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Abstract 

This paper proposes an integrated Expert Criteria Selection and Weighting (ECSW) model for expert-based criteria 

evaluation, selection, and weighting in multi-criteria decision-making (MCDM). The model is designed to preserve the 

expert-driven nature of the decision process while reducing the cognitive burden and potential inconsistency associated 

with pairwise comparisons and criteria ranking. It integrates four components: statistical criteria selection, assessment 

of the informativeness of expert ratings, determination of criteria weights based on their relative importance and rating 

stability, and sensitivity analysis. Candidate criteria with below-average ratings are evaluated by testing whether their 

expert-specific deviations from the experts’ average rating patterns are significantly below zero, using a one-sided one-

sample t-test followed by the Holm–Bonferroni correction for multiple comparisons. The final weights are obtained by 

adjusting equal base weights according to the relative importance of each criterion and the dispersion of expert ratings. 

Model stability is examined using a leave-one-expert-out procedure and Pearson and Spearman correlation coefficients. 

The weighting procedure was preliminarily verified against results obtained using the Ordinal Priority Approach. A 

strong agreement was observed for both criteria weights (r = 0.956) and rankings (ρ = 0.929), with p < 0.001 in both 

cases. The two models also identified the same ten highest-ranked criteria, although some differences occurred in their 

ordering. The ECSW model is particularly suitable for decision problems involving a large number of criteria for which 

conventional pairwise-comparison or ranking-based procedures may be difficult to apply. A supplementary ECSW 

implementation tool is provided to facilitate practical application and reproducibility. 
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1. Introduction 

Criteria weighting represents one of the fundamental 

methodological issues in multi-criteria decision-making 

(MCDM), as the manner in which criteria are evaluated 

directly influences the interpretation of their importance, 

the final results of the analysis, and the selection of the 

optimal alternative. In many application domains, 

decision-makers are faced with a large number of criteria 

that do not contribute equally to the decision problem. 

A wide range of models for determining criteria 

weights has been developed in the literature. These 

models generally rely on expert evaluations, 

mathematical and statistical characteristics of the 

available data, or a combination of subjective and 

objective information. Review studies indicate that the 

field of criteria weighting is methodologically well 

established and encompasses numerous classical and 

contemporary approaches, with the choice of weighting 

model having a direct impact on the reliability of decision 
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outcomes [1], [2], [3]. Subjective weighting models [4] 

incorporate expert knowledge and contextual 

understanding of the problem through pairwise 

comparisons, criteria ranking, or other forms of relative 

evaluation. In contrast, objective weighting models [5] 

determine criteria weights based on the statistical 

properties of the decision data. Their application is 

particularly appropriate when a reliable decision matrix is 

available, alternatives are clearly defined, and measurable 

performance values exist for each criterion. However, in 

decision problems where quantitative performance data 

cannot be reliably established or a decision matrix cannot 

yet be constructed, objective weighting methods cannot 

be directly applied. 

A particular challenge arises in decision problems 

involving a large number of criteria while preserving the 

expert-driven nature of the evaluation process [6]. Under 

these conditions, pairwise comparison of criteria becomes 

impractical, whereas complete ranking is often difficult, 

especially when criteria exhibit similar levels of 

importance or when experts do not share a clear consensus 

regarding their relative priorities. 

Motivated by these challenges, this study proposes an 

integrated model for the expert-based evaluation, 

selection, and weighting of relevant criteria. Unlike 

approaches that rely on pairwise comparisons [7] or 

criteria ranking [8], the proposed model requires experts 

to evaluate each criterion independently with respect to 

the decision problem using a predefined numerical rating 

scale. This preserves the expert-driven nature of the 

evaluation process while simplifying data collection and 

reducing the cognitive burden and risk of inconsistent 

judgments, particularly when a large number of criteria 

are involved. 

The objective of this study is to develop a 

methodologically straightforward, statistically supported, 

and computationally efficient model for expert-based 

criteria weighting. Its main contribution lies in integrating 

direct expert ratings, analysis of each criterion’s deviation 

from the overall mean, statistical criteria selection, 

assessment of the informativeness of expert evaluations, 

weight determination based on both relative importance 

and rating stability, and sensitivity analysis of the final 

results. Expert ratings are therefore used not only to 

calculate criteria weights but also to determine whether 

the collected evaluations provide sufficient differentiation 

among criteria and whether the resulting weights and 

rankings remain stable. In this way, the model combines 

the simplicity of direct expert ratings with a level of 

statistical support that is generally absent from 

approaches based solely on pairwise comparisons, criteria 

ranking, or direct weight calculation. The model produces 

a statistically supported set of retained criteria, their 

corresponding weights, and an assessment of result 

stability. To support practical application and 

reproducibility, an implementation-ready tool for 

applying the Expert Criteria Selection and Weighting 

(ECSW) model is provided alongside the article. 

The remainder of the paper is organized as follows. 

Section 2 reviews the relevant literature on criteria-

weighting models. Section 3 presents the methodological 

framework of the proposed ECSW model. Section 4 

provides its preliminary component-wise verification 

using numerical examples from the literature. Section 5 

discusses the obtained results. Section 6 outlines the 

study’s limitations and directions for future research, 

while Section 7 presents the main conclusions. 

 

2. Literature Review 

In response to the need for more reliable representation 

of criteria importance, a large number of criteria 

weighting models have been developed over the past 

decades, differing in terms of their information sources, 

the manner in which evaluations are collected, and the 

procedures used to derive criteria weights. In the 

literature, criteria weighting models are commonly 

classified into subjective, objective, and integrated 

approaches [1], [2]. Each of these groups exhibits specific 

advantages and limitations regarding ease of application, 

expert requirements, consistency of judgments, and the 

reliability of the resulting weights. 

Subjective criteria weighting approaches are based on 

expert judgments regarding the relative importance of 

criteria. Information on decision-makers’ preferences is 

obtained through direct rating, point allocation, criteria 

ranking, or pairwise comparisons. Among the most 

widely used methods in this group are the Analytic 

Hierarchy Process (AHP), Fuzzy Analytic Hierarchy 



Science, Engineering and Technology  Vol. 6, No. S1, pp. 119-144 

 

 

121 

 

Process (FAHP), Best–Worst Method (BWM), and Full 

Consistency Method (FUCOM). Although all these 

methods rely on expert preference information, their 

elicitation requirements differ considerably. AHP and 

FAHP require a complete pairwise comparison matrix, 

which results in a rapidly increasing number of judgments 

as the number of criteria grows. BWM reduces this 

requirement by focusing on comparisons involving the 

best and worst criteria. FUCOM further simplifies the 

procedure by first ranking the criteria and then requiring 

only n−1 comparisons between adjacent criteria in the 

established ranking. Therefore, a large number of required 

judgments should not be considered a limitation of 

FUCOM. Its main elicitation requirement is the 

establishment of a complete criteria ranking and the 

assessment of comparative priorities between adjacent 

criteria. Nevertheless, establishing a complete ranking 

may become cognitively demanding when a large number 

of criteria with similar levels of importance is considered 

[9], [10], [11]. To reduce the number of required 

judgments and alleviate experts' cognitive burden, several 

approaches that do not rely on conventional pairwise 

comparisons have been proposed. One such model is the 

Ordinal Priority Approach (OPA), in which criteria 

weights are determined based on the ranking of criteria 

without constructing pairwise comparison matrices [12]. 

This simplifies the data collection process and reduces the 

cognitive effort required from experts. However, the 

model still requires experts to establish a complete 

ranking of criteria according to their importance, as well 

as to rank the participating experts. 

A similar objective of simplifying the weighting 

process is pursued by the Fuzzy Weighted Zero 

Inconsistency Criterion (FWZIC) model. Unlike 

approaches based on pairwise comparisons or criteria 

ranking, FWZIC allows experts to evaluate the 

importance of each criterion independently, without 

directly comparing criteria with one another [13]. This 

eliminates the inconsistency problem characteristic of 

comparison-based models while simultaneously reducing 

experts' cognitive burden and simplifying the weighting 

procedure. Since FWZIC is a fuzzy-based approach, 

expert evaluations are transformed into fuzzy numbers, 

introducing an additional layer of methodological 

complexity into the weight calculation process. 

Among subjective weighting models, the Criteria 

Importance through Intercriteria Correlation and 

Management by Assessment Scores (CIMAS) model also 

deserves attention. In this approach, criteria importance is 

determined using direct expert evaluations while 

additionally weighting experts according to their 

professional experience. Experts assess each criterion 

using a numerical scale from 1 to 10, whereas the weight 

assigned to each expert depends on the number of years 

of experience in the relevant domain. This approach 

preserves the simplicity of direct criteria evaluation while 

acknowledging the assumption that the judgments of 

more experienced experts should have a greater influence 

on the final criteria weights [14].  Overall, the review of 

subjective weighting models confirms the central role of 

expert knowledge in multi-criteria decision analysis while 

simultaneously highlighting the need for more robust, 

consistent, and methodologically simpler frameworks for 

collecting and processing expert evaluations [4]. 

Unlike subjective approaches, objective weighting 

models derive criteria weights directly from the decision 

matrix without relying on expert judgments. Classical 

objective models include Entropy, Criteria importance 

through intercriteria correlation (CRITIC), and the 

standard deviation model, whereas more recent 

developments include Method based on the Removal 

Effects of Criteria (MEREC), Centroidous, Integrated 

determination of objective criteria weights (IDOCRIW), 

Logarithmic normalization and standard deviation 

(LOGSTA), and various modified statistical approaches 

[5], [15], [16]. 

The MEREC introduces the original concept of 

measuring criterion importance according to the impact of 

removing a criterion on the performance of alternatives. 

Criteria weights are therefore determined from the 

changes observed in the overall performance of 

alternatives . Fuzzy MEREC extends this concept to 

uncertain and linguistic data by employing fuzzy 

numbers, enabling its application under conditions of 

imprecise information while demonstrating stable 

weighting results even in the presence of outliers [9], [17]. 

