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Multi-Criteria Decision Making (MCDM) methods are widely 

applied in Decision Support Systems (DSS) to address 

selection problems involving multiple criteria. However, 

differences in aggregation mechanisms may affect ranking 

consistency, stability, and robustness under changing 

decision conditions. This study presents a benchmarking 

analysis of five aggregation-based MCDM methods, namely 

Simple Additive Weighting (SAW), Weighted Aggregated Sum 

Product Assessment (WASPAS), Additive Ratio Assessment 

(ARAS), Complex Proportional Assessment (COPRAS), and 

Multi-Attributive Ideal-Real Comparative Analysis 

(MAIRCA), for employee selection. A dataset of ten 

candidates evaluated using six criteria is employed as 

the experimental basis. The methods are first applied 

using the same decision matrix and criterion weights to 

establish baseline rankings. Subsequently, 36 sensitivity 

scenarios are generated by increasing and decreasing 

individual criterion weights by 0.05, 0.10, and 0.15. 

Ranking consistency is evaluated using Spearman rank 

correlation, while stability and robustness are assessed 

using the Ranking Stability Index and Ranking Retention 

Rate. SAW, WASPAS, ARAS, and COPRAS achieve perfect 

consistency with the reference ranking, with a Spearman 

coefficient of 1.0000, while MAIRCA obtains 0.9879. ARAS 

and COPRAS achieve the highest stability, with an RSI of 

97.22%, and robustness, with an RRR of 86.11%. SAW, 

WASPAS, and MAIRCA achieve an RSI of 95.56% and an RRR of 

77.78%. Ranking changes are mainly limited to an exchange 

between Candidates 1 and 9, while Candidate 3 remains 

first across all scenarios. These findings suggest that 

ARAS and COPRAS exhibit comparatively higher ranking 

stability under the experimental conditions considered in 

this study. 
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I. Introduction 

Multi-Criteria Decision Making (MCDM) plays an important role in 

the development of Decision Support Systems (DSS) by providing a 

systematic framework for evaluating and comparing alternatives based on 

multiple, often conflicting, criteria[1]. In practical decision-making 

environments, alternatives rarely can be assessed using a single 

performance indicator because decision problems generally involve 

several dimensions, such as cost, benefit, quality, risk, efficiency, 

and other relevant attributes. MCDM methods address this complexity by 

processing the decision matrix, criterion weights, and performance 

values to obtain an overall preference value for each alternative[2]. 

Consequently, MCDM enables DSS to transform multidimensional evaluation 

data into priorities or rankings, thereby supporting decision-makers in 

identifying the most preferable alternatives and making decisions in a 

more structured and transparent manner. 

Among the various MCDM approaches, aggregation-based methods are 

widely adopted because their computational structures are relatively 

simple, intuitive, and easy to implement and integrate into DSS 

environments[3], [4]. These methods generally aggregate normalized 

performance values and criterion weights into a comprehensive preference 

score that can subsequently be used to rank alternatives. However, 

despite their computational simplicity, aggregation-based MCDM methods 

may produce different rankings when the underlying decision conditions 

change[5]. Variations in the decision matrix, criterion weights, or 

alternative performance values can alter the aggregated preference 

scores and, consequently, the relative positions of alternatives. This 

condition highlights the importance of evaluating not only the final 

ranking but also the ranking consistency, stability, and robustness of 

MCDM methods under changes in decision inputs. 

Despite the widespread application of aggregation-based MCDM 

methods in Decision Support Systems, their effectiveness cannot be 

assessed solely based on the final ranking produced under a single 

decision scenario[6]. Different MCDM methods may generate different 

rankings when applied to the same decision problem, while even a single 

method may produce changes in alternative positions when the decision 

matrix or criterion weights are slightly modified[7], [8]. This raises 

an important research problem concerning the extent to which an MCDM 

method can maintain reliable ranking outcomes under different decision 

conditions. Therefore, a comprehensive evaluation is required to examine 

three related aspects: ranking consistency, which assesses whether a 

method produces comparable rankings across different evaluation 
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approaches or scenarios; ranking stability, which examines the degree 

to which rankings change in response to small variations in decision 

inputs; and ranking robustness, which evaluates the ability of a method 

to preserve its ranking structure when the decision matrix or criterion 

weights are subjected to perturbations. 

These three aspects provide complementary perspectives for 

benchmarking MCDM methods. Ranking consistency reflects the agreement 

of ranking outcomes, ranking stability captures the sensitivity of 

rankings to relatively small changes, while ranking robustness 

represents the resistance of the ranking structure to systematic 

perturbations in the decision environment. A method that produces a high-

quality ranking under the initial conditions may not necessarily 

demonstrate stable or robust behavior when its inputs change. 

Consequently, comparing MCDM methods based only on their original ranking 

may provide an incomplete assessment of their reliability for DSS 

applications. A systematic benchmarking framework that simultaneously 

evaluates consistency, stability, and robustness is therefore needed to 

identify the strengths and limitations of aggregation-based MCDM methods 

and to provide a more comprehensive basis for selecting an appropriate 

method for decision-support applications. 

Previous studies on MCDM methods have predominantly focused on 

comparing the resulting rankings generated by different methods, often 

using a single dataset to assess their relative performance. In many 

cases, rank correlation measures have been employed as the primary 

evaluation tool to determine the degree of agreement between ranking 

results. Although such approaches are useful for identifying 

similarities and differences among methods, they provide a limited 

assessment of the overall reliability of MCDM methods because they do 

not necessarily capture how rankings behave under changes in decision 

conditions. In particular, previous research has rarely evaluated 

ranking consistency, ranking stability, and ranking robustness 

simultaneously, making it difficult to obtain a comprehensive 

understanding of method behavior under different scenarios. Furthermore, 

there remains a lack of a dedicated benchmarking framework for 

aggregation-based MCDM methods that systematically integrates these 

three evaluation dimensions to assess and compare the reliability of 

alternative ranking approaches in Decision Support Systems. 

The objectives of this study are to systematically benchmark 

aggregation-based MCDM methods under a range of systematic perturbation 

scenarios to examine their behavior under changing decision 

conditions[9]–[11]. The study specifically aims to evaluate ranking 

consistency, ranking stability, and ranking robustness across different 

scenarios and identify the extent to which each method can maintain 

reliable ranking outcomes. Furthermore, the study seeks to analyze the 

sensitivity of each MCDM method to changes in criterion weights and 

alternative performance values, thereby determining which input factors 

have the greatest influence on ranking changes. Finally, this study aims 

to identify the most reliable aggregation-based MCDM method for DSS by 

considering its overall ability to produce consistent, stable, and robust 
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rankings, providing a comprehensive basis for method selection in 

practical multi-criteria decision-making applications. 

This study contributes a benchmarking framework specifically 

designed for aggregation-based MCDM methods, providing a structured 

approach for comparing their performance under diverse decision 

conditions. The proposed framework introduces a multi-dimensional 

evaluation that simultaneously considers ranking consistency, stability, 

and robustness, rather than relying solely on the similarity of ranking 

results. In addition, the study develops a systematic perturbation and 

simulation procedure to examine how changes in criterion weights and 

alternative performance values influence the resulting rankings. 

Finally, the study provides empirical evidence to support the selection 

of reliable MCDM methods for Decision Support Systems (DSS), enabling 

researchers and decision-makers to identify methods that demonstrate 

stronger and more dependable ranking behavior under varying decision 

scenarios. 

 

II. Related Work 

2.1. MCDM in Decision Support Systems  

Multi-criteria decision making is a decision-making approach 

designed to evaluate and prioritize several alternatives based on 

multiple criteria that may have different characteristics and levels of 

importance. Unlike single-criterion decision-making, MCDM considers the 

simultaneous contribution of several criteria to obtain a comprehensive 

assessment of each alternative. The general MCDM process consists of 

several stages, including the identification of alternatives and 

criteria, construction of the decision matrix, normalization of 

criterion values, determination or application of criterion weights, 

aggregation of weighted performance values, and generation of the final 

ranking. Through this structure, MCDM provides a systematic mechanism 

for transforming multidimensional evaluation data into preference scores 

that can support objective and structured decision-making. 

The fundamental representation of an MCDM problem is the decision 

matrix, which contains the performance values of alternatives with 

respect to the selected criteria. The matrix can be expressed as a set 

of alternatives evaluated across criteria, where each element represents 

the performance of an alternative on a particular criterion. Alternatives 

represent the available options or decision objects being evaluated, 

while criteria represent the attributes used to measure and differentiate 

their performance. Criteria can generally be classified into benefit and 

cost criteria. A benefit criterion is an attribute for which a higher 

value indicates better performance, whereas a cost criterion represents 

an attribute for which a lower value is preferable. This distinction is 

important because benefit and cost criteria require appropriate 

treatment during the normalization and aggregation processes to ensure 

that the resulting preference scores accurately reflect the decision-

maker's objectives. 
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The integration of MCDM with DSS enables systematic decision 

analysis by combining structured data processing with mathematical 

evaluation techniques. Within a DSS, the decision matrix serves as the 

primary input, while MCDM methods process the performance values and 

criterion weights to generate preference scores and alternative 

rankings. This integration allows DSS to handle complex decision problems 

involving multiple alternatives, heterogeneous criteria, and conflicting 

objectives in a more transparent and reproducible manner. Furthermore, 

the modular structure of MCDM methods makes them relatively easy to 

incorporate into DSS architectures, enabling decision-makers to compare 

alternatives, perform scenario analysis, and evaluate the effects of 

changes in decision inputs. Therefore, MCDM functions as an important 

analytical component of DSS, particularly for applications requiring 

systematic prioritization and ranking of alternatives under multiple 

criteria. 

2.2. Aggregation-Based MCDM Methods  

Aggregation-based MCDM methods are a class of multi-criteria 

decision-making approaches that determine the overall preference of 

alternatives by aggregating their performance across multiple criteria 

into a single preference or utility value. The general principle is to 

transform the original performance values into comparable scales, 

incorporate the relative importance of criteria through weighting, and 

then combine the resulting weighted values to obtain an overall 

assessment for each alternative. The alternatives can subsequently be 

ranked according to their aggregated scores, with higher or lower values 

interpreted according to the specific formulation of the method. This 

computational structure makes aggregation-based methods relatively 

straightforward to understand, implement, and integrate into DSS. 

