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Abstract: Selecting an appropriate new store location is a complex multi-criteria 

decision-making problem because potential locations must be evaluated using 

multiple criteria with different performance characteristics. This study proposes an 

integrated distance-based Multi-Criteria Decision-Making framework using RECA 

Weighting combined with TOPSIS, SPOTIS, and EDAS to determine objective 

criterion importance and evaluate the stability and robustness of alternative 

rankings. The dataset consists of eight potential store locations evaluated using 

six criteria: Rental Cost, Building Area, Accessibility, Consumer Traffic, Parking 

Availability, and Infrastructure. RECA Weighting is applied to determine objective 

criterion weights based on performance variation, while TOPSIS, SPOTIS, and 

EDAS are used to generate preference scores and rankings through different 

distance-based evaluation mechanisms. The results show that Consumer Traffic 

obtains the highest criterion weight of 0.1824, while Parking Availability receives 

the lowest weight of 0.1422. The ranking results identify LS5 as the best-

performing alternative, followed by LS3, although several alternatives exhibit 

different ranking positions across the applied methods. Weight-variation analysis 

using Spearman rank correlation shows that SPOTIS achieves perfect ranking 

stability with a correlation of 1.0000, TOPSIS demonstrates very strong stability 

with a correlation of 0.9286, while EDAS produces a lower correlation of 0.1429, 

indicating greater ranking variation. These findings demonstrate that SPOTIS 

provides the highest robustness to criterion weight changes, followed by TOPSIS, 

whereas EDAS is more sensitive to weight variations due to its average-solution-

based evaluation mechanism. Overall, the proposed framework provides a 

comprehensive approach for objective weighting, ranking stability assessment, 

sensitivity analysis, and robustness evaluation in new store location selection. 

Keywords: Multi-Criteria Decision Making; RECA Weighting; Ranking Stability; 

Robustness Analysis; Store Location Selection; 

 

1. INTRODUCING 
Multi-Criteria Decision-Making (MCDM) plays an important role in supporting decision-

making for problems that involve many alternatives and criteria with different 

characteristics, because it can systematically integrate various assessment aspects 

through weighting, normalization, and performance evaluation of alternatives[1]–[3]. The 
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results of this evaluation are used to obtain preference values and create a ranking that 

shows the priority order of each alternative, so decision-makers can make choices based 

on more structured considerations. The ranking process becomes even more important 

when there are many alternatives with varying levels of achievement for each criterion[4], 

[5]. The situation gets more complex when several alternatives have relatively similar 

performance, as small differences in criteria values or weights can affect the preference 

values and the position of alternatives in the ranking. 

The distance-based approach in MCDM evaluates alternatives based on how close they 

are to the ideal solution, which represents the best performance across all criteria[6], [7]. 

The distance between each alternative and the ideal solution is used as the basis for 

forming preference values, where alternatives with shorter distances generally indicate 

performance that is closer to the desired condition. This approach is advantageous because 

it can map the relationship between an alternative's position and the reference point in a 

more measurable way, so differences in performance between alternatives can be 

represented through closeness or deviation from the ideal condition. Even though they use 

a similar basic principle, each distance-based method can apply different mechanisms for 

measuring distance, normalization, and aggregation[8], [9]. These differences can lead to 

varying preference values and ranking orders, especially when the alternatives have 

relatively close performance. This situation shows that the distance calculation mechanism 

is one of the factors that can affect the consistency and characteristics of ranking results 

in distance based MCDM methods. 

In this study, the technique for order preference by similarity to ideal solution 

(TOPSIS), Stable Preference Ordering Towards Ideal Solution (SPOTIS), and evaluation 

based on distance from average solution (EDAS) are used as MCDM methods that have 

evaluation characteristics based on closeness or distance to a reference condition. TOPSIS 

determines rankings based on the distance of alternatives from the positive ideal solution 

and the negative ideal solution, so alternatives that are closer to the positive ideal solution 

and further from the negative ideal solution get higher priority. SPOTIS uses the distance 

of each alternative from an ideal solution that’s determined based on the best and worst 

limits of each criterion, so the position of the alternatives is evaluated based on how much 

they deviate from the ideal condition. Meanwhile, EDAS evaluates alternatives based on 

their distance from the average solution through Positive Distance from Average (PDA) and 

Negative Distance from Average (NDA), then combines both to get the final assessment 

score. The difference in reference points and measurement mechanisms allows the three 

methods to produce different ranking responses to changes in performance or criterion 

weights, making it interesting to compare in terms of ranking stability, sensitivity, and 

robustness. 

The weight of criteria is one of the important components in MCDM because it 

determines the level of contribution of each criterion to the final value of each alternative. 

Changes in weight can alter the importance proportion of a criterion in the evaluation 

process, so increasing or decreasing a certain weight can potentially lead to changes in 

preference values and the ranking positions of alternatives. This situation also means that 

the weights generated by different weighting methods don’t necessarily give the same 

order of alternatives, even if they use identical data and ranking methods. In this context, 

Response to Criteria Weighting (RECA) can be used as a weighting approach that takes 

into account data responses to changes or the importance characteristics of criteria in 

determining more representative weights[10], [11]. Applying RECA allows the weight 

distribution to be examined based on the response characteristics of each criterion, and 

then used in ranking methods to see its impact on decision outcomes. The response of the 

ranking method to RECA weights is important to analyze in order to understand ranking 
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consistency, identify the most sensitive criteria, and evaluate the stability of results when 

there are changes in criteria weights[12], [13]. 

Previous studies have shown that criterion-weight sensitivity is important for evaluating 

the reliability and robustness of MCDM rankings. Variations in criterion weights can change 

ranking positions and identify criteria that strongly influence decision outcomes[14], [15]. 

In TOPSIS, weight sensitivity analysis has been used to assess the effects of parameter-

weight changes on alternative rankings, while EDAS studies have applied weight variation 

scenarios to evaluate ranking consistency[16]. Recent research has further emphasized 

full-range weight sensitivity, rank reversal, and correlation analysis as tools for assessing 

ranking robustness and agreement among MCDM results[17], [18]. However, a systematic 

comparison of TOPSIS, SPOTIS, and EDAS using RECA-generated weight variations and 

integrating ranking stability, sensitivity, rank reversal, and correlation analysis remains 

limited. Therefore, this study addresses this gap by providing a comprehensive evaluation 

of the robustness and consistency of distance-based MCDM methods under changing 

criterion weights. 