A more recent development in objective criteria 

weighting is the LOGSTA method. LOGSTA determines 

criteria weights directly from quantitative data by 
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combining logarithmic normalization with the standard 

deviation of normalized criterion values. The method 

applies separate logarithmic normalization procedures for 

benefit and cost criteria, thereby explicitly accounting for 

criterion orientation. The resulting normalized values and 

their variability are subsequently used to derive the final 

objective criteria weights [18]. 

Several studies have critically examined the Entropy, 

CRITIC, and related objective weighting models, 

demonstrating that the resulting criteria weights may be 

highly sensitive to the normalization procedure, 

probability estimation, the structure of the decision 

matrix, and other methodological assumptions [5], [19]. 

Consequently, the literature increasingly proposes 

modified versions of existing models, integrated 

weighting approaches, and additional stability analyses. 

Comparative studies further indicate that different 

objective models, such as Entropy, MEREC, Logarithmic 

percentage change-driven objective weighting 

(LOPCOW), and CRITIC, often produce similar rankings 

of alternatives despite differences in the calculated criteria 

weights and optimal parameter settings. Therefore, many 

authors recommend validating the stability of the obtained 

results and examining the correlation between ranking 

outcomes [20], [21], [22], [23]. 

Integrated weighting approaches aim to combine the 

advantages of subjective and objective models by 

incorporating both expert knowledge and the 

mathematical and statistical characteristics of the 

available data. Such approaches may improve the 

robustness of the obtained results; however, they are 

generally more methodologically complex and primarily 

focus on combining multiple information sources to 

derive the final criteria weights. In many cases, integrated 

approaches do not fully address the issue of simplifying 

the collection of expert evaluations, nor do they 

necessarily incorporate statistical criteria selection, 

assessment of the statistical significance of differences 

between criteria, or evaluation of expert agreement. 

Although integrated approaches combine the strengths 

of subjective and objective weighting models, they do not 

necessarily incorporate statistical criteria selection as an 

integral part of the weighting procedure, nor do they 

consistently assess the informativeness and stability of 

expert ratings. In a systematic review of 62 MCDM 

studies, Theunissen et al. [24] found that most studies do 

not employ a formalized procedure for criteria selection. 

Instead, criteria are typically adopted from previous 

literature or determined through expert judgment without 

appropriate validation. The authors specifically 

emphasize the need for integrated approaches that 

combine criteria selection and validation in order to 

improve the reliability of MCDM models. In existing 

research, this issue is most commonly addressed through 

separate preliminary criteria selection models, such as the 

Fuzzy Delphi Method, followed by the application of 

appropriate MCDM techniques to determine the weights 

of the selected criteria [25]. Statistical models constitute 

an important approach for analyzing and validating expert 

evaluations collected during the decision-making process. 

Their application depends on the characteristics of the 

collected data, the measurement scale used for expert 

evaluations, the number of experts involved, and the 

objectives of the statistical analysis. Accordingly, a 

variety of statistical procedures have been employed in 

the literature to assess expert agreement, validate expert 

judgments, examine the statistical significance of 

differences between criteria, and identify redundant 

criteria prior to applying MCDM models. For example, 

Chiclana et al. [26] applied the Wilcoxon matched-pairs 

signed-rank test to examine whether different similarity 

measures used to quantify consensus in group decision-

making produce statistically different results. 

Mohammadi et al. [27] developed a Bayesian version of 

the Wilcoxon signed-rank test to determine whether 

differences between the weights of two criteria, derived 

from a group of expert evaluations, are statistically 

significant. In addition to the Bayesian Wilcoxon test, the 

authors also considered the application of the Bayesian t-

test and the Bayesian Sign test (beta-binomial conjugate) 

for comparing criteria weights. Furthermore, Yurdakul 

and İç [28] proposed the use of a correlation test to 

identify and eliminate redundant criteria before applying 

MCDM models. These studies demonstrate that different 

statistical procedures serve different purposes depending 

on the characteristics of expert evaluations and the 

objectives of the analysis, including validation of expert 

judgments, assessment of expert agreement, comparison 

of criteria, and elimination of redundant criteria. 
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To better position the proposed Expert Criteria 

Selection and Weighting (ECSW) model with respect to 

existing weighting models, Table 1 presents a 

comparative overview of representative subjective and 

objective approaches. The comparison considers the type 

of model, the basis for determining criteria weights, the 

requirement for pairwise comparisons or criteria ranking, 

and their suitability for decision-making problems 

involving a large number of criteria. The comparative 

overview demonstrates that the proposed ECSW model 

occupies a distinct position among existing criteria 

weighting models. Compared with pairwise comparison-

based approaches, the proposed model reduces the 

number of expert judgments required and consequently 

lowers the risk of inconsistent evaluations. 

 

Table 1. Comparative overview of selected criteria weighting models. 

Model 
Model 

Type 

Basis for Criteria Weight 

Determination 

Pairwise 

Comparison/ 

Ranking 

Suitability for a Large Number of Criteria 

AHP Subjective 
Expert pairwise comparisons of 

criteria 
Yes 

Limited, as the number of pairwise 

comparisons increases rapidly with the 

number of criteria 

FAHP Subjective 
Fuzzy expert pairwise 

comparisons of criteria 
Yes 

Limited due to the additional complexity 

introduced by fuzzy evaluations 

BWM Subjective 

Expert comparisons of the best 

and worst criteria with all 

remaining criteria 

Yes 

Relatively suitable; requires fewer 

comparisons than AHP but still relies on 

pairwise comparisons 

FUCOM Subjective 

Expert ranking of criteria and 

comparison of priorities between 

adjacent criteria 

Yes 

Suitable, as it requires only n-1 comparisons 

and follows a relatively simple procedure, 

although an initial ranking of criteria must be 

established 

OPA Subjective 
Ranking of criteria, alternatives, 

and experts 
Yes 

Relatively suitable, as it does not require 

pairwise comparisons, but it requires a 

complete ranking 

FWZIC Subjective 
Direct fuzzy expert evaluations of 

criteria 
No 

Suitable because it does not require pairwise 

comparisons or ranking, although it involves 

fuzzy transformation 

CIMAS Subjective 

Direct expert evaluations of 

criteria with expert weighting 

based on experience 

No 
Suitable because it relies on direct evaluation 

of criteria 

Entropy Objective 
Performance values of 

alternatives in the decision matrix 
No 

Depends on the availability of a complete 

and reliable decision matrix 

CRITIC Objective 

Criteria variability and inter-

criteria correlation within the 

decision matrix 

No 
Depends on the availability of a complete 

and reliable decision matrix 

MEREC Objective 
Effect of criterion removal on the 

performance of alternatives 
No 

Depends on the availability of a complete 

and reliable decision matrix 

LOGSTA Objective 

Logarithmic normalization of 

decision-matrix values combined 

with standard deviation 

No 

Depends on the availability of a complete 

and reliable decision matrix; accommodates 

both benefit and cost criteria 

Centroidous Objective 
Statistical characteristics of 

alternative performance values 
No 

Depends on the availability of a complete 

and reliable decision matrix 

IDOCRIW Objective 

Combination of objective 

information derived from the 

decision matrix 

No 
Depends on the availability of a complete 

and reliable decision matrix 

Proposed 

ECSW 

Model 

Subjective 
Direct expert evaluations of 

criteria using an interval scale 
No 

Suitable for problems involving a large 

number of criteria 



Science, Engineering and Technology  Vol. 6, No. S1, pp. 119-144 

 

 

124 

 

In contrast to ranking-based models, it does not require 

the establishment of a complete ranking of criteria, which 

is particularly advantageous when dealing with a large 

number of criteria or when the criteria exhibit similar 

levels of importance. Unlike objective weighting models, 

the proposed model can be applied even when the 

alternatives and the decision matrix have not yet been 

defined, as it relies solely on expert ratings of criteria 

importance. 

Furthermore, its distinguishing feature lies in the fact 

that expert ratings are not used exclusively for calculating 

criteria weights but are also subjected to statistical 

processing through criteria selection, assessment of the 

informativeness of expert ratings, and analysis of the 

stability of the obtained results.  

The review of existing models indicates that each 

group of criteria weighting models offers specific 

advantages but also suffers from inherent limitations. 

Despite the considerable development of weighting 

techniques, relatively few approaches simultaneously 

provide a simple expert ratings procedure without 

requiring pairwise comparisons or complete criteria 

ranking while also incorporating statistical evaluation of 

the collected expert ratings. In particular, comparatively 

few methodological models explicitly integrate statistical 

criteria selection, assessment of the informativeness of 

expert ratings, stability-adjusted weighting, and 

sensitivity analysis within a single expert-based 

procedure. This comparatively limited methodological 

integration constitutes the primary motivation for 

developing the Expert Criteria Selection and Weighting 

(ECSW) model proposed in this study. 

 

3. The Proposed ECSW Model 

This section presents an integrated model for the 

expert-based selection of relevant criteria and the 

determination of their corresponding weights. In this 

study, the term integrated refers to the combination of 

expert-based evaluation, statistical criteria selection, 

informativeness assessment, weight determination, and 

sensitivity analysis within a single procedural framework. 

It does not refer to the combination of subjective and 

objective weighting information, according to its source 

of input data, the ECSW model remains an expert-based 

subjective weighting model. The fundamental assumption 

of the proposed model is that experts evaluate each 

criterion independently with respect to the decision 

problem using a predefined rating scale, without the need 

to perform pairwise comparisons or establish a complete 

ranking of criteria according to their importance. 

The proposed model is based on the overall mean of 

all expert ratings for the initial set of criteria. Each 

criterion is subsequently evaluated according to the 

relationship between its average score and the overall 

mean of the evaluated criteria set. Criteria with average 

scores above the overall mean are assigned greater 

relative importance, whereas criteria with average scores 

below the overall mean are assigned lower relative 

importance and are further subjected to statistical testing 

to assess whether they should be excluded from 

subsequent analysis. In this way, the proposed ECSW 

model provides a comprehensive framework for the 

statistical processing of expert ratings. The final output of 

the model consists of a statistically supported set of 

retained criteria with their corresponding weights, an 

interpretation of the differences between criteria, and an 

assessment of the stability of the obtained results.  

