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Abstract: Multi-Criteria Decision-Making (MCDM) techniques frequently produce 
inconsistent rankings due to variations among methods, complicating the identification of 
the most accurate ranking of alternatives. Thus, effectively aggregating these distinct 
rankings becomes crucial. This research proposes the CURLI-AGGREGATOR (CURLIA) 
method, a novel aggregation technique developed as an extension of the existing 
Collaborative Unbiased Rank List integration (CURLI) method. While CURLI ranks 
alternatives directly based on multiple criteria, CURLIA aggregates rankings previously 
determined by different MCDM methods. The effectiveness of CURLIA was validated 
through three case studies, each differing in application domain, alternative count, and 
MCDM techniques employed. Additionally, an extensive simulation involving 1,000 
randomized scenarios was performed to evaluate its robustness. Results from a statistical 
analysis demonstrated that CURLIA significantly outperformed the widely used 
COPELAND aggregation method in approximately 78.3% of these scenarios. Thus, the 
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CURLIA method constitutes a reliable and robust aggregation tool, significantly enhancing 
decision-making accuracy across complex and diverse MCDM environments.  

Keywords: MCDM, ranking aggregation, CURLI, CURLIA, COPELAND. 

MSC: 91B06 

1. INTRODUCTION 

Multi-Criteria Decision-Making (MCDM) is a method used across disciplines to 
support complex decisions involving multiple, often conflicting criteria. Unlike traditional 
approaches that focus on a single factor, MCDM evaluates alternatives based on various 
criteria and their importance, helping decision-makers prioritize options and reach optimal 
outcomes [1].  MCDM provides a structured framework that accounts for the varying 
importance levels of criteria when selecting among alternatives. And it can be applied in a 
variety of areas, such as supply chain optimization [2]  and energy planning [3]  to resource 
allocation in healthcare services [4] and sustainable development assessments [5].  

An important feature of MCDM techniques is that they can deal with quantitative and 
qualitative information as well as expert judgments and subjective judgments [6]. The 
ranks of alternatives obtained by different MCDM methods might also be varied since they 
are based upon methodological features including normalization approach, weighting 
pattern, distance measure and computational algorithm [7,8,9]. This condition requires a 
synthesized overall ranking decision on the alternatives [10].  

The aggregation of data plays a crucial role in determining viable solutions across 
various fields [11]. Different approaches have been developed to combine these rankings, 
especially when these rankings are generated by MCDM techniques. For example, 
although half-quadratic (HQ) function theory [12], Kemeny's square rule [13,14] offer 
mathematically sound foundations, they have limited applicability due to the increased 
computational burden on large datasets. The Minimum of Ranks (MIRA) method [15], 
while notable for its simplicity, cannot adequately reflect the subtle differences between 
alternatives in most cases. Condorcet models [16], while based on pairwise comparisons, 
provide an unbiased structure, but incur high computational costs when the number of 
alternatives increases. Probabilistic models such as Luce and Mallows [17] have the 
advantage of capturing uncertainty, but their results can vary due to sensitivity in parameter 
selection. Approaches based on Arrow theory [18], although valuable from a normative 
perspective, are difficult to apply to practical problems. Scoring rules [19] and methods 
based on expert experience [20] produce more flexible solutions, but can be affected by 
subjective factors. Average ranking calculations [21,22] are distinguished by their ease of 
implementation and tend to ignore inconsistencies between rankings. The Borda Count 
[23], and the Copeland method [24] are the most frequently used methods in the literature. 
These methods are particularly prevalent for aggregating rankings produced by MCDM 
techniques. 

The Borda Count method is a widely used technique for data aggregation, particularly 
in political elections [25]. Various examples of this approach can be found in the literature 
[26][27][28]. Theoretically, Borda Count is a straightforward method of assigning and 
summing points; however, in practice it can be quite difficult when dealing with large data 
sets. Efficiently processing the large-number of ranking lists or items to rank, and 
computing and combining scores can involve a great deal of computational resources. 
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 The COPELAND approach is a prominent voting method that is used for ordering 
the alternatives in MCDM problems. This consists of comparing pairs between 
alternatives, where at each comparison the alternative that beats its opponent is awarded 
one point. The alternative with the highest total number of wins is then ranked highest [29]. 
This method functions as a summary measure that integrates the results of multiple MCDM 
methods by conducting pairwise comparisons of rankings [30]. It has been used extensively 
to establish the rank order of alternatives that had been previously evaluated through 
MCDM methodologies, for example, integrating rankings of internet cables types [31], 
corporate sustainable development options in the energy sector [32], alternating current 
transmission system alternatives [33], and districts of Tehran city for the establishment of 
financial centers [34], among others. The Copeland method is simple and straightforward 
because it relies on pairwise comparisons and provides an unbiased summary measure for 
integrating the outputs of different MCDM methods. However, the computational burden 
increases as the number of alternatives increases, and ties can lead to unbiasedness 
problems. 