Even though various MCDM methods have been widely used to produce alternative 

rankings, most research still focuses on the final result of a single method or compares 

several methods based on the initial ranking without considering changes in criteria 

weights. This approach doesn’t fully reflect the consistency of the methods when the 

importance level of criteria changes. In distance based MCDM methods, differences in the 

mechanism for determining reference solutions and calculating distances can lead to 

different ranking responses to weight changes. Using RECA Weighting as a weighting 

approach also opens up a way to explore how the generated weights affect the behavior 

of the ranking methods. An evaluation that integrates ranking stability, weight sensitivity, 

ranking reversal, and robustness in the TOPSIS, SPOTIS, and EDAS methods still needs to 

be strengthened so that the comparison not only shows which method has the best ranking 

but also identifies which method can maintain ranking consistency when the criteria 

weights change. 

This study aims to carry out a comprehensive evaluation of the performance of several 

distance based MCDM methods, namely TOPSIS, SPOTIS, and EDAS, using RECA as the 

approach for weighting criteria. The evaluation is done by comparing the ranking results 

produced by each method and analyzing how the rankings respond to changes in criteria 

weights. In particular, this study aims to compare the performance of TOPSIS, SPOTIS, 

and EDAS in generating alternative rankings, evaluate ranking changes in response to 

weight variations, measure the level of ranking stability for each method, identify the 

criteria that have the greatest impact on ranking changes, and determine which method 

has the highest robustness based on ranking consistency, sensitivity to weights, and the 

level of position changes for alternatives. 

This study offers a comprehensive evaluation framework for distance based MCDM 

methods by integrating RECA into the analysis of weight changes and ranking results 

evaluation. The developed framework not only compares the initial rankings from TOPSIS, 

SPOTIS, and EDAS, but also tests how changes in criteria weights affect preference values 

and the position of each alternative. The evaluation is done simultaneously through 

measurements of ranking stability, sensitivity, and robustness, allowing the characteristics 

of each method to be analyzed more thoroughly. This approach makes it possible to identify 

methods that can maintain ranking consistency when criteria priorities change, while also 

showing which criteria have the most influence on changes in decision results. Thus, the 

contribution of this research is not only in comparing ranking results, but also in providing 

a basis for evaluating which distance based MCDM method has the best level of consistency 

and robustness against variations in criteria weights. 
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2. RESEARCH METHODOLOGY 
Research methodology is the part that systematically explains the stages, procedures, 

techniques, and approaches used in a study to achieve objectives and address the 

formulated problems. The research stages include preparing a decision matrix, determining 

criteria weights using RECA, applying each MCDM method to get the initial ranking, varying 

the criteria weights, and recalculating the ranking for each weight change scenario. The 

results are then analyzed using ranking stability, sensitivity, ranking reversal, and 

robustness indicators to see how each method responds to changes in criteria priorities 

and to determine which method produces the most consistent ranking. 

2.1. Research Stages 

 The research stages describe the systematic sequence of activities carried out to 

achieve the research objectives, beginning with data preparation and criteria weighting, 

followed by the application of distance based MCDM methods and evaluation of the 

resulting rankings. This structured process ensures that each stage produces the required 

input for the subsequent stage and allows the evaluation to be conducted consistently 

across the methods being compared. The main advantage of using a structured research-

stage framework is that it provides a clear and reproducible research procedure, facilitates 

comparison between TOPSIS, SPOTIS, and EDAS, and enables the effects of criteria-weight 

changes to be evaluated through stability, sensitivity, and robustness measures. The 

research consists of four main stages: Data Collection, Criteria Weighting Using RECA, 

Ranking Using Distance-Based MCDM, and Comprehensive Stability and Robustness 

Analysis, as illustrated in Figure 1. 

 
Figure 1. Research Stages 

 The research framework consists of four sequential stages. The first stage, Data 

Collection, involves collecting the data of alternatives and criteria required to construct the 

decision matrix. The second stage, Criteria Weighting Using RECA, determines the relative 

importance of each criterion based on the RECA approach, producing the criteria weights 

used in subsequent calculations. The third stage, Ranking Using Distance-Based MCDM, 

applies TOPSIS, SPOTIS, and EDAS to evaluate the alternatives and generate their 

respective preference values and rankings. The final stage, Comprehensive Stability and 

Robustness Analysis, examines the response of each method to changes in criteria weights 

by simultaneously evaluating ranking stability, sensitivity, and robustness, allowing the 

most consistent method and the criteria with the greatest influence on ranking changes to 

be identified. 
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2.2. RECA Weighting  

 RECA Weighting is a weighting method that determines the importance level of each 

criterion based on responses and performance variations of alternatives in each 

criterion[13]. The RECA steps start with creating a decision matrix that contains the 

performance values of each alternative against all criteria using (1), then continue with 

calculating preference values to obtain the relative preference value of each alternative 

using (2). These values are then normalized so that they are on a comparable scale using 

(3), and afterward used to determine the standard value as a reference value for each 

criterion using (4). The next step is to calculate preference variation to measure the level 

of performance variation of alternatives against the reference value using (5), then 

determine preference deviation as the basis to know the contribution of each criterion using 

(6). At the final stage, the criterion weights are calculated based on the relative deviation 

values of each criterion compared to all the criteria using (7), so we get the weights used 

in the ranking process. 

𝑋 = [

𝑥11 ⋯ 𝑥𝑛1

⋮ ⋱ ⋮
𝑥1𝑚 ⋯ 𝑥𝑛𝑚

]     (1) 

𝑃𝑉𝑖𝑗 =
𝑥𝑖𝑗

√∏ 𝑥𝑖𝑗
𝑛
𝑗=1

𝑛
      (2) 

𝑅𝑖𝑗 =
𝑃𝑉𝑖𝑗

𝑃𝑉𝑗
𝑚𝑎𝑥      (3) 

𝑁𝑗 =
1

𝑁
∑ 𝑅𝑖𝑗      (4) 

∅𝑗 = ∑ [𝑅𝑖𝑗 − 𝑁𝑗]
2𝑚

𝑖=1      (5) 

𝛺𝑗 =|1 − ∅𝑗|      (6) 

𝑤𝑗 =
𝛺𝑗

∑ 𝛺𝑗
𝑛
𝑗=1

      (7) 

 The results of RECA Weighting is the objective weight for each criterion, reflecting 

the level of contribution and the variation of information present in the alternative data. 

Using RECA weights allows the ranking process to take the data's characteristics into 

account more objectively and serves as a basis for evaluating changes in rankings, stability, 

sensitivity, and robustness of each method when there are changes in the criteria weights. 

