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Abstract

:

Multi-criteria decision analysis (MCDA) applications consist of techniques that enable the decision maker to make clearer decisions in scenarios where there is more than one alternative and criterion. The general approach for sensitivity analysis in MCDA applications implies sensitivity to the weight coefficient. In this study, as an alternative approach, we reinterpret sensitivity by using the statistical relationship between the final ranking produced by an MCDA method and a constant external factor. Thus, we both verify through an anchor and reveal to what extent the change in the weight coefficient changes the external relations of MCDA. The motivation for this study is to propose an alternative sensitivity methodology. On the other hand, brand value is a parameter that contains critical information about the future of the company, which has not integrated into financial performance studies made with MCDAs before. To that end, the financial performance of 31 companies with the highest brand value in Turkey and trading on Borsa Istanbul between 2013 and 2022 was analyzed with seven different MCDA applications via integrating brand value into the criteria for the first time. The study’s findings revealed that the proposed innovative sensitivity tests produced similarly robust results as traditional tests. In addition, brand value has been proved to be an advantageous criterion to be implemented into MCDAs for financial performance problems through the sensitivity analysis made.
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1. Introduction


Multi-criteria decision analysis (MCDA) applications are used to create a roadmap for the future by evaluating complex real-life scenarios [1,2]. The examined alternatives are put into practice by giving the calculated weights of the predetermined criteria. Ultimately, these alternatives are ranked. All these processes are to ensure that decision makers, who are at the decision-making stage, make more consistent decisions by making use of the past information and data set.



There are more than 200 MCDA methods and it is unclear which of them is the best or most appropriate for the given problem [3,4,5]. Sensitivity analysis is a methodology used in MCDA evaluations. In general, this analysis measures the sensitivity of an MCDA method to the weight coefficient variation. Although it is not verified, the basic approach of sensitivity analysis states that, if the position or place of the alternatives in the ranking fluctuates too much while the weight coefficients of the criteria change, this may imply the weakness of the method. Because an MCDA method must be consistent and stable to a certain extent against the changes in weight coefficients, it is expected that an MCDA method will not deviate readily [6,7,8,9,10]. In this study, sensitivity to the weight coefficients was interpreted from a different perspective. To illustrate, a deviation in weight coefficients can change the statistical association of MCDA methods with the external factor. Thus, sensitivity can be observed more clearly through an anchor. This approach also demonstrates that an increase or decrease in sensitivity alone may not be a reason for final interpretation. In this case, the increase or decrease in a statistical relationship between two variables is more critical because, if changing an input increases an existing relationship, it can be interpreted as changing the input is more efficient. In other words, an increase in sensitivity is positive if it increases a statistical relationship and vice versa. In this study, the financial performance of enterprises with the highest brand value in an emerging market, Turkey, has been scrutinized, and this new sensitivity analysis has been employed. Seven MCDA methods were used, and brand value was integrated into the criteria for the first time in the financial performance literature. The results obtained were then evaluated with an innovative sensitivity analysis in order to create a clear roadmap for financial stakeholders.



A brand can be defined as a name, design or feature that distinguishes a company’s goods or services from other companies in a meaningful way and creates a perception specific to that firm [11]. In an environment where competition has become more difficult with the development of internet technologies, each material or moral feature that will create a company-specific perception is important and valuable in terms of creating and retaining a loyal customer base. Regardless of the form or image, the potential benefits that brands create and add to the company should be evaluated separately from other financial parameters [12]. In modern business literature, the term competitive advantage has now been replaced by brand value. The key distinction here is that ratios and parameters from financial statements focus on historical data, while brand value focuses on the future. Although the ultimate goal of finance is to create shareholder value, brand value management plays a vital role in making this goal sustainable in the long run.



When purchasing the products and services they need, users end up choosing the products that promise the most performance per the price in their income group, taking into account their budgets and the comments of the people around them. While making this decision, the critical factor affecting consumers’ preferences is brand perception. The brand power is regarded as the cumulative sum of the right or wrong decisions made by the company during the process of its activities, which includes many sub-parameters such as the expected quality, functionality and design of the product or service that the customer will receive. In fact, in modern competition theory, brands play a pivotal role in the potential success of the firm, as they constitute the first point of differentiation [12]. Through rational co-operation of the marketing and finance departments, a brand value can be created that can carry the company to the top in its sector. Consistent brand value can emerge by providing and maintaining positive customer feedback, as inefficiencies in company returns and financial performance will overcome [13].



Although brand value is a parameter that has been held responsible for market turmoil like the previous 2008 global financial crisis [14], the latest phenomenon created by the pandemic is different [15]. So, this opened up an opportunity for researchers to analyze the hidden relationship between capital markets and investor sentiment [16]. The 2008 global financial crisis severely damaged the economies of various countries globally; on the other hand, COVID period investors reacted faster and increased the value of renowned capital market indexes in a relatively short period of time; even so, there were short-term volatilities. From this point of view, considering brand value as a financial performance parameter during the pandemic process, which constitutes an important stage in the history of financial markets, is of vital importance in terms of being a preliminary preparation for possible crises in the future from the perspective of company managers, creditors and investors who are at the decision stage in uncertainty processes [17].



In the literature, brand value has been evaluated under the title of brand marketing, in particular, with the important factors that can create this value. The motivation for the realization of this study is that the brand value, which also reflects the financial attractiveness and creditworthiness of the company, did not find the necessary place in MCDA studies on financial performance. Although there are several MCDA studies on brand value, the fact that it has not been used in financial performance studies creates an important research gap. It is also aimed that this study, which covers a long period of 10 years, including the uncertainty period of the COVID-19 pandemic, will fill another important gap in the literature in terms of volatility.



Thus, in this study, unlike the previous literature, the potential relationship between brand value and other relevant financial parameters and stock returns will be investigated by MCDA applications. To that end, companies with the highest brand value in Turkey will be analyzed by using FUCA, VIKOR, TOPSIS, SAW, CODAS, RAFSI and GRA methods, and the most appropriate method will be proposed to the decision makers according to the relationship between the method scores produced by financial parameters, including brand values of companies, with the stock returns of the relevant companies. For this purpose, 31 companies that have managed to enter the top 100 consistently in the last 10 years in the ‘Türkiye’s Most Valuable Companies’ reports prepared annually by Brand Finance and also trade in Borsa Istanbul will be analyzed. In order to clearly reveal the scope of the study and the consistency of the results, analyses were performed with seven MCDA methods from different schools.



The remaining sections of this study can be summarized as follows. In Section 2, studies on brand value and MCDAs will be explained. In Section 3, the performance metrics and MCDA methods implemented in the methodology of this study will be clarified. In Section 4, the final outputs and classic and innovative sensitivity analysis performed on seven methods with the criteria including brand value will be presented. In Section 5, the pivotal and critical insights revealed by this study will be unveiled. In Section 6, the results will be expressed and a potential route for future research will be given.




2. Literature Review


Brand value is a topic that is of common interest to marketing and finance fields. In the literature, brand value is defined as the amount of product sold by a company times the product price, minus the amount sold by nonbranded products times the selling price [18]. From this perspective, brand value is closely related to sales. In the same study, it is stated that low-value brands have a price elasticity of −1.195 against a price decrease and −0.921 against a price increase and high-value brands have a price elasticity of −0.747 against a price decrease and −0.183 against a price increase. From this point of view, it has been determined that companies with high brand value experience less revenue loss when they increase the prices of their products. This situation is also experienced in stock markets, and it has been revealed that companies with strong brand value and perception have a more balanced and stable period compared to other companies in markets that are in a downward trend and therefore have intense sales pressure [19].



From the perspective of investors, brands are viewed as assets that can generate potential future cash flows [20]. In support of this, research reveals that companies with high brand value earn more returns with less risk than the market index [21]. It is expected that the managers of low-performing companies will react more quickly to the buy–sell charts, which give an idea about the expectations of the investors about the future of the company, and determine a course that is suitable for both the company’s brand perception and financial performance targets [22]. This is especially important in times of financial crisis or increased uncertainty because the reactions of investors in capital markets are different according to various financial crises and country-related determinants [23]. To illustrate, in the Great Depression, a colossal financial crisis in American history, the full recovery of capital markets took approximately 25 years. On the other hand, while the global financial crisis in 2008 affected all world stock markets again, it took approximately 56 months for the S&P 500 Index to fully recover, and the pre-crisis level was broken on 13 September 2012. In BIST100, Türkiye’s most popular index, this period lasted only 2 years and the market recovered on 7 January 2010. It can be said that Türkiye is a developing country and the structural reforms implemented in this country at that time were effective.