The primary objective of this study is to develop a novel method capable of integrating 
alternative rankings obtained from different MCDM techniques into a single consolidated 
ranking. The proposed approach is named CURLIA (CURLI-AGGREGATOR), which is 
an improved and enhanced version of the existing Collaborative Unbiased Rank List 
integration (CURLI) method.  

The contributions of this study are as follows: i) A novel method called CURLIA has 
been developed, capable of integrating alternative rankings obtained from different 
MCDM methods into a single unified and consistent ranking. This represents an original 
contribution addressing the ranking integration problem in the MCDM field. ii) CURLIA 
is an improved and enhanced version of its predecessor, the CURLI method, extending its 
performance and application scope, thereby offering a significant alternative to existing 
methods in literature. iii) The applicability of CURLIA has been demonstrated through 
three distinct case studies featuring different application domains, varying numbers of 
alternatives, and diverse MCDM techniques, illustrating its broad practical relevance. iv) 
The robustness and reliability of CURLIA have been thoroughly tested via a simulation 
study involving 1.000 random scenarios. v) By effectively and systematically addressing 
the problem of integrating different MCDM rankings, this study fills a gap in literature and 
opens new avenues for future research. 

The remainder of this study is organized as follows: Section 2 introduces the CURLIA 
method, detailing its theoretical foundations, formulation, and implementation steps. 
Section 3 presents the application of the proposed method. Section 4 provides a 
comprehensive sensitivity analysis. Finally, Section 5 concludes the study by summarizing 
the main findings. 

2. CURLI-Aggregator (CURLIA) Method 

The CURLIA method is an advancement of the CURLI method, which was originally 
introduced in 2016 to address the challenges of generating collaborative ranked preference 
lists in medical education selection processes  Therefore, before proposing CURLIA, it is 
essential to describe the CURLI method [35]: 

Step 1: Construct the decision matrix as shown in Table 1, where xij is the value of 
criterion j for alternative i, with j=1…n and i=1…m. Here, m is the number of alternatives, 
and n is the number of criteria. 
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Table 1: Sample Decision matrix 

Alt. C1 
A1 500 
A2 700 

 
Step 2: For each criterion, create an m×m square matrix as shown in Table 2 and assign 

scores to each cell of the matrix as follows. For each criterion 𝐶𝑗, a scoring matrix is 
constructed as follows: if the value of 𝐶𝑗 for 𝐴1 is better than that for 𝐴2 , the cell at row 
2, column 1 receives a score of 1; if worse, the cell at row 1, column 2 receives -1. In all 
other cases, a score of 0 is assigned. Diagonal cells (e.g., 1-1, 2-2, ..., m-m) are left blank. 
This process is repeated for each criterion. 

Table 2: Scoring matrix for criterion C1 

Alt. P1 P2 
A1  -1 
A2 1  

 
 

P1 P2 … Pm 

A1  -1 … … 
A2 1  … … 

     
… … …  … 
Am … … …  

 
Step 3: Sum all individual scoring matrices corresponding to each criterion to obtain a 

single aggregated matrix, referred to as the initial sum matrix. 
Step 4: Reorder the initial sum matrix by rearranging its rows and columns so that the 

upper triangular part (above the main diagonal) contains the maximum possible number of 
negative values. After reordering, the alternative positioned in the first row is identified as 
the best alternative. 

This method ranks alternatives based on pairwise comparisons of values within each 
criterion, without taking criterion weights into account. However, criterion weights are a 
critical component in MCDM applications. Nevertheless, the pairwise comparison 
approach within individual criteria allows the method to be repurposed as a data 
aggregation technique. Utilizing CURLI not as an MCDM method for ranking alternatives, 
but as a data aggregation tool, represents a novel perspective. In this new role, the method 
is referred to as CURLIA. Additionally, the transformation of linguistic descriptions into 
mathematical formulations at each step to enhance clarity marks another distinctive feature 
of CURLIA compared to the original CURLI method. 

The CURLIA method aggregates alternative rankings derived from various MCDM 
techniques through a structured four-step procedure, outlined below. 