2.3. Distance-Based MCDM Methods  

 Distance Based MCDM Methods are a group of methods in MCDM that determine the 

preference or ranking of alternatives based on the distance between each alternative's 

performance and a reference point, such as an ideal solution, anti-ideal solution, or a 

specific reference point. These methods work by converting the decision matrix into 

comparable values, identifying a reference point or ideal solution, and then calculating the 

distance of each alternative to that point. Alternatives that have the smallest distance to 

the ideal solution, or the most favorable distance to the reference point, usually get a 

higher preference ranking. 

 The TOPSIS method is one of the MCDM methods used to rank alternatives based on 

how close they are to the positive ideal solution and how far they are from the negative 

ideal solution[19]–[21]. The main principle of TOPSIS is that the best alternative is the 

one that is closest to the positive ideal condition while being farthest from the negative 

ideal condition. This method can be used for both benefit and cost criteria by considering 

the importance weight of each criterion. The TOPSIS steps involve creating and normalizing 

the decision matrix using (8), then multiplying it by the criteria weights to get the weighted 

normalized matrix in Equation (9). Next, the positive and negative ideal solutions are 

determined using (10) and (11), then the distance of each alternative to both solutions is 

calculated using (12) and (13). Preference values are calculated using (14), and then the 
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alternatives are ranked based on the preference values, with the highest value being the 

best rank. 

𝑥𝑖𝑗
∗ =

𝑥𝑖𝑗

√[∑ 𝑥𝑖𝑗
2𝑗

𝑖=1
]

      (8) 

𝑣𝑖𝑗 = 𝑤𝑗 ∗ 𝑥𝑖𝑗
∗       (9) 

𝑦𝑗
+ = {

𝑚𝑎𝑥𝑖𝑦𝑖𝑗  ; 𝑖𝑓 𝑗 𝑖𝑠 𝑎 𝑏𝑒𝑛𝑒𝑓𝑖𝑡 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒

𝑚𝑖𝑛𝑖𝑦𝑖𝑗  ; 𝑖𝑓 𝑗 𝑖𝑠 𝑎 𝑐𝑜𝑠𝑡 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒
  (10) 

𝑦𝑗
− = {

𝑚𝑖𝑛𝑖𝑦𝑖𝑗  ; 𝑖𝑓 𝑗 𝑖𝑠 𝑎 𝑏𝑒𝑛𝑒𝑓𝑖𝑡 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒

𝑚𝑎𝑥𝑖𝑦𝑖𝑗  ; 𝑖𝑓 𝑗 𝑖𝑠 𝑎 𝑐𝑜𝑠𝑡 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒
  (11) 

𝐷𝑖
+ = √∑ (𝑦𝑖

+ − 𝑦𝑖𝑗)
2𝑛

𝑗=1      (12) 

𝐷𝑖
− = √∑ (𝑦𝑖𝑗 − 𝑦𝑖

−)
2𝑛

𝑗=1      (13) 

𝑉𝑖 =
𝐷𝑖

−

𝐷𝑖
−+𝐷𝑖

+      (14) 

 The SPOTIS method is a distance based MCDM method that evaluates and ranks 

alternatives based on their distance from the ideal solution point (optimal point). SPOTIS 

determines the optimal point for each criterion by considering benefit and cost 

characteristics, then calculates the relative distance of each alternative to that point[22]–

[24]. The alternative with the smallest total distance value is considered to perform closest 

to the ideal solution, thus getting the best ranking. The steps of the SPOTIS method start 

with determining the optimal point for each criterion based on the benefit and cost 

characteristics using (15). Next, the distance of each alternative to the optimal point is 

normalized based on the criteria value range using (16). These distance values are then 

multiplied by the criteria weights and summed to get the preference value of each 

alternative using (17). 

𝑥𝑗
∗ = {

max
𝑗

𝑥𝑖𝑗  ; 𝑖𝑓 𝑗 𝑖𝑠 𝑎 𝑏𝑒𝑛𝑒𝑓𝑖𝑡 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒

min
𝑗

𝑥𝑖𝑗  ; 𝑖𝑓 𝑗 𝑖𝑠 𝑎 𝑐𝑜𝑠𝑡 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒
   (15) 

𝑑𝑖𝑗 =
|𝑥𝑖𝑗−𝑥𝑗

∗|

|𝑥𝑗
𝑚𝑎𝑥−𝑥𝑗

𝑚𝑖𝑛|
      (16) 

𝑦𝑖 = ∑ 𝑤𝑗 ∗ 𝑑𝑖𝑗
𝑛
𝑗=1      (17) 

 The EDAS method is an MCDM method that evaluates alternatives based on their 

distance from the Average Solution. Unlike methods that use the ideal solution as a 

reference point, EDAS uses the average value of each criterion as a reference[25]–[27]. 

The performance of each alternative is assessed based on the Positive Distance from 

Average (PDA) and Negative Distance from Average (NDA), and then these two measures 

are combined to get the final evaluation score. The EDAS method starts by calculating the 

average solution (AV) for each criterion using (18). Next, the Positive Distance from 

Average (PDA) and Negative Distance from Average (NDA) are calculated based on 

whether the criterion is a benefit or cost using (19) and (20). The PDA and NDA values are 

then multiplied by the criteria weights to get the SP and SN values using (21) and (22). 

Next, the values are normalized into NSP and NSN using (23) and (24). The final Appraisal 

Score (AS) is calculated using (25), and then the alternatives are ranked based on the AS 

value. 

𝐴𝑉𝑗 =
∑ 𝑥𝑖𝑗

𝑗
𝑖=1

𝑛
      (18) 

𝑃𝐷𝐴𝑖𝑗 = {

max(0,(𝑥𝑖𝑗−𝐴𝑉𝑗))

𝐴𝑉𝑗
; 𝑖𝑓 𝑗 𝑖𝑠 𝑎 𝑏𝑒𝑛𝑒𝑓𝑖𝑡 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒

max(0,(𝐴𝑉𝑗−𝑥𝑖𝑗))

𝐴𝑉𝑗
; 𝑖𝑓 𝑗 𝑖𝑠 𝑎 𝑐𝑜𝑠𝑡 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒

 (19) 
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𝑁𝐷𝐴𝑖𝑗 = {

max(0,(𝐴𝑉𝑗−𝑥𝑖𝑗))

𝐴𝑉𝑗
; 𝑖𝑓 𝑗 𝑖𝑠 𝑎 𝑏𝑒𝑛𝑒𝑓𝑖𝑡 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒

max(0,(𝑥𝑖𝑗−𝐴𝑉𝑗))

𝐴𝑉𝑗
; 𝑖𝑓 𝑗 𝑖𝑠 𝑎 𝑐𝑜𝑠𝑡 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒

 (20) 