The overall implementation procedure of the proposed 

model can be described through a sequence of 

interconnected steps. The process begins with the 

definition of the initial set of criteria and the reference 

rating scale, followed by expert ratings of the criteria. 

Subsequently, the relative position of each criterion with 

respect to the overall mean of the expert ratings is 

determined, statistical criteria selection is performed, the 

retained set of criteria is established, the informativeness 

of the retained criteria set is assessed, the final criteria 

weights are calculated, and a sensitivity analysis is 

conducted.  

The complete workflow of the proposed ECSW model 

is illustrated in the flowchart shown in Figure 1, while a 

detailed description of each step is provided in the 

following subsections. To support practical 

implementation of the proposed procedure, an 

implementation-ready ECSW tool is provided alongside 

the article. 
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1. Definition of the initial set of criteria and the reference scale

Forming the initial set of criteria and defining the scale for expert rating

2. Expert rating of criteria

Experts rate each criterion individually in relation to the research subject

3. Determination of the relative importance factor

Position of each criterion relative to the overall mean

4. Statistical                     

selection of criteria

Eliminate criterion?

Criterion is 

eliminated

YES

5. Creation of the final set of criteria

Forming the retained set of criteria after elimination

NO

7.1. Determination of 

differentiated weights based on 

relative importance and stability

Sufficient informativeness

7.2. Determination of equal criteria 

weights

Low informativeness

8. Sensitivity analysis of 

results

Unstable results

Elimination conditions:

-Negative relative importance factor

-Deviation is statistically significant 

(Single sample t-test and Holm–

Bonferroni correction)

-No clear theoretical or practical 

justification for retaining it

-Relative deviation expressed in 

percentage (assessment of deviation 

from the overall mathematical 

expectation)

-Author-defined threshold, e.g. 10%

Leave-one-expert-out analysis

-Weight stability check: Pearson s 

correlation coefficient

-Ranking stability check: 

Spearman s correlation coefficient

Model results 

Final set of criteria 

and corresponding 

weights

Stable results

6. Assessment of the 

informativeness of expert 

ratings

 

Figure 1. Flowchart of the proposed ECSW model. 
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Step 1 – Definition of the Initial Criteria Set and the 

Reference Rating Scale 

The first step involves defining the initial set of criteria. 

The criteria are identified based on the theoretical 

framework, previous research, practical experience, 

regulatory or professional guidelines, and the specific 

characteristics of the decision problem under 

consideration. This step is particularly important because 

the initial set of criteria does not necessarily represent the 

final set of criteria. The proposed ECSW model allows 

expert ratings to confirm, weaken, or effectively eliminate 

the importance of individual criteria during the 

subsequent analysis. After defining the criteria, a 

reference numerical interval scale is established for expert 

ratings. The rating scale should be adapted to the specific 

decision problem, since experts do not assess criteria in an 

abstract sense but rather evaluate the magnitude of their 

influence on the problem being analyzed. The proposed 

model is not restricted to a predefined rating scale and 

supports the use of various rating scales, such as 1–5, 1–

7, 1–9, 1–10, or any other interval scale, provided that the 

intervals between consecutive values are equal and that 

the values increase from the lowest to the highest level of 

importance. This assumption allows expert ratings to be 

treated as interval data, thereby justifying the application 

of descriptive statistical measures, including the 

arithmetic mean, standard deviation, and coefficient of 

variation, in the process of criteria analysis and 

evaluation. 

 

Step 2 – Expert Ratings of Criteria 

In the second step, experts evaluate each criterion 

independently according to the importance of its influence 

on the decision problem, without performing pairwise 

comparisons between criteria. The score assigned by 

expert j to criterion i is denoted as 𝐴𝐸𝑖𝑗. Based on these 

evaluations, the expert rating matrix is constructed as 

follows: 

 𝐴𝐸 = [

𝐴𝐸11 𝐴𝐸12 ⋯ 𝐴𝐸1𝑚

𝐴𝐸21 𝐴𝐸22 ⋯ 𝐴𝐸2𝑚

⋮ ⋮ ⋱ ⋮
𝐴𝐸𝑛1 𝐴𝐸𝑛2 ⋯ 𝐴𝐸𝑛𝑚

] (1) 

where n denotes the number of criteria and m denotes 

the number of experts. 

Step 3 – Determination of the Relative Importance 

Factor of Each Criterion with Respect to the Overall 

Mean of Expert Ratings 

After constructing the expert ratings matrix, the next 

step is to determine the relative position of each criterion 

with respect to the overall mean of the expert ratings. The 

purpose of this step is to identify whether a given criterion 

has been evaluated as being above, below, or at the 

average level of importance within the entire set of 

criteria. First, the overall mean of all expert ratings is 

calculated as follows: 

 𝐴𝐸̅̅ ̅̅ =
1

𝑛 ∗ 𝑚
∑ ∑ 𝐴𝐸𝑖𝑗

𝑚

𝑗=1

𝑛

𝑖=1

 (2) 

The value of 𝐴𝐸̅̅ ̅̅  represents the overall mean level of 

importance assigned by the experts to the criteria in the 

decision problem under consideration. Subsequently, the 

mean expert ratings for each criterion, denoted by 𝐴𝐸𝑖
̅̅ ̅̅ ̅ is 

calculated as follows: 

 𝐴𝐸𝑖
̅̅ ̅̅ ̅ =

1

𝑚
∑ 𝐴𝐸𝑖𝑗

𝑚

𝑗=1

 (3) 

Based on the relationship between the mean expert 

ratings of each criterion and the overall mean of all expert 

ratings, the relative importance factor of each criterion 

(𝑀𝐽𝑖) is determined as follows: 

 𝑀𝐽𝑖 =
𝐴𝐸𝑖
̅̅ ̅̅ ̅

𝐴𝐸̅̅ ̅̅
 (4) 

The relative importance factor indicates the position of 

each criterion with respect to the overall mean expert 

ratings of all criteria. If 𝑀𝐽𝑖 > 1, the criterion has been 

evaluated above the overall mean, indicating that experts 

consider it to be more important than the average criterion 

within the evaluated set. Conversely, if 𝑀𝐽𝑖 < 1 , the 

criterion has been evaluated below the overall mean, 

indicating a lower level of relative importance. The 

overall mean is used as an internal, set-dependent 

reference point rather than as an absolute threshold of 

criterion relevance. Therefore, the relative position of a 

criterion depends on the composition of the initial criteria 

set, which should be theoretically justified, sufficiently 
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comprehensive, and appropriately aligned with the 

decision problem. 

To facilitate further interpretation, both the absolute 

deviation (𝐷𝑖) and the relative percentage deviation (𝑅𝐷𝑖) 

from the overall mean are calculated as follows: 

 𝐷𝑖 = 𝐴𝐸𝑖
̅̅ ̅̅ ̅ − 𝐴𝐸̅̅ ̅̅  (5) 

 𝑅𝐷𝑖 = (𝑀𝐽𝑖 − 1) ∗ 100  (6) 

The absolute deviation indicates the extent to which 

the mean evaluation of an individual criterion differs from 

the overall mean of the evaluated criteria set, whereas the 

relative percentage deviation expresses the magnitude of 

this difference relative to the overall mean. This step 

provides the basis for the subsequent stages of the 

proposed ECSW model, as criteria selection, assessment 

of the informativeness of expert ratings, and criteria 

weighting are all derived from the deviation of each 

criterion's mean evaluation from the overall mean of the 

complete set of expert ratings. 

 

Step 4 – Statistical Criteria Selection and Formation 

of the Final Criteria Set 

Following the determination of the relative importance 

factor of each criterion, a statistical criteria selection 

procedure is performed. The purpose of this step is to 

exclude from further analysis those criteria that can be 

statistically and substantively demonstrated to exhibit a 

significantly lower level of expert-assessed importance. 

The relative importance factor 𝑀𝐽𝑖 serves as the initial 

criterion for the selection procedure. Criteria for which 

𝑀𝐽𝑖 ≥ 1 are retained for further analysis, as their mean 

evaluations are equal to or greater than the overall mean 

of the expert ratings. In contrast, criteria with 𝑀𝐽𝑖 < 1 are 

identified as candidate criteria for potential elimination. It 

should be emphasized that the relative deviation from the 

overall criterion-set mean is used only to identify 

candidate criteria for further assessment. These criteria 

are subjected to additional statistical evaluation because, 

although their mean evaluations indicate a negative 

deviation from the overall mean, being below the overall 

mean alone does not constitute sufficient evidence for 

their exclusion. For each candidate criterion, an expert-

specific centred deviation is calculated by comparing the 

individual expert rating of that criterion with the same 

expert’s mean rating of all remaining criteria. This 

procedure accounts for differences in experts' rating 

behavior, recognizing that some experts systematically 

assign higher scores, whereas others tend to provide lower 

evaluations. The deviation (𝛿𝑖𝑗) is calculated as follows:  

𝛿𝑖𝑗 = 𝐴𝐸𝑖𝑗 − 𝐴𝐸̅̅ ̅̅
−𝑖𝑗 = 𝐴𝐸𝑖𝑗 −

1

𝑛 − 1
∑ 𝐴𝐸𝑘𝑗

𝑛

𝑘=1
𝑘≠𝑖

 (7) 

where 𝐴𝐸̅̅ ̅̅
−𝑖𝑗  denotes the mean score assigned by 

expert j to all criteria except criterion i. The value of 𝛿𝑖𝑗 

indicates whether expert j evaluated the candidate 

criterion i above or below their own average evaluation 

pattern. Excluding criterion i from expert j’s reference 

mean prevents the rating being tested from contributing to 

its own comparison value and provides an expert-specific 

centred deviation. 

Since the reference scale adopted in the proposed 

ECSW model is defined as a numerical interval scale with 

equal intervals between consecutive values, expert ratings 

are treated as interval data. This assumption is consistent 

with the mathematical framework of the proposed model. 