International valuation companies specializing in the determination of brand value prepare annual reports on a global and national scale and publish the values they calculate for the brands of companies in different markets according to their own methodologies. Among the most popular and globally operating brand valuation companies are Brand Finance, Interbrand, European Brand Institute, BrandZ and Millward Brown. These companies have a national or even global impact, analyze the corporate and transparent companies and publish the national 100 and global 500 lists annually. These rankings are also used as a variable in scientific studies [24]. Among these companies, Brand Finance has focused on copyrights and evaluates the brands based on their market determinants and strength. In addition, only Brand Finance has mostly concentrated on the environmental and social performance values of companies and thus calculated brand value, including sustainability. Sustainability and green finance practices have been attracting investors’ attention and indirectly contributing positively to the brand value of firms in the current decade. Sustainability-oriented policies implemented by regulators also explain these shifts in the investment behavior of financial stakeholders [25]. In fact, even in initial public offerings, which are considered risky, investors include sustainability and green finance-oriented company stocks in their portfolios, thereby reducing the risk of underperformance of these shares for both the short and long term [26]. For sustainability reasons, the scores in the annual reports of Brand Finance were implemented in this study.



Interbrand, an international brand valuation company, stated that the stock of a company with a strong brand perception is also strong, such that it will earn between 5% and 7% more from the index during the rise in the markets, while it will experience less loss compared to other stocks when the markets lose power [27]. Again, in a study that analyzed companies in Interbrand’s most valuable brands list, it was observed that there was a similar relationship between market-to-book ratios and financial brand value [28]. In a study using variables related to market value, it was concluded that brand power explains 25% of the variance in the market value of firms [29]. In another study, it was found that strong brands provide more returns with less risk, which is the main goal of modern portfolio theory, even when firm size is taken into account [21]. In another study on brand value, it was observed that the strength of brand value positively affects share price and, thus, stock performance [30]. In an analysis using the financial data of 252 companies traded on Equitrend, it has been determined that the stocks of strong brands experience less volatility and, therefore, less risk [31]. Again, in various studies, it was concluded that there is a positive relationship between brand value, market capitalization and financial performance [32,33,34,35,36,37,38,39,40].



Although financial performance is a multi-criteria problem and brand value is an integral part of it, there are hardly any MCDA studies in the literature that include brand value as a criterion or as a result of their evaluation methodology. In a study in which brand power, quality, reputation, loyalty and awareness, which are the sub-parameters of the brand concept, were listed, the AHP method was used and analyzed with financial, institutional, temporal and growth-related criteria [41]. In the study, in which market capitalization was taken as a financial criterion, brand recognition was found as the most important sub-parameter of brand power. In a study analyzing brand image creation, the FANP method was preferred, and the location and atmosphere of the store, the types and prices of the products sold, and sales and services were determined as criteria [42]. As a result of the study, the prices of the products were determined as the most important parameter affecting the brand image. In another study, generating brand value using brand marketing was analyzed with the VIKOR method over the weighting techniques of ANP and DEMATEL [43]. Prices were the parameter that produced the most important result in this study as well. In a study examining brand power in the tourism sector with FDM, DEMATEL and ANP, it was observed that brand power has both direct and indirect effects on tourism [44]. In a recent study, the brand personalities of the businesses operating in the sports shoes industry were analyzed with the FANP method and the most successful company was revealed [45].



Compared to previous studies, this study contributes to the literature in two important areas. First, previous MCDA studies on financial performance have not used brand value as a criterion. In this sense, the use of brand value in this study and the determination that it has a high importance on financial performance according to the two objective weighting techniques integrated into the analyses is critical for future studies. Secondly, previous literature on MCDAs have not used an external anchor in order to perform sensitivity analysis. While the sensitivity analyses in previous studies were conducted by changing the criteria weights and observing the change in the ranking results generated by the methods, in this study, sensitivity analyses were conducted by using an external anchor and correlating the method scores generated with the anchor. The potential change in the relationship between method scores calculated by integrating two objective techniques with different criteria weights and stock returns is the basis of the different sensitivity analyses applied in this study. To that end, future studies may apply this framework to conduct sensitivity analyses for various real-life scenarios.




3. Methodology


In the implementation of this study, 8 performance metrics will be applied on 7 methods according to different weighting techniques, and the performance rankings of the 31 high brand value companies examined between 2013 and 2022 will be created. To that end, in addition to brand value, return on equity (ROE), market-to-book ratio (M-to-B), market value added (MVA), average collection period (ACP), inventory turnover ratio (ITR), equity growth (EG) and earnings per share (EPS) criteria were integrated into the analyses. In the following pages, these performance metrics, as well as the 7 methods used in the analysis of this study, will be explained.



ROE is a classic ratio that measures the efficiency of companies in converting their equity capital into profit. It is used in studies as an indicator of corporate performance: [46] examined companies operating in the UK via using ROE criterion as a financial performance measure, [47] identified the financial performance of Nigerian enterprises, while exercising ROE as a sensitivity criterion, and [48] investigated pharmaceutical companies in Pakistan, integrating ROE as a financial performance indicator among the preferred criteria.



M-to-B is the ratio that shows the change in market value of companies compared to their book value. In other words, this ratio shows the market sensitivity of companies [49]. The authors of [50] revealed that using this metric increases the reliability of the outcomes in performance research. The authors of [51] investigated 146 manufacturing companies traded on the Pakistan Stock Exchange via integrating M-to-B as a financial performance indicator. In some studies, the M-to-B ratio was specified as intellectual capital and the same ratio was integrated into these financial performance studies [52,53].



MVA is the performance criterion that best shows the efficiency with which the managers of a company convert the limited resources of the company into added value [54]. According to the modern literature, the most fundamental purpose of finance is that companies increase value and the wealth of their shareholders. To that end, it is pivotal to integrate not only accounting but also valuation metrics, which can give important ideas about the future, into the applications to be made while performing a financial performance analysis. The authors of [55] examined 173 environmentally friendly firms in terms of their financial performance, and they added MVA into the analysis criteria. The authors of [56] investigated 65 companies traded in FTSE350 and used MVA as a financial performance criterion.



ACP is a measure that demonstrates how long it takes for receivables to turn into liquidity for companies. The authors of [57] investigated Belgian enterprises in terms of their financial performance and profitability via integrating ACP as a criterion into the analysis. The findings of the study demonstrated that the shortening of the ACP increases shareholder value and share prices were gaining momentum with the increasing confidence of investors in stock management.



ITR signalizes the conversion frequency of inventories into liquidity. The authors of [58] examined the performance of manufacturing companies with DEA analysis, and they used ITR as a criterion. Findings of the research revealed that rapid sale of inventory improves performance. In addition, ITR has been used as a criterion in many financial performance studies [59,60,61].



EG shows the extent to which companies’ equity capital grows over time. The authors of [62] scrutinized the financial performance of banks and used EG as a performance metric. They found a positive relationship between the amount of capital of banks and their financial performance. The EG ratio has been preferred as a financial performance indicator in various studies [63,64,65].



EPS denotes the net profit earned by companies per shareholder. The authors of [66] investigated enterprises listed in Borsa Istanbul in terms of financial performance and integrated EPS as a financial metric into the analysis. The authors of [67] examined the performance of 100 companies traded on the Malaysian Bursa Stock Exchange and used EPS as a financial performance indicator.



3.1. Faire Un Choix Adéquat (FUCA)


FUCA, unlike many MCDA methods, does not normalize the data related to the decision problem that is to be solved [68]. It has been preferred in studies conducted in recent years due to its simplicity and easy calculation. Some of the studies exercised with this method are focused on the selection of the best portfolio alternative in the pharmaceutical industry [68], selection regarding chemical production processes [69] and evaluating financial performance [70].



In the application of this method, first, the values in the decision problem to be solved are ranked. As mentioned above, a normalization process is not applied. Benefit-based criteria are listed from largest to smallest, and cost-based criteria are ranked from smallest to largest, with the best value being 1 and the worst being m.



The ranking values determined above are multiplied by the previously determined criterion weights, as shown in Equation (1) below, and then they are summed for each alternative.


    v   i   =   ∑  j = 1   n      ( r   i j     ×   w   j   )  



(1)







Ultimately, the final outputs of the method are obtained. These outputs are sorted from smallest to largest in order to reveal final performance rankings.




3.2. VIekriterijumsko KOmpromisno Rangiranje (VIKOR)


VIKOR method has been developed in order to be exercised in multi-criteria problem solutions that conflict with each other and are difficult to compare [71]. This method is used in various research areas, such as designing new products [72], improving service quality in companies [73], measuring operational performance [74] and developing cloud e-learning strategies [75].



A matrix is created for the complex decision problem to be solved. Then, the best and worst values for each criterion are determined. To that end, Equations (2) and (3) are used.


     F   j   +   =   M a x   i ∈ m     f   i j         and     F   j   −   =   M i n   i ∈ m     f   i j     for maximization   



(2)









        F   j   +   =   M i n   i ∈ m     f   i j         and     F   j   −   =   M a x   i ∈ m     f   i j     for minimization    



(3)







The values of Si and Ri are calculated for each alternative via Equations (4) and (5), respectively.


    S   i   =   ∑  j = 1   n      w   j         F   j   +   −   f   i j       F   j   +   −   F   j   −          



(4)






    R   i   =   M a x   j ∈ n       w   j         F   j   +   −   f   i j       F   j   +   −   F   j   −          



(5)







Finally, Qi values are identified using Equation (6) given below, where S+ = Mini∈mSi, S− = Maxi∈mSi, R+ = Mini∈mRi and R− = Maxi∈mRi.


