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Abstract:

In the airline industry where intense competition has taken place, performance evaluation is
vital for airlines to achieve their goals and to gain a competitive advantage. This study aims to
evaluate the performance of airlines based on the role of performance evaluation in the airline
industry. For this purpose, twelve FSCs (Full-Service Carriers) were evaluated based on financial
and airline-specific performance indicators for the 2015-2017 period. While the sample consisted of
Star Alliance member airlines, an integrated CRITIC and CODAS methodology was proposed in the
study. In addition, a sensitivity analysis was performed after the application to examine the accuracy
and the stability of the results. The results of the study reveal that financial indicators have a higher
impact on performance compared to operational indicators. Moreover, Singapore Airline (SIA) is the
best airline regardless of T change.
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1. Introduction

There are many barriers to entry into the markets in the airline industry. Therefore,
airlines have applied several strategies to overcome these barriers and thus to operate in
global markets. These can be listed as bilateral air service agreements and OpenSky
agreements. The first agreement was the Bermuda Agreement, signed between the United
States and Britain on February 11, 1946, shortly after the Chicago Convention. After the
agreement, many agreements were made to facilitate new entries into the airline markets
and to ensure liberalization. For instances, it is seen that the United States has signed
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bilateral Air Services Agreements or Open Skies Agreement with 125 countries® as of
2018.

In order to overcome the financial and legal barriers on entry into the international
airline markets, airlines either enter into agreements such as bilateral air service
agreements or become members of strategic alliances. According to Vasigh et al. (2013),
the agreements have many benefits. These can be listed as the expansion of the flight
network by flying to more destinations, falling ticket prices due to increased competition,
and overcoming restrictions on entry into the market.

The first Codeshare agreement (Zou and Chen, 2017), considered to be the most
common type of strategic alliances, was signed between Air Florida and British Island
airlines in 1986 (Vasigh et al., 2013). Over time, Codeshare agreements and strategic
alliances have gained great importance, and many airlines have seemed to be involved in
these global partnerships. As of 2016, 62 airlines, including 28 in Star Alliance, 20 in
SkyTeam, and 14 in Oneworld, involved in a strategic alliance.

‘ 24%
‘ Star Alliance
| ' SkyTeam

Oneworld

Non-members

Figure 1: Market Shares of Airline Alliances in 2016 (Airline Business, 2017, s.35)

Figure 1 shows the market share of strategic alliances by 2016. Accordingly, the
market share of these strategic alliances were 24%, 20%, and 18% respectively. Airlines,
including global partnerships, seem to have 62% of the total market share.

In Figure 2, revenue, operating income and net profits for the three major global
alliances for 2016 are given. Among them, it is seen that Star Alliance had the highest net
profit share in 2016.

It is expected that this study, which examines the financial and operational
performance of the member companies of Star Alliance, will contribute to the literature in
many ways. First, no studies have been found that examine the performance of strategic
airline alliances. On the other hand, in addition to the indicators used in all sectors
(financial / non-financial), the airline sector has a number of airline-specific key
performance indicators (KPIs) such as RPK (Revenue Passenger Kilometers), ASK
(Available Seat Kilometers) and load factor (Kalemba et al., 2017). These indicators were

1 For detailed information about the countries involved in the agreement, see:
https://www.state.gov/e/eb/rls/othr/ata/267 129.htm
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used only in limited studies in the literature. Therefore, this study is noteworthy because it
uses financial indicators and the airline-specific KPIs together successfully. Moreover, the
integrated CRITIC and CODAS methodology is successfully employed in this case of
airlines' performance evaluation.

Star Alliance SkyTeam Oneworld

B Revenue M Qperating Profit ™ Net Profit

Figure 2: Revenues of Strategic Alliances ($ Billion) (Airline Business, 2017, 5.35)

The rest of the study is organized as follows: In section 2, a literature review is
given on airline strategic alliances. In section 3, the integrated methodology is presented,
and the procedures are given. In section 4, a case study on financial and operational
performance evaluation is conducted on Star Alliance member airlines. Then, sensitivity
analysis is applied to validate the analysis. Finally, in section 5, findings are discussed and
suggestions for further studies is presented.

2. Literature Review

There are many studies in the literature on strategic airline alliances. Wang (2014)
examined the impact of global alliances on buying behavior of passengers. Yimga (2017)
investigated whether being involved in a strategic alliance influenced on-time performance.
Tiernan et al. (2008) conducted a study to measure the service quality of member airlines
in strategic alliances.