Step 1: Aggregate the ranking data of alternatives previously ranked by different 
MCDM methods, referred to as the "initial aggregate results matrix," as shown in Formula 
(1). Here, m is the number of alternatives, l is the number of MCDM methods used, and 
𝑟௜௝  is the rank of alternative i as determined by method j, with i=1…m and j=1…l. 
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𝑅 = ൦

𝑟ଵଵ 𝑟ଵଶ ⋯ 𝑟ଵ௟

𝑟ଶଵ 𝑟ଶଶ ⋯ 𝑟ଶ௟

⋯ ⋯ 𝑟௜௝ ⋯
𝑟௠ଵ 𝑟௠ଶ ⋯ 𝑟௠௟

൪ (1) 

Step 2: Create l square matrices of size m, called the pairwise comparison matrices for 
each MCDM method. Then, assign values of -1, 0, or 1 to each cell of these matrices 
according to the rule described in Formula (2). 

𝑆௜௟ = ቐ

−1 𝑖𝑓 𝑟௜ > 𝑟௞ , 𝑖 ≠ 𝑘
1 𝑖𝑓 𝑟௜ < 𝑟௞ , 𝑖 ≠ 𝑘

0 𝑖𝑓 𝑟௜ = 𝑟௞ , 𝑖 ≠ 𝑘
 (2) 

Step 3: Calculate the overall scores of the alternatives according to Formula (3). 
𝑅௜ =  ∑ 𝑆௜௟

௟
௝ୀଵ  (3) 

Step 4: The ranking of the alternatives is determined by arranging them in increasing 
order of their overall scores. The alternative with the highest overall score is considered 
the best. 

Accordingly, the CURLIA method differs from the original CURLI method in several 
important aspects: (i) While CURLI is employed to rank alternatives based on multiple 
criteria, CURLIA is designed to aggregate the rankings of alternatives that have already 
been determined by various MCDM methods. (ii) Step 2 of CURLIA is represented by 
Formula (2), in contrast to the purely textual explanation provided in Step 2 of the CURLI 
method. (iii) Similarly, Step 3 of CURLIA is illustrated using Formula (3), whereas the 
corresponding step in CURLI is described solely through text. (iv) Step 4 of the CURLIA 
method is considerably simpler than the corresponding step in the CURLI method. 

This study aims to compare the performance of two MCDM techniques—CURLIA and 
Copeland—through a structured framework involving real-world case studies and 
extensive sensitivity analysis. As depicted in Figure 1, three case studies with varying 
numbers of alternatives (11, 20, and 19) and techniques (4, 5, and 6, respectively) are 
employed to evaluate each method’s decision-support capabilities across different 
contexts. While the Copeland method offers a straightforward and balanced ranking based 
on pairwise comparisons, CURLIA introduces a more flexible and insightful approach to 
evaluating alternatives. To ensure robustness, a sensitivity analysis is conducted using 100 
Monte Carlo simulations, systematically varying the number of alternatives (ranging from 
2 to 101) and techniques (from 1 to 10). Statistical tests are applied to assess the 
significance of performance differences, offering a comprehensive evaluation of both 
methods under diverse decision-making scenarios. 

In the comparison with COPELAND, performance was quantified via the Spearman 
rank correlation coefficient (ρ) computed between the ranking produced by each technique. 
For every experimental condition, we calculated ρ between our method and each 
comparator (e.g., COPELAND and CURLIA) and then averaged these correlations over 
all runs/instances. The mean ρ serves as our primary ‘accuracy/consistency’ metric: values 
closer to 1 indicate stronger ordinal agreement (i.e., near-identical rankings), values near 0 
indicate weak association, and negative values indicate inverse orderings. Accordingly, the 
higher average correlations observed with the COPELAND and CURLIA techniques 
reflect better alignment with our results and thus are interpreted as positive evidence of 
performance. 
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Figure 1: Scheme of the study 

3. EVALUATING THE EFFECTIVENESS OF THE PROPOSED 
METHOD 

The primary objective of this study is to propose a novel data aggregation method, 
CURLIA. To evaluate the performance of the proposed method for aggregating the 
rankings of alternatives, this section examines the Copeland results obtained in previous 
studies through the use of various MCDM methods. The outcomes of these studies are 
comparatively analyzed to assess the effectiveness of the proposed approach. In order to 
ensure an objective evaluation, the selected datasets cover a range of fields, and within 
these datasets, the rankings of alternatives were determined using different MCDM 
techniques. 

3.1. Case Study 1 

This section evaluates the performance of the CURLIA method in aggregating the 
rankings of electric vehicles. Table 3 summarizes the rankings of 11 types of electric 
vehicles (from A1 to A11), previously ranked using the TOPSIS, PROMETHEE, 
MOORA, and WASPAS methods [29]. 

