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Abstract  Keywords 

This study aims to evaluate the performance of manufacturing companies 
operating in the international aerospace industry. In this context, the financial 
performance of 12 leading companies from 2019-2023 is analysed through 
multi-criteria decision-making processes using the CRITIC and ARAS 
methods. In order to evaluate the performance of the companies in question, 
a number of financial indicators are taken into consideration, including total 
capital, capital expenditures, gross income, operating expenses, total 
liabilities and working capital. The CRITIC method was employed to ascertain 
the relative importance of the criteria, while the ARAS method was utilised to 
evaluate the performance of the companies in question. The results 
demonstrate that the Transdigm Group is the most successful company, with 
General Electric consistently ranking second. Conversely, the performance of 
companies such as Airbus and Boeing has exhibited variability over time. The 
findings of this study offer valuable insights for strategic performance 
evaluation in the aerospace industry. 
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1. Introduction 

The aerospace sector exerts a considerable influence on 
the natural environment, the global economy and 
society at large (ATAG, 2014). The sector has experienced 
exponential growth in recent years as a consequence of 
urbanization. It is anticipated that demand for passenger 
travel will increase by five per cent per year over the next 
two decades, resulting in a projected requirement for 
56,000 additional aircraft by 2040 (ICAO, 2013). The 
sector contributes approximately $664 billion to the 
global economy on an annual basis, with an estimated 
contribution of $1 trillion to the global GDP by 2026. A 
significant number of individuals are employed by major 
aircraft manufacturing companies, with Boeing alone 
employing over 150,000 people (Boeing, 2024). 

The aerospace industry is widely acknowledged as one 
of the most value-added industrial sectors in any 
economy (Hausmann et al., 2011). A significant number of 
countries worldwide have pursued the development of a 
domestic aerospace industry as a component of their 
national industrial development strategies. Examples of 
countries that have sought to develop an aerospace 
industry include Argentina in the late 1920s, Indonesia in 
the 1970s and, more recently, Portugal, the United Arab 
Emirates and several developing regions in Asia, which 
have been pursuing this goal since the beginning of this 
century. The motivations of governments seeking to 
create a national aerospace industry include enhancing 
international prestige, increasing military self-
sufficiency and promoting economic development 
(Eriksson, 2023). Policy makers have focused on aircraft 
production with the rationale that the production of an 
entire aircraft can trigger the establishment of 
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component and system suppliers in the vicinity, 
stimulating job creation, capacity building and economic 
growth (Niosi and Zhegu, 2005). 

The aircraft industry comprises a multitude of 
stakeholders, including original equipment 
manufacturers (OEMs) such as aircraft and component 
manufacturers. Prominent examples of OEMs in the 
industry include Boeing, Airbus, General Electric (GE) 
Aerospace, Lockheed Martin, BAE Systems, and Rolls-
Royce Holdings. The entities that provide maintenance, 
repair and overhaul (MRO) services are referred to as 
MROs. The customer base is comprised of commercial 
airline operators and the military. Additionally, aircraft 
and component manufacturers frequently function as 
service providers, offering maintenance packages to 
airline operators with the objective of generating post-
sales revenue. It is not uncommon for airline operators 
to integrate with MRO organizations, while OEMs 
frequently offer customers the option of customization 
(Singamneni et al., 2019). 

This sector makes significant contributions in areas such 
as technological innovations, large-scale projects and 
defense systems, and stands out as a strategic industry 
in which the largest companies operate worldwide 
(Bharadwaj et al., 2015). The financial performance of 
companies is critical for their competitiveness and 
sustainability in the sector (Kılıçlı and Aygün, 2023). 
Therefore, it is necessary to evaluate the performance of 
companies operating in the aerospace industry by 
considering the above factors. In this context, various 
methods have been developed to evaluate the 
performance of companies operating in this field 
(Vermeulen and Van Tooren, 2006; Noll, 2015; Hsieh et 
al., 2020), but it is seen that the application of multi-
criteria decision making (MCDM) methods is limited 
among these methods. 

The objective of this study is to analyze the financial 
performance of leading manufacturing companies in the 
international aerospace industry using MCDM methods. 
The study employs the CRITIC and ARAS methods to 
evaluate the performance of 12 companies operating 
within the aerospace industry. Financial indicators, 
including total capital, capital expenditures, gross 
income, operating expenses, total liabilities, and working 
capital, are employed as performance criteria. The 
combination of these methods provides a more 
comprehensive analysis of the financial health and 
overall performance of the companies in question. 

The continuation of the research is designed as follows: 
Firstly, an overview of the research conducted in the 
field of aviation using MCDM methods will be presented. 
The following section will present the methodology 
employed in the research, including an explanation of 
the MCDM methods utilized and the dataset. 

Subsequently, the research findings will be presented, 
and the study will conclude with a discussion of the 
conclusions and recommendations. 

2. Literature Review 

In the field of air transportation, research has been 
conducted in a number of areas, including the financial 
and operational performance measurement of airline 
companies, the performance evaluation of airports, the 
evaluation of airline and airport service quality, and the 
selection of personnel and aircraft using multi-criteria 
decision-making methods. Table 1 represents a summary 
of the aforementioned research. 

Ömürbek and Kınay (2013) employed the TOPSIS method 
to evaluate the financial performance of two airlines 
operating in Turkey and Germany. The results indicated 
that the Turkish airline exhibited superior performance 
compared to its German counterpart. In a similar vein, 
Altın et al. (2017) employed the ENTROPY-based COPRAS 
and Grey Relational Analysis (GRA) methods to evaluate 
Europe's largest airports. Their findings revealed that 
the three airports with the highest performance ratings 
were the main airports in Madrid, Frankfurt and Paris, 
respectively. In a further study, Bakır and Alptekin (2018) 
used the CODAS method to evaluate the performance of 
airline companies in terms of both airport services and 
cabin services. The objective of Raj and Srivastava (2018) 
was to develop a composite index (CI) for the evaluation 
of the sustainability performance of an aircraft 
manufacturing company, employing the Fuzzy Best 
Worst Multi-Criteria (FBWM) decision-making 
approach. The findings of the study indicated that 
economic considerations represent the most influential 
aspect of sustainability within the aerospace industry. 
Bakır and Atalık (2018) applied the ENTROPY-based ARAS 
method to evaluate the quality of airline services. The 
findings of the study indicate that the Japanese flag 
carrier All Nippon Airways provides the optimal level of 
service quality. In a further study, Ilgaz Yıldırım et al. 
(2019) employed the ARAS method to evaluate the 
criteria used in the selection of airline personnel. The 
findings of the research indicated that sectoral 
competence is the most crucial criterion for support 
staff. Kiracı and Bakır (2019) used the CRITIC-based 
EDAS method to evaluate the operational performance 
of airline businesses. Their findings revealed that these 
businesses were negatively affected by the global 
economic crisis of 2008. Öztürk and Onurlubaş (2019) 
adopted subjective methods to weight airline service 
quality criteria and employed the TOPSIS method to 
rank airline businesses. In their study, Çetin and Altan 
(2019) evaluated airline performance using the Fuzzy 
TOPSIS method. The most significant criterion among 
the evaluated criteria was 'Large and New Aircraft'. The 
criterion with the lowest level of importance was 'Sales 
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Office/Agency Services'. In the ranking of airline 
companies, Turkish Airlines is identified as the best-
performing company. 

