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In a multi-criteria decision support system, differences in the calculation 
mechanisms and sensitivity of the CODAS, TOPSIS, and COCOSO methods 
often result in inconsistent rankings of alternatives, even when using the same 
data and criteria. This situation creates the need for a structured comparative 
analysis with objective weighting so that the influence of each method's 
characteristics on the decision outcomes can be better understood and justified. 
This study aims to objectively assess teachers' pedagogical performance 
through the application and comparison of three multi-criteria decision-
making methods, namely CODAS, TOPSIS, and COCOSO, with the criteria 
weights determined using the ITARA method. The ranking results show 
differences in evaluation patterns among the methods, where the CODAS 
method places Teacher RD in the first rank, followed by Teacher GH and 
Teacher DG, while Teacher AN is ranked last. In contrast, the TOPSIS and 
COCOSO methods produced relatively consistent rankings, with Teacher TY 
ranking first, followed by Teacher AN and Teacher NH in TOPSIS, and 
Teacher NH and Teacher DG in COCOSO. These differences in results indicate 
that each method has a different evaluative perspective on the performance of 
alternatives, depending on the preference calculation approach used. The 
results of the rank correlation analysis using Spearman's correlation show that 
the CODAS method obtained a correlation value of 0.5595, TOPSIS 0.7362, and 
COCOSO 0.7481. These values indicate that TOPSIS and COCOSO have a 
higher level of ranking consistency compared to CODAS in representing the 
order of alternatives. This finding confirms that differences in calculation 
mechanisms in each method affect the stability of decision results in a 
multicriteria decision support system. 

 
 

1. INTRODUCING 
Multi-criteria decision making (MCDM) plays a very important role in the development of modern 

decision support systems (DSS) because it is able to handle decision-making problems that involve 
multiple criteria with different and often conflicting characteristics[1]–[3]. In the context of an 
increasingly complex, data-driven environment, MCDM helps decision-makers organize, evaluate, and 
compare various alternatives systematically and rationally, using both subjective and objective 
approaches. MCDM methods allow the integration of quantitative and qualitative data so that decisions 
are based not only on intuition but also on measurable and transparent analysis. In addition, MCDM 
supports the determination of criteria weights, evaluation of alternative performance, and sensitivity 
analysis to test the stability of decision results against changes in parameters[4]–[7]. This role becomes 
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increasingly relevant in modern decision support systems that utilize computational technology and 
artificial intelligence, as MCDM can enhance consistency, accuracy, and fairness in the decision-making 
process across various fields, such as education, industry, healthcare, and resource management, 
making the resulting decisions more accountable and aligned with the intended objectives. 

The need for accurate and stable ranking methods has become a crucial issue in DSS, especially 
when decisions must be made based on multiple criteria with varying levels of importance[8]–[10]. 
Accurate ranking methods are necessary to ensure that evaluation results truly reflect the relative 
performance of each alternative objectively and consistently, thereby minimizing bias and assessment 
errors. Meanwhile, the stability of the method is important to ensure that small changes in data or 
criteria weights do not lead to significant and unreasonable shifts in rankings. Without stability, ranking 
results have the potential to cause doubt and reduce decision-makers' confidence in the system being 
used[11], [12]. Therefore, the development and implementation of ranking methods that can maintain 
a balance between accuracy and stability are greatly needed so that the decisions produced are reliable, 
transparent, and accountable in various modern decision-making contexts. 

Conventional DSS still have several fundamental limitations that affect the quality of decision 
outcomes, particularly regarding the dominance of subjective weighting and the high sensitivity of 
ranking results to changes in criteria weights. In many cases, criteria weights are determined based on 
expert or decision-maker assessments, which, although experienced, are still vulnerable to personal 
bias, certain preferences, and inconsistencies in judgment. This dominance of subjective weighting can 
lead to evaluation results that do not fully reflect the objective conditions of the alternatives being 
assessed. Furthermore, conventional DSS systems often exhibit high sensitivity to small changes in 
criteria weights, where minor adjustments can result in significant changes in rankings. This condition 
leads to instability in outcomes and reduces confidence in the system, especially when the decisions 
made have strategic implications. These limitations indicate that conventional DSS still requires a more 
robust and adaptive approach to be able to produce rankings that are more consistent, fair, and reliable 
in dealing with the complexities of modern decision-making. 

Distance and compromise-based methods are groups of methods in MCDM designed to evaluate 
alternatives based on their closeness to the ideal solution or through a compromise approach among 
conflicting criteria. Technique for order preference by similarity to ideal solution (TOPSIS) is known as 
a classic distance-based method that assesses alternatives by measuring the shortest distance to the 
positive ideal solution and the farthest distance from the negative ideal solution, thereby providing an 
intuitive and easy-to-understand evaluation framework[13]–[15]. However, in practice, this approach 
is highly dependent on the weighting of criteria and can be sensitive to small changes in those 
parameters. Combinative distance-based assessment (CODAS) is the development of distance-based 
methods by emphasizing relative comparisons to the anti-ideal solution, using a combination of 
Euclidean and Taxicab distances to distinguish alternatives more clearly, especially when the 
performance differences between alternatives are relatively small[16]–[18]. Meanwhile, combined 
compromise solution (COCOSO) adopts a compromise approach based on aggregated scores by 
combining several normalization and aggregation strategies to produce more balanced preference 
values, thus better representing trade-offs among criteria fairly[19]–[21]. These three methods 
demonstrate how distance-based and compromise approaches play an important role in producing 
more rational and informative rankings in the context of multi-criteria decision-making. 

The necessity of objective weighting arises as an important need in multi-criteria decision making 
because subjective approaches often cannot guarantee the consistency and objectivity of the results[22]–
[25]. The weaknesses of subjective judgment are evident from its reliance on the perceptions, 
experiences, and preferences of decision-makers, which can potentially lead to bias, inconsistency, and 
differences in assessment even for the same problem[26], [27]. This condition can significantly affect the 
criteria weights and directly impact the ranking results of alternatives. In this context, objective 
weighting serves as a solution to reduce the dominance of subjectivity by utilizing information 
contained in the data, such as the level of variation, distribution, or the contribution of each criterion to 
distinguishing alternatives. The role of objective weighting not only enhances the fairness and 
transparency of the decision-making process but also helps produce more stable and accountable 
outcomes, especially when decision support systems are used for complex and data-driven problems. 
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The indifference threshold-based attribute ratio analysis (ITARA) method is one of the objective 
weighting methods in MCDM, aimed at determining the importance level of criteria based on the 
information contained in the data without involving the subjective judgment of decision-makers[28]–
[30]. ITARA works by utilizing the concept of an indifference threshold to identify differences that are 
truly significant between criterion values, allowing relevant data variations to be separated from 
changes considered insignificant. This approach makes the resulting weights more stable and 
representative of the actual data conditions, particularly in decision-making problems involving many 
alternatives with diverse characteristics. The ITARA method plays an important role in enhancing the 
objectivity, consistency, and reliability of data-driven decision support systems. 

The research contribution of this study lies in presenting a systematic comparative study between 
the CODAS, TOPSIS, and COCOSO methods using an objective weighting scheme as the basis for 
evaluation. This approach allows for a fairer comparison of the performance of distance- and 
compromise-based methods by reducing the influence of subjective preferences in determining criteria 
weights. In addition, this study emphasizes the evaluation of the stability and consistency of ranking 
results through sensitivity analysis of weight changes, allowing us to understand the extent to which 
each method can reliably maintain the order of alternatives. The results of this evaluation provide a 
deeper understanding of the characteristics of each method in dealing with variations in decision 
parameters. Thus, the contribution of this research not only enriches methodological studies in MCDM, 
but also provides practical value for the development of data-based DSS that require accuracy, 
consistency, and transparency in the decision-making process. 
 

2. RESEARCH METHOD 
The research stages in this study were systematically arranged to ensure that the analytical process 

runs in a structured, objective, and replicable manner. The research began with problem identification 
and goal formulation, followed by a literature review as a conceptual foundation for selecting the 
CODAS, TOPSIS, and COCOSO methods, as well as the objective weighting approach. Next, criteria 
and alternatives were determined based on relevant data, after which data collection and processing 
were carried out before calculating the criteria weights and applying each multicriteria decision-making 
method. The results obtained were analyzed comparatively to assess the consistency, stability, and 
ranking characteristics of each method. The entire series of research stages is presented concisely and 
visually in Figure 1. 