    Q   i   = γ       S   i   −   S   +       S   −   −   S   +       + ( 1 − γ )       R   i   −   R   +       R   −   −   R   +        



(6)







The outputs obtained with this method are sorted from smallest to largest in order to determine the final performance rankings.




3.3. Technique for Order Preference by Similarity to Ideal Solution (TOPSIS)


TOPSIS uses positive and negative ideal solutions when establishing the ranking of alternatives. The most successful alternative is closest to the positive ideal solution and farthest from the negative ideal solution [76]. TOPSIS method has been preferred in studies conducted in different areas, such as evaluation of production systems [77], supplier selection [78], personnel selection [79], automotive industry development [80] and bank credit valuation [81].



In order to apply the TOPSIS method, the decision matrix must be created primarily. Afterwards, vector normalization is applied to the values in the relevant matrix with Equation (7) given below.


    F   i j   =     f   i j        ∑  i = 1   m      f   i j   2         



(7)







Then, the criteria weights should be calculated according to the previously chosen technique and the weighted and normalized matrix should be created via Equation (8).


    v   i j   =   F   i j   ×   w   j    



(8)







Positive (A+) and negative (A−) ideal solutions, which will be reference points in the ranking of alternatives, should be established by Equations (9) and (10) given below.


    A   +   =       M a x   i       v   i j     │ j ∈ J   ,     M i n   i       v   i j     │ j ∈   J   ′     │ i ∈ 1 ,   2 ,   … ,   m   =     v   1   +   ,   v   2   +   ,   v   3   +   , … ,   v   j   +   ,   … ,     v   n   +      



(9)









     A   −   =       M i n   i       v   i j     │ j ∈ J   ,     M a x   i       v   i j     │ j ∈   J   ′     │ i ∈ 1 ,   2 ,   … ,   m   =     v   1   −   ,   v   2   −   ,   v   3   −   , … ,   v   j   −   ,   … ,     v   n   −       



(10)







Right after that, the distance values of negative and positive ideal solutions are calculated with the formulas given below.


    S   i +   =    ∑  j = 1   n          v   i j   −   v   j   +       2                      i = 1 ,   2 ,   3 ,   … ,   m  



(11)






    S   i −   =    ∑  j = 1   n          v   i j   −   v   j   −       2                      i = 1 ,   2 ,   3 ,   … ,   m  



(12)







Finally, the relative closeness to the ideal solution is computed using Equation (13) given below.


    C   i   =     S   i −       S   i −   +   S   i +      



(13)







Performance rankings are created by sorting the method outputs, calculated according to the above mathematical operations, from largest to smallest.




3.4. Simple Additive Weighting (SAW)


SAW method is known for its simplicity, easy computability and popularity among MCDA methods [82]. SAW method has been preferred in analyses made in various fields, such as market share improvement practices for enterprises [83], knowledge management [84] and valuation of sustainable agricultural practices [85].



Initially, a matrix containing alternative values of the decision problem to be solved is created. Afterwards, among the values in this matrix, benefit-based ones are normalized using Equation (14) and cost-based ones are normalized using Equation (15).


    F   i j   =     f   i j       f   j   +       f o r   m a x i m i z a t i o n ,   w h e r e     f   j   +   =   M a x   i ∈ m     f   i j    



(14)






    F   i j   =     f   j   −       f   i j       f o r   m i n i m i z a t i o n , w h e r e     f   j   −   =   M i n   i ∈ m     f   i j    



(15)







The normalized values calculated above are multiplied by the criterion weights determined by the preferred weighting technique, as seen in Equation (16) below.


    v   i j   =   F   i j   ×   w   j    



(16)







    A   i     values, which represent the final method output for each alternative, are calculated as seen in Equation (17) below.


    A   i   =   ∑  j = 1   n      v   i j      



(17)







Ultimately, by ranking the method outputs from largest to smallest, performance rankings are obtained according to the relevant methodology of this method.




3.5. Combinative Distance-Based Assessment (CODAS)


CODAS is an MCDA method which was developed to be sensitive to negative distances. This model, which connects the optimum of an alternative to the rule of being the farthest to the negative distance, calculates this distance according to the Euclidean and taxicab distance [86]. The CODAS method has been applied in studies involving cloud service selection [87], supplier selection [88] and smart health technologies’ valuation [89]. The mathematical operations of the given method are as follows [90].



Max normalization is applied to the matrix created for the decision problem to be solved. For this purpose, Equation (18) is used for benefit-based criteria and Equation (19) is used for cost-based criteria.


    F   i j   =     f   i j       m a x   i ∈ m     f   i j               i ∈   1,2 , … , m   ;   j ∈   1,2 , … , n             f o r   m a x i m i z a t i o n  



(18)






    F   i j   =     m i n   i ∈ m     f   i j       f   i j                 i ∈   1,2 , … , m   ;   j ∈   1,2 , … , n             f o r   m i n i m i z a t i o n  



(19)







Then, the values in the normalized matrix calculated above are multiplied by the criterion weights, as shown in Equation (20).


    v   i j   =   F   i j   ×   w   j                 i ∈   1,2 , … , m   ;   j ∈   1,2 , … , n    



(20)







Afterwards, the negative ideal solution (    A   −    ) is determined via Equation (21) given below.


     A   −   = { (   M i n   i   (   v   i j   ) | i   ∈   1 ,   2 ,   … ,   m }   = {   v   1   −   ,     v   2   −   ,     v   3   −   ,   … ,     v   j   −   ,   … ,     v   n   −   }   



(21)







The Euclidean distance (    E   i    ) and taxicab distance (    T   i    ) to be used in the next matrix are established using Equations (22) and (23), respectively.


    E   i   =    ∑  j = 1   n          v   i j   −   v   j   −       2          i = 1,2 , 3 , … , m  



(22)






    T   i   =   ∑  j = 1   n    |   v   i j   −   v   j   −   |       i = 1,2 , 3 , … , m  



(23)







Afterwards, the relative assessment matrix is created using Equation (24).


    h   i k   =     E   i   −   E   k     + ψ     E   i   −   E   k     ×     T   i   −   T   k               i , k ∈   1,2 , … , m    



(24)







Finally, the assessment score of each alternative is calculated through Equation (25).


    H   i   =   ∑  k = 1   m      h   i k           i = 1,2 , 3 , … , m  



(25)







The outputs produced by the method are sorted from largest to smallest to obtain final performance rankings.




3.6. Ranking of Alternatives through Functional Mapping of Criterion Sub-Intervals into a Single Interval (RAFSI)


Order changes may actualize when new alternatives are added or removed from analyses performed using MCDA methods, and this problem is called rank reversal. In order to prevent this phenomenon, a new method has been developed that uses the technique of placing values within a certain limit [91]. The newly established RAFSI method has been used in studies in different areas, such as determination of the optimal location for emergency services [92], selection of the industrial mechanical equipment [93] and valuation of the potential dock [94].



Initially, a decision matrix is created regarding the decision problem to be solved. Ideal (aIj) and non-ideal values (aNj) are determined for each criterion.


  N =         C 1     …      C n               A 1        ⋮        A m        [     n 11     ⋯      n  1 n        ⋮   ⋱   ⋮       n  m 1       ⋯      n  m n       ]     











Values are placed within a specified interval according to the types of criteria. The process shown in Figure 1 is applied based on maximization in benefit-based criteria and minimization in cost-based criteria.


    C   j   ∈     a   N j   ,   a   I j       for maximization  



(26)









     C   j   ∈     a   I j   ,   a   N j       for minimization   



(27)







According to this method, the ideal values should be at least 6 times larger than the non-ideal. Taking this as a reference, the n1 and n2k values seen in the figure above are established by Equation (28).


    f   s     x   =     n   2 k   −   n   1       a   I j   −   a   N j     x +     a   I j   .   n   1   −   a   N j   .   n   2 k       a   I j   −   a   N j      



(28)







Thus, the matrix S shown below is obtained.


  S =         C 1     …      C n               A 1        ⋮        A m        [     S 11     ⋯      S  1 n        ⋮   ⋱   ⋮       S  m 1       ⋯      S  m n       ]     











Right after establishing the S matrix, arithmetic (A) and harmonic (H) averages are calculated, where the arithmetic average is used for benefit-based criteria and the harmonic average is used for cost-based criteria.


  A =     n   1   +   n   2 k     2    



(29)






  H =   2     1     n   1     +   1     n   2 k        



(30)







Afterwards, the maximization of benefit-based criteria is performed as shown in Equation (31) and the minimization of cost-based criteria is performed as shown in Equation (32).


      s  ^    i j   =     s   i j     2 A    



(31)






      s  ^    i j   =   H   2   s   i j      



(32)







Thus, the     S  ^    matrix is created, which will be used to calculate the final scores of this method.


     S  ^   =         C 1     …      C n               A 1        ⋮        A m        [         S  ^    11     ⋯          S  ^     1 n        ⋮   ⋱   ⋮           S  ^     m 1       ⋯          S  ^     m n       ]     











V values are calculated from the data of the aforementioned matrix using Equation (33) given below.