Accordingly, the statistical selection of candidate criteria 

is performed using a one-sided one-sample t-test [29] 

applied to the values of 𝛿𝑖𝑗. For each candidate criterion, 

the test examines whether the mean deviation of its expert 

ratings is statistically significantly less than zero. The null 

hypothesis assumes that the mean deviation of the 

candidate criterion is not negative, indicating that the 

criterion has not been systematically evaluated below the 

experts' average evaluation pattern. The result of the test 

for each candidate criterion is a p-value. If 𝑝𝑖 < 0,05, the 

negative deviation of the candidate criterion is considered 

statistically significant at the 5% significance level. 

However, because the statistical test is performed for 

multiple candidate criteria, the obtained p-values must be 

adjusted to reduce the risk of incorrectly eliminating 

criteria due to multiple hypothesis testing. For this 

purpose, the Holm–Bonferroni correction is applied. This 

procedure orders the p-values from the smallest to the 

largest and adjusts the decision regarding statistical 

significance while controlling the family-wise Type I 

error rate across the entire set of conducted tests [30]. The 
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correction yields an adjusted p-value, denoted as 𝑝𝑖
𝑎𝑑𝑗

. If, 

after applying the Holm–Bonferroni correction, the 

adjusted p-value satisfies  𝑝𝑖
𝑎𝑑𝑗

≥ 0,05 the candidate 

criterion is retained in the model because its negative 

deviation is no longer statistically significant. Otherwise, 

the criterion is identified as a strong candidate for 

elimination. 

The final decision regarding the exclusion of a 

criterion is not based solely on statistical evidence but also 

considers its substantive importance within the specific 

decision problem. Consequently, a criterion identified as 

a candidate criterion for elimination may still be retained 

if there is a clear legal, theoretical, or practical 

justification for its inclusion. Such justification may exist, 

for example, when the criterion is prescribed by legal or 

regulatory frameworks, when its importance has been 

consistently confirmed in previous research, or when it 

represents an indispensable component of the analyzed 

problem. In such cases, the rationale for retaining the 

criterion should be explicitly stated and adequately 

justified. This procedure prevents the automatic 

elimination of statistically weaker criteria that may 

nevertheless possess substantial practical or theoretical 

relevance. Therefore, a criterion is excluded only if all 

three of the following conditions are simultaneously 

satisfied: 

• it exhibits a negative relative deviation 𝑅𝐷𝑖,  

• the negative deviation remains statistically 

significant after the Holm–Bonferroni correction 

for multiple testing; and 

• there is no clear legal, theoretical, or practical 

justification for retaining the criterion. 

Within the proposed ECSW model, statistical criteria 

selection is performed when the number of experts 

(observations) falls within a range considered appropriate 

for the application of the one-sample t-test. Rather than 

prescribing universal thresholds applicable to all decision-

making problems, the proposed model adopts a context-

dependent approach. Although the one-sample t-test was 

originally developed for relatively small samples, 

previous studies have highlighted the limitations 

associated with very small sample sizes [31]. As a 

practical, context-dependent guideline rather than a 

universal minimum requirement, the statistical selection 

stage is generally more defensible when approximately 

ten or more experts are available. Before applying the 

one-sample t-test, the distribution of the expert-specific 

centred deviations and the presence of potentially 

influential observations should be examined. This is 

particularly important for small expert panels, in which 

individual ratings may have a substantial effect on the test 

result and non-parametric alternatives may be more 

appropriate. The observations used in the test are assumed 

to be independent across experts. However, the reference 

value for each expert-specific deviation is derived from 

that expert’s ratings of the remaining criteria and therefore 

reflects the expert’s overall rating pattern. Consequently, 

the statistical result should be interpreted within the 

context of the number of criteria, the distribution of 

ratings, and the composition of the expert panel. For larger 

samples, the t-test remains applicable, although other 

procedures may also be considered depending on the 

distributional characteristics of the data [32]. Depending 

on the measurement scale adopted for expert ratings, other 

statistical procedures may also be applied at this stage of 

the model. If expert ratings are regarded as ordinal data 

rather than interval data, non-parametric statistical tests 

[33], [34], such as the Wilcoxon signed-rank test or the 

one-sample sign test, should be considered. Regardless of 

the statistical procedure employed, the Holm–Bonferroni 

correction is still recommended whenever multiple 

candidate criteria are tested simultaneously in order to 

control the family-wise Type I error rate.  

 

Step 5 – Formation of the Final Set of Retained 

Criteria 

Following the completion of the statistical selection 

procedure, the retained set of criteria is established, and 

the criteria weights are subsequently determined only for 

this final set. All subsequent steps of the proposed ECSW 

model are performed exclusively on the retained criteria. 

The overall mean, denoted by 𝐴𝐸̅̅ ̅̅ ′ is recalculated using 

only the retained set of criteria. This step represents a 

recalibration of the model, ensuring that the final 

weighting procedure is based solely on the criteria that 

remain in the analysis. Consequently, criteria eliminated 

during the statistical selection stage no longer influence 
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the reference value used to determine the relative 

importance of the retained criteria. 

If no criterion is eliminated during the statistical 

selection procedure, the initial and the final criteria sets 

are identical, and therefore   (𝐴𝐸̅̅ ̅̅ ′ = 𝐴𝐸̅̅ ̅̅ ) In this case, no 

recalibration of the overall mean is required. 

 

Step 6 – Assessment of the Informativeness of Expert 

Ratings for the Retained Criteria Set 

After establishing the retained set of criteria, the 

informativeness of the expert ratings is assessed. The 

purpose of this step is to determine whether the expert 

ratings contain sufficiently pronounced differences to 

justify differentiated weighting of the criteria in the 

subsequent stage of the model. Specifically, this step 

examines whether the mean evaluations of the retained 

criteria deviate sufficiently from the overall mean or 

whether all criteria have been evaluated at approximately 

the same level of importance. The assessment of 

informativeness is based on the relative percentage 

deviation 𝑅𝐷𝑖 calculated for each criterion. 

A value of 0% indicates that the mean evaluation of a 

criterion is equal to the overall mean of the retained 

criteria set. If most criteria exhibit only very small relative 

percentage deviations, this suggests that the criteria have 

been evaluated almost equally and that the expert ratings 

provide limited information for meaningful differentiated 

weighting. Conversely, if the criteria exhibit more 

pronounced percentage deviations from the overall mean, 

the expert ratings contain sufficient informativeness to 

distinguish between criteria according to their perceived 

importance. 

The informativeness threshold is intended as a 

guideline rather than a universal or exclusion criterion, 

and its value depends on the nature of the decision 

problem and the researcher's methodological judgment. In 

practical applications, the researcher defines an 

appropriate informativeness threshold (e.g., 5% or 10%). 

Nevertheless, if at least one criterion exhibits a relative 

deviation greater than 10% from the overall mean, it 

would not be appropriate to conclude that all criteria have 

been evaluated almost identically. In such cases, the 

expert ratings can be considered sufficiently informative, 

and the model proceeds with differentiated criteria 

weighting. 

Based on this assessment, a methodological decision is 

made regarding the continuation of the weighting 

procedure. If the relative deviations indicate an adequate 

level of informativeness, the model proceeds with the 

calculation of the final criteria weights. Conversely, if the 

deviations are small and concentrated around the overall 

mean, the application of equal weights to all retained 

criteria is recommended. 

 

Step 7 – Determination of the Final Criteria Weights 

Following the statistical selection and validation of the 

retained set of criteria, the central step of the model is 

performed, namely the determination of the final criteria 

weights. The initial assumption is that all criteria have an 

equal base weight, but that this weight increases or 

decreases depending on the relative position of the 

criterion in relation to the overall mean of the expert 

ratings. At the same time, the intensity of the adjustment 

also depends on the stability of the expert ratings for the 

criterion under consideration (dispersion of expert 

ratings). In this way, the simplicity of direct expert ratings 

is retained, while an additional calibration is introduced 

that allows the criteria to be differentiated according to 

their relative importance. The base weight of a criterion 

(𝐵𝑇𝑖) is determined on the basis of the number of retained 

criteria: 

 𝐵𝑇𝑖 =
1

𝑛′
 (8) 

where n' is the number of criteria that remained in the 

final set after statistical selection. The base weight 

represents the initial equal weight of each criterion before 

adjustment. 

Next, new values of the relative importance factor of 

the criterion 𝑀𝐽𝑖
′
. are determined for each criterion. To 

clearly represent the direction and intensity of the base-

weight adjustment, the base-weight adjustment factor 

(𝐹𝐾𝑖) is introduced. This expression determines the 

direction of the adjustment based on the relative position 

of the criterion in relation to the overall mean of the set of 

criteria, while the intensity of the adjustment is adapted to 
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the stability of the expert ratings. If the adjustment factor 

is positive, the base weight increases. If it is negative, the 

base weight decreases, and if it equals zero, the base 

weight remains unchanged. The adjustment factor is 

determined as follows: 

 𝐹𝐾𝑖 = (𝑀𝐽𝑖
′

− 1) ∗ 𝑆𝑖 (9) 

where 𝑆𝑖 is the stability factor, which depends on the 

standard deviation of the expert ratings by criterion. The 

value of the stability factor is higher when the dispersion 

of the expert ratings is lower. Conversely, greater 

dispersion of the ratings reduces the stability factor and 

moderates the adjustment of the base weight. The stability 

factor is determined as: 

 𝑆𝑖 =
1

1 + 𝐶𝑉𝑖
=

1

1 +
𝑠𝑖

𝐴𝐸̅̅̅̅ ′𝑖

=
𝐴𝐸̅̅̅̅ ′𝑖

𝐴𝐸̅̅̅̅ ′𝑖 + 𝑠𝑖
 (10) 

where 𝐶𝑉𝑖 is the coefficient of variation, and 𝑠𝑖 is the 

standard deviation of the expert ratings for the criterion. 

The coefficient of variation indicates the relative 

dispersion of the expert ratings in relation to the average 

rating of the criterion. A higher value indicates greater 

relative dispersion of the expert ratings, while a lower 

value indicates that the ratings are more concentrated 

around the criterion mean. Within the ECSW model, the 

coefficient of variation is therefore interpreted as an 

indicator of rating stability rather than as a formal measure 

of inter-rater agreement or reliability. 

