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Objective criterion weighting plays an important role in 

multi-criteria decision-making (MCDM), particularly when 

decision outcomes depend on how differences among 

criteria are represented. However, conventional objective 

weighting approaches may emphasize specific statistical 

characteristics of the decision matrix without explicitly 

considering criterion heterogeneity as an integrated 

concept. This study proposes Heterogeneity-Informed Value 

Emphasis (HIVE) Weighting, a Heterogeneity-Informed Value 

Emphasis approach, for objective criterion weighting in 

MCDM. The method incorporates the mean, standard 

deviation, and relative variability of normalized 

criterion values to construct a heterogeneity-based 

measure of criterion importance. The resulting weights 

are then integrated with established MCDM methods to 

examine their applicability in alternative evaluation. A 

comparative analysis is conducted against Entropy, 

WENSLO, LOGSTA, CRITIC, and MEREC, followed by 

evaluations using the SAW and MOORA methods. Sensitivity 

analysis is further performed by varying criterion 

weights across multiple perturbation scenarios to examine 

the stability of the resulting rankings. The findings 

indicate that HIVE generates a more balanced 

representation of criterion importance than several 

comparative weighting approaches while preserving 

compatibility with different MCDM aggregation procedures. 

The ranking results obtained through SAW and MOORA show 

consistent patterns, while the sensitivity analysis 

indicates that the overall ranking structure is 

relatively stable under changes in criterion weights. 

These results demonstrate that HIVE provides an 

interpretable and flexible framework for incorporating 

criterion heterogeneity into objective weighting. The 

proposed approach offers a basis for further research on 

heterogeneity-aware weighting across diverse MCDM 

datasets and decision-making contexts, supporting more 
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I. Introduction 

Multi-Criteria Decision Making (MCDM) is a systematic decision-

making framework designed to evaluate and rank multiple alternatives 

based on several criteria simultaneously[1]–[3]. In real-world decision 

problems, alternatives are rarely assessed from a single perspective, 

as each alternative may exhibit different levels of performance across 

various dimensions. MCDM provides a structured mechanism for integrating 

these diverse criteria into a comprehensive evaluation process, enabling 

decision makers to compare alternatives and determine their relative 

performance. The MCDM process generally involves several stages, 

including the construction of a decision matrix, data normalization, 

determination of criterion weights, aggregation of criterion values, and 

ranking of alternatives. Among these stages, criterion weighting plays 

a particularly important role because it determines the relative 

contribution of each criterion to the overall evaluation. Consequently, 

the effectiveness of an MCDM approach is influenced not only by the 

ranking or aggregation technique employed but also by the extent to which 

the weighting procedure can appropriately represent the information 

contained within the criteria[4]–[6]. Differences in data variability, 

distribution, discriminatory power, and relationships among criteria may 

further affect the contribution of individual criteria to the decision 

process. Therefore, developing MCDM approaches that can appropriately 

accommodate the diverse characteristics of criteria is essential for 

producing decision outcomes that are objective, consistent, and 

representative of the underlying structure of the decision data. 

Criterion weights determine the relative influence of each 

criterion on the overall evaluation and ranking of alternatives[7]–[9]. 

In an MCDM process, the weight assigned to a criterion represents its 

contribution to the final decision relative to the other criteria[10], 

[11]. A criterion with a higher weight has a greater influence on the 

aggregated performance of an alternative, whereas a criterion with a 

lower weight contributes comparatively less to the overall evaluation. 

Consequently, the weighting structure can substantially affect the final 
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scores and the resulting ranking of alternatives, particularly when 

alternatives exhibit different performance patterns across criteria. An 

appropriate weighting mechanism is therefore essential to ensure that 

the relative contribution of each criterion is represented consistently 

with the information contained in the decision matrix. 

Conventional criterion weighting methods face several limitations 

that can affect the representation of criterion importance in MCDM[12], 

[13]. Subjective weighting methods generally rely on expert judgment or 

decision-maker preferences, making the resulting weights potentially 

dependent on individual perceptions, experience, and knowledge. Although 

this approach can incorporate contextual expertise, it may introduce a 

degree of subjectivity and reduce consistency across different decision-

making settings[4], [14]. In contrast, objective weighting methods 

derive weights from the information contained in the decision matrix, 

but many existing approaches primarily emphasize statistical 

characteristics such as dispersion, variance, entropy, correlation, or 

information content. Focusing predominantly on these characteristics may 

not fully capture the broader structural differences among criteria. In 

addition, certain weighting procedures can produce highly concentrated 

or extreme weights, causing a small number of criteria to dominate the 

evaluation while the contribution of other criteria becomes relatively 

limited. Such an outcome may not always reflect the overall structure 

of the decision data. Another important limitation is that the 

heterogeneous characteristics of criteria are not always explicitly 

considered. Criteria may differ in terms of variability, distribution, 

range, discriminatory capability, and relationships with other criteria, 

yet these differences may be insufficiently represented when weighting 

is based on a single statistical property. These limitations indicate 

the need for a more comprehensive weighting approach that can objectively 

recognize and incorporate the heterogeneity of criteria when determining 

their relative importance. 

The concept of criterion heterogeneity refers to the differences 

in characteristics exhibited by individual criteria within a decision 

matrix[15]. In an MCDM context, criteria may differ substantially in 

terms of their variability, distribution, range, discriminatory 

capability, and overall data behavior across alternatives. Some criteria 

may display considerable variation among alternatives, allowing them to 

distinguish alternative performance more clearly, while others may 

contain relatively similar values and therefore provide less 

differentiation. Differences may also occur in the shape and distribution 

of criterion values, the magnitude of their ranges, and the extent to 

which they contribute unique information to the decision process. 

Consequently, criteria cannot necessarily be assumed to possess 

comparable statistical characteristics simply because they are included 

within the same decision matrix. Criterion heterogeneity provides a means 

of recognizing these differences as an inherent property of the decision 

data. By explicitly considering such heterogeneity, the weighting 

process can move beyond evaluating criteria according to a single 

characteristic and instead examine the distinctive information 
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associated with each criterion. This perspective is particularly 

relevant for objective weighting because the resulting weights can be 

derived according to the observed structure and differences within the 

decision matrix rather than being determined solely by predefined 

preferences or a single measure of information content. 

The increasing recognition of criterion heterogeneity highlights 

the need for a weighting approach that can explicitly identify and 

incorporate differences among criteria into the determination of their 

relative importance. A weighting method should not rely solely on a 

single statistical property, such as variance or information content, 

because the characteristics of a criterion may be reflected through 

multiple dimensions of the decision matrix. Differences in variability, 

distribution, range, discriminatory capability, and relationships among 

criteria can provide complementary information about how each criterion 

contributes to the differentiation of alternatives. Therefore, an 

appropriate weighting framework should be capable of adapting to the 

specific structure of the available data while maintaining an objective 

basis for weight determination. By incorporating heterogeneity 

information into the weighting process, the resulting weights can provide 

a more comprehensive representation of the distinctive characteristics 

of each criterion and reduce the possibility of assigning 

disproportionate importance based on only one aspect of the data. Such 

an approach can also support more transparent interpretation of why 

criteria receive different weights and provide a stronger foundation for 

subsequent evaluation and ranking within MCDM. 

Existing objective weighting methods have generally been developed 

by exploiting specific statistical properties of the decision matrix, 

such as information content, variance, correlation, and dispersion[16], 

[17]. Although these approaches provide objective mechanisms for 

determining criterion weights, their reliance on particular 

characteristics may limit their ability to capture the broader structural 

differences that exist among criteria. In particular, the heterogeneity 

structure among criteria has not been sufficiently modeled as an explicit 

component of the weighting process. Criteria may exhibit different levels 

of variability, distributional patterns, discriminatory capabilities, 

and relationships with other criteria, and these differences may not be 

adequately represented when criterion importance is determined from only 

one statistical characteristic. As a result, the resulting weights may 

emphasize certain criteria disproportionately while providing a less 

balanced representation of the overall information structure of the 

decision matrix. This situation indicates the need for a more 

comprehensive weighting approach that can recognize the distinctive 

characteristics of individual criteria while preserving an objective 

basis for weight determination. Such an approach should be objective, 

so that the weights are derived from the decision data rather than 

subjective preferences; heterogeneity-aware, so that structural 

differences among criteria are explicitly incorporated; adaptive, so 

that the weighting mechanism can respond to different data 

configurations; interpretable, so that the contribution of each 
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criterion to the resulting weight can be clearly understood; and robust, 

so that reasonable changes in the underlying data do not lead to 

disproportionate changes in the weights or subsequent decision outcomes. 

The primary objective of this study is to develop Heterogeneity-

Informed Value Emphasis (HIVE) Weighting as a novel objective criterion-

weighting method that explicitly incorporates heterogeneity among 

criteria into the weighting process. The proposed method aims to quantify 

the heterogeneity of individual criteria based on the statistical and 

structural characteristics of the decision matrix and subsequently 

transform this information into objective and adaptive criterion 

weights. Through this approach, HIVE Weighting is intended to capture 

differences in the characteristics of criteria while providing an 

interpretable mechanism for determining their relative importance. The 

study further aims to compare HIVE Weighting with established weighting 

methods to examine differences in the resulting weights and their effects 

on alternative evaluation and ranking. The stability and robustness of 

both the generated criterion weights and alternative rankings will also 

be evaluated under variations in the decision data. The main 

contributions of the study are the introduction of the Heterogeneity-

aware Criterion Weighting concept, the development of quantitative 

indicators for measuring criterion heterogeneity, and the integration 

of heterogeneity information into the weighting mechanism. In addition, 

the proposed framework provides a general weighting procedure that 

accounts for differences in criterion characteristics and can be 

integrated with various MCDM methods, thereby extending the 

applicability of objective weighting to decision problems involving 

heterogeneous criteria. 

 

II. Literature Review 

2.1. Multi-Criteria Decision Making 

MCDM is a methodological framework for solving decision problems 

involving multiple alternatives evaluated according to several criteria. 

In practical decision environments, alternatives are rarely comparable 

using a single attribute because different criteria may represent 

different dimensions of performance, requirements, or preferences. MCDM 

provides a structured mechanism for organizing these heterogeneous 

evaluation dimensions and combining them into an overall assessment of 

alternatives[18], [19]. The general structure of an MCDM problem consists 

of a set of alternatives, a collection of evaluation criteria, and a 

decision matrix containing the performance of each alternative with 

respect to each criterion. Depending on the characteristics of the 

problem, criteria may represent either benefit or cost attributes and 

may be measured using different units and scales. 

A typical MCDM procedure involves several interconnected stages, 

including the construction of the decision matrix, normalization of 

criterion values, determination of criterion weights, aggregation of the 

weighted performance values, and ranking of alternatives[20], [21]. 
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Normalization is required to transform criteria with different 

measurement units into comparable scales, while weighting is used to 

represent the relative contribution of each criterion to the decision 

process. The weighted criteria are subsequently incorporated into an 

aggregation or ranking mechanism to obtain the overall performance of 

each alternative. Consequently, the final ranking is influenced by both 

the performance data and the weighting structure used in the decision 

model. 

The weighting stage is particularly important because criteria 

may not contribute equally to the discrimination of alternatives[22]. A 

criterion exhibiting substantial differences among alternatives may 

provide different informational characteristics from a criterion whose 

values are relatively homogeneous. Furthermore, criteria may differ in 

their distributions, ranges, variability, and relationships with other 

criteria. These characteristics create a heterogeneous structure within 

the decision matrix that may influence the interpretation of criterion 

importance. Therefore, the selection of an appropriate weighting 

mechanism represents an important methodological consideration in MCDM, 

particularly when the objective is to derive criterion importance 

directly from the available decision data. 