  V     A   i     =   w   1       s  ^    i 1   +   w   2       s  ^    i 2   + … +   w   n       s  ^    i n    



(33)







The outputs produced by RAFSI regarding the relevant problem are sorted from largest to smallest and the final performance rankings are determined.




3.7. Grey Relational Analysis (GRA)


The GRA method appears as a method developed from the concept of grey theory, which helps solve complex problems through incomplete and uncertain data [95]. In the application of this method, all alternative values are first converted into a comparability sequence and a reference sequence is created from this. Afterwards, the alternatives are ranked using the difference between these two sequences. This method has been exercised in various studies, such as the evaluation and development of customer satisfaction in transportation [96], company valuation through corporate social responsibility [97], and evaluation and comparison of companies’ performance in the financial crisis environment [98].



After the decision matrix for the problem to be solved is created, normalization is applied to the decision matrix values through Equations (34) and (35).


    F   i j   =     f   i j   −   m i n   i ∈ m     f   i j       m a x   i ∈ m     f   i j   −   m i n   i ∈ m     f   i j      



(34)






    F   i j   =     m a x   i ∈ m     f   i j   −   f   i j       m a x   i ∈ m     f   i j   −   m i n   i ∈ m     f   i j      



(35)







Then, the reference sequences are obtained using Equation (36) shown below.


    F   j   +   =   m a x   i ∈ m     F   i j    



(36)







Equation (37) is used to obtain the difference between the reference indexes and the comparability indexes.


  ∆   I   i j   = |   F   j   +   −   F   i j   |  



(37)







Afterwards, the grey relational coefficients are established with Equation (38) shown below.


    G R C   i   =   1   m     ∑  j = 1   n      ∆ m i n + ∆ m a x   ∆   I   i j   + ∆ m a x      



(38)







Consequently,     G R C   i     values indicating the method outputs are sorted from largest to smallest and final performance rankings are revealed.




3.8. CRiteria Importance through Intercriteria Correlation (CRITIC)


The CRITIC technique evaluates all information about the criteria and determines the criterion weights through standard deviation and correlation processes [99,100,101]. This technique provides a more comprehensive result since it takes other criteria into account; thus, this advantage has enabled this technique to be integrated into studies more popularly than other objective techniques.



In order to apply the CRITIC technique, a decision matrix is firstly organized that contains alternative values for the complex problem to be solved. Afterwards, the values related to the alternatives are normalized with the aid of Equation (39).


    r   i j   =     x   i j   −   x   j   m i n     x   j   m a x −   x   j   m i n    



(39)







Then, correlation densities are computed for each criterion included in the analysis. In order to perform this mathematical process, first, the correlations between the criteria are determined by Spearman’s coefficient. Afterwards, the standard deviation of the values of each criterion in the normalized decision matrix is established. Consequently, correlation densities are determined by using these aforementioned values as shown in Equation (40) below.


    C   j   =   σ   j     ∑  i = 1   m    (   1 − r   i j   )    



(40)







Finally, the correlation densities calculated above are normalized. For this, Equation (41) shown below is applied so that the sum of the criterion weights equals 1.


    w   j   =     C   j       ∑  i = 1   m      C   i        



(41)







Thus, the weights for each criterion are calculated by applying only mathematical operations. In the analysis made regarding the decision problem to be solved, the operations given above in Equations (39) to (41) are repeated for each period.




3.9. Standard Deviation Weighting Method (SD)


The standard deviation weighting technique determines the criterion weights mathematically by calculating the change in the values determined for the alternatives. This technique establishes criterion weights by taking into account the change in data in the decision matrix [102].



In order to apply this technique, a decision matrix containing alternative values related to the complex problem to be solved is created initially. Min–max normalization process is applied to the relevant values by using Equation (42) for benefit-based criteria and (43) for cost-based criteria.


    F   i j   =     f   i j   −   m i n   i ∈ m     f   i j       m a x   i ∈ m     f   i j   −   m i n   i ∈ m     f   i j       for maximization  



(42)









     F   i j   =     m a x   i ∈ m     f   i j   −   f   i j       m a x   i ∈ m     f   i j   −   m i n   i ∈ m     f   i j       for minimization   



(43)







Standard deviation calculations for the alternative values obtained as an outcome of the above computation processes exercised are performed by applying Equation (44) below.


    σ   j   =        ∑  i = 1   m    (   F   i j   −     F   j    ¯    )   2     m              j ∈   1,2 , … , n    



(44)







Finally, Equation (45) is used to establish the criterion weights of the alternatives.


    w   j   =     σ   j       ∑  k = 1   n      σ   k                 j ∈   1,2 , … , n    



(45)







Thus, the weight of each criterion in the relevant period is calculated. Depending on how many periods will be examined in the analysis, the above processes are applied separately to the decision matrix of each period.





4. Application


In this study, the 31 most valuable companies of the last 10 years in Türkiye were evaluated with seven different MCDA methods based on eight criteria, including brand value. To that end, stock returns and financial statement data were obtained from the FINNET program. Annual brand value data were taken from Brand Finance’s annual 100 most valuable company reports. In order to make a homogeneous 10-year evaluation, the parameter that all of these companies should be trading in the capital markets during the entire analyzed period was taken as a basis. Application steps of the analysis employed in this study are shown in Figure 2 below.



Findings and Results


The analysis results are of critical importance as brand value is integrated for the first time in financial performance studies conducted with MCDA methods. In order to use the methods and weighting techniques explained above, decision matrices were created for each year to be examined. In this sense, the decision matrix consisting of dynamic performance metrics used for 2013 is given in Table 1 below.



In order to perform the analysis, the weights of the performance metrics must be determined beforehand. CRITIC, one of the objective weighting techniques, was preferred because it does not require expert opinion, can only be calculated using mathematical operations, and thus appeals to more financial stakeholders. Regarding the analysis in which eight different criteria were determined, the criterion weights determined for the entire period as a result of the CRITIC technique calculations are given in Table 2 below. The seven criteria exercised are benefit-based, while ACP is cost-based. Calculating a superior weight for a criterion indicates the relative importance of that criterion compared to other criteria in the relevant period. As can be seen below, brand value stood out as the most important criterion in almost all periods examined. For this purpose, the pivot function of brand value in explaining financial performance has been revealed.



After establishing the criterion weights, the financial performance of each enterprise was calculated annually for seven methods, using Equations (1)–(38). Performance scores calculated using 2013 data are shown in Table 3 below. While the company with the highest brand value in 2013 was Türk Telekom, no method found the performance of the relevant company at the highest level. As a result of integrating dynamic brand value data with seven other criteria, the company providing the highest performance according to the FUCA method was revealed as Otokar Automotive (OTKAR). The top-performing companies according to all analyzed methods for the year 2013 are shown in italics in the table below.



For all methods, 10-year performance calculations were made using the criterion weights determined by the CRITIC weighting technique. Afterwards, the relationship between the performance outcomes determined by the methods for each company and the dynamic stock returns of the relevant companies was examined. The association of all methods with stock returns throughout the analyzed period is shown in Table 4 below. FUCA method provided the highest association in 7 of the 10 years examined. In 2015 and 2017, RAFSI and, in 2019, TOPSIS methods were the methods that provided the highest correlation. FUCA stood out as the method that provided superior results when the association levels of all periods were analyzed. Additionally, this relationship was statistically significant (p < 0.10). According to the comparative analysis results, the second-ranked method was determined as RAFSI, in terms of performance.



In order for the classic and innovative sensitivity analysis about the research results above, all calculations have been conducted from scratch according to the standard deviation weighting technique. For this purpose, the weights of the eight criteria integrated into the analyses of this study were calculated according to the standard deviation weighting technique. To that end, Equations (42) to (45) were applied to the decision matrices established for each year. The criterion weights of each criterion computed according to the standard deviation weighting technique are given in Table 5 below. It has been observed that, in some years, M-to-B, EPS, ACP and ITR ratios stand out. But, despite this, the importance weight of brand value is either in second or third place in the relevant years. In this weighting technique, just like in CRITIC, it has been determined that the brand value criterion plays the pivotal role in almost all years. Thus, it has been established that the criterion that has maintained a stable importance in all years is brand value.



Performance outputs were computed yearly for every analyzed method by applying Equations (1)–(38) above according to the standard deviation weighting technique. The outputs of the methods calculated based on the criterion weights determined by the standard deviation weighting technique for 2013 are given in Table 6 below. When the relevant results are compared with Table 3, it is observed that the FUCA method again signified Otokar Automotive (OTKAR) as the company with the highest performance. The highest-performing companies calculated based on the criterion weights of the standard deviation technique are given in italics in the table below for all methods.