The final weight of a criterion is obtained by adjusting 

the base weight using the adjustment factor, after which 

final normalization is performed: 

 

𝑤𝑖 =
𝐵𝑇𝑖 + 𝐵𝑇𝑖 ∗ 𝐹𝐾𝑖

∑ (𝐵𝑇𝑖 + 𝐵𝑇𝑖 ∗ 𝐹𝐾𝑖)𝑛′

𝑖=1

 

𝑤𝑖 =
𝐵𝑇𝑖(1 + 𝐹𝐾𝑖)

∑ 𝐵𝑇𝑖(1 + 𝐹𝐾𝑖)
𝑛′
𝑖=1

 

(11) 

The application of the coefficient of variation is 

justified because the stability of the expert ratings is not 

considered through absolute dispersion, but through 

relative dispersion in relation to the average rating of the 

criterion. The stability factor is defined as a decreasing 

function of dispersion. Therefore, when expert agreement 

is greater, 𝐶𝑉𝑖 is lower and 𝑆𝑖 is closer to 1; when 

disagreement is greater, 𝐶𝑉𝑖 increases, while 𝑆𝑖 reduces 

the intensity of the base-weight adjustment. The 

multiplicative relationship (𝑀𝐽𝑖
′

− 1) ∗ 𝑆𝑖 allows 

relative importance to determine the direction of the 

adjustment, while stability determines its intensity. In this 

way, the model increases the weights of criteria rated 

above average, but does so more strongly only when there 

is greater agreement among the experts, whereas in cases 

of greater disagreement, the adjustment is brought closer 

to the base weight. Since 𝑆𝑖 ranges from 0 to 1 and the 

expert ratings are positive, the procedure does not produce 

negative weights, while the final normalization ensures 

that the sum of the final weights is equal to one. 

The use of equal base weights reflects a neutral starting 

position in which no criterion is assigned an a priori 

advantage before the expert ratings are processed. The 

subsequent adjustment introduces differentiation only on 

the basis of the relative importance and relative dispersion 

observed in the expert ratings. The multiplicative form of 

the adjustment factor was selected because it allows the 

relative importance factor to determine the direction of the 

adjustment, while the stability factor controls its intensity. 

Table 2. Interpretation of the ECSW weighting mechanism. 

Criterion position 

and rating dispersion 

Expected effect on the base 

weight 

Mean rating equal to 

the overall mean 

No directional adjustment; weight 

remains at or close to the base 

weight 

Above-average mean 

and low dispersion 

Stronger positive adjustment 

Above-average mean 

and high dispersion 

Moderated positive adjustment 

Below-average mean 

and low dispersion 

Stronger negative adjustment 

Below-average mean 

and high dispersion 

Negative adjustment is moderated 

and the weight remains closer to 

the base weight 

The proposed weighting mechanism has several 

interpretable properties. If the mean rating of a criterion is 

equal to the overall mean, its relative importance factor 

produces no directional adjustment and its weight remains 

at or close to the equal base weight. For a criterion rated 

above the overall mean, lower relative dispersion 

produces a stronger positive adjustment, whereas greater 

dispersion moderates the increase. For a criterion rated 

below the overall mean, lower dispersion produces a 

stronger negative adjustment, whereas greater dispersion 
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moves the adjusted weight closer to the equal base weight. 

Thus, highly dispersed expert ratings do not strongly 

increase or decrease a criterion’s weight. Detail 

Interpretation of the ECSW weighting mechanism is 

shown in Table 2. 

 

Step 8 – Sensitivity Analysis of the Final Criteria 

Weights and Rankings 

After determining the final criteria weights, a 

sensitivity analysis is conducted. The purpose of this step 

is to examine the stability of the obtained criteria weights 

and rankings with respect to changes in the expert group. 

Since the model is based on expert ratings, it is necessary 

to determine whether the final results depend on an 

individual expert or represent a stable group result. 

In the proposed model, the sensitivity analysis is 

conducted using the leave-one-expert-out approach, 

which serves as a reference approach to sensitivity 

analysis in criteria weighting [35]. The basic idea of this 

approach is that the weight calculation is repeated several 

times, with one expert omitted from the expert rating 

matrix in each iteration. In this way, it is examined how 

much the final criteria weights and rankings change when 

an individual expert is removed from the evaluation 

procedure. If the total number of experts is m, the 

sensitivity analysis is conducted through m iterations. In 

the first iteration, Expert 1 is omitted, in the second 

iteration Expert 2, and so on up to Expert m. For each 

iteration, the weight calculation steps are repeated using 

the remaining experts, resulting in new criteria weights 

𝑤𝑖(−𝑗)
. 

The stability of the numerical weight values is 

examined by comparing the baseline weight vector, 

obtained on the basis of all experts, with the weight vector 

obtained after omitting an individual expert. For this 

purpose, Pearson’s correlation coefficient is used to 

examine the linear agreement between the baseline and 

iteratively obtained criteria weights.  

In addition to weight stability, the stability of the 

criteria rankings is also examined. After each iteration, the 

criteria are ranked again according to the calculated 

weights, and the resulting ranking is compared with the 

baseline ranking formed on the basis of all experts. 

Spearman’s rank correlation coefficient is used for this 

examination, indicating the degree of agreement between 

the baseline and iteratively obtained ordering of the 

criteria. 

If the values of Pearson’s and Spearman’s coefficients 

are high in all or most iterations, the final criteria weights 

and rankings are considered a stable result of group expert 

evaluation. However, if low values of the correlation 

coefficients occur in certain iterations, the results are 

interpreted as sensitive to the ratings of individual experts. 

In that case, it is necessary to further analyse the structure 

of the expert ratings, emphasize the limitation of the 

model or, where possible, include a larger number of 

experts and repeat the evaluation procedure. 

In interpreting the results of the sensitivity analysis, 

similarity or agreement coefficient values from 0,80 to 

0,89 may be considered an indication of high stability, 

while values of 0,90 and above indicate very high or 

excellent stability. These limits should be regarded as 

indicative thresholds. 

In addition to the correlation-based examination of 

weight and ranking stability, the sensitivity analysis may 

be supplemented by examining changes in the weights of 

individual criteria. This indicator is used to identify 

criteria whose weights are particularly sensitive to the 

structure of the expert group. In this case, the maximum 

change in weight after omitting an individual expert may 

be calculated for each criterion: 

 ∆𝑤𝑖
𝑚𝑎𝑥 = 𝑚𝑎𝑥 |𝑤𝑖 − 𝑤𝑖(−𝑗)

| (12) 

where 𝑤𝑖 is the criterion weight obtained on the basis 

of all experts, and 𝑤𝑖(−𝑗)
 is the weight of the same criterion 

after omitting one expert. A higher value of this indicator 

shows that the assessment of the importance of the 

criterion under consideration is more dependent on 

individual expert ratings, which means that such a 

criterion requires more cautious interpretation or 

additional expert verification. 

To facilitate the practical application of the proposed 

model, an implementation-ready Microsoft Excel-based 

ECSW tool was developed and is available as 

supplementary material on the article webpage. The user 

interface of the tool is shown in Figure 2.
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Figure 2. ECSW implementation tool interface. 

 

4. Verification of the Proposed ECSW Model  

To examine the applicability of the proposed model, 

this chapter uses a numerical example based on real 

empirical expert-rating data from the study by Berković 

et al. [36]. The verification is component-wise and 

preliminary. The published example with five experts is 

used to examine the weighting procedure and sensitivity 

to expert-panel composition, while the criteria-selection 

component is additionally examined using a separate 

example with a larger expert panel. The comparison with 

the Ordinal Priority Approach (OPA) results is interpreted 

as evidence of convergence between the obtained weights 

and rankings rather than as comprehensive validation of 

the ECSW model. 

The cited study considered the problem of determining 

the importance of criteria in the context of introducing 

energy-efficient electric vehicles on optimal routes within 

the transport chain for municipal waste collection and 

removal. In the adopted numerical example, the criteria 

weights were determined using the subjective OPA model 

[12], which allows comparison with the results obtained 

using the proposed model. In this numerical example, the 

steps of the proposed model are carried out using the 

adopted expert rating matrix. However, due to the limited 

number of experts in the available example, the statistical 

elimination of criteria from Step 4 is not conducted. For 

this reason, the statistical criteria selection step in this 

example has an exclusively interpretative role, while all 
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criteria are retained in the subsequent calculation 

procedure. The results of the model application are 

presented below through the eight previously defined 

steps. 

Step 1 and Step 2 were fully adopted from study [36]. 

In the original study, a set of 24 criteria relevant to the 

research problem was defined. Five experts participated 

in the evaluation procedure and assigned ratings to each 

criterion according to the defined scale. The expert-rating 

matrix used for the application of the ECSW model is 

presented in Table A1 in the appendix. 

In Step 3 the average level of importance assigned by 

the experts to the criteria in the observed problem was 

calculated. The overall mean value of the expert ratings 

𝐴𝐸̅̅ ̅̅ , calculated according to Equation (2):  

𝐴𝐸̅̅ ̅̅ =
1

𝑛 ∗ 𝑚
∑ ∑ 𝐴𝐸𝑖𝑗

𝑚

𝑗=1

𝑛

𝑖=1

=
3 + 5 + 3 + ⋯ + 2 + 3 + 1

24 ∗ 5

=
333

120
= 2,775 

After that, the average expert rating, 𝐴𝐸𝑖
̅̅ ̅̅ ̅ was 

calculated separately for each criterion according to 

Equation (3) (Criterion C1 is used as an illustrative 

example): 

𝐴𝐸1
̅̅ ̅̅ ̅ =

1

𝑚
∑ 𝐴𝐸1𝑗

𝑚

𝑗=1

=
3 + 5 + 3 + 1 + 5

5
=

17

5
= 3,4 

The relative importance factor of C1, was then 

determined according to Equation (4): 

𝑀𝐽1 =
𝐴𝐸1
̅̅ ̅̅ ̅

𝐴𝐸̅̅ ̅̅
=

3,4

2,775
= 1,225 

The relative percentage deviation of C1 from the 

overall mean was calculated according to Equation (6): 

𝑅𝐷1 = (𝑀𝐽1 − 1) ∗ 100 = (1.225 − 1) ∗ 100 = 22,5 % 

The same calculation procedure was applied to all 

remaining criteria, and the resulting values are presented 

in Table 3. 