There are also many studies on the strategic alliance choice for airlines or partner
selection in global alliances. For example, Chao and Kao (2015) examined the global
cargo alliance through the Fuzzy Delphi method. Liou et al. (2011) examined partner
selection in strategic alliances by Analytical Network Process (ANP) method, and Garg
(2016) examined partner selection in strategic alliances by Analytical Hierarchy Process
(AHP) and Fuzzy TOPSIS methods.

On the other hand, the literature on the impact of strategic airline alliances on
performance is quite narrow. Accordingly, Park and Cho (1997) examined the impact of
membership in strategic alliances on airline performance and market structure. Oum et al.
(2004) investigated the impact of membership in global alliances on productivity and
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profitability. Similarly, Lazzarini (2007) examined the impact of being a member of alliances
on operational performance, and Kuzminykha and Zufan (2014) examined the influence of
alliances on airline performance. In addition, there are several studies that investigated the
impact of involvement in strategic alliances on airline profitability (Douglas and Tan, 2017;
Zou and Chen, 2017). However, no study has been found on the performance evaluation
in strategic alliances by using financial and operational performance metrics in airlines.

3. Scope of Research and Methodology Design
3.1. Scope of Research

As in all industries, for sustainable and commercial success, performance should
be monitored frequently, and improvements should be made in the airline industry. In this
study, the financial and operational performance of airlines, known as Full-Service Carriers
(FSC), was analyzed based on the financial and operations KPIs. In this direction, twelve
airlines were investigated in this study for the period of 2015-2017. In addition to the
Thomson Reuters Eikon database, Airline Business magazine's annual sector analysis
reports and the airline's annual reports were used to collect financial and operational data.
Airlines included in the performance evaluation are listed in Table 1.

Table 1: Airlines in Performance Evaluation

Airline ICAO Code Passenger Carried (Thousands) (2017)
AIR CANADA ACA 48,100
AIR CHINA CCA 66,100
AIR NEW ZEALAND ANZ 16,000
ANA HOLDINGS AKX 53,900
ASIANA AIRLINES AAR 19,300
AVIANCA AVA 29,500
COPA HOLDINGS CMP 9,500
LUFTHANSA DLH 66,200
SINGAPORE AIRLINES SIA 19,500
THAI AIRWAYS OEA 20,000
TURK HAVA YOLLARI THY 68,600
UNITED CONTINENTAL UAL 148,100

As given in Table 1, the study sample contains a large airline cluster, including
airlines carried less than 10 million passengers, as well as airlines carried more than 100
million passengers. In this study, liquidity ratios, leverage ratios, activity ratios and
profitability ratios were used as financial performance indicators based on the previous
studies. Operational performance indicators also imply major airline-specific KPIs. The
financial and operational performance indicators used in the study and the way they are
calculated are given in Table 2.

Table 2: Performance Indicators Used In Research

Code Financial and Operational Performance Indicators

F1 Liquid Assets / Short-term Liabilities

F2 Liquid Assets-Inventories / Short-term Liabilities
F3 Total Debt / Total Assets

F4 Total Debt / Equity
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F5 Tangible Fixed Assets / Equity

F6 Total Assets / Equity

F7 Short term Liabilities / Total Assets
F8 Long-term Liabilities / Total Assets
F9 Net Sales / Total Assets

F10 Net Sales / Equity

F11 Net Profit / Equity

F12 Net Profit / Total Assets

F13  Gross Profit / Net Sales

01 Number of employees

02 Available Seat Miles (ASK)

03 Revenue Passenger Kilometers (RPK)
04 Load factor

05 Number of passengers carried

06 Fleet size

3.2. Methodology
The CRITIC Method

Diakoulaki et al. (1995) developed the CRITIC method. According to the
Diakoulaki et al., criteria weights are based on the calculation of the contrast intensity and
conflict between criteria (Diakoulaki et al., 1995). When the standard deviation determines
the contrast intensity between the criteria, the conflict between the criteria is measured by
the correlation coefficient (Zardari et al., 2015; Rostamzadeh et al., 2018). In addition, in
the CRITIC method, criteria weights are only determined by the initial decision matrix.