Table 3: Rankings of electric vehicles [29] 

Alt. TOPSIS PROMETHEE  MOORA WASPAS 
A1 9 5 7 7 
A2 6 7 8 8 
A3 8 9 9 10 
A4 3 6 4 4 
A5 2 2 2 1 
A6 10 3 5 5 
A7 11 1 3 3 
A8 4 8 6 6 
A9 5 11 10 11 
A10 1 10 11 9 
A11 7 4 1 2 
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The data presented in Table 3 are used as the initial aggregation results matrix 
corresponding to Step 1 of the CURLIA method. By applying Equation (2), values were 
assigned to each cell of the pairwise comparison matrices for each MCDM method, and 
this process is summarized in Tables 4,5,6 and 7. 

Table 4: Pairwise comparison matrix for TOPSIS method 

Alt. Sij 
A1  -1 -1 -1 -1 1 1 -1 -1 -1 -1 
A2 1  1 -1 -1 1 1 -1 -1 -1 1 
A3 1 -1  -1 -1 1 1 -1 -1 -1 -1 
A4 1 1 1  -1 1 1 1 1 -1 1 
A5 1 1 1 1  1 1 1 1 -1 1 
A6 -1 -1 -1 -1 -1  1 -1 -1 -1 -1 
A7 -1 -1 -1 -1 -1 -1  -1 -1 -1 -1 
A8 1 1 1 -1 -1 1 1  1 -1 1 
A9 1 1 1 -1 -1 1 1 -1  -1 1 
A10 1 1 1 1 1 1 1 1 1  1 
A11 1 -1 1 -1 -1 1 1 -1 -1 -1  

Table 5: Pairwise Comparison matrix for PROMETHEE method 

Alt. Sij 
A1  1 1 1 -1 -1 -1 1 1 1 -1 
A2 -1  1 -1 -1 -1 -1 1 1 1 -1 
A3 -1 -1  -1 -1 -1 -1 -1 1 1 -1 
A4 -1 1 1  -1 -1 -1 1 1 1 -1 
A5 1 1 1 1  1 -1 1 1 1 1 
A6 1 1 1 1 -1  -1 1 1 1 1 
A7 1 1 1 1 1 1  1 1 1 1 
A8 -1 -1 1 -1 -1 -1 -1  1 1 -1 
A9 -1 -1 -1 -1 -1 -1 -1 -1  -1 -1 
A10 -1 -1 -1 -1 -1 -1 -1 -1 1  -1 
A11 1 1 1 1 -1 -1 -1 1 1 1  

Table 6. Pairwise comparison matrix for MOORA method 

Alt. Sij 
A1  1 1 -1 -1 -1 -1 -1 1 1 -1 
A2 -1  1 -1 -1 -1 -1 -1 1 1 -1 
A3 -1 -1  -1 -1 -1 -1 -1 1 1 -1 
A4 1 1 1  -1 1 -1 1 1 1 -1 
A5 1 1 1 1  1 1 1 1 1 -1 
A6 1 1 1 -1 -1  -1 1 1 1 -1 
A7 1 1 1 1 -1 1  1 1 1 -1 
A8 1 1 1 -1 -1 -1 -1  1 1 -1 
A9 -1 -1 -1 -1 -1 -1 -1 -1  1 -1 
A10 -1 -1 -1 -1 -1 -1 -1 -1 -1  -1 
A11 1 1 1 1 1 1 1 1 1 1  
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Table 7: Pairwise comparison matrix for WASPAS method 

Alt. Sij 
A1  1 1 -1 -1 -1 -1 -1 1 1 -1 
A2 -1  1 -1 -1 -1 -1 -1 1 1 -1 
A3 -1 -1  -1 -1 -1 -1 -1 1 -1 -1 
A4 1 1 1  -1 1 -1 1 1 1 -1 
A5 1 1 1 1  1 1 1 1 1 1 
A6 1 1 1 -1 -1  -1 1 1 1 -1 
A7 1 1 1 1 -1 1  1 1 1 -1 
A8 1 1 1 -1 -1 -1 -1  1 1 -1 
A9 -1 -1 -1 -1 -1 -1 -1 -1  -1 -1 
A10 -1 -1 1 -1 -1 -1 -1 -1 1  -1 
A11 1 1 1 1 -1 1 1 1 1 1  

 
By applying Formula (2), the total scores for each alternative were calculated and 

summarized in Table 8. The rankings of the alternatives were determined based on these 
total scores and are presented in the last column of the table. These rankings represent the 
aggregated rankings obtained using the CURLIA method. 

Table 8: Final Rankings of alternatives using the CURLIA method 

Alt. Ri Rank Alt. Ri Rank 
A1 -8 7 A7 12 4 
A2 -10 8 A8 0 6 
A3 -24 10 A9 -26 11 
A4 14 3 A10 -14 9 
A5 34 1 A11 20 2 
A6 2 5    

 
Table 9 summarizes the rankings of the alternatives obtained using the TOPSIS, 

PROMETHEE, MOORA, and WASPAS methods, as well as the aggregated rankings 
derived using the COPELAND method from the study by [29] and the CURLIA method 
proposed in this study. 