 
Figure 1. Research stage 

 
The research began by identifying problems in the multi-criteria decision support system, 

particularly related to differences in ranking results that arise from the use of different methods and 
criteria weights. This stage also establishes the main objective of the study, which is to compare the 
performance of the CODAS, TOPSIS, and COCOSO methods based on objective weighting. This stage 
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includes a review of theories and previous research on the CODAS, TOPSIS, and COCOSO methods, 
the concept of objective weighting, as well as its application in decision support systems. The literature 
study aims to strengthen the theoretical foundation and identify relevant research gaps. Criteria and 
alternatives are determined according to the context of the decision problem being studied. This 
determination is carried out objectively based on the available data so that the analysis results are not 
influenced by the subjective preferences of the decision-makers. Data is collected from relevant sources, 
then pre-processed such as initial normalization, data completeness checks, and scale adjustments to 
make the data ready for use in the MCDM calculation process. The criteria weights are calculated using 
the chosen objective weighting method. This stage ensures that the weights reflect the characteristics of 
the data without subjective assessment intervention. Each MCDM method is applied using the objective 
weights obtained. This process yields preference values and alternative rankings for each method. The 
ranking results from the three methods were compared to observe similarities, differences, and 
emerging patterns. This analysis aims to assess the consistency and sensitivity of the methods to 
objective weights. This stage evaluates the stability of alternative rankings against changes in criteria 
weights or certain scenarios. Sensitivity analysis is used to see the resilience of each method in facing 
data variations. 

 
Objective Weighting 

Objective weighting is an approach to criteria weighting that is entirely based on data characteristics, 
without involving the preferences or subjective judgments of decision-makers. This approach aims to 
reduce the bias that often arises in subjective weighting, especially in multi-criteria decision problems 
with a large number of criteria and alternatives. By utilizing variations, dispersion, and relationships 
among data, objective weighting can represent the importance level of criteria more consistently and 
transparently. Therefore, the use of objective weighting becomes important in data-driven decision 
support systems, particularly when stable and methodologically accountable ranking results are 
required. 

One of the objective weighting methods used in this study is the ITARA method. The ITARA method 
determines the weights of criteria by considering the indifference threshold to identify significant 
differences between attribute values. Through this approach, criteria with data variation exceeding the 
indifference threshold will receive higher weights, as they are considered to have a more meaningful 
contribution to the decision-making process. ITARA allows for a weighting determination that is more 
adaptive to the data structure, thereby enhancing the accuracy and reliability of evaluation results in a 
multi-criteria decision support system. 

The process of determining criterion weights using the ITARA method begins with the formation of 
a decision matrix that represents the performance values of each alternative against all criteria using (1). 
Next, the criterion values and the indifference threshold are normalized to equalize the data scale and 
ensure fair comparisons among attributes using (2) and (3). The normalized values are then arranged in 
an ascending order matrix to identify data change patterns for each criterion using (4), followed by 
determining the ideal value as a reference for evaluation using (5). The next step is to calculate the 
difference between consecutive values and the indifference threshold to identify significant differences 
using (6). All significant differences are then summed for each criterion using (7), and the results are 
normalized against the total significant differences of all criteria to obtain the final weights, which reflect 
the relative importance of each criterion objectively using (8). 

𝑋 =[𝑥𝑖𝑗]𝑚𝑥𝑛
 (1) 

𝑒𝑖𝑗 =
𝑥𝑖𝑗

∑ 𝑥𝑖𝑗
𝑚
𝑖=1

 (2) 

𝑁𝐼𝑇𝑗 =
𝐼𝑇𝑗

∑ 𝑥𝑖𝑗
𝑚
𝑖=1

 (3) 

𝛽𝑖𝑗 =

[
 
 
 
𝛽𝑎𝑠𝑝𝑖𝑟𝑒,1

𝛽11
⋯

𝛽𝑎𝑠𝑝𝑖𝑟𝑒,𝑗

𝛽1𝑗

⋮ ⋱ ⋮
𝛽𝑖1 ⋯ 𝛽𝑖𝑗 ]

 
 
 

 (4) 

𝛾𝑖𝑗 =𝛽𝑖+1,𝑗 − 𝛽𝑖𝑗 (5) 
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𝜀𝑖𝑗 = {
𝛾𝑖𝑗 − 𝑁𝐼𝑇𝑗; 𝑓𝑜𝑟 𝛾𝑖𝑗 > 𝑁𝐼𝑇𝑗

0               ; 𝑓𝑜𝑟 𝛾𝑖𝑗 ≤ 𝑁𝐼𝑇𝑗
 (6) 

𝑣𝑗 =(∑ 𝜀𝑖𝑗
𝑝𝑚−1

𝑖=1 )
1

𝑝⁄
 (7) 

𝑤𝑗 =
𝑣𝑗

∑ 𝑣𝑗
𝑛
𝑗=1

 (8) 

The symbol 𝑋 =[𝑥𝑖𝑗]𝑚𝑥𝑛
 represents the decision matrix, where 𝑥𝑖𝑗  is the performance value of the ith 

alternative against the jth criterion, m indicates the number of alternatives, and n represents the number 
of criteria. The symbol 𝑒𝑖𝑗 represents the normalized value of 𝑥𝑖𝑗 , obtained by dividing the value by 

∑ 𝑥𝑖𝑗
𝑚
𝑖=1 , which is the total value of all alternatives for the jth criterion. The symbol 𝐼𝑇𝑗  indicates the 

indifference threshold for the jth criterion, while 𝑁𝐼𝑇𝑗  is the normalized indifference threshold to be 

comparable with the value of 𝜀𝑖𝑗. The matrix 𝛽𝑖𝑗 represents the values of 𝑒𝑖𝑗 that have been arranged in 

ascending order for each criterion, with 𝛽(𝑎𝑠𝑝𝑖𝑟𝑒, 𝑗) as the aspiration value or the ideal reference value 
for the jth criterion. The symbol 𝛾𝑖𝑗 denotes the difference between two consecutive values in the βij 

matrix. The symbol 𝜀𝑖𝑗 indicates a significant difference, which is the 𝛾𝑖𝑗 value that exceeds 𝑁𝐼𝑇𝑗, while 

a zero value is given if the difference does not surpass the threshold. The symbol 𝑣𝑗 represents the initial 

importance level of the jth criterion obtained from the aggregation of all 𝜀𝑖𝑗 using the parameter 𝑝. 

Finally, the symbol 𝑤𝑗  indicates the final weight of the jth criterion obtained by normalizing the 𝑣𝑗 values 

against the total of all criteria. 
 

CODAS Method 
The CODAS method is one of the multi-criteria decision-making approaches that evaluates 

alternatives based on their distance from the negative ideal solution. In CODAS, the best alternative is 
determined by combining two distance measures, namely Euclidean distance as the primary measure 
and Taxicab distance as a supporting measure when the Euclidean distance differences among 
alternatives are not significant. This approach allows for a more sensitive evaluation of variations in 
alternative performance, especially in situations where the values among alternatives are very close. By 
relying on the concepts of distance and criteria weighting, the CODAS method can produce stable and 
logical rankings, making it widely used in decision support systems to solve complex selection and 
evaluation problems. 

The stages of the CODAS method begin with the preparation of a decision matrix containing the 
performance values of each alternative against all criteria using (1). This matrix is then normalized to 
equalize the value scales across criteria, allowing a fair comparison using (9). Next, weighted 
normalization is carried out by multiplying the normalized matrix by the criterion weights to reflect the 
level of importance of each criterion using (10). Next, the negative ideal solution is determined to reflect 
the worst performance level of each criterion and is used as a reference for evaluating the alternatives 
using (11). Based on this weighted matrix, the Euclidean distance and Taxicab distance of each 
alternative to the negative ideal solution are calculated as the main and supporting measures in the 
evaluation process using (12) and (13). The distance calculation results are used to form a relative 
evaluation matrix that shows the degree of superiority of one alternative over another using (14). This 
entire process produces the final preference values that serve as the basis for ranking the alternatives 
using (15). 