𝑆𝑃𝑖 = ∑ 𝑤𝑗 ∗ 𝑃𝐷𝐴𝑖𝑗
𝑛
𝑗=1      (21) 

𝑆𝑁𝑖 = ∑ 𝑤𝑗 ∗ 𝑁𝐷𝐴𝑖𝑗
𝑛
𝑗=1      (22) 

𝑁𝑆𝑃𝑖 =
𝑆𝑃𝑖

max 𝑆𝑃𝑖
      (23) 

𝑁𝑆𝑁𝑖 =
𝑆𝑁𝑖

max 𝑆𝑁𝑖
      (24) 

𝐴𝑆𝑖 =
1

2
∗ (𝑁𝑆𝑃𝑖 + 𝑁𝑆𝑛𝑖)     (25) 

 The three methods, TOPSIS, SPOTIS, and EDAS, are distance based MCDM 

approaches that evaluate alternatives by measuring their relative distance from a defined 

reference point. TOPSIS considers both positive and negative ideal solutions, SPOTIS 

evaluates alternatives based on their distance from an optimal point, while EDAS measures 

performance relative to the average solution. These differences in reference points and 

distance measurement mechanisms provide distinct perspectives for evaluating 

alternatives, making the three methods suitable for comparative analysis to assess ranking 

robustness and decision consistency. 

 

3. RESULT AND DISCUSSIONS 
 This study presents a comprehensive evaluation of distance based MCDM methods 

by integrating RECA Weighting with TOPSIS, SPOTIS, and EDAS to investigate the influence 

of objective criteria weighting on the resulting alternative rankings. The proposed 

framework applies RECA to determine the relative importance of criteria based on the 

performance variation of alternatives, while TOPSIS, SPOTIS, and EDAS provide different 

distance-based mechanisms for evaluating and ranking alternatives. TOPSIS determines 

preferences according to the distance from positive and negative ideal solutions, SPOTIS 

evaluates the distance of alternatives from an optimal point, and EDAS measures the 

positive and negative deviations from the average solution. The resulting rankings are then 

examined through ranking stability analysis to identify the consistency of alternative 

positions across the three methods. In addition, sensitivity analysis is employed to assess 

how changes in criterion weights affect the ranking results and to identify criteria that have 

a substantial influence on decision outcomes. Through the integration of objective 

weighting, comparative distance-based ranking, stability assessment, and sensitivity 

analysis, the study aims to provide a more reliable evaluation of alternative performance 

and strengthen the robustness of DSS decision-making under different methodological and 

weighting conditions. 

3.1. Dataset 

 The dataset used in this study is a dataset for selecting new store locations, consisting 

of eight alternatives, namely LS1 to LS8, with each alternative representing a different 

store location. Each alternative is evaluated based on six criteria: Rental Cost (C1), Building 

Area (C2), Accessibility (C3), Consumer Traffic (C4), Parking Availability (C5), and 

Infrastructure (C6). Rental Cost represents the cost of renting the location, Building Area 

shows the available building space, Accessibility reflects how easy it is to get to the 

location, Consumer Traffic indicates the level of traffic or potential customer visits, Parking 

Availability represents the availability of parking facilities, and Infrastructure shows the 

condition of supporting infrastructure at each location. The variation in values across these 

six criteria shows differences in characteristics and performance levels among the 

alternatives, which forms the basis for the multi-criteria decision-making process. This 

dataset is then used as a decision matrix to determine objective weights using RECA 
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Weighting, and each alternative is evaluated using the TOPSIS, SPOTIS, and EDAS 

methods to produce rankings and analyze the consistency, stability, and sensitivity of the 

decision results. The dataset used in this study is shown in Table 1. 

Table 1. Dataset New Location Store[28] 
Alternative Name  C1 C2 C3 C4 C5 C6 

LS1  45 120 8 550 10 9 

LS2 40 100 7 500 8 8 
LS3 55 150 9 600 12 9 
LS4 38 90 6 480 6 7 
LS5 60 160 8 620 15 10 
LS6 42 130 9 570 11 8 

LS7 36 110 7 510 9 7 
LS8 48 140 8 590 13 9 

 

The dataset used shows that there are variations in performance values for each criterion 

used in the decision-making process. These differences serve as the basis for determining 

the importance level of each criterion through RECA Weighting. Then, the weights obtained 

are used in the TOPSIS, SPOTIS, and EDAS methods to generate preference values, rank 

options, and evaluate the stability and sensitivity of the decision results. 

3.2. Calculating Criteria Weights Using RECA Weighting 

 The calculation of criteria weights using RECA Weighting is done to get the objective 

importance level of each criterion based on responses and data performance variations. 

The process starts by using a decision matrix as the input for the calculation, then the 

relative preference value of each data is calculated to show performance responses to each 

criterion using (1) and (2). These preference values are then normalized so that they are 

on a comparable scale using (3). The normalization results are used to determine the 

standard value as a reference point for each criterion using (4). Next, the preference 

variation is calculated to measure the level of performance deviation from the standard 

value using (5), then the preference deviation value is determined as a basis for identifying 

the relative contribution of each criterion using (6). The final stage is carried out by 

calculating the weight of each criterion based on the proportion of its deviation value to 

the total deviation of all criteria using (7). The criterion weights obtained from this process 

are presented in Table 2. 

Table 2. Criteria Weight Results Using RECA Weighting 
C1 C2 C3 C4 C5 C6 

0.1651 0.1601 0.1738 0.1824 0.1422 0.1764 

 

Based on the RECA Weighting results, the weights show that Consumer Traffic C4 has the 

highest weight at 0.1824, followed by Infrastructure C6 at 0.1764 and Accessibility C3 at 

0.1738. Next, Rental Cost C1 has a weight of 0.1651, while Building Area C2 gets a weight 

of 0.1601. Meanwhile, Parking Availability C5 has the lowest weight at 0.1422. These 

results indicate that Consumer Traffic C4 contributes the most in the evaluation process, 

while Parking Availability C5 contributes the least. Overall, the differences in weights 

between criteria are relatively small, so all criteria are fairly balanced in terms of 

importance in the decision-making process. 

 Based on the weighting results, each criterion has a different contribution in the 

decision-making process, with Consumer Traffic C4 being the most dominant criterion and 

Parking Availability C5 having the lowest contribution. The obtained weights are then used 

as parameters in the evaluation process using the TOPSIS, SPOTIS, and EDAS methods to 
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generate preference scores and rankings, allowing for comparisons of the stability and 

sensitivity of the decision results. 