Table 9: Rankings of alternatives (Case Study I) 

Alt. TOPSIS PROMETHEE  MOORA WASPAS COPELAND CURLIA 
A1 9 5 7 7 7 7 
A2 6 7 8 8 8 8 
A3 8 9 9 10 10 10 
A4 3 6 4 4 3 3 
A5 2 2 2 1 1 1 
A6 10 3 5 5 5 5 
A7 11 1 3 3 4 4 
A8 4 8 6 6 6 6 
A9 5 11 10 11 11 11 

A10 1 10 11 9 9 9 
A11 7 4 1 2 2 2 

 
It is observed that the rank of each alternative, when aggregated by the CURLIA 

method, is consistent with its rank when aggregated by the COPELAND method. This 
indicates that the CURLIA method fully ensures accuracy in aggregating alternative 
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rankings in this case. However, drawing conclusions about the effectiveness of a new 
method cannot solely rely on a single specific example; it needs to be validated across 
several other cases. 

3.2. Case Study 2 

In this section, the performance of the CURLIA method in aggregating mobile phone 
rankings is evaluated. Table 10 summarizes the rankings of 20 types of mobile phones, 
which were previously ranked using the TOPSIS-COMET, COCOSO, EDAS, MAIRCA, 
and MABAC methods [36]. 

Table 10: Mobile phone rankings by MCDM methods [36] 

Alt. TOPSIS-COMET COCOSO EDAS MAIRCA MABAC 
A1 10 11 11 10 10 
A2 14 14 14 14 14 
A3 7 7 7 7 7 
A4 8 9 9 8 8 
A5 13 13 13 13 13 
A6 2 1 2 2 2 
A7 11 10 10 11 11 
A8 17 17 17 17 17 
A9 9 8 8 9 9 
A10 6 6 6 6 6 
A11 15 15 15 15 15 
A12 5 5 5 5 5 
A13 4 4 4 4 4 
A14 16 16 16 16 16 
A15 18 19 18 19 19 
A16 19 18 19 18 18 
A17 1 2 1 1 1 
A18 20 20 20 20 20 
A19 12 12 12 12 12 
A20 3 3 3 3 3 

 
The CURLIA method was applied following a similar procedure to Case Study 1. Table 

11 provides a summary of the results obtained from all the methods. 
In this case, the rankings obtained using the CURLIA method exhibit a high degree of 

similarity with those derived from the COPELAND method and the individual MCDM 
methods. Minor differences in rankings were observed in only 4 out of 20 alternatives; for 
instance, A6 was ranked 1st by COPELAND and 2nd by CURLIA. These findings indicate 
that the CURLIA method performs with high accuracy. This finding is further confirmed 
by the Spearman rank correlation coefficients in Table 12 that express strong independence 
between the CURLIA and COPELAND methods and the individual MCDM methods. 
Also, the Spearman coefficient between CURLIA and COPELAND is 0.9970, indicating 
an almost perfect consistency between the two aggregation approaches. 

The average Spearman rank correlation coefficient between the individual MCDM 
methods and the CURLIA method is 0.9979, which is higher than the corresponding 
average value between the individual MCDM methods and the COPELAND method, 
calculated as 0.9967. This suggests that, in this study, the CURLIA method may 
demonstrate slightly better performance compared to the COPELAND method. This 
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inference is based on the premise that aggregated ranking results should exhibit the highest 
possible level of agreement with the rankings obtained from various MCDM methods [37]. 

Table 11: Rankings of alternatives (Case Study 2) 

Alt. 
TOPSIS-
COMET 

COCOSO EDAS MAIRCA MABAC COPELAND CURLIA 

A1 10 11 11 10 10 10 10 
A2 14 14 14 14 14 14 14 
A3 7 7 7 7 7 7 7 
A4 8 9 9 8 8 9 8 
A5 13 13 13 13 13 13 13 
A6 2 1 2 2 2 1 2 
A7 11 10 10 11 11 11 11 
A8 17 17 17 17 17 17 17 
A9 9 8 8 9 9 8 9 

A10 6 6 6 6 6 6 6 
A11 15 15 15 15 15 15 15 
A12 5 5 5 5 5 5 5 
A13 4 4 4 4 4 4 4 
A14 16 16 16 16 16 16 16 
A15 18 19 18 19 19 19 19 
A16 19 18 19 18 18 18 18 
A17 1 2 1 1 1 2 1 
A18 20 20 20 20 20 20 20 
A19 12 12 12 12 12 12 12 
A20 3 3 3 3 3 3 3 