𝑛𝑖𝑗 ={

𝑥𝑖𝑗

max
𝑖

𝑥𝑖𝑗
; 𝑖𝑓 𝑗 ∈ 𝑏𝑒𝑛𝑒𝑓𝑖𝑡

min
𝑖

𝑥𝑖𝑗

𝑥𝑖𝑗
; 𝑖𝑓 𝑗 ∈ 𝑐𝑜𝑠𝑡

                                                      (9) 

𝑟𝑖𝑗 =𝑤𝑗 ∗ 𝑛𝑖𝑗                                                (10) 

𝑛𝑠𝑗 =min
𝑖

𝑟𝑖𝑗                                                          (11) 

𝐸𝑖 = √∑ (𝑟𝑖𝑗 − 𝑛𝑠𝑗)
2𝑚

𝑗=1                                                          (12) 

𝑇𝑖 = ∑ |𝑟𝑖𝑗 − 𝑛𝑠𝑗|
𝑚
𝑗=1                                                           (13) 

ℎ𝑖𝑘 =(𝐸𝑖 − 𝐸𝑘) + (𝜑(𝐸𝑖 − 𝐸𝑘)) ∗ (𝑇𝑖 − 𝑇𝑘)                                             (14) 

𝐻𝑖 =∑ ℎ𝑖𝑘
𝑛
𝑘=1                                                          (15) 
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The symbol 𝑥𝑖𝑗  represents the performance value of the ith alternative against the jth criterion, while 

𝑛𝑖𝑗 represents the normalized value adjusted according to the type of criterion, where max 𝑥𝑖𝑗  is used 

for benefit-type criteria and min 𝑥𝑖𝑗  is used for cost-type criteria. The symbol 𝑟𝑖𝑗  indicates the decision 

matrix value that has been normalized and weighted, while 𝑛𝑠𝑗 represents the negative ideal solution 

value obtained from the minimum rij for each criterion. The symbol Ei represents the Euclidean distance 
of the i-th alternative from the negative ideal solution, calculated from the squared difference between 
𝑟𝑖𝑗  and 𝑛𝑠𝑗. The symbol Ti represents the Taxicab distance of the i-th alternative, which is the sum of the 

absolute differences between rij and 𝑛𝑠𝑗. The symbol ℎ𝑖𝑘 represents the relative evaluation value 

between the ith h alternative and the kth alternative, which is obtained from a combination of Euclidean 
distance difference and Taxicab distance with the threshold function 𝜑. Finally, the symbol 𝐻𝑖  represents 
the final preference value of the ith alternative, obtained from the sum of all relative evaluation values 
ℎ𝑖𝑘, and is used as the basis for determining the ranking of alternatives. 

 
TOPSIS Method 

The Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) method is one of the 
multi-criteria decision-making methods that evaluates alternatives based on their closeness to the 
positive ideal solution and their distance from the negative ideal solution. The basic principle of TOPSIS 
is that the best alternative should have the shortest distance from the positive ideal solution, which 
represents the most desirable condition, and the farthest distance from the negative ideal solution, 
which represents the least desirable condition. This method uses a normalized and weighted decision 
matrix to ensure that comparisons across criteria are conducted proportionally. With a simple and 
logical geometric concept, TOPSIS is widely used in decision support systems because it can provide 
ranking results that are easy to understand and consistent across various multi-criteria evaluation and 
selection problems. 

The steps of the TOPSIS method begin with the preparation of a decision matrix that contains the 
performance values of each alternative against all the criteria used, using (1). This matrix is then 
normalized to equalize the differences in scale between criteria so that comparisons can be made fairly, 
using (16). The normalization results are then multiplied by the criteria weights to obtain a weighted 
normalized matrix that reflects the importance level of each criterion, using (17). Based on this matrix, 
the positive ideal value and the negative ideal value are determined as representations of the best and 
worst conditions for each criterion, using (18) and (19). The distance of each alternative to the ideal and 
anti-ideal values is then calculated using a distance measure to assess the relative closeness of the 
alternatives using (20) and (21). The final stage produces the preference values of the alternatives, which 
serve as the basis for ranking, where the alternative with the highest preference value is considered the 
best choice using (22). 

𝑥𝑖𝑗
∗ =

𝑥𝑖𝑗

√[∑ 𝑥𝑖𝑗
2𝑗

𝑖=1
]

        (16) 

𝑣𝑖𝑗 =𝑤𝑗 ∗ 𝑥𝑖𝑗
∗         (17) 

𝑦𝑗
+ = {

𝑚𝑎𝑥𝑖𝑦𝑖𝑗  ; 𝑖𝑓 𝑗 𝑖𝑠 𝑎 𝑏𝑒𝑛𝑒𝑓𝑖𝑡 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒

𝑚𝑖𝑛𝑖𝑦𝑖𝑗  ; 𝑖𝑓 𝑗 𝑖𝑠 𝑎 𝑐𝑜𝑠𝑡 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒
    (18) 

𝑦𝑗
− = {

𝑚𝑖𝑛𝑖𝑦𝑖𝑗  ; 𝑖𝑓 𝑗 𝑖𝑠 𝑎 𝑏𝑒𝑛𝑒𝑓𝑖𝑡 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒

𝑚𝑎𝑥𝑖𝑦𝑖𝑗  ; 𝑖𝑓 𝑗 𝑖𝑠 𝑎 𝑐𝑜𝑠𝑡 𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒
    (19) 

𝐷𝑖
+ = √∑ (𝑦𝑖

+ − 𝑦𝑖𝑗)
2𝑛

𝑗=1        (20) 

𝐷𝑖
− = √∑ (𝑦𝑖𝑗 − 𝑦𝑖

−)
2𝑛

𝑗=1        (21) 

𝑉𝑖 =
𝐷𝑖

−

𝐷𝑖
−+𝐷𝑖

+        (22) 

The symbol 𝑥𝑖𝑗  represents the performance value of the ith alternative with respect to the jth criterion, 

while 𝑥𝑖𝑗
∗  is the normalized vector value obtained by dividing 𝑥𝑖𝑗  by the square root of the sum of the 

squares of all alternative values for the same criterion. The symbol 𝑤𝑗  indicates the weight of the jth 

criterion, and 𝑣𝑖𝑗  is the weighted normalized decision matrix value that reflects the contribution of the 

https://doi.org/10.58602/jima-ilkom.v5i1.78


JURNAL ILMIAH INFORMATIKA DAN ILMU KOMPUTER (JIMA-ILKOM) 
E-ISSN 2988-747X P-ISSN 2988-7461 

Volume 5, Nomor 1, Maret 2026, Page 25-45 
DOI: https://doi.org/10.58602/jima-ilkom.v5i1.78 

 

Setiawansyah: *Corresponding Author 

 
Copyright © 2026, Setiawansyah.  

31 
 

criterion to each alternative. The symbol 𝑦𝑗
+ represents the positive ideal solution, which is the best value 

for each criterion, determined as the maximum value for benefit-type criteria and the minimum value 
for cost-type criteria. Conversely, the symbol 𝑦𝑗

− represents the negative ideal solution, which is the 

worst value for each criterion, determined as the minimum value for benefit criteria and the maximum 
value for cost criteria. The symbol 𝐷𝑖

+ indicates the Euclidean distance of the ith alternative to the positive 
ideal solution, while 𝐷𝑖

− denotes the Euclidean distance of the ith alternative to the negative ideal 
solution. Finally, the symbol 𝑉𝑖 represents the preference value of the i-th alternative, calculated as the 
ratio of the distance to the negative ideal solution to the total distance to both ideal solutions, and is 
used as the basis for determining the ranking of alternatives. 

 
COCOSO Method 

The COCOSO method is a multi-criteria decision-making method that integrates the concept of 
weighted addition and multiplication to produce a balanced compromise solution. COCOSO combines 
the advantages of additive and multiplicative approaches by considering the relative distance of 
alternatives to the ideal solution, thereby capturing differences in alternative performance more 
comprehensively. Through the combination of several aggregation indices, this method provides 
assessments that are not reliant on a single evaluation perspective but rather reflect a balance among all 
the criteria involved. With these characteristics, COCOSO is widely used in decision support systems 
to obtain stable and representative ranking results in complex multi-criteria problems. 

The stages of the COCOSO method begin with the preparation of a decision matrix that contains the 
performance values of each alternative against all the criteria used in decision-making using (1). The 
decision matrix is then normalized to equalize the data scale across criteria, so that each criterion can be 
compared proportionally using (23) and (24). Next, the positive ideal solution and the negative ideal 
solution are determined as references for the best and worst values for each criterion using (25) and (26). 
Based on these two ideal solutions, the relative value of each alternative is calculated, representing the 
degree of closeness and contribution to the compromise solution using (27), (28), and (29). In the final 
stage, all relative values are combined to produce the final preference value, which is used as the basis 
for determining the ranking of alternatives in the COCOSO method using (30). 