The association between the method outputs calculated using the criteria weights of the companies determined by the standard deviation weighting technique and the stock returns of the relevant companies are shown in Table 7 below. The RAFSI method in 2015, the TOPSIS method in 2017 and 2019, and the VIKOR method in 2018 provided the highest correlation. In the other six periods, FUCA stood out as the method providing the highest association. When looking at the entire 10-year analysis period, the highest relationship was achieved by the FUCA method with 44.5% level. Additionally, this relationship was statistically significant (p < 0.10). Thus, the analysis results proved that the FUCA method was the most successful method in this performance analysis. In the calculations where weighting according to the standard deviation technique was exercised, the RAFSI method ranked second in performance ranking.



The analyses conducted in this study showed that FUCA has the most capacity, in terms of financial performance, for the analysis where brand value was integrated as a criterion. In addition, a new sensitivity analysis was conducted to observe which criteria have the most impact on the results solely for this method. For this purpose, calculations were performed for eight different scenarios where one criterion has a weightage of 30% and the others have a weightage of 10% for ROE, M-to-B, MVA, EPS, ACP, ITR, EG and BV, respectively. To illustrate, for the first scenario, ROE’s weightage has been set to 30%, while the rest has been set to 10%. The results of this new sensitivity analysis are given in Table 8 below. The criterion which has a higher weightage (30%) for the scenario is indicated at the first column in the avorementioned table.



Accordingly, FUCA method realized the highest capacity in the second scenario where M-to-B criterion’s weightage was set as 30%. This was followed by the third scenario where MVA is weighted higher. On the other hand, the FUCA method realized the lowest capacity in the first scenario where ROE is weighted as 30%. The eighth scenario, in which the brand value criterion, which is applied for the first time in this study, is weighted higher, provided a higher capacity than ROE, which is a popular and classical ratio. Thus, it can be concluded that FUCA method responded more positively to market-based ratios, while its success decreased for accounting-based ratios.



This study revealed that FUCA produced superior results for financial stakeholders compared to other methods examined. The results of this study are consistent with the previous literature [70]. In addition, the companies with the highest performance for each year according to all weighting techniques and methods applied are given in Table 9 below. Considering the 10-year period examined, findings indicated that the financial performance of automotive, defense, airport management and technology companies before the pandemic and agricultural machinery and logistics companies after the pandemic were higher. This finding demonstrated that the direction of consumer perception has changed with the pandemic and the interest shown by financial stakeholders to agricultural and logistics companies has increased.



Although the weighting technique has changed, the top-performing companies have not deviated in the FUCA method. The relevant method has consistently placed the same companies at the top of the performance rankings. This result reveals the superiority of FUCA over other methods as a result of both classical and innovative sensitivity analysis. Consequently, based on the analysis findings above, FUCA is recommended to financial stakeholders. In addition, this study revealed that brand value is a vital criterion that can be used in financial research performed with MCDAs.





5. Discussion


The act of decision making is one of the indispensable parts of human life. MCDA methods are used with increasing frequency in making important decisions where there are many alternatives and criteria. Since the results of complex problems that need to be solved affect human life, choosing the method that will produce the most efficient results is of critical importance. In this study, financial performance analysis of 31 companies listed on BIST, which are among the most valuable companies in Turkey consistently in the last decade, was carried out. Important insights regarding the analyses performed are listed as follows:




	
A comparative study in which brand value is considered as a performance criterion has been conducted for the first time in financial performance literature based on MCDAs, to the best of the authors’ knowledge. Since brand value has the capacity to show the future and credibility of the company, its application in financial performance studies carried out with MCDA applications is of critical importance. In this sense, this study makes important contributions to the literature.



	
It is also noteworthy that this study was conducted specifically for Borsa Istanbul, as it is a developing market and the volatility brought by high inflation after the pandemic affected companies with low and high brand values.



	
In this study, sensitivity analysis has been approached from a different perspective and ultimately inferred that a change in criteria weights changed the association between MCDA method outputs and stock returns. In this respect, an original dimension has been added to sensitivity analyses by taking into account an external factor.



	
Remarkably, the FUCA method stood out as the most efficient method for both innovative and classical sensitivity analysis because, although the weight coefficient changed, FUCA still produced a better statistical relationship with the external factor and did not change the order of the best alternatives.



	
Comparative analysis was performed according to the criterion weights determined by CRITIC objective weighting technique. To that end, the use of seven different methods for a 10-year period is noteworthy as it signalizes the broad scope of the study. Thus, the performance before and after the pandemic was measured together.



	
Sensitivity analyses were exercised using the standard deviation weighting technique as opposed to CRITIC. As a result of all these analyses, it has been clearly established that FUCA method scores provided the highest association with stock returns. More importantly, brand value has become the most pivotal criterion for both weighting techniques.



	
In both FUCA-CRITIC and FUCA-SD techniques, the highest-performing companies in the financial performance rankings did not change. In addition, in the scenario where two different weighting techniques were used, the association between FUCA outputs and stock returns was statistically significant and robust.



	
The RAFSI method, which eliminates the rank reversal problem, ranked second among all methods in scenarios where two different weighting techniques were used. However, the associations between the outputs of this method and stock returns were statistically insignificant.



	
Earlier studies in the literature have not integrated brand value as a criterion for the analysis performed via various methods from different schools, so have not pointed out the importance of this criterion in financial studies exercised with MCDAs. This study measured the weight of brand value with two different weighting techniques and revealed its prominence in performance studies carried out with MCDAs.



	
In the innovative sensitivity analyses including eight scenarios and conducted for the FUCA method, the highest capacity was realized in the scenario where the M-to-B criterion was weighted highly. This was followed by the scenario which set a higher weighting for MVA. The lowest capacity was realized in the scenario where ROE was weighted dominantly. FUCA’s success in the scenario where brand value was superiorly weighted was higher than in the scenario where a well-established and frequently used ratio such as ROE was weighted substantially more. This finding is an indication that market-based ratios are more critical than accounting-based ratios for FUCA. According to these findings, brand value is recommended to be integrated as a criterion in future financial performance studies with MCDAs.



	
The capacity obtained by FUCA in the relevant scenario where the lowest capacity is provided (36.2%) is still higher than the capacities of all other methods calculated according to CRITIC and standard deviation weighting techniques, as shown in Table 4 and Table 7. This finding signified the success of FUCA in financial performance studies compared to the other analyzed methods. For this purpose, FUCA method is recommended to financial stakeholders at their vitally important decision-making stages.









6. Conclusions


With the comprehensive analysis conducted in this study, the importance of brand value in financial performance studies was revealed. In addition, from a method set containing hundreds of MCDA methods, seven methods were integrated into the financial performance analyses and the most successful method was determined to be FUCA. Of course, one method cannot be the most effective in solving all problems in different fields of science. But, in solving the financial problem in this study, FUCA method was able to produce statistically strong and significant results. For this reason, FUCA method is recommended to financial stakeholders regarding the financial problems they will solve.



In this study, sensitivity analysis was approached from a different perspective. It is interesting that a deviation in MCDA inputs changed the relationship between MCDA outputs and an external factor. The sensitivity was interpreted through this innovative point of nuance. Accordingly, FUCA method stood out as the most efficient method for both innovative sensitivity analysis and classical sensitivity analysis because, although the weight coefficient changed, FUCA method still produced the best statistical relationship with an external factor and did not change the order of the best alternatives.



The findings of this comparative analysis are beneficial for investors concerning to diversify their portfolios, for managers attending to outperform their rivals and for creditors scrutinizing to reveal the credibility of their debtors. To that end, it can be said that using brand value as a performance measure in financial performance analysis provides additional advantages to decision makers who want to correctly position the company’s future as well as its present.



This study offers important contributions to the academic literature, financial participants and those who are interested in the subject. With the presented framework, the effect of brand value on financial performance studies is revealed. Having a flexible methodology has increased the computability and the ability to use the systematics in the study for different methods in the future.



Limitations of the Study


A major limitation of this study is that it only includes companies with the highest brand value listed on Borsa Istanbul. Companies that are traded in developed as well as developing markets and have the highest brand value can be included in an analysis within different clusters in the future. Thus, the results obtained according to different methods in MCDA studies that consider brand value as a criterion can be observed for different country markets, comprehensively. In addition, the performance scores produced by brand valuation results determined according to different valuation methods can be compared in future studies. Another study limitation is the number of methods used in this study. There are over 200 methods with different mathematical backgrounds in the MCDA literature. Future studies can be carried out using different methods to expand the most appropriate method set to assist financial stakeholders in their challenging decisions. In addition, more comprehensive and comparative analyses can be made on a sample of companies operating in the same sector in developed and developing countries, including enterprises with low brand value.
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Figure 1. The process of putting the criteria into the specified intervals. 
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Figure 2. Application steps of the analysis. 
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Table 1. Decision matrix of the analyzed scenario for the year 2013.
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	Alt.
	ROE
	M-to-B
	MVA
	EPS
	ACP
	ITR
	Equity Gr.
	Brand V.