Table 12: Spearman Correlation Coefficients Among Methods in Case Study 2 

Method COCOSO EDAS MAIRCA MABAC COPELAND CURLIA 

TOPSIS-COMET 0.9940 0.9970 0.9985 0.9985 0.9955 0.9985 

COCOSO  0.9970 0.9955 0.9955 0.9985 0.9955 

EDAS   0.9955 0.9955 0.9955 0.9955 

MAIRCA    1.0000 0.9970 1.0000 

MABAC     0.9970 1.0000 

COPELAND      0.9970 

3.3. Case Study 3 

This section evaluates the performance of the CURLIA method in ranking COVID-19 
containment strategies. Table 13 summarizes the rankings of 19 countries in their fight 
against the COVID-19 pandemic, previously ranked using the TOPSIS, COPRAS, ARAS, 
WASPAS, MOORA, and MABAC MCDM methods, as well as the aggregation results 
from the COPELAND [30]. The final column presents the results of the CURLIA method. 

The rankings aggregated by both COPELAND and CURLIA methods closely align 
with those from the individual MCDM methods. Between COPELAND and CURLIA, 12 
out of 19 alternatives have identical rankings, while the remaining seven show minor 
differences. For example, Australia ranks 1st by COPELAND and 2nd by CURLIA; 
France 9th and 8th; the USA 12th and 13th; Indonesia 15th and 14th; Russia 13th and 12th; 



 D. D. Trung et al.  / Curlia: A Method For Accurate Mcdm Ranking 11

Saudi Arabia 10th and 9th; and Turkey 14th and 15th, respectively. These findings suggest 
that CURLIA is well-suited for aggregating rankings in this case. Table 14 further supports 
this by summarizing the Spearman rank correlation coefficients between the methods. 

Table 13: Country rankings for COVID-19 containment strategies by MCDM methods [30] 

Alternatives TOPSIS COPRAS ARAS WASPAS MOORA MABAC COPELAND CURLIA 
Australia 1 2 2 6 2 3 1 2 
Canada 7 10 10 9 9 7 8 8 
France 16 7 7 8 12 10 9 10 

Germany 4 5 5 3 4 4 4 4 
Italy 9 6 6 5 6 8 7 7 
Japan 2 4 3 2 1 1 1 1 

South Korea 3 8 8 7 3 2 5 5 
United 

Kingdom 
8 3 4 4 7 9 6 6 

United 
States 

18 9 9 11 16 17 12 13 

Argentina 19 11 11 10 15 11 11 11 
Brazil 17 15 14 14 17 16 17 17 
China 6 1 1 1 8 5 3 3 
India 11 17 18 18 11 14 16 16 

Indonesia 10 16 16 17 10 13 15 14 
Mexico 14 18 17 16 18 18 18 18 
Russia 12 13 12 13 13 15 13 12 

Saudi Arabia 5 12 13 12 5 6 10 9 
South Africa 13 19 19 19 19 19 19 19 

Turkey 15 14 15 15 14 12 14 15 

Table 14: Spearman Correlation Coefficients Among Methods in Case Study 2 

Method COPRAS ARAS WASPAS MOORA MABAC COPELAND CURLIA 

TOPSIS 0.5579 0.5474 0.5667 0.9035 0.8246 0.7360 0.7737 

COPRAS  0.9930 0.9632 0.7228 0.7825 0.9465 0.9281 

ARAS   0.9702 0.7018 0.7667 0.9412 0.9246 

WASPAS    0.7193 0.8070 0.9360 0.9298 

MOORA     0.9368 0.8693 0.8947 

MABAC      0.9237 0.9351 

COPELAND       0.9939 

 
The Spearman coefficients between both the COPELAND and CURLIA methods and 

the individual MCDM methods are observed to be very high. Notably, the Spearman 
coefficient between COPELAND and CURLIA themselves is 0.9939, indicating a strong 
agreement. This confirms that the CURLIA method reliably and accurately aggregates 
rankings in this case. The average Spearman coefficient between the individual MCDM 
methods and the aggregation methods is 0.8977 for CURLIA and 0.8921 for COPELAND, 
suggesting that CURLIA slightly outperforms COPELAND here. The performance of 
CURLIA was evaluated across three distinct case studies. Case 1 aggregated rankings of 
11 electric bicycle types previously ranked by TOPSIS, PROMETHEE, MOORA, and 
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WASPAS. Case 2 involved aggregating rankings of 20 mobile phone types ranked by 
TOPSIS-COMET, COCOSO, EDAS, MAIRCA, and MABAC. Case 3 aggregated 
rankings of 19 countries based on their COVID-19 containment strategies, previously 
ranked by COPRAS, ARAS, WASPAS, MOORA, and MABAC. These cases demonstrate 
diversity in application domains, the number of alternatives, and the MCDM methods 
employed. Despite this diversity, the results were consistently favorable. In Case 1, 
CURLIA’s aggregated rankings perfectly matched those from COPELAND. In Case 2, 
CURLIA not only proved accurate but also showed a higher average Spearman coefficient 
(0.9979) with the MCDM methods than COPELAND (0.9967). Similarly, in Case 3, 
CURLIA’s average Spearman coefficient (0.8977) exceeded that of COPELAND 
(0.8921). Overall, these findings firmly establish that the proposed CURLIA method 
ensures high accuracy in aggregating rankings derived from various MCDM approaches. 