𝑟𝑖𝑗 =
𝑥𝑖𝑗− min𝑥𝑖𝑗

max 𝑥𝑖𝑗− min𝑥𝑖𝑗
       (23) 

𝑟𝑖𝑗 =
max 𝑥𝑖𝑗− 𝑥𝑖𝑗

max 𝑥𝑖𝑗− min𝑥𝑖𝑗
       (24) 

𝑆𝑖 = ∑ (𝑊𝑗𝑟𝑖𝑗)
𝑛
𝑗=1         (25) 

𝑃𝑖 = ∑ (𝑟𝑖𝑗)
𝑤𝑗𝑛

𝑗=1         (26) 

𝐾𝑖𝑎 =
𝑃𝑖+ 𝑆𝑖

∑ (𝑃𝑖+ 𝑆𝑖)
𝑚
𝑖=1

        (27) 

𝐾𝑖𝑏 =
𝑆𝑖

min 𝑆𝑖
+

𝑃𝑖

min𝑃𝑖
        (28) 

𝐾𝑖𝑐 =
𝜆(𝑆𝑖)+(1−𝜆)(𝑃𝑖)

(𝜆 max 𝑆𝑖+(1−𝜆)max 𝑃𝑖)
       (29) 

𝐾𝑖 = (𝑘𝑖𝑎𝑘𝑖𝑏𝑘𝑖𝑐)
1

3 +
1

3
(𝑘𝑖𝑎+ 𝑘𝑖𝑏+ 𝑘𝑖𝑐)     (30) 

The symbol 𝑥𝑖𝑗  represents the performance value of the ith alternative with respect to the jth criterion, 

while 𝑟𝑖𝑗  is the normalized value adjusted according to the type of criterion, where equation (23) is used 

for benefit-type criteria and equation (24) is used for cost-type criteria. The symbols max 𝑥𝑖𝑗  and min 𝑥𝑖𝑗  

indicate the maximum and minimum values for the jth criterion among all alternatives. The symbol wj 
represents the weight of the jth criterion. The symbol 𝑆𝑖 represents the additive aggregation value of the 
ith alternative obtained from the summation of the weighted normalized values. The symbol 𝑃𝑖  indicates 
the multiplicative aggregate value of the ith alternative, obtained from raising the normalized value to 
the weight and combining it across all criteria. The symbols 𝐾𝑖𝑎, 𝐾𝑖𝑏 , and 𝐾𝑖𝑐  are three compromise 
indices calculated based on the combination of 𝑆𝑖 and 𝑃𝑖  values, using normalization approaches, ratio 
to the minimum value, and a balance parameter 𝜆, that regulates the relative contribution between the 
additive and multiplicative components. Finally, the symbol 𝐾𝑖 represents the final preference value of 
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the ith alternative, obtained from the combination of the geometric and arithmetic mean, which is used 
as the basis for determining the ranking of alternatives. 

 

3. RESULTS AND DISCUSSION 
Multicriteria decision-making in decision support systems often faces challenges due to differences 

in ranking results caused by the characteristics of the methods and the weighting of criteria used. The 
CODAS, TOPSIS, and COCOSO methods have different evaluation approaches, ranging from the 
concept of distance, closeness to the ideal solution, to compromise solutions, which can result in 
decisions that are not always consistent for the same problem. Therefore, a comparative analysis is 
necessary to understand the behavior, reliability, and consistency of these three methods when applied 
with objective weighting. This approach allows for a more-fair and data-based evaluation, so that the 
comparison results can provide a clear picture of the method that is most suitable for implementation 
in a multicriteria decision support system. 

 
Data Collection 

Data collection in the assessment of teacher pedagogy is conducted to obtain an objective and 
comprehensive picture of teaching performance based on seven main criteria, namely Material Mastery 
(C-1), Teaching Methodology (C-2), Classroom Management (C-3), Interaction and Communication (C-
4), Assessment and Evaluation (C-5), Collaboration (C-6), and Creativity and Innovation (C-7). Data is 
collected through structured assessment instruments designed to capture a teacher's ability to master 
the material, apply appropriate teaching methods, manage the classroom effectively, and establish 
active and interactive communication with students. In addition, aspects of learning evaluation, the 
ability to collaborate with colleagues, and creativity in developing learning innovations are also 
systematically assessed. This approach ensures that the data obtained is consistent, relevant, and can be 
reliably used in the teacher pedagogy assessment process. Table 1 is the dataset used in this study. 

 
Table 1. Data Collection[31] 

Teacher Name 
Criteria Code 

C-1 C-2 C-3 C-4 C-5 C-6 C-7 

Teacher RD 85 90 88 89 90 88 93 
Teacher GH 87 88 89 91 91 86 94 
Teacher NH 89 91 90 94 90 87 95 
Teacher PM 90 90 88 90 92 90 93 
Teacher DG 88 91 89 92 91 89 93 
Teacher AN 93 89 91 91 90 88 92 
Teacher TY 92 90 90 93 93 87 91 

 
 Based on the data in Table 1, it can be seen that each teacher has a diverse pedagogical performance 
profile across all evaluated criteria. The scores obtained show variations in mastery of the material, 
application of teaching methods, classroom management, and other supporting aspects such as 
collaboration and creativity. This data serves as an important basis for creating a decision matrix for the 
next stage of analysis, as it reflects the actual quantitative performance of teachers. Using this data, 
teacher evaluation and ranking can be conducted objectively through the application of the multi-
criteria decision-making method employed in this study. 

 
Calculation of Criteria Weights Using the Objective Method 

The calculation of criteria weights using the objective method is carried out to ensure that the 
importance level of each criterion is determined based on the characteristics of the data, rather than the 
subjective judgment of the decision-maker. This approach utilizes the variation and distribution 
patterns of the data for each criterion so that the resulting weights reflect the actual contribution of the 
criteria in the evaluation process. By using the objective weighting method, the assessment process 
becomes more consistent, transparent, and replicable. This stage plays an important role because the 
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criteria weights obtained will influence the evaluation results and rankings in the multi-criteria 
decision-making method applied later. 

The calculation of criteria weights using the ITARA method is carried out to obtain weights that 
truly reflect the importance level of the criteria based on significant data differences between 
alternatives. This method utilizes the concept of an indifference threshold to distinguish meaningful 
variations from variations that can be ignored for each criterion. With this approach, ITARA is able to 
highlight criteria that have a real influence in the decision-making process, while reducing the impact 
of insignificant data fluctuations. Therefore, the use of the ITARA method provides an objective and 
consistent basis for weighting before being applied to the evaluation and ranking stages of alternatives. 

The implementation of the ITARA method begins with the formation of a decision matrix that 
represents the performance values of each alternative against all criteria as formulated in (1), with the 
resulting decision matrix as follows. 

𝑋 =

[
 
 
 
 
 
 
𝑥11 𝑥12

𝑥21 𝑥21

𝑥13 𝑥14

𝑥23 𝑥24

𝑥15 𝑥16 𝑥17

𝑥25 𝑥26 𝑥27
𝑥31 𝑥32

𝑥41 𝑥42

𝑥33 𝑥34

𝑥43 𝑥44

𝑥35 𝑥36 𝑥37

𝑥45 𝑥46 𝑥47
𝑥51 𝑥52

𝑥61 𝑥62

𝑥71 𝑥72

𝑥53 𝑥54

𝑥63 𝑥64

𝑥73 𝑥74

𝑥55 𝑥56 𝑥57

𝑥65 𝑥66 𝑥67

𝑥75 𝑥76 𝑥77]
 
 
 
 
 
 

  𝑋 =

[
 
 
 
 
 
 
85 90
87 88

88 89
89 91

90 88 93
91 86 94

89 91
90 90

90 94
88 90

90 87 95
92 90 93

88 91
93 89
92 90

89 92
91 91
90 93

90 89 93
91 88 92
93 97 91]

 
 
 
 
 
 

 

The next step is to normalize the criterion values as well as the indifference threshold normalization 
to equalize the data scale and ensure fairness in the comparison between attributes, calculated using (2) 
and (3). The normalization results are shown in Table 2. 

 
Table 2. Normalization Results of the ITARA Method 

Teacher Name 
Criteria Code 

C-1 C-2 C-3 C-4 C-5 C-6 C-7 

Teacher RD 0.1362 0.1431 0.1408 0.1391 0.1413 0.1431 0.1429 
Teacher GH 0.1394 0.1399 0.1424 0.1422 0.1429 0.1398 0.1444 
Teacher NH 0.1426 0.1447 0.1440 0.1469 0.1413 0.1415 0.1459 
Teacher PM 0.1442 0.1431 0.1408 0.1406 0.1444 0.1463 0.1429 
Teacher DG 0.1410 0.1447 0.1424 0.1438 0.1429 0.1447 0.1429 
Teacher AN 0.1490 0.1415 0.1456 0.1422 0.1413 0.1431 0.1413 
Teacher TY 0.1474 0.1431 0.1440 0.1453 0.1460 0.1415 0.1398 

𝑁𝐼𝑇𝑗 0.0018 0.0007 0.0007 0.0011 0.0007 0.0009 0.0009 

 
The normalized values are then sorted in ascending order in matrix form to observe the data change 

patterns for each criterion using (4), with the ascendingly sorted decision matrix results as follows. 