	THYAO
	−0.38985
	1.30879
	0.17641
	−0.23971
	−0.16799
	0.27497
	0.08207
	0.08208



	TTKOM
	−0.35906
	−0.03721
	0.02883
	−0.30677
	0.04473
	−0.27344
	−2.67076
	0.19123



	TCELL
	−0.06322
	0.13328
	0.53846
	0.10124
	0.14325
	−0.20728
	0.23103
	−0.06694



	ARCLK
	−0.01335
	0.52599
	1.56183
	0.05595
	−0.00636
	0.01642
	1.37760
	0.14335



	FROTO
	−0.03150
	0.43222
	0.75913
	0.05860
	−0.17119
	−0.09113
	0.26791
	0.06169



	ULKER
	0.08626
	2.84171
	7.43865
	−0.31568
	−0.15613
	0.07329
	−0.29444
	0.46887



	AEFES
	17.60169
	−0.14392
	0.02790
	24.74303
	−0.11130
	0.08622
	−0.68890
	−0.14817



	BIMAS
	−0.14767
	0.04279
	0.31512
	0.07165
	−0.06846
	−0.03007
	0.14473
	0.46084



	TOASO
	0.06624
	0.68814
	1.26481
	0.08168
	−0.15252
	−0.02046
	−0.88760
	−0.10458



	VESTL
	−0.90681
	−0.25963
	1.01020
	−0.88711
	0.04775
	−0.16049
	6.06656
	0.28899



	SISE
	−0.16646
	−0.08811
	−1.57737
	−0.15602
	−0.02332
	−0.05533
	−0.48660
	0.05755



	MGROS
	−0.45326
	0.34437
	0.66563
	−0.43313
	−0.09577
	−0.04389
	0.25537
	0.05233



	DOAS
	−0.23320
	0.93863
	5.23865
	−0.11120
	−0.06126
	0.58774
	−0.32136
	0.12171



	TBORG
	−3.45470
	0.52828
	1.93347
	−2.28400
	−0.23862
	0.27930
	−10.50624
	0.22108



	ENKAI
	−0.18443
	0.02365
	0.15587
	−0.20607
	0.04928
	0.06466
	−0.64949
	−0.03563



	ASELS
	−0.31246
	0.78927
	1.81930
	−0.61574
	0.62515
	0.02477
	−0.22461
	0.18055



	TTRAK
	0.18450
	1.10936
	1.12898
	−0.05895
	−0.14057
	−0.03879
	−1.30076
	0.26318



	TAVHL
	0.35220
	0.28834
	0.57834
	0.47743
	−0.06194
	1.95324
	−0.55553
	0.23755



	AYGAZ
	−0.59634
	0.09995
	0.66838
	−0.56532
	−0.00246
	−0.22991
	0.07785
	−0.00524



	OTKAR
	2.48948
	0.66923
	1.23329
	3.12687
	−0.19223
	0.57545
	6.69234
	0.09594



	BRISA
	1.20898
	0.51570
	0.01608
	−0.95043
	0.42147
	0.17257
	−1.47886
	0.29786



	KENT
	52.71864
	−0.29734
	−0.30952
	53.54116
	−0.12607
	0.37850
	−0.76315
	0.08904



	TATGD
	0.08256
	−0.09211
	−0.19518
	0.12056
	0.03423
	−0.13934
	−0.08408
	0.21581



	BANVT
	−1.25975
	0.15975
	0.16101
	−1.23161
	0.01224
	−0.08127
	−0.50445
	0.04770



	INDES
	−0.54600
	0.43875
	2.02165
	−0.52559
	−0.06412
	−0.00041
	−0.62093
	0.12604



	VAKKO
	−1.94398
	−0.15150
	−0.32434
	−1.91337
	0.17950
	0.06298
	−1.43805
	0.10834



	TKNSA
	−0.24406
	0.08528
	0.46574
	0.00246
	−0.31382
	−0.06471
	1.80881
	0.73006



	NETAS
	−0.85230
	−0.18154
	−0.32078
	−0.98617
	0.73890
	−0.15812
	−1.90712
	0.31371



	DYOBY
	−0.67163
	−0.22555
	−0.15117
	−0.58621
	0.20142
	0.05421
	−2.56665
	0.21266



	BOSSA
	−0.33074
	−0.40931
	2.22938
	−0.16758
	−0.10684
	0.04490
	1.22430
	0.01055



	RYSAS
	−0.50210
	−0.46431
	−6.59149
	−0.40640
	1.71472
	−0.45968
	−2.56678
	0.09971










 





Table 2. CRITIC weights calculated for the entire period.
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	Criteria
	2013
	2014
	2015
	2016
	2017
	2018
	2019
	2020
	2021
	2022





	ROE
	0.1234
	0.1143
	0.0981
	0.1038
	0.1039
	0.1105
	0.1281
	0.1180
	0.1203
	0.1046



	M-to-B
	0.1374
	0.1337
	0.1207
	0.1030
	0.1004
	0.1136
	0.1099
	0.1105
	0.1346
	0.0795



	MVA
	0.0959
	0.1144
	0.1262
	0.0928
	0.0975
	0.0824
	0.0983
	0.1131
	0.1034
	0.1194



	EPS
	0.1320
	0.1179
	0.0966
	0.1056
	0.0971
	0.1021
	0.1391
	0.1091
	0.1029
	0.1055



	ACP
	0.1150
	0.1108
	0.1510
	0.1481
	0.1448
	0.1467
	0.1327
	0.1439
	0.1107
	0.1500



	ITR
	0.1159
	0.1340
	0.1418
	0.1804
	0.1542
	0.1784
	0.1202
	0.1216
	0.1447
	0.1610



	Equity Gr.
	0.1211
	0.1371
	0.1019
	0.1151
	0.1088
	0.1063
	0.1100
	0.1286
	0.1211
	0.1172



	Brand V.
	0.1593
	0.1379
	0.1639
	0.1511
	0.1933
	0.1600
	0.1618
	0.1552
	0.1623
	0.1627










 





Table 3. MCDA outputs generated with CRITIC weights for the year 2013.
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	FUCA
	VIKOR
	TOPSIS
	SAW
	CODAS
	GRA
	RAFSI





	THYAO
	12.7589
	0.2901
	0.4190
	0.3147
	−25.7755
	0.6482
	0.4197



	TTKOM
	21.3909
	0.3977
	0.3377
	−0.8331
	−93.0579
	0.6062
	0.3585



	TCELL
	17.7154
	0.6313
	0.3483
	−0.2613
	−58.0893
	0.6052
	0.3651



	ARCLK
	10.9856
	0.3068
	0.4052
	5.7810
	312.89
	0.6382
	0.4063



	FROTO
	12.8179
	0.3377
	0.3876
	0.2545
	−27.5372
	0.6317
	0.3916



	ULKER
	7.3521
	0.1018
	0.5198
	0.5653
	−17.7427
	0.7496
	0.5054



	AEFES
	15.5723
	0.7156
	0.4197
	0.3803
	−20.3890
	0.6409
	0.4249



	BIMAS
	12.1460
	0.2826
	0.4072
	0.6347
	−6.1406
	0.6452
	0.4009



	TOASO
	13.9659
	0.6727
	0.3775
	0.2465
	−26.8655
	0.6263
	0.3868



	VESTL
	18.7615
	0.3286
	0.4274
	−0.5966
	−83.7666
	0.6540
	0.4064



	SISE
	19.4660
	0.4009
	0.3468
	1.5232
	52.8956
	0.6070
	0.3609



	MGROS
	16.9846
	0.3635
	0.3801
	0.4135
	−17.7084
	0.6261
	0.3863



	DOAS
	10.8689
	0.2494
	0.4477
	0.7571
	−0.4014
	0.6691
	0.4403



	TBORG
	15.4920
	0.4360
	0.3504
	0.0628
	−35.6991
	0.6243
	0.3602



	ENKAI
	19.5264
	0.5497
	0.3507
	−0.7462
	−87.8551
	0.6083
	0.3670



	ASELS
	15.3872
	0.3594
	0.3675
	0.0384
	−42.8293
	0.6151
	0.3965



	TTRAK
	10.8394
	0.2776
	0.4113
	0.3569
	−22.9632
	0.6472
	0.4145



	TAVHL
	9.8021
	0.2000
	0.4724
	0.7640
	−0.3981
	0.6875
	0.4480



	AYGAZ
	20.8831
	0.4761
	0.3578
	14.6849
	868.13
	0.6126
	0.3683



	OTKAR
	6.4316
	0.1244
	0.4836
	0.4258
	−23.1349
	0.6889
	0.4599



	BRISA
	15.7102
	0.3582
	0.3647
	−0.0116
	−45.2086
	0.6158
	0.3907



	KENT
	14.1774
	0.1399
	0.5621
	0.5515
	−16.0980
	0.7442
	0.5373



	TATGD
	15.6601
	0.3541
	0.3663
	−1.0238
	−106.48
	0.6177
	0.3752



	BANVT
	22.3926
	0.4191
	0.3559
	−2.9498
	−218.87
	0.6121
	0.3694



	INDES
	15.9151
	0.3437
	0.3884
	0.6240
	−5.4279
	0.6324
	0.3949



	VAKKO
	23.8782
	0.4587
	0.3347
	−0.2205
	−55.3090
	0.6008
	0.3570



	TKNSA
	10.8403
	0.2010
	0.4571
	0.3128
	−28.7024
	0.6952
	0.4321



	NETAS
	23.6558
	0.4370
	0.3111
	−0.0416
	−44.9538
	0.5901
	0.3547



	DYOBY
	22.1222
	0.4047
	0.3347
	−0.1919
	−53.7617
	0.6031
	0.3598



	BOSSA
	16.2524
	0.4738
	0.3851
	0.3728
	−20.1267
	0.6290
	0.3805



	RYSAS
	26.2479
	0.7264
	0.1889
	−0.1826
	−48.6389
	0.5318
	0.2894










 





Table 4. The level of association between MCDA outputs and share returns based on CRITIC weighting.
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2013

	
2014

	
2015

	
2016

	
2017

	
2018

	
2019

	
2020

	
2021

	
2022

	
Avrg.