A typical aggregation-based MCDM procedure begins with the 

construction of a decision matrix, followed by normalization to eliminate 

differences in measurement units among criteria. The normalized values 

are then combined with criterion weights to represent the relative 

importance of each criterion. The weighted values are aggregated using 

the mathematical formulation of the selected MCDM method, producing a 

final preference score for every alternative. Although the underlying 

principles are similar, different aggregation mechanisms can produce 

different ranking outcomes because each method may respond differently 

to criterion weights, performance distributions, and the relative 

differences among alternatives. Therefore, the choice of an aggregation-

based MCDM method can influence the resulting decision priorities. 

The simplicity of aggregation-based MCDM methods provides an 

important advantage for DSS applications, particularly when decision 

problems involve a large number of alternatives and criteria. However, 

their ranking results may be sensitive to changes in the decision matrix, 

criterion weights, and alternative performance values. A small 

perturbation in these inputs can potentially change preference scores 

and alter the positions of alternatives in the final ranking. 

Consequently, evaluating aggregation-based MCDM methods should not be 
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limited to their ability to generate a ranking under a single baseline 

condition. Their consistency, stability, and robustness under systematic 

changes in decision inputs are also important indicators for determining 

whether a method can provide reliable ranking outcomes in practical DSS 

environments. 

The aggregation-based MCDM methods considered in this study 

include Simple Additive Weighting (SAW), Weighted Aggregated Sum Product 

Assessment (WASPAS), Additive Ratio Assessment (ARAS), Complex 

Proportional Assessment (COPRAS), and Multi-Attributive Ideal–Real 

Comparative Analysis (MAIRCA). These methods were selected because they 

employ aggregation-based mechanisms to combine the performance of 

alternatives across multiple criteria and generate an overall preference 

score for ranking. Although they share the general objective of 

transforming multidimensional performance information into a single 

ranking, each method adopts a different aggregation mechanism and 

mathematical structure, which may lead to variations in ranking outcomes. 

SAW applies a weighted additive aggregation, WASPAS combines weighted 

sum and weighted product approaches, ARAS evaluates alternatives 

relative to an optimal reference alternative, COPRAS considers the 

proportional significance of alternatives based on beneficial and non-

beneficial criteria, while MAIRCA compares observed performance with 

theoretically expected performance. These methodological differences 

provide an appropriate basis for benchmarking their ranking behavior 

under systematic changes in decision inputs. 

The comparison of SAW, WASPAS, ARAS, COPRAS, and MAIRCA is 

particularly relevant for examining whether differences in aggregation 

mechanisms affect ranking reliability. In the proposed benchmarking 

framework, each method is applied to the same decision matrix and 

criterion-weight configurations to establish comparable baseline 

rankings. The inputs are subsequently subjected to systematic 

perturbations involving changes in criterion weights and alternative 

performance values. The resulting rankings are evaluated from three 

complementary perspectives: ranking consistency, which examines the 

agreement of ranking outcomes; ranking stability, which measures the 

degree of ranking changes under small variations in inputs; and ranking 

robustness, which evaluates the ability of a method to preserve its 

ranking structure under broader or systematic perturbations. This 

comparative evaluation provides a more comprehensive assessment of the 

reliability of the five aggregation-based MCDM methods for integration 

into DSS. 

2.3. Critical Review and Research Gap  

To identify the research gap, previous studies on MCDM are 

critically reviewed based on the methods employed and the extent to which 

they evaluate ranking consistency, stability, robustness, and 

benchmarking performance. Existing research has provided valuable 

contributions through comparisons of multiple MCDM methods, rank-

correlation analysis, sensitivity analysis, and evaluations under 

varying decision conditions. However, these studies differ in terms of 
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evaluation dimensions, perturbation strategies, and methodological 

scope, with many focusing on only one or two aspects of ranking 

reliability. A systematic comparison of the existing literature is 

therefore necessary to determine the limitations of current approaches 

and clarify the position of the proposed study. Table 1 summarizes 

selected relevant studies and compares their methodological 

characteristics and evaluation dimensions with those addressed in the 

proposed benchmarking framework. 

Table 1. Comparative Analysis of MCDM Methods  
Title Methods Consistency Stability Robustness Benchmarking 

A Comparative 

Analysis of MCDM 

Methods for 

Resource 

Selection in 

Mobile Crowd 

Computing [12]. 

Several 

MCDM 

  -  

A Novel MCDM 

Method: The 

Integrative 

Reference Point 

Approach 

(IRPA)[13]. 

Several 

MCDM 

  -  

Sustainable 

Evaluation of 

Major Third-Party 

Logistics 

Providers [14]. 

SAW, 

WASPAS, 

COPRAS, 

ARAS, 

MARCOS, 

CODAS 

 - -  

Proposed Study Aggregat

ion-

based 

MCDM 

    

As summarized in Table 1, previous studies have demonstrated 

substantial efforts to compare MCDM methods and assess the reliability 

of their ranking outcomes. Several studies have employed rank-

correlation measures, such as Spearman’s rho and Kendall’s tau, to 

examine the consistency or sensitivity of rankings, while others have 

incorporated sensitivity analysis and parameter variations to 

investigate ranking stability and robustness. Comparative studies have 

also evaluated multiple aggregation-based methods, including SAW, 

WASPAS, ARAS, COPRAS, and MAIRCA, under common decision-making 

conditions. These contributions provide important foundations for 

understanding the behavior of MCDM methods; however, the evaluation 

dimensions remain fragmented across studies.  

Based on this review, a clear methodological gap can be identified 

in the absence of a comprehensive benchmarking framework specifically 

designed for aggregation-based MCDM methods. Existing studies tend to 

emphasize either comparison of ranking outcomes, sensitivity to 

criterion weights, or robustness under particular perturbation 
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conditions, rather than simultaneously evaluating how methods maintain 

ranking reliability across multiple types of changes. The proposed study 

addresses this limitation by establishing a systematic benchmarking 

framework for SAW, WASPAS, ARAS, COPRAS, and MAIRCA, incorporating 

controlled perturbations of criterion weights and alternative 

performance values. The resulting rankings are evaluated jointly in terms 

of consistency, stability, and robustness, enabling a more comprehensive 

assessment of the reliability of aggregation-based MCDM methods for 

Decision Support Systems. This framework is expected to provide stronger 

empirical evidence for selecting MCDM methods based not only on their 

baseline ranking performance but also on their ability to maintain 

reliable outcomes under changing decision conditions. 

 

III. Methodology 

Methodology is the approach or systematic framework used in a 

study to explain how the research is carried out to achieve its goals 

and answer the research questions. It includes the research design, data 

sources and characteristics, data processing stages, the methods or 

analysis techniques used, testing procedures, and the indicators used 

to evaluate the research results. 

3.1. Research Framework  

A research framework is a structured conceptual representation 

that describes the relationships among the main components, variables, 

methods, processes, and evaluation stages involved in a research study. 

It provides a systematic overview of how the research problem is 

addressed, beginning with the required inputs, followed by the 

methodological procedures, analytical processes, and evaluation stages, 

and ultimately leading to the expected research outcomes. A research 

framework therefore serves as a roadmap that ensures each stage of the 

study is logically connected to the research objectives and contributes 

to answering the research questions. The overall research framework is 

presented in Figure 1. 

 
 Research Framework 
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The research framework in Figure 1 is the process of benchmarking 

aggregation-based MCDM methods for Decision Support Systems, starting 

with creating a decision matrix with alternatives, criteria, weights, 

and criteria types, then applying five MCDM methods, namely SAW, WASPAS, 

ARAS, COPRAS, and MAIRCA, to get a baseline ranking based on the original 

data. Next, weight perturbation is carried out by creating several weight 

variations to test how each method responds to changes in criteria 

weights. The rankings generated from each scenario are then evaluated 

based on three main dimensions: consistency using rank correlation, 

stability based on changes and reversals in rankings, and robustness 

based on the ability to maintain rankings under weight variations. The 

evaluation results are then compared overall to identify the method with 

the most consistent, stable, and robust performance, making it a reliable 

basis for selecting MCDM methods in DSS. 

3.2. Aggregation-Based MCDM Methods  

Aggregation-based MCDM refers to a group of decision-making 

methods that evaluate and rank alternatives by aggregating their 

performance across multiple criteria into a comprehensive preference 

score. The general procedure involves constructing a decision matrix, 

classifying criteria as benefit or cost, normalizing the performance 

values, applying criterion weights, and aggregating the weighted values 

according to the mathematical structure of the selected method. Although 

the methods follow a similar overall principle, each method uses a 

different mechanism for normalization, aggregation, and preference 

calculation. These differences can influence the resulting ranking, 

particularly when the decision matrix or criterion weights are modified. 

In this study, five aggregation-based MCDM methods are employed, namely 

SAW, WASPAS, ARAS, COPRAS, and MAIRCA, to provide a comparative basis 

for evaluating ranking consistency, stability, and robustness.  

The SAW is one of the most widely used aggregation-based MCDM 

methods for evaluating and ranking alternatives based on multiple 

criteria[15], [16]. The fundamental principle of SAW is to aggregate the 

normalized performance values of each alternative by considering the 

relative importance of each criterion. The method can accommodate both 

benefit and cost criteria and transforms heterogeneous performance 

values into a comparable scale before calculating the overall preference 

value. Due to its simple computational structure and intuitive 

interpretation, SAW is frequently applied in Decision Support Systems 

where multiple alternatives must be prioritized according to several 

criteria. 

The SAW procedure consists of two main computational stages. 

First, the decision matrix is constructed to represent the performance 

of each alternative with respect to the considered criteria, as presented 

in (1). Second, the original decision matrix is transformed into 

normalized values according to the type of criterion. Benefit criteria 

are normalized by considering higher performance values as preferable, 

whereas cost criteria are normalized by considering lower performance 

values as preferable. The normalization process is performed using (2). 
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After obtaining the normalized decision matrix, each normalized value 

is multiplied by its corresponding criterion weight and aggregated across 

all criteria. The resulting preference value for each alternative is 

calculated using (3). The alternatives are then ranked according to their 

preference values, with a higher value indicating a more preferable 

alternative. 