Dilmen and Çetinyokuş (2020) evaluated the feasibility of 
a multi-airport system in the context of Ankara province 
using the AHP-TOPSIS-ELECTRE method. A financial 
performance analysis of Pegasus and Turkish Airlines 
was conducted by Macit and Göçer (2020), employing 
the Grey Relational Analysis method. The findings of the 
research indicate that Pegasus exhibits superior 
financial performance in comparison to Turkish Airlines; 
however, Turkish Airlines displays a more favorable 
profitability ratio. In a similar vein, Altınkurt and 
Merdivenci (2020) conducted an evaluation of the 
service quality provided by airline companies that cater 
to business travelers, applying the AHP and EDAS 
method. The findings of the research indicate that airline 
companies with their origins in the Far East perform 
better. Özdağoğlu et al. (2020) performed an analysis of 
the performance of airline companies utilizing Isparta 
Süleyman Demirel Airport, undertaking this assessment 
employing the BWM, MAIRCA, and MABAC methods. In 
2020, a hybrid multi-criteria decision-making model was 
proposed, based on the integration of PIPRECIA and 
MAIRCA methods, for the evaluation of the operational 
performance of airline companies operating in emerging 
markets. The study concluded that the most significant 
performance indicator is operating costs (Bakır et al., 
2020). In a departure from the approaches taken by 
other studies in the literature, Kiracı and Akan (2020) 
utilized a hybrid methodology combining the Interval 
Type-2 Fuzzy Analytical Hierarchy Process (IT2FAHP) 
and the Interval Type-2 Fuzzy Technique (IT2FTOPSIS) 
for the purpose of aircraft selection. The findings 
indicate that the Airbus A321neo is the optimal 
commercial aircraft for airlines in technical, economic, 
and environmental terms. 

Bae et al. (2021) aim to assess the competitiveness of 
airlines and evaluate their financial and operational 
performance according to these criteria. The 
researchers test a hybrid method that combines FAHP 
and TOPSIS methods. Özaslan et al. (2021) used AHP and 
TOPSIS methods in the selection of single-engine piston 
aircraft. Özbek and Ghouchi (2021) evaluated the 
financial performance of the leading European airlines 
using the WASPAS-based EDAS method. Keleş et al. 
(2021) evaluated the service quality of airports in terms 
of passengers using fuzzy CODAS and ARAS methods. 
Kurt and Kablan (2022) investigated the impact of Covid-
19 on airline financial performance using TOPSIS-
MABAC methods. Keleş (2022) analyzed the performance 
measurement of THY over the years using the CRITIC-
based MABAC method. Gedik and Bayram (2022) 
analyzed the cabin service quality of airlines with 

ENTROPY-based ARAS. The results show that the best 
airlines are Norwegian, Easy Jet and Vueling. 

Mercan and Can (2023) investigated the factors that are 
effective in the selection of employees in airline 
companies using the FUCOM method. The results show 
that technical competence is the most important 
selection criterion. Sarıgül et al. (2023) determined the 
service quality evaluation at airports with the MEREC-
based hybrid MARCOS-CoCoSo method. Boz et al. (2023) 
performed the selection of air cargo operations using the 
Bayesian BWM-WASPAS method. The main criteria of 
economy and quality were identified as the most 
important criteria in the selection. Bakır and İnce (2024) 
used the LOPCOW-AROMAN model in airline passenger 
satisfaction. Tezcan (2024) proposed a model with AHP 
and TOPSIS methods integrated with Pythagorean fuzzy 
sets in aircraft type selection for airlines. The research 
results show that Airbus A350-1000 aircraft is the most 
ideal aircraft. Seker (2024) identified agile features for 
LCCs with integrated SWARA, MABAC, and Picture Fuzzy 
Sets method. Xie et al. (2024) evaluated airline service 
quality using text mining and the TOPSIS, VIKOR and 
AISM methods from the CRM methods. 

3. Methodology 

The research evaluated the performance of international 
aerospace manufacturing companies. In this context, 
CRITIC and ARAS, which are widely used MCDM 
methods in this field, were used in an integrated way. 
The CRITIC method was used to obtain the weights of 
the evaluation criteria, and the ARAS method was used 
to rank the companies. 

The companies included in the study are among the 
world's leading organizations in the engineering, 
aerospace and aviation industries. These companies 
often focus on large-scale defense projects, commercial 
aircraft manufacturing, aerospace engines, space 
exploration and cyber security solutions. They also 
provide state-of-the-art infrastructure and solutions to 
commercial and military customers. Others 
manufacture only commercial aircraft, serving major 
airlines and producing cutting-edge technologies that 
are reshaping the commercial aviation industry. 

MCDM uses a set of criteria selected to comprehensively 
assess the financial performance and overall well-being 
of the firm. The term 'total capital' refers to all the 
financial resources of the firm (Antonelli et al., 2023), 
while capital expenditure describes the significant 
expenditures made to develop or acquire long-term 
assets (Beranek et al., 1995). 
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Table 1.  Studies Using MCDM Methods in Air Transportation 

Author(s) MCDM Method Scope 

Ömürbek and Kınay (2013) TOPSIS Airline financial performance 

Altın et al. (2017) ENTROPY-COPRAS-GRA Airport performance measurement 

Bakır and Alptekin (2018) CODAS Airline service quality 

Raj and Srivastava (2018) Fuzzy (BWM) Aircraft manufacturing firms’ performance measurement 

Bakır and Atalık (2018) ENTROPY-ARAS Airline service quality 

Ilgaz Yıldırım et al. (2019) ARAS Airline staff selection 

Kiracı and Bakır (2019) CRITIC-EDAS Airline performance measurement 

Öztürk and Onurlubaş (2019) AHP-TOPSIS Airline service quality 

Çetin and Altan (2019) Fuzzy TOPSIS Airline performance evaluation 

Dilmen and Çetinyokuş (2020) AHP-TOPSIS-ELECTRE Multi-airport system suitability 

Macit and Göçer (2020) GİA Airline financial performance 

Altınkurt and Merdivenci (2020) AHP-EDAS Airline service quality 

Özdağoğlu et al. (2020) BWM-MAIRCA-MABAC Airline performance measurement 

Bakır et al. (2020) PIPRECIA-MAIRCA Airline operational performance measurement 

Kiracı and Akan (2020) (IT2F) AHP-TOPSIS Aircraft selection 

Bae et al. (2021) Fuzzy AHP-TOPSIS 
Airline financial and operational performance 
measurement 

