 1 1 1
Adi yaman, ADF 0.552 0.221 0.229 0.246 0.312
Agri Ahmed-i Hani, AJl 1 0.152 0.195 0.22 0.391
Amasya Merzifon, MZH 1 1 1 1 1
Bal: kesir Kocaseyit, BZI 0.153 0.183 0.23 0.256 0.205
Batman, BAL 0.23 0.489 0.555 0.655 0.482
Bingol, BGG 0.466 0.595 0.821 0.948 0.707
Bursa Yenisehir 0.072 0.118 0.109 0.111 0.102
Ganakkale, GKD 1 0.281 0.258 0.239 0.444
Denizli Cardak, DNZ 0.246 0.313 0.418 0.431 0.352
Diyarbakir, DIY 0.855 0.456 0.394 0.455 0.54
Elazig, EZS 0.497 0.544 0.581 0.547 0.542
Erzincan, ERC 0.127 0.169 0.22 0.255 0.192
Erzurum, ERZ 0.281 0.339 0.393 0.402 0.353
Gaziantep, GZT 0.522 0.486 0.578 0.6 0.546
Hakkari Yiik.ova Selahaddin Eyyubi, YKO 1 0.084 0.144 0.166 0.348
Hatay, HTY 0.343 0.329 0.424 0.515 0.402
Igdir Sehit Biilent Aydin, IGD 0.93 0.698 0.615 0.712 0.738
Isparta Siileyman Demirel, ISE 0.462 0.366 0.276 0.269 0.343
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