	
R






	
FUCA

	
64.8%

	
58.6%

	
45.7%

	
32.6%

	
29.1%

	
54.4%

	
16.1%

	
46.0%

	
67.0%

	
27.7%

	
44.2%

	
1




	

	
0.00

	
0.00

	
0.01

	
0.07

	
0.11

	
0.00

	
0.39

	
0.01

	
0.00

	
0.13

	
0.07




	
VIKOR

	
36.5%

	
44.5%

	
29.1%

	
17.5%

	
12.4%

	
32.5%

	
2.0%

	
1.0%

	
46.0%

	
4.0%

	
22.6%

	
5




	

	
0.04

	
0.01

	
0.11

	
0.35

	
0.51

	
0.08

	
0.93

	
0.96

	
0.01

	
0.85

	
0.39




	
TOPSIS

	
41.2%

	
45.0%

	
27.9%

	
17.3%

	
31.0%

	
27.0%

	
25.0%

	
19.0%

	
58.6%

	
14.0%

	
30.6%

	
4




	

	
0.02

	
0.01

	
0.13

	
0.35

	
0.09

	
0.14

	
0.17

	
0.30

	
0.00

	
0.45

	
0.17




	
SAW

	
36.0%

	
3.0%

	
38.8%

	
3.0%

	
21.0%

	
3.0%

	
11.0%

	
10.0%

	
39.0%

	
2.0%

	
16.7%

	
6




	

	
0.05

	
0.88

	
0.03

	
0.86

	
0.25

	
0.87

	
0.56

	
0.62

	
0.03

	
0.91

	
0.51




	
CODAS

	
32.9%

	
2.0%

	
37.4%

	
4.0%

	
21.0%

	
2.0%

	
13.0%

	
10.0%

	
41.0%

	
3.0%

	
16.6%

	
7




	

	
0.07

	
0.92

	
0.04

	
0.81

	
0.26

	
0.93

	
0.50

	
0.59

	
0.02

	
0.88

	
0.50




	
GRA

	
45.2%

	
42.5%

	
46.4%

	
16.5%

	
29.0%

	
27.3%

	
24.0%

	
17.0%

	
59.3%

	
14.0%

	
32.1%

	
3




	

	
0.01

	
0.02

	
0.01

	
0.38

	
0.12

	
0.14

	
0.19

	
0.37

	
0.00

	
0.44

	
0.17




	
RAFSI

	
43.5%

	
54.5%

	
50.6%

	
24.4%

	
33.4%

	
29.4%

	
16.0%

	
11.0%

	
62.6%

	
18.0%

	
34.3%

	
2




	

	
0.01

	
0.00

	
0.00

	
0.19

	
0.07

	
0.11

	
0.40

	
0.55

	
0.00

	
0.32

	
0.17

	











 





Table 5. Standard deviation weights calculated for the entire period.






Table 5. Standard deviation weights calculated for the entire period.





	Criteria
	2013
	2014
	2015
	2016
	2017
	2018
	2019
	2020
	2021
	2022





	ROE
	0.1234
	0.1215
	0.1063
	0.1132
	0.1093
	0.1107
	0.1320
	0.1236
	0.1215
	0.1081



	M-to-B
	0.1360
	0.1422
	0.1257
	0.1130
	0.1086
	0.1317
	0.1187
	0.1199
	0.1354
	0.0992



	MVA
	0.1067
	0.1202
	0.1292
	0.1069
	0.1120
	0.1055
	0.1031
	0.1197
	0.1134
	0.1214



	EPS
	0.1312
	0.1296
	0.1006
	0.1178
	0.1076
	0.1269
	0.1418
	0.1228
	0.1093
	0.0991



	ACP
	0.1311
	0.1145
	0.1546
	0.1354
	0.1434
	0.1215
	0.1413
	0.1383
	0.1138
	0.1574



	ITR
	0.1186
	0.1237
	0.1394
	0.1542
	0.1423
	0.1529
	0.1223
	0.1210
	0.1541
	0.1626



	Equity Gr.
	0.1110
	0.1234
	0.0886
	0.1074
	0.1029
	0.1230
	0.0931
	0.1132
	0.1140
	0.1065



	Brand V.
	0.1420
	0.1249
	0.1556
	0.1522
	0.1739
	0.1278
	0.1478
	0.1414
	0.1385
	0.1457










 





Table 6. MCDA outputs generated with standard deviation weights for the year 2013.






Table 6. MCDA outputs generated with standard deviation weights for the year 2013.















	
	FUCA
	VIKOR
	TOPSIS
	SAW
	CODAS
	GRA
	RAFSI





	THYAO
	12.5802
	0.3513
	0.4320
	0.3426
	−29.5264
	0.6482
	0.4160



	TTKOM
	21.5093
	0.4586
	0.3522
	−0.9468
	−105.5833
	0.6062
	0.3543



	TCELL
	17.7547
	0.5218
	0.3608
	−0.2949
	−65.7307
	0.6052
	0.3614



	ARCLK
	11.0874
	0.3632
	0.4154
	6.5717
	356.5503
	0.6382
	0.4018



	FROTO
	12.6101
	0.3898
	0.4022
	0.2829
	−31.2588
	0.6317
	0.3882



	ULKER
	7.2915
	0.1752
	0.5296
	0.5965
	−21.0854
	0.7496
	0.5026



	AEFES
	15.2205
	0.7019
	0.4366
	0.4301
	−22.9355
	0.6409
	0.4226



	BIMAS
	12.4224
	0.3459
	0.4123
	0.6977
	−7.4202
	0.6452
	0.3946



	TOASO
	13.4451
	0.6048
	0.3966
	0.2849
	−30.2152
	0.6263
	0.3850



	VESTL
	19.1384
	0.4094
	0.4266
	−0.7169
	−96.3870
	0.6540
	0.3988



	SISE
	19.5188
	0.4574
	0.3592
	1.7367
	60.7421
	0.6070
	0.3562



	MGROS
	16.8611
	0.4257
	0.3941
	0.4654
	−19.9676
	0.6261
	0.3827



	DOAS
	10.7095
	0.3063
	0.4656
	0.8450
	−0.6200
	0.6691
	0.4390



	TBORG
	15.0885
	0.5298
	0.3771
	0.0974
	−39.4298
	0.6243
	0.3613



	ENKAI
	19.4399
	0.4570
	0.3658
	−0.8465
	−99.6725
	0.6083
	0.3637



	ASELS
	15.5731
	0.4333
	0.3715
	0.0287
	−48.8918
	0.6151
	0.3911



	TTRAK
	10.7503
	0.3381
	0.4238
	0.3896
	−26.5459
	0.6472
	0.4105



	TAVHL
	9.8665
	0.2503
	0.4837
	0.8440
	−0.8877
	0.6875
	0.4446



	AYGAZ
	20.7858
	0.4710
	0.3719
	16.7396
	990.0514
	0.6126
	0.3648



	OTKAR
	6.2339
	0.1218
	0.4888
	0.4419
	−27.2795
	0.6889
	0.4544



	BRISA
	16.0561
	0.4406
	0.3689
	−0.0284
	−51.6075
	0.6158
	0.3846



	KENT
	14.0167
	0.2261
	0.5709
	0.5900
	−19.1803
	0.7442
	0.5334



	TATGD
	16.0156
	0.4096
	0.3755
	−1.1768
	−121.3346
	0.6177
	0.3699



	BANVT
	22.3438
	0.4971
	0.3696
	−3.3627
	−250.2010
	0.6121
	0.3656



	INDES
	15.7423
	0.4088
	0.4038
	0.7034
	−6.0172
	0.6324
	0.3917



	VAKKO
	24.0354
	0.5521
	0.3468
	−0.2494
	−62.5712
	0.6008
	0.3526



	TKNSA
	11.0172
	0.2737
	0.4573
	0.3094
	−33.8819
	0.6952
	0.4246



	NETAS
	24.1113
	0.5201
	0.3101
	−0.0536
	−51.0367
	0.5901
	0.3479



	DYOBY
	22.3306
	0.4730
	0.3465
	−0.2182
	−60.8459
	0.6031
	0.3552



	BOSSA
	15.9422
	0.5862
	0.4000
	0.4215
	−22.6581
	0.6290
	0.3779



	RYSAS
	26.5019
	0.8723
	0.1719
	−0.1941
	−54.5722
	0.5318
	0.2799










 





Table 7. The level of association between MCDA outputs and share returns based on standard deviation weighting.
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2013

	
2014

	
2015

	
2016

	
2017

	
2018

	
2019

	
2020

	
2021

	
2022

	
Avrg.