The CRITIC method has been successfully applied in many studies. Firstly,
Diakoulaki et al. (1995) used for performance evaluation in the Greek pharmaceutical
industry. In the later years, it used in a number of studies such as inter-company
performance evaluation with financial ratios by Deng et al. (2000), determination of the
value of different savings banks in Spain by Bellver et al (2011), assessment of cities on
carbon emissions intensity reduction targets in China by Zhang and Hao (2015), evaluation
of the sustainability performance of high-tech enterprises in Taiwan by Hsu et al. (2015),
selection of non-traditional manufacturing method by Madi¢ and Radovanovi¢ (2015), and
prioritization of railway connections planned by TCDD (Turkish State Railways) investment
decisions by Kili¢ and Cergioglu (2016).

The CRITIC method consists of the following steps (Jahan et al., 2012; Madi¢ and
Radovanovi¢, 2015):

Step 1. Construction of the decision matrix: In the CRITIC method, the decision
matrix is formed first. Since the decision matrix contains information on the decision
problem, all the calculations are carried out on the decision matrix without the need for
expert opinions (Eq.1).

X111 Xa2 1n
X X =

¥=[x]=|"2 ¥ - " (1)
X1 Xz e K
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Step 2. Normalization of the decision matrix: In the second step, the normalization
process is applied by using Eq. (2) in order to eliminate the anomalies. The benefit/cost
type of the criteria are not considered in the process.

min
x.. —xt
— ij J
N = ymax _ ,.min (2)
w wo

Step 3. Calculation of the correlation coefficients between the criterion pairs: In this
step, the correlation coefficient between the criterion pairs is calculated by using Eq. (3).

G Yt — 1) — ) 3)
[~ ¢ — —
IR — ) e — T )

In the third step, the type of correlation analysis can vary according to the data
structure. Accordingly, the Pearson correlation or Spearman rank correlation analysis can
be applied.

Step 4. Calculation of the total amount of information (c;): The total amount of

information (c;) in each criterion is calculated by using Eq. (4). In this calculation, the

standard deviation (g;) values are considered.
n

£; =0 Z(l —Pji) (4)
k=1

Based on Eq. (4), it is assumed that the criterion having the highest (g;) value and
having the lowest (p;,) value contains the highest level of information (Madi¢ and
Radovanovi¢, 2015).

Step 5. Obtaining the criteria weights: In the final step of the CRITIC method, the
weighting coefficients (w;) of the j. criterion are calculated. By using Eq. (5), it is agreed
that the criterion with the highest value of w; is the most important criterion. As
w; decreases, the relevant criterion becomes less important.

W=/ o (5)
k=1

The CODAS Method

Combinative Distance-based Assessment (CODAS) method is an MCDM (Multi-
Criteria Decision Making) method proposed by Ghorabaee et al. (2016). Accordingly, the
performance of the alternatives is measured based on Euclidean and Taxicab distances. In
addition, the negative ideal solution (NIS) is used (Peng and Garg, 2018; Badi et al.,
2018). At this point, the higher value of the distance from the (NIS) is desirable (Mathew
and Sahu, 2018). In the CODAS method, the Euclidean distance is used as the primary
measure in the evaluation phase. If two alternatives are incomparable according to the
Euclidean distance, then Taxicab distance is applied to bring out the best alternative
(Ghorabaee et al., 2016). The equality degree of the Euclidean distance is set using a
parameter.

In the literature, it is seen that CODAS method has been applied successfully in
various studies. In this context, Ghorabaee et al. (2016) used CODAS method for industrial
robot selection and evaluation of office microclimate. In order to test the validity of the
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method, a sensitivity analysis was performed with commonly used and validated methods
such as WASPAS, COPRAS, TOPSIS, VIKOR, and EDAS. As a result, it was determined
that the CODAS method gives successful results. Mathew and Sagu (2018) used CODAS,
EDAS, WASPAS and MOORA methods to select the most suitable alternative for the
selection of material handling equipment. Badi et al. (2018) successfully used the CODAS
method in a supplier selection for a steelmaking company in Libya. In addition, Ghorabaee
et al. (2017) extended the CODAS method to the fuzzy logic methodology to assess the
market segment in order to come up with the uncertainties of decision-making problems.
Bolturk (2018) used the CODAS method with Pythagorean fuzzy sets for supplier selection
for a manufacturing firm. Panchal et al. (2017) applied a methodology based on fuzzy AHP
and fuzzy CODAS methods for the solution of a maintenance decision in the urea fertilizer
industry. Pamucar et al. (2018) proposed an approach in the field of the selection of power-
generation technology by using CODAS method based on linguistic neutrosophic numbers.
The CODAS method can be summarized as follows (Ghorabaee et al., 2016; Badi
et al., 2018; Mathew and Sahu, 2018).
Step 1. Construction of the decision matrix: In the first step, the decision matrix is
established.

xll xlz =l xlﬂ!
Xa Xaqa e Xz

X: X = 21 22 4m
[ U]J‘IIJ‘T! . . o .