3.3. Final Scores Calculation of Distance-Based MCDM Methods 

 The final score calculation is done by applying the criteria weights obtained through 

RECA Weighting into the TOPSIS, SPOTIS, and EDAS methods. Each method processes the 

decision matrix and criteria weights using different distance-based evaluation mechanisms 

to produce a final value for each alternative. These values represent the relative 

performance level based on the characteristics of each method and serve as the basis for 

determining the preference ranking. Using the same weights across all three methods 

allows for a more consistent comparison of evaluation results, so any differences in scores 

can be linked to the calculation characteristics of each method. Then, the final scores 

obtained from TOPSIS, SPOTIS, and EDAS are used to compare evaluation results, identify 

the best-performing alternatives, and serve as a basis for ranking stability and sensitivity 

analysis. 

 The final score calculation using the TOPSIS method is done through several steps, 

starting with determining the weighted normalized decision matrix based on normalization 

values and criteria weights using (9). Next, the positive ideal solution and negative ideal 

solution are determined by considering the characteristics of benefits and costs using (10) 

and (11). After that, the distance of each alternative to the positive ideal solution and 

negative ideal solution is calculated using (12) and (13). Based on these two distance 

values, the preference value or final TOPSIS score is then calculated using (14). The 

preference value obtained shows the relative closeness of each alternative to the ideal 

solution, so it can be used as a basis for evaluation and ranking. The results of the final 

TOPSIS score calculation is presented in Table 3. 

Table 3. Final Scores of Alternatives Using the TOPSIS Method 
Alternative Name  Final Score 

LS1  0,5240 
LS2 0,3728 

LS3 0,6315 
LS4 0,3046 
LS5 0,6605 
LS6 0,6133 
LS7 0,4330 
LS8 0,6819 

 

Based on Table 3, the final TOPSIS scores show variations in the evaluation results across 

the alternatives. LS8 obtained a final score of 0.6819, followed by LS5 with 0.6605, LS3 

with 0.6315, and LS6 with 0.6133. Meanwhile, LS1 obtained a score of 0.5240, followed 

by LS7 at 0.4330, LS2 at 0.3728, and LS4 at 0.3046. These values represent the relative 

closeness of each alternative to the ideal solution based on the TOPSIS calculation using 

the RECA-derived criteria weights. The differences in final scores indicate varying levels of 

overall performance among the evaluated alternatives and provide the numerical basis for 

subsequent comparative analysis with other distance based MCDM methods. 

 The final score calculation using the SPOTIS method starts by determining the optimal 

point for each criterion based on benefit and cost characteristics using (15). Next, the 

distance of each alternative to the optimal point is calculated through a normalization 

process using (16) to get distance values that can be compared across criteria. These 

distance values are then multiplied by the weight of each criterion and summed up to get 

the final SPOTIS score using (17). The resulting score shows how close each alternative is 

to the optimal point, so a smaller score indicates a closer distance to the optimal condition. 

The results of the SPOTIS final score calculation are shown in Table 4. 
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Table 4. Final Scores of Alternatives Using the SPOTIS Method 
Alternative Name  Final Score 

LS1  0,4403 
LS2 0,6651 
LS3 0,2859 
LS4 0,8486 
LS5 0,2231 
LS6 0,3558 
LS7 0,6447 

LS8 0,3157 

 

Based on the final scores presented in Table 4, the SPOTIS method produces different 

distance values for each alternative. LS5 has a final score of 0.2231, followed by LS3 with 

0.2859, LS8 with 0.3157, and LS6 with 0.3558. Meanwhile, LS1 obtains a score of 0.4403, 

LS7 obtains 0.6447, LS2 obtains 0.6651, and LS4 obtains 0.8486. These values represent 

the distance of each alternative from the optimal point based on the criteria weights 

obtained through RECA Weighting. The differences in scores indicate varying degrees of 

proximity to the optimal condition and provide a basis for further comparison with the final 

scores generated by other distance based MCDM methods. 

 The final score calculation of the EDAS method starts with determining the average 

solution based on the value of each criterion in Equation (18). Next, the Positive Distance 

from Average (PDA) and Negative Distance from Average (NDA) are calculated to measure 

the deviation of each alternative's performance from the average solution in Equations (19) 

and (20). The PDA and NDA values are then multiplied by the criteria weights to get the 

respective aggregate values in Equations (21) and (22). These results are then normalized 

to obtain the Normalized Positive Distance (NPD) and Normalized Negative Distance (NND) 

in Equations (23) and (24). The final step is to calculate the Appraisal Score (AS) as the 

final EDAS score in Equation (25). The AS value shows the relative performance level of 

each alternative based on its closeness and deviation from the average solution. The final 

score calculation results of the EDAS method are shown in Table 5. 

Table 5. Final Scores of Alternatives Using the EDAS Method 
Alternative Name  Final Score 

LS1  0,0967 
LS2 0,3321 

LS3 0,4124 
LS4 0,5811 
LS5 0,6330 
LS6 0,1977 
LS7 0,3537 
LS8 0,2737 

 

Based on the final scores presented in Table 5, the EDAS method produces different 

appraisal scores for each alternative. LS5 obtains the highest final score of 0.6330, followed 

by LS4 with 0.5811 and LS3 with 0.4124. The other alternatives obtain scores of 0.3537 

for LS7, 0.3321 for LS2, 0.2737 for LS8, 0.1977 for LS6, and 0.0967 for LS1. These scores 

represent the overall performance of each alternative based on its positive and negative 

deviations from the average solution, after incorporating the criteria weights obtained 

through RECA Weighting. The variation in appraisal scores reflects differences in the 

relative performance of the alternatives and provides a basis for comparing the evaluation 

results obtained from EDAS with those generated by TOPSIS and SPOTIS. 
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3.4. Ranking Results Using Distance-Based MCDM Methods 

  The ranking results are obtained by ordering the final scores generated by TOPSIS, 

SPOTIS, and EDAS according to the preference direction of each method. The three 

methods use the same decision matrix and criteria weights obtained from RECA Weighting, 

but apply different distance-based evaluation mechanisms, which may lead to differences 

in the position of alternatives. Comparing the rankings allows the consistency of alternative 

positions across methods to be observed and provides an initial indication of the robustness 

of the decision outcomes. The comparison also serves as a basis for subsequent ranking 

stability and sensitivity analysis to determine the extent to which methodological 

differences influence the final decision. The comparison results of the rankings obtained 

from TOPSIS, SPOTIS, and EDAS are presented in Table 6. 