MCDM methods have subsequently been developed across a wide range 

of decision-making contexts, including supplier selection, 

sustainability assessment, risk evaluation, technology selection, 

resource allocation, and performance evaluation. Different MCDM 

techniques employ different mechanisms for aggregating criterion 

performance and producing alternative rankings. However, regardless of 

the specific ranking technique, the criterion-weighting mechanism 

remains an important component because it determines how much each 

criterion contributes to the overall evaluation. This has motivated 

extensive research into alternative approaches for determining criterion 

weights, including both subjective and objective weighting methods. 

2.2. Objective Weighting Methods 

Objective weighting methods determine criterion weights primarily 

from the information contained in the decision matrix rather than 

directly relying on the subjective preferences of decision makers[23]–

[25]. The fundamental rationale is that the characteristics of the 

observed data can provide evidence regarding the relative contribution 

of criteria to the differentiation of alternatives. This characteristic 

distinguishes objective weighting from subjective approaches, in which 

weights are generally obtained through expert judgment, pairwise 

comparisons, preference statements, or predefined priorities. By 

deriving weights from the decision matrix, objective methods aim to 

reduce the influence of individual preferences and provide a reproducible 

mechanism for determining criterion importance. 

Several objective weighting approaches have been developed based 

on different interpretations of information contained in the decision 

matrix[26]. Statistical dispersion-based methods generally associate 

greater importance with criteria that exhibit greater variation among 
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alternatives, based on the assumption that greater differentiation 

provides more information for decision making. Variance and standard 

deviation are examples of measures that can be used to quantify such 

variation. Similarly, entropy-based approaches assess the degree of 

uncertainty or information contained in the distribution of criterion 

values. A criterion with a more diverse distribution may produce a 

different entropy value from a criterion whose values are more uniformly 

distributed, leading to differences in the resulting weights. 

Other approaches incorporate correlation among criteria to account 

for redundancy in the information they provide. When two criteria exhibit 

a strong relationship, their information may partially overlap, and a 

weighting mechanism may reduce the relative contribution associated with 

redundant information. This perspective differs from purely dispersion-

based approaches because it considers not only the internal variability 

of an individual criterion but also its relationship with other criteria. 

Consequently, objective weighting methods can produce substantially 

different weights when they rely on different definitions of 

informational importance. 

Information-content-based methods provide another important 

perspective in objective weighting. These approaches attempt to quantify 

the amount of useful information associated with each criterion based 

on characteristics of the decision matrix. The resulting weights are 

then normalized so that they can be incorporated into subsequent MCDM 

procedures. Although the mathematical formulations vary considerably 

across methods, their common principle is to derive criterion importance 

from observable properties of the data rather than requiring explicit 

preference assignments. 

The diversity of objective weighting methods demonstrates that 

there is no single universally adopted definition of criterion 

importance. Different methods emphasize different characteristics, such 

as variability, uncertainty, correlation, or information content. 

Consequently, the same decision matrix may produce different weighting 

structures depending on the objective weighting principle employed. This 

methodological diversity is important because it indicates that the 

interpretation of criterion importance is closely related to the type 

of information selected as the basis for weighting.  

2.3. Limitations of Objective Weighting Methods  

Despite their advantages, objective weighting methods also present 

several methodological limitations. A major issue concerns the 

dependence of many methods on a particular statistical characteristic 

of the decision matrix[27]–[29]. For example, a dispersion-based method 

may assign greater importance to criteria exhibiting greater 

variability, whereas an entropy-based method may emphasize differences 

in the distribution of criterion values. Correlation-based approaches, 

in contrast, focus on the degree of redundancy between criteria. Each 

perspective provides useful information, but a single characteristic may 

not fully represent the complexity of criterion behavior within a 

heterogeneous decision matrix. 
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The reliance on a specific information characteristic can become 

problematic when criteria exhibit substantially different structural 

properties. Two criteria may have similar levels of variance but 

different distributions, ranges, or discriminatory patterns. Conversely, 

criteria with different levels of dispersion may contribute similar 

amounts of distinctive information when their relationships with other 

criteria are taken into account. Therefore, the use of a single 

statistical property does not necessarily provide a comprehensive 

description of the differences among criteria. This issue suggests that 

criterion importance may need to be interpreted through a broader 

representation of the structural characteristics of the decision matrix. 

Another concern is the possibility of imbalanced or concentrated 

weights. When a weighting method strongly responds to a particular 

statistical characteristic, criteria exhibiting extreme values of that 

characteristic may receive disproportionately high weights, while other 

criteria may receive relatively small contributions. Such a weighting 

structure can cause the subsequent MCDM evaluation to become highly 

dependent on a limited number of criteria. Although this outcome may be 

mathematically consistent with the assumptions of a particular method, 

it may not always represent the broader informational structure of the 

decision matrix. 

Furthermore, existing objective weighting methods do not always 

explicitly model criterion heterogeneity as a separate structural 

concept. The heterogeneity of criteria encompasses differences in 

variability, distribution, range, discriminatory capability, and 

relationships among criteria. These dimensions may exist simultaneously 

and may interact with one another. When weighting is derived from only 

one dimension, some of the structural differences between criteria may 

remain unrepresented. Thus, there is a methodological opportunity to 

develop an objective weighting mechanism that treats heterogeneity among 

criteria as an explicit source of weighting information rather than as 

an incidental consequence of another statistical measure. 

These limitations do not imply that existing objective weighting 

methods are inappropriate. Rather, they indicate that different 

weighting principles capture different aspects of the decision matrix. 

The methodological challenge is therefore to develop a weighting 

framework capable of incorporating multiple characteristics of criteria 

while maintaining objectivity, interpretability, adaptability, and 

robustness. Such a framework could provide a more comprehensive 

representation of criterion importance, particularly in decision 

problems characterized by substantial differences among criteria. 

2.4. Research Positioning  

The present study is positioned within the development of 

objective criterion-weighting methods for MCDM, with particular emphasis 

on the explicit treatment of heterogeneity among criteria. Existing 

research has established several approaches for deriving objective 

weights from statistical properties of the decision matrix, including 

dispersion, variance, entropy, correlation, and information content. 
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These approaches provide different perspectives on the informational 

contribution of criteria and have been successfully incorporated into 

various MCDM models. However, their weighting mechanisms generally 

emphasize specific characteristics of the data rather than explicitly 

modeling the broader structural heterogeneity that distinguishes one 

criterion from another. 

Based on this methodological context, the proposed HIVE Weighting 

is positioned as a heterogeneity-aware objective weighting approach. 

Rather than defining criterion importance exclusively through one 

statistical property, HIVE Weighting is designed to identify and quantify 

differences in criterion characteristics and incorporate the resulting 

heterogeneity information into the weighting process. The central 

distinction lies in treating heterogeneity itself as a meaningful source 

of information for determining criterion weights. In this framework, the 

objective is not simply to identify which criterion has greater 

dispersion or information content, but to characterize how each criterion 

differs within the overall structure of the decision matrix. 

The positioning of HIVE Weighting can therefore be understood 

through five methodological characteristics: objectivity, heterogeneity 

awareness, adaptiveness, interpretability, and robustness. Objectivity 

refers to deriving weights from the decision data rather than requiring 

direct expert assignment. Heterogeneity awareness concerns the explicit 

representation of differences among criteria. Adaptiveness refers to the 

ability of the weighting mechanism to respond to changes in the 

underlying data structure. Interpretability concerns the extent to which 

the resulting weights can be explained through measurable 

characteristics of the criteria. Robustness refers to the stability of 

the weighting and subsequent ranking results when reasonable changes 

occur in the input data. Through these characteristics, the proposed 

approach seeks to extend the existing objective weighting literature by 

introducing a weighting perspective centered on the structural 

heterogeneity of criteria.  

 

III. Proposed HIVE Weighting Method 

The proposed HIVE Weighting method is developed to provide an 

objective criteria-weighting mechanism that accounts for differences in 

the statistical characteristics and heterogeneity of decision-making 

data. Unlike weighting approaches that primarily emphasize a single 

source of information, HIVE integrates multiple data characteristics to 

obtain a more comprehensive representation of criterion importance. The 

method is formulated to capture both the magnitude and dispersion of 

normalized criterion values while incorporating relative variation as 

an indicator of heterogeneity. Based on these characteristics, HIVE 

generates information measures that are subsequently transformed into 

normalized criteria weights, providing a consistent basis for their 

application in multi-criteria decision-making problems. 
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3.1. Conceptual Framework of HIVE Weighting 

The conceptual framework of HIVE Weighting provides a general 

representation of the proposed approach for determining criteria 

importance from the inherent characteristics of decision-making data. 

The framework emphasizes the integration of informational 

characteristics, data variability, and heterogeneity to generate 

criteria weights that are responsive to differences in the underlying 

data structure. By considering these characteristics jointly, HIVE 

Weighting seeks to provide a more informative representation of criterion 

importance without relying on subjective preferences. The overall 

conceptual relationship underlying the proposed weighting approach is 

illustrated in Figure 1. 

 
 Framework of HIVE Weighting 

The HIVE Weighting framework is designed to derive criteria 

weights by integrating the statistical characteristics and heterogeneity 

of the available decision data. The framework represents the 

transformation of the original decision information into a normalized 

form, from which the central tendency and dispersion of each criterion 

are evaluated. These characteristics are subsequently used to quantify 

relative variation and construct an information measure that reflects 

the combined contribution of criterion magnitude, variability, and 

heterogeneity. The resulting information measures are then converted 

into normalized weights, producing a weight vector in which criteria 

with greater informational contribution receive correspondingly higher 

weights. Through this structure, HIVE Weighting provides a data-driven 

mechanism for representing differences among criteria while maintaining 

a consistent and interpretable weighting scale. 

3.2. HIVE Weighting Method 

The determination of criteria weights using the HIVE Weighting 

method consists of a series of systematic stages designed to identify 
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the relative importance of each criterion while accounting for the 

heterogeneous characteristics of the decision data. Each stage is 

performed sequentially, beginning with the construction of the decision 

matrix and data normalization, followed by the measurement of information 

variation, heterogeneity, and the relative contribution of each 

criterion. The resulting information is then processed through an 

adaptive weighting mechanism to ensure that the final weights reflect 

both the informational content and the distinctive characteristics of 

the criteria. The criteria-weighting procedure of HIVE Weighting can be 

described through the following stages: 

The first step in determining criterion weights using the HIVE 

weighting method is to construct a decision matrix that represents the 

performance values of each alternative with respect to all criteria 

considered in the decision-making process. The matrix consists of a set 

of alternatives and criteria, where each element represents the 

performance of a particular alternative under a specific criterion using 

(1). The decision matrix serves as the primary input for the HIVE 

weighting method, as the information contained within the matrix 

regarding the performance characteristics and differences among 

alternatives across criteria is subsequently used to determine the degree 

of heterogeneity and the corresponding objective criterion weights. 

𝑋 =[𝑥𝑖𝑗]𝑚𝑥𝑛
     (1) 

The second step involves normalizing the decision matrix using 

the Euclidean normalization approach. This process aims to transform the 

original criterion values into a comparable scale so that differences 

in measurement units and numerical magnitudes do not disproportionately 

influence the weighting process using (2). The normalization process 

preserves the relative relationships among alternatives within each 

criterion while producing standardized values that can be consistently 

used in the subsequent statistical calculations. Therefore, 

normalization provides a common basis for analyzing the distributional 

characteristics of different criteria. 