𝑋 =

[
 
 
 
 
 
 
0.1362 0.1399
0.1394 0.1415

0.1408 0.1391
0.1408 0.1406

0.1413 0.1389 0.1389
0.1413 0.1415 0.1413

0.1410 0.1431
0.1424 0.1431

0.1424 0.1422
0.1424 0.1422

0.1413 0.1415 0.1429
0.1429 0.1431 0.1429

0.1462 0.1431
0.1474 0.1447
0.1490 0.1447

0.1440 0.1438
0.1440 0.1453
0.1456 0.1469

0.1429 0.1431 0.1429
0.1444 0.1447 0.1444
0.1460 0.1463 0.1459]

 
 
 
 
 
 

 

The next stage continues with determining the ideal values as a reference for evaluation. Next, the 
differences between successive values are compared with the indifference threshold to identify 
significant differences using (5). The results of the ideal values are shown in Table 3. 

 
Table 3. Ideal Value of the ITARA Method 

Criteria Code 

C-1 C-2 C-3 C-4 C-5 C-6 C-7 

0.0032 0.0016 0.0000 0.0015 0.0000 0.0017 0.0015 
0.0016 0.0016 0.0016 0.0016 0.0000 0.0000 0.0016 
0.0016 0.0000 0.0000 0.0000 0.0016 0.0016 0.0000 
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0.0016 0.0000 0.0016 0.0016 0.0000 0.0000 0.0000 
0.0032 0.0016 0.0000 0.0015 0.0015 0.0016 0.0015 
0.0016 0.0000 0.0016 0.0016 0.0016 0.0016 0.0015 

 
The next step is to calculate the differences between consecutive values compared to the indifference 

threshold to identify significant differences using Equation (6). The results of the calculation of 
differences between consecutive values with the indifference threshold are presented in Table 4. 

 
 

Table 4. Indifference Threshold of the ITARA Method 

Criteria Code 

C-1 C-2 C-3 C-4 C-5 C-6 C-7 

0.0014 0.0009 0.0000 0.0004 0.0000 0.0008 0.0006 
0.0000 0.0009 0.0009 0.0005 0.0000 0.0000 0.0007 
0.0000 0.0000 0.0000 0.0000 0.0009 0.0007 0.0000 
0.0000 0.0000 0.0009 0.0005 0.0000 0.0000 0.0000 
0.0014 0.0009 0.0000 0.0004 0.0008 0.0007 0.0006 
0.0000 0.0000 0.0009 0.0005 0.0009 0.0007 0.0006 

 
The next stage continues with aggregating these significant differences for each criterion using (7). 

The results of the significant difference values are shown in Table 5. 
 

Table 5. Significant Differences of the ITARA Method 

Criteria Code 

C-1 C-2 C-3 C-4 C-5 C-6 C-7 

0.0027 0.0028 0.0027 0.0022 0.0027 0.0014 0.0010 

 
The final stage calculates the final weights that reflect the relative importance of each criterion 

objectively using (8). The results of the weights using the ITARA method are shown in Table 6. 
 

Table 6. Final Weights of the ITARA Method 

Criteria Code 

C-1 C-2 C-3 C-4 C-5 C-6 C-7 

0.1759 0.1771 0.1762 0.1426 0.1723 0.0896 0.0663 

 
The calculation results of criteria weights using the ITARA method show that Teaching 

Methodology (C-2) has the highest weight at 0.1771, followed by Classroom Management (C-3) at 0.1762 
and Material Mastery (C-1) at 0.1759, indicating that these three criteria have a relatively dominant level 
of importance in teacher pedagogy assessment. Assessment and Evaluation (C-5) also shows a 
significant contribution with a weight of 0.1723, while Interaction and Communication (C-4) has a 
slightly lower weight of 0.1426. The Collaboration (C-6) and Creativity and Innovation (C-7) criteria 
received smaller weights, 0.0896 and 0.0663 respectively, indicating that the data variation for these two 
criteria is relatively smaller compared to the other criteria. Overall, this weight distribution reflects the 
ability of the ITARA method to highlight criteria with the most significant performance differences 
among teachers objectively. 

 
Implementation of CODAS, TOPSIS, and COCOSO Methods 

The implementation of the CODAS, TOPSIS, and COCOSO methods is carried out to evaluate and 
compare the performance of alternatives systematically based on criteria weights that have been 
determined objectively. These three methods are applied to the same data so that the ranking results 
can be analyzed fairly and consistently. CODAS evaluate alternatives based on the distance to the 
negative ideal solution, TOPSIS measures proximity to the positive ideal solution and distance from the 
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negative ideal solution, while COCOSO combines additive and multiplicative approaches to generate a 
compromise solution. By applying these three methods in parallel, this study aims to observe 
differences in characteristics, stability, and consistency of ranking results in a multi-criteria decision 
support system. 

The implementation of the CODAS method in teacher pedagogy assessment is carried out to 
evaluate the performance of each teacher based on the distance of their performance from the worst 
condition in each evaluation criterion. This method is applied by utilizing pedagogy assessment data 
that has been objectively weighted, so that the evaluation results reflect the real conditions based on the 
characteristics of the data. By combining the Euclidean distance as the main measure and the Taxicab 
distance as a supporting measure, CODAS is able to distinguish teacher performance more accurately, 
especially when the differences in scores between teachers are relatively small. This approach provides 
a clear and logical basis for determining teacher rankings based on their overall pedagogical 
performance. 

The stages of the CODAS method begin with the preparation of a decision matrix containing the 
performance values of each alternative against all criteria using (1), with the CODAS decision matrix 
being identical to the ITARA decision matrix. This matrix is then normalized to equalize the scale of 
values across all criteria, allowing for fair comparison using (9), and the normalization results of the 
CODAS method are shown in Table 7. 

 
Table 7. Normalization Results of the CODAS Method 

Teacher Name 
Criteria Code 

C-1 C-2 C-3 C-4 C-5 C-6 C-7 

Teacher RD 0.9140 0.9890 0.9670 0.9468 0.9677 0.9778 0.9789 
Teacher GH 0.9355 0.9670 0.9780 0.9681 0.9785 0.9556 0.9895 
Teacher NH 0.9570 1.0000 0.9890 1.0000 0.9677 0.9667 1.0000 
Teacher PM 0.9677 0.9890 0.9670 0.9574 0.9892 1.0000 0.9789 
Teacher DG 0.9462 1.0000 0.9780 0.9787 0.9785 0.9889 0.9789 
Teacher AN 1.0000 0.9780 1.0000 0.9681 0.9677 0.9778 0.9684 
Teacher TY 0.9892 0.9890 0.9890 0.9894 1.0000 0.9667 0.9579 

 
Next, weighted normalization is carried out by multiplying the normalized matrix by the criteria 

weights to reflect the level of importance of each criterion using (10), and the results of weighted 
normalization using the CODAS method are shown in Table 8. 

 
Table 8. Weighted Normalization Results of the CODAS Method 

Teacher Name 
Criteria Code 

C-1 C-2 C-3 C-4 C-5 C-6 C-7 

Teacher RD 0.1607 0.1751 0.1704 0.1350 0.1667 0.0876 0.0649 
Teacher GH 0.1645 0.1712 0.1724 0.1381 0.1686 0.0856 0.0656 
Teacher NH 0.1683 0.1771 0.1743 0.1426 0.1667 0.0866 0.0663 
Teacher PM 0.1702 0.1751 0.1704 0.1365 0.1704 0.0896 0.0649 
Teacher DG 0.1664 0.1771 0.1724 0.1396 0.1686 0.0886 0.0649 
Teacher AN 0.1759 0.1732 0.1762 0.1381 0.1667 0.0876 0.0642 
Teacher TY 0.1740 0.1751 0.1743 0.1411 0.1723 0.0866 0.0635 

 
Next, the negative ideal solution is determined to reflect the worst performance level of each 

criterion and is used as a reference for evaluating the alternatives using (11), and the results of the 
negative ideal solution in the CODAS method are presented in Table 9. 