Table 6. Comparison Results of Alternative Rankings 
Alternative Name  Rank ORI Rank TOPSIS Rank SPOTIS Rank EDAS 

LS5 1 2 1 1 
LS3 2 3 2 3 
LS8 3 1 3 6 
LS6 4 4 4 7 
LS1 5 5 5 8 
LS7 6 6 6 4 

LS2 7 7 7 5 
LS4 8 8 8 2 

 

Based on Table 6, the comparison shows that LS5 maintains a highly consistent position, 

occupying rank 1 in the ORI, SPOTIS, and EDAS results, while obtaining rank 2 with 

TOPSIS. LS3 also demonstrates relatively stable performance with ranks 2, 3, 2, and 3 

across ORI, TOPSIS, SPOTIS, and EDAS, respectively. LS8 shows greater variation, moving 

from rank 3 in ORI and SPOTIS to rank 1 in TOPSIS and rank 6 in EDAS. LS6 remains at 

rank 4 in ORI, TOPSIS, and SPOTIS but shifts to rank 7 in EDAS, whereas LS1 consistently 

occupies rank 5 in the first three results and moves to rank 8 in EDAS. LS7 records rank 6 

in ORI, TOPSIS, and SPOTIS and improves to rank 4 in EDAS, while LS2 remains relatively 

stable around ranks 7 and 5. LS4 consistently occupies rank 8 in ORI, TOPSIS, and SPOTIS 

but changes substantially to rank 2 in EDAS. Overall, the results indicate that TOPSIS and 

SPOTIS produce relatively similar ranking patterns, while EDAS shows greater variation for 

several alternatives, particularly LS8, LS6, and LS4. 

 To evaluate how well the ranking results obtained from TOPSIS, SPOTIS, and EDAS 

match, Spearman's rank correlation is used as a measure of the relationship between the 

ranking results. This analysis helps to see to what extent the change in position of an 

alternative in one method follows a consistent pattern with the other methods. The 

Spearman coefficient ranges from −1 to 1, with values closer to 1 indicating stronger rank 

agreement, while lower values show differences in ranking patterns between methods. In 

this study, rank correlation is used to compare the results of TOPSIS, SPOTIS, and EDAS 

to determine the consistency level of the evaluation results. The Spearman rank correlation 

results between methods are shown in Figure 2. 
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Figure 2. Comparison of Correlation Values 

Based on the Spearman correlation results, SPOTIS shows the highest correlation value of 

1.0000, indicating a perfect match with the reference ranking. TOPSIS has a correlation 

value of 0.9286, showing a very strong ranking agreement. Meanwhile, EDAS has a 

correlation value of 0.1429, indicating a relatively weak ranking relationship compared to 

the other two methods. These results suggest that the ranking pattern produced by SPOTIS 

is the most consistent with the reference ranking, while EDAS produces a ranking pattern 

that is more different. 

3.5. Comprehensive Stability and Robustness Analysis 

The comprehensive stability analysis demonstrates that the integration of RECA 

Weighting with distance based MCDM methods produces generally consistent decision 

patterns, although the degree of stability varies according to the evaluation mechanism 

applied by each method. The ranking comparison shows that LS5 is the most stable 

alternative because it occupies the first position in the reference ranking, SPOTIS, and 

EDAS, while remaining in the second position under TOPSIS. LS3 also demonstrates a 

relatively stable position, with ranks of 2, 3, 2, and 3 across the reference ranking, TOPSIS, 

SPOTIS, and EDAS, respectively. Similarly, LS6, LS1, LS7, and LS2 experience only 

moderate changes in their ranking positions across the evaluated methods. These results 

indicate that several alternatives maintain their relative performance despite being 

evaluated using different distance-based mechanisms. The consistency is further 

supported by the Spearman correlation analysis, where SPOTIS achieves a perfect 

correlation value of 1.0000 with the reference ranking and TOPSIS reaches 0.9286, 

indicating a very strong agreement. These high correlation values demonstrate that the 

decision outcomes generated by TOPSIS and SPOTIS are relatively stable and are not 

substantially affected by the methodological differences in distance calculation. Therefore, 

the dominant alternatives identified through the proposed framework can be considered to 

have a relatively strong performance profile because their positions remain consistent 

under different distance-based evaluation mechanisms. 

The robustness analysis further considers the differences observed among TOPSIS, 

SPOTIS, and EDAS to determine whether methodological changes can substantially alter 

the decision conclusion. The results show that TOPSIS and SPOTIS provide highly 

comparable ranking patterns, particularly for LS5, LS3, LS6, LS1, LS7, LS2, and LS4. The 

most notable difference occurs for LS8, which achieves the first position in TOPSIS but falls 

to the sixth position in EDAS. LS4 also demonstrates a considerable shift, moving from the 

eighth position in TOPSIS and SPOTIS to the second position in EDAS. These changes can 

be explained by the different evaluation principles employed by the methods. TOPSIS 
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evaluates alternatives according to their relative distance from positive and negative ideal 

solutions, while SPOTIS measures distance from a predefined optimal point. EDAS, in 

contrast, evaluates alternatives according to their positive and negative deviations from 

the average solution. Consequently, an alternative that performs strongly relative to an 

ideal solution may not necessarily obtain an equivalent position when its performance is 

assessed in relation to the average solution. Despite these methodological differences, the 

leading alternatives remain relatively recognizable, particularly LS5 and LS3, which 

consistently occupy high positions across the evaluated methods. This indicates that the 

decision framework possesses a reasonable level of robustness because the main 

recommendation is not completely altered by the selection of a distance-based ranking 

method. 

The stability of the decision results is also closely related to the objective criteria 

weights generated by RECA Weighting. The obtained weights are relatively balanced, 

ranging from 0.1422 for Parking Availability to 0.1824 for Consumer Traffic, indicating that 

no single criterion dominates the decision process excessively. Consumer Traffic receives 

the highest weight, followed by Infrastructure, Accessibility, Rental Cost, Building Area, 

and Parking Availability. The relatively narrow difference between the highest and lowest 

weights suggests that the final ranking is influenced by the combined performance of 

alternatives across multiple criteria rather than by an isolated criterion. This characteristic 

strengthens the robustness of the evaluation because moderate changes in one criterion 

are less likely to completely determine the final position of an alternative. At the same 

time, the higher weight assigned to Consumer Traffic indicates that this criterion should 

receive greater attention in sensitivity testing because changes in its relative importance 

may have a more noticeable effect on the ranking outcomes. The same consideration 

applies to Infrastructure and Accessibility because their weights are also relatively high. 

Therefore, a comprehensive robustness assessment should examine whether increasing or 

decreasing the weights of these influential criteria results in major changes in the ranking 

order. If the leading alternatives remain in comparable positions under these weight 

perturbations, the resulting decision can be regarded as more stable and reliable. 