𝑟𝑖𝑗 =
𝑥𝑖𝑗

√∑ 𝑥𝑖𝑗
2𝑚

𝑖=1

     (2) 

The third step in the HIVE weighting procedure is to calculate 

the mean value of the normalized data for each criterion. The mean 

represents the central tendency and provides an indication of the general 

performance characteristics of alternatives with respect to each 

criterion using (3). This measure constitutes an important component of 

the HIVE method because it is considered together with measures of 

variation to characterize the heterogeneity of each criterion. 

Accordingly, this step establishes the average performance level of each 

criterion before its degree of dispersion is further examined. 

𝜇𝑗 =
1

𝑚
∑ 𝑟𝑖𝑗

𝑚
𝑖=1      (3) 
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The fourth step is to calculate the standard deviation for each 

criterion in order to measure the dispersion of alternative performance 

values around their respective mean values. Standard deviation indicates 

the extent to which the performance of alternatives varies within a 

particular criterion using (4). A higher standard deviation indicates 

greater differences in performance among alternatives, whereas a lower 

standard deviation indicates that the performance values tend to be more 

homogeneous. This variation information provides an important basis for 

the HIVE method in identifying the degree of heterogeneity associated 

with each criterion. 

𝜎𝑗 =√
1

𝑚
∑ (𝑟𝑖𝑗 − 𝜇𝑗)

2𝑚
𝑖=1      (4) 

The fifth step involves calculating the Relative Variability to 

obtain a measure of variation that accounts for the mean level of each 

criterion. This approach enables the variability of a criterion to be 

assessed proportionally rather than solely on the basis of its absolute 

dispersion using (5). Consequently, criteria with different mean levels 

can be evaluated more consistently in terms of their relative variation. 

A small parameter is incorporated into the calculation to maintain 

numerical stability when the mean value of a criterion approaches zero. 

The resulting Relative Variability provides additional information 

regarding the relative dispersion of each criterion and complements the 

information obtained from the standard deviation. 

𝑅𝑉𝑗 =
𝜎𝑗

𝜇𝑗+𝜀
     (5) 

The sixth step represents the core of the HIVE Weighting method, 

namely the construction of the Heterogeneity Index for each criterion. 

The index integrates information on the mean value, absolute variability, 

and Relative Variability to provide a more comprehensive representation 

of the heterogeneity characteristics of each criterion using (6). Through 

this formulation, HIVE considers not only the general performance level 

of a criterion but also the extent of variation and relative differences 

observed among alternatives. The resulting Heterogeneity Index therefore 

provides the primary basis for determining the relative importance of 

each criterion within the proposed weighting framework. 

𝐻𝑗 =𝜇𝑗 + 𝜎𝑗 + 𝑅𝑉𝑗     (6) 

The final step is to determine the HIVE criterion weights based 

on the Heterogeneity Index values obtained in the preceding stage. Each 

Heterogeneity Index is converted into a relative criterion weight by 

normalizing it against the total Heterogeneity Index across all criteria 

using (7). This normalization ensures that the resulting criterion 

weights collectively sum to one. The final HIVE weights represent the 

relative contribution of each criterion based on the characteristics of 

the observed data and the degree of heterogeneity identified across the 

alternatives. These weights can subsequently be incorporated into an 

MCDM method to support the evaluation and ranking of alternatives. 
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𝑤𝑗 =
𝐻𝑗

∑ 𝐻𝑗
𝑛
𝑗=1

     (7) 

Overall, the HIVE Weighting method provides a systematic and data-

driven procedure for determining objective criterion weights by 

incorporating the central tendency, absolute variability, and relative 

variability of normalized performance data. Through the sequential 

calculation of the Heterogeneity Index, the method captures differences 

in the characteristics of alternatives across criteria and transforms 

these characteristics into normalized criterion weights. The resulting 

weights reflect the relative contribution of each criterion based on the 

information contained in the decision matrix, thereby reducing the 

dependence on subjective weight assignments. The final HIVE weights can 

subsequently be integrated with various MCDM methods to support the 

objective evaluation and ranking of alternatives in complex decision-

making problems. 

3.3. Research Design 

Research design is a structured framework that defines how a 

research study is planned, conducted, and evaluated to address the 

research objectives systematically. It establishes the overall research 

strategy, data sources, analytical procedures, and evaluation techniques 

used throughout the study. In methodological research, the research 

design provides a clear structure for developing the proposed method, 

applying it to decision-making data, and evaluating its performance 

through comparative and robustness analyses. The research design adopted 

in this study is illustrated in Figure 2. 

 
 Research Design 

The research design presented in Figure 2 illustrates the overall 

structure of the study from its methodological foundation to the 
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interpretation of the resulting findings. It integrates the research 

strategy, data collection, method development, validation, comparative 

analysis, and robustness and sensitivity evaluation within a connected 

analytical framework. The design emphasizes a systematic progression in 

which the proposed method is developed from an established methodological 

basis, examined using relevant decision-making datasets, and 

subsequently evaluated through multiple forms of empirical assessment. 

The final stage focuses on interpreting the findings and identifying the 

methodological and practical implications, thereby providing a coherent 

framework for assessing the applicability and reliability of the proposed 

approach. 

 

IV. Experimental Design 

The experimental design is developed to systematically evaluate 

the effectiveness and applicability of the proposed HIVE Weighting method 

in MCDM problems. The evaluation is conducted by applying HIVE Weighting 

to a representative decision matrix and integrating the resulting 

criterion weights with several established MCDM methods to examine their 

influence on alternative evaluation and ranking. To provide a 

comprehensive assessment, the experimental design includes comparisons 

with other objective weighting methods, cross-method ranking analysis, 

and sensitivity and robustness evaluations. This experimental setting 

enables the proposed HIVE Weighting method to be examined from multiple 

perspectives, particularly in terms of criterion weight distribution, 

ranking consistency, and stability under different weighting and MCDM 

configurations. 

4.1. Dataset  

The dataset consists of performance assessment data representing 

a set of alternatives evaluated across several predefined decision 

criteria. Each alternative is described by a series of numerical values 

corresponding to its performance on each criterion, forming a structured 

decision matrix. The dataset is organized systematically to ensure that 

each alternative has a complete and comparable set of assessment values 

across all criteria. These data provide a comprehensive representation 

of the differences in performance among alternatives and serve as the 

basis for subsequent analysis and evaluation. 

The dataset used in this study consists of decision-making data 

designed to evaluate alternatives across multiple criteria within the 

context of fair decision making. The dataset includes a set of 

alternatives assessed according to predefined criteria representing the 

relevant attributes and performance dimensions of each alternative. The 

assessment data are presented in Table 1, which contains the performance 

values of all alternatives across the selected criteria. The dataset is 

organized as a structured decision matrix, where each row represents an 

alternative and each column represents an evaluation criterion, 

providing a comprehensive representation of the differences in 

https://research.pilar.or.id/index.php/jodesma
https://doi.org/10.67449/jodesma.v1i3.14
https://research.pilar.or.id/index.php/jodesma/article/view/14
https://pilar.or.id/
https://research.pilar.or.id/index.php/jodesma


Volume 1 Number 3 July 2027, Available online: July 20, 2027. 

 

Journal of Decision Support Systems 

and Multi-Criteria Decision Making 

ISSN: 3164-7022 

 

 

 
Page 254-288 

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

DOI: https://doi.org/10.67449/jodesma.v1i3.14 

Copyright © 2026 by the authors.  

Article Link: https://research.pilar.or.id/index.php/jodesma/article/view/14  

268 

alternative performance and the trade-offs among criteria considered in 

the decision-making process. 

Table 1. Performance Assessment Data of Lecturer Candidates[30]  
Alternatives CM10 CM11 CM12 CM13 CM14 

SA-C 620 750 12 90 9 

CF-C 600 720 15 88 8 

RF-C 650 800 10 93 8 

TR-C 580 670 14 85 7 

IH-C 630 790 13 91 9 

AK-C 610 740 11 87 8 

GM-C 590 650 9 84 6 

MF-C 640 770 16 89 9 

SH-C 600 700 11 86 7 

DG-C 610 680 13 88 8 

The criteria used to evaluate prospective lecturers consist of 

five indicators representing academic qualifications, language 

proficiency, research productivity, and teaching capabilities. CM10 

(TOEFL Score) represents the candidate’s English language proficiency 

based on the TOEFL assessment. CM11 (TKDA Score) reflects the candidate’s 

academic aptitude and general reasoning ability as measured through the 

TKDA assessment. CM12 (Number of Publications) indicates the candidate’s 

research productivity and academic contribution based on the number of 

scientific publications produced. CM13 (Interview Score) represents the 

candidate’s communication skills, academic suitability, motivation, and 

overall performance during the interview process. Finally, CM14 

(Teaching Ability Score) reflects the candidate’s pedagogical 

competence, instructional skills, and ability to effectively deliver 

learning materials. Collectively, these criteria provide a 

multidimensional representation of the qualifications and capabilities 

of prospective lecturers considered in the lecturer admission process. 

4.2. Implementation HIVE Weighting Method  

The HIVE Weighting method is implemented to determine the relative 

importance of the criteria used in the evaluation of branch manager 

candidates. The implementation involves a series of systematic 

procedures that process the assessment data and produce a set of 

criterion weights. Each stage contributes to the transformation of the 

initial assessment data into final weights that can be used in the 

subsequent decision-making process. The detailed stages of the HIVE 

Weighting implementation are presented in the following sections. 

The first step in determining weights using HIVE weighting is to 

build a decision matrix that represents the performance values of each 

alternative based on all the criteria using (1), the general form of the 

decision matrix in the HIVE weighting method are as follows. 
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𝑋 =

[
 
 
 
 
 
 
 
 
 

𝑥11 𝑥12 𝑥13

𝑥21 𝑥22 𝑥23

𝑥31 𝑥32 𝑥33

𝑥14 𝑥15

𝑥24 𝑥25

𝑥34 𝑥35
𝑥41 𝑥42 𝑥43

𝑥51 𝑥52 𝑥53

𝑥61 𝑥62 𝑥63

𝑥44 𝑥45

𝑥54 𝑥55

𝑥64 𝑥65
𝑥71 𝑥72 𝑥73

𝑥81 𝑥82 𝑥83
𝑥91

𝑥101

𝑥92

𝑥102

𝑥93

𝑥103

𝑥74 𝑥75

𝑥84 𝑥85
𝑥94

𝑥104

𝑥95

𝑥105]
 
 
 
 
 
 
 
 
 

 

The results of the decision matrix for the assessment data based 

on Table 1 are as follows. 

𝑋 =

[
 
 
 
 
 
 
 
 
 
620 750 12
600 720 15
650 800 10

90 9
88 8
93 8

580 670 14
630 790 13
610 740 11

85 7
91 9
87 8

590 650 9
640 770 16
600 700 11
610 680 13

84 6
89 9
86 7
88 8]

 
 
 
 
 
 
 
 
 

 

The second step in determining weights using HIVE weighting is to 

normalize the decision matrix using (2). The results of the normalization 

calculation in the HIVE weighting method are as follows. 