𝑋 =[𝑥𝑖𝑗]
𝑚𝑥𝑛

     (1) 

𝑟𝑖𝑗 = {

𝑥𝑖𝑗

max
𝑗

𝑥𝑖𝑗
; 𝑏𝑒𝑛𝑒𝑓𝑖𝑡

min
𝑗

𝑥𝑖𝑗

𝑥𝑖𝑗
; 𝑐𝑜𝑠𝑡       

     (2) 

𝑉𝑖 = ∑ 𝑤𝑗 ∗ 𝑟𝑖𝑗
𝑛
𝑗=1      (3) 

The final ranking generated by SAW represents the overall 

performance of each alternative after considering the contribution and 

importance of all criteria. The direct additive aggregation mechanism 

makes SAW computationally simple and relatively easy to implement within 

a DSS. However, because the final preference value depends directly on 

normalized performance and criterion weights, changes in either the 

decision matrix or weighting structure may influence the resulting 

ranking. Therefore, SAW provides an important reference method in this 

study for evaluating how a simple additive aggregation mechanism behaves 

under systematic perturbation scenarios. 

The WASPAS is an aggregation-based MCDM method that combines the 

principles of the Weighted Sum Model (WSM) and the Weighted Product Model 

(WPM)[17]–[19]. The method was developed to obtain a more comprehensive 

assessment by incorporating both additive and multiplicative aggregation 

mechanisms into a single preference calculation. WASPAS can be applied 

to decision problems involving multiple benefit and cost criteria and 

is particularly useful when the relative importance of criteria and the 

performance of alternatives need to be considered simultaneously. 

The computational procedure of WASPAS begins with the 

normalization of the decision matrix according to the characteristics 

of benefit and cost criteria. The normalization process ensures that 

performance values measured on different scales become comparable and 

is performed using (4). The normalized values are subsequently combined 

with the corresponding criterion weights to construct the weighted 

assessment of each alternative. The weighted sum and weighted product 

components are then integrated according to the WASPAS aggregation 

mechanism to obtain the final preference value using (5). The 

alternatives are subsequently ordered according to their final 

preference values, where a higher value represents a more preferable 

alternative. 
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𝑛𝑖𝑗 = {

𝑥𝑖𝑗

max
𝑗

𝑥𝑖𝑗
; 𝑏𝑒𝑛𝑒𝑓𝑖𝑡

min
𝑗

𝑥𝑖𝑗

𝑥𝑖𝑗
; 𝑐𝑜𝑠𝑡       

     (4) 

𝑄𝑖 = 0.5 ∑ 𝑤𝑗 ∗ 𝑛𝑖𝑗
𝑛
𝑗=1 + 0.5 ∏ 𝑛𝑖𝑗

𝑤𝑗𝑛
𝑗=1      (5) 

The integration of additive and multiplicative components gives 

WASPAS a different response mechanism compared with purely additive 

approaches such as SAW. This characteristic may affect the ranking when 

the relative performance of alternatives or the importance of criteria 

changes. Consequently, WASPAS is included in this study to determine 

whether its hybrid aggregation structure provides consistent and stable 

rankings under systematic perturbations. Its performance is subsequently 

evaluated together with the other MCDM methods based on ranking 

consistency, stability, and robustness. 

The ARAS is an aggregation-based MCDM method that evaluates 

alternatives by comparing their overall performance with an optimal 

alternative or reference condition[20]–[22]. The central principle of 

ARAS is to determine the relative utility of each alternative based on 

its performance across multiple criteria. By incorporating an optimal 

reference into the assessment process, ARAS provides a relative measure 

of alternative performance and enables the alternatives to be ranked 

according to their degree of utility. 

The ARAS procedure consists of several sequential stages. First, 

the decision matrix is normalized according to the type of criterion, 

with appropriate treatment for benefit and cost criteria. The 

normalization process is performed using (6). The normalized values are 

then incorporated into the weighting process to determine the 

contribution of each criterion. The preference value of each alternative 

is subsequently calculated using (7). Based on these values, the 

optimization value is determined using (8), which represents the relative 

performance of each alternative with respect to the optimal reference. 

Finally, the final ARAS value is obtained using (9), and the alternatives 

are ranked according to the resulting values. 

𝑥𝑖𝑗 =
1

𝑥𝑖𝑗
∗ ;  𝑥𝑖𝑗̅̅̅̅ =

𝑥𝑖𝑗

∑ 𝑥𝑖𝑗
𝑚
𝑖=1

     (6) 

𝑑𝑖𝑗 = 𝑤𝑗 ∗ 𝑥𝑖𝑗̅̅̅̅      (7) 

𝑆𝑖 = ∑ 𝑑𝑖𝑗
𝑚
𝑖=1      (8) 

𝐾𝑖 =
𝑆𝑖

𝑆0
     (9) 

The final ARAS value indicates the relative utility of an 

alternative compared with the optimal reference condition. A higher final 

value indicates a more favorable alternative. The use of an optimal 

reference distinguishes ARAS from direct aggregation methods because 

changes in performance values may influence not only the alternative's 

own score but also its relative position with respect to the reference. 
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Therefore, ARAS provides a useful methodological representation for the 

benchmarking analysis, particularly for examining the sensitivity of 

ranking outcomes to changes in performance values and criterion weights. 

The COPRAS is an aggregation-based MCDM method that evaluates 

alternatives by considering the proportional significance of their 

performance across multiple criteria[17], [23], [24]. A distinctive 

characteristic of COPRAS is its explicit consideration of both benefit 

and cost criteria in the assessment process. Benefit criteria contribute 

positively to the performance of an alternative, whereas cost criteria 

represent undesirable characteristics that should be minimized. By 

incorporating these two components into the assessment, COPRAS 

determines the relative significance and utility of each alternative. 

The COPRAS procedure begins with the construction and 

normalization of the decision matrix according to the characteristics 

of each criterion. The normalization process is performed using (10) to 

transform the original performance values into comparable values. The 

normalized values are subsequently multiplied by their respective 

criterion weights using (11). Based on the weighted normalized matrix, 

the performance indices of the alternatives are calculated using (12) 

and (13) by considering the contributions of benefit and cost criteria. 

The utility value of each alternative is then determined using (14), 

followed by the calculation of the final utility value using (15). The 

alternatives are subsequently ranked according to their final utility 

values. 

𝑟𝑖𝑗 =
𝑥𝑖𝑗

∑ 𝑥𝑖𝑗
𝑚
𝑖=1

     (10) 

𝑑𝑖𝑗 = 𝑤𝑗 ∗ 𝑟𝑖𝑗     (11) 

𝑆+𝑖 = ∑ 𝑑𝑖𝑗
+𝑚

𝑖=1      (12) 

𝑆−𝑖 = ∑ 𝑑𝑖𝑗
−𝑚

𝑖=1      (13) 

𝑄𝑖 = 𝑆+𝑖 +
∑ 𝑆−𝑖

𝑚
𝑖=1

𝑆−𝑖 ∑ (
1

𝑆−𝑖
)𝑚

𝑖=1

     (14) 

𝑈𝑖 = [
𝑄𝑖

max 𝑄𝑖
] ∗ 100     (15) 

The final utility value obtained through COPRAS reflects the 

relative significance of each alternative after simultaneously 

considering beneficial and non-beneficial criteria. An alternative with 

a higher utility value is considered more preferable because it provides 

a more favorable balance between benefit and cost performance. 

The MAIRCA is an aggregation-based MCDM method that evaluates 

alternatives by measuring the gap between their theoretical and actual 

performance across multiple criteria[25]–[27]. A distinctive 

characteristic of MAIRCA is its comparison between the expected 

contribution of each criterion and the observed contribution obtained 

from the decision matrix. The theoretical contribution represents the 

expected performance of an alternative based on the assigned criterion 
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weight, whereas the actual contribution reflects the performance of the 

alternative under each criterion. By evaluating the difference between 

these two components, MAIRCA determines the overall deviation of each 

alternative from its expected performance. 

The MAIRCA procedure begins with the determination of the 

alternative preferences using (16), which represents the preference 

structure of the alternatives based on the available decision criteria. 

Subsequently, the theoretical evaluation matrix is constructed using 

(17) to represent the expected evaluation of each alternative according 

to the assigned criterion weights. The realistic evaluation matrix is 

then obtained using (18) by incorporating the actual performance values 

of the alternatives. The total gap between the theoretical and realistic 

evaluations is calculated using (19), representing the overall deviation 

of each alternative from its expected performance. Finally, the final 

value of each alternative is determined using (20) by aggregating the 

corresponding gap values across all criteria. The alternatives are 

subsequently ranked according to their final values, where a lower final 

value indicates a more preferable alternative. 

𝑝𝑖𝑗 =
1

𝑚
     (16) 

𝑡𝑝𝑖𝑗 = 𝑝𝑖𝑗 ∗ 𝑤𝑗     (17) 

𝑡𝑟𝑖𝑗 = {
𝑡𝑝𝑖𝑗 ∗ (

𝑥𝑖𝑗−min 𝑥𝑖𝑗

max 𝑥𝑖𝑗 − min 𝑥𝑖𝑗
) ; 𝑏𝑒𝑛𝑒𝑓𝑖𝑡

𝑡𝑝𝑖𝑗 ∗ (
𝑥𝑖𝑗−max 𝑥𝑖𝑗

min 𝑥𝑖𝑗 − max 𝑥𝑖𝑗
) ; 𝑐𝑜𝑠𝑡       

     (18) 

𝑔𝑖𝑗 = 𝑡𝑝𝑖𝑗 − 𝑡𝑟𝑖𝑗     (19) 

𝑄𝑖 = ∑ 𝑔𝑖𝑗
𝑛
𝑗=1      (20) 

The final value obtained through MAIRCA represents the overall 

deviation between the expected and actual performance of each 

alternative. An alternative with a lower total gap is considered more 

preferable because its actual performance is closer to the theoretical 

performance determined by the criterion weights. Therefore, MAIRCA 

provides an aggregation-based mechanism for identifying alternatives 

that most closely satisfy the expected contribution of the considered 

criteria. 