	
R






	
FUCA

	
65.6%

	
59.0%

	
45.0%

	
32.0%

	
33.0%

	
55.0%

	
12.4%

	
47.0%

	
67.0%

	
29.3%

	
44.5%

	
1




	

	
0.00

	
0.00

	
0.01

	
0.08

	
0.07

	
0.00

	
0.51

	
0.01

	
0.00

	
0.11

	
0.08




	
VIKOR

	
44.0%

	
58.0%

	
30.0%

	
24.0%

	
21.0%

	
60.0%

	
5.0%

	
18.4%

	
58.0%

	
4.0%

	
32.2%

	
5




	

	
0.01

	
0.00

	
0.10

	
0.20

	
0.26

	
0.00

	
0.81

	
0.32

	
0.00

	
0.85

	
0.26




	
TOPSIS

	
46.0%

	
44.0%

	
32.0%

	
20.0%

	
37.4%

	
28.0%

	
25.0%

	
24.0%

	
64.0%

	
15.0%

	
33.5%

	
3




	

	
0.01

	
0.01

	
0.08

	
0.30

	
0.04

	
0.13

	
0.18

	
0.20

	
0.00

	
0.43

	
0.14




	
SAW

	
37.0%

	
2.0%

	
38.0%

	
4.0%

	
20.0%

	
5.0%

	
9.0%

	
8.0%

	
40.0%

	
1.0%

	
16.4%

	
7




	

	
0.04

	
0.93

	
0.04

	
0.85

	
0.28

	
0.80

	
0.62

	
0.67

	
0.03

	
0.97

	
0.52




	
CODAS

	
34.0%

	
2.0%

	
37.0%

	
5.0%

	
21.0%

	
3.0%

	
12.0%

	
10.0%

	
42.0%

	
3.0%

	
16.9%

	
6




	

	
0.07

	
0.92

	
0.04

	
0.81

	
0.26

	
0.89

	
0.54

	
0.58

	
0.02

	
0.89

	
0.50




	
GRA

	
45.0%

	
43.0%

	
46.0%

	
17.0%

	
29.0%

	
27.0%

	
24.0%

	
17.0%

	
59.0%

	
14.0%

	
32.1%

	
4




	

	
0.01

	
0.02

	
0.01

	
0.38

	
0.12

	
0.14

	
0.19

	
0.37

	
0.00

	
0.44

	
0.17




	
RAFSI

	
45.2%

	
53.0%

	
52.0%

	
27.0%

	
34.0%

	
34.0%

	
14.0%

	
14.0%

	
63.2%

	
20.0%

	
35.6%

	
2




	

	
0.01

	
0.00

	
0.00

	
0.14

	
0.06

	
0.07

	
0.45

	
0.45

	
0.00

	
0.29

	
0.15











 





Table 8. Deviations in the association between FUCA outputs and stock returns according to 8 different scenarios where criterion weights are changed.
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	FUCA
	2013
	2014
	2015
	2016
	2017
	2018
	2019
	2020
	2021
	2022
	Avg.





	Scenario 1 (ROE)
	51.60%
	49.20%
	28.80%
	28.40%
	28.80%
	46.10%
	6.90%
	39.70%
	59.30%
	22.40%
	36.12%



	
	0.003
	0.005
	0.116
	0.122
	0.117
	0.009
	0.714
	0.027
	0.000
	0.226
	0.134



	Scenario 2 (M-t-B)
	77.70%
	53.70%
	56.80%
	34.50%
	58.10%
	56.80%
	32.70%
	63.30%
	71.70%
	45.40%
	55.07%



	
	0.000
	0.002
	0.001
	0.057
	0.001
	0.001
	0.073
	0.000
	0.000
	0.010
	0.015



	Scenario 3 (MVA)
	71.10%
	65.80%
	55.40%
	45.70%
	46.90%
	58.30%
	19.10%
	47.30%
	69.80%
	30.60%
	51.00%



	
	0.000
	0.000
	0.001
	0.010
	0.008
	0.001
	0.302
	0.007
	0.000
	0.094
	0.042



	Scenario 4 (EPS)
	56.30%
	47.30%
	27.40%
	29.90%
	27.10%
	49.60%
	8.80%
	39.20%
	60.20%
	20.80%
	36.66%



	
	0.001
	0.007
	0.135
	0.103
	0.141
	0.005
	0.638
	0.029
	0.000
	0.262
	0.132



	Scenario 5 (ACP)
	67.20%
	42.90%
	36.70%
	29%
	34.70%
	44.70%
	4.70%
	53.80%
	61.60%
	20.30%
	39.56%



	
	0.000
	0.016
	0.042
	0.113
	0.056
	0.012
	0.800
	0.002
	0.000
	0.274
	0.132



	Scenario 6 (ITR)
	58.40%
	45.90%
	35.80%
	36.80%
	32.60%
	55.20%
	18%
	51.20%
	61.70%
	28.50%
	42.41%



	
	0.001
	0.009
	0.048
	0.042
	0.074
	0.001
	0.333
	0.003
	0.000
	0.120
	0.063



	Scenario 7 (EG)
	62.20%
	57.40%
	37.50%
	34.90%
	45.80%
	46.20%
	14.30%
	32.50%
	67.30%
	27.50%
	42.56%



	
	0.000
	0.001
	0.038
	0.055
	0.010
	0.009
	0.442
	0.075
	0.000
	0.135
	0.077



	Scenario 8 (BV)
	54.90%
	59.20%
	38.40%
	23.60%
	26.50%
	43.40%
	20.90%
	35.70%
	56.90%
	28.30%
	38.78%



	
	0.001
	0.000
	0.033
	0.202
	0.150
	0.015
	0.259
	0.048
	0.001
	0.123
	0.083










 





Table 9. Top-performing enterprises for different weighting techniques implemented into the 7 MCDAs analyzed.
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Method

	
W

	
2013

	
2014

	
2015

	
2016

	
2017

	
2018

	
2019

	
2020

	
2021

	
2022






	
FUCA

	
C

	
OTKAR

	
TAVHL

	
DOAS

	
INDES

	
ASELS

	
FROTO

	
VESTL

	
TTRAK

	
TTRAK

	
THYAO




	
S

	
OTKAR

	
TAVHL

	
DOAS

	
INDES

	
ASELS

	
FROTO

	
VESTL

	
TTRAK

	
TTRAK

	
THYAO




	
VIKOR

	
C

	
ULKER

	
VESTL

	
DOAS

	
INDES

	
ASELS

	
TOASO

	
VESTL

	
RYSAS

	
BRISA

	
THYAO




	
S

	
OTKAR

	
VESTL

	
DOAS

	
INDES

	
VAKKO

	
BOSSA

	
VESTL

	
RYSAS

	
KENT

	
NETAS




	
TOPSIS

	
C

	
KENT

	
VESTL

	
DOAS

	
INDES

	
ASELS

	
BOSSA

	
VESTL

	
TTRAK

	
TBORG

	
VAKKO




	
S

	
KENT

	
VESTL

	
DOAS

	
INDES

	
BANVT

	
BOSSA

	
VESTL

	
RYSAS

	
TBORG

	
NETAS




	
SAW

	
C

	
AYGAZ

	
VAKKO

	
THYAO

	
INDES

	
TATGD

	
INDES

	
TTRAK

	
ARCLK

	
DOAS

	
TCELL




	
S

	
AYGAZ

	
VAKKO

	
THYAO

	
NETAS

	
TATGD

	
INDES

	
TTRAK

	
ARCLK

	
DOAS

	
TCELL




	
CODAS

	
C

	
AYGAZ

	
VAKKO

	
THYAO

	
INDES

	
TATGD

	
INDES

	
TTRAK

	
ARCLK

	
DOAS

	
TCELL




	
S

	
AYGAZ

	
VAKKO

	
THYAO

	
NETAS

	
TATGD

	
INDES

	
TTRAK

	
ARCLK

	
DOAS

	
TCELL




	
GRA

	
C

	
ULKER

	
VESTL

	
DOAS

	
INDES

	
BANVT

	
BOSSA

	
VESTL

	
TTRAK

	
TBORG

	
NETAS




	
S

	
ULKER

	
VESTL

	
DOAS

	
INDES

	
BANVT

	
BOSSA

	
VESTL

	
TTRAK

	
TBORG

	
NETAS




	
RAFSI

	
C

	
KENT

	
VESTL

	
DOAS

	
TTKOM

	
ASELS

	
BOSSA

	
VESTL

	
RYSAS

	
TBORG

	
VAKKO




	
S

	
KENT

	
VESTL

	
DOAS

	
TTKOM

	
BANVT

	
BOSSA

	
VESTL

	
RYSAS

	
KENT

	
VAKKO








Enterprises in italics show the shift in top-performing companies identified for a method when the weighting technique applied is changed.
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