𝑟11 =
𝑥11

√∑ 𝑥𝑖1
210

𝑖=1

=
𝑥11

√𝑥11
2 + 𝑥21

2 + 𝑥31
2 + 𝑥41

2 + 𝑥51
2 + 𝑥61

2 + 𝑥71
2 + 𝑥81

2 + 𝑥91
2 + 𝑥101

2
 

      =
620

√6202 + 6002 + 6502 + 5802 + 6302 + 6102 + 5902 + 6402 + 6002 + 6102
 

      =
620

√3762100
=

620

1939.6134
=0.320 

 

The overall normalization results that have been calculated are 

shown in the following Table 2. 

Table 2. Normalization Results of the HIVE Weighting Method  
Alternatives CM10 CM11 CM12 CM13 CM14 

SA-C 0.320 0.325 0.302 0.323 0.358 

CF-C 0.309 0.312 0.377 0.316 0.318 

RF-C 0.335 0.347 0.251 0.334 0.318 

TR-C 0.299 0.291 0.352 0.305 0.278 

IH-C 0.325 0.343 0.327 0.326 0.358 

AK-C 0.314 0.321 0.277 0.312 0.318 

GM-C 0.304 0.282 0.226 0.301 0.238 

MF-C 0.330 0.334 0.402 0.319 0.358 

SH-C 0.309 0.304 0.277 0.309 0.278 

DG-C 0.314 0.295 0.327 0.316 0.318 
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The third step in determining weights using HIVE weighting is 

calculating the average value from the normalized data using (3). The 

result of the average value calculation in the HIVE weighting method is 

as follows. 

𝜇1 =
1

10
∑ 𝑟𝑖1

10

𝑖=1
=

1

9
(𝑟11 + 𝑟21 + 𝑟31 + 𝑟41 + 𝑟51 + 𝑟61 + 𝑟71 + 𝑟81 + 𝑟91 + 𝑟101) 

      =
1

10
(0.320 + 0.309 + 0.335 + 0.299 + 0.325 + 0.314 + 0.304 + 0.330 + 0.309 + 0.314) 

=
1

10
(3.1604) =0.3160 

The overall average value results that have been calculated are 

shown in the following Table 3. 

Table 3. Average Value Results of the HIVE Weighting Method  
CM10 CM11 CM12 CM13 CM14 

0.3160 0.3155 0.3118 0.3161 0.3140 

The fourth stage in determining the weight using HIVE weighting 

is to calculate the standard deviation on each criterion using (4), the 

result of the calculation of the standard deviation value in the HIVE 

weighting method as follows. 

𝜎1 =√
1

10
∑ (𝑟𝑖1 − 𝜇1)

2
10

𝑖=1
 

=√
1

1 −
(

(𝑟11 − 𝜇1)
2 + (𝑟21 − 𝜇1)

2 + (𝑟31 − 𝜇1)
2 + (𝑟41 − 𝜇1)

2 + (𝑟51 − 𝜇1)
2

+(𝑟61 − 𝜇1)
2 + (𝑟71 − 𝜇1)

2 + (𝑟81 − 𝜇1)
2 + (𝑟91 − 𝜇1)

2 + (𝑟101 − 𝜇1)
2) 

=√
1

10
(

(0.320 − 0.3160)2 + (0.309 − 0.3160)2 + (0.335 − 0.3160)2 + (0.299 − 0.3160)2 +
(0.325 − 0.3160)2 + (0.314 − 0.3160)2 + (0.304 − 0.3160)2

+(0.330 − 0.3160)2 + (0.309 − 0.3160)2 + (0.314 − 0.3160)2

)= 0.0108 

The overall standard deviation value results that have been 

calculated are shown in the following Table 4. 

Table 4. Standard Deviation Results of the HIVE Weighting Method  
CM10 CM11 CM12 CM13 CM14 

0.0108 0.0213 0.0530 0.0094 0.0375 

The fifth step in determining weights using HIVE weighting is 

calculating relative variability to get a measure of variation that 

considers the average level of each criterion with (5), the calculation 

results of relative variability in the HIVE weighting method are as 

follows. 

𝑅𝑉1 =
𝜎1

𝜇1 + 𝜀
=

0.0108

0.3160 + 10−10
=

0.0108

0.3160
=0.0343 

The overall relative variability results that have been calculated 

are shown in the following Table 5. 
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Table 5. Relative Variability Results of the HIVE Weighting Method  
CM10 CM11 CM12 CM13 CM14 

0.0343 0.0674 0.1699 0.0298 0.1194 

The sixth step in determining weights using HIVE weighting is the 

formation of a heterogeneity index for each criterion using (6), the 

results of the heterogeneity index calculation in the HIVE weighting 

method are as follows. 

𝐻1 =𝜇1 + 𝜎1 + 𝑅𝑉1 =0.3160 + 0.0108 + 0.0343=0.3611 

The overall heterogeneity index results that have been calculated 

are shown in the following Table 6. 

Table 6. Heterogeneity Index Results of the HIVE Weighting Method  
CM10 CM11 CM12 CM13 CM14 

0.3611 0.4042 0.5347 0.3553 0.4709 

The final stage in determining the weights using HIVE weighting 

is to calculate the weight values for all criteria using (7). The results 

of the weight value calculations in the HIVE weighting method are as 

follows. 

𝑤1 =
𝐻1

∑ 𝐻𝑗
𝑛
𝑗=1

=
𝐻1

𝐻1 + 𝐻2 + 𝐻3 + 𝐻4 + 𝐻5

 

      =
0.3611

0.3611 + 0.4042 + 0.5347 + 0.3553 + 0.4709
 

      =
0.3611

2.1262
= 0.1698 

The overall weight values results that have been calculated are 

shown in the following Table 7. 

Table 7. Weight Values Results of the HIVE Weighting Method  
CM10 CM11 CM12 CM13 CM14 

0.1698 0.1901 0.2515 0.1671 0.2215 

Table 7 presents the weight values generated by the HIVE Weighting method 

for the five criteria used in the lecturer admission assessment, namely 

CM10 (TOEFL Score), CM11 (TKDA Score), CM12 (Number of Publications), 

CM13 (Interview Score), and CM14 (Teaching Ability Score). The obtained 

weights indicate differences in the relative contribution of each 

criterion to the decision-making process. CM12 (Number of Publications) 

receives the highest weight of 0.2515, indicating its relatively greater 

informational contribution, followed by CM14 (Teaching Ability Score) 

with a weight of 0.2215 and CM11 (TKDA Score) with 0.1901. Meanwhile, 

CM10 (TOEFL Score) and CM13 (Interview Score) obtain weights of 0.1698 

and 0.1671, respectively. Overall, the variation in weight values 

demonstrates that HIVE Weighting differentiates the relative importance 

of each criterion according to the characteristics of the assessment 

data and their contributions to the evaluation of prospective lecturers. 
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The HIVE Weighting results demonstrate that the proposed method 

produces differentiated weight values across criteria CM10 to CM14, 

reflecting variations in their underlying data characteristics. CM12 

(Number of Publications) obtains the highest weight at 0.2515, followed 

by CM14 (Teaching Ability Score) at 0.2215 and CM11 (TKDA Score) at 

0.1901. Meanwhile, CM10 (TOEFL Score) receives a weight of 0.1698, while 

CM13 (Interview Score) records the lowest weight at 0.1671. The 

differences among the resulting weights indicate that HIVE is able to 

distinguish the relative informational contribution of each criterion 

rather than assigning uniform importance. These findings support the use 

of HIVE Weighting as a data-driven approach for capturing differences 

in criterion characteristics and translating them into differentiated 

weighting values for subsequent multi-criteria decision-making analysis. 

 

V. Result 

5.1. Comparative Analysis of Criterion Weights  

The comparison with existing objective weighting methods is 

conducted to examine the characteristics of the weights generated by 

HIVE Weighting in relation to other established data-driven weighting 

approaches. This evaluation focuses exclusively on the distribution, 

magnitude, and relative importance of the criteria produced by each 

method. By comparing the resulting weight values, the analysis aims to 

identify similarities and differences in how each approach interprets 

the informational characteristics and variability contained in the 

dataset. Particular attention is given to the ability of HIVE Weighting 

to produce differentiated and meaningful weight distributions while 

accounting for the heterogeneous nature of the criteria. This comparison 

provides an objective basis for understanding the distinctive behavior 

of the proposed weighting method and clarifies its contribution to the 

development of alternative objective weighting techniques. 

The comparison involves six objective weighting methods, namely 

Entropy, WENSLO, LOGSTA, CRITIC, MEREC, and the proposed HIVE Weighting 

method. The resulting weight distributions reveal differences in how 

each approach assigns relative importance to the evaluated criteria. 

Entropy determines weights based on the degree of information 

diversification[31], while WENSLO and LOGSTA employ their respective 

mathematical formulations to capture criterion-specific 

characteristics[31], [32]. CRITIC considers the contrast intensity and 

correlation structure among criteria, whereas MEREC evaluates the 

influence of criteria through the effect of their removal from the 

decision framework[33], [34]. In contrast, HIVE Weighting incorporates 

central tendency, dispersion, and relative variation to represent the 

heterogeneous characteristics of the data. The comparative results of 

the six objective weighting methods are presented in Table 8, providing 

a direct overview of the resulting weight values and the differences in 

criterion importance identified by each approach. 
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Table 8. Comparison of Criteria Weights  
Method CM10 CM11 CM12 CM13 CM14 

Entropy 0.0233 0.0906 0.5769 0.0176 0.2915 

WENSLO 0.0247 0.0805 0.6025 0.0197 0.2726 

LOGSTA 0.0929 0.0874 0.2924 0.3101 0.2171 

CRITIC 0.1663 0.1607 0.3744 0.1515 0.1470 

MEREC 0.0951 0.1570 0.4419 0.0876 0.2184 

HIVE 0.1698 0.1901 0.2515 0.1671 0.2215 

The comparison of the criteria weights presented in Table 8 shows 

the weighting results generated by Entropy, WENSLO, LOGSTA, CRITIC, 

MEREC, and HIVE for criteria CM10 to CM14. The results reveal substantial 

differences in the weighting patterns produced by the six methods, 

indicating that each approach responds differently to the information 

characteristics of the lecturer admission criteria. Entropy assigns its 

highest weight to CM12 (Number of Publications) at 0.5769, followed by 

CM14 (Teaching Ability Score) at 0.2915, whereas CM13 (Interview Score) 

receives the lowest weight of 0.0176. WENSLO exhibits a similar pattern, 

assigning the largest weights to CM12 at 0.6025 and CM14 at 0.2726, while 

CM13 again obtains the smallest weight at 0.0197. 

LOGSTA produces a different distribution compared with Entropy 

and WENSLO. Its highest weight is assigned to CM13 (Interview Score) at 

0.3101, followed by CM12 (Number of Publications) at 0.2924 and CM14 

(Teaching Ability Score) at 0.2171. In contrast, CM11 (TKDA Score) and 

CM10 (TOEFL Score) receive relatively lower weights of 0.0874 and 0.0929, 

respectively. CRITIC generates another distinctive weighting structure, 

with CM12 obtaining the highest weight at 0.3744, followed by CM10 at 

0.1663 and CM11 at 0.1607. Meanwhile, CM14 and CM13 receive weights of 

0.1470 and 0.1515, respectively, indicating a more distributed weighting 

pattern than those produced by Entropy and WENSLO. 