The five methods provide different aggregation mechanisms while 

maintaining the common objective of transforming multi-criteria 

performance information into an alternative ranking. SAW represents a 

direct additive aggregation approach, WASPAS combines additive and 

multiplicative aggregation, ARAS evaluates alternatives relative to an 

optimal reference, COPRAS explicitly balances benefit and cost 

contributions, and MAIRCA assesses the deviation between theoretical and 

real performance. These methodological differences are important for the 

proposed benchmarking experiment because they may produce different 

responses to perturbations in criterion weights and performance values. 

Consequently, the five methods are applied under identical baseline and 
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perturbation scenarios, and their resulting rankings are subsequently 

evaluated in terms of consistency, stability, and robustness. 

 

IV. Experimental Design 

Experimental design refers to a systematic framework established 

to evaluate the performance and reliability of the proposed method 

through a series of structured experimental scenarios. In MCDM research, 

the experimental design may involve multiple datasets, criterion-weight 

configurations, benchmark methods, and decision-making conditions to 

assess the consistency, stability, and sensitivity of the resulting 

rankings. Each method is evaluated under the same experimental conditions 

to ensure a fair and objective comparison of their performance. 

Therefore, the experimental design provides empirical evidence regarding 

the effectiveness, robustness, and generalizability of the proposed 

method. 

4.1. Decision-Making Dataset 

The Decision-Making Dataset serves as the primary empirical input 

for evaluating the performance of the selected aggregation-based MCDM 

methods. It consists of a set of alternatives that are assessed according 

to multiple decision criteria, with each criterion representing a 

specific attribute relevant to the decision problem. The dataset includes 

both benefit and cost criteria, allowing the evaluation to capture 

different preference directions during the MCDM process. Each 

alternative is represented by a vector of performance values across the 

criteria, forming the decision matrix used as the baseline configuration. 

The original decision matrix and criterion weights are first used to 

generate the baseline rankings using SAW, WASPAS, ARAS, COPRAS, and 

MAIRCA. Subsequently, controlled perturbations are introduced to 

criterion weights and performance values to generate alternative 

decision scenarios, which serve as the basis for evaluating the 

consistency, stability, and robustness of each MCDM method. 

The dataset used in this study was adopted from [28], the study 

presents an employee admission selection dataset consisting of candidate 

assessment data evaluated according to six criteria: Education (K1), 

Work Experience (K2), Creativeness (K3), English Language Proficiency 

(K4), Technical Skills (K5), and Leadership (K6). These criteria 

represent different aspects of candidate qualifications and competencies 

used to support employee selection decisions. The original assessment 

data are used to establish the baseline ranking and subsequently serve 

as the basis for systematic perturbation scenarios involving changes in 

criterion weights and performance values. The assessment data used in 

this study are presented in Table 2. 

Table 2. Dataset[28] 
Alternatives K1 K2 K3 K4 K5 K6 

Cand A1 4 5 85 90 8 4 

Cand A2 3 3 75 80 7 3 
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Cand A3 5 7 90 95 9 5 

Cand A4 4 4 70 85 6 3 

Cand A5 3 2 60 70 5 2 

Cand A6 5 6 80 92 9 4 

Cand A7 4 4 78 88 8 4 

Cand A8 2 1 50 65 4 2 

Cand A9 4 5 80 89 7 5 

Cand A10 3 3 65 75 6 3 

Based on the decision-making dataset shown in Table 2, the 

criteria weights are set to represent the relative importance of each 

evaluation criterion in the employee recruitment selection problem. The 

criteria weights and the basic results obtained from these MCDM methods 

are shown in Table 3. 

Table 3. Criteria Weight Value 
K1 K2 K3 K4 K5 K6 

0.1650 0.1808 0.1618 0.1608 0.1644 0.1673 

The ranking results are obtained by ordering the alternatives 

based on their respective preference values generated from the decision-

making dataset. This ranking represents the initial or baseline ranking 

of the alternatives before any perturbation is introduced into the 

decision matrix or criterion weights. The baseline ranking is important 

because it serves as the reference for the subsequent benchmarking 

analysis, particularly in evaluating how the positions of alternatives 

change under different perturbation scenarios. The ranking results 

derived from the decision-making dataset using the selected aggregation-

based MCDM methods are presented in Table 4. 

Table 4. Alternative Ranking Results 
Alternatives Rank 

Cand A3 1 

Cand A6 2 

Cand A9 3 

Cand A1 4 

Cand A7 5 

Cand A4 6 

Cand A2 7 

Cand A10 8 

Cand A5 9 

Cand A8 10 

Overall, the decision-making dataset and the resulting baseline 

rankings provide the initial foundation for the benchmarking experiment. 

By applying the same alternatives, criteria, and criterion weights across 

all selected aggregation-based MCDM methods, the resulting rankings can 

be compared under a common decision environment. These baseline results 

establish a reference point for examining the effects of systematic 

perturbations introduced in the subsequent analysis. The changes in 

ranking positions across different scenarios will then be used to assess 

the consistency, stability, and robustness of SAW, WASPAS, ARAS, COPRAS, 
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and MAIRCA, thereby providing a comprehensive basis for comparing their 

reliability in Decision Support Systems. 

4.2. Aggregation-based MCDM Method Application  

The aggregation-based MCDM methods are applied to the decision-

making dataset to obtain the preference scores and baseline rankings of 

the evaluated alternatives. In this stage, the same decision matrix, 

criterion classification, and initial criterion weights are used across 

all methods to ensure a fair and consistent comparison. The five selected 

methods, namely SAW, WASPAS, ARAS, COPRAS, and MAIRCA, are independently 

applied according to their respective normalization, weighting, and 

aggregation mechanisms. Although the methods share the common objective 

of aggregating multi-criteria performance into an overall preference 

measure, their computational structures may produce different preference 

scores and ranking orders. The resulting baseline rankings are 

subsequently used as the reference configuration for the systematic 

perturbation experiments and the evaluation of ranking consistency, 

stability, and robustness. 

The implementation of the SAW method begins with the decision-

making dataset presented in Table 2 and the criterion weights provided 

in Table 3. The performance values of each alternative are first 

normalized according to the type of criterion. For benefit criteria, the 

normalization process assigns higher normalized values to alternatives 

with higher performance, whereas for cost criteria, lower performance 

values receive higher normalized values. The resulting normalized values 

are then multiplied by their corresponding criterion weights to obtain 

the weighted normalized values. These values are subsequently summed 

across all criteria to calculate the overall preference score for each 

alternative. The alternatives are then ranked in descending order of 

their preference scores, where the alternative with the highest score 

represents the most preferred option. The resulting preference scores 

and ranking constitute the baseline results of the SAW method and are 

presented as the reference for the subsequent analysis. The preference 

values and ranking results obtained using the SAW method are presented 

in Table 5. 

Table 5. Alternative Ranking Results using SAW Method 
Alternatives Final Value SAW Rank 

Cand A3 1.0000 1 

Cand A6 0.9180 2 

Cand A9 0.8510 3 

Cand A1 0.8460 4 

Cand A7 0.8040 5 

Cand A4 0.7150 6 

Cand A2 0.6750 7 

Cand A10 0.6300 8 

Cand A5 0.5350 9 

Cand A8 0.4320 10 

https://research.pilar.or.id/index.php/jodesma
https://doi.org/10.67449/jodesma.v1i2.9
https://research.pilar.or.id/index.php/jodesma/article/view/9
https://pilar.or.id/
https://research.pilar.or.id/index.php/jodesma


Volume 1 Number 2 March 2027, Available online: March 20, 2027. 

 

Journal of Decision Support Systems 

and Multi-Criteria Decision Making 

ISSN: 3164-7022 

 

 

 
Page 103-139 

Journal Homepage: https://research.pilar.or.id/index.php/jodesma 

DOI: https://doi.org/10.67449/jodesma.v1i2.9  

Copyright © 2027 by the authors.  

Article Link: https://research.pilar.or.id/index.php/jodesma/article/view/9   

119 

The implementation of the WASPAS method begins with the decision-

making dataset presented in Table 2 and the criterion weights provided 

in Table 3. The performance values of each alternative are first 

normalized according to the type of criterion. For benefit criteria, the 

normalization process assigns higher normalized values to alternatives 

with higher performance, whereas for cost criteria, lower performance 

values receive higher normalized values. The resulting normalized values 

are then multiplied by their corresponding criterion weights to obtain 

the weighted performance values. These values are subsequently used to 

calculate the WSM and WPM components for each alternative. The two 

components are then aggregated to obtain the overall WASPAS preference 

score. The alternatives are ranked in descending order of their 

preference scores, where the alternative with the highest score 

represents the most preferred option. The resulting preference scores 

and ranking constitute the baseline results of the WASPAS method and are 

presented as the reference for the subsequent analysis. The preference 

values and ranking results obtained using the WASPAS method are presented 

in Table 6. 

Table 6. Alternative Ranking Results using WASPAS Method 
Alternatives Final Value WASPAS Rank 

Cand A3 1.0000 1 

Cand A6 0.9160 2 

Cand A9 0.8480 3 

Cand A1 0.8440 4 

Cand A7 0.7990 5 

Cand A4 0.7100 6 

Cand A2 0.6660 7 

Cand A10 0.6240 8 

Cand A5 0.5220 9 

Cand A8 0.4100 10 

The implementation of the ARAS method begins with the decision-

making dataset presented in Table 2 and the criterion weights provided 

in Table 3. The performance values of each alternative are first combined 

with an optimal reference alternative to establish the assessment 

framework. The decision matrix is then normalized according to the type 

of criterion, where benefit criteria are normalized so that higher 

performance receives a higher value, while cost criteria are transformed 

so that lower performance is considered more favorable. The normalized 

values are subsequently multiplied by their corresponding criterion 

weights to obtain the weighted normalized values. These weighted values 

are then aggregated across all criteria to calculate the overall 

optimality or utility degree of each alternative relative to the optimal 

reference alternative. The alternatives are ranked in descending order 

of their utility degrees, where the alternative with the highest value 

represents the most preferred option. The resulting preference values 

and ranking constitute the baseline results of the ARAS method and are 

presented as the reference for the subsequent analysis. The preference 
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values and ranking results obtained using the ARAS method are presented 

in Table 7. 