 
Table 9. Negative Ideal Solution Results of the CODAS Method 

Criteria Code 

C-1 C-2 C-3 C-4 C-5 C-6 C-7 
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0.1607 0.1712 0.1704 0.1350 0.1667 0.0856 0.0635 

 
The Euclidean distance and Taxicab distance of each alternative to the negative ideal solution are 

calculated as the main and supporting measures in the evaluation process using (12) and (13), and the 
results of the Euclidean and Taxicab distances in the CODAS method are shown in Table 10. 

 
Table 10. Euclidean and Taxicab Results of the CODAS Method 

Teacher Name Euclidean Result Taxicab Result 

Teacher RD 0.0046 0.0073 
Teacher GH 0.0059 0.0127 
Teacher NH 0.0131 0.0286 
Teacher PM 0.0118 0.0239 
Teacher DG 0.0102 0.0242 
Teacher AN 0.0167 0.0286 
Teacher TY 0.0166 0.0336 

 
The distance calculation results are used to form a relative evaluation matrix that shows the level of 

superiority of one alternative over another using (13), and the relative evaluation results of the CODAS 
method are presented in Table 10. 

 
Table 10. Relative Evaluation Results of the CODAS Method 

Teacher Name 
Criteria Code 

C-1 C-2 C-3 C-4 C-5 C-6 C-7 

Teacher RD 0.0000 0.0013 0.0086 0.0072 0.0057 0.0123 0.0000 
Teacher GH -0.0013 0.0000 0.0073 0.0059 0.0044 0.0109 -0.0013 
Teacher NH -0.0085 -0.0072 0.0000 -0.0014 -0.0029 0.0036 -0.0085 
Teacher PM -0.0071 -0.0058 0.0014 0.0000 -0.0015 0.0050 -0.0071 
Teacher DG -0.0056 -0.0043 0.0029 0.0015 0.0000 0.0065 -0.0056 
Teacher AN -0.0120 -0.0107 -0.0036 -0.0050 -0.0065 0.0000 -0.0120 
Teacher TY -0.0118 -0.0105 -0.0034 -0.0048 -0.0063 0.0002 -0.0118 

 
This entire process produces the final preference values, which serve as the basis for ranking the 

alternatives using (14), and the final preference values of the CODAS method are presented in Table 11. 
 

Table 11. Final Preference Values Results of the CODAS Method 

Teacher Name Final Value 

Teacher RD 0.0352 
Teacher GH 0.0271 
Teacher NH -0.0163 
Teacher PM -0.0081 
Teacher DG 0.0010 
Teacher AN -0.0378 
Teacher TY -0.0366 

 
Ranking in the CODAS method is carried out to determine the order of alternatives based on their 

superiority relative to the negative ideal solution. At this stage, each alternative is evaluated through 
preference values obtained from a combination of Euclidean distance and Taxicab distance, so that 
differences in performance between alternatives can be identified more clearly. This ranking process 
provides a comprehensive overview of the relative position of each alternative within the decision 
support system. Alternatives with the highest preference values are considered to have the best 
performance because they are farthest from the worst conditions set by the CODAS method, as shown 
in Table 12. 
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Table 12. CODAS Method Ranking Results 

Teacher Name Final Value Rank 

Teacher RD 0.0352 1 
Teacher GH 0.0271 2 
Teacher DG 0.001 3 
Teacher PM -0.0081 4 
Teacher NH -0.0163 5 
Teacher TY -0.0366 6 
Teacher AN -0.0378 7 

 
Based on the ranking results shown in the table, Teacher RD occupies the first rank with the highest 
final score of 0.0352, reflecting the best pedagogical performance among all the evaluated teachers. 
Teacher GH is in second place with a score of 0.0271, followed by Teacher DG in third place with a score 
of 0.001. Next, Teacher PM and Teacher NH rank fourth and fifth with final scores of −0.0081 and 
−0.0163, respectively. Teacher TY and Teacher AN are in sixth and seventh place with scores of −0.0366 
and −0.0378. Overall, these results indicate a clear ranking pattern, where higher final scores represent 
better pedagogical performance according to the method used. 

The implementation of the TOPSIS method in teacher pedagogy assessment is carried out to rank 
teachers based on their closeness to an ideal teaching profile. This method utilizes pedagogical 
assessment data that has been normalized and weighted objectively, so that each criterion contributes 
according to its level of importance. By comparing each teacher's distance to the best and worst 
conditions across all criteria, TOPSIS can provide a clear picture of the teacher's overall relative 
performance. This approach supports a transparent and consistent evaluation process in assessing the 
quality of teacher pedagogy. 

The steps of the TOPSIS method begin with preparing a decision matrix containing the performance 
values of each alternative against all the criteria used, using (1), with the TOPSIS decision matrix being 
identical to the ITARA decision matrix. This matrix is then normalized to equalize differences in scale 
among criteria so that comparisons can be made fairly, using (16), and the decision matrix results of the 
TOPSIS method are shown in Table 13. 

 
Table 13. Normalization Results of the TOPSIS Method 

Teacher Name 
Criteria Code 

C-1 C-2 C-3 C-4 C-5 C-6 C-7 

Teacher RD 0.9140 0.9890 0.9670 0.9468 0.9677 0.9778 0.9789 
Teacher GH 0.9355 0.9670 0.9780 0.9681 0.9785 0.9556 0.9895 
Teacher NH 0.9570 1.0000 0.9890 1.0000 0.9677 0.9667 1.0000 
Teacher PM 0.9677 0.9890 0.9670 0.9574 0.9892 1.0000 0.9789 
Teacher DG 0.9462 1.0000 0.9780 0.9787 0.9785 0.9889 0.9789 
Teacher AN 1.0000 0.9780 1.0000 0.9681 0.9677 0.9778 0.9684 
Teacher TY 0.9892 0.9890 0.9890 0.9894 1.0000 0.9667 0.9579 

 
The normalized results are then multiplied by the criteria weights to obtain a weighted normalized 

matrix that reflects the importance level of each criterion, using (17), and the weighted normalized 
matrix results of the TOPSIS method are shown in Table 14. 

 
Table 14. Weighted Normalization Results of the TOPSIS Method 

Teacher Name 
Criteria Code 

C-1 C-2 C-3 C-4 C-5 C-6 C-7 

Teacher RD 0.0634 0.0670 0.0656 0.0525 0.0644 0.0339 0.0251 
Teacher GH 0.0648 0.0655 0.0664 0.0536 0.0651 0.0331 0.0253 
Teacher NH 0.0663 0.0678 0.0671 0.0554 0.0644 0.0335 0.0256 
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Teacher PM 0.0671 0.0670 0.0656 0.0531 0.0658 0.0347 0.0251 
Teacher DG 0.0656 0.0678 0.0664 0.0542 0.0651 0.0343 0.0251 
Teacher AN 0.0693 0.0663 0.0679 0.0536 0.0644 0.0339 0.0248 
Teacher TY 0.0686 0.0670 0.0671 0.0548 0.0666 0.0335 0.0245 

 
Based on this matrix, the positive ideal value and negative ideal value are determined as 

representations of the best and worst conditions for each criterion, using (18) and (19), and the results 
of the positive ideal value and negative ideal value of the TOPSIS method are shown in Table 15. 

 
Table 15. Positive and Negative Ideal Value Results of the TOPSIS Method 

 
Criteria Code 

C-1 C-2 C-3 C-4 C-5 C-6 C-7 

Positive Value 0.0693 0.0678 0.0679 0.0554 0.0666 0.0347 0.0256 
Negative Value 0.0634 0.0655 0.0656 0.0525 0.0644 0.0331 0.0245 

 
The distance of each alternative to the ideal and anti-ideal values is then calculated using a distance 

measure to assess the relative closeness of alternatives using (20) and (21), and the ideal and anti-ideal 
distances of the TOPSIS method alternatives are shown in Table 16. 

 
Table 16. Distance of each Alternative Results of the TOPSIS Method 

Teacher Name Distance Ideal Distance Anti-Ideal 

Teacher RD 0.0074 0.0018 
Teacher GH 0.0059 0.0023 
Teacher NH 0.0039 0.0051 
Teacher PM 0.0041 0.0046 
Teacher DG 0.0045 0.0040 
Teacher AN 0.0033 0.0066 
Teacher TY 0.0021 0.0065 

 
The final stage produces the preference values of the alternatives, which serve as the basis for 

ranking, where the alternative with the highest preference value is considered the best choice, using 
(22), and the results of the preference values of the TOPSIS method alternatives are displayed in Table 
17. 