MEREC produces a weighting distribution in which CM12 (Number of 

Publications) remains the most influential criterion, with a weight of 

0.4419. CM14 (Teaching Ability Score) follows with 0.2184, while CM11 

(TKDA Score) obtains 0.1570. The lowest weights are assigned to CM10 

(TOEFL Score) and CM13 (Interview Score), with values of 0.0951 and 

0.0876, respectively. In comparison, HIVE generates a comparatively 

balanced distribution across the five criteria. Its highest weight is 

assigned to CM12 at 0.2515, followed by CM14 at 0.2215 and CM11 at 

0.1901. CM10 and CM13 obtain weights of 0.1698 and 0.1671, respectively. 

This distribution indicates that HIVE avoids excessive concentration on 

a single criterion while still differentiating the relative contribution 

of each criterion. 

Overall, the comparison demonstrates that CM12 (Number of 

Publications) is consistently assigned a substantial weight by Entropy, 

WENSLO, CRITIC, MEREC, and HIVE, although the magnitude varies 

considerably across methods. LOGSTA differs from these methods by 

assigning its highest weight to CM13 (Interview Score). HIVE exhibits 

the most balanced weighting structure among the compared methods, with 

its values ranging from 0.1671 to 0.2515. In contrast, Entropy and WENSLO 

produce considerably wider weight distributions, particularly by 
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assigning very high weights to CM12 and substantially lower weights to 

CM13. These differences illustrate the distinctive weighting behavior 

of each objective weighting method and demonstrate how alternative 

approaches can produce different interpretations of the relative 

importance of criteria in prospective lecturer evaluation. 

5.2. MCDM Ranking Results Using HIVE Weighting 

The implementation of HIVE Weighting with MCDM integrates the 

objective criterion weights generated by HIVE Weighting with selected 

MCDM methods to evaluate and rank the alternatives. In this framework, 

the HIVE Weighting method is first applied to determine the relative 

importance of the criteria based on the characteristics of the assessment 

data. The resulting weights are then incorporated into the MCDM process 

to assess the performance of each alternative across the considered 

criteria and obtain the final ranking. This integration enables the 

evaluation process to consider both the objective characteristics of the 

criteria and the overall performance of the alternatives, providing a 

systematic framework for multi-criteria decision analysis[35], [36]. 

The implementation of HIVE Weighting with the Simple Additive 

Weighting (SAW) method integrates the objective criterion weights 

generated by HIVE Weighting with the SAW approach to evaluate and rank 

branch manager candidates. In this framework, HIVE Weighting is first 

applied to determine the relative importance of each criterion based on 

the characteristics of the assessment data. The resulting HIVE weights 

are subsequently incorporated into the SAW process, where the performance 

values of each candidate are normalized according to the type of 

criterion and aggregated using the corresponding criterion weights. The 

final preference values obtained from the SAW process are then used to 

determine the ranking of the branch manager candidates. The overall 

implementation process, including the HIVE Weighting stages, SAW 

evaluation, and the resulting ranking of alternatives, is illustrated 

in Figure 3. 

 
 Ranking Results from the Combination of HIVE Weighting with 

the SAW Method 
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The SAW method produces a clear ranking of the lecturer candidates 

based on their final preference values. MF-C achieves the highest final 

value of 0.9831 and is ranked first, followed by IH-C with 0.9417 and 

CF-C with 0.9186 in the second and third positions, respectively. SA-C 

occupies the fourth position with a value of 0.9120, while RF-C and DG-

C rank fifth and sixth with values of 0.8811 and 0.8803. The subsequent 

positions are occupied by AK-C (0.8613), TR-C (0.8558), SH-C (0.8228), 

and GM-C (0.7487), which ranks tenth. Overall, the ranking demonstrates 

a gradual decrease in final values across the alternatives, with MF-C 

showing the highest aggregated performance and GM-C obtaining the lowest 

final value under the SAW evaluation. 

The implementation of HIVE Weighting with the Multi-Objective 

Optimization on the Basis of Ratio Analysis (MOORA) method integrates 

the objective criterion weights generated by HIVE Weighting with the 

MOORA approach to evaluate and rank branch manager candidates. In this 

framework, HIVE Weighting is first applied to determine the relative 

importance of each criterion based on the characteristics of the 

assessment data. The resulting HIVE weights are subsequently 

incorporated into the MOORA process, where the performance values of 

each candidate are normalized and evaluated according to the 

corresponding benefit and cost criteria. The weighted normalized values 

are then aggregated to obtain the overall optimization value for each 

candidate, which is used to determine the final ranking. The overall 

implementation process, including the HIVE Weighting stages, MOORA 

evaluation, and the resulting ranking of alternatives, is illustrated 

in Figure 4. 

 
 Ranking Results from the Combination of HIVE Weighting with 

the MOORA Method 

The MOORA method generates a ranking in which MF-C achieves the highest 

final value of 0.3533, placing it in first position, followed by IH-C 

with 0.3363 and CF-C with 0.3300 in the second and third positions. SA-
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C ranks fourth with a final value of 0.3252, while DG-C and RF-C occupy 

the fifth and sixth positions with values of 0.3149 and 0.3123, 

respectively. The remaining alternatives are ranked as TR-C (0.3072), 

AK-C (0.3066), SH-C (0.2930), and GM-C (0.2654), which occupies the tenth 

position. Overall, the MOORA results show a consistent ordering pattern 

in which the alternatives are differentiated according to their final 

preference values, with MF-C obtaining the highest value and GM-C the 

lowest. 

The ranking results obtained from the SAW and MOORA methods show 

an identical ordering of the ten alternatives. Both methods place MF-C 

in the first position, followed by IH-C, CF-C, SA-C, and RF-C in the 

second to fifth positions, respectively. The subsequent positions are 

occupied by DG-C, TR-C, AK-C, SH-C, and GM-C. Although the numerical 

final values differ between the two methods, with SAW producing values 

ranging from 0.9831 to 0.7487 and MOORA generating values from 0.3533 

to 0.2654, the resulting rankings remain completely consistent. This 

agreement indicates that the relative ordering of the alternatives is 

stable across the two MCDM approaches for the evaluated lecturer 

admission dataset, with MF-C maintaining the highest position and GM-C 

occupying the lowest position in both analyses. 

5.3. Ranking Comparison with Objective Weighting 

The ranking comparison with objective weighting is conducted to 

examine how differences in criteria weights influence the resulting order 

of alternatives. In this analysis, HIVE Weighting is compared with 

several established objective weighting methods by applying the same 

decision matrix and ranking procedure to ensure a consistent basis for 

evaluation. The comparison focuses on the resulting preference values 

and alternative rankings generated under different weight distributions, 

allowing the stability of the ranking outcomes to be observed across 

weighting schemes. Particular attention is given to whether changes in 

criterion importance lead to substantial changes in the relative 

positions of the alternatives. The comparative ranking results provide 

further insight into the behavior of HIVE Weighting when its derived 

weights are applied within the subsequent decision-making analysis. 

The ranking comparison is performed by combining six objective 

weighting methods, namely Entropy, WENSLO, LOGSTA, CRITIC, MEREC, and 

the proposed HIVE Weighting method, with the SAW method. This analysis 

aims to examine how different criteria-weight distributions affect the 

preference values and ranking positions of the alternatives when the 

same SAW procedure is applied. Each weighting method generates a distinct 

set of criteria weights based on the characteristics of the decision 

data, while SAW is consistently used to calculate the final preference 

values and determine the alternative rankings. This structure allows the 

ranking outcomes associated with HIVE Weighting to be examined alongside 

those obtained from established objective weighting approaches under the 

same ranking mechanism. The resulting preference values and ranking 

positions are presented to identify the differences and similarities 

produced by the six weighting schemes. The comparative ranking results 

https://research.pilar.or.id/index.php/jodesma
https://doi.org/10.67449/jodesma.v1i3.14
https://research.pilar.or.id/index.php/jodesma/article/view/14
https://pilar.or.id/
https://research.pilar.or.id/index.php/jodesma


Volume 1 Number 3 July 2027, Available online: July 20, 2027. 

 

Journal of Decision Support Systems 

and Multi-Criteria Decision Making 

ISSN: 3164-7022 

 

 

 
Page 254-288 

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

DOI: https://doi.org/10.67449/jodesma.v1i3.14 

Copyright © 2026 by the authors.  

Article Link: https://research.pilar.or.id/index.php/jodesma/article/view/14  

277 

obtained from the six objective weighting methods combined with SAW are 

presented in Figure 7, providing a visual representation of the ranking 

positions generated by each weighting scheme. 

 
 Ranking Comparison using the SAW Method 

Figure 5 presents the ranking comparison obtained using the SAW method 

with six objective weighting approaches, namely Entropy, WENSLO, LOGSTA, 

CRITIC, MEREC, and HIVE Weighting. The heatmap shows that MF-C 

consistently occupies the first position across all weighting methods, 

while SH-C and GM-C remain in the ninth and tenth positions, 

respectively. IH-C and CF-C exchange the second and third positions under 

several weighting schemes, whereas SA-C consistently remains in fourth 

position except under WENSLO, where it moves to fifth. The most 

noticeable variations occur among DG-C, RF-C, TR-C, and AK-C. DG-C ranges 

from fifth to eighth, RF-C from fifth to sixth, TR-C from seventh to 

eighth, and AK-C from fourth to eighth depending on the weighting method. 

In contrast, the relative positions of the leading and lowest-ranked 

alternatives remain highly stable. Overall, the heatmap indicates that 

changes in objective weighting affect several middle-ranked 

alternatives, but do not substantially alter the overall ranking 

structure of the lecturer candidates. 

The ranking comparison is performed by combining six objective 

weighting methods, namely Entropy, WENSLO, LOGSTA, CRITIC, MEREC, and 

the proposed HIVE Weighting method, with the MOORA method. This analysis 

aims to examine how different criteria-weight distributions affect the 

preference values and ranking positions of the alternatives when the 

same MOORA procedure is applied. Each weighting method generates a 

distinct set of criteria weights based on the characteristics of the 

decision data, while MOORA is consistently used to calculate the final 

https://research.pilar.or.id/index.php/jodesma
https://doi.org/10.67449/jodesma.v1i3.14
https://research.pilar.or.id/index.php/jodesma/article/view/14
https://pilar.or.id/
https://research.pilar.or.id/index.php/jodesma


Volume 1 Number 3 July 2027, Available online: July 20, 2027. 

 

Journal of Decision Support Systems 

and Multi-Criteria Decision Making 

ISSN: 3164-7022 

 

 

 
Page 254-288 

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

DOI: https://doi.org/10.67449/jodesma.v1i3.14 

Copyright © 2026 by the authors.  

Article Link: https://research.pilar.or.id/index.php/jodesma/article/view/14  

278 

preference values and determine the alternative rankings. This structure 

allows the ranking outcomes associated with HIVE Weighting to be examined 

alongside those obtained from established objective weighting approaches 

under the same ranking mechanism. The resulting preference values and 

ranking positions are presented to identify the differences and 

similarities produced by the six weighting schemes. The comparative 

ranking results obtained from the six objective weighting methods 

combined with MOORA are presented in Figure 6, providing a visual 

representation of the ranking positions generated by each weighting 

scheme. 

 
 Ranking Comparison using the MOORA Method 

Figure 6 presents the ranking comparison obtained by applying the MOORA 

method with six objective weighting approaches, namely Entropy, WENSLO, 

LOGSTA, CRITIC, MEREC, and HIVE Weighting. The results show that MF-C 

consistently occupies the first position across all weighting methods, 

while SH-C and GM-C remain in the ninth and tenth positions, 

respectively. IH-C and CF-C alternate between the second and third 

positions across the weighting schemes, indicating minor changes among 

the top-ranked alternatives. Greater variations are observed among the 

middle-ranked alternatives, particularly SA-C, DG-C, RF-C, TR-C, and AK-

C. SA-C ranges from fourth to sixth, DG-C from fifth to eighth, RF-C 

from fifth to sixth, TR-C from seventh to eighth, and AK-C from fourth 

to eighth across the different weighting methods. These changes indicate 

that variations in criterion weights can affect the relative positions 

of several middle-ranked alternatives, while the leading and lowest-

ranked alternatives remain comparatively stable under the MOORA 

procedure. 