Xni Xna T

Where i. alternative shows performance values according to j. criterion.
Step 2. Obtaining the normalized decision matrix: In this step, the normalization
process is applied in order to eliminate the anomalies. Eq. (6) is used in this step where

linear normalization is applied.
X

ij i
e if JEN,
ﬂ‘!ﬂxz-xij f} L
ﬂif 1 ?‘?Iin:-xz-j o [6)
T If_jr = Nf.

ij

In Eq. (6), the N and N, values represent the benefit and cost criteria, respectively.

Step 3. Obtaining the weighted normalized decision matrix: In this step, the
weighting coefficients(w;) are transferred to the application. The weights obtained by
objective and subjective weighting methods are included in the calculation by using Eq. (7).

T = Wiy (7)

Step 4. Calculation of the negative-ideal solution: In this step, the negative-ideal
solution is created. By using Eq. (8), the minimum values of column elements in the
weighted matrix is calculated.

ns = [nsj]hw ns; = min,r; (8)

Step 5. Calculation of the Euclidean (E;) and Taxicab (T;) distances: Distance
values are calculated to measure the distance of the alternatives from the negative-ideal
solution. The Euclidean and Taxicab distances of alternatives from the negative-ideal
solution are calculated by using Eq. (9) and Eq. (10), respectively.

.
Ee= szzl[?"s; ~ns))? ©)
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m .
=Y | —ns (10)

j=1
Step 6. Establishment of the relative assessment matrix: In this step, each
alternative is compared to the others based on the Euclidean and Taxicab distance values.
Eq. (11) is used in the formation of the relative assessment matrix.
R, = [hz'.l:]n.xn

hy = (B, — Ep) + (Y(E; — E) x (T; — T,,)) (11)
LA iflx|=7
L {o if x| <t
In the above function, T is a threshold parameter set by the decision makers. It is
suggested to set this parameter between 0.01 and 0.05 (Ghorabaee et al., 2016). If the
difference between the Euclidean distances of the two alternatives is less than 1, the
relevant alternatives are compared with the Taxicab distances.
Step 7. Calculation of the final assessment score of alternatives: In the last step of
the CODAS method, the final assessment score of each alternative is calculated by using
Eq. (12).

n
Hz’k L z hz’k [12)
k=1

The alternative having the highest H values is accepted as the most desirable
alternative.

4. Empirical Case Study and Findings

In this section, a performance analysis case study has been performed using
financial and operational indicators. The research period covers between 2015-2017 years.
Moreover, the sample is composed of 12 airlines from Star Alliance global alliance, and 20
financial and operational indicators/criteria are used.

4.1. The Proposed Research Methodology

The proposed research methodology is shown in Figure 3.

As shown in Figure 3, firstly, airline alternatives and evaluation criteria are
determined and the data collection process begins. In the next step, the importance levels
of the criteria are determined by using the CRITIC method. It is decided to use the CRITIC
method because it takes into account the high degree of dependence between the criteria
(Gao et al.,, 2017). Indeed, the criteria used in the case study have a high degree of
dependency with each other. For example, load factor can be seen a commercial output of
the airline. Airlines can reduce the operating unit cost by increasing the load factor. In other
words, airlines can make more profits if they have a higher load factor (Kalemba et al.,
2017).

In the next step, the CODAS method is used. Although the study covers the period
between the years 2015-2017, application steps are conducted in detail on the sample for
2017. On the other hand, criteria weights are calculated for each year since the criteria
weights could be different every year, and the weight coefficients are transferred to the
CODAS method.
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Determination of Airline Alternatives

Selection of Evaluation Criteria
Step 1: Preparing
for Analysis

ata Collection Process

Establishment of the Decision Matrix

Weighting Criteria using CRITIC Method Step 2: Weighting
Criteria

Ranking A lternatives using CODAS
method

Determining T'he Best Alternative

Figure 3. The Framework of the Proposed Research Methodology
4.2. Determination of Criteria Weights

The initial decision matrix is given in Appendix A1. Accordingly, the case study
involves 12 airlines and 20 criteria in the decision matrix. In terms of benefit/cost
characteristics of the criteria, the benefit criteria are highlighted in blue color and the cost
criteria are highlighted in red. The decision matrix is normalized by using Eq. (2) in the next
step. The normalized decision matrix is given in Appendix A2. The standard deviation (g;)

values, which are indexes of contrast intensity, are also given on the same matrix.