Step 4 was not conducted in full in this numerical 

example. Since five experts participated in the adopted 

example, the number of expert ratings is not sufficient for 

the methodologically reliable application of the statistical 

selection of criteria. Accordingly, in Step 5, the initial set 

of criteria is equal to the final set of criteria (n = n' and 

𝐴𝐸̅̅ ̅̅ = 𝐴𝐸̅̅ ̅̅ ′). Although the statistical criteria-selection 

procedure could not be fully applied in the main numerical 

example because of the limited number of experts, an 

additional verification of the statistical criteria-selection 

component was conducted using real empirical expert-

rating data from study [25], in which 14 experts evaluated 

a set of eight criteria. Expert evaluation is provided in 

Table A2 in the appendix.  

In the cited study, the criteria were selected using the 

fuzzy Delphi model. In the additional validation, three 

criteria (C4, C5 and C6) had a negative relative deviation 

(-12,1, -6 and -1,3) and were therefore treated as candidate 

criteria for potential elimination. Criterion C4 is used to 

illustrate the calculation of the expert-specific deviation 

defined in Equation (7). For Expert E1, the rating of C4 

was 𝐴𝐸41 = 4. The mean rating assigned by E1 to all 

remaining seven criteria was 𝐴𝐸̅̅ ̅̅
−41 = 4,714. The 

deviation for C4 and Expert E1 𝛿41 was therefore: 

𝛿41 = 𝐴𝐸41 − 𝐴𝐸̅̅ ̅̅
−41 = 𝐴𝐸41 −

1

𝑛 − 1
∑ 𝐴𝐸𝑘1

𝑛

𝑘=1
𝑘≠𝑖

= 4 − 4,714 = −0,714 

After identifying the criteria with a negative relative 

importance factor, the procedure proceeds to the statistical 

testing stage. The statistical analysis was conducted in 

Minitab using a one-sided one-sample t-test applied to the 

expert-specific deviations calculated for each candidate 

criterion. The one-sided one-sample t-test applied to the 

deviations in expert ratings showed that C4 had a mean 

deviation of −0,643, with t = −3,202 and p = 0,003, while 

C5 had a mean deviation of −0,316, with t = −2,003 and p 

= 0,033. Both criteria were statistically significant before 

correction. In contrast, C6 had a mean deviation of 

−0,071, with t = −0,422 and p = 0,340, indicating that its 

negative deviation was not statistically significant.  

Since three candidate criteria were tested 

simultaneously, the obtained p-values were subsequently 

evaluated using the Holm–Bonferroni correction in order 

to control the family-wise Type I error rate. The p-values 

were first ordered from the smallest to the largest: 0,003 

for C4, 0,033 for C5, and 0,340 for C6. The smallest p-

value was compared with the first Holm threshold, 

calculated as (0,05/3=0,0167). Since (0,003<0,0167), C4 
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remained statistically significant after correction. The 

second p-value was then compared with the next 

threshold, (0,05/2=0,0250). Since (0,033>0,0250), C5 did 

not remain statistically significant after correction. 

Accordingly, C6 also remained non-significant. 

Therefore, after the Holm–Bonferroni procedure, only C4 

satisfied the statistical condition for potential elimination. 

However, statistical significance alone does not 

automatically result in criterion removal within the ECSW 

model. As defined in the methodological framework, the 

final decision must also consider whether there is a clear 

theoretical, legal, regulatory, or practical justification for 

retaining the criterion. Therefore, in an actual application, 

criterion C4 should additionally be examined in relation 

to the substantive context of the decision problem. If no 

such justification for retaining C4 exists, all three 

elimination conditions are satisfied and the criterion may 

be removed from the final set. In the present verification 

example, this conclusion is also consistent with the 

original fuzzy Delphi analysis, in which C4 was 

eliminated. 

 

Table 3. Calculation of the relative importance, stability, and final criteria weights according to the proposed ECSW model. 

Criterion 𝑨𝑬𝒊
̅̅ ̅̅ ̅ 𝑴𝑱𝒊 𝑹𝑫𝒊 (%) 𝑩𝑻𝒊 𝒔𝒊 𝑪𝑽𝒊 𝑺𝒊 𝑭𝑲𝒊 𝒘𝒊 Rank 

C1 3,4 1,225 22,5 0,041667 1,673 0,492 0,670 0,151 0,0476 3 

C2 2,4 0,865 -13,5 0,041667 1,517 0,632 0,613 -0,083 0,0380 18 

C3 3 1,081 8,1 0,041667 1,414 0,471 0,680 0,055 0,0437 8 

C4 2,4 0,865 -13,5 0,041667 0,894 0,373 0,729 -0,098 0,0373 22 

C5 4 1,441 44,1 0,041667 0,707 0,177 0,850 0,375 0,0569 1 

C6 2,8 1,009 0,9 0,041667 1,304 0,466 0,682 0,006 0,0416 10 

C7 2,6 0,937 -6,3 0,041667 1,140 0,439 0,695 -0,044 0,0396 14 

C8 3,2 1,153 15,3 0,041667 1,483 0,464 0,683 0,105 0,0457 4 

C9 2,6 0,937 -6,3 0,041667 1,140 0,439 0,695 -0,044 0,0396 14 

C10 3,4 1,225 22,5 0,041667 1,517 0,446 0,692 0,156 0,0478 2 

C11 2,4 0,865 -13,5 0,041667 1,140 0,475 0,678 -0,092 0,0376 21 

C12 3 1,081 8,1 0,041667 1,581 0,527 0,655 0,053 0,0436 9 

C13 2 0,721 -27,9 0,041667 1,225 0,612 0,620 -0,173 0,0342 24 

C14 2,4 0,865 -13,5 0,041667 1,673 0,697 0,589 -0,080 0,0381 16 

C15 2,8 1,009 0,9 0,041667 2,049 0,732 0,577 0,005 0,0416 13 

C16 2,4 0,865 -13,5 0,041667 1,342 0,559 0,641 -0,087 0,0378 19 

C17 2,4 0,865 -13,5 0,041667 1,342 0,559 0,641 -0,087 0,0378 19 

C18 3,2 1,153 15,3 0,041667 1,483 0,464 0,683 0,105 0,0457 4 

C19 2,8 1,009 0,9 0,041667 1,789 0,639 0,610 0,005 0,0416 12 

C20 2,8 1,009 0,9 0,041667 1,304 0,466 0,682 0,006 0,0416 10 

C21 3 1,081 8,1 0,041667 1,225 0,408 0,710 0,058 0,0438 7 

C22 3,2 1,153 15,3 0,041667 2,049 0,640 0,610 0,093 0,0453 6 

C23 2 0,721 -27,9 0,041667 1,732 0,866 0,536 -0,150 0,0352 23 

C24 2,4 0,865 -13,5 0,041667 1,673 0,697 0,589 -0,080 0,0381 16 

Note: Ranks were determined using the unrounded weight values, therefore, criteria displaying identical rounded weights may have different ranks.
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In Step 6, it was assessed whether the average expert 

ratings contained sufficiently pronounced differences to 

continue the differentiated weighting procedure. The 

assessment was based on the relative deviation 𝑅𝐷𝑖, 

determined according to Equation (6), with the values of 

this indicator presented in Table 3. For example, the 

relative deviation of C1 was 22,5%, C5 exhibited a 

relative deviation of 44,1%, C13 and C23 exhibited 

deviations of −27,9%, while C10 exhibited a deviation of 

22,5%. Overall, 15 of the 24 criteria exhibited an absolute 

relative deviation greater than the indicative threshold of 

10%. Therefore, the deviations were not concentrated 

around zero, and the expert ratings were considered 

sufficiently informative to justify differentiated criteria 

weighting. 

In Step 7, the base weight 𝐵𝑇𝑖, was first calculated for 

all criteria according to Equation (8): 

𝐵𝑇𝑖 =
1

𝑛′
=

1

24
= 0,041667 

Criterion C1 is again used as an illustrative example of 

the complete weight calculation. The sample standard 

deviation of the ratings 3, 5, 3, 1, and 5 was 𝑠1 = 1,673, 

and the coefficient of variation was 𝐶𝑉1 = 0,492. After 

that, the stability factor 𝑆𝑖, was determined for each 

criterion according to Equation (10): 

𝑆1 =
1

1 + 𝐶𝑉1
=

1

1 +
𝑠𝑖

𝐴𝐸̅̅ ̅̅ ′𝑖

=
1

1 + 0,492
= 0,67 

The base-weight adjustment factor 𝐹𝐾𝑖 was calculated 

according to Equation (9) by combining the relative 

importance factor and the stability factor: 

𝐹𝐾1 = (𝑀𝐽1
′ − 1) ∗ 𝑆1 = (1,225 − 1) ∗ 0,67 = 0,151 

The final normalized criterion weight 𝑤𝑖 was 

calculated according to Equation (11), ensuring that the 

sum of all final weights was equal to 1: 

𝑤1 =
𝐵𝑇𝑖(1 + 𝐹𝐾𝑖)

∑ 𝐵𝑇𝑖(1 + 𝐹𝐾𝑖)𝑛′
𝑖=1

=
0,041667(1 + 0,151)

0,041667(1 + 0,151) + ⋯ + 0,041667(1 − 0,08)

= 0,0476 

The same calculation procedure was applied to all 

remaining criteria, and the resulting values are presented 

in Table 3. 