 
Table 17. Preference Value of the Alternative Results of the TOPSIS Method 

Teacher Name Preference Value 

Teacher RD 0.1915 
Teacher GH 0.2812 
Teacher NH 0.5657 
Teacher PM 0.5279 
Teacher DG 0.4707 
Teacher AN 0.6625 
Teacher TY 0.7531 

 
Ranking in the TOPSIS method is conducted to determine the order of alternatives based on their 

closeness to the positive ideal solution and their distance from the negative ideal solution. At this stage, 
each alternative is evaluated through a preference value that represents the balance between these two 
distances. The alternative with the highest preference value is considered to have the best performance 
because it is closest to the ideal condition and furthest from the worst condition. This ranking process 
provides a clear and easily understood basis for comparing the performance of alternatives objectively 
in a decision support system. The ranking results of the alternatives using the TOPSIS method are 
shown in Table 18. 
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Table 18. TOPSIS Method Ranking Results 

Teacher Name Preference Value Rank 

Teacher TY 0.7531 1 
Teacher AN 0.6625 2 
Teacher NH 0.5657 3 
Teacher PM 0.5279 4 
Teacher DG 0.4707 5 
Teacher GH 0.2812 6 
Teacher RD 0.1915 7 

 
Based on the ranking results using the TOPSIS method in Table 18, Teacher TY ranked first with the 
highest preference value of 0.7531, indicating the closest proximity to the positive ideal solution. 
Teacher AN ranked second with a value of 0.6625, followed by Teacher NH in third place with a value 
of 0.5657. Furthermore, Teacher PM and Teacher DG ranked fourth and fifth with preference values of 
0.5279 and 0.4707, respectively. Teacher GH ranked sixth with a value of 0.2812, while Teacher RD 
occupied the last position with a value of 0.1915. These results indicate the varying degrees of each 
teacher's closeness to the ideal pedagogical condition, where higher preference values represent better 
pedagogical performance according to the TOPSIS method. 

The implementation of the COCOSO method in assessing teacher pedagogy is carried out to obtain 
evaluation results that represent a compromise solution from the various assessment criteria used. This 
method is applied by combining additive and multiplicative approaches on pedagogy evaluation data 
that has been normalized and weighted objectively. By merging several evaluation indices, COCOSO is 
able to capture a balanced view of teacher performance across all criteria, without overemphasizing any 
particular aspect. This approach provides a more comprehensive and stable basis for evaluating teacher 
rankings based on their pedagogical quality. 

The stages of the COCOSO method begin with the preparation of a decision matrix containing the 
performance values of each alternative against all criteria used in decision-making using (1), with the 
COCOSO decision matrix being identical to the ITARA decision matrix. The decision matrix is then 
normalized to equalize the data scale across all criteria, so that each criterion can be compared 
proportionally using (23) and (24), and the results of the COCOSO normalization values are shown in 
Table 19. 

 
Table 19. Normalization Results of the COCOSO Method 

Teacher Name 
Criteria Code 

C-1 C-2 C-3 C-4 C-5 C-6 C-7 

Teacher RD 0.0000 0.6667 0.0000 0.0000 0.0000 0.5000 0.5000 
Teacher GH 0.2500 0.0000 0.3333 0.4000 0.3333 0.0000 0.7500 
Teacher NH 0.5000 1.0000 0.6667 1.0000 0.0000 0.2500 1.0000 
Teacher PM 0.6250 0.6667 0.0000 0.2000 0.6667 1.0000 0.5000 
Teacher DG 0.3750 1.0000 0.3333 0.6000 0.3333 0.7500 0.5000 
Teacher AN 1.0000 0.3333 1.0000 0.4000 0.0000 0.5000 0.2500 
Teacher TY 0.8750 0.6667 0.6667 0.8000 1.0000 0.2500 0.0000 

 
Next, the positive ideal solution and the negative ideal solution are determined as references for the 

best and worst values for each criterion using (25) and (26), with the results of the positive and negative 
ideal solution values of the COCOSO method shown in Table 20. 

 
Table 20. Positive and Negative Ideal Solution Results of the COCOSO Method 

Teacher Name Positive Ideal Solution Negative Ideal Solution 

Teacher RD 0.1960 2.8256 
Teacher GH 0.2669 4.2938 

https://doi.org/10.58602/jima-ilkom.v5i1.78


JURNAL ILMIAH INFORMATIKA DAN ILMU KOMPUTER (JIMA-ILKOM) 
E-ISSN 2988-747X P-ISSN 2988-7461 

Volume 5, Nomor 1, Maret 2026, Page 25-45 
DOI: https://doi.org/10.58602/jima-ilkom.v5i1.78 

 

Setiawansyah: *Corresponding Author 

 
Copyright © 2026, Setiawansyah.  

40 
 

Teacher NH 0.6138 5.6995 
Teacher PM 0.4941 5.5339 
Teacher DG 0.5451 6.3525 
Teacher AN 0.5295 5.5527 
Teacher TY 0.6982 5.6904 

 
Based on these two ideal solutions, the relative value of each alternative is calculated, which 

represents the level of closeness and contribution to the compromise solution using (27), (28), and (29), 
and the results of the COCOSO method's compromise solution values are presented in Table 21. 

 
Table 21. Compromise Solution Results of the COCOSO Method 

Teacher Name 𝑲𝒊𝒂 𝑲𝒊𝒃 𝑲𝒊𝒄 

Teacher RD 0.2679 2.0000 0.4286 
Teacher GH 0.3762 2.8814 0.6468 
Teacher NH 0.7589 5.1488 0.8954 
Teacher PM 0.6349 4.4794 0.8550 
Teacher DG 0.7068 5.0294 0.9783 
Teacher AN 0.6709 4.6668 0.8626 
Teacher TY 0.8430 5.5761 0.9061 

 
In the final stage, all relative values are combined to produce a final preference value, which is used 

as a basis for ranking alternatives in the COCOSO method using (30), and the results of the COCOSO 
method's alternative preference values are presented in Table 22. 

 
Table 22. Compromise Solution Results of the COCOSO Method 

Teacher Name Final Preference Value 

Teacher RD 1.5112 
Teacher GH 2.1899 
Teacher NH 3.7858 
Teacher PM 3.3345 
Teacher DG 3.7532 
Teacher AN 3.4594 
Teacher TY 4.0628 

 
Ranking in the COCOSO method is carried out to determine the order of alternatives based on the 

final preference values that represent a compromise solution across all evaluation criteria. At this stage, 
each alternative is evaluated through the combination of several aggregation indices that reflect a 
balance between additive and multiplicative approaches. The alternative with the highest preference 
value is considered to have the best performance because it demonstrates the most balanced 
performance across all criteria. This ranking process provides a comprehensive and stable evaluation 
basis for assessing the performance of alternatives in a multi-criteria decision support system. The 
ranking results of the alternatives using the COCOSO method are shown in Table 23. 

 
Table 23. COCOSO Method Ranking Results 

Teacher Name Preference Value Rank 

Teacher TY 4.0628 1 
Teacher NH 3.7858 2 
Teacher DG 3.7532 3 
Teacher AN 3.4594 4 
Teacher PM 3.3345 5 
Teacher GH 2.1899 6 
Teacher RD 1.5112 7 
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Based on the ranking results using the COCOSO method in Table 23, Teacher TY ranked first with the 
highest preference score of 4.0628, indicating the most balanced pedagogical performance based on the 
compromise solution across all criteria. Teacher NH ranked second with a score of 3.7858, followed by 
Teacher DG in third place with a score of 3.7532. Next, Teacher AN and Teacher PM ranked fourth and 
fifth with preference scores of 3.4594 and 3.3345, respectively. Teacher GH ranked sixth with a score of 
2.1899, while Teacher RD occupied the last position with a score of 1.5112. These results show 
differences in pedagogical performance levels among teachers, where higher preference scores 
represent better pedagogical quality according to the COCOSO method. 

 
Analysis of Ranking Results Comparison 

Comparative analysis of ranking results is an important stage in this research because it provides a 
deeper understanding of the behavior and characteristics of the CODAS, TOPSIS, and COCOSO 
methods in evaluating alternatives. Although all three methods are applied to the same data and criteria 
weights, differences in mathematical approaches and underlying concepts can result in ranking orders 
that are not always consistent. Therefore, this stage focuses not only on who occupies the highest or 
lowest rank but also on how and why those ranking differences occur. This analysis helps identify the 
tendencies of each method in assessing the performance of alternatives based on distance, closeness to 
the ideal solution, or compromise solutions. 