Then, the Spearman’s rank coefficient correlation analysis is applied to calculate
the dependency between the criteria by using Eq. (3). As an application procedure, the
total amount of information (c;) is calculated by using Eq. (4) after the calculation of

correlation coefficients. Finally, the calculation of the criteria weights (w;) is performed by
using Eq. (5). In this context, the values of (c;) and (w;) for 2017 are given in Appendix
A3. Finally, the criteria weights are transferred to the next step.

4.3. Performance Analysis through CODAS Method

In this section, the performance analysis is carried out T the CODAS method. In
this direction, the criteria weights are transferred by using Eq. (7) and the decision matrix in
Appendix A1 is used. Then, the normalization process is applied by using Eq. (6). Since
the evaluation criteria consist of the benefit/cost type criteria, the normalization process is
carried out by this distinction and the normalized decision matrix is given in Appendix A4.
As shown in Appendix A4, the initial decision matrix elements are normalized by using the
maximum and minimum values of each column. For example Air Canada's normalization

process for the F1 criterion is as follows;
x; 0228

TAFL T ok, | 1.1643

‘ \
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After the normalization process, criteria weights are added to the application. This
procedure is conducted by using Eq. (7). The weighted decision matrix is given in
Appendix A5. After the weighting process, the negative-ideal solution for each criterion is
created in the same matrix by using Eq. (8). Next, Euclidean and Taxicab distances are
calculated to determine the distance of the alternatives from the negative-ideal solution. In
this calculation, it is assumed that the desired criterion is the furthest distance from the
negative-ideal solution. The Euclidean (E;) and Taxicab (T;) distance values obtained by
Eq. (9) and Eq. (10) are given in Appendix A6.

After calculating the values of (E;) and (T;), each alternative is compared to the
other alternatives in terms of their distances. The relative assessment matrix, which is a
square matrix, is created by using Eq. (11). A threshold parameter (1) is used in the
calculation for the degree of proximity of the Euclidean distance. The decision maker
determines this value, which can affect the calculation dramatically. As in previous studies
(Ghorabaee et al., 2016; Mathew and Sahu, 2018; Badi et al., 2018; Bolturk, 2018), we
adopted 0.02 as threshold in this study. It means that if the difference between the
Euclidean distances of the alternatives is less than 0.02, the alternatives are compared
according to the Taxicab distances. The relative assessment matrix constructed in the
study is given in Appendix A7.

As shown in Appendix A7, the alternatives are compared by T = 0.02 and then H;
values are obtained by using Eq. (12). Using the values of (E;) and (T;) belong to Air
China-Air Canada alternatives, the value of H; is calculated as follows;

1 if x|zt
‘M’”}={n if x| <t

hy = (E; — Ey) + (W(E; — E,) % (T; — T,)) = (0.0584 — 0.0848) + (]1}x(0.1833 —0.2718) )
= (—0.0264) + (—0.0885) = —0.1149

The findings reveal that Singapore Airlines has the highest H; value and thus the
best performing airline is Singapore Airlines. On the other hand, the worst performing
airline is Air China. A sensitivity analysis was also applied to demonstrate the validity and
stability of the ranking. In this context, 14 different threshold parameters between 0.01 and
1.00 were used for ranking and it was investigated whether the change of 1 value is a
significant effect on the ranking. Table 3 shows the different T values and their effect on
airline ranking.

and (E, — E;.) = (x) = |0.0584 — 0.0848| = 0.0264 > 0.02

Table 3: Airline Ranking with Different T Values

T

0.01 0.02 0.03 0.04 0.05 0.1 0.15 0.3 0.5 1.00
ACA 7 7 7 6 6 6 6 6 6 6
CCA 12 12 12 12 12 12 12 12 12 12
ANZ 4 4 5 5 5 5 5 5 5 5
ANA 5 5 4 3 3 3 3 3 3 3
AAR 11 10 10 10 10 10 10 10 10 10
AVA 10 11 11 11 11 11 11 11 11 11
CMP 2 2 2 2 2 2 2 2 2 2
DLH 6 6 6 7 7 7 7 7 7 7
SIA 1 1 1 1 1 1 1 1 1 1
THA 9 8 8 8 8 8 8 8 8 8
THY 8 9 9 9 9 9 9 9 9 9
UAL 3 3 3 4 4 4 4 4 4 4
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The results of the sensitivity analysis are also illustrated in Figure 4. It is obvious that

Singapore Airline (SIA) is the best airline regardless of T change. On the other hand, it is
found that the change of the 1 parameter does not significantly change the ranking of

alternatives.