Conversely, substantial rank reversals under small weight changes would indicate that the 

decision is sensitive to criterion importance and should therefore be interpreted with 

greater caution. 

To assess the robustness of the proposed decision-making method, a sensitivity 

analysis was performed by systematically modifying the criterion weights. As the weights 

indicate the relative importance assigned to each criterion, changes in their values may 

lead to variations in the final ranking of alternatives. Accordingly, several testing scenarios 

were developed by increasing and decreasing the initial weights while ensuring that the 

sum of all criterion weights remained equal to 1. The rankings obtained from each scenario 

were subsequently compared with the original ranking to examine the influence of weight 

changes on the decision results and to evaluate the stability of the proposed method. The 

weight modification scenarios used in the sensitivity analysis are presented in Table 1. 

Table 7. Sensitivity Analysis Test Scenario with Changes in Criterion Weights 
Test Scenario C1 C2 C3 C4 C5 C6 

Initial Weight 0.1651 0.1601 0.1738 0.1824 0.1422 0.1764 
Test 1: C1 increases by 0.05 0.2049 0.1525 0.1655 0.1737 0.1354 0.1680 
Test 2: C2 increases by 0.05 0.1572 0.2001 0.1655 0.1737 0.1354 0.1680 
Test 3: C3 increases by 0.05 0.1572 0.1525 0.2131 0.1737 0.1354 0.1680 

Test 4: C4 increases by 0.05 0.1572 0.1525 0.1655 0.2213 0.1354 0.1680 
Test 5: C5 increases by 0.05 0.1572 0.1525 0.1655 0.1737 0.1830 0.1680 
Test 6: C6 increases by 0.05 0.1572 0.1525 0.1655 0.1737 0.1354 0.2156 
Test 7: C1 decreased by 0.05 0.1212 0.1685 0.1829 0.1920 0.1497 0.1857 
Test 8: C2 decreased by 0.05 0.1738 0.1159 0.1829 0.1920 0.1497 0.1857 
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Test 9: C3 decreased by 0.05 0.1738 0.1685 0.1303 0.1920 0.1497 0.1857 
Test 10: C4 decreased by 0.05 0.1738 0.1685 0.1829 0.1394 0.1497 0.1857 
Test 11: C5 decreased by 0.05 0.1738 0.1685 0.1829 0.1920 0.0971 0.1857 
Test 12: C6 decreased by 0.05 0.1738 0.1685 0.1829 0.1920 0.1497 0.1331 

 

Based on the weight variation scenarios, the ranking of each alternative was 

recalculated using the TOPSIS method. For each scenario, changes in the criterion weights 

resulted in different preference values based on the relative closeness of each alternative 

to the positive and negative ideal solutions, which consequently affected the ranking 

positions. The results of all weight variation scenarios were then compared to evaluate the 

stability of the alternative rankings. Overall, the ranking changes resulting from each 

scenario are presented in Figure 3, illustrating how variations in criterion weights influence 

the ranking positions of the alternatives. 

 
Figure 3. Comparison Results of TOPSIS Method Rankings Based on Sensitivity Analysis 

The TOPSIS ranking results show that LS5 consistently achieved the highest position, 

starting from rank 1 in the original scenario and remaining in the top three across all 12 

test scenarios, although its ranking fluctuated between first and fourth place. LS8, which 

was ranked third in the original scenario, demonstrated the strongest performance under 

most weight variation scenarios, achieving rank 1 in Tests 1–6 and Tests 8–12, while 

dropping slightly to second place in Test 7. LS3 showed relatively stable performance, with 

rankings ranging from second to fourth, whereas LS6 generally occupied fourth place but 

improved to second in Test 11 and third in Test 8. Meanwhile, LS1 consistently maintained 

fifth place across all scenarios, while LS7, LS2, and LS4 remained unchanged at sixth, 

seventh, and eighth place, respectively. These results indicate that the upper-ranked 

alternatives, particularly LS5, LS8, LS3, and LS6, are more sensitive to changes in criterion 

weights, whereas the lower-ranked alternatives exhibit highly stable rankings throughout 

the weight variation scenarios. 

Based on the weight variation scenarios, the ranking of each alternative was 

recalculated using the SPOTIS method. For each scenario, changes in the criterion weights 

resulted in variations in the SPOTIS preference values and, consequently, affected the 

ranking positions of the alternatives. The results obtained from all weight variation 

scenarios were then compared to assess the stability and robustness of the alternative 

rankings under different weight configurations. Overall, the ranking changes across the 

scenarios are presented in Figure 4, illustrating the influence of criterion weight variations 

on the ranking order of the alternatives using the SPOTIS method. 
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Figure 4. Comparison Results of SPOTIS Method Rankings Based on Sensitivity Analysis 

The SPOTIS ranking results demonstrate a completely stable ranking pattern across all 

weight variation scenarios. LS5 consistently maintained the first position from the original 

ranking through Tests 1–12, indicating that it remained the best-performing alternative 

regardless of changes in criterion weights. Similarly, LS3, LS8, and LS6 consistently 

occupied the second, third, and fourth positions, respectively, throughout all scenarios. 

The lower-ranked alternatives also showed no changes in their positions, with LS1 

remaining fifth, LS7 sixth, LS2 seventh, and LS4 eighth in every test. This consistent 

ranking pattern indicates that the SPOTIS method is highly robust and insensitive to the 

applied weight variations, as none of the alternatives experienced a change in ranking 

position across the 12 test scenarios. Therefore, the SPOTIS results provide strong 

evidence of ranking stability and demonstrate that the original ranking is highly reliable 

under different criterion weight configurations. 

Based on the weight variation scenarios, the ranking of each alternative was 

recalculated using the EDAS method. For each scenario, changes in the criterion weights 

resulted in variations in the appraisal scores of the alternatives, which consequently 

affected their ranking positions. The results obtained from all weight variation scenarios 

were then compared to evaluate the stability and robustness of the alternative rankings 

under different weight configurations. Overall, the ranking changes across the scenarios 

are presented in Figure 5, illustrating the influence of criterion weight variations on the 

ranking order of the alternatives using the EDAS method. 