The comparative analysis demonstrates that the six objective 

weighting methods, namely Entropy, WENSLO, LOGSTA, CRITIC, MEREC, and 
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HIVE Weighting, produce highly consistent ranking patterns when 

integrated with the MOORA method. MF-C consistently occupies the first 

position across all weighting schemes, while SH-C and GM-C remain in the 

ninth and tenth positions, respectively. IH-C and CF-C alternate between 

the second and third positions, whereas the middle-ranked alternatives 

exhibit greater variation. In particular, SA-C ranges from fourth to 

sixth position, DG-C from fifth to eighth, RF-C from fifth to sixth, TR-

C from seventh to eighth, and AK-C from fourth to eighth. These 

variations indicate that differences in the objective weights primarily 

affect the relative ordering of the middle-ranked alternatives, while 

the highest- and lowest-ranked candidates remain stable. Overall, the 

results show that HIVE Weighting produces a ranking pattern that remains 

broadly consistent with the other objective weighting approaches when 

applied within the MOORA framework. 

5.4. Sensitivity Analysis 

Sensitivity analysis is conducted to examine the stability of the 

ranking results obtained from the integration of HIVE Weighting and the 

SAW method under variations in criterion weights. The analysis 

systematically modifies the weights of the selected criteria while 

maintaining the total weight equal to one, and subsequently evaluates 

the changes in the preference values and ranking positions of the 

alternatives. This process provides an assessment of the extent to which 

the SAW ranking results are affected by changes in the relative 

importance of the criteria. A stable ranking across different weight 

scenarios indicates that the decision results remain consistent despite 

variations in criterion weights, whereas considerable changes in ranking 

positions indicate a higher sensitivity to the corresponding criteria. 

The sensitivity analysis therefore provides additional evidence 

regarding the robustness and stability of the proposed HIVE–SAW decision-

making framework. 

Sensitivity analysis is conducted to evaluate the stability of the 

criterion weighting results obtained using HIVE Weighting by 

systematically varying the original criterion weights. The sensitivity 

scenarios are established by increasing and decreasing each original 

HIVE weight by 0.05, 0.10, 0.15, and 0.20, respectively, to examine the 

effect of progressively larger weight variations on the resulting weight 

distribution. The resulting criterion weights for each sensitivity 

scenario, including the original weights and the corresponding positive 

and negative variations of ±0.05, ±0.10, ±0.15, and ±0.20, are presented 

in Table 9. These scenarios provide a systematic basis for assessing how 

changes in the relative importance of individual criteria affect the 

overall distribution of HIVE criterion weights. 

Table 9. Comparison of Criteria Weights  

Case 
Changed 

Criteria 
Changes CM10 CM11 CM12 CM13 CM14 

Test 1 CM10 -0.1500 0.0198 0.2244 0.2969 0.1973 0.2615 

Test 2 CM10 -0.1000 0.0698 0.213 0.2818 0.1872 0.2482 
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Test 3 CM10 -0.0500 0.1198 0.2015 0.2666 0.1772 0.2348 

Test 4 CM10 0.0500 0.2198 0.1787 0.2364 0.157 0.2082 

Test 5 CM10 0.1000 0.2698 0.1672 0.2212 0.147 0.1948 

Test 6 CM10 0.1500 0.3198 0.1558 0.2061 0.1369 0.1815 

Test 7 CM10 0.2000 0.3698 0.1443 0.1909 0.1268 0.1681 

Test 8 CM11 -0.1500 0.2012 0.0401 0.2981 0.198 0.2625 

Test 9 CM11 -0.1000 0.1908 0.0901 0.2826 0.1877 0.2488 

Test 10 CM11 -0.0500 0.1803 0.1401 0.267 0.1774 0.2352 

: : : : : : : : 

: : : : : : : : 

Test 35 CM14 0.1000 0.1480 0.1657 0.2192 0.1456 0.3215 

Test 36 CM14 0.1500 0.1371 0.1535 0.2030 0.1349 0.3715 

Test 37 CM14 0.2000 0.1262 0.1413 0.1869 0.1242 0.4215 

For each scenario, the adjusted criterion weights are applied to 

the SAW evaluation, and the resulting preference values and rankings are 

compared with the original results to identify changes in the positions 

of the alternatives under different weight conditions. The sensitivity 

analysis results, including the changes in ranking positions across the 

weight variation scenarios, are presented in Figure 7. This analysis 

provides an assessment of the stability of the HIVE–SAW results and 

indicates the extent to which the ranking is affected by changes in the 

relative importance of the criteria. 

 
 Comparison of Alternative Rankings using SAW Method 

Figure 7 illustrates the ranking stability of the alternatives under the 

37 sensitivity test scenarios generated from variations in the HIVE 

criterion weights and evaluated using the SAW method. The results show 

that MF-C and IH-C consistently maintain the first and second positions, 

respectively, throughout all scenarios, while SH-C and GM-C remain stable 

at ninth and tenth positions. DG-C and RF-C exhibit a consistent exchange 

of positions, with DG-C ranked fifth and RF-C sixth across Tests 1–33, 

before reversing to sixth and fifth, respectively, in Tests 34–37. A 

similar pattern is observed for CF-C and SA-C, which maintain third and 

fourth positions through Test 33 and then exchange positions in Tests 

34–37. AK-C and TR-C show a minor change at Test 1, where their positions 
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are temporarily reversed, after which their original seventh and eighth 

positions are maintained. Overall, the limited number of ranking changes 

across the 37 sensitivity scenarios indicates that the ranking structure 

remains highly stable despite variations in the criterion weights. 

 For each scenario, the adjusted criterion weights are applied to 

the MOORA method, and the resulting preference values and rankings are 

compared with the original results to identify changes in the positions 

of the alternatives under different weight conditions. The sensitivity 

analysis results, including the changes in ranking positions across the 

weight variation scenarios, are presented in Figure 8. This analysis 

provides an assessment of the stability of the HIVE–MOORA results and 

indicates the extent to which the ranking is affected by changes in the 

relative importance of the criteria. 

 
 Comparison of Alternative Rankings using MOORA Method 

Figure 8 presents the ranking stability of the alternatives under the 

MOORA sensitivity scenarios. The results indicate that MF-C and IH-C 

consistently maintain the first and second positions throughout all test 

scenarios, while DG-C, SH-C, and GM-C remain stable at fifth, ninth, and 

tenth positions, respectively. RF-C experiences a temporary shift from 

sixth to seventh position in Test 1 before returning to sixth in the 

subsequent scenarios, while TR-C changes from seventh to sixth in Test 

1 and subsequently returns to seventh until Test 34. More noticeable 

changes occur in Tests 35–37, where CF-C moves from third to fourth 

position and SA-C moves from fourth to third position in Tests 35–36 

before both return to their original positions in Test 37. During the 

same scenarios, AK-C improves from eighth to seventh position, whereas 

TR-C moves from seventh to eighth position. Overall, the limited ranking 

changes across the sensitivity scenarios indicate that the MOORA ranking 

structure remains stable under the tested variations in criterion 

weights. 

The sensitivity analysis using SAW and MOORA demonstrates that the 

resulting rankings remain highly stable across the tested weight 

variation scenarios of ±0.05, ±0.10, ±0.15, and ±0.20. In both 

approaches, MF-C and IH-C consistently occupy the first and second 
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positions, while SH-C and GM-C remain at the ninth and tenth positions, 

respectively. Only limited rank shifts are observed among the middle-

ranked candidates, particularly CF-C, SA-C, RF-C, AK-C, and TR-C, with 

most changes occurring in specific sensitivity scenarios rather than 

throughout the entire analysis. The overall consistency of the ranking 

patterns indicates that variations in the relative importance of the 

criteria have only a limited effect on the ordering of alternatives, 

supporting the robustness of the HIVE-based weighting results when 

integrated with both SAW and MOORA. 

 

VI. Discussion 

6.1. HIVE as a Heterogeneity-Aware Weighting Approach  

The findings demonstrate that HIVE Weighting provides an objective 

mechanism for translating differences in criterion characteristics into 

relative criterion importance. Unlike weighting procedures that 

primarily emphasize a single statistical property, HIVE combines the 

central tendency, absolute variability, and relative variability of 

normalized criterion values to construct a heterogeneity-based 

representation of each criterion. This formulation allows the weighting 

process to recognize that criteria may differ not only in their average 

performance but also in the degree and proportion of variation observed 

across alternatives. Such a design is consistent with the underlying 

concept of criterion heterogeneity, where differences in variability, 

distribution, discriminatory capability, and data behavior are treated 

as relevant information for objective weighting. 

The empirical weighting results further illustrate this 

characteristic. HIVE assigns weights of 0.1698, 0.1901, 0.2515, 0.1671, 

and 0.2215 to CM10, CM11, CM12, CM13, and CM14, respectively. CM12 

receives the largest weight, but its contribution is substantially lower 

than the values generated by Entropy, WENSLO, CRITIC, and MEREC, which 

assign 0.5769, 0.6025, 0.3744, and 0.4419, respectively. At the same 

time, HIVE provides relatively substantial contributions to the 

remaining criteria, particularly CM11 and CM14. This distribution 

suggests that the method does not allow one criterion to dominate the 

weighting structure solely because it exhibits a particular statistical 

characteristic. Instead, the resulting weights represent a more 

distributed interpretation of the information contained in the decision 

matrix. 

From a methodological perspective, this behavior is important 

because highly concentrated objective weights can cause subsequent MCDM 

rankings to become excessively dependent on a limited number of criteria. 

HIVE addresses this issue by incorporating multiple dimensions of 

criterion heterogeneity before producing the final normalized weights. 

The approach therefore provides an interpretable connection between the 

observed structure of the decision matrix and the resulting criterion 

importance. In this sense, HIVE extends objective weighting from simply 

measuring how much a criterion varies toward examining how different 
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characteristics jointly describe the informational behavior of a 

criterion. 

6.2. Comparative Analysis with Objective Weighting Methods  

The comparison with Entropy, WENSLO, LOGSTA, CRITIC, and MEREC 

reveals that HIVE generates a distinct weighting profile rather than 

reproducing the weighting tendencies of existing objective methods. 

Entropy and WENSLO strongly emphasize CM12, assigning more than half of 

the total weight to this criterion, while MEREC also gives CM12 a 

substantially dominant contribution. CRITIC produces a more distributed 

structure but still places CM12 as the most influential criterion. LOGSTA 

differs by assigning its largest weight to CM13. In contrast, HIVE 

distributes the weights more evenly across the five criteria, with CM12 

remaining the largest contributor at 0.2515, followed by CM14 at 0.2215 

and CM11 at 0.1901. 

This difference is theoretically meaningful because the weighting 

method directly affects how information from the decision matrix is 

transmitted to the subsequent ranking stage. Objective methods based 

primarily on entropy, dispersion, correlation, or information loss may 

respond strongly to a particular characteristic of the data. 