03

0.15

Figure 4. The Effect of the Different Values of T on Ranking
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In this study covering the years 2015-2017, as the case study is applied only on

2017 data, the performance ranking for 2015-2017 is given in Table 4. In addition, the total
performance of the airlines and the change in the ranking is illustrated in Figure 5.

Table 4: Airline Performance Ranking by Years

2017
H; Ranking H; Ranking H; Ranking

ACA 0.6741 5 0.5939 5 -0.0829 7
CCA -1.0343 8 -1.0162 9 -1.2795 12
ANZ 0.8129 3 0.8233 3 0.2104 4
ANA -0.1669 6 -0.1656 6 0.1329 5
AAR -1.1356 10 -1.0802 10 -0.9523 10
AVA -1.2264 11 -1.1030 11 -1.0816 11
CMP 1.4414 2 1.5426 2 1.8078 2
DLH -0.2599 7 -0.3520 7 -0.0309 6
SIA 2.4730 1 2.3506 1 1.9951 1

THA -1.0670 9 -0.9861 8 -0.4946 8
THY -1.2737 12 -1.2599 12 -0.6349 9
UAL 0.7625 4 0.6526 4 0.4106 3
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2015 2016 2017

Figure 5. Airline Performance Ranking For the 2015-2017 Period

Both Table 4 and Figure 5 reveal that the performance of the airlines during the
period 2015-2017 is largely stable and the ranking changes slightly. In addition,
Spearman's rank coefficient correlation analysis was performed on the final performance
rankings, and all coefficients were larger than 0.88. This validates that the ranking is
stable.

5. Conclusion

The concept of performance is multi-dimensional in nature and is influenced by
many factors. The types of performance measurements in the firms are generally financial
performance, service quality performance, and operational performance including a
number of sectoral characteristics. Considering the performance evaluation literature, it is
seen that the ratio analysis based on financial ratios and the use of the statistical methods
such as regression analysis are common (Cakir and Pergin, 2013). As the performance
measurement is a multidimensional structure (Yildiz et al., 2011), other alternative
methods that can be used are the MCDM methods. Since performance measurement often
involves many factors that conflict with each other, it is quite convenient to use the MCDM
methods, which are seen as a solution to the complexity of decision making in today's
business world.

In this study, an integrated model of CRITIC and CODAS methodology is
proposed in evaluating the performance of Star Alliance member airlines. In this context,
the CRITIC method is used to find the objective weights and the CODAS method is used to
rank airlines. The application steps were explained in detail over the year 2017 sample.
Finally, sensitivity analysis was applied. The findings reveal that the most important criteria
are F2, F6, and F1, respectively. It implies that the financial structure ratios, and the
liquidity ratios, are important for airline companies. Following the CRITIC method, it is
found that Singapore Airlines is best performing airline. Moreover, Copa Holdings ranks
second, and United Continental Airlines ranks third. Air China, on the other hand, has the
lowest performance. Finally, a sensitivity analysis was applied to observe the effect of the 1
parameter change. Accordingly, at different parameters ranging from 0.01 to 1.00, the
variation of the rankings remains at a very low level. In the period covering 2015-2017
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years, Singapore Airlines and Copa Holdings airlines are in the same order, while other
airlines have minor changes.

As the airline industry grows, the growing intense competition forces businesses to
measure their performances and to take new steps to improve. It is important for airline
managers that the results provide an idea of which criteria are more important for airlines
and allow businesses to see their status within an airline cluster. On the other hand, it is
seen that performance studies in businesses have mainly focused on financial
performance indicators. Therefore, it is considered that the performance evaluation of
airlines using the MCDM methods will provide some contributions to the literature.
Theoretically, the main contributions of this study are as follows: a) Financial and
operational KPIs were used as integrated, b) A limited number of studies contributed to the
literature of airline alliances in previous studies, c) the integrated CRITIC-CODAS
methodology was applied successfully.