Table 7. Alternative Ranking Results using ARAS Method 
Alternatives Final Value ARAS Rank 

Cand A3 1.0000 1 

Cand A6 0.9177 2 

Cand A9 0.8507 3 

Cand A1 0.8462 4 

Cand A7 0.8044 5 

Cand A4 0.7149 6 

Cand A2 0.6749 7 

Cand A10 0.6302 8 

Cand A5 0.5352 9 

Cand A8 0.4317 10 

The implementation of the COPRAS method begins with the decision-

making dataset presented in Table 2 and the criterion weights provided 

in Table 3. The performance values of each alternative are first 

normalized according to the type of criterion. For benefit criteria, 

higher performance values are assigned higher normalized values, whereas 

for cost criteria, lower performance values receive higher normalized 

values. The normalized values are then multiplied by their corresponding 

criterion weights to obtain the weighted normalized values. These 

weighted values are subsequently aggregated separately for benefit and 

cost criteria to determine the positive and negative sums for each 

alternative. The relative significance of each alternative is then 

calculated by considering the positive and negative sums, resulting in 

the overall COPRAS preference value. The alternatives are ranked in 

descending order of their preference values, where the alternative with 

the highest value represents the most preferred option. The resulting 

preference values and ranking constitute the baseline results of the 

COPRAS method and are presented as the reference for the subsequent 

analysis. The preference values and ranking results obtained using the 

COPRAS method are presented in Table 8. 

Table 8. Alternative Ranking Results using COPRAS Method 
Alternatives Final Value COPRAS Rank 

Cand A3 100.00 1 

Cand A6 91.21 2 

Cand A9 84.27 3 

Cand A1 83.47 4 

Cand A7 78.78 5 

Cand A4 70.14 6 

Cand A2 65.44 7 

Cand A10 61.40 8 

Cand A5 51.40 9 

Cand A8 40.83 10 

The implementation of the MAIRCA method begins with the decision-

making dataset presented in Table 2 and the criterion weights provided 

in Table 3. The performance values of each alternative are first 
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normalized according to the type of criterion. For benefit criteria, 

higher performance values receive higher normalized values, whereas for 

cost criteria, lower performance values are considered more favorable. 

The criterion weights are then used to determine the theoretical rating 

of each alternative, representing the expected contribution of each 

criterion to the decision-making process. These theoretical ratings are 

subsequently compared with the corresponding real ratings obtained from 

the normalized performance values to determine the gap between the 

expected and actual assessment values. The resulting differences are 

aggregated across all criteria to obtain the overall MAIRCA assessment 

value for each alternative. The alternatives are ranked according to 

their assessment values, where a smaller total gap indicates a more 

favorable alternative. The resulting assessment values and ranking 

constitute the baseline results of the MAIRCA method and are presented 

as the reference for the subsequent analysis. The assessment values and 

ranking results obtained using the MAIRCA method are presented in Table 

9. 

Table 9. Alternative Ranking Results using MAIRCA Method 
Alternatives Final Value MAIRCA Rank 

Cand A3 0.0000 1 

Cand A6 0.0142 2 

Cand A1 0.0251 3 

Cand A9 0.0254 4 

Cand A7 0.0320 5 

Cand A4 0.0490 6 

Cand A2 0.0549 7 

Cand A10 0.0649 8 

Cand A5 0.0815 9 

Cand A8 0.1000 10 

Overall, the implementation of SAW, WASPAS, ARAS, COPRAS, and 

MAIRCA provides the baseline preference values and ranking results for 

the employee selection dataset. Although all methods use the same 

decision matrix, criterion weights, and criterion classifications, their 

different aggregation mechanisms may produce variations in preference 

values and ranking positions. These baseline rankings serve as the 

reference configuration for the subsequent benchmarking analysis, in 

which systematic perturbations are introduced to the criterion weights 

and alternative performance values. The resulting changes in ranking 

outcomes are then analyzed to evaluate the consistency, stability, and 

robustness of each MCDM method and to identify the method that provides 

the most reliable ranking performance for Decision Support Systems. 

 

V. Result and Discussion 

This section presents the results of the benchmarking analysis 

and discusses the ranking behavior of the selected aggregation-based 

MCDM methods, namely SAW, WASPAS, ARAS, COPRAS, and MAIRCA. The analysis 

begins by establishing the baseline ranking results obtained under the 
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initial decision-making configuration, followed by a comparison of the 

ranking positions of the evaluated alternatives. Subsequently, 

systematic changes in criterion weights are examined to identify their 

effects on alternative rankings, while ranking consistency, stability, 

and robustness are evaluated to assess the reliability of each method 

under different decision conditions. Finally, a comparative analysis is 

conducted to synthesize the results across all evaluation dimensions and 

identify the MCDM method with the most reliable overall ranking 

performance for DSS. 

5.1. Comparison of Alternative Rankings  

The comparison of alternative rankings is conducted to examine 

the extent to which the selected aggregation-based MCDM methods reproduce 

the original ranking of employee candidates. The original ranking is 

used as the reference, while the rankings generated by SAW, WASPAS, ARAS, 

COPRAS, and MAIRCA are compared against it. This comparison provides an 

initial assessment of ranking agreement before the subsequent analyses 

of consistency, stability, and robustness. The analysis focuses on the 

ranking positions of each candidate and identifies changes across the 

evaluated methods. The graphical comparison is presented in Figure 2. 

 
 Comparison Ranking Alternative 

Figure 2 illustrates that the rankings generated by SAW, WASPAS, 

ARAS, and COPRAS completely overlap with the original ranking across all 

ten candidates. In contrast, MAIRCA produces a slight deviation involving 

Candidate 9 and Candidate 1. Candidate 9 changes from the third position 

in the original ranking to the fourth position under MAIRCA, while 

Candidate 1 moves from the fourth position to the third position. The 

remaining candidates maintain their respective ranking positions. This 

pattern indicates that the overall ranking structure is highly similar 

across the evaluated methods, although MAIRCA produces a minor 

rearrangement among two alternatives. 
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The SAW method produces a ranking that is identical to the original 

ranking. Candidate 3 obtains the first position, followed by Candidate 

6, Candidate 9, Candidate 1, Candidate 7, Candidate 4, Candidate 2, 

Candidate 10, Candidate 5, and Candidate 8. No changes in ranking 

position are observed for any candidate. This result indicates that the 

additive aggregation mechanism of SAW preserves the relative ordering 

of the alternatives under the baseline decision-making configuration. 

The complete agreement between the SAW and original rankings provides 

an initial indication of strong ranking consistency. 

The WASPAS method also generates exactly the same ranking as the 

original ranking. Candidate 3 remains in first position and Candidate 6 

in second position, while Candidate 9 and Candidate 1 occupy the third 

and fourth positions, respectively. The remaining candidates likewise 

retain their original positions. Despite WASPAS incorporating both 

weighted sum and weighted product components, the combination of these 

aggregation mechanisms does not result in any change in the ranking order 

for the current dataset. Therefore, WASPAS demonstrates complete 

agreement with the original ranking under the baseline conditions. 

The ARAS method produces the same ranking order as the original 

ranking for all ten candidates. Candidate 3 achieves the highest ranking, 

followed by Candidate 6 and Candidate 9, while Candidate 8 remains in 

the tenth position. No candidate experiences a change in ranking 

position. This result indicates that the utility-based assessment 

mechanism of ARAS produces an ordering that is consistent with the 

reference ranking. The absence of ranking changes suggests that the 

relative performance of the candidates is sufficiently preserved through 

the ARAS assessment process. 

The COPRAS method similarly reproduces the original ranking 

without any changes. Candidate 3 remains the highest-ranked alternative, 

followed by Candidate 6, Candidate 9, and Candidate 1. Candidates 7, 4, 

2, 10, 5, and 8 also maintain their original positions from fifth to 

tenth, respectively. Thus, the proportional assessment mechanism used 

by COPRAS results in the same alternative ordering as the original 

ranking. The complete overlap between the COPRAS and original rankings 

indicates a high level of agreement under the baseline configuration. 

The MAIRCA method produces the only observable difference in the 

ranking comparison. Candidate 1 moves upward from fourth to third 

position, while Candidate 9 moves downward from third to fourth position. 

This exchange does not affect the ranking positions of the other eight 

candidates, which remain identical to the original ranking. The result 

suggests that the comparison between theoretical and real assessment 

values in MAIRCA produces a slightly different relative evaluation for 

Candidates 1 and 9. Nevertheless, the magnitude of the difference is 

limited, as only two alternatives exchange positions. 

Overall, the comparison demonstrates that four methods—SAW, 

WASPAS, ARAS, and COPRAS—fully reproduce the original ranking, whereas 

MAIRCA introduces only one pairwise rank exchange between Candidate 1 

and Candidate 9. Therefore, the baseline ranking results show a very 

high degree of agreement among the evaluated methods. However, this 
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baseline similarity does not necessarily imply that the methods will 

respond identically to changes in the decision environment. 

Consequently, the subsequent analyses examine ranking consistency, 

stability, and robustness under systematic changes in criterion weights 

and alternative performance values. 

5.2. Alternative Rankings Based on Changes in Criteria Weights 

The analysis was conducted by systematically varying the weights 

of each criterion to evaluate the sensitivity and robustness of the 

resulting alternative rankings under different decision-making 

preferences[29]–[31]. For each criterion, its initial weight was 

independently increased and decreased by 0.05, 0.10, and 0.15, generating 

a series of weight-variation scenarios. Thus, the analysis considers 

both positive and negative adjustments, namely +0.05, −0.05, +0.10, 

−0.10, +0.15, and −0.15, applied separately to each criterion while the 

weights of the remaining criteria were adjusted accordingly to preserve 

the required total weight. This procedure was repeated for all criteria 

in the decision matrix, allowing the effect of changes in the importance 

of each criterion to be examined individually. The resulting rankings 

were compared with the original ranking to identify changes in 

alternative positions and assess the ranking stability of each MCDM 

method. This sensitivity analysis evaluates the robustness of the methods 

under moderate and substantial changes in criterion importance. 

To evaluate the stability of the ranking results, a sensitivity 

analysis was conducted by applying several scenarios involving changes 

in the criterion weights of the SAW method. Each scenario represents a 

variation in the relative importance of the criteria while maintaining 

the overall weighting structure, allowing the effect of weight changes 

on the ranking positions of the alternatives to be examined[32]–[34]. 