Özaslan et al. (2021) AHP-TOPSIS Single-engine aircraft selection 

Özbek and Ghouchi (2021) WASPAS-EDAS Airline financial performance 

Keleş et al. (2021) (Fuzzy) CODAS-ARAS Airport service quality 

Kurt and Kablan (2022) TOPSIS-MABAC Airline financial performance 

Keleş (2022) CRITIC-MABAC Airline performance measurement 

Gedik and Bayram (2022) ENTROPY-ARAS Airline cabin service quality 

Mercan and Can (2023) FUCOM Airline labor selection 

Sarıgül et al. (2023) MEREC-MARCOS-CoCoSo Airport service quality 

Boz et al. (2023) Bayesian BWM-WASPAS Choosing an air cargo company 

Bakır and İnce (2024) LOPCOW-AROMAN Airline passenger satisfaction 

Tezcan (2024) Pisagor Fuzzy Sets-AHP-TOPSIS Aircraft type selection 

Seker (2024) SWARA-MABAC-PiFS Agile attributes for LCC 

Xie et al. (2024) TOPSIS-VIKOR-AISM Airline service quality 

This study CRITIC-ARAS Aerospace manufacturing firms’ performance measurement 

The amount of money generated from sales after 
deducting direct costs is known as gross revenue, which 
indicates how profitable the company is (Abdel-Basset et 
al., 2020). Operating expenses are a measure of the 
operational efficiency of a company, as they represent 
the regular costs incurred to maintain its main activities 
(Khalid and Khan, 2017). Working capital is the difference 
between short-term assets and liabilities and indicates 

the ability of the business to finance its day-to-day 
operations (Baños-Caballero et al., 2010), while total 
liabilities cover the debts and obligations of the business 
to third parties (Rehwinkel, 2016). These parameters 
allow the analysis of many different financial scenarios, 
ranging from the growth capacity of the company to its 
debt position. Table 2 lists the research criteria and 
alternatives used. 
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Table 2. Criteria and Alternatives Used in the Study 

Criteria  Alternatives 

Codes Direction Criteria Name Codes Firms 

C1 MAX Total Capital 
A1 AIRBUS 
A2 BAE SYSTEMS 

C2 MIN Capital Expenditures 
A3 BOEING 
A4 GENERAL DYNAMICS 

C3 MAX Gross Income 
A5 GENERAL ELECTRIC 
A6 LOCKHEED MARTIN 

C4 MIN Operating Expenses 
A7 NORTHROP GRUMMAN 
A8 ROLLS ROYCE 

C5 MIN Total Liabilities 
A9 RTX CORPORATION 
A10 SAFRAN 

C6 MAX Working Capital 
A11 THALES 
A12 TRANSDIGM GROUP 

3.1 Weighting of Criteria: CRITIC Method  

The Criteria Importance Through Intercriteria 
Correlation (CRITIC) method, as proposed by Diakoulaki 
et al., (1995), (Houqiang and Ling, 2012; Xie et al., 2014), is 
primarily used for the determination of the weight of the 
attributes. In the CRITIC method, the weighting process 
is performed by taking into account the standard 
deviation of the decision matrix for the evaluation 
criteria and the correlation coefficient of these criteria 
(Çakır and Perçin, 2013). This method is based on the 
premise that the features do not contradict one another, 
and the weights of the features are determined using the 
decision matrix. The CRITIC method has been applied in 
various fields, including automatic areal feature 
matching (Kim et al., 2011; Kim and Yu, 2015), medical 
quality assessment (Ping, 2014) and ranking of 
processing procedures (Madic and Radovanovic, 2015). 
The application stages of the CRITIC method are 
outlined below (Diakoulaki et al., 1995): 

In the CRITIC method, the decision matrix must be 
prepared first. The decision matrix is given in equation 1. 

𝑌 = [𝑦𝑖𝑗] = [

𝑦11 𝑦12
… 𝑦1𝑛

𝑦21 𝑦22
… 𝑦2𝑛

…
𝑦𝑚1

…
𝑦𝑚2

…
…

…
𝑦𝑚𝑛

]                                      (1) 

The decision matrix is normalized using the equation (Eq 
2) and (Eq 3). The cost and benefit characteristics of the 
evaluation criteria are taken into account. 

𝑟𝑖𝑗 =
𝑦𝑖𝑗−𝑦𝑗

𝑚𝑖𝑛

𝑦𝑗
𝑚𝑎𝑥−𝑦𝑗

𝑚𝑖𝑛                          (2) 

𝑟𝑖𝑗 =
𝑦𝑗

𝑚𝑎𝑥− 𝑦𝑖𝑗

𝑦𝑗
𝑚𝑎𝑥−𝑦𝑗

𝑚𝑖𝑛                                         (3) 

In order to show the direction and strength of the 
relationship between the evaluation criteria, a matrix R 
= (𝜌𝑗𝑘)mxm consisting of linear correlation coefficients 

(𝜌𝑗𝑘) is created and the correlation coefficient of the 
relevant criteria is calculated using (Eq 4). 

𝜌𝑗𝑘 =
∑ (𝑟𝑖𝑗−𝑟̅𝑗)(𝑟𝑖𝑘−𝑟̅𝑘)𝑚

𝑖=1

√∑ (𝑟𝑖𝑗−𝑟̅𝑗)2 ∑ (𝑟𝑖𝑘−𝑟̅𝑘)2𝑚
𝑖=1

𝑚
𝑖=1

                                   (4) 

 (Eq 5) is used to determine the value 𝜎𝑗, which indicates 
the standard deviation value of each evaluation criterion, 
and 𝐶𝑗, which expresses the amount of information for 
each evaluation criterion. 

𝐶𝑗 = 𝜎𝑗 ∑ (1 −𝑛
𝑘=1 𝜌𝑗𝑘)                                                               (5) 

Finally, the weight value of each evaluation criterion is 
calculated using (Eq 6) and the criterion weights are 
obtained. 