As in all studies, this study is not exempt from limitations. First, only the data from
the Thomson Reuters database was used. Second, the study evaluated airlines’
performance only according to the identified criteria. Therefore, it should be noted that if
different criteria are used, the ranking may change. Third, in order to limit the scope of the
study, the case study was applied only on Star Alliance member airlines. Fourth, findings
should not be generalized since the study represents only a limited number of FSCs.
Finally, it should be kept in mind that even if the methods used in the study change, there
may be changes in the ranking.

Finally, we can provide some suggestions for further studies. Since the concept of
performance is multidimensional, it is appropriate to employ different performance
indicators in future studies. On the other hand, hybrid or low-cost airlines can be analyzed
by considering the business model. Thus, the results can provide deep insights with
analyzes based on the business models. Multivariate statistical methods can be used to
find some new relationships or similarities by expanding the sample in the study. In
addition, more robust and successful integrated models can be developed. Finally, authors
can contribute to the enrichment of literature by using intuitionistic fuzzy numbers, rough
numbers, and interval numbers.
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Appendix:
Appendix A1. Initial Decision Matrix

ACA 0.2a8 0273 0.355 2448 2031 0.145 0.026 0.316 0.843 5407 0.557 0.081 0.458 28300 136985 168519 823 481 174 66.1
cca 0.288 0.267 0.407 1.102 2197 0.368 0.180 0.2567 0.532 1441 0137 0.061 0.393 27858 147185 181887 209 60.1 401 20.5
ANZ 0785 0748 0.351 1.288 2388 0277 0.044 0.308 0712 2573 0.278 0.078 0473 10890 34514 42168 2286 18.0 58 788
ANA 1164 1.051 0323 0.784 1.430 0.408 0.052 0.270 0.781 1.821 0.158 0.064 0238 39243 £D405 122803 728 539 224 1103
AAR 0.345 0270 0.538 33 4,861 Q.137 0.263 0.288 e 3] 5411 0.240 0.033 0141 11489 44211 53947 820 183 &3 026
AVA 0.885 0614 0.548 2880 3448 0.207 0.084 0.465 0.644 2110 0.208 0.043 0331 19278 40243 48401 a3 206 121 887
cme 1.132 1.055 0.277 0.559 1338 0.498 0.070 0.207 0.597 1.187 0.208 0.104 0.588 2045 32042 28512 832 85 &8 542
DLH 0873 0801 0187 0720 1911 0273 0.020 aA77 1.024 3747 0.241 0.060 0420 128424 153188 187762 216 682 343 1894
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Appendix A2. Normalized Decision Matrix
F1 F2 F3 F4 F5 F& FT F8 F3 Fi0 Fi1 Fi2 F13 o1 02 o3 04 05 06 ar
ACA £.000 0.009 0554 0477 0187 0086 0087 0.522 0836 41.000 1.000 0.736 0745 0.180 0.332 0.334 0a13 0278 0.172 0.082
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ANZ ¢.507 0812 0.545 0.235 0.244 0.386 0.189 0.507 0.387 0.268 0.448 0.684 0778 005 0.009 0.010 004z 0.047 0.000 0.155
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Appendix A3. Criteria Weights
F1 F2 F3 F4 F5 F6 7 F8 F9 F10
¢ 7.4065 7.8961 55778 56778 57118 7.8129 56751 5.2534 4.9456 6.0197
w; 0.0675 0.0720 0.0509 0.0518 0.0521 0.0712 0.0517 0.0479 0.0451 0.0549
Fi1 F12 F13 01 02 03 04 05 06 o7
c, 43259 52940 6.0236 45218 43599 43713 5.1756 4.2882 4.4674 4.8651
w, 0.0394 01.0483 0.0549 0.0412 0.0398 0.0399 0.0472 0.0391 0.0407 0.0444
Appendix A4. Normalized Decision Matrix with CODAS Method
Fi F2 F3 F4 F5 F& FT F8 F3 Fi0 F11 Fi2 F13 o1 o2 [0 %] o4 05 06 o7
A1 0247 0.250 0.178 0.048 0.345 0.274 0.065 0.185 0.821 1.000 1.000 0.778 0774 0.320 0.384 0394 0.888 0325 0322 0.821
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Appendix A5. The Weighted Decision Matrnx and the Negative-ldeal Solution
F1 F2 F3 F4 F5 F& Fr Fg F3 F10 F11 F12 F12 o1 o2 o2 04 05 08 or
Al 0.7 0.019 0.009 0.003 0.018 0.020 0.003 0.009 0.042 0.055 0,039 0.038 0.043 0.013 0.016 0.018 0.047 0013 0.013 0.038
A2 .07 0018 0.008 0.008 0.019 0.080 0.001 o2 0.023 0.012 0.010 0.023 0.037 0013 0017 0.017 0.048 07 0.008 a.027
A2 0.048 0.051 0.008 0.005 0.021 0.037 0.002 0.010 0.031 0.022 0.020 0.035 0.044 0.034 0.004 0.004 0.047 0.004 0.041 0.031
A4 0.088 0.072 0.010 0.008 0.013 0.085 0.002 0.011 0.034 0.018 o011 0.030 0.022 0.010 0.010 0.012 0.041 0.014 0.010 0.020
AS 0.020 0.019 0.008 0.002 0.041 0.018 0.000 0.010 0.033 0.048 o7 0.015 0.013 0.032 0.005 0.008 0.047 0.005 0.027 0.024
AB 0.038 0.042 0.008 0.002 0.030 0.028 0.001 0.008 0.028 0.028 0.015 0.020 0.038 0.018 0.005 0.005 0.047 0.008 0.013 o0.028
AT 0.0688 0.072 0.012 o011 0.012 0.087 0.001 0.014 0.028 0.010 0.015 0.048 0.085 0.041 0.004 0.004 0.047 0.003 0.028 0.044
AB 0.051 0.055 0018 0.008 0.017 0.037 0.004 o7 0.045 0.032 07 0.031 0.038 0.003 0017 0.018 0.048 07 0.007 a.012
A9 0.053 0.080 0.051 0.052 0.011 0.071 0.052 0.048 0.026 0.010 0.003 0.012 0.008 0.015 0.011 o.011 0.048 0.005 0.021 o0.0z28
Al 0.032 0.034 0.005 0.001 0.052 0.018 0.001 0.008 0.031 0.050 0.010 0.008 0.008 0.018 0.008 0.008 0.045 0.005 0.027 0.038
A1 0.049 0.055 0.008 0.004 0.021 0.040 0.001 0.007 0.025 0.017 0.010 0.018 0.018 0.012 0.018 0.018 0.045 0.018 0.007 0.040
A12 0033 0033 o0.008 0004 0028 0.028 0.002 0.010 0.038 0.038 0.030 0.040 0.023 0.005 0.040 0.040 0.047 0.038 0.003 0.030
His am7 0.018 0.005 8.001 0.011 0.016 0.000 0.006 0.023 0.010 @.003 0.008 0.006 0.003 0.004 0.004 0.041 0.003 0.003 0.012
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Appendix A6. The Distances of the Alternatives from the Negative-ldeal Solution