The resulting changes in the alternative rankings across the different 

weighting scenarios are presented in Figure 3. This analysis provides 

an overview of the robustness of the SAW ranking and identifies 

alternatives whose positions are more sensitive to changes in criterion 

importance. 

 
 SAW Method Ranking Sensitivity Analysis 
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The sensitivity analysis results in Figure 3 show that changes in 

criteria weights within the range of +0.05 to +0.15 and −0.05 to −0.15 

generally don’t cause significant changes to the ranking structure of 

the alternatives. Initially, A3 was ranked first, followed by A6, A9, 

A1, A7, A4, A10, A2, A8, and A5. Most scenarios kept this order, which 

indicates a high level of ranking stability against weight changes. 

Changes were only seen in a few scenarios involving K5 and K6, as well 

as an increase in K3’s weight, causing A1 to drop from 4th to 3rd place 

and A9 to go up from 3rd to 4th, while in the K6−0.05, K6−0.10, and 

K6−0.15 scenarios, A1 also dropped to 3rd place. 

To evaluate the stability of the WASPAS ranking results, a 

sensitivity analysis was conducted using several scenarios involving 

changes in the criterion weights. These scenarios were designed to 

examine the effect of variations in the relative importance of the 

criteria on the ranking positions of the alternatives. The resulting 

ranking variations provide an indication of the sensitivity and 

robustness of the WASPAS method under different weighting conditions. 

The changes in alternative rankings obtained across the respective weight 

variation scenarios are presented in Figure 4. 

 
 WASPAS Method Ranking Sensitivity Analysis 

The sensitivity analysis results for the WASPAS method in Figure 4 show 

that changing the criteria weights by +0.05 to +0.15 and −0.05 to −0.15 

produces very stable rankings for most alternatives. In the initial 

condition, A3 remains in first place, followed by A6, A9, A1, A7, A4, 

A10, A2, A5, and A8. Ranking changes only occur for A1 and A9, especially 

when the weight of K5 or K3 is increased, causing A1 to move up from 4th 

to 3rd place and A9 to drop from 3rd to 4th place. A similar situation 

happens when the weight of K6 is decreased, making A1 move to 3rd place 

and A9 to 4th. Meanwhile, A2, A4, A5, A6, A7, A8, and A10 keep their 

positions the same across all scenarios. 

To evaluate the stability of the ARAS ranking results, a 

sensitivity analysis was conducted using several scenarios involving 

changes in the criterion weights. These scenarios were designed to 

examine the impact of variations in the relative importance of the 
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criteria on the ranking positions of the alternatives. The ranking 

changes obtained from the respective weight variation scenarios are 

presented in Figure 5. 

 
 ARAS Method Ranking Sensitivity Analysis 

The sensitivity analysis results of the ARAS method in Figure 5 show 

that changes in the criteria weights by +0.05 to +0.15 and −0.05 to −0.15 

produce a very stable ranking for most alternatives. Initially, A3 ranked 

first, followed by A6, A9, A1, A7, A4, A10, A2, A5, and A8. Almost all 

scenarios maintained this order, with limited changes mainly for A1 and 

A9. When the weight of K5 was increased by 0.10 and 0.15, A1 rose from 

4th to 3rd place, while A9 dropped to 4th. The same pattern occurred 

when the weight of K6 was decreased by 0.05, 0.10, and 0.15, causing A1 

to be in 3rd place and A9 in 4th. Meanwhile, A2, A4, A5, A6, A7, A8, and 

A10 didn’t change positions in any scenario. 

To evaluate the stability of the COPRAS ranking results, a 

sensitivity analysis was performed using several scenarios involving 

changes in the criterion weights. The resulting ranking variations 

indicate the sensitivity of COPRAS to changes in the weighting structure 

and provide insight into the robustness of the obtained preferences. The 

changes in alternative rankings across the different weight variation 

scenarios are presented in Figure 6. 

 
 COPRAS Method Ranking Sensitivity Analysis 
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The sensitivity analysis results using the COPRAS method in figure 6 

show that changing the criteria weights by +0.05 to +0.15 and −0.05 to 

−0.15 results in rankings that are very stable across almost all 

scenarios. Initially, A3 was ranked first, followed by A6, A9, A1, A7, 

A4, A10, A2, A5, and A8. Most weight changes didn't affect the positions 

of the alternatives, with changes only happening for A1 and A9. When the 

weight of K5 was increased by 0.10 and 0.15, A1 moved up from 4th to 3rd 

place, while A9 dropped to 4th. The same pattern happened when the weight 

of K6 was decreased by 0.05, 0.10, and 0.15, which caused A1 to be in 

3rd place and A9 in 4th. Meanwhile, A2, A4, A5, A6, A7, A8, and A10 kept 

their positions in all scenarios. 

To evaluate the stability of the MAIRCA ranking results, a 

sensitivity analysis was conducted through several scenarios involving 

changes in the criterion weights. These scenarios were designed to 

examine how variations in the relative importance of the criteria affect 

the ranking positions of the alternatives. The ranking changes obtained 

from each weight variation provide an indication of the robustness and 

sensitivity of the MAIRCA method to changes in the weighting structure. 

The resulting changes in the alternative rankings across the evaluated 

scenarios are presented in Figure 7, allowing the consistency of the 

MAIRCA ranking results to be assessed under different weighting 

conditions. 

 
 MAIRCA Method Ranking Sensitivity Analysis 

The sensitivity analysis results on the MAIRCA method in Figure 7 show 

that changing the criteria weights by +0.05 to +0.15 and −0.05 to −0.15 

produces a relatively stable ranking pattern. Initially, A3 was in first 

place, followed by A6, A9, A1, A7, A4, A10, A2, A5, and A8. Most scenarios 

didn't change the positions of the alternatives, with changes mainly 

happening to A1 and A9. Increasing the weight of K5 by 0.05, 0.10, and 

0.15 caused A1 to move up from 4th to 3rd place, while A9 dropped to 

4th. A similar situation occurred when the weight of K3 was increased 

by 0.10 and 0.15, and when the weight of K6 was decreased by 0.05, 0.10, 

and 0.15, which also led to a swap between A1 and A9. Meanwhile, A2, A4, 
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A5, A6, A7, A8, and A10 consistently maintained their positions across 

all scenarios. 

5.3. Ranking Consistency Analysis 

The comparison of alternative rankings is performed to examine 

the degree of agreement among the ranking results generated by the 

selected aggregation-based MCDM methods. Since each method applies a 

different computational and aggregation mechanism, differences in 

preference values may occur even when the same decision matrix and 

criterion weights are used. Therefore, comparing the resulting ranking 

orders provides an initial indication of whether the methods produce 

similar or different decision outcomes. In this study, the original 

ranking is used as the reference ranking, while the rankings generated 

by SAW, WASPAS, ARAS, COPRAS, and MAIRCA are evaluated against this 

reference. The degree of agreement is measured using Spearman’s rank 

correlation coefficient, where a coefficient closer to 1 indicates 

stronger agreement between two ranking orders, while a lower coefficient 

indicates greater differences in the relative positions of 

alternatives[35]–[37]. This analysis is important because ranking 

similarity provides an initial assessment of the consistency of the 

methods before their behavior is further examined under changes in 

criterion weights and alternative performance values. The correlation 

results between the original ranking and each MCDM method are presented 

in Figure 3. 

 
 Spearman Rank Correlation of MCDM Methods 

The Spearman Rank Correlation results presented in Figure 3 show that 

SAW, WASPAS, ARAS, and COPRAS achieve a perfect correlation coefficient 

of 1.0000 with the original ranking, indicating that these methods 

produce exactly the same alternative ordering as the reference ranking. 

Meanwhile, MAIRCA obtains a correlation coefficient of 0.9879, which 

still indicates a very strong ranking agreement, despite minor 

differences in the ordering of alternatives. Overall, the results in 
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Figure 3 demonstrate that all evaluated MCDM methods exhibit a high level 

of ranking consistency with the original ranking, with SAW, WASPAS, ARAS, 

and COPRAS achieving complete agreement. 

5.4. Ranking Stability Analysis 

Ranking Stability analysis is carried out as part of ranking 

sensitivity analysis to evaluate how changes in criteria weights affect 

the consistency of the order of alternatives produced by each MCDM 

method. In sensitivity analysis, weight changes are made through several 

scenarios of increasing and decreasing weights to observe possible shifts 

in the ranking of alternatives. Furthermore, the stability of rankings 

across all these scenarios is evaluated using the Ranking Stability Index 

(RSI), which represents the proportion of ranking positions that remain 

the same compared to all observed positions[38], [39]. A higher RSI value 

indicates that the method is increasingly able to maintain the ranking 

structure even when weights change, thus reflecting a better level of 

robustness and sensitivity to variations in criteria weights. This 

analysis is used to compare the stability of the SAW, WASPAS, ARAS, 

COPRAS, and MAIRCA methods based on changes in rankings that occur across 

all sensitivity scenarios. 

Based on the sensitivity analysis results, the SAW method shows a 

very high level of ranking stability with a RSI of 95.56%. Out of a 

total of 360 ranking positions analyzed across 36 weight-change 

scenarios, 344 positions kept their initial ranking, while 16 positions 

changed. These changes only involved A1 and A9, which swapped positions 

from 4th and 3rd place to 3rd and 4th place. This shift occurred in 

several scenarios, namely when the weights of K3 and K5 were increased 

and when the weight of K6 was decreased at certain change levels. 

Meanwhile, the other alternatives maintained their positions across all 

scenarios. These results show that SAW has a relatively low sensitivity 

to weight changes, so the ranking structure it produces can be considered 

stable and robust against variations in weight preferences. 

In the WASPAS method, the analysis results show a stability 

pattern that is almost the same as SAW, with an RSI value of 95.56%. Out 

of 360 observed ranking positions, 344 positions remained stable and 

only 16 positions changed. The ranking shifts were limited to A1 and A9, 

which swapped positions in eight different weight change scenarios. This 

happened when the weights of K3 or K5 increased to a certain level, and 

when the weight of K6 decreased. No changes occurred for the other 

alternatives, so most of the ranking structure stayed consistent across 

all tested weight variations. The high RSI value indicates that WASPAS 

is quite robust, since changes in criterion weights only have a limited 

effect on the order of alternatives. Thus, the WASPAS ranking results 

can be considered fairly reliable, even if there are changes in the 

importance levels of some criteria. 