In Step 8, the stability of the results was examined 

using the leave-one-expert-out approach. Starting from 

the baseline solution obtained using all five experts, the 

complete ECSW weighting procedure was repeated five 

times, with one expert omitted in each iteration. This 

produced five additional weight vectors and their 

corresponding criterion rankings. For illustration, when 

Expert E1 was omitted, the ECSW model was 

recalculated using only Experts E2–E5. For criterion C1, 

the baseline weight was 𝑤1 = 0,0476, while after omitting 

E1 the recalculated weight was 𝑤1−1 = 0,0497. Its ranking 

consequently changed from rank 3 in the baseline solution 

to rank 2. The same recalculation was performed for all 

24 criteria. The complete baseline and leave-one-expert-

out weight and rank vectors are provided in Table A3 in 

the appendix. 

The numerical stability of the criteria weights was 

assessed by calculating Pearson’s correlation coefficient 

and ranking stability was assessed using Spearman’s rank 

correlation coefficient. The results presented in Table 4 

show that all correlations are positive and statistically 

significant, but that weight stability and ranking stability 

cannot be interpreted in the same way.  

Table 4. Results of the sensitivity analysis using the leave-

one-expert-out approach. 

Omitted 

expert 

Pearson 

(r) 
p 

Spearman 

(ρ) 
p 

E1 0,913 <0,001 0,868 <0,001 

E2 0,894 <0,001 0,854 <0,001 

E3 0,825 <0,001 0,806 <0,001 

E4 0,833 <0,001 0,821 <0,001 

E5 0,732 <0,001 0,619 0,001 

Pearson’s correlation coefficient for the criteria 

weights ranges from 0,732 to 0,913, indicating moderate 

to very high stability of the numerical weight values after 

individual experts were omitted. On the other hand, 

Spearman’s rank correlation coefficient ranges from 0,619 

to 0,868, showing that the rankings are more sensitive to 

changes in the composition of the expert group than the 

weights themselves. The lowest values of both 

coefficients were obtained when Expert E5 was omitted, 

with a particularly pronounced decrease in Spearman’s 

rank correlation coefficient. This indicates that Expert E5 

had the strongest individual influence on the resulting 

criteria weights and rankings within the analyzed expert 

panel.  
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Overall, the numerical weights demonstrate moderate 

to very high stability, whereas the rankings are more 

sensitive to the omission of individual experts. In 

particular, the omission of Expert E5 produces a 

noticeable reduction in both weight and rank agreement. 

 

5. Discussion of the Results 

The application of the proposed model to the adopted 

numerical example showed that the input expert ratings 

do not form a homogeneous set in which all criteria are 

rated at approximately the same level of importance. The 

relative deviations of the average ratings from the overall 

mean show that 15 of the 24 criteria exceed the indicative 

threshold of 10%, either in a positive or negative 

direction. This structure of ratings indicates that the 

differences between the criteria are sufficiently 

pronounced to continue with differentiated weighting 

rather than applying equal weights to all criteria. 

The results obtained from the numerical example show 

that the application of the proposed model produced a 

differentiated set of criteria weights, with the highest 

weights assigned to criteria C5, C10, C1, C8, and C18. 

Criterion C5 has the highest final weight (0,0569) and 

occupies first place in the final ranking. The lowest 

weights were assigned to criteria C13, C23, C4, and C11. 

These results show that the proposed model clearly 

distinguishes between criteria that are above and below 

the average estimated level of importance. 

For the comparative verification of the weighting 

component, the weights and rankings obtained using the 

proposed ECSW model were compared with the results of 

the OPA model presented in study [36]. The comparative 

results are presented in Table 5.

 

Table 5. Comparison of criteria weights and rankings according to the OPA model and the proposed ECSW model. 

Position OPA criterion OPA weight OPA rank ECSW criterion ECSW weight ECSW rank 

1 C5 0,0732 1 C5 0,0569 1 

2 C1 0,0563 2 C10 0,0478 2 

3 C10 0,0505 3 C1 0,0476 3 

4 C3 0,0488 4 C8 0,0457 4 

5 C18 0,0469 5 C18 0,0457 4 

6 C8 0,0469 5 C22 0,0453 6 

7 C22 0,0466 7 C21 0,0438 7 

8 C21 0,0437 8 C3 0,0437 8 

9 C12 0,0437 8 C12 0,0436 9 

10 C6 0,0410 10 C6 0,0416 10 

11 C20 0,0410 10 C20 0,0416 10 

12 C19 0,0410 10 C19 0,0416 12 

13 C15 0,0410 10 C15 0,0416 13 

14 C2 0,0407 14 C7 0,0396 14 

15 C4 0,0407 14 C9 0,0396 14 

16 C7 0,0386 16 C14 0,0381 16 

17 C9 0,0386 17 C24 0,0381 16 

18 C16 0,0364 18 C2 0,0380 18 

19 C11 0,0364 19 C16 0,0378 19 

20 C17 0,0364 20 C17 0,0378 19 

21 C24 0,0361 21 C11 0,0376 21 

22 C14 0,0361 22 C4 0,0373 22 

23 C23 0,0328 23 C23 0,0352 23 

24 C13 0,0328 23 C13 0,0342 24 
Note: Ranks were determined using the unrounded weight values, therefore, criteria displaying identical rounded weights may have different ranks. 
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Figure 3. Comparison of criterion rankings obtained using the OPA method and the ECSW model. 

 

The table provides a direct comparison of criteria 

weights and rankings according to both models. The 

column “Position” denotes the sequential display order 

from 1 to 24, whereas the OPA rank and ECSW rank 

columns show the actual rank values obtained within each 

model. These values are not always identical because 

criteria with equal weights are assigned the same rank. For 

example, in the OPA method, criteria C6, C20, C19, and 

C15 share rank 10, although they are displayed in 

consecutive positions from 10 to 13. An additional 

graphical comparison of the ranking results is provided in 

Figure 3. The figure should be interpreted as a comparison 

of the ordered lists of criteria, while the values shown in 

parentheses indicate the actual method-specific ranks. 

The results show that identical rank values were obtained 

for 10 of the 24 criteria. The most important criterion, C5, 

occupies first place according to both models, while 

criteria C1 and C10 only exchange the second and third 

positions. The largest ranking deviations were recorded 

for a smaller number of criteria, particularly those located 

in the middle part of the ranking. Such changes are 

expected because their weights are very close to one 

another, meaning that even a small change in the 

calculation procedure may lead to a change in ranking 

position. On the other hand, the criteria with the lowest 

weights remain stably positioned. 

In addition to the comparison of ranking positions, 

Figure 4 provides a visual representation of the agreement 

between the criteria weights obtained using the original 

OPA model and the proposed ECSW model. The criteria 

weights are very close throughout most of the ranking. 

This confirms that the differences in individual ranking 

positions generally do not arise from large differences in 

the assigned weights, but from the fact that a larger 

number of criteria have similar weight values.  

 

Figure 4. Criteria weights according to the original OPA 

model and the proposed ECSW model. 
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For an additional examination of the agreement 

between the results, Pearson’s correlation coefficient for 

the weights and Spearman’s rank correlation coefficient 

were calculated between the original OPA model and the 

proposed model. Pearson’s correlation coefficient for the 

weights was r = 0,956, showing a very strong linear 

relationship between the weight values obtained using the 

two models. Spearman’s rank correlation coefficient was 

ρ = 0,929, confirming a high degree of agreement between 

the criteria orderings. Both correlations were statistically 

significant at p < 0,001, although their interpretation in 

this context is based primarily on the magnitude of the 

coefficients and the practical degree of agreement 

between the results, rather than solely on statistical 

significance. 

Although the two correlation coefficients indicate 

strong overall agreement, they do not imply identical 

weight values or ranking positions. Pearson’s coefficient 

primarily reflects the similarity of the overall weight 

pattern, whereas Spearman’s coefficient reflects the 

similarity of the ordering. Therefore, the correlation 

results are interpreted together with the overlap of the ten 

highest-ranked criteria and the observed criterion-level 

differences. 

The strong agreement between the ECSW and OPA 

results indicates convergence of the obtained weights and 

rankings, but it does not imply that the two methods are 

methodologically equivalent or intended for the same 

decision-making context. OPA derives criteria weights 

from ordinal preference information and requires the 

criteria, as well as the participating experts, to be ranked. 

In contrast, ECSW is based on independent numerical 

evaluations of individual criteria and does not require 

experts to establish a complete criteria ranking. This 

distinction becomes particularly relevant when a large 

number of criteria is considered.  

Furthermore, criteria weighting represents only one 

component of the ECSW framework. Therefore, the high 

agreement observed with OPA supports the convergence 

of the weighting results, while the methodological 

contribution of ECSW lies in providing a broader expert-

based framework for criteria evaluation, selection, 

weighting, and stability assessment. 

 

6. Limitations and Future Research 

The limitations of this study primarily concern the 

scope of the preliminary verification and the conditions 

required for applying individual components of the 

ECSW model. The statistical criteria-selection component 

is particularly dependent on the size of the expert panel, 

since an adequately sized panel is required for a more 

reliable application of statistical tests. With smaller expert 

panels, this component should have a supporting and 

indicative role, and the formal statistical exclusion of 

criteria is not recommended. Moreover, the one-sample t-

test assumes independence across experts and requires 

examination of the distribution of the expert-specific 

centred deviations and potentially influential 

observations, particularly when the expert panel is small. 

The application of the model also requires a clearly 

defined rating scale and a justified treatment of numerical 

expert ratings as interval data. Equal distances between 

adjacent scale values must therefore be reasonably 

assumed in each application. In addition, the coefficient 

of variation used in the stability factor represents the 

relative dispersion of ratings and should not be interpreted 

as a formal measure of inter-rater agreement or reliability. 

Future applications may supplement it with dedicated 

agreement measures when such an assessment is required. 

A further limitation concerns potential scale 

dependence. Although the ECSW model can be applied 

using different interval rating scales, equivalent 

judgments represented on scales with different origins 

may produce changes in relative deviations, coefficients 

of variation, and final weight adjustments. The robustness 

of the results to alternative scale specifications should 

therefore be examined in future applications. 

The overall mean used by the model represents an 

internal, set-dependent reference point rather than an 

absolute threshold of criterion relevance. Consequently, 

the relative position of each criterion depends partly on 

the composition of the initial criteria set, which must be 

theoretically justified, sufficiently comprehensive, and 

appropriately aligned with the decision problem. 