Consequently, a criterion with a pronounced statistical feature can 

receive a disproportionately large weight. HIVE instead evaluates 

heterogeneity through a combination of mean level, standard deviation, 

and relative variability. The resulting weighting structure can 

therefore be interpreted as a compromise between the magnitude of 

criterion performance and the extent to which that criterion 

differentiates alternatives. This provides a broader representation of 

criterion behavior than approaches that rely predominantly on one 

statistical dimension. 

The ranking results provide additional evidence that differences 

in objective weights do not necessarily translate into substantially 

different alternative rankings. When HIVE is integrated with SAW, MF-C, 

IH-C, CF-C, and SA-C occupy the first four positions, while RF-C, DG-C, 

AK-C, TR-C, SH-C, and GM-C follow in the subsequent positions. MOORA 

produces the same ordering despite generating different numerical 

preference values. Thus, the comparison indicates that HIVE can generate 

a distinct weighting structure while still producing a coherent 

alternative ordering when integrated with established MCDM procedures. 

6.3. Cross-MCDM Consistency of HIVE  

The consistency between SAW and MOORA provides evidence that the 

ranking outcomes are not strongly dependent on a single aggregation 

mechanism. Both methods produce an identical ordering of the ten 

candidates, with MF-C ranked first and GM-C ranked tenth, despite 

differences in their mathematical procedures and the resulting 

preference-value scales. SAW produces preference values ranging from 

0.9831 to 0.7487, whereas MOORA produces values from 0.3533 to 0.2654. 

The preservation of the same ordering despite these differences suggests 

that the ranking pattern is supported by the underlying performance 
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structure and HIVE-derived weights rather than being an artifact of one 

specific MCDM formulation. 

The sensitivity analysis provides a further perspective on this 

consistency. Under weight variations of ±0.05, ±0.10, ±0.15, and ±0.20, 

the ranking structures obtained through both SAW and MOORA exhibit only 

limited changes. MF-C and IH-C remain in the first and second positions, 

while SH-C and GM-C maintain their positions at the lower end of the 

ranking. The changes that do occur are concentrated mainly among middle-

ranked alternatives and appear only under particular perturbation 

scenarios. For SAW, changes are observed among CF-C, SA-C, RF-C, DG-C, 

AK-C, and TR-C, while MOORA exhibits similarly limited movements, 

particularly in the later sensitivity tests. 

The cross-method sensitivity evidence is particularly relevant 

because robustness in MCDM should not be interpreted solely as the 

absence of any rank change. Rather, a robust weighting structure should 

prevent reasonable perturbations in criterion importance from producing 

widespread or disproportionate changes in the decision outcome. In this 

study, the limited rank shifts across 37 sensitivity scenarios indicate 

that moderate and relatively large changes in criterion weights do not 

substantially disrupt the overall ranking structure. The consistency 

observed across SAW and MOORA therefore strengthens the interpretation 

that HIVE provides weights that are sufficiently stable for subsequent 

MCDM applications. 

6.4. Theoretical and Practical Implications  

The theoretical implication of the findings is that criterion 

heterogeneity can be operationalized as an explicit component of 

objective weighting rather than being treated only as a descriptive 

characteristic of the decision matrix. HIVE establishes a framework in 

which the average level, absolute dispersion, and relative variability 

of each criterion jointly contribute to its final importance. This 

extends the conceptual basis of objective weighting by recognizing that 

the informational contribution of a criterion may emerge from multiple 

statistical characteristics simultaneously. The approach is therefore 

aligned with the broader need for objective, heterogeneity-aware, 

adaptive, interpretable, and robust weighting mechanisms in MCDM. 

From a practical perspective, the results indicate that HIVE can 

be integrated with different MCDM methods without requiring 

modifications to the subsequent ranking procedures. The identical 

rankings produced by HIVE-SAW and HIVE-MOORA demonstrate that the 

weighting mechanism can be transferred across different aggregation 

frameworks while maintaining the same ordering in the examined case. 

This characteristic is useful for decision-support applications in which 

analysts may wish to verify whether conclusions remain consistent across 

alternative MCDM procedures rather than relying on a single ranking 

technique. 

The sensitivity results also have practical significance for 

decision-makers because criterion importance is rarely known with 

absolute certainty. The stability observed under systematic 
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perturbations indicates that the decision structure is not excessively 

dependent on precise weight specifications. Consequently, HIVE can 

provide a useful basis for decision environments where criteria exhibit 

heterogeneous data characteristics and where the relative importance of 

criteria may reasonably fluctuate. Nevertheless, the findings should be 

interpreted within the scope of the examined dataset and candidate-

selection context. Further validation using datasets with different 

numbers of alternatives, criterion types, distributions, and benefit-

cost configurations would be necessary to determine how consistently the 

observed properties of HIVE generalize across broader MCDM applications. 

 

VII. Conclusion 

This study concludes that HIVE Weighting provides a structured 

framework for incorporating heterogeneity into objective criterion 

weighting within MCDM. Rather than treating criteria through a single 

statistical characteristic, the approach establishes a unified weighting 

mechanism that reflects differences in the distributional 

characteristics of the decision data. This formulation strengthens the 

connection between the information contained in the decision matrix and 

the resulting criterion importance, while maintaining a relatively 

straightforward computational procedure. 

The proposed approach also contributes a complementary perspective 

to objective weighting research by treating heterogeneity as an explicit 

consideration in weight construction. Its formulation allows HIVE to be 

incorporated into established MCDM procedures without altering their 

underlying decision rules. This makes the method suitable as a weighting 

component rather than as a replacement for existing ranking techniques, 

allowing researchers and practitioners to retain familiar evaluation 

frameworks while adopting a heterogeneity-oriented weighting 

perspective. 

From a methodological standpoint, HIVE establishes a basis for 

further investigation into how differences among criteria can be 

represented more systematically in objective weighting. Future research 

can extend this direction by testing alternative formulations of 

heterogeneity, examining the behavior of the method across datasets with 

different structural characteristics, and investigating its 

applicability to larger and more diverse decision-making problems. Such 

extensions can help determine the broader scope of HIVE and further 

develop heterogeneity-aware weighting as a research direction in MCDM. 

 

 

CRediT Authorship Contribution Statement 

Nirwana Hendrastuty: Conceptualization, Methodology, Visualization, 

Writing – Original Draft Preparation. Aditia Yudhistira: Investigation, 

Writing – Original Draft Preparation, Writing – Review & Editing. Ari 

Sulistiyawati: Data Curation, Formal Analysis, Writing – Original Draft 

https://research.pilar.or.id/index.php/jodesma
https://doi.org/10.67449/jodesma.v1i3.14
https://research.pilar.or.id/index.php/jodesma/article/view/14
https://pilar.or.id/
https://research.pilar.or.id/index.php/jodesma


Volume 1 Number 3 July 2027, Available online: July 20, 2027. 

 

Journal of Decision Support Systems 

and Multi-Criteria Decision Making 

ISSN: 3164-7022 

 

 

 
Page 254-288 

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

DOI: https://doi.org/10.67449/jodesma.v1i3.14 

Copyright © 2026 by the authors.  

Article Link: https://research.pilar.or.id/index.php/jodesma/article/view/14  

286 

Preparation. Ahmad Ari Aldino: Validation, Visualization, Writing – 

Review & Editing. 

Declaration of Competing Interest 

The authors declare that they have no known competing financial interests 

or personal relationships that could have appeared to influence the work 

reported in this paper. 

Funding Statements 

The author(s) received no financial support for the research, authorship, and/or 

publication of this article. 

Data Availability 

The data used to support the findings of this study are available from 

the corresponding author upon request.  

Declaration of Generative AI and AI-assisted Technologies in The Writing 

Process 

The authors used Generative Artificial Intelligence to improve the 

writing clarity of this paper. They reviewed and edited the AI-assisted 

content and take full responsibility for the final publication. 

 

References 

[1] S. K. Sahoo and S. S. Goswami, “A Comprehensive Review of Multiple Criteria 

Decision-Making (MCDM) Methods: Advancements, Applications, and Future 

Directions,” Decis. Mak. Adv., vol. 1, no. 1, pp. 25–48, Dec. 2023, doi: 

10.31181/dma1120237. 

[2] D. Pamucar, V. Simic, Ö. F. Görçün, and H. Küçükönder, “Selection of the 

best Big Data platform using COBRAC-ARTASI methodology with adaptive 

standardized intervals,” Expert Syst. Appl., vol. 239, p. 122312, 2024, 

doi: 10.1016/j.eswa.2023.122312. 

[3] D. D. Trung, A. Ašonja, D. Van Duc, N. C. Bao, and N. H. Son, “Comparison 

of RAWEC and AROMAN Methods in Material Selection for Manufacturing or 

Maintenance,” in International Conference on Organization and Technology 

of Maintenance, 2025, pp. 190–200. doi: 10.1007/978-3-031-80597-4_15. 

[4] R. JeddouBen Jeddou, A. Ati, and P. Bouchet, “A Data-Driven Multi-criteria 

Framework for Recruiting Football Forwards Using CRITIC and TOPSIS,” Oper. 

Res. Forum, vol. 7, no. 3, p. 102, 2026, doi: 10.1007/s43069-026-00692-5. 

[5] A. Puška, D. Božanić, Z. Mastilo, and D. Pamučar, “Extension of MEREC-

CRADIS methods with double normalization-case study selection of electric 

cars,” Soft Comput., vol. 27, no. 11, pp. 7097–7113, 2023, doi: 

10.1007/s00500-023-08054-7. 

[6] A. Dutta, M. Banerjee, and R. Ray, “Socio-economic backwardness assessment 

modelling in different gram panchayats of Sali watershed using multi-

criteria based weighting and ranking methods,” GeoJournal, vol. 90, no. 

1, p. 28, 2025, doi: 10.1007/s10708-024-11276-3. 

[7] A. Katrancı, N. Kundakcı, and K. Arman, “Fuzzy SIWEC and Fuzzy RAWEC 

Methods for Sustainable Waste Disposal Technology Selection,” Spectr. 

Oper. Res., vol. 3, no. 1 SE-Articles, pp. 87–102, Apr. 2025, doi: 

10.31181/sor31202633. 

https://research.pilar.or.id/index.php/jodesma
https://doi.org/10.67449/jodesma.v1i3.14
https://research.pilar.or.id/index.php/jodesma/article/view/14
https://pilar.or.id/
https://research.pilar.or.id/index.php/jodesma
https://doi.org/10.31181/dma1120237
https://doi.org/10.1016/j.eswa.2023.122312
https://doi.org/10.1007/978-3-031-80597-4_15
https://doi.org/10.1007/s43069-026-00692-5
https://doi.org/10.1007/s00500-023-08054-7
https://doi.org/10.1007/s10708-024-11276-3
https://doi.org/10.31181/sor31202633


Volume 1 Number 3 July 2027, Available online: July 20, 2027. 

 

Journal of Decision Support Systems 

and Multi-Criteria Decision Making 

ISSN: 3164-7022 

 

 

 
Page 254-288 

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

DOI: https://doi.org/10.67449/jodesma.v1i3.14 

Copyright © 2026 by the authors.  

Article Link: https://research.pilar.or.id/index.php/jodesma/article/view/14  

287 

[8] P. Mandal, L. Mrsic, A. Kalampakas, T. Allahviranloo, and S. Samanta, 

“Pythagorean linguistic information-based green supplier selection using 

quantum-based group decision-making methodology and the MULTIMOORA 

approach,” Artif. Intell. Rev., vol. 58, no. 7, p. 199, 2025, doi: 

10.1007/s10462-025-11205-x. 