𝑤𝑗 = 𝐶𝑗/ ∑ 𝐶𝑘
𝑛
𝑘=1                                              (6) 

3.2 Ranking of Alternatives: ARAS Method 

ARAS (Additive Ratio Assessment Method), one of the 
MCDM, was developed by Zavadskas and Turskis in 2010. 
According to Ilgaz Yıldırım et al., (2019), this method 
assigns the values of the selection alternatives with their 
ratios to the ideal decision alternative according to the 
utility function. A feature that distinguishes the ARAS 
method from the other MCDM techniques in the 
literature is that it compares the utility function values 
of the alternatives with the value of the alternative in the 
ideal scenario (Bakır and Atalık, 2018). The following 
steps constitute the ARAS technique (Zavadskas and 
Turskis, 2010): 

First, the decision matrix is constructed as in (Eq 7): 

𝑋 = [

𝑋11 𝑋12 … 𝑋1𝑛

𝑋21 𝑋22 … 𝑋2𝑛…
𝑋𝑚1

…
𝑋𝑚2

…
…

…
𝑋𝑚𝑛

]  ; 𝑖 = 0,1, … . , 𝑚;   𝑗 = 1,2, … . , 𝑛 

 (7) 

In this matrix there are 𝑚 options and 𝑛 evaluation 
criteria. If the reference value for the criteria is not 

https://doi.org/10.23890/IJAST.vm06is02.0205


Mehmet Yaşar, IJAST, Volume 6, Issue 2, 2025, DOI: 10.23890/IJAST.vm06is02.0205 

131 

known, the best value based on the benefit (maximum) 
or cost (minimum) characteristic is determined using (Eq 
8): 

{
   𝐼𝑓  𝑚𝑎𝑘𝑠𝑖𝑥𝑖𝑗  ; 𝑥0𝑗 = 𝑚𝑎𝑘𝑠𝑖𝑥𝑖𝑗

𝐼𝑓  𝑚𝑖𝑛𝑖𝑥𝑖𝑗
∗      ;  𝑥0𝑗 = 𝑚𝑖𝑛𝑖𝑥𝑖𝑗

∗                           (8) 

Obtaining the normalized decision matrix is the next 
step. The process of standardizing the criteria in the 
range of 0 to 1 is known as normalizing the criteria. 
During the normalization process, (Eq 9) and (Eq 10) are 
used to calculate the normalized values of the criteria 
that are desired to be maximum or minimum according 
to the problem objective. 

𝑜𝑟 𝑐𝑟𝑖𝑡𝑒𝑟𝑖𝑎 𝑡ℎ𝑎𝑡 𝑎𝑟𝑒 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑡𝑜 𝑡𝑎𝑘𝑒 𝑡ℎ𝑒 𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒:       𝑥̅𝑖𝑗 =
𝑥𝑖𝑗

∑ 𝑥𝑖𝑗
𝑚
𝑖=0

   (9) 

𝑓𝑜𝑟 𝑐𝑟𝑖𝑡𝑒𝑟𝑖𝑎 𝑡ℎ𝑎𝑡 𝑎𝑟𝑒 𝑟𝑒𝑞𝑢𝑖𝑟𝑒𝑑 𝑡𝑜 𝑡𝑎𝑘𝑒 𝑡ℎ𝑒 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒:      𝑥̅𝑖𝑗 =
1/𝑥𝑖𝑗

∑ 1/𝑥 𝑖𝑗
𝑚
𝑖=0

               (10) 

The next step is to obtain the weighted normalized 
decision matrix. The importance coefficients of the 
criteria are used to perform the weighting step following 
the normalization step. According to Zavadskas and 
Turskis (2010), the importance coefficients of the criteria 
must satisfy the condition 0 < 𝑤j < 1. (Eq 11) provides the 
following formula to obtain the normalized weights: 

𝑥𝑖𝑗 = 𝑥̅𝑖𝑗𝑤𝑗            𝑖 = 0,1, … , 𝑚                                   (11) 

The normalized value of criterion 𝑗 is denoted by 𝑥̅𝑖𝑗  in 
the (Eq 11), where 𝑤𝑗  is the importance coefficient of 
criterion j. In the next step, the optimality function (𝑆𝑖) is 
calculated. In this step, the best values for each 
alternative are determined. Equation (12) is used to 
calculate the values of the alternatives. 

𝑆𝑖 = ∑ 𝑥𝑖𝑗  ;             𝑖 = 0,1, … , 𝑚𝑛
𝑗=1                         (12) 

The optimality function of the 𝑖-th alternative is denoted 
by 𝑆𝑖. Following this procedure, the 𝑆𝑖  values of the 
alternatives are divided by the optimal value 𝑆0 to 
determine the 𝐾𝑖 utility ratings. Equation (13) is used to 
determine the 𝐾𝑖  values. 

𝐾𝑖 =
𝑆𝑖

𝑆0
 ;                       𝑖 = 0,1, … , 𝑚                   (13) 

The 𝐾𝑖  values obtained are used to analyse the efficiency 
of the utility functions of the alternatives. This is 
equivalent to ranking the alternatives from best to worst 
and ranking the 𝐾𝑖  values from largest to smallest 
(Zavadskas and Turskis, 2010). The 𝐾𝑖  value is between 0 
and 1. The relative utility efficiency of the alternatives is 
calculated using the 𝐾𝑖  values obtained. These values are 
then ranked from largest to smallest and the selection 
alternatives are evaluated (Ilgaz Yıldırım et al., 2019). 

 

 

4. Results 

This part of the research provides information on the 
application stages of the CRITIC and ARAS methods. As 
part of the study, the performance indicators of 12 
companies in the international aerospace manufacturing 
industry were analyzed for the period from 2019 to 2023. 
Six financial indicators were included in the research. 

4.1 CRITIC Results 

The initial step involved the implementation of the 
CRITIC method for the purpose of assigning weights to 
the performance indicators. In this study, the weighting 
process was carried out separately for each year of the 
2019-2023 period, as the criteria weights used for each 
year were derived from the decision matrix. However, 
for the sake of exemplification and to conserve space, 
only the weighting process conducted on the data from 
2023 is presented here. 

In the initial phase of the CRITIC method, a decision 
matrix is constructed to represent the evaluation 
criteria. In this case, the decision matrix comprised 12 
manufacturing enterprises operating in the aerospace 
industry (Alternative) and 6 criteria (Indicator), 
organized using (Eq 1). The resulting decision matrix for 
these enterprises is presented in Table 3. As shown in 
Table 3, firms A10 (Safran) and A11 (Thales) report 
negative working capital. This situation may initially 
appear as a data anomaly; however, it can also be 
interpreted as a characteristic of capital-intensive 
industries such as aerospace and defense. In such 
sectors, firms often have high short-term liabilities due 
to large-scale production contracts and advance 
payments, which may temporarily result in negative 
working capital without necessarily implying financial 
distress. 