4. SENSITIVITY ANALYSIS 

In this section, we conduct a sensitivity analysis. In previous sections, the superiority 
of the CURLIA method over the Copeland method was examined using three distinct case 
studies. However, a sensitivity analysis is required to assess the robustness of these 
findings. 

The sensitivity analysis involves generating random rankings to test the stability and 
consistency of the results under various conditions. The number of alternatives considered 
ranges from 2 to 101, while the number of techniques evaluated ranges from 1 to 10. This 
range was intentionally selected since scenarios involving a higher number of techniques 
are rarely encountered in existing literature. 

For each combination of the number of alternatives and techniques, 100 random 
rankings were generated. It is acknowledged that the chosen approach might be subject to 
criticism. As observed in the previously conducted case studies, rankings across different 
techniques tend to exhibit considerable agreement or correlation. For example, certain 
alternatives consistently appear at the top (or bottom) of rankings, irrespective of the 
evaluation technique applied. However, in the sensitivity analysis, rankings were 
deliberately assigned completely randomly. Consequently, this assumption leads to lower 
correlation coefficients than typically observed in practical situations. 

Nevertheless, using random evaluations provides a rigorous test scenario, enabling us 
to comprehensively examine whether the CURLIA technique continues to outperform the 
Copeland method under varying conditions. Thus, despite its limitations, the approach 
chosen for sensitivity analysis creates a robust foundation for evaluating the consistency 
and robustness of the CURLIA technique compared to the Copeland method across diverse 
and hypothetical scenarios. 

Figure 2 summarize how consensus quality evolves when individual MCDM rankings 
are purely random. Across both (a) CURLIA and (b) Copeland aggregations, varying the 
number of alternatives produces little systematic change in the mean Spearman 
correlation—consistent with the expectation that random permutations yield correlations 
centered near zero, with list length mainly affecting variance rather than the mean. By 
contrast, increasing the number of MCDM techniques leads to a clear, monotonic decline 
in correlation between the aggregate and any single technique, as each added (independent) 
ranking injects additional noise that the consensus must reconcile. Copeland consistently 
exhibits slightly more negative correlations than CURLIA, reflecting its greater sensitivity 
to near ties, whereas CURLIA’s score-based smoothing preserves marginally higher 



 D. D. Trung et al.  / Curlia: A Method For Accurate Mcdm Ranking 13

alignment. Taken together, these results indicate that, under absence of shared signal, the 
composition and count of techniques exert far greater influence on consensus behavior than 
the size of the alternative set, and that unselective aggregation of many heterogeneous 
methods can systematically reduce agreement with individual rankings. 

(a) 

 
 

(b) 

 
Figure 2: Average Spearman Coefficients observed during Simulation (a) CURLIA (b) Copeland 

Although this assumption of completely random rankings could be viewed as 
unrealistic or overly conservative—especially since practical applications usually show 
some degree of correlation across methods—it nevertheless offers a distinct advantage. By 
intentionally creating the most unfavorable or least correlated scenario, we ensure that the 
CURLIA technique is rigorously tested under highly varied and challenging conditions. 
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Thus, this conservative approach allows us to robustly evaluate the performance of 
CURLIA compared to Copeland, providing a strong foundation to demonstrate CURLIA’s 
effectiveness even in highly uncertain or randomized decision-making contexts. 

Across a total of 1,000 different scenarios, each involving 100 individual simulations 
whose results were averaged to obtain robust correlation measures, the CURLIA method 
outperformed the Copeland method in 783 scenarios (approximately 78.3%). 

Clearly stating, this methodology highlights the rigorous nature of our analysis and 
underscores that the observed advantage of CURLIA is consistently replicable under a 
broad range of simulated conditions. 

To statistically verify whether the CURLIA technique significantly outperforms the 
Copeland technique, we formulated the following hypotheses and performed a one-tailed 
Wilcoxon Signed-Rank Test: 

 Null Hypothesis (H₀): There is no significant difference in performance between 
the CURLIA and Copeland methods. 

 Alternative Hypothesis (H₁): The CURLIA method provides significantly better 
results than the Copeland method. 