Through a comparative analysis of the ranking results, the consistency and stability of the decisions 
produced by each method can be evaluated more objectively. This stage allows researchers to assess the 
level of agreement between methods, observe patterns in ranking changes, and reveal the strengths and 
limitations of each approach in the context of teacher pedagogy assessment. Thus, this analysis serves 
as an important basis for drawing more comprehensive conclusions and providing appropriate 
recommendations regarding the use of the most suitable multi-criteria decision-making methods to be 
applied in data-based decision support systems. The comparison of rankings from the CODAS, TOPSIS, 
and COCOSO methods is shown in Figure 2. 

 
Figure 2. Comparison of rankings from the CODAS, TOPSIS, and COCOSO methods 

 
The comparison of teacher rankings based on the CODAS, TOPSIS, and COCOSO methods shows a 

fairly clear difference in order among the methods. Teacher RD ranks first in the CODAS method but is 
in the last position in TOPSIS and COCOSO, indicating that this teacher's performance is considered 
very good when evaluated based on the distance from the worst solution, but less outstanding in terms 
of closeness to the ideal solution and compromise solution. Conversely, Teacher TY ranks first in 
TOPSIS and COCOSO but is ranked sixth in CODAS, showing a difference in assessment characteristics 
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among the methods. Teacher NH also showed a significant improvement in ranking from CODAS to 
TOPSIS and COCOSO. Meanwhile, Teacher DG and Teacher PM tend to have more stable rankings 
across the three methods. These results confirm that each method has a different evaluation perspective, 
making the use of comparative analysis important for obtaining a more comprehensive and balanced 
decision. 

Rank correlation comparison is an important step in multi-criteria decision support system analysis 
to evaluate the level of consistency and alignment of ranking results produced by different methods. 
Each method has different mechanisms for normalization, aggregation, and distance or utility 
assessment, which can potentially produce alternative ranking orders that are not exactly the same even 
when using identical criteria and weights. Through rank correlation analysis, the relationships between 
ranking results can be measured quantitatively to determine the extent to which these methods provide 
consistent or divergent decisions. This approach not only helps identify the stability of decision results 
but also provides a more objective basis for evaluating the reliability and sensitivity of each method to 
data changes. Rank correlation comparison serves as an additional validation tool that reinforces the 
interpretation of results and supports the selection of the most appropriate method for a particular 
decision-making context. 

The comparison of rank correlations between the CODAS, TOPSIS, and COCOSO methods was 
conducted to evaluate the level of alignment of the ranking results produced by the three approaches 
within a multi-criteria decision-making framework. Although all three methods are used to determine 
the best alternative, differences in basic concepts such as distance measurement to the ideal solution, 
dominance-based assessment, and compromise aggregation can influence the resulting ranking order. 
Rank correlation analysis allows for a quantitative assessment of the strength of the relationship 
between ranking results, enabling an understanding of the extent to which these methods provide 
consistent decisions or show significant differences. This approach is important for evaluating the 
stability of results, reducing doubt about biases from certain methods, and providing a more objective 
basis for interpreting the reliability of CODAS, TOPSIS, and COCOSO when applied to the same 
decision problem. Figure 3 shows the comparison results of correlation values between the CODAS, 
TOPSIS, and COCOSO methods using Spearman correlation. 

 
Figure 3. Comparison Correlation Value 

 
The comparison results of ranking correlation values using Spearman correlation show differences 

in the level of agreement in ranking results among the CODAS, TOPSIS, and COCOSO methods. The 
CODAS method obtained a correlation value of 0.5595, indicating a moderate relationship between the 
rankings produced by CODAS and the reference rankings, meaning there is still a noticeable variation 
in the order of alternatives. Meanwhile, the TOPSIS method showed a higher correlation value of 0.7362, 
indicating a strong level of alignment and better consistency in representing the ranking order of 
alternatives. The highest correlation value was obtained by the COCOSO method at 0.7481, reflecting 
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the strongest relationship among the three methods and indicating that the COCOSO ranking results 
are closest to the reference ranking pattern. This finding suggests that although all three methods can 
be used in a multi-criteria decision support system, COCOSO and TOPSIS tend to produce more stable 
and consistent rankings compared to CODAS, making them more reliable when applied to decision-
making cases with similar criteria structures and data. 

 
Discussion 

This discussion section highlights the differences in ranking results produced by the CODAS, 
TOPSIS, and COCOSO methods, even though all three are applied to the same data and criteria weights. 
The study results show that each method has different tendencies in evaluating teachers' pedagogical 
performance. CODAS emphasize the distance of alternatives from the negative ideal solution, so 
teachers who can avoid the worst values in most criteria receive higher rankings. In contrast, TOPSIS 
prioritizes closeness to the positive ideal solution and distance from the negative ideal solution 
simultaneously, which causes teachers with the most balanced performance across all criteria to tend to 
occupy the top positions. COCOSO, with its compromise solution approach, generates rankings that 
reflect a balance between the additive and multiplicative contributions of all criteria, thereby 
highlighting alternatives with stable and consistent performance. 

The quite contrasting ranking differences, as seen with Teacher RD and Teacher TY, indicate that the 
interpretation of 'best performance' highly depends on the evaluation perspective used by each method. 
Teacher RD achieved the highest rank in CODAS because of having the greatest distance from the worst 
conditions, yet ranked at the bottom in TOPSIS and COCOSO, which place more emphasis on proximity 
to ideal conditions and balance among criteria. Conversely, Teacher TY showed superior performance 
in TOPSIS and COCOSO but did not occupy a high position in CODAS. These findings suggest that 
there is no single method that is absolutely correct; rather, each method provides a different evaluative 
perspective on the same data. Therefore, understanding the characteristics of each method becomes 
crucial before applying it in a specific assessment context. 

In addition, the use of ITARA-based objective weighting plays an important role in maintaining the 
consistency and transparency of evaluation results. With weights determined based on significant 
differences in data among criteria, the influence of subjectivity can be minimized, so that differences in 
rankings reflect the characteristics of the methods rather than assessment bias. Overall, the results of 
this discussion confirm that comparative analysis between MCDM methods provides significant added 
value in decision support systems, particularly in evaluating teacher pedagogy. This approach allows 
decision-makers to obtain a more comprehensive overview and select the method that best matches the 
evaluation objectives and the characteristics of the data used. 

Based on the results of the rank correlation analysis, the differences in Spearman correlation values 
produced by the CODAS, TOPSIS, and COCOSO methods indicate varying levels of consistency in 
generating alternative ranking orders. The lower correlation value in CODAS suggests that the distance 
and threshold-based evaluation mechanism used by this method is more sensitive to changes in 
criterion values, potentially resulting in greater differences in rankings. In contrast, TOPSIS and 
COCOSO show higher correlation values, indicating that both methods are able to maintain a more 
stable and consistent ranking pattern in line with the reference ranking. These findings reinforce the 
argument that the choice of MCDM method not only affects the final ranking results but also the 
reliability and consistency of the decisions, so TOPSIS and especially COCOSO can be considered as a 
more robust approach for decision problems with similar data characteristics. 

 

4. CONCLUSION 
The results of this study confirm that the use of the CODAS, TOPSIS, and COCOSO methods 

produces different ranking patterns even though they are based on the same data and criteria weights, 
thereby enriching perspectives in teacher performance assessment. In the CODAS method, Teacher RD 
ranks first, followed by Teacher GH and Teacher DG, while Teacher AN is in the last position. In 
contrast, the TOPSIS method ranks Teacher TY highest with a preference value of 0.7531, followed by 
Teacher AN and Teacher NH, whereas Teacher RD is in seventh place. Furthermore, the COCOSO 
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method also shows consistency in evaluating Teacher TY as the best alternative with a preference value 
of 4.0628, followed by Teacher NH and Teacher DG, while Teacher RD again occupies the lowest 
position. These result differences indicate that each method has different sensitivities and evaluation 
focuses regarding distance, proximity to the ideal solution, and performance aggregation, making 
comparative analysis important to ensure that the decisions made are more objective, balanced, and 
aligned with the evaluation goals in the educational decision support system. The comparison results 
of the CODAS, TOPSIS, and COCOSO methods can be used in a multi-criteria decision support system, 
but they show different levels of ranking consistency. Rank correlation analysis indicates that TOPSIS 
and COCOSO produce stronger and more stable ranking relationships compared to CODAS. Therefore, 
COCOSO, followed by TOPSIS, can be recommended as a more reliable method for producing 
consistent decisions in cases with similar criteria structures and data. 
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