Another limitation concerns the researcher-defined 

informativeness threshold. Its value may affect the 

interpretation of whether the retained expert ratings 

provide sufficient differentiation for unequal weighting. 
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The threshold should therefore be treated as an indicative 

and context-dependent guideline rather than as a universal 

statistical cut-off, and its interpretation should consider 

the overall distribution of relative deviations rather than 

the deviation of a single criterion. 

Finally, the numerical examination was based on a 

limited number of examples from the literature. The 

weighting component and its sensitivity to expert-panel 

composition were examined using one published 

example, while the statistical criteria-selection component 

was additionally examined using a separate example with 

a larger expert panel. These results should therefore be 

interpreted as preliminary component-wise verification 

rather than as comprehensive validation across different 

MCDM domains. 

Future research should focus on the following 

directions: 

• further evaluating the ECSW model across 

different MCDM application domains and on a 

larger number of empirical and numerical 

datasets in order to assess its robustness, 

transferability, and stability under different 

decision contexts; 

• applying the model with larger and more diverse 

expert panels, which would enable a more reliable 

implementation of the statistical criteria selection 

procedure and a more detailed examination of the 

influence of panel size and composition on the 

final results; 

• comparing the proposed model with a broader 

range of subjective, objective, and integrated 

criteria-weighting methods, rather than only with 

the OPA model, in order to clarify the conditions 

under which ECSW produces convergent or 

divergent weights and rankings and to define its 

methodological position more precisely; 

• examining alternative statistical procedures for 

criteria assessment and selection, including non-

parametric and robust methods, to determine 

whether different testing approaches lead to 

comparable sets of retained criteria; 

• introducing expert weights based on experience, 

competencies, field-specific expertise, or the 

demonstrated reliability of previous assessments, 

thereby enabling a more refined aggregation of 

group judgments; 

• investigating alternative approaches for defining 

the informativeness threshold and adapting it to 

the decision context, the number of criteria, the 

size of the expert panel, and the properties of the 

rating scale. 

Addressing these directions would provide a stronger 

basis for evaluating the general applicability, robustness, 

and methodological advantages of the proposed model. 

 

7. Conclusion 

This paper proposes the Expert Criteria Selection and 

Weighting (ECSW) model, an integrated framework for 

the expert-based evaluation, selection, and weighting of 

criteria in multi-criteria decision-making. Unlike 

approaches that require pairwise comparisons or prior 

criteria ranking, the proposed model is based on 

independent numerical ratings assigned by experts to each 

criterion with respect to the decision problem. This 

simplifies the collection of expert ratings, particularly in 

cases involving a large number of criteria, where 

conventional comparisons or rankings may impose a 

considerable cognitive burden on experts. The model is 

particularly suitable for decision problems in which a 

broader set of criteria must be defined and evaluated on 

the basis of expert knowledge before the alternatives or a 

complete decision matrix required for objective weighting 

methods are available. 

The methodological contribution of the study lies in 

integrating several components within a single procedure: 

determining the relative position of criteria with respect to 

the overall mean of expert ratings, statistically selecting 

criteria, assessing the informativeness of the retained 

ratings, calculating final weights based on both relative 

importance and rating stability, and analysing the 

sensitivity of the resulting weights and rankings. In this 

way, the model evaluates criteria within the overall 

structure of expert ratings while also accounting for the 

relative dispersion of ratings across experts. To support 

practical application and reproducibility, the ECSW 

model is accompanied by a dedicated implementation 

tool, available as supplementary material on the article 

webpage. 
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The main components of the proposed model were 

preliminarily examined using numerical examples from 

the literature. The weighting procedure and its sensitivity 

to expert-panel composition were examined using a 

sustainable transport decision problem involving 24 

criteria and five experts. The ratings provided sufficient 

differentiation for unequal weighting, as 15 of the 24 

criteria exhibited absolute relative deviations exceeding 

the indicative threshold of 10%, and the resulting weights 

clearly differentiated the criteria. The statistical criteria-

selection component was additionally examined using a 

separate example involving 14 experts, in which the 

ECSW procedure produced the same criterion-exclusion 

decision as the original fuzzy Delphi approach. 

The leave-one-expert-out sensitivity analysis indicated 

moderate to very high stability of the numerical weights, 

while the criteria rankings were more sensitive to changes 

in the expert panel. Pearson’s correlation coefficients 

between the baseline weights and the weights obtained 

after omitting individual experts ranged from 0.732 to 

0.913, whereas Spearman’s rank correlation coefficients 

ranged from 0.619 to 0.868. The lowest values of both 

coefficients were obtained when Expert E5 was omitted, 

indicating that this expert had the strongest individual 

influence on the resulting weights and rankings within the 

analysed panel. Nevertheless, all correlations were 

positive and statistically significant. 

The weighting component was also comparatively 

examined against the original OPA model. Pearson’s 

correlation coefficient for the criteria weights was 0.956, 

while Spearman’s rank correlation coefficient was 0.929, 

with both correlations being statistically significant. The 

two models also identified the same ten highest-ranked 

criteria, although some differences occurred in their 

internal ordering. 

Overall, the results indicate that the ECSW model 

provides a transparent and computationally efficient 

framework for expert-based criteria evaluation, selection, 

and weighting, particularly in decision problems 

involving a large number of criteria and no complete 

decision matrix. As discussed in the preceding section, the 

current findings should be interpreted in light of the 

model’s dependence on the expert-panel size, rating-scale 

assumptions, the composition of the initial criteria set, and 

researcher-defined informativeness thresholds. Broader 

empirical examination across different decision domains, 

rating scales, and expert-panel configurations is therefore 

required before the model’s general applicability and 

comparative advantages can be established more 

comprehensively. 
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Appendix 

Table A1. Expert-rating matrix adopted from study. 

E/C 
Criteria (Ci) 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 

E1 3 4 3 3 3 3 3 3 3 4 2 2 2 2 2 3 3 3 3 2 5 5 5 5 

E2 5 4 3 3 4 4 3 3 3 3 3 3 1 3 1 3 3 3 1 1 3 4 1 1 

E3 3 1 3 3 4 4 4 4 4 4 4 1 1 1 1 1 1 1 1 3 3 5 2 2 

E4 1 1 1 1 4 1 1 1 1 1 1 4 4 5 5 4 4 4 4 4 2 1 1 3 

E5 5 2 5 2 5 2 2 5 2 5 2 5 2 1 5 1 1 5 5 4 2 1 1 1 

 

Table A2. Expert-rating matrix used for verification of the statistical criteria-selection procedure. 

E/C C1 C2 C3 C4 C5 C6 C7 C8 

E1 5 5 5 4 4 4 5 5 

E2 5 5 5 5 4 4 5 5 

E3 5 5 5 3 4 5 5 5 

E4 5 5 4 4 5 5 5 4 

E5 5 5 4 4 4 5 5 5 

E6 5 5 5 3 4 4 5 5 

E7 5 5 5 5 5 4 4 5 

E8 5 5 5 5 4 5 5 5 

E9 5 4 4 4 5 5 5 4 

E10 5 4 4 4 4 5 5 5 

E11 5 5 5 4 4 4 5 5 

E12 5 5 5 5 5 4 4 5 

E13 5 5 5 3 4 5 5 5 

E14 4 4 4 4 5 5 5 5 

 

Table A3. Leave-one-expert-out weights and rankings. 

Criterion w-1 w-2 w-3 w-4 w-5 R-1 R-2 R-3 R-4 R-5 

C1 0,0497 0,0435 0,0477 0,0538 0,0440 2 9 4 3 6 

C2 0,0353 0,0346 0,0406 0,0401 0,0393 21 24 13 13 15 

C3 0,0447 0,0435 0,0430 0,0483 0,0389 8 9 9 6 19 

C4 0,0368 0,0358 0,0354 0,0398 0,0389 20 23 20 15 19 

C5 0,0632 0,0564 0,0556 0,0547 0,0550 1 1 1 1 1 

C6 0,0422 0,0386 0,0382 0,0454 0,0442 10 14 18 7 4 

C7 0,0396 0,0386 0,0354 0,0427 0,0416 14 14 20 9 7 

C8 0,0472 0,0460 0,0430 0,0513 0,0416 3 4 9 4 7 

C9 0,0396 0,0386 0,0354 0,0427 0,0416 14 14 20 9 7 

C10 0,0472 0,0485 0,0454 0,0547 0,0442 3 2 5 1 4 

C11 0,0396 0,0363 0,0328 0,0399 0,0391 14 21 24 14 16 

C12 0,0472 0,0434 0,0485 0,0401 0,0391 3 11 3 12 16 

C13 0,0353 0,0363 0,0359 0,0270 0,0349 21 21 19 24 24 

C14 0,0399 0,0371 0,0407 0,0308 0,0416 13 17 12 23 13 

Table A3 continued on next page. 
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Table A3. (continued): Leave-one-expert-out weights and rankings. 

Criterion w-1 w-2 w-3 w-4 w-5 R-1 R-2 R-3 R-4 R-5 

C15 0,0443 0,0457 0,0451 0,0363 0,0374 9 7 7 18 21 

C16 0,0375 0,0366 0,0406 0,0333 0,0416 18 19 15 21 7 

C17 0,0375 0,0366 0,0406 0,0333 0,0416 18 19 15 21 7 

C18 0,0472 0,0460 0,0521 0,0424 0,0416 3 4 2 11 7 

C19 0,0421 0,0460 0,0454 0,0382 0,0370 11 4 5 16 23 

C20 0,0448 0,0468 0,0406 0,0377 0,0391 7 3 13 17 16 

C21 0,0392 0,0436 0,0431 0,0452 0,0471 17 8 8 8 3 

C22 0,0421 0,0432 0,0407 0,0496 0,0517 11 12 11 5 2 

C23 0,0257 0,0371 0,0353 0,0363 0,0374 24 17 23 18 21 

C24 0,0322 0,0411 0,0387 0,0363 0,0416 23 13 17 18 13 
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