In the second stage of the CRITIC method, the decision 
matrix is normalized according to the benefit or cost 
nature of each criterion, as shown in (Eq 2). During this 
normalization process, the minimum and maximum 
values of each criterion are first identified. Then, the 
normalized values are calculated using (Eq 2), which 
adjusts each value based on the type of criterion (benefit 
or cost). Specifically, for benefit-type criteria, 
normalization is achieved by dividing each value by the 
sum of the values in its column, whereas for cost-type 
criteria, the inverse approach is used. The resulting 
normalized decision matrix is presented in Table 4. 

In the subsequent phase of the CRITIC approach, the 
direction and intensity of the relationship between the 
performance measurement criteria were determined by 
applying a correlation analysis to the relevant criteria 
with the assistance of (Eq 3). Table 5 presents the 
findings of the correlation analysis conducted on the 
performance measurement criteria. 
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Table 3. Initial Decision Matrix (2023) 

 MAX MIN MAX MIN MIN MAX 

Alternatives C1 C2 C3 C4 C5 C6 

A1 34837660 3363279 11072033 67441953 107692167 11323369 

A2 20956378 1053687 8120788 26606232 26446776 1058790 

A3 29875000 1527000 7724000 78615000 154181000 13448000 

A4 30435000 904000 6672000 38027000 33483000 7183000 

A5 48290000 1595000 17719000 63484000 123891000 8923000 

A6 24126000 1691000 10071000 59012000 42668000 3584000 

A7 28581000 1775000 6551000 36753000 30729000 1764000 

A8 1685134 547254 4585962 18689548 41003218 4062945 

A9 103800000 2415000 12089000 60173000 100424000 1656000 

A10 18818267 907236 4783109 23135081 41071466 -1556522 

A11 13988087 689632 5254255 18491640 33768818 -2830181 

A12 17352000 139000 3721000 3630000 21948000 5159000 

Table 4. Normalized Decision Matrix (2023) 

 MAX MIN MAX MIN MIN MAX 

Alternatives C1 C2 C3 C4 C5 C6 

A1 0,325 0,000 0,525 0,149 0,352 0,869 

A2 0,189 0,716 0,314 0,694 0,966 0,239 

A3 0,276 0,570 0,286 0,000 0,000 1,000 

A4 0,282 0,763 0,211 0,541 0,913 0,615 

A5 0,456 0,548 1,000 0,202 0,229 0,722 

A6 0,220 0,519 0,454 0,261 0,843 0,394 

A7 0,263 0,493 0,202 0,558 0,934 0,282 

A8 0,000 0,873 0,062 0,799 0,856 0,423 

A9 1,000 0,294 0,598 0,246 0,407 0,276 

A10 0,168 0,762 0,076 0,740 0,855 0,078 

A11 0,120 0,829 0,110 0,802 0,911 0,000 

A12 0,153 1,000 0,000 1,000 1,000 0,491 

STD. DEV. 0,25145 0,27410 0,28595 0,31827 0,34267 0,30585 

 

In the final phase of the CRITIC technique, the quantity 
of information and the weights assigned to the criteria 
are determined. In this context, the information amount 
(Cj) is initially determined through the application of (Eq 
4). Subsequently, the value of (Cj) for each criterion is 
divided by the total value of (Cj) for all criteria. The 
resulting value is then expressed as the criterion weight 
value, which is calculated with the help of Equation (5). 
Table 6 presents the (Cj) and (Wj) values for the 
performance measurement criteria. 

Up to this point in the analysis, only the criterion weight 
value and the amount of information value for 2023 have 
been determined. The criteria weight values for the 
2019-2023 period are presented in Table 7. 

Table 7 illustrates that the weight values attributed to 
the criteria of aerospace manufacturing firms included 
in the study for the 2019-2023 period fall within the 
range of 0.133-0.209. The rankings of the criteria 
weights vary from year to year. Consequently, when the 
evaluation is made on the basis of the 2023 period, it is 
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evident that the variable with the lowest weight on the 
performance of aerospace manufacturing firms is 
Capital Expenditures (C2), while the variable with the 

highest weight is Working Capital (C6). The weight 
change graph of the criteria weights for different years 
is provided in Figure 1 for reference. 

Table 5. Correlation Matrix (2023) 

Alternatives C1 C2 C3 C4 C5 C6 

C1 1,000 -0,584 0,629 -0,540 -0,501 0,095 

C2 -0,584 1,000 -0,632 0,783 0,592 -0,389 

C3 0,629 -0,632 1,000 -0,731 -0,650 0,394 

C4 -0,540 0,783 -0,731 1,000 0,854 -0,656 

C5 -0,501 0,592 -0,650 0,854 1,000 -0,712 

C6 0,095 -0,389 0,394 -0,656 -0,712 1,000 

Table 6. Amount of Information and Criterion Weight Value (2023) 

 C1 C2 C3 C4 C5 C6 

Rjj 5,901 5,230 5,991 5,290 5,418 6,267 

Cj 1,484 1,434 1,713 1,684 1,857 1,917 

Wj 0,147 0,142 0,170 0,167 0,184 0,190 

Table 7.  Weight of criteria (2019-2023) 

Alternatives C1 C2 C3 C4 C5 C6 

2019 0,175 0,157 0,173 0,178 0,172 0,145 

2020 0,186 0,145 0,133 0,156 0,171 0,209 

2021 0,151 0,155 0,163 0,175 0,195 0,160 

2022 0,148 0,158 0,165 0,178 0,187 0,164 

2023 0,147 0,142 0,170 0,167 0,184 0,190 

 

Fig. 1. Weight Level Change of Performance Criteria by Years (2019-2023) 
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Table 8. Initial Decision Matrix for ARAS (2023) 

 MAX MIN MAX MIN MIN MAX 

Alternatives C1 C2 C3 C4 C5 C6 

A1 34837660 3363279 11072033 67441953 107692167 11323369 

A2 20956378 1053687 8120788 26606232 26446776 1058790 

A3 29875000 1527000 7724000 78615000 154181000 13448000 

A4 30435000 904000 6672000 38027000 33483000 7183000 

A5 48290000 1595000 17719000 63484000 123891000 8923000 

A6 24126000 1691000 10071000 59012000 42668000 3584000 

A7 28581000 1775000 6551000 36753000 30729000 1764000 

A8 1685134 547254 4585962 18689548 41003218 4062945 

A9 103800000 2415000 12089000 60173000 100424000 1656000 

A10 18818267 907236 4783109 23135081 41071466 -1556522 

A11 13988087 689632 5254255 18491640 33768818 -2830181 

A12 17352000 139000 3721000 3630000 21948000 5159000 

Table 9. Transformed Decision Matrix for ARAS (2023) 