The ARAS method produced an RSI value of 97.22%, which is one of 

the highest stability levels in this analysis. Out of 360 ranking 

positions, 350 positions remained unchanged, while only 10 positions 

shifted. These changes only involved A1 and A9, swapping places between 
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3rd and 4th rank. Ranking changes appeared in scenarios where the weight 

of K5 was increased by 0.10 and 0.15, and when the weight of K6 was 

decreased by 0.05, 0.10, and 0.15. Meanwhile, changes in K3 did not 

affect the ARAS ranking. Alternative A3 also stayed in first place across 

all scenarios, showing that its position was relatively unaffected by 

the changes in weight. The high RSI shows that ARAS has very strong 

ranking stability and is relatively less sensitive to changes in criteria 

weights. 

The sensitivity analysis results using the COPRAS method showed 

an RSI value of 97.22%, the same as ARAS and the highest value compared 

to other methods in this analysis. Out of the 360 ranking positions 

evaluated, 350 positions remained stable, and only 10 positions 

experienced changes. These changes only occurred with A1 and A9, which 

swapped rankings between the 3rd and 4th positions. This shift happened 

when the weight of K5 was increased by 0.10 and 0.15, and when the weight 

of K6 was decreased by 0.05, 0.10, and 0.15. On the other hand, changes 

to the weight of K3 or other change scenarios didn't affect the order 

of alternatives. A3 also stayed in the first position in all scenarios, 

showing the consistency of the top alternative despite weight changes. 

The MAIRCA method shows a high level of stability with an RSI 

value of 95.56%. Out of a total of 360 ranking positions analyzed, 344 

positions remained stable, while 16 positions experienced changes. Just 

like SAW and WASPAS, ranking changes in MAIRCA only happened with A1 and 

A9, which swapped between 3rd and 4th place. These shifts were found in 

scenarios where the weights of K3 and K5 were increased to a certain 

level, as well as in all tested scenarios of reducing K6's weight. Other 

alternatives didn’t see any rank changes, including A3, which stayed in 

first place. This shows that MAIRCA is relatively insensitive to weight 

changes and can maintain its ranking structure in most scenarios. The 

RSI value of 95.56% thus indicates that MAIRCA has very good stability, 

even though its sensitivity is slightly higher compared to ARAS and 

COPRAS. 

5.5. Ranking Robustness Analysis 

Ranking Robustness Analysis is conducted to evaluate the ability 

of MCDM methods to maintain the consistency of ranking results when 

criterion weights are modified under different sensitivity scenarios. 

This analysis provides an indication of how effectively a method can 

withstand variations in criterion weights without producing substantial 

changes in the ranking structure. The robustness of a method can be 

assessed based on the consistency of alternative positions, the number 

of ranking changes, and the ability to preserve highly ranked 

alternatives under different weighting conditions. A smaller degree of 

ranking variation indicates a higher level of robustness. In this study, 

Ranking Robustness Analysis is employed to compare the resilience of the 

SAW, WASPAS, ARAS, COPRAS, and MAIRCA methods across 36 weight-variation 

scenarios and to identify the method that provides the most consistent 

decision outcomes. 
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Ranking robustness analysis is further evaluated using the Ranking 

Retention Rate, which measures the percentage of sensitivity scenarios 

in which the complete initial ranking order is preserved without any 

changes in alternative positions[40], [41]. A higher Ranking Robustness 

Analysis indicates greater robustness to variations in criterion weights 

because the resulting ranking remains consistent despite changes in the 

relative importance of the criteria. Therefore, RRR is used as an 

indicator for comparing the robustness of the SAW, WASPAS, ARAS, COPRAS, 

and MAIRCA methods across all weight-variation scenarios considered in 

this study. 

For the SAW method, the Ranking Retention Rate is 77.78%, 

indicating that the complete initial ranking is maintained in 28 out of 

36 sensitivity scenarios. The remaining eight scenarios result in changes 

in the ranking order, particularly under specific variations in the 

weights of K3, K5, and K6. These changes are limited to an exchange of 

positions between A1 and A9, while the other alternatives retain their 

original positions. This result indicates that SAW has a relatively high 

level of ranking stability under variations in criterion weights, 

although several specific weighting conditions can still lead to changes 

in the relative positions of alternatives. 

The WASPAS method also achieves a Ranking Retention Rate of 

77.78%, with the initial ranking being fully retained in 28 of the 36 

scenarios. Eight scenarios produce changes in the ranking structure, 

particularly when the weights of K3 and K5 are increased or the weight 

of K6 is decreased. The ranking changes are limited to A1 and A9, whereas 

the remaining eight alternatives maintain their original positions 

throughout the sensitivity analysis. This finding indicates that WASPAS 

exhibits a sensitivity pattern similar to that of SAW and is able to 

preserve the initial ranking structure across most weight-variation 

scenarios. Therefore, WASPAS demonstrates a good level of ranking 

retention and robustness against changes in criterion weights. 

For the ARAS method, the Ranking Retention Rate reaches 86.11%, 

representing the highest value among the evaluated methods, together 

with COPRAS. The initial ranking is completely maintained in 31 of the 

36 sensitivity scenarios, while only five scenarios produce changes in 

the ranking order. These changes occur under specific increases in the 

weight of K5 and decreases in the weight of K6, with the ranking shift 

limited to an exchange between A1 and A9. The remaining alternatives 

preserve their original positions, while A3 consistently remains in first 

place across all scenarios. The high RRR value demonstrates that ARAS 

has a very strong ranking retention capability and is relatively 

insensitive to the weight variations applied in the sensitivity analysis. 

The COPRAS method obtains a Ranking Retention Rate of 86.11%, 

indicating that the complete initial ranking is preserved in 31 of the 

36 sensitivity scenarios. Only five scenarios result in changes in the 

ranking order, whereas the other 31 scenarios produce a ranking structure 

identical to the initial condition. The observed changes are limited to 

A1 and A9, particularly when the weight of K5 is increased or the weight 

of K6 is decreased under specific variation levels. A3 consistently 
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occupies the first position across all scenarios, while the other 

alternatives also maintain their respective positions. These results 

demonstrate that COPRAS has a very high level of ranking stability and 

retention, indicating strong robustness against variations in criterion 

weights. 

The MAIRCA method achieves a Ranking Retention Rate of 77.78%, 

with the complete initial ranking maintained in 28 of the 36 sensitivity 

scenarios. Eight scenarios produce changes in the ranking order, 

particularly under increases in the weights of K3 and K5 and decreases 

in the weight of K6. Similar to SAW and WASPAS, the ranking changes are 

limited to A1 and A9, while the remaining alternatives retain their 

original positions. This finding indicates that although several 

sensitivity scenarios can affect the ranking order, the overall ranking 

structure generated by MAIRCA remains consistent across most weight-

variation conditions. With an RRR of 77.78%, MAIRCA demonstrates a good 

level of ranking retention and robustness, although its stability is 

lower than that of ARAS and COPRAS. 

5.6. Comparative Analysis 

A comparative analysis is conducted to evaluate the performance 

and consistency of the investigated multi-criteria decision-making 

methods under the same decision-making conditions[42]. The comparison 

is intended to identify similarities and differences among the obtained 

results, particularly in terms of alternative scores, ranking positions, 

ranking consistency, and the ability of each method to produce reliable 

decision outcomes. In this experiment, the SAW, WASPAS, ARAS, COPRAS, 

and MAIRCA methods are applied to the same decision matrix and evaluated 

using identical alternatives, criteria, and initial criterion weights 

to ensure a fair comparison. The resulting rankings are subsequently 

compared to determine the extent to which different MCDM approaches agree 

or differ in selecting and prioritizing alternatives. Furthermore, the 

analysis considers the effect of criterion weight variation on the 

resulting rankings to examine the robustness of each method under 

different decision-making scenarios. Rank-based statistical measures are 

employed to quantify the degree of agreement between methods, while 

ranking changes across scenarios are analyzed to identify methods that 

are more consistent and less sensitive to variations in criterion 

importance. Through this comparative analysis, the study provides a 

comprehensive assessment of the relative behavior of the evaluated MCDM 

methods and establishes an empirical basis for determining which methods 

demonstrate stronger consistency, ranking robustness, and reliability 

for multi-criteria decision-making. 

The comparative analysis evaluates the performance of the 

investigated MCDM methods from three complementary perspectives, namely 

ranking consistency, ranking stability, and ranking robustness. Ranking 

Consistency Analysis is performed using the Spearman rank correlation 

coefficient to measure the degree of agreement between the rankings 

produced by different MCDM methods, where a coefficient closer to one 

indicates stronger consistency among the resulting rankings. Ranking 
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Stability Analysis is conducted using the Ranking Stability Index to 

assess the extent to which the ranking positions are preserved when the 

criterion weights are varied across different experimental scenarios, 

with a higher index value indicating greater stability. Meanwhile, 

Ranking Robustness Analysis is employed to evaluate the ability of each 

method to maintain reliable and competitive alternative rankings under 

changes in decision-making conditions, particularly with respect to 

variations in criterion importance. The combination of these three 

analyses provides a comprehensive evaluation because consistency 

reflects the agreement among methods, stability reflects the 

preservation of rankings under-weight variations, and robustness 

reflects the resilience of the obtained ranking outcomes against changes 

in the decision environment. The results of the comparative analysis, 

including the correlation coefficients, stability indices, and 

robustness measures obtained for each method, are presented in Table 10. 