 
Figure 5. Comparison Results of EDAS Method Rankings Based on Sensitivity Analysis 
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The EDAS ranking results show a highly stable ranking pattern across all 12 weight 

variation scenarios, although several alternatives experienced substantial changes 

compared with the original ranking. LS5 consistently maintained the first position in the 

original ranking and all test scenarios, indicating that it is the most robust alternative under 

different criterion weight configurations. In contrast, LS4 improved substantially from 

eighth place in the original ranking to second place in all test scenarios, followed by LS3, 

which moved from second to third place, and LS7, which improved from sixth to fourth 

place. LS2 also improved from seventh to fifth place, while LS8 declined from third to sixth 

place, LS6 from fourth to seventh place, and LS1 from fifth to eighth place. Notably, 

although these changes occurred between the original ranking and the test scenarios, the 

rankings remained completely unchanged across Tests 1–12. This indicates that the EDAS 

method produces a stable ranking under the applied weight variations, while the 

differences between the original and test rankings suggest that the initial weighting 

configuration has a substantial influence on the relative ordering of the alternatives. 

Based on the ranking results obtained from the TOPSIS, SPOTIS, and EDAS 

methods, a correlation analysis was performed to evaluate the degree of similarity and 

consistency among the alternative rankings generated by each method and across the 

different weight variation scenarios. The correlation values were calculated by comparing 

the ranking positions of the alternatives, allowing the relationships between the methods 

and the stability of their rankings to be quantitatively assessed. The resulting correlation 

coefficients are presented in Figure 6, which illustrates the level of agreement among the 

ranking results and provides further evidence of the consistency and robustness of the 

decision-making outcomes under different weight configurations. 

 
Figure 6. Comparison of Spearman Correlation Values from Sensitivity Analysis 

Based on the heatmap results, the SPOTIS method demonstrates the highest-ranking 

stability, achieving a correlation value of 1.0000 across all 12 tests, indicating that changes 

in the criterion weights do not affect the ranking order of the alternatives. The EDAS 

method also exhibits very high stability, with a consistent correlation value of 0.9762 

across all tests. In contrast, TOPSIS shows greater variation in its correlation values, 

ranging from 0.7857 to 0.9762, with the lowest value occurring in Test 11 and the highest 
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in Test 7. Overall, these results indicate that SPOTIS provides the highest level of ranking 

robustness and consistency, followed by EDAS, while TOPSIS is relatively more sensitive 

to changes in criterion weights. 

Overall, the combined findings from ranking comparison, Spearman correlation, 

RECA-based weighting, and cross-method evaluation indicate that the proposed framework 

provides a meaningful level of stability and robustness for new store location selection. 

SPOTIS demonstrates the strongest agreement with the reference ranking, as reflected by 

its perfect Spearman correlation of 1.0000, while TOPSIS also provides a highly consistent 

result with a correlation of 0.9286. EDAS produces a considerably different ranking pattern, 

reflected by its lower correlation value of 0.1429, demonstrating that its average-solution-

based evaluation mechanism is more sensitive to the distribution of alternative 

performance. Nevertheless, the presence of consistently high-ranking alternatives, 

particularly LS5 and LS3, provides evidence that the core decision pattern remains 

identifiable across multiple evaluation approaches. The differences observed for LS8 and 

LS4 also provide important information rather than simply indicating inconsistency, 

because they reveal alternatives whose positions are more dependent on the underlying 

evaluation mechanism. From a decision-support perspective, these alternatives should 

therefore receive additional attention when final recommendations are formulated. The 

overall analysis confirms that combining objective RECA Weighting with multiple distance-

based MCDM methods enables the decision maker to distinguish between stable 

alternatives and method-sensitive alternatives, thereby reducing dependence on a single 

computational approach. This comprehensive stability and robustness analysis strengthens 

the reliability of the resulting decision process by demonstrating not only which alternatives 

perform well, but also how consistently their performance is maintained under different 

ranking mechanisms and weighting considerations. Furthermore, the sensitivity analysis 

based on 12 weight-variation tests provides additional evidence of the robustness of the 

ranking results. SPOTIS demonstrates the strongest stability, achieving a correlation value 

of 1.0000 in all 12 tests, indicating that changes in criterion weights do not alter the ranking 

structure. EDAS also exhibits a highly stable ranking pattern, consistently obtaining a 

correlation value of 0.9762 across all 12 tests. In comparison, TOPSIS shows greater 

variation, with correlation values ranging from 0.7857 to 0.9762. The lowest TOPSIS 

correlation occurs in Test 11 at 0.7857, while the highest value of 0.9762 is obtained in 

Test 7. Nevertheless, TOPSIS maintains high correlation values in most of the sensitivity 

tests, including 0.9286 in Tests 2–6 and 9–12, 0.8095 in Test 1, and 0.8810 in Test 8. 

These findings demonstrate that although TOPSIS is comparatively more sensitive to 

changes in criterion weights, its ranking results remain generally consistent. Therefore, the 

sensitivity analysis complements the initial Spearman correlation results by demonstrating 

that the proposed framework remains robust not only under the original weighting 

configuration but also under systematic variations in criterion weights. 

 

4. CONCLUSION 
 This study concludes that the integration of RECA Weighting with distance-based 

MCDM methods, namely TOPSIS, SPOTIS, and EDAS, provides a comprehensive framework 

for evaluating and selecting new store locations while considering objective criteria 

importance and ranking stability. RECA Weighting produced relatively balanced criterion 

weights, with Consumer Traffic (C4) obtaining the highest weight of 0.1824 and Parking 

Availability (C5) the lowest weight of 0.1422, indicating that all criteria contribute 

meaningfully to the decision process. The ranking results show that LS5 consistently 

demonstrates strong performance, achieving the first position in the reference ranking, 

SPOTIS, and EDAS, while obtaining second position with TOPSIS, followed by LS3 as 

another relatively stable alternative. The stability analysis further confirms strong 
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agreement between the reference ranking and TOPSIS and perfect agreement with 

SPOTIS, with Spearman correlation values of 0.9286 and 1.0000, respectively, whereas 

EDAS produces a substantially different ranking pattern with a correlation of 0.1429. These 

findings demonstrate that TOPSIS and SPOTIS provide more consistent ranking outcomes, 

while EDAS reveals greater sensitivity to the distribution of alternatives relative to the 

average solution. Overall, the integration of objective RECA Weighting, comparative 

distance-based MCDM methods, ranking correlation, and stability analysis enhances the 

reliability and robustness of the decision-making process by identifying both consistently 

high-performing alternatives and alternatives whose rankings are more sensitive to the 

evaluation mechanism. Future research may extend the proposed framework by 

incorporating larger and more diverse datasets, additional objective weighting techniques, 

and alternative MCDM methods to further evaluate ranking consistency and robustness. 

Further studies could also explore broader sensitivity analyses and real-time decision 

criteria to improve the practical applicability and reliability of new store location selection. 
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