[9] K. Yu, Q. Wu, X. Chen, W. Wang, and A. Mardani, “An integrated MCDM 

framework for evaluating the environmental, social, and governance (ESG) 

sustainable business performance,” Ann. Oper. Res., vol. 342, no. 1, pp. 

987–1018, 2024, doi: 10.1007/s10479-023-05616-8. 

[10] I. Mukhametzyanov, “Specific character of objective methods for 

determining weights of criteria in MCDM problems: Entropy, CRITIC and SD,” 

Decis. Mak. Appl. Manag. Eng., vol. 4, no. 2, pp. 76–105, Oct. 2021, doi: 

10.31181/dmame210402076i. 

[11] S. Kousar, A. Ansar, N. Kausar, and G. Freen, “Multi-Criteria Decision-

Making for Smog Mitigation: A Comprehensive Analysis of Health, Economic, 

and Ecological Impacts,” Spectr. Decis. Mak. Appl., vol. 2, no. 1 SE-

Articles, pp. 53–67, Jan. 2025, doi: 10.31181/sdmap2120258. 

[12] Y. Liu, “A novel decision making approach based on Picture Hesitant Fuzzy 

Environment for optimizing art education strategies,” Sci. Rep., 2026, 

doi: 10.1038/s41598-026-48827-2. 

[13] E. Ibazebo, V. Savsani, A. Siddhpura, and M. Siddhpura, “Developing a 

Framework for Assessing Boat Collision Risks Using Fuzzy Multi-Criteria 

Decision-Making Methodology,” Journal of Marine Science and Engineering, 

vol. 13, no. 9. 2025. doi: 10.3390/jmse13091816. 

[14] P. Rani, A. R. Mishra, A. M. Alshamrani, A. F. Alrasheedi, and D. Pamucar, 

“Adoption of Smart Manufacturing Technologies in Small and Medium 

Enterprises Using Picture Fuzzy Combinative Distance-Based Assessment 

Model,” J. Knowl. Econ., 2025, doi: 10.1007/s13132-025-02693-x. 

[15] E. Roszkowska, “Entropy and Normalization in MCDA: A Data-Driven 

Perspective on Ranking Stability,” Entropy, vol. 28, no. 1. p. 114, 2026. 

doi: 10.3390/e28010114. 

[16] T. Gallozzi, F. Micangeli, D. Bricca, D. Groppi, and D. Astiaso Garcia, 

“Multi-Criteria Decision-Making for Distributed Renewable Energy Systems: 

A Review of Methods, Criteria Selection and Weighting Techniques,” 

Energies, vol. 19, no. 12. p. 2810, 2026. doi: 10.3390/en19122810. 

[17] M. S. Saidin, L. S. Lee, S. M. Marjugi, M. Z. Ahmad, and H.-V. Seow, “Fuzzy 

Method Based on the Removal Effects of Criteria (MEREC) for Determining 

Objective Weights in Multi-Criteria Decision-Making Problems,” 

Mathematics, vol. 11, no. 6, p. 1544, Mar. 2023, doi: 10.3390/math11061544. 

[18] S. Soyguder and G. G. Dinler, “Comparative Analysis of Robotic and 

Automatic Warehousing Systems with Fuzzy-Based Multi-Criteria Decision 

Making,” Int. J. Fuzzy Syst., 2026, doi: 10.1007/s40815-026-02249-4. 

[19] Do Duc Trung, Nazlı Ersoy, Tran Van Dua, Duong Van Duc, and Manh Thi Diep, 

“M-OPARA: A Modified Approach to the OPARA Method,” Decis. Mak. Appl. 

Manag. Eng., vol. 8, no. 1 SE-Regular articles, pp. 256–275, Feb. 2025, 

doi: 10.31181/dmame8120251334. 

[20] F. X. R. S. Wibowo and N. P. Pramesti, “A Systematic Literature Review of 

Hybrid Multi-Criteria Decision-Making and Technique for Order Preference 

by Similarity to Ideal Solution Methods for Construction Material Supplier 

Selection,” Civ. Sustain. Urban Eng., vol. 6, no. 1 SE-Review, p. 48−62, 

Feb. 2026, doi: 10.53623/csue.v6i1.918. 

[21] A. Ajithkumar and P. GaneshKumar, “A greener approach for selecting organic 

PCM in solar thermal collectors using the MCDM framework,” Sol. Energy, 

vol. 305, p. 114283, 2026, doi: 10.1016/j.solener.2025.114283. 

https://research.pilar.or.id/index.php/jodesma
https://doi.org/10.67449/jodesma.v1i3.14
https://research.pilar.or.id/index.php/jodesma/article/view/14
https://pilar.or.id/
https://research.pilar.or.id/index.php/jodesma
https://doi.org/10.1007/s10462-025-11205-x
https://doi.org/10.1007/s10479-023-05616-8
https://doi.org/10.31181/dmame210402076i
https://doi.org/10.31181/sdmap2120258
https://doi.org/10.1038/s41598-026-48827-2
https://doi.org/10.3390/jmse13091816
https://doi.org/10.1007/s13132-025-02693-x
https://doi.org/10.3390/e28010114
https://doi.org/10.3390/en19122810
https://doi.org/10.3390/math11061544
https://doi.org/10.1007/s40815-026-02249-4
https://doi.org/10.31181/dmame8120251334
https://doi.org/10.53623/csue.v6i1.918
https://doi.org/10.1016/j.solener.2025.114283


Volume 1 Number 3 July 2027, Available online: July 20, 2027. 

 

Journal of Decision Support Systems 

and Multi-Criteria Decision Making 

ISSN: 3164-7022 

 

 

 
Page 254-288 

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

DOI: https://doi.org/10.67449/jodesma.v1i3.14 

Copyright © 2026 by the authors.  

Article Link: https://research.pilar.or.id/index.php/jodesma/article/view/14  

288 

[22] C.-N. Wang, N.-A.-T. Nguyen, and T.-T. Dang, “Sustainable Evaluation of 

Major Third-Party Logistics Providers: A Framework of an MCDM-Based 

Entropy Objective Weighting Method,” Mathematics, vol. 11, no. 19. p. 

4203, 2023. doi: 10.3390/math11194203. 

[23] D. T. Do, “Assessing the Impact of Criterion Weights on the Ranking of the 

Top Ten Universities in Vietnam,” Eng. Technol. Appl. Sci. Res., vol. 14, 

no. 4, pp. 14899–14903, Aug. 2024, doi: 10.48084/etasr.7607. 

[24] Ö. Işık, M. Shabir, and S. Moslem, “A hybrid MCDM framework for assessing 

urban competitiveness: A case study of European cities,” Socioecon. Plann. 

Sci., vol. 96, p. 102109, 2024, doi: 10.1016/j.seps.2024.102109. 

[25] D. A. Megawaty et al., “DAM Weighting: A New Approach to Determining 

Criteria Weighting in Multi-Criteria Decision Making,” Evergreen, vol. 13, 

no. 2, pp. 788–800, 2026, doi: 10.5109/7432655. 

[26] S. Bektaş, “Financial Performance Ranking With A New Hybrid Decision Making 

Model: Application Of The CRISUS-RAWEC Hybrid Model For The Reinsurance 

Industry,” Gümüşhane Univ. J. Soc. Sci., vol. 17, no. 1, pp. 233–249, 

2026. 

[27] Z. Xiang and X. Zhang, “An integrated decision support system for supplier 

selection and performance evaluation in global supply chains,” Appl. Soft 

Comput., vol. 180, p. 113325, 2025, doi: 10.1016/j.asoc.2025.113325. 

[28] S. Hashemkhani Zolfani, “Objective Weighting in MCDM: A Comparative Study 

of CRITIC, ITARA, MEREC, and Beyond,” Decis. Mak. Artif. Intell. Trends, 

vol. 1, no. 1, pp. 105–120, 2024, doi: 10.22034/dmait.2024.488347.1007. 

[29] M. N. Dwi Satria, E. R. Susanto, Setiawansyah, S. Maryana, and P. 

Palupiningsih, “Modification of Grey Relational Analysis for Dynamic 

Criteria Weighting in Decision-Making Systems,” IIUM Eng. J., vol. 26, no. 

2, pp. 187–203, May 2025, doi: 10.31436/iiumej.v26i2.3494. 

[30] Desyanti, Tri Handayani, Febrina Sari, Dewi Anjani, Kelik Sussolaikah, and 

Ade Dwi Putra, “A New Approach to Weight Allocation in Multi-Objective 

Optimization on the Basis of Ratio Analysis (MOORA) for Fair Decision 

Making,” Evergreen, vol. 12, no. 2, pp. 1226–1237, Jun. 2025, doi: 

10.5109/7363506. 

[31] S. Dündar, “Prioritizing the Regional Preferences of Turkish Investors 

Regarding Foreign Direct Investment by ARLON Method,” Konya J. Eng. Sci., 

vol. 13, no. 3, pp. 927–946, 2025, doi: 10.36306/konjes.1648279. 

[32] Z. Stevic, A. Ulutas, A. Topal, D. Marinkovic, and S. Cavoski, “A New 

Objective Method for Determining Criteria Weights in MCDM Models–Logsta,” 

Int. J. Simul. Model., vol. 24, no. 4, 2025, doi: 10.2507/IJSIMM24-4-738. 

[33] M. Vladimir, Stajić Ljubiša, Mitrović Goran, Novarlić Boris, and Radojičić 

Zoran, “A Novel Integrated Subjective-Objective MCDM Model for Alternative 

Ranking in Order to Achieve Business Excellence and Sustainability,” 

Symmetry (Basel)., vol. 12, no. 1, p. 164, Jan. 2020, doi: 

10.3390/sym12010164. 

[34] D. Kumar Behera and S. Beura, “Supplier selection for an industry using 

MCDM techniques,” Mater. Today Proc., vol. 74, pp. 901–909, 2023, doi: 

10.1016/j.matpr.2022.11.291. 

[35] M. Bharadwaj. L, R. Sankargupta, R. Madurai Elavarasan, E. Devaraj, and 

A. Nandagopal, “Multi-Criteria Decision Analysis framework: Transitioning 

from coal to Large-Scale Photovoltaics in Australia for achieving SDG 7,” 

Appl. Energy, vol. 405, p. 127208, 2026, doi: 

10.1016/j.apenergy.2025.127208. 

[36] R. M. Faisal and Z. N. Shehab, “A Spatial Decision-Support Approach to 

Identifying Optimal Sites for Rainwater Harvesting,” Trans. GIS, vol. 30, 

no. 1, p. e70178, Feb. 2026, doi: 10.1111/tgis.70178. 

https://research.pilar.or.id/index.php/jodesma
https://doi.org/10.67449/jodesma.v1i3.14
https://research.pilar.or.id/index.php/jodesma/article/view/14
https://pilar.or.id/
https://research.pilar.or.id/index.php/jodesma
https://doi.org/10.3390/math11194203
https://doi.org/10.48084/etasr.7607
https://doi.org/10.1016/j.seps.2024.102109
https://doi.org/10.5109/7432655
https://doi.org/10.1016/j.asoc.2025.113325
https://doi.org/10.22034/dmait.2024.488347.1007
https://doi.org/10.31436/iiumej.v26i2.3494
https://doi.org/10.5109/7363506
https://doi.org/10.36306/konjes.1648279
https://doi.org/10.2507/IJSIMM24-4-738
https://doi.org/10.3390/sym12010164
https://doi.org/10.1016/j.matpr.2022.11.291
https://doi.org/10.1016/j.apenergy.2025.127208
https://doi.org/10.1111/tgis.70178