Table 10. Comparative Analysis of Ranking Consistency, Stability, and 
Robustness 

Method 
Spearman 

Correlation 

Ranking Stability 

Analysis 

Ranking 

Retention Rate 

SAW 1.0000 95.56% 77.78% 

WASPAS 1.0000 95.56% 77.78% 

ARAS 1.0000 97.22% 86.11% 

COPRAS 1.0000 97.22% 86.11% 

MAIRCA 0.9879 95.56% 77.78% 

The overall results of the methods show a very high level of 

ranking consistency, with a Spearman Correlation value of 1.0000 for 

SAW, WASPAS, ARAS, and COPRAS, while MAIRCA got a value of 0.9879, 

indicating that all methods produce alternative rankings that are very 

consistent with the reference ranking. In terms of stability, ARAS and 

COPRAS showed the best performance with a Ranking Stability Analysis of 

97.22%, while SAW, WASPAS, and MAIRCA each reached 95.56%. The Ranking 

Retention Rate results also showed that ARAS and COPRAS have the highest 

robustness at 86.11%, while SAW, WASPAS, and MAIRCA got 77.78%. These 

findings suggest that ARAS and COPRAS not only produce consistent 

rankings but are also better at maintaining alternative positions when 

there are variations in criterion weights. Meanwhile, although MAIRCA 

has a slightly lower correlation compared to the other methods, its 

stability level remains high, so overall all the methods show relatively 

robust ranking performance and can be relied on in various weight change 

scenarios. 

5.7. Discussion  

The experimental results demonstrate a strong overall agreement 

among the evaluated aggregation-based MCDM methods in the employee 

selection problem. Under the baseline decision-making configuration, 

SAW, WASPAS, ARAS, and COPRAS reproduce exactly the same ranking as the 

reference ranking, with Candidate 3 consistently identified as the most 

preferred alternative and Candidate 8 as the least preferred alternative. 
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This consistency indicates that the relative performance structure of 

the alternatives is sufficiently distinct to produce a similar ordering 

despite differences in the mathematical mechanisms used by the methods. 

MAIRCA also produces a highly comparable result, with only a pairwise 

exchange between Candidate 1 and Candidate 9. The difference is therefore 

not associated with a substantial change in the overall decision 

structure, but rather with the relative evaluation of two closely 

positioned alternatives. This finding is important because it 

demonstrates that the selected methods reach a highly similar decision 

outcome when applied to the same dataset and weighting configuration. 

However, the similarity observed under the baseline condition should not 

be interpreted as evidence that all methods have identical behavior. 

Their differences become more evident when the decision environment is 

systematically perturbed through changes in criterion weights. 

The sensitivity analysis provides further evidence that the ranking 

structure is generally resistant to moderate and relatively substantial 

changes in criterion importance. Across the 36 weight-variation 

scenarios, the majority of alternatives preserve their original 

positions, while the observed changes are concentrated almost 

exclusively on Candidates 1 and 9. This pattern suggests that these two 

candidates have relatively close overall preference levels and are 

therefore more susceptible to changes in the importance assigned to 

particular criteria. In contrast, Candidate 3 consistently occupies the 

first position across the tested scenarios, indicating that its superior 

performance is sufficiently strong across the evaluation criteria to 

withstand variations in criterion weights. Similarly, the positions of 

Candidates 2, 4, 5, 6, 7, 8, and 10 remain highly consistent. From a 

decision-making perspective, this behavior indicates that the principal 

decision outcome is not easily overturned by changes in preference 

assumptions. The sensitivity analysis also reveals that increases in K3 

and K5 and decreases in K6 are the most influential conditions for the 

observed exchange between Candidates 1 and 9. Therefore, these criteria 

can be considered important drivers of the relative positioning of 

candidates, particularly when alternatives have similar overall 

performance levels. 

The ranking stability results reinforce the findings of the 

sensitivity analysis and reveal differences in the resilience of the 

methods. ARAS and COPRAS achieve the highest Ranking Stability Index of 

97.22%, with 350 of the 360 evaluated ranking positions remaining 

unchanged. This indicates that only a very small proportion of ranking 

positions are affected by the tested weight variations. In comparison, 

SAW, WASPAS, and MAIRCA achieve an RSI of 95.56%, corresponding to 344 

unchanged positions out of 360. Although the difference between 97.22% 

and 95.56% is relatively small, it provides evidence that ARAS and COPRAS 

are slightly less sensitive to changes in criterion weights in this 

particular decision environment. The difference can be associated with 

the internal aggregation structures of the methods. SAW relies on 

additive aggregation, while WASPAS combines weighted sum and weighted 

product mechanisms, and MAIRCA evaluates the deviation between 
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theoretical and real ratings. ARAS incorporates an optimal reference 

alternative through its utility degree, whereas COPRAS separately 

considers beneficial and non-beneficial criteria in determining relative 

significance. These mechanisms may influence how changes in one criterion 

propagate through the final preference value, explaining why ARAS and 

COPRAS preserve the ranking structure under a slightly broader range of 

weight configurations. 

The robustness analysis provides a complementary perspective by 

examining whether the complete initial ranking is retained across each 

sensitivity scenario. ARAS and COPRAS again demonstrate the strongest 

performance, achieving a Ranking Retention Rate of 86.11%, meaning that 

the complete ranking order is preserved in 31 of the 36 scenarios. SAW, 

WASPAS, and MAIRCA retain the complete ranking in 28 scenarios, resulting 

in an RRR of 77.78%. The distinction between ranking stability and 

ranking retention is particularly relevant. A method may maintain most 

individual ranking positions while still experiencing a change in the 

overall ranking order because of a single pairwise exchange. This is 

precisely what occurs in the present experiment, where most ranking 

changes are limited to Candidates 1 and 9. Thus, ARAS and COPRAS 

demonstrate a stronger ability not only to preserve individual ranking 

positions but also to maintain the entire decision ordering under changes 

in criterion weights. Nevertheless, the robustness results should be 

interpreted within the context of the experimental design. The 

superiority of ARAS and COPRAS is demonstrated for the present dataset 

and the specified perturbation range, rather than establishing that these 

methods are universally superior in every MCDM application. Different 

datasets, criterion distributions, weighting schemes, or perturbation 

magnitudes may produce different relative performance patterns. 

Taken together, the consistency, stability, and robustness analyses 

indicate that ARAS and COPRAS provide the strongest overall performance 

among the evaluated methods for this employee selection problem. Both 

methods achieve a perfect Spearman correlation of 1.0000 with the 

reference ranking, an RSI of 97.22%, and an RRR of 86.11%. SAW and WASPAS 

also demonstrate strong performance, with perfect ranking consistency 

and high stability, but their lower retention rates indicate slightly 

greater sensitivity to specific weight configurations. MAIRCA maintains 

a high level of stability but exhibits a minor baseline ranking deviation 

and a lower Spearman correlation of 0.9879. From the perspective of 

Decision Support Systems, these findings suggest that selecting an MCDM 

method should not be based solely on the ranking obtained under one 

initial configuration. A method that produces a reasonable baseline 

ranking but changes substantially when decision preferences are modified 

may provide less reliable support in practical environments. In this 

experiment, ARAS and COPRAS offer a more resilient ranking structure 

because they maintain both the relative ordering of individual 

alternatives and the complete ranking sequence across most sensitivity 

scenarios. The results therefore support their use when decision makers 

require ranking outcomes that remain reliable despite reasonable changes 

in the importance assigned to employee selection criteria. 
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VI. Conclusion 

This study evaluated the consistency, stability, and robustness 

of five aggregation-based Multi-Criteria Decision Making (MCDM) methods, 

namely SAW, WASPAS, ARAS, COPRAS, and MAIRCA, in an employee selection 

decision-making problem. The experimental design employed the same 

decision-making dataset, criterion weights, and evaluation conditions 

for all methods, followed by systematic perturbations of criterion 

weights to examine the sensitivity of the resulting rankings. The 

baseline analysis showed that SAW, WASPAS, ARAS, and COPRAS generated 

rankings identical to the reference ranking, while MAIRCA produced only 

a minor exchange between Candidates 1 and 9. These findings demonstrate 

a high level of agreement among the investigated methods under the 

initial decision-making configuration. 

The sensitivity analysis further showed that the ranking 

structures generated by all methods were generally resistant to changes 

in criterion weights. Most alternatives maintained their original 

positions across the 36 weight-variation scenarios, while ranking 

changes were primarily limited to Candidates 1 and 9. The Ranking 

Stability Index (RSI) confirmed this high level of stability, with ARAS 

and COPRAS achieving the highest value of 97.22%, compared with 95.56% 

for SAW, WASPAS, and MAIRCA. The Ranking Retention Rate (RRR) produced 

a similar pattern, where ARAS and COPRAS retained the complete initial 

ranking in 31 of 36 scenarios, corresponding to 86.11%, while SAW, 

WASPAS, and MAIRCA achieved 77.78%. 

Overall, ARAS and COPRAS demonstrated the strongest performance 

across the three evaluation dimensions. Both methods achieved a Spearman 

correlation of 1.0000 with the reference ranking, an RSI of 97.22%, and 

an RRR of 86.11%. These results indicate that ARAS and COPRAS were able 

to preserve both individual ranking positions and the complete ranking 

structure under a broader range of criterion-weight variations than the 

other evaluated methods. Nevertheless, the results should be interpreted 

within the scope of the dataset and experimental scenarios considered 

in this study. The findings indicate that ARAS and COPRAS provide 

particularly reliable alternatives for employee selection when decision 

makers require ranking outcomes that remain consistent under changes in 

criterion importance. 

The findings also highlight the importance of evaluating MCDM 

methods beyond their baseline ranking results. Although several methods 

can produce identical rankings under the initial conditions, their 

responses to changes in criterion weights may differ considerably. 

Therefore, ranking consistency alone is insufficient to determine the 

reliability of an MCDM method. Combining correlation-based consistency 

analysis with stability and robustness measures provides a more 

comprehensive evaluation of method performance. For Decision Support 

Systems, this approach can help decision makers identify methods that 

are not only capable of producing plausible rankings but also maintain 

https://research.pilar.or.id/index.php/jodesma
https://doi.org/10.67449/jodesma.v1i2.9
https://research.pilar.or.id/index.php/jodesma/article/view/9
https://pilar.or.id/
https://research.pilar.or.id/index.php/jodesma


Volume 1 Number 2 March 2027, Available online: March 20, 2027. 

 

Journal of Decision Support Systems 

and Multi-Criteria Decision Making 

ISSN: 3164-7022 

 

 

 
Page 103-139 

Journal Homepage: https://research.pilar.or.id/index.php/jodesma 

DOI: https://doi.org/10.67449/jodesma.v1i2.9  

Copyright © 2027 by the authors.  

Article Link: https://research.pilar.or.id/index.php/jodesma/article/view/9   

137 

reliable decision outcomes when preferences or criterion priorities 

change. 
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