E; T;

ACA 0.0845 02718

CCA 0.0584 0.1833

ANZ 0.0894 03036

ANA 0.0918 02739

AAR 0.0654 0.1920

AVA 0.0605 02080

CMP 0.1238 03827

DLH 0.0816 0.2946

slA 0.1263 0.3984

THA 0.0739 02079

THY 0.0695 02311

UAL 0.0905 03227

Appendix A7. The Relative Assessment Matrix
a1 A2 A3 a4 a5 A6 a7 Ag A9 A0 Al A12

a1 0 0115 -0.005 0.007 0019 0088 -0.150 0003 0168 0011 0015 -0.006
A2 0115 0 0.151 0124 -0.007 -0.002 -0.265 0135 -0.283 -0.016 0.011 0172
A3 0005 0151 0 0.002 0136 0125 0114 0008 0132 0016 0.020 -0.001
a4 0.007 0.124 0.002 0 0108 0.097 0141 0.010 -0.159 0,018 0.065 0.001
A5 0.019 0.007 0.136 -0.108 0 0.005 -0.249 -0.016 -0.267 -0.009 -0.004 -0.156
A6 -0.088 0.002 0125 0.097 0.005 0 -0.238 0108 -0.256 -0.013 -0.009 0145
a7 0.150 0.265 0114 0141 0248 0238 0 0.130 -0.003 0225 0.206 0.093
Ag -0.003 0135 -0.008 0.010 0.016 0108 0130 0 0149 0.008 0012 -0.009
A9 0168 0283 0132 0159 0267 0256 0003 0149 0 0243 0224 0112
A10 0.011 0.016 0.016 0.018 0.009 0.013 0.225 -0.008 0243 0 0.004 0.017
AN 0.015 0011 -0.020 0.065 0.004 0.009 -0.206 0.012 -0.224 -0.004 0 0113
A2 0.006 0472 0.007 0.001 0.156 0.145 -0.093 0,009 0112 0.017 0.113 0