The one-tailed Wilcoxon Signed-Rank test yielded the following result: Wilcoxon 
Signed-Rank Test: z=24.24, p=4.124×10^(-130). Given that the p-value (p≈4.12×10^(-
130) ) is far below any conventional significance threshold (e.g.,α=0.05), we strongly reject 
the null hypothesis in favor of the alternative hypothesis. These findings clearly 
demonstrate that the Curlia technique consistently and significantly outperforms the 
Copeland technique across diverse and randomized scenarios. Figure 3 is a binary 
‘superiority mask’ (1 ⇒ CURLIA > Copeland) based on the mean Spearman rank 
correlation (ρ) with the reference rankings across simulation runs. 

 
Figure 3: Comparative Superiority of CURLIA over Copeland Technique Across Different 

Numbers of Alternatives and MCDM Techniques 
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The x-axis varies the number of aggregated techniques, and the y-axis varies the 
number of alternatives. The large pastel-red block shows that once ≥3 techniques are 
combined, CURLIA delivers higher average ρ than Copeland almost uniformly across 10–
100 alternatives—i.e., its advantage is robust to the problem size. The gray columns at 1–
2 techniques indicate parity or a slight Copeland edge in these very small ensembles; this 
is expected because pairwise/majority-type aggregation tends not to benefit from cross-
technique structure until the ensemble is large enough. Importantly, there is no visible 
erosion of CURLIA’s superiority as the number of alternatives grows, suggesting 
scalability in both accuracy and stability. Practically, if only one or two techniques are 
available, Copeland remains a reasonable baseline; with three or more techniques, 
CURLIA should be preferred due to its consistently higher ordinal agreement. 

This clear delineation in the superiority mask reinforces our earlier statistical findings 
and demonstrates CURLIA’s robustness, particularly as the complexity (number of 
techniques) increases. It also underscores CURLIA 's suitability for more complex 
decision-making environments, supporting its practical applicability and reliability. 

5. CONCLUSION 

MCDM methods are widely used and it is possible to see examples of application of 
these methods in different fields in the literature [38,39,40,41,42], and in these methods, 
the consistent combination of rankings obtained from different decision makers or criteria 
is critical to increase the reliability and accuracy of the multi-criteria decision-making 
process. Aggregating the rankings of alternatives, initially evaluated by various MCDM 
methods, is crucial for obtaining a reliable and accurate final ranking. This research 
introduced a novel aggregation technique named CURLIA, specifically designed to 
address the inherent complexities of consolidating multiple alternative rankings. The 
effectiveness of the CURLIA method was thoroughly validated using three distinct case 
studies from distinct domains: electric vehicle rankings, mobile phone rankings, and 
COVID-19 containment strategy rankings. These case studies differed significantly in 
terms of their application domains, the number of alternatives involved, and the specific 
MCDM methods originally employed to produce the rankings. 

All conducted tests consistently demonstrated that the CURLIA method delivers   
comparable, and in many cases superior, results compared to the widely adopted 
COPELAND aggregation technique. Beyond these practical evaluations, an extensive 
sensitivity analysis was also performed to assess the robustness of CURLIA under varying 
conditions. This analysis involved simulations with randomly generated rankings for 
scenarios covering a broad spectrum—specifically, the number of alternatives ranging 
from 2 to 100, and the number of MCDM techniques ranging from 1 to 10. Each scenario 
involved averaging results over 100 randomized simulations, resulting in 1,000 unique 
scenarios. In each simulation, we generated an independent random vector of length equal 
to the number of criteria by drawing values from a uniform distribution on [0,1] and then 
normalized this vector by its sum so that the resulting random weights were non-negative 
and summed to one. 

Specifically, CURLIA showed advantages compared to the Copeland method in terms 
of accuracy, measured as the closeness of the aggregated rankings to reference rankings; 
consistency, assessed through the stability of results across repeated trials; and statistical 
significance, confirmed by the one-tailed Wilcoxon Signed-Rank test (p < 0.0001). 
Notably, CURLIA consistently demonstrated superior performance in 78.3% of the tested 
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scenarios, indicating not only its effectiveness but also its reliability under diverse and 
uncertain conditions. 

In conclusion, the proposed CURLIA method significantly enhances the accuracy and 
reliability of aggregated alternative rankings in MCDM contexts. This method constitutes 
a meaningful contribution to the field by providing decision-makers and practitioners with 
an efficient, robust, and statistically validated aggregation tool suitable for complex 
decision-making scenarios. In future research, the CURLIA method can be tested on 
different datasets and compared with methods such as Borda and Kemeny-Young, as well 
as Copeland. Furthermore, hybrid applications can be developed using fuzzy logic, gray 
system theory, or artificial intelligence-based approaches. 

Funding: This research received no external funding. 
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