 MAX MIN MAX MIN MIN MAX 

Alternatives C1 C2 C3 C4 C5 C6 

Wj 0,1471 0,1421 0,1698 0,1669 0,1840 0,1900 

𝐴0 (Optimum) 103800000 7,194E-06 17719000 2,755E-07 4,556E-08 13448000 

A1 34837660 2,973E-07 11072033 1,483E-08 9,286E-09 11323369 

A2 20956378 9,49E-07 8120788 3,759E-08 3,781E-08 1058790 

A3 29875000 6,549E-07 7724000 1,272E-08 6,486E-09 13448000 

A4 30435000 1,106E-06 6672000 2,63E-08 2,987E-08 7183000 

A5 48290000 6,27E-07 17719000 1,575E-08 8,072E-09 8923000 

A6 24126000 5,914E-07 10071000 1,695E-08 2,344E-08 3584000 

A7 28581000 5,634E-07 6551000 2,721E-08 3,254E-08 1764000 

A8 1685134 1,827E-06 4585962 5,351E-08 2,439E-08 4062945 

A9 103800000 4,141E-07 12089000 1,662E-08 9,958E-09 1656000 

A10 18818267 1,102E-06 4783109 4,322E-08 2,435E-08 -1556522 

A11 13988087 1,45E-06 5254255 5,408E-08 2,961E-08 -2830181 

A12 17352000 7,194E-06 3721000 2,755E-07 4,556E-08 5159000 

TOTAL 476544526 2,39713E-05 116082147 8,69728E-07 3,26932E-07 67223401 

4.2 ARAS Results 

In this section, the decision matrix employed in the 
Entropy method calculations is utilized to rank the 
alternatives by evaluating the performance of aerospace 
manufacturing firms in accordance with the ARAS 
method. In this context, the initial decision matrix is 
presented in Table 8. 

Moreover, the ARAS approach is structured in a way that 
makes (Eq 7) the optimal means of generating the 
criterion values, which are then represented in the 
decision matrix. The values in each column of the matrix 
in Table 9 are selected with the objective of obtaining the 
optimal values 𝐴0 based on the cost or benefit attribute. 
In the ARAS method, an additional artificial alternative, 
referred to as A0 (optimum), is introduced to serve as the 
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ideal solution against which all other alternatives are 
compared. A0 represents the best achievable values 
across all criteria, allowing the relative utility of each real 
alternative to be measured. In this study, A0 was 
generated based on the maximum or minimum values for 
each criterion, depending on whether the criterion is 
benefit-type or cost-type. 

The normalized decision matrix is presented in Table 10 
for reference. In order to transform the selection matrix 
into standardized values, (Eq 8) and (Eq 9) are employed 
to normalize it subsequent to the addition of optimal 
values to the data set. (Eq 8) is employed for criteria C1, 

C3 and C6, while (Eq 9) is utilized for the remaining 
criteria. 

The weight coefficients, which represent the relative 
importance of the alternatives, are multiplied by the 
scores of the alternatives in the ARAS technique. At this 
stage, Table 10 is used for the weighting process, and (Eq 
10) is used to determine the Entropy weight values. For 
example, the Entropy weight for criterion C1 is 
multiplied by each column element in Table 10 to obtain 
weighted values. Table 11 shows the selection matrix 
produced after weighting.

Table 10. Normalized Decision Matrix for ARAS (2023) 

 MAX MIN MAX MIN MIN MAX 

Alternatives C1 C2 C3 C4 C5 C6 

Wj 0,1471 0,1421 0,1698 0,1669 0,1840 0,1900 

𝐴0 (Optimum) 0,2178 0,3001 0,1526 0,3167 0,1393 0,2000 

A1 0,0731 0,0124 0,0953 0,0170 0,0284 0,1684 

A2 0,0439 0,0395 0,0699 0,0432 0,1156 0,0157 

A3 0,0626 0,0273 0,0665 0,0146 0,0198 0,2000 

A4 0,0638 0,0461 0,0574 0,0302 0,0913 0,1068 

A5 0,1013 0,0261 0,1526 0,0181 0,0246 0,1327 

A6 0,0506 0,0246 0,0867 0,0194 0,0716 0,0533 

A7 0,0599 0,0235 0,0564 0,0312 0,0995 0,0262 

A8 0,0035 0,0762 0,0395 0,0615 0,0745 0,0604 

A9 0,2178 0,0172 0,1041 0,0191 0,0304 0,0246 

A10 0,0394 0,0459 0,0412 0,0496 0,0744 -0,0231 

A11 0,0293 0,0604 0,0452 0,0621 0,0905 -0,0421 

A12 0,0364 0,3001 0,0320 0,3167 0,1393 0,0767 

Table 11. Weighted Normalized Matrix for ARAS (2023) 

 MAX MIN MAX MIN MIN MAX 

Alternatives C1 C2 C3 C4 C5 C6 

Wj 0,1471 0,1421 0,1698 0,1669 0,1840 0,1900 

𝐴0 (Optimum) 0,0320 0,0427 0,0259 0,0529 0,0256 0,0380 

A1 0,0108 0,0018 0,0162 0,0028 0,0052 0,0320 

A2 0,0065 0,0056 0,0119 0,0072 0,0213 0,0030 

A3 0,0092 0,0039 0,0113 0,0024 0,0037 0,0380 

A4 0,0094 0,0066 0,0098 0,0050 0,0168 0,0203 

A5 0,0149 0,0037 0,0259 0,0030 0,0045 0,0252 

A6 0,0074 0,0035 0,0147 0,0033 0,0132 0,0101 

A7 0,0088 0,0033 0,0096 0,0052 0,0183 0,0050 

A8 0,0005 0,0108 0,0067 0,0103 0,0137 0,0115 
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A9 0,0320 0,0025 0,0177 0,0032 0,0056 0,0047 

A10 0,0058 0,0065 0,0070 0,0083 0,0137 -0,0044 

A11 0,0043 0,0086 0,0077 0,0104 0,0167 -0,0080 

A12 0,0054 0,0427 0,0054 0,0529 0,0256 0,0146 

Table 12. The Optimality Function (2019-2023) 

 2019 2020 2021 2022 2023 

Alternatives Si Ki Si Ki Si Ki Si Ki Si Ki 

𝐴0 (Optimum) 0,2762 1,000 0,2357 1,000 0,2286 1,000 0,2290 1,000 0,2171 1,000 

A1 0,0211 0,077 0,0445 0,189 0,0499 0,219 0,0565 0,247 0,0688 0,317 

A2 0,0537 0,195 0,0497 0,211 0,0538 0,236 0,0565 0,247 0,0555 0,255 

A3 0,0364 0,132 0,0699 0,296 0,0672 0,294 0,0668 0,291 0,0685 0,316 

A4 0,0468 0,169 0,0509 0,216 0,0546 0,239 0,0560 0,244 0,0679 0,313 

A5 0,1456 0,527 0,1209 0,513 0,0831 0,364 0,0801 0,350 0,0773 0,356 

A6 0,0412 0,149 0,0469 0,199 0,0520 0,228 0,0522 0,228 0,0523 0,241 

A7 0,0451 0,163 0,0520 0,221 0,0506 0,222 0,0489 0,213 0,0503 0,232 

A8 0,0304 0,110 0,0309 0,131 0,0451 0,197 0,0476 0,208 0,0535 0,247 

A9 0,0725 0,262 0,0726 0,308 0,0712 0,311 0,0702 0,306 0,0657 0,302 

A10 0,0382 0,138 0,0435 0,185 0,0488 0,214 0,0406 0,177 0,0369 0,170 

A11 0,0430 0,156 0,0475 0,202 0,0509 0,223 0,0517 0,226 0,0396 0,183 

A12 0,1498 0,542 0,1350 0,573 0,1440 0,630 0,1441 0,629 0,1465 0,675 

Table 13. Ranking of the Firms (2019-2023) 

Alternatives 2019 2020 2021 2022 2023 

AIRBUS 12 10 10 5 3 

BAE SYSTEMS  4 7 6 6 7 

BOEING 10 4 4 4 4 

GENERAL DYNAMICS  5 6 5 7 5 

GENERAL ELECTRIC 2 2 2 2 2 

LOCKHEED MARTIN  8 9 7 8 9 

NORTHROP GRUMMAN  6 5 9 10 10 

ROLLS ROYCE 11 12 12 11 8 

RTX CORPORATION 3 3 3 3 6 

SAFRAN  9 11 11 12 12 

THALES  7 8 8 9 11 

TRANSDIGM GROUP  1 1 1 1 1 

Once the weighted normalized decision matrix had been 
obtained, the values of the optimality function for each 
choice were generated. At this juncture, (Eq 11) and (Eq 
12) were employed to derive the utility degrees Ki and Si, 
respectively. Table 12 presents the optimality functional 
values for the 2019-2023 time period. 

The equation 𝑆𝑖/𝑆0 was employed to calculate the 𝐾𝑖 
values obtained in the preceding step. The 𝑆𝑖  value 
employed in this step is derived from the data obtained 
in the preceding step, whereas the 𝑆0 value represents 
the fixed 𝑆𝑖 value of option A0. Ultimately, the 
alternatives are evaluated according to their 
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performance, with the ranking of the 𝐾𝑖 utility degrees 
from largest to smallest serving as a basis for this 
assessment. Table 13 illustrates the rankings of the 
enterprises for the 2019-2023 period, as determined by 
the application of the ARAS method. 

The TransDigm Group has demonstrated superior 
performance and stability relative to other companies, 
consistently occupying the top position (rank 1) over the 
past five years. Furthermore, General Electric has 
attained a robust and resilient standing, ranking second 
for a period of five years. This suggests the existence of 
a stable financial position or competitive advantages in 
the market. Airbus has demonstrated a noteworthy 
advancement, ascending from the 12th position in 2019 
to the 3rd position in 2023. This upward trajectory may 
be attributed to strategic alterations or operational 
enhancements that have augmented the company's 
performance. BAE Systems and General Dynamics 
demonstrate a moderate degree of consistency, 
occupying positions between fourth and seventh over 
the course of the observation period. While these 
companies continue to perform in a consistent manner, 
they are not exceptional performers, exhibiting neither 
significant progress nor decline. 

Boeing commenced 2019 in tenth position but has since 
maintained a consistent performance, occupying fourth 
place from 2020 to 2023. Boeing's ranking suggests that 
the company will recover and demonstrate resilience in 
the coming years, despite the challenges it has faced, 
including those resulting from the 737 MAX crisis. The 
fluctuating rankings of Lockheed Martin, Northrop 
Grumman, Rolls-Royce and Thales, which are typically 
situated in the lower echelons of the table, suggest a lack 
of consistency in performance or the ability to sustain a 
trajectory of steady growth. Safran's consistent ranking 
between 9th and 12th places demonstrates that, despite 
facing certain challenges in comparison to other 
companies in the sector, it has not declined significantly 
over time. Between 2019 and 2022, RTX Corporation 
(formerly Raytheon) retained its third position; however, 
it declined to sixth place in 2023. This may be indicative 
of an underlying issue or shift in the company's strategic 
direction. 

5. Discussion and Conclusion 

The principal aim of this study is to evaluate the 
performance of aerospace companies through the 
application of multi-criteria decision-making 
techniques utilizing a range of financial indicators. In 
this context, the performance of 12 aerospace companies 
over the period 2019-2023 is analyzed. The CRITIC 
method was employed to ascertain the significance and 
weighting of the criteria to be utilized in the study, while 
the ARAS method was used to rank the firms according 

to their performance. In the context of this study, a 
number of financial variables were employed as 
performance indicators for the enterprises in question. 
These included total capital, working capital, gross 
income, capital expenditures, operating expenses and 
total liabilities. 

The application of the CRITIC method resulted in 
differing weights for the criteria on an annual basis. In 
the 2023 period, the most significant evaluation criterion 
is working capital (0.190), followed by total liabilities 
(0.184), gross revenue (0.170), operating expenses (0.167), 
total capital (0.147), and capital expenditures (0.142). In 
the 2021-2022 period, the criterion with the highest 
weight value was total liabilities, while the criterion with 
the lowest weight value was total capital. In the 2020 
assessment, working capital was identified as the 
criterion with the highest weight, while gross income 
was identified as the criterion with the lowest weight. In 
2019, operating expenses were identified as the criterion 
with the highest weight, while working capital was 
identified as the criterion with the lowest weight. 

The results of the performance evaluation conducted 
using the ARAS method, subsequent to the CRITIC 
method, indicate that Transdigm Group is the most 
effective enterprise across all years, with General 
Electric ranking second. In the 2023 period, Airbus was 
ranked third and Boeing was ranked fourth. In the 
selected period, it was observed that the performance 
rankings of some enterprises exhibited fluctuations from 
year to year, while others demonstrated a relatively 
stable outlook. 

Specifically, the strong and consistent performance of 
TransDigm Group and General Electric can be explained 
by their favorable values across the most influential 
indicators — particularly working capital and total 
liabilities, which had the highest weights in 2023 
according to the CRITIC method (0.190 and 0.184, 
respectively). TransDigm consistently demonstrates 
robust working capital levels, indicating efficient short-
term financial management and liquidity. At the same 
time, it maintains relatively low liabilities, improving its 
overall financial risk profile. These two criteria alone 
accounted for nearly 38% of the total weight in 2023, 
significantly boosting the firm's final performance score 
under the ARAS method. Similarly, General Electric's 
strong results stem from a combination of high gross 
income and solid working capital, which aligns with the 
next most significant criteria weights (gross income: 
0.170; total capital: 0.147). This suggests strong 
operational efficiency and revenue generation capacity. 
These firms outperformed their peers not necessarily 
because they had the best values in every criterion, but 
because they consistently performed well across those 
criteria deemed most important in each year — a fact 
captured dynamically by the CRITIC weighting system. 
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This clarification helps better interpret the performance 
results and the strategic advantages of the top-
performing firms. 

The findings of this study have important strategic 
implications for stakeholders in the aerospace industry. 
Given the prominence of working capital and total 
liabilities in performance evaluation, firms should 
prioritize liquidity management and debt optimization 
to strengthen their financial standing. Moreover, 
consistent performers like TransDigm and GE provide 
benchmarks for best practices in financial planning, 
investment control, and capital efficiency. For investors 
and managers, this study highlights the critical 
indicators that most significantly influence firm 
performance in this capital-intensive and 
technologically demanding sector. 

The findings of this study provide important insights into 
the financial performance dynamics of the aerospace 
manufacturing sector and contribute to the growing 
body of literature on multi-criteria decision-making 
(MCDM) applications in industrial performance 
assessment. The results confirm that certain financial 
indicators—particularly working capital and total 
liabilities—carry significant weight in performance 
evaluation, as also emphasized by Baños-Caballero et al. 
(2010) and Rehwinkel (2016), who highlighted the 
relevance of liquidity and debt management for 
sustainable firm performance. 

The consistent top-ranking of TransDigm Group across 
all five years reveals a strong and stable financial 
structure. This performance is supported by the 
company’s ability to manage short-term assets 
effectively and minimize excessive liabilities, aligning 
with Antonelli et al. (2023), who emphasized that 
optimized capital utilization enhances firm value and 
long-term competitiveness. Similarly, General Electric 
maintained a second-place position throughout the 
period, reflecting robust gross income and operational 
efficiency, in line with findings by Abdel-Basset et al. 
(2020) and Khalid & Khan (2017), who noted that high 
revenue generation combined with controlled operating 
costs is a key determinant of superior financial 
outcomes. 

In contrast, companies like Rolls-Royce, Safran, and 
Thales exhibited more volatile or consistently lower 
rankings, which may reflect strategic challenges, 
suboptimal capital expenditures, or liquidity pressures. 
The variability observed in Airbus and Boeing’s rankings 
across the years is noteworthy. While Boeing recovered 
to a higher ranking after a downturn—potentially 
reflecting post-crisis stabilization—Airbus showed a 
marked improvement by 2023, which could be linked to 
operational reforms or post-pandemic recovery 
strategies. These trends underscore the sector’s 

sensitivity to external shocks, such as the COVID-19 
crisis, as also discussed by Kurt and Kablan (2022). 

From a methodological perspective, the integration of 
CRITIC and ARAS proved to be effective in capturing 
both the objective importance of criteria and the relative 
performance of firms. This aligns with prior studies such 
as Kiracı and Bakır (2019) and Bakır et al. (2020), who 
demonstrated the value of hybrid MCDM models in 
handling multidimensional financial data and generating 
actionable rankings for managerial decision-making. 
Objective weighting methods like CRITIC offer distinct 
advantages over purely subjective approaches by 
capturing both the variability and interdependence 
among criteria, leading to more robust and data-driven 
evaluations. This reinforces the notion suggested by 
Diakoulaki et al. (1995) that objective MCDM tools can 
improve transparency and reliability in performance 
assessment models. 

The study was conducted with the objective of 
evaluating the performance of firms engaged in 
manufacturing activities within the aviation and 
aerospace industry. In the course of this evaluation, a 
number of limitations were encountered. Firstly, 
although the study was designed to be conducted on the 
20 largest aerospace and defense industry companies 
globally, the necessary data could not be obtained, 
resulting in the study being evaluated on 12 existing 
enterprises. Furthermore, the narrow scope of the study, 
encompassing only six evaluation criteria, represents 
another limitation. 

In future studies, it would be beneficial to diversify the 
weighting and ranking methods employed in order to 
facilitate a more nuanced comparison of the findings. In 
this context, weighting can be performed with methods 
such as LOPCOW and ENTROPY, while ranking can be 
performed with methods such as TOPSIS, VIKOR, EDAS, 
WASPAS and CODAS. Furthermore, the integration of 
fuzzy methods enables the revelation of situations in 
uncertain environments. In addition to the objective 
methods enumerated above, the evaluation of 
performance can be informed by the incorporation of 
subjective criteria. In this context, methods such as AHP, 
BWM and SWARA can be employed for this purpose, with 
the results subjected to comparative analysis. 
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Nomenclature 

CRITIC : Criteria Importance Through 
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Intercriteria Correlation 

ARAS : Additive Ratio Assessment 

MCDM : Multi Criteria Decision Making 

ATAG : Air Transport Research Group 

GDP : Gross Domestic Product 

GE : General Electric 

OEM : Original Equipment Manufacturer 

MRO : Maintenance, Repair and Overhaul 

TOPSIS : Technique for Order Preference by 
Similarity to Ideal Solution 

COPRAS : Complex Proportional Assessment 

GRA : Grey Relational Analysis 

FBWM : Fuzzy Best–Worst Method 

EDAS : Evaluation based on Distance from 
Average Solution 

AHP : Analytic Hierarchy Process 

ELECTRE : Elimination and Choice Expressing 
Reality 

BWM : Best–Worst Method 

MAIRCA : Multi-Attributive Ideal-Real 
Comparative Analysis 

MABAC : Multi-Attributive Border Approximation 
Area Comparison 

PIPRECA : Pivot Pairwise Relative Criteria 
Importance Assessment 

IT2F : Interval Type-2 Fuzzy 

WASPAS : Weighted Aggregated Sum Product 
Assessment 

CODAS : Combinative Distance-based 
Assessment 

THY : Türk Hava Yolları 

FUCOM : Full Consistency Method 

CoCoSo : Combined Compromise Solution 

LOPCOW : Logarithmic Percentage Change-Driven 
Objective Weighting 

AROMAN : Alternative Ranking Order Method 
Accounting for Two-Step 
Normalization 

SWARA : Stepwise Weight Assessment Ratio 
Analysis 

VIKOR : VlseKriterijumska Optimizacija I 
Kompromisno Resenje 

AISM : Adversarial Interpretive Structural 
Model 
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